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1. Apyitektovikr YROAOYloT®V

1.1 IoT Security Integrity

To Confidential Computing (1§ Trust Computing) eivow éva. 6OVOAO PNYAVIOR®V TTOL €YyyLOVTOL THV
acPaAEL KoL TNV akepodTnTa Tov software kai Tov hardware. Zta mAaicio avtg TG SITAWHATIKNG
mpoteiveTan 1 evaoxOAno pe kai 1 e€epedvnon tov CC, kupiwg

« Mnyaviopoi Security yuo low-end devices o€ IoT - Remote Attestation (RA): E€epedvnon, perétn
KoL 6UYKPLOT) LITAPYXOVGWV AVGEWY, avayvaplon kevov. EEepedvnon mpaypaticdv use Eval-
Aok Ticol pnyoavicpol ao@aleiag, eAdyioteg apyitektovikég acpaieiag [1,2]. Use Case Analysis
TWV VIIAPYOVOWV VAOTIOLOEWY GE TPAYHOATIKG TEPPAAAOVTA, cUYKPLOT] Kol HEAETT ADGEWY,
avayvoplot kevav. Epevva vlomooewv o embedded IoT yio moAAarAé domain (1.y. automotive,
healthcare, intermittent, space KA) Kot GOYKPLOT) TV YOUPAKTNPLOTIKOV TOGO TWV CUGKELHOV
000 KOL TOV HNXOAVICHOV AcQaAEing TOVG.

« Mnyaviopoli Security yio low-end devices oe IoT - Control Flow Integrity xai Control Flow
Attestation (CFI/CFA): yiox embedded low-end devices. MeAétn kau ertéxtaomn pnyaviopdv CFI/CFA,
HEAETT) KO ETTEKTOGT) DAOTIOLGEWY TOVG G€ EVOWHATOHEVO cuoTHRaT [3].

Iapomopnég:
[1] Sproge Banks, M. Kisiel, and P. Korsholm. Remote attestation: A literature review.
[2] T. Yagawa et al. Delegating Verification for Remote Attestation Using TEE.”
[3]C-FLAT: Control-Flow Attestation for Embedded Systems Software

Yyxetikd Mabnipata: Apyitektovikn Yroloyiotov, [ponypéva Oépata Apyitektovikng YToAoylotodv

Emwcorvovia: Poifog HAMadg, filiadis@cslab.ece.ntua.gr
Awovidong Ivevpaticatog, pnevmati@cslab.ece.ntua.gr

1.2 Ewovikomoinon kot Stapotpacpog nopwv cuvotnpatwv FPGA

Ot FPGAs kepdilovv Ao kot meplocdtepo £8aPOSC GTO VITOAOYLOTIKO VEPOC, XOPT) OTNV ETLAVOITPO-
YPOHHATIOPEV PUOT] TOUG KOL TNV LKAVOTITA TOLG VO LITOGTNPLLOLY EMLTAYLVTEG LYNATG atddoong.
Q071000, 1) €LKOVIKOTTOINGT KoL 0 SLpolpacpog Twv Topwv plag FPGA Sev éyouv peletnOel exktevacg,
YEYOvOG mov 0dnyel ot pepikr) a€lomoinot Twv Topwv, kKab®g cuviBng Hovo évag XprioTng EXEL TPO-
ofaor oe avth. 2T6)X0G TNG SITAWHATIKNG elvor 1) SLepedivioT) TPOTWV SLPOLPAGHOV TV TOPWV HETOED
XPNOTAOV, 1 Lo PEALOT) TNG ATTOPOVOOTIG KoL Ao @aAeLoG HETOED TOVG, KOOGS Ko 1) av&ItTuEn TeXVIK®OV
ELKOVLKOTIOINONG OV B eMLTPETOLY GTOVG XPTjOTES Vo Bewpodv OTL elval OL HOVOL TTOL Y PTOLHOTTOLODV
TNV TAXTPOPHOL.

Yyxetikd Mabnpata: Apyitektovikn Yroloywotodv, [ponypéva Oépata Apyitektovikng YToAoylotodv

Emwcorvovia: Hoavayidtng Mniadng, pmiliad@cslab.ece.ntua.gr
Awovbong [vevpartikdrog, pnevmati@cslab.ece.ntua.gr


https://arxiv.org/pdf/2105.02466
https://ieeexplore.ieee.org/abstract/document/10628729/
https://dl.acm.org/doi/abs/10.1145/2976749.2978358
mailto:filiadis@cslab.ece.ntua.gr
mailto:pnevmati@cslab.ece.ntua.gr 
mailto:pmiliad@cslab.ece.ntua.gr%
mailto:pnevmati@cslab.ece.ntua.gr

1.3 MeAétn, avalvon kat vAomoinon Pedtiwoewv oe enegepya-
otég RISC-V

H RISC-V[1] apxitekToviKn €ivol pioe OVOLKTY) KO ETEKTAGLUN OLPYLTEKTOVIKT] GUVOAOL EVTOAGDV TTOUL
Eexivnoe va avantbooeton oto Havemotipo tov Berkeley to 2010 ko ad to 2016 AopPéver Sie-
Ovn} Tpocoxn) TG0 Ad TOV AKAdNUAIKO XWPO 060 Kol artd ToV XOPo TNG Propnyaviog, pe KatdAAnAn
vrooTthplEn oe A ta emimeda TG vtoAoyloTikng atoifag (VALKO, Aettovpykd cvoTnpa, PLPALod-
KEC, HETAYAWTTIOTEG, KTA). G OVOLKTY) KOl ETEKTAGLUN OPYLTEKTOVLKT] TPOCPEPETAL YL TNV EPELVAL
0€ AELTOVPYLKEG ETEKTAOELG, EVM TOAAEG LAOTIOOELG aVOLKTOU KMk eivan dpeoa Stobéopeg, dAdeg
amhovoTepeg pe ypoppikn in-order pipeline ko GAAeg peyarbtepwv emddoewv pe muprva ekTéAeong
EVTOA®V ekTOG oelpdc (out-of-order).
Stnv ovykekpipévn Bepatoroyio B aoyoAnbeite pe apxLTeEKTOVIKO TPOGOUOLWTY] TNG ETLAOYNG GOG
6mwg o gem>5[2] 1 o Firesim[3], pe oxomd tnv peAétn ovpmeprpopag/enidoong evog emeEepyootr) RISC-V.
To Oépata T omoia Oo kANOeite va pedetrioete Bo apopoV TV Lepapyiot KPLPOV PVIHAOV, TO GOGTNHO
Sroelplong ELKOVIKAG HVAHNG, TNV VAOTOLNOT)/avAALOT) ETEKTACEWY TNG OPYLTEKTOVIKAG Kal GAA.
INapamournég:

[1] RISC-V

[2] gem5

[3] FireSim
Yyxetikd Mabnpoata: Hponypéva Oépata Apyitektovikic Yrnoloylotdv, Epyaotriplo YmoAoyloTikodv
JvoTNHATOV

Emikowowvia: Nikog X. Iaradomovrog, ncpapad@cslab.ece.ntua.gr

1.4 Apyitektovikn YroAoyiotov kat Mnxavikn Mabnon

AlyopiBpor pnyovikig pabnong ta€vopnong (classification) ko tpoPAeyng (prediction) epoappolovron
KOT& KOvOVaL 0€ TOWELG OTTWG 1) OpAoT] VTTOAOYLOTOV, 1) emtekepyacia PLOIKNAG YA®OGAS K., TTETUY LI~
vovtog eviunwolakd arotedéopota. [TAéov, éxouv apyicel kol avEGVOVTAL OL TEPLTTHOCELS EQAPHOYT-
c/xpnong Toug yix tn PeAtinon tng idag tng emidoong evog LITOAOYLOTIKOV CUGTHHATOG.

IMbavég/Evdeiktikég epyaoieg:
« Epapuoyn alyopibuwyv unxavikns pabnong yix tn feAtioromoinon vroloyioTik®v ov-
onuarov. Hopadeiypoto amoteAovv PEATIOTOTOLGELS GTH XPTIOT) TWV KPLO®OV PVNHAV (caches

[1], prefetching [2]), oto pnyaviopd mpdPreymg SraxAadwdoewv (branch prediction), k.o aAlé

TPOCPATA KL OTNV QO PAAELL TWV GUOTNHATOV.
[1] Applying Deep Learning to the Cache Replacement Problem
[2] TransforMAP: Transformer for Memory Access Prediction
[3] Branch Prediction as a Reinforcement Learning Problem: Why, How and Case Studies
[4] AutoCAT: Reinforcement Learning for Automated Exploration of Cache-Timing Attacks
o Extédeon ML povtédwv oe IoT devices. Ta televtaia xpovia €xel dnuiovpyndei éva mAov-
010 OLKOGUOTNHA atd peydha, TOADTAOKO HOVTEAD, TO OTTOlo OHMG €XOVV TEPACTLEG QTTOLTT)-
0€LG TOOO GE LITOAOYLGTLKOVG TTOPOLG 000 KoL Ge PVTUn. ZTOX0 TNG epyacing amoteAel n mpo-

COPHOYT] KO EKTENEDT) TETOLWV HOVTEAWV OF EMEEEPYAOTIKA GUOTIUATA TEPLOPLOPEVOV TOPWV
(ARM/RISC-V based IoT devices) [5, 6, 7, 8].


https://en.wikipedia.org/wiki/RISC-V
https://www.gem5.org/
https://fires.im/
mailto:ncpapad@cslab.ece.ntua.gr
https://dl.acm.org/citation.cfm?id=3358319
https://arxiv.org/abs/2205.14778
https://arxiv.org/abs/2106.13429
https://hsienhsinlee.github.io/MARS/pub/hpca2023.pdf

[1] KWT-Tiny: RISC-V Accelerated, Embedded Keyword Spotting Transformer
[2] TinyLlama: An Open-Source Small Language Model

[3] bert-small

[4] MLPerf: Tiny Deep Learning Benchmarks for Embedded Devices

Yyxetikd MaOnpoata: ponypéva Oépata ApxLtekTovikic YIoAOYLOT®OVY

Emwcorvovia: Kovetavtivog Nikog, knikas@cslab.ece.ntua.gr

1.5 MeAétn, YAomoinon ko ovykpion Kpavrikwv AAyopiOpwv Mn-
xovikng Mabnong kot Kpaviikwv Nevpwvikov Atktdowv (Bayessian)

To Quantum Computing[1] eivo €86 yio va peiver. Eve i evaoyoinon pe tov kAddo yio xpovia me-
ploplloTav oe Bewpntikd eminedo mAéov vAomotjoelg Quantum Computers otd KOAOGO00UG OTTWG 1)
Google[2] kou ) IBM[3], Sivouv tn duvatdtnta mpaktikig eEétaong kPavtikodv alyopibuwy oe Tpoy-
HOTLKO XPOVO KOL TOX QTTOTEAEGPATO ATTOJELKVOOVTAL OAOEVOL KOL TTLO DITOCYOHEVAL.

To Quantum Computing expetarlevetor apyég tng KPavtopunyavikrg (quantum superposition, interference,
and entanglement)[4] kou Tnv mbavotikrg tng @von (éva cwpartidio otovg KPavtikodg vtoloyiotég
npwv petpnBei dev éxel povo dvo kataoThoelg Tov propel va Ppicketar aAAd dutelpeg Thvw o€ Lo
ogpaipa mbavotritwyv -Bloch Sphere)) tpoxepévou va mapovoidoet exkBetikn feAtioon oe tpofAfjpata
7oL péXpL Tpdcpata Ppickovtav otnv NP kAdor, mapovoidlovtoag pio véa KAKGT TTOAVTAOKOTNTOG,
v BQP[5].

310 epyaothplo éxovpe peretrioel KBavtikovg adyopibpovg pnyavikng pabnomng, eved éxouvpe vAomoLy-
oeL pia tpocéyyot) evog vPppidikod kmeans oe porypotikd KPovtid vAkd, mapexopevo oto cloud tng
IBM. Zvykpivope tov vpidikd kmeans pe tov kAocowkd kmeans ko Bydhajie GUPTEPACPATO GXETLKG
pe tnv amtodotikdTnTa Tov avolytob Quantum hardware yia tnv dpa.

Stoyog autrg NG epyaciag eivar 1 peAétn twv KPravtikov Nevpwvikov Actdwv[6]. Zuykekpipévo
Bo aoyoAnBovpe pe Tn peAétn ko TNV kataokevr] evog Quantum Bayessian Network[7], 6mov ta fépn
oe k&Be vevpdva dev eivon vieTeppvioTikd oAAG mbavoTikd, yio va ekpetaddevtodpe tnv mbavotikn
¢@vo1 touv KPavtikot voAoyiopot.

Oa cvykpivovpe Ta Quantum vevpwvik SiKTLX pE T AvTioTOLY X KAAOLKE, B TpoTeivoupe PeATidoeLg
Kot B BYGAOULE GUPTEPACHATO GYETLKA HE TNV VIIAPYOVOX ATTOSOTIKOTNTA TV avoly TV KPavtikodv
cloud systems, mpoteivovrag aAlayég kal BeATiOoELS.

Yxeted Madnpato: Mnyovikr) pddnon, Tpoppikt) AlyeBpa, Apxitektovik YIoAOYIoTOVY
Emwcorvovia: Kovetavtivog Mmitodiog, kbitsak@cslab.ece.ntua.gr
Kovotavtivog Nikag , knikas@cslab.ece.ntua.gr
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2.  Astrtovpyka YXvotnuata

2.1 Teyvikég feAtiotonoinong etkovikng pviung (virtual memory)

Yto mAaiclo g mpotetvopevng SutAwpatikng O pedetnBoiv oL pnyovicpol ewcovikrg pviung (virtual
memory) ko ceAdomoinong (paging), pe oxomd v PeAtiotomoinon g aAAnAenidpaocng tov AX
(Linux) pe to vAWKO erkovikng pvipung — to MMU (Memory Management Unit) ko to TLB (Translation
Lookaside Buffers). Zvykexpipéva, Bo doBei éppact) oe véeg SuvatdTNTEG TOL LALKOV ELKOVIKAG HVIHNG
1ov apéyouvv ot apyttektovikég ARM kol RISC-V, kabdg kot oto mog ptopovv va aflomonboiv mo-
Aveminedeg (multi-tiered) apyitektovikég pvnuov (DRAM, PMEM, CXL) dote va eloyiotomownbel to
KOGTOG TNG ELKOVIKNG HVIHNG.
INapamroumnég:

1) Elastic Translations: Fast Virtual Memory with Multiple Translation Sizes [1], [2], [3], [4]

2) Design, Implementation and Evaluation of the SVNAPOT Extension on a RISC-V Processor [1]

3) Enhancing and Exploiting Contiguity for Fast Memory Virtualization [1]

4) eBPF-mm: Userspace-guided memory management in Linux with eBPF [1], [2]

5) SnapBPF: Exploiting eBPF for Serverless Snapshot Prefetching [1], [2]

6) WASP: Workload-Aware Self-Replicating Page-Tables for NUMA Servers

xetikd MoOnpata: Asitovpykd Zvotipata, Epyactriplo Aeltoupylkov SuoTnpatowy, ApyLTekTo-
vikt] Yrohoyiotov, Ilponypéva Oépata ApxLtektovikng YITOAOYLIOTMOV

Emwcowvovia: Etpdtog Yopadakng, psomas@cslab.ece.ntua.gr
Kovotavtivog Mopég, kmores@cslab.ece.ntua.gr
XAon AABéptn, xalverti@cslab.ece.ntua.gr

2.2 Al for Systems / Systems for Al

210 mhaioto tng mpotewvopevng dimhwpatikng (Al for Systems) Oa yiver a€lohdynon tng xpnopotntog
TEXVLKOV pnxovikng pabnong (ML) oo mAaicio tov Aettovpytkot Zvotrpatog. Evdelktukég katevfov-
OELG QLPOPODV TNV EVOWUATWOT] TEXVIKGOV UNYavikig pédnong: i) yux tnv tomobétnon oeridwv (page
placement) ce moAvemninedeg (multi-tiered) apyirextovikég pvnuodv (DRAM, PMEM, CXL), ii) ywt tnv
xpovodpopordynon (scheduling) Siepyaoiov, ko iii) yue tnv yevikdtepn PeATIOTONOINOT) TOALTIKOV
Kot puBpicewv Tov AglTovpyLKoD ZUGTHATOG.

M Sevtepn katevBuvon (Systems for Al) apopd otnv peAétn kot a&loAOYNOT TWV CUGTNUATOV T
omola Tpéxouv peydla YAwootkd povréda (LLMs), kupiwg oto xoppdrtt tov inference. Svykekpipéva,
B 500¢t épgpaom oo koppart tng KV cache, mov mailel kpioyio péro yio tnv emidoor) tov inference, ko
OGS TEXVIKEG drayelplong pvipng outd tow AY prropovv va emtoyvvouy tnv Aettovpyia tng KV cache.
MNopogoprnég:

1) Y omoinomn ko AEloAdynon Apoporoyntr Zedidwv pe Xorjon Texvikov Mnyoavikng Mabnong
v Ypudiked Zvotipoto Mviung [1]

2) Integrating Artificial Intelligence into Operating Systems: A Comprehensive Survey on Techniques,
Applications, and Future Directions [1]

3) Towards Agentic OS: An LLM Agent Framework for Linux Schedulers [1]

4) How I learned to stop worrying and love learned OS policies [3] vLLM, TensorRT-LLM, llm-d


https://ieeexplore.ieee.org/abstract/document/10764596
https://site.psomas.xyz/assets/files/elastic-translations-preprint.pdf
https://site.psomas.xyz/assets/files/et-micro-slides.pdf
https://site.psomas.xyz/assets/files/et-poster.pdf
https://github.com/cslab-ntua/elastic-translations-MICRO2024
https://arxiv.org/abs/2406.17802
https://ieeexplore.ieee.org/abstract/document/9138910
https://arxiv.org/abs/2409.11220
http://artemis.cslab.ece.ntua.gr:8080/jspui/handle/123456789/19308
https://site.psomas.xyz/assets/files/ebpfmm-poster.pdf
https://dl.acm.org/doi/abs/10.1145/3736548.3737823
https://www.hotstorage.org/2025/slides/snapbpf-hotstorage25-slides.pdf
http://artemis.cslab.ece.ntua.gr:8080/jspui/handle/123456789/19022
https://dl.acm.org/doi/10.1145/3620665.3640369
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mailto:xalverti@cslab.ece.ntua.gr%
http://artemis.cslab.ece.ntua.gr:8080/jspui/handle/123456789/19589
https://arxiv.org/abs/2407.14567
https://arxiv.org/abs/2509.01245
https://dl.acm.org/doi/10.1145/3713082.3730384
https://github.com/vllm-project/vllm
https://github.com/NVIDIA/TensorRT-LLM
https://github.com/llm-d/llm-d

5) Efficient Memory Management for Large Language Model Serving with PagedAttention [1]
6) vAttention: Dynamic Memory Management for Serving LLMs without PagedAttention [1, 2]

Xxetikd MaOnpato: Asitovpyikd Xvotipata, Epyactriplo Aeltovpylkdv ZuoTnpatev, ApyLTekTo-
vikt] Yrohoyiotov, ponypéva @épata ApxLtekTovikhc YIOAOYLOT®VY

Emwcowvovia: Etpdrog Yopadakng, psomas@cslab.ece.ntua.gr
Kovotavtivog Mopég, kmores@cslab.ece.ntua.gr
XA\on AABéptn, xalverti@cslab.ece.ntua.gr

2.3 Xvotipoata Awaporpalopevng Mvnung

To CXL (Compute Express Link) etvan pio véa teyvoroyio dtuohvdeong mov emitpémel e emelepyaoTég
KO ETTLTOYUVTEG VoL HOLPALOVTOL VLY EVLALLO XWOPO PVIUNG, HE CUVOPELS EVTOAEG TTPOCTTEAAGTIG VNG
(load/store), emekteivovtag v mapadooiaky évvola SLopoLpacol TEpa amtd To dpLa vOG POV LITO-
AoyLoTkoD KOpPov oe vIToAoYLoTIKEG TAéOV cuaToLyiec. Tot KATOVEUHEVE VTR CUGTHHATO ATTOKTOVY
101N TEG oL BupiCovy TolvemeEepyaotég aAAd kGBe KOpPog cuveyilel v Tpéxel TO SLkd TOL AeLTovp-
YLKO GOGTNHO KOl GUVETIOG KAT apXNV eQopUOlovToL TTPOYPOHHOTIOTIKE HOVTEAX KOTOUKEPHATIGHOD
(1t.x. MPI). Amtovcidlouv ot Siemoupeg Aoytopikov mov Ba emttpéPovy Tov arodoTikd TPOYPAPPATIGHO
TOUG. 2TO TALGLO TWV SUTAWHATIKOV EPYOGLOV TTOL TTPOTELVOVTOL, OL PoLTNTEG Bt peAeTrioovy Tov poAo
TOU AOYLOULKOD GUOTHHATOG (AELTOVPYLKOD, SLOXELPLOTAOV HVHING, HNYXAVIOH®Y ETLKOLVOVIOG) KoL TWV
SLEMAPDOV TOV pE TPOYPAPPATIOTIKA HOVTEAX TTAPOAANALGHOD KOLVHG PvipnG (6twg OpenMP) o ka-
Tavepnpéva epparlovta pe amoovlevypévr, dtopotpalOpevn pvipn apeong tpoomédactg. Ot kOpleg
TPOKANGELG TTEPLAOUPAVOUV TNV ETEKTACT] PACLIKOV HXOAVIGHOV TOVL A, 1.X. GUYXPOVIOROGC, Stadiep-
yoolok emcowvmvia, Sty eiplon Hvipng, Stoxeiplon apyeLdY K.o., WOTE VA, AITOKTHOOLVY EMLYVWOT) TNG
KOTaVEUNHEVTG PUOTG TOL VEOL GUGTHHATOG.
MNopogoprég:

1) Memory disaggregation: why now and what are the challenges [SIGOPS 2023]

2) CXLfork: Fast Remote Fork over CXL Fabrics [ASPLOS 2025]

3) Partial Failure Resilient Memory Management System for Distributed Shared Memory [SOSP
2023]

4) HydraRPC: RPC in the CXL Era [ATC 2024]

5) An Introduction to the Compute Express Link (CXL) Interconnect [Computing Surveys 2024]

Yyxetikd Mabnpoata: Aettovpykd Zvotipota, Epyaoctrpio Asttovpyitk®dv Zvotnpdtov

Emikowowvio: XAon AABéptn, xalverti@cslab.ece.ntua.gr
Stpatog Yopaddakng, psomas@cslab.ece.ntua.gr

2.4 Operating System principles for Serverless Cloud / Al Infrastructures

To povtélo tov Serverless Computing [1] amotedel pioe oxetikd véa mpocéyylor 6To oXeSLGHO TV
LITOAOYLOTIKGOV LITOSOHDV TV GVYYPOVHOV EYAPHOYDOV KoL TNV OTOSOTIKT] SLOXELPLOT) TWV LITOAOYLOTL-
KoV Toug TOpwv (CPU, pvipun, GPU, Siktvo). Ta kOpLo XapoK TN pLoTIKA TG TPOGEYYLOTG QUTHG ELVaL 1)
petakVALOT TNG VOOVNG LY ELPLOTG TWV TOPWV TWV EPAPHOYDV ATTO TO YPTOTI TPOG TOV TAPOYO TWV
VITOAOYLOTIK®V LITodop®V (Amazon AWS, Microsoft Azure KATT) Kot 0 YVOOTIKIGHOG Yot TOV “Olkode-
onotn” (host) mov PLho€evel TNV ekTéENEOT) TWV OYETIKOV TPOYPAPUAT®OV. Ol EQAPHOYES POLVOUEVIK -
YLt TOV XPHOTN - 8eV AVIKOLV G€ KAITTOL0 oUYKeKpLUéVo server (server- less). To povtédo avtd apevog
S1evKoAOVEL TOUG X PHIOTEG ATAOTTOLOVTOG TNV SLASLKAG L0 ALVATTTUENG HLAG EPOPHOYTC - O XPHIOTNG Elvor
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LITEVOLYOG PHOVO YLK TOV KOBLKA TG EPAPHOYTIS TOV - KoLl APETEPOL ateAeLBEPOVEL TOUG TAPHYOUG OO TE
v dioryelpilovTal TOUG LITOAOYLOTLKOVG TTOPOLS TTOL SLoBETOVV e akOUN TTLo aTT0dOTIKOVG TPOTOUG.
370 TAAUGLO LTO OL TAPASOGLUKEG TTPOCEYYIGELS TTOL Tat TEAELTALA XPOVLIXL ety KUPLEDOEL GTO OYE-
SO PO TV VEPODTOAOYLOTIKGOV GUGTNHATWY GTASLOKA TPOCUPROLOVTOL OTLG VEEG AVALYKES TTOV YEVVA
to Serverless kat 1 paydaio avamtuén Tov Al XNV meployn evOLoPEPOVTOG TOL avopepOpacTe (Aet-
ToLPYLKA ZvoThpata yio tAatgoppeg Serverless / Cloud / Al) mepihapféveton 1 perétn, a&lomoinon
KO TTPOCAPHOYT] PACLKOV POV KOL HIXAVICHOV TV AEITOVPYIKOV ZUGTNHATWV OTTWG 1) ELKOVIKOTTOL-
non péow hardware (KVM [3]) xar pnyoviopov moprva (cgroups, namespaces), 1 dtoxelpton pvipng
(memory allocation) kot 0 StpolpaAcPOG TV GLVIEGEWV TTPOG ATOUAKPLGHEVEG HOVADEG aobrjkevong
(7t.x. databases) [4].

[MopdAAnio o€ puo o Tpdo@atr) Tpocéyylom, pedetdpe tnv amodotiky xprion twv GPUs artd povtéa
LLMs mov ekteAovvton o€ Serverless mepifperrovta [6].

H exmdévnon Aumhopatikng Epyaciog oe avth tnv meproxr) eviiapépovtog meptlopfdver (evdelkTikd):

TN peAétn Bewpnrikod voPabpou (cloud computing [5], serverless [1])

« TNV mpakTiKn e€otkeiwon e Texvoloyieg: hypervisor (my QEMU, Firecracker, Cloud Hypervisor),
memory snapshots [7], Linux / kernel (virtio, memory management, sockets, cgroups, namespaces)

« v ekoikeiwon pe Tnv extéleon Serverless povtéAwv LLMs oe GPUs [2].
« v ekowkeiwon pe yAdooeg mpoypoppatiopot (y C, Rust, Python)

o« TNV evdeyOpevn melpapatikn a€loAdynor oe mAat@oppeg mopodxwv cloud vrnpecidv (Amazon
AWS).

HNapamoprnég:
1] Cloud Programming Simplified: A Berkeley View on Serverless Computing
2] ServerlessLLM: Low-Latency Serverless Inference for Large Language Models

5] Above the Clouds: A Berkeley View of Cloud Computing
6] ServerlessLLM
[7] Benchmarking, Analysis, and Optimization of Serverless Function Snapshots

[
[
[
[4] Connection pooling
[
[

Yyxetikd Mobnpota: Aettovpykd Zvotipota, Epyactrplo Aeltovpylk®v Zvotnpdtov

Emwcorvovia: Opéotng Adykoag NikoAdg, olagkas@cslab.ece.ntua.gr

2.5 Serverless/FaaS Infrastructure Evaluation & Optimization
Evdewktucég epyaoieg:

« Integration of FaaSRail[1] with Knative[2]

+ Optimized device-mapper snapshotter[3] implementation as Rust[4] crate

« Comparative study (design & performance evaluation): firecracker-containerd[5] vs Kata Containers[6]

« Performance evaluation & optimizations of Kubernetes-based Faa$S stacks[2][6][7]


https://www2.eecs.berkeley.edu/Pubs/TechRpts/2019/EECS-2019-3.pdf
https://arxiv.org/pdf/2401.14351
https://www.kernel.org/doc/Documentation/virtual/kvm/api.txt
https://stackoverflow.blog/2020/10/14/improve-database-performance-with-connection-pooling/
https://www2.eecs.berkeley.edu/Pubs/TechRpts/2009/EECS-2009-28.pdf
https://github.com/ServerlessLLM/ServerlessLLM
https://arxiv.org/pdf/2101.09355
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HNapamopmnég:
[1] FaaSRail: Employing Real Workloads to Generate Representative Load for Serverless Research
[2] KNative

[3] Device Mapper storage Driver

[4] Rust Language

[5] Firecracker containerd

[6] Kata Containers

[7] vHive ecosystem

xetikd MaOnipata: Aettovpykd Svothpate, Epyaotnplo Aettovpykdv SuoTtnpdtev

Emwcowvovia: Xpriotog Katoakidpng, ckatsak@cslab.ece.ntua.gr
Kwvotavtivog Nikag, knikas@cslab.ece.ntua.gr


https://dl.acm.org/doi/10.1145/3625549.3658684
https://knative.dev/docs/
https://docs.docker.com/engine/storage/drivers/device-mapper-driver/
https://www.rust-lang.org/
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3. IopdAAnAa Xvotnpoto

3.1 Awxyeipion nopwv oe Tvotnuata YPning Enidoong (HPC)

To vtohoyiotikd cvothpata vymAng enidoong (High Performance Computing clusters) cuyvé ypnot-
HOTTOLOVVTOL Yot TNV ETIALOT) TOAVTAOK®WV TPOPANUATOV aTO TOLKIAEG EPELVNTIKEG TTEPLOXEG OTTWG N
HOVTEAOTIOLNOT) TWV KALPIKOV PALVOHEVWV kaB®g ko 1) dtepedvior g akorovBiag tov avBpomivou
yovidiopatog. H katdAAnAn xpovodpopoddynon tev epyacidv 6 autd, amotelel kaboplotikd mo-
POYOVTA YLOL TNV OTOTEAECHATLKT] XprjoT) kot Tnv e€owkovopnaor evépyelac. To Paoikd Aoylopikd mov
ovvBétel éva Tétolo choTnpa eival o duoxelplotng TOpwv (resource manager) pe TOV YPOVOSPOHOAO-
ynty epyooiodv (job scheduler). O pdtog kaTtavépet Toug mOPoUG, Ve 0 deVTEPOG toPacilel TOHTE Ko
o0 Ba ekTeAoVVTOL OL epyaoies. Kowvdg mapovopaotig TV epeuvnTik®V KatevBivaewy oe aLTOV TOV
topéa eivon 1) Pedtioon tng ANYng amopdoewy amd Tov XpovodpopHOAOYNTH EPYACLAOV.

3.1.1 Xvyxpovodpoporoynon epyaciamv (Job Co-Scheduling)

Meléteg deiyvouv mwg To co-execution, SnAadT| 1) EKTELECT] SLUPOPETIKDOV EGUPHOYDOV TALTOY POV
otov 1810 kOpPo, 0dnyel oe AMOTEAEGPATIKOTEPT) XPTOT) TWV VITOAOYLOTIKGOV TOpwv. H emdoyn Twv
ePaPPOY®V TTOL Bt ekTEAEGTOVV pali mailel onpovTikd poro yia tnv enidoon g ekTéAeong AOY® Twv
race conditions mov Ba avamtuyBovv avdhoya pe Tovg TOpoug ov {Nnth 1) exdotote epappoyr. O oko-
OG TWV SUTAWHATIKOV EPYNCLOV GE UTOV TOV TOPER €ival 1) PEAETT], TTPOGOUOLWOT), VAOTOLNGT] KoL
akloloynon alyopibpwv cuyypovodpopordynong (co-scheduling) pe otdéxo ™ PeAtiotomoinon det-
KTOV OTTWG TN pLBpATOd00T TOL cuaThpaTog (system throughput) ko v evepyelaxy amodotikdTnTa.
310 mAaiclo avtd Tpoteivovtat oL akOAovBeg epeuvnTLKég KaTeLBVVOELG.

Aumhopatikég epyocieg:

1. Melétn alyopibuwv co-scheduling otov e€opowwtr) ELIiSE (https://github.com/cslab-ntua/
elise)

2. Iewpopatiky pedétn quarter-socket co-scheduling otov vtepvmoroyiotr) ARIS

3. YAomoinomn alyopiBuwv co-scheduling pe to Flurm framework (https://github.com/cslab-ntua/
flurm)

4. Jvvektédeon MPI epappoydv ypnopomolovtog katdtunon tng cache kot tov edpoug {ovng
pviung (memory bandwidth) otnv vroAoyiotikr vrodopry Grid5000

3.1.2 Epyoaocieg pe evédikto Tpono avabeong mopwv (Moldable Jobs)

O epyaocieg pe evéliktn avabeon mépwv (moldable jobs) propodv va exteleaTobv X proipomoLnd-
vtog SLapopeTikong Thovolg aplBpovg diepyaoidv, emheyopevoug amd éva cOVOAO SUVATMOV THOV
mov kabopiler o ypriotng. Emneita, o xpovodpoporoyntng emhéyel pia ommd avtég Tig mbavég Tipég
apBpov diepyaciov yia kabe epyocio otnv ovpd. Ot facikég cLVIGTOGEG TOL TPOPANHATOG TTEPLAOL-
Bévouvv tnv mpoPAeyn tng kAMpakwopotntog (scalability) Twv epyacidv ko tnv avamtuén adyopibpwv
BeAtioTomoinong yia tnv emAoyr ToL KATAAANAOL aptBpo Siepyaoiodv avd epyacia, ie GTOXO TNV LKo-
voTtoinom evog 1 TEPLOCOTEPWVY AVTLKELHEVIKDV OTOXWV. XTO TAXIGLO auTd TTpoTeivovTol oL akOAovBeg
EPELVNTIKEC KATEVOVVOELC.


https://github.com/cslab-ntua/elise
https://github.com/cslab-ntua/elise
https://github.com/cslab-ntua/flurm
https://github.com/cslab-ntua/flurm

1. BeAtiotomoinon tng xpovodpopoAdynong epyaotov pe evéALkto Tpdo avébeong mépwv (moldable
jobs)

2. Anpovpyio yevvrjtopa ovvBetikov petpompoypoppdtov (synthetic benchmark generator) yio
™ pedétn ko TpoPAeyn g kApakwopotntog (scalability) epyooiodv

Yxetikd MoOnpuota: Zvotipata apaiining Enefepyaciog
Emwcorvwvia: Nikog TpiavtagpOAAng, ntriantafyl@cslab.ece.ntua.gr
©d&vog ToovkAeidng - Kapuvdaxng, ttsoukl@cslab.ece.ntua.gr
AMEEavdpog Xaprtdrog, aharit@cslab.ece.ntua.gr
TNwpyog I'kodpog, goumas@cslab.ece.ntua.gr

3.2 MeAétn peta@opdg dedopévov petaEd dopwv daPopeTikng
OPXLTEKTOVIKNG

310 mhaiolo avtng TNV SIMAWRATIKNG epyaciag, Oa eAéyEoupe unyaviopots dopmv SedopEVKOV WG TPOG
TNV artdd0acT] TOvg Kot TNV atddooT) HeTapopag SedopEVeV atd Kol TPOG AVTOVG Ge HEYAAES KAIHOKEG
peyéBoug. Iio ovykexpyéva, e€et@louvpe To 1660 KooTilel pia aAdoryn) Soprg dedopévewv katd Tnv Sudp-
KELOL EKTEAEOTIG LG EQPALPHOYTIG, avihoya pe To péyeBog Sedopévwv kat To mpdtumo aAAnAemidpdoewv
pe v epopyio pvriung. Kéororeg dopég mov Ba e€etactovv mpdta eivar dopég dévipwv tumov AVL,
B-Tree kot mibovmdg dAleg, kot Bo SOKIPHAGTOOV TeEXVIKEG GPECTIG HETAPOPAG KOL EUUECTIG HETOUPOPAG
xpnotpomoldvtag apyeio kataypoagng. Ou onoltecdnmote vAomoLoelg alyopiBpwy Ba yivouv pe v
xpnon C/C++ oe mepifpairov linux.

Yyxetikd MaOnuota: SZvotipota HapdAining Enetepyaciog

Emwcorvovia: Anpitpng lavvomoviog, dimian@cslab.ece.ntua.gr

3.3 Xapaktnpiopog Epappoywnv pe xpnon micro-benchmarks

KaBdg 1 extédeon mOAADOV TOTOV LINPECLOV HETAPEPETAL GE CLOTHRATO HEYAANG KAipoKkag, 1) TTpo-
KAnom g St prong vPNANG ToLdTNTAG LI pEciog oLVEXHOG peyadodvel. H amovoio amodotikev Av-
0ewV JLAPOLPACHOD TV Kooy proTewy mopwv odnyel tovg Cloud Service Providers otnv aopdévwon
OAOKANPWV SErvers ylo TV eKTEAECT) EPAPHOYDOV HE AVOTNPOVG TEPLOPLOHOVG YL TNV €TISOGT) TOUG.
Avtd 081 Yel 6TV VTTOXPNGLHOTOLNOT] AVTOV TOV TOPWVY KL TNV abENGT TOL AELTOVPYLKOD KOGTOUG.
T TNV avTETOTLON TV CNTNHATOV AUTOV TTPOTELVOVTAL TEXVIKEG XOPAKTIPLOHOD TOV EGAPHOYDOV
WG TTPOG TOVG KPLOLHOVS TOPOUG HE GKOTO TI CUVEKTEAECT] EPAPHOYDV HE GUUITAT POHATIKEG QUITALLTT]-
oeLg yLot TOPOUG. TKOTOG TNG SUTAWUATIKAG elva 1) avAItTLEn £vOg Pnyaviopod tov Bo tpofAémet Tig
AVAYKEG TWV EPOPHOYHOV amtd rong mopwv [e Xpror micro-benchmarks mov, otepdvtag moépovg amd
Vv k&Be epappoyn, Bot WTOKAADITTOVV TIG ATTALTHCELG TNG.

Yyxetikd MaOnuoata: Zvotipota HapdAining Enetepyaciog

Emwcorvovia: Tavvng Hamaddaxng, ypap@cslab.ece.ntua.gr

3.4 BeATioTONMOINGT TOV VITOAOYLGTIKOD TTUPH VA TTOAAATAQCLOL-
OpoU apaoV mivaka pe draxvuopa (SpMV)

Melétn mopdAAniwv vAomoloewv Tov SpMV muprjva oe apyitektovikég CPU (Intel, AMD, ARM) 7
GPU (Nvidia). Ta mtpoypopatioTiké HOvTEAQ TTOL PItopovy va xproiporotnBoiv eivar to OpenMP yia
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11 CPUs kou 1 CUDA yux Tig GPUs, adA& kot 61totar GAAn mportipnon vrdpyel. H mpaypatonoinon tng
durhwpaTikng popei va €xel Sibupopeg mpoceyyioelg, yio mapadetypo:

+ PeAtinon Rdn vdpyoLONHG LAOTOLNGTG TOL TLPT VA

o peAétn g avamapdoTaong g SopNG TOL apalo Tivaka (CUVTETOYHEVES TV 1N UNOEVIKGOV
TIHAOV)

« OULUTIEDT] TWV TWHAOV TOL TTivoka kol peAéTr) TG emidpaotg lossy pebddwv ocuvpmisong

Yyxetikd Mobnpuota: Zvotipata Hapaiining Exefepyaciog
Emwcorvovia: Nopyog I'kodpag, goumas@cslab.ece.ntua.gr
Anprtprog Tadavomovrog, dgal@cslab.ece.ntua.gr

3.5 Melétn TNG CUUTEPLPOPAG APALOV VTLOAOYLOTIK®OV TTUPHVEOV
(SpMM, SDDMM) G6& apXlTEKTOVIKEG HNXAVIKNG HaXONoNg

To cvothipato pnyovikng pdbnong ko ewdikdtepa oL texvikég PeAtiotomoinong pnyovikng pobnong
éxovv yvwpioel paydaio avamtun Ta tedevtaia xpovio. ZTov Tuphva Twv eQappoyov Pabiag padnong
Bpiokovtal ot moAAamAacLOcHOL TTLVAKWY OL 0TTol0L AOY®™ TOL OYKOUL TV TEPLTTOV PapdV HITOPOLV v
KoTooToOV apatol. ZTOY0G TNG TPOTELVOHEVNG OUTAWUATIKNG epyacing elval 1) HEAETT) TWV XAPOKTI)-
PLOTIKOV 0PoLOV VKWV OL 0oToioL Tpoépyovtal amd epappoyés Pabiag unyovikig padnong kot n
a€loroynon tng enidoong Packdv apat®dv vITOAoYLOTIKGOV TTLpHivey (SpMM, SDDMM) pe otdyo tov
EVTOTILOHO TV KOPL®V TPOPANUATOV LITAPXOLOWV VAOTOLGEWV KOL TNV TTPOTHOT) PEATIOCEWV.

Yyxetikd Mabnpata: Svotiporte HapdAining Exetepyaciog
Emwcowvovia: Inavva Tdoov, itasou@cslab.ece.ntua.gr

[Movaywwtng Mrdkog, pmpakos@cslab.ece.ntua.gr
INopyog I'kodpag, goumas@cslab.ece.ntua.gr

3.6 A&oAoynon enidoong kot fEATIOTONOLNGT) UTTOAOYLOTIK®V TTV-
pPNVeV o€ VRPLOIKT APYLTEKTOVIKN PLE SIPOLPATHO HVIAUNG HLE-
ta§b CPU-GPU

To ovotnpa Grace Hopper tng NVIDIA amotelel piot KoUvOTOPX ApXLTEKTOVIKY TPOCEYYLOT) YL THV
EKTENEDT] LTTOAOYLOTIKA QTTAULTI TLKOV EQUPUOYDOV atd To medio Tng TexvnThG vonpoovvng. IlepthopPfa-
velt CPU kot GPU yux tpdtn popd cuvdedepéva o€ Kot PV vrootnplloviag TauTdXpova Kol GLVE-
Qe KPLENG PVARNG. 2TO TAQUGLO TNG TTPOTELVOHEVNS SITAWpNATIKNG epyaciag Oa mpaypatomonboidv
Aemtopepeic peTprioelg enidoong ToL CUYKEPLHEVOL CUGTHHOTOS TTPOKELHEVOL VA YIVOUV KOTAVONTA ToL
Waitepa Yopok T PLoTIKA TG ApXLTEKTOVIKHAG Ko vo avadetyBov ta duvartd ko adbvopa onpeio tng.
311 ovvéyela, Ba emideyolv kpioipol vtoloyloTikoi Tuprveg, Ba oxediaotel kot O vAoTon el 1) VPPL-
SIKT) QTTELKOVLOT] TOVG GTN CUYKEKPLUEVT) OPYLTEKTOVIKT] e 6TOXO0 TNG PeAtioTomoinon tng enidoong
KOUL TNG EVEPYELOKTG KATOVAAWGTG.
Yyxetikd Mabnpata: Svotiuoata HoapdAining Enetepyaoiog, IIponypéva Oépato ApyLtekTovikig
YmnoAloylotdv
Emwcorvovia: Tiopyog T'kodpog, goumas@cslab.ece.ntua.gr

[Movaywwtng Mrdxog, pmpakos@cslab.ece.ntua.gr
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4. Kartavepnuéva Xvotnuoata - llpoxwpnuéva
Otpata Pacewv 0edouEvev

4.1 Avamtugn Chatbot yix BeAtiwon E@appoyng Xpnoiponowm-
vtag [Iponypéveg Texvikég Mnyoavikng Madnong

Me tn Beopatikr tpo0d0 GTOV TOpEN TG TEXVITHG VOTJLOOUVIG KAl TNG MY OVIKNG p&Bnong, Ta chatbots
EXOUV YIVEL QITAPAUTITO KOPPATL TOV GOYYXPOVOV EQOPHOYOV Yia 1 dtevkdAvvon tng Stadpaong pe
Toug xpnotes. H epyacio avtr) otoyedel 6to oxedlaopod kot tnv avamntun evog eEeltypévov PBonboo
chatbot ota eAAnvikd, mov Pertidvel TV epmelpion XprOTN HLOG EQPAPHOYTG TTAPAYWYNG YPOPNUATOV,
EVOOHATOVOVTOG TPONYHEVEG TEXVIKEG UNYAVIKAG H&BNong 0mwg peydio YAwooikd povtédoa (LLMs)
[1,5] 1) peBddovg avaxtnong (ty word embeddings [2], transformers [3,6], deep averaging networks [4]
KATT).
>to mAaioto g dutdwpatikng: (o) Ba pedetnBovv oe emimedo PipAtoypapikd cOyyxpoveg pebodoroyieg
yoe tnv avamtugn chatbots, eotidlovtag oe LLMs fi/kan peB6dovg avéktnong kot Bo yiver 1 emdoyn
™G 1o KatadAANANG, (B) 6o oyediaoretl ko B vAomonBei ml pipeline wov B mepLhapPdver dAa Tow
otédix amd v mpoetoacio twv dedopévav péxpt tnv exkmaidevon tov ML povtélov kar v mo-
paywyn amotedecpdtov, (Y) Ba viomownOei aAd interface aAAnAenidpaong pe tovg xprjoteg kat (J)
Bo oot Bei 1 enidoom TOL CLOTARATOG WG TTPOG PETPLKEG OTWGS 1] AKPIPELd TWV ATOTEAEGPATWV, O
XPOVOG aTOKPLOTG, T LKALVOTIOLNGT) TOV XPNOTOV K.O.
HNapanopmnég:

[1] Meltemi
[2] Understanding Word2Vec: A Beginner’s Guide to Word Embeddings
[3] Sentence Transformers
[4] Deep Averaging network in Universal sentence encoder
[5] Meltemi-7B-Instruct-v1.5
[6] bert-base-greek-uncased-v1

xetikd MaOnpata: Katavepnpéva Svotipoato
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4.2 Xpnon Baoewv Aedopévarv IFpapwv yra tnv Iapakorotdnon
I'evealoyiog (Lineage) Epotnuatwv AvaAvong oe Zxeol1okd
Aedopéva

To query lineage, mov aopd tnv LyvnAdtnon g wotopiag Twv dedopévev mov mapdyoviol artd tnv
EKTENEDT) EPOTNUATOV, elval Kpiown yia Tn feATinwoT) TG KATavonong twv po®v avdlvong dedopévov,
TNV e0PECT) CPAAPATOV o€ UTEG Ko T PeATioTomoinor toug. O kbpLog oTdX0g ALTHS TNG SUTAWHL-
TIKNG elvon 1) a€lomoinomn Tewv Sopk®dv mAsovekTnuatwy tev graph databases, 6mwg to Neo4j [1], yuo
TNV QVOTTOPACTOCT] KOl OVAALGT] TV TEPITAOKWY GXEGEWV Kol eEAPTHOEWDY TOL ERTTEPLEXOVTOL OTLG
dwadikacieg ekTEAEOTG EPWTNHATOV.


https://www.ilsp.gr/news/meltemi/
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https://huggingface.co/ilsp/Meltemi-7B-Instruct-v1.5
https://huggingface.co/nlpaueb/bert-base-greek-uncased-v1
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Yto mAaioio tng duthwpatikng Oo: (o) oxediaotel kar vAomownBei éva ovotnpa amobrikevong dedopé-
vov lineage Baciopévo mavw ce texvoloyieg Paoewv ypaowv (graph databases), () 0o avatvyxBovv
aAyopLBpot yio tnv e€orywyr, Tn HETATPOTT KoL TN pOpTwon TANpogopLev lineage otnv graph database,
(y) B a€lorloynBei n amddoot Tov cuoTHHATOG pe XprioT SeSOpHEVLVY KaL EPWTNHATOV OVAALGTG TTOV
nopéyovtal amd yvootd benchmarks (ry, TPC-H [2]).
Iapoamroprnég:

[1] Neo4;j

[2] TPC-H
Yyxetikd Mabnpoata: Baoeig Aedopévov
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5. Epyaocieg oe cvvenifleyn pe eEwtepikoig
OUVEPYATEG

5.1 CXLSim: A Flexible Simulator Framework for Compute Express
Link Memory Disaggregation Research

Compute Express Link (CXL) technology can tackle the memory capacity problem by enabling large
pools of memory to be accessed remotely at high speed. As CXL is expected to be commercialized soon
and achieve widespread adoption, recent research has increasingly focused on optimizing performance

to leverage the benefits of CXL networks and memory disaggregation. Various prior works have designed
application-specific accelerators and near-data processing solutions upon CXL-based disaggregated systems,
demonstrating the technology’s potential for enhancing computational efficiency and resource utilization.
These research efforts highlight the critical need for a configurable, easy-to-use CXL simulator that
can enable further research and improvements not only in CXL characteristics themselves, but also in
accelerators based on CXL for important applications as well as CPU/GPU architecture designs that
leverage CXL infrastructure.

Currently, existing approaches to CXL evaluation rely primarily on real-system emulation. These approaches
include either (i) using a CPU NUMA system where applications run locally on one NUMA node while
other nodes serve as remote memory pools with increased access latency, or (ii) FPGA-based emulation,
where there is an FPGA connected to a CPU and the FPGA memory serves as the remote memory pool,
while the hardware logic functions as a controller/accelerator. Although real-system emulation provides
valuable insights, a dedicated cycle-accurate simulator (similar to Ramulator) would be significantly
more beneficial for collecting low-level statistics, enabling detailed research and exploring additional
CXL designs, particularly at the hardware level. In contrast to CXL emulations on real systems that have
limited configuration options and constrained experimental parameters, a cycle-accurate CXL simulator
would provide extensive configurability and enable deeper hardware-level exploration of design trade-
offs and optimizations. The goal of this thesis is to design a flexible and configurable CXL simulator,
potentially based on the Ramulator, that can be seamlessly integrated with existing processor-centric
simulators such as gem5, Sniper, and GPGPU-Sim, thereby providing the research community with a
powerful tool for advancing CXL-based system design and optimization. The interface and configuration
can allow cycle-accurate simulation of NUMA CPU systems and CXL and Near-Data-Processing (CXL+NDP)
systems.

This diploma thesis has the possibility of being conducted as part of an internship at the Max Planck Institute
for Software Systems (MPI-SWS) in Germany.
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5.2 Beyond Offloading: CPU-GPU Collaboration for High-Performance
LLM Serving

Large Language Models (LLMs) have demonstrated remarkable generative capabilities, revolutionizing
natural language processing and enabling sophisticated applications across diverse domains. However,
these models require substantial memory capacity due to their large parameter counts, often exceeding
hundreds of billions of parameters. These high memory footprints pose significant challenges for GPU-
based deployment, as GPUs typically have limited memory capabilities (memory capacity). Consequently,
fitting these large LLMs necessitates multiple expensive GPUs, while the GPU compute resources are
not always fully utilized due to communication and memory bottlenecks.

To address the memory capacity problem of GPUs, recent works have explored CPU offloading capabilities,
where model parameters or intermediate data are stored in CPU memory connected to GPUs via high-
speed interconnects. Although this approach potentially resolves capacity limitations, prior works leave
CPU cores idle or fail to fully leverage their computational capabilities. Moreover, data transfers between
CPU and GPU memory introduce additional communication overheads that can degrade overall system
performance. The goal of this thesis project is to explore well-crafted CPU-GPU LLM inference optimizations
that fully utilize both CPU and GPU devices. This research project aims to design an intelligent LLM
serving system optimized for memory-constrained environments that provides dynamic and adaptive
policies for CPU-GPU execution, maximizing overall system performance and resource efficiency. The
proposed system will also support Mixture-of-Experts (MoE LLM models and it can also be evaluated
on GPU Hopper NVIDIA architectures (if such a platform is available) that feature unified memory
capabilities between CPU and GPU, enabling more effective data movement optimizations.

This diploma thesis has the possibility of being conducted as part of an internship at the Max Planck Institute
for Software Systems (MPI-SWS) in Germany.

References:

[1] Seonjin Na, Geonhwa Jeong, Byung Hoon Ahn, Aaron Jezghani, Jeffrey Young, Christopher J.
Hughes, Tushar Krishna, Hyesoon Kim, “FlexInfer: Flexible LLM Inference with CPU Computations”,
MLSys 2025

[2] Yinmin Zhong, Shengyu Liu, Junda Chen, Jianbo Hu, Yibo Zhu, Xuanzhe Liu, Xin Jin, Hao
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[3] Qidong Su, Wei Zhao, Xin Li, Muralidhar Andoorveedu, Chenhao Jiang, Zhanda Zhu, Kevin
Song, Christina Giannoula, Gennady Pekhimenko, "Seesaw: High-throughput LLM Inference via Model
Re-Sharding”, MLSys 2025

[4] Yichao Yuan, Lin Ma, Nishil Talati, “MoE-Lens: Towards the Hardware Limit of High-Throughput
MoE LLM Serving Under Resource Constraints”, arXiv 2025
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5.3 System-Level Performance Optimizations for Physical Al

Physical Al applications in robotics and autonomous driving and real-world perception systems rely
on sophisticated Machine Learning (ML) models that must process complex sensory data in real-time
with stringent latency and safety requirements. These systems employ diverse ML model architectures
specifically designed for real-world environments, including 3D point cloud networks, vision transformers,
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semantic segmentation networks, simultaneous localization and mapping (SLAM) algorithms, and perception-
action transformers that directly map sensory inputs to robotic control outputs. However, the unique
computational characteristics of these models—including irregular memory access patterns, multi-modal
data processing, temporal dependencies, and variable-sized inputs—combined with the real-time constraints
of physical environments, create distinct performance bottlenecks that differ significantly from traditional
ML workloads. While extensive research has focused on optimizing dense transformers and Large
Language Models (LLMs), there has been limited exploration of systems optimizations specifically tailored
for physical Al models used in robotics and autonomous driving executed on modern GPUs, thereby
leaving significant performance potential untapped.

The goal of this thesis project is to develop effective systems optimization techniques specifically tailored

for the unique computational characteristics of physical Al workloads. Such optimization techniques
include algorithmic optimizations, intelligent pipelining strategies, software-based prefetching mechanisms,
adaptive caching policies, computation-communication overlap techniques, fine-grained parallelization
strategies, and automated tuning frameworks that adapt to specific hardware configurations and real-
time characteristics. The proposed runtime optimization engine will be comprehensively evaluated
across diverse physical Al workloads, using representative datasets and benchmarks and running on
various modern GPU architectures, to demonstrate the broad applicability and effectiveness of systems-
level optimizations for next-generation physical Al deployments.

This diploma thesis has the possibility of being conducted as part of an internship at the Max Planck Institute
for Software Systems (MPI-SWS) in Germany.
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