COMP 421: Files & Databases

Lecture 6: Column Stores and Compression

EEEEEEEEEEEE
COMPUTER SCIENCE



Project #1 2

You will build the first component of

your storage manager.

— LRU-K Replacement Policy

— Disk Scheduler

— Buffer Pool Manager Instance

We will provide you with the basic
APIs for these components.

Due Date:
Wednesday Sept 23" @ 11:59pm
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Extra Credit: Leaderboard Task

Gradescope Leaderboard benchmarks your code
with a specialized in-memory version of BusTub.

The top 10 fastest qualifying implementations in
the class will receive extra credit for this

assignment.

— #1: 50% bonus points

— #2-5:25% bonus points
— #6-10: 10% bonus points
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Buffer Pool Optimizations 4

Multiple Buffer Pools
Pre-Fetching

Scan Sharing

Buffer Pool Bypass
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Multiple Buffer Pools 5

The DBMS does not always have a single buffer
pool for the entire system.
— Multiple buffer pool instances

— Per-database buffer pool ORACLE
— Per-page type buffer pool

/2

N SYBASE
Partitioning memory across multiple pools helps o st
reduce latch contention and improve locality. < SQLServer
— Avoids contention on LRU tracking metadata. Informzé(@
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Multiple Buffer Pools 6

Approach #1: Object Id

— Embed an object identifier in record ids Q1

and then maintain a mapping from
objects to specific buffer pools.

Approach #2: Hashing
— Hash the page id to select which
buffer pool to access.
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GET RECORD

123

Buffer PooI #1

<ObjectIdjABAEe2d) %ShotNum>

Buffer Pool #2




Pre-Fetching 7

The DBMS can also prefetch pages Disk Pages
based on a query plan. 01 *

— Examples: Sequential vs. Index Scans

Some DBMS prefetch to fill in empty page1

frames upon start-up. S
Buffer Pool

page4 P I .-:

pageo
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Pre-Fetching 8

7<i”deX‘pagee Disk Pages
1 |SELECT * FROM A ) )
Q WHERE val BETWEEN 100 AND 250 Q1 index-page@
= = =

index-page2 Iindex-page3 index-pageSI index-page6 index-page1
0----------- »99 100-------- »199 200------- »299 300------- »399

= Buffer Pool index-page2

index-page® index-page3

index-page1 index-page4

; § index-page5
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Scan Sharing

Allow multiple queries to attach to a single cursor

that scans a table.
— Also called synchronized scans. _
— This is different from result caching.

For a textual match to occur, the text of the S

QL statements or PL/SQL blocks must be
character-for-character identical, includin

g spaces, case, and comments. For example, the
[ following statements cannot use the same shared SQL area:

SELECT * FROM employees;

[0 copy

SELECT * FROM Employees;

SELECT * FROM employees;

TerR ORACLE
N7 7 g < T —
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https://docs.oracle.com/en/database/oracle/oracle-database/19/tgsql/improving-rwp-cursor-sharing.html

Scan Sharing

Q1 |SELECT SUM(val) FROM A

Q2 |SELECT AVG(val) FROM A LIMIT 100

Buffer Pool

page4

page5
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Disk Pages
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pageo

page1

page2

page3
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Buffer Pool Bypass

The sequential scan operator will not store
fetched pages in the buffer pool to avoid

overhead.
— Memory is local to running query.

— Works well if operator needs to read a large sequence of
pages that are contiguous on disk.
— Can also be used for temporary data (sorting, joins).

Called "Light Scans" in Informix.

Microsoft®

ORACLE Z$0Lserver INnformix
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https://www.ibm.com/support/knowledgecenter/en/SSGU8G_12.1.0/com.ibm.perf.doc/ids_prf_237.htm

Today's Agenda

Database Workloads
Storage Models
Data Compression

EEEEEEEEEEEE
COMPUTER SCIENCE



Storage So Far...

We discussed storage architecture alternatives to

tuple-oriented scheme.

— Buffer pool for memory mgmt
— Heap file with slotted pages
— Log-structured storage

These approaches are ideal for write-heavy
(INSERT/UPDATE/DELETE) workloads.

But the most important query for some workloads
may be read (SELECT ) performance...
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Database Workloads

On-Line Transaction Processing (OLTP)
— Fast operations that only read/update a small amount of
data each time.

On-Line Analytical Processing (OLAP)
— Complex queries that read a lot of data to compute
aggregates.

Hybrid Transaction + Analytical Processing
— OLTP + OLAP together on the same database instance
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Database Workloads

*? Complex

o

—

g LAP

S

g Jim Gray
B OLTP

g. Simple |

O Write-Heavy Read-Heavy

| UNC Workload Focus
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http://cacm.acm.org/magazines/2011/6/108651
https://en.wikipedia.org/wiki/Jim_Gray_(computer_scientist)
https://www.nap.edu/read/12473/chapter/15

Wikipedia

Example

CREATE TABLE useracct (
userID INT PRIMARY KEY,
userName VARCHAR UNIQUE,

A

CREATE TABLE pages (
pageID INT PRIMARY KEY,
title VARCHAR UNIQUE,
latest INT

);

); J:-. REFERENCES revisions (revID),

revID INT PRIMARY KEY,
® userID INT REFERENCES
pageID INT REFERENCES
content TEXT,

updated DATETIME
);

CREATE TABLE revisions (

useracct (userID),

A

pages (pagelD),®

DEPARTMENT OF
COMPUTER SCIENCE




Observation

The relational model does not specify that the
DBMS must store all a tuple's attributes together
in a single page.

This may not actually be the best layout for some
workloads...
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OLTP

On-line Transaction Processing:

— Simple queries that read/update a small
amount of data that is related to a single
entity in the database.

This is usually the kind of application
that people build first.
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SELECT P.*, R.*
FROM pages AS P
INNER JOIN revisions AS R
ON P.latest = R.revID
WHERE P.pagelD = ?
UPDATE useracct
SET lastLogin = NOW(),
hostname = ?
WHERE userID = ?
INSERT INTO revisions

VALUES (?2,2..,7)




OLAP

On-line Analytical Processing:

— Complex queries that read large portions
of the database spanning multiple
entities.

You execute these workloads on the
data you have collected from your
OLTP application(s).
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SELECT COUNT(U.lastLogin),
EXTRACT(month FROM
U.lastLogin) AS month
FROM useracct AS U
WHERE U.hostname LIKE '%.gov'
GROUP BY
EXTRACT(month FROM U.lastlLogin)




Storage Models

A DBMS's storage model specifies how it

physically organizes tuples on disk and in memory.

— Can have different performance characteristics based on
the target workload (OLTP vs. OLAP).

— Influences the design choices of the rest of the DBMS.

Choice #1: N-ary Storage Model (NSM)
Choice #2: Decomposition Storage Model (DSM)
Choice #3: Hybrid Storage Model (PAX)

DEPARTMENT OF
COMPUTER SCIENCE



N-ary Storage Model (NSM)

The DBMS stores (almost) all attributes for a
single tuple contiguously in a single page.
— Also commonly known as a row store

Ideal for OLTP workloads where queries are more
likely to access individual entities and execute
write-heavy workloads.

NSM database page sizes are typically some

constant multiple of 4 KB hardware pages.
— See Lecture #03
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https://15445.courses.cs.cmu.edu/fall2024/schedule.html
https://15445.courses.cs.cmu.edu/fall2024/schedule.html

NSM: Physical Organization

A disk-oriented NSM system stores a
tuple's fixed-length and variable-
length attributes contiguously in a
single slotted page.

The tuple's record id (page#, slot#) is
how the DBMS uniquely identifies a
physical tuple.
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NSM: OLTP Example

WHERE userName = ?
AND userPass = ?

SELECT * FROM useracct

INSERT INTO useracct
VALUES (?,?,..?)

»

Index

Next class!

$

NSM Disk Page
header | userID JuserNameuserPass|hostname] lastLogin
header | userID JuserNamejuserPass|hostname| lastlLogin
header | userID JuserNamejuserPass|hostname| lastLogin
header | userID JuserName|userPass|hostname| lastLogin
s

Disk

Database File

UNC
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NSM: OLAP Example

SELECT COUNT(u.lastLoginD,
EXTRACT(month FROM U.lastlLogin) AS month
FROM useracct AS U

WHERE |U. hostname] LIKE '%.gov'
GROUP BY EXTRACT(month FROM U.lastLogin)

header @ userliD JuserName sfihostnamel] lastlLogin

header @ userID JuserName sfhostnamel]l lastlLogin

header W userID JuserName slhostnamef] lastlLogin

header @ userliD JuserName sfhostnamel] lastlLogin

Database File

Ty
Useless Data!
Jo.o
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NSM: SUMMARY

Advantages

— Fast inserts, updates, and deletes.

— Good for queries that need the entire tuple (OLTP).
— Can use index-oriented physical storage for clustering.

Disadvantages

— Not good for scanning large portions of the table and/or
a subset of the attributes.

— Terrible memory locality in access patterns.

— Not ideal for compression because of multiple value
domains within a single page.
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Decomposition Storage Model (DSM)

Store a single attribute for all tuples
contiguously in a block of data. “"’“"""’f.ifff"_:;.’;jj“ -

Setrag N

Myl estinatos s Seclnsloey Compusee Corporettun
a2

— Also known as a "column store"

Abstract e database systems use a fully transposed
At BoleL, for anal. iorle andsymonde
This report examines the relative advantages 1971), 10D (Wiederhold et al 1975) (Tuener
of & storage model (ot s6.a1 3978), Kids (Burmett aad Thomss 16e1), Delta
community view relations finto binary relations (Shibayana et 2) (Tanaka 1983)
containing a surrogate and one attribute) over ePpeoath Btires si) Tallen oF s s AEC1WACs o

conventional n-ary storage wodels a_conceptual
studies have compared the performance of transposed
There seems to be a general consensus among storage models with the NSH (Hoffer 1976,
the database community that the n-ary approach i 1979, March and Severance 1977

. March and St
bete This conclusion is usually based on a 1964} o this revort. we describe the advin
- ration of only one or two dimensions of & of a fully decomposed storage model (DSW), which ls
database syeten The parpose of this report s ot e i e e e
to clain that decomposition s better Inste

ad, we included The DSM pairs each attribute value with
clain that the consensus opinion fs not well the surrogate of its conceptual schema record in a
founied wd that saither o cleacly brttar wetl @ o lation  For example, the above re
closer analy

° e would be stored as
or'a databose syotem. The pupese of this report

is to move further in both scope and depth toward adlsurl val| s2fsurl val| slsur| val]

ch an analysis  We examine such dimensions as | s1j vi] | sif vai|

siwplicity, generality, storage requirements, Lzt i val

ubdate perforaance and retrieval performance |53l w13l ) sal vag]

In addition, the DSN stores
1 INTRODUCTION attribute relation One co
I

a subset of the table’s attributes. _Svimess maies

various inverted file or cluster Indexes ‘epresentation
Riahi be wddod for TereeTed Sceare speets. Tom oY mond e mereetires aceins 1o supported, then
concept in the NSK is that all attributes of a intermediate ond  final  results  need
conceptual schema record are stored together For correspondingly richer representation
example, the conceptual schema relation
This report compares these two storage models
Risurl ai | a2 | a3 based on several criteria s-cuun 2 compares the
V" s1j viT| vai| vai| relatis and generality of the
‘; 82| viz| vez| vaz| ttorge models  section 3 Coapares their storage
23| via] v23| vag update

contains a surrogate for record identity and three

. . per: e Finally, Section 6 provides a
attributes per record  The NSM would store si, and suggests some refinenents for the DS
L tad st Tomatber fon samh pecand L

2 SINPLICITY AND GENERALITY

Permission o copy without fee all or part of ths matcrial is grantcd

provded that the copies are not madc os disinbated for direct This Section com the two storage models

commercial advantage, the ACM copynght notice and the e of the to illustrate  thelr  relative
brial

. . . . ] ality  Others (Abria Del.
permssan o the Assocation for Computing Machnery To copy Kowalski 1977, Kowalski 1978, Codd 1970) have
Cierans. of 1o republh,Teques a e aado spece permabon e R e Bt g R B
ot o within
© 1985 ACM 0-89791160-1/85/005/0268 $0075 tme- comteprua achens o8 the DOn doen wiihin the
. . e, e

storage schema
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https://doi.org/10.1145/971699.318923

DSM: Physical Organization

Store attributes and meta-data (e.g.,

nulls) in separate arrays of fixed-length

values.

— Most systems identify unique physical
tuples using offsets into these arrays.

— Need to handle variable-length values...

Maintain separate pages per attribute
with a dedicated header area for meta-
data about entire column.
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Page #3 Page #2 Page #1

Row #0
Row #1
Row #2

Row
Row

Row

#3
#4
#5

header

a0 al a2

null bitmap

a3

a4 ab

header
bo b1l

b2

null bitmap

b3 b4

b5

header

O 0
(G2~}

cl

null bitmap

c2

c3 c4




DSM: OLAP Example

SELECT COUNT(u.lastLoginD,
EXTRACT(month FROM U.lastlLogin) AS month
FROM useracct AS U

WHERE |U. hostname] LIKE '%.gov'
GROUP BY EXTRACT(month FROM U.lastLogin)

4
V4

DSM Disk Page

header | userID JuserNamejuserPassfhostnamef] lastLogin

g [ ]-aStLogln ] header | userID IuserName userPassjjhostnamef lastlLogin
w
b header | userID IuserName userPassfhostnamef lastlLogin
3 _
Q - e | e ) header | userID IuserName userPassfjhostnamef lastlogin
S| userName |—
. b 2
Disk g userPass |

UNC
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DSM: Tuple Identification

Choice #1: Fixed-length Offsets

— Each value is the same length for an attribute.

Q » Choice #2: Embedded Tuple Ids

— Each value is stored with its tuple id in a column.
Don't

Do This!
Offsets Embedded Ids

Ao fc]o

wr\)—\sh
wm—‘sh
wl\)—‘®h
wm—nsh

W N O
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COMPU’i‘ER SCIENCE

DSM: Variable-length Data

Padding variable-length fields to ensure they are

fixed-length is wasteful, especially for large
attributes.

A better approach is to use dictionary
compression to convert repetitive variable-length
data into fixed-length values (typically 32-bit
integers).

— More on this later in this lecture...



Decomposition Storage Model (DSM)

Advantages

— Reduces the amount wasted I/O per query because the
DBMS only reads the data that it needs.

— Faster query processing because of increased locality

and cached data reuse (Lecture #13).
— Better data compression.
Disadvantages

— Slow for point queries, inserts, updates, and deletes
because of tuple splitting/stitching/reorganization.

DEPARTMENT OF
COMPUTER SCIENCE


https://15445.courses.cs.cmu.edu/fall2024/schedule.html

Observation

OLAP queries almost never access a single column

in a table by itself.

— At some point during query execution, the DBMS must
get other columns and stitch the original tuple back
together.

But we still need to store data in a columnar

format to get the storage + execution benefits.

We need columnar scheme that still stores
attributes separately but keeps the data for each
tuple physically close to each other...
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PAX Storage Model

Partition Attributes Across (PAX) is a
hybrid storage model that vertically
partitions attributes within a

database page.
Examples: Parguet, ORC, and Arrow.

The goal is to get the benefit of
faster processing on columnar
storage while retaining the spatia
ocality benefits of row storage.

UNC
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Weaving Relations for Cache Performance

Anastassia Ailamaki ¥ Davld J Dertt Mark D. Hlll Man(n Gk()llnakls
Camegic Mellon University — Univ. of of
natassa@cs.cmu.edu dovin oo s ke s vt cowie i
Abstract tremendous additional time to join the participating sub-

Relational database systems have raditionally optimed for
10 performance and organized records sequentially on disk
pages using the N-ary Storage Model (NSM) (k. slotted
pase). Recen esarch, howeses it ha cache wilction
and performance is beconiing increasingly important on modern
plagforms. In this paper, we first demonstrate that in-page daia
placement is the key to high cache performance and that NSM
exhibis low cache utilization on modern platforms. Nexi, w
pose a new data. organization model called PAX (Partition
Autributes Acros), that significanly improves cache perfor-
mance by grouping together all values of each attribute within
ch page. Because PAX only affects layou inside the pages. it
incurs mo storage penalty and does not affect 10 behavior
According 1o our experimental results, when compared to NSM
() PAX exhibits superior cache and memory bandwidih wili
tion, saving at least 75% of NSM's stall time due to data cache
accesses, (b) range selection queries and updates on memory-
resident relations execute 17-25% faster, and (c) TPC-H queries
involving 10 execute 11-48% fuster

1 Introduction

The communication between the CPU and the secondary
storage (1/0) has been traditionally recognized s the
‘major database performance bouleneck. To optimize data
transfer to and from mass storage, relational DBMSs have
long organized records in slotied disk pages using the N-
ary Storage Model (NSM). NSM stores records contigu-
ously starting from the beginning of each disk page, and
uses an offset (slot) table at the end of the page o locate
the beginning of each record [27].

Unfortunately. most queries use only a fraction of
each record. To minimize unnecessary T/0, the Decompo-
sition Storage Model (DSM) was proposed in 1985 [10].
DSM partitions an n-auribute relation vertically into 7
sub-relations, each of which is accessed only when the
comesponding attribute is needed. Queries that involve
multiple atributes from a relation, however, must spend

ok
Permission to cops withor fee all or part of this material is granted pro-
vided that the copies ave not made or distibued for direct commercial
advantage, the VLDB copyright norice and the sl of the publicasion and
its date appear: and notice is given that capying is by permission of the
Very Large Data Base Endowment. To copy otherwise, or 10 republish,
requires a fee and/or special permission from the Endowment

edings of the 27th VLDB Conference,

Roma, Italy, 2001

relations together. Except for Sybase-1Q 1331, today's rela-
tional DBMSS use NSM for general-purpose data place-
ment [20][29](32].

Recent rescarch has demanslmled that modern data-
base workloads, such as dec it systems and spa-
tial applications, are ofien bound by delays related to the
processor and the memory subsystem rather than 1O
1201151126]. When running commercial database systems
on a modern processor, data requests that miss in the cache
hicrarchy (i.c.. requests for data that are not found in any
of the caches and are transferred from main memory) are a
key memory botdeneck [1]. In addition. only a fraction of
the data wransferred 1o the cache is useful to the query: the
item that the query processing algorithm requests and the
transfer unit between the memory and the processor are
typically not the same size. Loading the cache with uscless
data (@) wastes bandwidth, (b) pollutes the cache, and (¢)
possibly forces replacement of information that may be
needed in the future, incurring even more del
challenge is to repair NSM's cache behavior without corn-
promising its advantages over DSM.

paper introduces and evaluates  Parti
Attributes Across (PAX). a new layout for data records
that combines the best of the two worlds and exhibits per-
formance superior to both placement schemes by eliminat-
ing unnecessary accesses to main memory. For a given
relation, PAX stores the same data on cach page as NSM.
Within cach page, however, PAX groups all the values of a
particular auribute together on a minipage. During a
sequential sean (e.¢.. to apply a predicate on a fraction of
the record), PAX fully uilizes the cache resources,
because on each miss a number of a single attribute’s val-
ues are loaded into the cache together. At the same time,
all parts of the record are on the same page. To reconstruct
4 record one needs 1o perform a mini-join among
‘minipages. which incurs minimal cost because it does not
have to look beyond the page.

We cvaluated PAX against NSM and DSM using (a)
predicate wl«,cum queries on numeric data and (b) a vari-
ety of queries on TPC-H datasets on top of the Shore stor-
age manager |7] We vary query parameters including
selectivity. projectivily. number of predicates, distance
between the projected attribute and the attribute in the
predicate, and degree of the relation. The experimental
results show that, when compared to NSM, PAX (a) incurs
50-75% fewer second-level cache misses due o data



https://parquet.apache.org/
https://orc.apache.org/
https://arrow.apache.org/
https://dl.acm.org/doi/10.5555/645927.672367

PAX: Physical Organization

Horizontally partition Parquet: data organization
groups. Then vertical . Data organization
attributes into colum © Row-groups (default 128M8)
o Column chunks
o Pages (default 1MB) Mrmeens N /|
Global meta-data dir Sl e A e —
L g C o |
offsets to the file's rc St e
— This is stored in the fg " Eep/ge;levels = ]
immutable (Parquet, Pt s =
( q e — K = 5 ]
Emm.mmmmmﬂ [From ]
Each row group cont ®dtebricks
meta-data header about its contents. =

c3 c4 c5

dn%

A 1 —
11} UNC | File Meta-Data
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https://youtu.be/1j8SdS7s_NY?t=705

Decomposition Storage Model (DSM)

Advantages

— Reduces the amount wasted I/O per query because the
DBMS only reads the data that it needs.

— Faster query processing because of increased locality

and cached data reuse (Lecture #13).
— Better data compression.
Disadvantages

— Slow for point queries, inserts, updates, and deletes
because of tuple splitting/stitching/reorganization.
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Compression

M UNC
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Observation

1/0 is the main bottleneck if the DBMS fetches
data from disk during query execution.

The DBMS can compress pages to increase the
utility of the data moved per 1I/O operation.

Key trade-off is speed vs. compression ratio
— Compressing the database reduces DRAM requirements.
— It may decrease CPU costs during query execution.

DEPARTMENT OF
COMPUTER SCIENCE



Database Compression

Goal #1: Must produce fixed-length values.
— Only exception is var-length data stored in separate pool.

Goal #2: Postpone decompression for as long as

possible during query execution.
— Also known as late materialization.

Goal #3: Must be a lossless scheme.

— People (typically) don't like losing data.

— Any lossy compression must be performed by
application.
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Compression Granularity

— Compress a block of tuples for the same table.

Choice #1: Block-level ‘

Choice #2: Tuple-level
— Compress the contents of the entire tuple (NSM-only).

Choice #3: Attribute-level
— Compress a single attribute within one tuple (overflow).
— Can target multiple attributes for the same tuple.

Choice #4: Column-level
— Compress multiple values for one or more attributes
stored for multiple tuples (DSM-only).
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COMPUTER SCIENCE

Naive Compression

Compress data using a general-purpose algorithm.
Scope of compression is only based on the data

provided as input.
— LZ0 (1996), LZ4 (2011), Snappy (2011),
Oracle OZIP (2014), Zstd (2015)

Considerations
— Computational overhead
— Compress vs. decompress speed.


https://en.wikipedia.org/wiki/Lempel%E2%80%93Ziv%E2%80%93Oberhumer
https://en.wikipedia.org/wiki/Lempel%E2%80%93Ziv%E2%80%93Oberhumer
https://en.wikipedia.org/wiki/LZ4_(compression_algorithm)
https://en.wikipedia.org/wiki/Snappy_(software)
https://patents.google.com/patent/US9697221B2/en
https://en.wikipedia.org/wiki/Zstandard

MySQL InnoDB Compression

B Buffer Pool

Rieite wp RCE| [1,2,4,8]
@ ke

Compressed Page, Compressed Page, }

‘ mod log

Read Uncompressed Compressed. Page,
* Page0 1 6 K B

mod log

i

Compressed. Page,

ﬁ UNC Source: MySQL 5.7 Documentation
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https://dev.mysql.com/doc/refman/5.7/en/innodb-compression-internals.html

Naive Compression

The DBMS must decompress data first before it

can be read and (potentially) modified.
— This limits the "scope" of the compression scheme.

These schemes also do not consider the high-level
meaning or semantics of the data.
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Observation

Ideally, we want the DBMS to operate on
compressed data without decompressing it first.

SELECT * FROM users
WHERE name = 'Andy'

NAME SALARY

Andy 99999
Jignesh 88888
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Database Magic!

» T

ll-l

SELECT * FROM users
WHERE name = XX

NAME SALARY

XX AA
YY BB




Compression Granularity

Choice #1: Block-level
— Compress a block of tuples for the same table.

Choice #2: Tuple-level
— Compress the contents of the entire tuple (NSM-only).

Choice #3: Attribute-level
— Compress a single attribute within one tuple (overflow).
— Can target multiple attributes for the same tuple.

Choice #4: Column-level
— Compress multiple values for one or more attributes
stored for multiple tuples (DSM-only).
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Getting a Good Compression Ratio

Infinitely many algorithms, one central technique:
Look for repetition, get rid of redundant info

How to find repetition?

-Look at data with same/similar domain

-Look at lots of data

More compressible

DSM Disk Page

header

lastlLogin

lastlLogin

lastLogin

lastlLogin

lastlLogin

lastlLogin

lastlLogin

lastlLogin

lastLogin

lastlLogin

NSM Disk Page
header | userID JuserNamejuserPass|hostname| lastlLogin
header | userID JuserNamejuserPass|hostname| lastLogin
header | userID JuserNamejuserPass|hostname| lastLogin
header | userID JuserNamejuserPass|hostname| lastlLogin

lastlLogin

lastlLogin

lastlLogin

lastlLogin

lastlLogin

lastlLogin

lastlLogin

lastlLogin

lastlLogin

lastlLogin

lastlLogin

lastlLogin




Columnar Compression

Run-length Encoding

Bit-Packing Encoding

Bitmap Encoding

Delta / Frame-of-Reference Encoding
Incremental Encoding

Dictionary Encoding
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COMPUTER SCIENCE

Run-length Encoding (RLE)

Compress runs of the same value in a single

column into triplets:
— The value of the attribute.

— The start position in the column segment.
— The # of elements in the run.

Requires the columns to be sorted intelligently to
maximize compression opportunities.



Run-length Encoding

SuigéckdD Bt a Compressed Data
isDead isDead
1 Y 1
SELECT isDead, COUNT(*) -
FROM users 3
GROUP BY isDead 6
o 8 (Y,6,2)
9 Y 9 | RLE Triplet
4 4 | - Value
7 N 7 - Offset
- Length
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Bit Packing

If the values for an integer attribute
are smaller than the range of its given
data type size, then reduce the
number of bits to represent each
value.

Use bit-shifting tricks to operate on
multiple values in a single word.

DEPARTMENT OF
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Original Data Original:
8 x 32-bits =
256 bt
13 1 00000000 00000000 00000000 00001101
|
191 00000000 00000000 00000000f 10111111
56 = 00111000
92 = 01011100
81 B 01010001
120 = 01111000
231 | 00000000 00000000 o0000000] 11100111
|
172 00000000 00000000 00000000 10101100
Compressed:
8 x 8-bits =
64 bits




Patching / Mostly Encoding

A variation of bit packing for when an attribute's
values are "mostly" less than the largest size,

store them with smaller data type.

— The remaining values that cannot be compressed are
stored in their raw form.

Original Data Compressed Data
.. offset  value
Original: 13 13 3 ]99999999] Compressed:
8 x 32-bits = 191 181 (8 x 8-bits) +
256 bits ST = 16-bits + 32-bits
81 81 = 112 bits
120 120
_ . 231 231
Source: Redshift Documentation 172 172
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http://docs.aws.amazon.com/redshift/latest/dg/c_MostlyN_encoding.html

Bitmap Encoding

Store a separate bitmap for each unique value for
an attribute where an offset in the vector

corresponds to a tuple.

— The ith position in the Bitmap corresponds to the i tuple
in the table.

— Typically segmented into chunks to avoid allocating large
blocks of contiguous memory.

Only practical if the value cardinality is low.
Some DBMSs provide bitmap indexes.
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https://dbdb.io/browse?indexes=bitmap

Bitmap Encoding

Compressed:
16 bits + 16 bits = 32 bits

Original Data Compressed Data

isDead isDead
: 2 x 8-bits =
: L2

.
o

1
2 1 11| o '\
3 » 2 11| o
4 Original: 3 J11]|e L
5 } 8 x 8-bits = 64 bits 4 [le]f1 8 % %—blts =
5 11l o 16 bits
6
/ 6 ol 1
8 7 1] e
g [|1]]e ]
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Bitmap Encoding: Example

Assume we have 10 million tuples.

43,000 zip codes in the US. CREATE TABLE customer (
— 10000000 x 32-bits = 40 MB id INT PRIMARY KEY,
— 10000000 x 43000 = 53.75 GB name VARCHAR(32),

email VARCHAR(64),
Every time the application inserts a address VARCHAR(64),
new tuple, the DBMS must extend >!le-C°de INT_|
43,000 different bitmaps. :

There are compressed data structures

for sparse data sets: Cctiouse € influxcls ‘? ot <L GEENE
—s Roaring Bitmaps /Il ClickHouse influx pIinot = ]

@ UNC PN Weaviate E S"p”“o’” r"g C pilosa
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https://roaringbitmap.org/
https://roaringbitmap.org/

Delta Encoding

Recording the difference between values that

follow each other in the same column.
— Store base value in-line or in a separate look-up table.
— Combine with RLE to get even better compression ratios.

Frame-of-Reference Variant: Use global min value.

Original Data Compressed Data Compressed Data
12:00 99.5 12:00 99.5 12:00 99.5
12:01 99.4 +1 -0.1 (+1,4) -0.1
12:02 99.5 +1 +0.1 +0.1
12:03 99.6 +1 +0.1 +0.1
12:04 99.4 +1 -0.2 -0.2

5 x 64-bits 64-bits + (4 x 16-bits) 64-bits + (2 x 16-bits)
= 320 bits = 128 bits = 96 bits
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Dictionary Compression

Replace frequent values with smaller fixed-length
codes and then maintain a mapping (dictionary)

from the codes to the original values
— Typically, one code per attribute value.
— Most widely used native compression scheme in DBMSs.

The ideal dictionary scheme supports fast encoding

and decoding for both point and range queries.

— Encode/Locate: For a given uncompressed value, convert
it into its compressed form.

— Decode/Extract: For a given compressed value, convert it
back into its original form.
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Dictionary: Order-preserving

The encoded values need to support the same
collation as the original values.

SELECT * FROM users » SELECT * FROM users
WHERE name LIKE 'And%' WHERE name BETWEEN 10 AND 20
Original Data Compressed Data
name O
Andrea 10 Andrea 10 R‘M
Mr.Pickles » 40 Andy 20 gg'_
Andy 20 Jignesh 30 = M
Jignesh 30 Mr.Pickles | 40 QQ
Mr.Pickles 40 <
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Order-preserving Encoding

SELECT name FROM users

Still must perform scan on
WHERE name LIKE 'And%'

column

SELECT DISTINCT name

FROM users » Only need to access dictionary
WHERE name LIKE 'And%'

Original Data Compressed Data
name S
Andrea Andrea QI- “on
Mr.Pickles » 40 Andy 20 6';
Andy 20 Jignesh | 30 S M
Jignesh 30 Mr.Pickles | 40 s Q
Mr.Pickles 40 <
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Conclusion

It is important to choose the right storage model

for the target workload:
— OLTP = Row Store
— OLAP = Column Store

DBMSs can combine different approaches for
even better compression.

Dictionary encoding is probably the most useful
scheme because it does not require pre-sorting.
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Next Class

SELECT * FROM useracct
WHERE userName = ?
AND userPass = ?

Next class!

INSERT INTO useracct
VALUES (?,?,..?)

NSM Disk Page

header | userID JuserNameuserPass|hostname] lastLogin

header | userID JuserNamejuserPass|hostname| lastlLogin

header | userID JuserNamejuserPass|hostname| lastLogin

header | userID JuserName|userPass|hostname| lastLogin

Disk

Database File

UNC
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