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Introduction

The year 2016 was delightful for the SQL Server community—we put our hands on the
new SQL Server build. This was quite a unique release; for the first time in more than ten
years, the new version did not focus on specific technologies. In SQL Server 2016, you
can find enhancements in all product areas, such as programmability, high availability,
administration, and BI.

I, personally, was quite excited about all the enhancements in In-Memory OLTP.

I really enjoyed this technology in SQL Server 2014; however, it had way too many
limitations. This made it a niche technology and prevented its widespread adoption. In
many cases, the cost of the required system refactoring put the first release of In-Memory
OLTP in the “it’s not worth it” category.

I was incredibly happy that the majority of those limitations were removed in SQL
Server 2016. There are still some, but they are not anywhere near as severe as in the first
release. It is now possible to migrate systems into memory and start using the technology
without significant code and database schema changes.

Iwould consider this simplicity, however, a double-edged sword. While it can
significantly reduce the time and cost of adopting the technology, it can also open
the door to incorrect decisions and suboptimal implementations. As with any other
technology, In-Memory OLTP has been designed for a specific set of tasks, and it can hurt
the performance of the systems when implemented incorrectly. Neither is it a “set it and
forget it” type of solution; you have to carefully plan for it before implementing it and
maintain it after the deployment.

In-Memory OLTP is a great tool, and it can dramatically improve the performance
of systems. Nevertheless, you need to understand how it works under the hood to get the
most from it. The goal for this book is to provide you with such an understanding. I will
explain the internals of the In-Memory OLTP Engine and its components. I believe that
knowledge is the cornerstone of a successful In-Memory OLTP implementation, and this
book will help you make educated decisions on how and when to use the technology.

If you read my Pro SQL Server Internals book (Apress, 2016), you will notice some
familiar content from there. However, this book is a much deeper dive into In-Memory
OLTP, and you will find plenty of new topics covered. You will also learn how to address
some of In-Memory OLTP’s limitations and how to benefit from it in existing systems
when full in-memory migration is cost-ineffective.

Even though this book covers In-Memory OLTP in SQL Server 2016, the content
should also be valid for the SQL Server 2017 implementation. Obviously, check what
technology limitations were lifted there.

Finally, I would like to thank you for choosing this book and for your trust in me.
I'hope that you will enjoy reading it as much as I enjoyed writing it.
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INTRODUCTION

How This Book Is Structured

This book consists of 13 chapters and is structured in the following way:

XX

Chapter 1 and Chapter 2 are the introductory chapters, which will
provide you with an overview of the technology and show how
In-Memory OLTP objects work together.

Chapter 3, Chapter 4, and Chapter 5 explain how In-Memory
OLTP stores and works with data in memory.

Chapter 6 shows how In-Memory OLTP allocates memory for
internal objects and works with off-row columns. I consider this
as one of the most important topics for successful in-memory
OLTP migrations.

Chapter 7 covers columnstore indexes that help you to support
operational analytics workloads.

Chapter 8 explains how In-Memory OLTP handles concurrency in
a multi-user environment.

Chapter 9 talks about native compilation and the
programmability aspect of the technology.

Chapter 10 demonstrates how In-Memory OLTP persists data on
disk and how it works with the transaction log.

Chapter 11 covers the In-Memory OLTP garbage collection
process.

Chapter 12 discusses best practices for In-Memory OLTP
deployments and shows how to perform common database
administration tasks related to In-Memory OLTP.

Chapter 13 demonstrates how to address some of the In-Memory
OLTP surface area limitations and how to benefit from In-Memory
OLTP components without moving all the data into memory.

The book also includes four appendixes.

Appendix A explains how In-Memory OLTP works with memory
pointers in a multi-user environment.

Appendix B covers how the page splitting and merging processes
are implemented.

Appendix C shows you how to analyze the state of checkpoint file
pairs and navigates you through their lifetime.

Appendix D discusses SQL Server tools and wizards that can
simplify In-Memory OLTP migration.
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INTRODUCTION

Downloading the Code

You can download the code used in this book from the Source Code section of

the Apress web site (Wwww.apress.com) or from the Publications section of my blog
(http://aboutsqlserver.com). The source code consists of a SQL Server Management
Studio solution, which includes a set of projects (one per chapter). Moreover, it includes
several .NET C# projects, which provide the client application code used in the examples
in Chapters 2 and 13.

I have tested all the scripts in an environment with 8GB of RAM available to SQL
Server. In some cases, if you have less memory available, you will need to reduce the
amount of test data generated by some of the scripts. You can also consider dropping
some of the unused test tables to free up more memory.

xxi


http://www.apress.com/
http://aboutsqlserver.com/
http://dx.doi.org/10.1007/978-1-4842-2772-5_2
http://dx.doi.org/10.1007/978-1-4842-2772-5_13

CHAPTER 1

Why In-Memory OLTP?

This introductory chapter explains the importance of in-memory databases and the
problems they address. It provides an overview of the Microsoft In-Memory OLTP
implementation (code name Hekaton) and its design goals. It discusses the high-level
architecture of the In-Memory OLTP Engine and how it is integrated into SQL Server.

Finally, this chapter compares the SQL Server in-memory database product with
several other solutions available.

Background

Way back when SQL Server and other major databases were originally designed,
hardware was expensive. Servers at that time had just one or very few CPUs and a small
amount of installed memory. Database servers had to work with data that resided on disk,
loading it into memory on demand.

The situation has changed dramatically since then. During the last 30 years,
memory prices have dropped by a factor of 10 every 5 years. Hardware has become
more affordable. It is now entirely possible to buy a server with 32 cores and 1TB of RAM
for less than $50,000. While it is also true that databases have become larger, it is often
possible for active operational data to fit into the memory.

Obviously, it is beneficial to have data cached in the buffer pool. It reduces the load on
the I/0 subsystem and improves system performance. However, when systems work under
a heavy concurrent load, this is often not enough to obtain the required throughput. SQL
Server manages and protects page structures in memory, which introduces large overhead
and does not scale well. Even with row-level locking, multiple sessions cannot modify data
on the same data page simultaneously and must wait for each other.

Perhaps the last sentence needs to be clarified. Obviously, multiple sessions can
modify data rows on the same data page, holding exclusive (X) locks on different rows
simultaneously. However, they cannot update physical data page and row objects
simultaneously because this could corrupt the in-memory page structure. SQL Server
addresses this problem by protecting pages with latches. Latches work in a similar
manner to locks, protecting internal SQL Server data structures on the physical level
by serializing access to them, so only one thread can update data on the data page in
memory at any given point of time.

© Dmitri Korotkevitch 2017 1
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In the end, this limits the improvements that can be achieved with the current
database engine’s architecture. Although you can scale hardware by adding more CPUs
and cores, that serialization quickly becomes a bottleneck and a limiting factor in
improving system scalability. Likewise, you cannot improve performance by increasing
the CPU clock speed because the silicon chips would melt down. Therefore, the only
feasible way to improve database system performance is by reducing the number of CPU
instructions that need to be executed to perform an action.

Unfortunately, code optimization is not enough by itself. Consider the situation
where you need to update a row in a table. Even when you know the clustered index key
value, that operation needs to traverse the index tree, obtaining latches and locks on the
data pages and a row. In some cases, it needs to update nonclustered indexes, obtaining
the latches and locks there. All of that generates log records and requires writing them
and the dirty data pages to disk.

All of those actions can lead to a hundred thousand or even millions of CPU
instructions to execute. Code optimization can help reduce this number to some degree,
but it is impossible to reduce it dramatically without changing the system architecture
and the way the system stores and works with data.

These trends and architectural limitations led the Microsoft team to the conclusion
that a true in-memory solution should be built using different design principles and
architecture than the classic SQL Server Database Engine. The original concept was
proposed at the end of 2008, serious planning and design started in 2010, actual
development began in 2011, and the technology was finally released to the public in SQL
Server 2014.

The main goal of the project was to build a solution that would be 100 times faster
than the existing SQL Server Database Engine, which explains the code name Hekaton
(Greek for “100”). This goal has yet to be achieved; however, it is not uncommon for
In-Memory OLTP to provide 20 to 40 times faster performance in certain scenarios.

It is also worth mentioning that the Hekaton design has been targeted toward
OLTP workloads. As we all know, specialized solutions designed for particular tasks and
workloads usually outperform general-purpose systems in the targeted areas. The same
is true for In-Memory OLTP. It shines with large and busy OLTP systems that support
hundreds or even thousands of concurrent transactions. At the same time, the original
release of In-Memory OLTP in SQL Server 2014 did not work well for a data warehouse
workload, where other SQL Server technologies outperformed it.

The situation changes with the SQL Server 2016 release. The second release of
In-Memory OLTP supports columnstore indexes, which allow you to run real-time
operation analytics queries against hot OLTP data. Nevertheless, the technology is not as
mature as disk-based column-based storage, and you should not consider it an
in-memory data warehouse solution.

In-Memory OLTP has been designed with the following goals:

e  Optimize data storage for main memory: Data in In-Memory OLTP
is not stored on disk-based data pages, and it does not mimic
a disk-based storage structure when loaded into memory. This
permits the elimination of the complex buffer pool structure and
the code that manages it. Moreover, regular (non-columnstore)
indexes are not persisted on disk, and they are re-created upon
startup when the data from memory-resident tables is loaded
into memory.
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e  Eliminate latches and locks: All In-Memory OLTP internal
data structures are latch- and lock-free. In-Memory OLTP uses
a multiversion concurrency control to provide transaction
consistency. From a user standpoint, it behaves like the regular
SNAPSHOT transaction isolation level; however, it does not use
a locking or tempdb version store under the hood. This schema
allows multiple sessions to work with the same data without
locking and blocking each other and provides near-linear
scalability of the system, allowing it to fully utilize modern
multi-CPU/multicore hardware.

e  Use native compilation: T-SQL is an interpreted language that
provides great flexibility at the cost of CPU overhead. Even
a simple statement requires hundreds of thousands of CPU
instructions to execute. The In-Memory OLTP Engine addresses
this by compiling row-access logic, stored procedures, and
user-defined functions into native machine code.

The In-Memory OLTP Engine is fully integrated in the SQL Server Database Engine.
You do not need to perform complex system refactoring, splitting data between
in-memory and conventional database servers or moving all of the data from the
database into memory. You can separate in-memory and disk data on a table-by-table
basis, which allows you to move active operational data into memory, keeping other
tables and historical data on disk. In some cases, that migration can even be done
transparently to client applications.

This sounds too good to be true, and, unfortunately, there are still plenty of
roadblocks that you may encounter when working with this technology. In SQL Server
2014, In-Memory OLTP supported just a subset of the SQL Server data types and features,
which often required you to perform costly code and schema refactoring to utilize it. Even
though many of those limitations have been removed in SQL Server 2016, there are still
incompatibilities and restrictions you need to address.

You should also design the system considering In-Memory OLTP behavior and
internal implementation to get the most performance improvements from the technology.

In-Memory OLTP Engine Architecture

In-Memory OLTP is fully integrated into SQL Server, and other SQL Server features and
client applications can access it transparently. Internally, however, it works and behaves
very differently than the SQL Server Storage Engine. Figure 1-1 shows the architecture of
the SQL Server Database Engine, including the In-Memory OLTP components.
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Figure 1-1. SQL Server Database Engine architecture

In-Memory OLTP stores the data in memory-optimized tables. These tables reside
completely in memory and have a different structure compared to the classic disk-based
tables. With one small exception, memory-optimized tables do not store data on the data
pages; the rows are linked together through the chains of memory pointers. It is also
worth noting that memory-optimized tables do not share memory with disk-based tables
and live outside of the buffer pool.

Note | will discuss memory-optimized tables in detail in Chapter 3.

There are two ways the SQL Server Database Engine can work with memory-optimized
tables. The first is the Query Interop Engine. It allows you to reference memory-optimized
tables from interpreted T-SQL code. The data location is transparent to the queries; you can
access memory-optimized tables, join them with disk-based tables, and work with them in
the usual way. Most T-SQL features and language constructs are supported in this mode.

You can also access and work with memory-optimized tables using natively compiled
modules, such as stored procedures, memory-optimized table triggers and scalar
user-defined functions. You can define them similarly to the regular T-SQL modules
using several additional language constructs introduced by In-Memory OLTP.

Natively compiled modules have been compiled into machine code and loaded
into SQL Server process memory. Those modules can introduce significant performance
improvements compared to the Interop Engine; however, they support just a limited set
of T-SQL constructs and can access only memory-optimized tables.

Note | will discuss natively compiled modules in Chapter 9.

The memory-optimized tables use row-based storage with all columns combined
into the data rows. It is also possible to define clustered columnstore indexes on those
tables. These indexes are the separate data structures that store a heavily compressed
copy of the data in column-based format, which is perfect for real-time operational
analytics queries. In-Memory OLTP persists those indexes on disk and does not re-create
them on a database restart.
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Note | will discuss clustered columnstore indexes in Chapter 7.

In-Memory OLTP and Other In-Memory Databases

In-Memory OLTP is hardly the only relational in-memory database (IMDB) available on
the market. Let’s look at other popular solutions that exist as of 2017.

Oracle

As of this writing, Oracle provides two separate IMDB offerings. The mainstream Oracle
12c database server includes the Oracle Database In-Memory option. When it is enabled,
Oracle creates the copy of the data in column-based storage format and maintains it in
the background. Database administrators may choose the tables, partitions, and columns
that should be included in the copy.

This approach is targeted toward analytical queries and data warehouse workloads,
which benefit from column-based storage and processing. It does not improve the
performance of OLTP queries that continue to use disk-based row-based storage.

In-memory column-based data adds overhead during data modifications; it needs to
be updated to reflect the data changes. Moreover, it is not persisted on disk and needs to
be re-created every time the server restarts.

The same time, this implementation is fully transparent to the client applications.
All data types and PL/SQL constructs are supported, and the feature can be enabled or
disabled on the configuration level. Oracle chooses the data to access on a per-query
basis using in-memory data for the analytical/data warehouse and disk-based data for
OLTP workloads. This is different from SQL Server In-Memory OLTP where you should
explicitly define memory-optimized tables and columnstore indexes.

In addition to the Database In-Memory option, Oracle offers the separate product
Oracle TimesTen targeted toward OLTP workloads. This is a separate in-memory
database that loads all data into memory and can operate in three modes.

Standalone In-Memory Database supports a traditional
client-server architecture.

Embedded In-Memory Database allows applications to load
Oracle TimesTen into an application’s address space and
eliminate the latency of network calls. This is extremely useful
when the data-tier response time is critical.

Oracle Database Cache (TimesTen Cache) allows the product
to be deployed as an additional layer between the application
and the Oracle database. The data in the cache is updatable,
and synchronization between TimesTen and the Oracle
database is done automatically.
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Internally, however, Oracle TimesTen still relies on locking, which reduces
transaction throughput under heavy concurrent loads. Also, it does not support native
compilation, as In-Memory OLTP does.

It is also worth noting that both the Oracle In-Memory option and TimesTen require
separate licenses. This may significantly increase implementation costs compared to
In-Memory OLTP, which is available at no additional cost even in non-Enterprise editions
of SQL Server.

IBM DB2

Like the Oracle Database In-Memory option, IDM DB2 10.5 with BLU Acceleration
targets data warehouse and analytical workloads. It persists the copy of the row-based
disk-based tables in column-based format in in-memory shadow tables, using them for
analytical queries. The data in the shadow tables is persisted on disk and is not re-created
at database startup. It is also worth noting that the size of the data in shadow tables may
exceed the size of available memory.

IBM DB2 synchronizes the data between disk-based and shadow tables
automatically and asynchronously, which reduces the overhead during data
modifications. This approach, however, introduces latency during shadow table updates,
and queries may work with slightly outdated data.

IBM DB2 BLU Acceleration puts the emphasis on query processing and provides
great performance with data warehouse and analytical workloads. It does not have any
OLTP-related optimizations and uses disk-based data and locking to support OLTP
workloads.

SAP HANA

SAP HANA is relatively new database solution on the market; it has been available
since 2010. Until recently, SAP HANA was implemented as a pure in-memory database,
limiting the size of the data to the amount of memory available on the server.

This limitation has been addressed in the recent releases; however, it requires
separate tools to manage the data. The applications should also be aware of the
underlying storage architecture. For example, HANA supports disk-based extended tables;
however, applications need to query them directly and also implement the logic to move
data between in-memory and extended tables.

SAP HANA stores all data in a column-based format, and it does not support row-based
storage. The data is fully modifiable; SAP HANA stores new rows in the delta stores,
compressing them in the background. Concurrency is handled with Multiversion
Concurrency Control (MVCC) when UPDATE operations generate new versions of the rows
similarly to SQL Server In-Memory OLTP.

Note | will discuss the In-Memory OLTP concurrency model in depth in Chapter 8.
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SAP claims that HANA may successfully handle both OLTP and data warehouse/
analytical workloads using the single copy of the data in column-based format.
Unfortunately, it is pretty much impossible to find any benchmarks that prove this for
OLTP workloads. Considering that pure column-based storage is not generally optimized
for OLTP use cases, it is hard to recommend SAP HANA for the systems that require high
OLTP throughput.

SAP HANA, however, may be a good choice for systems that are focused on
operational analytics and BI and need to support infrequent OLTP queries.

It is impossible to cover all the in-memory database solutions available on the
market. Many of them are targeted to and excel in specific workloads and use cases.
Nevertheless, SQL Server provides a rich and mature set of features and technologies that
may cover the wide spectrum of requirements. SQL Server is also a cost-effective solution
compared to other major vendors on the market.

Summary

In-Memory OLTP was designed using different design principles and architecture than
the classic SQL Server Database Engine. It is a specialized product targeted toward
OLTP workloads and can improve performance by 20 to 40 times in certain scenarios.
Nevertheless, it is fully integrated into the SQL Server Database Engine. The data storage
is transparent to the client applications, which do not require any code changes if they
use the features supported by In-Memory OLTP.

The data from memory-optimized tables is stored in memory separately from the
buffer pool. All In-Memory OLTP data structures are completely latch- and lock-free,
which allows you to scale the systems by adding more CPUs to the servers.

In-Memory OLTP may support operational analytics by defining the clustered
columnstore indexes on memory-optimized tables. Those indexes store the copy of the
data from the table in column-based storage format.

In-Memory OLTP uses native compilation to the machine code for any row-access
logic. Moreover, it allows you to perform native compilation of the stored procedures,
triggers and scalar user-defined functions, which dramatically increase their performance.
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In-Memory OLTP Objects )

This chapter provides a high-level overview of In-Memory OLTP objects. It shows
how to create databases with an In-Memory OLTP filegroup and how to define
memory-optimized tables and access them through the Interop Engine and natively
compiled modules.

Finally, this chapter demonstrates performance improvements that can be achieved
with the In-Memory OLTP Engine when a large number of concurrent sessions insert the
data into the database and latch contention becomes a bottleneck.

Preparing a Database to Use In-Memory OLTP

The In-Memory OLTP Engine has been fully integrated into SQL Server and is always
installed with the product. In SQL Server 2014 and 2016 RTM, In-Memory OLTP is
available only in the Enterprise and Developer editions. This restriction has been
removed in SQL Server 2016 SP1, and you can use the technology in every SQL Server
edition.

You should remember, however, that non-Enterprise editions of SQL Server have a
limitation on the amount of memory they can utilize. For example, buffer pool memory in
SQL Server 2016 Standard and Express editions is limited to 128GB and 1,410MB of RAM,
respectively. Similarly, memory-optimized tables cannot store more than 32GB of
data per database in Standard and 352MB of data in Express editions. The data in
memory-optimized tables will become read-only if In-Memory OLTP does not have
enough memory to generate new versions of the rows.

Note | will discuss how to estimate the memory required for In-Memory OLTP objects
in Chapter 12.

In-Memory OLTP is also available in the Premium tiers of the SQL Databases in
Microsoft Azure, including the databases in the Premium Elastic Pools. However, the
amount of memory the technology can utilize is based on DTUs of the service tier. As of
this writing, Microsoft has provided 1GB of memory for each 125DTU or eDTU of the tier.
This may change in the future, and you should review the Microsoft Azure documentation
when you decide to use In-Memory OLTP with SQL Databases.
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You do not need to install any additional packages or perform any configuration
changes on the SQL Server level to use In-Memory OLTP. However, any database
that utilizes In-Memory OLTP objects should have a separate filegroup to store
memory-optimized data.

With an on-premise version of SQL Server, you can create this filegroup at database
creation time or alter an existing database and add the filegroup using the CONTAINS
MEMORY_OPTIMIZED_ DATA keyword. It is not required, however, with SQL Databases in
Microsoft Azure, where the storage level is abstracted from the users.

Listing 2-1 shows an example of the CREATE DATABASE statement with the In-Memory
OLTP filegroup specified. The FILENAME property of the filegroup specifies the folder in
which the In-Memory OLTP files would be located.

Listing 2-1. Creating a Database with the In-Memory OLTP Filegroup

create database InMemoryOLTPDemo
on primary

name = N'InMemoryOLTPDemo'
,filename = N'M:\Data\InMemoryOLTPDemo.mdf"

)s
filegroup HKData CONTAINS MEMORY_OPTIMIZED_DATA

name = N'InMemory_OLTP_Data'

sfilename = N'H:\HKData\InMemory OLTP_Data’
)s
filegroup LOGDATA
(name = N'LogData1', filename

N'M:\Data\lLogDatai.ndf'),

(name = N'LogData2', filename = N'M:\Data\logData2.ndf'),
(name = N'LogData3', filename = N'M:\Data\lLogData3.ndf'),
(name = N'LogData4', filename = N'M:\Data\lLogData4.ndf")
log on

(

name = N'InMemoryOLTPDemo_log'
,filename = N'L:\Log\InMemoryOLTPDemo_log.ldf'

Internally, In-Memory OLTP utilizes a streaming mechanism based on the
FILESTREAM technology. While coverage of FILESTREAM is outside the scope of this book,
I will mention that it is optimized for sequential I/O access. In fact, In-Memory OLTP
does not use random I/0 access at all by design. It uses sequential append-only writes
during a normal workload and sequential reads on the database startup and recovery
stages. You should keep this behavior in mind and place In-Memory OLTP filegroups into
the disk arrays optimized for sequential performance.

Similar to FILESTREAM filegroups, the In-Memory OLTP filegroup can include
multiple containers placed on the different disk arrays, which allows you to spread the
load across them.

10
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It is worth noting that In-Memory OLTP creates the set of files in the filegroup when
you create the first In-Memory OLTP object. Unfortunately, SQL Server does not allow
you to remove an In-Memory OLTP filegroup from the database even after you drop all
memory-optimized tables and objects. However, you can still remove the In-Memory
OLTP filegroup from the database while it is empty and does not contain any files.

Note You can read more about FILESTREAM at https://docs.microsoft.com/en-us/
sql/relational-databases/blob/filestream-sql-server.

| will discuss how In-Memory OLTP persists data on disk in Chapter 10 and cover the best
practices in hardware and SQL Server configurations in Chapter 12.

DATABASE COMPATIBILITY LEVEL

As the general recommendation, Microsoft suggests that you set the database
compatibility level to match the SQL Server version when you use In-Memory
OLTP in the system. This will enable the latest T-SQL language constructs and
performance improvements, which are disabled in the older compatibility levels.

You should remember, however, that the database compatibility level affects the
choice of cardinality estimation model along with Query Optimizer hotfix servicing
model formerly controlled by the trace flag T4199. This may and will change the
execution plans in the system even when you enable the LEGACY CARDINALITY
ESTIMATION database-scoped configuration.

You should carefully plan that change when you migrate the system from the old
versions of SQL Server regardless if you utilize In-Memory OLTP or not. You can
use the new SQL Server 2016 component called the Query Store to capture the
execution plans of the queries before changing the compatibility level and force the
old plans to the system-critical queries in case of regressions.

Creating Memory-Optimized Tables

Syntax-wise, creating memory-optimized tables is similar to disk-based tables. You can

use the regular CREATE TABLE statement specifying that the table is memory-optimized.
The code in Listing 2-2 creates three memory-optimized tables in the database.

Please ignore all unfamiliar constructs; I will discuss them in detail later in the chapter.

11
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Listing 2-2. Creating Memory-Optimized Tables

create table dbo.WebRequests_Memory
(
RequestId int not null identity(1,1)
primary key nonclustered
hash with (bucket count=1048576),
RequestTime datetime2(4) not null
constraint DEF_WebRequests_Memory RequestTime
default sysutcdatetime(),
URL varchar(255) not null,
RequestType tinyint not null, -- GET/POST/PUT
ClientIP varchar(15) not null,
BytesReceived int not null,

index IDX_RequestTime nonclustered(RequestTime)

)

with (memory optimized=on, durability=schema_and data);

create table dbo.WebRequestHeaders Memory
(
RequestHeaderId int not null identity(1,1)
primary key nonclustered
hash with (bucket count=8388608),
RequestId int not null,
HeaderName varchar(64) not null,
HeaderValue varchar(256) not null,

index IDX RequestID nonclustered hash(RequestID)
with (bucket count=1048576)
)

with (memory optimized=on, durability=schema_and_data);

create table dbo.WebRequestParams_Memory
(
RequestParamId int not null identity(1,1)
primary key nonclustered
hash with (bucket count=8388608),
RequestId int not null,
ParamName varchar(64) not null,
ParamValue nvarchar(256) not null,

index IDX RequestID nonclustered hash(RequestID)
with (bucket count=1048576)
)

with (memory optimized=on, durability=schema and data);

12
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Each memory-optimized table has a DURABILITY setting. The default SCHEMA_AND_DATA
value indicates that the data in the tables is fully durable and persists on disk for recovery
purposes. Operations on such tables are logged in the database transaction log.

SCHEMA_ONLY is another value, which indicates that data in memory-optimized tables
is not durable and would be lost in the event of a SQL Server restart, crash, or failover to
another node. Operations against nondurable memory-optimized tables are not logged in
the transaction log. Nondurable tables are extremely fast and can be used if you need to
store temporary data in use cases similar to temporary tables in tempdb. As the opposite
to temporary tables, SQL Server persists the schema of nondurable memory-optimized
tables, and you do not need to re-create them in the event of a SQL Server restart.

The indexes of memory-optimized tables must be created inline and defined as
part of a CREATE TABLE statement. You cannot add or drop an index or change an index’s
definition after a table is created.

SQL Server 2016 allows you to alter the table schema and indexes. This, however,
creates the new table object in memory, copying data from the old table there. This is
an offline operation, which is time- and resource-consuming and requires you to have
enough memory to accommodate multiple copies of the data.

Tip  You can combine multiple ADD or DROP operations into a single ALTER statement to
reduce the number of table rebuilds.

In SQL Server 2016, memory-optimized tables support at most eight indexes.
Durable memory-optimized tables should have a unique PRIMARY KEY constraint
defined. Nondurable memory-optimized tables do not require the PRIMARY KEY
constraint; however, they should still have at least one index to link the rows together. It is
worth noting that the eight-index limitation will be removed in SQL Server 2017.

Memory-optimized tables support two main types of indexes, HASH and
NONCLUSTERED. Hash indexes are optimized for point-lookup operations, which is the
search of one or multiple rows with equality predicates. This is a conceptually new
index type in SQL Server, and the Storage Engine does not have anything similar to it
implemented. Nonclustered indexes, on the other hand, are somewhat similar to B-Tree
indexes on disk-based tables. Finally, SQL Server 2016 allows you to create clustered
columnstore indexes to support operational analytics queries in the system.

Hash and nonclustered indexes are never persisted on disk. SQL Server re-creates
them when it starts the database and loads memory-optimized data into memory. As with
disk-based tables, unnecessary indexes in memory-optimized tables slow down data
modifications and use extra memory in the system.

Note | will discuss hash indexes in detail in Chapter 4 and nonclustered indexes in
Chapter 5. I will cover columnstore indexes in Chapter 7.
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Working with Memory-Optimized Tables

You can access data in memory-optimized tables either using interpreted T-SQL or from
natively compiled modules. In interpreted mode, SQL Server treats memory-optimized
tables pretty much the same way as disk-based tables. It optimizes queries and caches
execution plans, regardless of where the table is located. The same set of operators is
used during query execution. From a high level, when SQL Server needs to get a row from
a table and the operator’s GetRow() method is called, it is routed either to the Storage
Engine or to the In-Memory OLTP Engine, depending on the underlying table type.

Most T-SQL features and constructs are supported in interpreted mode. Some
limitations still exist; for example, you cannot truncate a memory-optimized table or use
it as the target in a MERGE statement. Fortunately, the list of such limitations is small.

Listing 2-3 shows an example of a T-SQL stored procedure that inserts data into the
memory-optimized tables created in Listing 2-2. For simplicity’s sake, the procedure
accepts the data that needs to be inserted into the dbo.WebRequestParams_Memory table
as the regular parameters, limiting it to five values. Obviously, in production code it is
better to use table-valued parameters in such a scenario.

Listing 2-3. Stored Procedure That Inserts Data into Memory-Optimized Tables Through
the Interop Engine

create proc dbo.InsertRequestInfo Memory
(
@URL varchar(255)
,@RequestType tinyint
,@ClientIP varchar(15)
,@BytesReceived int
-- Header fields
,@Authorization varchar(256)
,@UserAgent varchar(256)
,@Host varchar(256)
,@Connection varchar(256)
,@Referer varchar(256)
-- Hardcoded parameters.. Just for the demo purposes
,@Paraml varchar(64) = null

,@ParamiValue nvarchar(256) = null
,@Param2 varchar(64) = null
,@Param2Value nvarchar(256) = null
,@Param3 varchar(64) = null
,@Param3Value nvarchar(256) = null
,@Param4 varchar(64) = null
,@Param4Value nvarchar(256) = null
,@Param5 varchar(64) = null
,@Param5Value nvarchar(256) = null

14
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as

begin
set nocount on
set xact_abort on

declare
@RequestId int

begin tran
insert into dbo.WebRequests_Memory
(URL,RequestType,ClientIP,BytesReceived)
values
(@URL,@RequestType,@ClientIP,@BytesReceived);

select @RequestId = SCOPE_IDENTITY();

insert into dbo.WebRequestHeaders Memory
(RequestId,HeaderName,HeaderValue)

values
(@RequestId, 'AUTHORIZATION',@Authorization)
, (BRequestId, "USERAGENT',@UserAgent)
» (BRequestId, "HOST',@Host)
» (@RequestId, 'CONNECTION',@Connection)
» (@RequestId, 'REFERER',@Referer);

;with Params(ParamName, ParamValue)
as
(
select ParamName, ParamValue
from (
values
(@Param1, @ParamiValue)
, (@Param2, @Param2Value)
, (@Param3, @Param3Value)
, (@Param4, @Param4Value)
, (@Param5, @Param5Value)
) v(ParamName, ParamValue)
where
ParamName is not null and
ParamValue is not null
)
insert into dbo.WebRequestParams Memory
(RequestID,ParamName,ParamValue)
select @RequestID, ParamName, ParamValue
from Params;
commit
end
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Asyou can see, the stored procedure that works through the Interop Engine does not
require any specific language constructs to access memory-optimized tables.

Natively compiled modules are also defined with a regular CREATE statement, and
they use the T-SQL language. However, there are several additional options that must be
specified at the creation stage.

The code in Listing 2-4 creates the natively compiled stored procedure that
accomplishes the same logic as the dbo.InsertRequestInfo_Memory stored procedure
defined in Listing 2-3.

Listing 2-4. Natively Complied Stored Procedure

create proc dbo.InsertRequestInfo NativelyCompiled
(
@URL varchar(255) not null
,@RequestType tinyint not null
,@ClientIP varchar(15) not null
,@BytesReceived int not null
-- Header fields
,@Authorization varchar(256) not null
,@UserAgent varchar(256) not null
,@Host varchar(256) not null
,@Connection varchar(256) not null
,@Referer varchar(256) not null
-- Parameters.. Just for the demo purposes
,@Param1 varchar(64) = null
,@Parami1Value nvarchar(256) = null
,@Param2 varchar(64) = null

,@Param2Value nvarchar(256) = null
,@Param3 varchar(64) = null
,@Param3Value nvarchar(256) = null
,@Param4 varchar(64) = null
,@Param4Value nvarchar(256) = null
,@Params5 varchar(64) = null
,@Param5Value nvarchar(256) = null

)

with native_compilation, schemabinding, execute as owner

as

begin atomic with

(

transaction isolation level = snapshot
slanguage = N'English’
)
declare
@RequestId int

insert into dbo.WebRequests Memory
(URL,RequestType,ClientIP,BytesReceived)

values
(@URL,@RequestType,@ClientIP,@BytesReceived);
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select @RequestId = SCOPE_IDENTITY();

insert into dbo.WebRequestHeaders Memory
(RequestId,HeaderName,HeaderValue)
select @RequestId, 'AUTHORIZATION',@Authorization union all
select @RequestId, 'USERAGENT',@UserAgent union all
select @RequestId, 'HOST',@Host union all
select @RequestId, 'CONNECTION',@Connection union all
select @RequestId, 'REFERER',@Referer;

insert into dbo.WebRequestParams_Memory
(RequestID,ParamName,ParamValue)
select @RequestID, ParamName, ParamValue
from
(
select @Paraml, @ParamiValue union all
select @Param2, @Param2Value union all
select @Param3, @Param3Value union all
select @Param4, @Param4Value union all
select @Param5, @Param5Value
) v(ParamName, ParamValue)
where
ParamName is not null and
ParamValue is not null,;
end

You should specify that the module is natively compiled using the WITH NATIVE_
COMPILATION clause. All natively compiled modules are schema-bound, and they require
you to specify the SCHEMABINDING option. Finally, you can set the optional execution
security context and several other parameters. I will discuss them in detail in Chapter 9.

Natively compiled stored procedures execute as atomic blocks indicated by the
BEGIN ATOMIC keyword, which is an “all or nothing” approach. Either all of the statements
in the procedure succeed or all of them fail.

When a natively compiled stored procedure is called outside the context of an active
transaction, it starts a new transaction and either commits or rolls it back at the end of the
execution.

In cases where a procedure is called in the context of an active transaction, SQL
Server creates a savepoint at the beginning of the procedure’s execution. In case of an
error in the procedure, SQL Server rolls back the transaction to the created savepoint.
Based on the severity and type of error, the transaction is either going to be able to
continue and commit or become doomed and uncommittable.

Even though the dbo. InsertRequestInfo Memory and dbo.InsertRequestInfo_
NativelyCompiled stored procedures accomplish the same task, their implementation is
slightly different. Natively compiled stored procedures have an extensive list of limitations
and unsupported T-SQL features. In the previous example, you can see that neither the
INSERT statement with multiple VALUES nor CTE were supported.
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Note | will discuss natively compiled stored procedures, atomic transactions, and
supported T-SQL language constructs in greater depth in Chapter 9.

Finally, it is worth mentioning that natively compiled modules can access only
memory-optimized tables. It is impossible to query disk-based tables or, as another
example, join memory-optimized and disk-based tables together. You have to use
interpreted T-SQL and the Interop Engine for such tasks.

In-Memory OLTP in Action: Resolving Latch
Contention

Latches are lightweight synchronization objects that SQL Server uses to protect the
consistency of internal data structures. Multiple sessions (or, in that context, threads)
cannot modify the same object simultaneously.

Consider the situation when multiple sessions try to access the same data page
in the buffer pool. While it is safe for the multiple sessions/threads to read the data
simultaneously, data modifications must be serialized and have exclusive access to the
page. If such a rule is not enforced, multiple threads could update a different part of the
data page at once, overwriting each other’s changes and making the data inconsistent,
which would lead to page corruption.

Latches help to enforce that rule. The threads that need to read data from the page
obtain shared (S) latches, which are compatible with each other. Data modification, on
the other hand, requires an exclusive (X) latch, which prevents other readers and writers
from accessing the data page.

Note Even though latches are conceptually similar to locks, there is a subtle difference
between them. Locks enforce flogical consistency of the data. For example, they reduce or
prevent concurrency phenomena, such as dirty or phantom reads. Latches, on the other
hand, enforce physical data consistency, such as preventing corruption of the data page
structures.

Usually, latches have a short lifetime and are barely noticeable in the system.
However, in busy OLTP systems, with a large number of CPUs and a high rate of
simultaneous data modifications, latch contention can become a bottleneck. You can see
the sign of such a bottleneck by the large percent of PAGELATCH waits in the wait statistics
or by analyzing the sys.dm_os_latch_stats data management view.

In-Memory OLTP can be extremely helpful in addressing latch contention because
of its latch-free architecture. It can help to dramatically increase data modification
throughput in some scenarios. In this section, you will see one such example.
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In my test environment, I used a Microsoft Azure DS15V2 virtual machine with the
Enterprise edition of SQL Server 2016 SP1 installed. This virtual machine has 20 cores and
140GB of RAM and disk subsystem that performs 62,500 IOPS.

I created the database shown in Listing 2-1 with 16 data files in the LOGDATA
filegroup to minimize allocation maps latch contention. The log file has been placed
on the local SSD storage, while data and In-Memory OLTP filegroups share the main
disk array. It is worth noting that placing disk-based and In-Memory filegroups on
the different arrays in production often leads to better I/O performance. However, it
did not affect the test scenarios where I did not mix disk-based and In-Memory OLTP
workloads in the same tests.

As the first step, I created a set of disk-based tables that mimics the structure
of memory-optimized tables created earlier in the chapter, and I created the stored
procedure that inserts data into those tables. Listing 2-5 shows the code to accomplish this.

Listing 2-5. Creating Disk-Based Tables and a Stored Procedure
create table dbo.WebRequests_Disk

(

RequestId int not null identity(1,1),

RequestTime datetime2(4) not null
constraint DEF_WebRequests Disk RequestTime
default sysutcdatetime(),

URL varchar(255) not null,

RequestType tinyint not null, -- GET/POST/PUT

ClientIP varchar(15) not null,

BytesReceived int not null,

constraint PK_WebRequests Disk
primary key nonclustered(RequestID)
on [LOGDATA]

) on [LOGDATA];

create unique clustered index IDX WebRequests Disk RequestTime RequestId
on dbo.WebRequests Disk(RequestTime,RequestId)
on [LOGDATA];

create table dbo.WebRequestHeaders Disk
(
RequestId int not null,
HeaderName varchar(64) not null,
HeaderValue varchar(256) not null,

constraint PK_WebRequestHeaders Disk
primary key clustered(RequestID,HeaderName)
on [LOGDATA]

);
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create table dbo.WebRequestParams_Disk

(

)5
gO

RequestId int not null,
ParamName varchar(64) not null,
ParamValue nvarchar(256) not null,

constraint PK_WebRequestParams_Disk
primary key clustered(RequestID,ParamName)
on [LOGDATA]

create proc dbo.InsertRequestInfo Disk

(

)

as

@URL varchar(255)
,@RequestType tinyint
,@ClientIP varchar(15)
,@BytesReceived int

-- Header fields
,@Authorization varchar(256)
,@UserAgent varchar(256)
,@Host varchar(256)
,@Connection varchar(256)
,@Referer varchar(256)

-- Parameters.. Just for the demo purposes
,@Paraml varchar(64) = null

,@ParamiValue nvarchar(256) = null
,@Param2 varchar(64) = null
,@Param2Value nvarchar(256) = null
,@Param3 varchar(64) = null
,@Param3Value nvarchar(256) = null

,@Param4 varchar(64) = null
,@Param4Value nvarchar(256) = null
,@Params varchar(64) = null

,@Param5Value nvarchar(256) = null

begin
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begin tran
insert into dbo.WebRequests Disk
(URL,RequestType,ClientIP,BytesReceived)
values
(@URL,@RequestType,@ClientIP,@BytesReceived);

select @RequestId = SCOPE_IDENTITY();

insert into dbo.WebRequestHeaders Disk
(RequestId,HeaderName,HeaderValue)

values
(@RequestId, 'AUTHORIZATION',@Authorization)
, (@RequestId, 'USERAGENT',@UserAgent)
, (@RequestId, '"HOST',@Host)
, (@RequestId, 'CONNECTION',@Connection)
» (@RequestId, 'REFERER',@Referer);

;with Params(ParamName, ParamValue)
as
(
select ParamName, ParamValue
from (
values
(@Param1, @ParamiValue)
, (@Param2, @Param2Value)
, (@Param3, @Param3Value)
, (@Param4, @Param4Value)
, (@Params, @ParamsValue)
) v(ParamName, ParamValue)
where
ParamName is not null and
ParamValue is not null
)
insert into dbo.WebRequestParams Disk
(RequestID,ParamName,ParamValue)
select @RequestId, ParamName, ParamValue
from Params;
commit
end;

In the tests, I compared the insert throughput of disk-based and memory-optimized
tables using the dbo.InsertRequestInfo Disk, dbo.InsertRequestInfo Memory
and dbo.InsertRequestInfo_NativelyCompiled stored procedures, calling them
simultaneously from the multiple sessions in the loop. Each call inserted one row into the
dbo.WebRequests table, five rows into the dbo.WebRequestHeaders table, and from one to
five rows into the dbo.WebRequestDisks table, which makes nine rows total on average in
the single transaction.
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Note The test application and scripts are included in the companion materials of
the book.

In the case of the dbo. InsertRequestInfo_Disk stored procedure and disk-based
tables, my test server achieved a maximum throughput of about 4,500 batches/calls per
second with 150 concurrent sessions. Figure 2-1 shows several performance counters at
the time of the test.

\5QL2016
Processor Information _Total
% Processor Time 20.387
SQLServer:Latches
| Average Latch Wait Time (ms) 2377
Latch Waits/sec 72,594.302
Total Latch Wait Time (ms) 174727498
SQLServer:SQL Statistics
Batch Requests/sec 4,507.167

Figure 2-1. Performance counters when data was inserted into disk-based tables (150
concurrent sessions)

Even though I maxed out the insert throughput, the CPU load on the server was
very low, which clearly indicated that the CPU was not the bottleneck during the test.
At the same time, the server suffered from the large number of latches, which were used
to serialize access to the data pages in the buffer pool. Even though the wait time of
each individual latch was relatively low, the total latch wait time was high because of the
excessive number of them acquired every second.

A further increase in the number of sessions did not help and, in fact, even slightly
reduced the throughput. Figure 2-2 illustrates performance counters with 300 concurrent
sessions. As you can see, the average latch wait time has been increasing with the load.

\\5QL2016
Processor Information _Total
% Processor Time 19.485
SQLServer:Latches
| Average Latch Wait Time (ms) 4.921|
Latch Waits/sec 67,330.041
Total Latch Wait Time (ms) 338,081.355
SQLServer:SQL Statistics
Batch Requests/sec 3,841.084

Figure 2-2. Performance counters when data was inserted into disk-based tables (300
concurrent sessions)
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You can confirm that latches were the bottleneck by analyzing the wait statistics
collected during the test. Figure 2-3 illustrates the output from the sys.dm_os_wait_
stats view. You can see that latch waits are at the top of the list.

Wait Type Wait Count  Wait Time (ms) Awg Wait Time (ms) Percent
1 PAGELATCH_EX 3013621 6779076.000 20 51.058
2 PAGELATCH_SH 1546503 4663412.000 30 35.124
3 WRITELOG 230686 1652691.000 50 12,448

Figure 2-3. Wait statistics collected during the test (insert into disk-based tables)

The situation changed when I repeated the tests with the dbo.InsertRequestInfo_
Memory stored procedure, which inserted data into memory-optimized tables through
the Interop Engine. I maxed out the throughput with 300 concurrent sessions, which
doubled the number of sessions from the previous test. In this scenario, SQL Server was
able to handle about 74,000 batches/calls per second, which is more than a 16 times
increase in the throughput. A further increase in the number of concurrent sessions
did not change the throughput; however, the duration of each call linearly increased as
more sessions were added.

Figure 2-4 illustrates the performance counters during the test. As you see, there
were no latches with memory-optimized tables, and the CPUs were fully utilized.

\\sQLz2016
Processor Information _Total
% Processor Time 97.615
SQLServer:Latches
Average Latch Wait Time (ms) 0.000
Latch Waits/sec 0.000
Total Latch Wait Time (ms) 0.000

SQLServer:SQL Statistics
Batch Requests/sec 74,028.710

Figure 2-4. Performance counters when data was inserted into memory-optimized tables
through the Interop Engine

Asyou can see in Figure 2-5, the only significant wait in the system was WRITELOG,
which is related to the transaction log write performance.

Wait Type Wait Count Watit Time (ms) Avg Watt Time (ms) Percent
1 WRITELOG 5162084 15969687000 3.0 99.986

Figure 2-5. Wait statistics collected during the test (insert into memory-optimized tables
through the Interop Engine)
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The natively compiled dbo.InsertRequestInfo NativelyCompiled stored
procedure improved the situation even further. With 400 concurrent sessions, SQL Server
was able to handle about 106,000 batches/calls per second, which translates to about
950,000 individual inserts per second.

Figure 2-6 illustrates the performance counters during test execution. Even with the
increase in throughput, the natively compiled stored procedure put less load on the CPU
than the Interop Engine, and disk performance became the clear bottleneck in this setup.

\\SQL2016
Processor Information _Total
% Processor Time 91.565
SQlLServer:Latches
Average Latch Wait Time (ms) 0.000
Latch Waits/sec 0.000
Total Latch Wait Time (ms) 0.000
SQLServer:SQL Statistics
Batch Requests/sec 106,386.319

Figure 2-6. Performance counters when data was inserted into memory-optimized tables
using natively compiled stored procedure

Waits in the wait statistics were similar to the previous test, with WRITELOG as the only
significant wait in the system (see Figure 2-7).

W

Wat Type Wat Count Wat Time (ms) Avg Wat Time (ms) Percent
1 WRITELOG 7120451 21115668000 20 99.913

Figure 2-7. Wait statistics collected during the test (insert into memory-optimized tables
using natively compiled stored procedure)

You can confirm that disk performance was the limiting factor in this setup by
running the same test with nondurable memory-optimized tables. You can do this by
dropping and re-creating the database and creating the same set of memory-optimized
tables using the DURABILITY=SCHEMA_ONLY option. No other code changes are required.

Figure 2-8 shows the performance counters collected during the test, with 400
concurrent sessions calling the dbo. InsertRequestInfo_ NativelyCompiled stored
procedure to insert data into nondurable tables. As you can see, in that scenario, I was able
to fully utilize the CPU on the system after I removed the I/O bottleneck, which improved
throughput by another 50 percent compared to the durable memory-optimized tables.
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\W\SQL2016
Processor Information _Total
% Processor Time 100.000
SQlServer:Latches
Average Latch Wait Time (ms) 0.000
Latch Waits/sec 0.000
Total Latch Wait Time (ms) 0.000
SQLServer:SQL Statistics
Batch Requests/sec 153,785.607

Figure 2-8. Performance counters when data was inserted into nondurable memory-
optimized tables using a natively compiled stored procedure

Finally, it is worth noting that In-Memory OLTP uses different and more efficient
logging, which leads to a much smaller transaction log footprint. Figure 2-9 illustrates the
log file write statistics collected during one minute of test execution using the sys.dm_io
virtual file stats DME The order of outputs in the figure corresponds to the order in
which the tests were run: disk-based table inserts, inserts into memory-optimized tables
through the Interop Engine, and natively compiled stored procedures.

File Name Written MB~ Writes 10 Count
1 InMemoryOLTP201 8=Iog 635.793 20067 20067

File Name Written MB ~ Wiites 10 Count
1 InMemoryOLTP2016_log  4834.148 147347 147347

File Name Written MB  Wiites 10 Count
1 InMemoryOLTP2016_log  5396.695 141134 141134

Figure 2-9. Transaction log write statistics during the tests

Asyou see, in interop mode In-Memory OLTP inserted more than 16 times more
data; however, it used just 7.6 times more space in the transaction log than with disk-
based tables. The situation is even better with natively compiled stored procedures. Even
though it wrote about 12 percent more to the log, it inserted about 30 percent more data
compared to interop mode.

Note | will discuss In-Memory OLTP transaction logging in greater depth in Chapter 10.

Obviously, different scenarios will lead to different results, and performance
improvements would greatly depend on the hardware, database schema, and use case
and workload in the system. However, with OLTP workloads, it is not uncommon to see an
improvement of 3 to 5 times when you access memory-optimized tables through the Interop
Engine and an improvement of 10 to 40 times with natively compiled stored procedures.
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More importantly, In-Memory OLTP allows you to improve the performance of the
system by scaling up and upgrading hardware. For example, in this scenario, you can
achieve better throughput by adding more CPUs and/or increasing I/O performance.
This would be impossible to do with disk-based tables where latch contention becomes a
bottleneck.

Summary

The In-Memory OLTP engine is fully integrated into SQL Server and is installed with
the product. It is an Enterprise edition feature in SQL Server 2016 RTM; however, it

is available in all editions starting with SQL Server 2016 SP1. It is also available in the
Premium tiers of Microsoft Azure SQL Database. You should remember, however, about
the resource limitations that exist in non-Enterprise editions of SQL Server.

Every database that uses In-Memory OLTP objects should have the separate
In-Memory OLTP filegroup created. This filegroup should be placed in the disk array
optimized for sequential I/0 performance. Microsoft Azure SQL Database does not
require or allow you to create that filegroup.

You can create memory-optimized tables with the regular CREATE TABLE statement,
marking tables as MEMORY_OPTIMIZED and specifying the table durability option. The
data in the tables with SCHEMA_AND_DATA durability is persisted on disk. Tables with the
SCHEMA_ONLY durability do not persist the data, and they can be used as in-memory
temporary tables that provide extremely fast performance.

You can access memory-optimized tables either from interpreted T-SQL through
the Interop Engine or from natively compiled modules. Almost all T-SQL features are
supported in interpreted mode. Natively compiled modules, on the other hand, have
the large set of limitations. Nevertheless, they can introduce significant performance
improvements compared to the interop engine.
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CHAPTER 3

Memory-Optimized Tables )

This chapter discusses memory-optimized tables in detail. It shows how memory-optimized
tables store their data and how SQL Server accesses them. It covers the format of the data
rows in memory-optimized tables and talks about the process of native compilation.

Finally, the chapter provides an overview of the limitations of memory-optimized
tables that exist in SQL Server 2016.

Disk-Based vs. Memory-Optimized Tables

Data and index structures in memory-optimized tables are different from those in
disk-based tables. In disk-based tables, the data is stored in the 8KB data pages grouped
together in eight-page extents on a per-index or per-heap basis. Every page stores the data
from one or multiple data rows. Moreover, the data from variable-length or LOB columns
can be stored off-row on ROW_OVERFLOW and LOB data pages when it does not fit on one
in-row page.

All pages and rows in disk-based tables are referenced by in-file offsets, which are
a combination of file_id, data page offset/position in the file, and, in the case of a data
row, row offset/position on the data page.

Finally, every nonclustered index stores its own copy of the data from the index key
columns, referencing the main row by row ID, which is either the clustered index key
value or a physical address (offset) of the row in the heap table.

Figures 3-1 and 3-2 illustrate these concepts. They show clustered and nonclustered
index B-Trees defined on a table. As you see, pages are linked through in-file offsets. The
nonclustered index persists the separate copy of the data and references the clustered
index through clustered index key values.

© Dmitri Korotkevitch 2017 27
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Figure 3-2. Nonclustered index on disk-based table

Every time you need to access the data from the page, SQL Server loads the copy of
the page to the memory, caching it in the buffer pool. However, the format and structure
of the data page in the buffer pool does not change, and pages there still use in-file offsets
to reference each other. The SQL Server component called the Buffer Manager manages
the buffer pool, and it tracks the data page’s in-memory locations, translating in-file
offsets to the corresponding memory addresses of the page structures.

Consider the situation when SQL Server needs to scan several data pages in the
index. The worker thread requests the page from the Buffer Manager, using file id and
page_id to identify it. The Buffer Manager, in turn, checks whether the page is already
cached, reading it from disk when necessary. When the page is read and processed, SQL
Server obtains the address of the next page in the index and repeats the process.

It is also entirely possible that SQL Server needs to access multiple pages in order to
read a single row. This happens in case of off-row storage and/or when the execution plan
uses nonclustered indexes and issues Key or RID Lookup operations, obtaining the data
from the clustered index or heap.
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The process of locating a page in the buffer pool is very fast; however, it still introduces
overhead that affects the performance of the queries. The performance hit is much worse
when the data page is not in memory and a physical I/O operation is required.

As you already know, SQL Server protects the internal consistency of the data pages,
with latches preventing multiple sessions from modifying the data on the data page
simultaneously. Acquiring and managing those latches also adds overhead to the system.

Finally, SQL Server uses locking to protect the transactional consistency of the data
acquiring locks on the data row- and page- and object- levels. Those locks may introduce
blocking in the system, and they also add the overhead associated with their management.

The In-Memory OLTP engine uses a completely different approach with memory-
optimized tables. With the exception of Bw-Trees in nonclustered indexes, which I will
discuss in Chapter 5, in-memory objects do not use data pages. Data rows reference each
other through the memory pointers. Every row knows the memory address of the next
row in the chain, and SQL Server does not need to do any extra steps to locate it.

Every memory-optimized table has at least one index row chain to link rows
together; therefore, every table must have at least one index defined. In the case of
durable memory-optimized tables, there is the requirement of creating a primary key
constraint, which can serve this purpose.

To illustrate the concepts of row chains, let’s create the memory-optimized table
shown in Listing 3-1.

Listing 3-1. Creating the Memory-Optimized Table

create table dbo.People
(
Name varchar(64) not null
constraint PK_People
primary key nonclustered
hash with (bucket count = 1024),
City varchar(64) not null,

index IDX _City nonclustered hash(City)
with (bucket count = 1024),

)

with (memory optimized = on, durability = schema_only);

This table has two hash indexes defined on the Name and City columns. I will not
discuss hash indexes in depth in this chapter, but as a general overview, they consist of a
hash table, which is an array of hash buckets, each of which contains a memory pointer to
the data row. SQL Server applies a hash function to the index key columns, and the result
of the function determines to which bucket a row belongs. All rows that have the same
hash value and belong to the same bucket are linked together in a row chain; every row
has a pointer to the next row in a chain.

Note | will discuss hash indexes in detail in Chapter 4.
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Figure 3-3 illustrates this. Solid arrows represent pointers in the index on the
Name column. Dotted arrows represent pointers in the index on the City column. For
simplicity’s sake, let’s assume that the hash function generates a hash value based on the
first letter of the string. Two numbers, displayed in each row, indicate the row lifetime,
which I will explain in the next section of this chapter.
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B e e B
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o] o]
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x| > ¥ |
T < ‘ 95, a0 | | | Clare | Atlanta | T
T | 65, w0 ‘ | | Wayne | Brandon | T
Hash Index Hash Index
on Name on City

Figure 3-3. Memory-optimized table with two hash indexes

In contrast to disk-based tables, indexes on memory-optimized tables are not
created as separate data structures but rather embedded as pointers in the data rows,
which, in a nutshell, makes every index covering for in-row columns. The indexes,
however, do not cover off-row column data, where data is stored in the separate internal
tables. I will discuss them in depth in Chapter 6.

Note To be precise, nonclustered indexes and clustered columnstore indexes on
memory-optimized tables introduce additional data structures in memory. | will discuss
nonclustered indexes in detail in Chapter 5 and clustered columnstore indexes in Chapter 8.

Introduction to Multiversion Concurrency Control

Asyou already noticed in Figure 3-3, every row in a memory-optimized table has two
values, called BeginTs and EndTs, which define the lifetime of the row. A SQL Server
instance maintains the Global Transaction Timestamp value, which is auto-incremented
when the transaction commits and is unique for every committed transaction. BeginTs
stores the Global Transaction Timestamp of the transaction that inserted a row, and
EndTs stores the timestamp of the transaction that deleted a row. A special value called
Infinity is used as EndTs for the rows that have not been deleted.
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The rows in memory-optimized tables are never updated. The update operation
creates the new version of the row with the new Global Transaction Timestamp set
as BeginTs and marks the old version of the row as deleted by populating the EndTs
timestamp with the same value.

When a new transaction starts, In-Memory OLTP assigns the logical start time
for the transaction, which represents the Global Transaction Timestamp value when
a transaction starts. It dictates what version of the rows is visible to the transaction.
A transaction can see a row only when its logical start time (the Global Transaction
Timestamp value when the transaction starts) is between the BeginTs and EndTs
timestamps of the row.

To illustrate this, let’s assume you ran the statement shown in Listing 3-2 and
committed the transaction when the Global Transaction Timestamp value was 100.

Listing 3-2. Updating Data in the dbo.People Table

update dbo.People
set City = 'Cincinnati’
where Name = 'Ann’

Figure 3-4 illustrates the data in the table after an update transaction has been
committed. As you can see, you now have two rows with Name="Ann" and different
lifetimes. The new row has been appended to the row chain referenced by the hash
bucket for the value of A in the index on the Name column. The hash index on the City
column did not have any rows referenced by the C bucket; therefore, the new row
becomes the first in the row chain referenced from that bucket.

D "ry
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0 | D |
{ [ 5100 [ | ‘I‘-.ir-]‘ri-]‘jﬂew‘r'ork | n
o o i N
? | 83, 0 | | | Carl | Dallas | h [
T ‘ | 95, o0 | | | Clare | Atlanta | T
T | 65, 0 | l | Wayne | Brandon | T
Hash Index Hash Index
on Name on City

Figure 3-4. Data in the table after update
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Let’s assume you need to run a query that selects all the rows with Name="Ann" in
the transaction with the logical start time (Global Transaction Timestamp when the
transaction started) of 110. SQL Server calculates the hash value for Ann, which is A,
and finds the corresponding bucket in the hash index on the Name column. It follows
the pointer from that bucket, which references a row with Name="Adam'. This row has
aBeginTs value of 10 and an EndTs value of Infinity; therefore, it is visible to the
transaction. However, the Name value does not match the predicate, and the row is ignored.

In the next step, SQL Server follows the pointer from the Adam index pointer array,
which references the first Ann row. This row has a BeginTs value of 100 and an EndTs value
of Infinity; therefore, it is visible to the transaction and needs to be selected.

As a final step, SQL Server follows the next pointer in the index. Even though the last
row also has Name="Ann", it has an EndTs value of 100 and is invisible to the transaction.

As you should have already noticed, this concurrency behavior and data consistency
corresponds to the SNAPSHOT transaction isolation level when every transaction sees the
data as of the time the transaction started. SNAPSHOT is the default transaction isolation
level in the In-Memory OLTP Engine, which also supports the REPEATABLE READ and
SERIALIZABLE isolation levels. However, the REPEATABLE READ and SERIALIZABLE
transactions in In-Memory OLTP behave differently than with disk-based tables.
In-Memory OLTP raises an exception and rolls back a transaction if REPEATABLE READ or
SERIALIZABLE data consistency rules were violated instead of blocking a transaction as
with disk-based tables.

The In-Memory OLTP documentation also indicates that autocommitted (single-
statement) transactions can run in the READ COMMITTED isolation level. However, this is
a bit misleading. SQL Server promotes and executes such transactions in the SNAPSHOT
isolation level and does not require you to explicitly specify the isolation level in your
code. Similarly to SNAPSHOT transactions, the autocommitted READ COMMITTED transaction
would not see the changes committed after the transaction started, which is a different
behavior compared to the READ COMMITTED transactions against disk-based tables.

Note | will discuss the concurrency model in In-Memory OLTP in Chapter 7.

SQL Server keeps track of the active transactions in the system and detects stale
rows when their EndTs of stake rows is older than the logical start time of the oldest active
transaction in the system. Stale rows are invisible for active transactions in the system,
and eventually they are removed from the index row chains and deallocated by the
garbage collection process.

Note | will cover the garbage collection process in more detail in Chapter 11.
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Data Row Format

As you can guess, the format of the data rows in memory-optimized tables is entirely
different from disk-based tables and consists of two different sections, the row header and
the payload, as shown in Figure 3-5.

B Bytes BBytes 4 Bytes 2 Bytes 2 Bytes 8 Bytes per index

I [N A —

| BeginTs EndTs Stmtid IdxLinkCount l Padding | Index Pointer Array l Payload
t 1

v ¥
Row Header (24 bytes) Row Data

Figure 3-5. The structure of a data row in a memory-optimized table

You are already familiar with the BeginTs and EndTs timestamps in the row header.
The next element there is StmtId, which references the statement that inserted that row.
Every statement in a transaction has a unique 4-byte StmtId value, which works as a
Halloween protection technique and allows the statement to skip rows it just inserted.

HALLOWEEN PROTECTION

The Halloween effect is a known problem in the relational database world. It was
discovered by IBM researchers in 1976 around Halloween, which gave the name
to phenomena. In a nutshell, it refers to the situation when the execution of a data
modification query is affected by the previous modifications it performed.

You can think of the following statement as a classic example of the Halloween
problem:

insert into T
select * from T

Without Halloween protection, this query would fall into an infinitive loop, reading the
data it just inserted and inserting it over and over again.

With disk-based tables, SQL Server implements Halloween protection by adding
Spool operators to the execution plan. These operators create a temporary copy of
the data before processing it. In this example, all data from the table is cached in the
Table Spool first, which will work as the source of the data for the insert.

StmtId helps to avoid the Halloween problem in memory-optimized tables.
Statements check the StmtId value of the rows and skip those they just inserted.
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The next element in the header, the 2-byte IdxLinkCount, indicates how many
indexes (pointers) reference the row (or, in the other words, in how many index chains
this row is participating). SQL Server uses it to detect rows that can be deallocated
by the garbage collection process. SQL Server also adds empty 2-byte padding after
IdxLinkCount to align the row header with 8-byte boundaries.

An array of 8-byte index pointers is the last element of the row header. As you already
know, every memory-optimized table should have at least one index to link data rows
together. In SQL Server 2016, you can define up to eight indexes per memory-optimized
table, including the primary key constraint. This restriction has been removed in
SQL Server 2017.

The actual row data is stored in the payload section of the row. The payload format may
vary depending on the table schema. SQL Server works with the payload through a DLL that
is generated and compiled for the table (more on that in the next section of this chapter).

I'would like to reiterate that a key principle of In-Memory OLTP is that payload data
is never updated. When a table row needs to be updated, In-Memory OLTP deletes the
version of the row by setting the EndTs timestamp of the original row and inserts the new
data row version with the new BeginTs value and an EndTs value of Infinity.

Native Compilation of Memory-Optimized Tables

One of the key differences between the Storage Engine and In-Memory OLTP Engine
resides in how engines work with the data rows. The data in disk-based tables is always
stored using one of the three predefined formats, which do not depend on the table
schema and are controlled by the index data compression option.

As usual, that approach comes with benefits and downsides. It is extremely flexible
and allows you to alter a table and mix per- and post-altered versions of the rows together.
For example, adding a new nullable column to the table is the metadata-level operation,
which does not change existing rows. The Storage Engine analyzes table metadata and
different row attributes and handles multiple versions of the rows correctly.

However, such flexibility comes at a cost. Consider the situation when the query
needs to access the data from the variable-length column in the row. In this scenario,
SQL Server needs to find the offset of the variable-length array section in the row, calculate
an offset and length of the column data from that array, and analyze whether the column
data is stored in-row or off-row before getting the required data. All of that can lead to the
large number of CPU instructions to execute.

The In-Memory OLTP Engine uses a completely opposite approach. SQL Server
creates and compiles the separate DLLs for every memory-optimized table in the system.
Those DLLs are loaded into the SQL Server address space, and they are responsible for
accessing and manipulating the data in the payload section of the row. The In-Memory
OLTP Engine is generic and does not know anything about the underlying payload part
of the row; all data access is done through those DLLs, which are aware of the data row
format and optimized to speed up the data access and data manipulation.

As you can guess, this approach significantly reduces processing overhead; however,
it comes at the cost of reduced flexibility. The generated table DLLs require all rows to
have the same structure. Table alteration generates the new version of the DLL and,
in most cases, will require In-Memory OLTP to re-create all the data rows in the table,
transforming them to the new format. I will discuss this in depth in Chapter 10.
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This restriction can lead to supportability and performance issues when tables
and indexes are defined incorrectly. One such example is the wrong hash index bucket
count definition, which can lead to an excessive number of rows in the row chains, which
reduces index performance. I will discuss this problem in detail in Chapter 4.

Note SQL Server places the source code and compiled DLLs in the XTP subfolder of the
SQL Server DATA directory. | will talk about those files and the native compilation process in
more detail in Chapter 9.

Memory-Optimized Tables: Surface Area and
Limitations

The first release of In-Memory OLTP in SQL Server 2014 had an extensive list of
limitations. Fortunately, many of them have been removed in SQL Server 2016.
Let’s look at the supported surface area and existing limitations in detail.

Supported Data Types

One of the biggest limitations of In-Memory OLTP in SQL Server 2014 was the inability to
support off-row storage. It was impossible to create a table with a row size that exceeded
8,060 bytes or use the (n)varchar(max) and varbinary(max) data types.

Fortunately, this limitation has been removed in the second release of In-Memory
OLTP. SQL Server 2016 supports off-row storage and allows data rows to exceed 8,060
bytes. The (n)varchar(max) and varbinary(max) data types are now supported.  would
like to reiterate, however, that off-row data is stored in the separate internal tables and
can reduce the performance of the system. I will discuss this in detail in Chapter 6.

There are still several data types that are not supported in the SQL Server 2016
release of In-Memory OLTP. They include the following:

e datetimeoffset, rowversion, and sql_variant

e imageand (n)text

e CLR-based data types: geography, geometry, and hierarchyid
e  User-defined data types

e xml

Even though the list of unsupported data types is not very extensive, those
limitations can still complicate In-Memory OLTP migration for existing systems. In some
cases, you can store the data from unsupported data types in varbinary(max) column,
casting it to the appropriate data type in the code. This approach, however, would require
you to use the Interop Engine and would not work with native compilation.
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Table Features

The memory-optimized tables have several other requirements and limitations,
outlined here:

e Computed columns are not supported in SQL Server 2016. They
are supported, however, in SQL Server 2017.

e  Sparse columns are not supported.
e  IDENTITY columns should have a SEED and INCREMENT value of (1,1).

e  Memory-optimized tables cannot participate in FOREIGN KEY
constraints with disk-based tables. You can define foreign keys
between memory-optimized tables; however, they should always
reference primary keys rather than UNIQUE constraints.

¢  Full-text indexes on memory-optimized tables are not supported.

e  Memory-optimized tables cannot be defined as FILETABLE or use
FILESTREAM storage.

In SQL Server 2016, every memory-optimized table, durable or nondurable, should
have at least one and at most eight indexes. Moreover, the durable memory-optimized
table should have a unique primary key constraint defined. This constraint is counted
as one of the indexes toward the eight-index limit. The eight-index restriction has been
removed in SQL Server 2017.

It is also worth noting that columns participating in the primary key constraint are
nonupdatable. You can delete the old and insert the new row as the workaround.

Database-Level Limitations

In-Memory OLTP has several limitations that affect some of the database settings and
operations. They include the following:

e You cannot create a database snapshot on databases that use
In-Memory OLTP.

e  The AUTO_CLOSE database option must be set to OFF.
e  CREATE DATABASE FOR ATTACH REBUILD_LOG is not supported.
e DBCC CHECKDB skips the memory-optimized tables.

e  DBCC CHECKTABLE fails if called to check the memory-optimized
table.

Note You can see the full list of limitations at https://docs.microsoft.com/en-
us/sql/relational-databases/in-memory-oltp/transact-sql-constructs-not-
supported-by-in-memory-oltp.
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High Availability Technologies Support

Memory-optimized tables are fully supported in AlwaysOn Failover Clusters and
Availability Groups and with Log Shipping. However, in the case of a failover cluster, data
from durable memory-optimized tables must be loaded into memory in the case of a
failover, which could increase failover time and reduce database availability.

In the case of AlwaysOn Availability Groups, only durable memory-optimized tables
are replicated to secondary nodes. You can access and query those tables on the readable
secondary nodes if needed.

Data from nondurable memory-optimized tables, on the other hand, is not
replicated and will be lost in the case of a failover. You should remember this behavior
when you use In-Memory OLTP in Microsoft Azure SQL Database. Transient database
failovers in Azure will erase the data from nondurable memory-optimized tables.

Memory-optimized tables can participate in transactional replication. All other
replication types, including peer-to-peer replication, are not supported.

In-Memory OLTP is not supported in database mirroring sessions. This does not
appear to be a big limitation, however. Database mirroring is a deprecated feature, and
you should use AlwaysOn Availability Groups as the replacement for the technology.

SQL Server 2016 Features Support

In-Memory OLTP is fully integrated with many new SQL Server 2016 features. Let’s list a
few of them.

In-Memory OLTP workloads can be captured by Query Store. It automatically
collects queries, plans, and optimization statistics for In-Memory OLTP objects without
any additional configuration changes required. However, runtime statistics are not
collected by default, and you need to explicitly enable them with the sys.sp_xtp_
control_query exec_stats stored procedure.

Keep in mind that the collection of runtime statistics adds overhead, which can
degrade the performance of In-Memory OLTP workloads.

Note | will talk about In-Memory OLTP Query Store integration in more detail in
Chapter 12.

You can use system-versioned temporal tables with memory-optimized tables using
disk-based history tables to store old row versions. When you enable system versioning
in a memory-optimized table, SQL Server creates a staging memory-optimized table
and synchronously populates it during UPDATE and DELETE operations. The data from
the staging table is asynchronously moved to a disk-based history table by a background
process called the data flush task. This task wakes up every minute with the light
workload and can adjust its schedule to run every five seconds under a heavy workload.
By default, the data flush task moves the data from the staging table when it reaches
8 percent of the size of the current memory-optimized table. You can also force data
movement manually by calling the sys.sp_xtp_flush_temporal_ history stored procedure.

38


http://dx.doi.org/10.1007/978-1-4842-2772-5_12

CHAPTER 3 ' MEMORY-OPTIMIZED TABLES

Note You can read more about temporal tables support at https://docs.microsoft.
com/en-us/sql/relational-databases/tables/system-versioned-temporal-tables-
with-memory-optimized-tables.

Memory-optimized tables can be configured for row-level security. The
configuration process is essentially the same with on-disk tables; however, an inline
table-valued function that is used as a security predicate must be natively compiled. I will
discuss native compilation in Chapter 9.

Note You can read more about row-level security at https://docs.microsoft.com/
en-us/sql/relational-databases/security/row-level-security.

It is also worth noting that starting with SQL Server 2016, the data from
memory-optimized tables is encrypted on disk when Transparent Data Encryption
(TDE) is enabled in the database. I will discuss how In-Memory OLTP persists data on
disk in Chapter 10.

Summary

As the opposite of disk-based tables, where data is stored in 8KB data pages, memory-
optimized tables link data rows into the index row chains using regular memory pointers.
Every row has multiple pointers, one per index row chain. In SQL Server 2016, every table
must have at least one and at most eight indexes defined.

A SQL Server instance maintains the Global Transaction Timestamp value,
which is auto-incremented when the transaction commits and is unique for every
committed transaction. Every data row has BeginTs and EndTs timestamps that define
the row lifetime. A transaction can see a row only when its logical start time (the Global
Transaction Timestamp value when the transaction starts) is between the BeginTs and
EndTs timestamps of the row.

The row data in memory-optimized tables is never updated. When a table row needs
to be updated, In-Memory OLTP creates the new version of the row with a new BeginTs
value and deletes the old version of the row by populating its EndTs timestamp.

SQL Server generates and compiles native DLLs for every memory-optimized
table in the system. Those DLLs are loaded into the SQL Server process, and they are
responsible for accessing and manipulating the row data.

The In-Memory OLTP engine is fully supported in AlwaysOn Failover Clusters,
Availability Groups, and with Log Shipping. Memory-optimized tables can also
participate in transactional replication.

In-Memory OLTP is integrated with many new SQL Server 2016 features.
Memory-optimized tables can be configured as system-versioned temporal tables, and
they also support row-level security. Query Store can capture optimization and execution
statistics for In-Memory OLTP workloads; however, capturing execution statistics
introduces noticeable performance overhead to the system.
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CHAPTER 4

Hash Indexes

This chapter discusses hash indexes, the new type of index introduced in the In-Memory
OLTP Engine. It will show their internal structure and explain how SQL Server works
with them. You will learn about the most critical property of hash indexes, bucket_count,
which defines the number of hash buckets in the index hash array. You will see how
incorrect bucket count estimations affect system performance.

Finally, this chapter talks about the SARGability of hash indexes and statistics on
memory-optimized tables.

Hashing Overview

Hashing is a widely known concept in computer science that performs the transformation
of the data into short, usually fixed-length values. Hashing is often used in scenarios
when you need to optimize point-lookup operations that search within a set of large
strings or binary data using equality predicates. Hashing significantly reduces an index
key size, making the index compact, which, in turn, improves the performance of
point-lookup operations.

A properly defined hashing algorithm, often called a hash function, provides a
relatively random hash distribution. A hash function is always deterministic, which
means that the same input always generates the same hash value. However, a hash
function does not necessarily guarantee uniqueness, and different input values can
generate the same hashes. That situation is called a collision, and the chance of it greatly
depends on the quality of the hash algorithm and the range of allowed hash keys. For
example, a hash function that generates a 2-byte hash has a significantly higher chance of
collision compared to a function that generates a 4-byte hash.

Hash tables, often called hash maps, are the data structures that store hash keys,
mapping them to the original data. The hash keys are assigned to buckets, in which the
original data can be found. Ideally, each unique hash key is stored in the individual
bucket; however, when the number of buckets in the table is not big enough, it is entirely
possible that multiple unique hash keys would be placed into the same bucket. Such a
situation is called a hash collision.
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Tip The HASHBYTES function allows you to generate hashes in T-SQL using one of the
industry-standard algorithms such as MD5, SHA2_512, and a few others. However, the output
of the HASHBYTES function is not ideal for point-lookup optimization because of the large size
of the output. You can use a CHECKSUM function that generates a 4-byte hash instead.

You can index the hash generated by the CHECKSUM function and use it as the replacement for
the indexes on uniqueidentifier columns. It is also useful when you need to perform point-
lookup operations on large (greater than 900/1,700 bytes) strings or binary data, which cannot
be indexed. | discussed this scenario in Chapter 7 of my book Pro SQL Server Internals.

Much Ado About Bucket Count

In the In-Memory OLTP Engine, hash indexes are, in a nutshell, hash tables with buckets
implemented as an array of a predefined size. Each bucket contains a pointer to a data
row. SQL Server applies a hash function to the index key values, and the result of the
function determines to which bucket a row belongs. All rows that have the same hash
value and belong to the same bucket are linked together through a chain of index pointers
in the data rows.

Figure 4-1 illustrates an example of a memory-optimized table with two hash indexes
defined. You saw this diagram in the previous chapter; it’s displayed here for reference
purposes. Remember that in this example you are assuming that a hash function
generates a hash value based on the first letter of the string. Obviously, a real hash
function used in In-Memory OLTP is much more random and does not use character-
based hashes.
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Figure 4-1. A memory-optimized table with two hash indexes
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The number of buckets is the critical element for hash index performance. An
efficient hash function allows you to avoid most collisions during hash key generation;
however, you will have collisions in the hash table when the number of buckets is not big
enough and SQL Server has to store different hashes together in the same buckets. Those
collisions lead to longer row chains; this requires SQL Server to scan more rows through
those links during the query processing.

Bucket Count and Performance

Let’s consider a hash function that generates a hash based on the first two letters of
the string and can return 26 * 26 = 676 different hash keys. This is a purely hypothetical
example that I am using just for illustration purposes.

Assuming that the hash table can accommodate all 676 different hash buckets and
you have the data shown in Figure 4-2, you will need to traverse at most two rows in the
chain when you run a query that looks for a specific value.
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Figure 4-2. Hash table lookup: 676 buckets
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The dotted arrows in Figure 4-2 illustrate the steps needed to look up the rows for
Ann. The process requires you to traverse two rows after you find the right hash bucket in
the table.

However, the situation changes if your hash table does not have enough buckets to
separate unique hash keys from each other. Figure 4-3 illustrates the situation when a
hash table has only 26 buckets and each of them stores multiple different hash keys. Now
the same lookup of the Ann row requires you to traverse the chain of nine rows total.
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Figure 4-3. Hash table lookup: 26 buckets

The same principle applies to the hash indexes where choosing an incorrect number
of buckets can lead to serious performance issues.

Let’s create two nondurable memory-optimized tables and populate them with
1,000,000 rows each, as shown in Listing 4-1. Both tables have the same schema with a
primary key constraint defined as the hash index. The number of buckets in the index
is controlled by the bucket_count property. Internally, however, SQL Server rounds the
provided value to the next power of 2, so the dbo.HashIndex_HighBucketCount table
would have 1,048,576 buckets in the index, and the dbo.HashIndex_LowBucketCount
table would have 1,024 buckets.

Listing 4-1. Bucket_count and Performance: Creating Memory-Optimized Tables

create table dbo.HashIndex LowBucketCount

(
Id int not null
constraint PK_HashIndex_LowBucketCount
primary key nonclustered
hash with (bucket count=1000),
Value int not null
)

with (memory optimized=on, durability=schema_only);

create table dbo.HashIndex HighBucketCount

(
Id int not null
constraint PK_HashIndex HighBucketCount
primary key nonclustered
hash with (bucket count=1000000),
Value int not null
)
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with (memory optimized=on, durability=schema_only);
go

;with N1(C) as (select 0 union all select 0) -- 2 rows
,N2(C) as (select 0 from N1 as t1 cross join N1 as t2) -- 4 rows
,N3(C) as (select 0 from N2 as t1 cross join N2 as t2) -- 16 rows
,N4(C) as (select 0 from N3 as t1 cross join N3 as t2) -- 256 rows
,N5(C) as (select 0 from N4 as t1 cross join N4 as t2) -- 65,536 rows
,N6(C) as (select 0 from N5 as t1 cross join N3 as t2) -- 1,048,576 rows
,1ds(Id) as (select row number() over (order by (select null)) from N6)
insert into dbo.HashIndex HighBucketCount(Id, Value)

select Id, Id

from ids

where Id <= 1000000;

swith N1(C) as (select 0 union all select 0) -- 2 rows
,N2(C) as (select 0 from N1 as t1 cross join N1 as t2) -- 4 rows
,N3(C) as (select 0 from N2 as t1 cross join N2 as t2) -- 16 rows
,N4(C) as (select 0 from N3 as t1 cross join N3 as t2) -- 256 rows
,N5(C) as (select 0 from N4 as t1 cross join N4 as t2) -- 65,536 rows
,N6(C) as (select 0 from N5 as t1 cross join N3 as t2) -- 1,048,576 rows
,1ds(Id) as (select row number() over (order by (select null)) from N6)
insert into dbo.HashIndex LowBucketCount(Id, Value)

select Id, Id

from ids

where Id <= 1000000;

Table 4-1 shows the execution time of the INSERT statements in my test environment.
As you can see, inserting data into the dbo.HashIndex_HighBucketCount table is about 35

times faster compared to the dbo.HashIndex LowBucketCount counterpart.

Table 4-1. Execution Time of INSERT Statements

dbo.HashIndex_HighBucketCount dbo.Hashindex_LowBucketCount
(1,048,576 Buckets) (1,024 Buckets)
1,122 ms 39,955 ms

Listing 4-2 shows the query that returns the bucket count and row chains
information using the sys.dm_db_xtp_hash_index_stats view. Keep in mind that this
view scans the entire table, which is time-consuming when the tables are large.

Listing 4-2. Obtaining Information About Hash Indexes

select
s.name + '.' + t.name as [Table]
,i.name as [Index]
,stat.total bucket count as [Total Buckets]
,stat.empty bucket count as [Empty Buckets]
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,floor(100. * empty bucket count / total bucket count)
as [Empty Bucket %]
,stat.avg_chain_length as [Avg Chain]
,stat.max_chain_length as [Max Chain]
from
sys.dm_db_xtp_hash_index_stats stat
join sys.tables t on
stat.object_id = t.object_id
join sys.indexes i on
stat.object_id = i.object_id and
stat.index_id = i.index_id
join sys.schemas s on
t.schema_id = s.schema_id

Figure 4-4 shows the output of the query. As you can see, the dbo.HashIndex_
HighBucketCount table has on average one row in the row chains, while the dbo.
HashIndex_LowBucketCount table has almost 1,000 rows per chain. It is worth noting
that even though the hash function used by In-Memory OLTP provides relatively good
random data distribution, some level of hash collision is still present.

Table Index Tolal Buckets Emply Buckets Emply Bucket ™. AwgChain  Max Chain
1 dbo Hashindex_HghBucketCourt  PK_Hashindex_HighBucketCount 485 338369 37 1 :
dbo Hashindex_LowBucketCount  PK_Hashindex_LowBucketCourt 1024 0 0 976 1035

Figure 4-4. sys.dm_db_xtp_hash_index_stats output

The incorrect bucket count estimation and long row chains can significantly affect the
performance of both reader and writer queries. You have already seen the performance
impact for the insert operation. Now let’s look at a SELECT query.

Listing 4-3 shows the code that triggers 65,536 Index Seek operations in each
memory-optimized table. I wrote this query in a very inefficient way just to demonstrate
the impact of the long row chains.

Listing 4-3. Bucket_count and Performance: Selecting Data in the Tables

declare
@T table(Id int not null primary key)

;with N1(C) as (select 0 union all select 0) -- 2 rows
,N2(C) as (select 0 from N1 as t1 cross join N1 as t2) -- 4 rows
,N3(C) as (select 0 from N2 as t1 cross join N2 as t2) -- 16 rows
,N4(C) as (select 0 from N3 as t1 cross join N3 as t2) -- 256 rows
,N5(C) as (select 0 from N4 as t1 cross join N4 as t2) -- 65,536 rows
,1ds(Id) as (select row _number() over (order by (select null)) from N5)
insert into @T(Id)

select Id from Ids;
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select t.id, c.Cnt
from @T t
cross apply

select count(*) as Cnt
from dbo.HashIndex_HighBucketCount h
where h.Id = t.Id

) G

select t.id, c.Cnt
from @T t
cross apply

select count(*) as Cnt
from dbo.HashIndex_LowBucketCount h
where h.Id = t.Id

) G

You can confirm that the queries traversed the row chains 65,536 times by analyzing
the execution plan shown in Figure 4-5.

— — (N
! k&

S, - o Clustered Index Scan

LT ompute Scalaz [0T) . [PK__#AB71CTF__3214ECO7AL2LFEF.
Cost: O & Cost: 0 & - -
Cost: 33 %
Index Seek (NonClusterediash) _3'
Storage MemoryOptimized Conpute Sesles :xu'::?:uij':vr.i'.. etCount]

18

Actual Number of Rows £5536 Coss 3‘% Cost
[FGmber of Executions 65530

Figure 4-5. Execution plan of the queries

Table 4-2 shows the queries’ execution time in my environment where the query
against the dbo.HashIndex LowBucketCount table was about 20 times slower.

Table 4-2. Execution Time of SELECT Statements

dbo.Hashindex_HighBucketCount dbo.Hashindex_LowBucketCount
(1,048,576 Buckets) (1,024 Buckets)
301 ms 6,259 ms

While you can clearly see that underestimation of the bucket counts can degrade
system performance, overestimation is not good either. First, every bucket uses 8 bytes
to store the memory pointer, and a large number of unused buckets is a waste of system
memory. For example, defining the index with bucket_count=100000000 will introduce
134,217,728 buckets, which will require 128MB of RAM. This does not seem much in
the scope of a single index; however, it could become an issue as the number of indexes
increases.
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Moreover, SQL Server needs to scan all buckets in the index when it performs an
Index Scan operation, and extra buckets add some overhead to the process. Listing 4-4
shows the queries that demonstrate this kind of overhead.

Listing 4-4. Bucket_count and Performance: Index Scan Queries

select count(*)
from dbo.HashIndex HighBucketCount

with (index= PK_HashIndex HighBucketCount)
option (maxdop 1);

select count(*)
from dbo.HashIndex LowBucketCount

with (index= PK HashIndex LowBucketCount)
option (maxdop 1);

Table 4-3 shows the execution time in my environment. As you see, the overhead of
scanning extra buckets is not significant; however, it still exists.

Table 4-3. Execution Time of SELECT Statements (Empty Buckets Overhead)

dbo.HashIndex_HighBucketCount dbo.Hashindex_LowBucketCount
(1,048,576 Buckets) (1,024 Buckets)
51 ms 62 ms

It is also worth noting that in the majority of cases, SQL Server 2016 will not scan the
hash index but rather scan the table heap with the Table Scan operator. I will discuss this
in more detail in Chapter 6.

Choosing the Right Bucket Count

Choosing the right number of buckets in a hash index is a tricky but important subject. To
make matters worse, you have to make the right decision at the design stage; the only way
to change the bucket_count value once a table is created is by altering the table, which
creates the new table object in the background.

In an ideal situation, you should have the number of buckets that would exceed the
cardinality (the number of unique keys) of the index. Obviously, you should take future
system growth and projected workload changes into consideration. It is not a good idea
to create an index based on the current data cardinality if you expect the system to handle
much more data in the future.

Note Microsoft suggests setting bucket_count to be between one and two times the
number of distinct values in the index. You can read more at https://docs.microsoft.
com/en-us/sql/relational-databases/in-memory-oltp/hash-indexes-for-memory-
optimized-tables#configuring bucket count.
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Low-cardinality columns with a large number of duplicated values are usually bad
candidates for hash indexes. The same data values generate the same hash; therefore,
rows will be linked to long row chains. Obviously, there are always exceptions, and you
should analyze the queries and workload in your system, taking into consideration the
data modification overhead introduced by the long row chains.

In existing indexes, you can analyze the output of the sys.dm_db_xpt_hash_index_
stats view and code from Listing 4-2 to determine whether the number of buckets in
the index is sufficient. If the number of empty buckets is less than 10 percent of the total
number of buckets in the index, the bucket count is likely to be too low. Ideally, at least 33
percent of the buckets in the index should be empty.

With all that being said, it is often better to err on the side of caution and
overestimate rather than underestimate the number. Even though overestimation impacts
the performance of the Index Scan operation, this impact is much lower compared to the
one introduced by long row chains. Obviously, you need to remember that every bucket
uses 8 bytes of memory whether it is empty or not.

Note | will discuss In-Memory OLTP index design considerations and choices between
hash indexes and nonclustered indexes in the next chapter.

Hash Indexes and SARGability

In the database world, predicates are treated as SARGable (Search ARGument Able) when
they allow the Database Engine to utilize Index Seek operations during query execution.

Hash indexes have different SARGability rules than B-Tree indexes defined on
disk-based tables. They are efficient only in the case of a point-lookup equality search, which
allows SQL Server to calculate the corresponding hash value of the index key (or keys) and
find a bucket that references the desired chain of rows. SQL Server is unable to use Index
Seek operations with hash indexes in any other scenario, for example, with <, >, and
BETWEEN predicates. Evaluation of those predicates requires comparison of the index key
values, which cannot be done based on hash values.

In the case of composite hash indexes, SQL Server calculates the hash value for
the combined value of all key columns. A hash value calculated on a subset of the key
columns would be different, and therefore, a query should have equality predicates on all
key columns for the index to be useful.

This behavior is different from indexes on disk-based tables. Consider the situation
where you defined an index on (LastName, FirstName) columns. In the case of disk-based
tables, that index can be used for an Index Seek operation, regardless of whether
the predicate on the FirstName column is specified in the where clause of a query.
Alternatively, a composite hash index on a memory-optimized table requires queries to
have equality predicates on both LastName and FirstName in order to calculate a hash
value that allows for choosing the right hash bucket in the index.

Let’s create disk-based and memory-optimized tables with composite indexes on the
(LastName, FirstName) columns, populating them with the same data as in Listing 4-5.
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Listing 4-5. Composite Hash Index: Test Tables Creation

create table dbo.CustomersOnDisk

(

);

CustomerId int not null identity(1,1),
FirstName varchar(64) not null,
LastName varchar(64) not null,
Placeholder char(100) null,

constraint PK_CustomersOnDisk
primary key clustered(CustomerId)

create nonclustered index IDX_CustomersOnDisk LastName FirstName
on dbo.CustomersOnDisk(LastName, FirstName)

g0

create table dbo.CustomersMemoryOptimized

(

)

Cust

Firs

omerId int not null identity(1,1)
constraint PK_CustomersMemoryOptimized
primary key nonclustered

hash with (bucket count = 32768),
tName varchar(64) not null,

LastName varchar(64) not null,

Plac

inde
nonc
with

eholder char(100) null,

x IDX_CustomersMemoryOptimized LastName FirstName
lustered hash(LastName, FirstName)
(bucket_count = 1024),

with (memory optimized = on, durability = schema_only)

g0

-- Inserting cross-joined data for all first and last names 50 times
-- using GO 50 command in Management Studio
;with FirstNames(FirstName)

as

(

50

sele
from

(

ct Names.Name

values('Andrew'), ('Andy"'), ('Anton"'), ('Ashley'),('Boris"),
('Brian'), ('Cristopher'), ('Cathy'),('Daniel"),('Donny'),
('Edward'),("Eddy"), ("Emy"'),('Frank"),('George'), ('Harry'),
('Henry'),('Ida"),('John"), (' Iimmy"), (' Jenny"), (' Jack"),
("Kathy'),("Kin'), (*Larzy"), (‘Mary'), (‘Max'), (*Nancy'),
('Olivia'),('Paul'), ('Peter'), ('Patrick'), ('Robert"),
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('"Ron"),('Steve'),('Shawn'),('Tom"), ('Timothy"),
("Uri'), ('Vincent")
) Names (Name)

,LastNames(LastName)

as

(
select Names.Name
from
(

values('Smith'), ('Johnson'),('Williams"'),('Jones"'), ('Brown'),
('Davis'),('Miller'), ('Wilson"),('Moore"), ('Taylor"),
('Anderson'), ('Jackson'), ('White"), ('Harris")
) Names (Name)
)
insert into dbo.CustomersOnDisk(LastName, FirstName)
select LastName, FirstName
from FirstNames cross join LastNames
go 50

insert into dbo.CustomersMemoryOptimized(LastName, FirstName)
select LastName, FirstName
from dbo.CustomersOnDisk;

For the first test, let’s run SELECT statements against both tables, specifying both
LastName and FirstName as predicates in the queries, as shown in Listing 4-6.

Listing 4-6. Composite Hash Index: Selecting Data Using Both Index Columns as
Predicates

select CustomerId, FirstName, LastName
from dbo.CustomersOnDisk
where FirstName = 'Paul' and LastName = 'White';

select CustomerId, FirstName, LastName
from dbo.CustomersMemoryOptimized
where FirstName = 'Paul' and LastName = 'White’;

Asyou can see in Figure 4-6, SQL Server is able to use an Index Seek operation in
both cases.
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Query 1: Query cost (relative to the batch): 88%
SELECT [CustomerId], [FirstName], [LastName] FROM [d

= 2

SELECT Index Seek (NonClustered)
Co —_— [(CustomersOnDisk] . (IDX CustomersOnD..
st:

Cost: 100 &

Query 2: Query cost (relative to the batch): 123%
SELECT [CustomerId], [FirstName], [LastNawe] FROM [d

- )
SELECT N — Index Seek (NonClusteredHash)

e 3% [CustomersMemoryOptimized] . [IDX_ Cus..
st

Cost: 100 %

Figure 4-6. Composite hash index: execution plans when queries use both index columns
as predicates

In the next step, let’s check what happens if you remove the filter by FirstName from
the queries. Listing 4-7 shows the code.

Listing 4-7. Composite Hash Index: Selecting Data Using the Leftmost Index Column
Only

select CustomerId, FirstName, LastName
from dbo.CustomersOnDisk
where LastName = 'White';

select CustomerId, FirstName, LastName
from dbo.CustomersMemoryOptimized
where LastName = 'White';

In the case of the disk-based index, SQL Server is still able to utilize an Index Seek

operation. This is not the case for the composite hash index defined on the
memory-optimized table. You can see the execution plans for the queries in Figure 4-7.
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Query 1l: Query cost (relative to the batch): 2%
SELECT [CustomerId], [FirstName], [LastName] FROM [dk

T #
Index Seek (NonClustered)
CSELEif% [CustomersOnDisk] . [IDX CustomersOnD..
08t :

Cost: 100 %

Query 2: Query cost (relative to the batch): 98%
SELECT [CustomerId], [FirstName], [LastName] FROM [dk

= = 1

SELECT | Filter B Tazle RN "
Cost: 0 & Eanie 4.6 [CustomersMemoryOptimized]
Cost: 99 %

Figure 4-7. Composite hash index: execution plans when queries use the leftmost index
column only

Statistics on Memory-Optimized Tables

SQL Server 2016 creates and automatically updates index- and column-level statistics
on memory-optimized tables. However, the tables created under database compatibility
levels lower than 130 (SQL Server 2016) would have the statistics NORECOMPUTE option
enabled, which prevents automatic statistics updates.

This situation may happen in two cases: either when memory-optimized tables were
created in SQL Server 2014 and later migrated to SQL Server 2016 or when SQL Server
2016 databases run under a lower compatibility level than 130.

Let’s look at this behavior and run the code from Listing 4-8. This code changes the
database compatibility level to 120 and creates the table dbo.Stats120. As the next step,
it switches the compatibility level back to 130 and creates another table, dbo.Stats130.
Finally, the code looks at the statistics properties for the table indexes.

Listing 4-8. Statistics NORECOMPUTE and Compatibility Level

alter database current set compatibility level=120;

go
create table dbo.Stats120
(
Id int not null
constraint PK_Stats120
primary key nonclustered
hash with (bucket count=1024),
Value int not null
)
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with (memory_optimized=on, durability=schema_only);

go
alter database current set compatibility level=130;
go
create table dbo.Stats130
(
Id int not null
constraint PK_Stats130
primary key nonclustered
hash with (bucket count=1024),
Value int not null
)
with (memory optimized=on, durability=schema_only);
go
select

sc.name + '.' + t.name as [Table]
,S.name as [Statistics]
,S.no_recompute
from
sys.stats s join sys.tables t on
s.object_id = t.object_id
join sys.schemas sc on
t.schema_id = sc.schema_id
where
t.name like 'Stats%';

Asyou can see in Figure 4-8, the dbo.Stats120.PK_Stats120 statistics has the
NORECOMPUTE option enabled, which will prevent automatic statistics update for the
statistics. This is not the case for the dbo.Stats130.PK_Stats130 statistics, which has
been created under a database compatibility level of 130.

Table Statistics no_recompute
1 dbo.Stats120 PK_Stats120 1
2 dbo.Stats130 PK_Stats130 0

Figure 4-8. Statistics NORECOMPUTE option

You can change the value of the NORECOMPUTE option and enable automatic statistics
update by manually updating the affected statistics with an UPDATE STATISTICS statement.
It is worth repeating that the statistics NORECOMPUTE option is controlled by the database
compatibility level at the time of table creation rather than by the automatic statistics update
setting. Statistics with the NORECOMPUTE=0FF option will be updated automatically regardless
of the compatibility level, assuming the Auto Update Statistics database option is enabled.
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You should manually update all statistics on memory-optimized tables and enable
automatic statistics update after you migrate the database from SQL Server 2014. You can
achieve that by running the code shown in Listing 4-9. It generates UPDATE STATISTICS
commands for all statistics with the NORECOMPUTE=0N option and runs them using
dynamic SQL.

Listing 4-9. Updating All Statistics with NORECOMPUTE=0ON

declare
@SOL nvarchar(max)

select
@SQL = convert(nvarchar(max),
(
select
N'update statistics ' as [text()]
,sc.name + N'.' + t.name as [text()]
LN'(Y + s.name + N'); ' oas [text()]
from
sys.stats s join sys.tables t on
s.object_id = t.object_id
join sys.schemas sc on
t.schema_id = sc.schema_id
where
t.is_memory optimized = 1 and
s.no_recompute = 1
for xml path('")

));

exec sp_executesql @SQL;

Missing or inaccurate statistics on memory-optimized tables can have a somewhat
smaller impact compared to disk-based tables. Indexes on memory-optimized tables
reference the actual data rows and, in the nutshell, are covering the queries. In-Memory
OLTP does not require Key Lookup operations to access the row data regardless of which
index is chosen. Nevertheless, incorrect cardinality estimations could affect the size of
the query memory grant and the choice of join type when a query is running through the
Interop Engine. All of that may lead to suboptimal execution plans and bad performance.

There is another, less obvious issue. Inaccurate statistics can introduce suboptimal
execution plans with the nested loop joins when SQL Server chooses inner and outer
inputs for the operator. As you know, the nested loop join algorithm processes the inner
input for every row from the outer input, and it is more efficient to put smaller input on the
outer side. Listing 4-10 shows the algorithm for the inner nested loop join as a reference.

Listing 4-10. Inner Nested Loop Join Algorithm

for each row R1 in outer table
for each row R2 in inner table
if R1 joins with R2
return join (R1, R2)
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Missing statistics can lead to a situation where SQL Server chooses the inner and
outer inputs incorrectly, which can lead to highly inefficient plans.

Let’s create two tables under a database compatibility level of 120, populating them
with some data, as shown in Listing 4-11. As you know, statistics will be created with the
NORECOMPUTE=0ON option, which prevents automatic statistics update.

Listing 4-11. Missing Statistics and Inefficient Execution Plans: Table Creation

alter database current set compatibility level=120;

go

create table dbo.T1

(

ID int not null identity(1,1)
primary key nonclustered hash
with (bucket count = 8192),

T1Col int not null,

Placeholder char(100) not null
constraint DEF_T1 Placeholder
default('1"),

index IDX_T1Col
nonclustered hash(T1Col)
with (bucket count = 1024)

with (memory optimized = on, durability = schema_only);

create table dbo.T2

(

)

ID int not null identity(1,1)
primary key nonclustered hash
with (bucket count = 8192),

T2Col int not null,

Placeholder char(100) not null
constraint DEF_T2_Placeholder
default('2"),

index IDX_T2Col
nonclustered hash(T2Col)
with (bucket count = 1024)

with (memory optimized = on, durability = schema_only);

;with N1(C) as (select 0 union
,N2(C) as (select 0 from N1 as
,N3(C) as (select 0 from N2 as
,N4(C) as (select 0 from N3 as
,N5(C) as (select 0 from N4 as
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all select 0)
t1 cross join
t1 cross join
t1 cross join
t1 cross join

-- 2 Tows

N1 as t2) -- 4 rows

N2 as t2) -- 16 rows

N3 as t2) -- 256 rows
N3 as t2) -- 4,096 rows
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,1ds(Id) as (select row number() over (order by (select null)) from N5)
insert into dbo.T1(T1Col)
select 1 from Ids;

insert into dbo.T2(T2Col)
select -1 from dbo.T1;

update dbo.T1 set T1Col = 2 where ID = 4096;
update dbo.T2 set T2Col = -2 where ID = 1;

The data in both tables is distributed unevenly. You can confirm this by running the
query in Listing 4-12. Figure 4-9 illustrates the data distribution in the tables.

Listing 4-12. Missing Statistics and Inefficient Execution Plans: Checking Data
Distribution in the Tables

select 'T1' as [Table], TiCol as [Value], count(*) as [Count]
from dbo.T1
group by T1Col

union all
select 'T2' as [Table], T2Col as [Value], count(*) as [Count]

from dbo.T2
group by T2Col;

Table Value Count

1 T1 1 4095
2 T1 2 1
3 T2 -2 1
4 T2 -1 4095

Figure 4-9. Missing statistics and inefficient execution plans: data distribution

As the next step, let’s run two queries that join the data from the tables, as shown in
Listing 4-13. Both queries will return just a single row.

Listing 4-13. Missing Statistics and Inefficient Execution Plans: Test Queries

select *

from dbo.T1 t1 join dbo.T2 t2 on
t1.ID = t2.ID

where
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t1.T1Col = 2 and
t2.72C0l = -1;
select *

from dbo.T1 t1 join dbo.T2 t2 on
t1.ID = t2.1ID

where
t1.T1Col
t2.72C0l

1 and
-2

As you can see in Figure 4-10, SQL Server generates identical execution plans for
both queries using the dbo.T1 table in the outer part of the join. This plan is very efficient
for the first query; there is only one row with T1Col = 2. Therefore, SQL Server had to
perform an inner input lookup just once. Unfortunately, this is not the case for the second
query, which leads to 4,095 Index Seek operations on the dbo. T2 table.

Query 1: Query cost (relative to the batch): 50%
select * from dbo.Tl tl join dbo.T2 t2 on tl.ID = t2.ID where tl.T1Col = 2 and t2.T2Col = -1

= tc] 9

SELECT Nested Loops © Index Seek (NonClusteredHash)
. (Innex Join) [T1].[IDX_TiCol] [tl]
Cosw: 0 & Cost: 11 % Cost: 43 %

= &

Index Seek (NonClusteredHash)

c:::_“f . [T2].(PK_T2_ 3214EC264AC32F64] (:2)
: Cost: 45 %
Index Seek (MonClusteredHash)

Ficd Operation Index Seek

tu, mber of Hows 1
Number of Executions T Index Seek [NonClusteredHash)
Estimated Number of Executions 1 Physical Operation Index Seek
Estimated Number of Rows 00.5007 Actual Number of Rows 1

Number of Executions

Estimated Mumber of Executions 90.5097
Estimated Number of Rows 1
Query 2: Query cost (relative to the batch): 50%
select * from dbo.Tl tl1 join dbo.T2 t2 on tl.ID = t2.ID where ©t1.T1Col = 1 and t2.T2Col = -2
= tc] %
SELECT ¢ NHested Loops | " Index Seek (NonClusteredHash)
Cost: O % (Innex Join) [T1].[IDX_TiCol] ([=l]
. Cost: 11 & Cost: 43 &

= 2
Filter Index Seek (NonClusteredHash)
Cost: 1 % [T2].[PE__T2Z_ 3214ECZE4AC3IFE4] [=2]

Cost: 45 %
Index Seek [NonClusteredHash) \
sical ation Index Seek

Actual Number of Rows 4095 Index Seek (NonClusteredHash)
i 1
Number ofixuutlu:s Physical Operation Index Seek
ferl s Actual Number of Rows 4035
Estimated Number of Rows Nimbesof Execith 0%
Estimated Number of Executions 90.5097|
stima um of Hows 1

Figure 4-10. Missing statistics and inefficient execution plans: execution plans
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Let’s update the statistics on both tables, as shown in Listing 4-14.

Listing 4-14. Missing Statistics and Inefficient Execution Plans: Updating Statistics

update statistics dbo.T1;
update statistics dbo.T2;

dbcc show_statistics('dbo.T1','IDX T1Col');
dbcc show_statistics('dbo.T2',"'IDX_T2Col');

Figure 4-11 illustrates that the statistics have been updated.

MName  Updated Rows RowsSampled Steps Densty Averagekeylength Sting bhdex Fiter Epression  Unfitered Rows
1 [IDX_TICol | Dec 202016 S:00PM 4036 409 2 0 4 NO NULL 4096
fldens_dy | Average Length  Columns
| | 4 T1Col

'RANGE_HI_KEY RANGE_ROWS EQ_ROWS DISTINCT_RANGE ROWS  AVG_RANGE_ROWS

L A 4085 0 =
2 2 0 1 0 .

LI Updated Rows RowsSampled Steps Densty Averagekeylength Swing bndex Fiter Expression  Unfitered Rows
1 [IDXT2Col | Dec 202016 S00PM 4096 4096 2 0 - - ! p

Midensty Average Length  Columns
| | 4 T2Col

I_KEY RANGE_ROWS EQ_ROWS DISTINCT_RANGE_ROWS AVG_RANGE_ROWS
| 0 1 0 1
2 B 0 4095 0 1

Figure 4-11. Missing statistics and inefficient execution plans: index statistics after update

Now, if you run the queries from Listing 4-13 again, SQL Server can generate an
efficient execution plan for the second query, as shown in Figure 4-12.
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Query 1: Query cost (relative to the batch): 50%
select * frow cdbo.Tl tl1 join dbo.T2 t2 on tl.ID = t2.ID where tl1.T1Col = 2 and t2.T2Col = -1

= tc] 2

sErEcT NHested Loops Index Seek (NenClusteredHash)
Cost: O & (Inner Join) (T1].[IDK_TiCel] [t1]
) Cost: 11 % Cost: 44 %

fl :
- Index Seek (NonClusteredHash)

[T2).[PK__T2__3214ECIZE4AC3IZFE4] [=2]
Cost: 44 %

Filter
Cost: 1 %

Query 2: Query cost (relative to the batch): 50%
select * from dbo.T1l tl join dbo.T2 t2 on tl.ID = t2.ID where ©l1.T1Col = 1 and t2.T2Col = -2

= tc] 2!

SELECT Nested Locps Index Seek (NonClusteredHash)
Cog“t- u‘ 5 (Inner Join) [T2]. [IDX_T2Col] [:2]
. Cost: 11 & Cosz: 44 &

7 A
Index Seek (NonClusteredHash)
[T1).[PE__T1__3214ECZEE1D6042ZAR] [el]
Cost: 44 %

Filter
Cost: 1 %

Index Seek (NonClusteredHash)
Physical Operation Index Seek
Actual Number of Rows
Number of Executions
i 1 of i
Estimated Number of Rows

Figure 4-12. Missing statistics and inefficient execution plans: execution plans after
statistics update

You should remember this behavior when you use natively compiled modules,
which have the queries’ execution plans embedded into the code. SQL Server does
not recompile the modules when the statistics are updated, and you should manually
recompile them either by altering them or by using the sp_recompile stored procedure
when the data distribution has significantly changed.

Note | will talk about native compilation and the optimization of natively compiled
modules in Chapter 9.

Summary

Hash indexes consist of an array of hash buckets, each of which stores the pointer to the
chain of rows with the same index key column hash. Hash indexes help to optimize point-
lookup operations when queries search for the rows using equality predicates. In the case
of composite hash indexes, the query should have equality predicates on all key columns
for the index to be useful.
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Choosing the right bucket count is extremely important. Underestimations lead
to long row chains, which could seriously degrade the performance of the queries.
Overestimations increase memory consumption and decrease the performance of the
index scans. Nevertheless, in many cases, it is better to slightly overestimate rather than to
underestimate the value.

Low-cardinality columns lead to the long row chains and are usually bad candidates
for hash indexes.

You should analyze index cardinality and consider future system growth when
choosing the right bucket count. Ideally, you should have at least 33 percent of buckets
empty. You can get information about buckets and row chains with the sys.dm_db_xtp_
hash_index_stats view.

SQL Server 2016 creates and automatically updates statistics on the indexes on
memory-optimized tables; however, statistics created in databases with a compatibility
level less than 130 have the NORECOMPUTE=ON option enabled. You should update statistics
manually with the UPDATE STATISTICS statement to enable automatic statistics update
for such tables.
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Nonclustered Indexes

This chapter discusses nonclustered indexes, which is the second type of indexes
supported by the In-Memory OLTP Engine. It shows how to define nonclustered indexes,
talks about their SARGability rules, and explains their internal structure.

Finally, the chapter discusses several indexing strategies and design considerations
for memory-optimized tables.

Working with Nonclustered Indexes

Nonclustered indexes are another type of index supported by the In-Memory OLTP Engine.
In contrast to hash indexes, which are optimized to support point-lookup equality searches,
nonclustered indexes help you search data based on a range of values. They have a
somewhat similar structure to regular indexes on disk-based tables. They are not exactly the
same, however, and I will discuss their internal implementation in depth later in this chapter.

TERMINOLOGY ISSUE

Nonclustered indexes were introduced in SQL Server 2014 CTP 2, and the documentation and
whitepapers for that version used the term range indexes to reference them. However, in the
production release of SQL Server 2014, Microsoft changed the terminology to nonclustered
indexes. Nevertheless, you can still find the term range indexes in documentation and in data
management views.

That terminology can be confusing because hash indexes are also not clustered. In
fact, the concepts of clustered indexes cannot be applied to In-Memory OLTP. Data
rows are not stored in any particular order in memory.

It is also worth mentioning that the minimal index_id value of In-Memory OLTP
indexes is 2, which corresponds to nonclustered indexes in disk-based tables.
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Creating Nonclustered Indexes

Nonclustered indexes are created inline as part of the CREATE TABLE statement. The
syntax is similar to hash index creation; however, you should omit the keyword HASH, and
you do not need to specify the number of buckets in the index properties.

The code in Listing 5-1 creates a memory-optimized table with two nonclustered
indexes, one composite and another on the single column.

Listing 5-1. Creating a Table with Two Nonclustered Indexes

create table dbo.Customers
(
CustomerId int identity(1,1) not null
constraint PK_Customers
primary key nonclustered
hash with (bucket count=1024),
FirstName varchar(32) not null,
LastName varchar(64) not null,
FullName varchar(97) not null,

index IDX_LastName_FirstName
nonclustered(LastName, FirstName),

index IDX_FullName
nonclustered(FullName)

)

with (memory optimized=on, durability=schema only);

Using Nonclustered Indexes

Similar to B-Tree indexes in disk-based tables, the data in nonclustered indexes is
sorted according to the value of index key columns. As a result, nonclustered indexes
are beneficial in a large number of use cases. They can lead to an Index Seek operation
in scenarios when query predicates allow SQL Server to locate and isolate a subset
of the index keys for processing. With very few exceptions, the SARGability rules for
nonclustered indexes match the rules for indexes defined on disk-based tables.
Listing 5-2 shows several queries against the dbo.Customers table. SQL Server is able
to use Index Seek operations with all of them.

Listing 5-2. Queries That Lead to Index Seek Operations

-- Point-Lookup specifying all columns in the index
select CustomerId, FirstName, LastName

from dbo.Customers

where LastName = 'White' and FirstName = 'Paul’;
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-- Point-lookup using leftmost index column
select CustomerId, FirstName, LastName

from dbo.Customers

where LastName = 'White';
-- Using ">", ">=", "<", "<=" comparison
select CustomerId, FirstName, LastName
from dbo.Customers

where LastName > 'White';

-- Prefix Search

select CustomerId, FirstName, LastName
from dbo.Customers

where LastName like 'Wh%';

-- IN list

select CustomerId, FirstName, LastName
from dbo.Customers

where LastName in ('White','Isakov');

NONCLUSTERED INDEXES

Similar to B-Tree indexes, an Index Seek operation is impossible when query
predicates do not allow you to isolate a subset of the index keys for processing. Listing 5-3

shows several examples of such queries.

Listing 5-3. Queries That Lead to Index Scan Operations

-- Omitting left-most index column(s)
select CustomerId, FirstName, LastName
from dbo.Customers

where FirstName = 'Paul’;

-- Substring Search

select CustomerId, FirstName, LastName
from dbo.Customers

where LastName like '%hit%';

-- Functions

select CustomerId, FirstName, LastName
from dbo.Customers

where len(LastName) = 5;

As the opposite of B-Tree indexes on disk-based tables, nonclustered indexes are
unidirectional, and SQL Server is unable to scan index keys in the opposite order of how
they were sorted. You should keep this behavior in mind when you define an index and

choose the sorting order for the columns.
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Let’s illustrate that with an example; we'll create a disk-based table with the same
structure as dbo.Customers and populate both tables with the same data. Listing 5-4
shows the code to do this.

Listing 5-4. Nonclustered Indexes and Sorting Order: Disk-Based Table Creation

create table dbo.Customers OnDisk

(
CustomerId int identity(1,1) not null,
FirstName varchar(32) not null,
LastName varchar(64) not null,
FullName varchar(97) not null,

constraint PK_Customers_OnDisk
primary key clustered(CustomerId)

)5

create nonclustered index IDX_Customers OnDisk LastName FirstName
on dbo.Customers OnDisk(LastName, FirstName);

create nonclustered index IDX_Customers_OnDisk FullName
on dbo.Customers OnDisk(FullName);

go
swith FirstNames(FirstName)
as
(
select Names.Name
from
(
values('Andrew'), ('Andy'), ('Anton"'), ('Ashley')
,('Boris"),('Brian'), ('Cristopher'), ('Cathy")
,('Daniel"),('Don"), ('Edward"),("'Eddy"),("Emy")
,('Frank"), ('George'), ('Harry'), ('Henry'),('Ida")
,("John"), ("Iimmy"), ('Jenny"),('Jack"),('Kathy")
,(Kin"), ("Larzy"), ("Mary"), ("Max"), ("Nancy"),
('Olivia'),('Paul'), ('Peter'), ('Patrick'), ('Robert"),
('Ron"),('Steve'), ('Shawn"),('Tom"), (' Timothy"),
('Uri'), ('Victor")
) Names (Name)
)
,LastNames (LastName)
as
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select Names.Name

from

(
values('Smith'), ('Johnson'),('Williams"'), ('Jones")
,('Brown'),('Davis'),('Miller'), ('Wilson")
,»('Moore'), ('Taylor'), ('Anderson'), ('Jackson")
,("White"), ('Isakov")

) Names (Name)

insert into dbo.Customers(LastName, FirstName, FullName)
select LastName, FirstName, FirstName + ' ' + LastName
from FirstNames cross join LastNames;

insert into dbo.Customers OnDisk(LastName, FirstName, FullName)
select LastName, FirstName, FullName
from dbo.Customers;

Let’s run the queries that select several rows in ascending order, which matches the
index sorting order. Listing 5-5 shows the queries.

Listing 5-5. Nonclustered Indexes and Sorting Order: Selecting Data in the Same Order
with the Index Key Column

select top 3 CustomerId, FirstName, LastName, FullName
from dbo.Customers_OnDisk
order by FullName ASC;

select top 3 CustomerId, FirstName, LastName, FullName
from dbo.Customers
order by FullName ASC;

Figure 5-1 shows the execution plans for the queries. SQL Server scans the indexes
starting with the lowest key and stops after it reads three rows. The execution plans
are similar for both queries with the exception of the required Key Lookup operation
with disk-based data. SQL Server uses it to obtain the values of the FirstName and
LastName columns from the clustered index of the table. Key Lookup is not required
with memory-optimized tables where the index pointers are part of the actual data rows
and the indexes are covering all in-row columns in the queries.
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Query 1: Query cost (relative to the batch): 96%
select top 3 Customerld, FirstName, LastName, FullName from cdbo.Customers_OnDisk order by
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Figure 5-1. Execution plans when ORDER BY condition matches the index sorting order

The situation changes if you need to sort the output in descending order, as shown in
Listing 5-6.

Listing 5-6. Nonclustered Indexes and Sorting Order: Selecting Data in the Opposite
Order with Index Key Column

select top 3 CustomerId, FirstName, LastName, FullName
from dbo.Customers_OnDisk
order by FullName DESC;

select top 3 CustomerId, FirstName, LastName, FullName
from dbo.Customers
order by FullName DESC;

Asyou can see in Figure 5-2, SQL Server is able to scan the disk-based table index
in the opposite order of how it was defined because of the bidirectional nature of B-Tree
indexes. However, this is not the case for memory-optimized tables where indexes are
unidirectional. SQL Server decides to scan the table and sort the data afterward.
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Query 1: Query cost (relative to the batch): 29%
select top 3 Customerld, FirstName, LastName, FullName from dbo.Customers_oOnDisk orde:
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Figure 5-2. Execution plans when ORDER BY condition is the opposite of the index sorting
order

Finally, index statistics behavior, which I discussed in the previous chapter, still
applies to the nonclustered indexes. SQL Server creates statistics at the time of index
creation; however, the automatic statistics update behavior depends on the database
compatibility level when the tables were created.

Nonclustered Index Internals

Nonclustered indexes use a lock- and latch-free variation of the B-Tree, called a Bw-Tree,
which was designed by Microsoft Research in 2011. Let’s look at the Bw-Tree structure
in detail.

Bw-Tree Overview

Similar to B-Tree, index pages in a Bw-Tree contain a set of ordered index key values.
However, Bw-Tree pages do not have a fixed size, and they are unchangeable after they
are built. The maximum page size, however, is 8KB.

Rows from a leaflevel of the nonclustered index contain the pointers to the data row
chains with the same index key values. This works in a similar manner to hash indexes, when
multiple rows and/or versions of a row are linked together. Each index in the table adds a
pointer to the index pointer array in the row, regardless of its type: hash or nonclustered.
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Root and intermediate levels in nonclustered indexes are called internal pages.
Similar to B-Tree indexes, internal pages point to the next level in the index. However,
instead of pointing to the actual data page, internal pages use a logical page ID (PID),
which is a position (offset) in a separate array-like structure called a mapping table. In
turn, each element in the mapping table contains a pointer to the actual index page.
Mapping tables allow In-Memory OLTP to avoid rebuilding internal pages when the
next-level pages they reference need to be changed (more about this later in the chapter).
Only the mapping table pointer is updated in that case.

Figure 5-3 shows an example of a nonclustered index and a mapping table. Each
index row from the internal page stores the highest key value on the next-level page and
PID. This is different from a B-Tree index, where intermediate- and root-level index rows
store the lowest key value of the next-level page instead. Another difference is that the
pages in a Bw-Tree are not linked in a double-linked list. Each page knows the PID of the
next page on the same level and does not know the PID of the previous page. Even though
itappears as a pointer (arrow) in Figure 5-3, that link is done through the mapping table,
similar to links to pages on the next level.

Reference isdone

ol through the
%\*b| Ke"]_"" '3‘“ Za](k ‘ ‘ mapping table Root
R — e
1< - /
B
4 Boris Doug Kevin | Liz Tom Intermediate
5] 4 5 6 | 10 11 level
O ~
— Ann Andy | Ban I Baris }—a 4-{ Nancy Nataly ‘ Liz ‘ ‘ Leaf level
H [s0. | | [ann[o3/12es ] [[90.00 [ T Tnancy]osr1671]
B [1050 [ | Tam o168 ]

—, | 61, 0 | | | Nancy I 09/24/23 | Data Rows

Maﬁing |

Table a0 | | | am | o08274 |

Figure 5-3. Nonclustered index structure

Even though a Bw-Tree looks similar to a B-Tree, there is one conceptual difference:
the leaf level of a disk-based B-Tree index consists of separate index rows for each data
row in the index. If multiple data rows have the same key value, the index would have
multiple leaf-level rows with the same index key stored.

Alternatively, in-memory nonclustered indexes store one index row (pointer) to the
row chain that includes all the data rows that have the same key value. Only one index
row (pointer) per key value is stored in the index. You can see this in Figure 5-3, where the
leaflevel of the index has single rows for the key values of Ann and Nancy, even though the
row chain includes more than one data row for each value.
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Tip You can compare the structure of B-Tree and Bw-Tree indexes by looking at
Figures 3-1 and 3-2 from Chapter 3, which show clustered and nonclustered B-Tree indexes
on disk-based tables.

Index Pages and Delta Records

As mentioned, pages in nonclustered indexes are unchangeable once they are built. SQL
Server builds a new version of the page when it needs to be updated and replaces the
page pointer in the mapping table, which avoids changing internal pages that reference
an old (obsolete) page.

Every time SQL Server needs to change a leaf-level index page, it creates one or two
delta records that represent the changes. INSERT and DELETE operations generate a single
insert or delete delta record, while an UPDATE operation generates two delta records,
deleting old value and inserting new value. Delta records for the same index page are
linked through a chain of memory pointers with the last pointer to the actual index page.
SQL Server also replaces a pointer in the mapping table with the address of the first delta
record in the chain.

Figure 5-4 shows an example of a leaf-level page and delta records if the following
actions occurred in this sequence: the R1 index row is updated, the R2 row is deleted, and
the R3 row is inserted.

A: Insert R3
: / A: Delete R2
Ld v
A: Delete R1
Mapping v ) ) ‘
Table A: Insert R1 -—b{ R1 I Rz | | | PageP

Figure 5-4. Delta records and nonclustered index leaf page

Note The internal implementation of the In-Memory OLTP Engine guarantees that
multiple sessions cannot simultaneously update memory pointers in the various In-Memory
OLTP objects, thereby overwriting each other’s changes. | will cover this process in detail in
Appendix A.

The internal and leaf pages of nonclustered indexes consist of two areas: a header
and data. The header area includes information about the page such as the following:

e  PID: The position (offset) in the mapping table

e  Page type: The type of page, such as leaf, internal, delta, or special

e Right-page PID: The position (offset) of the next page in the
mapping table
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e Height: The number of levels from the current page to the leaf

level of the index

e  Key values: The number of key values (index rows) stored on the

page

e Delta record statistics: The number of delta records and space

used by the delta key values

e Max key value: The max value of a key on the page

The data area of the page includes either two or three arrays depending on the index
key data types. The arrays are as follows:

e  Values: An array of 8-byte pointers. Internal pages store the PID of
next-level pages. Leaf-level pages store pointers to the first row in
the row chain with the corresponding key value. It is worth noting

that even though the PID requires 4 bytes to store a value, SQL
Server uses 8-byte elements to preserve the same page structure
between internal and leaf pages.

e  Keys: An array of key values stored on the page.

e Offsets: An array of 2-byte offsets where the individual key values

in the keys array start. Offsets are stored only if the keys have

variable-length data.

Delta records, in a nutshell, are one-record index data pages. The structure of delta
data pages is similar to the structure of internal and leaf pages. However, instead of arrays
of values and keys, delta data pages store operation code (insert or delete) and a single

key value and pointer to the first data row in a row chain.

Figure 5-5 shows an example of a leaf-level index page with an insert delta record for
Bob. The delta record points to the leaf-level index page to which the value Bob logically
belongs, and it also has the pointer to the row chain of the data rows with the index key
values of Bob. Conceptually, you can think about an insert delta record as the leaf-level
index row, which is physically separated from the leaf-level index page. A delete delta
record, on the other hand, indicates that the leaf-level index row has been deleted.

115, o

Bob

07/09/76

T/f—b A:InsertBob  ~—o
1 A

2] Ann Andy Ben Boris

3

14 \

- 50, o0 Ann | 03/12/68
Mapping 4, Ann | 08/22/74
Table

Figure 5-5. A leaf-level index page with an insert delta record
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SQL Server needs to traverse and analyze all delta records when accessing an index
page. As you can guess, a long chain of delta records affects performance. When this is
the case, SQL Server consolidates delta records and rebuilds an index page, creating a
new one. The newly created page has the same PID and replaces the old page, which is
marked for garbage collection. Replacement of the page is accomplished by changing a
pointer in the mapping table. SQL Server does not need to change internal pages because
they use the mapping table to reference leaf-level pages.

The process of rebuilding is triggered at the moment a new delta record is created
for pages that already have 16 delta records in a chain. The action described by the delta
record, which triggers the rebuild, is incorporated into the newly created page.

Two other processes can create new or delete existing index pages, in addition to
delta records consolidation. The first process, page splitting, occurs when a page does not
have enough free space to accommodate a new data row. Another process, page merging,
occurs when a delete operation leaves an index page less than 10 percent from the
maximum page size, which is 8KB now, or when an index page contains just a single row.

Note | will cover the page splitting and page merging processes in depth in Appendix B.

Obtaining Information About Nonclustered
Indexes

In addition to the sys.dm_db_xtp_hash_index_stats view, which was discussed in
Chapter 4, SQL Server provides two other views to obtain information about indexes on
memory-optimized tables. Those views provide the data collected since the memory-
optimized tables were loaded into memory, which occurs at database startup.

You can obtain information about index access methods and ghost rows in both
hash and nonclustered indexes with the sys.dm_db_xtp_index_stats view. The notable
columns in the view are the following:

e xtp_object_id corresponds to the internal ID of the In-Memory
OLTP object. This value may change when you alter the table,
which rebuilds the table in the background.

e scans_started shows the number of times that row chains in the
index were scanned. Because of the nature of the index, every
operation, such as SELECT, INSERT, UPDATE, and DELETE, requires
SQL Server to scan a row chain and increment this column.

e rows_returned represents the cumulative number of rows
returned to the next operator in the execution plan. It does
not necessarily match the number of rows returned to a client
because further operators in the execution plan can change it.

e rows_touched represents the cumulative number of rows
accessed in the index.
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e rows_expired shows the number of detected stale rows. I will
discuss this in greater detail when I talk about the garbage
collection process in Chapter 11.

e rows_expired removed returns the number of stale rows that
have been unlinked from the index row chains. I will also discuss
this in more detail when I talk about garbage collection.

Listing 5-7 shows the query that returns the information about indexes defined on
the dbo.Customers table.

Listing 5-7. Querying the sys.dm_db_xtp_index_stats View

select
s.name + '.' + t.name as [table]
»i.index_id
,i.name as [index]
,i.type desc as [type]
,st.scans_started
,st.rows_returned
,1if(st.scans_started = 0, 0,
floor(st.rows returned / st.scans_started))
as [rows per scan]
from
sys.dm_db_xtp _index stats st join sys.tables t on
st.object_id = t.object_id
join sys.indexes i on
st.object_id = i.object_id and
st.index_id = i.index_id
join sys.schemas s on
s.schema_id = t.schema_id
where
s.name = 'dbo’ and t.name = 'Customers’

Figure 5-6 illustrates the output of the query. A large number of rows per scan can
indicate heavy index scans, which can be the sign of a suboptimal indexing strategy and/
or poorly written queries.

table index_id  index type scans_started rows _returned rows per scan
1 dbo Customers 0 NULL HEAP 3 1680 560
2 dbo Customars 4 PK_Customers NONCLUSTERED HASH 560 0 0
3 dbo Customers 2 IDX_FullName NONCLUSTERED 1 3 3
4 dbo Customers 3 IDX_LastName_FirstName NONCLUSTERED 7 80 114

Figure 5-6. Output from the sys.dm_db_xtp_index_stats view

It is also important to note that the view returns the row for the table heap object
(index_id=0). This heap allocates the memory for data rows in the table. In-Memory

OLTP accesses this heap at the time of Table Scan operations. I will discuss it in detail in
the next chapter.
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Note You can read more about the sys.dm_db_xtp_index_stats view at https://
docs.microsoft.com/en-us/sql/relational-databases/system-dynamic-management-
views/sys-dm-db-xtp-index-stats-transact-sql.

The sys.dm_db_xtp _nonclustered_index_stats view returns information about
nonclustered indexes. It includes information about the total number of pages in the
index along with page splits, merges, and consolidation-related statistics.

Listing 5-8 shows information about nonclustered indexes defined on the dbo.
Customers table. Figure 5-7 shows the output of the query.

Listing 5-8. Querying the sys.dm_db_xtp_nonclustered_index_stats View

select
s.name + '.' + t.name as [table]
»i.index_id
,i.name as [index]
,i.type desc as [type]
,st.delta_pages
,st.leaf_pages
,st.internal_pages
,st.leaf_pages + st.delta_pages + st.internal_pages
as [total pages]
from
sys.dm_db_xtp nonclustered index stats st
join sys.tables t on
st.object_id = t.object_id
join sys.indexes 1 on
st.object_id = i.object_id and
st.index_id = i.index_id
join sys.schemas s on
s.schema_id = t.schema_id
where
s.name = 'dbo' and t.name = 'Customers'’

table index_id  index type delta_pages leaf_pages internsl_pages totsl pages
dbo.Customers 2 IDX_FuliName NONCLUSTERED 18 2 1 19
2 dbo. Customers 3 IDX_LastName_FirstName NONCLUSTERED 16 2 1 19

Figure 5-7. Output from the sys.dm_db_xtp_nonclustered_index_stats view

Note You can read more about the sys.dm_db_xtp nonclustered index_ stats view
at https://docs.microsoft.com/en-us/sql/relational-databases/system-dynamic-
management-views/sys-dm-db-xtp-nonclustered-index-stats-transact-sql.
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Index Design Considerations

With the exception of the unidirectional nature of Bw-Tree indexes, nonclustered indexes
on memory-optimized tables behave similarly to the indexes on disk-based tables. They
also cover all in-row columns in the table, which simplifies the indexing process.

There are a couple of aspects of their behavior, however, that I want to mention.

Data Modification Overhead

Indexes on memory-optimized tables introduce data modification overhead similar to
indexes on disk-based tables. In-Memory OLTP needs to maintain multiple index row
chains along with internal index structures, such as hash and mapping tables and internal
and leaf nonclustered index pages.

Let’s look at this overhead in detail. The code in Listing 5-9 creates a disk-based table
and populates it with 65,536 rows. Next, it creates two memory-optimized tables, with two
and eight indexes, respectively.

Listing 5-9. Insert Overhead: Table Creations

create table dbo.UpdateOverheadDisk
(
Id int not null,
IndexedCol int not null,
NonIndexedCol int not null,
Col3 int not null,
Col4 int not null,
Col5 int not null,
Col6 int not null,
Col7 int not null,
Col8 int not null,

constraint PK_UpdateOverheadDisk
primary key clustered(ID)

)5

create nonclustered index IDX UpdateOverheadDisk IndexedCol
on dbo.UpdateOverheadDisk(IndexedCol);

;with N1(C) as (select 0 union all select 0) -- 2 rows
,N2(C) as (select 0 from N1 as t1 cross join N1 as t2) -- 4 rows
,N3(C) as (select 0 from N2 as t1 cross join N2 as t2) -- 16 rows
,N4(C) as (select 0 from N3 as t1 cross join N3 as t2) -- 256 rows
,N5(C) as (select 0 from N4 as t1 cross join N4 as t2) -- 65,536 rows
,1ds(Id) as (select row number() over (order by (select null)) from N5)
insert into dbo.UpdateOverheadDisk(ID,IndexedCol,NonIndexedCol,Col3
,Col4,Col5,Col6,Co0l7,Col8)

select Id, Id, Id, Id, Id, Id, Id, Id, Id from Ids;

go
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create table dbo.UpdateOverheadMemory
(
Id int not null
constraint PK_UpdateOverheadMemory
primary key nonclustered
hash with (bucket count=2097152),
IndexedCol int not null,
NonIndexedCol int not null,
Col3 int not null,
Col4 int not null,
Col5 int not null,
Col6 int not null,
Col7 int not null,
Col8 int not null,

index IDX IndexedCol nonclustered(IndexedCol)
with (memory optimized=on, durability=schema_only);

create table dbo.UpdateOverhead8Idx
(
Id int not null
constraint PK_UpdateOverhead8Idx
primary key nonclustered
hash with (bucket count=2097152),
IndexedCol int not null,
NonIndexedCol int not null,
Col3 int not null,
Col4 int not null,
Col5 int not null,
Col6 int not null,
Col7 int not null,
Col8 int not null,

index IDX IndexedCol nonclustered(IndexedCol),

index IDX_Col3

index
index
index
index
index

)

IDX_Col4
IDX_Cols
IDX_Col6
IDX_Col7
IDX_Col8

nonclustered(Col3),
nonclustered(Col4),
nonclustered(Cols),
nonclustered(Col6),
nonclustered(Col7),
nonclustered(Col8)

with (memory optimized=on, durability=schema only);
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Let’s insert the data into both memory-optimized tables using the code from
Listing 5-10.

Listing 5-10. Insert Overhead: Inserting Data into Memory-Optimized Tables

insert into dbo.UpdateOverheadMemory(ID,IndexedCol,NonIndexedCol,Col3
,Col4,Col5,Col6,C0l7,Co0l8)
select ID,IndexedCol,NonIndexedCol,Col3,Col4,Col5,C0l6,C0l7,C0l8
from dbo.UpdateOverheadDisk;

insert into dbo.UpdateOverhead8Idx(ID,IndexedCol,NonIndexedCol,Col3
,Col4,Col5,Col6,C0l17,Co0l8)
select ID,IndexedCol,NonIndexedCol,Col3,Col4,Col5,Co0l6,C0l7,C0l8
from dbo.UpdateOverheadDisk;

The execution times of the INSERT statements in my environment are 138 ms and
613 ms, respectively. As you can see, maintenance of the six extra indexes in the dbo.
UpdateOverhead8Idx table added significant overhead to the operation.

There is also overhead during UPDATE operations; however, it is different compared
to disk-based tables. Nonclustered indexes on disk-based tables are the separate data
structures that store the copy of the data from the table. SQL Server maintains all those
copies; therefore, the update operation modifies all indexes where updated columns were
present. There is no overhead, however, when you update the columns that were not
present in nonclustered indexes.

In-Memory OLTP, on the other hand, always generates the new row objects
regardless of what columns were updated. SQL Server maintains all index row chains,
which leads to overhead even when nonindexed columns were modified.

Let’s look at an example and perform two updates of the disk-based dbo.
UpdateOverheadDisk table, modifying indexed and nonindexed columns there. Both
operations change the value of integer fixed-length columns and do not lead to page
splits. Listing 5-11 shows the code.

Listing 5-11. Update Overhead: Disk-Based Table Update

update dbo.UpdateOverheadDisk
set IndexedCol += 1;

update dbo.UpdateOverheadDisk
set NonIndexedCol += 1;
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Figure 5-8 illustrates the execution plan and execution time of both statements.
Asyou can see, updating the indexed column forced SQL Server to modify both indexes,
and it took significantly longer than updating the nonindexed column.

Query 1: Query cost (relative to the batch): 62%

update dbo.UpdateOverheadDisk set IndexedCol += 1 option (maxdop 1) CPU time = 485 ms, elapsed time = 617 ms.
- r —_— —_— 4+
= h | 3 3 (]
— asn I Opdat - N Clustered Trdex Scan (Clustesed)
c::\:a,:‘ Ha-v-;‘:‘:r-::x‘mhl Clustered Index Updat '“&“‘: “c_“‘-" [UpdatelverheadDisk] . | P_UpdateChrer_
Ugdate rows in 3 chustered index. Cows 5%
Physical Operation Clustered Indes Update
Actual Number of Rows 65536
Object
[InMemon OLTR2016] [dbo] [UpdateOuverheadDisk].
[PE_UpdateOverheadDisk |, [InMemanyOLTP201E).dbo ).
[Updute e rheadDiskLIIDX_UpdateCrverheadbisk_IndexediCol]
Query 2: Query cost (relative to the batch): 38% n -
update dbo.Updatedverheadlisk set HonIndexedCol 4= 1 option (maxdop 1) ICPU_time = 94 ms, elapsed time = 91 M
= I
vsad it = >}
f— . Clustered Index Update Compue Sealar Clustesed Tndex
[ = - a-n
Coss: B8 % Clustered Index Update Coms: 1
Uipdate rows in 3 clustered index.
Physical Operation Clustered |ndex Update
Actual Number of Rows 65536

Object
[InMermon/OLTP2016] dbo | {Update CherheadDisk].
[PF,_Update CherheadDisk]

Figure 5-8. Execution plans and times for disk-based table update

Listing 5-12 shows the same UPDATE statements for the memory-optimized table.
Both statements generated the new data row objects and had to maintain both indexes on
the table. That overhead always exists regardless of what columns were updated.

Listing 5-12. Update Overhead: Memory-Optimized Table Update

update dbo.UpdateOverheadMemory
set IndexedCol += 1;

update dbo.UpdateOverheadMemory
set NonIndexedCol += 1;

Figure 5-9 illustrates the execution plan and execution time of the statements.
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CQuery 1: Query cost (relative to the batch): 50%
update dbo.UpdateOverheadlemory =et IndexedCol += 1 option (maxdop 1)

r = 1 |CPU time = 62 ms, elapsed time = 65 ms.|
> B 3 _: —
- - v v Table Scan
UPDATE Table Update Compute Scalar Compute Scalar
Cost: 0 & Cost: 14 % Cost: 0 % Coss: 0 & m"d“;:"'?h“""’”r“
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Table Update

Update input rows in the table specified in the
Argument field.

Physical Operation Table Update
Actual Number of Rows 65536
Object

[InMemoryOLTP2016].[dbo].
[UpdateOverheadMemory], [InMemoryOLTP2016].
[dbol.[UpdateOverheadMermory).[IDX _IndexedCol],
[InMermoryOLTP2016].[dbo].
[UpdateQwverheadMemory].
[PK_UpdateOverheadiemnory]

Query 2: Query cost (relative to the batch): 50%
update dbo.UpdateOverheadfMemory set NonIndexedCol 4= 1 option (maxdop 1)

= = [CPU time = 63 ms, elapsed time = 66 ms.|
& 2} =X . ~
- - . Table Scan
UPDATE Table Update Compute Scalar Compute Scalar
Cost: 0 % Cost: 14 % Cost: 0 % Cost: 0 % (Opdanelvechesdionary]
Cost: BE &
Table Update

Update input rows in the table specified in the
Argument field.

Physical Operation Table Update
Actual Number of Rows 63536
Object

[InMemoryOLTP2016).[dbo].
[UpdateOverheadMemory), [InMemaoryOLTP2016].
[dbo].[UpdateOverheadMermory].[IDX_IndexedCal],
[InMemaoryOLTP2016].[dbo].
[UpdateOverheadiMemaory].
[PE_UpdateOverheadiiemary]

Figure 5-9. Execution plans and times for memory-optimized table update

Indexes on memory-optimized tables can also delay the garbage collection. In-
Memory OLTP needs to unlink old stale rows from all the index chains, which may take
longer when a row is included into the multiple indexes.

Note | will discuss the garbage collection process in depth in Chapter 11.

As you can see, unnecessary indexes introduce overhead into the system. You should
avoid them and create the minimally required set of indexes to support your workload.
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Hash Indexes vs. Nonclustered Indexes

As you already know, hash indexes are useful only for point-lookup searches in cases
when queries use equality predicates on all index columns. Nonclustered indexes, on the
other hand, can be used in a much wider scope, which often makes the choice obvious.
You should use nonclustered indexes when your queries benefit from scenarios other
than point-lookups.

The situation is less obvious in the case of point-lookups. With the hash indexes,
SQL Server can locate the hash bucket, which is the entry point to the data row chain, in a
single step by calling the hash function and calculating the hash value. With nonclustered
indexes, SQL Server must traverse the Bw-Tree to find a leaf page, and the number of
steps depends on the height of the index and the number of delta records there.

Even though nonclustered indexes require more steps to find an entry point to
the data row chain, the chain can be smaller compared to hash indexes. Row chains
in nonclustered indexes are built based on unique index key values. In hash indexes,
row chains are built based on a nonunique hash key and can be larger because of hash
collisions, especially when the bucket_count value is insufficient.

Let’s compare hash and nonclustered index performance in a point-lookup scenario.
Listing 5-13 creates four tables of the same structure. Three of them have hash indexes
defined on the Value column using a different bucket_count value. The fourth table has
anonclustered index defined on the same column instead. Finally, the code populates all
tables with the same data.

Listing 5-13. Hash and Nonclustered Indexes’ Point Lookup Performance: Tables
Creation

create table dbo.Hash_ 131072
(
Id int not null
constraint PK Hash_ 131072
primary key nonclustered
hash with (bucket count=131072),
Value int not null,

index IDX Value hash(Value)
with (bucket count=131072)

)

with (memory optimized=on, durability=schema only);

create table dbo.Hash_16384

(
Id int not null

constraint PK Hash_16384

primary key nonclustered

hash with (bucket count=16384),
Value int not null,
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index IDX Value hash(Value)
with (bucket count=16384)

with (memory optimized=on, durability=schema_only);

create table dbo.Hash_1024
(
Id int not null
constraint PK Hash_1014
primary key nonclustered
hash with (bucket count=1024),
Value int not null,

index IDX Value hash(Value)
with (bucket count=1024)

)

with (memory_optimized=on, durability=schema_only);

create table dbo.NonClusteredIdx
(
Id int not null
constraint PK_NonClusteredIdx
primary key nonclustered
hash with (bucket count=131072),
Value int not null,

index IDX Value nonclustered(Value)

with (memory_optimized=on, durability=schema_only);
go

;with N1(C) as (select 0 union all select 0) -- 2 rows
,N2(C) as (select 0 from N1 as t1 cross join N1 as t2) -- 4 rows
,N3(C) as (select 0 from N2 as t1 cross join N2 as t2) -- 16 rows
,N4(C) as (select 0 from N3 as t1 cross join N3 as t2) -- 256 rows
,N5(C) as (select 0 from N4 as t1 cross join N4 as t2) -- 65,536 rows
,N6(C) as (select 0 from N5 as t1 cross join N1 as t2) -- 131,072 rows
,1ds(Id) as (select row number() over (order by (select null)) from N6)
insert into dbo.Hash 131072(Id,Value)

select Id, Id

from ids

where Id <= 75000;

insert into dbo.Hash 16384(Id,Value)

select Id, Value
from dbo.Hash_131072;
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insert into dbo.Hash 1024(Id,Value)
select Id, Value
from dbo.Hash_131072;

insert into dbo.NonClusteredIdx(Id,Value)
select Id, Value
from dbo.Hash 131072;

Different numbers of buckets led to the different index row chain sizes in the indexes.
In this case, the dbo.Hash_131072, dbo.Hash_16384, and dbo.Hash_1024 tables have on
average 1, 4, and 73 rows per chain, respectively.

Tip You can analyze the hash index properties using the sys.dm db_xtp_hash_index_stats
view and the code from Listing 4-2 in Chapter 4.

As the next step, let’s compare point-lookup performance using the code from
Listing 5-14. This code triggers 75,000 point-lookup selects against each table.

Listing 5-14. Hash and Nonclustered Indexes’ Point Lookup Performance: Selecting Data

declare
@T table(Value int not null primary key)

insert into @T(Value)
select Id from dbo.Hash_131072;

select count(*)
from @T t
cross apply

select count(*) as Cnt

from dbo.Hash_131072 h

where h.Value = t.Value
) ¢

where c.Cnt > 0;

select count(*)
from @T t
cross apply

select count(*) as Cnt
from dbo.Hash_16384 h
where h.Value = t.Value

) ¢

where c.Cnt > 0;
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select count(*)
from @T t
cross apply

select count(*) as Cnt

from dbo.Hash_1024 h

where h.Value = t.Value
) ¢

where c.Cnt > 0;

select count(*)
from @T t
cross apply

select count(*) as Cnt
from dbo.NonClusteredIdx h
where h.Value = t.Value

) ¢

where c.Cnt > 0;

Table 5-1 shows the execution time of the queries in my environment. With a
sufficient number of buckets, hash indexes outperform nonclustered indexes. However,
an insufficient number of buckets and long row chains significantly degrade their
performance, making them less efficient than nonclustered indexes.

Table 5-1. Execution Time of Queries

Hash_131072 Hash_16384 Hash_1024  NonClusteredldx

Average Index Row 1 4 73 N/A
Chain Size
Execution Time 62 ms 74 ms 129 ms 78 ms

In the end, it all depends on a correct bucket_count estimation. Unfortunately, the
volatility of the data makes this task complicated and requires you to factor the future
data growth into analysis.

In some cases, when data is relatively static, you can create hash indexes,
overestimating the number of buckets there. Consider the catalog entities, for example,
the Customers table and the CustomerId and Phone columns in it. Hash indexes on those
columns would improve the performance of point-lookup searches and joins. Even
though the customer base is growing over time, that growth rate is usually not excessive,
and reserving one million empty buckets could be sufficient for a long time. It will use
about 8MB of memory per index, which could be acceptable in most cases.
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Choosing the hash index for the OrderId column in the Orders table, on the other
hand, is more dangerous. Load growth and changes in data retention rules can make the
original bucket_count value insufficient. This still can be acceptable if you are planning
to monitor the system and can afford the downtime while rebuilding the index; however,
nonclustered index would be the safer choice in this scenario.

Memory requirements are another factor to consider. With the hash indexes,
memory usage depends on the number of buckets. The amount of memory required
for the nonclustered indexes depends on the size of the index key and index cardinality
(uniqueness of index key values). For example, if a table has a varchar column with
1,000,000 unique values of 100 bytes each, the nonclustered index on that column
would require about 800MB to support a Bw-Tree structure and store key values on
internal and leaf index pages. Alternatively, a hash index with 2,097,152 buckets will use
just 16MB of memory.

To summarize, for point-lookup and equality joins, create the hash indexes only
when you can correctly estimate the number of buckets, factoring future data growth into
the analysis. You should also monitor them and can afford the downtime rebuilding the
indexes when bucket_count becomes insufficient. Otherwise, use nonclustered indexes,
which are the safer choice and do not depend on the bucket count.

Summary

Nonclustered indexes are the second type of indexes supported by the In-Memory OLTP
Engine. They have similar SARGability rules, with the B-Tree indexes defined on disk-based
tables with exception of the scans in the opposite order to the index sorting order.

Internally, nonclustered indexes use a lock- and latch-free variation of a B-Tree,
called a Bw-Tree, which consists of internal and leaf data pages referencing each other
through the mapping table. Leaf data pages store one row per each individual key value,
with a pointer to the chain of data rows with the same key.

SQL Server never updates index pages. Any changes are referenced through the delta
records that correspond to individual INSERT and DELETE operations on the page. SQL
Server consolidates the large chains of delta records and performs splitting and merging
of the data pages when needed. All of those processes create the new data pages, marking
the old ones for garbage collection.

Indexes on memory-optimized tables introduce data modification overhead like
indexes on disk-based tables. SQL Server must maintain multiple index row chains when
you insert or update the data. You should avoid defining an excessive number of indexes
and create a minimally required set of indexes to support the workload.

The performance of hash indexes greatly depends on the bucket_count value. With
a correct bucket_count value, hash indexes would outperform nonclustered indexes in
point-lookup scenarios. They are a good choice for catalog entities where data is relatively
static. Nonclustered indexes, on the other hand, are a good choice in scenarios when
point-lookup is not an option and/or when it is hard to estimate the number of buckets in
the hash index.
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CHAPTER 6

Memory Consumers and
Off-Row Storage

This chapter provides an overview of how In-Memory OLTP allocates the memory for
different objects and explains how off-row column data is stored. It also illustrates the
performance impact of having off-row columns in a table and explains how SQL Server
chooses columns that need to be stored off-row.

Varheaps

In-Memory OLTP database objects allocate memory from separate memory heaps called
varheaps. Varheaps are the data structures that respond to and track memory allocation
requests from various database objects, and they can grow and shrink in size when
needed. All database objects that consume memory are called memory consumers.

Internally, varheaps allocate memory in pages of various size, with 64KB pages
being the most common. Each page provides the memory for allocation requests of a
predefined size. For example, a varheap can have two 64KB pages; one handles 64-byte
allocations, and the other one handles 256-byte allocations.

Let’s look at the example shown in Listing 6-1. The code creates the table with the
hash index and analyzes the table’s memory consumers using the sys.dm_db_xtp
memory_consumers view. As you can guess by the name, this view provides information
about memory consumers in the database. You will look at several memory-optimized
table-related consumers in this and the next chapter, and I will discuss this view in detail
in Chapter 12.

Listing 6-1. Analyzing Varheaps: Table Creation

create table dbo.Varheaps
(

Col varchar(8000) not null
constraint PK_Varheaps
primary key nonclustered hash
with (bucket count=16384)

with (memory optimized = on, durability = schema_only);
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select
i.name as [Index], i.index id, c.memory consumer id
,C.memory_consumer_type desc as [mc type]
,C.memory_consumer_desc as [description], c.allocation count as [allocs]
sc.allocated bytes, c.used_bytes
from
sys.dm_db_xtp memory consumers c
left outer join sys.indexes i on
c.object_id = i.object_id and c.index_id = i.index_id
where
c.object_id = object_id('dbo.Varheaps');

Asyou can see in Figure 6-1, the table has two memory consumers/varheaps. The first
varheap with type HASH provides memory for the hash table in the hash index. The hash
index has 16,384 buckets and uses 131,072 bytes of memory, which was allocated at table
creation time. The second varheap with type VARHEAP and the description “Table heap” is
providing the memory for the data rows. It did not allocate any memory because the table
was empty.

Index index_id memory_consumer_id mc type descripton allocs allocated_bytes used_bytes
1 PK_Varheaps 2 194 HASH Hash index 1 131072 131072
2 NULL NULL 183 VARHEAP Table heap 0 0 0

Figure 6-1. Memory consumers after table creation

Let’s insert a row into the table with the INSERT INTO dbo.Varheaps(Col) VALUES('a")
statement. If you check the memory consumers with the SELECT statement from Listing 6-1
again, you would see the results shown in Figure 6-2. As you can see, the table varheap
allocated one 64KB memory page and provided 40 bytes to store the data row object.

Index index_id memory_consumer_id mc type description allocs allocated_bytes used_bytes
1 PK_Varheaps 2 194 HASH Hash index 1 131072 131072
2 NULL NULL 193 VARHEAP Table heap 1 65536 40

Figure 6-2. Memory consumers after inserting the first row

Let’s insert another row of the same size with the INSERT INTO dbo.Varheaps(Col)
VALUES('b") statement. Figure 6-3 illustrates the memory consumer state after the
second insert. The size of both rows was the same, and, therefore, the table heap provided
memory from the same, already allocated, memory page to the second row.

Index index_id memory_consumer_id mc type description allocs allocated_bytes used_bytes
1 PK_Varheaps 2 194 HASH Hashindex 1 131072 131072
2 NULL NULL 193 VARHEAP Table heap 2 65536 80

Figure 6-3. Memory consumers after inserting the second row
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Finally, let’s insert another row of a different size using the INSERT INTO dbo.
Varheaps(Col) VALUES('ccccc') statement. This row requires allocation of a different
size, and the table varheap allocated another 64KB memory page to handle those
allocations. Figure 6-4 illustrates that.

Index index_id memory_consumer_id mc type description allocs allocated_bytes used_bytes
1 PK_Varheaps 2 196 HASH Hashindex 1 131072 131072
2 NULL NULL 195 VARHEAP Table heap 3 131072 128

Figure 6-4. Memory consumers after inserting the third row

Obviously, it is inefficient to allocate the separate memory pages for every possible
allocation size request. In some cases, the varheap provides the memory from a page that
serves allocations of the greater size. For example, a 62-byte memory allocation could
come from a page that serves 64-byte allocations. The page would still reserve and use
64 bytes of memory for this allocation even though the memory consumer requested a
smaller memory allocation.

Let’s see that in action and run the code in Listing 6-2. It inserts the data rows with
Col values varying from 2 to 8,000 characters.

Listing 6-2. Analyzing Varheaps: Inserting Rows of Various Sizes

declare
@I int = 2

while @I <= 8000

begin
insert into dbo.Varheaps(Col) values(replicate('0',@I));
set @I += 1;

end;

Figure 6-5 illustrates the state of the varheap. It allocated 39,452,673 bytes, which
correspond to 602 64KB memory pages despite that the table stores 8,000 possible
combinations of the data row sizes.

Index index_id memory_consumer_id mc type description allocs allocated_bytes used_bytes
1 PK_Varheaps 2 196 HASH Hashindex 1 131072 131072
2 NULL NULL 195 VARHEAP Table heap 8002 39452672 32969784

Figure 6-5. Memory consumers after populating table with the data

Per-varheap memory consumer separation allows you to track memory usage
on a per-object basis. It also helps SQL Server to optimize some internal operations.
For example, it allows the garbage collection process to more quickly deallocate the
memory when you drop or alter the table.

This architecture also allows SQL Server to perform a Table Scan operation that
scans the varheap pages in a very efficient way. Each varheap page serves allocation
requests of the same size, and it is easy to calculate the location of each object stored on
the page. It makes the Table (Varheap) Scan operation more efficient compared to the
Index Scan operation.
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In-Row and Off-Row Storage

As you have already seen in this chapter, In-Memory OLTP uses separate varheaps for
a hash table in hash indexes and data rows. Let’s look what happens when you add the
nonclustered (range) index to the picture.

Listing 6-3 creates a table with one hash and one nonclustered index and provides
the information about memory consumers afterward. It is using a slightly modified
version of the SELECT statement you ran before, utilizing another view, sys.memory_
optimized tables internal attributes. This view returns the information about
internal structures that are used by some table columns and indexes.

Listing 6-3. Analyzing Memory Consumers: In-Row Storage

create table dbo.MemoryConsumers

(
ID int not null
constraint PK_MemoryConsumers
primary key nonclustered hash with (bucket count=1024),
Name varchar(256) not null,
index IDX_Name nonclustered(Name)
)

with (memory optimized=on, durability=schema_only);

select
i.name as [Index], i.index_id, a.xtp _object id, a.type desc, a.minor_id
,C.memory_consumer_id, c.memory consumer type desc as [mc type]
,C.memory_consumer_desc as [description], c.allocation count as [allocs]
yc.allocated bytes, c.used bytes
from
sys.dm_db_xtp_memory consumers c join
sys.memory optimized tables internal attributes a on
a.object_id = c.object_id and a.xtp object id = c.xtp_object id
left outer join sys.indexes i on
c.object_id = i.object_id and
c.index_id = i.index_id and
a.minor_id = 0
where
c.object_id = object id('dbo.MemoryConsumers');

Figure 6-6 shows the output of the query. The xtp_object_id column represents the
internal In-Memory OLTP object_id, which is different from the SQL Server object_id.
The type of USER_TABLE indicates that the varheap belongs to the main table object.

Index nde_d sip_object i bpe_des mror id  memony_corsumer d  mC bype descrpter socs  slocated bytes  used bytes

RHEAF ange ndex hesp 2

HASH Hash ndes %

214748364 RHEAP  Table heag

Figure 6-6. Memory consumer information (in-row storage)
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Asyou can see in Figure 6-6, the table has three memory consumers that have the
same xtp_object_id value as the main table. The range index heap stores internal and
leaf pages of nonclustered index. The hash index heap stores the hash table of the index.
Finally, the table heap stores actual table rows. Figure 6-7 illustrates that.
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Figure 6-7. Table memory consumers

Let’s alter the table and add off-row storage columns, as shown in Listing 6-4.
RowOverflowCol pushes the size of the row beyond 8,060 bytes, and it will be stored off-row.

Listing 6-4. Adding Off-Row Columns

alter table dbo.MemoryConsumers add
RowOverflowCol varchar(8000),
LOBCol varchar(max);

Now, if you get the list of memory consumers using the query from Listing 6-3 again,
you would see the output shown in Figure 6-8. It is worth noting that the xtp_object_id
column of the USER_TABLE objects has changed because the ALTER TABLE operation
rebuilt the table and created the new table object internally.
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Figure 6-8. Memory consumers with off-row storage

As you can see, both off-row columns introduce their own range index heap and
table heap memory consumers. In addition, the LOB column adds a LOB page allocator
memory consumer (more about that later). The minor_id column provides the column_id
value in the table to which memory consumers belong. Varheaps from both off-row
columns have their own xtp_object_id values, which indicate that internally those

columns are stored as the different objects.
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As you can guess from the output, SQL Server stores both row-overflow and LOB
columns in the separate internal tables. The rows in those tables consist of an 8-byte
artificial primary key implemented as a nonclustered index and off-row column value.
The main row references an off-row column through that artificial key, which is generated
when a row is created. It is worth repeating that this reference is done though the artificial
value rather than the memory pointer.

This approach allows In-Memory OLTP to decouple off-row columns from the main
row using a different lifetime for them. For example, if you update the main row data
without touching off-row columns, SQL Server would not generate new versions of off-row
column rows. Vice versa, when only off-row data is modified, the main row stays intact.

In-Memory OLTP stores LOB data in the memory provided by the LOB page
allocator. That consumer is not limited to 8,060-byte row allocations and can allocate a
large amount of memory to store the data. The rows in the table heap of LOB columns
contain pointers to the row data in the LOB page allocator.

Let’s assume that you run several DML statements with the Global Transaction
Timestamp values shown in Listing 6-5.

Listing 6-5. Modifying Data in the Table

-- Global Transaction Timestamp: 100

insert into dbo.MemoryConsumers(ID, Name, RowOverflowCol, LobCol)
values

(1,"Ann",'A1" ,replicate(convert(varchar(max),'1"),100000))
,(2,'Bob", 'B1',replicate(convert(varchar(max),'2"'),100000));

-- Global Transaction Timestamp: 110
update dbo.MemoryConsumers set RowOverflowCol = 'B2' where ID = 2;

-- Global Transaction Timestamp: 120
update dbo.MemoryConsumers set Name= 'Greg' where ID = 2;

-- Global Transaction Timestamp: 130

update dbo.MemoryConsumers

set LobCol = replicate(convert(varchar(max),'3"),100000)
where ID = 1;

-- Global Transaction Timestamp: 140
delete from dbo.MemoryConsumers where ID = 1;

Figure 6-9 illustrates the state of the data and links between the rows. For simplicity’s

sake, it is omitting the hash table and nonclustered index structures in the main table
along with internal pages of nonclustered indexes for off-row columns.
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| | | | Row-Overflow Storage: :
’{ 1000 | .‘ | | ”: Range Index and Table Heaps :

Figure 6-9. In-row and off-row storage

SQL Server decides what columns should be stored off-row in the table creation
phase based on the table schema. The (n)varchar(max) and varbinary(max) columns are
always stored off-row as LOB columns. Moreover, the largest non-(max) variable-length
column (or columns) will be stored as a row-overflow column (or columns) off-row
when the data row size in the table definition exceeds 8,060 bytes.

This behavior is different from disk-based tables where such a decision is made on
a per-row basis based on the data row size. With disk-based tables, the data from LOB
and large variable-length columns will be stored in-row when it fits into the data page.
This is not the case with memory-optimized tables. Off-row columns are always stored
off-row regardless of the size of the data. For example, a one-character string in the
varchar(max) column will be stored as LOB data off-row even when the total row size is
less than 8,060 bytes.

Performance Impact of Off-Row Storage

The decoupling of in-row and off-row data reduces the overhead of creating extra row
versions during data modifications. However, it will add additional overhead when
you insert and delete the data. SQL Server should create several row objects during the
insert stage and update the EndTs value of multiple rows during deletion. It also needs to
maintain internal tables for off-row columns.

Let’s look at the example and create two tables of a similar schema, as shown
in Listing 6-6. One of the tables has 20 varchar(3) columns, while another uses 20
varchar(max) columns. As the next step, you will populate those tables with 100,000 rows
with a 1-character value in each column.
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Listing 6-6. Off-Row Storage Performance Impact: Insert Operation

create table dbo.DataInRow
(

ID int not null

constraint PK _DataInRow

primary key nonclustered hash(ID)

with (bucket count = 262144)
,Col1 varchar(3) not null
,C0l12 varchar(3) not null
,C013 varchar(3) not null
,Col4 varchar(3) not null
,Col5 varchar(3) not null
,Col6 varchar(3) not null
,C017 varchar(3) not null
,C018 varchar(3) not null
,C0l9 varchar(3) not null
,C0110 varchar(3) not null
,Col11 varchar(3) not null
,C0l12 varchar(3) not null
,C0113 varchar(3) not null
,C0114 varchar(3) not null
,Col15 varchar(3) not null
,C0l16 varchar(3) not null
,C0l117 varchar(3) not null
,C0118 varchar(3) not null
,C0119 varchar(3) not null
,€0120 varchar(3) not null

)

with (memory optimized = on, durability = schema_only);

create table dbo.DataOffRow
(
ID int not null
constraint PK_DataOffRow
primary key nonclustered hash(ID)
with (bucket count = 262144)
,Col1 varchar(max) not null
,C0l12 varchar(max) not null
,C013 varchar(max) not null
,Col4 varchar(max) not null
,Col5 varchar(max) not null
,Col6 varchar(max) not null
,Col7 varchar(max) not null
,C018 varchar(max) not null
,C019 varchar(max) not null
,C0110 varchar(max) not null
,Col11 varchar(max) not null
,C0l12 varchar(max) not null
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,C0l113 varchar(max) not null
,Co0l14 varchar(max) not null
,Col15 varchar(max) not null
,Col16 varchar(max) not null
,C0l17 varchar(max) not null
,C0118 varchar(max) not null
,C0119 varchar(max) not null
,€0120 varchar(max) not null

)

with (memory optimized = on, durability = schema_only);

declare
@Nums table(Num int not null primary key)

;with N1(C) as (select 0 union all select 0) -- 2 rows
,N2(C) as (select 0 from N1 as t1 cross join N1 as t2) -- 4 rows
,N3(C) as (select 0 from N2 as t1 cross join N2 as t2) -- 16 rows
,N4(C) as (select 0 from N3 as t1 cross join N3 as t2) -- 256 rows
,N5(C) as (select 0 from N4 as t1 cross join N4 as t2) -- 65,536 rows
,N6(C) as (select 0 from N5 as t1 cross join N1 as t2) -- 131,072 rows
,1ds(Id) as (select row number() over (order by (select null)) from N6)
insert into @Nums(Num)

select Id from Ids where Id <= 100000;

insert into dbo.DataInRow(ID,Col1,Col2,Co0l3,Co0l4,Co0l5,C0l6,C0l17,C018,C0l9
,Col10,Col11,Col12,C0l13,Col14,Co0l15,C0l16,Co0l17,C0118,C0119,C0120)
select Num,'o','0','0','0','0','0','0",'0",'0",'0",'0",'0",'0"
,’0','0",'0",'0",'0",'0", 0"
from @Nums;

insert into dbo.DataOffRow(ID,Col1,Col2,Co0l3,Co0l4,Co0l5,C0l6,C017,C018,C019
,Col10,Col11,Co0l12,C0113,Co0l14,Col15,C0l16,C0l17,C0118,C0119,C0120)
select Num,'o','0','0','0','0','0','0",'0",'0",'0",'0",'0",'0"
,'0','0",'0",'0",'0",'0", 0"
from @Nums;

Table 6-1 shows the execution times of INSERT statements in my environment.
Asyou can see, the management of multiple internal tables adds considerable
performance overhead.

Table 6-1. Execution Time of INSERT Statements

dbo.DatalnRow Insert Time dbo.DataOffRow Insert Time

157 ms 8,062 ms
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Figure 6-10 illustrates the partial list of memory consumers from both tables. As you
already know, each varchar (max) column in the dbo.DataOffRow table will introduce an
internal table with three memory consumers.
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Figure 6-10. Memory consumers for the tables

Listing 6-7 shows the query that calculates the total memory usage for the
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Listing 6-7. Off-Row Storage Performance Impact: Memory Usage

select

sum(c.allocated bytes) / 1024 as [Allocated KB]
,sum(c.used bytes) / 1024 as [Used KB]

from

sys.dm_db_xtp_memory consumers c

where

c.object id = object id('dbo.DataInRow');

select

sum(c.allocated_bytes) / 1024 as [Allocated KB]
,sum(c.used_bytes) / 1024 as [Used KB]

from

sys.dm_db_xtp memory consumers c

where

c.object_id = object id('dbo.DataOffRow');

Asyou can see in Figure 6-11, the dbo.DataOffRow table uses more than 30 times
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more memory compared to the dbo.DataInRow table. Every off-row column adds
64+ bytes of overhead to each non-empty value. This overhead consists of the following:
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Allocated KB Used KB
1 122838 12204

Allocated KB Used KB
1 355664 258182

Figure 6-11. Table memory usage

The overhead is even bigger (80+ bytes) in the case of LOB columns that store
data in separate varheaps and require two extra pointers per row. Moreover, there is an
additional overhead of 32 bytes for every 8KB of LOB data, which may be significant if the
stored values are relatively small.

There is another important performance implication. Indexes defined in the
table are not covering the queries that select off-row data. SQL Server needs to traverse
nonclustered indexes on off-row columns to obtain their values. Conceptually, this looks
similar to Key Lookup operations in disk-based tables done in the reverse direction, from
clustered to nonclustered indexes. Even though the overhead is significantly smaller
compared to disk-based tables, it is still overhead you’d like to avoid.

Listing 6-8 shows the code that selects the data from all off-row columns in the table.
SQL Server needs to traverse nonclustered indexes in all internal tables to get the data.

Listing 6-8. Off-Row Storage Performance Impact: Select Overhead

select count(*)

from dbo.DataInRow

where Col1="0"' and Col2='0" and Col3='0"' and Col4='0" and Col5='0'
and Col6='0"' and Col7='0" and Col8='0"' and Col9='0"' and Col10='0"
and Col11='0"' and Col12="'0"' and Col13='0"' and Col14='0' and Col15='o0"
and Col16="0" and Col17="'0" and Col18='0"' and Col19='0"' and Col20='0";

select count(*)

from dbo.DataOffRow

where Col1="0"' and Col2='0"' and Col3='0"' and Col4='0"' and Col5='0'
and Col6='0"' and Col7='0" and Col8='0"' and Col9='0"' and Col10='0"
and Col11="0" and Col12="0"' and Col13='0"' and Col14='0"' and Col15='0"
and Col16="0" and Col17="'0"' and Col18='0"' and Col19='0"' and Col20='0";

Table 6-2 illustrates the execution time in my environment. As you can see, the
execution time is almost 20 times slower in the case of off-row data, which corresponds to
the number of off-row columns in the table.

Table 6-2. Execution Time of SELECT Statements

dbo.DatalnRow Select Time dbo.DataOffRow Select Time

86 ms 1,750 ms
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There is overhead during update operations when off-row columns are modified.
SQL Server needs to create the new row objects for each affected column.

Similarly, the deletion of the data requires SQL Server to delete the rows in all
internal tables. Table 6-3 shows the execution time of DELETE statements that delete all
data from both tables.

Table 6-3. Execution Time of DELETE Statements

dbo.DatalnRow Select Time dbo.DataOffRow Select Time

32 ms 1,406 ms

You should avoid off-row storage unless you have legitimate reasons to use such
columns. It is clearly a bad idea to define text columns as (n)varchar(max) just in case—
when you do not store a large amount of data there. Do not forget that In-Memory OLTP
would use off-row storage based on the table definition rather than the size of the data.

Summary

In-Memory OLTP database objects allocate memory from the separate memory heaps
called varheaps. Varheaps are the data structures that respond to and track memory
allocations from various database objects called memory consumers.

There are three most common varheap types related to memory-optimized tables.
The hash index varheap allocates memory for a hash table in the hash index. The range
index varheap provides memory to nonclustered index pages and the mapping table.
Finally, the table heap varheap allocates memory for the data rows.

Every off-row column stores the data in an internal table, which consists of an 8-byte
artificial primary key implemented as a nonclustered index along with the column data.
Row-overflow columns store the actual value in the column data. LOB columns, on the
other hand, store the pointer to another LOB Page Allocator varheap that stores the LOB
value. The data row references off-row columns through that artificial 8-byte primary key
rather than through the memory pointer.

Even though off-row storage simplifies the migration of the systems to In-Memory
OLTP, use it with extreme care. Every off-row value adds 64+ bytes of overhead to every
non-empty off-row value. Internal off-row tables introduce a significant performance
impact during data modifications. Finally, indexes defined on memory-optimized tables
do not cover off-row columns, and queries need to traverse internal tables similarly to Key
Lookup operations done on disk-based tables. You should avoid off-row storage unless it
is absolutely necessary.
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Columnstore Indexes

This chapter provides an overview of column-based storage and clustered columnstore
indexes that can be defined on memory-optimized tables. It explains their internal
structure and discusses several best practices that can improve the performance of data
warehouse/reporting and operational analytics queries in the system.

Column-Based Storage Overview

Even though each database system is unique, there are two distinct workload patterns
defined in the database world. The first one is online transaction processing (OLTP).
OLTP systems usually handle a large number of concurrent transactions from multiple
customers. Those transactions are usually small and lightweight and utilize either
point-lookup searches or small range scans.

The second type of workload is data warehouse, which includes analysis, reporting,
and decision support. These types of use cases use the complex queries that perform
aggregations and process a large amount of data. The data in dedicated data warehouse
systems is usually static and often updated based on some predefined schedules.

For example, consider a company that sells products to customers. A typical OLTP
queries from the company’s point-of-sale (POS) system might have the following semantic:
provide a list of orders that were placed by this particular customer this week. Alternatively,
a typical query in a data warehouse system might read as follows: provide the total number
of sales for the year to date, grouping the results by product categories and customer regions.

There are other differences between data warehouse and OLTP systems. The data
in OLTP systems is usually volatile. Such systems serve a large number of requests
simultaneously, and they often have a performance SLA associated with the customer-
facing queries. Alternatively, the data in data warehouse systems is relatively static and is
often updated based on a set schedule, such as at night or on weekends. Those systems
usually serve a small number of customers, typically business analysts, managers, and
executives who can accept the longer execution time of the queries because of the
amount of data that needs to be processed.

To put things into perspective, the response time of the short OLTP queries usually
needs to be in the milliseconds range. However, for complex data warehouse queries, a
response time in seconds or even minutes is often acceptable.
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Obviously, it is almost impossible to find systems that do not have mixed OLTP and
data warehouse workloads. Some degree of reporting and analysis activities is always
present in OLTP systems even when companies have a dedicated data warehouse
solution implemented. To make matters more complicated, there is another category of
tasks called operational analytics, which has become popular nowadays. Consider the
POS system in which you want to monitor up-to-date sales and dynamically adjust a
product’s sale price based on its popularity. This requires you to run analytical queries
on the recent and volatile OLTP data.

Unfortunately, OLTP and data warehouse systems require different approaches for
optimization and performance tuning. They benefit from different database schemas and
indexing strategies. For example, data warehouse databases usually have over-normalized
star or snowflake database schemas with few huge facts and many dimension tables.
This design does not work efficiently for OLTP queries.

Moreover, OLTP and data warehouse workloads benefit from different storage and
processing technologies. This requires some explanation.

Row-Based vs. Column-Based Storage

In SQL Server, classic B-Tree indexes and heaps use row-based storage. All columns that
belong to the row are stored together in the single row object. Even though some of the
columns can be stored off-row, they are referenced from the main data row structure,
and SQL Server accesses them through the main data row. The same applies to memory-
optimized tables; the columns in the data rows are grouped into the single in-memory
data row objects.

Row-based storage works efficiently for OLTP workloads. OLTP queries usually
access a small number of data rows and, in many cases, return a large subset of the
columns from the table. Row-based storage allows those queries to access data rows in
a single operation, which is especially critical during data modifications when an entire
row object is inserted, updated, or deleted.

Data warehouse queries, on the other hand, behave differently. As I already
mentioned, the typical data warehouse query joins facts and dimension tables and
performs some calculations and aggregations accessing just a subset of a fact table’s
columns. Listing 7-1 shows an example of such a query in an imaginary POS data
warehouse.

Listing 7-1. Typical Query in Data Warehouse Environment

select a.ArticleCode, sum(s.Quantity) as [Units Sold]
from dbo.FactSales s join dbo.DimArticles a on
s.Articleld = a.Articleld
join dbo.DimDates d on
s.Dateld = d.Dateld
where d.AnYear = 2017
group by a.ArticleCode
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Asyou can see, this query needs to perform a scan of a large amount of data from the
fact table; however, it uses just two table columns. With row-based storage, SQL Server
accesses rows one by one, loading the entire row into memory, regardless of how many
columns from the row are required. Considering that a typical fact table in a large data
warehouse environment could store hundreds of gigabytes or even terabytes of data,
the query would lead to millions of I/O operations reading a large amount of data from
columns that are not required for the query.

With disk-based tables, you can reduce the storage size of the table and, therefore,
the number of I/0 operations by implementing page compression. However, page
compression works in the scope of a single page. All pages will maintain a separate copy
of the compression dictionary, which is used for all rows on the page. Different columns
in the row store different data, which reduces the possibility of duplicated byte sequences
and limits the space saving that can be achieved with the compression.

Obviously, scanning the data from memory-optimized tables does not lead to I/O
activity. Nevertheless, it will require traversing a large number of index row chains or
scanning many varheap memory pages, and the overhead of row-based storage still exists.

SQL Server addresses those problems with columnstore indexes that store the data
on a per-column rather than per-row basis. Figure 7-1 illustrates that approach.
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Figure 7-1. Row-based and column-based storage

Data in columnstore indexes is heavily compressed using algorithms that provide
significant space savings even when compared to page compression. Moreover, SQL Server
can skip columns that are not requested by a query reading the data on a per-column basis.

Column-based storage allows SQL Server to implement other query optimization
techniques. The most noticeable is batch mode execution. In this mode, SQL Server
processes data in groups or batches, rather than one row at a time. The size of the batches
varies to fit into the CPU cache, which reduces the number of times that the CPU needs
to request external data from memory. Moreover, the batch approach improves the
performance of aggregations, which can be calculated on a per-batch basis rather than on
a per-row basis. All of that allows you to achieve orders of magnitude improvement in the
performance of data warehouse workload queries.

Columnstore Indexes Overview

Each data column in column-based storage is stored separately in a set of structures called
row groups. Each row group stores data for up to approximately 1 million, or, to be precise,
2 A 20=1,048,576 rows. SQL Server tries to populate row groups completely during its creation,
leaving the last row group partially populated. For example, in the case of 1,500,000 rows,
SQL Server creates two row groups with 1,048,576 rows and 451,424 rows, respectively.
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After row groups are built, SQL Server combines all the column data on a per-row
group basis and encodes and compresses them. The rows within a row group can be
rearranged if that helps to achieve a better compression rate. Column data within a row
group is called a segment. SQL Server also keeps the information about data stored in
each segment in segment metadata, for example, minimum and maximum values, and
can skip the segments that do not have required data from the processing.

The data row’s data can be reconstructed based on the row locator, which consists
of offsets of the values in the row group’s segments. All values with the same offset in the
row group (same row locator) belong to the same row. For example, the first values in
the segments in a particular row group belong to the first row, the second values belong
to the second row, and so forth.

SQL Server uses several methods to encode and compress the data with the goal to
replace all values in the data with 64-bit integers. The two most notable algorithms are
dictionary encoding and value-based encoding. With dictionary encoding, SQL Server
stores distinct values from the data in a separate structure called a dictionary. Every value
in a dictionary has a unique ID assigned. SQL Server replaces the actual value in the data
with an ID from the dictionary. Figure 7-2 illustrates the main idea of the algorithm.

Original Data Dmitri | Dmitri | Niko | Victor | Victor | Niko Niko | Dmitri | Victor
. D | 1 2 3
Dictionary — = -
Value Dmitri Niko Victor
Encoded Data (122332213

Figure 7-2. Dictionary encoding

The value-based encoding is mainly used for numeric and integer data types that
do not have enough duplicated values. With this condition, dictionary encoding is
inefficient. The purpose of value-based encoding is to convert integer and numeric values
to a smaller range of 64-bit integers. This process consists of the following two steps.

In the first step, numeric data types are converted to integers using the minimum positive
exponent that allows this conversion. Such an exponent is called magnitude. For example,
for a set of values such as 0.8, 1.24, and 1.1, the minimum exponent is 2, which represents a
multiplier of 100. After this exponent is applied, values would be converted to 80, 124, and 110,
respectively. The goal of this process is to convert all numeric values to integers.

Alternatively, for integer data types, SQL Server chooses the smallest negative
exponent that can be applied to all values without losing their precision. For example, for
the values 1340, 20, and 2,340, that exponent is -1, which represents a divider of 10. After
this operation, the values would be converted to 134, 2, and 234, respectively. The goal of
such an operation is to reduce the interval between the minimum and maximum values
stored in the segment.

During the second step, SQL Server chooses the base value, which is the minimum
value in the segment, and it subtracts it from all other values. This makes the minimum
value in the segment 0.

Figure 7-3 illustrates the process of value-based encoding.
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Figure 7-3. Value-based encoding

Conceptually, each updatable columnstore index includes two additional elements
to support data modifications. The first is the delete bitmap, which indicates what rows
were deleted from a table. The second structure is the delta store, which includes newly
inserted rows. SQL Server does not update the data in compressed row groups during
regular data modifications. Every time you delete a row that is stored in a compressed row
group, SQL Server adds information about the deleted row to the delete bitmap. Nothing
happens to the original row. It is still stored in a row group. However, SQL Server checks
the delete bitmap during query execution, excluding deleted rows from the processing.

Similarly, when you insert data into a columnstore indey, it goes into a delta store.
Updating a row that is stored in a compressed row group does not change the row data
either. Such an update triggers the deletion of a row, which is, in fact, insertion to a
delete bitmap and insertion of a new version of a row to a delta store. However, any data
modifications of the uncompressed rows in a delta store are done in place in the delta store.

The internal implementation of the delta store and the delete bitmap varies
depending on the different technologies. With disk-based tables, both the delta store and
delete bitmap are implemented as the set of internal B-Tree tables. Each table partition
can have one delete bitmap table and multiple delta store tables, as shown in Figure 7-4.
The In-Memory OLTP implementation is a bit different, as you will see later in the chapter.
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Figure 7-4. Disk-based clustered columnstore index structure

Note The In-Memory OLTP documentation often references the delta store as the fail and
the delete bitmap as the deleted rows table. In this book, however, | will use classic terminology.
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At some point, SQL Server compresses the data in the delta store, creating
another compressed row group. Most often it happens when the delta store reaches
1,048,576 rows; however, with disk-based tables, this compression can also be forced
by reorganizing the index. With memory-optimized tables, delta store compression is
triggered only when the delta store fills up.

Let’s look at the In-Memory OLTP implementation of columnstore indexes in detail.

Clustered Columnstore Indexes

Starting with SQL Server 2016, you can create clustered columnstore indexes on memory-
optimized tables. Do not be confused by the definition of columnstore indexes as
clustered, however. As the opposite of disk-based tables, clustered columnstore indexes
on memory-optimized tables are separate data structures that keep copies of the data. In
this context, clustered means that those indexes include all columns from the table.

The memory-optimized tables with clustered columnstore indexes have the hidden
column columnstore RID, which is used as the row locator in the columnstore index. As
with disk-based columnstore indexes, it consists of the row group ID and position of the
row in the row group. In-Memory OLTP uses this column as the row locator in the delete
bitmap, which is implemented as an internal table with a nonclustered range index.

Memory-optimized columnstore indexes do not have a dedicated delta store. The
most recent rows in the memory-optimized table become the delta store. When you create
a clustered columnstore index, In-Memory OLTP uses another memory consumer for
the rows in the delta store. All new row objects from INSERT or UPDATE operations are
allocated from this varheap. Figure 7-5 illustrates that.

Regular Rows: Regular Rows:
Table Heap Varheap Table Heap Varheap
Memory-Optimized Table New Rows —_—
Separate

OO0 C i
L =

Range Index

Clustered Columnstore Index: Deleted Rows Table:
HkCS Allocator Varheap Table Heap Varheap

Figure 7-5. Clustered columnstore index on memory-optimized table

The index row chains in the table can link the rows from both, main table heap and
the delta store varheaps.

Let’s look at an example and create a table with a clustered columnstore index, as
shown in Listing 7-2. After the table is created, let’s look at the indexes defined on the
table using the sys. indexes catalog view.
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Listing 7-2. Creating Memory-Optimized Table with Columnstore Index

create table dbo.OrderItems

(
OrderItemID int identity(1,1) not null
constraint PK OrderItems
primary key nonclustered hash
with (bucket count = 4194329)
,0rderId int not null
,ArticleId int not null
,SalesPrice money not null
,index CCI_OrderItems clustered columnstore
)

with (memory optimized = on, durability = schema_and data);

select index_id, name, type, type desc, compression_delay
from sys.indexes
where object id = object id('dbo.OrderItems');

Asyou can see in Figure 7-6, the table has two indexes: a primary key implemented
as the hash index and a clustered columnstore index. I would like to reiterate that despite
the term clustered in the index definition and index_id=1, the clustered columnstore
index does not represent the main storage format for the table data. It just indicates that
all table columns are included in the index.

index_id name type type_desc compression_delay
1 1 CCl_Orderltems 35 CLUSTERED COLUMNSTORE 0
2 2 PK_Orderitems 7 NONCLUSTERED HASH NULL

Figure 7-6. Indexes on memory-optimized table

As the opposite of hash and nonclustered indexes, which are re-created when data
is loaded into memory, SQL Server persists columnstore indexes on disk. I will talk about
In-Memory OLTP data storage in greater depth in Chapter 10.

Let’s populate the table with 3,200,000 rows, as shown in Listing 7-3.

Listing 7-3. Populating the Table with Data and Analyzing Memory Consumers

swith N1(C) as (select 0 union all select 0) -- 2 rows
,N2(C) as (select 0 from N1 as t1 cross join N1 as t2) -- 4 rows
,N3(C) as (select 0 from N2 as t1 cross join N2 as t2) -- 16 rows
,N4(C) as (select 0 from N3 as t1 cross join N3 as t2) -- 256 rows
,N5(C) as (select 0 from N4 as t1 cross join N4 as t2) -- 65,536 rows
,N6(C) as (select 0 from N5 as t1 cross join N4 as t2) -- 16,777,316 rows
,1ds(Id) as (select row number() over (order by (select null)) from N6)
insert into dbo.OrderItems(OrderId, Articleld, SalesPrice)

select ID / 3 + 1, ID % 50000, 49.99

from Ids

where ID <= 3200000;
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Listing 7-4 shows the code that analyzes memory consumers for the dbo.OrderItems
table.

Listing 7-4. Populating the Table with Data and Analyzing Memory Consumers

select

a.xtp_object_id, a.type desc, a.minor_id

,C.memory consumer_id as [mc id]

,C.memory consumer_type desc as [mc type]

,C.memory consumer_desc as [description]

,c.allocation _count as [allocs]

,C.allocated bytes / 1024 as [Allocated KB]

,c.used _bytes / 1024 as [Used KB]
from

sys.dm_db_xtp_memory consumers c join

sys.memory optimized tables_internal attributes a on
a.object _id = c.object_id and a.xtp_object id = c.xtp_object id

where

c.object_id = object _id('dbo.OrderItems');

Figure 7-7 shows the output from Listing 7-4. As you can see, the main table object
(the first four rows in the output) has four memory consumers. The HKCS_COMPRESSED
consumer stores compressed row groups. The table heap consumer with id=74 is
providing memory for the delta store. All new data rows in the table are allocated there.
Another table heap with id=75 is the main table heap, and it is storing the rows that were
already compressed in the columnstore index. The data has not been compressed yet,
and therefore this consumer does not use any memory.

«p_object_id  type_desc minor_id mcid  me type description allocs Allocated KB Used KB
1 -2147483648 USER_TAELE 1} 77 [HKCS_COMPRESSED HKCS Allocator 2 16 16 |
2 2147483648 USER_TAELE 0 76 HASH Hash index 1 65536 65536
3 2147483648 USER_TAELE 1} 75 VARHEAP Table heap 0 ] o
4 2147483648 USER_TABLE 0 74 VARHEAP Table heap 3200000 201024 200000
5 -2147483644 ROW_GROUPS_INFO_TABLE 0 3 HASH Hash index 1 1024 1024
6 -2147483644 ROW_GROUPS_INFO_TABLE 0 72 VARHEAP Table heap 1 64 o
7 2147483645 SEGMENTS_TABELE 0 7 HASH Hash index 1 32788 32768
8 -2147483645 SEGMENTS_TABLE 1] 0 HASH Hash indes 1 32768 32768
9 -2147483645 SEGMENTS_TABLE 1] 69 VARHEAP Table heap o 0 o
10 -2147483646 DICTIONARIES_TABLE o [ HASH Hash index 1 32768 32768
1 -2147482646 DICTIONARIES_TABLE 1] 67 VARHEAP Table heap o 0 ]
12 -2147483847 DELETED_ROWS_TABLE o 86 VARHEAP Range index heap 2 128 o
13 -2147483647 DELETED_ROWS_TABELE 0 65 VARHEAP Table haap 0 0 0

Figure 7-7. Memory consumers after table has been populated with the data

Columnstore indexes have several other internal objects.

DELETED_ROWS_TABLE is an internal table that stores the delete
bitmap, which is the information about the deleted rows. It is
implemented as a nonclustered (range) index and contains a
columnstore locator (RID) of the deleted rows.
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ROW_GROUPS_INFO_TABLE stores the information about row
groups in columnstore indexes.

SEGMENTS_TABLE stores the information about column
segments in the row groups.

DICTIONARIES_TABLE stores columnstore index dictionaries.

There is the background process called the tuple mover, which wakes up about every
two minutes and estimates the number of rows in the delta store. In the case, when it
estimates that the delta store has at least 1,048,576 rows, the tuple mover creates the new
row group (or groups) by compressing and encoding the rows from the delta store. During
compression, the tuple mover updates the row locator RID column in the rows from the
delta store, which generates the new versions of the rows. The memory for the new row
objects are allocated from the main table heap.

Finally, the tuple mover deletes (populates the EndTs timestamp) the compressed rows
from the delta store, which will be eventually deallocated by the garbage collector process.

Figure 7-8 illustrates the memory consumers after the tuple mover has compressed
the data. As you can see, rows have been moved from the delta store to the main table
heaps, and compressed data is also stored in the HKCS_COMPRESSED allocator.

«p_object_id  type_desc minor_id mcid  mctype description allocs Allocated KB Used KB

1 -2147483648 USER_TABLE 0 77 [HKCS_COMPRESSED _HKCS Allocator 2 45248 45248 |
2 2147483648 USER_TABLE 0 76  HASH Hash index 1 65536 65536
3 -2147483648 USER_TABLE 0 75  [VARHEAP Table heap 3143665 222400 221038
4 2147483548 USER_TABLE 0 74 | VARHEAP Table heap 56406 201024 3525
§  -2147483644 ROW_GROUPS_INFO_TABLE 0 73 HASH Hash index 1 1024 1024
6  -2147483644 ROW_GROUPS_INFO_TABLE 0 72 VARHEAP Table heap 4 192 0

7 2147483645 SEGMENTS_TABLE 0 71 HASH Hash index 1 32768 32768
8  -2147483645 SEGMENTS_TABLE i 70 HASH Hash index 1 32768 32768
9 2147483645 SEGMENTS_TABLE 0 69  VARHEAP Table heap 12 192 1

10 -2147483646 DICTIONARIES_TABLE 0 68 HASH Hash index 1 32768 32768
11 -2147483648 DICTIONARIES_TABLE 0 67  VARHEAP Table heap 6 192 0

12 -2147483647 DELETED_ROWS_TABLE 0 66  VARHEAP Range index heap 130 10624 33

13 -2147483647 DELETED_ROWS_TABLE 0 65  VARHEAP Tatde heap 0 192 0

Figure 7-8. Memory consumers after delta store is compressed

Let’s look what happens when you delete some data. Listing 7-5 shows the statement
that deletes every 100th row in the table.

Listing 7-5. Deleting 1 Percent of the Rows
delete from dbo.OrderItems where OrderItemId % 100 = 0;
As I already mentioned, SQL Server does not remove deleted rows from columnstore

indexes. The information (RID) of deleted rows is inserted into the delete bitmap, which
is displayed as DELETED_ROWS_TABLE in Figure 7-9.
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sp_object_id  type_desc minor_id mcid metype description allocs Allocated KB Used KB
1 -2147483648 USER_TAELE a 77 HKCS_COMPRESSED  HKCS Alocator 2 45248 45248
2 -2147483648 USER_TABLE 1] 7% HASH Hash index 1 65536 65536
3 -21474836848 USER_TABLE ] 75 VARHEAP Table heap 3143885 222400 221038
4 -2147483648 USER_TAELE 0 74 VARHEAP Table heap 56406 201024 3525
5 -2147483644 ROW_GROUPS_INFO_TABLE 0 73 HASH Hash index 1 1024 1024
3 2147483644 ROW_GROUPS_INFO_TABLE 0 72 VARHEAP Table heap 4 192 0
7 -2147483645 SEGMENTS_TABLE 1] 7 HASH Hash index 1 32768 32768
8 -2147453645 SEGMENTS_TABLE 0 HASH Hash index 1 32788 32768
9 -2147483645 SEGMENTS_TAELE o 69 VARHEAP Table heap 12 192 1
10 -2147483646 DICTIONARIES_TABLE i} HASH Hash indest 1 32768 F2768
1 -2147483646 DICTIONARIES_TABLE 1] 87 VARHEAP Table heap 6 192 ]
12 -2147483647 DELETED_ROWS_TABLE 0 66 |WHEAP Range index ... 392 15620 574
13 -2147483647 DELETED_ROWS_TABLE o 65 VARHEAP Table heap 31439 1664 1473

Figure 7-9. Memory consumers after rows were deleted

You can obtain detailed information about columnstore index row groups from the
sys.dm_db_column_store_row_group physical stats view, as shown in Listing 7-6.

Listing 7-6. Analyzing Row Groups

select row_group_id, state_desc, total _rows, deleted rows
,size_in bytes, trim_reason_desc

from sys.dm db_column_store row group physical stats

where object id = object id('dbo.OrderItems')

order by row_group id

Figure 7-10 shows the output of the view. The row group with row_group_id=-1
corresponds to the delta store.

row_group_id state_desc total_rows deleted_rows size_in_bytes trim_reason_desc
1 -1 OPEN 55774 0 NULL NULL
2 1 COMPRESSED 1048576 10475 9290308 NO_TRIM
3 2 COMPRESSED 1048576 10502 9290308 NO_TRIM
Kl 3 COMPRESSED 1046513 10462 9274452 STATS_MISMATCH

Figure 7-10. Row group statistics

The trip_reason_desc column indicates why the compressed row group has less than
1,048,476 rows. For memory-optimized tables, it can contain one of the following values:

NO_TRIMindicates that the row group is fully populated.

STATS_MISTMATCH indicates an incorrect estimation of the
delta store size.

SPILLOVER indicates that the row group contains leftover rows
after all full row groups were created. SQL Server compresses
those rows into the smaller row group if there are more than
102,500 rows in the delta store. Otherwise, the rows remain in
the delta store, as shown in Figure 7-10.
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MEMORY_LIMITATION indicates that the system did not have
enough memory to compress all the rows together.

DICTIONARY_SIZE indicates that the dictionary grew too big to
compress all the rows together.

Performance Considerations

As you can guess, large delta store and delete bitmaps would add overhead during query
execution. SQL Server needs to scan noncompressed rows in the delta store, which is
significantly slower compared to compressed row groups. Similarly, a large number of
rows in the delete bitmap adds overhead of validation if compressed rows were deleted.

Let’s look at this overhead in detail and add 1,500,000 rows to the table using the
code from Listing 7-7.

Listing 7-7. Inserting 1.5 Million Rows into Delta Store

;with N1(C) as (select 0 union all select 0) -- 2 rows
,N2(C) as (select 0 from N1 as t1 cross join N1 as t2) -- 4 rows
,N3(C) as (select 0 from N2 as t1 cross join N2 as t2) -- 16 rows
,N4(C) as (select 0 from N3 as t1 cross join N3 as t2) -- 256 rows
sN5(C) as (select 0 from N4 as t1 cross join N4 as t2) -- 65,536 rows
,N6(C) as (select o from N5 as t1 cross join N4 as t2) -- 16,777,316 rows
,1ds(Id) as (select row number() over (order by (select null)) from N6)
insert into dbo.OrderItems(OrderId, Articleld, SalesPrice)

select 4000000 + ID / 3 + 1, ID % 50000, 49.99

from Ids

where ID <= 1500000;

If you run the code from Listing 7-6 again after the data was inserted, you would see
the output shown in Figure 7-11. The new rows have not been compressed, and they stay
in the delta store.

row_group_id state_desc total_rows deleted_rows size_in_bytes trim_reason_desc
I OPEN 1555774 | 0 NULL NULL
2 1 COMPRESSED 1048576 10475 9290308 NO_TRIM
3 2 COMPRESSED 1048576 10502 9290308 NO_TRIM
4 3 COMPRESSED 1048513 10482 9274452 STATS_MISMATCH

Figure 7-11. Row group status after insert

If you run the query from Listing 7-6 again after the tuple mover executes, you would
see that the new rows have been compressed into two new row groups. Figure 7-12 shows
the status of the row groups when it happens.
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row_group_id state_desc total_rows deleted_rows size_in_bytes trim_reason_desc
1 -1 OPEN 0 0 NULL MNULL
2 1 COMPRESSED 1048576 10475 9290308 NO_TRIM
3 2 COMPRESSED 1048576 10502 9290308 NO_TRIM
4 3 COMPRESSED 1046513 10462 9274452 STATS_MISMATCH
5 4 COMPRESSED 1048576 O 7892212 NO_TRIM
6 5 COMPRESSED 507198 0 5076476 SPILLOVER

Figure 7-12. Status of row groups after data is compressed

Listing 7-8 shows the test query that benefits from the columnstore index.
I've executed this query twice, before and after the rows from the delta store were
compressed. The execution times in my environment were 343 ms and 160 ms,
respectively. As you can see, scanning of large number of uncompressed rows in the delta
store affects the performance of the query. It is worth noting, however, that this overhead
is significantly smaller compared to the delta store scan in disk-based columnstore
indexes because of the in-memory data access and efficiency of varheap scans.

Listing 7-8. Test Query

select top 10 Articleld, avg(SalesPrice)
from dbo.OrderItems

group by Articleld

order by avg(SalesPrice) desc;

As the next step, let’s look at the overhead introduced by the large number of deleted
rows. Listing 7-9 shows the query, which deletes half the rows from the table. Figure 7-13
illustrates row group statistics after deletion.

Listing 7-9. Deleting 50 Percent of the Data

delete from dbo.OrderItems where OrderItemId % 2 = 0;

row_group_id state_desc total_rows deleted_rows size_in_bytes trim_reason_desc
1 -1 OPEN 0 0 NULL NULL
2 1 COMPRESSED | 1048576 524271 9290308 NO_TRIM
3 2 COMPRESSED | 1048576 524316 9290308 NO_TRIM
4 3 COMPRESSED | 1046513 523243 9274452 STATS_MISMATCH
5 4 COMPRESSED | 1048576 524283 7892212 NO_TRIM
6 5 COMPRESSED | 507198 253321 5076476 SPILLOVER

Figure 7-13. Status of row groups after data was deleted

The execution time of the test query from Listing 7-8 in my environment was 516 ms.
SQL Server should check whether the RID of compressed rows were present in DELETED _

ROWS_TABLE and exclude deleted rows from the processing. All of that added significant
overhead during query execution.
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There is another implication of the large number of deleted rows and large delete
bitmaps. They reduce the amount of memory available to In-Memory OLTP and other
SQL Server components.

Unfortunately, it is common to have a large number of deleted rows in memory-optimized
columnstore indexes. The data in OLTP systems is usually highly volatile, and data rows
may be updated multiple times. If data rows are updated after they were compressed, each
obsolete row version would be referenced in the delete bitmap of the index.

Fortunately, it is also common that data rows become static after some time. SQL Server
allows you to delay compression of the delta store rows by specifying the COMPRESSION_DELAY
columnstore index option. This property indicates how long the rows should stay in the delta
store before they can be compressed into row groups. You should set COMPRESSION_DELAY to
the value that exceeds the typical post-processing time in the system.

Consider an online shopping cart system as an example. In this scenario, the status of
individual orders may be updated multiple times during the fulfillment process. It could be
beneficial to set COMPRESSION_DELAY to the value that exceeds the typical fulfillment time
and avoid compressing old versions of order rows until the order is fulfilled.

Listing 7-10 shows an example of a table with a columnstore index that has the
compression delay set to 1,440 minutes, which is 24 hours. Even though this increases the
size of the delta store, it would also prevent compressions of the versions of the rows that
have yet to be deleted. As the general rule, it is better to have a slightly larger delta store
than increase the size of the delete bitmap.

Listing 7-10. Creating Columnstore Index with Compression Delay

create table dbo.OrdersCCI
(
OrderId int not null
constraint PK_OrdersCCI
primary key nonclustered,
OrderDate datetime2(0) not null,
OrderNum varchar(32) not null,
Amount money not null,
CustomerId int not null,
OrderStatus tinyint not null,
FulfillmentDate datetime2(0) not null,
index CCI_OrdersCCI clustered columnstore
with (compression_delay=1440)
)

with (memory optimized=on, durability=schema_and_data);

You can monitor the percent of deleted rows in the row groups and fine-tune the index
COMPRESSION_DELAY value to minimize it. Unfortunately, changing the property will require
you to drop and re-create the columnstore index. This is an offline operation, which will
lead to two table rebuilds and can take a significant amount of time and memory in the case
of large tables. Neither can you rebuild columnstore indexes, reducing the size of the delete
bitmap. Dropping and re-creating the index is the only option available.
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There is one case, however, when In-Memory OLTP rebuilds row groups internally.
SQL Server decompresses the row groups, moving rows back to the delta store when the
row group has 90 percent or more rows deleted.

Listing 7-11 illustrates the code that deletes 99 percent of the data from the table.
Figure 7-14 shows the status of the row groups right after deletion.

Listing 7-11. Deleting 99 Percent of the Data

delete from dbo.OrderItems where OrderId % 100 < 98;

row_group_id state_desc total_rows deleted_rows size_in_bytes trim_reason_desc
1 -1 OPEN 0 0 NULL NULL
2 1 COMPRESSED | 1048576 1038169 9290308 NO_TRIM
3 2 COMPRESSED | 1048576 1038066 9290308 NO_TRIM
4 3 COMPRESSED | 1046513 1035997 9274452 STATS_MISMATCH
5 4 COMPRESSED | 1048576 1038088 7892212 NO_TRIM
6 5 COMPRESSED | 507198 502121 5076476 SPILLOVER

Figure 7-14. Status of row groups after 99 percent of the rows were deleted

If you look at the row groups after a few minutes, you would see that the tuple mover
process moved all nondeleted rows back to the delta store, deallocating all compressed
row groups in the system. Figure 7-15 illustrates that condition.

row_group_id state_desc total_rows deleted_rows trim_reason_desc created_time
1 -1 OPEN 46998 0 NULL NULL

Figure 7-15. Status of row groups after tuple mover run

Columnstore Indexes Limitations

There are several limitations related to columnstore indexes. Perhaps the most important
is that SQL Server can utilize columnstore indexes only in Query Interop mode. Those
indexes are never used from the natively compiled code.

Other important limitations include the following:

The columnstore index cannot be created if the table uses

off-row storage, and, therefore, the row size cannot exceed
8,060 bytes.

Memory-optimized tables with columnstore indexes cannot
be altered. You should drop the index, alter the table, and
re-create the index afterward.

Columnstore indexes on memory-optimized tables cannot be
rebuilt or reorganized.

Archive compression is not supported.
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Obviously, the system should have enough memory to accommodate columnstore
indexes. Those indexes, however, are heavily compressed and could use just a fraction
of the memory used by noncompressed rows.

Catalog and Data Management Views

SQL Server provides several columnstore index-related catalog and data management views.

sys.dm_db_column_store_row_group_physical_stats

The sys.dm_db_column_store row_group physical stats view returns the information
about row groups in the columnstore index. You have already seen this view in action in
this chapter.

The columns in the output represent the following:

object_idand index_id provide the information about the
object and index to which the row group belongs.

partition_number is the number of partitions in the table.
It is always 1 for memory-optimized tables.

row_group_id is the ID of the row group within the partition.
The delta store in memory-optimized tables has row_group_
id=-1.

delta_store_hobt_idisthe hobt id of the open delta store.
It is NULL for memory-optimized tables.

state and state_description show the state of the row
group.

total_rows, deleted rows, and size in_bytes provide the
information about row count and row group size.

trim_reason and trim_reason_desc indicate why a row
group has less than 1,048,576 rows.

transition_to_compressed_state provides the reason why a
row group was compressed. In memory-optimized tables, the
row groups always are compressed by the tuple mover.

generation shows the sequence number in which the row
group has been created.

As1already discussed, it is beneficial to monitor the total number of rows and the
number of deleted rows in the row groups and fine-tune the COMPRESSION_DELAY index
option.

There is another view, called sys.column_store_row_groups, which provides a
subset of the columns from the sys.dm_db_column_store_row_group physical stats
view. The former one was introduced in SQL Server 2014, while the latter one is specific
to SQL Server 2016.
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sys.column_store_segments

The sys.column_store_segments view returns one row for each column per segment.

Listing 7-12 shows a query that returns information about the CCI_OrderItems
columnstore index. There are a couple of things that you should note here. First, the
view does not return the object_id or index_id value of the index. This is not a problem
because a table can have only one columnstore index defined. However, you need to use
the sys.partitions view to obtain the object_id value when it is required.

Second, the column_id value does not match the column_id value in the sys.index_
columns view because of the internal columnstore locator (RID) column, which is not
exposed there. You need to decrement column_id in sys.column_store_segments by 1in
the joins. This may or may not change in future versions of In-Memory OLTP.

Listing 7-12. Examining the sys.column_store_segments View

select
s.segment_id, s.column_id - 1 as [column_id], c.name as [column]
,S.version, s.encoding_type, s.row_count, s.has_nulls, s.magnitude
»S.primary_dictionary_id, s.secondary dictionary_id, s.min_data_id
,s.max_data_id, s.null_value
,convert(decimal(12,3),s.on_disk size / 1024.0 / 1024.0) as [Size MB]
from
sys.column_store_segments s join sys.partitions p on
p.partition_id = s.partition_id
join sys.indexes i on
p.object_id = i.object_id
left join sys.index_columns ic on
i.index_id = ic.index_id and
i.object_id = ic.object_id and
s.column_id - 1 = ic.index_column_id
left join sys.columns c on
ic.column_id = c.column_id and
ic.object_id = c.object_id
where
i.name = 'CCI_OrderItems’
order by
s.segment_id, s.column_id
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Figure 7-16 shows the partial output of a query.

segment_id column_id column version encoding_type row count has_nulls magnitude

1 1 1 OrderitemiD 1 1 1048576 0 1

2 1 2 Orderld 1 1 1048576 0 1

3 1 3 Articleld 1 2 1048576 ] -1

4 1 4 SalesPrice 1 2 1048576 0 ~1

5 2 1 OrderitemliD 1 1 1048576 0 1

6 2 2 Orderld 1 1 1048576 0 1

7 2 3 Articleld 1 2 1048576 0 -1

8 z 4 SalesPrice 1 2 1048576 0 -1
primary_dictionary_id secondary_dictionary_id min_data_id max_data_id null_value Size MB
255 -1 113110 3198641 -1 4.001
255 =1 37704 1066214 1 2.687
255 2 0 49999 1 2.00
255 L] 499900 499900 1 0.001
255 -1 40781 3200000 -1 4.001
255 -1 13588 1066667 1 26687
255 1 0 49999 1 2.001
255 4 499900 499900 1 0.001

Figure 7-16. sys.column_store_segments output

The columns in the output represent the following:

column_id is the ID of a column in the index, which you
can join with the sys. index_columns view. As I already
mentioned, you need to decrement it by 1 in the joins.

partition_id references the partition to which a row group
(and, therefore, a segment) belongs. It is always 1 in
memory-optimized tables.

segment_id is the ID of the segment, which is basically the ID
of a row group. The first segment/row group in a partition has
anID of 1.

version represents a columnstore segment format.
SQL Server 2012, 2014, and 2016 return 1 as its value.

encoding_type represents the encoding used for this
segment. It can have one of the following four values:

A value-based encoding has encoding_type

1.

A dictionary encoding of nonstrings has
encoding_type = 2.

A dictionary encoding of string values has
encoding type = 3.

No encoding being used has encoding_type = 4.
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row_count represents the number of rows in the segment.
has_null indicates whether the data has null values.

magnitude is the magnitude used for value-based encoding.
For other encoding types, it returns -1.

min_data_id and max_data_id represent the minimum and
maximum values in a column within the segment. SQL Server
analyzes those values during query execution and eliminates
segments that do not store values that satisfy query predicates.
This process works in a similar way to partition elimination in
partitioned tables.

null_value represents the value used to indicate nulls.

on_disk_size indicates the size of a segment in bytes.

sys.column_store_dictionaries

The sys.column_store dictionaries view provides information about the dictionaries
used by a columnstore index.

Listing 7-13 shows the code that you can use to examine the list of dictionaries.
Similarly to the sys.column_store_segments view, you should decrement column_id by
1in the joins.

Listing 7-13. Examining the sys.column_store_dictionaries View

select
d.dictionary id, d.column_id - 1 as [column_id], c.name as [column]
,d.version, d.type, d.last_id, d.entry_count
,convert(decimal(12,3),d.on_disk size / 1024.0 / 1024.0) as [Size MB]
from
sys.column_store dictionaries d join sys.partitions p on
p.partition_id = d.partition_id
join sys.indexes i on
p.object_id = i.object_id
left join sys.index_columns ic on
i.index_id = ic.index_id and
i.object_id = ic.object_id and
d.column_id - 1 = ic.index_column_id
left join sys.columns c on
ic.column_id = c.column_id and
ic.object_id = c.object_id
where
i.name = 'CCI_OrderItems'
order by
d.dictionary_id
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Figure 7-17 illustrates the query output.

dictionary_id column_id column version type last_id entry_count Size MB
1 1 3 Articleld 1 1 50002 50000 0.19
2 2 3 Articleld 1 1 50002 50000 0.191
3 3 3 Articleld 1 1 50002 50000 0.191
4 4 E SalesPrice 1 1 3 1 0.000
5 5 4 SalesPrice 1 1 3 1 0.000
] 6 4 SalesPrice 1 1 3 1 0.000

Figure 7-17. sys.column_store_dictionaries output

The columns in the output represent the following:
column_id is the ID of a column in the index.
dictionary_idisthe ID of a dictionary.

version represents a dictionary format. SQL Server 2012,
2014, and 2016 return 1 as its value.

type represents the type of values stored in a dictionary. It can
have one of the following three values:

A dictionary that contains int values is specified by type = 1.

A dictionary that contains string values is specified by
type = 3.

A dictionary that contains float values is specified by
type = 4.

last_idisalastdataID in a dictionary.
entry_count contains the number of entries in a dictionary.

on_disk_size indicates the size of a dictionary in bytes.

Summary

In contrast to B-Tree and Bw-Tree indexes that store data on a per-row basis, columnstore
indexes store unsorted and compressed data on a per-column basis. They are beneficial
in data warehouse environments where typical queries perform a scan and aggregation
of data from large fact tables, selecting just a subset of table columns. With In-Memory
OLTP, those indexes help in an operational analytics scenario when systems execute
reporting and analytics queries against hot OLTP data.

In-Memory OLTP clustered columnstore indexes are separate data structures from
the main data rows. They consist of compressed row groups, a delete bitmap implemented
as an internal table with a nonclustered (range) index, and several other internal tables.
There is no dedicated delta store; the new versions of the rows are included into the
regular data row chain, although they are allocated from a different varheap. The tuple
mover process analyzes the number of allocated rows in this varheap and compresses
them, moving to the regular table heap once the number reaches 1,048,576 rows.
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A large delta store and delete bitmap affects the performance of the queries. You
can delay the compression by specifying the COMPRESSION_DELAY index option. It is
recommended that you set this value to exceed the typical data post-processing time in
the system.

Columnstore indexes have several limitations. They do not support off-row storage,
limiting the size of the row to 8,060 bytes. They prevent table alteration, and you should
drop and re-create a columnstore index when you need to alter a table. Most importantly,
they can be utilized only through the Interop Engine; SQL Server does not use them in
natively compiled code.
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CHAPTER 8

Transaction Processing
in In-Memory OLTP

This chapter discusses transaction processing in In-Memory OLTP. It elucidates what

isolation levels are supported with native compilation and cross-container transactions,
provides an overview of concurrency phenomena encountered in the database systems,
and explains how In-Memory OLTP addresses them. Finally, this chapter talks about the
lifetime of In-Memory OLTP transactions in detail.

ACID, Transaction Isolation Levels, and
Concurrency Phenomena Overview

Transactions are the unit of work that read and modify data in a database and help to
enforce the consistency and durability of the data in a system. Every transaction in a

properly implemented transaction management system has four characteristics known as
atomicity, consistency, isolation, and durability, often referenced as ACID.

Atomicity guarantees that each transaction executes as an “all

or nothing” approach. All changes done within a transaction

are either committed or rolled back in full. Consider the classic
example of transferring money between checking and savings
bank accounts. That action consists of two separate operations:
decreasing the balance of the checking account and increasing the
balance of the savings account. Transaction atomicity guarantees
that both operations either succeed or fail together, so a system
will never be in the situation that money is deducted from the
checking account but never added to the savings account.

Consistency ensures that any database transaction brings the
database from one consistent state to another with no defined
database rules or constraints violated.
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e  [solation ensures that the changes done in the transaction are
isolated and invisible to other transactions until the transaction is
committed. By the book, transaction isolation should guarantee
that the concurrent execution of multiple transactions should bring
the system to the same state as if those transactions were executed
serially. However, in most database systems, such a requirement is
often relaxed and controlled by transaction isolation levels.

e Durability guarantees that after a transaction is committed, all
changes done by the transaction stay permanent and will survive
a system crash. SQL Server achieves durability by using write-ahead
logging, which hardens log records in transaction log
synchronously with data modifications.

The isolation requirements are the most complex to implement in multi-user
environments. Even though it is possible to completely isolate different transactions
from each other, this could lead to a high level of blocking and other concurrency issues
in systems with volatile data. SQL Server addresses this situation by introducing several
transaction isolation levels that relax isolation requirements at the cost of possible
concurrency phenomena related to read data consistency.

e Dirty reads: A transaction reads uncommitted (dirty) data from
other uncommitted transactions.

e Nonrepeatable reads: Subsequent attempts to read the same
data from within the same transaction return different results.
This data inconsistency issue arises when the other transactions
modified, or even deleted, data between the reads done by the
affected transaction.

e  Phantom reads: This phenomenon occurs when subsequent
reads within the same transaction return new rows (the ones that
the transaction did not read before). This happens when another
transaction inserted the new data in between the reads done by
the affected transaction.

Table 8-1 shows the data inconsistency issues that are possible for different
transaction isolation levels. It is worth mentioning that every isolation level resolves
write/write conflicts, preventing multiple active transactions from updating the same
rows simultaneously.

Table 8-1. Transaction Isolation Levels and Concurrency Phenomena

Isolation Level Dirty Reads Nonrepeatable Reads Phantom Reads
READ UNCOMMITTED  Yes Yes Yes
READ COMMITTED No Yes Yes
REPEATABLE READ No No Yes
SERIALIZABLE No No No
SNAPSHOT No No No
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With the exception of the SNAPSHOT isolation level, SQL Server uses locking to
address concurrency phenomena when dealing with disk-based tables. When a
transaction modifies a row, it acquires exclusive (X) locks on the row and holds it until
the end of the transaction. That exclusive (X) lock prevents other sessions from accessing
uncommitted data until the transaction is completed and the locks are released. This
behavior is also known as pessimistic concurrency.

Such behavior also means that, in the case of a write/write conflict, the last
modification wins. For example, when two transactions are trying to modify the same
row, SQL Server blocks one of them until another transaction is committed, allowing
blocked transactions to modify the data afterward. No errors or exceptions are raised;
however, changes done by the first transaction are overwritten.

In the case of disk-based tables and pessimistic concurrency, transaction isolation
levels control how a session acquires and releases shared (S) locks when reading the data.
Table 8-2 demonstrates that behavior.

Table 8-2. Transaction Isolation Levels and Shared (S) Locks Behavior with Disk-Based
Tables

Isolation Level Shared (S) Locks Behavior Comments
READ UNCOMMITTED (S)locks not acquired The transaction can see uncommitted
changes from the other sessions (dirty
reads).
READ COMMITTED (S) locks acquired and The transaction will be blocked when
released immediately it tries to read uncommitted rows

with exclusive (X) locks held by the
other sessions (no dirty reads).

REPEATABLE READ  (S)locks acquired and held Other sessions cannot modify a row
until end of transaction after it was read (no non-repeatable
reads). However, they can still insert

new rows in between reads (phantom

reads).
SERIALIZABLE Range (S) locks acquired ~ Other sessions cannot modify a row
and held until end of after it was read or insert new rows in
transaction between rows that were read (no non-

repeatable or phantom reads).

The SNAPSHOT isolation level uses a row-versioning model by creating the new
version of the row after modification. In this model, all data modifications done by other
transactions are invisible to the transaction after it starts.

Though SNAPSHOT isolation is implemented differently in disk-based and memory-
optimized tables, logically it behaves the same. A transaction will read a version of the
row valid at the time when the transaction started, and sessions do not block each other.
However, when two transactions try to update the same data, one of them will be aborted
and rolled back to resolve the write/write conflict. This behavior is known as optimistic
concurrency.
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SERIALIZABLE VS. SNAPSHOT ISOLATION LEVELS

While the SERIALIZABLE and SNAPSHOT isolation levels provide the same level of
protection against data inconsistency issues, there is a subtle difference in their
behavior with disk-based tables. A SNAPSHOT isolation level transaction sees data

as of the beginning of a transaction. With the SERIALIZABLE isolation level, the

transaction sees data as of the time when the data was accessed for the first time.

Consider the situation when a session is reading data from a disk-based table in the
middle of a transaction. If another session changed the data in that table after the
transaction started but before data was read, the transaction in the SERIALIZABLE
isolation level would see the changes, while the SNAPSHOT transaction would not.

Transaction Isolation Levels in In-Memory OLTP

In-Memory OLTP supports three transaction isolation levels: SNAPSHOT, REPEATABLE

READ, and SERIALIZABLE. However, In-Memory OLTP uses a completely different

approach to enforce data consistency rules compared to disk-based tables. Rather than
block or being blocked by other sessions, In-Memory OLTP validates data consistency
at the transaction COMMIT time and throws an exception and rolls back the transaction if

rules are violated.

Let’s look at a few examples that demonstrate this behavior. As a first step, shown in

In the SNAPSHOT isolation level, any changes done by other sessions
are invisible to the transaction. A SNAPSHOT transaction always works
with a snapshot of the data as of the time when the transaction
started. The only validation at the time of the commit is checking for
primary key violations, which is called snapshot validation.

In the REPEATABLE READ isolation level, In-Memory OLTP
validates that the rows that were read by the transaction have not
been modified or deleted by the other transactions. A REPEATABLE
READ transaction would not be able to commit if this was the case.
That action is called repeatable read validation, and it is executed
in addition to snapshot validation.

In the SERIALIZABLE isolation level, SQL Server performs repeatable
read validation and also checks for phantom rows that were possibly
inserted by the other sessions. This process is called serializable
validation, and it is executed in addition to snapshot validation.

Listing 8-1, let’s create a memory-optimized table and insert a few rows there.
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Listing 8-1. Data Consistency and Transaction Isolation Levels: Table Creation

create table dbo.HKData

(
ID int not null
constraint PK_HKData
primary key nonclustered hash with (bucket count=64),
Col int not null
)

with (memory optimized=on, durability=schema_only);
insert into dbo.HKData(ID, Col) values(1,1),(2,2),(3,3),(4,4),(5,5);

Table 8-3 shows how concurrency works in the REPEATABLE READ transaction
isolation level. It is important to note that SQL Server starts a transaction at the moment
of the first data access rather than at the time of the BEGIN TRAN statement. Therefore, the
Session 1 transaction starts when the first SELECT operator executes.

Table 8-3. Concurrency in the REPEATABLE READ Transaction Isolation Level

Session 1 Session 2 Results

begin tran
select ID, Col
from dbo.HKData
with (repeatableread)

update dbo.HKData
set Col = -2
where ID = 2

select ID, Col Return old version of arow (Col = 2).

from dbo.HKData
with (repeatableread)

commit Msg 41305, Level 16, State 0, Line 0.

The current transaction failed to
commit because of a repeatable read
validation failure.

begin tran
select ID, Col
from dbo.HKData
with (repeatableread)

insert into dbo.

HKData
values(10,10)
select ID, Col Does not return a new row (10,10).
from dbo.HKData
with (repeatableread)
commit Success.
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Asyou can see, with memory-optimized tables, other sessions are able to modify
data that is read by the active REPEATABLE READ transaction. This leads to a transaction
abort at the time of COMMIT when the repeatable read validation fails. This is completely
different behavior than that of disk-based tables, where other sessions are blocked,
unable to modify data until the REPEATABLE READ transaction successfully commits.

It is also worth noting that in the case of memory-optimized tables, the REPEATABLE READ
isolation level protects you from the phantom read phenomenon, which is not the case with
disk-based tables. The BeginTs value of the newly inserted rows would exceed the logical start
time of the active transaction (more on that later), making them invisible for the transaction.

As a next step, let’s repeat these tests in the SERIALIZABLE isolation level. You can see
the code and the results of the execution in Table 8-4.

Table 8-4. Concurrency in the SERIALIZABLE Transaction Isolation Level

Session 1 Session 2 Results

begin tran
select ID, Col
from dbo.HKData
with (serializable)

update dbo.
HKData
set Col = -2
where ID = 2

select ID, Col Return old version of arow (Col = 2).

from dbo.HKData

with (serializable)
commit Msg 41305, Level 16, State 0, Line 0.

The current transaction failed to
commit because of a repeatable read
validation failure.

begin tran
select ID, Col
from dbo.HKData
with (serializable)

insert into dbo.

HKData
values(10,10)
select ID, Col Does not return new row (10,10).
from dbo.HKData
with (serializable)
commit Msg 41325, Level 16, State 0, Line 0.

The current transaction failed to
commit because of a serializable
validation failure.
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Asyou can see, the SERIALIZABLE isolation level prevents the session from
committing a transaction when another session inserted a new row and violated the
serializable validation. Like the REPEATABLE READ isolation level, this behavior is different
from that of disk-based tables, where the SERIALIZABLE transaction successfully blocks
other sessions until the transaction is completed.

Finally, let’s repeat the tests in the SNAPSHOT isolation level. Table 8-5 shows the code

and results.

Table 8-5. Concurrency in the SNAPSHOT Transaction Isolation Level

Session 1 Session 2 Results

begin tran
select ID, Col
from dbo.HKData
with (snapshot)

update dbo.HKData

set Col = -2
where ID = 2
select ID, Col Return old version of arow (Col = 2).
from dbo.HKData
with (snapshot)
commit Success.

begin tran
select ID, Col
from dbo.HKData
with (snapshot)

insert into dbo.HKData

values(10,10)
select ID, Col Does not return new row (10, 10).
from dbo.HKData
with (snapshot)
commit Success.

The SNAPSHOT isolation level behaves in a similar manner to disk-based tables, and it
protects from the nonrepeatable reads and phantom reads phenomena. As you can guess,
it does not need to perform repeatable read and serializable validations at the commit
stage; therefore, it reduces the load on SQL Server. However, there is still snapshot
validation, which checks for primary key violations and is done in any transaction
isolation level.

Table 8-6 shows the code that leads to the primary key violation condition. In
contrast to disk-based tables, the exception is raised at the commit stage rather than at
the time of the second INSERT operation.

125



CHAPTER 8 " TRANSACTION PROCESSING IN IN-MEMORY OLTP

Table 8-6. Primary Key Violation

Session 1 Session 2 Results

begin tran
insert into dbo.HKData
with (snapshot)

(1D, Col)
values(100,100)
begin tran
insert into dbo.HKData
with (snapshot)
(1D, Col)
values(100,100)
commit Successfully commit the first
session.
commit Msg 41325, Level 16, State 1,
Line 0.

The current transaction
failed to commit because of a
serializable validation failure.

It is worth mentioning that the error number and message are the same with the
serializable validation failure even though SQL Server validated the different rule.

Write/write conflicts work the same way regardless of the transaction isolation level
in In-Memory OLTP. SQL Server does not allow a transaction to modify a row that has
been modified by other uncommitted transactions. Table 8-7 illustrates this behavior. It
uses the SNAPSHOT isolation level; however, the behavior does not change with different
isolation levels.
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Table 8-7. Write/Write Conflicts in In-Memory OLTP

Session 1 Session 2 Results

begin tran
select ID, Col
from dbo.HKData
with (snapshot)

begin tran
update dbo.HKData
with (snapshot)

set Col = -3
where ID = 2
commit
update dbo.HKData Msg 41302, Level 16, State 110, Line 1.
with (snapshot) The current transaction attempted to
set Col = -2 update a record that has been updated
where ID = 2 since this transaction started. The
transaction was aborted.
Msg 3998, Level 16, State 1, Line 1.
The uncommittable transaction is
detected at the end of the batch. The
transaction is rolled back.
The statement has been terminated.
begin tran
select ID, Col
from dbo.HKData
with (snapshot)
begin tran

update dbo.HKData
with (snapshot)

set Col = -3

where ID = 2

update dbo.HKData Msg 41302, Level 16, State 110, Line 1.
with (snapshot)

set Col = -2

where ID = 2

The current transaction attempted to
update a record that has been updated
since this transaction started. The
transaction was aborted.

Msg 3998, Level 16, State 1, Line 1.

The uncommittable transaction is
detected at the end of the batch. The
transaction is rolled back.

The statement has been terminated.

commit Successful commit of Session 2
transaction.
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Cross-Container Transactions

Any access to memory-optimized tables from interpreted T-SQL is done through the
Query Interop Engine and leads to cross-container transactions. You can use different
transaction isolation levels for disk-based and memory-optimized tables. However, not all
combinations are supported. Table 8-8 illustrates possible combinations for transaction
isolation levels in cross-container transactions.

Table 8-8. Isolation Levels Allowed for Cross-Container Transactions

Isolation Levels for Disk-Based Tables lIsolation Levels for Memory-Optimized Tables

READ UNCOMMITTED, READ COMMITTED,  SNAPSHOT, REPEATABLE READ, SERIALIZABLE
READ COMMITTED SNAPSHOT

REPEATABLE READ, SERIALIZABLE SNAPSHOT only
SNAPSHOT Not supported

Asyou already know, internal implementations of the REPEATABLE READ and
SERIALIZABLE isolation levels are very different for disk-based and memory-optimized
tables. Data consistency rules with disk-based tables rely on locking, while In-Memory
OLTP uses pre-commit validation. This leads to a situation in cross-container transactions
where SQL Server supports only the SNAPSHOT isolation levels for memory-optimized
tables, while disk-based tables require REPEATABLE READ or SERIALIZABLE isolation.

Moreover, SQL Server does not allow access to memory-optimized tables when
disk-based tables require SNAPSHOT isolation. Cross-container transactions, in a nutshell,
consist of two internal transactions: one for disk-based and another one for memory-
optimized tables. It is impossible to start both transactions at exactly the same time and
guarantee the state of the data at the moment the transaction starts.

As the general guideline, it is recommended that you use the READ COMMITTED/SNAPSHOT
combination in cross-container transactions during the regular workload. This combination
provides the minimal blocking and least pre-commit overhead and should be acceptable in a
large number of use cases. Other combinations are more appropriate during data migrations
when it is important to avoid the non-repeatable and phantom reads phenomena.

As you may have already noticed, SQL Server requires you to specify the transaction
isolation level with a table hint when you are accessing memory-optimized tables. This
does not apply to individual statements that execute outside of the explicitly started
(with BEGIN TRAN) transaction. Those statements are called autocommitted transactions,
and each of them executes in a separate transaction that is active for the duration of the
statement execution. Listing 8-2 illustrates the code with three statements. Each of them
will run in their own autocommitted transactions.
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Listing 8-2. Autocommitted Transactions

delete from dbo.HKData;
insert into dbo.HKData(ID, Col) values(1,1),(2,2),(3,3),(4,4),(5,5);
select ID, Col from dbo.HKData;

An isolation level hint is not required for statements running in autocommitted
transactions. When the hint is omitted, the statement runs in the SNAPSHOT isolation level.

SQL Server allows you to keep a NOLOCK hint while accessing memory-optimized
tables from autocommitted transactions. That hint is ignored. A READUNCOMMITTED hint,
however, is not supported and triggers an error.

There is the useful database option MEMORY_OPTIMIZED ELEVATE_TO_SNAPSHOT,
which is disabled by default. When this option is enabled, SQL Server allows you to
omit the isolation level hint in nonautocommitted transactions. SQL Server uses the
SNAPSHOT isolation level, as with autocommitted transactions, if the isolation level hint
is not specified when the MEMORY_OPTIMIZED ELEVATE_TO_SNAPSHOT option is enabled.
Consider enabling this option when you port an existing system to In-Memory OLTP and
have T-SQL code that accesses tables that become memory-optimized.

Transaction Lifetime

Although I have already discussed a few key elements used by In-Memory OLTP to
manage data access and the concurrency model, let's review them here.

®  Global Transaction Timestamp is an auto-incremented value that
uniquely identifies every transaction in the system. SQL Server
increments and obtains this value at the transaction commit stage.

e  Everyrow has BeginTs and EndTs timestamps, which correspond
to the Global Transaction Timestamp of the transaction that
created or deleted this version of a row.

When a new transaction starts, In-Memory OLTP generates a TransactionId value,
which uniquely identifies the transaction. Moreover, In-Memory OLTP assigns the logical
start time for the transaction, which represents the Global Transaction Timestamp
value when the transaction starts. It dictates what version of the rows is visible to the
transaction. The logical start time should be in between the BeginTs and EndTs values for
the row to be visible.

When the transaction issues a COMMIT statement, In-Memory OLTP increments the
Global Transaction Timestamp value and assigns it to the transaction logical end time.
The logical end time will become BeginTs for the rows inserted and EndTs for the rows
deleted by the transaction after it is committed.

Figure 8-1 shows the lifetime of a transaction that works with memory-optimized tables.
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COMMIT request.

— Global Transaction Timestamp is incremented.
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Figure 8-1. Transaction lifetime

When a transaction needs to delete a row, it updates the EndTs timestamp with the
Transactionld value. The insert operation creates a new row with the BeginTs value of
TransactionId and the EndTs value of Infinity. Finally, the update operation consists of
delete and insert operations internally. It is also worth noting that during data modification,
transactions raise an error if there are any uncommitted versions of the rows they were
modifying. It prevents write/write conflicts when multiple sessions modify the same data.

When the other transaction, called Tx1, encounters uncommitted rows with
TransactionId in the BeginTs or EndTs timestamps (TransactionId has a flag that
indicates such a condition), it checks the status of the transaction with TransactionId. If
that transaction is committing and the logical end time is already set, those uncommitted
rows may become visible for the Tx1 transaction, which leads to a situation called commit
dependency. Tx1 is not blocked; however, it does not return data to the client nor commit
until the original transaction on which it has a commit dependency commits itself. I will
talk about commit dependencies shortly.

Let’s look at the transaction lifetime in detail. Figure 8-2 shows the data rows after
you create and populate the dbo.HKData table in Listing 8-1, assuming that the rows were
created by a transaction with a Global Transaction Timestamp value of 5. (The hash index
structure is omitted for simplicity’s sake.)

L 5 1] 1 | 5, [3] 3] [ 5 [s] s
=T ETEm
5« 2| 2 5, o 4| 4

Figure 8-2. Data in the dbo.HKData table after insert

Let’s assume you have a transaction that started at the time when the Global
Transaction Timestamp value was 9 and TransactionId generated as -8. (I am using
anegative value for TransactionId to illustrate the difference between two types of
timestamps in the figures.)
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Let’s assume that the transaction performs the operations shown in Listing 8-3. The
explicit transaction has already started, and the BEGIN TRAN statement is not included in
the listing. All three statements are executing in the context of a single active transaction.

Listing 8-3. Data Modification Operations

insert into dbo.HKData with (snapshot) (ID, Col) values(10,10);
update dbo.HKData with (snapshot) set Col = -2 where ID = 2;
delete from dbo.HKData with (snapshot) where ID = 4;

Figure 8-3 illustrates the state of the data after data modifications. An INSERT
statement created a new row, a DELETE statement updated the EndTs value in the row with
ID=4, and an UPDATE statement changed the EndTs value of the row with ID=2 and created
a new version of the row with the same ID.

| 5, o ] [ 1 1 ! [ 5[ s
| H“"\\Tl I Deleted Row
-8, o 2| -2 &

Inserted Row

wpdstedRow (5 P o T 3 Ja N /[ mm | (0] 10}
Del || Ins || Del || Ins ||
Transactionld: -8 |

Logical Start Time: 9
Logical End Time: N/A

(New Version)

Updated Row
(Old Version)

Write Set

Figure 8-3. Data in the dbo.HKData table after modifications

It is important to note that the transaction maintains a write set, or pointers to
rows that have been inserted and deleted by a transaction, which is used to generate
transaction log records.

In addition to the write set, in the REPEATABLE READ and SERIALIZABLE isolation
levels, transactions maintain a read set of the rows read by a transaction and use it for
repeatable read validation. Finally, in the SERTALIZABLE isolation level, transactions
maintain a scan set, which contains information about predicates used by the queries in
the transaction. The scan set is used for serializable validation.

When a COMMIT request is issued, the transaction starts the validation phase. First, it
auto-increments the current Global Transaction Timestamp value, which becomes the
logical end time of the transaction. Figure 8-4 illustrates this state, assuming that the new
Global Transaction Timestamp value is 11. Note that the BeginTs and EndTs timestamps
in the rows still have TransactionId at this stage.
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Figure 8-4. Start of validation phase

At this moment, the rows modified by transactions become visible to other
transactions in the system even though the transaction has yet to be committed, which
can lead to commit dependencies. Again, I will talk about them shortly.

As the next step, SQL Server performs several validations based on the isolation level
of the transaction, as shown in Table 8-9.

Table 8-9. Validations Done in the Different Transaction Isolation Levels

Snapshot Validation Repeatable Read Validation  Serializable

Validation
Checking for primary Checking for nonrepeatable  Checking for
key violations reads phantom reads
SNAPSHOT Yes No No
REPEATABLE Yes Yes No
READ
SERIALIZABLE Yes Yes Yes

Important Repeatable read and serializable validations add overhead to the system.
Do not use REPEATABLE READ and SERIALIZABLE isolation levels unless you have a
legitimate use case for such data consistency.

After the required rules have been validated, the transaction waits for the commit
dependencies to clear and the transaction on which it depends to commit. If those
transactions fail to commit for any reason (for example, the validation rules are violated),
the dependent transaction is also be rolled back, and an error 41301 is generated.

Figure 8-5 illustrates a commit dependency scenario. Transaction Tx2 can access
uncommitted rows from transaction Tx1 during Tx1 validation and commit phases;
therefore, Tx2 has a commit dependency on Tx1. After the Tx2 validation phase is
completed, Tx2 has to wait for Tx1 to commit and the commit dependency to clear before
entering the commit phase.
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Figure 8-5. Commit dependency: successful commit

If Tx1, for example, failed to commit because of serializable validation violation, Tx2
would be rolled back with error 41301, as shown in Figure 8-6.

Serializable
COMMIT Validation
Request Failed
— —— Error 41325
Tx1 | Regular Workload | Validation Rollback —
COMMIT :
Request ! : Error 41301

sz[ Regular Work’fload Validation Commit Dependency Rollback |/

Accessing Al
Uncommitted Tx2 is Waiting for Tx1 to Commit.
Data from Tx1
_ AN
| Transaction Lifetime /‘>

Figure 8-6. Commit dependency: validation error

Note Commit dependency is technically a case of blocking in In-Memory OLTP.
However, the validation and commit phases of the transactions are relatively short, and that
blocking should not be excessive.

SQL Server allows a maximum of eight commit dependencies on a single transaction.
When this number is reached, other transactions that try to take a dependency would fail
with error 41839.
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Note You can track commit dependencies using the dependency_acquiredtx_event
and waiting for dependenciestx_event extended events.

When all commit dependencies are cleared, the transaction moves to the commit phase,
generates one or more log records, and saves them to the transaction log, moving to the
post-commit phase afterward. I will talk about transaction logging in more detail in Chapter 10.

At the post-commit phase, the transaction replaces the BeginTs and EndTs
timestamps with the logical end time value and decrements commit dependency counters
in the dependent transactions. Figure 8-7 illustrates the final state of the transaction.
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Figure 8-7. Completed transaction

Finally, when the transaction is rolled back either because of an explicit ROLLBACK
command or because of validation violation, In-Memory OLTP resets the EndTs
timestamp of the deleted rows to infinity. The new versions of the rows inserted by the
transaction become ghosted. They will be deallocated by the regular garbage collection
process, which I will discuss in Chapter 11,

Referential Integrity Enforcement

It is impossible to enforce referential integrity in a pure SNAPSHOT isolation level because
transactions are completely isolated from each other. Consider the situation when a
transaction deletes a row that is referenced by a newly inserted row in another transaction
that started after the original one. SNAPSHOT isolation level would prevent transactions to
see the changes, which would violate referential integrity.

In-Memory OLTP addresses this problem by maintaining read and/or scan sets in
the SNAPSHOT isolation level for the tables and queries that were affected by referential
integrity validation. In contrast to REPEATABLE READ and SERIALIZABLE transactions,
those sets are maintained only for affected tables rather than for entire transactions. They,
however, would include all rows that were read and predicates that were applied during
the referential integrity check.
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This behavior can lead to issues when the referencing table does not have an index
on the foreign key column (or columns). Similar to disk-based tables, SQL Server will
have to scan the entire referencing (detail) table when you delete a row in the referenced
(master) table. In addition to a performance impact, the transaction will maintain the
read set, which includes all rows it read during the scan, regardless of whether those rows
referenced a deleted row or not. If any other transactions update or delete any rows from
the read set, the original transaction would fail with a repeatable read rule violation error.

Let’s look at the example and create two tables with the code in Listing 8-4.

Listing 8-4. Referential Integrity Validation: Tables Creation

create table dbo.Branches

(
BranchId int not null
constraint PK_Branches
primary key nonclustered hash with (bucket_count = 4)
)
with (memory optimized = on, durability = schema_only);
create table dbo.Transactions
(
TransactionId int not null
constraint PK_Transactions
primary key nonclustered hash with (bucket count = 4),
BranchId int not null
constraint FK_Transactions_Branches
foreign key references dbo.Branches(Branchld),
Amount money not null
)

with (memory optimized = on, durability = schema only);

insert into dbo.Branches(BranchId) values(1),(10);
insert into dbo.Transactions(Transactionld,BranchId,Amount)
values(1,1,10),(2,1,20);

The dbo.Transactions table has a foreign key constraint referencing the dbo.
Branches table. There are no rows, however, referencing the row with BranchId = 10.
As the next step, let’s run the code shown in Listing 8-5, deleting this row and leaving the
transaction active.

Listing 8-5. Referential Integrity Validation: First Session Code

begin tran
delete from dbo.Branches with (snapshot) where BranchId = 10;

The DELETE statement would validate the foreign key constraint and would complete
successfully. The dbo.Transactions table, however, does not have an index on the
BranchId column, and the validation will require you to scan the entire table, as you can
see in Figure 8-8.
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Figure 8-8. Referential integrity validation: execution plan of DELETE statement

At this time, all rows from the dbo.Transactions table would be included to the
transaction read set. If another session updated one of the rows from the read set with the
code shown in Listing 8-6, it would succeed, and the first session would fail to commit
with a repeatable read rule violation error.

Listing 8-6. Referential Integrity Validation: Second Session Code

update dbo.Transactions with (snapshot)
set Amount = 30
where TransactionId = 2;

Important Similar to disk-based tables, you should always create an index on the
foreign key columns in the referencing table to avoid this problem.

Summary

In-Memory OLTP supports three transaction isolation levels, SNAPSHOT, REPEATABLE
READ, and SERIALIZABLE. In contrast to disk-based tables, where nonrepeatable and
phantom reads are addressed by acquiring and holding the locks, In-Memory OLTP
validates data consistency rules at the transaction commit phase. An exception will be
raised and the transaction will be rolled back if rules are violated.

Repeatable read and serializable validations add overhead to transaction processing.
It is recommended that you use the SNAPSHOT isolation level during a regular workload
unless you require REPEATABLE READ or SERIALIZABLE data consistency.

SQL Server performs repeatable read and serializable validations to enforce
referential integrity in the system. Always create an index on the foreign key columns in
the referencing tables to improve performance and avoid validation errors.

You can use different transaction isolation levels for disk-based and memory-
optimized tables in cross-container transactions; however, not all combinations are
supported. The recommended practice is to use the READ COMMITTED isolation level for
disk-based tables and the SNAPSHOT isolation level for memory-optimized tables.
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SQL Server does not require you to specify the transaction isolation level when you
access memory-optimized tables through the Interop Engine in autocommitted (single
statement) transactions. SQL Server automatically promotes such transactions to the
SNAPSHOT isolation level. However, you should specify an isolation level hint when a
transaction is explicitly started with the BEGIN TRAN statement. You can avoid this by
enabling the MEMORY_OPTIMIZED ELEVATE_TO_SNAPSHOT database option. This option is
useful when you port the existing system to use In-Memory OLTP.
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CHAPTER 9

In-Memory OLTP
Programmability

This chapter focuses on the programmability aspects of the In-Memory OLTP Engine in
SQL Server. It describes the process of native compilation, and it provides an overview
of the natively compiled modules and T-SQL features that are supported in In-Memory
OLTP. Finally, this chapter compares the performance of several use cases that work with
the data in memory-optimized tables using natively compiled modules and interpreted
T-SQL with the Interop Engine.

Native Compilation Overview

As you already know, memory-optimized tables can be accessed from regular T-SQL code
using the Query Interop Engine. This approach is very flexible. As long as you work within
the supported feature set, the location of the data is transparent. The code does not

need to know, nor does it need to worry about, whether it works with disk-based or with
memory-optimized tables.

Unfortunately, this flexibility comes at a cost. T-SQL is an interpreted and CPU-intensive
language. Even a simple T-SQL statement requires thousands, and sometimes millions,
of CPU instructions to execute. Even though the in-memory data location speeds up
data access and eliminates latching and locking contentions, the overhead of T-SQL
interpretation sets limits on the level of performance improvements achievable with
In-Memory OLTP.

Note The native compilation does not help in operational analytics scenarios.
Columnstore indexes can be utilized only in query interop mode.

In practice, it is common to see a system throughput increase of two to four times
when memory-optimized data is accessed through the Interop Engine. To improve
performance even further, In-Memory OLTP utilizes native compilation. As a first step, it
converts any row-data manipulation and access logic into C code, which is compiled into
DLLs and loaded into SQL Server’s process memory. These DLLs (one per table) consist
of native CPU instructions, and they execute without any further code interpretation
overhead of T-SQL statements.
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Consider the simple situation where you need to read the value of a fixed-length
column from a data row. In the case of disk-based tables, SQL Server obtains the starting
offset and length of the column from the system catalogs, and it performs the required
manipulations to convert the sequence of bytes to the required data type. With memory-
optimized tables, the DLL already knows the column offset and data type. SQL Server can
read data from a predefined offset in a row using a pointer of the correct data type without
any further overhead involved. As you can guess, this approach dramatically reduces the
number of CPU instructions required for the operation.

On the flip side, this approach brings some limitations. You cannot change the
format of a row after the DLL is generated. The compiled code would not know anything
about the changes. This problem is more complicated than it seems, and a simple
recompilation of the DLL does not address it.

Again, consider the situation where you need to add another nullable column to a
table. This is a metadata-level operation for disk-based tables, which does not change the
data in existing table rows. T-SQL would be able to detect that column data is not present
by analyzing the various data row properties at runtime.

The situation is far more complicated in the case of memory-optimized tables and
natively compiled code. It is easy to generate a new version of the DLL that knows about
the new data column; however, that is not enough. The DLL needs to handle different
versions of rows and different data formats depending on the presence of column data.
While this is technically possible, it adds extra logic to the DLL, which leads to additional
processing instructions, which slows data access. Moreover, the logic to support multiple
data formats remains in the code forever, degrading performance even further with each
table alteration.

As you already know, SQL Server addresses it by rebuilding the table in the
background. Table alteration generates the new version of the DLL and the new table
objects, converting the data rows to the new format. I will talk more about this process in
the next chapter.

To reduce the overhead of the T-SQL interpretation even further, the In-Memory
OLTP Engine allows you to perform native compilation of T-SQL modules, such as
the stored procedures, scalar user-defined functions, and triggers. These modules are
compiled in the same way as table-related DLLs and are also loaded into the SQL Server
process memory.

Native compilation utilizes both the SQL Server and In-Memory OLTP engines. As a
first step, SQL Server parses the T-SQL code and, in the case of T-SQL modules, generates
an execution plan using the Query Optimizer. At the end of this stage, SQL Server
generates a structure called a mixed abstract tree (MAT), which represents metadata,
imperative logic, expressions, and query plans. I will discuss how SQL Server optimizes
natively compiled modules later in this chapter.

As a next step, In-Memory OLTP transforms MAT to another structure called a pure
imperative tree (PAT), which is used to generate source code that is compiled and linked
into the DLL.
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Figure 9-1 illustrates the process of native compilation in SQL Server.
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Figure 9-1. Native compilation in SQL Server

The code generated for native compilation uses the plain C language and is very
efficient. It is hard to read, however. For example, every method is implemented as a
single function, which does not call other functions but rather implements its code inline
using GOTO as a control flow statement. The intention has never been to generate human-
readable code; it is used as the source for native compilation only.

Binary DLL files are not persisted in a database backup. SQL Server re-creates
table-related DLLs on database startup and module-related DLLs at the time of the first
call. This approach mitigates security risks from hackers, who can substitute DLLs with
malicious copies. It is important to remember this behavior because it can add overhead
at database startup time and change the execution plans of natively compiled modules
after a database restart.

141



CHAPTER 9 ' IN-MEMORY OLTP PROGRAMMABILITY

Tip  Natively compiled modules are usually faster than interpreted T-SQL ones.
However, their compilation time can be significantly longer compared to T-SQL modules.
You should remember this behavior and avoid using extremely short timeouts in natively
compiled module calls.

SQL Server places binary DLLs and all other native compilation-related files in an
XTP subfolder under the main SQL Server data directory. It groups files on a per-database
basis by creating another level of subfolders. Figure 9-2 shows the content of the folder for
the database (with an ID of 9), which contains several In-Memory OLTP objects.
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Figure 9-2. Folder with natively compiled objects

All the file names start with the prefix xtp_ followed either by a p (stored procedure,
scalar function, or trigger) or by a t (table), which indicates the object type. The two last
parts of the name include the database and object IDs for the object.

File extensions determine the type of the file, as shown here:

e *.mat.xml files store an XML representation of the MAT structure.
e *_cfiles are the source file generated by the C code generator.
e  *,obj are the object files generated by the C compiler.

e *.pub are symbol files produced by the C compiler.
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e  *, out arelog files from the C compiler.

e  *,d11 are natively compiled DLLs generated by the C linker.
Those files are loaded into SQL Server memory and used by the
In-Memory OLTP engine.

Tip You can open and analyze the C source code and XML MAT in the text editor
application to get a sense of the native compilation process.

Listing 9-1 shows how to obtain a list of natively compiled objects loaded into
SQL Server memory. It also returns the list of tables and stored procedures from the
database to show the correlation between a DLL file name and object IDs.

Listing 9-1. Obtaining a List of Natively Compiled Objects Loaded into SQL Server
Memory

select
s.name + '.' + o.name as [Object Name]
,0.0object _id
from
(
select schema_id, name, object_id
from sys.tables
where is memory optimized = 1
union all
select schema_id, name, object_id
from sys.procedures
) o join sys.schemas s on
o.schema_id = s.schema_id;

select base_address, file version, language, description, name
from sys.dm_os_loaded modules
where description = 'XTP Native DLL';

Figure 9-3 illustrates the output of the code.

Object Name object_id
1 dbo.WebRequests_Memory { 565577053 ]
2 dbo WebRequestHeaders Memory 613577224
3 dbo.WebRequestParams_Memory 645577338
4 dbo InsertRequestinfo_NativelyCompiled ~ 633577509

| _I_:rase_address language  description name
i 67699940 XTP Native DLL  C:A\DB'xtp\9'dp_t_9) 565577053 |182879714400787 dI
x00007FFFBC520000 67639940 XTP Native DLL  C:\DB'wp\9'wdp_t_9_613577224_182875714401132.dll

(<00007FFFES2E0000 67699940 XTP Native DLL  C:\DB'«dp'\S'odp_t_9_645577338_182875714401367 dI
(<00007FFFBCS00000 67699940 XTP Native DLL  C:\DB'wtp\9'wtp_p_9_693577509_182879714401603 dI

- W N -

Figure 9-3. Natively compiled objects loaded into SQL Server memory
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Natively Compiled Modules

Natively compiled modules are the stored procedures, scalar user-defined functions,
and triggers that are compiled into native code. They are extremely efficient, and they
can provide major performance improvements when working with memory-optimized
tables, compared to interpreted T-SQL statements, which access those tables through the
query interop component.

Note In this chapter, | will reference regular interpreted (non-natively compiled)
modules as T-SQL modules.

Natively Compiled Stored Procedures

You can create natively compiled stored procedures using the regular CREATE PROCEDURE
statement and T-SQL language. However, those procedures have several additional
options that need to be specified. Listing 9-2 shows the structure of natively compiled
stored procedures along with those options.

Listing 9-2. Natively Compiled Stored Procedure Structure

create proc dbo.NativelyCompiledProc

(
/* Parameters */
@Param1 int not null = 1
,@Param2 int
)
with
native_compilation -- Indicates natively compiled SP
»schemabinding -- Required
,execute as owner -- Optional security context
as

-- Natively compiled SPs are executed as atomic blocks
-- (all or nothing)
begin atomic with

(
transaction isolation level = snapshot -- Required
,language = N'English’ -- Required
,delayed durability = off -- Optional
,datefirst = 7 -- Optional
,dateformat = 'mdy’ -- Optional

)
/* Stored Procedure Body */

end
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You can define the parameters of natively compiled stored procedures the same way
as with T-SQL procedures. However, natively compiled stored procedures allow you to
specify whether parameters are required and must be provided at the time of a call using
the NOT NULL construct in the definition. SQL Server raises an error if you do not provide
their values at the time of the call.

Important It is recommended that you avoid type conversion and do not use named
parameters when you call natively compiled stored procedures. It is more efficient to use the
exec Proc value [..,value] calling format rather than the exec Proc @Param=value
[..,@Param=value] calling format.

You can detect inefficient parameterization with the hekaton_slow_parameter parsing
extended event.

All natively compiled modules must be schema bound and could have an optional
security context specified. It is better to avoid the EXECUTE AS CALLER context because it
adds the overhead of per-statement permission checks during the execution.

Note You can read about execution context at https://docs.microsoft.com/en-us/
sql/t-sql/statements/execute-as-clause-transact-sql.

Two other required options include the transaction isolation level and the language
setting, which controls a message’s language and default date format. Natively compiled
modules do not use the runtime SET LANGUAGE session option, relying on the LANGUAGE
setting instead.

You can control the date format, first day of the week, and delayed durability of a
stored procedure using the DATEFORMAT, DATEFIRST, and DELAYED_DURABILITY settings,
respectively.

Note Delayed durability is a SQL Server feature that controls how SQL Server hardens
log records, flushing them from the log buffer to the transaction log. Enabling delayed
durability can help to improve transaction throughput in very busy OLTP systems at the cost
of a possible small data loss in the event of an unexpected SQL Server shutdown or crash.

You can read more about delayed durability at https://docs.microsoft.com/en-us/sql/
relational-databases/logs/control-transaction-durability.You can also read
about it in Chapter 30 of my Pro SQL Server Internals book.

Natively compiled modules are executed as atomic blocks, which is an “all or
nothing” approach; either all statements in the procedure succeed or all of them fail.
I'will discuss how atomic blocks work later in the chapter.
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Natively Compiled Triggers and User-Defined Functions

SQL Server allows you to create natively compiled DML triggers on memory-optimized
tables and scalar user-defined functions. As with natively compiled stored procedures,
these modules cannot access disk-based objects.

Listing 9-3 shows the code that creates both types of objects.

Listing 9-3. Natively Compiled Trigger and User-Defined Function

create trigger NativelyCompiledTrigger on dbo.MemoryOptimizedTable
with native_compilation, schemabinding
after insert
as
begin atomic with
(
transaction isolation level = snapshot
,language = N'English’

)
if @@rowcount = 0
return;
/* Trigger Body */
end
go

create function dbo.NativelyCompiledScalarFunction(@Parami int not null)
returns int
with native_compilation, schemabinding
as
begin atomic with
(
transaction isolation level = snapshot
,language = N'us_english’

)
declare
@Result int = 0
/* Function Body */
return @Result;
end

As with T-SQL triggers and scalar user-defined functions, you should consider the
overhead those modules introduce. You will look at performance overhead of user-defined
functions later in the chapter.

You can also mark inline table-valued functions as natively compiled. However,
they behave differently than other modules. When you mark those functions as natively
compiled, SQL Server just validates that they are using the language constructs supported
by native compilation. The functions are not actually compiled but rather embedded into
the other natively compiled modules that reference them.
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When you call natively compiled inline table-valued functions from T-SQL via
Query Interop, SQL Server treats them as the regular T-SQL inline table-valued functions,
embedding their statement to the referenced query.

Listing 9-4 illustrates a natively compiled inline table-valued function. As you can
guess, you do not need to specify that the function executes as the atomic block.

Listing 9-4. Natively Compiled Inline Table-Valued Function

create function dbo.NativeCompiledInlineTVF(@Param datetime)
returns table

with native_compilation, schemabinding

as

return

select count(*) as Result
from dbo.MemoryOptimizedTable
where DateCol >= @Param

You can define the natively compiled module body pretty much the same way as
regular T-SQL modules. However, the natively compiled modules support only a limited
set of T-SQL constructs. Let’s look at the supported features and limitations in different
T-SQL areas in detail.

Supported T-SQL Features

One of the biggest limitations of natively compiled modules is that they can access only
memory-optimized tables. The only option to join data from memory-optimized and
disk-based tables is to use the interpreted T-SQL and the Interop Engine.

There are other limitations you need to remember. Natively compiled code does not
support parallelism and always has serial execution plans. Nor can it access and scan the
tables with the varheap Table Scan operator. The table scan is implemented as a scan of
one of the indexes.

The following T-SQL features and constructs are supported in SQL Server 2016 and
can be used with native compilation.

Control Flow

The following control flow options are supported:
e IFand WHILE.
e  Assigning a value to a variable with the SELECT and SET operators.
e  RETURN.

e  TRY/CATCH/THROW (RAISERROR is not supported). It is
recommended that you use a single TRY/CATCH block for the entire
stored procedure for better performance.
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It is possible to declare variables as NOT NULL as long as they have
an initializer as part of the DECLARE statement.

The nested execution is supported. For example, a natively
compiled stored procedure can call another natively compiled
procedure or function.

The CASE statement is not supported in SQL Server 2016. It will be
supported, however, in SQL Server 2017.

Operators

The following operators are supported:

Comparison operators, such as =, <, <=, >, >=, <>, and BETWEEN.

Unary and binary operators, such as +, -, *, /, and %. Note that +
operators are supported for both numbers and strings.

Bitwise operators, such as &, |, ~, *.
Logical operators, such as AND, OR, and NOT.
IN, BETWEEN, and EXISTS operators.

Query Surface Area

The following query surface area functions are supported:
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SELECT, INSERT, UPDATE, and DELETE operators.
SELECT DISTINCT operator.
OUTPUT clause with INSERT, UPDATE, and DELETE operators.

CROSS JOIN, INNER JOIN, LEFT OUTER JOIN, and RIGHT OUTER
JOIN are supported. All joins are implemented as LOOP JOIN
internally. Neither MERGE JOIN nor HASH JOIN is supported.
Finally, you can use joins only with the SELECT operator.

Expressions in the SELECT list and the WHERE and HAVING clauses
are supported as long as they use supported operators.

You can use subqueries in FROM and WHERE clauses and scalar
subqueries in a SELECT clause.

IS NULL and IS NOT NULL.

GROUP BY is supported with the exception of grouping by string or
binary data.
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TOP and ORDER BY. However, you cannot use WITH TIES and
PERCENT in the TOP clause. Moreover, the TOP operator is limited
to 8,192 rows when the TOP <constant> is used, or even a lesser
number of rows in the case of joins. You can address this last
limitation by using a TOP <variable> approach. However, it is
less efficient in terms of performance. It is also worth mentioning
that TOP (N) WITH TIES will be supported in SQL Server 2017.

INDEX, FORCESCAN, FORCESEEK, FORCE ORDER, INNER LOOP JOIN,
and OPTIMIZE FOR hints.

Built-in Functions

The following built-in functions are supported:

All math functions are supported.

Date/time functions: CURRENT_TIMESTAMP, DATEADD,

DATEDIFF, DATEFROMPARTS, DATEPART, DATETIME2FROMPARTS,
DATETIMEFROMPARTS, DAY, EOMONTH, GETDATE, GETUTCDATE, MONTH,
SMALLDATETIMEFROMPARTS, SYSDATETIME, SYSUTCDATETIME, and
YEAR.

String functions: LEN, LTRIM, RTRIM, and SUBSTRING. SQL Server 2017
will also support TRIM, TRANSLATE, and CONCAT _WS.

Error functions: ERROR_LINE, ERROR_MESSAGE, ERROR_NUMBER,
ERROR_PROCEDURE, ERROR_SEVERITY, and ERROR_STATE.

Security functions: IS_MEMBER, IS_ROLEMEMBER, IS _
SRVROLEMEMBER, ORIGINAL_LOGIN, SESSION_USER, CURRENT_USER,
SUSER_ID, SUSER_SID, SUSER_SNAME, SYSTEM_USER, SUSER_NAME,
USER, USER_ID, USER_NAME, and CONTEXT_INFO.

NEWID and NEWSEQUENTIALID.

CAST and CONVERT. However, it is impossible to convert between a
non-Unicode and a Unicode string.

ISNULL.
SCOPE_IDENTITY.
@@SPID.

You can use @ROWCOUNT within a natively compiled module;
however, its value is reset to 0 at the beginning and end of the
module.

149



CHAPTER 9 ' IN-MEMORY OLTP PROGRAMMABILITY

Atomic Blocks

Natively compiled modules execute as atomic blocks, which is an “all or nothing”
approach; either all statements in the module succeed or all of them fail.

When a natively compiled module is called outside of the context of an active
transaction, it starts a new transaction and either commits or rolls it back at the end of the
execution.

In cases where a module is called in the context of an active transaction, SQL Server
creates a savepoint at the beginning of the module’s execution. In the case of an error in
the module, SQL Server rolls back the transaction to the created savepoint. Based on the
severity and type of the error, the transaction is either going to be able to continue and
commit or become doomed and uncommittable.

Let’s create a memory-optimized table and natively compiled stored procedure, as
shown in Listing 9-5.

Listing 9-5. Atomic Blocks and Transactions: Object Creation

create table dbo.MOData

(
ID int not null
primary key nonclustered
hash with (bucket count=16),
Value int null
)

with (memory optimized=on, durability=schema only);

insert into dbo.MOData(ID, Value)
values(1,1), (2,2);
go

create proc dbo.AtomicBlockDemo
(
@ID1 int not null
,@aluel bigint not null
,@ID2 int
,@alue2 bigint
)
with native_ compilation, schemabinding, execute as owner
as
begin atomic
with
(
transaction isolation level = snapshot
,language=N'English'

update dbo.MOData set Value = @Valuel where ID = @ID1;

if @ID2 is not null
update dbo.MOData set Value = @Value2 where ID = @ID2;
end;
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At this point, the dbo.MOData table has two rows with the values (1,1) and (2,2).Asa
first step, let’s start the transaction and call a stored procedure twice, as shown in Listing 9-6.

Listing 9-6. Atomic Blocks and Transactions: Calling a Stored Procedure

begin tran
exec dbo.AtomicBlockDemo 1, -1, 2, -2;
exec dbo.AtomicBlockDemo 1, 0, 2, 999999999999999;

The first call of the stored procedure succeeds, while the second call triggers an
arithmetic overflow error, as shown here:

Msg 8115, Level 16, State 0, Procedure AtomicBlockDemo, Line 49
Arithmetic overflow error converting bigint to data type int.

You can check that the transaction is still active and committable with this select:
SELECT @@TRANCOUNT as [@@TRANCOUNT], XACT STATE() as [XACT_STATE()].Itreturns
the following results:

@@TRANCOUNT XACT STATE()

If you commit the transaction and check the content of the table, you will see that the
data reflects the changes caused by the first stored procedure call. Even though the first
update statement from the second call succeeded, SQL Server rolled it back because the
natively compiled stored procedure executed as an atomic block. You can see the data in
the dbo.MOData table.

1D Value
1 -1
2 -2

As a second example, let’s trigger a critical error, which dooms the transaction,
making it uncommittable. One such situation is a write/write conflict, when multiple
sessions are trying to update the same rows. You can trigger it by executing the code in
Listing 9-7 in two different sessions.

Listing 9-7. Atomic Blocks and Transactions: Write/Write Conflict

begin tran
exec dbo.AtomicBlockDemo 1, 0, null, null;
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When you run the code in the second session, it triggers the following exception:

Msg 41302, Level 16, State 110, Procedure AtomicBlockDemo, Line 13

The current transaction attempted to update a record that has been updated
since this transaction started. The transaction was aborted.

Msg 3998, Level 16, State 1, Line 1

Uncommittable transaction is detected at the end of the batch. The
transaction is rolled back.

If you check @@TRANCOUNT in the second session, you will see that SQL Server
terminates the transaction.

@@TRANCOUNT

Asyou can see, when the atomic block executes in the context of the active transaction,
severe errors in the atomic block roll back the entire transaction while noncritical errors roll
back transaction to the savepoint that corresponds to the beginning of the block.

Finally, it is worth mentioning that atomic blocks are an In-Memory OLTP feature
and are not supported in T-SQL stored procedures.

Optimization of Natively Compiled Modules

Interpreted T-SQL stored procedures and other modules are compiled at the time of the
first execution. Additionally, they can be recompiled after they are evicted from the plan
cache and in a few other cases, such as outdated statistics, changes in database schema,
or recompilations, which are explicitly requested in the code.

This behavior is different from natively compiled modules, which are compiled at
creation time. They are never automatically recompiled, only with the exception of a
SQL Server or database restart. In these cases, recompilation occurs at the time of the
first call. It is also worth noting that the DBCC FREEPROCCACHE command does not force
recompilation of natively compiled modules.

SQL Server does not sniff parameters at the time of compilation, optimizing
statements for UNKNOWN values. It uses memory-optimized table statistics during
optimization, which may or may not be up-to-date. The execution plan will not change
until the module is recompiled, either explicitly or the after database restart.

Fortunately, cardinality estimation errors have a smaller impact on the performance
in the case of natively compiled modules. Contrary to disk-based tables, where such
errors can lead to highly inefficient plans because of an incorrect index choice and,
therefore, a high number of Key or RID Lookup operations, all indexes in memory-
optimized tables reference the same data row and, in a nutshell, are covering indexes for
in-row columns. Moreover, errors will not affect the choice of join strategy—the nested
loop is the only join type supported in natively compiled modules.
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Outdated statistics at the time of compilation, however, can still lead to inefficient
plans. One such example is a query with multiple predicates on indexed columns. SQL
Server needs to know the index’s selectivity to choose the most efficient one. Another
example is the incorrect choice of inner and outer input for the nested loop join, which
you saw in Chapter 4.

It is better to recompile natively compiled modules if the data in the table has
significantly changed. You can do it in two different ways—either by altering the module
or by using the sp_recompile stored procedure.

The internal implementation and impact of those methods are different. The
sp_recompile stored procedure just marks the natively compiled module as obsolete.
The first call of the module will trigger the recompilation, similarly to what happens after
database startup. The session that triggers recompilation and all other sessions calling the
module during recompilation will be blocked until the compilation is completed.

The module alteration, on the other hand, works differently. SQL Server recompiles
the module in the background, allowing other sessions to use the old version of the code
during this time. After compilation is completed, SQL Server waits for all sessions that are
running the old code to finish and replaces the code in memory afterward. Even though
there is still blocking during the final module replacement phase, there is no blocking
during the compilation, which typically takes a significant amount of time. Therefore,
module alteration introduces less impact on the workload compared to the sp_recompile
call, and it is the recommended approach to alter the modules in busy systems.

Tip Consider updating the statistics in the tables referenced from natively compiled
modules before module recompile or alteration.

Finally, it is worth mentioning that the presence of natively compiled modules
requires you to adjust the deployment process in the system. It is common to create all
database schema objects, including tables and modules, at the beginning of deployment.
While the time of deployment does not matter for T-SQL modules, such a strategy
compiles natively compiled modules when the database tables are empty. You should
recompile (re-create) natively compiled modules later, after the tables are populated with
data and statistics are up-to-date.

Interpreted T-SQL and Memory-Optimized Tables

The Query Interop component provides transparent, memory-optimized table access to
interpreted T-SQL code. In interpreted mode, SQL Server treats memory-optimized tables
pretty much the same way as disk-based tables. It optimizes queries and caches execution
plans, regardless of where the table is located. The same set of operators is used during
query execution. From a high level, when the operator’s GetRow() method is called, it is
routed either to the Storage Engine or to the In-Memory OLTP Engine, depending on the
underlying table type.

Most T-SQL features are supported in interpreted mode. There are still a few
exceptions, however.
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TRUNCATE TABLE.
e  The MERGE operator with memory-optimized table as the target.
e  Context connection from CLR code.

e  Referencing memory-optimized tables in indexed views. You
can reference memory-optimized tables in partitioned views,
combining data from memory-optimized and disk-based tables.

e  DYNAMIC and KEYSET cursors, which are automatically
downgraded to STATIC.

e Cross-database queries and transactions.
e Linked servers.

Asyou can see, the list of limitations is pretty small. However, the flexibility of query
interop access comes at a cost. Natively compiled modules are usually more efficient
compared to their interpreted T-SQL counterparts. In some cases, such as joins between
memory-optimized and disk-based tables, query interop is the only choice; however, it is
usually preferable to use natively compiled modules when possible.

Performance Comparison

Let’s run several tests comparing the performance of several use cases that work with
memory-optimized tables using natively compiled and T-SQL modules.

Stored Procedures Performance

As the first step, we will compare the performance of T-SQL and natively compiled stored
procedures. Let’s create two memory-optimized tables using a schema_only durability
option to avoid any I/0 and transaction logging overhead during the tests. You can see the
code in Listing 9-8, which also creates a numbers table and populates it with the values.

Listing 9-8. Creating Test Tables

create table dbo.Customers
(

CustomerId int not null
primary key nonclustered
hash with (bucket count=262144),

Name nvarchar(255) not null,

CreatedOn datetime2(0) not null
constraint DEF_Customers_CreatedOn
default sysutcdatetime(),

Placeholder char(200) not null,

index IDX_Name nonclustered(Name)
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with (memory optimized=on, durability=schema_only);

create table dbo.Orders
(
OrderId int not null
primary key nonclustered
hash with (bucket count=2097152),
CustomerId int not null,
OrderNum varchar(32) not null,
OrderDate datetime2(0) not null
constraint DEF_Orders_OrderDate
default sysutcdatetime(),
Amount money not null,
Placeholder char(200) not null,

index IDX_CustomerId

nonclustered hash(CustomerId)

with (bucket count=262144),

index IDX_OrderNum nonclustered(OrderNum)

with (memory optimized=on, durability=schema_only);

create table dbo.Numbers

(

Num int not null
constraint PK Numbers
primary key clustered

)s

swith N1(C) as (select 0 union all select 0) -- 2 rows
,N2(C) as (select 0 from N1 as t1 cross join N1 as t2) -- 4 rows
,N3(C) as (select 0 from N2 as t1 cross join N2 as t2) -- 16 rows
,N4(C) as (select 0 from N3 as t1 cross join N3 as t2) -- 256 rows
,N5(C) as (select 0 from N4 as t1 cross join N4 as t2) -- 65,536 rows
,N6(C) as (select 0 from N5 as t1 cross join N3 as t2) -- 1,048,576 rows
,Ids(Id) as (select row number() over (order by (select null)) from N6)
insert into dbo.Numbers(Num)

select Id from Ids;

As the first step, you will measure the INSERT performance using three
different approaches and batches of different sizes. The first two stored procedures,
InsertCustomers Rowand InsertCustomers NativelyCompiled, will run INSERT
statements on per-row basis using the Interop Engine and native compilation, respectively.
The third stored procedure, InsertCustomers_Batch, will insert all rows in the single batch
through the Interop Engine. Listing 9-9 shows the implementation of the stored procedures.
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Listing 9-9. Inserting Data into the dbo.Customers Table

create proc dbo.InsertCustomers Row

(
@NumCustomers int
)
as
begin
set nocount on
set xact_abort on
declare
@I int = 1;
begin tran
while @I <= @NumCustomers
begin
insert into dbo.Customers(CustomerId,Name,Placeholder)
values(@I,N'Customer ' + convert(nvarchar(10),@I), 'Data");
set @I += 1;
end;
commit
end
go
create proc dbo.InsertCustomers Batch
(
@NumCustomers int
)
as
begin
set nocount on
set xact_abort on
if @NumCustomers > 1048576
begin
raiserror('@NumCustomers should not exceed 1,048,576',10,1);
return;
end;
begin tran
insert into dbo.Customers(CustomerId,Name,Placeholder)
select Num, N'Customer ' + convert(nvarchar(10),Num), 'Data’
from dbo.Numbers
where Num <= @NumCustomers
commit
end
go
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create proc dbo.InsertCustomers NativelyCompiled

(
@NumCustomers int not null
)
with native_compilation, schemabinding, execute as owner
as
begin atomic with
(
transaction isolation level = snapshot
,language = N'English’
)
declare
@I int = 1;
while @I <= @NumCustomers
begin
insert into dbo.Customers(CustomerId,Name,Placeholder)
values(@I,N'Customer ' + convert(nvarchar(10),@I), 'Data');
set @I += 1;
end;
end;

Table 9-1 shows the execution time of each stored procedure for the batches
0f 10,000; 50,000; and 100,000 rows in my environment. As you can see, the natively
compiled stored procedure is almost three times faster at row-by-row inserts and about
30 to 40 percent faster compared to batch inserts through the Interop Engine.

Table 9-1. Execution Times of InsertCustomers Stored Procedures

10,000 Rows 50,000 Rows 100,000 Rows

InsertCustomers_Row 77 ms 333 ms 640 ms
InsertCustomers Batch 40 ms 170 ms 340 ms
InsertCustomers_ 24 ms 120 ms 222 ms
NativelyCompiled

As the next step, let’s compare the performance of UPDATE operations. Listing 9-10
shows a natively compiled stored procedure that updates 50 percent of the rows in the
dbo.Customers table
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Listing 9-10. Natively Compiled Stored Procedure That Updates Data in the dbo.
Customers Table

create proc dbo.UpdateCustomers

@Placeholder char(100) not null

)
with native_compilation, schemabinding, execute as owner
as
begin atomic with
(
transaction isolation level = snapshot
,language = N'English’
)
update dbo.Customers
set Placeholder = @Placeholder
where CustomerId % 2 = 0;
end;

Table 9-2 shows the execution time of the UpdateCustomers stored procedure and
the same UPDATE statement executed through the interop engine. As you see, the natively
compiled stored procedure is almost five times faster than the interop approach.

Table 9-2. Execution Times of Update Operations

dbo.UpdateCustomers Natively Compiled UPDATE Statement Executed Through
Stored Procedure Interop Engine

33 ms 154 ms

Finally, let’s compare the performance of DELETE operations. Listing 9-11 shows a
natively compiled stored procedure that deletes the data from both tables.

Listing 9-11. Compiled Stored Procedure That Deletes the Data from Both Tables

create proc dbo.DeleteCustomersAndOrders
with native_compilation, schemabinding, execute as owner
as
begin atomic with
(
transaction isolation level = snapshot
,language = N'English'

delete from dbo.Orders;

delete from dbo.Customers;
end;
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Table 9-3 shows the execution times of the stored procedure and DELETE statements
executed through the Interop Engine. In both cases, the dbo.Customers and dbo.
Orders tables were populated with the same data, which are 100,000 and 1,000,000 rows,
respectively. Again, the natively compiled stored procedure is significantly faster.

Table 9-3. Execution Times of Delete Operations

dbo.DeleteCustomersAndOrders Natively DELETE Statements Executed
Compiled Stored Procedure Through Interop Engine
164 ms 690 ms

The performance of SELECT queries, on the other hand, greatly depends on the use
case. Natively compiled code works best with OLTP workloads that consist of point-
lookup and small range scan operations. However, the Interop Engine could be the
better choice for reporting and data warehouse queries. As I already mentioned, natively
compiled code does not support parallel execution plans nor does it scan the data using
the varheap Table Scan operator. It is entirely possible that data warehouse queries
would run faster in interop mode, especially if they have parallel execution plans and/or
use columnstore indexes. Moreover, natively compiled code does not support hash and
merge joins, which could outperform nested loop joins on large and unsorted inputs with
data warehouse workloads.

Scalar User-Defined Function Performance

Even though native compilation could improve the performance of scalar user-defined
functions, there is still overhead associated with function invocation.

Let’s run a couple tests and compare the performance of interpreted T-SQL and
natively compiled scalar functions. Listing 9-12 creates two simple functions that just run
an empty WHILE loop without any data access.

Listing 9-12. Natively Compiled vs. Interpreted Function: Function Creation

create function dbo.ScalarInterpret(@LoopCnt int)
returns int
as
begin
declare
@I int = 0
while @I < @LoopCnt
select @I += 1;
return @I;
end

g0
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create function dbo.ScalarNativelyCompiled(@LoopCnt int)
returns int
with native_compilation, schemabinding
as
begin atomic with
(
transaction isolation level = snapshot
,language = N'us_english')
declare
@I int = 0
while @I < @LoopCnt
select @I += 1;
return @I,
end

In the first test, let’s call the functions running 1,000,000 execution loops inside
them, as shown in Listing 9-13.

Listing 9-13. Natively Compiled vs. Interpreted Function: Running the Loop Within the
Function

select dbo.ScalarInterpret(1000000);

select dbo.ScalarNativelyCompiled(1000000);

Table 9-4 illustrates the execution time in my environment. As you can see, the natively
compiled function is the orders of magnitude faster than the interpreted T-SQL counterpart.

Table 9-4. Esecution Time When Functions Run 1,000,000-Execution Loop

Interpreted T-SQL Function  Natively Compiled Function

454 ms 5ms

Let’s run another test and call the functions in the loop, as shown in Listing 9-14. The
functions do not execute a WHILE loo internally but rather are invoked 1,000,000 times.
Table 9-5 shows the execution time in my environment.

Listing 9-14. Natively Compiled vs. Interpreted Function: Multiple Calls

declare
@Dummy int
,0I int =0

while @I < 1000000

begin
select @ummy = dbo.ScalarInterpret(0);
select @I += 1;

end;
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set @I = 0,
while @I < 1000000
begin

select @ummy = dbo.ScalarNativelyCompiled(0);
select @I += 1;
end;

Table 9-5. Esecution Time of 1,000,000 Function Calls

Interpreted T-SQL Function Natively Compiled Function

12,344 ms 11,392 ms

Even though natively compiled functions are significantly faster than interpreted
T-SQL functions, the invocation overhead is similar in both cases. You should avoid scalar
user-defined functions in your code even when they are natively compiled unless they are
absolutely necessary.

Memory-Optimized Table Types and Variables

SQL Server allows you to create memory-optimized table types. Table variables of these
types are called memory-optimized table variables. In contrast to regular disk-based table
variables, memory-optimized table variables live in memory only and do not utilize tempdb.
Memory-optimized table variables provide great performance. They can be used
as a replacement for disk-based table variables and, in some cases, temporary tables.
Obviously, they have the same set of functional limitations as memory-optimized tables.
Contrary to disk-based table types, you can define indexes on memory-optimized
table types; however, similar to disk-based table variables, SQL Server does not maintain
statistics on the indexes. Fortunately, as discussed, because of the nature of indexes on
memory-optimized tables, cardinality estimation errors yield a much lower negative
impact compared to those of disk-based tables.

Note A statement-level recompile with option (recompile) allows SQL Server to
estimate the number of rows in memory-optimized table variables. However, it does not
provide SQL Server any information about data distribution there.

SQL Server does not support the inline declaration of memory-optimized table
variables. For example, the code shown in Listing 9-15 will not compile, and it will raise
an error. The reason behind this limitation is that SQL Server compiles a DLL for every
memory-optimized table type, which will not work in the case of inline declaration.
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Listing 9-15. (Nonfunctional) Inline Declaration of Memory-Optimized Table Variables

declare
@IDList table
(
ID int not null
primary key nonclustered hash
with (bucket count=10000)

)

with (memory_optimized=on)

Msg 319, Level 15, State 1, Line 91

Incorrect syntax near the keyword 'with'. If this statement is a common
table expression, an xmlnamespaces clause or a change tracking context
clause, the previous statement must be terminated with a semicolon.

You should define and use a memory-optimized table type instead, as shown in
Listing 9-16.

Listing 9-16. Creating a Memory-Optimized Table Type and Memory-Optimized Table
Variable

create type dbo.mtvIDList as table

ID int not null
primary key nonclustered hash
with (bucket count=16384)

with (memory_optimized=on)
go

declare
@IDList dbo.mtvIDList

You can use memory-optimized table variables as table-valued parameters (TVP)
in natively compiled and regular T-SQL modules. As with disk-based table-valued
parameters, it is an efficient way to pass a batch of rows to a T-SQL routine.

Note | will discuss the scenarios of passing a batch of rows to T-SQL routines and
using memory-optimized table variables as the replacement of temporary tables in greater
detail in Chapter 13.

You can use memory-optimized table variables to imitate row-by-row processing
using cursors, which are not supported in natively compiled stored procedures. Listing 9-17
illustrates an example of using a memory-optimized table variable to imitate a static cursor.
Obviously, it is better to avoid cursors and use set-based logic if at all possible.
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Listing 9-17. Using a Memory-Optimized Table Variable to Imitate a Cursor

create type dbo.MODataStage as table

ID int not null
primary key nonclustered
hash with (bucket count=1024),
Value int null
)
with (memory optimized=on)
go

create proc dbo.CursorDemo

with native_compilation, schemabinding, execute as owner

as

begin atomic

with

(
transaction isolation level = snapshot
,language=N'English'

declare
@tblCursor dbo.MODataStage
,@ID int = -1
,@alue int
,@RC int = 1

/* Staging data in temporary table to imitate STATIC cursor */
insert into @tblCursor(ID, Value)

select ID, Value

from dbo.MOData

while @RC = 1
begin
select top 1 @ID = ID, @Value = Value
from @tblCursor
where ID > @ID
order by ID

select @RC = @@rowcount
if @RC = 1
begin
/* Row processing */
update dbo.MOData set Value = Value * 2 where ID = @ID
end
end
end
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Summary

SQL Server uses native compilation to minimize the processing overhead of the
interpreted T-SQL language. It generates separate DLLs for every memory-optimized
object and loads it into process memory.

SQL Server supports native compilation of regular T-SQL stored procedures, scalar
user-defined functions, and triggers. It compiles them into DLLs at creation time or, in
the case of a server or database restart, at the time of the first call. SQL Server optimizes
natively compiled modules for UNKNOWN values and embeds an execution plan into the
code. That plan never changes unless the module is recompiled—either explicitly or after
a SQL Server or database restart. You should recompile the module if data distribution
has been significantly changed after initial compilation.

You can recompile the module either by altering it or by calling the sp_recompile
stored procedure. Altering the module performs recompilation in background, and it
introduces less impact on the workload in the busy systems.

While natively compiled modules are incredibly fast, they support a limited set of
T-SQL language features. You can avoid such limitations by using interpreted T-SQL code
that accesses memory-optimized tables through the Query Interop component of SQL
Server. Almost all T-SQL language features are supported in this mode.

Memory-optimized table types and memory-optimized table variables are the
in-memory analog of table types and table variables. They live in memory only, and they
do not use tempdb. You can use memory-optimized table variables as a staging area for
the data and to pass a batch of rows to a T-SQL routine. Memory-optimized table types
allow you to create indexes similar to memory-optimized tables.
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CHAPTER 10

Data Storage, Logging,
and Recovery

This chapter discusses how In-Memory OLTP stores the data from durable memory-
optimized tables on disk. It illustrates the concept of checkpoint file pairs used by SQL
Server to persist the data, provides an overview of the checkpoint process in In-Memory
OLTP, and discusses the recovery of memory-optimized data. It also explains why
In-Memory OLTP logging is more efficient compared to disk-based tables.

Finally, this chapter demonstrates how In-Memory OLTP performs table alteration
and logs it in the log and checkpoint files.

Data Storage

The data from durable memory-optimized tables is stored separately from disk-based
tables. SQL Server uses a streaming mechanism to store it, which is based on the
FILESTREAM technology. In-Memory OLTP and FILESTREAM, however, store data separately
from each other, and you should have two separate filegroups: one for In-Memory OLTP
and another for FILESTREAM data when the database uses both technologies.

There is a conceptual difference between how disk-based data and memory-
optimized data are stored. Disk-based tables store the single, most recent version of the
row. Multiple updates of the row change the same row object multiple times. Deletion of
the row removes it from the database. Finally, it is always possible to locate a data row in a
data file when needed.

In-Memory OLTP uses a completely different approach and persists multiple
versions of the row on disk. Multiple updates of the data row generate multiple row
objects, each of which has a different lifetime. SQL Server appends them to binary files
stored in the In-Memory OLTP filegroup, which are called checkpoint files or, sometimes,
checkpoint file pairs (CFP).

Itis impossible to predict where a data row is stored in checkpoint files. Nor are there
use cases for such an operation. The only purposes these files serve are to provide data
durability and to improve the performance of loading data into memory on database startup.
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Asyou can guess by the name, each checkpoint file pair consists of two files: a
data file and a delta file. Each CFP covers operations for a range of Global Transaction
Timestamp values, logging operations on the rows that have BeginTs values in this range.
Every time you insert a row, it is saved into a data file. Every time you delete a row, the
information about the deleted row is saved into a delta file. An update generates two
operations, INSERT and DELETE, and it saves this information to both files. You will see
how all those operations work in more detail later in the chapter.

Figure 10-1 provides a high-level overview of the structure of checkpoint file pairs.

1651 Timestamp Range for the File Pair nn
[ BeginTs | XtpObjectid | Rowid (PK) Payload (Data)
[ BeginTs | XtpObjectld | Rowld (PK) Payload (Data)
l BeginTs | XtpObjectid | Rowid (PK) Payload (Data)
- - B - -~ Inserted Rows
| BeginTs | XtpObjectld | Rowld (PK) Payload (Data) {
< |pataFile

Checkpaoint File Pair

|BeginTs XtpObjectld | Rowld (PK)

|EeginTs XtpObjectld | Rowld (PK)

| BeginTs ]xtpobjectld Rowld (PK) ;~ Deleted Rows

Delta File

Figure 10-1. Data in checkpoint files

As you will remember, memory-optimized tables may include additional internal
tables that store data from off-row columns and columnstore index-related structures.
Those internal tables are treated as separate objects (the rows in checkpoint files use
xtp_object_id as the reference), and data from there is stored separately from the main
in-row data rows.

The data from LOB columns, such as (n)varchar(max) and varbinary(max), is
stored in another type of data file, called large data. The large data files have a similar
structure as the regular data files; however, they can store more than 8,060 bytes in the
payload section of the rows. It is worth noting that the data from the row-overflow column
tables is stored in the regular data files.

The large data files are also used to store compressed columnstore segments.
Compressed segment data is stored in the payload section of the row and referenced by
the segment_id and column_id values. The delete bitmap (the deleted rows table), on the
other hand, is stored separately, as the regular table in another checkpoint file pair.

Finally, there is another type of checkpoint file called the root file. Root files are generated
at each checkpoint event and are used to keep track of checkpoint files in the system.

Figure 10-2 shows an example of a database with 15 checkpoint files in different
states. I will cover the states of checkpoint files in detail shortly. This is just an illustration;
the actual databases will have at least 17 checkpoint files in various states.
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Figure 10-2. A database with multiple checkpoint file pairs

Using a separate delta file to log deletions allows SQL Server to avoid modifications
in data files and random I/O when rows are deleted. All checkpoint files are append-only.
Moreover, when files are closed (again, more on this shortly), they become read-only.

Checkpoint Files States

Each checkpoint file can be in one of several states during its lifetime, as illustrated in

Figure 10-3.
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Figure 10-3. Checkpoint file states
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Let’s look at all of these states in more detail.

PRECREATED State

When you create the first In-Memory OLTP object in the database, including
memory-optimized table types and nondurable memory-optimized tables, SQL Server
generates 17 checkpoint files: 1 root and 16 empty files. This is done to minimize wait
time when new files are needed.

The initial size of the files is based on the amount of server memory, as shown in
Table 10-1. It is possible, however, that SQL Server changes the type of precreated file if
needed. For example, a precreated large data file can be converted and used as a regular
data file when required.

Table 10-1. Initial Size of Checkpoint Files

Server Memory Data File Size Large Data File Size Delta File Size Root File Size

Less than 16GB 16MB 8MB 8MB 2MB
16GB or more 128MB 64MB 8MB 16MB

SQL Server 2016 RTM supports large checkpoints, which is another configuration of
checkpoint files and enables it when the server meets the following requirements:

The server has 16 or more logical processors.
The server has 128GB or greater memory.

The server I/0 system provides more than 200MB/sec
throughput for the database.

In this mode, SQL Server used 1GB/128MB data and delta files and defers the
automatic checkpoint process to 12GB of log growth (more on this later). While this
configuration may help to improve the performance of the systems with a very high
transaction log generation rate, it may lead to a longer recovery time on database startup.
This behavior has been disabled in SQL Server 2016 CU1/SQL Server 2016 SP1.

UNDER CONSTRUCTION State and CHECKPOINT Process

As you already know, SQL Server uses the transaction log to persist information about
data modifications in the database. Transaction log records can be used to reconstruct
any data changes in the event of an unexpected shutdown or crash; however, that process
can be time-consuming if a large number of log records need to be replayed.

SQL Server uses checkpoints to mitigate that problem. Even though disk-based and
In-Memory OLTP checkpoint processes are independent from each other, they do the
same thing: they persist the data changes on disk, reducing the database recovery time.
The last checkpoint identifies up to which point the data changes have been persisted
and which log records need to be replayed.
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With disk-based tables, the frequency of checkpoint operations depends on the
server-level recovery interval and database-level TARGET_RECOVERY_TIME settings.
While such an approach helps SQL Server to improve write performance by batching
multiple random I/0 writes together, it leads to spikes in I/O activity at the time when the
checkpoint occurs.

In contrast, In-Memory OLTP implements continuous checkpoints. It continuously
scans the transaction log, streaming and appending the changes to checkpoint file pairs
in the UNDER CONSTRUCTION state. The new versions of the rows are appended to the data
files, and deletions are appended to delta files. The continuous checkpoint also appends
information about deletions to CFPs in the ACTIVE state, which I will discuss shortly.

Note It is worth repeating that the In-Memory OLTP checkpoint relies on transaction
log records, which is different from the Storage Engine checkpoint that scans and flushes
the dirty data pages from the buffer pool.

In SQL Server 2016, the In-Memory OLTP continuous checkpoint process is
multithreaded and significantly more efficient compared to the single-threaded
checkpoint in SQL Server 2014. The main work is done by serializer threads that scan
transaction logs based on about 1MB intervals called segments. Those threads process the
segments and populate data and delta files based on In-Memory OLTP transaction log
records from there.

The segments are identified by segment log records, which are generated when a
transaction log grows more than 1MB since the last segment log record. Those log records
contain information about the range of transactions within the segments. The controller
thread scans the log identifying the segments and passing them to the serializer threads.

Another thread—timer tasks—wakes up on schedule and checks whether the
transaction log grew 1.5GB since the last checkpoint event or whether the last checkpoint
event occurred more than six hours ago. When this happens, In-Memory OLTP creates
another internal transaction that closes the currently opened segment with a special flag
that indicates that it should trigger the checkpoint. When this segment is detected by the
controller thread, it wakes up another close thread, which performs the actual checkpoint
operation by converting all UNDER CONSTRUCTION data files to the ACTIVE state and
generating another root file with the information about all active files at the time of the
checkpoint. It is worth noting that the checkpoint is triggered regardless if the transaction
log grew because of disk-based or In-Memory OLTP transactions.

Note  With /arge checkpoints in SQL Server 2016 RTM, checkpoints are triggered based
on a 12GB transaction log growth.
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ACTIVE State

As already mentioned, the checkpoint event changes the state of all UNDER CONSTRUCTION
checkpoint files to ACTIVE. SQL Server does not append new data rows into ACTIVE data
files so they become read-only; however, it still appends the information about deleted

rows from ACTIVE data files into the ACTIVE delta files.

Consider the situation when the database has two checkpoint file pairs—one in
ACTIVE state covering the BeginTs interval between 0 and 1,000 and another one in
UNDER CONSTRUCTION state covering the interval starting with a BeginTs value of 1,001.
Let’s assume you have three data rows in the table stored in the ACTIVE data file.

Figure 10-4 illustrates this.
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Figure 10-4. ACTIVE and UNDER CONSTRUCTION checkpoint file pairs
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Let’s assume you have two transactions that modify the data, as shown in Listing 10-1.

Listing 10-1. Modifying the Data in the Table

-- Global Transaction Timestamp: 1100
begin tran

delete from T where Rowld = 1;

update T set Col = 1 where Rowld = 3;

insert into T(RowId) values(4);
commit;

-- Global Transaction Timestamp: 1200
delete from T where RowId = 4;

The first transaction with a Global Transaction Timestamp value of 1,100 deletes the
row with RowId = 1, which adds the row to the delta file of ACTIVE CFP. It also updates
the row with RowId = 2, which adds another row to the ACTIVE delta file, marking deletion
of the old version of the row. The new version of the data row is inserted into the UNDER
CONSTRUCTION data file along with the row from the INSERT statement.

The second transaction deletes the newly inserted row, which adds the row to the
UNDER CONSTRUCTION delta file, as shown in Figure 10-5.
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Figure 10-5. ACTIVE and UNDER CONSTRUCTION checkpoint file pairs after data
modifications
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Typically, the combined size of the ACTIVE checkpoint files on disk is about twice the
size of the durable memory-optimized tables in memory. However, in some cases,
SQL Server may require more space to store memory-optimized data.

MERGE TARGET State and Merge Process

Over time, as data modifications progress, the percent of deleted rows in the ACTIVE
checkpoint files increases. This condition adds unnecessary storage overhead and slows
down the data-loading process during recovery. SQL Server addresses this situation with
a process called merge.

A background task called the Merge Policy Evaluator periodically analyzes whether
adjacent ACTIVE CFPs can be merged in a way that active, nondeleted rows from the
merged data files would fit into the new 16MB or 128MB data file. When this happens,
SQL Server creates the new CFP in a MERGE TARGET state and populates it with the data
from the multiple ACTIVE CFPs, filtering out deleted rows.

Even though the Merge Policy Evaluator can identify multiple possible merges,
every CFP can participate in only one of them. Table 10-2 shows several examples of the
possible merges.

Table 10-2. Merge Examples

Adjacent Source Files (% Full) Merge Results

CFPO (40%), CFP1 (45%), CFP2 (60%) CFPO + CFP1 (85%).

CFPO (10%), CFP1 (15%), CFP2 (70%), CFP3 (10%)  CFPO + CFP1 + CFP2 (95%).
CFPO0 (55%), CFP1 (50%) No merge is done.

Once the merge process is complete and the checkpoint has occurred, the
MERGE TARGET CFP is transitioned to ACTIVE and former ACTIVE CFPs to WAITING FOR
LOG TRUNCATION states.

In-Memory OLTP merges LOB-column large data files the same way as the regular
data files. However, large data files with columnstore segments and root files are not
merged and may transition to a WAITING FOR LOG TRUNCATION state without the need
for a merge operation. This transition happens after a new root file is generated at the
checkpoint event or when the columnstore index row group has been decompressed after
90 percent of the rows in the group are deleted.

WAITING FOR LOG TRUNCATION State

The data in former ACTIVE and now WAITING FOR LOG TRUNCATION files is no longer
needed for database recovery. Former MERGE TARGET and now ACTIVE CFPs can be used
for this purpose. However, those WAITING FOR LOG TRUNCATION files are still needed if
you want to restore the database from a backup.
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The checkpoint files stay in that state until the log truncation point passed their
LSNs. In a FULL recovery model, this means that a log backup has been taken, log records
were sent to secondary nodes, and other processes that read transaction log have not
fallen behind. Obviously, in a SIMPLE recovery model, a log backup is not required, and
the log truncation point is controlled by checkpoints.

Once it happens, WAITING FOR LOG TRUNCATION files are no longer needed. They
can be either transitioned back to a PRECREATED state or deleted if the system has already
enough PRECREATED files.

Note You can analyze the state of checkpoint files using the sys.dm db_xtp
checkpoint_files view. Appendix C talks about this view in greater depth and shows how
checkpoint file states change through their lifetime.

Recovery

As you know, the recovery process may occur during a database or instance restart,
failover to another node, or after restoring the database from the backup. SQL Server
performs the recovery of disk-based and memory-optimized tables in parallel using
ACTIVE data files and transaction logs for In-Memory OLTP data.

At the beginning of the recovery stage, SQL Server locates the most recent root file
that contains information about checkpoint files and passes it to the In-Memory OLTP
Engine. The Engine obtains the list of all ACTIVE checkpoint file pairs and starts loading
data from them. It loads only the nondeleted versions of rows using delta files as the filter.
It checks that a row from a data file is not deleted and is not referenced in the delta files.
Based on the results of this check, a row is either loaded to memory or discarded.

The process of loading data is highly scalable. SQL Server creates one thread per
logical CPU, and each thread processes an individual checkpoint file pair. In a large
number of cases, the performance of the I/O subsystem becomes the limiting factor in
data-loading performance. This is the reason why you should place checkpoint files on
the fast, preferable flash-based, storage.

As the opposite of disk-based tables, indexes on memory-optimized tables are not
persisted. As you remember, indexes in In-Memory OLTP are just the memory pointers,
and the memory addresses of the rows change after they are reloaded into the memory.
Therefore, indexes must be re-created during the recovery stage.

Figure 10-6 illustrates the data-loading process.
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Figure 10-6. Loading data to memory

After the data from CFPs has been loaded, SQL Server completes the recovery by
applying the changes from the tail of the transaction log, bringing the database back to
the state as of the time of crash or shutdown. As you already know, In-Memory OLTP does
not log uncommitted changes; therefore, no UNDO stage is required during the recovery.

Finally, it is important to mention the difference in recovery processes during
failover in AlwaysOn Availability Groups and Failover Cluster instances. With an
AlwaysOn Failover Cluster, failover is conceptually similar to a SQL Server restart. The
databases are brought online, and all memory-optimized data needs to be loaded into
the memory. AlwaysOn Availability Group nodes, on the other hand, just need to process
REDO queue replaying transactions from the unapplied portion of transaction log. The
data from memory-optimized tables is already loaded into the memory on all nodes.

You should remember this behavior and consider the memory-optimized data
recovery time when you have an availability SLA in your system. This is especially
important if you are using failover clusters in the infrastructure. As mentioned, you can
reduce this time by placing checkpoint files on the fast storage.

Transaction Logging

As you already know, transaction logging in In-Memory OLTP is more efficient compared
to the Storage Engine. Both engines share the same transaction log and perform write-
ahead logging (WAL); however, the log records format and algorithms are very different.
With disk-based tables, SQL Server generates transaction log records on a per-index
basis. For example, when you insert a single row into a table with clustered and nonclustered
indexes, it will log insert operations in every individual index separately. Moreover, it will log
internal operations, such as extent and page allocations, page splits, and a few others.
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All log records are saved in a transaction log and hardened on disk pretty much
synchronously at the time when they were created. Even though every database has
a cache called Log Buffer to batch log writes, that cache is very small, about 60KB.
Moreover, some operations, such as COMMIT and CHECKPOINT, flush that cache whether it
is full or not.

Finally, SQL Server has to include before-update (UNDO) and after-update (REDO)
versions of the row to the log records. The checkpoint process is asynchronous, and it
does not check the state of transaction that modified the page. It is entirely possible for
the checkpoint to save the dirty data pages from uncommitted transactions, and the UNDO
part of the log records are required to roll back the changes.

Transaction logging in In-Memory OLTP addresses these inefficiencies. The first
major difference is that In-Memory OLTP generates and saves log records at the time of the
transaction COMMIT rather than during each data row modification. Therefore, rolled-back
transactions do not generate any log activity.

The format of a log record is also different. Log records do not include any UNDO
information. Dirty data from uncommitted transactions will never materialize on disk;
therefore, In-Memory OLTP log data does not need to support the UNDO stage of crash
recovery or log uncommitted changes.

In-Memory OLTP generates log records based on the transactions write set. All data
modifications are combined in one or very few log records based on the write set and
inserted rows’ size.

Let’s examine this behavior and run the code shown in Listing 10-2. It starts a
transaction and inserts 500 rows into a memory-optimized table. Then it examines the
content of the transaction log using the undocumented sys.fn_dblog system function.

Listing 10-2. Transaction Logging in In-Memory OLTP: Memory-Optimized Table Logging
create table dbo.HKData

(

ID int not null,

Col int not null,

constraint PK_HKData

primary key nonclustered hash(ID)

with (bucket count=2048),
)
with (memory optimized=on, durability=schema_and data);
declare

@I int = 1
begin tran

while @I <= 500

begin

insert into dbo.HKData with (snapshot)
(ID, Col)

values (@I, @I);
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set @I += 1
end
commit

g0

select *
from sys.fn_dblog(NULL, NULL)
order by [Current LSN];

Figure 10-7 illustrates the content of the transaction log. You can see the single
transaction record for the In-Memory OLTP transaction.

Current LSN Operation Cortaxt Transaction I LogBlockGeneration  Teg Bits  Log Record Fawd Langth  Log Record Length
1 00000022:00000240:0038 LOP_COMMIT_XACT  LCX_NULL 0000-00000317 0 00000 80 84

2 00000022 00000240:0035 LOP_HK LCY_NULL 000000000317 0 0000 28 a588

3 0D0D00ZZ00000240.0034 LOP_BEGIN_XACT LCX_NULL 0000-00000317 0 B0000 76 144

Figure 10-7. Transaction log content after the In-Memory OLTP transaction

Let’s repeat this test with a disk-based table of a similar structure. Listing 10-3 shows
the code that creates a table and populates it with data.

Listing 10-3. Transaction Logging in In-Memory OLTP: Disk-Based Table Logging
create table dbo.DiskData

(
ID int not null,
Col int not null,
constraint PK_DiskData
primary key nonclustered(ID)
)5
declare
@I int = 1
begin tran
while @I <= 500
begin
insert into dbo.DiskData(ID, Col)
values (@I, @I);
set @I += 1;
end
commit

As you can see in Figure 10-8, the same transaction generated more than 1,700 log
records.
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Current LSN Operation Context Transaction ID  LogBlockGer *
1 00000022:00000530:0014 LOP_COMMIT_XACT LCX_NULL 0000:0000033f O
2 00000022:00000530:0013 LOP_INSERT_ROWS LCX_INDEX_LEAF 0000:0000033f 0
3 00000022:00000530:0012 LOP_INSERT_ROWS LCX_HEAP 0000:0000033f 0
4 00000022:00000530:0011 LOP_INSERT_ROWS LCX_INDEX_LEAF 0000:0000033f 0
5 00000022:00000530:0010 LOP_INSERT_ROWS LCX_HEAP 0000:0000033f 0
[ 00000022:00000530:000f LOP_INSERT_ROWS LCX_INDEX_LEAF 0000:0000033f 0
7 00000022:00000530:000e LOP_INSERT_ROWS LCX_HEAP 0
8 00000022:00000530:000d LOP_INSERT_ROWS LCX_INDEX_LEAF 0
9 00000022:00000530:000c LOP_INSERT_ROWS LCX_HEAP 0 .
;A AAAARRAAARNRARE AR ARAL P AR IRISEPT PSLAR AW IR L A :
9 Query executed successfully. SQL2016 (13.0 RTM)  SQL201E6\Admini e Inlvi yOLTP2016  00:00:00 | 1782 rows

Figure 10-8. Transaction log content after disk-based table modification

You can use another undocumented function, sys.fn_dblog xtp, to examine
the logical content of an In-Memory OLTP log record. Listing 10-4 shows the code that
utilizes this function. You should use the LSN of the LSN_HK log record from the
Listing 10-2 output as the parameter of the function.

Listing 10-4. Analyzing an In-Memory OLTP Log Record

select [Current LSN], xtp_object id, operation_desc
,tx_end_timestamp, total size

from sys.fn_dblog xtp(null, null)

-- <Use LSN of LOP_HK operation from result of sys.fn_dblog>

where [Current LSN] = '00000022:00000240:0035";

Figure 10-9 shows the output of that code.

Current LSN xtp_object_id operation_desc t«_end_timestamp total_size (*
1 00000022:00000240:0035 NULL HK_LOP_BEGIN_TX 20 17
2 00000022:00000240:0035 2147483649 HK_LOP_INSERT_ROW 20 19
3 00000022:00000240:0035 2147453649 HK_LOP_INSERT_ROW 20 19
4 00000022:00000240:0035 2147483649 HK_LOP_INSERT_ROW 20 19
5 00000022:00000240:0035 2147483649 HK_LOP_INSERT_ROW 20 19
6 00000022:00000240:0035 2147483649 HK_LOP_INSERT_ROW 20 19
7 00000022:00000240:0035 2147483649 HK_LOP_INSERT_ROW 19
8 00000022:00000240:0035 2147483649 HK_LOP_INSERT_ROW 20 19
9 00000022:00000240:0035 2147483649 HK_LOP_INSERT_ROW 20 19 N
a2 ARAAAAAAAAAAAA AR ARAE  A1ATARARAA 112 | AR MAFEAT AAKE A8 "
3 Query executed successfully. SQL2016 (13.0 RTM) | SQL201E\Admini: e InM, yOLTP2016 | 00:00:00 502 rows

Figure 10-9. In-Memory OLTP transaction log record details

Finally, it is worth stating again that any data modification on nondurable tables
(DURABILITY=SCHEMA ONLY) is notlogged in the transaction log or is its data persisted on disk.
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Table Alteration

As you already know, SQL Server 2016 supports table alteration using the ALTER TABLE
statement. This is an offline operation that blocks access to the table during execution.
SQL Server generates and compiles the new version of the table DLL and loads it into the
process memory.

The ALTER TABLE statement runs in two different modes depending on what changes
are required.

Metadata-only alteration: With metadata-only alteration, In-
Memory OLTP does not modify the structure of the data rows.
This may occur when you add or remove DEFAULT, CHECK, and
FOREIGN KEY constraints and/or enable or disable the system
versioning (temporal tables) for memory-optimized tables.

Regular alteration: That type of alteration requires In-Memory
OLTP to change the format of the data rows or internal table
objects. It occurs when you add or remove columns and
indexes, change column data types, and modify the bucket
count value of the hash indexes, as well as in other cases that
require transformation of the data.

During metadata-only alteration, SQL Server updates the table metadata and
creates, drops, or flushes system-versioning-related objects to disk if needed. The data
rows are not re-created, but adding CHECK or FOREIGN KEY constraints may require In-
Memory OLTP to scan all the data from the table to validate the constraint.

Regular alteration, on the other hand, will require In-Memory OLTP to re-create the
table. This occurs when you need to change the data row format and/or indexing in the
table. In this case, SQL Server creates another table object with a different xtp_object_id
value and copies the data from the old to the new objects, transforming it during the
process. Obviously, the system needs to have enough memory to accommodate both
copies of the data.

Let’s look at the example and create two tables, obtaining xtp_object_id values for
them. Listing 10-5 shows the code that performs this.

Listing 10-5. Creating Two Tables and Obtaining xtp_object_id Values
create table dbo.TableA

(
Col1 int not null
constraint PK_TableA
primary key nonclustered hash
with (bucket count=1024),
)

with (memory optimized=on, durability=schema_and_data);
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create table dbo.TableB

(
Col1 int not null
constraint PK TableB
primary key nonclustered hash
with (bucket count=1024),
)

with (memory optimized=on, durability=schema_and data);

select
"dbo.TableA' as [Table]
,C.index_id, a.xtp_object_id, a.type_desc, a.minor_id
,C.memory_consumer id, c.memory consumer type desc as [mc type]
from
sys.dm_db_xtp_memory consumers c join
sys.memory optimized tables_internal attributes a on
a.object_id = c.object_id and
a.xtp_object_id = c.xtp_object_id
where
c.object_id = object_id('dbo.TableA');

select
"dbo.TableB' as [Table]
,C.index_id, a.xtp_object_id, a.type_desc, a.minor_id
,C.memory_consumer_id, c.memory consumer type desc as [mc type]
from
sys.dm_db_xtp_memory consumers c join
sys.memory optimized tables_internal attributes a on
a.object_id = c.object_id and
a.xtp_object_id = c.xtp_object_id
where
c.object_id = object id('dbo.TableB');

Figure 10-10 illustrates the output of the code.

Table index_id xtp object id type_desc minor_id memory consumer_id mc type
dbo.TableA 2 -2147483636 | USER_TABLE 0 123 HASH

2 dbo.TableA NULL -2147483636 | USER_TABLE 0 122 VARHEAP
Table index_id xip_object_id type_desc minor_id memory consumer _id mc type
dbo.TableB 2 -2147483635 | USER_TABLE 0 125 HASH

2 dbo.TableB NULL -2147483635 | USER_TABLE 0 124 VARHEAP

Figure 10-10. Xtp_object_id values after table creation
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As the next step, let’s alter two tables, as shown in Listing 10-6. The code adds a
CHECK constraint to dbo.TableA and also adds a new column to dbo.TableB. Finally,
it queries the xtp_object_id value of the tables again.

Listing 10-6. Altering the Tables

alter table dbo.TableA
add constraint CHK Col1
check (Col1 > 0);

alter table dbo.TableB
add Col2 int null;

select
"dbo.TableA' as [Table]
,C.index_id, a.xtp_object_id, a.type_desc, a.minor_id
,C.memory consumer_id, c.memory consumer type desc as [mc type]
from
sys.dm_db_xtp_memory consumers c join
sys.memory optimized tables internal attributes a on
a.object_id = c.object_id and
a.xtp_object_id = c.xtp_object_id
where
c.object_id = object_id('dbo.TableA');

select
"dbo.TableB' as [Table]
»C.index_id, a.xtp_object_id, a.type_desc, a.minor_id
,C.memory_consumer_id, c.memory_consumer_type_desc as [mc type]
from
sys.dm_db_xtp _memory consumers c join
sys.memory optimized tables_internal attributes a on
a.object_id = c.object_id and
a.xtp_object_id = c.xtp_object_id
where
c.object_id = object_id('dbo.TableB');

Asyou can see in Figure 10-11, adding a CHECK constraint is a metadata-only
alteration, which did not change the xtp_object_id value of the table. Adding a new
column, on the other hand, required SQL Server to create another table object internally.

Table index_id xtp_object_id type_desc minor_id memory consumer_id mc type

1 dbo.TableA 2 -2147483636 | USER_TABLE 0 123 HASH

2 dbo.TableA NULL -2147483636 | USER_TABLE 0 122 VARHEAP
Table index_id xtp_object_id type_desc minor_id memory consumer id mc type

1 dbo.TableB 2 -2147483633 | USER_TABLE 0 127 HASH

2 dbo.TableB NULL -2147483633 | USER_TABLE 0 126 VARHEAP

Figure 10-11. Xtp_object._.

id values after alteration
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Obviously, SQL Server has to log and persist table alteration events. Moreover, in the
case of regular alteration, checkpoint data files may store the data rows in an old, pre-altered
format, which is incompatible with the new table schema and DLL. In-Memory OLTP
addresses this by applying the technique called log optimization, persisting the history
of schema changes in an internal transformation table. SQL Server uses that table to
transform the data rows into the new format during database startup while loading data
into the memory.

Let’s illustrate it with the example. Listing 10-7 shows the code that creates the table
and performs two table alterations adding some data rows to the table in between them.

Listing 10-7. Log Optimization

-- Global Transaction Timestamp = 1
-- xtp_object_id = -2147483615
create table dbo.T1

(
Id int not null
constraint PK T1
primary key nonclustered hash
with (bucket count=1024),
Col1 int not null;
)

with (memory optimized=on, durability=schema_and_data);

-- Global Transaction Timestamp = 100
insert into dbo.T1(ID,Col1) values(1,1);

-- Global Transaction Timestamp = 200
-- xtp_object_id = -2147483612
alter table dbo.T1 add Col2 varchar(100);

-- Global Transaction Timestamp = 300
insert into dbo.T1(ID,Col1,Col2) values(2,2,'2");

-- Global Transaction Timestamp = 400
-- xtp_object_id = -2147483609
alter table dbo.T1 alter column Coll money;

-- Global Transaction Timestamp = 500
insert into dbo.T1(ID,Col1,Col2) values(3,3.33,'3");

Table 10-3 illustrates the logical structure of the transformation table.

Table 10-3. Logical Structure of the Transformation Table

BeginTs xtp_object_id  Action

200 -2147483612 ADD Coll2 int
400 -2147483609 MODIFY Coll money
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During database startup, In-Memory OLTP reads the rows from checkpoint files and
transforms them to the latest schema based on the data from the transformation table.
Figure 10-12 illustrates this process.

dbo.T1

Rowld

BeginTs  XtpObjectid friyehy Payload (Data) P ADD Col2 int | —
. . y ’,,’ MODIFY Coll money —# |D: 1; Coll: 1.0; Col2: NULL
100 2147483615 D: 1 | Coll:1 F
H T - el 1D 2; Col1: 2.0; Col2: ‘2
. L~ MODIFY Coll n ey F
300 2147483612 D: 2 | Coll: 2; Col2: ‘2" ¥~ e
1 % ID: 3; Coll: 3.3; Col2: 3
500 2147483609 D:3 | Col1:3.3; Col2: '8 """ J
L . Y -
Memory-Optirr ed Table
Checkpoint Data File V-OF - -
(In Memory)

Figure 10-12. Data row transformation during database startup

As you can guess, log optimization requires transformation to be deterministic.
The column values in the rows after the transformation should be the same as after the
original alteration. Unfortunately, this is not always possible. Consider the situation
when you add a new column to the table either as identity or with the DEFAULT NEWID()
WITH VALUES constraint. This modification is nondeterministic. It is impossible to predict
the values that are generated during alteration and transformation; therefore, log
optimization would not work.

When log optimization is impossible, SQL Server uses naive logging and logs the
table alteration as the set of individual inserts into the new table, as shown in Listing 10-8.
The rows are transformed according to the new table schema during the process.

Listing 10-8. Naive Logging: Alteration of Table T (Pseudocode)

create table NewVersionOfT(..);

insert into NewVersionOfT(..)
select and transform rows according to the new schema
from T;

drop table T;

In-Memory OLTP treats that INSERT SELECT actions the same way as regular INSERT
operations. It logs them in the transaction log, and the continuous checkpoint writes
the rows to the checkpoint data files. As you can guess, this approach can introduce
significant log overhead, especially in the case of the large tables. Moreover, table
alterations that require naive logging are single-threaded and can be significantly slower
than multithreaded log-optimized alterations.

Several other cases lead to naive logging. The most notable is adding new LOB or
row-overflow columns to the table. As you will know, off-row columns are stored in the
separate internal tables, with the main rows referencing them through the artificial IDs.

It is impossible to predict those ID values and use log optimization. Unfortunately, the
alteration of off-row columns is also not log-optimized and any changes of off-row columns,
including dropping them or bringing them back in-row, will lead to naive logging.
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Finally, SQL Server uses naive logging with any DEFAULT WITH VALUES constraint that
uses system or user-defined functions even when functions are deterministic.

Let’s look at the overhead of naive logging. Listing 10-9 creates the new database and
memory-optimized table and populates it with about 8GB of data. Finally, it performs a
CHECKPOINT operation making sure that In-Memory OLTP populates checkpoint data files.

Listing 10-9. Naive Logging Overhead: Object Creation

create database [InMemoryOLTP2016 Ch10]
on primary
(

name = N'Ch10'

,filename = N'C:\Data\Ch10.mdf'

)5
filegroup HKData CONTAINS MEMORY_OPTIMIZED DATA

name = N'Ch10_HKData'
,filename = N'C:\Data\HKData\Ch10'

)
log on
(
name = N'Ch10_Log'
,filename = N'C:\Data\Ch10_log.ldf'
)
go
create table dbo.Alterlogging
(
ID int not null
constraint PK_AlterlLogging
primary key nonclustered,
IntCol int not null,
CharCol char(8000) not null
)

with (memory optimized = on, durability = schema_and data);

;with N1(C) as (select 0 union all select 0) -- 2 rows
,N2(C) as (select 0 from N1 as t1 cross join N1 as t2) -- 4 rows
,N3(C) as (select 0 from N2 as t1 cross join N2 as t2) -- 16 rows
,N4(C) as (select 0 from N3 as t1 cross join N3 as t2) -- 256 rows
,N5(C) as (select 0 from N4 as t1 cross join N4 as t2) -- 65,536 rows
,N6(C) as (select 0 from N5 as t1 cross join N3 as t2) -- 1,048,576 rows
,1ds(Id) as (select row number() over (order by (select null)) from N6)
insert into dbo.AlterLogging(Id, IntCol, CharCol)

select Id, Id, Replicate('0',8000)

from Ids;

checkpoint;
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Listing 10-10 shows how to obtain the information about the file size and the used
space in transaction log and checkpoint files.

Listing 10-10. Naive Logging Overhead: Obtaining the Size of Transaction Log and
Checkpoint Files

select
convert(decimal(9,3),sum(file size in bytes) / 1024. / 1024)
as [Checkpoint Files Size MB]
sconvert(decimal(9,3),sum(file_size used in bytes) / 1024. / 1024)
as [Checkpoint Files Size Used MB]
from
sys.dm_db_xtp checkpoint files;

select
name as [FileName]
,convert(decimal(9,3),size / 128.)
as [Log Size MB]
,convert(decimal(9,3),fileproperty(name, 'SpaceUsed') / 128.)
as [Log Size Used MB]
from sys.database files
where name = 'InMemoryOLTP2016_Ch10 log';

Figure 10-13 illustrates the size of the transaction log and checkpoint files after the
INSERT operation.

Checkpoint Files Size MB Checkpoint Files Size Used MB
1 9425.600 8192.020
FileName Log Size MB  Log Size Used MB

1 iInMemoryOLTP2016_Ch10_log  12500.000 12290.820

Figure 10-13. The size of the log and checkpoint files after INSERT

As the next step, let’s perform a table alteration by adding another int column to the
table, as shown in Listing 10-11. As you know, this operation is log optimized, and it took
5.3 seconds in my environment.

Listing 10-11. Naive Logging Overhead: Altering the Table (Log Optimized Alteration)
alter table dbo.AlterlLogging add IntCol2 int;

checkpoint;

If you ran the queries from Listing 10-10 again, you would see the results shown in
Figure 10-14. As you can see, the alteration does not significantly increase the size of the
log and checkpoint files.
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Checkpoint Files Size MB Checkpoint Files Size Used MB
1 9441.600 8192039
File Name Log Size MB  Log Size Used MB

1 iInMemoryOLTP2016_Ch10_log  12500.000 12291.38

Figure 10-14. The size of the log and checkpoint files after log-optimized alteration

Finally, let’s run another ALTER TABLE statement adding a LOB column to the table.
This operation does not support log optimization, and it requires naive logging. Listing 10-12
shows the code to perform the action.

Listing 10-12. Naive Logging Overhead: Altering the Table (Naive Logging)

alter table dbo.Alterlogging add LOBCol varchar(max);
checkpoint;

As I already mentioned, a non-log-optimized alteration is the single-threaded
process. The operation took 47.1 seconds in my environment, which is about nine times
slower than the log-optimized alteration. It also adds significant transaction log overhead
and doubles the size of checkpoint files on disk, as shown in Figure 10-15.

Checkpoint Files Size MB Checkpoint Files Size Used MB
1 18179.604 16384.055
FileName Log Size MB  Log Size Used MB

1 iInMemoryOLTP2016_Ch10_log  24750.000 24580.859

Figure 10-15. The size of the log and checkpoint files after naive logging alteration

Table alteration overhead is another reason why you should be extremely careful
with off-row storage and LOB columns in memory-optimized tables.

You can reduce the impact of table alterations by combining multiple similar schema
changes into a single ALTER TABLE statement, as shown in Listing 10-13. Unfortunately,
itis impossible to combine different actions in the same ALTER TABLE statement; for
example, you cannot add and drop columns simultaneously.

Listing 10-13. Combining Multiple Actions into a Single ALTER TABLE Statement

alter table dbo.TableA add
Col3 int
,Col4 int
sconstraint CHK Columns Positive
check(Col3 > 0 and Col4 > 0);

alter table dbo.TableB drop column Col1, Col2;
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Finally, SQL Server 2016 SP1 introduces several major performance improvements
that can dramatically reduce the time of table alteration. Moreover, adding the columnstore
index becomes log optimized, which was not the case in SQL Server 2016 RTM.

Summary

The data from durable memory-optimized tables is placed into a separate filegroup
utilizing FILESTREAM technology under the hood. The data is stored in a set of checkpoint
files of different types. Data files store the row version data. Delta files store the
information about deleted rows. The data from LOB columns and columnstore indexes is
stored in large data files. Finally, root files store the information about checkpoint files in
the system.

The data in checkpoint files is never updated. A DELETE operation generates the new
entry in the delta file. An UPDATE operation stores the new version of the row in the data
file, marking the old version as deleted in the delta file. SQL Server utilizes the sequential
streaming API to write data to those files without any random I/0 involved.

Every checkpoint file pair covers a particular interval of Global Transaction
Timestamp values and goes through a set of predefined states. SQL Server stores the
new row data in CFPs in the UNDER CONSTRUCTION state. These CFPs are converted to the
ACTIVE state at a checkpoint event. Data files of ACTIVE CFPs are closed, and they do not
accept the new row versions; however, they still log information about deletions in the
delta files.

SQL Server merges the data from the ACTIVE checkpoint file pairs, filtering out
deleted rows. After the merge is completed and the source CFPs are backed up, SQL
Server either deallocates them or switches them back to the FREE state.

ACTIVE checkpoint file pairs are used during database recovery along with the tail of
the log. The In-Memory OLTP recovery process is highly scalable and very fast. Indexes
on memory-optimized tables are not persisted on disk and re-created when data is
loaded into the memory.

Transaction logging in In-Memory OLTP is more efficient compared to disk-based
tables. Transactions are logged at the time of COMMIT based on the transaction write set.
Log records are compact and contain information about multiple row-related operations.

There are two types of table alterations in SQL Server 2016. Metadata-only alteration
occurs when you add or remove table constraints and/or change system-versioning table
properties. SQL Server does not re-create the table object; however, it may scan the data
in the table to validate the constraints.

By contrast, a regular alteration re-creates a table object in the background,
assigning it a different xtp_object_id value. In the case of deterministic transformations,
SQL Server performs log optimization and persists only schema-change information,
transforming the rows from checkpoint files on database startup. In the case of
nondeterministic transformation, SQL Server uses naive logging and logs INSERT events
for every row from the table.

Table alteration is an offline operation that blocks access to the table during the
execution. You can reduce the impact of alteration by combining multiple similar actions
into a single ALTER TABLE statement.
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Garbage Collection

This chapter covers the garbage collection process used in the In-Memory OLTP Engine.
It provides an overview of the various components involved in garbage collection and
demonstrates how they interact with each other.

Garbage Collection Process Overview

In-Memory OLTP is a row-versioning system. UPDATE operations generate new versions

of rows rather than updating row data. DELETE operations do not remove the rows but
rather update the EndTs row timestamp. Rows created by aborted transactions are not
deallocated immediately, and they stay as part of the index row chains even after rollback.

As you know, every row has two timestamps (BeginTs and EndTs) that indicate row
lifetime by specifying when the row was created and when it was deleted. Transactions
can see only the versions of rows that were valid when the transaction started. In practice,
this means that a row is visible for a transaction only if the transaction logical start time
(the Global Transaction Timestamp value at the start of the transaction) is between the
BeginTs and EndTs timestamps of the row.

At some point, when the EndTs timestamp of a row is older than the Global
Transaction Timestamp of the oldest active transaction in the system, the row expires.
Expired rows are invisible for active transactions, and eventually they need to be
deallocated to reclaim system memory and speed up index chain navigation. This process
is called garbage collection.

The garbage collection process in In-Memory OLTP has been designed with the
following goals:

e Nonblocking: The garbage collection process should not block
user threads and should produce minimal performance impact
on the system.

e Responsive: The garbage collection process should react to
memory pressure.

e Cooperative and scalable: The garbage collection process
should not rely on a single system thread to perform memory
deallocation and should also utilize regular worker threads during
the process.
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The cooperative nature of garbage collection makes it quite different from the typical
SQL Server background processes. Even though there is a dedicated system garbage
collection thread (one per NUMA node) called the idle worker thread, the major part of
the work is done by the regular user worker threads. This allows the process to scale and
keep up with the workload in the system.

User threads participate in the garbage collection process in two different ways. They
unlink old, expired rows from the row chains and perform actual deallocation. These
actions are separate from each other, as you will see shortly.

Let’s look at the process in detail. Figure 11-1 illustrates the logical structure
of a table with two hash indexes on the Name and City columns. You saw this figure
in previous chapters; however, in this chapter I've added another element called
idxLinkCount, which indicates in how many index chains the rows are participating. It is
displayed with an underline in the figure; note that all the rows have a value of 2, which
corresponds to the number of indexes in the table.
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Figure 11-1. Initial state of the data

Assume that you have a session that runs two queries, as shown in Listing 11-1, ata
time when the Oldest Active Transaction Timestamp is 110 and the Global Transaction
Timestamp is 125.

Listing 11-1. First Batch

select * from dbo.People where Name
select * from dbo.People where Name

'Adam’ ;
'Carl’;

The first SELECT scanned the Name index row chain for the bucket with the value
A and detected the Ann row with an EndTs value of 100. The Oldest Active Transaction
Timestamp is 110, so this row is expired and invisible for the active transactions in the
system. As result, the user thread unlinked the row from the Name index row chain and
decreased the idxLinkCnt value.
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I'would like to reiterate that this operation has been done by the regular user worker
thread rather than the system thread. This illustrates the cooperative nature of garbage
collection.

The second SELECT detects the deleted Carl row. However, the EndTs value of this
row is greater than the Oldest Active Transaction Timestamp, so this row is still visible for
some of the active transactions. Therefore, this row cannot be unlinked from the index
chain. Figure 11-2 illustrates the state of the data after the execution of the queries.
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Figure 11-2. State of the data after the first two queries

Now, let’s assume that some of the active transactions were completed and you
ran the second batch of the queries from Listing 11-2 at the time when the Oldest Active
Transaction Timestamp was 120 and the Global Transaction Timestamp was 130.

Listing 11-2. Second Batch

select * from dbo.People where City
select * from dbo.People where City

"Cincinatti’;
'‘Dallas’;

The first SELECT found the expired Ann row in the City index chain and removed it from
there. At this point, the row is not participating in any row chains and, therefore, can be
deallocated. However, the row is not deallocated immediately; this is done at a later stage.

The Carl row now is also expired and invisible for the active transactions. The second
SELECT removed it from the City index chain; however, it is still present in the Name index
chain and cannot be deallocated. Figure 11-3 shows the state of the data at this moment.
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Figure 11-3. State of the data after the second two queries

Important You should remember that the Oldest Active Transaction Timestamp value
controls when expired rows can be removed from the index chains and deallocated.
Long-running and abandoned transactions can defer garbage collection and lead to a situation
when the system runs out of memory because of an excessive number of expired rows.

When the transaction is complete, In-Memory OLTP places the information about it
in the queue used by the idle worker thread, which is responsible for garbage collection
management. The idle worker thread wakes up every minute or, in case of a heavy
load, when the number of completed transactions exceeds the predefined threshold. It
analyzes the list of completed transactions and the Oldest Active Transaction Timestamp
in the system and separates completed transactions to 16 different queues called
generations, sorting them based on their Global Transaction Timestamp values.

e  Generation 0 contains the list of transactions that were completed
earlier than the current Oldest Active Transaction Timestamp.
Rows generated by those transactions are immediately available
for the garbage collection. There is no limit on the number of
transactions that can be stored there.

e  Generations 1-14 store the list of transactions that were
completed after the current Oldest Active Transaction
Timestamp. Each generation can hold information up to about
16 transactions. As you can guess, a system can hold up to 224
transactions in generations 1-14 queues.

e  Generation 15 stores the information about the remaining
transactions completed after the current Oldest Active
Transaction Timestamp. There is no limit on the number of
transactions that can be stored there.
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Every transaction in the queue exposes its write set to the idle worker thread, which
builds the set of 16-row work items for deallocation. Those work items are distributed
across another set of worker queues—one queue per scheduler—and then they are picked
up and processed by the user threads. The user threads pick up the items and perform
deallocation after they complete their work on the other user transactions.

Figure 11-4 illustrates an example of the garbage collection workflow in a system that
has an Oldest Active Transaction Timestamp of 10,000.
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Figure 11-4. Garbage collection workflow

The user thread usually picks up the work items from the queue that belong to the
same scheduler on which it is running. However, if the queue is empty, the thread checks
the queues from the other CPUs that belong to the same NUMA node. Finally, in the
case of a heavy load in the system, the thread can pick up a work item from any queue,
regardless of the NUMA node to which it belongs.

With the hot data and actively used indexes, user threads detect expired rows
relatively quickly. However, with rarely used indexes and/or rarely accessed data, there is
the possibility that expired rows may not be detected in a timely manner.

This is addressed by the idle worker threads that periodically scan the indexes and
detect expired rows there. The idle worker threads can either deallocate those rows
immediately or add them to the work items after those rows have been unlinked from all
index chains. This process is called a dusty corners scan or, sometimes, a sweep scan.

Asyou can see, the garbage collection process in In-Memory OLTP is done
asynchronously. Deleted rows and rows from aborted transactions continue to use
system memory until they are deallocated. You need to remember this and reserve
enough memory in the system to accommodate those rows.

191



CHAPTER 11 I GARBAGE COLLECTION

Garbage Collection—Related Data Management
Views

SQL Server exposes several data management views that can be used to monitor and
analyze the garbage collection process.

e Thesys.dm _xtp_gc_stats view provides statistics about the
garbage collection process. It includes information about the
number of rows examined by the garbage collection subsystem,
the number of rows processed by user and idle worker threads,
and quite a few other attributes. You can read more about this
view at https://docs.microsoft.com/en-us/sql/relational-
databases/system-dynamic-management-views/sys-dm-xtp-gc-
stats-transact-sql.

e Thesys.dm_xtp_gc_queue_stats view provides information
about garbage collector worker queues. It provides information
about the total number of work items that were enqueued and
dequeued, the current queue length, the last time the queue was
accessed, and the maximum depth the queue has seen. You can
monitor the current queue length, making sure that the garbage
collector is keeping up. More information is available at https://
docs.microsoft.com/en-us/sql/relational-databases/
system-dynamic-management-views/sys-dm-xtp-gc-queue-
stats-transact-sql.

e Thesys.dm_db xtp_gc cycle stats view provides information
about the last (up to 1,024) garbage collection execution cycles
including the time and duration of the cycle and the distribution
of transactions between generations. You can use this view to find
spikes in the garbage collection activity and during long-running
transaction troubleshooting. You can read more about this view
athttps://docs.microsoft.com/en-us/sql/relational-
databases/system-dynamic-management-views/sys-dm-db-xtp-
gc-cycle-stats-transact-sql.

e  Finally, the sys.dm_db_xtp_index_stats view includes several
garbage collection-related metrics. The rows_expired column
indicates how many rows have expired. The rows_expired_
removed value indicates the number of rows unlinked from
the index chain. Phantom row columns provide information
about rows inserted by aborted transactions. You can read more
about this view at https://docs.microsoft.com/en-us/sql/
relational-databases/system-dynamic-management-views/
sys-dm-db-xtp-index-stats-transact-sql.
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Exploring the Garbage Collection Process

Let’s examine the garbage collection process and its asynchronous nature. As the first
step, create a memory-optimized table and populate it with 65,536 rows, as shown in
Listing 11-3.

Listing 11-3. Table Creation

create table dbo.GCDemo
(
ID int not null,
Placeholder char(8000) not null,

constraint PK_GCDemo primary key nonclustered(ID)
)
with (memory optimized=on, durability=schema_only)
go

;with N1(C) as (select 0 union all select 0) -- 2 rows
,N2(C) as (select 0 from N1 as t1 cross join N1 as t2) -- 4 rows
,N3(C) as (select 0 from N2 as t1 cross join N2 as t2) -- 16 rows
,N4(C) as (select 0 from N3 as t1 cross join N3 as t2) -- 256 rows
,N5(C) as (select o from N4 as t1 cross join N4 as t2) -- 65,536 rows
,1ds(Id) as (select row number() over (order by (select null)) from N5)
insert into dbo.GCDemo(Id, Placeholder)

select Id, Replicate('0',8000)

from ids;

Let’s look at the amount of memory used in the table, index statistics, and garbage
collection worker queues statistics using the code from Listing 11-4.

Listing 11-4. Analyzing Table Memory Usage, Index, and Worker Queues Statistics

select
convert(decimal(7,2),memory allocated for table kb / 1024.)
as [memory allocated for table]
,convert(decimal(7,2),memory used by table kb / 1024.)
as [memory used by table]
from
sys.dm_db_xtp _table memory stats
where
object _id = object id(N'dbo.GCDemo");

select
s.index_id, i.name, s.rows_touched
,S.T0WS_expired, s.rows_expired removed
from
sys.dm_db_xtp_index_stats s left join sys.indexes i on
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s.object_id = i.object_id and
s.index_id = i.index id
where
s.object_id = object id(N'dbo.GCDemo");

select
sum(total enqueues) as [total enqueues]
,sum(total dequeues) as [total dequeues]
from
sys.dm_xtp_gc_queue_stats;

select sweep scans_started, sweep rows_touched
,Sweep_rows_expired, sweep_rows_expired_removed
from sys.dm xtp_gc stats;

Figure 11-5 illustrates the output of the queries. As you can see, the table has about
585MB allocated and 514MB of used space. None of the rows has been deleted or touched
(scanned). I also restarted my test server right before the test, so the garbage collection
worker queues are empty. As the reminder, the row in the second output with index_id = 0
represents the table varheap.

memory allocated for table memory used by table
1 585.19 514.00
index_id name rows_touched rows_expired
1 0 NULL 0 0
2 2 PK_GCDemo 0 0
total enqueues total dequeues
1 0 0

sweep_scans_stated sweep_rows_touched sweep_rows_expired sweep_rows_expired_removed
1 0 0 0 0

Figure 11-5. Memory and garbage collection statistics after table creation

Let’s run a few queries, analyzing the statistics after each run. As the first step, run a
script that deletes 1,500 rows in the individual transactions (see Listing 11-5).

Listing 11-5. Deleting 1,500 Rows from the Table

declare
@I int = 1

while @I <= 1500

begin
delete from dbo.GCDemo where ID = @I;
set @I += 1;

end;
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Now run the code from Listing 11-4 again and look at the output. As you can see
in Figure 11-6, index statistics indicate that the deletion statement touched 1,500 rows;
however, none of them was marked as expired even though the deletion statements ran in
the individual autocommitted transactions.

memory allocated for table memory used by table
1 585.19 514.00
index_id name rows_touched rows_expired rows_expired_removed
1 0 NULL 0 0 0
2 2 PK_GCDemo 1500 0 0
total enqueues total dequeues
1 0 0

sweep_scans_stated sweep_rows_touched sweep_rows_expired sweep_rows_expired_removed
1 0 0 0 0

Figure 11-6. Memory and garbage collection statistics after deletion

As the next step, run a SELECT query that scans the entire index, as shown in Listing 11-6.
I am forcing the index rather than the table scan by using index hint in the query.

Listing 11-6. Scanning the Table

select count(*) from dbo.GCDemo with (index = 2);

Figure 11-7 illustrates the statistics after the scan. As you can see, the user thread
correctly identified rows as expired and unlinked a majority of them from the index
row chains. Some of the expired rows have not been unlinked, though, and they will be
processed by either other user threads or the idle worker thread during the sweep scan.

memory allocated for table memory used by table
1 585.19 514.00
index_id name rows_touched rows_expired rows_expired_removed
1 0 NULL 0 0 0
2 2 PK_GCDemo 65536 1500 1406
total enqueues total dequeues
1 0 0

sweep_scans_stated sweep_rows_touched sweep_rows_expired sweep_rows_expired_removed
1 0 0 0 0

Figure 11-7. Memory and garbage collection statistics after scan
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It is also important to note that none of the work items was enqueued in the garbage
collector worker items queues because the idle worker thread has not started yet.

If you look at the statistics again after the idle worker thread execution, you will see
the output shown in Figure 11-8. As you can see, the idle worker thread put items into the
garbage collection worker queues and deallocated them afterward. You can also see that the
sweep scan detected and removed the remaining 94 expired rows from the index row chains.

memory allocated for table memory used by table
1 585.19 502.45
index_id name rows_touched rows_expired rows_expired_removed
1 0 NULL 0 0 0
2 2 PK_GCDemo 65536 1500 1406
total enqueues total dequeues
1 94 94

sweep_scans_stated sweep_rows_touched sweep_rows_expired sweep_rows_expired_removed
1 94 282 94 94

Figure 11-8. Memory and garbage collection statistics after the idle worker thread cycle
and sweep scan

As1already mentioned, garbage collection is a cooperative process, and in other
cases, the items will be deallocated by the user threads rather than the idle worker threads.

The sys.dm_db_xtp gc cycle stats view shows that the garbage collection idle
worker threads performed just a handful of cycles (remember, I restarted SQL Server in
my test environment before the test) and processed all the completed transactions at
once. You can see the partial output from the view in Figure 11-9.

cycle_id ticks_at_cycle_stat ticks_at_cycle_end node_id base_generation xacts_copied_to_local

1 1553246807 1553346807 2 1 1
2 1553376807 1553376808 2 1489 1493
3 1553376809 1553376809 2 1505 0
4 1553406809 1553406809 2 1505 0
1 1553357863 1553357863 3 1408 0

Figure 11-9. Sys.dm_db_xtp_gc_cycle_stats view affter the test

The situation will change if you repeat the entire test, deleting more rows from the
table. The garbage collection process will be triggered based on the number of completed
transactions in the queue rather than based on the timer.

Figure 11-10 shows the summary statistics from my environment when I repeated
the test, deleting 32,768 rows in the individual transactions. Note that the garbage
collection process was started at the middle of deletions rather than based on a timer. You
can also see that in this test some of the items were deallocated by the user thread during
the first SELECT scan.
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Stage Aloc Memory  Used Memory Touched Expred FRemoved Engueues Dequeues Sweep Rows Bxpred  Sweep Rows Removed
1 Initial 585.19 514.00 0 0 0 0 0 0 0
2 After Deletion 585.19 47783 0 o (] 2048 289 4512 4612
3 After Scan 585.19 42284 32768 0 0 2049 729 11638 11638
4 Alter Delay 585.19 25744 0 0 0 2050 2050 11840 11640
5 After Second Scan 585.19 25744 65536 21130 21128 2050 2050 11840 11640

Figure 11-10. Memory and garbage collection statistics during the second set of tests

You can also confirm this by looking at the sys.dm_db_xtp_gc_cycle_stats view
output in Figure 11-11. It shows a much higher number of cycles with very short delays in
between them.

cycle_id ticks_at_cycle_stat ticks_at_cycle_end node_id base_generation xacts_copied_to_local

1 1557007790 1557007790 1 1 1

2 1557007834 1557007836 1 2043 2045
3 1557007876 1557007878 1 4097 2048
- 1557007887 1557007888 1 4625 518
5 1557007918 1557007920 1 6145 1526
6 1557007960 1557007961 1 8193 2048
7 1557008001 1557008003 1 10241 2048
8 1557008042 1557008044 1 12289 2045
a 1RR7nNANAY 1RR7NNANAR 1 14227 IR

Figure 11-11. Sys.dm_db_xtp_gc_cycle_stats view after the second test

Summary

The garbage collection process in In-Memory OLTP is designed to be nonblocking,
cooperative, and scalable. Even though it is managed by a dedicated system thread

(the idle worker thread), most of the work is done by the user threads. The idle worker
thread (one per NUMA node) wakes up every minute or when the number of completed
transactions exceeds an internal threshold.

Deleted rows can be deallocated only after they are expired and their EndTs
timestamp is older the than the Oldest Active Transaction Timestamp in the system.
Moreover, they need to be removed from all index row chains before deallocation. When
the user thread encounters an expired row, the thread may unlink it from the row chain.
In-Memory OLTP periodically scans rarely accessed parts of the indexes during its dusty
corners (sweep) scan and processes expired rows that were missed by the user threads.

User threads provide information about completed transactions to the idle worker
threads, which build the list of work items that consist of 16-row batches to deallocate.
The work items are distributed between garbage collector worker queues—one queue
per scheduler in the system. In turn, user threads pick up one or several items from the
worker queues and deallocate them. The work items can also be deallocated by the idle
worker threads.

Long-running and uncommitted transactions prevent rows from expiring by freezing
the Oldest Active Transaction Timestamp in the system. This defers the garbage collection
process and can lead to a situation where deleted rows use a large amount of memory.
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CHAPTER 12

Deployment and
Management

This chapter discusses the deployment and management aspects of systems that

utilize In-Memory OLTP. It provides a set of guidelines about hardware and server
configurations, and it covers In-Memory OLTP-related database administration

and management tasks. Finally, this chapter gives an overview of the changes and
enhancements in the catalog and data management objects related to In-Memory OLTP.

Hardware Considerations

In-Memory OLTP uses hardware in a different, and often more efficient, way than the
SQL Server Storage Engine. It is often possible to achieve high OLTP throughput even
with midrange servers. Moreover, In-Memory OLTP is highly scalable, and it is possible
to increase transaction throughput by adding more CPUs and memory to the server and
more drives to the disk array as the load and amount of data in the system increases.

Obviously, you should not forget that In-Memory OLTP plays in the same sandbox
with other SQL Server components, sharing resources with them. Memory becomes
one of the most critical resources for which the In-Memory OLTP and Storage Engines
compete. The memory used by memory-optimized data is inaccessible to the Storage
Engine and, therefore, cannot be used by the buffer pool. It is entirely possible that using
In-Memory OLTP on servers with an insufficient amount of memory would degrade the
performance of the queries against disk-based tables if an excessive amount of physical
I/0 was required. You should remember this when designing the system and avoid
putting unnecessary data into memory-optimized tables.

Tip  Consider splitting hot current and rarely accessed historical data between
memory-optimized and disk-based tables. | will discuss this scenario in more depth in the
next chapter.

© Dmitri Korotkevitch 2017 199
D. Korotkevitch, Expert SQL Server In-Memory OLTP, DOI 10.1007/978-1-4842-2772-5_12



CHAPTER 12 I DEPLOYMENT AND MANAGEMENT

Let’s discuss the In-Memory OLTP requirements for different hardware components.
Obviously, you need to take the workload from other SQL Server components into
consideration when you build servers that utilize In-Memory OLTP.

CPU

The number of CPUs in the system greatly depends on the required OLTP throughput.
However, as mentioned, it is entirely possible to achieve high transactional throughput
even with a midrange server. It is impossible to predict how many CPUs you will need
without performing some testing and analysis; however, it is beneficial to use the proper
hardware, which will allow you to scale and add more CPUs as load grows.

When possible, you should choose processors with a higher base clock speed. With
SQL Server per-core licensing, you can often get a better OLTP performance/cost ratio
by using high-end CPUs with fewer cores and higher single-threaded performance
compared to slower CPUs with more cores. This is also extremely critical in the case of
the Standard Edition of SQL Server, which is limited to the lesser of 4 sockets or 24 cores.
You would be unable to scale the CPUs beyond this limit, and faster CPUs will allow you
to achieve better transaction throughput in non-Enterprise editions of SQL Server.

Finally, you should have hyperthreading enabled on the servers.

I/0O Subsystem

As a general rule, you should place an In-Memory OLTP filegroup on the dedicated disk
array optimized for sequential I/O performance. It is better to use Flash-based storage
when possible. Even though HDD-based disk arrays can provide good enough sequential
I/0 performance to handle a regular In-Memory OLTP workload, they may become the
bottleneck during database startup. As you know, the In-Memory OLTP recovery process
is highly scalable, with multiple schedulers loading data from the different checkpoint
files in parallel. Usually, I/O performance becomes the limiting factor in how fast SQL
Server can recover memory-optimized data.

Recovery performance becomes even more important if a database has a low
recovery time objective (RTO) metric in its service level agreement (SLA). Even though
databases with an In-Memory OLTP filegroup support piecemeal restore with the
Enterprise Edition, SQL Server must bring all In-Memory OLTP data online together with
the PRIMARY filegroup. You cannot postpone In-Memory OLTP filegroup recovery to a
later stage in the restore.

One of the ways to improve recovery performance is to create multiple containers in
the In-Memory OLTP filegroup, placing them in different disk arrays using different HBA
adapters and, in the case of network storage, different access paths. SQL Server spreads
checkpoint files across containers and will load them in parallel from multiple drives.

Listing 12-1 shows how to create a database with two containers in an In-Memory
OLTP filegroup, placing them into the H: \HKData and K: \HKData folders, respectively.
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Listing 12-1. Creating a Database with Two Containers in an In-Memory OLTP Filegroup
create database HKMultiContainers
on primary

name = N'HKMultiContainers'
,filename = N'M:\HKMultiContainers.mdf'

)5
filegroup HKData CONTAINS MEMORY_OPTIMIZED_ DATA
(
name = N'HKMultiContainers HKData1'
,filename = N'H:\HKData\HKMultiContainers'
)5

name = N'HKMultiContainers HKData2'
,filename = N'K:\HKData\HKMultiContainers'

log on

name = N'HKMultiContainers Log'
,filename = N'L:\KMultiContainers_log.ldf'
);

Continuous checkpoints do not usually put an extreme load on the disk subsystem.
The process utilizes a streaming API and uses a limited number of threads to write data to
disk. The actual requirements, obviously, will depend on the transaction log generation
rate for In-Memory OLTP transactions.

The disk subsystem, however, should provide enough bandwidth to handle the
merge process in parallel with a continuous checkpoint. Usually, if the checkpoint
populates the data and delta files at a given IOPS, the I/0O subsystem should handle three
times that IOPS to account for both the checkpoint and merge processes.

As for disk space, Microsoft recommends that you have enough space to
accommodate four times the size of the data from the durable memory-optimized tables.
Obviously, you need to factor in the future data growth to your analysis.

Memory

You need to have enough memory in the system to accommodate the data from all
the memory-optimized tables. SQL Server fails a transaction when it cannot allocate
memory for the new row objects. Usually, SQL Server performs memory allocation
during INSERT and UPDATE operations; however, a DELETE operation could also fail ifa
table has nonclustered indexes and there is not enough memory to accommodate new
delta records or perform page merge operations. Moreover, if a table has a clustered
columnstore index, a DELETE operation could require allocating memory for a new row in
the delete bitmap internal table.

Figure 12-1 shows an error message indicating an out-of-memory condition.
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Msg 701, State 103, Line 10
There is ufficient system memory in
resource pool 'default' to run this query.

Figure 12-1. Out-of-memory error

An out-of-memory situation essentially makes the In-Memory OLTP data read-only.
You can still query the data; however, you cannot perform any data modifications until
the problem is resolved. When such conditions occury, it is beneficial to check the status of
the garbage collection process to make sure that it has not been deferred by the old active
transactions. I will discuss how to detect such transactions later in the chapter.

In many cases, the only option to address an out-of-memory situation is to increase
the amount of memory available to SQL Server and the In-Memory OLTP Engine. When
this is impossible, especially with the Standard Edition of SQL Server, you should detect
the largest memory consumers in In-Memory OLTP and reduce their memory footprint
by either refactoring or migrating them to disk-based tables. I will talk about how to
detect them later in the chapter.

Note The Standard edition of SQL Server is limited to 32GB of memory-optimized data
per database.

Estimating the Amount of Memory for In-Memory OLTP

Estimating the amount of memory required for memory-optimized tables is not a trivial
task. As a rule of thumb, you can double the size of the data in the table as a basis for

the estimation if the table does not have off-row columns. For a more accurate estimate,
however, you should factor the memory requirements for several different components.

e  Data rows consist of a 24-byte header, an index pointer array
(which is 8 bytes per index), and the payload (actual row data).
For example, if your table has 100,000,000 rows and 3 indexes and
each row is about 200 bytes on average, you will need (24 +3*8
+200) * 100,000,000 = ~23.1GB of memory to store the row data
without any versioning overhead included in this number.

e Hash indexes use 8 bytes per bucket. If a table has two hash
indexes defined with 150,000,000 buckets each, SQL Server will
create indexes with 268,435,456 buckets, rounding the number of
buckets specified in the index properties to the next power of 2.
Those two indexes will use 268,435,456 * 2 * 8 = 4GB of memory.

®  Nonclustered index memory usage is based on the number of
unique index keys and index key size. If a table has a nonclustered
index with 25,000,000 unique key values and each key value on
average uses 30 bytes, it would use (30 + 8(pointer)) * 25,000,000 =
~906MB of memory. You can ignore the page header and nonleaf
pages in your estimation as their sizes are insignificant compared
to the leaf-level row size.
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e Off-row storage overhead depends on the number of not-null
values stored in off-row internal tables. Each row-overflow value
adds 64 bytes overhead, which consists of a 24-byte internal
table row structure, two 8-byte range index pointers (on the leaf
level and in-row), and 24 bytes to store the artificial off-row ID
three times (in-row, off-row, and in the leaf level of internal table
range index). In addition, LOB (max) columns introduce 16 extra
bytes for the pointers to the LOB PAGE ALLOCATOR varheap where
data is stored, and they have additional overhead of 32 bytes
per every 8KB of data there. There is also additional memory to
store internal range index data pages and a mapping table, but it
is insignificant compared to the actual data. As the example, if a
memory-optimized table has 10,000,000 not-null values in a row-
overflow varchar (8000) column, this will require 64 * 10,000,000
= ~610MB of memory to store the data in an internal off-row table.

e Columnstore index memory requirements are hard to estimate.
The data is usually heavily compressed and, as the rule of thumb,
will consume just 10 to 15 percent of the uncompressed data size
in the table. Remember, however, that In-Memory OLTP does not
deallocate old versions of the rows from compressed rowgroups
until about 90 percent of the rows there have expired. You should
factor the volatility of the data into your analysis and fine-tune the
compression_delay index option, deferring compression until the
data becomes static.

*  Row versioning memory estimation depends on the duration
of the longest transactions and the average number of data
modifications (inserts and updates) per second. For example,
if some processes in a system have 10-second transactions and,
on average, the system handles 10,000 data modifications per
second, you can estimate 10 * 10,000 * 248(row size) = ~24MB of
memory for row versioning storage.

Obviously, these numbers outline the minimally required amount of memory. You
should factor in future growth and changes in workload and reserve some additional
memory just to be safe.

As mentioned, it is also important to remember that In-Memory OLTP does not
work in a vacuum; SQL Server needs to have enough memory available to the other
components. Make sure to include this in your analysis.

You should also remember In-Memory OLTP memory requirements when you
design high availability or disaster recovery strategies in your system. It is not uncommon
to see configurations where secondary or standby servers use less powerful hardware
than the primary one. This approach helps to reduce hardware costs by allowing the
system to operate with degraded performance in the event of a disaster.

You should be extremely careful with such an approach if your database is using the
In-Memory OLTP technology. An insufficient amount of memory on secondary servers
could break synchronization between nodes or prevent you from restoring the database in
the event of a disaster. The latter can also happen in scenarios when you want to bring the
copy of the production database to development or testing environments where SQL Server
does not have enough memory to accommodate In-Memory OLTP data from production.
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Administration and Monitoring Tasks

Let's look at several common In-Memory OLTP-related database administration and
monitoring tasks.

Limiting the Amount of Memory Available to In-Memory
OLTP

The Enterprise Edition of SQL Server allows you to manage workload and system
resource consumption by utilizing a Resource Governor. Internally, the Resource
Governor uses resource pools, which represent a subset of the physical resources available
to SQL Server. You can think about each resource pool as a virtual instance inside SQL
Server, and you can control resources available to the resource pool by specifying its
parameters. Finally, you can distribute the workload between resource pools or, to be
precise, between resource pool workgroups using a classification process. Classification

is done based on a user-defined function, which allows you to define complex algorithms
for such a purpose.

Note You can read more about the Resource Governor at https://docs.microsoft.
com/en-us/sql/relational-databases/resource-governor/resource-governor and in
my Pro SQL Server Internal book.

Every Resource Governor configuration has two predefined resource pools created,
internal and default. As you can guess by the name, the internal pool handles the internal
SQL Server workload, and the default pool handles the unclassified workload, which is
all of the user workload that has not been classified to the other resource pools. You can
create other resource pools as needed.

As mentioned, you can control CPU, memory, and I/0O allocations between resource
pools by specifying parameters, such as MIN_CPU_PERCENT and MAX_CPU_PERCENT, MIN_
MEMORY_PERCENT and MAX_MEMORY_PERCENT, AFFINITY, and a few others. You can bind a
database to the resource pool, which, in the case of In-Memory OLTP, will allow you to
limit the amount of memory for memory-optimized data in the database. Each database
can be bound to a single resource pool; however, multiple databases can share the same
pool. In this case, the limit would apply to all of them.

A resource pool can utilize up to 80 percent of the system memory, which sets the
limit on the amount of memory available to In-Memory OLTP. That threshold guarantees
that other SQL Server components have enough system memory to work and that the
system remains stable under the memory pressure.

Listing 12-2 illustrates how to create and configure the resource pool, allowing it to
use 40 percent of the system memory.
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Listing 12-2. Creating a Resource Pool

create resource pool InMemoryDataPool
with
(

min_memory percent=40

,Max_memory percent=40

)5
alter resource governor reconfigure;

When the resource pool is created, you can bind a database to it by using the
sys.sp_xtp_bind_db_resource_pool stored procedure, as shown in Listing 12-3.
As I already mentioned, this will allow In-Memory OLTP to use 80 percent of the resource
pool memory. In our example, resource pool memory usage is restricted to 40 percent,
which allows In-Memory OLTP to utilize up to 40 * 0.80 = 32 percent of the system memory.

Listing 12-3. Binding a Database to the Resource Pool

exec sys.sp_xtp_bind_db_resource pool
@database_name = 'InMemoryOLTPDemo'
,@pool name = 'InMemoryDataPool’;

-- You need to take DB offline and bring it
-- back online for the changes to take effect
alter database InMemoryOLTPDemo set offline;
alter database InMemoryOLTPDemo set online;

Unfortunately, binding the database to a resource pool does not automatically
transfer previously allocated memory to the new pool, and you need to take the database
offline and bring it back online to do so. Remember that this leads to a recovery process,
which can be time-consuming in the case of large amounts of In-Memory OLTP data.

Similarly, you can remove the binding by calling the sys.sp_xtp_unbind_db_
resource_pool stored procedure, as shown in Listing 12-4. The database will be bound
back to the default resource pool after the call.

Listing 12-4. Removing the Binding Between a Database and a Resource Pool

exec sys.sp_xtp _unbind_db_resource pool
@database_name = 'InMemoryOLTPDemo';

-- You need to take DB offline and bring it
-- back online for the changes to take effect
alter database InMemoryOLTPDemo set offline;
alter database InMemoryOLTPDemo set online;

You should remember that resource pool memory will be shared between
In-Memory OLTP data and user sessions that were classified to the resource pool
workgroups. The queries may fail with an insufficient memory error or be blocked and
have to wait for available memory if the pool does not have enough workspace memory
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to allocate memory grants to queries. It is safer to separate resource pools that are used to
limit In-Memory OLTP memory from the pools that handle user workloads.

Tip  You can monitor RESOURCE_SEMAPHORE waits, the Memory Grants Pending
performance counter, and the sys.dm_exec_query resource_semaphores and sys.dm_
exec_query memory grants views to troubleshoot workspace memory-related issues.

Monitoring Memory Usage for Memory-Optimized Tables

You can monitor the memory usage of the various In-Memory OLTP objects by using a
set of data management views along with the “Memory Usage by Memory Optimized
Objects” report in SQL Server Management Studio.

The sys.dm_db_xtp table memory stats view provides high-level memory usage
statistics for the user and system memory-optimized tables in the current database.
Listing 12-5 illustrates the query that uses this view.

Listing 12-5. Using the sys.dm_db_xtp_table_memory_stats View

select
ms.object_id
,S.name + '.' + t.name as [table]
,ms.memory allocated for_ table kb
»ms.memory_used by table kb
»ms.memory_allocated for_indexes_kb
,ms.memory_used by indexes kb
from
sys.dm db_xtp table memory stats ms
left outer join sys.tables t on
ms.object_id = t.object_id
left outer join sys.schemas s on
t.schema_id = s.schema_id
order by
ms.memory allocated for table kb desc

Figure 12-2 shows the output of the query when I ran it against one of the databases.
A negative object_id value would indicate the system tables (not present in the output).

object_id tobie memory_allocated_for_table_kib | memary_used_by_table_kb  memary_allocated_for_indexes_kb | memary_used_by_indexes_kb
1 2101582525 Delivery Orders 178048 176546 1ozve 40543
2 1893581784 Delivery Addresses 72768 72265 12288 12288
3 1861581670 Delivery Customers 7936 |z 10944 56592
4 2069582411 Delivery OrderStatuses 128 o 8 8
5 1973582069  Delvery HatePlons 128 o 2 2
] 2005582183 Dwlivery Rates B4 o 8 8
7 203/582207  Delvery Unvers B4 B B48 12
B 1841581955 Delivery Senvices B4 o 2 2

Figure 12-2. Output from sys.dm_db_xtp_table_memory_stats view
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Note You can read more about the sys.dm_db_xtp table memory stats view at
https://docs.microsoft.com/en-us/sql/relational-databases/system-dynamic-
management-views/sys-dm-db-xtp-table-memory-stats-transact-sql

The sys.dm_db_xtp_memory_consumers view provides detailed information about
database-level memory consumers. You already saw this view in action in Chapters 6 and 7
where you used it to obtain information about table memory consumers. You can group the
output from the view to obtain memory usage information with the required level of detail.

Listing 12-6 illustrates the query that provides memory usage information on the
per-internal-object (xtp_object_id)level.

Listing 12-6. Using the sys.dm_db_xtp_memory_consumers View

;with MemConsumers(object id, xtp object id, alloc_mb, used mb, allocs)
as

(
select
mc.object_id, mc.xtp_object_id
yconvert(decimal(9,3),sum(mc.allocated bytes) / 1024. / 1024.)
as [allocated (MB)]
sconvert(decimal(9,3),sum(mc.used bytes) / 1024. / 1024.)
as [used (MB)]
,sum(mc.allocation count) as [allocs]
from
sys.dm_db_xtp _memory consumers mc
group by
mc.object_id, mc.xtp_object_id
)
select

mc.object_id, mc.xtp_object_id
,a.minor_id, a.type_desc

,S.name + '.' + t.name +
iif(a.minor_id = 0,"'","'." + col.Name)
as [Table/Column]
,mc.allocs as [Allocations]
smc.alloc_mb as [Allocated (MB)]
,mc.used mb as [Used (MB)]
from
MemConsumers mc
join sys.memory optimized tables_internal attributes a on
a.object_id = mc.object_id and
a.xtp_object_id = mc.xtp_object_id
left outer join sys.columns col on
a.object_id = col.object_id and
a.minor_id > 0 and
a.minor_id = col.column_id
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left outer join sys.tables t on
a.object_id = t.object_id
left outer join sys.schemas s on
s.schema_id = t.schema_id
order by
[Allocated (MB)] desc

Figure 12-3 shows the output of the query. As you can see, the output includes a
separate row for the internal table that stores the data for the LOB Delivery.Orders.
Notes column.

object_id xip_object_id minor_id  type_desc Table/Column Aligeations  Allocated (MB)  Used (MB)

1 2101582525  -2147483603 0 USER_TAELE Delivery Orders 1061227 227438 166.737

2 1833581734  -2147483615 0O USER_TABLE Delivery Addresses 250002 83.063 82572

3 2101582525 -2147483608 15 INTERNAL OFF-ROW DATA TABLE  Delivery Orders.Notes 105063 54.125 45.656

4 1861581670 -2147483616 0 USER_TAELE Delivery. Customers 50636 18.438 13188

5 2037582287 -2147483811 O USER_TABLE Delivery Drivers 118 0.635 0018

[ 2069582411 -2147483610 0 USER_TABLE Delivery OrderStatuses 5 0,133 0.008

7 1973582088  -2147483613 0 USER_TAELE Delivery RatePlans 3 0127 0.002

8 2005582183 -21474836812 0O USER_TAELE Delivery Ratas 7 0.070 0003

a 18415871955 -2147483614 O USER_TAELE Delivery Sernces 4 0.064 0.002

Figure 12-3. Output from sys.dm_db_memory_consumers view

Note You can read more about the sys.dm db_xtp memory consumers view at
https://docs.microsoft.com/en-us/sql/relational-databases/system-dynamic-
management-views/sys-dm-db-xtp-memory-consumers-transact-sql

The sys.dm_xtp_system_memory consumers view provides information about
memory used by internal In-Memory OLTP components. Listing 12-7 illustrates the query
that uses this view.

Listing 12-7. Using the sys.dm_xtp_system_memory_consumers View

select
memory consumer_type desc
,memory_consumer_desc
,convert(decimal(9,3),allocated bytes / 1024. / 1024.)
as [allocated (MB)]
,convert(decimal(9,3),used bytes / 1024. / 1024.)
as [used (MB)]
yallocation_count
from
sys.dm_xtp system memory consumers
order by
[allocated (MB)] desc
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Figure 12-4 shows the partial output of the query in my system.

memory_consumer_type_desc
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LOOKASIDE
VARHEAP
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10 LOOKASIDE
1 LOOKASIDE
12 LOOKASIDE
13 LOOKASIDE
14 LOOKASIDE
15 LOOKASIDE
16 LOOKASIDE
17 LOOKASIDE
18 LOOKASIDE
19 LOOKASIDE

0~ @ ;s W N -

20 VARHEAP
21 PGPOOL
22 PGPOOL
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memory_consumer_desc
Tlﬂl’ls&cl.lol'l constraint set
Transaction write set
Transaction read set
System heap

Transaction

Hash cursor

Transaction partially-inserted rows set

Heap cursor

Range cursor

Log 10 proxy

Sequence object insert row
Sequence object map entry
Sequence object values map
Redo transaction map entry
Transaction recent rows
Transaction dependent ring buffer
Transaction save-point set entry
Transaction FK validation sets.
Log IO completion

Lockaside heap

256K page pool

4K page pool

T T N ——

allocated (MB)
86.375
35.125
24.438
0.875
0.688
0.563
0.438
0313
0.250
0.188
0.063
0.063
0.063
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
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used (MB)
86.375
35125
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0.378
0.688
0.563
0.438
0.313
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0.0e3
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0.000
0.000
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Figure 12-4. Output from sys.dm_xtp_system_memory_consumers view
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allocation_count
35050

35144

8276

2172

500

1940

855

8

2000 0CO0O0O0OCO

Note You can read more about the sys.dm_xtp_system memory consumers view at
https://docs.microsoft.com/en-us/sql/relational-databases/system-dynamic-

management-views/sys-dm-xtp-system-memory-consumers-transact-sql.

You can access the “Memory Usage by Memory Optimized Objects” report in the
Reports » Standard Reports section in the database context menu of the SQL Server
Management Studio Object Explorer. Figure 12-5 illustrates the output of the report. As you
can see, this report returns similar data to the sys.dm _db_xtp table memory stats view.
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Memory Usage By Memory Optimized Objects
[InMemoryOLTP2016] SQL Server
on SQL2016 at 4/1/2017 6:03:06 PM
This report provides detaied data on the utiization of memory space by memory optmized objects within the Database.
Total Memory Allocated To Memory O d Objects: | 383,14 MB
Total Memory Usage By Memory Optimized Obiects (ME)

22— 57.18

I System Allocated Memory
— 7384 B Table Used Memory
N Table Unused Memory

251— - 0.00

Memory Usage Details for Memory Optimized Tables (MB)

Table Name + Table Used Memory + Table Unused Memory - Index Used Memory + Index Unused Memory =+

Customers 763 0.2 556 513
Addresses 7057 043 1200 0.00
Services 0.00 0.08 0.00 0.00
RatePlans 0.00 013 0.00 0.00
Rates 000 006 om 0.00
Drivers 0.01 0.06 0.0 062
OrderSiatuses 000 013 o 0.00
Orders 17280 1.08 3359 68.09

Figure 12-5. “Memory Usage By Memory Optimized Objects” report output

Monitoring In-Memory OLTP Transactions

The sys.dm_db_xtp_transactions view provides information about active In-Memory
OLTP transactions in the system. The following are the most notable columns in the view:

e xtp_transaction_idis the internal ID of the transaction in the
In-Memory OLTP Transaction Manager.

e transaction_idis the transaction ID in the system. You can
use it in joins with other transaction management views, such
assys.dm_tran_active_transactions.In-Memory OLTP-only
transactions, such as transactions started by natively compiled
stored procedures, return a transaction_id value of 0.

e session_idindicates the session that started a transaction.
e begin_tsnandend_tsnindicate transaction timestamps.

e stateand state_desc indicate the state of a transaction. The
possible values are (0)-ACTIVE, (1)-COMMITTED, (2)-ABORTED,
and (3)-VALIDATING.
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e resultandresult_descindicate the result of a transaction. The
possible values are (0)-IN PROGRESS; (1)-SUCCESS; (2)-ERROR,
(3)-COMMIT DEPENDENCY; (4)-VALIDATION FAILED (RR), which
indicates repeatable read rules violation; (5)-VALIDATION
FAILED (SR),which indicates serializable rules violation; and
(6)-ROLLBACK.

e read_set_row_count,write_set row count, and scan_set_row_
count provide information about size of read, write, and scan sets
of the transaction.

e commit_dependency_count indicates how many commits the
dependency transaction has taken.

You can use the sys.dm_db_xtp_transactions view to detectlong-running and
orphan transactions in the system. As you probably remember, these transactions can
defer the garbage collection process and lead to out-of-memory errors.

Listing 12-8 shows a query that returns information about the five oldest active
In-Memory OLTP transactions in the system.

Listing 12-8. Getting Information About the Five Oldest Active In-Memory OLTP
Transactions

select top 5
t.session_id
,t.transaction_id
,t.begin tsn
,t.end_tsn
,t.state_desc
,t.result desc
,substring(
gt.text
,er.statement_start_offset / 2 + 1
,(case er.statement_end offset
when -1 then datalength(qt.text)
else er.statement end offset
end - er.statement start offset
)/ 2+
) as SQL
from
sys.dm_db_xtp_transactions t
left outer join sys.dm_exec_requests er on
t.session_id = er.session_id
outer apply
sys.dm_exec_sql text(er.sql handle) gt
where
t.state in (0,3) /* ACTIVE/VALIDATING */
order by
t.begin_tsn
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Figure 12-6 illustrates the output of the query.

session_id  op_transaction_jd  transaction_jd  begin_isn end fsn state_desc resul_desc saL
1 58 775 24730 55 0 ACTIVE INPROGRESS NULL
2 54 742 23026 55 0 ACTIVE INPROGRESS NULL
3 56 755 23776 55 0 ACTIVE INPROGRESS NULL
4 57 757 23822 55 0 ACTIVE INPROGRESS NULL
5 59 a0 26413 56 0 ACTIVE INPROGRESS  select @Cnt = court() from Delivery Or

Figure 12-6. The five oldest active In-Memory OLTP transactions in the system

Note You can read more about the sys.dm _db_xtp transactions view at
https://docs.microsoft.com/en-us/sql/relational-databases/system-dynamic-
management-views/sys-dm-db-xtp-transactions-transact-sql.

Collecting Execution Statistics for Natively Compiled
Stored Procedures

In query interop mode, SQL Server collects execution statistics of the statements that
access memory-optimized tables when their execution plans are cached. However,

it does not collect execution statistics for natively compiled modules because of the
performance impact this introduces. You can enable such a collection at the module level
with sys.sp_xtp_control proc_exec_stats and at the statement level with the sys.
sp_xtp_control query exec_stats system stored procedures.

Both procedures accept a Boolean @new_collection_value parameter, which
indicates whether the collection needs to be enabled or disabled. In addition, sys.sp_
xtp_control query exec_stats allows you to provide @database_id and @xtp_object_
id values to specify a module to monitor. It is also worth noting that SQL Server does not
persist collection settings, and you will need to reenable statistics collection after each
SQL Server restart.

Important Collecting execution statistics degrades the performance of the system.
Do not collect execution statistics unless you are performing troubleshooting. Moreover,
consider limiting collection to specific natively compiled modules to reduce the performance
impact on the system.

When statistics have been collected, you can access them through the sys.dm_exec_
procedure_stats, sys.dm_exec_function_stats, and sys.dm_exec_query_ stats views.

Listing 12-9 shows the code that returns execution statistics for stored procedures
using the sys.dm_exec_procedure_stats view. The code does not limit the output to
natively compiled stored procedures; however, you can do it by joining the sys.dm_
exec_procedure stats and sys.sql modules views and filtering by the uses_native
compliation = 1value.
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Listing 12-9. Analyzing Stored Procedures Execution Statistics

select
object _name(ps.object id) as [Proc Name]
,p.query_plan
,ps.execution count as [Exec Cnt]
,ps.total worker time as [Total CPU]
,convert(int,ps.total_worker time / ps.execution_count)
as [Avg CPU] -- in Microseconds
,ps.total elapsed time as [Total Elps]
sconvert(int,ps.total elapsed time / ps.execution count)
as [Avg Elps] -- in Microseconds
,ps.cached _time as [Cached]
,ps.last_execution_time as [Last Exec]
,ps.sql_handle
»ps.plan_handle
,ps.total logical reads as [Reads]
,ps.total_logical writes as [Writes]
from
sys.dm_exec_procedure_stats ps cross apply
sys.dm_exec_query plan(ps.plan_handle) p
order by
[Avg CPU] desc

Figure 12-7 illustrates the output of the code from Listing 12-9. As you can see, in
SQL Server 2016, both the sql_handle and plan_handle columns are populated and can
be used to obtain the stored procedure text and execution plan. It is also worth noting
that there is no I/O-related statistics provided. Natively compiled modules work with
memory-optimized tables only, and therefore there is no I/0 involved.

Proc Name query_plan ExecCnt Total CFU AvgCPU Total Elps Avg Elps
1 InsertOrder <ShowPlanXML xmins 2 258 129 258 129
2 DeleteCustomer <ShowPlanXML xmins 5 23 46 234 46
Cached Last Exec sql_handle plan_handle Reads Writes
2017-04-01 18:46:20.183 2017-04-01 18:46:31.583  0x0300050 0x0DADODS 0 0
2017-04-01 18:38:43.127 2017-04-01 18:46:31.583  0x0300050 0x0DADOD5... 0 0

Figure 12-7. Data from sys.dm_exec_procedure_stats view

Listing 12-10 shows the code that obtains execution statistics for individual
statements using the sys.dm_exec_query_stats view.

Listing 12-10. Analyzing Stored Procedure Statement Execution Statistics

select
substring(qt.text
,(gs.statement_start offset/2) + 1
,(case gs.statement_end offset
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when -1 then datalength(qt.text)
else gs.statement _end offset
end - gs.statement_start offset) / 2 + 1
) as SQL
»p.-query_plan
,gs.execution _count as [Exec Cnt]
,qs.total worker time as [Total CPU]
,convert(int,qs.total worker time / gs.execution_count)
as [Avg CPU] -- in Microseconds
,total elapsed time as [Total Elps]
,convert(int,qgs.total_elapsed_time / gs.execution_count)
as [Avg Elps] -- in Microseconds
,gs.creation_time as [Cached]
,last _execution time as [Last Exec]
»9s.plan_handle
,gs.total logical reads as [Reads]
,gs.total logical writes as [Writes]
from
sys.dm_exec_query stats gs
cross apply sys.dm exec_sql text(gs.sql handle) qt
cross apply sys.dm exec_query plan(gs.plan_handle) p
where -- it is null for natively compiled SPs
gs.plan_generation_num is null
order by
[Avg CPU] desc

Figure 12-8 illustrates the output of the code from Listing 12-10.

SQL

query_plan Exec Cnt Total CPU  Avg CPU
1 insert into Delivery Orders{OrderNum,OrderDate R... <ShowPlanXM 2 209 104
2 delete from Delivery. Customers where Customerld = <ShowPlanXM 3 35 mn
3 delete from Delivery. Orders where Customerld = @...  <ShowPlanXM 3 22 7
4 delete from Delivery Addresses where Customerld = <ShowPlanXM 3 13 4
Total Elps AvgElps Cached Last Exec plan_handle Reads Writes
209 104 2017-04-01 18:46:20.183  2017-04-01 18:46:31.583 (x0AD005008. 0 0
33 n 2017-04-01 18:38:43.127  2017-04-01 18:46:31.583 Ox0AD00500C... 0 0
21 7 2017-04-01 18:38:43.127 2017-04-01 18:46:31.583 O«DAD00500C.. O 0
13 4 2017-04-01 18:38:43.127 2017-04-01 18:46:31.583 (x0A000500C.. O 0

Figure 12-8. Data from sys.dm_exec_query_stats view

Note You can read more about the sys.sp xtp control proc_exec_stats procedure
at https://docs.microsoft.com/en-us/sql/relational-databases/system-stored-
procedures/sys-sp-xtp-control-proc-exec-stats-transact-sql. More information
about the sys.sp _xtp control query exec_stats procedure is available at https://
docs.microsoft.com/en-us/sql/relational-databases/system-stored-procedures/
sys-sp-xtp-control-query-exec-stats-transact-sql
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Finally, it is worth noting that neither the DBCC FREEPROCCACHE nor ALTER DATABASE
SCOPED CONFIGURATION CLEAR PROCEDURE_CACHE command removes natively compiled
modules execution statistics from the plan cache. Statistics would be removed, however,
when a module was recompiled.

In-Memory OLTP and Query Store Integration

Query Store is new SQL Server 2016 component that collects execution plans and runtime
statistics for the queries in the system. Those statistics are persisted in the database, and
they would survive database restart or failover, which is different from the plan cache-
based execution statistics I just discussed.

Similarly to plan cache-based execution statistics, Query Store does not collect the
execution statistics of natively compiled modules by default. You need to enable them
with the sys.sp_xtp_control _query exec_stats system stored procedure. Consider the
performance overhead this introduces, and do not enable them unless you troubleshoot
performance issues.

Figure 12-9 shows a Query Store report that works with the statements from natively
compiled stored procedures. As you can see, Management Studio provides a powerful and
convenient set of tools that dramatically simplify performance troubleshooting and tuning.

Top 25 resc surners during the last hour for da se InMemonyOLTR2016 i LT B Landscape View B C

Chiek fortop.consumers of | CPU Time () [+] based on [ Tort 7] | 1 efesh | © Teack sy | 3 View Qumry | ] Detated 60 [ ] standord 1 |
queryid | query sl text total epu time W exee count  num plars

1. (@Custornerd irt)delete frorm Delbvery Addnesses where Custormedd = SCumtomedd 30 3 1

1. & | (@Custornerid irt)delete froen Delivery.Custeenens where Customerdd = @ Custoemerld i 3 1

1. § (@Custornerld irf)delete from Delivery. Orders wheee Customend = BCustornerdd 51 3 1

Phae surmmiary fos query 6 | 3 Reves | 25 PoxceBlan | 75 o P [ 37 Cormpave Pl [ ] tandod 61 | 3
planid  planforced  exectype  execcount  mincpulime  mezcpulime | avgcputime  std devcputime  lestcputime  total cputime | first exec time W Lot e b

1fe o 3 3 2 % 1067 1226 2 2 2017-04-01 19:27564.1300000 3400 2017-04-01

4

Plon 6 frot forced] |33 Forcepian [ 3 erorcepien

Query 1: Query coat (relacive to the bacch): 100%
delete from Delivery.Customers whece Customerld = @CustomerId

| — ic] i = sy
el =] _ |
CELETE Assart Neated Locps s Hested Locps - Table Delete * Index Jeek (HooClustesedHasks
cosz: 0 % conz: 0 & (Lefy Sa=i Join) (Lafe Za=i Jein b [P
Coss: 0 % Cost: 0 % Cost: 0 % Coss: 0 &
# i
Index Seek (NonClusteredHash) Inden Seek (NorClusteredEashl
[Ozdezal . [TDK_Osdess_t £ - |IDX_Addresses_Castemer_
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Figure 12-9. The “Top Resource Consuming Queries” report in Query Store

Note The coverage of Query Store is outside the scope of this book. You can read
more about it at https://docs.microsoft.com/en-us/sql/relational-databases/
performance/monitoring-performance-by-using-the-query-store and in my Pro SQL
Server Internals book.
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Metadata Changes and Enhancements

In-Memory OLTP introduces a large number of changes in catalog and data management
views.

Catalog Views

There are two In-Memory OLTP-related catalog views in SQL Server 2016.

sys.hash_indexes

As you can guess by the name, the sys.hash_indexes view provides information about
hash indexes defined in the database. It is inherited from and has the same columns as
the sys.indexes view, adding one extra column called bucket_count. You can read about
this view at https://docs.microsoft.com/en-us/sql/relational-databases/system-
catalog-views/sys-hash-indexes-transact-sql.

sys.memory_optimized_tables_internal_attributes

As you already know, every memory-optimized table may include additional internal
tables to store off-row column data, columnstore index internal structures, and a few
other objects. The sys.memory optimized tables_internal attributes catalogview
provides information about those internal tables, and it consists of the following columns:

e object_idistheID of the user table. It is the same for all internal
tables that belong to the user table. The object_id value does not
change when you alter the table.

e xtp object_idisinternal object ID of an internal table. This
value may change when you re-create the table object during
table alteration.

e minor_id provides the column_id value of the table column when
the internal table stores off-row column data. It is 0 in other cases.

e The type and type description columns indicate the type of
internal table. The possible values are as follows:

e  (0):DELETED_ROWS TABLE is the delete bitmap in a
columnstore index.

e  (1):USER_TABLE is the main table structure that stores in-row
data.

e  (2):DICTIONARIES TABLE is the dictionaries for a
columnstore index.

e  (3):SEGMENTS_TABLE is the compressed segments for a
columnstore index.
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e  (4):ROW_GROUPS INFO TABLE is the metadata about
compressed rowgroups in a columnstore index.

e  (5): INTERNAL_OFF_ROW_DATA TABLE is a table that stores off-
row column data. As I already mentioned, minor_id provides
the column_id value of the off-row column, and it can be
used in joins with the sys.columns catalog view.

e (252): INTERNAL_TEMPORAL_ HISTORY TABLE is an in-memory
buffer that contains the kot tail of the disk-based history
table. The history rows are inserted into this internal table
first, and then they asynchronously move to the disk-based
history table.

You can use sys.memory_optimized tables internal_attributes with the sys.
dm_db_xtp_memory consumers view when you are analyzing memory consumption of the
memory-optimized tables in the system. You have already seen this in action many times

in the book.

You can read more about the sys.memory _optimized tables_internal attributes
view at https://docs.microsoft.com/en-us/sql/relational-databases/system-
catalog-views/sys-memory-optimized-tables-internal-attributes-transact-sql.

Changes in Other Catalog Views

Other catalog view changes include the following:

The sys.tables view has three new columns. The is_memory
optimized column indicates whether a table is memory-
optimized. The durability and durability desc columns
indicate a durability mode for memory-optimized tables. The
values are (0)-SCHEMA _AND DATA and (1)-SCHEMA ONLY.

The sys.indexes view has a new possible value in the type and
type_description columns, such as (7)-NONCLUSTERED HASH.
Nonclustered Bw-Tree indexes use a value of (2)-NONCLUSTERED
as the regular nonclustered B-Tree indexes defined on disk-based
tables. Clustered columnstore indexes use a value of

(5) - CLUSTERED COLUMNSTORE and an index_id value of 1.

The sys.sql_modules and sys.all sql modules views have a
new column called uses_native compilation.

The sys.table_types view has a new column called is_memory
optimized, which indicates whether a type represents a memory-
optimized table variable.

The sys.data_spaces view now has new type and type_desc
values of (FX)-MEMORY_OPTIMIZED DATA_FILEGROUP.
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Data Management Views

In-Memory OLTP provides a large set of new data management views; they can

be easily detected by the xtp_ prefix in their names. The naming convention also
provides information about their scope. The sys.dm_xtp_* views return instance-level
information, and the sys.dm_db_xtp_* views provide database-level information. Let’s
look at them in more detail, grouping them by area.

Object and Index Statistics

The following data management views provide index-related and data modification-
related statistics:

e sys.dm db xtp object statsreports the number of rows
affected by data modifications along with write conflicts and
unique constraint violations on a per-object basis. You can use
this view to analyze the volatility of the data from memory-
optimized tables, correlating it with index usage statistics. As
with disk-based tables, you can improve data modification
performance by removing rarely used indexes defined on volatile
tables. More information about this view is available at
https://docs.microsoft.com/en-us/sql/relational-
databases/system-dynamic-management-views/sys-dm-db-xtp-
object-stats-transact-sql.

e sys.dm db_xtp_index_stats returns information about index
usage, including the number of row-chain scans, the number of
rows scanned (rows_touched), the number of rows returned to
the client (rows_returned), and data about expired rows. The
large discrepancy between rows_touched and rows_returned
may indicate an inefficient indexing strategy with queries
performing the large range scans. For hash indexes, it may also
indicate the large index row chains because of an insufficient
number of buckets in the hash table. You can read about this
view at https://docs.microsoft.com/en-us/sql/relational-
databases/system-dynamic-management-views/sys-dm-db-xtp-
index-stats-transact-sql.

e sys.dm db_xtp nonclustered index_stats provides
information about nonclustered (range) indexes, such as the
number of pages in the index, the number of delta pages, and
page split and merge statistics. You can read about this view
athttps://docs.microsoft.com/en-us/sql/relational-
databases/system-dynamic-management-views/sys-dm-db-xtp-
nonclustered-index-stats-transact-sql.
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e sys.dm db_xtp_hash_index_stats provides information about
hash indexes, such as the number of buckets in the index, the
number of empty buckets, and row chain length information. This
view is useful when you need to analyze the state of hash indexes
and fine-tune their bucket_count allocations. You can read
about this view at https://docs.microsoft.com/en-us/sql/
relational-databases/system-dynamic-management-views/
sys-dm-db-xtp-hash-index-stats-transact-sql.

Listing 12-11 shows the script that you can use to find hash indexes with a potentially
suboptimal bucket_count value.

Listing 12-11. Obtaining Information About Hash Indexes with a Potentially Suboptimal
bucket_count Value

select
s.name + '.' + t.name as [Table]
,i.name as [Index]
,stat.total bucket count as [Total Buckets]
,stat.empty bucket count as [Empty Buckets]
,floor(100. * empty_bucket_count / total_bucket_count)
as [Empty Bucket %]
,stat.avg chain length as [Avg Chain]
,stat.max_chain_length as [Max Chain]
from
sys.dm_db_xtp _hash_index_stats stat
join sys.tables t on
stat.object_id = t.object_id
join sys.indexes 1 on
stat.object_id = i.object_id and
stat.index_id = i.index_id
join sys.schemas s on
t.schema_id = s.schema_id
where
stat.avg_chain_length > 3 or
stat.max_chain_length > 50 or
floor(100. * empty bucket count /
total bucket_count) > 50

Memory Usage Statistics

I already discussed memory usage-related views in this and other chapters. However, as a
quick overview, the views are as follows:

e sys.dm xtp_system memory consumers reports information
about system-level memory consumers in the system. More
information about this view is available at https://docs.
microsoft.com/en-us/sql/relational-databases/system-
dynamic-management-views/sys-dm-xtp-system-memory-
consumers-transact-sql.

219


https://docs.microsoft.com/en-us/sql/relational-databases/system-dynamic-management-views/sys-dm-db-xtp-hash-index-stats-transact-sql
https://docs.microsoft.com/en-us/sql/relational-databases/system-dynamic-management-views/sys-dm-db-xtp-hash-index-stats-transact-sql
https://docs.microsoft.com/en-us/sql/relational-databases/system-dynamic-management-views/sys-dm-db-xtp-hash-index-stats-transact-sql
https://docs.microsoft.com/en-us/sql/relational-databases/system-dynamic-management-views/sys-dm-xtp-system-memory-consumers-transact-sql
https://docs.microsoft.com/en-us/sql/relational-databases/system-dynamic-management-views/sys-dm-xtp-system-memory-consumers-transact-sql
https://docs.microsoft.com/en-us/sql/relational-databases/system-dynamic-management-views/sys-dm-xtp-system-memory-consumers-transact-sql
https://docs.microsoft.com/en-us/sql/relational-databases/system-dynamic-management-views/sys-dm-xtp-system-memory-consumers-transact-sql

CHAPTER 12 I DEPLOYMENT AND MANAGEMENT

e sys.dm db_xtp table memory stats provides memory usage
statistics on a per-object level. You can read more at https://
docs.microsoft.com/en-us/sql/relational-databases/
system-dynamic-management-views/sys-dm-db-xtp-table-
memory-stats-transact-sql.

e sys.dm_db_xtp_memory consumers provides information about
database-level memory consumers. You can use this view to
analyze per-index memory allocation in the system along with
the memory consumed by internal tables. The documentation
is available at https://docs.microsoft.com/en-us/sql/
relational-databases/system-dynamic-management-views/
sys-dm-xtp-system-memory-consumers-transact-sql.

Transaction Management

The following views provide transaction-related statistics in the system:

e sys.dm xtp transaction_stats reports statistics about
transactional activity in the system since the last server restart.
It includes the number of transactions, information about
transaction log activity, and quite a few other metrics. More
information about this view is available at https://docs.
microsoft.com/en-us/sql/relational-databases/system-
dynamic-management-views/sys-dm-xtp-transaction-stats-
transact-sql.

e sys.dm db_xtp transactions provides information about
currently active transactions in the system. We discussed this view
in this chapter, and you can read more about it at https://docs.
microsoft.com/en-us/sql/relational-databases/system-
dynamic-management-views/sys-dm-db-xtp-transactions-
transact-sql.

Garbage Collection

The following views provide information about the garbage collection process in the system:

e sys.dm xtp_gc_stats reports the overall statistics about the
garbage collection process. More information is available
athttps://docs.microsoft.com/en-us/sql/relational-
databases/system-dynamic-management-views/sys-dm-xtp-gc-
stats-transact-sql.
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sys.dm_xtp_gc_queue_stats provides information about the
state of garbage collection worker item queues. You can use this
view to monitor whether the garbage collection deallocation
process is keeping up with the system load. You can read more
about this view at https://docs.microsoft.com/en-us/sql/
relational-databases/system-dynamic-management-views/
sys-dm-xtp-gc-queue-stats-transact-sql.

sys.dm_db_xtp gc_cycle_stats provides information about idle
worker thread generation queues. I discussed this view in Chapter 11,
and you can read more about it at https://docs.microsoft.com/
en-us/sql/relational-databases/system-dynamic-management-
views/sys-dm-db-xtp-gc-cycle-stats-transact-sql.

Checkpoint

The following views provide information about checkpoint operations in the current

database:

sys.dm_db_xtp checkpoint_stats reports the overall statistics
about database checkpoint operations. It includes log file I/O
statistics, the amount of data processed during a continuous
checkpoint, the time since the last checkpoint operation, and
quite a few other metrics. More information about this view

is available at https://docs.microsoft.com/en-us/sql/
relational-databases/system-dynamic-management-views/
sys-dm-db-xtp-checkpoint-stats-transact-sql.

sys.dm_db_xtp_checkpoint_files provides information about
checkpoint file pairs in the database. Appendix C shows this

view in action, and you can read more about it at https://docs.
microsoft.com/en-us/sql/relational-databases/system-
dynamic-management-views/sys-dm-db-xtp-checkpoint-files-
transact-sql.

Extended Events and Performance Counters

SQL Server has the large number of extended events and performance counters that can
be used to monitor and troubleshoot In-Memory OLTP-related actions. You can use the
code from Listing 12-12 to get the list of In-Memory OLTP extended events.

Listing 12-12. Analyzing In-Memory OLTP Extended Events

select

xp.name as [package]
,X0.name as [event]
,Xo.description as [description]
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from
sys.dm xe_packages xp
join sys.dm xe_objects xo on
xp.guid = xo.package guid
where
xp.name like 'XTP%' or xo.name like '%XTP%'
order by
Xp.name, Xo.name

Figure 12-10 shows the partial output from the query. I recommend you analyze
the full output from the query and get familiar with the events that may be useful for
monitoring and troubleshooting purposes.

package event description
1 sqlserver temporal_xtp_ddl_period Occurs when trying to create temporal period on memory-of
2 sqlserver temporal_xtp_flush_task_ended Occurs when background task for moving history data of me
3 sqlserver temporal_xtp_flush_task_exception Occurs when background task for moving history data of me
4 sqlserver temporal_xtp_flush_task_started Occurs when background task for moving history data of me
5 sqlserver xtp_alter_table QOccurs at start of XTP table altering
6 sqlserver xtp_checkpoint_controller_start_scan Fired by checkpoint controller thread whenever it is started.
7 sqlserver xtp_close_harden_checkpaoint Fired by XTP close thread after it updates the boot page.
8 sqlserver xtp_controller_thread_status Indicates whether the Hekaton checkpoint controller thread
9 sqlserver xp_create_procedure Occurs at start of XTP procedure creation.
10 sqlserver xtp_create_table Occurs at start of XTP table creation.
11 sqlserver xip_database_deployed Fued after first xtp add container or create dolabase
P PP P PPPLPPPLPPPPPOPPSSIOSISOOSISI 2
32 sqlserver xtp_storage_table_create Occurs at just before the XTP storage table is created.
33 sqlserver xtp_table_created Occurs after the XTP table is created.
34 XtpCompile cgen Occurs at start of C code generation
35 XtpCompile cl_duration Reports the duration of the C compilation.
36 XtpCompile invoke_cl Occurs prior to the invocation of the C compiler
37 XtpCompile keyword_map Event grouping keywords
38 XtpCompile mat_export Occurs at start of MAT export
39 XtpCompile pitgen_procs Occurs at start of PIT generation for procedures
40 XtpCompile pitgen_tables Occurs at start of PIT generation for tables.
41 XtpCompile table_update_code_path Occurs when update statement is executed.
42 XitpEngine after_changestatet<_event Fires after transaction changes state.

an LN, [ -

Figure 12-10. In-Memory OLTP extended events

Similarly, you can see In-Memory OLTP performance counters with the query shown
in Listing 12-13.

Listing 12-13. Analyzing In-Memory OLTP Performance Counters

select object_name, counter name
from sys.dm os_performance_counters
where object name like '%XTP%'
order by object name, counter_name
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Figure 12-11 shows a partial output of the query. As with extended events, it is

beneficial to get familiar with performance counters and use them to baseline the system
workload and use them while monitoring and troubleshooting performance issues.

10
11
12
13
14
15
16
17
18
18
20

?
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50

' A

object_name

SQL Server 2016 XTP Cursors
SQL Server 2016 XTP Cursors
SQL Server 2016 XTP Cursors
SQAL Server 2016 XTP Garbage Collection
SQL Server 2016 XTP Garbage Collection
SQL Server 2016 XTP Garbage Collection
SQL Server 2016 XTP Garbage Collection
SQL Server 2016 XTP Garbage Collection
SQL Server 2016 XTP Garbage Collection
SQL Server 2016 XTP Garbage Collection
SQL Server 2016 XTP Garbage Collection
SQL Server 2016 XTP Garbage Collection
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SQL Server 2016 XTP Phantom Processor
SQL Server 2016 XTP Phantom Processor
SQL Server 2016 XTP Storage

SQL Server 2016 XTP Storage

SQL Server 2016 XTP Storage

SQL Server 2016 XTP Storage

SQL Server 2016 XTP Storage

SQL Server 2016 XTP Storage

SQL Server 2016 XTP Storage

SQL Server 2016 XTP Storage

SQL Server 2016 XTP Transaction Log
SQL Server 2016 XTP Transaction Log
SQL Server 2016 XTP Transactions

SQL Server 2016 XTP Transactions

SQL Server 2016 XTP Transactions

counter_name

Rows returned/sec

Rows touched/sec

Tentatively-deleted rows touched/sec
Dusty corner scan retries/sec (GC-issued)
Main GC work items/sec

Parallel GC work item/sec

Rows processed/sec

Rows processed/sec (first in bucket and removed)
Rows processed/sec (first in bucket)
Rows processed/sec (marked for unlink)
Rows processed/sec (no sweep needed)

Sweep expired rows removed/sec
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Phantom rows touched/sec

Phantom scans started/sec
Checkpoints Closed

Checkpoints Completed

Core Merges Completed

Merge Policy Evaluations

Merge Requests Outstanding
Merges Abandoned

Merges Installed

Total Files Merged

Log bytes written/sec

Log records written/sec
Cascading aborts/sec

Commit dependencies taken/sec
Read-only transactions prepared/sec
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Figure 12-11. In-Memory OLTP performance counters

Note

You can read about In-Memory OLTP performance counters at https://docs.

microsoft.com/en-us/sql/relational-databases/performance-monitor/sql-server-

xtp-in-memory-oltp-performance-counters.
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Summary

Choosing the right hardware is a crucial part of achieving good In-Memory OLTP
performance and transactional throughput. In-Memory OLTP uses hardware in a
different manner than the Storage Engine, and you need to carefully plan the deployment
and server configuration when a system uses In-Memory OLTP.

In-Memory OLTP benefits from single-threaded CPU performance. You should
choose CPUs with a high base clock speed and have hyperthreading enabled in the
system.

You should store In-Memory OLTP checkpoint files in the disk array, which is
optimized for sequential I/O performance, preferably using SSD-based drives. You can
consider using multiple containers in an In-Memory OLTP filegroup, placing them on
different drives if the database recovery time is critical.

Obviously, you should have enough memory in the system to accommodate the
In-Memory OLTP data, while leaving enough memory for other SQL Server components.
In the Enterprise Edition of SQL Server, you can restrict In-Memory OLTP memory
usage by configuring memory in the Resource Governor resource pool and binding
the database there. In the Standard Edition, In-Memory OLTP is limited to 32GB of
memory-optimized data per database.

In-Memory OLTP provides a large set of data management views, performance
counters, and extended events that you can use for system monitoring.
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CHAPTER 13

Utilizing In-Memory OLTP )

This chapter discusses several design considerations for systems utilizing In-Memory
OLTP and demonstrates how to benefit from the technology when migrating the existing
systems is cost-ineffective. It also talks about implementing data partitioning, which can
be helpful in a system with a large amount of data and mixed workload.

Design Considerations for Systems Utilizing
In-Memory OLTP

Two years ago, when I worked on the first edition of the book, about half of this chapter
focused on the techniques that helped to address technology limitations. Those limitations
positioned In-Memory OLTP as a niche technology in SQL Server 2014 and prevented its
widespread adoption because of the high implementation and refactoring cost.

Fortunately, the majority of the limitations have been removed in SQL Server 2016.
Moreover, starting with SQL Server 2016 SP1, In-Memory OLTP is available in the Standard
Edition of SQL Server, which allows you to benefit from the technology and maintain a
single system architecture and code base across multiple editions of the product.

Note Remember that non-Enterprise editions limit the amount of memory they can
utilize. For example, the Standard Edition is limited to 32GB of memory-optimized data per
database.

Nevertheless, the adoption of In-Memory OLTP comes at a cost. You will need to
acquire or upgrade to SQL Server 2016, spend time learning the technology, and, if you
are migrating an existing system, refactor code and test the changes. It is important to
perform a cost-benefits analysis to determine whether In-Memory OLTP provides you
with adequate benefits to outweigh the costs.

In-Memory OLTP is hardly a magical solution that will improve server performance
by simply flipping a switch and moving data into memory. It is designed to address a
specific set of problems, such as latch and lock contentions on very active OLTP systems.
Moreover, it helps improve the performance of the small and frequently executed OLTP
queries that perform point-lookups and small-range scans.
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In-Memory OLTP is less beneficial in the case of data warehouse systems with
low concurrent activity, large amounts of data, and queries that require large scans
and complex aggregations. In some cases, it is still possible to achieve performance
improvements by moving data into memory or creating columnstore indexes on
memory-optimized tables; however, you will often obtain better results by using
columnstore indexes with disk-based tables, especially with dedicated data warehouse
implementations.

You should remember that memory-optimized columnstore indexes are targeted
toward operational analytics scenarios when you need to run infrequent reporting and
analysis queries against hot OLTP data. Their implementation is limited compared to
disk-based column-based storage. Memory-optimized columnstore indexes cannot be
partitioned nor can they become the main copy of the data in the table like disk-based
clustered columnstore indexes do. Also, In-Memory OLTP does not allow you to rebuild
or reorganize columnstore indexes, reducing the size of the delta store and delete bitmap.

You should also remember that memory-optimized tables live completely in-
memory and out-of-memory conditions would lead to system downtime. This is
especially important in the case of non-Enterprise editions where you cannot scale the
system with the data growth by adding extra memory to the server. In many cases, it may
be beneficial to design the system utilizing data partitioning, keeping hot recent data in
memory-optimized and cold historical data in disk-based tables. I will discuss such an
implementation later in this chapter.

As you already know, SQL Server 2016 removes the majority of the limitations of the
technology that existed in SQL Server 2014. In many cases, you can migrate disk-based
tables into memory without any schema and code changes in the system. There are,
however, a few important considerations and behavior differences you need to remember
and factor into the decision. Let’s talk about the most important ones.

Off-Row Storage

Even though In-Memory OLTP supports LOB and row-overflow columns, it works with
them in a different way than the Storage Engine. With disk-based tables, the decision of
which columns are stored off-row is made on a per-row basis based on the row size;

all data will be stored in-row when it fits into the 8,060-byte limit. By contrast, with
memory-optimized tables, the decision is made strictly based on the table schema; the
off-row column data will be stored in separate internal tables for all rows, regardless of
the amount of data you store there.

As you will remember from Chapter 6, an excessive number of off-row columns leads
to serious performance implications because of the internal tables management that
In-Memory OLTP has to perform. Moreover, off-row columns increase the memory usage;
each not null off-row value adds 64+ bytes of overhead. You should be extremely careful
with off-row columns and avoid using them in memory-optimized tables unless they are
absolutely necessary.

It is common to see systems in which many text columns are defined as (n)
varchar (max) just in case. This is a bad practice that increases query memory grants,
introduces concurrency issues in the system, and complicates index management.

This overhead, however, is not always noticeable, or, perhaps, it is not always correlated
with the existence of off-row data.
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The situation will change if you migrate those tables to In-Memory OLTP, keeping
off-row columns intact. This decision could significantly increase the memory usage and
slow down the queries against the table. After all, querying data from or modifying data in
multiple internal tables will always be slower than working with a single table. You need
to remember this behavior and analyze off-row column usage before migration. In many
cases, you can change the data types to (n)varchar(N) and store those columns in-row.

You can also consider implementing vertical partitioning and storing some off-row
columns in disk-based tables, as shown in Listing 13-1. The Description column is
stored in a disk-based table, while all other columns are stored in a memory-optimized
table. The majority of the use cases in the system would not work with the product
description, and therefore, you can utilize native compilation while working with the
dbo.ProductsInMem table. Moreover, moving a product description to a disk-based
table will allow you to utilize the Full-Text Search feature, which is not supported for
memory-optimized tables.

Listing 13-1. Vertical Partitioning

create table dbo.ProductsInMem
(

ProductId int not null identity(1,1)
constraint PK_ ProductsInMem
primary key nonclustered hash
with (bucket count = 65536),

ProductName nvarchar(64) not null,

ShortDescription nvarchar(256) not null,

index IDX_ProductsInMem_ProductName
nonclustered(ProductName)

)

with (memory optimized = on, durability = schema_and data);

create table dbo.ProductDescriptions

(
ProductId int not null,
Description nvarchar(max) not null,
constraint PK_ ProductDescriptions
primary key clustered(ProductId)

)s

You can hide some of the implementation details from the interop SELECT queries
by defining a view, as shown in Listing 13-2. You can also define INSTEAD OF triggers on
the view and use them as the target for data modifications; however, it is more efficient to
update the data in the tables directly.
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Listing 13-2. Creating a View That Combines Data from Both Tables

create view dbo.Products(ProductId, ProductName,
ShortDescription, Description)
as
select
p.ProductId, p.ProductName, p.ShortDescription
,pd.Description
from
dbo.ProductsInMem p left outer join
dbo.ProductDescriptions pd on
p.Productld = pd.ProductId

As you should notice, the view is using an outer join. This allows SQL Server to
perform join elimination when the client application does not reference any columns
from the dbo.ProductDescriptions table while querying the view. For example, if you
ran the query from Listing 13-3, you would see the execution plan shown in Figure 13-1.
As you can see, there are no joins in the plan, and the dbo.ProductDescriptions table is
not accessed.

Listing 13-3. Query Against the View

select ProductId, ProductName
from dbo.Products

Query 1: Query cost (relative to the batch): 100%
select ProductlId, ProductNsame from dbo.Products

= 1]

SELECT Table Scan
[ProductsInMem] [p]
. %
e Cost: 100 &

Figure 13-1. Execution plan of the query

Unfortunately, it is impossible to define a FOREIGN KEY constraint for a disk-based
table referencing a memory-optimized table; furthermore, you should support referential
integrity in your code.

Listing 13-4 shows the stored procedure that inserts a row into the
dbo.ProductDescriptions table. The implementation looks trivial; however, there is one
very important detail. The code checks for the existence of the dbo.ProductsInMem row
using the REPEATABLE READ transaction isolation level. This forces In-Memory OLTP to
build the read set for the transaction and validate that the selected dbo.ProductsInMem
row exists at the time of transaction commit. The transaction would fail with a repeatable
read validation failure if the other session deleted the product row in between the SELECT
and INSERT statements.
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Listing 13-4. Enforcing Referential Integrity Between Disk-Based and Memory-Optimized
Tables: Inserting the Row into the Referencing Table

create proc dbo.InsertProductDescription
(
@ProductId int
,@escription nvarchar(max)
)
as
begin
set nocount on

declare
@Exists int

set transaction isolation level read committed
begin tran
-- using REPEATABLE READ isolation level
-- to build transaction read set
select @Exists = ProductId
from dbo.ProductsInMem with (repeatableread)
where ProductId = @ProductId;

if @Exists is null
raiserror('ProductId %d not found',16,1,@ProductId);
else
insert into dbo.ProductDescriptions
(ProductId, Description)
values(1,@escription);
commit;
end

Listing 13-5 shows how to perform the deletion of the dbo.ProductsInMem row.
Asyou can see, the SELECT statement checks for the existence of the
dbo.ProductDescriptions rows using the SERIALIZABLE isolation level, which places a
key range shared lock and prevents other sessions from inserting a product description
with the same ProductId value.

Listing 13-5. Enforcing Referential Integrity Between Disk-Based and Memory-Optimized
Tables: Deleting the Row from the Referenced Table

declare
@Cnt int
,@ProductId int = 1

begin tran

-- using SERIALIZABLE level to acquire the range lock
select @Cnt = count(*)
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from dbo.ProductDescriptions with (serializable)
where ProductId = @ProductId;

if @Cnt > 0
raiserror('Referential Integrity Violation',16,1);
else
delete from dbo.ProductsInMem with (snapshot)
where ProductId = @Productld;
commit;

You can use a similar approach when you need to enforce referential integrity in
the opposite direction with memory-optimized tables referencing disk-based ones. In
this case, however, the latter example (checking for the existence of the referencing rows
in memory-optimized tables) would depend on serializable validation at the time of
transaction commit rather than on locking.

With all that being said, splitting the data into memory-optimized and disk-based
tables would increase the complexity of the system along as well as its development cost.
It may be beneficial when a table has a large number of off-row columns that may not be
moved in-row and/or when you want to utilize technologies not supported by In-Memory
OLTP (Full-Text Search, for example). However, in many cases, it may be more cost-
effective to keep off-row columns in memory-optimized tables, especially if you have just
a handful of them.

Unsupported Data Types

Even though In-Memory OLTP in SQL Server 2016 supports the majority of data types,
there are still a few unsupported types, such as xml, geometry, geography, hierarchyid,
datetimeoffset, rowversion, and sql_variant. Moreover, user-defined data types are
not supported either.

As the simplest workaround, you can store them either in binary or text format or, in
some cases, shred them into relational data types when it is possible.

Let’s look at an example. Listing 13-6 shows a disk-based table that stores event
information from devices along with the locations where the events occurred.

Listing 13-6. DeviceEvents Disk-Based Table

create table dbo.DeviceEvents

(
Deviceld int not null,
EventTime datetime2(0) not null,
Location geography not null,
EventInfo xml not null,

);

create unique clustered index
IDX DeviceEvents Deviceld EventTime
on dbo.DeviceEvents(Deviceld, EventTime);
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Neither the geography nor xml data type is supported in In-Memory OLTP. You can
address this by storing location information in a pair of decimal columns and using the
varbinary column to store the xml data, as shown in Listing 13-7.

Listing 13-7. DeviceEvents Memory-Optimized Table

create table dbo.DeviceEvents

(
Deviceld int not null,
EventTime datetime2(0) not null,
Lat decimal(9,6) not null,
Long decimal(9,6) not null,
EventInfo varbinary(max) not null,

constraint PK_DeviceEvents
primary key nonclustered(Deviceld, EventTime)

)

with (memory optimized = on, durability = schema_and data);

You can cast the data back to the geometry and xml data types and utilize the XQuery
and geospatial methods when you access the table through the Interop Engine, as shown
in Listing 13-8.

Listing 13-8. Working with DeviceEvents Data

declare
@Loc geography =
geography: :Point(47.65600,-122.36000, 4326);

;with DeviceData(Deviceld, EventTime, Location, EventInfo)
as

(
select
Deviceld, EventTime
,geography: :Point(Lat, Long, 4326) as Location
sconvert(xml,EventInfo) as EventInfo
from dbo.DeviceEvents
)
select

DeviceId, EventTime
,Location.STDistance(@Loc) as Distance
,EventInfo.value('/Event[1]/@Code’, " "int') as [Code]
,EventInfo.value('/Event[1]/@Sensor1’, 'varchar(3)")
as [Status]
from DeviceData;
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Obviously, you can also split the data between memory-optimized and disk-based
tables similarly to the dbo.ProductsInMemand dbo.ProductDescriptions tables from
Listing 13-1. This may be beneficial if you need to utilize spatial or XML indexes for the data.

Unfortunately, there is no built-in support for rowversion data type behavior.
Fortunately, it is easy to implement this manually. Listing 13-9 shows how you can
implement optimistic concurrency in the code similarly to a disk-based implementation
that relies on the rowversion column.

Listing 13-9. Implementing Optimistic Concurrency

create table dbo.OptimisticConcurrency
(
ID int not null
constraint PK_OptimisticConcurrency
primary key nonclustered,
Data int not null,
RowVer uniqueidentifier not null
constraint DEF_OptimisticConcurrency RowVer
default newid()
)

with (memory optimized = on, durability = schema_only);

-- Reading data from the client
declare

@Data int

,@01dRowVer uniqueidentifier

select @Data = Data, @0ldRowVer = RowVer
from dbo.OptimisticConcurrency
where ID = @ID;

-- Saving data to the database
update dbo.OptimisticConcurrency
set
Data = @NewData
,RowVer = newid()
where ID = @ID and RowVer = @01ldRowVer;

if @@rowcount = 0
raiserror('Row with ID: %d has been modified by other session',
16,1,@ID);

Indexing Considerations

AsIhave already discussed in the book, an In-Memory OLTP indexing strategy and the
choice between nonclustered (range) and hash indexes both greatly depend on the data
and queries that utilize them. Nonclustered (range) indexes provide you with a similar
experience as regular B-Tree indexes. They can be used in the same use cases, and they
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provide a comparable set of SARGability rules. The only exception is scanning an index
in the opposite direction to the index sorting order. Nonclustered (range) indexes are
unidirectional, and In-Memory OLTP is unable to utilize them for such scans.

Hash indexes, on the other hand, are useful only for point-lookup searches and
equality joins when queries use the equality predicate on all index key columns. They
may outperform range indexes in those scenarios assuming that they have a sufficient
number of buckets in the hash table. However, an insufficient bucket_count value greatly
affects their performance and makes the indexes inefficient.

You can use hash indexes as the primary keys in the catalog entities where the
amount of data is relatively static and you can correctly estimate the number of bucket
for the index. Those entities are often used in the equality joins, and a hash index can be
very efficient in those scenarios. However, as the general rule, using range indexes is the
safer choice, which simplifies In-Memory OLTP migration and also reduces maintenance
overhead in the system.

There are a few other factors to consider. First, you should remember that indexes on
memory-optimized tables point to the actual data row objects and are covering for in-row
columns. They do not cover off-row columns, and In-Memory OLTP needs to perform
actions conceptually similar to a Key Lookup operation to obtain off-row values. You
should analyze the table structure and keep frequently selected columns in-row when
you migrate a disk-based table into memory.

Second, you should try to minimize the number of indexes in the table similar
to disk-based tables. Indexes add overhead during INSERT operations and slow down
database recovery and the garbage collection processes. Moreover, In-Memory OLTP is
using row versioning, and it creates a new version of the row every time you update it.
Every extra index adds update overhead; In-Memory OLTP has to maintain the index row
chains regardless of whether the index key columns were updated. This is different from
disk-based B-Tree indexes, which stay intact unless you update index columns.

Let’s look at the example and create memory-optimized and disk-based tables of
the same structure and insert some data there. Both tables have two indexes and four
columns, as shown in Listing 13-10.

Listing 13-10. Update Overhead: Tables Creation

create table dbo.MOTable

(
Id int not null,

IdxCol int not null,
IntCol int not null,
VarCharCol varchar(128) null,

constraint PK_MOTable
primary key nonclustered hash(Id)
with (bucket count = 2097152),

index IDX IdxCol nonclustered hash(IdxCol)
with (bucket count = 2097152),
)

with (memory optimized=on, durability=schema_only);
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create table dbo.DBTable
(
Id int not null,
IdxCol int not null,
IntCol int not null,
VarCharCol varchar(128) null,

constraint PK DBTable
primary key clustered(Id)

);
create index IDX DBTable IdxCol on dbo.DBTable(IdxCol);

swith N1(C) as (select 0 union all select 0) -- 2 rows
,N2(C) as (select 0 from N1 as t1 cross join N1 as t2) -- 4 rows
,N3(C) as (select 0 from N2 as t1 cross join N2 as t2) -- 16 rows
,N4(C) as (select 0 from N3 as t1 cross join N3 as t2) -- 256 rows
,N5(C) as (select 0 from N4 as t1 cross join N4 as t2) -- 65,536 rows
,N6(C) as (select 0 from N5 as t1 cross join N3 as t2) -- 1,048,576 rows
,1ds(Id) as (select row_number() over (order by (select null)) from N6)
insert into dbo.MOTable(ID,IdxCol,IntCol)

select Id, Id, Id from Ids;

insert into DBTable(Id, IdxCol, IntCol)
select Id, IdxCol, IntCol from dbo.MOTable;

As the next step, let’s run three UPDATE statements against each table, as shown
in Listing 13-11. The first statement modifies the nonindexed fixed-length column.
The second changes the value of the indexed fixed-length column. The last statement
populates the empty variable-length column with a value, which increases the row size
and triggers a large number of page splits in the disk-based table.

Listing 13-11. Update Overhead: Update Statements

update dbo.MOTable set IntCol += 1;
update dbo.MOTable set IdxCol += 1;
update dbo.MOTable set VarCharCol = replicate('a',128);

update dbo.DBTable set IntCol += 1;
update dbo.DBTable set IdxCol += 1;
update dbo.DBTable set VarCharCol = replicate('a',128);

Table 13-1 shows the execution time of the statements in my environment.
As you can see, the execution time stays pretty much the same in the case of the
memory-optimized table, and it depends on the number of indexes in the table. There is
still index update overhead associated with index maintenance during the update of the
index key column. In-Memory OLTP needs to calculate the hash bucket for the new index
key value in hash indexes or find the new index key row chain in nonclustered indexes.
This overhead, however, is relatively insignificant.
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Table 13-1. Execution Time of Update Statements

Memory-Optimized Table Disk-Based Table
Update of nonindexed column 1,016 ms 1,879 ms
Update of indexed column 1,036 ms 4,586 ms
Update with row size increase 1,045 ms 3,906 ms

This is not the case with the disk-based tables where the update of the index key
column leads to the update of the nonclustered index B-Tree structure. Similarly,
increasing the size of the row leads to page splits. The Storage Engine has to allocate new
data pages and move data there when the new versions of the rows do not fit into the
original pages. This is a very expensive operation, which updates allocation map pages
and leads to significant transaction log overhead.

Just to illustrate that update overhead depends on the number of indexes in a
memory-optimized table, let’s add another index to the table with the code from
Listing 13-12.

Listing 13-12. Update Overhead: Adding Extra Index to Memory-Optimized Table
alter table dbo.MOTable
add index IDX VarCharCol nonclustered(VarCharCol);

Table 13-2 illustrates the execution time of the update statements after creating the
index. As you can see, adding an extra index adds overhead to the operation; however, all
three statements take a similar amount of time.

Table 13-2. Execution Time of Update Statements with New Index

Memory-Optimized Table
Update of nonindexed column 1,840 ms
Update of indexed column 1,900 ms
Update with row size increase 1,921 ms

It is beneficial to analyze the indexing strategy in a system, adjusting and
redesigning it during migration. You can use the sys.dm_db_index_usage stats and
sys.dm_db_index_operational stats data management views to obtain index usage
statistics in the system. Remember that SQL Server does not persist these statistics at the
time of restart. Moreover, some versions may clear them at the time of an index rebuild.
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Finally, I will to discuss another SQL Server 2014 limitation, which has been removed
in SQL Server 2016. As you may remember, the first release of In-Memory OLTP required
you to use binary collations for the index key columns. In SQL Server 2014, this may
become a breaking change in the system behavior because of the case-sensitiveness of
the collation. However, in the grand scheme of things, binary collations have benefits.
The comparison operations on the columns that store data in binary collations are
much more efficient compared to nonbinary counterparts. You can achieve significant
performance improvements when a large number of rows need to be processed.

One such example is a substring search in large tables. Consider the situation when
you need to search by part of the product name in a large Products table. Unfortunately,

a substring search will lead to the following predicate: WHERE ProductName LIKE '%' + @
Param + '%'. This is not SARGable, and SQL Server cannot use an Index Seek operation
in such a scenario. The only option is to scan the data, evaluating every row in the table,
which is significantly faster with binary collation.

Let’s look at an example and create the table shown in Listing 13-13. The table has
four text columns that store Unicode and non-Unicode data in binary and nonbinary
formats. Finally, you populate it with 65,536 rows of random data.

Listing 13-13. Binary Collation Performance: Table Creation

create table dbo.CollationTest
(
ID int not null,
VarCol varchar(108) not null,
NVarCol nvarchar(108) not null,
VarColBin varchar(108)
collate Latinil_General 100 BIN2 not null,
NVarColBin nvarchar(108)
collate Latinil_General 100 BIN2 not null,

constraint PK_CollationTest
primary key nonclustered hash(ID)
with (bucket count=131072)

)

with (memory optimized=on, durability=schema_only);

create table #CollData
(
ID int not null,
Col1 uniqueidentifier not null
default NEWID(),
Col2 uniqueidentifier not null
default NEWID(),
Col3 uniqueidentifier not null
default NEWID()

);
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swith N1(C) as (select 0 union all select 0) -- 2 rows
,N2(C) as (select 0 from N1 as T1 cross join N1 as T2) -- 4 rows
,N3(C) as (select 0 from N2 as T1 cross join N2 as T2) -- 16 rows
,N4(C) as (select 0 from N3 as T1 cross join N3 as T2) -- 256 rows
,N5(C) as (select 0 from N4 as T1 cross join N4 as T2) -- 65,536 rows
,IDs(ID) as (select row number() over (order by (select NULL)) from N5)
insert into #CollData(ID)

select ID from IDs;

insert into dbo.CollationTest(ID,VarCol,NVarCol,VarColBin,NVarColBin)
select
ID
/* VarCol */
,convert(varchar(36),Col1) + convert(varchar(36),Col2) +
convert(varchar(36),Col3)
/* NVarCol */
yconvert(nvarchar(36),Col1) + convert(nvarchar(36),Col2) +
convert(nvarchar(36),Col3)
/* VarColBin */
,convert(varchar(36),Col1) + convert(varchar(36),Col2) +
convert(varchar(36),Col3)
/* NVarColBin */
yconvert(nvarchar(36),Col1) + convert(nvarchar(36),Col2) +
convert(nvarchar(36),Col3)
from
#CollData

As the next step, run the queries from Listing 13-14, comparing the performance
of a search in different scenarios. All the queries scan the table varheap, evaluating the
predicate for every row in the table.

Listing 13-14. Binary Collation Performance: Test Queries

declare
@Param varchar(16)
,@NParam varchar(16)

-- Getting substring for the search
select
@Param = substring(VarCol,43,6)
,@NParam = substring(NVarCol,43,6)

from
dbo.CollationTest
where
ID = 1000;
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select count(*)
from dbo.CollationTest
where VarCol like '%' + @Param + '%';

select count(*)
from dbo.CollationTest
where NVarCol like '%' + @NParam + N'%';

select count(*)

from dbo.CollationTest

where VarColBin like '%' + upper(@Param) + '%'
collate Latini_General 100 Bin2;

select count(*)

from dbo.CollationTest

where NVarColBin like '%' + upper(@NParam) + N'%'
collate Latini_General 100 Bin2;

Table 13-3 shows the execution time of all queries in my system. As you can see, the

queries against the binary collation columns are significantly faster, especially in the case
of Unicode data.

Table 13-3. Binary Collation Performace: Test Results

Varchar Column with  Varchar Column with Nvarchar Column Nvarchar Column
Nonbinary Collation  Binary Collation with Nonbinary  with Binary Collation
Collation

135 ms 75 ms 624 ms 34 ms

Remember that binary collations are case-sensitive. You may want to create another
binary collation column and store the copy of the data there, converting it to uppercase or
lowercase when needed.

Finally, it is worth noting that this behavior is not limited to memory-optimized
tables. You will get a similar level of performance improvement with disk-based tables
when binary collations are used.

Maintainability and Management Overhead

In SQL Server 2014 and SQL Server 2016 RTM, In-Memory OLTP was included only in
the Enterprise Edition of the product. Starting with SQL Server 2016 SP1, you can use
In-Memory OLTP in every edition of SQL Server. It is also available in the premium tiers
of Microsoft Azure SQL Databases. While this allows you to maintain a single architecture
and code across multiple SQL Server editions, there is the hidden danger in this
approach.
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In-Memory OLTP is hardly a “set it and forget it” type of technology. Database
professionals should actively participate in system monitoring and maintenance after
deployment. They need to monitor system memory usage, analyze data, re-create hash
indexes if the bucket counts need to be adjusted, recompile natively compiled modules to
address data distribution and statistic changes, and perform other tasks as well.

The memory usage monitoring is, perhaps, the most important task. In-Memory
OLTP consumes system memory, which may affect the performance of the other SQL
Server components. For example, a large amount of data in memory-optimized tables
may reduce the size of the buffer pool, which will increase physical I/0 and reduce query
performance against disk-based tables. Similarly, it may reduce the size of the plan cache,
which will lead to recompilations and increase CPU load in the system. Ironically, in the
Standard Edition, 32GB of memory-optimized data would not affect buffer pool memory
when the server has enough RAM to accommodate both of them.

You should also remember that data in memory-optimized tables will become
read-only if In-Memory OLTP does not have enough memory to proceed. This may lead
to prolonged system outages, especially in non-Enterprise instances of SQL Server. You
cannot address the issue by adding more memory and exceeding the edition limit. The
only option is to reduce the amount of data in memory-optimized tables.

Important Abandoned uncommitted transactions may defer the garbage collection
process and lead to out-of-memory conditions in the system.

You should also consider In-Memory OLTP memory usage when you design a high
availability strategy in your system. It is not uncommon to have the implementations
with secondary nodes be less powerful than the primary ones. This decreases the
implementation cost of the solution and may provide a required high availability even
though the system would operate with a reduced performance after failover.

The situation changes if secondary nodes do not have enough memory to
accommodate In-Memory OLTP data. This will break the synchronization between the
nodes and may affect the availability of the system.

The cross-edition support of the technology in SQL Server 2016 SP1 and above allows
you to architect the system once and upgrade editions as the amount of data and the load
increase. It is not targeted for independent software vendors who develop products that
need be deployed to a large number of customers who may or may not have DBA teams to
support the system. In-Memory OLTP is not the best choice in that scenario.

Using In-Memory OLTP in Systems with Mixed
Workloads

In-Memory OLTP can provide significant performance improvements in OLTP systems.
However, with data warehouse workloads, the results may vary. The memory-optimized
columnstore indexes may help to improve the performance of some data warehouse and
operational analytics queries; however, memory-optimized columnstore indexes still
have plenty of limitations compared to disk-based column-based storage.
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When you run a query against a memory-optimized columnstore index, In-Memory
OLTP has to perform a scan of all the index row groups. Even though SQL Server may skip
some of the row groups based on segment metadata, you should not rely on that behavior.

By contrast, disk-based columnstore indexes may be partitioned, and entire
partitions can be eliminated from the scan. This may significantly reduce the amount of
data to process when a system has a long data retention policy and queries work with just
subset of the data.

Keeping the old data in memory-optimized tables also negatively affects the
performance of OLTP queries. It increases the length and slows down the scans of the
index row chains. More importantly, it will consume SQL Server memory. Even though
memory is relatively cheap nowadays, NUMA servers partition the memory on a
per-socket basis, and in some cases, you will have to add more CPUs to utilize the
memory. This may require you to license them, which is expensive.

Finally, there is another, less obvious aspect of the problem. Different data in the
system may have different availability requirements. For example, current kot data may
have a 99.99 percent or higher SLA in the mission-critical systems, while the availability
requirements for the old cold data may be significantly lower.

The Enterprise Edition of SQL Server allows you to utilize piecemeal restore, bringing
the database online on a per-filegroup basis. This can significantly reduce the downtime
in the case of a disaster. However, a piecemeal restore requires the In-Memory OLTP
filegroup to be online for the database to become partially available. Keeping a large
amount of old cold data in-memory would slow down the recovery process.

It is often beneficial to build separate data warehouse environments to handle
analysis and reporting for the system. However, there are still many cases when systems
need to retain data for a long time and support mixed OLTP and data warehouse
workloads against the same data. Moving the data completely into memory is usually not
the best option, especially when you expect the amount of data grow over time.

One of the solutions in this scenario is to partition the data between memory-optimized
and disk-based tables. You can put recent kot data into memory-optimized tables, keeping
old cold data disk-based. This allows you to create a different set of indexes and utilize
different technologies based on workload, obtaining the biggest performance gain and
reducing the size of the data on disk.

Figure 13-2 shows an example of the architecture that partitions data in the system.
Obviously, the criteria for partitioning should depend on the system workload and other
requirements.

In-Memory OLTP {m} 99.99% Availability; <10 ms OLTP Transactions Latency
B-tree Indexes Warm Data: Mlxcdworqload 99.95% Awvailability; <20 ms OLTP Transaction Latency
! tThs\'earI' RAID-10 (S5D-based)
Clustered Columnstore Cnld Data: DW Workload 99% Availability; No Performance SLA
tlast Year) RAID-5 (10,000 RPM Disks)
Clustered Columnstore c::ld Data: DW Workload 98.5% Availability; No Performance SLA
with Archive Compression [0|d Data) RAID-1 (5,400 RPM Disks)

Figure 13-2. Example of data partitioning
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The hot operational data is stored in memory-optimized tables. This data is
customer-facing, and it handles the majority of OLTP activity in the system. The warm
data for several previous operational periods could be stored in disk-based B-Tree tables.
There is usually some degree of OLTP and data warehouse workload against such data.

The cold historical data mainly handles data warehouse workloads. It may be stored
in the tables with clustered columnstore indexes, potentially with COLUMNSTORE_ARCHIVE
compression. It is also possible to create nonclustered B-Tree indexes on such tables if
you need to support OLTP use cases. Finally, if the data is static, it is beneficial to put it in
aread-only filegroup and exclude it from the regular FULL database backups.

Let’s look at an example of such an implementation and assume that you have an
imaginary order entry system where the majority of OLTP transactions occur for the
current month’s data. Figure 13-3 shows the data partitioning that may exist in the system
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OLTP Artickes i ReeRE Orders2017_05 Orders2017_06 Orders2017_07
May 2017 June 2017 July 2017

* Orders2017 ; :onl?

* partiti - : Filegrou

¢ Partitioned [ o N ion 2 || Partition 3 || Partitiona | 4444 | Partiton 12 [: TIEBrOUP

1 Table 1an2017 || Feb2017 || Mar2017 || Apr2017 Empty |2

i : ~
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. . - 1 r

: Partitioned Partition 1 || Partition 2 || Partition 3 || Partitiond | s sese e | Portition 12 llegroup
1 Table Jan 2016 || Feb 2016 || Mar2016 || Apr 2016 Dec2016 | :
+(Columnstore) :

pauoied

Figure 13-3. Order entry system: data partitioning

The hot data for the current (June 2017), previous (May 2017), and next (July 2017)
operation periods are stored in the memory-optimized tables. The warm data from
January to April 2017 is stored in a B-Tree table on the FG2017 filegroup. Lastly, the cold
data for 2016 is stored in the table with the clustered columnstore index on the FG2016
filegroup. The catalog entities, such as Articles and Customers, are implemented as
memory-optimized tables, which will allow you to utilize native compilation when you
are working with the hot orders.

It is also beneficial to partition disk-based tables according to operational periods.
This will help to manage data movement between the tables when the period changes.
You will see this shortly.

Listing 13-15 illustrates this implementation. I am omitting the dbo.0rders2017_07
table to save the space in the book. However, you should always have the table for the
next (future) operational period to avoid downtime in the system.
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Listing 13-15. Data Partitioning: Object Creation

create table dbo.Customers
(

CustomerId int not null
constraint PK_Customers
primary key nonclustered hash
with (bucket count=65536),

Name nvarchar(256) not null,

index IDX_Customers Name nonclustered(Name)

)

with (memory optimized=on, durability=schema_and data);

-- Storing data for 2017_06

create table dbo.Orders2017_06

(
OrderId bigint identity(1,1) not null,
OrderDate datetime2(0) not null,
CustomerId int not null,
Amount money not null,
Status tinyint not null,

/* Other columns */
constraint PK_Orders2017_06
primary key nonclustered (OrderId),

index IDX_Orders2017_06_CustomerId
nonclustered hash(CustomerId)
with (bucket count=65536),

constraint CHK Orders2017_06
check (OrderDate >= '2017-06-01' and OrderDate < '2017-07-01'),

constraint FK Orders2017 06 _Customers
foreign key(CustomerId)
references dbo.Customers(CustomerId)

)

with (memory optimized=on, durability=schema_and_data);

-- Storing data for 2017 _05

create table dbo.Orders2017_05

(
OrderId bigint identity(1,1) not null,
OrderDate datetime2(0) not null,
CustomerId int not null,
Amount money not null,
Status tinyint not null,
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/* Other columns */
constraint PK Orders2017_05
primary key nonclustered (OrderId),

index IDX_Orders2017_05_CustomerId
nonclustered hash(CustomerId)
with (bucket count=65536),

constraint CHK Orders2017 05
check (OrderDate >= '2017-05-01' and OrderDate < '2017-06-01'),

constraint FK Orders2017 05 Customers

foreign key(CustomerId)

references dbo.Customers(CustomerId)
)
with (memory optimized=on, durability=schema_and data);
go

create partition function pf2017(datetime2(0))

as range right for values
('2017-02-01",'2017-03-01", ' 2017-04-01", ' 2017-05-01", ' 2017-06-01", ' 2017-07-01"
,'2017-08-01",'2017-09-01",'2017-10-01", '2017-11-01", ' 2017-12-01", ' 2018-01-01");
go

create partition scheme ps2017
as partition pf2017
all to ([FG2017]);

go

-- Storing data for 2017

create table dbo.Orders2017

(
OrderId bigint not null,
OrderDate datetime2(0) not null,
CustomerId int not null,
Amount money not null,
Status tinyint not null,

constraint CHK Order2017 01 05 check (OrderDate »>= '2017-01-01' and
OrderDate < '2017-05-01"),

constraint CHK Order2017 01 06 check (OrderDate >= '2017-01-01' and
OrderDate < '2017-06-01"),

constraint CHK_Order2017_01_07 check (OrderDate >= '2017-01-01' and
OrderDate < '2017-07-01'),

constraint CHK Order2017 01 08 check (OrderDate >= '2017-01-01' and
OrderDate < '2017-08-01'),
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constraint CHK Order2017 01 09 check (OrderDate »>= '2017-01-01' and
OrderDate < '2017-09-01"),

constraint CHK Order2017 01 10 check (OrderDate >= '2017-01-01' and
OrderDate < '2017-10-01'),

constraint CHK_Order2017_01_11 check (OrderDate >= '2017-01-01' and
OrderDate < '2017-11-01"),

constraint CHK Order2017 01 12 check (OrderDate »= '2017-01-01' and
OrderDate < '2017-12-01"),

constraint CHK Order2017 check (OrderDate >= '2017-01-01' and OrderDate
< '2018-01-01")

)5

create unique clustered index IDX Orders2017 OrderDate OrderId
on dbo.Orders2017(0OrderDate, OrderId)

with (data_compression=row)

on ps2017(0OrderDate);

create nonclustered index IDX_Orders2017_CustomerId
on dbo.Orders2017(CustomerId)

with (data_compression=row)

on ps2017(0OrderDate);

create nonclustered index IDX Orders2017 OrderId
on dbo.0Orders2017(0rderId)

with (data_compression=row)

on ps2017(0OrderDate);

go

create partition function pf2016(datetime2(0))

as range right for values

('2016-02-01", '2016-03-01", '2016-04-01", ' 2016-05-01" , ' 2016-06-01", ' 2016-07-01"
,'2016-08-01",'2016-09-01", ' 2016-10-01', '2016-11-01", '2016-12-01", ' 2017-01-01");
go

create partition scheme ps2016
as partition pf2016
all to ([FG2016]);

go

create table dbo.Orders2016

(
OrderDate datetime2(0) not null,
OrderId bigint not null,
CustomerId int not null,
Amount money not null,
Status tinyint not null,
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constraint CHK_Order2016 check (OrderDate >= '2016-01-01' and OrderDate
< '2017-01-01"),

on ps2016(0OrderDate);

create clustered columnstore index CCI_Orders2016
on dbo.0rders2016

with (data_compression=columnstore archive)

on ps2016(0rderDate);

create nonclustered index IDX_Orders2016_CustomerId
on dbo.0Orders2016(CustomerId)

include(Amount)

with (data_compression=row)

on ps2016(0rderDate);

go

create view dbo.Orders(OrderDate, OrderId, CustomerId, Amount, Status)
as

select OrderDate, OrderId, CustomerId, Amount, Status

from dbo.Orders2017_06

union all

select OrderDate, OrderId, CustomerId, Amount, Status
from dbo.Orders2017_05

union all

select OrderDate, OrderId, CustomerId, Amount, Status
from dbo.Orders2017

union all

select OrderDate, OrderId, CustomerId, Amount, Status
from dbo.0rders2016;

You can hide implementation details from read-only reporting queries by
implementing a partitioned view that combines data from all the tables there. Each table
should have the CHECK constraint that indicates what data is stored in the table. This will
allow SQL Server to skip processing unnecessary tables when you reference a view in the
queries. Do not focus on multiple CHECK constraints in the dbo.0rders2017 table now; I
will explain the need for them later.
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Listing 13-16 illustrates several queries against a partition view.

Listing 13-16. Data Partitioning: Querying Partitioned View

select count(*)
from dbo.Orders
where OrderDate between '2017-06-02' and '2017-06-03';

select count(*)
from dbo.Orders
where OrderDate »>= '2017-01-01';

b

select count(*) from dbo.Orders;

Figure 13-4 shows the execution plans for the queries. As you can see, SQL Server is
able to eliminate the scan of unnecessary tables during query execution.

Query 1: Query cost (relative to the batch): 16%
SELECT COUNT(*) FROM [dbo] . [Orders]) WHERE [OrdecDate]>=81 AND [OrderDace]<=A2

= E | ] = ]
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Figure 13-4. Execution plan of the query

As you have probably noticed, the memory-optimized tables define an OrderId
column as identity(1,1). In-Memory OLTP requires you to use a SEED value of 1 when
you define the identity column. Fortunately, you can re-seed it and enforce key uniqueness
by implementing identity insert of the dummy row immediately after table creation.
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Listing 13-17 shows this approach. It assumes that the system handles fewer than
100,000,000 new orders per month.

Listing 13-17. Data Partitioning: Changing Identity SEED Property

set identity insert dbo.Orders2017_06 on

insert into dbo.Orders2017 06(OrderDate, OrderId, CustomerId, Amount, Status)
values('2017-06-01",201706000000000,1,1,1);

delete from dbo.Orders2017_06;
set identity insert dbo.Orders2017 06 off;

As with any multitable data partitioning implementation, you should support the
data migration across the tables. As time goes on, the orders need to be moved from
memory-optimized to disk-based tables.

It is possible to use an INSERT. .SELECT approach; however, the statement would
move the snapshot of the data taken when the transaction started. You will subsequently
need to move the data changes that occur during and after the statement execution. You
can capture those changes by defining triggers on the memory-optimized tables.

Let’s look at an example of data movement assuming that you want to move the
last-month (May 2017) data to a disk-based table. Listing 13-18 shows the first step in
the process, which inserts data into the separate disk-based staging table to avoid data
duplication in the system. This also creates two tables to keep the OrderId values of
updated and deleted rows using the triggers to populate them (I am assuming that there
are no inserts into the last-month table).

Listing 13-18. Data Movement: Step 1
create table dbo.Orders2017_05_Tmp

(
OrderId bigint not null,
OrderDate datetime2(0) not null,
CustomerId int not null,
Amount money not null,
Status tinyint not null,

check (OrderDate >= '2017-05-01' and OrderDate < '2017-06-01")

)

on [FG2017];

create unique clustered index IDX Orders2017 05 Tmp_OrderDate OrderId
on dbo.0rders2017 05 Tmp(OrderDate, OrderId)

with (data_compression=row)

on [FG2017];
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create nonclustered index IDX_Orders2017_05_Tmp_CustomerId
on dbo.0Orders2017 05 Tmp(CustomerId)

with (data_compression=row)

on [FG2017];

create nonclustered index IDX_Orders2017_05_Tmp_OrderId
on dbo.Orders2017 05 Tmp(OrderId)

with (data_compression=row)

on [FG2017]

go
create table dbo.OrdersUpdateQueue
(

ID int not null identity(1,1)
constraint PK_OrdersUpdateQueue
primary key nonclustered hash
with (bucket count=262144),

OrderId bigint not null,

)

with (memory optimized=on, durability=schema_and data)
go

create table dbo.OrdersDeleteQueue

(

ID int not null identity(1,1)
constraint PK OrdersDeleteQueue
primary key nonclustered hash
with (bucket count=262144),

OrderId bigint not null

)

with (memory optimized=on, durability=schema and data)
go

create trigger trgAfterUpdate on dbo.Orders2017_05

with native_compilation, schemabinding

after update

as

begin atomic with

(
transaction isolation level = snapshot
,language = N'English'

insert into dbo.OrdersUpdateQueue(OrderId)
select OrderId from inserted;
end

go
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create trigger trgAfterDelete on dbo.Orders2017_05

with native_compilation, schemabinding

after delete

as

begin atomic with

(
transaction isolation level = snapshot
,language = N'English'

insert into dbo.OrdersDeleteQueue(OrderId)
select OrderId from deleted;
end

g0

-- Step 1: Copy data to the staging table
insert into dbo.Orders2017 05 Tmp(OrderDate, OrderId, CustomerId, Amount,
Status)

select OrderDate, OrderId, CustomerId, Amount, Status

from dbo.Orders2017 05 with (snapshot);

The OrderId of the rows that were updated and deleted during the INSERT. .SELECT
execution are stored in the dbo.OrdersUpdateQueue and dbo.0OrdersDeleteQueue tables.
You can apply those data modifications to the staging table by using the code from
Listing 13-19. Depending on the volatility of the data in your system, you may need to run
it several times until the tables are almost empty.

Listing 13-19. Data Movement: Step 2

declare
@MaxUpdateId int
,@MaxDeleteld int

select @MaxUpdateId = max(ID)
from dbo.OrdersUpdateQueue with (snapshot);

select @MaxDeleteId = max(ID)
from dbo.OrdersDeleteQueue with (snapshot);

begin tran
if @MaxUpdateId is not null
begin
update t
set t.Amount = s.Amount, t.Status = s.Status
from

dbo.OrdersUpdateQueue g with (snapshot) join
dbo.0rders2017 05 s with (snapshot) on
q.0rderId = s.OrderId
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join dbo.Orders2017_05 Tmp t on
t.0rderId = s.OrderId
where
q.ID <= @MaxUpdateld;

delete from dbo.OrdersUpdateQueue with (snapshot)
where ID <= @MaxUpdateld;
end;

if @MaxDeleteId is not null
begin
delete from t
from
dbo.OrdersDeleteQueue q with (snapshot) join
dbo.0Orders2017 05 Tmp t on
t.0rderId = q.0rderId
where
q.ID <= @MaxDeleteld;

delete from dbo.OrdersDeleteQueue with (snapshot)
where ID <= @MaxDeleteld;
end
commit;

Finally, you need to drop the dbo.0Orders2017_05 table, switch the staging table as
the partition to the dbo.0rders2017 table, and change the partition view. You should
prevent client access to the May 2017 data during those operations. Fortunately, the
duration of the downtime will be very short; both update and delete queue tables are
almost empty, and other operations will be done on the metadata level, as shown in
Listing 13-20.

Note If you access the data in the dbo.0Orders2017 05 table through the T-SQL
(interop) stored procedures, you can alter them at the beginning of the transaction and
obtain a schema modification (Sch-M) lock on them. This will block clients from calling
stored procedures until a transaction is committed.

Listing 13-20. Data Movement: Final Step

-- Disconnect clients before running those steps.

-- Alternatively, if the Data Access Tier uses Interop
-- stored procedures, you can start the transaction and
-- alter SPs before the updates. This will block clients
-- from calling those SPs.
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update t
set t.Amount = s.Amount, t.Status = s.Status
from
dbo.OrdersUpdateQueue q with (snapshot)
join dbo.Orders2017_05 s with (snapshot) on
q.0rderId = s.OrderId
join dbo.Orders2017_05 Tmp t on
t.0rderId = s.OrderId;

delete from t
from
dbo.OrdersDeleteQueue q with (snapshot) join
dbo.0Orders2017 05 Tmp t on
t.OrderId = q.0OrderId;

alter table dbo.Orders2017
drop constraint CHK Order2017_01_05

g0

alter table dbo.Orders2017 05 Tmp
switch to dbo.Orders2017 partition 5

go

alter view dbo.Orders(OrderDate, OrderId, CustomerId, Amount, Status)
as

select OrderDate, OrderId, CustomerId, Amount, Status

from dbo.Orders2017_06

union all

select OrderDate, OrderId, CustomerId, Amount, Status
from dbo.Orders2017

union all

select OrderDate, OrderId, CustomerId, Amount, Status
from dbo.0Orders2016

go
drop table dbo.Orders2017_05;

One of the things you need to do during this process is change the CHECK constraints
on the dbo.0rders2017 table indicating that the table stores May 2017 data now.
Unfortunately, SQL Server always scans one of the indexes in the table to validate new
CHECK constraints, holding the schema modification (SCH-M) lock and preventing access
to the table during the scan.
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One of the ways to address such a problem is by creating multiple CHECK
constraints—one constraint per month—as part of the CREATE TABLE statement. Every
time you move another month data into the table, you are dropping a constraint,
which is a metadata operation, rather than creating a new one. SQL Server evaluates all
constraints during optimization and picks the most restrictive one. This is the reason why
you created nine CHECK constraints in the dbo.0rders2017 table in Listing 13-15.

Note You can look at a more comprehensive and detailed version of the code in the
companion materials of the book.

While implementing data partitioning requires additional effort, it pays off in the
long run. It allows you to utilize the best technologies for each workload, simplifies
database administration and maintenance, improves system availability, and helps to
reduce the hardware and storage costs. Consider implementing it when you expect to
store a large amount of data in the system.

Note My Pro SQL Server Internals book includes a detailed chapter about data
partitioning. It shows how to implement tiered storage and move data between different
tables and filegroups while keeping it transparent to the users.

Thinking Outside the In-Memory Box

You can benefit from In-Memory OLTP even without fully utilizing the technology and
migrating the data into memory. Let’s look at several examples.

Importing Batches of Rows from Client Applications

In Chapter 13 of my book Pro SQL Server Internals, I compare the performance of several
methods that inserted a batch of rows from the client application into the database.
I'looked at the performance of calling individual INSERT statements, encoding the data
into XML and JSON and passing it to a stored procedure, using the .NET Sq1BulkCopy
class, and passing the data to a stored procedure utilizing table-valued parameters.
Table-valued parameters became the clear winner of the tests, providing performance on
par with the Sq1BulkCopy implementation plus the flexibility of using stored procedures
during the import.
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Listing 13-21 illustrates the database schema and stored procedure I used in the tests.

Listing 13-21. Importing a Batch of Rows: Table, TVP, and Stored Procedure
create table dbo.Data

(
ID int not null,
Col1 varchar(20) not null,
Col2 varchar(20) not null,
/* Seventeen more columns Col3 - Col19*/
Col20 varchar(20) not null,
constraint PK DataRecords
primary key clustered(ID)
)
go
create type dbo.tvpData as table
(
ID int not null,
Col1 varchar(20) not null,
Col2 varchar(20) not null,
/* Seventeen more columns: Col3 - Col19 */
Col20 varchar(20) not null,
primary key(ID)
)
go
create proc dbo.InsertDataTVP
(
@Data dbo.tvpData readonly
)
as
insert into dbo.Data
(
1D,Col1,Col2,Co013,Co014,Co0l5,Co0l6,Col7
,Col8,Co0l9,C0110,Co0l11,Co0l12,C0113,Co0l14
,Col15,Co0l16,C0117,C0118,C0119,Co0l120
)

select 1ID,Col1,Col2,Co0l13,Co014,Col5,Co0l6
,Col7,Co018,C019,C0110,Co0l11,Co0112
,Col13,Col14,Col15,C0l16,Co0l17,Col18
,Col19,Col20

from @Data;

Listing 13-22 shows the ADO.NET code that performed the import in the case of a
table-valued parameter.
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Listing 13-22. Importing a Batch of Rows: Client Code

using (SglConnection conn = GetConnection())

/* Creating and populating DataTable object with dummy data */
DataTable table = new DataTable();
table.Columns.Add("ID", typeof(Int32));
for (int i = 1; 1 <= 20; i++)
table.Columns.Add("Col" + i.ToString(), typeof(string));
for (int i = 0; i < packetSize; i++)
table.Rows.Add(i, "Parameter: 1"
,"Parameter: 2"
/* Other columns */
,"Parameter: 20");

/* Calling SP with TVP parameter */
SqlCommand insertCmd =

new SqlCommand("dbo.InsertDataTVP", conn);
insertCmd.Parameters.Add("@Data", SqlDbType.Structured);
insertCmd.Parameters[0].TypeName = "dbo.tvpData";
insertCmd.Parameters[0].Value = table;
insertCmd.ExecuteNonQuery();

You can improve performance even further by making the dbo.tvpData table type
memory-optimized, which is transparent to the stored procedure and client code.
Listing 13-23 shows the new type definition.

Listing 13-23. Importing a Batch of Rows: Defining a Memory-Optimized Table Type

create type dbo.tvpData as table

ID int not null,

Col1 varchar(20) not null,

Col2 varchar(20) not null,

/* Seventeen more columns: Col3 - Col19 */
(0120 varchar(20) not null,

primary key nonclustered hash(ID)
with (bucket count=65536)
)

with (memory optimized=on);

The degree of performance improvement depends on the table schema, and it
grows with the size of the batch. In my test environment, I got about 5 to 10 percent
improvement on the small 5,000-row batches, 20 to 25 percent improvement on the
50,000-row batches, and 45 to 50 percent improvement on the 500,000-row batches.
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Moreover, memory-optimized tables do not utilize tempdb, which may reduce
tempdb page allocation contention (PAGELATCH waits) on very busy systems and improve
performance even further. They, however, cannot spill to tempdb, which can be dangerous
in the case of very large batches and with servers with an insufficient amount of memory.
You should also define the bucket_count value for the indexes based on a typical batch
size, as discussed in Chapter 4 of this book.

Note You can download the test application from this book’s companion materials and
compare the performance of the various import methods.

Using Memory-Optimized Objects as Replacements for
Temporary and Staging Tables

Memory-optimized tables and table variables can be used as replacements for disk-based
temporary and staging tables. However, the level of performance improvement may vary,
and it greatly depends on the table schema, workload patterns, and amount of data

in the table.

Let’s look at a few examples and first compare the performance of a memory-
optimized table variable with disk-based temporary objects in a simple scenario that you
will often encounter in OLTP systems. Listing 13-24 shows stored procedures that insert
up to 256 rows into an object, scanning it afterward.

Listing 13-24. Comparing Performance of a Memory-Optimized Table Variable with
Disk-Based Temporary Objects

create table dbo.TestRows

(
Id int not null
primary key nonclustered hash
with (bucket count=512),
)
with (memory optimized=on, durability=schema_only)
go

swith N1(C) as (select 0 union all select 0) -- 2 rows
,N2(C) as (select 0 from N1 as t1 cross join N1 as t2) -- 4 rows
,N3(C) as (select 0 from N2 as t1 cross join N2 as t2) -- 16 rows
,N4(C) as (select 0 from N3 as t1 cross join N3 as t2) -- 256 rows
,1ds(Id) as (select row number() over (order by (select null)) from N4)
insert into dbo.TestRows(Id)

select Id from Ids;

g0
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create type dbo.InMemTV as table

Id int not null
primary key nonclustered hash
with (bucket count=512),
Placeholder char(255)
)
with (memory optimized=on)
go

create proc dbo.TestInMemTempTables(@Rows int)
as
declare
@ttTemp dbo.InMemTV
,@Cnt int

insert into @ttTemp(Id)
select Id
from dbo.TestRows with (snapshot)
where Id <= @Rows;

select @Cnt = count(*) from @ttTemp;
go

create proc dbo.TestTempTables(@Rows int)
as

declare
@Cnt int

create table #TTTemp

(
Id int not null primary key,
Placeholder char(255)

)

insert into #TTTemp (1d)

select Id
from dbo.TestRows with (snapshot)
where Id <= @Rows;

select @Cnt = count(*) from #TTTemp;
go

create proc dbo.TestTempVars(@Rows int)
as
declare
@Cnt int
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declare
@ttTemp table
(
Id int not null primary key,
Placeholder char(255)

)
insert into @ttTemp(Id)
select Id

from dbo.TestRows with (snapshot)
where Id <= @Rows;

select @Cnt = count(*) from @ttTemp;

Table 13-4 illustrates the execution time of the stored procedures called 10,000
times in the loop. I ran the tests in two environments, using Intel i7-4770HQ and AMD
Opteron 6328 CPUs. As you can see, the memory-optimized table variable outperformed
disk-based objects even in the system with a very fast PCI-e SSD drive. The level of
performance improvements grew with the amount of data when the disk-based tables
needed to allocate more data pages to store the data. This is also a good example that
demonstrates that In-Memory OLTP is usually CPU-bound and benefits from the faster
single-threaded performance provided by an Intel CPU.

Table 13-4. Execution Time of Stored Procedures (10,000 Executions)

16 Rows 64 Rows 256 Rows
Memory-Optimized Table Variable 843 ms 1,016 ms 1,850 ms
(i7-4770HQ)
Memory-Optimized Table Variable 980 ms 1,360 ms 2,617 ms
(AMD Opteron 6328)
Table Variable 1,450 ms 3,054 ms 8,390 ms
Temporary Table 6,267 ms 8,020 ms 12,546 ms

It is also worth mentioning that performance improvements can be even more
significant in systems with heavy concurrent tempdb loads because of the possible
allocation maps contention.

You should remember that memory-optimized table variables do not keep index
statistics, similar to disk-based table variables. The Query Optimizer generates execution
plans with the assumption that they store just a single row. This cardinality estimation error
can lead to highly inefficient plans, especially when with a large amount of data and joins.

Similar to disk-based table variables, the statement-level recompile with OPTION
(RECOMPILE) allows the Query Optimizer to obtain a number of rows in memory-optimized
table variables. It does not provide the information about data distribution, however,
because of the missing statistics histogram. This behavior may lead to inefficient execution
plans even with a statement-level recompile involved.
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Let’s look at an example of cardinality estimations with and without a statement-
level recompile by using the code from Listing 13-25.

Listing 13-25. Memory-Optimized Table Variables and Statement-Level Recompile

declare
@InMemTV dbo.InMemTV,;

insert into @InMemTV(Id)
select Id from dbo.TestRows with (snapshot);

select count(*) from @InMemTV;
select count(*) from @InMemTV option (recompile);
select count(*) from @InMemTV where ID > 0 option (recompile);

You can see the cardinality estimations for the Index Scan and Filter operators
in Figure 13-5. Without a statement-level recompile, SQL Server assumed that the
memory-optimized table variable has just a single row. The statement-level recompile
allowed SQL Server to obtain the information about the number of rows in the table.
However, there is no information about data distribution in the table, and adding the
where clause led to the cardinality estimation error. This behavior matches the behavior
of disk-based table variables.

Query 2: Query cost (relative to the batch): 0%
select count(”) from B InMemTV

m .
i ! I ﬁﬁ Index Scan (NonClusteredHash)
. . A Stresm Aggregate © rdex Scan (RonClustereddash) Aetual Number of Rows 56
SELECT Compute Sealaz
Case: 0 % Tt 0 ihggzegata] (BInMeRTY] . (FK_¥ASGEF4S_32LECSE-  yfimated Number of Rows 1
Cost: & & Cost: %4 %

Query 3: Query cost (relative to the batch): 30%
select count(*) from AInMemTV option (recompile)

I
= 3 I k& Index Scan (NonClusteredHash)
. - . 1ge - Stresm Aggregate © * Index Scan of Rows 56
SELECT Compute Scalsz . 1 ¥ £ 2 4
Cost: 0 % Cosz: 0 % {Aggegate] [ TInMeny] . (FK_TT_Inifen_3214EC08 Estimated Mumber of Rows 256
Cost: 4 % Cost: 36 %

Query 4: Query cost (relative to the batch): 30%
=elect count () from B InMemTV where ID > O option (recompile)

- I [— bia
| | ! bt T
. . _— Stream Aggregate © ] ¢ Index Scan [NonClusterediash]
SELECT Compute Scalsz :m:f:“.‘lj Filzer oz St (o4 U5 abien, 321450061
Cost: O % Casz: 0 % pbiiba Cost: 1 % -
: Filter
Actual Number of Rows 256
Estimated Mumber of Rows 768

Figure 13-5. Memory-optimized table variables and cardinality estimations

Memory-optimized tables can be used as the staging area for ETL processes. As a
general rule, they outperform disk-based tables in INSERT performance, especially if the
process imports the data from the multiple sources in parallel. The lock- and latch-free
nature of memory-optimized tables will eliminate latch contention and will provide a
significant increase of insert throughput. You already saw a similar example in Chapter 2
of the book.
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In-Memory OLTP will also reduce I/0 and transaction log overhead. Moreover, in the
case of nondurable memory-optimized tables, it will eliminate all disk and transaction
log activity generated by the staging tables.

The data modification overhead is different between technologies. As you already
know, with memory-optimized tables, the UPDATE overhead depends on the number of
indexes in the table. With disk-based tables, it depends on what columns were updated
and the number of page splits it generated.

Scan performance, on the other hand, greatly depends on the use case. In SQL
Server 2014, In-Memory OLTP did not support parallelism and varheap scans, which
greatly affected scan performance. Traversing memory pointers is a fast operation, and it
is significantly faster compared to getting a page from the buffer pool. However, on-page
row access could be faster than traversing long memory pointer chains. In SQL Server
2014, it was possible that with the small data rows and large number of rows per page,
disk-based tables outperformed memory-optimized tables during the scans, especially
with the parallel execution plans for the queries.

Fortunately, both limitations have been removed in SQL Server 2016, and in the
majority of the cases, memory-optimized table scans would outperform B-Tree disk-based
tables. Nevertheless, the results may vary based on the data, hardware, and ETL logic.

You should also remember that parallelism and varheaps scans are supported only
in query interop mode. You should compare the performance of natively compiled code
responsible for ETL logic with the interop T-SQL implementation. Those limitations may
offset the performance benefits provided by native compilation and make the interop
approach more efficient in the case of large scans and complex ETL transformations.

With all that being said, you can achieve the best results by adjusting ETL
processes to In-Memory OLTP. Consider the situation when you need to import data
to a data warehouse using many flat files as the source. In-Memory OLTP will allow
you to perform the import from multiple files in parallel without any latch contention
overhead. Moreover, you can achieve better results by performing the processing and
transformation of the data using large batches rather than doing it on per-file basis.

Tip Consider using a separate staging database when you utilize In-Memory OLTP
for ETL processes. This will allow you to avoid creating an In-Memory OLTP filegroup with
checkpoint files in the main database.

Using In-Memory OLTP as Session or Object State Store

Modern software systems have become extremely complex. They consist of a large
number of components and services responsible for various tasks, such as interaction
with users, data processing, integration with other systems, reporting, and quite a few
others. They must be scalable and redundant, they need to be able to handle load growth,
and they need to be able to survive hardware failures and crashes.

A common approach to solving scalability and redundancy issues is to design the
systems in a way that permits you to deploy and run multiple instances of individual
services. This allows you to add more servers and instances as the load grows and helps

259



CHAPTER 13 I UTILIZING IN-MEMORY OLTP

you survive hardware failures by distributing the load across other active servers. The
services are usually implemented in a stateless way, and they don’t store or rely on any
local data.

Most systems, however, have data that needs to be shared across instances. For
example, front-end web servers usually need to maintain web session states. Back-end
processing services often need to have a shared cache with some data.

Historically, there were two approaches to address this issue. The first one was to
use a dedicated storage/cache and host it somewhere in the system. Remember the old
ASP.NET model that used either a SQL Server database or a separate web server to store
session data? The problem with this approach was limited scalability and redundancy.
Storing session data in web server memory is fast, but it is not redundant. A SQL Server
database, on the other hand, can be protected, but it does not scale well under the load
because of page latch contention and other issues.

Another approach was to replicate the content of the cache across multiple servers.
Each instance worked with a local copy of the cache, while another background process
distributed the changes to the other servers. Several solutions on the market provide such
a capability; some are open source, and others are commercial products.

If your system is using SQL Server as the database back end, you have an option of
utilizing In-Memory OLTP as the session or object store in your system. This may not
necessarily be the best option because of the extra load it adds to SQL Server; however,
it may be one of the simplest approaches, especially if SQL Server has enough extra
bandwidth to handle the load.

In the nutshell, it looks similar to the ASP.NET SQL Server session-store model;
however, In-Memory OLTP throughput and performance improvements address the
scalability issues of the old disk-based solution. You can improve the performance even
further by using nondurable memory-optimized tables. Even though the data will be lost
when there is failover, this is acceptable in many cases.

Listing 13-26 shows the table and natively compiled stored procedures that you can
use to store and manipulate the data in the database. The client application calls the
LoadObjectFromStore and SaveObjectToStore stored procedures to load and save the
data. The PurgeExpiredObjects stored procedure removes expired rows from the table,
and it can be called from a SQL Agent or other process based on the schedule.

The serialized object data is stored in a varbinary(max) column. You can achieve
slightly better performance by using an in-row varbinary(8000) data type if your objects
will not exceed 8,000 bytes. Alternatively, you can use separate tables for large and small
objects if needed. Consider, however, the development and maintenance overhead and
the possibility of future object growth; it is entirely possible that the small performance
improvements gained by eliminating the off-row internal table is not worth the effort.

Listing 13-26. Implementing Session Store: Database Schema

create table dbo.ObjStore
(

ObjectKey uniqueidentifier not null,
ExpirationTime datetime2(2) not null,
Data varbinary(max) not null,
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constraint PK_ObjStore
primary key nonclustered hash(ObjectKey)
with (bucket count = 131072),

)

with (memory optimized = on, durability = schema_only);

create proc dbo.SaveObjectToStore

(
@0bjectKey uniqueidentifier
,@ExpirationTime datetime2(2)
,@ata varbinary(max)
)
with native_compilation, schemabinding, exec as owner
as
begin atomic with
(
transaction isolation level = snapshot
ylanguage = N'English’
)
-- @0bjectKeys are randomly generated and unique across
-- multiple sessions
update dbo.ObjStore
set Data = @Data, ExpirationTime = @ExpirationTime
where ObjectKey = @0bjectKey;
if (@@rowcount = 0)
insert into dbo.ObjStore(ObjectKey, ExpirationTime, Data)
values(@0ObjectKey, @ExpirationTime, @Data)
end;

create proc dbo.LoadObjectFromStore

(
@0bjectKey uniqueidentifier not null
,@ata varbinary(max) output
)
with native_compilation, schemabinding, exec as owner
as
begin atomic
with
(
transaction isolation level = snapshot
,language = N'English'
)
select @Data = t.Data
from dbo.ObjStore t
where t.ObjectKey = @0ObjectKey and
ExpirationTime >= sysutcdatetime();
end;
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create proc dbo.PurgeExpiredObjects
with native_compilation, schemabinding, exec as owner

as
begin atomic
with
(
transaction isolation level = snapshot
,language = N'English'
)
declare @CurrentTime
datetime2(2) = sysutcdatetime();
delete dbo.ObjStore
where ExpirationTime < @CurrentTime
end

The client implementation includes several static classes. The ObjStoreUtils class
provides two methods to serialize and deserialize objects into the byte arrays. You can see
the implementation in Listing 13-27.

Listing 13-27. Implementing Session Store: ObjStoreUtils Class

public static class ObjStoreUtils
{
/// <summary>
/// Serialize object of type T to the byte array
/// </summary>
public static byte[] Serialize<T>(T obj)

{
if (obj == null)
return null;
using (var ms = new MemoryStream())
{
var formatter = new BinaryFormatter();
formatter.Serialize(ms, obj);
return ms.ToArray();
}
}

/// <summary>
/// Deserialize byte array to the object
/// </summary>
public static T Deserialize<T>(byte[] data)
{
if (data == null || data.Length == 0)
return default(T);
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using (var output = new MemoryStream(data))

var binForm = new BinaryFormatter();
return (T) binForm.Deserialize(output);

The ObjStoreDataAccess class shown in Listing 13-28 loads and saves binary data to

and from the database. It utilizes another static class called DBConnManager, which returns
the SqlConnection object to the target database. This class is not shown in the listing.

Listing 13-28. Implementing Session Store: ObjStoreDataAccess Class

public static class ObjStoreDataAccess

{

/// <summary>

/// Saves serialized object to the database

/// </summary>

public static void SaveObjectData(Guid key,
DateTime expirationTime, byte[] obj)

{

using (var cnn = DBConnManager.GetConnection())

using (var cmd = cnn.CreateCommand())
{
cmd.CommandText = "dbo.SaveObjectToStore";
cmd.CommandType = CommandType.StoredProcedure;
cmd.Parameters.Add("@0bjectKey",
SqlDbType.Uniqueldentifier).Value = key;
cmd.Parameters.Add("@ExpirationTime",
SqlDbType.DateTime2).Value = expirationTime;
cmd. Parameters.Add("@ata",
SqlDbType.VarBinary,-1).Value = obj;

cmd. ExecuteNonQuery();

}

/// <summary>

/// Load serialized object from the database
/// </summary>

public byte[] LoadObjectData(Guid key)

{

using (var cnn = DBConnManager.GetConnection())

{

using (var cmd = cnn.CreateCommand())
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cmd.CommandText = "dbo.LoadObjectFromStore";

cmd. CommandType = CommandType.StoredProcedure;

cmd. Parameters.Add("ObjectKey",
SqlDbType.Uniqueldentifier).Value

cmd.Parameters.Add("@Data",
SqlDbType.VarBinary,-1).Direction

ParameterDirection.Output;
cmd. ExecuteNonQuery();
return (byte[])cmd.Parameters[1].Value;

key;

Finally, the ObjStoreService class shown in Listing 13-29 puts everything together
and manages the entire process. It implements two simple methods, Load and Save,
calling the helper classes defined earlier.

Listing 13-29. Implementing Session Store: ObjStoreService Class

public static class ObjStoreService

{
/// <summary>
/// Saves object in the object store
/// </summary>
public static void Save(Guid key,
DateTime expirationTime, object obj)
{
var objectBytes = ObjStoreUtils.Serialize(obj);
ObjStoreDataAccess.SaveObjectData(key, expirationTime, objectBytes);
}
/// <summary>
/// Loads object from the object store
/// </summary>
public static T Load<T>(Guid key) where T: class
{
var obj = ObjStoreDataAccess.LoadObjectData(key);
if (obj == null)
return default(T); // Object not found
return ObjStoreUtils.Deserialize<T>(objectBytes);
}
}
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Obviously, this is an oversimplified example, and the production implementation
could be significantly more complex, especially if there is the possibility that multiple
sessions can update the same object simultaneously. You can implement retry logic or
create some sort of object locking management in the system if this is the case.

It is also worth mentioning that you can compress binary data before saving it
into the database. The compression will introduce unnecessary overhead in the case
of small objects; however, it could provide significant space savings and performance
improvements if the objects are large.

Idid not include the compression code in the example, although you can easily
implement it with the GZipStream or DeflateStream class.

Note The code and test application are included in the companion materials of this book.

Summary

SQL Server 2016 removes the majority of In-Memory OLTP limitations that existed in the
first release of the technology. However, migrating to In-Memory OLTP still incurs an
implementation cost. You should perform a cost-benefit analysis, making sure that the
cost is acceptable.

In-Memory OLTP can dramatically improve the performance of OLTP systems. It
is not necessarily the best choice for data warehouse workloads and in-memory data
warehouse implementations. You may consider implementing data partitioning and
combining the data from memory-optimized and disk-based tables to get the most from
all the SQL Server technologies.

You can benefit from the technology even if you do not perform a full In-Memory
OLTP migration. To name just a few use cases, memory-optimized table variables can be
used as a replacement of disk-based temporary objects. Memory-optimized table-valued
parameters are the fastest way to pass the batch of the rows between the client and T-SQL
routines. Memory-optimized tables can be used as the staging area for ETL processes.

Remember, however, that In-Memory OLTP is not a “set it and forget it” technology
and may require administration and monitoring after it is deployed to production.
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Memory Pointer Management/

This chapter explains how SQL Server works with memory pointers that link In-Memory
OLTP objects together.

Memory Pointer Management

The In-Memory OLTP Engine relies on memory pointers, using them to link objects
together. For example, pointers embedded into data rows link them into the data row
chains, which, in turn, are referenced by the hash and nonclustered index objects.

The lock- and latch-free nature of In-Memory OLTP adds the challenge of managing
memory pointers in highly volatile environments where multiple sessions can try to
simultaneously change them, overwriting each other’s changes.

Consider the situation when multiple sessions are trying to insert rows into the same
data row chain. Each session traverses that chain to locate the last row and update its
pointer with the address of the newly created row. SQL Server must guarantee that every
row will be added to the chain even when multiple sessions from the different parallel
threads are trying to perform that pointer update simultaneously.

SQL Server uses InterlockedCompareExchangePointer API functions
to guarantee that multiple sessions cannot update the same pointer and thus
overwrite each other’s changes, thereby losing references to each other’s objects.
InterlockedCompareExchangePointer functions change the value of the pointer,
checking that the existing (pre-update) value matches the expected (old) value provided
as another parameter. Only when the check succeeds is the pointer value updated. All of
those operations are completed as a single CPU instruction.

To illustrate this, assume you have two sessions that want to simultaneously insert
new delta records for the same nonclustered index leaf page. As a first step, shown in
Figure A-1, the sessions create delta records and set their pointers to a page based on the
address from the mapping table.
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Figure A-1. Data modifications and concurrency: step 1

In the next step, both sessions call the InterlockedCompareExchangePointer
function to try to update the mapping table by changing the reference from a page to the
delta records the sessions just created. InterlockedCompareExchangePointer serializes
the update of the mapping table element and changes it only if its current pre-update
value matches the old pointer (address of the page) provided as the parameter. The first
InterlockedCompareExchangePointer call succeeds. The second call, however, fails
because the mapping table element references the delta record from another session
rather than the page.

Figure A-2 illustrates such a scenario.

] Session 1 Session 2
[ /—> A: Delta Record A: Delta Record
.L Step 2 . Step 3
Check il the heck if the
mapping table st - - s mapping table still
references P and [ I ] references P and
switchit to A switchitto A
Mapping record if so record |[.<,r
Table Result: Success Result: Failure

Figure A-2. Data modifications and concurrency: steps 2 and 3

At this time, the second session will need to repeat the action. It will read the address
of the session 1 delta page from the mapping table and repoint its own delta page to
reference this delta page. Finally, it will call InterlockedCompareExchangePointer again
using the address of the session 1 delta page as the old pointer value during the call.
Figure A-3 illustrates that.
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Figure A-3. Data modifications and concurrency: final steps

As you can see, with the exception of a short serialization during the
InterlockedCompareExchangePointer call, there is no locking or latching of the data
during the modifications.

SQL Server uses the same approach with InterlockedCompareExchangePointer
every time the pointer chain needs to be preserved, such as when it creates another
version of a row during an update, when it needs to change a pointer in the index
mapping or hash tables, and in quite a few other cases.

Summary

SQL Server uses an InterlockedCompareExchangePointer mechanism to guarantee
that multiple sessions cannot update the same memory pointers simultaneously, losing
references to each other’s objects.

InterlockedCompareExchangePointer functions change the value of the pointer,
checking that the existing (pre-update) value matches the expected (old) value provided
as another parameter. Only when the check succeeds is the pointer value updated. All of
those operations are completed as a single CPU instruction.
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Page Splitting and Page
Merging in Nonclustered
Indexes

This appendix provides an overview of the internal operations of nonclustered index,
such as page splitting and page merging.

Internal Maintenance of Nonclustered Indexes

The In-Memory OLTP engine has several internal operations that maintain the structure
of nonclustered indexes. As you already know from Chapter 5, page consolidation
rebuilds the nonclustered index page, consolidating all changes defined by the page delta
records. It helps avoid the performance hit introduced by long delta record chains. The
newly created page has the same PID in the mapping table and replaces the old page,
which is marked for garbage collection.

Two other processes can create new index pages, page splitting and page
merging. Both are complex actions and deserve detailed explanations of their internal
implementation.

Page Splitting

Page splitting occurs when a page does not have enough free space to accommodate a
new data row. Even though the process is similar to a B-Tree disk-based index page split,
there is one conceptual difference. In B-Tree indexes, the page split moves the part of
the data to the new data page, freeing up space on the original page. In Bw-Tree indexes,
however, the pages are nonmodifiable, and SQL Server replaces the old page with two
new ones, splitting the data between them.

Let’s look at this situation in more detail. Figure B-1 shows the internal and leaf
pages of a nonclustered index. Let’s assume that one of the sessions wants to insert a row
with a key of value Bob.
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Doug Kevin

A: Insert Bob }—p Ann Andy Ben Boris

Figure B-1. Page splitting: initial state

When the delta record is created, SQL Server adjusts the delta record statistics on the
index page and detects that there is no space on the page to accommodate the new index
value once the delta records are consolidated. It triggers a page split process, which is
done in two atomic steps.

In the first step, SQL Server creates two new leaf-level pages and splits the old page
values between them. After that, it repoints the mapping table to the first newly created
page and marks the old page and the delta records for garbage collection.

Figure B-2 illustrates this state. At this state, there are no references to the second
newly created leaf-level page from the internal pages. The first leaf-level page, however,
maintains the link between pages (through the mapping table), and SQL Server is able to
access and scan the second page if needed.

\" Boris Doug Kevin
5

ﬁlnsertBOb X Ann Andy Ben Boris

Bob Boris

0]
4]
0

Reference isdone
through the
mapping table.

Figure B-2. Page splitting: first step

During the second step, SQL Server creates another internal page with key values
that represent the new leaf-level page layout. When the new page is created, SQL Server
switches the pointer in the mapping table and marks the old internal page for garbage
collection. Figure B-3 illustrates this action.
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Figure B-3. Page splitting: second step

Eventually, the old data pages and delta records are deallocated by the garbage
collection process.

Page Merging

Page merging occurs when a delete operation leaves an index page less than 10 percent
from the maximum page size, which is 8KB now, or when an index page contains just a
single row. During this operation, SQL Server merges the data from two adjacent index
pages, replacing them with the new, combined data page.

Assume you have the page layout shown in Figure B-3 and you want to delete the index
key value Bob, which means that all data rows with the name Bob have been already deleted.
This leaves an index page with the single value Boris, which triggers page merging.

In the first step, SQL Server creates a delete delta record for Bob and another special
kind of delta record called a merge delta. Figure B-4 illustrates the layout after the first step.

o Boris Ben | Coug [ Kevin ‘ ;'."':‘ ":'?"'

mapping Lable

A: Merge Delta l—b A: Delete Bob

Figure B-4. Page merging: first step

During the second step of page merging, SQL Server creates a new internal page that
does not reference the leaf-level page that it is about to be merged. After that, SQL Server
switches the mapping table to point to the newly created internal page and marks the old
page for garbage collection. Figure B-5 illustrates this action.
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Figure B-5. Page merging: second step

Finally, SQL Server builds a new leaf-level page, copying the Boris value there. After
the new page is created, it updates the mapping table and marks the old pages and delta
records for garbage collection.

Figure B-6 shows the final data layout after page merging is completed.

Doug Kevin
5 6

| Ann Andy Ben » A: Merge Delta > A: Delete Bob
4 2

. \ v

Pl Ann I Andy | Ben Boris ‘ B Bors
Figure B-6. Page merging: third (final) step

You can get page consolidation, merging, and splitting statistics from the sys.dm_db_
xtp_nonclustered index_stats view.

Note You can read documentation about the sys.dm_db_xtp nonclustered index
stats view at https://docs.microsoft.com/en-us/sql/relational-databases/
system-dynamic-management-views/sys-dm-db-xtp-nonclustered-index-stats-
transact-sql.

Summary

The In-Memory OLTP Engine uses several internal operations to maintain the structure of
nonclustered indexes. Page consolidation rebuilds the index page, combining page data
with the delta records. It helps avoid the performance impact introduced by long delta
records chains.

Page splitting occurs when the index page does not have enough space to
accommodate the new rows. In contrast to page splitting in disk-based B-Tree indexes,
which moves part of the data to the new page, Bw-Tree page splitting replaces the old
data page with new pages that contain the data.

Page merging occurs when an index page is less than 10 percent of the maximum
page size or when it has just a single row. SQL Server merges the data from adjacent data
pages and replaces them with the new page with the merged data.
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APPENDIX C

Analyzing the States of
Checkpoint Files

SQL Server persists data from durable memory-optimized tables in checkpoint files. This
appendix demonstrates how to analyze the states of checkpoint files using the
sys.dm_db_xtp_checkpoint_files view and shows how the state transitions throughout
a file’s lifetime.

sys.dm_db_xtp_checkpoint_files View

The sys.dm_db_xtp_checkpoint_files view provides information about database
checkpoint files, including their state, size, and physical location. You will use this view
extensively in this appendix. Let’s look at the most important columns:

e The container_id and container_guid columns provide
information about the FILESTREAM container to which a
checkpoint file belongs. The container_id column corresponds
tothe file_id column in the sys.database_files view.

e checkpoint_file idisa GUID thatrepresents the ID of the file.

e checkpoint_pair file idisthe ID of the second, data or delta,
file in the pair.

e relative_file_path shows the relative file path in the container.

e stateand state_desc describe the state of the file. As you already
know from Chapter 10, the checkpoint files can be in one of the
following states (the number represents the state column value):
0 for PRECREATED, 1 for UNDER CONSTRUCTION, 2 for ACTIVE, 3 for
MERGE TARGET, and 8 for WAITING FOR LOG TRUNCATION.

e file typeandfile_type_desc describe the type of file: -1 for
FREE, 0 for DATA, 1 for DELTA, 2 for ROOT, and 3 for LARGE_DATA.
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e lower bound_tsnand upper_bound_tsn indicate the timestamp
of the earliest and latest transactions covered by the file. These
columns are populated only for the ACTIVE and MERGE TARGET
states.

e file size in_bytesand file_size used_in_bytes provide
information about the file size and space used in the file. The
file size used_in_bytes value is updated at the time of the
checkpoint event.

e logical row_count provides the number of rows in the data and
delta files.

It is worth noting that in some cases, especially with early SQL Server 2016 builds,
the view may provide slightly outdated data. For example, the SQL Server 2016 RTM build
may omit information about some of PRECREATED files in the database.

Let’s use this view to analyze the state transitions of the checkpoint files.

The Lifetime of Checkpoint Files

As the first step in this test, let’s enable the undocumented trace flag T9851 using the
DBCC TRACEON(9851,-1) command. This trace flag disables the automatic merge process,
which will allow you to have more control over your test environment.

Important Do not set T9851 in production.

Let’s create a database with an In-Memory OLTP filegroup and perform a full
backup, starting the backup chain, as shown in Listing C-1. I am doing this in a test
environment and not following best practices (such as placing In-Memory OLTP and
disk-based data on different drives, creating secondary filegroups for disk-based data, and
a few others). Obviously, you should remember to follow best practices when you design
your real databases.

Listing C-1. Creating a Database and Performing a Backup
create database [InMemoryOLTP2016_AppendixC]
on primary

name = N'AppendixC'
,filename = N'C:\Data\AppendixC.mdf'

)5
filegroup HKData CONTAINS MEMORY_OPTIMIZED DATA
(
name = N'AppendixC HKData'
,filename = N'C:\Data\HKData\AppendixC'
)
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log on
(
name = N'AppendixC_Log'
,filename = N'C:\Data\AppendixC_ log.ldf'
)
go

create table InMemoryOLTP2016 AppendixC.dbo.T(ID int);
go

backup database [InMemoryOLTP2016 AppendixC]
to disk = N'C:\Data\Backups\AppendixC.bak'
with noformat, init, name = 'AppendixC - Full', compression;

The database is currently empty; therefore, it does not have any checkpoint files
created. You can confirm this by querying the sys.dm_db_xtp_checkpoint_files view, as
shown in Listing C-2.

Listing C-2. Checking Checkpoint Files

use [InMemoryOLTP2016 AppendixC]
go

select
checkpoint_file_id
,checkpoint_pair file_id
,file type desc
,state desc
,file_size_in_bytes / 1024 / 1024 as [size MB]
yrelative_file path
from
sys.dm_db_xtp_checkpoint_files;

Figure C-1 shows that the resultset is empty and that the sys.dm_db_xtp_checkpoint_
files view does not return any data.

checkpoint_file_id checkpoint_par file id fie_type _desc state_desc file_size_in_bytes  relative_fie_path

Figure C-1. State of checkpoint files after database creation
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As the next step, let’s create a durable memory-optimized table, as shown in Listing C-3.

Listing C-3. Creating a Durable Memory-Optimized Table

create table dbo.HKData
(
ID int not null,
Placeholder char(8000) not null,

constraint PK_HKData
primary key nonclustered hash(ID)
with (bucket count=8192),

)

with (memory optimized=on, durability=schema_and data);

If you check the state of the checkpoint files now and run the code from Listing C-2
again, you will see the output shown in Figure C-2. The size of the files may be different
in your environment and will depend on the hardware. My test machine has 16 CPUs and
256GB of RAM, so SQL Server preallocated 128MB for data, 64MB for large data, 8MB for
delta files, and 16MB for root files. The root file was created in ACTIVE state; all other file
types were empty and in a PRECREATED state.

checkpoirt_file_id checkpoirt_par_fie_id e hype_desc  sate_desc size MB  relative_file_path

1 CI8SEDEC-Z24F-4C15-BD01-ZEIBCEB0738 NULL FREE PRECREATED 128 SHKv2\C189EDEC-224F 4C15-8D01-2EIBCEIBDTIE) hecip
2 ABSEC180-2ACC44EE-ADTE-EFABBTIEFESE  NULL FREE PRECREATED B4 SHKvZ\(AEIBC 180-280C-246E-ADTE-E TABATIEF634) hhockp
3 SFTOTAE3-1067-4C48-A584- 205021018528 NULL FREE PRECREATED &4 SHKy 2\SF TOTAES- 1067-4C48-A934-2C502 1D 18928) hicckp
4 TESBESE-FI0IATAC-EEISETDEIABOBEIZ  NULL ROOT ACTIVE 16 SHKvZ\{T2ESBE58-FI03-4TAC-EB16-ETDEIABIBE 12 hecip
5 SFD9TTAE-AGIC4381-8232-BB56544DE1D4  NULL DELTA PRECREATED & SHKv 2\ {SFDYTTAE-AGIC 4581 8838 BREGE44DE 1D4) hicckp
E FEIAS407-2545-4F95-A5F5-321EEAAASSDS HULL FREE PRECREATED 16 SHKv 2\ [FEIAS40T-2545-4F 35-ASFE-121EEAAASEDS) hiekp
7 BLFSS04A-JIFB4TSE-AFBF-300BECCADCS  NULL FREE PRECREATED & SHKvZ\[BCFEI04A- J2F -4 T5E-AFBF-30DBE20CADCS) heoip
B JAIFSADE-DEDI42E}-ADED-DTET2AIGE1EE  NULL DATA PRECREATED 122 $HKvZ\{3A1FBADE-DED342E3-ADED-DTET24166168) hickp
] ISE4BAIE-BFZA4104-BATI-CTDF140932E9 NULL FREE PRECREATED &4 $HKy 2\ ISEABAIE-BF2A-4104-BATI-CTDF 140932E5) hkckp
10 1AEDZ2C4-DOB-4FE2-BEBS-17F 13B4F 5282 NULL FREE PRECREATED B SHKvZ2\[1AEDZ2C4-DOIB-4FE2-BEBS-I7F 1384F 5282 hkckp
11 BCOTFEEI-2AS6-43DF-BCSA-DBAFSETC2ATC  NULL FREE PRECREATED 2 SHKv2\[BC01FEEI-2A96-430F-8CSA- DBAFSE TC2ATC) hkckp
12 AEZACAB4-3IFS-422C-87AT-18485FF1TS0E NULL FREE PRECREATED 128 SHKvZ\AEZACAR4-3IFS-L22C-8TAT-13435FF 1TECE) heckp
13 9120007D-19F1497C-B258-07E49FFOSRC0  NULL FREE PRECREATED 16 SHKv 91 200070-19F1457C-B258-07E45FFIS2C0) hkckp
14 (32D53FB-0231-42EE-BBOS-ABSDTTEDZIDE  NULL DELTA PRECREATED 2 $HKy 20330537 B-0231-42EE-BB0S-ABSD 77BD23DE] huckp
15 FICD2061-420A-4585-B06D-2FFICIS2ABAE  NULL DATA PRECREATED 128 SHKv 2\ ([FICD2061-420A-4585-B060-2FF IC152ABAR) hkckp
16 E206E3D7S52CT42A2B3CIECOCHOFSDEE2  NULL FREE PRECREATED 128 SHKvZ\EGEIDT-520742A2-B3C3-ECDCE0FI0662] hicckp
17 EBDDC239-A11C-4CIE-B1AS-J426FF20004F NULL FREE PRECREATED 16 $HKyv 2\ [EBDDC239-A1 1C-4C38-81A5-3426FF 20004F | hikckp

Figure C-2. State of checkpoint files after creating the durable memory-optimized table

Let’s enlarge the output for some of the files, as shown in Figure C-3.

checkpoint_file_id checkpoint_pair_file_id file_type_desc

1 C189EDEC-224F-4C15-BD01-2E3BCB9BDT738  NULL FREE

2 ABIBC18D-2ACC-446E-ADT6-E7ABSTIEFES4 NULL FREE

3 9F707AE3-1067-4C48-A984-2C9021D1B8928 NULL FREE
state_desc size MB  relative_file_path
PRECREATED 128 SH KvZIﬁC'l 89EDEC-224F-4C15-8D01-2E3BC89BD 738} hkckp I
PRECREATED 64 SHKv2\{ABIBC18D-2ACC-446E-AD76-ETABBTIEF694) hkckp
PRECREATED 64 SHKv2\{9F T07AE3-1067-4C48-A384-2C5021D 18928} hkckp

Figure C-3. Checkpoint files (enlarged)
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The relative_file_path column provides the path to the file relative to the
FILESTREAM container in the In-Memory OLTP filegroup. Figure C-4 shows the checkpoint
files in the folder on the disk.

v #Q
[N
.
- |
> @ T

> ol N

17 itemns

al

SearchTools  SHKvZ 2 O e
Home Share View Search 0
<« InMemoryOLTP2016_AppendixC_HKData » SHKv2 v O Search SHKvZ 2

~

MName

| {1AED22C4-DOSE-4F62-BEBS-37F13B4F52B2) hkckp
| {3A1FBADE-DED3-42€3- ADED-DTET2A166168). hkekp
| {5FDITTAE-A63C-49B1-B298-BB56644DE1D4 . hkckp
| {8COTFEE3-2A96-43DF-8CSA-DBAFS6TC2ATC Lhkekp
| {BCF5904A-32F8-4758- AFBF-30DB82CCADC5Lhkekp
| {9FT07AE3-1067-4C48- A%84-2C9021D18928). hkekp

1 {033D53FB-0231-42EE-BB09-ABSDTTBD23DE L hkekp
| {36E48A3E-BF2A-4104-BAT9-CTDF140932E9) hkckp
| {72E9BESB-F303-47AC-8816-87D63AB0BB32 hkekp
_| {912C0DTD-19F1-497C-B258-07E4IFF092CO0)hkekp
| {AS9BC18D-2ACC-446E-ADT6-ETABSTIEF634 L hkckp
| {AE2ACAB4-31F5-422C-8TAT-18485FF175CB} hkckp

| {C189EDEC-224F -4C15-BDO01-2E3BCBIBDT38 L hkekp I

| {E8DDC239-A11C-4C3B-81A5-3426FF20004F ) hkckp
] {E206E3D7-52C7-42A2-B3C3-ECDCBOFIDE62Lhkekp
| {F7CD2061-420A-4585-BD6D-2FF3C192ABA6} hkekp
| {FE3AQ407-2545-4F95-A5F5-321EEAAASE09). hkckp

Figure C-4. Checkpoint files on disk

Date modified

Now, let’s populate the dbo.HKData table with 1,000 rows and check the status of
the checkpoint files, as shown in Listing C-4. The query filters out the checkpoint files
in PRECREATED state from the output. The listing also inserts the data into the disk-based
table to generate the log record and force the checkpoint controller thread to scan the log
and start the In-Memory OLTP checkpoint process.

Listing C-4. Populating the dbo.HKData Table and Checking the States of the Checkpoint

Files

;with N1(C) as (select 0 union all select 0) -- 2 rows

,N2(C) as (select 0 from N1 as t1 cross join N1 as t2) -- 4 rows

,N3(C) as (select 0 from N2 as t1 cross join N2 as t2) -- 16 rows
,N4(C) as (select 0 from N3 as t1 cross join N3 as t2) -- 256 rows
sN5(C) as (select 0 from N4 as t1 cross join N4 as t2) -- 65,536 rows
,Ids(Id) as (select row number() over (order by (select null)) from N5)

insert into dbo.HKData(Id, Placeholder)

select Id, Replicate('0',8000)
from ids
where Id <= 1000;
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insert into dbo.T values(0);

select
checkpoint_file_id
scheckpoint_pair file_id
,Tile_type_desc
,state desc
,lower bound tsn
supper_bound_tsn
,file_size_in_bytes / 1024 / 1024 as [size MB]
,file_size_used_in_bytes / 1024 / 1024 as [size used MB]
»logical_row_count

from

sys.dm db_xtp checkpoint files
where

state_desc <> 'PRECREATED'
order by

file_type, lower_ bound_tsn;

As you can see in Figure C-5, SQL Server converted two PRECREATED files to an UNDER
CONSTRUCTION state and inserted 1,000 rows into the data file there. The lower_bound_tsn
and upper_bound_tsn columns indicate the range of transactions that the files cover. You

can also see that the checkpoint_file pair id column indicates the corresponding data
or delta file in the pair.

checkpoint_fie_id checkpoint_pair_file_id fie_type_desc  state_desc

1 SFDS77AE-ABIC-49B1-B898-BB56644DE1D4  FACD2061-420A-4585-BD6D-2FF3C1924BA6  DELTA UNDER CONSTRUCTION

2 FCD2061-420A-45B5-BD6D-2FFIC152ABAE  SFD377AE-AB3C-49B1-B398-BB56644DEID4  DATA UNDER CONSTRUCTION

3 72E9B858-FI03-4TAC-BB16-87D63ABOBE32  NULL ROOT ACTIVE
lower_bound_tsn  upper_bound tsn  size MB  sizeused MB  logical_row_count
0 3 g 0 0
0 3 128 0 1000
0 0 16 0 0

Figure C-5. UNDER CONSTRUCTION files

Let’s run a manual CHECKPOINT and check the status of checkpoint files, as shown in
Listing C-5.

Listing C-5. Forcing CHECKPOINT and Checking the Status of Checkpoint Files

checkpoint

go

select
checkpoint_file_id
scheckpoint_pair file id
,Tile_type_desc
,state_desc
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,lower_bound_tsn

,upper_bound tsn

,file_size_in_bytes / 1024 / 1024 as [size MB]
,file_size used_in_bytes / 1024 / 1024 as [size used MB]
ylogical row_count

from

sys.dm_db_xtp checkpoint files
where

state_desc <> 'PRECREATED'
order by

file_type, lower_bound_tsn;

Asyou can see in Figure C-6, the CHECKPOINT operation transitioned the UNDER

CONSTRUCTION files to an ACTIVE state. It also created the new root file and switched the

old file to a WAITING FOR LOG TRUNCATION state.

checkpont_fie_id checkport_par_fie_id fie_hpe_desc siate_desc

1 F7CD2061420A4585-BD6D-2FFIC192ABAE  SFDS77AE-ABIC4581-8898-BBS6644DEID4 DATA ACTIVE

2 SFDI7TAE-ASIC-4981-B898-BBS6644DEID4  FACD2061-420A-4585-BD6D-2FFIC1924BA6  DELTA ACTIVE

3 912C007D-19F 1-497C-B258-07TE4SFF092CO NULL ROOT ACTIVE
72E98856-F90347AC-8816-87D63AB0BEI2  NULL ROOT WAITING FOR LOG TRUNCATION

lower_bound tsn  wpper_ bound tsn  sze MB  szeused MB  lopcal_row_count

128 7 1000

16

o oo o
o s &

15

Figure C-6. The file state after CHECKPOINT

Let’s insert another 1,000 rows into the dbo.HKData table and check the status of the

files. Listing C-6 shows the code to perform this.

Listing C-6. Populating the dbo.HKData Table with Another Batch of Rows and Checking

the States of the Files Afterward

swith N1(C) as (select 0 union all select 0) -- 2 rows
,N2(C) as (select 0 from N1 as t1 cross join N1 as t2) -- 4 rows
,N3(C) as (select 0 from N2 as t1 cross join N2 as t2) -- 16 rows
,N4(C) as (select 0 from N3 as t1 cross join N3 as t2) -- 256 rows
,N5(C) as (select 0 from N4 as t1 cross join N4 as t2) -- 65,536 rows
,Ids(Id) as (select row number() over (order by (select null)) from N5)
insert into dbo.HKData(Id, Placeholder)

select 1000 + Id, Replicate('0',8000)

from ids

where Id <= 1000;

insert into dbo.T values(1);
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select
checkpoint_file id
scheckpoint pair file id
,Tile type desc
,state_desc
,lower_bound_tsn
,upper_bound_tsn
,file_size in bytes / 1024 / 1024 as [size MB]

,file_size used_in_bytes / 1024 / 1024 as [size used MB]
,logical row_count

from

sys.dm_db_xtp checkpoint_files
where

state_desc <> 'PRECREATED'
order by

file type, lower_bound_tsn;

Figure C-7 shows the states of the checkpoint files after the second insert. As you can

see, SQL Server transitioned another set of data and delta files to the UNDER CONSTRUCTION
state with lower_bound_tsn = 4.

JATFBADS-DED3I42E3-ADED-D7ET2A166168  033D53FB-023142EE-BBOS-ABSD77BD2IDE  DATA

UNDER CONSTRUCTION
033053FB-023142EE-BBOS-ABSD77B0230E  JA1FEADS-DED342E3-ADED-D7ET2A166168  DELTA

UNDER CONSTRUCTION
lower bound tsn  upper bound tsn  size MB  file_size_used _in_bytes  logical_row_count

checkpont _fie_xd checkpont_par_file_d fie_type_desc state_desc
1 FACD2061-420A4585-BD6D-2FFIC192ABAE  SFDI77AE-AGIC4981-BE98-BBSE644DEID4  DATA ACTIVE
2 SFDSTTAE-ABIC-4981-8898-8856644DE104 FCD2061-420A-4585-BD60-2FF IC 192ABAE DELTA ACTIVE
3 912000 7D-19F 1-497C-8258-07E49FFO92CO NULL ROOT ACTIVE
4 T2E96858-F303-47AC-8816-87TD6AB0BEI2 NULL ROOT WAITING FOR LOG TRUNCATION
5
6

4 122 81360% 1000
' 8 4096 0
4 16 8192 0
0 16 8192 0
4 5 128 0 1000
4 : 0 0

Figure C-7. States of the files after the second INSERT

Another CHECKPOINT would transition the UNDER CONSTRUCTION files to the ACTIVE
state, as shown in Figure C-8. You can force it by running the code from Listing C-5 again.

At this point, you have two ACTIVE checkpoint file pairs covering different ranges of
transaction timestamps.
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checkpoint_file_id checkpoird_par_fie_id fie_type_desc  sisle_desc
1 F7CD2061-420A45B5-BD6D-2FF3C192ABA6  SFDS77AE-AGIC49B1-BE38-BBS6E44DEID4  DATA ACTIVE
2 SFDIT7AE-ABIC4981-B398-BB56644DEID4  FACD2061-420A45B5-BDED-2FFIC192ABAE  DELTA ACTIVE
3 912C0070-15F1-457C-B258-0TE4OFFO92C0 NULL ROOT WAITING FOR LOG TRUNCATION
4 ESDDC239-A11C-4C38-81A5-2426FF20004F NULL ROOT ACTIVE
5 72E90E58-FI03-47AC-8B16-87D63AB0BBI2 NULL ROOT WAITING FOR LOG TRUNCATION
6 3ATFBADS-DED342E3-ADED-DTET2A166168  033D53FB-0231-42EE-BBOS-ABSDT7ED2IDE  DATA ACTIVE
7 033053FB-0231-42EE-BB0S-ABS077B0230E  3ATFBADE-DED3-42E3-ADED-DVE72A166168 DELTA ACTIVE
lower_bound tsn  upper_bound_tsn  size MB  file_size_used in_bytes logical_row_court
/] 4 128 8156096 1000
0 4 2 409 0
] 4 16 8192 ]
0 [ 16 8132 0
0 0 16 8192 0
4 6 128 8156056 1000
4 6 8 4036 0

Figure C-8. States of the files after second CHECKPOINT

As the next step, let’s delete 99 percent of the rows from the table, as shown in Listing C-7.
In this listing, you are also running the query that combines the information about the
data and delta files and demonstrates that both checkpoint file pairs are mostly empty. You
also need to perform CHECKPOINT to update the logical_row_count column in the delta
files, which would generate another empty checkpoint file pair in the ACTIVE state.

Listing C-7. Deleting 99 Percent of the Rows from the Table

delete from dbo.HKData
where ID % 100 <> 0;

checkpoint
go

select
data.checkpoint_file_id
,data.state_desc
,data.lower_bound_tsn
,data.upper_bound _tsn
,data.file_size in bytes
,data.file_size used_in_bytes
,data.logical row_count
,delta.logical row_count
,convert(decimal(s,2),
iif(data.logical row_count = 0,0,
100. - 100. * delta.logical row count /
data.logical row count))
as [% Full]
from
sys.dm_db_xtp_checkpoint files data join
sys.dm_db _xtp checkpoint files delta on
data.checkpoint_pair file id = delta.checkpoint file id
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where
data.file type desc = 'DATA' and
data.state_desc <> 'PRECREATED'
order by
data.lower_bound_tsn

As you can see in Figure C-9, the data files are almost empty, and they are perfect
candidates for the merge.

checkpoint_file_id state_desc  lower_bound_tsn  upper_bound_tsn
1 F7CD2061-420A-45B5-BD6D-2FF3C152ABA6  ACTIVE 0 4
JATFBADS-DED3-42E3-ADED-D7E72A166168  ACTIVE 4 6
3 C189EDEC-224F-4C15-BD01-2E3BC89BD738  ACTIVE 6 8
file_size_in_bytes file_size_used_in_bytes logical_row_count logical_row_count % Ful
134217728 8196096 1000 950 1.00
134217728 8196096 1000 950 1.00
134217728 4096 0 0 0.00

Figure C-9. File states after deletion

As the next step, let’s turn on the automatic merge process by switching off trace flag
T9851 with the DBCC TRACEOFF(9851,-1) command. After that, you will issue another
CHECKPOINT command to trigger the merge process.

Figure C-10 illustrates the state of the checkpoint file pairs after the merge was
initiated. As you can see, SQL Server created the new checkpoint file pair in the MERGE
TARGET state and merged data from four ACTIVE file pairs that cover a transaction range
fromO0to 9.

checkport_fle_id  checkpoint_pax_file_id fla_type_desc  state_desc lower_bound _tsn  upper_bound fan  sze MB  file_sre_used_in_bytes logcal_row_count

1 50128048-328540 NULL ROOT ACTIVE 0 ] 16 12288 ]

2 | SFDSTTAE-ARIC4: FACD2061-420445B5-B0 DELTA ACTIVE 0 4 3 24576 550
3 FICD2061-420A4° SFDITTAE-ABIC49818! DATA ACTIVE o 4 122 81560% 1000
4 O33053FE-0221-42 JATFEADE-DED3AZEIA DELTA ACTIVE 4 1 B 24576 0
5 3ATFEADEDEDI4 (033DSIFB-023142EE-BE DATA ACTIVE 4 & 122 815609 1000
& TAEDZ2C4-00964 CIE9EDEC-224F-4C158 DELTA ACTIVE 3 g ] 40% ]

7 C1B9EDEC-224F-% 1AED22C4-DD9B-4F62-BI DATA ACTIVE B g 122 40% 0

8 | SCDIFEE3-2A56-47 E206E3DT-52CT-42A28: DELTA ACTIVE 3 5 g 405 ]

9 E206E307-52CT4; BCOTFEE3-2A36-L30F-8C DATA ACTIVE 8 3 28 4096 0

10 BCFSG0MA-I2FE-4T AEZACAES-JVFS422C-87 DELTA MERGE TARGET  NULL NULL B NULL NULL
11 AEJACASS-JIFS-4 SCFSS0MA-J2FS-4TSB-AFI DATA MERGE TARGET NULL NULL 12 NULL NULL
12 912C007TD-15F14 NULL ROOT WATIHGFORLD 0 4 16 35 el 0

13 T2ESBAESE-FI034T NULL ROOT WAITING FORLO: 0 ] 16 8182 ]

14 FEIASSD7-25454F NULL ROOT WAITINGFORLD O g 16 8132 0

15 EBDDC2ISANCA NULL ROOT WAITING FOR LD 0 & 16 a5 o

Figure C-10. The state of checkpoint files after the merge is initiated
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The next CHECKPOINT will transition the checkpoint files that participated in the
merge from ACTIVE to WAITING FOR LOG TRUNCATION and from MERGE TARGET to ACTIVE.
Figure C-11 demonstrates this. As you can see, the new ACTIVE (formerly MERGE TARGET)
data file covers a range from 0 to 9 and now has only 20 data rows. The delta file in the
pair is empty.

checkpont _fle_id checkpoirt_p.. fle_hpe desc  stale_desc lower_bound_tsn  upper_bound_ten  fle_site_in_bytes  fle_size_used_in_bytes  bopical_row_count

1 BCFSG0MA-I2FE4TSE-.  AE2ACARS3 . DELTA ACTIVE o 9 B388608 0% L]

2 AEZACAB4-31F5422 BCFS504A-3. DATA ACTIVE 0 9 13417728 167936 20

3 3579B9T2-0DATAAZ NULL ROOT ACTVE o 18 18TTI2E 12288 o

4 TENANZSZIF44CZ . CTOF2548D. DELTA ACTIVE k] 18 £388608 4036 0

5 CTDF2548-DTEE426 TENAMZS. DATA ACTIVE 9 18 134NTIR 40596 o

E 14FFO1S0-870B-4279, SEDDFESE-F DATA MERGE TARGET NULL NULL N7 NULL NULL
7 4BDDFESE-FTDC440 14FFO1S0-8 DELTA MERGE TARGET  NULL NULL B388608 NULL HULL
B F7CD2051420A-4585.. SFDOTTAEA. DATA WAITING FORLOC 0 4 134T 8196096 o

5 912C007D-19F1457..  NULL ROOT WAITING FORLOC 0 4 16777216 8192 o

10 S0128048-32E5407F NULL ROOT WAITING FORLOC 0 9 1ETTI26 12288 0

11 T2E38858-FH034TAC. NULL ROOT WAITING FOR Lt 0 o 167726 8152 L]

12 SFDSTTAE-ABICASE, FCD20614 DELTA WAITING FORLX 0 4 8388508 457 L]

13 FEIASM07-2545-4F35- NULL ROOT WAITING FORLOC 0 8 16777216 ga o

14 EBDDCIISANICACT HULL ROOT WATING FORLO: 0 6 1677726 gz o

15  JAIWFBADS-DED34ZE.  0330D53FBD DATA WAITING FORLOC 4 3 T 8136096 0

16 D33053FB-023142EE.. 3JAIFBADE-. DELTA WAITING FORLOX 4 6 8382608 24578 o

17  CIE9EDEC-24F4C1..  1AED22CE-. DATA WAITING FORLO¢ & 1 1347 0% 0

18 1AEDZ2C4-DISB4FE C129EDEC- DELTA WAITING FORLXX & 8 B388E08 4056 o

13 SCOIFEE3-2A96-43D. E206E3075.. DELTA WAITING FOR Lo 8 9 B388503 4036 0

20 E205E3DTSCT42A 8CO1FEE3-2 DATA WATING FORLOC 8 9 a7 4056 o

Figure C-11. The state of the checkpoint files after the merge is completed

After the transaction log backup is taken, the log records are transmitted to
secondary nodes, and the checkpoint event occurs, then the files in a WAITING FOR LOG
TRUNCATION state will be deleted or recycled back to a FREE state. Listing C-8 performs a
transaction log backup along with CHECKPOINT.

Listing C-8. Performing Log Backup and Forcing Garbage Collection

backup log [InMemoryOLTP2016 Appendix(]
to disk = N'C:\Data\Backups\AppendixC.bak'
with noformat, noinit, name = 'AppendixC - Log', compression

g0

checkpoint;

Note Inreality, it could take more than one log backup and checkpoint event to
deallocate files in the WAITING FOR LOG TRUNCATION state. You can execute the code from
Listing C-8 multiple times if this happens on your system.
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Figure C-12 illustrates that some of the files were deleted.
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Figure C-12. Checkpoint files after backup/log truncation

Summary

Every checkpoint file transitions through various states during its lifetime. You can
analyze these states using the sys.dm_db_xtp_checkpoint_files data management
view. This view returns information about individual checkpoint files, including their
type, size, state, transaction interval they cover, number of rows there, and quite a few
other properties.

The merge process merges information from the ACTIVE checkpoint files that have a
large percent of deleted rows, creating a new checkpoint file pair. This helps to reduce the
size of the data on disk and speed up the database recovery process.

Merged checkpoint files should be included in the log backup before they are
deallocated. Regular transaction log backups will reduce the size of the In-Memory OLTP
data on disk. Make sure to design a database backup strategy in a way that accounts for
such behavior.
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APPENDIX D

In-Memory OLTP Migration
Tools

This appendix discusses several SQL Server 2016 tools that help with In-Memory OLTP
migration.

“Transaction Performance Analysis Overview”
Report

One of the challenges during In-Memory OLTP migration is determining the list of
objects that will benefit the most from it. The Pareto principle can be easily applied here:
if the migration targets are identified correctly, you can achieve 80 percent of possible
gains by spending 20 percent of your time.

SQL Server 2016 provides you with a “Transaction Performance Analysis Overview”
report, which can help you to identify migration targets in the system. It shows the
tables that suffer from lock and latch contention along with frequently executed stored
procedures that consume the most CPU resources on the server. This report is similar to
the SQL Server 2014 version; however, it does not require you to set up a management
data warehouse. All the work is done by SQL Server automatically.

Let’s look at the information provided by the “Transaction Performance Analysis
Overview” report. In this appendix, I am using the demo application and the
WebRequests* Disk tables from Chapter 2 of this book. I also added several unsupported
constructs to the tables and stored procedure to illustrate how tools provide information
about them.

You can access the report from the Standard Reports pop-up menu item in the
database you are analyzing, as shown in Figure D-1. As you can guess, this report works
on a per-database basis.
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= [3 Databases
% _d System Databases

% ) Datsbase Snapshots Disk Usage

= | § [0aE Disk Usage by Top Tables

% [ In “New Database... Disk Usage by Table
¥ :.1 SS:CU-' New Query Disk Usage by Partition
* rve
5 [0 Repht Script Detabase 23 » Backup and Restore Events
% C3 Poly Tasks " Al Transactions
¥ [ Alway . All Blocking Transactions
% C3l Mand Policies »

n Top Transactions by Age

% [ Integl Facets P B

3 5oL S Top Transactions by Blocked Transactions Count
o Start PowerShell

Top Transachions by Locks Count

Reports E Standard Reports v Resource Locking Statistics by Objects
Rename Custom Reports... Object Execution Statistics
Drelete Database Consistency History

Transaction Pedormance Analysis Overview
Memaory Usage By Memary Optimized Objects

Refresh Memary Usage By Memory Optimized Objects
oy ey By 2 y Transaction Performance Analysis Overview

Properties
Index Usage Statistics

Index Physical Statistics
Schema Changes History
User Statistics

Figure D-1. Accessing the “Transaction Performance Analysis Overview” report

Figure D-2 shows the report.

Transaction Perfor...7 7:37 PM - SQL2016 & X
(V)
Transaction Performance Analysis Overview

[InMemoryOLTP2016] SQL Server
on SQL2016 3t4/2/2017 7:37:45 PM

This report helps you identify bottlenecks in your database and provide assistance to migrate them to In-Memory OLTP. The
estimated migration effort is based on the SQL Server 2016 feature set To begin, choose an option from below to see the
report

This server has been continuously operating since 4/2/2017 7:29:01 PM

Tables Analysis Stored Procedure Anal

Figure D-2. The “Transaction Performance Analysis Overview” report

From this page, you have access to two drill-down reports. “Tables Analysis” provides
table-related statistics based on how often tables are accessed and how much they suffer
from lock and latch contention.

Figure D-3 illustrates the output of the “Table Analysis” report. As you can see, it
displays the output in four quadrants based on the amount of work required for the
migration and the estimated performance gain it will provide. Migrating the objects in the
upper-right quadrant will provide the most performance gain with the lowest amount of
work involved.
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[NV

Recommended Tables Based on Usage

[InMemoryOLTP2016]
on SOL2016 at4/2/2017 73857 PM
The following chart contains the top candidate tables for memaory optimization based on the access pattems of your workload. The horizontal axis

represents decreasing effort of memary optimization, while the verical axis represents increasing benefits of memory optimization in your workload
You should pricritize the tables in the top nght comer of the chart for memory optimization.

5
10 dbo WebRequestHeadars_Disk @
15 x
20 é’
g
25 5
30
g
=
g dbo.WebRequests_Disk dbo WebReguestParams_Disk @
= [
£
L4
Significant migration work Minimal migration work.

Figure D-3. The “Table Analysis” report

You can see the statistics on the table level by clicking the object in the graph.
Figure D-4 shows the details for the WebRequestHeaders_Disk table in the system. The
first output shows lock- and latch-related statistics for the table. The table suffers from a
large number of page latches, as you saw in Chapter 2.
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o 7 - sae >

[N

Details for [InMemoryOLTP2016].[dbo].[WebRequestHeaders_Disk]

on SQL2016 at4/2/2017 7.42:11 PM

This report provides the details of your table's perdormance stalistics over the penod of ime you moniored the instance with Transaction Performance
Collecton Set This reportinchudes the access charactenstics of yow quenes on the table. and the detailed stabistics including inft on lalches
and locks.

Latch Statistics. Lock Statistics

Table Name & |%oftotal = |Pagelaichwait = iﬂ'ecmgc'm-tl-me % |Pogelockcount = | Pagelockwail = |Aversgewaitme =
waits count | per laich wait (ms) count | per lock wait (ma)

dboWebRequestHeaders_Disk 8940 1280441 077 1667474 ] 0

Table Name : index Narme P ; % | Total Singleton | TotslRange & | Recommended In-Memory
| | Scans Index Type
dboWebRequestHeaders_Disk  PK_WebRequest-eader 0.00 0 0 NONCLUSTERED
s_Disk
Seei ion for all yser tables in database InMemoryOLTP2016

Figure D-4. Table-level statistics

The second output illustrates access method-related statistics. The demo application
does not read the data from the table, which affects the numbers you see in the output.

Finally, the third output illustrates the number of migration blockers and issues that
need to be addressed before migration. The table does not have any incompatibilities and
can be migrated into memory without any schema changes.

Similarly, the “Stored Procedure Analysis” report shows stored procedure usage
based on the amount of CPU time they consumed. Figure D-5 illustrates the output of the
report. The demo application called just a single procedure, which is displayed here.
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Stored Procedure U..7:42 P -sct2016 = |

coa
Recommended Stored Procedures Based on Usage

[InMemoryOLTP2016]
on SQL2016 314/2/2017 74256 PM

The following chart contains the top idate stored p d for migration 1o In-Memary OLTP.
To see detailed usage statistics for each stored procedure. and tables they are ref ing, click on the ponding bars in the chan balow:
5
10 dbo.InsertRequestinfo_Disk
15 - ®
20 g’
(=]
25 =
30
Y
S
2]
8
5
2
7
Signaficant migration work Minimal migration work

Figure D-5. The “Procedure Usage Analysis” report

You can drill down to the procedure-level statistics, which displays the execution
count, execution time metrics, and tables that are referenced by the stored procedure.
Figure D-6 illustrates this page.

Stored Procedure U..7:43 M - sat2o16 < |

[N

Details for [InMemeryOLTP2016].[dbo].[InsertRequestinfo_Disk]
on SQL2016 a14/2/2017 743:36 PM

I y OLTP imp CPU utili of queries by reducing the number of instructions used for query operations. and by eliminating most /O waits
and lock/latch contention.
To see infarmation about tables being referenced from this stored procedure, click on their names in the table below

Stored Procedure’s Execution Statistics

(Cached Time Total CPU Time (ms) Total Execution Time Execution Count
[ms})

4/2/2017 7:30:53 PM 67590403 1507674651 16 178015

Stored Procedure’s Table References:

|Referenced Database Referenced Schema Referenced Table

5012016
InMemoryOLTP2016
dbo WebRequestHeaders Digk
dbo WebReguestParams Digk
dba WebReguests Disk

Figure D-6. Procedure-level statistics
291



APPENDIX D * IN-MEMORY OLTP MIGRATION TOOLS

The “Transaction Performance Analysis Overview” report is a great tool that can help
you identify objects that will benefit from migration. However, you should not rely solely
on its results. Look and analyze the entire system before making any decisions.

Finally, it is worth mentioning that, as with any tool, the quality of output greatly
depends on the quality of input. You need to run this report either on the production server
or in a test environment with a workload similar to production to get accurate results.

Memory Optimization and Native Compilation
Advisors

In addition to the “Transaction Performance Analysis Overview” report, SQL Server
2016 includes two other tools that can help with In-Memory OLTP migration. The
Memory Optimization and Native Compilation Advisors analyze database tables, stored
procedures, and user-defined functions to identify unsupported constructs. Moreover,
the Memory Optimization Advisor can perform the actual migration, creating an
In-Memory OLTP filegroup and memory-optimized table, and move data from the
disk-based table there.

You can access both advisors from the object context menu in SSMS. Figure D-7 shows
the table context menu with the Memory Optimization Advisor menu item highlighted.

= | J InMemoryOLTP2016

+ 1 Database Diagrams

= [ Tables
+ [ System Tables
+ [ FileTables
¥ [ External Tables
# 1 dbo.WebRequestHeaders_Disk
# 1 dbo.WebRequestParams_Disk
=) dbo.WebRequests_§

7 New Table...
¥ 3 Views
+ [ External Resources Design
+ 1 Synonyms Select Top 1000 Rows
+ [ Programmability Edit Top 200 Rows
8 Senice Erakes Script Table as »
+ [ Storage
® (3 Security View Dependencies
# | ) InMemoryOLTP2016_Appe Memory Optimization Advisor
3 Serurihs

Figure D-7. The Memory Optimization Advisor menu

As the first step, the wizard analyzes the table and displays constructs that are
unsupported by In-Memory OLTP. Figure D-8 shows the output of the validation on the
WebRequests_Disk table. As mentioned, I added xml and geography columns to the table,
which were reported by the advisor.

292



APPENDIX D © IN-MEMORY OLTP MIGRATION TOOLS

@ Hep

You cannot proceed with migration f one or more validation tems fai. For more information. click on the ink beside
each falled tem.

The following unsupparted data types are defined on this table: _| Showmehow
- Atrbutes. Jinl'is it supported

- Location: Geography' is not supported.

(& Mo computed columns ane defined on this table

(| No sparse columns are defined for this table.

(| Mo identity coumns with unsupportad seed and increment ans defined for this table.
()| o foregn key reationships are defined on th table.

(| No unsupported constraints are defined on this table.

Q| No unsupported indexes are defined on this table
(@ | No unsupported triggers are defined on this table.
@ Tavie s |

of replhcated.

Figure D-8. The Memory Optimization Advisor validation results

If the table does not use any unsupported constructs, the advisor proceeds with
the option of creating an In-Memory OLTP filegroup and performing the actual table
migration.

The simplicity of the wizard, however, is a two-edged sword. It can simplify the
migration process and, in some cases, allow the enabling of In-Memory OLTP and
moving data into memory with a few mouse clicks. However, as you already know,
In-Memory OLTP deployments require careful hardware and infrastructure planning,
redesigning of indexing strategies, changes in database maintenance and monitoring,
and quite a few other steps to be successful. An improperly done migration can lead to
suboptimal results, and the simplicity of the advisor increases that chance.

The advisor is a useful tool for identifying migration roadblocks. You should be
careful, however, when relying on it to perform the actual migration process.

As the opposite of the Memory Optimization Advisor, the Native Compilation
Advisor does not create a natively compiled version of the modules. It just analyzes
whether the modules have unsupported constructs that prevent native compilation.

Figure D-9 illustrates the output of the Native Compilation Advisor for the
InsertRequestInfo Disk stored procedure defined in Chapter 2 with an additional
MERGE statement added.
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Stored Procedure Validation Result

Introduction &) Help
Stored procedure vabdation

The following is a list of Transact-SQL elements in your d dure that are not d within native
In order to enable nativ for this stored you must resolve al Rems in this list.
Some assi for reschving these tems are offered i this ok
Transact-SQL Blement Occurences in the Stored Frocedure Stat Line | "]
SET NOCOUNT ON |2
SET XACT_ABORT ON la
BEGIN TRANSACTION BEGIN TRANSACTION 8 -

TVALUES (@Requestid, AUTHORIZATION. @Authonzation),
Mibinow tablevalued | (ERequestid, USERAGENT., @UserAgent),

(@Mu ‘REFERER" @Mw}
(VALUES (EFaram1, @Param1Value), (EParam2,
@Param2Value), (@Param3, @Param Value). I@Pml

@Param5, @P; v(P:
an\u,e;
WITH Params (ParamName, ParamValue)
AS (SELECT ParamName.
P; Value

aram
FROM (VALUES (@Param1, @Param 1Value), (@Param2,
@Param2Value). (@Param3, @PamamIValue), (EPammd,

@Pml\’ab.n,l (@ParamS, @ParamSValue)) AS v({ParamName,

WHERE ParamName IS NOT NULL
MERGE AND ParamValue IS NOT NULL) |25
MERGE INTO dbo.WebRequestParams_Disk |

AST

Figure D-9. Native Compilation Advisor output

The Generate Report button will create an HTML file with the results of the analysis,
similar to what is shown in the advisor window.

Finally, Management Studio allows you to run the Memory Optimization and Native
Compilation Advisors for multiple database objects using the In-Memory OLTP Migration
Checklists Wizard. You can access this wizard through the Tasks menu item in the
database pop-up menu, as shown in Figure D-10.
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13KE UTTIINE

Bring Online

Stretch »

Encrypt Columns...

Shrink »

Back Up...
Restore »

Mirror...

Launch Database Mirroring Monitor...

Ship Transaction Logs...

Generate Scripts...

Generate In-Memory OLTP Migration Checklists

Extract Data-tier Application...
Deploy Database to Microsoft Azure SQL Database...

Figure D-10. Generate In-Memory OLTP Migration Checklists menu item

The Generate In-Memory OLTP Migration Checklists Wizard allows you to choose
the list of database objects to validate, as shown in Figure D-11.

L

Validation progress

Generate In-Memory OLTP Migration Checklists

Configure Checklist Generation Options

BE |

Save checkd

(®) Generste a checidist for each table and stored procedure in the database
() Generate checkdists for specific tables and stored procedures

+

+

& Help
or\Documents\SQL Server Management Sudo | [ ]
[ <Provious | [ Conce |

Figure D-11. Generate In-Memory OLTP Migration Checklists Wizard's parameters

After the process is complete, SQL Server generates the set of HTML files—one per
object—and saves them in a defined location. Each file will contain a report similar to
what is produced by the Memory Optimization and Native Compilation Advisors, as
shown in Figure D-12.
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SE
2] C:\Users\Administrator\D sc O~ ¢l @ i ok o
A\ nistrator\ Doc L & Memeory optimization chec... Ly

Memory optimization checklist for [InMemoryOLTP2016].
[WebRequests_Disk]

Report Date/Time:4/2/2017 7:50 PM

Description Validation Result

The following unsupported data types are defined on this table: Failed: More information

- Attributes: “Xml' is not supported.

- Location: "Geography’ is not supported.

No computed columns are defined on this table. Succeeded
No sparse columns are defined for this table. Succeeded
No identity columns with unsupported seed and increment are defined for this table. Succeeded
No foreign key relationships are defined on this table. Succeeded
No unsupported constraints are defined on this table. Succeeded
No unsupported indexes are defined on this table. Succeeded
No unsupported triggers are defined on this table. Succeeded

Post migration row size does not exceed the row size limit of memory-optimized tables. | Succeeded

Table is not partitioned or replicated. Succeeded

Figure D-12. Generate In-Memory OLTP Migration Checklists Wizard'’s report file

The In-Memory OLTP migration tools can help you identify targets for migration
and help you during the process. However, it is best to take their advice with a grain of
salt and not explicitly rely on their output. After all, you know your system better than any
automatic tool does.

Summary

SQL Server 2016 provides several tools that can help with In-Memory OLTP migration.
The “Transaction Performance Analysis Overview” report allows you to identify the
objects that would benefit from the migration. The Memory Optimization and Native
Compilation Advisors analyze tables, stored procedures, and user-defined functions

to identify the constructs unsupported by In-Memory OLTP. Finally, the Generate In-
Memory OLTP Migration Checklists Wizard allows you to run the Memory Optimization
and Native Compilation Advisors for multiple database objects.

Those tools are beneficial and can save you a good amount of time during the
migration process. However, you should not rely strictly on their output when you
perform the analysis. You need to analyze the entire system, including the infrastructure
and hardware, indexing strategies, database maintenance routines, and other factors to
achieve the best results with In-Memory OLTP.

Again, thank you very much for your interest in the technology! It was a pleasure to
write for you!
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Administration and monitoring tasks, 204
extended events, 221-223 (see also
Extended events)
memory-optimized tables, 206
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Objects report, 206-210
monitoring In-Memory OLTP
transactions, 210-212
monitoring memory usage, 206-210
resource governor, 204 (see also
Resource Governor, restricting
memory available to In
Memory OLTP)
internal and default resource
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recovery process, 205
sys.dm_db_xtp_table_memory_stats,
206-207
Architecture of SQL Server Database
Engine, 3-4
Atomic blocks, 17, 144, 145, 150-152

BEGIN ATOMIC,17. See also tomic blocks
Buffer Manager, 29
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Bw-tree, 69

C

Catalog views, 216-217. See also Data
management views
Checkpoint file, 165, 166
close thread, 169
controller thread, 169
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I/0 requirements, 200
segment log record, 169
segments, 166, 169
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timer task, 169
Checkpoint file pairs (CFPs), 165, 166,
169-171, 275. See also
Checkpoint file
ACTIVE checkpoint file, 282
data file, 166, 168-170
delta file, 166, 167, 169
forcing CHECKPOINT, 280
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lifetime of, 276
database creation, 276, 278
log backup and garbage collection, 285
merge process, 172
memory-optimized table, 278
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MERGE TARGET, 172
PRECREATED, 168
UNDER CONSTRUCTION, 168-169
WAITING FOR LOG
TRUNCATION, 172-173
CHECKSUM function, 42
Clustered columnstore indexes, 104-109.
See also Columnstore indexes
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row groups, 108
Clustered index on disk-based table, 28, 29
Column-based storage
approach, 101
batch mode execution, 101
columnstore indexes, 101
format, 115
overview, 99
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Columnstore indexes, 4, 5, 7
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sys.all_sql_modules, 217
sys.column_store_dictionaries, 116-117
sys.column_store_row_groups, 113
sys.column_store_segments, 114-116
sys.data_spaces, 217
sys.dm_db_column_store_row_

group_physical_stats, 108, 113
sys.dm_db_index_operational

stats, 235
sys.dm_db_index_usage_stats, 235
sys.dm_db_xpt_hash_index_stats, 49
sys.dm_db_xtp_checkpoint_

files, 173, 221
sys.dm_db_xtp_checkpoint_stats, 221
sys.dm_db_xtp_gc_cycle_stats,

192, 196, 197, 221
sys.dm_db_xtp_hash_index_stats,

45, 46, 61, 73, 83, 219
sys.dm_db_xtp_index_stats, 73, 74,

192,218
sys.dm_db_xtp_memory_consumers,

87,207,208, 217, 220
sys.dm_db_xtp_nonclustered_index_

stats, 75, 218
sys.dm_db_xtp_object_stats, 218
sys.dm_db_xtp_table_memory_stats,

206-207
sys.dm_db_xtp_transactions, 210,

211, 220
sys.dm_exec_function_stats, 212
sys.dm_exec_procedure_stats, 212, 213
sys.dm_exec_query_memory_

grants, 206
sys.dm_exec_query_resource_
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index pointers array, 33, 35
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CFP, 165
CHECKPOINT process, 168
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