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Indexes

Animal Table

Horse

Select * from animals where name = “gorilla” Squid

gorilla

How to find quickly without a full scan? Cat



Indexes

You have learned about
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Binary trees Hash tables




Indexes

You have learned about
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Binary trees Hash tables

Not a good fit for disks or SSDs (from CSC443)




The memory Hierarchy

¢ o B

CPU caches memory SSD disk

Expensive & fast Slow & cheap
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Not enough space Indexes stored here

/AN



Indexes

/AN

Block-addressable

4-16 KB E



Read |/O Indexes

/AN

Write 1/O

Goal: minimize block I/0s



B-Trees

1970

Indexes for Storage
(in CSC443)
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Log-Structured
Merge-Trees
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2000’s
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B-Trees

4

Cheaper queries

Indexes for Storage
(in CSC443)

272 e
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Log-Structured
Merge-Trees

Index
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Circular Log

More memory |

Cheaper writes




$/GB

® 3/GB in 2020 Dollars (McCallum) @ $/ GB in 2020 Dollars (Objective Analysis)
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New Design Goals!

Indexes can fit
here '

/A
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Cache miss
(=100 cycles)

CPU register



Goal 1: Minimize Cache Misses

I A
Cache miss
(=100 cycles)

CPU register e &




Physical DRAM 4KB pages [_]



Virtual Memory in 4KB pages
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Physical DRAM 4KB pages [_]



Virtual Memory In 4KB pages

Mapping 0 1 2 3 4 5 6

ﬁ 0 1 2 3 4 ., 5 6

Physical DRAM 4KB pages [_]




Mapping

2 — 3 Stored in known location In
/ él ohysical DRAM

4 — 1



Translation

2 — 3 Lookaside Buffer
(TLB) in SRAM
Mapping
Stored in known location In
/ él ohysical DRAM



Translation
Lookaside Buffer
(TLB) in SRAM

I miss
(=100 cycles)
Mapping

ﬁ 4 —> Stored In known location In
physical DRAM



Goal 2: Minimize TLB Misses

Translation
2 — 3 | ookaside Bufiter
(TLB) iIn SRAM

I MisS
(=100 cycles)
Mapping

ﬁ 4 --> 1 Stored Iin known location In
physical DRAM



Design goals

N/

Minimize Cache Minimize TLB
Misses Misses



Design goals

4

Maximize
Parallelism (SIMD
& multi-threading)

N/

Minimize Cache Minimize TLB
Misses Misses



Design goals

Yo 7/

Minimize Cache Minimize TLB Maximize Minimize
Misses Misses Parallelism Space overheads

N/




Terms

N: # entries In dataset

B: # entries per cache line



Terms

N: # entries In dataset

B: # entries per cache line

Assume a cache line is 64B, key is 4B, and a pointer is 4B
B=8



Terms

N: # entries In dataset

B: # entries per cache line

Assume a cache line is 64B, key is 4B, and a pointer is 4B
B=8

Block size is far smaller than In disk access model



Improvements Along Two Areas

Better Worst- Exploiting Data
Case Distribution




Better Worst- Exploiting Data
Case Distribution

AVL-Tree B-Tree T-Tree Interpolation FITing-Tree
search

CSS-Tree CSB-Tree ART






AVL-Tree

Self-balance on
Inserts
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N
Requires holding

multiple latches
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Pointers create >3X metadata overhead

v
O



Each node may be on a different virtual page

OO0 000O0
Virtual Memory E::]




Fach node may be on a different virtual page

Worst case 1 TLB miss and 1 cache miss per node
(=200 cycles)

OO0 000O0
Virtual Memory E::]




2 - log2(N) Cache misses per search

OO0 000O0
Virtual Memory E::]




Better Worst-
Case

AVL-Tree B-Tree T-Tree CSS-Tree CSB-Tree HOT



B-Tree



B-Tree

Set each node to be the size of a cache line



B-Tree
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Set each node to be the size of a cache line

We expect O(logs N)



B-Tree

-
TN

() s
AN NN
B B

Set each node to be the size of a cache line
We expect O(logs N)
Do we get it? Why or why not?



B-trees Page Organization

<Key, Pointer><Key, Pointer> <Key, Pointer><Key, Pointer>< padding



Space overheads

<Key, PointerxKey, Pointer><Key, Pointer>x<Key, Pointer>< padding



Space overheads

<Key, PointerxKey, Pointer><Key, Pointer>x<Key, Pointer>< padding

Real fanout: B/4 (e.g., 2 rather than 8)



Space overheads

<Key, PointerxKey, Pointer><Key, Pointer>x<Key, Pointer>< padding

log B/4 (N) cache misses



Space overheads

<Key, PointerxKey, Pointer><Key, Pointer>x<Key, Pointer>< padding

log 8/4 (N) cache misses

Space overheads also harm scans



Better Worst-
Case

AVL-Tree B-Tree T-Tree CSS-Tree CSB-Tree ART



T-Tree

A Study of Index Structures for
Main Memory Database Management Systems

Tatn ). Lefvman
Micnes! 2 Carsy

Campwicr Scicnces Dedariment
University of Wisenn <in
Madi:on, "Wl €370y

ABSTRACT

Dz spproach 1 ach aving, nigh performancs i s Ustibure MINARCMETT SYSECM 1S 10 stce the
dalalume momair memory rather than on isk. Or= =ar rher Coign rew data structures anc algo
sithms orierted towa s nichang, eSficienr vse ef €U cycles and nee wiy = naee caher than nicimjz-
ing dish accesses and using disk space eFiciently. Iu dus paper we presen: some results on index
druciare from an engeing study ol main memory daabese maragemesnl syalenis. We propose a
row indes stoucture, the T oaree, and we compare # 10 cals! ng des Srucres noa man memary
dadbass rmwronment. Our results indiczle thal the T rree provdes good cveral. performance n
nan memaory

L INTRODUCTION

Qne method for speeding 1:p o darzbase MAnagemen: syslean in W increase the amannr of maia memory
m heoes of dee 'ca.fi'ng the amount of VCaraffic. There are twe mag appCadhes woasing @ lasge amount ¢f
i storsie, che Ties sppocach being 1o use e memery 16 provice 3 arge buffer peol. The geal of this
appesach 15 to wike i pussiole for most or peraaps all of the cals needer far f2ch ransaction 1o be retsinec
o the Baffer posl. DeW.oir e al [RDKEO , Shapire |5ha83|, and Lihaidl =1 al JEIRX1 hawe mken rth =
approach o tber work. Minimizing Cisk acossses il onds o e Lie pramary perfe rance gosl R oalgo
ritkm design whe thic aporsech ix taken, The <tlen uijor apoesach is e wse the lasge amount of meme: y
AS Ihe main store for Lie Jutalase  This approsch rsquirss a cede-am of the dambase MACEREMINT SY30EM wee
the alzondimes ane 021 structures for query piccessing roncurreney conlrad, and recovery must Il be re
ructores 10 stress e etfic onr use of CPU Cycles wd mosmnary raksr than Jisk accesses and disk stcrage
The desigrs oroposec by Krishmammany o1 al ANTKSBS| a1d Leland e 2l JLeRES) have heer baszd on s

laller spproact. I this approacl., diss corsee: ase ey an issue for crash 1evuve v purprwiss (The data

base recides iz wolatile maln memoary, bul ceovery informarion must stk reside on dish.)

Fos rrecareh wm -~ Mz o BN Fellewdam, oo D0 1oty Hew dogane . Aw ., asd Nosond 5o T
daunt Sram Nsmbe DUR-§e i34

A study of index structures for main memory database management systems
Tobin J. Lehman Michael J. Carey. Technical Report. 1985



T-Tree: an AVL-Tree with Fat Nodes

10, 11, 13, 16

3,9, 0, 8 20, 23, 24, 25



T-Tree: an AVL-Tree with Fat Nodes

10, 11, 13, 16

3,9, 0, 8 20, 23, 24, 25

A node can’t intersect with its sub-trees in key range



Self-Balancing is Identical to AVL-Tree
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Self-Balancing is Identical to AVL-Tree
W Ny

N

10, 11, 13, 16 26, 28, 30, 33
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Pros: (1) Less metadata relative to data



' !
™
Pros: (1) Less metadata relative to data
(2) Fewer rotations
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Pros: (1) Less metadata relative to data

(2) Fewer rotations — less locking



search cost? (In terms of B and N)

4 N
™



search cost? (In terms of B and N)

6,7,8,9
4 p
1,2,3,4 20, 23, 24, 25

'

'
10,11, 13, 16 26, 28, 30, 33

We only prune the search space by 2x per node



search cost? (In terms of B and N)

4 N
™

We only prune the search space by 2x per node

O(log2(N/B)) cache misses



Better Worst-
Case

AVL-Tree B-Tree T-Tree CSS-Tree CSB-Tree ART



Cache-Sensitive Search-Tree (CSS-Tree)



Cache-Sensitive Search-Tree (CSS-Tree

1 Introcuction

As randon soass memory gets diaper 11 bacotes incressmgly affordable 1o baill conipaters with large
1 merrores. 11 passibie 0 conhgune machoes with g ry 1or Just alew thoasand
dollacs. Thus, oo begins to ask whether some data imersive apalications such as decision-sapport query

grintes of mman mea

processing can take advantage of the speec of man memory o peovide apid amswers to complax quer es
In this paper we work with databases that it stirely inio main mewory. There are mamy sopications with

gnbntes for which this limitation is feasible [GNSE2

large detasets of the onder of soveral

Tudex strueuren arc nporlont oven N ol Eemoey detabos yalou Altheugh there ose 1o more

dick accesscn, bmdexes can e used 10 seduce overall computaion thwe without ustng too mach extsa spece
I s I

&

Pl weeh va asceaesing e e b mesaos o iadeaing o mais-ascunns y datasmses imclabs LCSOL, WK%,
wih [LCsob teing the most comprebeasive on the spectic tsus of ‘ncexing. In the twelwe jears siace
1

[LOCSD wis publisled, there have beea substantial changes in the architecture of compater chips The mos

rekevant change is that CPU speats have boen increasing o o mach Bster rave  GO% per year ) Lhan memnory
spoods 1% per year) ns shown in Figure 1 [borrowed frore [CLHGS|). Thus the relafve oost of a cache
miss hns Dicrensed by two orders of magnitade sinee 1986, As a resalt, we cannot mssune that the rimbdng
of indexing dgorithms givea in [LCSEH] would be valid or teday's mrchitoctures. In fact, cur experineatal
resulis indicate very differest relative outecees from [LOSSh for ockup speed

5
£ Ixa ‘\"\""C A
2 1l - \V:"T:{\
4 ] t; (\ o Procersor- M emon s2p
: I DX AM Perfonyasce '
2 1’ 1 YWy R
1 1965 1940 T o

“lgare 11 Processor-memory performance imbalance

A sevoad recent cevelcpment has been the explosson cf mterest n On-Line Asalytca Processing (OLAP).
ODLAFV workbads are query-intensive, and aave infequent batch spdates  In an OLAP coatext, it is more
mportant 1o optimice query }l'l‘k-? nance than 'llul;\h' sorformance, In a mais-memo V S¥stam, it 1ony b
reltivey cheap to rebuild an index from scrasch after a batch of updntes With OLAP s oar foms, we eas
design algorithms for query perfrnance perhags at he expense of update petformance.

Two impertan: oviteria for the sdestion of mdex strustures ave space aad time, Space & aritical in & wain
meanory databese axd wo reny hove a limited amount of o L svadlable fog precompat ol at-acturce such

indeses Given spovs vanlausls, voe ay W vplanes e e abou by oA l""kl"‘ I O BloMRaIITIRL Y

databese thore are several factors lafluczcing the spesd of database operations. An lmportam fector bs the
dogree of localry In data refererces O a Ziven algoritie, Geood data locslity leads 1o fower jexpessive)
cache misses o better pettormane

We study o vaciewy of sxisting techaicues, nduding hash indexss, binary search on s sorted list of record
identifors, binery troes, 34-troes [Com™), T-trees LCSfal, and TP Iation search, We also introdace
R eV ecInque callec “Ulchs-Sersitive Soarch Trees™ (CSS-trees CSS-trews angmen |l!|Al) search }n!
dering s cirectory sirncture an tap of the sartnd g of sdomeats CSSotrs Fiffior froem Rctres by svniding
sloriag the il soimtors ir euch node. Tso CSS treo = -n.-uiJ--l in sush » Wy st traweesing ths troe

yiclds B ol dotn scferenee bocelity (unlide: binars scasch), and bemoe rddot vdy fov ancie mibesen

We mensare the tre and spaoe

aaents of coch alzonthin. When range cuenes or sequentsal acoess
nre peoded on an atribute, we keep a list of record-ideatifiens that ‘s sorted by that atirisowe. (If the
underlying tabk is dustered by tha attribute, taen such o list is not necessery ) Dur major conclusions nre
ns follows

e Hush indices havwe a high spece overhead (the hash table is at Jesst e large as the list of recerd

Cache Conscious Indexing for Decision-Support in Main Memory
Jun Rao, Kenneth A. Ross. VLDB 1999.



Cache-Sensitive Search-Tree (CSS-Tree)

V2,

static data

Cache Conscious Indexing for Decision-Support in Main Memory
Jun Rao, Kenneth A. Ross. VLDB 1999.



Cache-Sensitive Search-Tree (CSS-Tree)

static sorted array



Cache-Sensitive Search-Tree (CSS-Tree)

Each node the size O
/ \

of a cache line

"4 A "4 A
-0O0~0O
Y ¥ Y ¥

static sorted array



Cache-Sensitive Search-Tree (CSS-Tree)

SR
Y v X Y v X
Y + X Y + ¥

static sorted array



Stored as dense array in breadth-first order

D@ORO®O®G

CL1,CL2,CL3,CL4.,CL5.,CL6, CL7

static sorted array

CL = cache line



Stored as dense array in breadth-first order

No padding or pointers among nodes (arithmetic is used to find child)

D@ORO®O®G

, CL1 ,CL2,CL3,CL4,CL5,CL6,CL7., CL = cache line



Stored as dense array in breadth-first order

No padding or pointers among nodes (arithmetic is used to find child)

Loge N Cache misses

D@ORO®O®G

, CL1 ,CL2,CL3,CL4,CL5,CL6,CL7., CL = cache line



Stored as dense array in breadth-first order

No padding or pointers among nodes (arithmetic is used to find child)

Logs N Cache misses

D@ORO®O®G

, CL1 ,CL2,CL3,CL4,CL5,CL6,CL7., CL = cache line



Requires full reconstruction to handle updates

D@ORO®O®G

CL1,CL2,CL3,CL4.,CL5.,CL6, CL7



Better Worst-
Case

AVL-Tree B-Tree T-Tree CSS-Tree CSB-Tree ART



Making B -Trees Cache Conscious in NMain Memory

Jun Rao

Colambis Univensitr
JanrUcs colurbin.odn

Abstract

Frovteas research los shown that cache helazion s im-
puctant s main memxy ddex »oouctuns, Cocbe vu-
srious index straotares suoy oo Coacke Sondit vo Search
Troes (7SS Thees) pecfarm lookyps much faster than
binary search and sTrees.  Howeves, OS5 Trees are
daigrad for deceion muppart verkloads with relirdy
siatic data. Alhcough BY Treses are more aacle cone
scioay tharn Maary search and T-Tres thelr anillzstton
of a cazhe line o lew snce balf of tae Ipace B wzsoed
th wore Hil poirgers Nowwetheless, for applicatinas
taat require incremmental apcaces, traditienal B -Tros
':c"urlt \*tll

O goal s to maese B -Troos s anche conscioas
s NS Trows withea t increasiag ther upeiats cost o
muca, We propose & nev dezing techadque called
“Cacke Sensitive BY Trea” (CSB* Trew).
wvariart of R Trees that stere all the child nodis of any
ghven node contiguousiy, and keeps enly the sddress ol
tae et dhuld i conek vode, The reat of the dildsca can
be found by adding an offset 1o that addss Snw enly
an® chlid polrter Is stored explicitly, the wizaion of
a cozhe line b high. CEB'-Tram supper: incamental
updates n o vy smilar 0 R Thees

We ake istredinw twe varksnts of CSH™.Trwes
Segnentd CSB -Trees divide the child nodes intc
Nodee withia the oo scgment me stored

It & o

BIRIACIS,
eontigumsly and caly pointers to the beginaing of each
segment are scoced e€Oliduy in each node. Segmetad
CED"-Thews can redace the copying ces: when there is
A apit sinee only one agmert rewds to e mored Fell
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COMMEICIal J0VanMEC 45¢ I coPics BT 1his nolice ard Ue
full cntiore enthe fiest page To cody ctherwise, s repblish 1
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o
"
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1m0 tean 1990 [ 2000

Paue 1. CPUasasay Pefonsence Tabelance

As random ecceso memcey geta cheaper, 't be
scanes incroasingly affosdable to bulld ccenputers
aith Targs msin memories Tha recent “Asicarar
Repert™ ([BBCT 38)) predicis: “Withia 2en years it
wil be cotmmon 10 Lawve a terabyte of makn memcry
saving o o buffa pool e o basdiedterabrte
database. All but the lamgeat datebose tables will
se resident in main memory ™ But mein memcry
data prooessing 8 act g8 ampls a8 increasng the
suffer pool slze. An lmpoctant ssue 1s cache be-
wvive, The Lewlitional essuraplivas (thal tweisr »
~dferonces have uniform cost s no longer valid given
iko eurrent specd gep betwoen cache scocss and
mamn memory secess. [ADW0] wvdied the perfor.
manee of several commereal database management
sysieans o ousin weawry. The coaclusions ey
reachod is taat a signifcant Sortion of execution
dime is speat on scoond Jewel data cache misecs and
Arst loval mstruction cache misses  Furthor wore,
CIPU spewees Fave hawn inenessing at s omach faster
rate (6076 Der vear) than memory speeds (10% per
yoar | us shuwn in Figwe 1. So, upeurving cacle:
sebavior is going to be an imperative tazk in main
amcnory data prooesing

Iindex strucbares ars important even in pssin

Jun Rao, Kenneth A. Ross

Cache-Sensitive B-Tree (CSB-Tree

Making B+trees cache conscious in main memory

SIGMOD 2000



Cache-Sensitive B-Tree (CSB-Tree)



All children of a node are stored contiguously in “node group”



All children of a node are stored contiguously in “node group”

Most pointers are eliminated (only one needed per node group)



All children of a node are stored contiguously in “node group”

Most pointers are eliminated (only one needed per node group)

Padding is still needed to absorb insertions



All children of a node are stored contiguously in “node group”

Most pointers are eliminated (only one needed per node group)
Padding Is still needed to absorb insertions

B nodes per node group due to fanout of tree



Fanout is B/2 rather than B/4



Fanout is B/2 rather than B/4
Depth: O(logs/2(N))



Write cost?




Write cost?

Every B/2 insertions, a leaf splits, causing us to rewrite a node group



Write cost?

Every B/2 insertions, a leaf splits, causing us to rewrite a node group

Which costs O(B) cache misses



Write cost?

Every B/2 insertions, a leaf splits, causing us to rewrite a node group

Which costs O(B) cache misses
O(logs/2(N) + B / (B/2))



Write cost?

Every B/2 insertions, a leaf splits, causing us to rewrite a node group

Which costs O(B) cache misses
O(logs/2(N))



Better Worst-
Case

AVL-Tree B-Tree T-Tree CSS-Tree CSB-Tree ART



Adaptive Radix Tree (ART)

The Adaptive Radix Tree:
ARTful Indexing for Main-Memory Databases

Viktor Leis, Alfons Xemper, Thomas Neumann

b ulaie 10 afeoreoenk

Tavbniados Hntvera ol Minfoen
Solcmunnziowe 2, U-8570 Gurdany
Vimstaane o Fm de

Abswacr-=Mads gxrmocy capacities have grown op to 2 point
where moeat databases £t i RADL For main-esimory didabsae
Adrma, wirx striernre peefarmance is /o oitical hoarlencek,
Treaditionsl in-momcey data stroetures lke balaneed binary
aearved) TrorE wee not «Meiont am madorn haniware, hersnse fhey
ca ool oplinally wlifre on-UPl cubes. Hod odhlo, sl ofien
used fer main-cemory indexes, are Lot but oaly suppart poinl
e ries.

. To uvervame fhime charicaminge wa presel ART. un adapive

radix Leee drie) for wilctent indvades & muln memury, 1 loosup
et s < highly tommal, reul ey weceh Irves, while
supporting very ellicieat insertivns and deletioes us wid, Al L
sarse time, ARL = very space elfcien! and solves the problem
of xvessive wund-cusy space consumplivm, which plugues msl
radix trees, by adaptively cheesing compect and cffieod dato
strachures foc inbernal wodes. Even though AKL's performance
is comparable to hash tables, it naivdains e data in served
ordes, whoch enables add@itional operations like range scan and
prefix lookug.

I INTRODUCT IO

Al s e ol soar g v ey el ox, even e
tewcn ool lbabaces o g KAM. Whias sl bes e
wvadiod, Laditicual Jataxme sy sbans me CFU Lound Davaase
drey meend cossideable lon woavond Jdisd moesses, This
am bed W ovary ks resvand awd vonsrial aadiviier Lo
main-memaory database gy aterns like I1-Store™altDD (1], SADP
ILANA [2) and IIyTer [3) These systems sre optinized for
the new hardware landscane aod are Iheesfore mach faster, Our
systern [lyPee, foo cxaonple, compilss transacdens o macxine
cods and gets ric of beffor mansgement. locking, and latching
overbead. Dor OLTT wodklosds, the resulting execution plaas
¢ ofizn seqoences of index cperstiozs. Therefurs, index
cffickacy s the decisive prricomance factoc

More than 2§ yeurs oge. €ar Toxse [4] wus proposed as
23 in-memwory indexing sracturs. Unforanutels, the dramatic
orocesor exchitzcvore changes have rencersd Towess, Eke all
rodinonal boaety ssarch oes, iecincient nnomadern hordwan:
‘The reasam 15 thal tha eaer growing [T encwe sives andd
“he CWergInz mair memaey specd hose mace the imderlymg
asqumpticn of unifern memory scocss time chealete, D™ -ree
vanans liks the cache <onsidve I -troo (5] bave more cache-
friccdly meomory access pailerns, bet require moge cxpensive
updale operaticas. Narthermoe:, (ke officizncy of both dirary
:23d B'otroes suffers from another frature of modera CPCs:
Decasse the resul of cooapiarisons cannot be pesdicied 2asdly,
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ar |l Sdbptree y sovd POTTETT er ety e
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ke bong pépclines of modern CTs gall. ehich cawsss eddis
tioned Jatencics after svery sccond ceaperson (en awerage).

These peoblems of tradidonal szarch trees aves tackded by
recent reszarch on data scuctares specifically designed w ke
*ffizient co modern hardware wrobeteccurss. The k-wrv ssacch
troe €] and e Fust Archetectars Sensitive Teee [EASTY [T
vse data leve] parallelism o perform meuldple comparisons
st e asly et Simps Instruenen Miip e Deca (SIMI))
irsracieas, Adkhicmmally, FANT pass o s Dasear which
s cnowe My neoime By nalemng ceche lmess oo
ke Tram<aton Lookasice Jaffer (TLOL Whle thess cati-
mizations mprove scach porformacce, both das strustures
carool suppont izcrement:l vpdstes. Tor an OLTT database
sy#em which necessitates contmucys tasertions, updates, and
deletions, an obvicas solsticn s a difforential iz (delta)
mechamism, which. however, will rescll in additional costs.

1lash tables ere another pepular main memocy deta soucs
ture. In ceatast o scarch trees, which have Obozn) acczss
timz, hosh to3les Rave sxpacted (L0 cocess tirse and ore
therofore mouch fuster in moin memory. Neverthelzss, hash
tobles ur> Jess coramealy osed o; databose indexes. Coe resson
1SThes hashrak o5 sparier s ks mndom v, ondd theretore only
pEnr poent quenies. Anecher pechisom s chat mast hash ioales
do ol hemvlle snwerh grooedinl v, hin TeaE e SXPORSIVE o
pomodie v ovallow with Do) coopleats. hewhore,
cument systerns Zace Uw anforurale rads-off betmeen fast
hath tables that only allow pocnl queries and fully-featured,
but ezlatively slow, scarch wrees.

A chizd class of daca stroctares, known as e, radix tree,
predix wree, ard digital szarch tree, is illustrated in Tigurs 1

Viktor Leis, Alfons Kemper, Thomas Neumann

The Adaptive Radix Tree: ARTful Indexing for Main-Memory Databases

ICDE 2013
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Radix Tree
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Promises?

No rotations or splitting (P
Easier for concurrency S

=0

O
>



Promises?

Search time

O(key length * work per node)
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Promises?
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Search time

O(key length * work per node)
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In bytes
4 for integers



Promises?

(P Search time

O(key length * work per node)
e |
Q In bytes

4 for integers
Independent of N



Promises?

(P Search time

O(key length * work per node)
e !
O How to structure
l G each node to keep

/&‘ this small?
V] O



Pointers Array

Each node consists of 256 pointers

(=00

O—OF
o
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Pointers Array
Each node consists of 256 pointers
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Explicit =
A

B

Pointers Array
Each node consists of 256 pointers

b
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O

O
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Implicit - A

B

Pointers Array
Each node consists of 256 pointers

b
EFGHIJKLMNOTPDQ ..

AA}MP\AO

O

O

@



Query knows starting point and can skip to target offset

) 4
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Query knows starting point and can skip to target offset
e.g., SIGMOD

) 4

b
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Query knows starting point and can skip to target offset
e.g., SIGMOD
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) 4
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Query knows starting point and can skip to target offset
e.g., SIGMOD
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b
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Single access per node :)



Query knows starting point and can skip to target offset
e.g., SIGMOD

) 4

b
ABCDEFGHIJKLMNOTPQ .. A.M o,

O O O

Single access per node :)
Problems?
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4 bytes

N SN
A RCDEZPFGHTIJIKILMNZOZPO .. A M O

Each node is 1 KB O O O

Fine if node is dense, but bad if sparse

Could decrease fanout. Issue? Worse runtime.



Can we get around this runtime vs. space contention?

4 bytes

N SN
A RCDEZPFGHTIJIKILMNZOZPO .. A M O

Each node is 1 KB O O O

Fine if node is dense, but bad if sparse

Could decrease fanout. Issue? Worse runtime.



Can we get around this runtime vs. space contention?

Structure a node based on its number of children

) 4

B

SN

I JKLMNOUPQ ..

AA}MP\AO

O

O

@



Node4

If node has to up 4 children

key
/\

0 ] 2 3
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If node has to up 4 children

Node4 key child pointer

VAN

Y4

Search using SIMD



If node has to up 4 children

Node4 key child pointer

VAN 7\
N

311 T P

Go to corresponding pointer



If node has to up 4 children

Node4 key child pointer
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4 + 4 * 8 = 36 bytes



Node4

If node has to up 4 children

key child pointer
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Node4

If node has to up 4 children

key child pointer

N

P
/\ /\

0 [2 3 pss l | l

4 +4* 8 =36 bytes
O - 18 bytes per key

1-2 cache misses per node




If node has 5-16 children



If node has 5-16 children

Nodel6 key child pointer

7\ A\

4 N

(23] pos | | | | |




If node has 5-16 children

Nodel6 key child pointer
/

7\ A\
N

15 0 1

0 [2 ]3] pss | | | | l

T

Search using SIMD




If node has 5-16 children

Nodel6 key child pointer
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If node has 5-16 children

Nodel6 key child pointer
/

7\ PaN
NS

0 [2 ]3] pss | | | | l

AN/ NAN

16 +16*8 =144 B
O - 29 bytes per key
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If node has 17-48 children

NOde48 child index child pointer




If node has 17-48 children

NOde48 child index child pointer

....
........
.......
a

0 1

Too big for SIMD




If node has 17-48 children

N0d348 child index child pointer

0 1

. V4
"

Too big for SIMD
Use direct access

.....




If node has 17-48 children
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If node has 17-48 children

2560 +48*8=640B
13 - 38 bytes per key
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If node has 49-256 children




If node has 49-256 children

256 * 8 = 2048 B




If node has 49-256 children

256 * 8 =2048 B
8 - 42 bytes per key




If node has 49-256 children

256 * 8 =2048 B
8 - 42 bytes per key




Why only 4 node types?

child pointer

Node4 key
/\ /\
r N/ N\
0 1 2 3 0 1 2 3
02 ] 3 [255 | | | |
Y Y Y Y
AN NRVANIY/
Nodel6 key child pointer
- A 1-”\/ ) N . N\

0 1

0123 ]| [255 |

i :
AN\

child pointer

>
> |

Node48 child index
0 1 2 3

Node256
0 1

: —
/a\ NIAN £\




Why only 4 node types?

Node4 key child pointer
/\ 7\
O01]2 |3 255 | | | |
Y Y Y Y
AN/ NAN
Nodel6 key child pointer
% N A

O2 |3 ]| 255

2>
><__
L |
[><__

Node48 child index child pointer
/
O 1 2 3

Node256

Switching a node type takes work. We want to do it sparingly.
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Path compression

SIG

AN

O O O

MOD OPS

How to store paths for a node?



Path compression

SIG

AN

O O O

MOD OPS

How to store paths for a node?

In a 16 header at the start of each node



Better Worst- Exploiting Data
Case Distribution

AVL-Tree B-Tree T-Tree Interpolation FITing-Tree
search

CSS-Tree CSB-Tree ART
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Binary search

O(logz2 N )

S |
Universe U



Tree search

O(logz2 N ) cycles
O(logeN ) I/0

S |
Universe U



These methods’ performance is independent of data distribution

Tree search Binary search

s |
Universe U



Can we exploit the data distribution to speed up search?

b
Universe U



Can we exploit the data distribution to speed up search?

Fixed intervals

Universe U



Can we exploit the data distribution to speed up search?

Uniform distribution

s |
Universe U



Can we exploit the data distribution to speed up search?

Normal distribution

s |
Universe U



Can we exploit the data distribution to speed up search?

Bi-modal distribution

Universe U



Interpolation Search

Addressing for Random-Access Storage
IBM Journal of Research and Development. 1959

W. Wesley Peterson



Interpolation Search

Uniform distribution
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Interpolation Search

Uniform distribution - e.g., sorted array of hash values

b
Universe U



Interpolation Search
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Array



Interpolation Search

get(X)

Oy 14121125136 142143144155162168y 70y 80182194 100

Array



get(X)

_ _ X - min
Estimated location= | ———
max - min

- (#slots - 1)

Oy 14121125136 142143144155162168y 70y 80182194 100

Array



get(42)
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Estimated location =
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|
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Recurse on this partition



get(42)

. 42-0
42 - 0

Estimated location =

Oy 14121125136 142143144155162168y 70y 80182194 100

G
Recurse on this partition



get(42)

e - ]

|
&)

Estimated location =

Oy 14121125136 14214314415516268y 70y 80182194100



get(42)

} 2 - 0
e - ]

|
&)

Estimated location =

Oy 14121125136 14214314415516268y 70y 80182194100

Found in two steps! As opposed to logz(16) = 4 steps with binary search



For uniformly distributed data:

Interpolation search O(logz21og2 N)

Binary search O(logz N)
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Interpolation search O(logz logz N)

Intuition: each iteration prunes the search space by N

0y 14121125136 142143144¢1551621 68y 70y 80182194 100



Interpolation search O(logz logz N)

Intuition: each iteration prunes the search space by /N

T(n) < C + T(yN)

0y 14121125136 142143144¢1551621 68y 70y 80182194 100



Interpolation search O(logz logz N)

Intuition: each iteration prunes the search space by /N

T(n) < C - logzlogz2 N

0y 14121125136 142143144¢1551621 68y 70y 80182194 100



Interpolation search O(logz logz N)

Intuition: each iteration prunes the search space by /N

T(n) < C - logzlog2 N

I

~ 2

0y 14121125136 142143144¢1551621 68y 70y 80182194 100



Interpolation search O(logz logz N)

Intuition: each iteration prunes the search space by /N

T(n) < C - logzlog2 N

I

~ 2

0y 14121125136 142143144¢1551621 68y 70y 80182194 100

For details, check our reading for this week.
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Now suppose the data is geometrically increasing

. ] X - min
Estimated location= | —
| max - min

I

- (#slots - 1)

D0 ¢ D1 4 D2 ¢ D3 D4 4 DO g D6 ¢ D7 4y D8 4 D9 D104 D11 D12 4913 4 D14 4 D15



get(211)

. ] X - min
Estimated location= | —
| max - min

I

- (#slots - 1)

D0 ¢ D1 4 D2 ¢ D3 D4 4 DO g D6 ¢ D7 4y D8 4 D9 D104 D11 D12 4913 4 D14 4 D15



get(2')
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|
o

Estimated location =
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Recurse on this partition
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|
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Estimated location =
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| 211 .92
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|
o

Estimated location =
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get(2')

| 211 .92
215 . 92

|
o

Estimated location =

D0 ¢ D1 4 922 4 D3 4y D4y D5 4 D6 4 D7 4 D8 4y D9 D10 4911 D12 D13 D14 4 D15

 r—-oooonmoomouonuoomnonnononnnrmm—— ——
Recurse on this partition
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|
o

Estimated location =
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get(2')
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|
o

Estimated location =

D0 ¢ D1 ¢ D2 4 93 4 D4 4 D5y D6 4 D7 4 D8 4y D9 D10 4911 D12 D13 D14 D15

 r——
Recurse on this partition



get(2')

Find target after O(N) iterations

D0 ¢ D1 ¢ D2 4 923 4 D4 4 D5y D6 4 D7 4 D8 4y D9 D10 ,211 D12 D13 D14 4 D15



Interpolation search

Lij I
Uniform Worst-case

O(log2log2 N) O(N)



CPU overheads?



CPU overheads

. ] X - min
Estimated location= | ——
| max - min

Al

. (#slots - 1)



CPU overheads
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Estimated location =
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1 division
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CPU overheads

| | L X - min |
Estimated location= | = - (#slots-1) |
max - min |
3 subtractions ~ 6 cycles each
1 multiplication ~ 0 cycles
1 division ~ 30 - 60 cycles

For small data, binary search may win as there is no division.



CPU overheads

| | L X - min |
Estimated location= | = - (#slots-1) |
max - min |
3 subtractions ~ 6 cycles each
1 multiplication ~ 0 cycles
1 division ~ 30 - 60 cycles

For small data, binary search may win as there is no division.

As the data grows, interpolation search is likely faster.



Interpolation search works well for uniform data

Universe U



Interpolation search works well for uniform data

Insight: when data is predictable, we can tailor better access methods

Universe U



But data often follows idiosyncratic patterns

T |
Universe U



Position In
array

Universe U



cumulative distribution function (CDF)

Position In
array

Universe U



Insight: at each segment, it’s easy to predict an entry’s position

Position In
array

Universe U



Learned Indexes: Learn the data distribution to predict an entry’s position

Position In
array

Universe U



Learned Indexes: Learn the data distribution to predict an entry’s position

Position In
array

Universe U

Partition the data into predictable segments



The Case for Learned Index Structures
Tim Kraska , Alex Beutel , Ed H. Chi , Jeffrey Dean , Neoklis Polyzotis
SIGMOD 2018




The Case for Learned Index Structures
Tim Kraska , Alex Beutel , Ed H. Chi , Jeffrey Dean , Neoklis Polyzotis
SIGMOD 2018

Vision paper, and algorithmic details can be vague



FITing-Tree: A Data-aware Index Structure
Alex Galakatos, Michael Markovitch, Carsten Binnig, Rodrigo Fonseca, Tim Kraska

SIGMOD 2019




FITing-Tree: A Data-aware Index Structure

Position

Universe U



approximate distribution using piecewise linear functions

Position

Universe U



approximate distribution using piecewise linear functions

Ensure each point has max distance of e from its function

Position <e

Universe U



Ensure each point has max distance of e from its function
Why?

Position <e

Universe U



Why? To bound the search space size due to an inaccurate prediction

v

Position

Universe U



constrained optimization problem

Position

Universe U



constrained optimization problem:

Model distribution using least number of segments while ensuring all points
are within e positions of prediction

Position

Universe U



Model distribution using least number of segments while ensuring all points
are within e positions of prediction

propose an algorithm for this!

Position

Universe U



There is a O(N?) optimal algorithm - too expensive

Position

Universe U



There is a O(N?) optimal algorithm - too expensive

How about a O(N) approximate algorithm?

Position

Universe U



Add first two points into segment while maintaining “maximal cone”
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Add first two points into segment while maintaining “maximal cone”

Position

Universe U



Add first two points into segment while maintaining “maximal cone”

If next point is within cone, add it to segment & narrow cone accordingly
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Add first two points into segment while maintaining “maximal cone”

If next point is within cone, add it to segment & narrow cone accordingly

Position

Universe U



Add first two points into segment while maintaining “maximal cone”

If next point is within cone, add it to segment & narrow cone accordingly

°
°
iy o ..,o * ®
Position e T
. Not in cone,

so seal existing one

Universe U



Add first two points into segment while maintaining “maximal cone”

If next point is within cone, add it to segment & narrow cone accordingly

Position

| Any linear function
within cone will due

Universe U



Add first two points into segment while maintaining “maximal cone”

If next point is within cone, add it to segment & narrow cone accordingly

Position
Start afresh

Universe U



Add first two points into segment while maintaining “maximal cone”

If next point is within cone, add it to segment & narrow cone accordingly

Position

Universe U



Add first two points into segment while maintaining “maximal cone”

If next point is within cone, add it to segment & narrow cone accordingly

® Until

- finished
Position

Universe U



Each segment is characterized by starting point and slope

®/(start1, slope)

Position

° (starto, slopeo)

Universe U



Place in B-tree node, sorted by starting point

(starto, slopeo, pointero), (starty, slope1, pointery), ...

Universe U



Place in B-tree node, sorted by starting point

(starto, slopeo, pointero), (starty, slope1, pointery), ...

—

Universe U



Place in B-tree node, sorted by starting point

| 0 l 1 1211251361421431



Store as a B-tree

l(starto, pointero) ... J

N



Store as a B-tree



Store as a B-tree

Root | |

Internal —_— - i
| | |
nodes

" "



Root

Internal
nodes

Store as a B-tree



How to query this tree? e.g., get(15)

Root | |

Internal -— = | S — |
nodes |

AN N

N R N R



How to query this tree?

(1) traverse B-tree



How to query this tree? (1) traverse B-tree
(2) Find starting segment




How to query this tree? (1) traverse B-tree

(2) Find starting segment
(3) interpolate using slope

Position prediction = start + (key - start) / slope




How to query this tree?

(1) traverse B-tree

(2) Find starting segment

(3) interpolate using slope

(4) add prediction to pointer and access array

. (start1, slope1, pointery) ...




1) traverse B-tree

How to query this tree? (1)

(2) Find starting segment
(3)

(

3) interpolate using slope
4) add prediction to pointer and access array
(5) binary search within max error bounds

- (\{\ / +e



1) traverse B-tree

(
(2) Find starting segment
(

How to query this tree? )
)

3) interpolate using slope
)
)

4) add prediction to pointer and access array
5) binary search within max error bounds

(
(
Query cost?

- (\{\ / +e



1) traverse B-tree

(
(2) Find starting segment
(

How to query this tree? )
)

3) interpolate using slope
)
)

4) add prediction to pointer and access array
5) binary search within max error bounds

(
(
Query cost? O(log(#segments) + log(e))

- (\{\ / +e



Query cost?  O( log(#segments) + log(e))

1 1

The more predictable the data is, the more the cost drops

-6 N\ \ / +e



How to handle updates?



How to handle updates? (1) separate segments into contiguous chunks



How to handle updates? (1) separate segments into contiguous chunks
(2) employ sorted insert buffer for each segment

Inseﬂs

. D Sorted
Segment

Sorted
Buffer




How to handle updates? (1) separate segments into contiguous chunks
(2) employ sorted insert buffer for each segment
(3) merge buffer into segment at threshold size

Merge -sort

Sorted ' D Sorted
Buffer Segment




How to handle updates? (1) separate segments into contiguous chunks
(2) employ sorted insert buffer for each segment
(3) merge buffer into segment at threshold size
(4) rerun segmentation (cone) algorithm

" Sorted
. Segment



How to handle updates? 1) separate segments into contiguous chunks
2) employ sorted insert buffer for each segment
3) merge buffer into segment at threshold size
4) rerun segmentation (cone) algorithm

(
(
(
(

(5) if segment splits, update parent/s

8
/\
U scomen



How to handle updates? (1) separate segments into contiguous chunks
(2) employ sorted insert buffer for each segment
(3) merge buffer into segment at threshold size
(4) rerun segmentation (cone) algorithm

(9)

5) if segment splits, update parent/s

Thus, FITing tree depends heavily on insertion order

8
/\
U scomen



Flaw 1: Thus, FITing tree depends heavily on insertion order

Flaw 2: Worst-case query cost depends on O( log(#segments))

Predictable Unpredictable

T — S —
Universe



Better Worst- Exploiting Data
Case Distribution

AVL-Tree B-Tree T-Tree Interpolation FITing-Tree
search

CSS-Tree CSB-Tree HOT



