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ITepiAnyn

H paydaia abdénon twv dedopévov to tehevtaio xpovia €xel 0dNYoeL € GNUAVTIKT oA~
Aayr] 6Tov TPOTO He TOV 0TOL0 oL opyavicpoi amobnkebovv, diayxeipilovtal koL avaAdOLY TIG
nmAnpogopiec. Ta mapadooiokd amobetripior Sedopévwv, av Kol KITOTEAECHATIKA Yior SopUnpéva
dedopéva, duvokorebovtal va avTatokplBody GTIG ATALTHOELS TV OVYXPOVOV GUVOA®Y dedo-
HEVWOV TTOL YopokTnpilovTon amd peyddo 6yko, motkidio kot toyvTnTa. Il Ty avtipeTdnion
QUTOV TV TTPOKAGEWY, eppavictniov Ta data lakes wg kevTpikd amoBetrpror tkové var orodn-
KevoLvv akatépynota dedopéva oe TepdoTio KAIpaka. QoTOo0, AUTEG OL OPYLKES ALPXLTEKTOVIKES
nopovcioloy meEPLOPLEHONS, OTWG XAUNAT atdd0CT EPWTNHATOY, EAAELYT eYYUoE®Y CLVOA-
Aaydv kot atovoia emPoAng oXNHATOG.

Tt TNV QVTIHETOTLOT AUTOV TV eAAELPEWV, £xel avortTuyDel ot vEX YEVIA OVOLY TGOV HOop-
eov mivaka, cuykekpipéva ta Apache Iceberg, Apache Hudi kou Delta Lake. Avtég ot texvo-
AoYleg ELOAYOLV YAPAKTIPLOTIKA CLGTNUATOV oXeCLaK®OV Phoewv dedopévwv ota data lakes,
omwg petoPfolréc oxnparog, cuvoarliayég ACID, epwtrpoata time travel ko crotedecportikr duox-
xelplon apyeiwv.

H napotoa epyocio emiyetpel pioe suykprtikn a€loAdoynon tng amddoong Kot tng KAUKK®-
ong twv Apache Iceberg, Apache Hudi xou Delta Lake. Xpnoipomoidvtag to mhaicio LST-Bench,
1 peAétn exTelel pla oelpd melpopdtov benchmarking oe dikgpopoug ToTOLG POPTIOL EpyaTiog
vyl v a€lodoyrioet Tig SuvatdTTeG aTdd0oNG Kot KALdKkwong k&Be texvoloyiag oto mAai-
oo pag apyrrektovikng data lakehouse. Ta evpripata otoyxeboLY Vo TPOGPEPOLY TANPOPOPLES

OXETIKA HE TNV KATAAANAOTNTA TOUG YL SLOPOPETIKE GeVAPLY OvaALoNG Sedopévmv.

AéEerg KAerdx

Aopég IIivakwv pe Kataypogr, Aipveg Aedopévewv, Awayeipion Metadedopévwv, Avidvon
Amddoong, ALlodoynon pécw Aokipev, Motipfa ®optiov Epyaciog






Abstract

The rapid proliferation of data in recent years has driven a significant shift in how organi-
zations store, manage, and analyze information. Traditional data warehouses, while effective
for structured data, struggle to meet the demands of modern datasets characterized by high
volume, variety, and velocity. In response to these challenges, data lakes emerged as centralized
repositories capable of storing raw data at a massive scale. However, these initial architectures
suffered from limitations such as poor query performance, lack of transactional guarantees, and
the absence of schema enforcement.

To address these shortcomings, a new generation of open table formats—specifically Apache
Iceberg, Apache Hudi, and Delta Lake—has been developed. These technologies introduce
database-like functionalities to data lakes, including schema evolution, ACID transactions, time-
travel queries, and efficient file management over object storage.

This thesis provides a comparative evaluation of the performance and scalability of Apache
Iceberg, Apache Hudi, and Delta Lake. Using the LST-Bench framework, the study executes a
series of benchmark experiments across various workload types to assess the performance and
scalability of each technology within a data lakehouse architecture. The findings aim to offer

insights into their suitability for different data engineering and analytics scenarios.

Keywords

Log-Structured Table Formats, Data Lakes, Metadata Management, Performance Analysis,

Benchmarking, Workload Patterns
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omoLd®V pov ot 6XoA HAektpoddywv Mnyoavikdv ko Mnyoavikov YroAoyiotov tov EBvikod
Metoofiov IToAvteyveiov.

Evyapioto tov Xpioto ko tnv [Havoeyico.

Evyoploto tnv okoyévela pov mou eivar dimAa pov kai pe otnpilel oe kabe pov Pripo. Ev-
XapLoTe Toug yoveig pov Atkartepivn Kpbwvéun ko Zevopdv Toépto. Evxapiotd tnv adelon
pov, ABavacia Toéptov.

Evyopioto tov k. Ioavvr Kovetavtivou yu tnv forifeia ko tnv kabodrjynor) tov kad' 6An
Vv dtdpkela NG SITAWHATIKNAG HOV epyaciog.

Evyoapioto Wbaitepa tnv @idn pov Aptepig Avipavn, yix 6Ao to ta&idt Tov polpacTiKope
polll OAot LT T XPOVLOL GE CLUTT] TNV GYOAT).

Evyopioto tov @ito pov Iapn Sdropn yux To eldikpLvég evdlapépov Tov ko Tnv Yuyoro-
yikn otnptén oL HoL TPOGEPEPE OAO XLTOV TOV KaLpO.

Eva 8iaitepo guxoplot®d otov @ilo ko cvvepydtn Fidvvny Owovopou yio tnv miotn Tov
oTIg SuVaTOTNTEG POV KaL Yio TNV TOAVTIUN oUUPOAT Tov e 1Oéeg o€ KpioLo onpeio TNG epyn-
olog.

Evyoplote 6Aovg toug avBpadmoug mov pe otpéav oe avtod to Takidt kot pov édwoay Tnv

Sovayn v ptiow oto TEA0G Tov.

ABnva, NoéuPprog 2025

EAévn Toéprov






Table of Contents

Ilepidnyn
Abstract
Evyapilotieg

1 FEwaywyn

11 Kivnmpo. . o o o o
1.2 ZxeTikég epyaoieg KoL TACIGLO OVOUPOPAS  « « « v v v v e e e e e e e e
1.3 Aopf Epyociog . . . . . ..
14 YROPoBpo . . ..
1.4.1  AmoBrjkeg Aedopévev . . . ..
1.4.2  Alpveg AeBOPEVOV . . . . L L
1.4.21  Baow& OTOLEIO . . . . v o o o

1.4.2.2  ITleovextnpota TV apyLltekTovik®Ov Apvav Aedopévov . . .

1.4.23  IIeploplopol . . . o oo v i v i

1.4.3  E&éMEn ota DataLakehouses . . . . . ... ... Lo L.

1.5 Ylomowdvrtog éva Data Lakehouse . . . . . . . ... oo Lo
1.5.1  Emimedo ATOOAKELONG . . . . . . .

1.5.2  Emimedo MeTodeSOPEVOV . . . . . . . L

1.5.3  Emimedo Eme€epyociog . . . . . . . . L

1.6 AEordynon Mopewv IIivakwv pe Aoyikr) Kataypagng: To [TAaioto LST-Bench
1.6.1  Xxedaotikn IIpocéyyion tov LST-Bench . . . . . ... ... ... ...

1.6.2  Aopn ®optiov Epyaciog . . . . . ..o

1.6.3 IIpotvma ®optiov Epyaciag. . . . . . . . . ..o

1.7 Tepopatikn Sidtakn kot evewpP&Tmon Tov TAociov a€loAdynong . . . . . . .
1.8 AEIOAOYNOT . . o o
1.9 EmAOYOS .« o o o

2 Introduction

2.1 Motivation . . . . ...
2.2 Related Work and Benchmarking Framework . . . . . . ... ... ... .. ...
23 ThesisStructure . . . .. ... L L L

15
15
15
16
16
17
18
19
19
20
20
21
21
22
25

25
26
26
26
27
30

31
31
32
32



TABLE OF CONTENTS

3 Background

3.1 DataWarehouses . . . . . . . . . . . ...
3.2 DataLakes . . . . . . . . .
321 KeyComponents . . . . .. ... .. ...
3.2.2  Advantages of Data Lake Architectures. . . . . . .. ... ... ... ..
3.2.3 Limitations . . . . . . . ...
3.3 Evolution to Data Lakehouses . . . ... ... ... ................

4 Implementing a Data Lakehouse

4.1 StorageLayer . . . . . . . . . .
4.2 MetadataLayer . . . .. .. ...
421 DeltaLlake . . . . ... ... ...
4.2.2 Apachelceberg . . . . . ... .. ...
423 ApacheHudi .. ... ... ... . ... ...
43 ProcessingLayer. . . . . . . .. . . ...

5 Benchmarking Log-Structured Table Formats: The LST-Bench Framework

5.1 Overview and Motivation . . . . . . . . . . .. .. ... ... ...
5.2 Benchmarking Limitationsof TPC-DS . . . . . .. .. ... ... ... .....
5.3 Design Approach of LST-Bench . . . . .. ... ... ... .. ... ...,
5.4 Workloads Patterns in LST-Bench . . . . . .. ... ... ... ..........
5.4.1 Baseline Workload Tasks . . . . . ... ... ... .............
5.4.2 LST-Specific Enhancements . . . . .. ... ... .. ...........
5.4.3 Workload Structure . . . . . ... ... ... ...
5.44 Workload Patterns . . . . ... ... ... ... ...

6 Experimental Setup and Benchmark Integration

6.1 SystemHardware . .. ... ... ... ... ..
6.2 Dataset Generation . . . . . ... ... ...
6.3 Software Environment and Configurations . . . . . ... .. ... ........
6.3.1 ApacheSpark . . . ... .. ...
6.3.2 Hadoop Distributed File System (HDFS) . . .. ... ... ........
6.3.3 Apache Hive Metastore . . . . . .. ... ... .. ... .........
6.3.4 PostgreSQL . . . . . ..
6.4 System Initialization and Execution Sequence . . . . ... ... ... ......
6.4.1 DeltaLake . . . . ... ... . ...
6.42 ApacheHudi ... ... ... .. ... .. ...
6.43 Apachelceberg . . . . .. ... . . ..
6.5 LST-Benchmark Setup and Run Procedure . . ... ... ... .. ... ......

7 Evaluation

7.1 Longevity . . . . . . .. e e e
7.2 Resilience. . . . . . ..
7.3 Read/Write Concurrency . . . . . . . . . ..o v vttt

33
33
35
36
37
37
38

40
41
41
42
42
43
44

46
46
46
47
47
47
47
48
48

50
50
50
51
53
54
55
56
57
58
59
60
61

97
97
99



TABLE OF CONTENTS

7.4 Time Travel

8 Conclusion

References

109



List of Figures

1.1
1.2
1.3
1.4

3.1
3.2
3.3
34

4.1

5.1
5.2

6.1
6.2

7.1
7.2
7.3
7.4
7.5
7.6
7.7
7.8
7.9

AToONKN AeSOPEVOV . . . L L L 17
Kovovikomoinpévn Aipvn AeSopévev . . . . . o o o 18
APYLTEKTOVIKY) TOU ZUGTHHOTOG « « « v o v v e v e e e et e e e e e e e e e e e e 28
Awdypopptor AVATTTUENG TOU ZUGTAHOTOS &« v v v v v v e e e e e e e e e e e e 29
Data warehouse . . . . . . . . .. .. 34
Canonical datalake. . . . . .. ... ... .. 35
Lakehouse architecture . . . . . ... ... .. ... ... 39
Evolution of data architecture . . . . . . .. .. ... ... 39
Lakehouse layered architecture . . . . . ... ... ... .. L L. 40
LST-Bench: Workload components . . . . . .. ... ... ... ......... 48
TPC-DS and extensions to evaluate LSTs characteristics . . . .. ... ... .. 49
System architecture overview . . . . . .. ..o Lo oL 52
Deployment diagram of the system . . . . . . ... ... ... ... ....... 53
Performance of WP-1 Single User phases (SF1000) . . .. . ... ... ... .. 98
Performance of WP-1 Data Maintenance (SF1000) . . . . . . . ... ... .. .. 99
Performance of WP-2 Data Maintenance (SF1000) . . . . . ... ... ... ... 100
Performance of WP-2 Single User (SF1000) . . . . . . . ... .. ... ... ... 101
Performance of WP-2 Optimize phases (SF1000) . . . . . .. .. ... ... ... 101
Performance of WP-3 Data Maintenance phases (SF1000) . .. ... ... ... 103
Performance of WP-3 Optimize phases (SF1000) . . . . . . . . . ... ... ... 104
Performance of WP-4 (SF1000) . . . . . . . . . . it i 105
Time Travel workload structure . . . . . . .. .. ... ... ... ........ 105



Chapter

Elcaywyn

1.1 Kivntpo

H paydaio ad€énon tov dykouv dedopévwv Ta televtaio xpovia xel TPOKAAETEL Lot G-
VTIKT) aAAatyr) 6TOV TPOTO pe TOV omoio oL opyavicpol amobnkevovy, Stoxelpilovtal Kot ovo-
Avovv mAnpogopiec. Ta mapadociakd cvotrparta (data warehouses) amobrikevong ko eme€ep-
yaoiog dedopévwv, TapoTL amote Aeopatikd Yo Sopnpéva dedopéva, duokolebovtol va avTa-
oK PLOOVY OTLC ATTAULTHOELS TWV GVYXPOVROY GLVOAWV SeSOpEVWY TTOL Yo paKTpilovTol amd pe-
Y&Ao 6Yko, TolKIALa koL TaXOTNTO.

Tt TNV OWVTHETOTLOT VTGOV TWV TPOKATCEWY, avamtixOnkav ol Aeyopeveg Aipveg dedo-
pévwv (data lakes)— kevtpucd amoBetrpia mov amobnkevovy dedopéva oe aKATEPYATTN HOPPT)
KoL o€ HeYOAn kAlpoka. Apykd, Pacilovioy 6e otAd CUGTHRATO OVTIKELLEVOCTPOPOVG QLITO-
Onkevong, Ta omola eméTpemay TNV eloaywyn kot dwatripnor dedopévwv aveEdptnta amd Toug
VIOAOYLGTIKOUG TTOPOLG. QG TOCO, He TNV AOENOT) TwV aTottoewV yix dtakvPépvnomn dedopévaov,
68001 avaADGEWV KoL TOALTPOTTILKY TTPOGPacT), ot Aipveg dedopévwv mapovsiacay cofapég
aduvopieg — OWG YoUNAT] atdd00T) EPOTNHATWY, EANELYT] EYYUOEDV GUVOAAXYDV KOL OUITOVL-
olo emiPoing oxnpuatwy.

Ia v emtilvon oLTOV TV TPOPANHATOV, EHPAVIOTIKE HLOL VEQ YEVLE OLVOLYTMOV HOPPODV TTi-
vaka (Log Structure Table Formats), tov tpooBétouvv Aettovpyieg tomov Paong dedopévav oTig
Apveg dedopévwv. O texvoroyieg awtég — dmwg too Apache Iceberg, Apache Hudi kot Delta
Lake — mpoo@épouvv duvatdtnteg 6mwg petaforn) oxnpatwy, vrootiptén ACID cuvadloydv,
epwtnporta "time travel” ko awodotikr] Siayelplon apyeiwv TAV® GE AVTIKELUEVOSTPOPT] QLTTO-
Onkevon.

Yxomdg NG mopodong SUTAOHATIKNG epyaciog eival 1 ovykplTiky a&loAdynon tng amo-
doomng Kol NG KALPAKwong twv texvoloylov Apache Iceberg, Apache Hudi ko Delta Lake oe

Srpopeticotg Thmovg poptiov epyaciag (workload), péow melpopdtwv benchmarking.

1.2 Xyxetikég epyaoieg Kot TAALGLO VALPOPAG

Mia onpavtikr) cupfoAn otn pelétn TV clyxpovev apyltektovikaVv data lake poépyeton
a6 v mpdcgoartr epyacio tng Microsoft pe titho "LST-Bench: Benchmarking Log-Structured
Tables in the Cloud". H peAétn avth mapovoidler to LST-Bench, éva e€edicevpévo miaicio

a€loroynong (benchmarking framework) ov éxet oyediaotel yio va e€etdlel tnv amddoom kat
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AELTOLPYIKOTNTA TWV AVOLX TGOV Hoppav mtivaka (open table formats), 6mwg ta Apache Iceberg,
Apache Hudi ko Delta Lake, o mepipdArovta cloud-based data lakes.

To LST-Bench Pacileton oto xabriepwpévo mpoétumo TPC-DS benchmark, to onolo emextei-
vel pe duvatdtnTeg mpooappoopéveg oTig WlattepoTrTeg TV log-structured table formats. Emi-
TAE0V, GUAAEYEL TNAEUETPLOL TOGO QIO T U)X OVY] DTTOAOYLGHOD OGO KoL OTTO TIG LTI PECLEG aTTo-
Bnkevong oto cloud, TPOGPEPOVTOG LAt OALGTIKT] ELKOVA TNG GUUTEPLPOPAS TOV GUGTHHOTOG
LTIO PEXALOTIKG POpTio EpYOTing.

H mapovoa duthwpatikr epyacio viobetel tn peBodoroyia Tov LST-Bench wg Béon yio
ovykpLtikr] oa€loAdynon twv Apache Iceberg, Apache Hudi kot Delta Lake. ITapott aflomotei to
oXeLOGHO KoL TIG HETPLKES ammddoomng tng Microsoft, 1 peAétn die€ayeton oe diowpopetid me-
pLpaArov exTtéleong — ovykekpiéva, oe Tomiky amobrkevor HDFS ko pe xprion tov Apache
Spark wg povadikng pnyovrg ene€epyaoiag. AvtO oV AVTAVOKAX [l SLOLPOPETIKT) OPYLTEKTO-
VIKT] TTPOGEYYLOT), 1] kKO eotiaot otnv aloAdynorn tov open table formats ovadeukvoel

YEVIKOTEPT) OTHaGio TNG HEAETNG AVTWOV TV TEXVOAOYLOV € TOLKIAX HOVTEAX OVATTTLENG.

1.3 Aopn Epyaociag

YTIG eMOPEVEG EVOTNTEG, 1] SITAWNATIKY epyacio Siepevvd Tow TexVik Bepédia, TV vAO-
moinon xat TNV aloAdynoT Twv Hopedv Tvdkwy pe dopr kataypogrg (log-structured table

formats) ce pia apyrrextovikn data lakehouse.

« Hevomnra 1.4 mapéyel Tig anapaitnteg Paotkég TAnpopopieg oxeTikd pe ta amobetrpla

dedopévarv, Tig Apveg dedopévmv ko tnv e€€MEN mpog ta cvothpata lakehouse.

+ H evotnra 1.5 mapovoialel Tig Aemtopépeteg vAomoinong tov lakehouse stack, estialo-
vtog ota enimedo amobrjkevong, petadedopévav ko eme€epyaoiog, pe éppoon ota Delta

Lake, Apache Iceberg xaw Apache Hudi.

« H evotnta 1.6 etodyel to mhaioo a&lordynong LST-Bench, meprypdgpovtag tov oxedia-
oo, Ta TPOHTLIOL POPTOL ePYOTing Ko TIG PEATIOGELG TTOV £XOVV TTPOCAPUOCTEL YLt TNV

olohoynomn twv log-structured formats.

« H evotnta 1.7 meprypagel ) metpopotikr] Sitakn, cvpmepthopfovopévev tov tpodia-
ypapov vAwkol, tng dnpovpyiog dataset, tng apyikomoinong Tov cvotnpartog kat tng

EVOOHATWONG Tov benchmark.

« Télog, n evotnra 1.8 mapovodlel ta amoteAécpata tng afloAdynong, cuYKpIivovTog TNV
68001 HETOED TWV SLAUPOPETIKOV HOPPHOV KL POPTIOV epYaiag, Kot oulNT& TIG eTtL-

TMTOCELS TV EVPNUATWV.

1.4 YmoPabpo

v emoyr) g AUng aopdcewv Paoel dedopévwv, oL opyavicpol kahovvton va emekep-
yalovtor TepAoTiong 6YKoug dopnpévav, NSOUNHEVEOY Kot adOpunTewy dedopévwv—aouyvd ce

mpaypoatikd xpovo. Ta mtapadoociokd cuothpata, 6mwg oL oxestokés Paoelg dedopévwv Kot ot



1.41  Amobrkeg Aedopévav

K Aookég amoBnkeg dedopévwv, duokodebovtol va avTatokplBody oTig amaltrioelg wov Bétel 1)
KAipoka, 1) wolkLtAopop@io ko 1) ToxOTNTR Twv big data. Avtol ol eplopiopol éxouvv odnyrnoet
o TNV LIOBETNOT) TTLO EMEKTACLUWY KO EVEALKTOV OPYLTEKTOVIKOV: OPYLKA TV APV dedopévav

(data lakes) kou o tpdo@ata tov povtédov lakehouse.

1.4.1 AmoOnkeg Aedopévmv

Soppwva pe Tov opopd tou Bill Inmon, po amobrkn dedopévwv eivon pia cuAloyr) dedo-
HEVOV TTOV €lval TPOCAVATOMGHEVY oe BEpaTa, Hn TTNTIKT, EVOTOUEVT) Ko LETHPAAAOpEV
otov Xpovo, oxediacpévn yia va vrootnpilet diadikaoieg Aing amopaoewv. O amobrikeg de-
dopévwv ouykevipovouv dedopéva ammd morhamhéc mnyég péow tng dadikaciog ETL (Extract,
Transform, Load), petatpémovtdg o oe cuvent) popen yio ovaAvot). Mia amhr) avarapdotoon

Tumikng amobnkng dedopévwv mapovoidletor oto Figure 1.1.
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Figure 1.1. Anobrjxn Aedouévowv, Inyn Eucévag: hitps://books.google.gr/books?id=CSfdEAAAQBAT

Ot amobBrikeg dedopévwv éxovv mpooépel aELOMIOTA KoL TuTTOTOpEVa dedopéva yia eTtL-
XELPNOLOKT] AVAALGT] KaL LGTOPLKT emLokOTNoT. Q0TO00, 1) porydaia eEdmAwaor Tov Stadiktdov,
TWV KOLVOVIK®OV HETOV KO TOV TTOAVPES®V 001]yNCe TNV eppaviot TV Big Data, mov yapoktn-
pifovton and técoepig Paocikég diuothoelg: dyko, TayxvtnTa, molkidia kot alomiotio (Volume,
Velocity, Variety, Veracity).

O tapadociakég amobrkeg dedopévav duokolevovtal va avtamokpldody GTIG ATALTHOELG
twv Big Data. Avtipetomifouv meploplopoits otV KALUGKwaor), dev vootnpilovv enekepyacia
o€ TPAYHOTIKO XpOVO, Kol elval akatdAANAeg yia nuidopnpéva 1 adopnta dedopéva. EmumAéov,
TopéYoLV epLopLopéva petadedopéva yior Ty motdTn T KoL TNV poéAevot) Twv Sedopévwv, VK
n eEaptnor Touvg oo WLopopPeg popPég ko SQL epyadeia Tig kablotd acvpPateg pe cOyxpova
OLKOGUOTARATO PN XAVIKTG P&Bnong kat emotripng dedopévwv. Avtol oL epropiopol avEdvouv
T0 KOGTOG KoL TOV Kivduvo aumotuyiog épywv, Suoyepaivovtag TV TPOCAPUOYT TWV ETLYELPT]-

CEWV OTLG GUYXPOVEG AVAYKEG,.
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1.4.2  Aipveg Aedopévorv

H évvowa tng Alpvng dedopévov mpotdbnke to 2010 and tov James Dixon, wg Ador mov
eMLTPETEL TNV OO KELGT) AKATEPYOOTWV OESOPEVOV GE PUOLKT] HOPPT], XWPLS TNV OLVAYKT) Gijte-
ong ene€epyaoiog. O Aipveg dedopévwv amotelodv otkovopkd aobetrpior yio dedopévo k&be
HOPPTG KoL KAlpakag, Paciopéva TNV avaloyio pe Aipveg oL SEXOVTOL POEC ATTO TTOANAITTAEG

TNYEG o€ TPAYHATIKO Xpovo. Mio tumikn Aipvr dedopévav mapovoidletal oto Figure 1.2.
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Figure 1.2. Kavovikomownuévny Aiuvy Aedopévwv, Tlnyr Eikovag: hitps://books.google.gr/books?id=
CSfdEAAAQBAY

Apyxikad, oL AMpveg dedopévwv vhomolovvtay oe tomikd clusters pe yprion tov Apache Hadoop,
TO ormoio eméTpene TNV Katavepnpévn enekepyacia peydhwv datasets péow Tov MapReduce. To
HDFS amotélece Baoikd atolyeio, mpoopépovtag avBekTikOTnTO Kot YoapnAod k66tog. Ao 10
2015 xou petd, mapatnpeital otpo@r] mpog cloud-based data lakes 6mwg T Amazon S3, Azure
ADLS xau Google Cloud Storage, mov mpoogpépouvv vynAn aflomiotio, yewypa@ikr ovorapa-
Yoy kot xapnAd k66tog amobrkevong.

Ou obyypoveg poég emekepyaciag dedopévwv Pacilovtal oe compute engines ylx LETAOXT-
HOTLOHO PEYRA®V OYKWV TANpogopiag, eEunnpetdvTag downstream cuoTHHATA OTWG 0B keg
dedopévwv, epyareio TexvnTig vonpoovvng kot pnxovikig padnone. H ouvexrg etcoywyr) de-
SOHEVOV KL 1] TTOLPOLYWYT] AVAAVTIK®OV ATTOTEAECPUATOV LIToaTnpilovTal amd epappoyég Bl ko

GUGTHHAT AVAPOPDV.
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1.4.2.1 Baowk& otolyeia

H Aertovpyia twv data lakes Baciletal oe évav cuvSLOGHO TEXVOLOYIKDV CLVIGTOOMV.

+ Ynodopun AmoOnkevong: 1 vitodopr] aobrjkevong mpérmel va eivor eekTaoLn Ko orvOe-
KTLKH, KoL oLy v vlomoteiton oe eptBdAlovta cloud. Eva onpovtikd mAeovEKTnpa TV
AMpvov dedopévov elvar 1) apytrektovikn Sibkpion petod amobrkevong koL LITOAOYLGTL-
KNG oy bOG, YEYOVOGS TTOL ETMLTPETEL TNV AVEEAPTNTI KO EAXCTIKY KALAKWOT) TWV TOPOV.
EmutAéov, autartodvtat vPmAég tox 0T TeG HETAPOPAS SeSOUEV®VY YL TNV LITOGTHPLEN HO-
(ik®V poptiwv 1] cuveX®V porv, OTTwg TnAepetpia amd IoT cuokevég Kot TOAVIESLKO Tre-

plexOpevo.

+ Yroloywotikn Iox0g: ) vroloyilotikn lox0g amotedel etiong kpicipo mapdyovra, kabadg
oL Alpveg dedopévav grhokevoiv tepdotiovg Oykoug dedopévav TTov mpémel vo enelepyo-
otobv amoteleopatikd. Ot oOyypoveg cloud mAatedpueg mpocpépouvv punyavég emelep-
yaoiog 0nwg to Apache Spark, to omoio éyel kaBiepwbel wg To TPOHTLTTO YLor VA DoELG
peydAng xAipoxag. To Spark propel va vhomowm el péow vanpeoidv 6mwg to Databricks
1 avtioTolyeg WokTnTEG Aboelg, alomoldvtag vtoloyloTikd clusters mov exkteAodv ou-

vepyatikd oOvOeteg epyacisg ene€epyaoiag.

+ Mopgn tev dedopévmv: 1 popen twv dedopévev oto dioko kabopilel to format Tovg.
O Alpveg dedopévwv XproLHOTOLODV EVPEWG AITOJEKTA, AVOLYTA TTPOTLTTA OTwG Parquet,
Avro, JSON kou CSV, ta omoia eEacparifovv cupPatdtnta pe epyodeion avehvong Ko

amodortiky aobrjkevon.

+ Metadedopéva: ta cvotipata amobnkevong oto cloud evowpatdvovy petadedopéva
OV TTPOGPEPOLY KPLGLUES TTATPOPOPLES YLOL TO TEPLEXOHEVO TV JESOUEVWVY, OTTWOG XPOVL-
KEG ONUAVOELS, OXNHATH OeSOUEVOV KaL TLEPLY PAPLKEG ETIKETEG TTOL dNA®VOLY 18loKTN ol

KoL XOPOKTNPLOTIKA XPT|OTG.

1.4.2.2 TTAeoVeKTAUATO TOV APYXLTEKTOVIK®OV Apvarv Aedopévov

Ot Aipveg dedopévmv TPOoPEPOLY GTHAVTIKE TAEOVEKTAROTL. ATTOoTEAODV EVar EVOTTOLNIEVO
anoBetriplo yix OAa T Sedopéva evog opyavicpo, aveaptrtwg dopng n tpoélevong. H xprion
avoLYTOV Hopp®V dedopévev 0mwg Parquet kot Avro dtevkoAdvel TNV eVOWHATOGOT) He didpopeg
TAQTOOPES KoL epyaheia. X&pn oTIG dpLpeg apyLtekTovikég amobnkevong oto cloud, ot Aipveg
dedopévv emw@elobvtol artd VYMAN eTEKTACIHUOTN T, dLVATOTNTEG T POkoAOVON GG, EVKOAL
otV avamtuén kal otkovoplkn aobrkevon. EmumAéov, n vAomoinon kai 1 ocvvTrpnor Toug
pTopovV va avtopatonotnfovv pécw epyaleiwv Infrastructure-as-Code, 6mtwg to Terraform.

Ye avtifeon pe tic mapadooiakég amobrkeg dedopévwv, oL Alpveg dedopévwv vtootnpilovy
0Aovg Tovg TOTTOVG dedopévwv—adopnpéva, nuidopnpéva kot adopnTa—KkadloTOVTag Ta KOTAA-
AnAa yux oOvBeta poptia epyaciog Omwg 1 emeEepyacio morvpéowv. Ot vynAng otddoong poég
dedopévev Toug LTTOGTNPLLOLY EPAPHOYES GE TPAYHATIKO XPOVO, OTWG eloaywyr] dedopévav

a6 oweOnrnpeg IoT, streaming moAvpécwv ko avédivor cupmepLpopds otd web clickstreams.
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1.4.2.3 Ilepropiopoi

IMopd v evpeia vioBéTnom ko TV apyLrektovikn eveAlEio Tovg, Ta Tapadooiokd data lakes
ToPOLGLALOUV CLPKETEG AELTOVPYLKEG KO TEXVIKEG TIPOKATOELG TTOV HTTOPOVV VAL TTEPLOPLGOVY TNV
ATOTEAEGPATIKOTNTR TOVG. AV Kol oL vrtokeipeveg Aboelg amobrjkevong oto cloud mapopévovv
OLKOVOLKEG, 1) Snpovpyio kou Storyeipion pag mAnpovg apytrektovikng data lake amonrei e€et-
Sikevpévn Texvoyvwaoia, Yeyovog mov ouyva 0dnyel oe avEnpévo Aettovpylkd KOGTOG—ElTE PECW
e€eLOLKEVPEVOD TTPOCWTILKOD €lTe PEGW EEMTEPLKOV GUHPOVAWV.

H eioaywyn akatépyactov dedopévwv oto data lake eivon oyetikd amAn, Opwg ) petatpom
TOVG O€ AVOALTIKA YPHOLHES pHopPég amoutel aOvOen eme€epyaoia ko avENpPévo OLKOVOpLKO
kootog. EmumAéov, ol mapadooiokég Aipveg dedopévwv mapovoidlovv vynAn kabuvotépnor ota
EPOTARATA, YeYOVOG oL To Koot akatdAAnAa yior Stadpaotiky 1§ o€ mpaypatikd xpdvo
eEepedivnorn dedopévav.

Eva axopn Pactkd xopaktnploTikd Tov mapadootokdy Apvov dedopévev eival 1 apyi
schema-on-read, 6mov ta dedopéva eladyovtal xwpig avotnpn emtforr] GXNRATOS KoL PPN VED-
OVTOL HOVO KOTA TNV av&yvwot). Av kol autd Tpoc@épel evellEia, evéxel TOV Kivduvo XapnAng
TOLOTNTAG KO OGLVETELAS TV deSOPEVWV, 0dNYDOVTAG cUYVA ot petatpomnt tng Alpvng de-
dopévav oe Padto dedopévwv, SnAadn oe éva atoBetriplo pn Stoxelplopwy Kol avoELlomiotwy
dedopévav.

EmuAéov, ou Aipveg dedopévav dev mapéyovv ocuvarhaktikég eyyvnoelg (ACID). Ta dedo-
péva prtopovv povo va tpootefotv kai OxL vo TportomolnBovv emLTOTOU, e ATOTEAEGH OL ATTAEG
EVIUEPWDOELG VO ATTOLTOVV ETTAVEYYPAPT] OALOKAT POV apyelwV, KATL TOL €lval LTOAOYLGTLKA dot-
o po. Autd odnyel oto Aeyopevo TpOPANHa TV HKpOV apxeiwv, 6mov dnpovpyodvtal mo-
AvapBpo pkpd apyeior yia k&be ovtotnta dedopévwv. Av dev vmaplel cwoth droyelpion, N
OLGGOPELCT] AVTOV TV ap)eiwv vToPabuilel TV addoor avayvwong kal avEdvel To KOGTOG

aodnKkevong AOYy® TAEOVAGHOD KO KATOUKEPUATIOHOD.

1.4.3 E&éA\En ota Data Lakehouses

To lakehouse eival éva obotnpa diyeipiong dedopévwv mov Paciletal e OLKOVOpLKY Ko
Gpeca TPoGPAoIUn KOO KEVOT], EVE EVOWHATOVEL XOAPAKTNPLOTIKG arddoong ko Srayeipt-
ong Paoewv dedopévev 6mwg ACID cuvarlayég, ékdoor dedopévwv, audit logs, svpetnpiaon,
caching ko feATioTONTOINGOT EPWTNHATOV.

H apyitextovikr) lakehouse tpoopépel tnv evehéia, enmextaciudTNTA KOl OLKOVOiX TGV AL-
HVOV SeSOpHEVOV, EVED TALTOXPOVA EVOOHXTOVEL TIG duvatdtnTeg dryeipiong kar aflomiotiog
twv data warehouses, avtipetwnifovtag Tovg meploplopong kot Twv 0o povtédwv. Etvan dai-
Tepa KOTAAANAN Yo eptpdArovta cloud 6mov 1) amobrikevon kat 1 vITOAOYLOTIKT o) Og elval
SLOYWPLOPEVES, EMLTPETOVTOG GE SLAPOPETIKES EPAPHOYES VO EKTEAOVVTAL KATA ataiTtnon o€
aveEaptnToug vtoAoyloTikovg kOpPoug (.. Spark clusters), pe dpeon nmpoécPaocn ota idu de-
dopéva arobrkevong.

H petaPaon and tig mtapadociakég amobnkeg dedopévwv (data warehouses), ota data lakes
koL teAkd otnv apyltektovikn lakehouse, avtimpoowmevel pua puokn e€éAEn otnv tpoomd-
Bela ylo o evomownpévr), arodotikt] ko evéALkTn Stoyeiplon dedopévev oe clyxpova emLyeL-

pnotokd meptpdArovia.
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1.5 YMlomowwvtag éva Data Lakehouse

H apyxitextovikr tov lakehouse asmotedeiton atd tpia emineda. To katwtepo eminedo eivo
To eminedo avTikelevooTpapovg amobrkevong (object storage). Ildvw amd to eminedo amodr-
kevong Ppioketon to eminedo petadedopévwv (metadata layer), kol tédog To avodTepo eminedo
g apytrektovikng lakehouse amoteleiton amd pnyavég eme€epyaciag kol epoTNUATOV VY-
g aodoomng, 6mwg to Apache Spark 1} to Trino. Ztn cvvéyela, O eEeTaoTobV avaivtikd ta

empépoug emimeda g apylrektovikng lakehouse.

1.5.1 Eninedo AmoOnkevong

>t Péon g apyirektovikrg lakehouse Ppickertar To eninedo amobrikevong, To omoio eivor
vrevBuvo yioe T SLaTrPNoN HEYGAWY OYKWV JeSOUEVOV |LE OLKOVOLKO KO ETEKTAGLHO TPOTO.
Avt) 1o eminedo pmopel v vAomownBel eite pécw ADCEWV AVTIKEHEVOSTPOPOVS atobrjkevog
o7o cloud, 6mwg To Amazon S3 ko To Azure Data Lake Storage, mov mpoc@épovv edactikdTnTa
Ko Sroxerpllopevn vodopr, eite péow TomkdV (on-premises) CLGTHHATOV.

Eva otd tor o pipor ko evpéwg viobetnpéva cuoTHHaTo artobrkevong o€ TOTKA TTepL-
BaArovta eivon to Hadoop Distributed File System (HDFS). To HDFS Aeitovpyei e apyirexto-
vikr] master-slave, amotelodpevn amd évav NameNode, o omoiog dwayelpileton To namespace
TOL GLGTHHATOG apyeiwV Ko Ta petadedopéva, kat otd DataNodes, tov eivar vevBuva yia v
aodnKeELOT) TOV TPAYHATIKOV PITAOK deSOpEVmv.

Oplopéva Paoikd mreovextipata tov HDFS oto mAaicio evog lakehouse mepihapfévouv:

« YynAn Anodoon kot Enektaocpoétnta: Bedtiotomounpévo yua enelepyacia moptidwv
pe vYMAS pLBpO peTaPO PG SedopévmV, EMTPETOVTAG 0PLLOVTLX KALPAK®OGT) KoB®G atvEd-

VeTaL 0 OYKOG TV deSOpPEVOV.

« H apxn "Tpaype Mia Popa, Avxface IToArég": EvBuypoappiletal pe avadvtikd goptio
gpyaciog 0mov T dedopéva eladryovtal pallkd Kol mpocmeAd{ovTaL GUYVA Yo EPWTH-

MOTO KOl CVOUPOPEG,.

« YopParotnta pe Avorxtd Formats: Yrootnpilel popéc 6mwg Apache Parquet ko ORC,
amopaitnteg yio tn Stakettovpytkdtnta pe table formats 6mwg Delta Lake, Apache Iceberg

kot Apache Hudi.

+ Evoopatmwon pe Owoovotnuata Big Data: Qg Pacikd otoiyelo tov olkocvoTripo-
tog Hadoop, eivow ocopPoatd pe miaicia ene€epyociog o0mwg Apache Spark, Hive ko

MapReduce.

MopdTL N avtikelpevootpogrg amobrikevor oto cloud éxel amoktrioel dvvapikn Adyw TG
eAXOTIKOTNTOG Kol TV Slaryelpllopevav vrnpecstov g, 1o HDES mapopével pia aElomotn ko
OLKOVOLKT) ADOT) YLt 0pYOVIGHODVG TTOL AELTOVPYODV o€ aruTodLaryeLpllopeva 1) LPpLOLK & e pLBaA-
Aovta, laitepo OTAV LITAPYOLY ATTALTHOELS YL KupLopy o oo dedopéva, YopnAn kabvotépnon

1 éAeyyo g vtodopng.
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1.5.2 Emninedo Metadedopévov

‘Exouv eppaviotel apketd £pyo avolkTo KOk pe oKomd v KaAvovv to eminedo pe-
tadedopévev ko Tig mtponypéveg duvatdtnteg droyeipiong dedopévwv mov amattodVTaL YL TN
Aettovpyio evog lakehouse. Meta€d twv mo onpavtikodv eivor ta Delta Lake, Apache Iceberg
kot Apache Hudi. Ou texvoloyieg awtég emekteivouv Tig Pactkéc dvvatodtnteg twv data lakes,
elodyovtag xopaktnplotikd 0mwg ACID cuvadllayés, avadpopr atov xpovo (time travel) ko

petoforn oxnpértwv (schema evolution).

Delta Lake To Delta Lake eivou pio mAatgdppo avortktot kodika yio t Sioyeipion amobrkev-
ong dedopévwv, 1 omoic vtootnpilet ACID cuvodhayéc, emektdon diayeipior petadedopévawv
Ko evoroinon tng enekepyaciag dedopévwv oe por| (streaming) ko waptideg (batch). Apyuck
oxeddotnke yio va Aettovpyei pe to Apache Spark ko popria epyaociog peyding kAipokog oe
data lakes. Qotoc0, pe v e€€MEN Tov, To Delta Lake éxel feAticTomonBei dote v vtootn-
pileL mowkida @optic (pikpd, peoaio kot peydho dedopéva) kot va ouvepyaleto pe TOAAATAG
frameworks (6mwg Apache Spark, Apache Flink, Trino, Presto, Apache Hive kat Apache Druid),
vnnpeoieg (6mwg Athena, BigQuery, Databricks, EMR, Fabric, Glue, Starburst kou Snowflake) ko
yAwooeg mpoypoppaticpo (NET, Java, Python, Rust, Scala, SQL «.4.).

‘Evag mivakag Delta Lake aotedeiton amd Baoikd cvotatikd mov pali Siapoppodvouy éva

LoXLPO, ETEKTAGIHO KoL VYNANG arddoong cbotnua diayeipiong dedopévwv:

« Apxeia dedopévav amobnievovtan oe popyr Apache Parquet, n omoio eivar Wdxitepa
artodoTIKY Yl peYaAeG oLAAOYEG dedopévmv, Kol PPloKOVTAL GE KATAUVEUNEVO. GLGTH-

pota apyeiwv 6mwg HDFS, Amazon S3, Azure Blob Storage, Google Cloud Storage 1) MinIO.

+ To apxeio kataypoa@nig cvvallayomv (transaction log), yvwoté wg Delta log, eivou Oe-
peAddeg yio tn ovppdpewor pe tig ACID apyéc. Kataypagel k&be alloyn otov mivoka
oe popyr JSON, eprhopfavovtog petadedopéva OTWS TOV TOTO THG EVEPYELAS, T ETNPE-

olOpeva apyELa KaL TO GYXTHA TOV TTvaka TN oTLYpn NG aAAayrc.

+ Ta petadedopéva mepthapPdvovy oplopodsg GXNUATWY, AETTOPEPELEG KATATUNCEWY KOL
puBpicelg mapapétpwy. Elvor evoopotwpévo oto apyelo kataypoeng Kot tpocPaotpo
péow demapov 0mwg SQL, Apache Spark, Rust ko Python, emitpémovrog tnv emiPoin

OYNUATOV KoL 6TPATNYIKES PeATIoTOTOINOTG.

+ To oxnipa kaBopilel T dopn Tov TiVaKA—GUPTEPIAAUPAVOHEVOV TOV GTNADY KL TV
TOneVv dedopévov—kal emPaiietarl kot tnv eyypat. To Delta Lake vtootnpilel peto-
BoAn oxnuatwv (schema evolution), emtpémovrag allayéc otn dopr kabmg petafdrio-

VTOL OL AT OELS TV SeSopévav.

+ Ta checkpoints eivor meplodikd oTLypLOTLTIO TOL ApXELOL KATAYPOPTIC, aToOnKevpEVa e
popor Parquet, mwov emitoybvouv TV amdd00T TOV EPOTNHATOV KL TNV AVAKTNOT), ETTL-
TPETOVTAG GTX GUGTIHATA VO TTALPAKAUTTTOVY TNV ETAVAAN YT OAOKANPOL TOL LGTOPLKOD

tov log. And mpoemroyr, To Delta Lake dnpiovpyei checkpoints k&Be déxa cuvardayés.
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Ooov agopd tnv apyrtektovikr tov Delta Lake, a€ilel va onpeiwdei mog doyerpileton tpo-
TLOTIOLGELG OTWG SLAY PAPEG. 2e GUOTIHATH AVTIKELHEVOTTPAPOVS artoBrikevong, avTi v Tpomo-
molel vapyovra apyeia Parquet, eival mo amodotikd va dnpovpyel véa apyeia o meptéxouvv
HOVO TLG [ EMNPEXRCHEVES YPOUHEG. AVTH 1) TPOGEYYLOT) EVIGYVEL TNV atddooT) Kol evBuypayt-
piletal pe v apyr tov Multiversion Concurrency Control (MVCC)—ua texvikr] ov dwotn-
pel ToANotAéG exdOGELG TV dedOPEVLIV, EMLTPETOVTOS ACPAAEIS KOl TAVTOYPOVES AeLTOLPYiEG
avayvwong kot eyypagnc. H texvikr] awtn emtpénel emiong oto Delta Lake v mtpoc@épet time

travel, SnAadn ™ dvvatoTnTa epOTNUATOV o€ LoTOPLKEG eKDOCELG TV SeSOUEVWVY.

Apache Iceberg To Apache Iceberg eivou éva table format avoiktod k®dika, oyediacpévo yio
Vv amtodotikn dtxyeiplon avalvTikdv cuvolwv dedopévwv oe kKAipaka petabyte, oe kotove-
HNHEVO. CUCTHHATO KOl OVTLKELHEVOGTPOPELG amobnkevoelg oto cloud. Ilpocpépel mponypé-
veg duvartdtnteg 6mwg petaforn oxnuatwv (schema evolution), vrtootipitn ACID cuvaiia-
Yo, kpuer] katatpnot (hidden partitioning) ko feAtictomoinpévn amddoor epotnuitwy. To
Iceberg eivar cupPatod pe tAnbopo pnyavov erefepyoaciag, 6nwg Apache Spark, Trino, Flink
ko Presto, ko vmootnpilel cuvenn kot TALTOX POV AVAYvVwoT Kot eyypagr], KabloTdvTag To
oK yla GUYXPOVEG ALPXLTEKTOVIKEG HEYAANG KAIHOK LG,

To Apache Iceberg eiodyel Paoikég évvoleg mov vITOGTNPLLOLY EMEKTAGUN KO ATTOSOTLKT)

eneEepyocio dedopévwv:

« Awoxeipion Metadedopévmv: Xpnowomolei modveninedo cvotnpa petadedopévov—
ovpmeptlopPavopévov apyeiov metadata, manifest kot manifest lists (o€ poper) JSON)—
Yl TNV TToparkoAoDON o CYXNHATOV, KATATHICE®V, apXeiwV SeSOPEVOV KOl GTATIOTIK®V.
Yrootnpiler ékdoor Paoel snapshots, emitpémovtag ocvvenr] katdotaocn mivoka oTov

Xpovo.

+ Zrpopa Katadoyou (Catalog Layer): O katdroyog dwatnpel avagpopd 6To 7o mpo-
opato apyeio petadedopévav yix kébe mivaka. Otav yiveton alloyr), Snpovpyeiton véo
apyelo metadata kaL 0 KOTAAOYOG EVIHEPHOVEL TOV JEIKTN MOTE VAL AVTIKOTOTTPILEL TNV
TPEXOLON KATAGTAOT) TOV TTivorka. AvTtog o punyaviopog emtpémnel ACID cuvallayég, Siox-
oQUALLOVTOG OTL OL TPOTTOTOLNGELG TOPAPEVOUV ALTTOHOVOHIEVES KoL YivovTal 0paTég HOVO
o6ty oAokAnpwhoiv, SlevKOAVVOVTHG GLVETT AVAYVMGT] KOl ATTAOTOLOVTOG TOV EAEYXO

Tavtd)povng TpdoPoong.

« Metaforn Zxnpatog (Schema Evolution): Emitpéner tnv opodfj addoyr] Tov oxfipotog
(.. Tpoc BNk 6TNADV) YWpic va aateitan dortavnpr| emaveyypagt] Towv dedopévwv. Ta
HeTOOESOUEVA EVILEPGOVOVTOL OO TE VO AVTIKATOTTPLILOLY TIG AAAOYEG, EVE T LTTRPYOVTA

dedopéva mapopévouy avEmoupa

« Katatunon (Partitioning): Yrmootnpiler mponypéveg oTpatnyikés KATATUNONG Omwg
range, hash, truncate kou list partitioning. Avtég ot pébodot BeAtidyvouvv tnv amtddoon Twv

EPWTNHATWV HELOVOVTAS TOV OYKO TwV dedopévmv mov Tpémel va capwdoiv.

« Snapshots: K&Be ardayn dnpiovpyet éva véo snapshot—puo opetéfAntn tpofoAr] tov mi-
VOKOL G€ GUYKEKPLHEVT] XPOVLIKT] OTLYHT). AvTO emitpénel time travel ko dvvatdTnTeg ema-

vopopdg yio tpocPaot ot totopikd dedopéva ko avakTnon.
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Apache Hudi To Apache Hudi (Hadoop Upserts Deletes and Incrementals) eivou éva mAaicio
lakehouse avolkto0 kK, oXESIAGHEVO YLt VO TPOCPEPEL CLVAAAAKTIKEG dLVATOTNTES KAl
anodotikr) Sryeipion dedopévwv oe cloud-native data lakes. AvamtiyOnie apyikd amnd tnv Uber
KoL vToaTNPilel AeLTOLPYLEG OTTWG ELCAYWYES, EVIHEPMOOELS Kol Sty poupég oe emimedo eyypo-
PG, KaBLoTOVTOG TO LaiTepa KATAAANAO Yo eme€epyacia dedopévav pe otadiokn evpépwon
(incremental processing) ko cevapia katoypogng aAroydv (CDC — Change Data Capture).

Ia va vootnpiéer avtég Tig Suvartotnteg, To Apache Hudi ewcdyel facikég évvoleg:

+ Awxyeipion Xpovoloyiov ko Metadedopévwv: To Hudi dratnpel éva xpovoroyto OAwv
Twv evepyelov (commits, cleanups, compactions, rollbacks) mov ekteAovvton oe évav mi-
vako. KaBe evépyeia ovvdéetou pe pua xpoviky otiypr (instant time), e€acpaiilovrog ato-
pikotnTa kKot ovvémela. To petadedopévo amobnievovron pali pe to apyeion dedopévav Ko

o pakoAovBoV To oYU, TIG EKOCELS apXELWY Ko TNV KATATUNOT).

o Tomol ITwwakwv:

Copy-on-Write (CoW): Ot evnpepidoelg dnpiovpyovv véeg exdooelg apyeiwv, PeAti-

GTOTOLNHEVESG YLOL POPTLOL JLE EVTOVI) AVAYVOOT).

Merge-on-Read (MoR): Ot evnpuepdoelg yphpovtal oe apyeio katoypoprg Stopo-
pov (delta logs) ko cvyywvebovTon katd TNV OvayveoT, WOOVIKES YioL popTio He EvTov
eyypaen 1 streaming,.

« Tomor Epotnuatov:

Snapshot Queries: I[Tapéyovv tnv o TpocPatn TpoPorn Twv dedopévmv.

Incremental Queries: Avoxtotv povo ta dedopéva mov éxovv aAdEel amd pio ou-
YKEKPLHEVT] XPOVLKT] GTLYUN.

Read-Optimized Queries: IIpoome A&dlovv T Paoikd apyeic xwplg cUYXOVELOT) TWV

logs, Tpoopépovtag TaxOTEPN AVAYVOOT).

« Metafoin Txnipatog (Schema Evolution): Yrootnpiler adhayég oto oyrjpo pe tnv ml-
podo TOv XpoOVoU, eMTPETOVTHG TNV TPocOnkn véwv mediwv Xwplg emaveyypagr Twv

LITAPXOVTOV dedopévwv.

« Yupndkvoon kat Opadomoinon (Compaction & Clustering): Ynnpeoieg mapaoknviov
OGS 1) cLPTTOKVWET (Yoo MoR mtivakeg) kot 1) opadomoinon (yu Bedtiotonoinor tng Siix-

takng apyelwv) feAtidvouv v atddoot kot Ty atodoTikdTnTa amobrkevonc.

« Time Travel ko Rollbacks: Méow tov xpovoloyiov, oL XprjoTeg PITOpPOdV VA TPOGTEAR-
O0LV LOTOPLKESG eKOOTELS TV SeQOPEVMV T} VOL ETTVOLPEPOUV TOV TLVOLKA GE TTPOTYOUHEVT)

KOTROTOOT) GE TEPITTWOT) COAAPATOG 1) AAAOIWONG.

To Hudi evowpatodveron pe dnpogiheiq pnyoavég eme€epyociog 6mwg Apache Spark, Flink,
Presto, Trino kot Hive, kot eivou cupato pe mAatgoppeg amobrkevong oto cloud 6mtwg Amazon
S3, Azure Data Lake Storage xow Google Cloud Storage. Ot mponypéveg duvatdtnreg evpetnpi-
QoTMG, OHASOTTOLNGOTG KO GUHTTOKVMGTG EVIOYDOLY TTEpaLTEP® TNV atddoot) TOGO Yo TapTideg

660 kaL yio poég dedopévwv (batch & streaming workloads).
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1.5.3 Emninedo EneEepyaociog

To eminedo emeEepyociog otnv apyitektovikr lakehouse eivar vtebBuvo yio TNV extédeon
OVOADCEWVY, HETOOXNHATIOROV Ko enteEepyaoiag oe mpaypatikd xpovo. To Apache Spark aso-
teAel TV kuplopym pnyxovn enekepyaciog, Tpoopépovrag VPNAT atddoor pécw emeEepyaciog
OTI HVAUN KOl KOTOVERNUEVNG ekTéleong. Zuvdéetal amevbeiag pe ta emimeda amobrkevong
Ko petadedopévev kot cuvepyaletor apoya pe table formats 6mwg Delta Lake, Iceberg ko
Hudi. Yrootnpiler ACID ocvvarlayég, SQL epwtrjparta, schema evolution, time travel, batch
Kol streaming eme€epyaoio, kabng Kot evowpatwon pe epyadeio pnyavikng pabnong. H eve-
Méio ko 1) emextoopdTNTE TOL TO Kabiotovv Pacikd otolxeio oe k&Be ovyyxpovn lakehouse

vrodopr.

1.6 A&wAoynon Mopepwv IIivakwv pe Aoyikn Kortaypaeng: To
IMAaicto LST-Bench

Kabog ov apyitektovikég twv data lakes e€edicoovton yio v vtootnpifouvv mo ocdvBeto
ko petofardopeva poptia epyoasiog, ta mapadooiakd epyareio afloAdynong onwg to TPC-
DS dev emaprovv mhéov. To TPC-DS oxedidotnke yiao 6TOTIKEG AVOAVTIKEG EQAPHOYES KoL SV
QVTOVOKAQ TG GUYXPOVEG ALTTOULTHOELG, OTTOU To dedopéva elvor SUVOLKE Ko OL epyacieg évTova
TOUTOYPOVEG,.

O o0yypoveg popeég Log-Structured Tables (LSTs)—6mwg ta Delta Lake, Apache Iceberg
kot Apache Hudi—npoogpépovv mponypéveg dvvatodtnteg 6mwg ACID cuvorhayéc, petofolin
oxNpatog, petaforég oe eninedo eyypapng kot epwtrpata "time-travel”. Avtég ol SuvatdTnTeg
amottovy véa kpLtipla oElohdynomng mov dev kadvmrovrol and ta mopadooiakd benchmarks.

Ta va kadOyer autd to kevo, ) Microsoft avéntuée To LST-Bench, éva véo epyaleio a€Lolo-
ynong oxediaopévo eldikd yia LSTs oe mepipariovra cloud. To LST-Bench mpoo@pépet eveAiEio
KOUL ETEKTAGLHOTNTA, YEQUPDVOVTOG TIG OVALYKEG HETOED TApASOOLOKOY OVOAVTIKOV POPTIDY

KoL oUYXPOVOV ETTLYELPT|OLAKDOV TPOTVTTWV.

1.6.1 Xyxedraotikn IIpocséyyion tov LST-Bench

Avti va dnpovpyfoovv éva véo benchmark amd to pndév, ot dnpovpyoi tov LST-Bench
enéle€av va Paociotovv oto TPC-DS, aflomoidvtag ta epyaleia dnpovpyiog dedopévmv ko
T0 6OVOAO epwTNUAT®V SQL mov 1181 mtapéyel. Qotdo0, avadibpBpwoay To HoVTELD exTéAEOT|G
Twv poptinv epyaciag Tov TPC-DS, to omoio apyikd mepieAdpPove tig Paocikég Aettovpyleg
g @optwong (Load), tov povadukov xpriotn (Single User) kot tng cvvtipnong dedopévaov
(Data Maintenance), ©ote vo evoopatdoovy Aettovpyieg edikég yia LST. Tvykekpipéva, to

LST-Bench evioytel to Paoikd @optio epyaoiag pe Tig e€fg emmAéov epyaoieg:

« BeAtiwotomoinon (Optimize): Extedel cupmbkvoon pkpdv apyeiov péoa oe évay mivoka

yo Bedtioon g amddoong epOTNHAT®Y Kot TG arrodoTikoTnToG arrodrkevonc.

+ Xpovikn Avadpopn (Time Travel): Emitpénet .oTopikd epOTARATE GE TPONYOUHEVES €K-

d60eLg evog mivaka pécw KoBopLopévey Xpovikev onpeiwv pe ovvtogn SQL.
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+ Hapapetporoinuévn Ipocappoopévn Epyocia (Parameterized Custom Task): Emi-
TPETIEL TNV EKTEAECT) POLTLVOV OPLOHEVWV OUITO TOV XPTOTI YLO EVEALKTT) KO ETTEKTAGLUN

povtelomoinorn goptiov epyaciog.

1.6.2 Aoun ®optiov Epyaciag

H dopukr) tepapyio tov benchmark eiva 1 e€ng:
+ Epyaoia (Task): Avtitpocwmetet pio akolovBio evtoddv SQL.

« Ilepiodog (Session): Eivar pi Aoyikry opadomoinen epyaciiv Tov TPOCOHOLMOVEL TH GL-

WitepLpopd evog xprotn 1 poag dtepyaciog.
« ®aon (Phase): Amoteleiton amd moAhamhég mepldodovg TOL EKTEAOVVTAL TALTOX POV

‘Eva TAfpeg goptio epyaciog ammoteleiton od pia akolovdict TETOLWV PAGEWV, EMLTPETOVTAG

1 HOVTEAOTTOINGT GOVOETWV KOl PEAALGTIKOV GEVOPLOV XPHIOTC.

1.6.3 IIpotuna ®oprtiov Epyaciag

To LST-Bench opilel téooepa e€etdikevpéva mpotTuma poprtiov epyaciog. K&be mpotumo xel

oxedlooTel doTe vou dlepeuva Lo cuYKeKpLEVT doTaoT NG oLpTepLopdg Twv LSTs.

« WP1 - Makpolwia (Longevity): Afioloyel v amtddoon Tov cuotripatog oe fabog xpod-
VOU HECW ETOVOAOUPAVOLEVOV EPOTNHATWV KoL EVIHEPOGEWVY, evtomilovTag eBopd, ko6-

otog kot otafepotnta I/0.

« WP2 - AvBektikoétnta (Resilience): EEetdlel Tnv tkavotnTor TOov cuoTrpaTog vor Staryelpi-

Cetan ovveyelg eyypoapég kat va dtatnpel tnv amddooT péow epyaotodv BeAdtiotonoinong.

« WP3 - Tawtoxpovn Avayvwon/Eyypaen (Read/Write Concurrency): IIpocopotcvet
TEPPAAAOV TOAAATADVY YPNOTOV HE TAPAAANAES AVAYVOOELS KAl EYYPOPES, e6TLALO-

vtog oe mbava onpela cupPOpNoNG oTo eninedo amobrkevong.

+ WP4 - Xpovikn Avadpopn (Time Travel): Afioloyel tnv axpifela kot amodotikoTnTa

EPWTNHATWV € LoTOPLKEG eKDO0ELS OESOPEVODV PETA ATTO TPOTTOTOLNGELS.

1.7 Iepopatikn StaTagn Kot EVOOPAT®ON TOL TAALGI0U XELOAO-
ynons

Ta mepapato benchmarking wpaypartomow|fnkav ce éva eicovikomoinpévo cluster mévre
KkopPwv, errio€evotpevo oto Epyaotripro IIAnpogopikric (CSLab) tng XxoAfc HAektpoddywv
Mnyovikodv ko Mnyovikdv Yroloyiotdv tov EMIL Kébe eicovikr pnyovr (VM) SiéBete tav-
TOOTHEG TEXVLKEG TPOJLOY PAPES YLK VO JICPAALGTEL 1] CUVETTELQL KOUL 1) ALVTIKELHEVIKOTNTX GTNV
aELOAOYNOT TV SLUPOPETIKAOV HOPPOV TVAK®VY. Zuykekpipéva, k&be VM mepidapPove 16 et-
kovikotg mupriveg (Intel Skylake), cuyvotnta poroyrov 2.2 GHz, 16 GiB RAM xou 16 GiB swap,
KoL Aettovpylkd cvotnpoa Ubuntu 20.04.6 LTS.
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T T Snpovpyia twv dedopévwv xpnotpomotibnke to epyaieio avorktol kddka tpeds-kit
tng Databricks, cOppwva pe to miaicto LST-Bench tng Microsoft, To omoio faciletar oto dataset
KoL 70 oUVOAO epwtnpatwv Tov TPC-DS. Ta netpdpota dieknixOnoav oe dbo enimeda kAipokog
dedopévov: 100GB ko 1TB. To pikpodtepo dataset ypnoipomornOnke yio opyikég Sokipég ko
pOBpLoT TapapéTpwy, eve to dataset tov 1TB mapeiye éva mo avtitposwtevtikd meptPdilov
yloe Sokpég avtoyng o€ oLvOnKkeg Tapaywyng. ZOpewva pe Tig PéAtioteg Tpaktikég Tov TPC-
DS, mapovoidlovtor poévo ta amoTeAéGPATA TOL TPOEKLYAY HE TOV oLVTEAEDTY] KALpokog 1
TB. O cvvteAeotng kAipakag 100 GB xpnoyomotbnke ammokAelotikd yioe dokipég kol pubpicelg
TOUPOPETPOV.

XpnopomoOnke éva GOVOAO epYOAEiwV KL TEYVOAOYLOV OV CUVEPYAGTNKAY EVTOG EVOG
KOTOVEUTHEVOL GUGTHAHATOS YL TNV eEXGPAALOT) GLVETOUG GUHTTEPLPOPAS Kol AELOTTLOTNG 0ELo-
Aoynong addoong twv table formats mov pedetovrat. Svykekpipéva, a€lomouifnray ol TAaT-
@Oppec Apache Spark, Hadoop Distributed File System (HDFS), Apache Hive Metastore kat
PostgreSQL, ot omoieg Siopopp@bnkav dote va Aettovpyoldv cuvdvaoTtiké oto cluster, vtootn-
pifovtag Tnv amobrikevom, ) petadedopévr dtoxeiplor Ko TNV eKTEAECT) EPWTNHATOV.

H apyitektovikr 10U 6LGTARKTOG TOPOLGLALETOL GUVOTTIKG 6To ZxHpa 1.3, dov aelko-
viCovtal oL Paoikéc vINpPecieg, TO EMPEPOVS CLOTATIKE KOt OL PHETAED TOUG CLVOEGELG.

EmutAéov, oto Zxnpa 1.4 mapatiBeton o Sty poppor avAmtuEng Tov GLGTHHATOG, TO OTOLo
OVOADEL TN UGLKT] KALTALVOLLT] TV GTOLYELWV 0TV LITOdOKN Kol TIG aAAnAemidphoelg petald twv
EYKOTEGTNHEVWV VTN PECLAOV.

Ou cvykekpyéveg ekdOCELS TWV AOYIOHIKOV TTOL Yprotpomotifnkay yia v dnpiovpyn-
B¢l o mepParrov yia To metpdpata, poli pe o Pacikd apxeio koL TIG TOUPAHETPOVS TWV
configurations, mopovoidlovtal avolvtikd oto ayyAkd keipevo. EmutAéov, mapovoialeton
OoAn 1 dwxdikacia apytkomoinong ko ovdeong tov cluster pe to LST-Bench yia tnv extédeon

v Stapopwv workloads.

1.8 A&woAoynon

Y& ot TNV EVOTNTA, ToPOoLGLALOUE TNV 0ELOAOYNOT TOV ITOTEAECHATWV TNG GUYKPLTL-
KNG aELOAOYNONG, TTOL TPOEKLYAY ATTO TNV EKTEAECT) TWV POPTWV EPYATLOG TTOL TEPLYPAPNKAV
TTPONYOUHEVWG, XpNoporoldvtag To mAaicto LST-Bench. Aev éywve kapio ptOuion ota LSTs.
ExteAéotnkay OAo XPrOLHOTOLOVTAG TIG TPOETLAEYHEVES TTOPOPETPOUG Slapdppwong. H povn
puBpion mov éytve, apopd TV pnyovr ektéleong Spark.

To longevity workload avédei&e onpavtikég Stapopég otnv anddoon twv LSTs. H CoW dua-
popewon tov Delta Lake eppdvioe mohd yopniy amddoon, pe AavBdvovoeg éwg kol TéooepLg
Qopég LYNAOTEPEG AT TIG LITOAOLTEG SlapopPRGELS, TBavoTaTa Aoyw I/O meploplop®y mov
EVTELVOVTOUL GE eLKOVIKOTOLNPEVO TeplPpaAdov. AvtiBeta, 1 otpatnyikry CoW tov Apache Hudi
vrtepeiye g MoR, deiyvovtag otL 1 Sopr| apyeiwv tng MoR elodyet peyadbtepo vtoroyloTikod
k6otoG ota queries. To Apache Iceberg mapovoiace tn Bédtiotn amddoon, pe tig CoW kat MoR
OTPATNYIKEG VO ETLTUYXAVOLV eEalpeTikd amoTeAéopata, eve ) MoR epgdavice otabepd tn yo-
unAdtepn AavBavovoa. Ta amotedéopato avtd avadetkviouvy TNV LYNAT aTodoTIKOTNTA TOV
Iceberg, o oxeTikd mAgovekTHpato ko petovektripota tov Hudi kot éva kpioio onpeio ao-

tuylag tov Delta Lake.
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Figure 1.3. Apyitektovikyj Tov Xvothuarog

Y1n ovvéyela, afloloynoaype to resilience workload. H CoW otpatnywkrp tov Delta Lake
mopovsiace VYMAEG Ko avEavopeveg kKaBuoTepPrOELS KATA T PACT] TOV EVIHEPDCEWY, EVK TO
Optimize peiwoe onpovtika TIg AavOdvovoeg xpovov povo petd To mpwto Pripa cvpmieong. To
Apache Hudi epgpavice moAld vimAiég AavBavovoeg TOG0 0TI OACT TOV EVIHEPOCEWY OGO KoL
katd to Optimize, yeyovog mov vodnAveL YapnArn KApokwopoTnta: edkd 1 MoR otpatn-
Y1) emdeivwoe Ty ardd0oT) TV epOTNUATOY petd To Optimize. Avtifeta, To Apache Iceberg
emedeiEe eEoupeTikd YapnAég ko otabepég AavBavovoeg TOGO GTLG EVIHEPWOELS OGO KL GTO
queries, evo 1) Stadikacio Optimize 0AokANpdONKe pe eEAd)16TO KOGTOG. ZUVOALKA, TAL TOTEAE-
opota detyvouv OtL o Iceberg mpoopépet tnv mio aodotiky kot avBektikr Adon yio workloads
7OV aaLTOVY LYV cuvtripnor dedopévav, amodotikn ocupmieon ko otabepr) amddoon epw-

TNHATOV.

To WP-3 workload, ce avtifeon pe ta mponyoldpeva, a@opoboe TNV TauTOXPOVN EKTENEDT)
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Figure 1.4. Awtypapua Avarrvéns tov Xvothuarog

queries kat Aettovpylov cvvtrpnong. To Apache Iceberg (CoW kot MoR) katéypone tn yon-
AotTepn emiPapuvon, pe xpOvVoug OAOKANPWGNG TOAD KOVTA 6TOVG avTioTolyoug dtadoylkoig,
eMmLOELKVOOVTOG eEQULPETIKT] ATTOUOVWOT] OVAHEST G eVIIEPOTELS Kot epwTripata. To Delta Lake
CoW napovoioce pétpleg emPopivoelg, mov opeilovtal kuping oTig §dn vinAéc kabuvoteproelg
EVIIEPWOTG, XWPLG OpWG va 0dnyel oe coPapr] vofabuion g anddoong katd T GOYKALOT).
AvrtiBeta, To Apache Hudi epgdavioe onpovtikd mpoPfAnpata kKAPAK®oNG vitd cuvOnkeg Tow-
TOXpOVNG eKTENEOTG, Pe TO MOR va kataypaeet Tig o cofapéc kabvaTeproelg, pTavovTag oe
onpela 67ov 0 TaApEAANAOG XPOVOG LTTEpEPaLve ok O Ko TO ABPOLoHA TV SLASOYLKOV PATEWDV.
SvvoAikad, to Iceberg avadeikvieton wg 1 o afLlomiotn kat arodotikt] emtAoyn yia reptBaAio-

VTOL TTOV ATTOLTOVV TRLTOYPOVEG AELTOVPYLEG AVAYVWOTG, EYYPAPNS KAl GLVTHPNONG dedOpEVOV.

Téhog, katd tnv afloAdynon tov time travel workload, to Apache Iceberg (CoW ko MoR)
nopovoince eEalpetikn amddoon, pe xapunAég kot otobepég AavBavovoeg TOGO Yo TNV opyLKO-
70LNGT 660 KL YL TO LOTOPLKA EPWTHHATA, ATOIELKVDOVTAG TNV AITOTEAEGHATIKOTN T TNG ap-
XLTEKTOVIKTG TOU o7Tr) dwxeiplon petadedopévmv kol oTyptdTUTTOVY ivaka. Avtifeta, o Delta
Lake, mop6ti vtootnpilel time travel, epedvice onpavtikd vymAotepeg kabBvoteprioels, Yeyovog
7OV TEPLOPLLEL TNV TTPAKTIKOTNTA TNG XPTOTG TOL Y GUXVA 1] SLadPAOTIKA LGTOPLKA EPWTH-

porta. To Apache Hudi ev mepihapfaveton otn oOykpiom, kabog 1 emieypévn éxdoon dev vro-
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otnpilel time travel. YvvoAikd, To Iceberg avadetkvieton wg n PédtioTn Adom yia eptpeAiova

IOV QTTOULTOVV TOXV KoL OTTOSOTLKO XELPLOHO LOTOPLKMOV deSOPEVQV.

1.9 Emiloyog

H pelétn akloldynoe tpelg kopugaieg popég mvakwv Data Lake (Delta Lake, Apache
Hudi ko Apache Iceberg), wg mpog tnv amdd00t Ge eVIHEPDOGELS, TOVTOXPOVES EPYATLES Kal
time travel queries, xpnotpomoiwvtog to Ist-bench oe Apache Spark tévw oe HDFS. To Apache
Iceberg amodeiyOnke To Mo avBekTIKd KAl AMOTEAEGPATIKO Ge SuVOLKG TTEPPAAOVTAL, EVED TO
Delta Lake avtipetwmnilel mpofAnpata oe update-heavy ko time travel cevapia, kat to Apache
Hudi apovoidlet meploplopotg kAypdkmong kot ovopedpnons. Emonpaiveton oti ot exddoelg
twv LSTs mov ypnoipomoOnkav ritav: Delta Lake 2.2.0, Apache Hudi 0.12.2 ko Apache Iceberg
1.1.0, ko dedopévou tov TaybTATOL PLBPOD AVATTTUENG, oL vedTepeg ekSOCELS Pmopel vau TTa-
povctdlovv drapopetikr) oupmepLpopd. Ilap’ OAa avtd, 1 pedétn Topéxel Eva AeLTOVPYLKO Kol
doxipacpévo TAaioLo avapopdc, To omoio popei va yprotpomoindei yio tnv AfYn amophcewv
Ko TNV kabodrjynon peAAOVTIKOV TPooTaBeldv avamtTuENG 6TO oLVEX(DG eEEALGGOEVO TOTTO

TWV €V AOY® OPYLTEKTOVIKOV.
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Introduction

2.1 Motivation

The exponential growth of data in recent years has led to a paradigm shift in how organiza-
tions store, manage, and analyze information. Traditional data storage and processing systems,
while effective for structured data, are increasingly being challenged by the volume, variety,
and velocity of modern datasets. These challenges have driven the evolution of data lakes—
centralized repositories that store raw data in its native format and at scale—as a foundational
component of modern data architectures.

Initially, data lakes relied on basic object storage systems that allowed large-scale data
ingestion and persistence, often decoupled from compute resources. However, as the need
for sophisticated data governance, analytics performance, and multi-modal access increased,
traditional data lakes exposed notable limitations—ranging from poor query performance to the
absence of transactional guarantees and lack of schema enforcement. This led to operational
inefficiencies and a phenomenon commonly described as the transformation of “data lakes” into
“data swamps.”

To address these limitations, a new class of open table formats has emerged, adding database-
like functionalities to data lakes. These technologies—commonly referred to as data lake table
formats—allow for schema evolution, ACID transaction support, time travel queries, and efficient
file management on top of raw object storage. Among the most prominent solutions in this
domain are Apache Iceberg, Apache Hudi, and Delta Lake. Each of these technologies introduces
architectural innovations that improve the manageability, reliability, and performance of modern
data lakes.

While Apache Iceberg, Apache Hudi, and Delta Lake all aim to solve similar problems in
the realm of data lake management, their design choices, ecosystem integrations, and feature
sets vary significantly. Organizations seeking to adopt one of these solutions face a complex
evaluation process, often influenced by factors such as compatibility with existing data pipelines,
query performance, metadata handling, and operational overhead. There is currently a lack of
comprehensive comparative studies that critically assess these three technologies in a unified
and practical context. This creates a knowledge gap for practitioners and decision-makers who
must select an appropriate architecture for their specific data needs.

The objective of this thesis is to conduct a comparative evaluation of the technologies Apache

Iceberg, Apache Hudi, and Delta Lake through benchmarking experiments, with a focus on the
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performance of different workload types across varying data scales. The study aims to generate
measurable and reproducible results that offer practical insights into how these table formats
behave under real-world conditions. By doing so, it seeks to support organizations in making
informed decisions regarding the selection of an appropriate lakehouse architecture, tailored to

their operational needs and data volume.

2.2 Related Work and Benchmarking Framework

A significant contribution to the study of modern data lake architectures comes from
Microsoft’s recent work, "LST-Bench: Benchmarking Log-Structured Tables in the Cloud"[3]. This
study introduces LST-Bench, a benchmarking framework specifically designed to evaluate the
performance and functionality of open table formats—namely Apache Iceberg, Apache Hudi,
and Delta Lake—within cloud-based data lake environments.

LST-Bench builds upon the well-established TPC-DS benchmark, extending it with capabilities
tailored to the unique characteristics of log-structured table formats. It enables rigorous,
repeatable testing of critical features such as data ingestion performance, query latency, schema
evolution, time-travel support, and file compaction efficiency. The framework also captures
telemetry from both the compute engine and cloud storage services, offering a holistic view of
system behavior under realistic workloads.

This thesis adopts the LST-Bench methodology as the foundation for its comparative
evaluation of Apache Iceberg, Apache Hudi, and Delta Lake. By leveraging Microsoft’s benchmark
design and performance metrics, the study aims to provide a practical, data-driven assessment
of each format’s strengths and limitations. However, it is conducted in a different execution
environment—namely, on-premises HDFS storage and using Apache Spark as the sole processing
engine—reflecting a distinct architectural context.

This alignment in benchmarking focus, despite differences in infrastructure and scope,
underscores the broader relevance of evaluating open table formats across diverse deployment

models.

2.3 Thesis Structure

In the following chapters, the thesis explores the technical foundations, implementation,
and evaluation of log-structured table formats within a data lakehouse architecture. Chapter 3
provides the necessary background on data warehouses, data lakes, and the evolution toward
lakehouse systems. Chapter 4 presents the implementation details of the lakehouse stack,
focusing on the storage, metadata, and processing layers, with emphasis on Delta Lake, Apache
Iceberg, and Apache Hudi.

Chapter 5 introduces the LST-Bench framework, outlining its design, workload patterns,
and enhancements tailored for evaluating log-structured formats. Chapter 6 describes the
experimental setup, including hardware specifications, dataset generation, system initialization,
and benchmark integration. Finally, Chapter 7 presents the evaluation results, comparing

performance across formats and workloads, and discussing the implications of the findings.
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In the era of data-driven decision-making, organizations must process massive volumes of
structured, semi-structured, and unstructured data—often in real time. Traditional systems like
relational databases and classical data warehouses struggle to meet the demands posed by big
data’s scale, diversity, and speed. These limitations have spurred the adoption of more scalable,

flexible architectures: initially data lakes, and more recently, the lakehouse model.

3.1 Data Warehouses

The concept of data warehouses (DWs) was introduced in 1988 by Barry Devlin and Paul
Murphy who proposed an architectural model for business information systems in their IBM
Systems Journal article, “An Architecture for a Business and Information System”[4]. According
to the definition by Inmon, “a data warehouse is a subject-oriented, nonvolatile, integrated, time-
variant collection of data designed to support decision-making processes".

Formally, a DW is a large, centralized repository that stores integrated data from various
sources, in a well-structured format to support enterprise-wide analytics and decision making.
The process of compiling data into such a system is known as data warehousing and involves a
sequence of stages typically referred to as the Extract, Transform, and Load (ETL) process. ETL
tools convert data into a consistent format so that it can be efficiently analyzed and queried when
it is inside the warehouse. A simple representation of a typical data warehouse is shown in Figure
3.1.

Unlike Online Transaction Processing (OLTP) systems, which support the real-time automation
of operational activities such as transaction recording and customer interactions, data warehouses
are optimized for Online Analytical Processing (OLAP). OLAP systems enable users to analyze
data along multiple dimensions at once, enabling faster processing and more insightful analysis.
Common uses of OLAP include data mining and business intelligence apps, complex analytical
calculations, predictive scenarios, budgeting and forecasting[5].

While data warehouses don’t generally involve OLTP systems, the data recorded in databases
by OLTP systems is typically fed to the warehouse, where an OLAP system enables analysis[5].

The architecture of a data warehouse often follows a three-tier model[5]:

« The bottom tier handles data storage and cleansing, integrating inputs from multiple

sources.
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Figure 3.1. Data warehouse, image source: https://books.google.gr/books?id=CSfdEAAAQBAF

« The middle tier consists of the OLAP engine responsible for analytical operations.

+ The top tier provides a front-end user interface or reporting tool used for querying,

visualization, and business reporting.

Data warehouses have long supported the business community by delivering reliable, high-
quality, and standardized data across departments—providing a solid foundation for consistent

reporting, historical trend analysis, and dependable decision-making.

However, the fast rise of the internet and social media and the availability of multimedia
devices such as smartphones disrupted the traditional data landscape, giving rise to the term big
data. Big data is defined as data that arrives in ever higher volumes, with more velocity, in a

greater variety of formats with higher veracity. These are known as the four Vs of data[6].

Data warehouses face significant challenges when it comes to addressing these four Vs of
big data. As data volumes grow exponentially into the petabyte range, these systems struggle
with storage scalability without incurring high costs. Their lack of in-memory and parallel
processing capabilities, limit them from scaling vertically. They are also ill-equipped to manage
the high velocity of modern data streams, as they do not support real-time processing and rely
on rigid ETL windows that strain the infrastructure. While data warehouses are very good at
storing structured data, they are not well suited to store and query the variety of semi-structured
or unstructured data. Veracity is another weak point—traditional warehouses provide minimal
metadata related to data lineage or quality, making trust in the data harder to establish. Their
reliance on proprietary formats and SQL-based query tools also makes them incompatible with
modern data science and machine learning ecosystems. These limitations make data warehouses
costly to implement and maintain, often leading to project delays or failures, and making it

difficult for businesses to adapt to the fast-evolving demands of today’s data-driven landscape[6].
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3.2 Data Lakes

With the huge amount of data around, the need to have better solutions for storing and
analyzing large amounts of semi-structured and unstructured data to gain relevant information
and valuable insight became apparent. Traditional schema-on-write approaches such as the
extract, transform and load (ETL) process are inefficient for such data management requirements.
This gave rise to another popular modern enterprise data management scheme known as data
lakes.

The concept of data lake was first coined in the industry. In 2010, it was first proposed by
Pentaho CTO James Dixon, as a solution that handles raw data from one source and supports
diverse user requirements[7]. In contrast to data warehouses where data must be strictly
structured and its intended use clearly defined in advance, requiring extensive ETL processes,
data lakes allow raw data to be stored in its native format, minimizing or postponing the need
for costly preprocessing.

Formally, a data lake is a cost-effective central repository to store structured, semi-structured,
or unstructured data at any scale, in the form of files and blobs. The term "data lake" came from
the analogy of a real river or lake, holding the water, or in this case data, with several tributaries
that are flowing the water (aka "data") into the lake in real time[6]. A canonical representation

of a typical data lake is shown in Figure 3.2.
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Figure 3.2. Canonical data lake, image source: https://books.google.gr/books?id=CSfdEAAAQBAF
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In the early days, data lakes and big data solutions were typically built using on-premises
clusters powered by Apache Hadoop, an open-source framework. Hadoop made it possible to
store and process massive datasets—anywhere from gigabytes to petabytes—by distributing
the workload across clusters of inexpensive, standard hardware. Instead of relying on a single
powerful machine, Hadoop's MapReduce framework allowed compute tasks to be performed in
parallel across multiple nodes.

The Hadoop Distributed File System (HDFS), a core component, was engineered to handle
vast amounts of data while being fault-tolerant and optimized for low-cost hardware.

Around 2015, a shift began toward cloud-based data lakes like Amazon S3, Azure Data
Lake Storage Gen2 (ADLS), and Google Cloud Storage (GCS). These services began to replace
HDFS thanks to their superior reliability (offering SLAs exceeding 99.99999999%), built-in geo-
replication, and extremely low costs—including even cheaper options for archival (cold) storage.

At a higher level, data in these cloud lakes is stored as blobs—raw, unstructured chunks of
data. This flexibility allows for the storage of diverse data types, from multimedia files to semi-
structured formats like JSON. On top of blob storage, cloud platforms add features like file-system
interfaces and fine-grained security controls, making it easy to manage structured datasets as
well. Thanks to their high-speed data transfer capabilities, these modern data lakes also support
real-time use cases such as continuous ingestion from IoT devices or media streaming,.

Modern data processing workflows rely on compute engines to transform substantial
volumes of data in a manner similar to traditional Extract, Transform, Load (ETL) pipelines. These
processes serve various downstream systems, including data warehouses, artificial intelligence
(AI), and machine learning (ML) tools. Streaming data can be ingested and stored in real-time
databases, while analytical insights are typically generated through business intelligence (BI)

and reporting applications.

3.2.1 Key Components

Data lakes are enabled through a variety of components[6].

« Storage: Data lakes require large, scalable and durable storage infrastructures, often
provisioned in cloud environments. These storage solutions must support interoperability
with third-party tools, libraries, and drivers. A key architectural advantage of data lakes
is that they distinguish the concepts of storage and compute, enabling independent
and elastic scalability. Additionally, high-bandwidth ingress and egress capabilities are
essential for managing large-scale batch loads or continuous streams of data, such as

Internet of Things (IoT) telemetry and multimedia content.

« Compute: Data lakes also require substantial computational power in order to process the
large amount of data retained in the storage layer. Various cloud platforms offer compute
engines, with Apache Spark serving as the industry-standard engine for large-scale data
lake operations. Spark, an open-source unified analytics engine, can be deployed through
cloud-native services like Databricks or comparable proprietary platforms. These systems
utilize compute clusters—aggregations of compute nodes that collaboratively execute

large-scale data processing tasks.
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« Data Formats: The shape of the data on disk defines the format. Data lakes commonly
employ standardized, open-source formats such as Parquet, Avro, JSON, and CSV. These

formats ensure broad compatibility with analytical tools and efficient storage performance.

« Metadata: Cloud storage systems incorporate metadata to provide essential context about
the data. This includes temporal information (e.g., write and access timestamps), data

schemas, and descriptive tags that indicate data ownership and usage characteristics.

3.2.2 Advantages of Data Lake Architectures

Data lakes offer several compelling advantages. They provide a unified repository for all
organizational data assets, independent of their structure or origin. Also, their reliance on open
data formats such as Parquet and Avro facilitates seamless integration with diverse platforms
and tools. By leveraging mature cloud-based storage architectures, data lakes benefit from high
scalability, monitoring capabilities, ease of deployment, and cost-effective storage. Furthermore,
deployment and maintenance can be automated through established Infrastructure-as-Code tools
like Terraform.

Unlike conventional data warehouses, data lakes support all data types—including structured,
semi-structured, and unstructured content—making them especially suited for complex workloads
such as media processing. Their high-throughput data pipelines also support real-time applications

such asIoT sensor data ingestion, media streaming, and behavioral analytics from web clickstreams.

3.2.3 Limitations

Despite their widespread adoption and architectural flexibility, traditional data lakes have
surfaced several operational and technical challenges that can hinder their effectiveness. Although
the underlying cloud-based storage solutions remain cost-efficient, establishing and managing
a fully functional data lake architecture demands significant expertise. This requirement often
translates into increased operational costs—either through highly skilled internal personnel or
reliance on specialized consulting services.

While ingesting raw data into the data lake is relatively straightforward, transforming
that data into analytically valuable formats introduces substantial processing complexity and
financial overhead. Moreover, conventional data lakes exhibit high query latency, rendering
them unsuitable for interactive or real-time data exploration. Consequently, organizations
frequently resort to loading transformed data into a secondary analytical layer—typically a
data warehouse—which extends the time to derive actionable insights. This necessity gave rise
to the hybrid "data lake + data warehouse" architecture, a model that dominated enterprise data
ecosystems for years but is now being gradually supplanted by more integrated paradigms like
the "lakehouse" architecture.

Traditional data lakes operate on a schema-on-read principle, where data is ingested without
rigid schema enforcement and interpreted only during read operations. Although this model
provides flexibility, it also introduces the risk of poor data quality and inconsistency, which can
degrade the data lake into what is colloquially referred to as a "data swamp."

In addition, data lakes lack transactional guarantees. Data can only be appended, not modified
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in place, making simple updates computationally expensive as they often require rewriting
existing data files. This limitation contributes to the so-called small file problem, where numerous
tiny files are generated for individual data entities. When unmanaged, the proliferation of small
files degrades read performance and inflates storage costs by introducing data redundancy and
fragmentation. To counter this, administrators must perform regular compaction processes to
merge small files into larger, more efficient storage units—adding further complexity to data lake

maintenance[6].

3.3 Evolution to Data Lakehouses

Armbrust, Ghodsi, Xin, and Zaharia first introduced the concept of the data lakehouse in 2021.
The authors define a lakehouse as "a data management system based upon low-cost and directly
accessible storage that also provides analytics DBMS management and performance features such
as ACID transactions, data versioning, auditing, indexing, caching and query optimization."

A lakehouse is a unified architecture that combines the best aspects of data lakes and data
warehouses. It offers the flexibility, scalability, and cost-effectiveness of a data lake, while also
incorporating the data management features and ACID transaction support of data warehouses,
addressing the limitations of both.

Lakehouses are an especially good match for most, if not all, cloud environments with
separate compute and storage resources. Different computing applications can run on demand
on completely separate computing nodes, such as a Spark cluster, while directly accessing the
same storage data. It is, however, conceivable that one could implement a lakehouse over an
on-premises storage system such as the aforementioned HDFS[6]. An overview of the lakehouse
architecture is show in Figure 3.3.

The lakehouse architecture eliminates the need to maintain separate copies of data in both
a data lake and a data warehouse. Instead, data can be accessed directly from the lake offering
performance on par with traditional warehouses. By continuing to use cost-efficient cloud
storage and avoiding data duplication, organizations can achieve substantial savings in both
infrastructure and staffing. Reduced data movement and simplified ETL processes lower the risk
of data quality issues, while the lakehouse’s ability to support both large-scale raw data and
structured models accelerates development and shortens the time to value.

The evolution from data warehouses to data lakes to a data lakehouse architecture is shown

in Figure 3.4.
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Figure 3.3. Lakehouse architecture, image source: https://books.google.gr/books?id=CSfdEAAAQBAJ
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Implementing a Data Lakehouse

A Data Lakehouse, as mentioned, is a data management system based on low cost and
directly-accessible storage that also provides traditional analytical DBMS management and
performance features such as ACID transactions, data versioning, auditing, indexing, caching,
and query optimization.

The lakehouse architecture is made of 3-layers. The bottom layer, is the object storage layer.
Lakehouses as previously mentioned, leverage cost-effective and scalable object storages, such as
Amazon S3, ADLS or HDFS, while storing the data in an open, standardized format like Apache
Parquet. Atop the object store, is the metadata layer. This layer, maintains a consistent and
versioned definition of table contents, and ensures reliable data management, supporting ACID
transactions over the underlying files[8]. Lastly, the top layer of the lakehouse architecture is
made up of high-performance query and processing engines, such as Apache Spark or Trino,
which leverage underlying cloud compute resources[6]. The 3-layers a lakehouse is made of, are

shown in Figure 4.1.
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In the remainder of this chapter, we will examine in detail the individual layers of the
lakehouse architecture, beginning with the storage layer and progressing through to the

processing layer that enables data querying and analytics.
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4.1 Storage Layer

At the foundation of the lakehouse architecture lies the storage layer, which is responsible
for persisting large volumes of data in a cost-effective and scalable manner. This layer can be
implemented either using cloud-based object storage solutions, such as Amazon S3 and Azure
Data Lake Storage, which offer elasticity and managed infrastructure, or through on-premises
systems.

One of the most mature and widely adopted storage system in on-premises environments is
the Hadoop Distributed File System (HDFS). Originally developed as part of the Apache Hadoop
project, HDEFS is specifically designed for handling massive volumes of data distributed across
clusters of commodity hardware.

HDFS operates on a master-slave architecture, comprising a NameNode, which manages the
file system namespace and metadata, and DataNodes, which are responsible for storing actual
data blocks. Files are divided into blocks and replicated across multiple DataNodes to ensure
fault tolerance and high availability. In the event of node failure, data can be reconstructed from
replicas, making HDFS exceptionally resilient for data-intensive applications.

Some key advantages of HDEFS in the context of a lakehouse include:

High Throughput and Scalability: HDFS is optimized for batch processing with high data

throughput, allowing lakehouse systems to scale horizontally as data volumes grow.

« Write Once, Read Many Semantics: This design pattern aligns well with analytical
workloads where data is ingested in bulk and accessed frequently for querying and

reporting.

« Compatibility with Open Formats: HDFS supports storage of data in open formats such
as Apache Parquet and ORC, which are essential for interoperability with table formats
like Delta Lake, Apache Iceberg, and Apache Hudi.

« Integration with Big Data Ecosystems: As a core component of the Hadoop ecosystem,
HDFS is natively compatible with processing frameworks such as Apache Spark, Hive, and
MapReduce.

Although cloud-based object storage has gained traction due to its elasticity and managed
services, HDFS remains a robust and cost-effective solution for organizations operating in
self-managed or hybrid cloud environments, particularly where data sovereignty, latency, or

infrastructure control is a concern.

4.2 Metadata Layer

Several open-source projects have emerged to fulfill the metadata layer and the advanced data
management capabilities required for a functional lakehouse. Among the most prominent are
Delta Lake, Apache Iceberg, and Apache Hudi. These technologies extend the basic capabilities of

data lakes by introducing features such as ACID transactions, time travel and schema evolution.
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4.2.1 Delta Lake

Delta Lake[9] is an open source storage layer that supports ACID transactions, scalable
metadata handling, and unification of streaming and batch data processing. It was initially
designed to work with Apache Spark and large-scale data lake workloads. However, as it has
evolved, Delta Lake has been optimally designed to work numerous workloads (small data,
medium data, big data, etc.). It has also been designed to work with multiple frameworks (e.g.,
Apache Spark, Apache Flink, Trino, Presto, Apache Hive, and Apache Druid), services (e.g.,
Athena, Big Query, Databricks, EMR, Fabric, Glue, Starburst, and Snowflake), and languages
(NET, Java, Python, Rust, Scala, SQL, etc.)[10].

A Delta Lake table consists of several integral components that together enable a robust,

scalable, and high-performance data management system [10].

« Data files are stored in the Apache Parquet format, chosen for its efficiency in handling
large datasets, and reside in distributed file systems such as HDFS, Amazon S3, Azure Blob
Storage, Google Cloud Storage, or MinlO.

« The transaction log, also known as the Delta log, is fundamental to ensuring ACID
compliance. It records every change to the table in JSON format, with each entry capturing

metadata such as the type of operation, affected files, and table schema at the time.

« Metadata includes schema definitions, partitioning details, and configuration settings,
and is embedded within the transaction log. It is accessible through interfaces such as
SQL, Apache Spark, Rust, and Python, enabling enforcement of schema and optimization

strategies.

« The schema defines the table's structure—including columns and data types—and is
enforced upon writing data. Delta Lake supports schema evolution, allowing structural

changes as data requirements evolve.

« Checkpoints are periodic snapshots of the transaction log, stored in Parquet format, which
accelerate query performance and recovery by allowing systems to bypass replaying the

full log history. By default, Delta Lake generates checkpoints every ten transactions.

To further elaborate on the architecture of Delta Lake, it's important to highlight how
it handles modifications such as deletes. On object storage systems, rather than modifying
existing Parquet files, it is faster to create new files containing only the unaffected rows. This
approach enhances performance and aligns with the principle of multiversion concurrency
control (MVCC)—a technique that maintains multiple versions of data, enabling safe, concurrent
read and write operations. This technique also allows Delta Lake to provide time travel, allowing

users to query historical versions of the data[10].

4.2.2 Apache Iceberg

Apache Iceberg[11] is an open-source table format designed to efficiently manage analytical
datasets at petabyte scale across distributed data systems and cloud object stores. It provides

advanced capabilities such as schema evolution, ACID transaction support, hidden partitioning,
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and optimized query performance. Iceberg is compatible with a wide range of processing

engines—including Apache Spark, Trino, Flink, and Presto—and enables consistent, concurrent

read and write operations, making it well suited for modern, large-scale data architectures.
Apache Iceberg introduces several core concepts that support scalable and efficient data

processing[12].

+ Metadata Management: Iceberg uses a layered metadata system—including metadata files,
manifest files, and manifest lists (all in JSON format)—to track schemas, partitions, data
files, and their statistics. It supports snapshot-based versioning, allowing consistent table

states over time.

« Catalog Layer: The catalog maintains a reference to the most recent metadata file for each
table. Whenever a change occurs, a new metadata file is created, and the catalog updates
the pointer to reflect the latest table state. This mechanism enables ACID transactions by
ensuring that ongoing modifications remain isolated and are only visible once committed,

facilitating consistent reads and simplifying concurrency control.

+ Schema Evolution: Iceberg allows seamless schema changes (e.g., adding columns) without
requiring costly data rewrites. Metadata is updated to reflect schema changes, while

existing data remains unaffected.

« Partitioning: Iceberg supports advanced partitioning strategies such as range, hash,
truncate, and list partitioning. These methods enhance query performance by minimizing

data scans.

« Snapshots: Every change creates a new snapshot—an immutable view of the table at a
specific point in time. This enables time travel and rollback capabilities for historical data

access and recovery.

4.2.3 Apache Hudi

Apache Hudi[13] (Hadoop Upserts Deletes and Incrementals) is an open-source data lakehouse
framework designed to bring transactional capabilities and efficient data management to cloud-
native data lakes. Originally developed at Uber, Hudi enables features such as record-level
inserts, updates, and deletes, making it particularly well-suited for incremental data processing
and change data capture (CDC) use cases[14].

To support these capabilities, Apache Hudi introduces several core concepts

+ Timeline and Metadata Management: Hudi maintains a timeline of all actions (commits,
cleanups, compactions, rollbacks) performed on a table. Each action is associated with an
instant time, ensuring atomicity and consistency. Metadata is stored alongside data files to

track schema, file versions, and partitioning.
« Table Types:

— Copy-on-Write (CoW): Updates create new versions of files, optimizing for read-

heavy workloads.
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— Merge-on-Read (MoR): Updates are written to delta logs and merged at read time,

optimizing for write-heavy or streaming use cases.

» Query Types:

— Snapshot Queries: Provide the latest view of the data.
— Incremental Queries: Retrieve only data that changed since a given point in time.

— Read-Optimized Queries: Access base files without merging logs, offering faster

reads.

+ Schema Evolution: Hudi supports schema changes over time, allowing new fields to be

added without rewriting existing data.

« Compaction and Clustering: Background services like compaction (for MoR tables) and

clustering (to optimize file layout) improve performance and storage efficiency.

+ Time Travel and Rollbacks: Using the timeline, users can access historical versions of data

or roll back to a previous state in case of failure or corruption.

Hudi integrates with popular processing engines such as Apache Spark, Flink, Presto, Trino,
and Hive, and is compatible with cloud storage platforms like Amazon S3, Azure Data Lake
Storage, and Google Cloud Storage. Its advanced indexing, clustering, and compaction features

further enhance performance for both batch and streaming workloads.

4.3 Processing Layer

At the top of the lakehouse architecture resides the processing layer, which is responsible for
executing analytical workloads, data transformation pipelines, and real-time processing tasks.
Within this layer, while Apache Spark has become one of the most dominant and versatile
distributed computing engines for large-scale data processing, alternative frameworks such as
Trino and Apache Flink are also widely used, each offering distinct advantages depending on
workload characteristics and system requirements.

Apache Spark is an open-source unified analytics engine designed for high-performance
processing of big data across single-node machines or clustered environments. Spark’s key
architectural strength lies in its in-memory computing capabilities, which allow it to outperform
traditional batch frameworks like Hadoop MapReduce by orders of magnitude in many scenarios.

Spark’s architecture is based on a driver-executor model, where the driver orchestrates job
execution across multiple worker nodes that run executors. These executors manage tasks and
data caching for parallel processing. The distributed nature of Spark allows it to process terabytes
or even petabytes of data efficiently across multiple nodes.

In lakehouse systems, Apache Spark serves as the core query and transformation engine
interfacing directly with the storage and metadata layers. Its seamless integration with open

table formats—such as Delta Lake, Apache Iceberg, and Apache Hudi—enables Spark to deliver:

+ ACID-compliant reads and writes over data stored in distributed file systems
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Declarative SQL queries via Spark SQL, used for interactive and batch analytics

Support for schema evolution and time-travel queries, depending on the table format

« Unified batch and streaming execution using Spark Structured Streaming

Integration with machine learning libraries (MLIib) and graph processing (GraphX),

enhancing analytical possibilities

In summary, Apache Spark acts as a powerful execution layer in the lakehouse architecture,
bridging raw storage and transactional metadata with high-performance, distributed analytics.
Its flexibility, scalability, and wide tool support make it a cornerstone technology in any modern

data infrastructure.
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Benchmarking Log-Structured Table Formats: The
LST-Bench Framework

5.1 Overview and Motivation

As data lake architectures evolve to accommodate increasingly complex, transactional, and
mutable workloads, traditional benchmarking tools such as TPC-DS are no longer sufficient for
evaluating their performance in full. While originally designed to assess analytical query engines
in static environments, TPC-DS lacks the ability to reflect modern operational scenarios where
data formats are dynamic and workloads highly concurrent.

Modern Log-Structured Table formats (LSTs)—such as Delta Lake, Apache Iceberg, and
Apache Hudi—have introduced advanced data management capabilities to data lakes. These
include support for ACID transactions, schema evolution, record-level mutations, and time-
travel queries. Such features bring new performance considerations that are not captured by
conventional benchmarks. Consequently, there is a growing need for benchmarking frameworks
that can effectively model and evaluate the distinct behaviors of LSTs.

To address this gap, Microsoft proposed the LST-Bench framework [3], a benchmarking tool
specifically designed to assess the performance and functionality of LSTs in realistic, cloud-based
data lake environments. LST-Bench introduces a modular and extensible approach that bridges
the gap between traditional analytical workloads and emerging operational patterns found in

real-world deployments.

5.2 Benchmarking Limitations of TPC-DS

Although TPC-DS remains a standard benchmark for evaluating analytical query engines, it

lacks support for evaluating:

+ Longevity: referring to the need to support frequent data modifications over extended

periods.

+ Resilience: which involves managing diverse and continuous updates in an optimized table

environment.

« Read/Write Concurrency: reflecting scenarios in which multiple concurrent sessions

perform reads and writes—potentially across distributed compute clusters.
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+ Time-Travel: which enable querying data as it existed at various historical points.

These dimensions are central to evaluating LSTs, which rely on immutable file storage, metadata
tracking, and snapshot isolation mechanisms to deliver transactional guarantees and consistent

analytical performance.

5.3 Design Approach of LST-Bench

Rather than building a benchmark entirely from scratch, the authors of LST-Bench chose
to build upon TPC-DS by reusing its data generation utilities and SQL query suite. However,
they restructured the workload execution model to incorporate LST-specific operations such as
compaction, schema evolution, and time-travel access.

To capture the behavioral complexity of LSTs, LST-Bench defines a set of workload patterns
that simulate realistic usage scenarios. These patterns include both traditional OLAP queries and
LST-specific maintenance tasks. Moreover, the benchmark introduces new performance metrics
that assess ingestion throughput, metadata overhead, query latency under versioned access, and

the system’s response to changing data conditions.

5.4 Workloads Patterns in LST-Bench

To comprehensively assess the behavior of LSTs, the LST-Bench framework[3] builds upon
the foundational TPC-DS benchmark by incorporating both standard analytical tasks and

additional operations tailored to the dynamic nature of LSTs.

5.4.1 Baseline Workload Tasks

TPC-DS provides the foundational tasks upon which LST-Bench extends its evaluation logic.

These baseline tasks are defined as follows:

» Load: Responsible for populating the benchmark tables with data to support query

evaluation.

« Single User: Executes a series of complex analytical queries in isolation to measure the

system's upper performance limits.
» Data Maintenance: Involves insertions and deletions, simulating operational updates that
occur in dynamic datasets.
5.4.2 LST-Specific Enhancements

Recognizing that LSTs introduce operational semantics not addressed by standard OLAP
benchmarks, LST-Bench augments the base workload with additional tasks to better reflect real-

world use cases:

« Optimize: Performs compaction of small files within a table to improve query performance

and storage efficiency.
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« Time Travel: Enables historical queries against previous versions of a table by specifying

temporal access points using SQL syntax.

« Parameterized Custom Task: Allows execution of user-defined routines to support flexible

and extensible workload modeling.

5.4.3 Workload Structure

The structural hierarchy of the benchmark is depicted in Figure 5.1. A task represents
a sequence of SQL statements; a session is a logical grouping of tasks intended to simulate
the behavior of a single user or process; and a phase consists of multiple sessions executed
concurrently. A full workload comprises a sequence of such phases, allowing for complex and

realistic workload modeling.

statement p+o04 task p+—0q session p+o0d phase p+—oq4 workload

Figure 5.1. LST Bench: Workload Components, image source: https://www.microsoft.com/en-us/
research/blog/Ist-bench-a-new-benchmark-tool-for-open-table-formats-in-the-data-lake/

5.4.4 Workload Patterns

To address evaluation gaps inherent in traditional TPC-DS execution models, LST-Bench
defines four specialized workload patterns. Each pattern is designed to probe a specific dimension
of LST behavior:

« WP1 — Longevity: This pattern assesses long-term system behavior by repeating a
sequence of Single User query phases and Data Maintenance operations. The objective is
to observe trends in performance degradation, cost impact, and I/O stability as the table

evolves over time.

« WP2 — Resilience: Designed to evaluate robustness, this workload gradually increases the
number of write operations and applies Optimize tasks following each burst. The goal is
to measure how efficiently the system reorganizes data and maintains performance under

sustained update pressure.

« WP3 —Read/Write Concurrency: This workload simulates realistic multi-user environments
by executing read (Single User) and write (Data Maintenance and Optimize) operations in
parallel. The framework leverages separation of storage and compute to isolate performance

bottlenecks attributable to the storage layer.

+ WP4 — Time Travel: This pattern targets the temporal querying capabilities of LSTs. After
a series of Data Maintenance operations, Time Travel tasks are used to issue queries against
specific historical snapshots of the table. This enables evaluation of the efficiency and

accuracy of versioned access.


https://www.microsoft.com/en-us/research/blog/lst-bench-a-new-benchmark-tool-for-open-table-formats-in-the-data-lake/
https://www.microsoft.com/en-us/research/blog/lst-bench-a-new-benchmark-tool-for-open-table-formats-in-the-data-lake/

5.4.4 Workload Patterns

The structure of each workload pattern is visualized on Figure 5.2, which provides a clearer
and more intuitive representation of the operational logic and evaluation objectives defined
within the LST-Bench framework. The figure also illustrates the baseline components defined
on the original TPC-DS.

TPC-DS tasks New tasks

. Data P Single User Parameterized
[ Load ] [Slngle User] [Maintenan:eJ [ Optimize ] { m"gleﬂaveU ] [ Custom ]
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Throughput Throughput
WO: Original TPC-DS.
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W2: How are multiple data modifications of varying sizes handled within a regularly optimized table?

E 80 B0 @
e ee'n anE"®

W3: How are simultaneous reading and writing sessions handled, potentially across multiple compute clusters?

W1: How are frequent data modifications handled over a long period of time?

W4: How is data querying across different points in time handled?

()
@ L ) » @ W5: How does updating or deleting the same data volume in different batch sizes

influence read query performance?
n tasks dynamically generated
by parameterized custom task

Figure 5.2. TPC-DS and extensions to evaluate LSTs characteristics https://www.microsoft.com/en-us/
research/blog/Ist-bench-a-new-benchmark-tool-for-open-table- formats-in-the-data-lake/


https://www.microsoft.com/en-us/research/blog/lst-bench-a-new-benchmark-tool-for-open-table-formats-in-the-data-lake/
https://www.microsoft.com/en-us/research/blog/lst-bench-a-new-benchmark-tool-for-open-table-formats-in-the-data-lake/

Chapter E

Experimental Setup and Benchmark Integration

6.1 System Hardware

The benchmarking experiments were conducted on a five-node virtualized cluster, hosted
within the Computer Science Laboratory (CSLab) of the School of Electrical and Computer
Engineering (ECE), National Technical University of Athens (NTUA). Each virtual machine
(VM) was provisioned with identical hardware specifications to ensure consistency and fairness
in performance evaluation across the different table formats.

The specifications per VM are as follows:

+ Processor: 16 virtual CPUs (Intel Core Processor, Skylake family, Model 94)
+ Clock Speed: 2.2 GHz base frequency

« Architecture: x86_64

« Virtualization: Fully virtualized via KVM with VT-x support

« Memory: 16 GiB of RAM per node

« Swap: 16 GiB swap memory per node

« Cache Hierarchy: L1d: 512 KiB, L1i: 512 KiB, L2: 64 MiB, L3: 256 MiB

« Operating System: Ubuntu 20.04.6 LTS

6.2 Dataset Generation

As outlined earlier, Microsoft’s LST-Bench framework relies on the TPC-DS dataset as well
as its query set. In this study, data was generated using the open-source tpcds-kit tool provided
by Databricks[15].

Experiments were conducted at two scale factors: 100GB and 1TB. The 100GB dataset
was used primarily for preliminary testing and tuning, while the 1TB scale provided a more
representative environment for stress-testing system behavior under production-like data
volumes. In accordance with TPC-DS best practices, only the results obtained at the official
1 TB scale factor are presented, while runs at 100 GB were used solely for tuning and validation

purposes.
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Listing 6.1 illustrates the full process of acquiring and compiling the TPC-DS data generation
toolkit from GitHub, followed by dataset generation at the two scale factors (100 GB and 1TB).

It also includes examples of update scenarios for the incremental data modifications.

git clone https://github.com/databricks/tpcds-kit.git
cd tpcds-kit/tools
make OS=LINUX

# generate data scale factor 100 and 1000
./dsdgen -scale 100 -dir /mnt/ltb/tpcds sf 100 -TERMINATE N
./dsdgen -scale 1000 -dir /mnt/ltb/tpcds sf 1000/ -TERMINATE N

# example to generate update dataset
./dsdgen -scale 1000 -dir /mnt/ltb/tpcds sf 1000/update/1 -TERMINATE N

—update 1

./dsdgen -scale 1000 -dir /mnt/ltb/tpcds sf 1000/update/2 -TERMINATE N
—update 2

./dsdgen -scale 1000 -dir /mnt/ltb/tpcds sf 1000/update/3 -TERMINATE N
—update 3

Listing 6.1: TPC-DS Dataset Generation

6.3 Software Environment and Configurations

This section outlines the software components and configurations that form the foundation
of the experimental environment. It details the versions, roles, and integration of key systems—
namely Apache Spark, Hadoop Distributed File System (HDFS), and Apache Hive Metastore—
used throughout the benchmarking process. The selected tools were configured to work together
within a distributed cluster to ensure consistent behavior and reliable performance evaluation

across all table formats under study.

A high-level overview of the system architecture is presented in Figure 6.1, illustrating the

services, the components and the connections between them.

In addition to the architectural overview, Figure 6.2 presents a deployment diagram of the
system, detailing the physical distribution of components across the available infrastructure and

the interactions between deployed services.

To promote reproducibility and transparency, a subset of system-level packages directly
relevant to the experimental stack is summarized in Table 6.1 These include Java runtimes,
PostgreSQL drivers, and commonly used development tools required for running and managing

Spark, Hive, and the benchmarking framework.
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Figure 6.1. System architecture overview

Package

Version

openjdk-8-jdk
openjdk-11-jre
maven
libguava-java
libslf4j-java
libpostgresql-jdbc-java
postgresql-client-12
python3
python3-pip
python3-requests
python3-yaml

8u452
11.0.27
3.6.3
19.0
1.7.25
42.2.10
12.22
3.8.2
20.0.2
2.22.0
5.3.1

Table 6.1. Core system packages relevant to the experimental environment
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Figure 6.2. Deployemnt diagram of the system

6.3.1 Apache Spark

The distributed compute layer was powered by Apache Spark[16], operating in standalone
cluster mode. The experiments were conducted using Apache Spark version 3.3.2, selected based
on the compatibility guidelines provided by the LST-Benchmark([3] and alignment with the
version requirements of the integrated systems, including Delta Lake, Apache Hudi, and Apache
Iceberg.

Only four of the five total VMs were part of the Spark cluster. Each of these nodes functioned
as a Spark worker, with one node additionally serving as the cluster master. Spark was tuned to
strike a balance between execution throughput and resource utilization across benchmarks. The
configurations specified in the spark-defaults.conf file, presented on Listing 6.2 were
not arbitrarily chosen but rather the result of extensive iterative tuning on the 100GB scale
factor dataset. Through numerous preliminary tests, these specific settings were chosen as those
that significantly reduced the latency of the benchmark workloads, often by almost an order of
magnitude, compared to default or other experimental configurations.

spark.master spark://10.0.1.31:7077

spark.eventLog.enabled true

spark.eventLog.dir hdfs://10.0.1.31:9000/spark-1logs
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spark.hadoop.fs.defaultFS hdfs://10.0.1.31:9000/
spark.hadoop.hive.metastore.uris thrift://10.0.1.31:9083
spark.sqgl.catalogImplementation hive
spark.sqgl.hive.metastore.version 3.1.3
spark.sgl.hive.metastore.jars path

spark.sgl.hive.metastore.jars.path
file:///home/ubuntu/spark-hdfs-metastore/apache-hive-3.1.3-bin/1ib/ %,
file:///home/ubuntu/spark-hdfs-metastore/spark-3.3.2-bin-hadoop2/jars/*
spark.sqgl.warehouse.dir
hdfs://10.0.1.31:9000/user/hive/warehouse/

spark.serializer

org.apache.spark.serializer.KryoSerializer

spark.kryoserializer.buffer 1024k
spark.kryoserializer.buffer.max 1024m
spark.executor.instances 9
spark.executor.cores 5
spark.executor.memory 4g
spark.executor.memoryOverhead 400m
spark.driver.cores 4
spark.driver.memory 4g
spark.driver.memoryOverhead 400m
spark.default.parallelism 45
spark.sqgl.shuffle.partitions 45

Listing 6.2: Spark's configuration file spark-defaults.conf

Some additional configurations for tuning the Spark cluster based on the system's hardware

are shown on Listing 6.3.

# — SPARK WORKER CORES, to set the number of cores to use on this machine
SPARK WORKER CORES=12

# — SPARK WORKER MEMORY, to set how much total memory workers have to give
executors (e.g. 1000m, 2g)
SPARK WORKER MEMORY=11lg

Listing 6.3. Spark's configuration file spark-env.sh

6.3.2 Hadoop Distributed File System (HDFS)

The storage layer of the experimental cluster is powered by HDFS[17], which provides
scalable and fault-tolerant access to data. HDFS was selected to emulate a realistic big data
environment commonly seen in cloud-native architectures. Apache Hadoop version 2.7.1[18]
was used. While this version is relatively dated, it was chosen deliberately due to compatibility
constraints with the broader system stack.

The cluster consists of four virtual machines acting as HDFS DataNodes, while one node
also serves as the NameNode, responsible for managing the filesystem metadata and block

information. Key configuration details of the HDFS setup are as follows:
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« HDFS Version: 2.7.1

Cluster Mode: Multi-node deployment with 1 NameNode and 4 DataNodes

Replication Factor: 1 (no data redundancy; used to minimize storage overhead during

experiments)
« Block Size: 128 MB (default value)
+ Default Filesystem URI: hdfs://10.0.1.31:9000/

While a replication factor of 1 means there is no fault tolerance at the storage layer, this
configuration reduces disk usage and network overhead, allowing for faster iteration during
experimental benchmarking.

Moreover, some environment variables defined in hadoop-env. sh and applied across the

cluster were the following:

export JAVA HOME=/usr/lib/jvm/java-8-openjdk-amd64
export HADOOP_HEAPSIZE=2048

export HADOOP NAMENODE OPTS=
"-Dhadoop.security.logger=
${HADOOP_SECURITY_LOGGER:—INFO,RFAS}
-Dhdfs.audit.logger=
$S{HDFS AUDIT LOGGER:-INFO,NullAppender}
-Xmx3g -Xms2g
-XX:MetaspaceSize=2g
-XX:MaxMetaspaceSize=2g SHADOOP NAMENODE OPTS"

All nodes share the same configuration to ensure consistency in data access and I/O behavior

across Spark jobs.

6.3.3 Apache Hive Metastore

The Apache Hive Metastore[19] serves as the central metadata catalog for all three table
formats—Delta Lake, Apache Hudi, and Apache Iceberg. It facilitates schema management,
table discovery, and partition tracking, providing a shared metadata layer that enables seamless
interoperability across processing engines. Hive is deployed in metastore service mode, backed
by a PostgreSQL[20] database for metadata persistence. The service is exposed to Spark via

Thrift protocol, enabling high-performance remote access.

« Hive Version: 3.1.3

Metastore Backend: PostgreSQL

Metastore URI: thrift://10.0.1.31:9083

« Warehouse Location: hdfs://10.0.1.31:9000/user/hive/warehouse/
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« Spark Integration: Configured via spark.sqgl.catalogImplementation=hive

The Hive Metastore connects to PostgreSQL via JDBC. The following properties are defined

in hive-site.xml

<property>
<name>javax.jdo.option.ConnectionURL</name>
<value>jdbc:postgresqgl://10.0.1.35:5432/hive</value>

</property>

<property>
<name>javax.jdo.option.ConnectionDriverName</name>
<value>org.postgresgl.Driver</value>

</property>

<property>
<name>javax.jdo.option.ConnectionUserName</name>
<value>hiveuser</value>

</property>

<property>
<name>javax.jdo.option.ConnectionPassword</name>
<value>hivepassword</value>

</property>

By using Hive as a unified catalog, the cluster ensures consistent schema enforcement and
cross-engine metadata visibility. This setup plays a critical role in maintaining reproducibility

and coherence across experiments.

6.3.4 PostgreSQL

PostgreSQL is employed as the backend database for the Hive Metastore. It provides reliable
and transactional metadata storage, while supporting JDBC. PostgreSQL is installed on node 5,

using the system package manager, as follows:

sudo apt update
sudo apt install postgresqgl

Once installed, the PostgreSQL service is enabled and started:

sudo systemctl enable postgresgl
sudo systemctl start postgresqgl

Modified some configurations in order to allow connections from external nodes. After editing,

the PostgreSQL service has to be restarted in order for the changes to be applied.

sudo vim /etc/postgresqgl/l12/main/postgresqgl.contf
# edit below line, save and exit

listen addresses = '*!
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sudo vim /etc/postgresqgl/12/main/pg hba.conf
# contents of the file are as follow
# Database administrative login by Unix domain socket

local all postgres peer

# Local connections via Unix socket

local all all peer

# Remote access for all users from any IP
host all all 0.0.0.0/0 md5

# IPv4 loopback
host all all 127.0.0.1/32 md5

# IPv6 loopback
host all all ::1/128 md5

# Replication access

local replication all peer
host replication all 127.0.0.1/32 md5
host replication all ::1/128 md5

The line host all all 0.0.0.0/0 md5 is permissive and suitable for controlled
benchmarking environments. In production, this should be restricted to specific IP ranges.

Moreover, PostgreSQL jar file postgresql-42.7.3.jar has to be placed in the Spark's jars
directory. We created the appropriate symlink for this purpose. Then, we create a dedicated
database, followed by the creation of a user hiveuser with a password hivepassword, who was
granted full privileges on the database.

ollowing initialization, the HDFS daemons are started using the standard startup script:

6.4 System Initialization and Execution Sequence

The system initialization process begins by verifying that the PostgreSQL service is active
and functioning correctly. This ensures that the metadata backend is available for subsequent
components. Once confirmed, the Hive Metastore is launched as a background process to
facilitate metadata management:

$ nohup hive --service metastore &
The HDFS must be initialized prior to use. This involves formatting the NameNode, which
is required only once or when resetting the cluster:

$ hdfs namenode -format

Following initialization, the HDFS daemons are started using the standard startup script:
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$ start-dfs.sh
This command launches the NameNode, SecondaryNameNode, and all DataNodes. The status of

these processes can be verified using the Java Process Status tool:

$ Jjps

The final step involves starting the Apache Spark cluster and launching the Spark Thrift
Server. Spark Thrift Server acts as a bridge between Spark SQL and external applications-here
LST-Benchmark-offering a JDBC-compliant interface that facilitates SQL-based interactions with
Spark's distributed processing engine.

Both the cluster and the Thrift Server are started via command-line invocations, which are
dynamically configured based on the selected table format for execution. This dynamic configu-
ration ensures that Spark is equipped with the necessary runtime components to interpret and
manage the chosen format effectively.

However, the process of reaching this final stage was not without its challenges. Finding the
correct configuration parameters and the necessary JAR (Java Archive) files for each of the LST
formats—Delta Lake, Apache Iceberg, and Apache Hudi—proved to be a particularly demanding
and time-consuming process. Significant difficulties were encountered, primarily due to version
conflicts between various libraries and their dependencies, both within the Spark environment
and with HDFS. Consequently, considerable time was dedicated to researching, testing, and

resolving these technical issues in order for each format to operate.

6.4.1 Delta Lake

To enable support for Delta Lake, the Spark cluster must be initialized with the appropriate
catalog and session extensions. This configuration ensures that Spark can interpret Delta tables
and manage transactional consistency. The required JAR file, containing the Delta Lake runtime,
must be explicitly included in the Spark classpath.

The following command demonstrates how the cluster is started with Delta Lake support:

$ ./start-all.sh

-—conf "spark.sql.catalog.spark catalog=
org.apache.spark.sqgl.delta.catalog.DeltaCatalog"

——conf "spark.sgl.extensions=io.delta.sgl.DeltaSparkSessionExtension"

--jars "~/spark-3.3.2-bin-hadoop2/jars/delta-core 2.12-2.2.0.jar"

Listing 6.4: Spark Cluster with Delta Lake support

This configuration enables the use of Delta Lake features such as ACID transactions, schema
enforcement, and time travel within Spark SQL queries. The catalog is registered under the
name spark catalog,and the session extension activates Delta-specific optimizations during
query planning and execution.

To launch the Thrift Server with Delta Lake support and optimized resource allocation, the

following command can be used:

$ ./start-thriftserver.sh
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—-—-conf "spark.executor.instances=9"
—-—conf "spark.executor.cores=5"
——conf "spark.executor.memory=4g"
——conf "spark.executor.memoryOverhead=400m"
—-—conf "spark.driver.cores=4"
——conf "spark.driver.memory=4g"
——conf "spark.driver.memoryOverhead=400m"
——conf "spark.default.parallelism=45"
——conf "spark.sqgl.shuffle.partitions=45"
——conf
"spark.sgl.catalog.spark catalog=org.apache.spark.sgl.delta.catalog.DeltaCatalog"
——conf "spark.sgl.extensions=io.delta.sgl.DeltaSparkSessionExtension"

--jars "~/spark-3.3.2-bin-hadoop2/jars/delta-core 2.12-2.2.0.jar"

Listing 6.5: Spark Thrift Server with Delta Lake support

This configuration ensures that the Thrift Server is equipped to handle concurrent queries
efficiently while maintaining compatibility with Delta Lake. The executor and driver settings
are tuned to support high-throughput workloads, and the inclusion of Delta-specific extensions

allows users to query Delta tables directly through JDBC.

6.4.2 Apache Hudi

Accordingly, to enable support for Apache Hudji, the Spark cluster must be initialized with the
appropriate session extensions and catalog configuration. This setup allows Spark to recognize
Hudi tables and leverage features such as incremental data ingestion, upserts, and efficient
storage management.

The following command demonstrates how the cluster is started with Hudi support:

$ ./start-all.sh
-—packages org.apache.hudi:hudi-spark3.3-bundle 2.12:0.12.2
——-conf 'spark.serializer=org.apache.spark.serializer.KryoSerializer'
—-—conf
'spark.sgl.extensions=org.apache.spark.sqgl.hudi.HoodieSparkSessionExtension'
——conf
'spark.sqgl.catalog.spark catalog=org.apache.spark.sqgl.hudi.catalog.HoodieCatalog'
——conf 'spark.hadoop.spark.sqgl.legacy.parquet.nanosAsLong=false'
——conf 'spark.hadoop.spark.sgl.parquet.binaryAsString=false'
—-—conf 'spark.hadoop.spark.sgl.parquet.int96AsTimestamp=true’

——conf 'spark.hadoop.spark.sgl.caseSensitive=false'

Listing 6.6: Spark Cluster with Apache Hudi support

To deploy the Spark Thrift Server with Apache Hudi support and optimized resource

allocation, the following command can be used:

$ ./start-thriftserver.sh
—-—conf "spark.executor.instances=9"
——conf "spark.executor.cores=5"
——conf "spark.executor.memory=4g"
——conf "spark.executor.memoryOverhead=400m"

——conf "spark.driver.cores=4"
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——conf "spark
——conf "spark
—-—conf "spark

—-—conf "spark

.driver.memory=4g"
.driver.memoryOverhead=400m"
.default.parallelism=45"
.sql.shuffle.partitions=45"

-—packages org.apache.hudi:hudi-spark3.3-bundle 2.12:0.12.2

—-—conf 'spark.serializer=org.apache.spark.serializer.KryoSerializer'

—-—conf

'spark.sqgl.extensions=org.apache.spark.sqgl.hudi.HoodieSparkSessionExtension'

—-—conf

'spark.sqgl.catalog.spark catalog=org.apache.spark.sql.hudi.catalog.HoodieCatalog'

——conf 'spark
——conf 'spark
—-—conf 'spark

—-—conf 'spark

.hadoop.spark.

.hadoop.spark.sqgl.parquet.binaryAsString=false'
.hadoop.spark.sqgl.parquet.int96AsTimestamp=true'

.hadoop.spark.sqgl.caseSensitive=false'

sqgl.legacy.parquet.nanosAsLong=false'

Listing 6.7: Spark Thrift Server with Apache Hudi support

6.4.3 Apache Iceberg

To enable support for Apache Iceberg, the Spark cluster must be configured with the

necessary session extensions and catalog definitions. This integration allows Spark to interact

seamlessly with Iceberg tables, unlocking capabilities such as time travel queries, schema

evolution, and efficient metadata management. The following command illustrates how the

cluster is started with Iceberg support:

$ ./start-all.sh

—-—conf

"spark.sqgl.catalog.spark catalog=org.apache.iceberg.spark.SparkSessionCatalog"

—-—-conf

"spark.sgl.extensions=org.apache.iceberg.spark.extensions.IcebergSparkSessionExtensions"

--jars "~spark—-3.3.2-bin-hadoop2/jars/iceberg-spark-runtime-3.3 2.12-1.1.0.jar

Listing 6.8: Spark Cluster with Apache Iceberg support

To start the Spark Thrift Server with Apache Iceberg support and optimized resources, the

following command can be used:

$ ./start-thriftserver.sh

—-—conf "spark.
—-—conf "spark.
—-—conf "spark.
——conf "spark.
—-—conf "spark.
—-—conf "spark.
—-—conf "spark.
—-—conf "spark.

——conf "spark.

—-—conf

executor.instances=9"
executor.cores=5"
executor.memory=4g"
executor.memoryOverhead=400m"
driver.cores=4"
driver.memory=4g"
driver.memoryOverhead=400m"
default.parallelism=45"
sqgl.shuffle.partitions=45"

"spark.sql.catalog.spark catalog=org.apache.iceberg.spark.SparkSessionCatalog"

--conf

"spark.sgl.extensions=org.apache.iceberg.spark.extensions

.IcebergSparkSessionExtensions"
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-—jars

"~/spark-3.3.2-bin-hadoop2/jars/iceberg-spark-runtime-3.3 2.12-1.1.0.jar"

Listing 6.9: Spark Thrift Server with Apache Iceberg support

6.5 LST-Benchmark Setup and Run Procedure

With the system components fully initialized and operational, the next phase involves
configuring and executing the LST-Bench framework.

The connectivity between the benchmark driver and Apache Spark, is established through
Spark Thrift Server. The required JDBC connection parameters are specified in a configuration

file named connections-config. yaml. An excerpt of the configuration is shown below:

version: 1
connections:
- id: spark O
driver: org.apache.hive.jdbc.HiveDriver
url: jdbc:hive2://etsertou-1:10000
username: hive

password: hive

Listing 6.10: Connection configuration for LST-Bench

This configuration specifies a single connection identified by spark 0, which uses the Hive
JDBC driver to connect to the Spark Thrift Server running on host et sertou-1 at port 10000.
The benchmark framework uses these credentials to submit SQL queries and collect performance
metrics during execution.

Below is the library configuration file 1ibrary-config. yamlrequired for the execution
of LST-Bench. This file remains unchanged from the official version provided in the LST-Bench
documentation.

# Description: Library
version: 1
task templates:
# Create external tables needed for benchmark
- id: setup
files:
- run/spark-3.3.1/scripts/tpcds/setup/ddl-external-tables.sqgl
# Create data maintenance external tables needed for benchmark
- id: setup data maintenance
files:
- run/spark-3.3.1/scripts/tpcds/setup data maintenance/ddl-external-tables-refresh.sql
parameter values file: run/auxiliary/tpcds/setup data maintenance/parameter values.dat
# Create schema and drop existing tables
- id: init
files:
- run/spark-3.3.1/scripts/tpcds/init/init.sqgl
# Create benchmark tables and load data into them
- id: build
files:
- run/spark-3.3.1/scripts/tpcds/build/1l create call center.sql
- run/spark-3.3.1/scripts/tpcds/build/1 create catalog page.sql
- run/spark-3.3.1/scripts/tpcds/build/1l create catalog returns.sql
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run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.

W W W W W Ww W WwWwWwwwwwwwwwwwwwwwwwwwwwwwwwwwwwwwwwww

w

.1/scripts/tpcds/build/1 create catalog sales.sql
.1/scripts/tpcds/build/1 create customer.sqgl
.1/scripts/tpcds/build/1 create customer address.sql
.1/scripts/tpcds/build/1 create customer demographics.sqgl
.1/scripts/tpcds/build/1_create date_dim.sql
.1/scripts/tpcds/build/1 create household demographics.sqgl
.1/scripts/tpcds/build/1 create income band.sql
.1/scripts/tpcds/build/1 create inventory.sql
.1/scripts/tpcds/build/1l create item.sql
.1/scripts/tpcds/build/1 create promotion.sqgl
.1/scripts/tpcds/build/1 create reason.sql
.1/scripts/tpcds/build/1 create ship mode.sql
.1/scripts/tpcds/build/1 create store.sql
.1/scripts/tpcds/build/1 create store returns.sql
.1/scripts/tpcds/build/1_create_store_sales.sqgl
.1/scripts/tpcds/build/1 create time dim.sqgl
.1/scripts/tpcds/build/1 create warehouse.sqgl
.1/scripts/tpcds/build/1 create web page.sql
.1/scripts/tpcds/build/1 create web returns.sql
.1/scripts/tpcds/build/1l create web sales.sql
.1/scripts/tpcds/build/1_create web_site.sql
.1/scripts/tpcds/build/2 load call center.sql
.1/scripts/tpcds/build/2 load catalog page.sql
.1/scripts/tpcds/build/2 load catalog returns.sql
.1/scripts/tpcds/build/2 load catalog sales.sqgl
.1/scripts/tpcds/build/2 load customer.sql
.1/scripts/tpcds/build/2_load_customer_ address.sqgl
.1/scripts/tpcds/build/2 load customer demographics.sqgl
.1/scripts/tpcds/build/2 load date dim.sql
.1/scripts/tpcds/build/2 load household demographics.sqgl
.1/scripts/tpcds/build/2 load income band.sqgl
.1/scripts/tpcds/build/2 load inventory.sql
.1/scripts/tpcds/build/2 load item.sqgl
.1/scripts/tpcds/build/2 load promotion.sqgl
.1/scripts/tpcds/build/2 load reason.sql
.1/scripts/tpcds/build/2 load ship mode.sqgl
.1/scripts/tpcds/build/2 load store.sql
.1/scripts/tpcds/build/2 load store returns.sql
.1/scripts/tpcds/build/2 load store sales.sql
.1/scripts/tpcds/build/2_load_time_dim.sqgl
.1/scripts/tpcds/build/2 load warehouse.sql
.1/scripts/tpcds/build/2 load web page.sql
.1/scripts/tpcds/build/2_load_web_returns.sql
.1/scripts/tpcds/build/2 load web sales.sqgl
.1/scripts/tpcds/build/2 load web site.sql

# Compute statistics for tables

- id:

analyze

files:

run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.

run/spark-3.

w W w w w w w w w w w ww

.1/scripts/tpcds/build/3 _analyze call center.sql
.1/scripts/tpcds/build/3 analyze catalog page.sql
.1/scripts/tpcds/build/3 analyze catalog returns.sql
.1/scripts/tpcds/build/3 analyze catalog sales.sql
.1/scripts/tpcds/build/3_analyze customer.sql
.1/scripts/tpcds/build/3 analyze customer address.sqgl
.1/scripts/tpcds/build/3 analyze customer demographics.sqgl
.1/scripts/tpcds/build/3_analyze date dim.sqgl
.1/scripts/tpcds/build/3 analyze household demographics.sqgl
.1/scripts/tpcds/build/3_analyze income band.sqgl
.1/scripts/tpcds/build/3_analyze inventory.sql
.1/scripts/tpcds/build/3 analyze item.sql
.1/scripts/tpcds/build/3_analyze promotion.sqgl
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# Execution of TPC-DS queries

run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.

3
3
3
3
3
3
3
3
3
3

3

id: single user

files:

run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.

run/spark-3.

wW W W Ww Ww Ww wwwwwwwwwwwwwwwwwwwwwwwwwwwwwwwwwwwwwwwww

.1/scripts/tpcds/build/3 analyze rea

.1/scripts/tpcds/build/3 _analyze sto
.1/scripts/tpcds/build/3 analyze sto
.1/scripts/tpcds/build/3 analyze sto

.1/scripts/tpcds/build/3 analyze war
.1/scripts/tpcds/build/3 analyze web
.1/scripts/tpcds/build/3 analyze web
.1/scripts/tpcds/build/3 analyze web
.1/scripts/tpcds/build/3 analyze web

(possibly in a previous

.1/scripts/tpcds/single user/queryl.
.1/scripts/tpcds/single user/query2.
.1/scripts/tpcds/single user/query3.
.1/scripts/tpcds/single user/queryé.
.1/scripts/tpcds/single user/query5S.
.1/scripts/tpcds/single user/query6.
.1/scripts/tpcds/single user/query7.
.1/scripts/tpcds/single user/query8.
.1/scripts/tpcds/single user/query9.
.1/scripts/tpcds/single user/queryl0
.1/scripts/tpcds/single user/queryll.
.1/scripts/tpcds/single user/queryl2.
.1/scripts/tpcds/single user/queryl3.
.1/scripts/tpcds/single user/queryléd.
.1/scripts/tpcds/single user/queryl5.
.1/scripts/tpcds/single user/queryl6.
.1/scripts/tpcds/single user/queryl7.
.1/scripts/tpcds/single user/queryl8.
.1/scripts/tpcds/single user/queryl9.
.1/scripts/tpcds/single user/query20.
.1/scripts/tpcds/single user/query2l.
.1/scripts/tpcds/single user/query22.
.1/scripts/tpcds/single user/query23.
.1/scripts/tpcds/single user/query24.
.1/scripts/tpcds/single user/query25.
.1/scripts/tpcds/single user/query26.
.1/scripts/tpcds/single user/query27.
.1/scripts/tpcds/single user/query28.
.1/scripts/tpcds/single user/query29.
.1/scripts/tpcds/single user/query30.
.1/scripts/tpcds/single user/query3l.
.1/scripts/tpcds/single user/query32.
.1/scripts/tpcds/single user/query33.
.1/scripts/tpcds/single user/query34.
.1/scripts/tpcds/single user/query35.
.1/scripts/tpcds/single user/query36.
.1/scripts/tpcds/single user/query37.
.1/scripts/tpcds/single user/query38.
.1/scripts/tpcds/single user/query39.
.1/scripts/tpcds/single user/query40.
.1/scripts/tpcds/single user/query4l.
.1/scripts/tpcds/single user/query42.
.1/scripts/tpcds/single user/query43.
.1/scripts/tpcds/single user/query44.
.1/scripts/tpcds/single user/query45.
.1/scripts/tpcds/single user/query46.
.1/scripts/tpcds/single user/query47.

son.sqgl

.1/scripts/tpcds/build/3 analyze ship mode.sqgl

re.sql
re returns.sql

re_sales.sql

.1/scripts/tpcds/build/3 analyze time dim.sqgl

ehouse.sql

_page.sql
_returns.sql
sales.sql
_site.sql

point-in-time)

sqgl

sgql

sql

sqgl

sql

sql

sqgl

sql

sql

.sql
sql
sql
sql
sgl
sql
sql
sqgl
sgl
sql
sqgl
sql
sql
sqgl
sqgl
sql
sqgl
sql
sql
sql
sql
sql
sqgl
sql
sql
sqgl
sql
sql
sqgl
sql
sql
sql
sgl
sql
sqgl
sgl
sql
sqgl
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permutation orders path: run/auxiliary/tpcds/single

run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.

run/spark-3.

W W W W Ww Ww WwWwwwwwwwwwwwwwwwwwwwwwwwwwwwwwwwwwwwwwwwwwwww

3

.1/scripts/tpcds/single user/query48.
.1/scripts/tpcds/single user/query49.
.1/scripts/tpcds/single user/query50.
.1/scripts/tpcds/single user/query5l.
.1/scripts/tpcds/single user/query52.
.1/scripts/tpcds/single user/query53.
.1/scripts/tpcds/single user/queryb4.
.1/scripts/tpcds/single user/query55.
.1/scripts/tpcds/single user/query56.
.1/scripts/tpcds/single user/query57.
.1/scripts/tpcds/single user/query58.
.1/scripts/tpcds/single user/query59.
.1/scripts/tpcds/single user/query60.
.1/scripts/tpcds/single user/query6l.
.1/scripts/tpcds/single user/query62.
.1/scripts/tpcds/single user/query63.
.1/scripts/tpcds/single user/query64.
.1/scripts/tpcds/single user/query65.
.1/scripts/tpcds/single user/query66.
.1/scripts/tpcds/single user/query67.
.1/scripts/tpcds/single user/query68.
.1/scripts/tpcds/single user/query69.
.1/scripts/tpcds/single user/query70.
.1/scripts/tpcds/single user/query71l.
.1/scripts/tpcds/single user/query72.
.1/scripts/tpcds/single user/query73.
.1/scripts/tpcds/single user/query74.
.1/scripts/tpcds/single user/query75.
.1/scripts/tpcds/single user/query76.
.1/scripts/tpcds/single user/query77.
.1/scripts/tpcds/single user/query78.
.1/scripts/tpcds/single user/query79.
.1/scripts/tpcds/single user/query80.
.1/scripts/tpcds/single user/query8l.
.1/scripts/tpcds/single user/query82.
.1/scripts/tpcds/single user/query83.
.1/scripts/tpcds/single user/query84.
.1/scripts/tpcds/single user/query85.
.1/scripts/tpcds/single user/query86.
.1/scripts/tpcds/single user/query87.
.1/scripts/tpcds/single user/query88.
.1/scripts/tpcds/single user/query89.
.1/scripts/tpcds/single user/query90.
.1/scripts/tpcds/single user/query9l.
.1/scripts/tpcds/single user/query92.
.1/scripts/tpcds/single user/query93.
.1/scripts/tpcds/single user/query94.
.1/scripts/tpcds/single user/query95.
.1/scripts/tpcds/single user/query96.
.1/scripts/tpcds/single user/query97.
.1/scripts/tpcds/single user/query98.
.1/scripts/tpcds/single user/query99.

supports time travel: true

# Execution of TPC-DS data maintenance queries

(Delta)

— id: data maintenance delta

files:

run/spark-3.3.
run/spark-3.3.
run/spark-3.3.
run/spark-3.3.

1/scripts/tpcds/data_maintenance/DF_
1/scripts/tpcds/data maintenance/DF
1/scripts/tpcds/data maintenance/DF
1/scripts/tpcds/data_maintenance/DF_|

sgl
sgl
sgl
sgl
sgl
sgl
sgl
sql
sgl
sgl
sql
sgl
sgl
sql
sgl
sgl
sql
sgl
sgl
sql
sgl
sgl
sql
sgl
sql
sql
sgl
sgl
sql
sgl
sgl
sgl
sgl
sgl
sgl
sgl
sgl
sgl
sql
sgl
sgl
sql
sgl
sgl
sql
sgl
sgl
sql
sgl
sgql
sql
sgl
user/permutation_orders/

CS-merge.sql
I-merge.sql

SS-merge.sqgl
WS-merge.sqgl
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- run/spark-3.3.1/scripts/tpcds/data maintenance/LF CR.sql

- run/spark-3.3.1/scripts/tpcds/data maintenance/LF CS.sql
- run/spark-3.3.1/scripts/tpcds/data maintenance/LF I.sql
- run/spark-3.3.1/scripts/tpcds/data maintenance/LF SR.sql

- run/spark-3.

3
3
3
3
3.1/scripts/tpcds/data maintenance/LF SS.sql
3

- run/spark-3.3.1/scripts/tpcds/data maintenance/LF WR.sql

- run/spark-3.3.1/scripts/tpcds/data maintenance/LF WS.sql

parameter values_ file: run/auxiliary/tpcds/data _maintenance/parameter values.dat
Execution of TPC-DS data maintenance queries (Iceberg)

id: data_maintenance_iceberg

files:

- run/spark-3.3.1/scripts/tpcds/data maintenance/DF CS.sql
- run/spark-3.3.1/scripts/tpcds/data maintenance/DF I.sql
- run/spark-3.3.1/scripts/tpcds/data maintenance/DF_SS.sql
- run/spark-3.3.1/scripts/tpcds/data maintenance/DF WS.sqgl
- run/spark-3.3.1/scripts/tpcds/data maintenance/LF CR.sql
- run/spark-3.3.1/scripts/tpcds/data maintenance/LF CS.sql
- run/spark-3.3.1/scripts/tpcds/data maintenance/LF I.sql
- run/spark-3.3.1/scripts/tpcds/data maintenance/LF SR.sql

- run/spark-3.

3
3
3
3
3
3
3
3
3.1/scripts/tpcds/data maintenance/LF SS.sqgl
3

- run/spark-3.3.1/scripts/tpcds/data maintenance/LF WR.sqgl

- run/spark-3.3.1/scripts/tpcds/data maintenance/LF WS.sql

parameter values file: run/auxiliary/tpcds/data maintenance/parameter values.dat
Execution of TPC-DS data maintenance queries (Hudi)

id: data_maintenance_hudi

files:

- run/spark-3.3.1/scripts/tpcds/data maintenance/DF _CS-mixed.sql
- run/spark-3.3.1/scripts/tpcds/data maintenance/DF I-mixed.sqgl
- run/spark-3.3.1/scripts/tpcds/data maintenance/DF SS-mixed.sqgl
- run/spark-3.3.1/scripts/tpcds/data maintenance/DF WS-mixed.sqgl
- run/spark-3.3.1/scripts/tpcds/data maintenance/LF CR.sql
- run/spark-3.3.1/scripts/tpcds/data maintenance/LF I.sql
- run/spark-3.3.1/scripts/tpcds/data maintenance/LF SR.sql

- run/spark-3.

3
3
3
3
3
- run/spark-3.3.1/scripts/tpcds/data maintenance/LF CS.sql
3
3
3.1/scripts/tpcds/data maintenance/LF SS.sql
3

- run/spark-3.3.1/scripts/tpcds/data maintenance/LF WR.sqgl

- run/spark-3.3.1/scripts/tpcds/data maintenance/LF WS.sql

parameter values file: run/auxiliary/tpcds/data maintenance/parameter values.dat
Execution of optimize on all benchmark tables (Delta)

id: optimize delta

files:

- run/spark-3.3.1/scripts/tpcds/optimize/o call center-delta.sql
- run/spark-3.3.1/scripts/tpcds/optimize/o catalog page-delta.sqgl
- run/spark-3.3.1/scripts/tpcds/optimize/o catalog returns-delta.sql
- run/spark-3.3.1/scripts/tpcds/optimize/o catalog sales-delta.sqgl
- run/spark-3.3.1/scripts/tpcds/optimize/o customer-delta.sql
- run/spark-3.3.1/scripts/tpcds/optimize/o customer address-delta.sqgl
- run/spark-3.3.1/scripts/tpcds/optimize/o customer demographics-delta.sqgl
- run/spark-3.3.1/scripts/tpcds/optimize/o date dim-delta.sqgl
- run/spark-3.3.1/scripts/tpcds/optimize/o household demographics-delta.sqgl
- run/spark-3.3.1/scripts/tpcds/optimize/o _income band-delta.sqgl
- run/spark-3.3.1/scripts/tpcds/optimize/o inventory-delta.sql
- run/spark-3.3.1/scripts/tpcds/optimize/o item-delta.sql
- run/spark-3.3.1/scripts/tpcds/optimize/o promotion-delta.sql
- run/spark-3.3.1/scripts/tpcds/optimize/o reason-delta.sql
- run/spark-3.3.1/scripts/tpcds/optimize/o ship mode-delta.sqgl
- run/spark-3.3.1/scripts/tpcds/optimize/o store-delta.sql
- run/spark-3.3.1/scripts/tpcds/optimize/o store returns-delta.sqgl
- run/spark-3.3.1/scripts/tpcds/optimize/o store sales-delta.sql

- run/spark-3.3.1/scripts/tpcds/optimize/o time dim-delta.sql

wW W W w w wwwwwwwwwwwwwww

- run/spark-3.3.1/scripts/tpcds/optimize/o warehouse-delta.sql
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# Execution of optimize on all benchmark tables

run/spark-3.3.
run/spark-3.3.
run/spark-3.3.
run/spark-3.3.

1/scripts/tpcds/optimize/o web page-delta.sql
1/scripts/tpcds/optimize/o web returns-delta.sql
1/scripts/tpcds/optimize/o web sales-delta.sql
1/scripts/tpcds/optimize/o web site-delta.sql

Execution of optimize on all benchmark tables but splitting optimization

of partitioned tables into batches by relying on dependent task executor

id: optimize split delta

custom_task executor: com.microsoft.lst bench.task.custom.DependentTaskExecutor

files:

run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.

.1/scripts/tpcds/optimize/o _call center—delta.sql
.1/scripts/tpcds/optimize/o catalog page-delta.sql
.1/scripts/tpcds/optimize split/o catalog returns SELECT.sqgl
.1/scripts/tpcds/optimize split/o catalog returns IN-delta.sqgl

.1/scripts/tpcds/optimize split/o catalog returns NULL-delta.sqgl

.1/scripts/tpcds/optimize split/o catalog sales SELECT.sqgl
.1/scripts/tpcds/optimize split/o catalog sales IN-delta.sqgl
.1/scripts/tpcds/optimize split/o catalog sales NULL-delta.sql
.1/scripts/tpcds/optimize/o customer-delta.sql
.1/scripts/tpcds/optimize/o customer address-delta.sqgl
.1/scripts/tpcds/optimize/o customer demographics-delta.sqgl
.1/scripts/tpcds/optimize/o date dim-delta.sql
.1/scripts/tpcds/optimize/o_household demographics-delta.sqgl
.1/scripts/tpcds/optimize/o _income band-delta.sql
.1/scripts/tpcds/optimize split/o inventory SELECT.sql
.1/scripts/tpcds/optimize split/o inventory IN-delta.sqgl
.1/scripts/tpcds/optimize split/o inventory NULL-delta.sqgl
.1/scripts/tpcds/optimize/o item-delta.sql
.1/scripts/tpcds/optimize/o promotion-delta.sql
.1/scripts/tpcds/optimize/o reason-delta.sqgl
.1/scripts/tpcds/optimize/o ship mode-delta.sql
.1/scripts/tpcds/optimize/o store-delta.sql
.1/scripts/tpcds/optimize split/o store returns SELECT.sql
.1/scripts/tpcds/optimize split/o store returns IN-delta.sqgl
.1/scripts/tpcds/optimize split/o store returns NULL-delta.sqgl
.1/scripts/tpcds/optimize split/o store sales SELECT.sql
.1/scripts/tpcds/optimize split/o store sales IN-delta.sqgl
.1/scripts/tpcds/optimize split/o store sales NULL-delta.sqgl
.1/scripts/tpcds/optimize/o time dim-delta.sql
.1/scripts/tpcds/optimize/o warehouse-delta.sql
.1/scripts/tpcds/optimize/o web page-delta.sql
.1/scripts/tpcds/optimize split/o web returns SELECT.sql
.1/scripts/tpcds/optimize split/o web returns IN-delta.sqgl
.1/scripts/tpcds/optimize split/o web returns NULL-delta.sqgl
.1/scripts/tpcds/optimize split/o web sales SELECT.sqgl
.1/scripts/tpcds/optimize split/o web sales IN-delta.sqgl
.1/scripts/tpcds/optimize split/o web sales NULL-delta.sqgl
.1/scripts/tpcds/optimize/o web site-delta.sql

(Icebergqg)

id: optimize iceberg

files:

run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.

run/spark-3.

w W w w w w w w w w w

.1/scripts/tpcds/optimize/o _call center-iceberg.sql
.1/scripts/tpcds/optimize/o catalog page-iceberg.sql
.1/scripts/tpcds/optimize/o _catalog returns-iceberg.sqgl
.1/scripts/tpcds/optimize/o catalog sales-iceberg.sqgl
.1/scripts/tpcds/optimize/o customer-iceberg.sql
.1/scripts/tpcds/optimize/o customer address-iceberg.sqgl
.1/scripts/tpcds/optimize/o customer demographics-iceberg.sql
.1/scripts/tpcds/optimize/o date dim-iceberg.sql
.1/scripts/tpcds/optimize/o _household demographics-iceberg.sqgl
.1/scripts/tpcds/optimize/o income band-iceberg.sql

.1/scripts/tpcds/optimize/o_inventory-iceberg.sql

(Delta)
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run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.

3
3
3
3
3
3
3
3
3
3
3
3

3

.1/scripts/tpcds/optimize/o item-iceberg.sql
.1/scripts/tpcds/optimize/o _promotion-iceberg.sql
.1/scripts/tpcds/optimize/o reason-iceberg.sql
.1/scripts/tpcds/optimize/o ship mode-iceberg.sql
.1/scripts/tpcds/optimize/o store-iceberg.sql
.1/scripts/tpcds/optimize/o _store returns-—iceberg.sqgl
.1/scripts/tpcds/optimize/o store sales-—iceberg.sql
.1/scripts/tpcds/optimize/o time dim-iceberg.sql
.1/scripts/tpcds/optimize/o warehouse-iceberg.sqgl
.1/scripts/tpcds/optimize/o web page-iceberg.sql
.1/scripts/tpcds/optimize/o_web returns-iceberg.sqgl
.1/scripts/tpcds/optimize/o web sales-iceberg.sqgl
.1/scripts/tpcds/optimize/o web site-iceberg.sql

# Execution of optimize on all benchmark tables but splitting optimization

# of partitioned tables into batches by relying on dependent task executor

(Iceberqg)

- id: optimize split iceberg

custom task executor: com.microsoft.lst bench.task.custom.DependentTaskExecutor

files:

run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.

W W W W W Wwwwwwwwwwwwwwwwwwwwwwwwwwwwwwwww

.1/scripts/tpcds/optimize/o call center-iceberg.sqgl
.1/scripts/tpcds/optimize/o catalog page-iceberg.sqgl
.1/scripts/tpcds/optimize split/o catalog returns SELECT.sql
.1/scripts/tpcds/optimize split/o catalog returns IN-iceberg.sql
.1/scripts/tpcds/optimize split/o catalog returns NULL-iceberg.sql
.1/scripts/tpcds/optimize split/o catalog sales SELECT.sqgl
.1/scripts/tpcds/optimize split/o catalog sales IN-iceberg.sqgl
.1/scripts/tpcds/optimize split/o catalog sales NULL-iceberg.sql
.1/scripts/tpcds/optimize/o customer-iceberg.sql
.1/scripts/tpcds/optimize/o _customer address-iceberg.sqgl
.1/scripts/tpcds/optimize/o customer demographics-iceberg.sqgl
.1/scripts/tpcds/optimize/o date dim-iceberg.sql
.1/scripts/tpcds/optimize/o _household demographics-iceberg.sql
.1/scripts/tpcds/optimize/o income band-iceberg.sql
.1/scripts/tpcds/optimize split/o inventory SELECT.sqgl
.1/scripts/tpcds/optimize split/o_inventory IN-iceberg.sqgl
.1/scripts/tpcds/optimize split/o inventory NULL-iceberg.sql
.1/scripts/tpcds/optimize/o item-iceberg.sql
.1/scripts/tpcds/optimize/o _promotion-iceberg.sqgl
.1/scripts/tpcds/optimize/o reason-iceberg.sql
.1/scripts/tpcds/optimize/o_ship mode-iceberg.sql
.1/scripts/tpcds/optimize/o store-iceberg.sql
.1/scripts/tpcds/optimize split/o store returns SELECT.sql
.1/scripts/tpcds/optimize split/o_store returns IN-iceberg.sql
.1/scripts/tpcds/optimize split/o store returns NULL-iceberg.sql
.1/scripts/tpcds/optimize split/o store sales SELECT.sqgl
.1/scripts/tpcds/optimize split/o_store sales IN-iceberg.sqgl
.1/scripts/tpcds/optimize split/o_store sales NULL-iceberg.sql
.1/scripts/tpcds/optimize/o time dim-iceberg.sqgl
.1/scripts/tpcds/optimize/o warehouse-iceberg.sql
.1/scripts/tpcds/optimize/o web page-iceberg.sqgl
.1/scripts/tpcds/optimize split/o web returns SELECT.sqgl
.1/scripts/tpcds/optimize split/o web returns IN-iceberg.sql
.1/scripts/tpcds/optimize split/o web returns NULL-iceberg.sql
.1/scripts/tpcds/optimize split/o web sales SELECT.sqgl
.1/scripts/tpcds/optimize split/o web sales IN-iceberg.sql
.1/scripts/tpcds/optimize split/o web sales NULL-iceberg.sqgl

3.

# Execution of optimize on all benchmark tables

1/scripts/tpcds/optimize/o web site-iceberg.sqgl
(Hudi)

- id: optimize hudi

files:

- run/spark-3.3.1/scripts/tpcds/optimize/o call center-hudi.sql

- run/spark-3.3.1/scripts/tpcds/optimize/o catalog page-hudi.sqgl
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run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.

W W W W w wwwwwwwwwwwwwwww

.1/scripts/tpcds/optimize/o catalog returns-hudi.sql
.1/scripts/tpcds/optimize/o catalog sales-hudi.sql
.1/scripts/tpcds/optimize/o customer-hudi.sql
.1/scripts/tpcds/optimize/o customer address-hudi.sqgl
.1/scripts/tpcds/optimize/o customer demographics-hudi.sqgl
.1/scripts/tpcds/optimize/o date dim-hudi.sql
.1/scripts/tpcds/optimize/o household demographics-hudi.sqgl
.1/scripts/tpcds/optimize/o_income band-hudi.sqgl
.1/scripts/tpcds/optimize/o inventory-hudi.sql
.1/scripts/tpcds/optimize/o item-hudi.sql
.1/scripts/tpcds/optimize/o promotion-hudi.sqgl
.1/scripts/tpcds/optimize/o reason-hudi.sql
.1/scripts/tpcds/optimize/o ship mode-hudi.sqgl
.1/scripts/tpcds/optimize/o_store-hudi.sql
.1/scripts/tpcds/optimize/o_store returns-hudi.sql
.1/scripts/tpcds/optimize/o store sales-hudi.sqgl
.1/scripts/tpcds/optimize/o time dim-hudi.sqgl
.1/scripts/tpcds/optimize/o warehouse-hudi.sql
.1/scripts/tpcds/optimize/o web page-hudi.sqgl
.1/scripts/tpcds/optimize/o web returns-hudi.sql
.1/scripts/tpcds/optimize/o web sales-hudi.sql

3.

1/scripts/tpcds/optimize/o web site-hudi.sqgl

# Execution of optimize on all benchmark tables but splitting optimization

# of partitioned tables into batches by relying on dependent task executor

— id: optimize_ split_hudi

custom task executor: com.microsoft.lst bench.task.custom.DependentTaskExecutor

files:

run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.

run/spark-3.

W W W W Ww W Ww Ww Wwwwwwwwwwwwwwwwwwwwwwwwwww

.1/scripts/tpcds/optimize/o call center-hudi.sql
.1/scripts/tpcds/optimize/o catalog page-hudi.sql
.1/scripts/tpcds/optimize split/o catalog returns SELECT.sqgl
.1/scripts/tpcds/optimize split/o catalog returns IN-hudi.sqgl
.1/scripts/tpcds/optimize split/o catalog returns NULL-hudi.sql
.1/scripts/tpcds/optimize split/o catalog sales SELECT.sqgl
.1/scripts/tpcds/optimize split/o catalog sales IN-hudi.sqgl
.1/scripts/tpcds/optimize split/o catalog sales NULL-hudi.sql
.1/scripts/tpcds/optimize/o customer-hudi.sql
.1/scripts/tpcds/optimize/o customer address-hudi.sqgl
.1/scripts/tpcds/optimize/o customer demographics-hudi.sqgl
.1/scripts/tpcds/optimize/o _date dim-hudi.sql
.1/scripts/tpcds/optimize/o _household demographics-hudi.sqgl
.1/scripts/tpcds/optimize/o income band-hudi.sql
.1/scripts/tpcds/optimize split/o_inventory SELECT.sqgl
.1/scripts/tpcds/optimize split/o inventory IN-hudi.sqgl
.1/scripts/tpcds/optimize split/o inventory NULL-hudi.sqgl
.1/scripts/tpcds/optimize/o item-hudi.sqgl
.1/scripts/tpcds/optimize/o promotion-hudi.sqgl
.1/scripts/tpcds/optimize/o_reason-hudi.sqgl
.1/scripts/tpcds/optimize/o ship mode-hudi.sql
.1/scripts/tpcds/optimize/o_store-hudi.sqgl
.1/scripts/tpcds/optimize split/o store returns SELECT.sqgl
.1/scripts/tpcds/optimize split/o store returns IN-hudi.sqgl
.1/scripts/tpcds/optimize split/o store returns NULL-hudi.sqgl
.1/scripts/tpcds/optimize split/o store sales SELECT.sqgl
.1/scripts/tpcds/optimize split/o store sales IN-hudi.sqgl
.1/scripts/tpcds/optimize split/o store sales NULL-hudi.sqgl
.1/scripts/tpcds/optimize/o time dim-hudi.sql
.1/scripts/tpcds/optimize/o warehouse-hudi.sql
.1/scripts/tpcds/optimize/o web page-hudi.sqgl
.1/scripts/tpcds/optimize split/o web returns SELECT.sqgl
.1/scripts/tpcds/optimize split/o web returns IN-hudi.sqgl
.1/scripts/tpcds/optimize split/o web returns NULL-hudi.sqgl

(Hudi)



6.5 LST-Benchmark Setup and Run Procedure

run/spark-3.
run/spark-3.
run/spark-3.

run/spark-3.

3
3
3

.1/scripts/tpcds/optimize split/o web sales SELECT.sqgl
.1/scripts/tpcds/optimize split/o web sales IN-hudi.sqgl
.1/scripts/tpcds/optimize split/o web sales NULL-hudi.sqgl
3.

1/scripts/tpcds/optimize/o web site-hudi.sql

# Execution of dependent TPC-DS data maintenance queries

id: data maintenance dependent

custom task executor: com.microsoft.lst bench.task.custom.DependentTaskExecutor

files:

run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.
run/spark-3.

run/spark-3.

W W W w Ww Wwwwwwwwwwwwwwwwwwwwwwwwwwwwwwwwwwwwwwwwwwwwwwwww

.1/scripts/tpcds/data_maintenance_dependent/DF_CR_1.sgl
.1/scripts/tpcds/data maintenance dependent/DF CR delete.
.1/scripts/tpcds/data maintenance dependent/DF_CS 1.sqgl
.1/scripts/tpcds/data _maintenance dependent/DF CS delete.
.1/scripts/tpcds/data maintenance dependent/DF_CR 2.sqgl
.1/scripts/tpcds/data maintenance dependent/DF _CR delete.
.1/scripts/tpcds/data maintenance dependent/DF CS 2.sgl
.1/scripts/tpcds/data maintenance dependent/DF CS delete.
.1/scripts/tpcds/data maintenance dependent/DF CR 3.sql
.1/scripts/tpcds/data maintenance dependent/DF CR delete.
.1/scripts/tpcds/data _maintenance dependent/DF CS 3.sqgl
.1/scripts/tpcds/data maintenance dependent/DF CS delete.
.1/scripts/tpcds/data_maintenance_dependent/DF_I_1.sql

.1/scripts/tpcds/data maintenance dependent/DF I 2.sql
.1/scripts/tpcds/data maintenance dependent/DF_I 3.sqgl

.1/scripts/tpcds/data maintenance dependent/DF SR 1.sqgl
.1/scripts/tpcds/data_maintenance_dependent/DF_SR delete.
.1/scripts/tpcds/data maintenance dependent/DF _SS 1.sql
.1/scripts/tpcds/data maintenance dependent/DF SS delete.
.1/scripts/tpcds/data_maintenance_dependent/DF_SR_2.sgl
.1/scripts/tpcds/data maintenance dependent/DF SR delete.
.1/scripts/tpcds/data maintenance dependent/DF SS 2.sql
.1/scripts/tpcds/data_maintenance_dependent/DF_SS_delete.
.1/scripts/tpcds/data maintenance dependent/DF SR 3.sql
.1/scripts/tpcds/data maintenance dependent/DF SR delete.
.1/scripts/tpcds/data_maintenance_dependent/DF_SS_3.sql
.1/scripts/tpcds/data maintenance dependent/DF SS delete.
.1/scripts/tpcds/data maintenance dependent/DF_WR_1.sqgl
.1/scripts/tpcds/data_maintenance_dependent/DF_WR delete.
.1/scripts/tpcds/data maintenance dependent/DF WS 1.sql
.1/scripts/tpcds/data maintenance dependent/DF WS delete.
.1/scripts/tpcds/data maintenance dependent/DF WR 2.sgl
.1/scripts/tpcds/data maintenance dependent/DF WR delete.
.1/scripts/tpcds/data maintenance dependent/DF_WS 2.sqgl
.1/scripts/tpcds/data maintenance dependent/DF WS delete.
.1/scripts/tpcds/data maintenance dependent/DF WR 3.sqgl
.1/scripts/tpcds/data maintenance dependent/DF WR delete.
.1/scripts/tpcds/data maintenance dependent/DF WS 3.sqgl
.1/scripts/tpcds/data maintenance dependent/DF WS delete.
.1/scripts/tpcds/data maintenance dependent/LF CR 1.sql
.1/scripts/tpcds/data maintenance dependent/LF CR 2.sqgl
.1/scripts/tpcds/data maintenance dependent/LF _CR_3.sqgl
.1/scripts/tpcds/data maintenance dependent/LF CR insert.
.1/scripts/tpcds/data maintenance dependent/LF CS 1.sqgl
.1/scripts/tpcds/data_maintenance_dependent/LF_CS_2.sql
.1/scripts/tpcds/data maintenance dependent/LF CS 3.sql
.1/scripts/tpcds/data maintenance dependent/LF CS insert.
.1/scripts/tpcds/data_maintenance_dependent/LF_I_1.sql
.1/scripts/tpcds/data maintenance dependent/LF I 2.sql
.1/scripts/tpcds/data_maintenance_dependent/LF_I_3.sql

sgl

sgl

sql

sgl

sgl

sql

.1/scripts/tpcds/data maintenance dependent/DF_I delete.sqgl
.1/scripts/tpcds/data maintenance dependent/DF I delete.sql

.1/scripts/tpcds/data maintenance dependent/DF I delete.sql

sgl

sgl

sgl

sgl

sgl

sgl

sgl

sql

sgl

sgl

sql

sgl

sql

sgl
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- run/spark-3.3.1/scripts/tpcds/data maintenance dependent/LF I insert.sql

- run/spark-3.3.1/scripts/tpcds/data maintenance dependent/LF SR 1.sql
- run/spark-3.3.1/scripts/tpcds/data maintenance dependent/LF SR 2.sql
- run/spark-3.3.1/scripts/tpcds/data maintenance dependent/LF SR 3.sqgl
- run/spark-3.3.1/scripts/tpcds/data maintenance dependent/LF SR insert.sql
- run/spark-3.3.1/scripts/tpcds/data maintenance dependent/LF_SS 1.sql
- run/spark-3.3.1/scripts/tpcds/data maintenance dependent/LF SS 2.sqgl
- run/spark-3.3.1/scripts/tpcds/data maintenance dependent/LF_SS 3.sql
- run/spark-3.3.1/scripts/tpcds/data maintenance dependent/LF _SS insert.sql
- run/spark-3.3.1/scripts/tpcds/data maintenance dependent/LF WR 1.sqgl
- run/spark-3.3.1/scripts/tpcds/data maintenance dependent/LF _WR_2.sqgl
- run/spark-3.3.1/scripts/tpcds/data maintenance dependent/LF WR_3.sqgl
- run/spark-3.3.1/scripts/tpcds/data maintenance dependent/LF WR insert.sql
- run/spark-3.3.1/scripts/tpcds/data maintenance dependent/LF WS 1.sqgl

- run/spark-3.3.1/scripts/tpcds/data maintenance dependent/LF WS 2.sqgl

wW W w W Ww w w wwwwwwwww

- run/spark-3.3.1/scripts/tpcds/data maintenance dependent/LF WS 3.sqgl

- run/spark-3.3.1/scripts/tpcds/data maintenance dependent/LF WS insert.sql

parameter values file: run/auxiliary/tpcds/data maintenance/parameter values.dat

Listing 6.11: Library configuration file for LST-Bench

LST-Bench collects detailed performance statistics across multiple levels, including experiment,
phase, session, task, file, and individual SQL statements. Each event is recorded with a unique
identifier—such as the statement name or phase ID as defined in the experiment configuration—
alongside its execution status (success or failure) and any relevant metadata. By default, all logged
events are stored in a DuckDB database for subsequent analysis. Therefore,a telemetry-config. yaml
configuration file is also required. It establishes the DuckDB connection and specifies the paths
for DDL and insert scripts necessary for telemetry logging.
version: 1
connection:

id: duckdb 0

driver: org.duckdb.DuckDBDriver

url: jdbc:duckdb:./my-telemetry.duckdb
execute ddl: true
ddl file: 'src/main/resources/scripts/logging/duckdb/ddl.sql’
insert file: 'src/main/resources/scripts/logging/duckdb/insert.sqgl’

parameter values:

data path: "'

Listing 6.12: Telemetry configuration for LST-Bench

A total of five experiment configuration templates were defined. One configuration template
targets Delta Lake, which exclusively supports the Copy-on-Write (CoW) approach. The remaining
four templates are equally divided for Apache Iceberg and Apache Hudi, both of which support
dual table formats: Copy-on-Write and Merge-on-Read (MoR).

The five template configurations used in the experiments are presented below.

version: 1
id:
repetitions: 3
metadata:
system: spark
system version: 3.3.2
table format: delta
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table format version: 2.2.0
mode: cow

scale factor: "1000"
cluster size: "4"

machine: cslab.l6xIntelSkylake

parameter values:

external catalog: spark catalog

external database: "external tpcds sf 1000"

external table format: csv

external data path:
'hdfs://etsertou-1:9000/user/hive/warehouse/tpcds_sf 1000/"'

external options suffix: ',header="false",nullValue="",delimiter="|""

external tblproperties suffix: ''

catalog: spark catalog

database: "delta cow"

table format: delta

data path: 'hdfs://etsertou-1:9000/user/hive/warehouse/delta/sf 1000/

options suffix: ''

tblproperties suffix: "'

Listing 6.13: Experiment configuration for Delta Lake (CoW)

version: 1
id:
repetitions: 3

metadata:

system: spark

system version: 3.3.2

table format: hudi

table format version: 0.12.2
mode: cow

scale factor: "1000"

cluster size: "4"

machine: cslab.l6xIntelSkylake

parameter values:

external catalog: spark catalog

external database: "external tpcds sf 1000"

external table format: csv

external data path:
'hdfs://etsertou-1:9000/user/hive/warehouse/tpcds _sf 1000/

external options suffix: ', header="false",nullValue="",delimiter="|""

external tblproperties suffix: ''

catalog: spark catalog

database: "cow_ hudi"

table format: hudi

data_path: 'hdfs://etsertou-1:9000/user/hive/warehouse/hudi/sf_1000/"'

options suffix: ''

tblproperties suffix: ', "type"="cow"'

Listing 6.14: Experiment configuration for Apache Hudi (CoW)

version:
id:

1
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repetitions: 3

me

Pra

ve

tadata:

system: spark

system version: 3.3.2

table format: hudi

table format version: 0.12.2

mode: mor

scale factor: "1000"

cluster size: "4"

machine: cslab.l6xIntelSkylake

rameter values:

external catalog: spark catalog

external database: "external tpcds sf 1000"

external table format: csv

external data path:
'hdfs://etsertou-1:9000/user/hive/warehouse/tpcds _sf 1000/"'

external options suffix: ', header="false",nullValue="",delimiter="|""

external tblproperties suffix: "'

catalog: spark catalog

database: "mor hudi"

table format: hudi

data path: 'hdfs://etsertou-1:9000/user/hive/warehouse/hudi/sf 1000/’

options suffix: "'

tblproperties suffix: ', "type"="mor"'

Listing 6.15: Experiment configuration for Apache Hudi (MoR)

rsion: 1

id:

re

me

pa

petitions: 3

tadata:

system: spark

system version: 3.3.2

table format: iceberg

table format version: 1.1.0

mode: cow

scale factor: "1000"

cluster size: "4"

machine: cslab.l6xIntelSkylake

rameter values:

external catalog: spark catalog

external database: "external tpcds sf 1000"

external table format: csv

external data path:
'hdfs://etsertou-1:9000/user/hive/warehouse/tpcds _sf 1000/’

external options suffix: ', header="false",nullValue="",delimiter="|""

external tblproperties suffix: "'

catalog: spark catalog

database: "cow_ iceberg"

table format: iceberg

data_path: 'hdfs://etsertou-1:9000/user/hive/warehouse/iceberg/sf 1000/"'

options suffix: "'

tblproperties suffix: ', "format-version"="2",
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"write.delete.mode"="copy-on-write",
"write.update.mode"="copy-on-write",
"write.merge.mode"="copy-on-write"'

Listing 6.16: Experiment configuration for Apache Iceberg (Cow)

version: 1
id:
repetitions: 3
metadata:
system: spark
system version: 3.3.2
table format: iceberg
table format version: 1.1.0
mode: mor
scale factor: "1000"
cluster size: "4"
machine: cslab.l6xIntelSkylake
parameter values:
external catalog: spark catalog
external database: "external tpcds sf 1000"
external table format: csv
external data path:
'hdfs://etsertou-1:9000/user/hive/warehouse/tpcds _sf 1000/'
external options suffix: ', header="false",nullValue="",delimiter="|""
external tblproperties suffix: ''
catalog: spark catalog
database: "mor iceberg"
table format: iceberg
data path: 'hdfs://etsertou-1:9000/user/hive/warehouse/iceberg/sf 1000/"'
options suffix: "'
tblproperties suffix: ', "format-version"="2",
"write.delete.mode"="merge-on-read",
"write.update.mode"="merge-on-read",

"write.merge.mode"="merge-on-read"'

Listing 6.17: Experiment configuration for Apache Iceberg (MoR)

Although the configurations presented above are defined with a scale factor of 1000, each of
them has also been executed with a scale factor of 100 for validation and tuning purposes. The
execution logic and structure remain identical across both scale factors.

Lastly, as mentioned in subsection 5.4.4, the four workloads corresponding to each table

format are presented below.

# Description: WO0: Original TPC-DS sequence
version: 1
id: w0 tpcds
phases:
- id: setup
sessions:
- tasks:

- template id: setup
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— 1id: setup data maintenance
sessions:
- tasks:
- template id: setup data maintenance
- template id: setup data maintenance
- template id: setup data maintenance
- template id: setup data maintenance
- id: init
sessions:
- tasks:
- template id: init
- id: build
sessions:
- tasks:
- template id: build
- id: single user
sessions:
- tasks:
- template id: single user
— id: throughput 1
sessions:
- tasks:
- template id: single user
permute order: true
- tasks:
- template id: single user
permute order: true
- tasks:
- template id: single user
permute order: true
- tasks:
- template id: single user
permute order: true
— id: data maintenance 1
sessions:
- tasks:
- template id: data maintenance delta
- template id: data maintenance delta
— id: throughput 2
sessions:
- tasks:
- template id: single user
permute order: true
- tasks:
- template id: single user
permute order: true
- tasks:
- template id: single user
permute order: true
- tasks:
- template id: single user

permute order: true
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- 1id: data maintenance 2

sessions:

tasks:
- template id:
- template id:

data maintenance delta

data maintenance delta

Listing 6.18: W0: Original TPC-DS sequence, Delta Lake

# Description: WO:

version: 1

id: w0 _tpcds

phases:

id: setup

sessions:

id:

tasks:

- template id:

sessions:

tasks:

- template id:

template id:
- template id:
- template id:

id: init

sessions:

tasks:

- template id:

id: build

sessions:

tasks:

- template id:
replace regex:

- pattern: ' (?i)varchar\ (.%\)|char\(.%\)"'

Original TPC-DS sequence

setup

setup data maintenance

setup_data maintenance
setup data maintenance
setup data maintenance

setup data maintenance

init

build

replacement: 'string'

id: single_ user

sessions:

tasks:

- template id:
id:

sessions:

tasks:

- template id:

permute order:

tasks:

- template id:

permute order:

tasks:

- template id:

permute order:

tasks:

throughput 1

single user

single user

true

single user

true

single user

true

- template id: single user

permute order: true
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— id: data maintenance 1
sessions:
- tasks:
- template id: data maintenance hudi
- template id: data maintenance hudi
- id: throughput 2
sessions:
- tasks:
- template id: single user
permute order: true
- tasks:
- template id: single user
permute order: true
- tasks:
- template id: single user
permute order: true
- tasks:
- template id: single user
permute order: true
— 1id: data maintenance 2
sessions:
- tasks:
- template id: data maintenance hudi

- template id: data maintenance hudi

Listing 6.19: W0: Original TPC-DS sequence, Apache Hudi

# Description: WO: Original TPC-DS sequence
version: 1
id: wO_tpcds
phases:
- id: setup
sessions:
- tasks:
- template id: setup
— id: setup data maintenance
sessions:
- tasks:

- template id: setup data maintenance

template id: setup data maintenance
- template id: setup data maintenance
- template id: setup data maintenance
- id: init
sessions:
- tasks:
- template id: init
- id: build
sessions:
- tasks:
- template id: build
— id: single user

sessions:
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- tasks:
- template id: single user
id: throughput 1
sessions:
- tasks:
- template id: single user
permute order: true
- tasks:
- template id: single user
permute order: true
- tasks:
- template id: single user
permute order: true
- tasks:
- template id: single user
permute order: true
id: data maintenance 1
sessions:

- tasks:

- template id: data maintenance iceberg

- template id: data maintenance iceberg

id: throughput 2
sessions:
- tasks:
- template id: single user
permute order: true
- tasks:
- template id: single user
permute order: true
- tasks:
- template id: single user
permute order: true
- tasks:
- template id: single user
permute order: true
id: data maintenance 2
sessions:

- tasks:

- template id: data maintenance iceberg

- template id: data maintenance iceberg

Listing 6.20: W0: Original TPC-DS sequence, Apache Iceberg

# Description: WP1l: Longevity
version: 1
id: wpl longevity
phases:
- id: setup

sessions:

- tasks:

- template id: setup

- id: setup data maintenance
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sessions:

- tasks:

id:

template id:
template id:
template id:
template id:
template id:
template id:
template id:
template id:
template id:
template id:

init

sessions:

- tasks:

template id:

id: build

sessions:

- tasks:
- template id: build

id: single user 1

sessions:

- tasks:

setup data maintenance
setup data maintenance
setup data maintenance
setup data maintenance
setup data maintenance
setup data maintenance
setup data maintenance
setup data maintenance
setup data maintenance

setup data maintenance

init

- template id: single user

id: data maintenance 1

sessions:

- tasks:

- template id: data maintenance delta

- template id: data maintenance delta

id: single user 2

sessions:

- tasks:

- template id: single user

id: data maintenance 2

sessions:

- tasks:

- template id: data maintenance delta

- template id: data maintenance delta

id: single user 3

sessions:

- tasks:

- template id: single user

id: data maintenance 3

sessions:

- tasks:

- template id: data maintenance delta

- template id: data maintenance delta

id: single user 4

sessions:

- tasks:

- template id: single user

id: data maintenance 4
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sessions:

- tasks:

- template id: data maintenance delta

- template id: data maintenance delta
- id:

sessions:

single user 5

- tasks:

- template id: single user

- id: data maintenance 5

sessions:

- tasks:

- template id: data maintenance delta

- template id: data maintenance delta
- id:

single user 6

sessions:

- tasks:

# Description:

- template id: single user

version: 1

id: wpl longevity

phases:
- id:

setup

sessions:

- tasks:

WP1:

Listing 6.21: WP1: Longevity, Delta Lake

Longevity

- template id: setup
- id:

sessions:

setup data maintenance

- tasks:

- id:

sessions:

template id:
template id:
template id:
template id:
template id:
template id:
template id:
template id:
template id:
template id:

init

- tasks:

template id:

- 1id: build

sessions:

tasks:
- template id: build

setup data maintenance
setup data maintenance
setup data maintenance
setup data maintenance
setup data maintenance
setup data maintenance
setup data maintenance
setup_data maintenance
setup data maintenance

setup data maintenance

init

replace regex:

- pattern:

'string'

'(?2i)varchar\ (.x\) |char\ (.x\)"'

replacement:
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- id: single user 1
sessions:
- tasks:
- template id: single user
- id: data maintenance 1
sessions:
- tasks:
- template id: data maintenance hudi
- template id: data maintenance hudi
— 1id: single user 2
sessions:
- tasks:
- template id: single user
— id: data maintenance 2
sessions:
- tasks:
- template id: data maintenance hudi
- template id: data maintenance hudi
— id: single user 3
sessions:
- tasks:
- template_id: single user
- id: data maintenance 3
sessions:
- tasks:
- template id: data maintenance hudi
- template id: data maintenance hudi
- id: single user 4
sessions:
- tasks:
- template id: single user
- id: data maintenance 4
sessions:
- tasks:
- template id: data maintenance hudi
- template id: data maintenance hudi
— id: single user 5
sessions:
- tasks:
- template id: single user
— id: data maintenance 5
sessions:
- tasks:
- template id: data maintenance hudi
- template id: data maintenance hudi
- id: single user 6
sessions:
- tasks:

- template id: single user

Listing 6.22: WP1: Longevity, Apache Hudi

# Description: WP1l: Longevity
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version: 1

id: wpl longevity

phases:

id: setup

sessions:

- tasks:
- template id: setup

id: setup data maintenance

sessions:

- tasks:
- template id: setup data maintenance
- template id: setup data maintenance
- template id: setup data maintenance
- template id: setup data maintenance
- template id: setup data maintenance
- template id: setup data maintenance
- template id: setup data maintenance
- template id: setup data maintenance
- template id: setup data maintenance
- template id: setup data maintenance

id: init

sessions:

- tasks:
- template id: init

id: build

sessions:

- tasks:
- template id: build

id: single user 1

sessions:

- tasks:
- template id: single user

id: data maintenance 1

sessions:

- tasks:
- template id: data maintenance iceberg
- template id: data maintenance iceberg

id: single user 2

sessions:

- tasks:
- template id: single user

id: data maintenance 2

sessions:

- tasks:
- template id: data maintenance iceberg
- template id: data maintenance iceberg

id: single user 3

sessions:

- tasks:
- template id: single user

id: data maintenance 3
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sessions:

- tasks:

- template id: data maintenance iceberg

- template id: data maintenance iceberg

— id: single user 4

sessions:

- tasks:

- template id: single user

— id: data maintenance 4

sessions:

- tasks:

- template id: data maintenance iceberg

- template id: data maintenance iceberg

— id: single user 5

sessions:

- tasks:

- template id: single user

- id: data maintenance 5

sessions:

- tasks:

- template id: data maintenance iceberg

- template id: data maintenance iceberg

- id: single user 6

sessions:

- tasks:

- template id: single user

# Description:

version: 1

id: wp2 resilience

phases:

WP2:

Listing 6.23: WP1: Longevity, Apache Iceberg

Resilience

- id: setup data maintenance

sessions:

- tasks:

- id:

template id:
template id:
template id:
template id:
template id:
template id:
template id:
template id:
template id:
template id:
template id:
template id:

init

sessions:

- tasks:

template id:

setup data maintenance
setup data maintenance
setup_data_maintenance
setup data maintenance
setup data maintenance
setup data maintenance
setup data maintenance
setup_data_maintenance
setup data maintenance
setup data maintenance
setup data maintenance

setup data maintenance

init
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id: build
sessions:
- tasks:
- template id: build
id: single user 1
sessions:
- tasks:
- template id: single user
id: data maintenance 1
sessions:
- tasks:
- template id: data maintenance delta
- template id: data maintenance delta
id: single user 2
sessions:
- tasks:
- template id: single user
id: optimize 1
sessions:
- tasks:
- template id: optimize delta
id: single user 2o
sessions:
- tasks:
- template id: single user
id: data maintenance 2
sessions:
- tasks:
- template id: data maintenance delta
- template id: data maintenance delta

- template id: data maintenance delta

template id: data maintenance delta

id: single user 3

sessions:

- tasks:
- template id: single user

id: optimize 2

sessions:

- tasks:
- template id: optimize delta

id: single user 3o

sessions:

- tasks:
- template id: single user

id: data maintenance 3

sessions:

- tasks:
- template id: data maintenance delta
- template id: data maintenance delta
- template id: data maintenance delta
- template id: data maintenance delta

- template id: data maintenance delta
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# Description: WP2:

- template id: data maintenance delta

id: single user 4

sessions:

- tasks:

- template id: single user

id:

optimize 3

sessions:

- tasks:

- template id: optimize delta

id: single user 4o

sessions:

- tasks:

- template id: single user

version: 1

id: wp2 resilience

phases:

Listing 6.24: WP2: Resilience, Delta Lake

Resilience

— id: setup data maintenance

sessions:

- tasks:

id:

template id:
template id:
template id:
template id:
template id:
template id:
template id:
template id:
template id:
template id:
template id:
template id:

init

sessions:

- tasks:

template id:

id: build

sessions:

- tasks:
- template id: build

setup data maintenance
setup data maintenance
setup data maintenance
setup data maintenance
setup data maintenance
setup data maintenance
setup data maintenance
setup data maintenance
setup data maintenance
setup data maintenance
setup data maintenance

setup data maintenance

init

replace regex:

' (?i)varchar\ (.x\) |char\ (.x\)"'

replacement:

- pattern:
'string'
- id: single user 1
sessions:
- tasks:
- template id: single user
— id: data maintenance 1

sessions:
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- tasks:
- template id: data maintenance hudi
- template id: data maintenance hudi

id: single user 2

sessions:

- tasks:
- template id: single user

id: optimize 1

sessions:

- tasks:
- template id: optimize hudi

id: single user 2o

sessions:

- tasks:
- template id: single user

id: data maintenance 2

sessions:

- tasks:
- template id: data maintenance hudi
- template id: data maintenance hudi
- template id: data maintenance hudi
- template id: data maintenance hudi

id: single user 3

sessions:

- tasks:
- template id: single user

id: optimize 2

sessions:

- tasks:
- template id: optimize hudi

id: single user 3o

sessions:

- tasks:
- template id: single user

id: data maintenance 3

sessions:

- tasks:
- template id: data maintenance hudi
- template id: data maintenance hudi
- template id: data maintenance hudi
- template id: data maintenance hudi
- template id: data maintenance hudi
- template id: data maintenance hudi

id: single user 4

sessions:

- tasks:
- template id: single user

id: optimize 3

sessions:

- tasks:
- template id: optimize hudi

id: single user 4o
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sessions:

- tasks:

- template id: single user

# Description: WP2:

version: 1

id: wp2 resilience

phases:

Listing 6.25: WP2: Resilience, Apache Hudi

Resilience

— id: setup data maintenance

sessions:

- tasks:

- id:

template id:
template id:
template id:
template id:
template id:
template id:
template id:
template id:
template id:
template id:
template id:
template id:

init

sessions:

- tasks:

- id:

template id:

build

sessions:

setup data maintenance
setup_data maintenance
setup data maintenance
setup data maintenance
setup data maintenance
setup data maintenance
setup_data maintenance
setup data maintenance
setup data maintenance
setup data maintenance
setup data maintenance

setup data maintenance

init

- tasks:
- template id: build
- id: single user 1
sessions:
- tasks:
- template id: single user
- id: data maintenance 1
sessions:
- tasks:
- template id: data maintenance iceberg
- template id: data maintenance iceberg
— id: single user 2
sessions:
- tasks:
- template id: single user
- id: optimize 1
sessions:
- tasks:
- template id: optimize iceberg
— id: single user 2o

sessions:
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#

ve

- tasks:

- template id: single user
id: data maintenance 2
sessions:

- tasks:

- template id: data maintenance iceberg

- template id: data maintenance iceberg

- template id: data maintenance iceberg

template id: data maintenance iceberg
id:

sessions:

single user 3

- tasks:

- template id: single user
id: optimize 2
sessions:

- tasks:

- template id: optimize iceberg
id: single user 3o
sessions:

- tasks:

- template id: single user
id: data maintenance_3
sessions:

- tasks:

- template id: data maintenance iceberg
- template id: data maintenance iceberg
- template id: data maintenance iceberg
- template id: data maintenance iceberg
- template id: data maintenance iceberg

- template id:
id:

sessions:

data maintenance iceberg

single user 4

- tasks:
- template id: single user
id: optimize 3
sessions:
- tasks:

- template id: optimize iceberg

id: single user 4o
sessions:
- tasks:
- template id: single user
Listing 6.26: WP2: Resilience, Apache Iceberg
Description: WP3: R/W concurrency

rsion: 1

id: wp3_ rw concurrency

ph

ases:
id: setup data maintenance
sessions:

- tasks:
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- template id:
- template id:
- template id:
- template id:
- template id:
- template id:
- template id:
- template id:
- template id:
- template id:
- template id:
- template id:
id: init
sessions:
- tasks:
- template id:
id: build
sessions:

- tasks:

setup data maintenance
setup data maintenance
setup data maintenance
setup data maintenance
setup data maintenance
setup data maintenance
setup data maintenance
setup data maintenance
setup data maintenance
setup data maintenance
setup data maintenance

setup data maintenance

init

- template id: build

id: single user 1 data maintenance 1

sessions:
- tasks:
- template id:
- tasks:
- template id:
- template id:

single user

data maintenance delta

data maintenance delta

id: single user 2 optimize 1

sessions:
- tasks:

- template id:
- tasks:

- template id:

single user

optimize delta

id: single user 2o data maintenance 2

sessions:
- tasks:
- template id:
- tasks:
- template id:
- template id:
- template id:
- template id:
id:
sessions:
- tasks:
- template id:
- tasks:

- template id:

single user

data maintenance delta
data maintenance delta
data maintenance delta

data maintenance delta

single user 3 optimize 2

single user

optimize delta

id: single user 3o data maintenance 3

sessions:
- tasks:
- template id:

single user
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id:

template id:
template id:
template id:
template id:
template id:
template id:

data maintenance_delta
data maintenance delta
data maintenance delta
data maintenance delta
data maintenance delta

data maintenance_ delta

single user 4 optimize 3

sessions:

- tasks:

- template id: single user

- tasks:

- template id: optimize delta

Listing 6.27: WP3: R/W concurrency, Delta Lake

# Description: WP3: R/W concurrency

version: 1

id: wp3 rw concurrency

phases:

id

setup data maintenance

sessions:

- tasks:

id:

template id:
template id:
template id:
template id:
template id:
template id:
template id:
template id:
template id:
template id:
template id:
template id:

init

sessions:

- tasks:

template id:

id: build

sessions:

tasks:
template id: build

id:

sessions:

setup data maintenance
setup data maintenance
setup data maintenance
setup data maintenance
setup data maintenance
setup data maintenance
setup data maintenance
setup data maintenance
setup data maintenance
setup data maintenance
setup data maintenance

setup data maintenance

init

replace regex:

pattern:

' (?i)varchar\ (.x\) |char\ (. %x\)"'

replacement:

'string'

single user 1 data maintenance 1

- tasks:

- template id: single user

- tasks:

- template id: data maintenance hudi

6.5 LST-Benchmark Setup and Run Procedure
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- template id: data maintenance hudi

- id: single user 2 optimize 1

sessions:

- tasks:

- template id: single user

- tasks:

- template id: optimize hudi

- id: single user 20 data maintenance 2

sessions:

- tasks:

- template id: single user

- tasks:

- id:

template id:
template id:
template id:
template id:

single user

sessions:

- tasks:

data maintenance hudi
data maintenance hudi
data maintenance hudi
data maintenance hudi

3 optimize 2

- template id: single user

- tasks:

- template_ id: optimize hudi

— id: single user 3o data maintenance 3

sessions:

- tasks:

template id:

- tasks:

- id:

template id:
template id:
template id:
template id:
template id:
template id:

single user

sessions:

- tasks:

single user

data maintenance hudi
data maintenance hudi
data maintenance hudi
data maintenance hudi
data maintenance hudi
data maintenance hudi

4 optimize 3

- template id: single user

- tasks:

- template id: optimize hudi

Listing 6.28: WP3: R/W concurrency, Apache Hudi

# Description: WP

version: 1

3: R/W concurrency

id: wp3 rw concurrency

phases:

— 1id: setup data maintenance

sessions:

- tasks:

- template id: setup data maintenance

- template id: setup data maintenance

- template id: setup data maintenance
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- template id: setup data maintenance
- template id: setup data maintenance
- template id: setup data maintenance
- template id: setup data maintenance
- template id: setup data maintenance
- template id: setup data maintenance
- template id: setup data maintenance
- template id: setup data maintenance
- template id: setup data maintenance
id: init
sessions:
- tasks:
- template id: init
id: build
sessions:
- tasks:
- template id: build
id: single user 1 data maintenance 1
sessions:
- tasks:
- template id: single user
- tasks:
- template id: data maintenance iceberg
- template id: data maintenance iceberg
id: single user 2 optimize 1
sessions:
- tasks:
- template id: single user
- tasks:
- template id: optimize iceberg
id: single user 2o data maintenance 2
sessions:
- tasks:
- template id: single user
- tasks:
- template id: data maintenance iceberg
- template id: data maintenance iceberg
- template id: data maintenance iceberg
- template id: data maintenance iceberg
id: single user 3 optimize 2
sessions:
- tasks:
- template id: single user
- tasks:
- template id: optimize iceberg
id: single user 3o data maintenance 3
sessions:
- tasks:
- template id: single user
- tasks:
- template id: data maintenance iceberg

- template id: data maintenance iceberg



Chapter 6.

Experimental Setup and Benchmark Integration

# Description:

id:

template id:
template id:
template id:
template id:

data maintenance iceberg
data maintenance_ iceberg
data maintenance iceberg

data maintenance iceberg

single user 4 optimize 3

sessions:

- tasks:

- template id: single user

- tasks:

- template id: optimize iceberg

Listing 6.29: WP3: R/W concurrency, Apache Iceberg

version: 1

id: wp4 time travel

phases:
- id:

sessions:

setup

- tasks:

WP4 :

Time travel

- template id: setup

— 1id: setup data maintenance

sessions:

- tasks:

id:

template id:
template id:
template id:
template id:
template id:
template id:
template id:
template id:
template id:
template id:
template id:
template id:

init

sessions:

- tasks:

id:

template id:

build

sessions:

- tasks:
- template id: build

setup data maintenance
setup data maintenance
setup data maintenance
setup data maintenance
setup data maintenance
setup data maintenance
setup data maintenance
setup data maintenance
setup data maintenance
setup data maintenance
setup data maintenance

setup data maintenance

init

id: data maintenance 1

sessions:

- tasks:

- template id: data maintenance delta

- template id: data maintenance delta

id: single user 2 0

sessions:

- tasks:
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- template id: single user
time travel phase id: build
id: data maintenance 2
sessions:
- tasks:
- template id: data maintenance delta
- template id: data maintenance delta
id: single user 3 1
sessions:
- tasks:
- template id: single user
time travel phase id: data maintenance 1
id: single user 3 0
sessions:
- tasks:
- template id: single user
time travel phase id: build
id: data maintenance 3
sessions:
- tasks:
- template id: data maintenance delta
- template id: data maintenance delta
id: single user 4 2
sessions:
- tasks:
- template id: single user
time travel phase id: data maintenance 2
id: single user 4 1
sessions:
- tasks:
- template id: single user
time travel phase id: data maintenance 1
id: single user 4 0
sessions:
- tasks:
- template id: single user
time travel phase id: build
id: data maintenance 4
sessions:
- tasks:
- template id: data maintenance delta
- template id: data maintenance delta
id: single user 5 3
sessions:
- tasks:
- template id: single user
time travel phase id: data maintenance 3
id: single user 5 2
sessions:
- tasks:
- template id: single user

time travel phase id: data maintenance 2
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# Description:

id: single user 5 1

sessions:

- tasks:

- template id: single user

time travel phase id: data maintenance 1

id: single user 5 0

sessions:

- tasks:

- template id: single user

time travel phase id: build

version: 1

id: wp4 time travel

phases:
- id:

sessions:

setup

- tasks:

WP4 :

Listing 6.30: WP4: Time travel, Delta Lake

Time travel

- template id: setup

— 1id: setup data maintenance

sessions:

- tasks:

id:

template id:
template id:
template id:
template id:
template id:
template id:
template id:
template id:
template id:
template id:
template id:
template id:

init

sessions:

- tasks:

template id:

id: build

sessions:

- tasks:
- template id: build

setup data maintenance
setup data maintenance
setup data maintenance
setup data maintenance
setup data maintenance
setup data maintenance
setup data maintenance
setup data maintenance
setup data maintenance
setup data maintenance
setup data maintenance

setup data maintenance

init

id: data maintenance 1

sessions:

- tasks:

- template id: data maintenance iceberg

- template id: data maintenance iceberg

id: single user 2 0

sessions:

- tasks:



6.5 LST-Benchmark Setup and Run Procedure

- template id: single user
time travel phase id: build
id: data maintenance 2
sessions:
- tasks:
- template id: data maintenance iceberg
- template id: data maintenance iceberg
id: single user 3 1
sessions:
- tasks:
- template id: single user
time travel phase id: data maintenance 1
id: single user 3 0
sessions:
- tasks:
- template id: single user
time travel phase id: build
id: data maintenance 3
sessions:
- tasks:
- template id: data maintenance iceberg
- template id: data maintenance iceberg
id: single user 4 2
sessions:
- tasks:
- template id: single user
time travel phase id: data maintenance 2
id: single user 4 1
sessions:
- tasks:
- template id: single user
time travel phase id: data maintenance 1
id: single user 4 0
sessions:
- tasks:
- template id: single user
time travel phase id: build
id: data maintenance 4
sessions:
- tasks:
- template id: data maintenance iceberg
- template id: data maintenance iceberg
id: single user 5 3
sessions:
- tasks:
- template id: single user
time travel phase id: data maintenance 3
id: single user 5 2
sessions:
- tasks:
- template id: single user

time travel phase id: data maintenance 2
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— id: single user 5 1

sessions:

- tasks:

- template id: single user
time travel phase id: data maintenance 1

— 1id: single user 5 0

sessions:

- tasks:

- template id: single user

Listing 6.31: WP4: Time travel, Apache Iceberg

Apache Hudi was excluded from the execution of the wp4 time travel workload due to
a known limitation in its SQL extension. Specifically, time travel queries using the TIMESTAMP
AS OF syntax resultin an AnalysisException, preventing successful execution. This issue
is documented under HUDI-7274 in the Apache Hudi issue tracker. As a result, the wp4 workload
is not presented for Hudi in this study.



Chapter

Evaluation

In this chapter, we present the evaluation of the benchmarking results, obtained from the
execution of the workloads described in Section 6.5, using the LST-Bench framework with
Delta Lake, Apache Hudi and Apache Iceberg, all deployed on Apache Spark. System-level
tuning was applied exclusively to the Spark execution engine, while the evaluated log-structured
table formats were executed using their default configuration parameters. The purpose of this
evaluation is to highlight the practical performance differences and scalability characteristics of
each format under varying workload patterns.

The remainder of this chapter is structured around the individual evaluation of each workload
pattern. As mentioned on the previous chapter, each workload was ran against 5 variations of
the LSTs; both CoW and MoR configurations for Apache Iceberg and Apache Hudi, and only
CoW for Delta Lake as it does not support MoR. For each workload, we present and analyze the
performance results across the three table formats highlighting key differences in performance,

scalability, and overall efficiency.

7.1 Longevity

The aim of the longevity workload, consisting of six Single User and five interleaved Data
Maintenance phases (as illustrated on Figure 5.2), is to evaluate an LST’s ability to maximize
performance, efficiency, and stability metrics in scenarios that involve frequent data updates.

Upon initial inspection of Figure 7.1, a clear performance dichotomy emerges across the
tested configurations. Delta Lake's CoW configuration consistently exhibits significantly higher
latency, averaging approximately 11 minutes per single user phase. This contrasts sharply
with the remaining four configurations, which form a tightly clustered group demonstrating
substantially lower latencies, typically ranging between 3 and 5 minutes. The consistency of
these performance profiles across all six single user runs underscores the inherent stability of
these configurations.

The most striking observation is the exceptionally poor performance of Delta Lake's CoW
configuration. Its latency is nearly three to four times greater than the next slowest configura-
tion. Given that the base hardware and Spark configurations were identical across all tests, this
rules out hardware limitations as the root cause. The elevated latency for this Delta Lake confi-
guration suggests a critical performance bottleneck or inefficiency specifically inherent to this

particular combination, and potentially exacerbated by the virtualized environment. Delta Lake
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Figure 7.1. Performance of WP-1 Single User phases (SF1000)

2.2.0's CoW strategy may be I/O-intensive or may generate a high volume of small write/rewrite
operations. These overheads could be disproportionately magnified compared to the other
configurations. The virtualization layer might introduce additional latency for each I/O request,
making highly chatty or rewrite-heavy operations significantly slower. It is also plausible that
this particular Delta Lake version (2.2.0) or its CoW mechanism may interact unfavorably with
the underlying HDFS architecture, potentially leading to suboptimal file system operations or
metadata management overheads. Additionally, while base Spark configurations were consistent,
specific Spark tuning parameters related to worker allocation, memory management, or task
scheduling (e.g., executor cores, memory, parallelism settings) might not be optimally aligned
for Delta Lake's specific write patterns on HDFS within this virtualized context, thus exacerbating
its observed performance challenges compared to the other LSTs.

In contrast to the Delta Lake outlier, both Apache Hudi and Apache Iceberg configurations
demonstrate highly competitive and significantly lower latencies.

Apache Hudi's CoW configuration consistently achieved query latencies lower than its
MoR counterpart. This solid performance indicates that Hudi's CoW strategy, when used for
data maintenance in version 0.12.2, effectively manages data, resulting in a well-organized
dataset conducive to efficient query execution. This finding is particularly insightful for query
performance. While MoR is often designed to optimize write/update performance, it might
achieve this by maintaining a more complex file structure (base files + delta log files) that
requires more effort during the read (query) phase to merge data on the fly.

Apache Iceberg's CoW configuration is among the top performers, consistently delivering
faster query times than any Hudi configuration and closely rivaling Iceberg's MoR. Iceberg's
MoR achieved the lowest query latencies across all tested scenarios, outperforming all other
configurations in every single-user phase. This indicates that Iceberg's MoR implementation is
exceptionally optimized to handle updates efficiently without significantly compromising read
performance, suggesting superior file layout or metadata handling,.

In summary, the results provide crucial insights into how the chosen update strategy (CoW

vs. MoR) impacts subsequent query performance. For Apache Hudi 0.12.2, the CoW strategy
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Figure 7.2. Performance of WP-1 Data Maintenance phases (SF1000)

led to significantly lower query latencies than its MoR strategy, suggesting that while MoR
is intended to optimize updates, its file structure imposes a higher computational cost on the
query engine. On the other hand, both Iceberg's CoW and MoR strategies result in excellent
query performance. Iceberg's MoR strategy consistently delivered the absolute best query
performance, with Iceberg's CoW being a very close second. This implies that Iceberg 1.1.0
has highly optimized implementations for both strategies, with MoR providing marginal but
consistent additional benefits in query latency for this specific workload. Lastly, the severely
underperforming Delta Lake CoW configuration for queries underscores that its update strategy,
when repeatedly applied in a longevity test, results in a data state that is highly detrimental to

query efficiency. This is a critical failure point for Delta Lake 2.2.0 under these specific conditions.

7.2 Resilience

Subsequently, we examined how the performance of LSTs is affected when maintenance
operations are incorporated into the workload. Specifically, we employed the resilience workload,
which assesses the impact of the Optimize phase, i.e., the compaction of small data files into larger
ones to improve efficiency. This workload iteratively executes a sequence of Single User (labeled
SU-i), Data Maintenance (with an increasing number of tasks), Optimize, and Single User (labeled
SU-i-0) tasks. The analysis leverages three distinct charts, each focusing on a specific phase.

Figure 7.3 presents the latency incurred during the data maintenance phase, representing
the time taken for data updates to be applied. Given that these operations include updates with
an increasing number of tasks across iterations, an increase in latency in subsequent phases
is a logical expectation. The critical metric for evaluation, therefore, becomes the rate and
magnitude of this latency increase, indicating the scalability and efficiency of each format's
update mechanism.

Delta Lake's CoW configuration exhibits a significant increase in latency across the data
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Figure 7.3. Performance of WP-2 Data Maintenance (SF1000)

maintenance iterations. While some increase is expected, this substantial escalation points to
notable inefficiencies in Delta Lake 2.2.0's CoW update mechanism under a growing update load.

Hudi's both MoR and CoW strategies demonstrate high and rapidly escalating latencies
during the data maintenance phase. This steep and substantial increase across both strategies
strongly suggests that Hudi 0.12.2, regardless of CoW or MoR, struggles severely with the
increasing update patterns of the resilience workload, indicating poor scalability for update-
heavy operations in this specific setup. This finding is particularly critical for MoR, which often
aims to reduce write-time overhead, indicating significant overheads even with deferred merging
in this context.

In stark contrast to its counterparts, both Iceberg's CoW and MoR strategies demonstrate
exceptionally low and remarkably stable latencies for data maintenance. Consistently remaining
low across all iterations, and showing only a minimal, almost unnoticeable increase as the
number of update tasks grows, Iceberg exhibits superior scalability and efficiency in handling
increasing update tasks. This highlights Iceberg 1.1.0's highly optimized implementations for
both update strategies, effectively managing the underlying file operations and metadata even
under a growing workload with minimal performance degradation.

Figure 7.4 presents the query latency for single user phases both before (SU-i) and after
(SU-i-0O) the optimize phase. Delta Lake's CoW configuration consistently exhibits high query
latencies. The optimize phase appears to offer minimal benefit for Delta Lake's subsequent query
performance as it maintains almost stably high across initial and post-optimization query phases.

Hudi CoW consistently delivers good initial query performance, and shows a clear trend of
improving query performance after each optimize phase. This indicates that Hudi CoW's data

layout benefits from compaction, allowing it to maintain competitive query speeds.
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Figure 7.4. Performance of WP-2 Single User phases before and after optimization (SF1000)
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Figure 7.5. Performance of WP-2 Optimize phases (SF1000)

Hudi's MoR query latency experiences a substantial increase after the first optimize phase
and continues to increase afterwards and staying high. This dramatic degradation in query
performance post-optimization for Hudi MoR suggests that its "merge on read" strategy, rather
than being aided by compaction, might be burdened by it, or that the resulting file structure from
its maintenance and optimization phases becomes increasingly complex for read operations,
leading to persistent and escalating overhead.

Both Iceberg configurations demonstrate consistently low and stable query latencies from
the start, establishing them as the top performers for read operations. This near-perfect stability
and efficiency, both before and after optimization, highlight Iceberg's robust ability to handle
updates efficiently without compromising read performance.

Figure 7.5 displays the latency for the optimize phase, which compacts small files into larger

ones to improve query efficiency. Delta Lake's configuration exhibits a remarkable and significant
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decrease in latency across the optimize phases. It starts with a higher latency in optimize_1
and then drastically reduces its optimize time for optimize_2 and optimize_3. This suggests that
while Delta Lake's data maintenance operations might initially produce a lot of small files or
fragmentation, its explicit optimize command is exceptionally effective and efficient at cleaning
up this state, achieving a highly optimized file layout quickly after the initial larger compaction.

Both Hudi's CoW and MoR strategies demonstrate very high initial latencies for optimize_1.
While optimize_2 and optimize_3 show an improvement compared to optimize_1 for both, their
latencies remain high compared to Delta Lake's and Iceberg's optimize times. This indicates that
Hudi, regardless of strategy, requires more substantial and time-consuming compaction efforts
to maintain an efficient file layout. Hudi MoR's optimize latency even shows an increase again
in optimize_3, suggesting its complexity might grow over time.

Both Iceberg configurations show a behavior that is similar to Delta Lake's but consistently
better in latency. Both Iceberg's CoW and MoR drop to negligible levels of latency for optimize_-
2 and optimize_3 phases, highlighting their robust internal data organization and compaction
efficiency.

In summary, for workloads requiring continuous data maintenance, efficient compaction, and
stable query performance, Apache Iceberg provides a superior and more consistently resilient
solution. Its architecture seems best equipped to handle the combined demands of this type of

iterative workload.

7.3 Read/Write Concurrency

Up to this point, the sessions have been executed sequentially, utilizing all available resources.
However, LSTs are designed with concurrency in mind. In this section, we investigate the effects
of executing read and write sessions concurrently by employing WP3. Both WP2 and WP3
contain the same set and sequence of tasks; the only difference is that in WP3, the phases execute
Single User tasks concurrently with either Data Maintenance or Optimize. Consequently, WP2
serves as the baseline for evaluating execution speedup and overheads.

The core of this evaluation involves contrasting the observed concurrent completion time in

WP3 for a given phase against two critical WP2 baselines:

+ Ideal Concurrent Baseline (MAX(sequential_query_time, sequential_other_task_time)):
This theoretical minimum represents the best-case scenario where concurrent tasks
execute in perfect isolation, and the overall duration is simply dictated by the longest
individual task. Any duration in WP3 exceeding this value quantifies the overhead due
to contention, locking, resource starvation, or inefficiencies in concurrency management.
A smaller positive difference indicates better isolation, while a larger positive difference

points to significant performance penalties.

« Total Sequential Baseline (sequential_query_time + sequential_other_task_time): This sum
represents the time taken if the two concurrent tasks were to run strictly one after another.
Comparing the WP3 concurrent time against this sum helps determine if the concurrent
execution provides any efficiency gain over a purely serial approach (i.e., Concurrent. WP3

< Total_Seq_Time), or if the overheads are so severe that concurrency actually results in a
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Figure 7.6. Performance of WP-3 Concurrent Data Maintenance and Single User phases (SF1000)

longer total duration than sequential execution (i.e., Concurrent_WP3 > Total_Seq_Time),

signifying a critical failure in concurrency management.

By applying this comparative framework across all configurations and phases, we can
accurately identify which LSTs are genuinely "concurrency-performant.” Formats that exhibit
minimal positive overhead relative to the ideal concurrent baseline (i.e., Concurrent. WP3 is
close to MAX(sequential_times)) demonstrate superior architectural design for parallelism,
effectively isolating concurrent operations. Conversely, LSTs showing significant positive
overheads, especially when Concurrent. WP3 approaches or exceeds the Total Seq Time,
indicate substantial bottlenecks and resource contention issues that severely limit their practical
utility in concurrent environments. This rigorous comparison thus serves as the definitive metric
for evaluating an LST's ability to maintain performance, predictability, and stability under the
shared resource demands of modern data architectures.

The evaluation of concurrent Single User queries and Data Maintenance operations is
depicted in Figure 7.6. A general trend observed across all configurations is that true "speedup”
(where concurrent execution is significantly faster than the longest individual sequential task)
is not achieved. Instead, the focus shifts to how effectively each LST minimizes the overhead
introduced by running these demanding tasks in parallel.

Apache Iceberg (both CoW and MoR) stands out as the most robust performer. Both
configurations consistently demonstrate exceptionally low overheads, with concurrent completion
times only marginally exceeding the duration of their longest sequential component. This
indicates highly effective isolation between concurrent update and query operations, allowing
both to progress with minimal mutual interference. Iceberg's architectural design appears well-
suited to handle the inherent resource contention of concurrent data maintenance and query

workloads.
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In contrast, both Delta Lake CoW and Apache Hudi (CoW and MoR) exhibit considerable
challenges in this concurrent scenario. For Delta Lake CoW, the concurrent completion times
are often similar to or slightly higher than its already substantial sequential Data Maintenance
latency. This suggests that its inherent inefficiencies in updating data, identified in WP2, become

the primary bottleneck even when queries run concurrently, introducing noticeable overhead.

The most severe degradation is observed with Apache Hudi, particularly its MoR configu-
ration. Both Hudi CoW and MoR show rapidly escalating concurrent latencies. Crucially, for
Hudi MoR, the concurrent completion times in later iterations are not only significantly higher
than the longest individual sequential task but also exceed the sum of their sequential execution
times. This indicates a critical failure in concurrency management, where parallel execution
introduces massive contention, leading to performance that is worse than if the update and query
tasks were simply run one after another. Hudi CoW also experiences high concurrent latencies,
primarily tracking its already high sequential Data Maintenance costs, but without the extreme

compounding overhead seen in Hudi MoR.

The concurrent execution of Single User queries and Optimize phases is shown in Figure
7.7. Apache Iceberg (both CoW and MoR) again demonstrates superior efficiency. Following an
initial, moderate overhead for the first optimize phase, both Iceberg configurations achieve near-
ideal concurrent performance in subsequent iterations. Their concurrent completion times drop
to levels very close to their already minimal sequential query latencies. This signifies that once
the initial compaction is managed, Iceberg's subsequent lightweight optimize operations have

virtually no discernible impact on concurrent query performance, showcasing excellent isolation.

Delta Lake CoW exhibits a pragmatic approach to concurrency during optimization. After an
initial moderate overhead, its subsequent concurrent optimize phases complete in times that are

only slightly higher than its sequential query performance, and well below the total sequential
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Figure 7.9. Time Travel workload structure

sum. This implies that while its optimize phase, once highly efficient in WP2, does introduce a
small, measurable overhead to concurrent queries, it is generally manageable and does not lead
to severe degradation.

Conversely, Apache Hudi (both CoW and MoR) struggles significantly with concurrent
optimization. Both configurations exhibit substantial overheads, with concurrent completion
times often considerably higher than the longest individual sequential task. For Hudi MoR, this
overhead is particularly pronounced and escalating, where later concurrent optimize phases
again take longer than the sum of their sequential counterparts. This highlights persistent
contention and inefficient resource sharing, making concurrent optimization a bottleneck that
severely impacts query performance. Hudi CoW also faces notable overheads, although not
as extreme as MoR, indicating that its compaction process, even when run concurrently, is
resource-intensive and prone to contention.

In essence, for environments where reads, writes, and maintenance tasks must run in parallel,
Apache Iceberg provides the most reliable and efficient foundation, ensuring stable performance

and minimal degradation.

7.4 Time Travel

A critical feature of modern Data Lake Table Formats is the ability to perform "time travel"
queries, allowing users to access historical versions of data, reconstruct past states, or debug
changes. This section evaluates the performance of such queries. To better clarify which data
are queried at each phase, Figure 7.9 illustrates the structure of the Time Travel workload. It is
important to note that Apache Hudi, as mentioned in a previous chapter, is not represented in

these time travel benchmarks, as the selected version does not support this feature.
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All the phases of the Time Travel workload results are shown on Figure 7.8. Apache Iceberg
(both CoW and MoR) demonstrably offers vastly superior time travel performance. Its low and
stable latencies for both initial data setup and subsequent historical queries make time travel a
highly practical and efficient feature. This strength can be attributed to its metadata management,
which is optimized for quick access to various table snapshots, regardless of the data's age.

Delta Lake, while supporting time travel, incurs a substantial and consistent performance
penalty. Its query latencies for historical versions are significantly higher than Iceberg, suggesting
that accessing past states introduces considerable overhead. This might make frequent or
interactive time travel queries less viable for performance-critical applications using Delta Lake
in this configuration.

In summary, for use cases demanding efficient and fast access to historical data states, Apache
Iceberg proves to be the leading solution, offering predictable, low-latency time travel capabilities

that are essential for auditing, debugging, and advanced analytics.
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Conclusion

In this paper, we presented a comprehensive performance evaluation of three leading Data
Lake Table Formats (LSTs): Delta Lake, Apache Hudi, and Apache Iceberg. The study leveraged
the Ist-bench benchmarking suite, executed on Apache Spark over HDFS, to systematically assess
these formats across critical dimensions: longevity during frequent data updates, resilience
during sequential data operations, performance under concurrent read/write workloads, and
the efficiency of time travel queries. The experiments were conducted in a virtualized cloud
environment, reflecting common modern deployment scenarios.

The study underscores that while LSTs fundamentally enhance data lake capabilities, their
implementations vary dramatically in their efficiency and architectural resilience. Apache
Iceberg consistently demonstrated the most robust and efficient performance across all critical
dimensions, proving to be the most "concurrent-ready" and resilient solution for dynamic data
environments. Delta Lake, while functionally rich, faces performance challenges in update-heavy
and time travel scenarios that demand careful workload analysis. Apache Hudi, particularly
in concurrent and update-intensive workloads, exhibited significant scalability and contention
issues, indicating areas for further optimization to meet the demands of modern data architectures.
These findings are crucial for architects and practitioners facing the complex decision of selecting
an appropriate lakehouse architecture, tailored to their operational needs and data volume,
providing the practical insights necessary for informed decision-making.

It is important to acknowledge that the versions of the LSTs utilized in this study—Delta
Lake 2.2.0, Apache Hudi 0.12.2, and Apache Iceberg 1.1.0—correspond to those supported by
LST-Bench. Given the rapid pace of development in the open-source data lake ecosystem, these
technologies continually evolve, introducing new optimizations, features, and performance
improvements with each release. Therefore, while our findings provide a valuable and rigorously
established snapshot of their performance characteristics under the tested conditions, it is
plausible that more recent versions may exhibit different behaviors. Nevertheless, this work
offers crucial architectural insights into the design trade-offs and underlying performance
drivers of these prominent LSTs. It highlights fundamental strengths and weaknesses that are
often indicative of their core design principles, thereby furnishing practitioners and researchers
with a foundational understanding necessary for informed decision-making and guiding future
development efforts in the ever-evolving landscape of data lake architectures. The rapid evolution
of these data lake table formats ensures that continuous evaluation and adaptation remain

paramount for optimal data management strategies.
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