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EONIKO METZOBIO NMOAYTEXNEIO

2XOAH HAEKTPOAOIQN MHXANIKQN KAI MHXANIKQN YMOAOTIZTQN

TOMEAZ TEXNOAOTTAZ NMAHPO®OPIKHZ KAI YMNOAOTIZTQN
EPFAZTHPIO ZYZTHMATQN BAZEQN TNQZEQN KAI AEAOMENQN

Mpotewvopeva Ocpata AUTAwHATIKWY Epyaciwy
©Anuntplog Tooupakog, ®Owonwpo 2024

Ofpa 1
TitAog (EAAnVIKQ): YAomoinon aAyopiBuwv avalntnong o Alavuopatiky Baon Aedopévwy
TitAog (AyyAwa): Implementation of state-of-the-art similarity algorithms in a Vector Database
EmBAEnwv: AnunRtpLog TOOUHAKOG
Ertpornt)(+2 péAn): I. fkovpag, N. Kolupng
Zuoxeti{opevo Madnpa: | NMpoxwpnuéva Ocuara Baocewv Aedopévwv
Anapaitnteg NVwoeLg: Baoelg Aedopévwy, Machine Learning
EmiBupuntég Nvwoelg: MPoypPaUUATIONOC ZuoTNUATWY, Mpoxwpnuéva Oépata BA
Vector Database
B ' ®
® ©
Content | ]
7 oty Vector Embedding
Model 1039, -1.2, 0.39, 1.3, ... -0.03,1.14]

Query Result

Zovtoun nepypadn:

Mia Atavuopartiky Baon Asdopévwy (vector database [1, 2, 3]) sival éva cUotnua Stoxeiplong Baoswv
Sebopévwy Tou €xel oxeblaotel 161KA yla TNV amoBbrkeuaon, TNV gUPETNPLlacn KoL TNV ONMOTEAECUATLKN
avaktnon Stavuopatikwy dedopévwv uPnAng didotaonc. Ta Stavuopatika dsdopéva (vectors) eival a-
VOTIOPOOTACELG QVTIKELWEVWV 1) OVTOTATWY WG dlaviopata onueiwv og évav moAudlaotato Xwpo. Autd
propoUV va poépyovtal and SLddopeg MNYEG, OTWG N EVOWUATWON KELLEVOU, ELKOVWV I AAAwv SeSopé-
vwv (embeddings). Ot Slavuopatikég Baoelg dedopévwy mapexouv: Avalntnon opoLdTNTAG Yid TTOPOLOL
Stavuopara (m.y., mapopola éyypada f ELKOVEC), UTMOCTAPLEN Yot EDAPHUOYEG UNXAVIKAG LABNONG Kal U-
PnAa KAlpakoUpevn anodoon: H avalitnon mapdpolwy avilkellévwy (similarity search) amoteletl to ke-
VIPLKO onpelo TNG SUTAWHATIKAG. Mia avalAtnon o€ pia dlavuopatiky Baon pnopet va unootnpxtel anod
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ToAAEG ueBodoug, m.y. Nearest Neighbor Search (NNS). To NNS pnopei va unmootnpiytet and doun nivako
1 6évépou/ypadou.

TNV mapovuoa AUTAWLOTLKI) KAAOUUOOTE Vol LEAETHOOUE Ta aKOAouBa:
1. YAomnoinon Stadopetikwv alyopiBuwv avalntnong (m.x., [8,9]) Baoctlopevwy oto NNS
xpnotpomnotlwvtag tnv BLBALoOnkn faiss [6, 7],
2. eni Sadopetikwv UMWV dedopévwy (structured, semi-structured, kat unstructured), kot
3. oUykplon XpOvou eKTEAECNG TOUG KAl TNG akpiBeLag avalTnong TWV OVTLKELULEVWV.
Zav napddelypa pnopeite va deite tnv ulomoinon oto [10].

Evéeiktikny BipAoypadia:

[1] https://www.pinecone.io/learn/vector-database/

[2] https://www.ibm.com/topics/vector-database

[3] https://www.datacamp.com/blog/the-top-5-vector-databases

[4] Faiss, https://github.com/facebookresearch/faiss/tree/main

[5] Douze, Matthijs, et al. "The faiss library." arXiv preprint arXiv:2401.08281 (2024).

[6] Jin, Yicheng, et al. "Curator: Efficient Indexing for Multi-Tenant Vector Databases." arXiv preprint
arXiv:2401.07119 (2024).

[8]Cong Fu and Deng Cai. 2016. EFANNA : An Extremely Fast Approximate Nearest Neighbor Search Algorithm
Based on kNN Graph. https://doi.org/10.48550/arXiv.1609.07228

[9] Yury A. Malkov and Dmitry A. Yashunin. 2018. Efficient and robust approximate nearest neighbor search us-
ing Hierarchical Navigable Small World graphs. https://doi.org/10.48550/ arXiv.1603.09320

[10] Curator, https://github.com/hatsu3/curator/tree/main
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TitAog (EAAnViKa): Evowpdtwon Atavuopatikng Baong AeSopévwy oto Zuotnua Apollo
TitAog (AyyAwa): Vector Database Integration with Apollo

EmuBAEnwV: AnuNtplo¢ TOOUUAKOG

Ermutponti)(+2 péAn): I. fkovpag, N. Kolupng

Zuoxet{opevo Madnpa: | NMpoxwpnuéva Oéuara Baoewv Asdopévwv

Anapaitnteg NVWoeLg: Baoslg Asdopévwy, Machine Learning

EmOupntég Nvwoeig: MPoypPaUUATIONOC ZuoTNUATWY, Mpoxwpnuéva Oépata BA

Vector Database

Vector Emlaeplohv\g

[0.3¢, -1.2, 0.3¢, 1.3, ... ,-0.031.14]

Query Result

Z0vropun nepypadn:

Mua Atavuopartiky Baon Asdopévwy (vector database [1, 2, 3]) sival éva cUotnua Stoxeiplong Pacewv
Sebopévwy Tou €xel oxeblooTel 161KA yla TNV amoBbrikeuaon, TNV gUPETNPLAcn KoL TNV AMOTEAECUATLKN
oavaktnon Stavuopatikwy dedopévwv vPnAng didotaonc. Ta Stavuopatika dedopéva (vectors) sival a-
VATIOPOOTACELG QVTIKEWWEVWV ] OVTOTATWY W¢ Staviopata onpeiwv os £vav moAudldotato xwpo. Autd
propoUv va poépxovtal and SLadopeg NYEG, OTIWG N EVOWUATWON KELWEVOU, ELKOVWV 1) AANwv SebouE-
vwv (embeddings). Ot Stavuopatikég Baoelg deSopévwy Ttapexouv: Avalntnon opoLoTNTAG YLl TTOPOUOoLd
Stavuoparta (m.y., mapopola éyypada f ELKOVEC), UTOCTAPLEN YLa EDAPHUOYEG UNXAVIKAG LABNONG Kal U-
PYnAd kKAlpakoULuevn anodoon.

To cVvotnua Apollo Tou gpyaotnpilou [4] emttuyxavel povtéAa mpoPAeNG aVAAUTIKWY TEAECTWVY HE aKpi-
Bela. Xpnowpomolwvtag avalntnon opolotntag avapeoa oto Stabgatpa dedopéva, urmopolpe va Bpolpe
Ta o KAtdAAnAa dedopéva BACEL TOU TEAEOTN KOL VA TOV LLOVIEAOTIOL|COUE UE HEYAAN akpifela Kot
taxutnta ([5, 6]).

YTNV mapoloa AUTAWPATLKI) KAAOUUOOTE va LEAETHOOUE Ta akOAouBa:
1. Evomoinon uia povtépvag Vector Database yla amoBrikevon Kal EMepwtnon SLAVUCUATWY CXETL-
KWV He Ta Slabéoua Sedopéva (mivakeg Kal ypadot).
2. JUykplon amdSoong Tou VEOU CUCTAUATOCG LE TO UTIApXOoV TTAaialo.

Evdewtiki BifAloypadia:

[1] https://www.pinecone.io/learn/vector-database/

[2] https://www.ibm.com/topics/vector-database

[3] https://www.datacamp.com/blog/the-top-5-vector-databases

[4] https://dtsouma.github.io/armada/

[5] T. Bakogiannis, |. Giannakopoulos, D. Tsoumakos and N. Koziris: Apollo: A Dataset Profiling and Operator
Modeling System. In Proceedings of the 2019 ACM SIGMOD/PODS International Conference on Management of
Data, June 30 - July 5, 2019 Amsterdam, The Netherlands.

[6] T. Bakogiannis, |. Giannakopoulos, D. Tsoumakos and N. Koziris: Predicting Graph Operator Output over Mul-
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tiple Graphs. In Proceedings of the 19th International Conference on Web Engineering, June 11 - 14, 2019, Dae-
jeon, Korea.
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Ofpa 3

TitAog (EAAnViKa): BeAtlotonoinon anodoong BA pe xprion AutoML og oxéon pe UTIAPXOUOEG
MLADB texVIKEG

TitAog (AyyAwa): DB performance optimization using AutoML vs. existing ML4DB techniques

EmuBAEnwy: AnpNtpLog TOOUAKOG

Erictpond (+2 péAn): I. fkovpag, N. Kolupng

Tuoxetl{opevo Madnua: | Npoxwpnuéva O¢pata Bacswv AsSopévwv

Anapaitnteg NVwoelg: Baoelg Aedopévwy, Machine Learning

EmiBupntég Nvwoelg: Texvntn Nonuoolvn, Npoxwpnuéva O£pata BA

Zovtoun nepypadn:

H autopatomolnuévn pnxavikny padnon (AutoML) eivat n dtadikacia autouatonoinong Twv gpyocilwv
edbappoyng UNXavikng Habnong os MPofANUOTA TOU TPOYHUATIKOU KOopou. To AutoML mepthappavel
SuvnTikd KaBe otadlo amod TNV apxn £WE TNV KATAOKEUT EVOC LOVIEAOU LNXOVIKAG LABNoNG Kot otoxeleL
va eTTpEéPeEL o€ Un €8LKOUG va KAVOUV XPHON MOVIEAWV KOl TEXVIKWV HNXOVIKAG €Kpadnong. H
autoparonoinon tng Sladlkaciog MPooPEpeL EMUMAEOV T TTAEOVEKTAATA TNG TAPAYWYNG AIMAOUCTEPWV
AOoswv, TaxuTtepnG Snuoupyilag autwy Twv AVCEWV KOl LOVIEAWY TIOU CUXVA UTIEPTEPOUV TWV HOVTEAWY
Tou £xouv oxedlaotei/emileyel e Un aAUTOUATO TPOTO.

To MLADB (Machine Learning yla Bdoelg Aedopévwy) eival évag avaduopuevog TOPENS TTIOU OTOXEUEL 0TV
aflomoinon TEXVIKWY UNXAVIKAG HABNoNG yla ToV aUTOUATIoNO Kat TN BeAtiotomnoinon dltadopwy mTuywy
TWV ocuotnpatwy Bacswv dedopévwy. H Baotkn Wéa miow and to MLADB eival n xprion HOVTEAwWV Kot
OAyopiOUWY UNXOVIKAG LABNGONE YL VO AVTLKATOOTHOOUV i} VO eVICXUOOUV TLG TOPaSOCLAKES TIPOCEYYLOELG
nou PBaocilovtal oe kovoveg yla tn Slaxeiplon kat BeAtiotonoinon Bdoswv Sedopévwy. H évvola tou
ML4DB prmopei va edappootel oe Slddopa otadla omwe: Puduion Baocewv Asbouévwv, Emidoyn
Eupetnpiwv kat Quotkoc Sxeblaouog, BeAtiotomoinon Epwtnudatwy, MNpoBAsyn @optiou Epyaciac ko
Atoyeipton Mopwv, KA.

Mta oAU avaAuTikn mapoucioon Katl cUykplon AUoswv ML4ADB €xeL Snuooteutel mpoodata [2] pe kwdka
Kol 6ebopéva olykplong avolkta [3]. 2e auth TN SUTAWMATIKY, KAAE(OTE va XPNOLUOTIOLOETE HEPOG TNG
0€LOAOYNONG AUTAC WOTE VO BUYKPIVETE UTIAPXOLOEC AUOELG e TN SLKN oo ou Ba xpnotlpomnolel AutoML,
oe €va n meploodtepa otadla PeAtiotomoinong (m.y., index selection, cardinality estimation, cost
estimation, etc).

Evéewtiki BifAloypadia:
[1] https://www.automl.org/automl/

[2] https://dl.acm.org/doi/abs/10.14778/3636218.3636235?casa_token=56rG_ HUGdHYAAAAA:M9L-
JKpcLKzLz6uJCEtnXko1FvfsLpBRY1teTwlliuiSes|IBnKWLw9J4nSU6M6gF0AbuvLTX BWX

[3] https://github.com/zhaoyue-ntu/qp evaluation
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TitAog (EAAnVIKQ): BeAtiwon Notdtntag Avahutikig Kelpevikwy Aedouévwy He Xpron
Evowpatwoswv

TitAog (AyyAwka): Improving Text Analytics Quality using Document Embeddings

EmBAEnwv: AnuntpLo¢ TOOUUAKOG

Ermutpont)(+2 péAn): ABavaoilog BouAodnuog, Mewpylog Nkoupag

Tuoxetl{opevo Mabnua: | Npoxwpnuéva Ouata Baoswv AsSopévwv

Anapaitnteg NVwoelg: Bdoelc AsSopévwy, Mnxavikn Madnon

EmiBupntég Nvwoelg: MNpoxwpnuéva O¢pata BA, Texvntr Nonuoolvn

Mtua A£En, XPNOLUOTIOLWVTOG £Va HOVIEAO UNXOAVIKAC HABnong [1], umopel va petaoxnuatiotel os éva
Slavuopa, JE TIG TILO ONUAVTLIKEG TIAnpodopieg va KwoLKOTIOLOUVTAL UE AUTOV Tov Tpomo (word embed-
ding). To 610 umopetl va mpaypatomnotndei divovrag pia oAokAnpn mapaypado f KELEVO TO omoio pmopel
va Ba avamapaoctabel mAéov oe €va Slavuopatiko xwpo (document embedding, m.x., [2, 3]).
Xpnolyomnolwvtag ouykplon avapeoo os dlabgopa dedopéva, to cuotnua Apollo tou epyactnpiou [4]
ETUTUYXAVEL HOVTEAQ TTPOPAEPNG aVAAUTIKWY TEAECTWY UE akpifela. Xpnowomowvtag document em-
beddings kot avalnitnon ouolotntag, UmopoUUe vo PpoUpe ta mo KatdAAnAa Ssdopéva Pdon tou
npoBARuartog mou B£Aoupe vo AUGOUUE VO LOVTEAOTIOLOOU UE AVAAUTIKOUC TEAEOTEG yia NLP analysis.

Ztnv napovoa AUTAWHATIKA KAAOULOOTE Vo LEAETHOOUE Ta akOAouBa:

1. EUpeon ouvolwv 6ebopévwyv Kol petatpomnn toug oe document embedding Slavuouota
XPNOLLOTIOLWVTAG TIPO-eKTaLdsUEVA BaBLd veupwvika Siktua aypung (r.x. [3])

2. Avavéwan Tou Tpomou mou Asttoupyel to Apollo wote va xpnotpomnotlovvral ta document embed-
dings.

3. Movtehomnoinon kat pEtpnon akpifelag teAeotwv NLP

Evéewtiki BifAloypadia:

[1] Mikolov, Tomas. "Efficient estimation of word representations in vector space." arXiv preprint
arXiv:1301.3781 (2013).

[2] Le, Quoc, and Tomas Mikolov. "Distributed representations of sentences and documents." International
conference on machine learning. PMLR, 2014.

[3] Doc2Vec, https://github.com/inejc/paragraph-vectors

[4] https://dtsouma.github.io/armada/
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TitAog (EAAnViKa): MNpo6PAePn Nowdtntag Zuvolwy Asdouévwy e Xxprion tou Data Shapley
TitAog (AyyAwa): Predicting Dataset Quality Using Data Shapley

EmuBAEnwV: Anuntplo¢ TOOUUAKOG

Ermutponti)(+2 péAn): ABavaoilog BouAodnuog, Mewpylog N’koupag

ZTuoxetil{opevo Madnua: | Mpoxwpnuéva OEpata Baoewv Asdopévwv

Anapaitnteg NVwoelg: Bdaoelg AeSopévwy, Mnxaviki Madnon

EmiBupntég Nvwoelg: MNpoxwpnuéva O¢pata BA, Texvntr Nonuoolvn

To Data Shapley [1] elval pia évvola amoé tn Bewpio cuvepyatikwy Talyviwy, mou edappoletal otn
UNXaQVLKA padnon ylo tov dikalo umoAoylouo tng «aflagy r tng «onuaociag» kabe eyypadng Sedopévwv
péoa o€ éva oUvoAo eSopévwy. ZUVomTLkd, To Data Shapley Asttoupyel wg €€NG:

e Bdon tng twung Shapley: Zto Data Shapley, kdBe delypa dedopévwy Bewpeital wg «maiktng» mou
OUUBAMAEL otV akpiBela r TNV anddoon evog LOVTEAOU.

e Avayvwplon onuovtikwyv Selypatwv: To Data Shapley BonBd va mpoodloplotel mota Ssiypata
SeSopéVwY Elval TTILO CNUOVTLKA yLa TV amodoon tou povtédou. Me Tov TpOTIO QUTO, UMOPOULE
va anodaciooupe, ya mapadelypa, mota S€Sopéva va KPATHOOUUE 1 va o.palpECOULE yLo va
BeAtiwooupe tnv amodoon ) TNV armodoTIKOTNTA TOU POVIEAOU.

e Aikaiwn Koatavoun Atlag: To Data Shapley emitpénel tov 6ikalo umoloylopo tng afiag kabe
Selypartog, kATl mou pmopel va BonBroel otn Snuloupyia oTPOTNYKWY OVAAUONG KAl EAOYNG
Sebopévwy, el8IKA OE TTEPUTTWOELSG OTIOU Xpholpomolouvtol Sebopéva amod SLadOopPETIKES TINYEC UE
Sladopetikn moldtnTa f MAnPOTNTA.

TNV mapovl o AUTAWLOTLKY) KAAOUUAOTE Vo LEAETHOOUE Ta akoAouba:

1. Eméktaon tng évvolag amod £va OTOLXELO EVOG CUVOAOU OTNV EUPECH ULAG TIUAG VL0 EVOL OAOKANPO
dataset (6&ite m.X., KATL OXETKO 6w [2])

2. AmnodoTtikn (Kevrplkomolnpévn A Kot Kataveunpévn) ulomnoinon tou aiyopibpou oto frua 1.

3. EmBepaiwon tng opBoTNTAC KAl TNG TTOLOTNTAS TNG UAOTOiNoNG péow olyKpLong e xprion tou [3].

Evéswtiki BifAloypadia:

[1] Data Shapley: Equitable Valuation of Data for Machine Learning. Amirata Ghorbani, James Zou.
https://proceedings.mlr.press/v97/ghorbanil9c/ghorbanil9c.pdf

[2] DU-Shapley: A Shapley Value Proxy for Efficient Dataset Valuation. Felipe Garrido-Lucero, Benjamin
Heymann, Maxime Vono, Patrick Loiseau, Vianney Perchet. https://arxiv.org/pdf/2306.02071

[3] https://dtsouma.github.io/armada/
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TitAog (EAAnVIKQ): Ynuaotoloyikn Kpuren Asdopévwy os NepBalhovta Cloud/Edge
TitAog (AyyAwka): Semantic Caching in Cloud/Edge environments

EmuBAEnwv: Anuntplog Tooupdkog & Laurent d’Orazio, Univ Rennes, CNRS, IRISA
Emutponn): A. Nvevpatikarog, I'. Fkoupag

Zuoxetil{opevo Madnua: | Mpoxwpnuéva OEpata Baoewv Asdopévwv

Anapaitnteg NVwoelg: Bdaoelg Aedopévwy, Mnxaviki Madnon

EmiBupuntég Nvwoelg: MNpoxwpnuéva O¢pata BA, Katavepnuéva Juotiuoto

Z0vroun nepypadn:

Digital transformation has led to unprecedented data generation creating both opportunities and
challenges. In particular, the convergence of cloud computing and Big Data technologies have attracted
increasing attention during the last decades. According to the market research organization
MarketsandMarkets, the global big data market was estimated to be valued at $162.6 billion in revenue in
2021 and is projected to reach $273.4 billion by 2026, growing at a CAGR of 11.0% from 2021 to 2026.
Domains of application include the Internet, social networks, healthcare, smart cities and in particular
vehicles/transports, smart agriculture, telecommunication or security monitoring.

Problem

This thesis aims to propose strategies for Big Data management with respect to multi-objective
optimization, in particular considering quality.

Semantic caching makes it possible to add knowledge in a cache and thus increase the usability of its
content. In the context of cloud computing in general and fog/edge computing in particular, semantic
caching may be promising in order to balance the load over the global environment. Unfortunately,
semantic caching may induce overhead and/or sometime be not necessary, in particular if part of the
required data is absent from the cache. Nevertheless, existing results may be enough in some cases. This
thesis will address this problem, trying to define some strategies in particular when, even if answers are
not complete, the current quality is enough to not trigger additional processing on some data centres
and/or edges.

Validation:

To validate the different contributions, experiments will be conducted on Grid5000
(https://www.grid5000.fr/), a large-scale and flexible testbed for experiment-driven research in all areas
of computer science, with a focus on parallel and distributed computing including Cloud, HPC and Big Data
and Al. Grid5000 (1) provides access to a large amount of resources: 15000 cores, 800 compute-nodes
grouped in homogeneous clusters, and featuring various technologies: PMEM, GPU, SSD, NVMe, 10G and
25G Ethernet, InfiniBand, Omni- Path; (2) is highly reconfigurable and controllable: researchers can
experiment with a fully customized software stack thanks to bare-metal deployment features, and can
isolate their experiment at the networking layer; (3) provides advanced monitoring and measurement
features for traces collection of networking and power consumption, providing a deep understanding of
experiments; (4) is designed to support Open Science and reproducible research, with full traceability of
infrastructure and software changes on the testbed and (5) gathers a community of 500+ users supported
by a solid technical team.
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Anapaitnteg NVwoelg: Bdaoelg AeSopévwy, Mnxaviki Madnon
EmiBupntég Nvwoelg: MNpoxwpnuéva O¢pata BA, Katavepnuéva Juotiuoto
Z0vroun nepypadn:

Digital transformation has led to unprecedented data generation creating both opportunities and
challenges. In particular, the convergence of cloud computing and Big Data technologies have attracted
increasing attention during the last decades. According to the market research organization
MarketsandMarkets, the global big data market was estimated to be valued at $162.6 billion in revenue in
2021 and is projected to reach $273.4 billion by 2026, growing at a CAGR of 11.0% from 2021 to 2026.
Domains of application include the Internet, social networks, healthcare, smart cities and in particular
vehicles/transports, smart agriculture, telecommunication or security monitoring.

Problem

This thesis aims to propose strategies for Big Data management with respect to multi-objective
optimization, in particular considering quality.

Fuzzy joins are filters for similarity joins in a large-scale environment. Our experimental results have
shown that there is a clear trade-off between the flexibility the user would like to allow in particular the
semantic distance he would like to consider and the performance (the longer is the distance, the more
expensive is the join process). In this thesis, the goal would be to include the concept quality into the
similarity join process.

Validation:

To validate the different contributions, experiments will be conducted on Grid5000
(https://www.grid5000.fr/), a large-scale and flexible testbed for experiment-driven research in all areas
of computer science, with a focus on parallel and distributed computing including Cloud, HPC and Big Data
and Al. Grid5000 (1) provides access to a large amount of resources: 15000 cores, 800 compute-nodes
grouped in homogeneous clusters, and featuring various technologies: PMEM, GPU, SSD, NVMe, 10G and
25G Ethernet, InfiniBand, Omni- Path; (2) is highly reconfigurable and controllable: researchers can
experiment with a fully customized software stack thanks to bare-metal deployment features, and can
isolate their experiment at the networking layer; (3) provides advanced monitoring and measurement
features for traces collection of networking and power consumption, providing a deep understanding of
experiments; (4) is designed to support Open Science and reproducible research, with full traceability of
infrastructure and software changes on the testbed and (5) gathers a community of 500+ users supported
by a solid technical team.
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Z0vtoun nepypadn:

Ta LSM 6&évtpa eival pla moAu-eminedn Sopr, n omoia EMITOXUVEL ONUAVIIKA TO XPOVO ELOOYW-
vic/evnuépwonc dedopévwy eriPaAlovrag £va erMAEOV KOOTOC KOTA TNV emepwtnon. H peydin toxutn-
TO TTOU TTPOOohEPOUV KATA TNV eyypadn, Ta £xel kablepwoel wg tnv de facto texvoloyia yia tn dtoxeipion
NG KATAoTaong Twv TeEAEoTWVY (operators’ state) ota cuotiuata enefepyaciag powv, 6mou cuvnbwg ma-
patnpeital moAu uPnAog pubuog apLeng véwv deSopévwy.

MapadooloKa, n oPXLTEKTOVIK £VO¢ LSM opilel 6Tl To mpwto eminedo tou §évtpou Bpiloketal otnv KUpLA
UvAUN evw OAa ta untdhouta oto Sioko. Moapola autd, n cuxvh PocPach oto SioKo eLCAYEL HEYANEC KO-
Buotepnoelg KL v TEAEL UIMOpPEL VAL «OKOTWOELY TNV £nioon oAOKANPOU TOU stream processing cuoTAUA-
T0G.

TNV SumAwpatikn autr Ba SlepeuvoOUE TTWE UITOPOULE VA BEATLOTOMOLCOUE TA CUCTHOTA EMEEEP-
yaoiag powv, evowpoatwvovtog SladopeTikég texvoloyieg anobrnkeuvong (myx, DRAM, NVMe, SSD) ato 1610
LSM.

Mo CUYKEKPLUEVA, O OTOXOG TNC SUTAWLATIKAG elva:

1. MEeAETN TWV XOPOKTNPLOTIKWY TNG emidoong evog LSM Sévtpou yia SladopeTIKES TexvoAoyieg a-
noBnkeuong

2. Xxebloon aAyopiBuwyv mou kavouv BEATIOTN Xprion Twv SLaBEoiuwy HECwVY amobrkeuong

3. YMlomoinon kat afloAoynon Twv aAyopiBuwv os éva state-of-the-art kataveunuévo cvoTnUa emne-
Eepyaoiag powv dedopévwy (my, Apache Flink).
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