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ITepiAndm

H toyeta e€éhin e Teyvntic Nonuootvne (AI) xon tne Mnyovixic Mdédnone
(ML) éyet aughoet onuavTixd Tic UTOAOYLO TIXES OmAUTHOELS, WLaiTEpa YidL (poETOUG
epyaoiog eZunneétnone neofAédewv. Eva ol mapadootaxéc vhomotioels 6To VEQOC
TEOGPEPOLY XAUAAWOT), AVTYETWTILOUY TEOXANTELS OTWE 1 CUUPOENCT BLXTVOoU, 1)
LN HATAVIAWOT) EVERYELIC X0 Ol TEOBANUATIOUOL OYETIXE UE TNV LOWTIXOTN T
Avtdétwe, To edge computing nopeyel Biwolueg evohhaxTixec AOCELC YUUNATC X0-
Yuotépnong, oaArd dECUEVETOL ATO TOUC TEQLOPIOUEVOUC UTIOAOYIC TIXOUE TOPOUG.
Y€ auTH| TN OLmAwUaTix, Tapouctdloue To SynergAl, éva xawvotouo tialolo oye-
OLUOPEVO Yiar EEUTNEETNON TEOBAEYEWY UE ETLY VWOT) ETLOOCEMY XAl VPYLTEXTOVIXNS
o€ eTepOoYEe Vel uTodoueg edge-to-cloud. Baoloyevo oe Evay 0OAOXANPWUEVO Yoo~
TNEWOUO ETBOCEWY GUYYPOVWY UNyovey TeoBiedne, to SynergAl evowpotmvel
EVOY GUVOLOOUO TOMTIXOV AAPNE ATOPACENDY EXTOC GUVOECTC XL OE TROYUOTIXO
YEOVO Yol TNV TpOoy 1) ECUTIVNG, EAXPELAS XL AEYLTEXTOVIXE EVIUEQRTIS DPOUOAGYTOTC.
Me T Suvauxt| xaTovour| OpTwY pYAciog OE BLAPORES JPYITEXTOVIXES LALXOU,
ehaylotonolel amoteheopatnd Tic apafidocic Howdtntag Trnpeotog (QoS). Tho-
motolue to SynergAl oe éva oixoclotnua Bacioyévo oto Kubernetes xou a&toho-
yYolue TNV amodoTixoTNT Tou. To anoteAéouatd pag dely vouv OTL 1) dEYLTEXTOVIXS
xordodnyoluevn eCunneétnor mpolAédewy emtpénetl BehTioTomONUEVES XaL olp-
YLTEXTOVIXE EVUEPEC UNOTIOLAGELS OE AVAUOUOUEVES TAUTPOPUES UALXOU, ETULTUY Y EVOV-
Tog o péon pelwon 2.4x otig mapaPidoeic Howdtntag Trneeotag o olyxplon ue
o Moo State-of-the-Art (SotA).

Ae&eig KAewdd— Négog, Edge, ITpdBredn, Apouordynon, Enlyveoon Emddcewy,
Enlyvowon Apyttextovixrc






Abstract

The rapid evolution of Artificial Intelligence (AI) and Machine Learning (ML)
has significantly heightened computational demands, particularly for inference-
serving workloads. While traditional cloud-based deployments offer scalabil-
ity, they face challenges such as network congestion, high energy consump-
tion, and privacy concerns. In contrast, edge computing provides low-latency
and sustainable alternatives but is constrained by limited computational re-
sources. In this thesis, we introduce SynergAI, a novel framework designed
for performance- and architecture-aware inference serving across heterogeneous
edge-to-cloud infrastructures. Built upon a comprehensive performance char-
acterization of modern inference engines, SynergAI integrates a combination
of offline and online decision-making policies to deliver intelligent, lightweight,
and architecture-aware scheduling. By dynamically allocating workloads across
diverse hardware architectures, it effectively minimizes Quality of Service (QoS)
violations. We implement SynergAI within a Kubernetes-based ecosystem and
evaluate its efficiency. Our results demonstrate that architecture-driven infer-
ence serving enables optimized and architecture-aware deployments on emerging
hardware platforms, achieving an average reduction of 2.4x in QoS violations
compared to a State-of-the-Art (SotA) solution.

Keywords— Cloud, Edge, Inference, Scheduling, Performance-aware, Architecture-
aware
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Chapter 1

Extetopévn EAAnvixs Tepiindn

1 Ewoaywyn

Ta teheutada ypovia, 1 Toyela Tpdodoc twv epopuoywy Al xou ML xou 1 ex-
TETUUEVT EVOWUATOOY| Toug TNy xoinuepvr (wr €yel gépel TN véa €ToYY| TwV
EVPLOY CLUCTNUATKY TANEOPOEXNAS. LUYYEoVa HovTEAX Bathde udidnong omwe to
GPT-3 [2] xou to DeepSeek-V2 [3], ye 175 xou 236 SioexatoypudoLor Topopé Tooug
avtio oy, EMBAANOLY CNUAVTIXES UTAUTHOELS TOPMY X0 XLVOUVEUOULY VO TOOXIAE-
COUV OTNUElN GUUPOENONG GTNV ATOBOCT).

Hopodootoxd, autd to povtéha diénovion and anartioec QoS [4] xadde xou
and Xtoyoug Emnédou Tmnpeowdv (SLOs) 1 Lupgwviec Emmnédov Trnpeoiwyv
(SLAs) [5]. T tnv xdhudn autddv twv avoryxoy, to ovtélo cuvidwe avan-
TOooovtar og mhatgopuec Cloud computing udmivic anddoorng, ol omoieg PBo-
nYolv otny QUBALVOT TV ONUEIWY CUUPOENONE ETLOOCEWY EVE TEOCPELOUV XAL-
MOXOUUEVES, EVEMXTES Xal OLxoVoULxd amodoTixeg Adoelc. To olyypova cucsTH-
wota Cloud evioybouy Toug pdpToug epyaciog ML/DL YETOWOTIOLOV TS XUTAUVEUT-
UEVN uoloyloTixy, e€eldixeuuévouc emttayuvtéc VAol (m.y., GPUs, TPUs) 6],
xat BertioTomonuévr duxtiwor. IloAlol ndpoyol tpocgepouy Machine Learning
as a Service (MLaaS), nopéyovtoc oloxhnpwuévee hoelC Yoo T exnaidevon,
™V avamTuln xou T TEOBAEdn povtéhwy. Aloonueiwteg mAatpopuec MLaaS
nepthapBdvouy to Google Cloud Vertex Al [7], to AWS SageMaker [8], to Mi-
crosoft Azure ML [9] xou to IBM Watson ML [10]. Qot600, xadde ot amouthioetg
av&dvovta, 1 cudgodenon tou Cloud yivetar yeyolitepn npdxinon, eve 1 ando-
TUOY TWV XEVIPWY DEBOUEVLY OO TS CUCKEUES TWV YENOTWY TROXAAEL UEYHAOUC
YEOVOUC HETAPOREC xot UTOPBoIULOUEVT) TOLOTN T UTNREGTOC.

[l TNV AV TYETOTOT) AUTWY TWV TEQLOPIOUMY, UEEOS TOU UTOAOYLG TIXOL (QopTlou
uetatornileton oto Edge, péovovtag tny enelepyacio mo xovtd 6To onuelo Topoy-
oYNe TV dcdopévey.  Elewdixeupévo uhixd Al xau Betiotomoinuévo mAalolo
ML emtpénouy amodotixr) tpoBAedn ancuieioc oc cuoxevéc Edge, npocgépovtac
EQUOUOYES YOUNAAC XATAVIAWONG EVERPYELNC Xot UPNAAC amddoong, ot Ololop-
pwvovtac to olyyeovo meotuto tou Edge Al [11]. Ioapdho autd, to Edge
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computing Acitouvpyel ye mo mEploplouevoug Topoug oe olyxplon pe to Cloud,
xahotovtag v anotereouatiny| cuvépyeta Edge-to-Cloud xadopiotier. M
ONUOVTIXTH TEOXANOT Efval 1) EVowUdTwon TV eyyuficewy QoS tou Cloud e tnv
amodoTxoTNTo Tou Edge, avtiuetwnilovtoc mapdhhnia dpxeTEC BACIXES TEOXAY-
oewc: i) Xpovonpoypappaticpnds Edge-to-Cloud & Ezepoyéveio: H
amoteheopatixy ouvepyooia uetach Edge xou Cloud e€aptdton amd tov guguy
YPOVOTIROY QOUUATIONO TV PopTwY gpyaoioc TpdBiedne, haufdvovtoac unddn tig
SLopOPETIXES opyLTEXTOVIXES Eneéepyao Ty, omwe ARM, RISC-V xau x86. ii)
Avéntuin IlpoBAedne we Eniyvwon Apyrtextovixng: Iloaiéc mhor-
poppec Edge mpoogépouy pudulouevee Aettoupyiec oyboc xou amddoonc mou
elodryouv ouufiBaouoic YETAED EVERYELAXTC amodoone xou TaydTnTac TeoBiedme.
H Bértiotn avdmtuln anoutel duvouxr pOduion Twv TapouéTewy EXTEAESTC WOTE
var eLduypouUiovTaL UE TIC AmMAUTHOES TOU QOPTOU EpYACiuC. iii) Alapope-
TwxEg Anouwtioesic QoS xow SLA: Awgopetixol Touelc epapuoynv emfBdi-
Aouv moixihoug meploplopols QoS, and xauoTERNOT ETTEDOU YLMOGTWY TOU
OEUTEPOAETTOU EWG UEYUAVTERT| OVOYT) OE PETABANTOTNTOL. iv) MetafAntotnta
Mnyavig IlpoBAedng: To cupd gdoua mAacinv eunneétnong npdliedng
ELOYYEL TOAUTAOXOTNTOL OTNV ETAOYT) TOU BEATIOTOU povTélou xan backend yio
avdmTuEn ot SpopeTeols xoUfouc LAoU. ot TNy avTIUETOTION aUTOY TWY
TEOXACEWY, TEONYOUUEVES EQEUVES EYOLY DIEPEUVHOEL A)OELS ECUTNRETNONE TTEOS-
Aedne v to Edge [12, 13], to Cloud [4, 14], xou to gupltepo cuveyéc Edge-
to-Cloud [15, 16]. 07600, oL UTdEYOVCES TEOGEYYIOEC GTEPOLVTAUL TANUGILY
YOVOTIROY QUUUATIOUOU UE ETY VWOT) OOYLITEXTOVIXTS TTOU BEATIGTOTOLOUY DUVAUIX
NV e€unneEETNoT TEOPAEYNG, TEOCUEUOLOVTUS GTIC DLUPORETIXES DUVAUTOTNTES TWV
ETEPOYEVLV XOUPwY. EminAcov, eve Eyouv npotadel BIAPopeC TEYVIXES YPOVOTRO-
Yeoppotiopol yia yegoveuévo eninedo (Edge 1 Cloud) xou oe 6ho 1o cuveyéc,
CLY VL OEV EXUETUAAEVOVTAL TAHEMS T1 DUVOLXY| TROCUPUOYY| TOPWY XL TIG AEL-
TOURYIEC EXTEAEONC UE YVOUOVA TNV OOYLTEXTOVIXT).

Y auth| TV epyaota, topouctdlovue To SynergAl, évo xouvotouo Thaiclo oye-
OLOPEVO YLoL amoBoTIXT ECUTNEETNOT TEOPBAEDEWY, TOOCUPUOGUEVY GTNY OOy ITEX-
Tovxn, o€ etepoyevelc xoufouc Edge-to-Cloud. O xbploc otdyoc Beitiotonolnong
Tou SynergAl civon 1 ehaytotonolnon Twv nopofidoewy QoS yio unyoveg Teof-
Aedng mou avamTiocoVTUL GE GAO TO GUVEYEC, DLUCPUAMLOVTAS AmOBOTIXY| TOTO-
VeETnon unyavey pe yvouove Ty apyttextovixt. H Abon yog Boaotletoan og évay
ONOXANPWUEVO YAPAUXTNEIOHO XAl AVHAUGCT) TN ATODOCTC XU TNG UEYLTEXTOVIXTG OL-
OXELTWY UNY VeV TEOBAEYNS, o€ SlapopeTeolg xOpufoug Edge/Cloud ot xotaoté-
oelg AetTovpylag. Luyxexpyéva, o TECOUE OTIC BLVATOTNTEG CUUPBLBACHOY Umo-
000N X TOPWY TwV xouPwv Edge, emitpénovtac Tnv vAonolnon BeitioTonoin-
UEVOY CGTEATNYIXWY AVATTUENG, TEOCUPUOCUEVLY GTO OVAOLX YUEAUX TNELO TIX!
x&de x6pPou. To anoteheopa aUTAHC TNG AVIAUCTIS TUPEYEL TIC XPIOUIES TUPAUUETEOUS
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GUVTOVIOUOU YLl TOV TEOTEWVOUEVO evopynoTewth Edge-to-Cloud. To SynergAI
YENOWOTOLEL Vol TAXLGLO YPOVOTROYPUUUATIONOU, UE ETyvwor tou QoS xo Tng
QPYLTEXTOVIXTC, TTOU TEOCUPUOCEL BUVOULXE TNV ToToVETNON EQYUoLWY TEOBAedNC,
Bdoel a&tohdynone Twv xvdivey topofiacnc QoS ot mpayuatind yeovo. Xuvodi-
Covtog, ol Pacinéc GUVELTQORES aUTHC TN Epyactac etvor ol e€AC:

o ALECAYOUUE EXTEVY] YAPAXTNPLOUO KO AVAAVGCT) YL CUVIOVIGUO Xol
avAmTUEY), BACEL AmOBOCNC XAl UEYLTEXTOVIXNG, DLAXOLTV UNY vV TeoBAedne
ML »ou povtehwv oe 6ho 1o ouveyec Edge-Cloud.

o ITapouoidlovue To SynergAl, €vol XAUVOTOUO TAXGCLO YEOVO-
npoypaupatiocnoL Edge-to-Cloud vy v eniluon Tou mpofiruotoc
ehaylotomoinong tapafdcewy QoS. Evowuatovouue evay cuvbuaouo offline
xou online ynyoviop®y otny TEoTEVOUEVT Abon pag, 1 onola alomolel Tn OL-
ado ol Yoo TNEIOUOU %ol AVEAUOTC, YL VOl EXTEAECEL DUVOULIXO YQOVOTRO-
YEUUUOTIONO EpYaolwy Bdoel aflohoyNoEwY TV xvoivewy Topafloone QoS
OE TEUYHATIXO YPOVO.

« Evoopatwvouue xar altohoyolue Tt AVoTN pag RE TO TAai-
ocwo Kubernetes, anodeiviovtog 6TL 1 apyttextovixd xododnyoluevn -
uTnEETNOT TEOPAEdNC Tou SynergAl xohoTd SUVATES, BEATIO TOTOINUEVES Xou
UE ETLYVWOT) AP ITEXTOVIXYC, AVUTTUEELS OE OVUOUOUEVESC TAUTPOPUES UALXOU,
eMTUY YdvovTog Yo uelwon 2.4 x ot nopofldoelc QoS o oUyxplon Ue Ui
Aoor) state-of-the-art.

To umdhoimo authc NG OlaTEBhC opyavveTal w¢ e€hg. Xty Evotnra 2
TOEEYOUUE EXTEVH YURUXTNEIOUO X0l OVIAUGT| Blaxptt®dy Unyavey teéBiedne ML
xou xOpPwy, eve oty Evotnta 3 tapovotdloupe Ty apyttextoviny Tou SynergAl.
Yy Evétnra 4 nopouctdleton xan oulnrteiton 1 netpapotiny altohdynor. Télog,
N Evotnrta 5 ohoxAnp®vel auth) TNV €pEUVAL Xl TEOTEIVEL UEANOVTIXEC EPEUVITIXES
xotevYUVoELC.

2 Xapaxtnelowog & Avaiuor

2.1 Iledio Aoxipwyv EEunneétnong IlpoBAedewy

Yrodoury YTAuxoL & Aoyiopixol: Aieldyouye Ta TELRIUATE HoC OE EVary
uMAOY Tpodlarypawmy dimhd-enelepyaoth Intel® Xeon® Gold 5218R (@2.1 GHz)
server, eZomhlouévo ue 128 GB pvAunc DRAM. IIdvw og auth T Sidtoln, dloguop-
PWVOUPE BUO EXOVIXEC UMY avES TTou Aettoupyolv we xVplog xéuPoc (4 vCPUs, 8
GB RAM) o x6pBoc epyasiac (16 vCPUs, 16 GB RAM) tou cucthuatoc po,
avtioToya, yenowonowwvtag Tov utepenontny KVM. Emuniéoyv, evoouathvouue
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0Vo axoun xopPoug epyactac oto Edge, ol onolol tepthapBdvouy eva Nvidia Jet-
son AGX (8 CPUs, 32 GB RAM) xo éva Nvidia Jetson Xavier NX (6 CPUs,
8 GB RAM). IN'ot v avdmtuén xat Ty EVOpYNoTewaTn Tou Lo THUATOC, -
tonotolpe to Kubernetes [17] (v1.28.10) og cuvduaopé pe to Containerd (v1.7.2)
w¢ TepBdhhoy exteleonc container.

Pobptor Epyaciag twv Mnyavev IlpoBAedng: TNoa touc oxonoic
QUTAC TNEC OLITEPNC, YPMNOWOTOOUUE TIC EPYAUCIEC aVIYVEUCTC OVTIXEWEVWY XAl
Togvounong eoévwy ond 1 covitor benchmark MLPerf Inference [18]. O IIi-
voxog 1.1 mopeyel Aemtopépeleg oyetnd pe Tig unyaves mpoBiedne MLPerf nou
YENOWOTOLAUNXOY, CUUTEQLAUBAVOUEVNG TNG OVOTUEAC TUONG, TNG TORoAAAY NS
TOU JOVTEAOU, TOU GUVOAOU BEBOUEVWV ETUXVPWONG ol TNG axElBELIC Tou UoV-
téhou. Kdlde otryuotumo tou container tng unyovic meoBiedne amoteheltar amnd
600 otoyelor (1) t Mnyovh IedBredne xou (ii) tn Fevvhtpla @optou. H Mnyovh
[péPBredne enclepydleton évor mpo-exnaudeupévo poviého DNN (m.y., ResNet)
yenotpomotvtac évo xodoptouévo mhaioto backend (m.y., TensorFlow) yio tnv
extéheon tne xadoptopévne epyaotoc. Ev tw petald, n I'evvitplo épTtou mpo-
COUOLOVEL T Opactnetotrnta Yoo T Mnyoavh IlpdBhedne xar mopoxohovdel tnv
anédoon tne. Iaipver we elcodo 1o clvolo dedopévwy emxdpwone (m.y., Im-
ageNet), T0 CEVAPLO X0 TOV GUVOALXO aptiud epOTNUETWY TPOC EXTEAEST). XTa
TELRAUATE Hog, Yenotuorotioaue To oevdplo Single Stream, émou n I'evvAtola oo-
TOU GTEAVEL EVaL OEYUOL OVE EQOTNUO XOU TIEQUIEVEL VO OAOXANOWUEL 1) EXTENECT) TTELV
otethel 1o emdpevo. Kald’ OAn 11 Sudpxeior Tou YapaxTNEIoNoU, DIUTNPOVHE EVOLY
otadepd apriud cpwtnudtony oto MLPerf oe dhec Tic unyaveg mpdlredng yia vo
o LOAOYACOLUE TNV amdB00T) TOUC UTO ToV {Blo popTOo gpyaoioc xat vor amoxohiy-
OUUE TO EOWTEPXE YAUPUXTNELOTIXG TOUC. AUTY 1) TWr €lvor 1) TEOETAEYUEVY] TTOU
Yenowonoteitow oto cevdplo Single Stream.

Avdivon Twv Katactdoewy Acsitovpyiog otig ITAaxéteg AGX
xow NX: O mhoxétee Nvidia AGX xow NX moapéyouv dudpopec xatac TdoELS
Aertovpyiog yio T BeATiotonolnom Tng EMBOOTNS, TNG EVERYEWXNAS amddOONS XAl
Ne Yepuinric Olaryelplone. AUTEC OL XUTUC TAGELS EMITEETOUY 0TO GUOTIUA VO EVUA-
ANdooeTa UETOED UEYIOTNG OO0 VLol ATOLTNTIX0UC PORTOUC EQYAUTIOG Xal Y ouY)-
AOTEPNG XATAVIAWOTG EVERYELNG YL BEATIOUEVY AmOdOTIXOTNTA O TepBdAhovTa
ue meptoplopevn evépyeta. O Ilivoxac 1.2 mopouotdlel Yta AETTOUERY| ETLOXOTNGT)
TWV XOTACTACEWY TTOU avaALUNXAY OTNY EEEUVE JOG, 0TS TEOXVUTTOUV omtd TIC
TEOJLXYPUPES TOU XaTaoxevaoTr. Eivar onuovtind vo onuewwidel 6L 1600 oL
mhoxétec AGX 600 xaw NX mpoogépouy mpdoletec xatao TdoELS, ahhd 1 EVEE-
yomoinor Touc omoutel emavexxivnor. AedouEvou OTL auUTH 1N Epyucia EMLXEV-
Tpwvetol 0T AN amogdoewy xatd TN OdexEld EXTEAECONS, AMOQPEDYOUUE TT)
YENON ATV TWV XATAOTACEWY XADWS ELGEYOLY EMBUPUVOELS TOU UTOPOVY VL
EMNEEGCOLY TO CGUGTNUO YPOVOOEOUOAOYNONS Tou avantuocouue. Eotidlovtag
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oto Nvidia Jetson AGX, moapatneolue €41 dldéouec xaTac TEoELS AlTovpYlaC.
H cuyvétnta tng CPU xupoabveton amé 1200 MHz €w¢ 2266 MHz, ue tov opt-
VU6 twv evepydy CPUs va mowdhAel and 2 €wc 8. Emmiéov, o npolnoloyioudg
oy Vo xuuatveton and 15 Watt g MAXN, unodewxviovtog 6Tt dev undpyet oTa-
Uepd aviTATO 6pl0 GTNY XATAVIAWOT eVERYELaS. Autd emitpénel 6To oloTnua
Vo AELTovpYel OE UEYLOTN amOB00T) EVE TEOCUQUOLEL BUVUULIXE TNV XATUVIAWOT)
EVEQPYELNC CUUPOVA UE TIC UTAULTHOELS TOU QOpTOL gpyaoiog ot Toug Vepunoic
neploptogolc. Ao tny dAAn mheupd, to Nvidia Jetson Xavier NX mpoogépel ev-
vea ddeoueg xataotdoelg Aertovpyiog. H ouyvotnta tng CPU edo xupaivetan
am6 1200 MHz éwe 1900 MHz, ue 2 €w¢ 6 evepyéc CPUs, xat o npoUnoloyiouog
Loy Vo xupaivetar and 10 Watt €we 20 Watt.

Table 1.1: Trootnelduevee Mnyavéc IlpdBredne MLPerf, Hapohhayry Movtéhou, Livoro Ae-
dopévwy xar Avtictoryn Axpifeia

Epyacia Avanapdotaon IToparrayy) Movtélou  XiOvoro Acdopévwv | Axp(Beia
ResNet50 ImageNet 76.456%
Tensorflow (TF) [19] | MobileNet ImageNet 71.676%
MobileNet Quantized (Q) ImageNet 70.694%
/] i ag 7
' ’ TFLite (TFL) [20] Mob%leNet ‘ ImageNet 71.676%
TaZwvéunon Ewuxovev MobileNet Quantized ImageNet 70.762%
ResNet50 opset-8 (OP8) ImageNet 76.456%
. = _ o =07
ONNX Runtime [21] ResNet50 opset-11 (OP11) | ImageNet 76.456%
MobileNet opset-8 ImageNet 71.676%
MobileNet opset-11 ImageNet 71.676%
TensorFlow [19] SSDMobileNet Coco 300 mAP 0.234
Aviyvevon Aviixsipévoy ONNX Runtime [21] SSDMobileNet opset-8 Coco 300 mAP 0.23
SSDMobileNet opset-11 Coco 300 mAP 0.23

2.2 Xoapaxtneiopog EEunneétnong IlpoBAedewy

[o vo amoxtAcoupe Podltepn XoTovVONOY TWV YUEAUXTNELO TIXWY EXTEAECONC TWV
OLopOEWY Ny vy TEdBAednc Tou avagépovton otov Ilivoxa 1.1, agloloyolue Ty
eniOpaoT) DLPOPWY TUEAYOVTIWY GTNY ATOOOCT] TOUS. MUYXEXQWIEVA, AVUADOUUE
L pMyavéS Yo vo a€LoAOYIooUUE TS 1) ot epydteg Bactoyévol oe x86 xoau ARM,
ii) n %&detn xhpdnwon mépwy xou iii) ot xatactdoelc Aettoupyiog oTouC EpYdTES
mou Bootlovtar oe ARM ennpedlouv Ty anddoct| Toug. 210 TEAOC QUTAC TNG
OVIAUOTG, ETUONUAUVOUUE To BUCIXd CUUTEQACHATH ATO T MEAETN UOG YIoL VO
TEOGOLOPIGOVUE TIC PEATIOTES XATUO TUCELS Yiol UAOTOINGT 6TO GOCTNUA YEOVODEO-
LOAOYNONC oG

2.2.1 Xoapaxtneiowog pue Eniyvwon tng Anédoong

e qUTH TNV EVOTNTA, UEAETAUE TIC UNYOUVES TEOBAEYNG Tou avapepovTaL GTOV
Hivaor 1.1 yioe vou avahOGoUPE TNy amddoor] Toug 6 OAOUC TOUC EPYATEC GTO
clotnud poc. To Lyrua 1.1 nopouctdlel Tov YopaxTNEIoUS TWV AELOAOYOUUEVGY
unyavey Teoliedng o 6houg Toug dadéoiuoug epydtec.  AmewcoviCel (o) TO
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Figure 1.1: Xapoxtnplopog twv AZiohoyoluevey Mnyavov [lpéBiedng oe ‘Oloug toug Alodéot-
wouc KépBoue: QPS (IIdvw), ypdvoe npo-enelepyacioc (Ildvwm-uéon), ypdvos unyovic tedBredng
(Kdto-péon) xaw cuvolixde ypovoe extéeons (Kdtw) oe hoyoprduu xhipaxa.

QPS (IIdvw), (B) Tov ypdvo mpo-enelepyooioc, o onoloc nepthoyBdvel Ty op-
ytxornoinor tou backend, ™ @éptwon Tou poviehou DNN xan tnv mpoetoacio
TV dedopévey emxbpwone (Hdve-yéon), (y) tov ypdvo extéleonc tng Unyovic
TedBAedne, o omolog avagpépetar oTov TEAYUATXd LTOAOYIoUO Yedvou (Kdtw-
uéom), xat (8) Tov GUVOMXO YEOVO EXTENEONC, OTWC XoTorypdpeTon omd T Ievvi-
Toot PopTou Yo wdde Mnyavy| HpdBredne MLPerf, o onolog avtinpocwnedet tov
GUVOAIXO YpbVOo Tpo-enedepyaoiog o extéreonc tne unyavic tedPredne (Kdtw).
‘Okeg ot yetprioeic anewoviCovtar o Aoyoprdu xhipoxa. o Tov epydn x86,
ot Tiéc QPS wupatvovtar amd 16.5 yio to TensorFlow ResNet éwce 259 yia to
ONNX Runtime MobileNet ye opset-11, ue péco 6po QPS 52.3. I'ia Tov cuvo-
AMXO YPOVO EXTENEOTC, TOPUTNEOUUE UL XUTAVOUT TTOU XUMAEVETOL amtd eAAYLGTO
27,8 devutepohenta Yo to ONNX Runtime MobileNet ye opset-11 €wc péyioto
4,3 hentd yio to ONNX Runtime SSDMobileNet pe opset-8. O péooc ypdvoc
extéleone ebvar 2,4 hemtd. Mo evdlagpépouoa topatrienon elvon 0T, ToEOAO TOU
Ohec ot unyavég tedPredne encéepydloviar ToV (010 apLiud EQOTNUATMY, 1) Uy ovY)
ONNX ResNet ye to younhétepo QPS dev elvar auth| ye tov yeyohiTepo ypbdvo
extéheonc. Avtileta, 0 CUVTOUOTEROC YEOVOC EXTENEOTC XUTAYQPAPETOL YLl TO
ONNX Runtime MobileNet ue opset-11, 1o omoio éyer QPS 259. Avuty n
OUUTERLPORE amOd{DETAL GTOV YPOVO Tpo-eneepyaciog, o onolog Tepthou3dveL TNy
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emPBdpuvorn tng apyixonoinong tou emieypévou backend, Ty pdduon Tou mpo-
exnoudeupévou poviehou DNN oe autéd 1o backend xou 0 @popTworn tou cuvolou
oedouevey emdpwone MLPerf. Tlpdyuatt, to TensorFlow ResNet ohoxinpwvel
ot TN Owdcacia o pohe 1,4 deutepdienta, evey to ONNX Runtime Mo-
bileNet ye opset-11 amoutel 19X nepiocdTERO YPOVO Yia Tpo-enelepyacia. Autd
EMNEEACEL ONUOVTIXG TNV amddoaoT), TEAXA avTloTaduiloviag TO TASOVEXTNUO TOU
udmAidtepou QPS.

[a tov epydrn AGX, to QPS xupaiveton anéd 5,7 yio To TensorFlow ResNet
cwe 39,3 v to ONNX Runtime MobileNet ye opset-11, ue yeoo 6po QPS 19.
O ouvohixdg ypodvoc extéleonc extelvetal and erdytoto 1,8 hemtd yioo to ONNX
Runtime MobileNet pe opset-11 éwc péyioto 11,5 Aemtd yia to TensorFlow
ResNet, ue péoo 6po 4,6 Aentd. Ouolwe, yio Tov gpydtn NX, 1o QPS xuyaive-
Ton wetold 5,6 yio to TensorFlow ResNet xou 22 yia to TensorFlow MobileNet,
ue uEco 6po 12,5. O ocuvolwnde yedvoc extéleone xuualveton amd erdyloto 3,1
Aemtd yio To TensorFlow MobileNet éw¢ yéyioto 11,6 Aentd yio to TensorFlow
ResNet, pe péoo 6po 6,8 hentd. o toug epydtec AGX xou NX, n umyovy| mpoB-
Aedng pe to udmidtepo QPS odnyel oTov cuVTOUOTERD YEOVO EXTEAEONC, EVK AUTH
ue To younhotepo QPS €yel Tov pueyarltepo ypdvo exteleonc, oe avtideon ye tov
epydTn x86. Autéd cuyfalvel emeldn o ypodvog mpo-eneepyaciog auidveTal HOVO
ehoppide, xatd 10% oto AGX xou 1, 76x oto NX og oUyxplon pe to x86. O gp-
yaoleg npo-enelepyaciauc Omwe 1 aAloryr) LEYEDOUC EXOVAC Xou 1) XovOVIXOTO(NGT)
Booilovtar mepiocdtepo oto elpoc Ldvne I/O xou pvhune mopd oty oyl tng
CPU, mpoxohaoyvtog eAdytotn emBpdduvor oe Alyotepo loyupd LAxG. Avtieta,
N TEOBAET elvor TOAD TLO AT TNTIX UTOAOYLO TIXG, XoHo TOVTUC TNV aOENoT TOU
Yeovou mpo-eelepyactiog aueAnTER 0 GOYXELOT UE TNV TOAD UEYUADTERPT QUENOT)
TOU YPOVOU EXTEAECTC.

* Q1: Ilog drapéper n anédoon twy unyavwy mpofAelhng dtav

€EKTEAOVYTAL O€ 01APOPETIKOVS €PYATEG;

O epydtne x86 &emepvd touc AGX xan NX, emituyydvovtog 2,8x xou 4, 2X
udmidtepo QPS, avticTtotya, eve elvon emlong 2x xou 2, 8X ToryUTEPOS GE YPOVO
extéheonc, avtioToyo. Autd elvon avoevouevo, xadne To X86 TeoopEpel TNV Lo
toyver) CPU xau tn peyoritepn dwadéoun RAM, axoloudoluevo and 1o AGX
xat otn ouveyelo To NX. To TensorFlow ResNet napouoidlel otodepd tn youn-
AOTEQT OmOB0CY) OE OAEC TIC CUOXEVEC AOY® TNG LPNAAC UTOAOYIOTIXAC TOAL-
TAOXOTNTAC TOU 22], 1 omola ylveton oaxdun mo EUPAVHC OF TAATPOQUES UE TEQL-
optopévoug nopoug onwe T AGX xow NX. To ONNX MobileNet opset-11 etvou 1)
Tary Otepn unyovh TeoBAiedne T6co oto x86 oo xat 6To AGX, enwpeholuevo and
Ti¢ Pehtiotomotfoeic Tou ONNX Runtime yio anodotixr) TapdAANAn eEXTENEST) XAl
TeoBhedmn youniic xoduotépnone. 2otdco, oto NX, to TensorFlow MobileNet
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ETUTUYYAVEL TNV XOADTERT amod0CT). AuTH 1) avdhuoT utoypaupller T onuacio Tng
avdmTuéng TEoBAEDEWY U enlyvwor TNG aEyLTEXTOVIXTS, xoKOS 1 amod00T UTopEl
VoL OLUPEREL OTNUAVTIXG OE DLUPOPETIXES TAATPOPUES UANXOU, GXOUT Xl EVTIOS TNG
(Blac OO YEVELNC GUOXEURDY, AOYW TNS AAANAETBRUONG HETAUED TNC OEYLTEXTOVIXNC
TOU GUOTAUAUTOC, TV BEATIOTOTONCE®WY TOU TAULGIOU XUl TV Y UPAUXTNEIC TIXMV
TOU ovTélou TEOBAedNC.

* Baowké Yvunépaoua 1: H pértiotn emAoyn unyavns npdprepng kai
pHovtélov dapéper onuavtikd petal dagopetikdy apyitektovikwy VAikoU. H
arodoTikéTnTA TV TPOPAEYewy Kabopiletar amd T unyavn, ta HovTéla Kai ta
eowTepIkd YapakTnploTikd TNS apX1TEKTOVIKHS.

2.2.2 Xoapaxtneiopodg Xuviovicopwol Baociopévou otnyv Apyttextovixy

Ye auth TNV evoTNTa, e€eTdloUUE TNV ENOPAUOT) BLoPOEWY BEATIOTOTO|OEWY OTNY
AmODOCT) TWV AVIAUOUEVWY Unyovey Teofiedne. H mpooéyyior| yoc ywelletan
oe 800 pépn: a) yio Tov epydTn x86, a&tohoyolue T 0 apldUoC TWV YNUATODY
emneedleL TNV amodoaoT), xou @) vt Toug gpydrec AGX xou NX, epeuvoipe g ot
OLUPOPETIUES XUTAUOTAOELS ActToupYiog ennpedCouy TNy amddooT).

* Q2: Ilwg ennpedler n kdUetn kAipudkwon (6nAadn, #Nnuaza)
TNV andédoon ortovg epydteS Paciouévovg oge 86;

Ye auTO TO PEPOC TNG AVAALCYC Wog, ECETACOVUE T CUUTEQLPOES DLUPORWY
Unyavey TeoBisdng dtav exteAolvTol ot £vay epydTn X86 UE OLUQOPETIXG aptiud
VINUATOVY.

Luyxexpwéva, o Tic Unyavée tpoiedne mou yenowworooly to ONNX Run-
time w¢ backend, Tpomonoolue tnv nopducteo INTRA_OP_NUM_THREADS, xou yio
TIc unyavéc mou €youv w¢ backend to TensorFlow, mpocapudlouue tn plduion
INTRA_OP_PARALLELISM_THREADS, ol omtoleg Elvol OL TLO GTUAUVTIXES TORAUETEOL,
omoe meptypdgeton oe Tponyoluevn épeuva [4]. Téhog, yia to TensorFlow Lite,
e¢etdCoupe TNy topdueteo NUM_THREADS. To anoteAéoporta Tng UEAETNG pog €OELE oy
oTL N adénom Tou aptiuol TV SldEoiuwy vnudtwy odnyel o upnidteco QPS xan
UELWUEVO GUVOAXO Ypovo exteéheonc. H yerion 2, 4, 8 o 16 vnudtwy amodidel
ueoeg Bertiwoeg QPS xatd 1,6%, 2,5%, 3,8% xou 4, 5X aviloTotya, o€ oUYXELoN
UE TNV EXTEAEST) LOVOD Viuatog. ‘Ocov aopd Tov GUVOAIXS YPOVO EXTEAECTS, TA
2,4, 8 xan 16 viuotor 00nyoLv o€ pEoeg emitay UVOELS eExTeAeonc xatd 1,6%, 2,3,
2,9% xou 3X o€ oUYXELON UE TNV EXTEAECT) LOVOL ViUoTog, avTioTolyo. Autd um-
OONAGDVEL 6TL 0L BEATIOOELC amddooNG amd TNV adENoT TWY YNUATWY OEV Efvar TévToL
YEUUUXES 1) onuovTixég Tépa amd €va onueio. T'or mapddelyua, eved 1 uetdBaon and
1 og 8 viuora mapéyet po emtdyuvon 2, 9x, n adinorn oe 16 viuota anodidel povo
i oploc?) Behtiwon oe 3x. Auth 1 uetobuevn ambdoo delyvel 6Tt UoTEpa amd Eval
CUYXEXQLIEVO 0pLO, T TEOCUTUY] TEQLOCOTEPWY VNUATOY OV BEATIOVEL AvaAOYIXd
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TNV am66007), TAVOTUTA AOY® TOEAYOVIWY OTWS 1) aLENUEVT ETLBAEUVOT CUYY PO-
VIOHOU, O aVTOYWVIOUOG YLo XOLVOYENOTOUS TOPOUG (T, %xpLEYN UVHUN 1) €0POC
Covng Uviung), xon avemdpxeleg otny ToedAAnAn extéieon. 'Etat, n yehon ohwyv
TV OLIESUOY VNUATOY EVOEYETOL Vo Uny ebvar TévTa amapakTnT yior TNy entiteuln
OYEDOV BEATIOTNE UmOBOGCTC, AVOLYOVTUC TNV TOPTA YL TEQUUTER DIEPEDVNON TNG
OUGYETIONG UETOED TNG HAUAXWONG VNUATWY Xl TNG ATOBOTIXOTNTAC TWY TEOS3-
Mdewy. Tehog, o ypdvoc npo-enelepyacioc Oev enNEEdleTol ONUAVTIXG Ao TNV
aVENOT TV SLWECIUWY VNUATWY, UE ATOTEAECHA Uidl UEYLOTY UEWCT) TOU YPOVOU
exTENEONC HATS 21% ota 16 VAROTOL OE CUYXELOT] UE TNV EXTEAECT) LOVOL VAUXTOG.
Auté ebvar avopevouevo, xodoe mpoavagépoue 0Tl 1) tpo-encéepyaoia Poaotletan
Teplo06TERO 670 €lpog Lwvne uvAung xou I/O napd otnv CPU.

* Baoiké Yvunépaoua 2: Havénon tov apiduol twv vnudtwy PeAtidver
tnv anddoon mpdPAeYns oe epydres Paoiouévovs oe 286, aldd pe ueiwpévn
amédoon mépa amo évav opiopévo apiud vnudtwy, vrodnAwrovtag 6t umopel
va emrevyOel oxe00v PérTioTn anddoon xwpiS tn xpnon cAwv twv dadéouwy
vhudtowy.

* Q3: Ilapovoidler n améd001n YPAUMIKT) OCVOXETION ME TNV
kKAipudkwon ynudtwv;

‘Onwe napatnerinxe, o SImAAcLaouoS Tou aptiuod TwV VUdT®Y OV oonyel oe
oimhactooud tou QPS. H adinomn twv ynudtwy and €va onuelo xat €neito anodioel
pUivouceg amodOCEC AOY® AVIUYWVIOUOD VNUATOY Xt EMBAUPOVOEDY GUYYEO-
viopoL. Koadoe meplocdtepar viuaTo Slexdixolv xolvolc Tépouc Omwe TNy x0pla
UVAUN xon TNV uviun cache, o avtaywviouoc auEdveTar, odNyOVTIS O UEWWUEVT
ATOBOTIXOTITOL X0 TEPLOPIOUEVY] ETLTAYLVOT. AUTO TO QOUVOUEVO ElvoL oXOUT) TLO
£VIOVO GTOV GUYOAXO YPOVO EXTENECTC, OTIOU UETA OO L0l CUYXEXQUIEVT UElwon
0TO YPOVO TN Unyavic TeolAedne, n npoenelepyaoio yiveton o xuplapyoc mapd-
yvovtac. Lo mapdderyuo, oto ONNX Runtime SSD MobileNet pe opset-8, and 4
ViUt Xot UETY, 1) Tpoenedepyacio xuptapyel, xoo TMVTUS TIC TEPAULTERK AUENTELS
oTOV oEWIUO YNUATOVY GUEANTEES WS TEOC TNV ETLOPUOT.

Mo gl evdlagpepouoa tapathenon gatvetar oto TensorFlow Lite MobileNet
Quantized, 6mou 1 anOBOCT UAUUXWOVETAUL OTWS ovVoUEVETOL amd 1 €wg 8 vi-
wortar, ohhd ota 16 viuata, T6c00 to QPS 600 xou 0 ypdvoc extéleonc mopouE-
YOUV OYEQOV TOVOUOLOTUTIA UE TNV EXTEAEST) UE Eval VAU AUTY| 1 CUUTEQLPORA
emnpedleton and 600 Bacixolc mapdyovtee. Ilpwtov, To yoviého vnudtwong Tou
TensorFlow Lite eivar oyedlaouévo yia EVOWUATWUEVEC CUOXEVES, ECTIELOVTAC
otnVv extéleon yauninic xoductépnone mopd otov emleTind mopahAnAoud. ¢
ATOTEAEOUA, DEV XATAVEUEL ATOTEAECUATING TOUC PORTOUC ERYATIUC G TOAAS V-
wota, taitepo o emelepyactéc x86, oL omoiol dev elvor o x0pLoc oTOYOC TOU.
"Totepa amd Tar 8 VAUATA, TO UOVTEAO VNUATOONG QTAVEL OE €Va 6PLO ATODOOTC,
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Figure 1.2: Enidpaon twv Kotaotdoewv Aertovpyioc oto QPS (Ildvw) xou ypdvo extéheong
(Kdtow) yio tic Mnyavée IpéBredne MLPerf yio AGX o NX

TeoxaAOvTog @Uivouceg arodocelc ota 16 viuota. I vor aflohoyoouye tn ypou-
wuxoTnTaL, utohoyiCoupe tn cucyétior Pearson 23] UETOEY TOU YPOVOL EXTEAEOTC
XalL TOU opLUoU TWV VNUATWY, UE TYWES XOVTE 6TO 1 Vo UTOBELXVOOUY LoYUEOTERT
Yoauuxy ouoyetion. H cuoyétion petald tou apuiuod twv ynudtwy o tTng
amodoong etvar 0,83 xatd UECO 6PO, LTOBENVIOVTOC Lol LOYUET) OAAS Oyl TAYEWS
Yoo oyéon. Emniéov, n ntocotxonolnon nailel onuovtind pdAo oTny omo-
0001 TEOBAEYNC oF BLaPoPETINEC TAUTQOPUES VALXoU. Eve ol utoloyiopol int8
elvon yevxd TtoyUtepol amod TS AclToupYleg xivnTC UTOBLG TOAC AOYW TNG WEL-
WUEVNG UTOAOYIO TG TOAUTTAOXOTNTOG X0l TOV YUUNAOTERWY ATOUTACEWY EVPOUS
Covng uviung, o Paduog Twv BeEATdoEwy amddoong TodAAel UETALD TV dpyLtex-
Tovixwyv [24, 25]. Aedouévou 6Tt oL Aettoupylec int8 elva £YYEVOC ENPELES, )
UTEEBOAXT) VNUATWOT UToEEl Var LGy YEL ETBHEUYOT] GUYYPOVIGUOU, OXUPMVOV-
Tog maveg emtoyvoelc. Koadwg ou Aettovpyleg mou Pasctlovian oe axépatoug
elvon ENaPEIEC o EXTEAOUVTAL YRV YORA, 1) emifdpuvor and Tn dloyelpior emimhéoy
VNUATWY aXUROVEL TNV vy ETLTAYUVOT).

* Baoikd Yvunépaoua 3: H anédoon Oev kAijuakovetar tAnpws ypau-
pikd ue tov apiud twv vnudtwy Adyw avtaywviopol, empaplvoewy ouyxpo-
VIOV Kal TEPIOPITUWY €I0IKOY YIa TOV YOpPTo €pyacias, odnywrvtas oe plivovoeg
aroddoes votepa and €va dpro. ‘Erol, n vrepkatavdAwon vmoAoVIoTIKWY Topwy
pmopet va aropeuyUel.

* Q4: Ildg ennpedlovy o1 kataoTdoelg Aertovpyiag TouS €pYATES
nov Baoitfovtar oe ARM;

H Ewoéva 1.2 anewxoviler tic xotavopée tou QPS xow tou cuvoixol yeo-
vou extéheornc yia Tic mhoxétec AGX xou NX otic dladéoiuec xataoTdoelc Act-
Toupylog, omwe meptypdpovton otov Iivaxa 1.2. Ectdlovtoc otov epydrn AGX,
mopatneolue 6Tl 1 Katdotoon 6 Eeywpller ye to upnidtepo QPS xan, xatd
OLVETEELY, TO YOUNAOTEPO Ypovo exteheonc. H xatavoury QPS xupobveton amd
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4,8 €wc 39,8, ue pEco 6po 18,4, eved o ypovog exteheonc xupaivetar and 1,8
cwe 13,6 Aentd, ye uco 6po 5,1 Aentd. Nuyxexpweva, n Katdotoon 6 nopeyet
QPS mou ebvar 1, 3% upnidtepo and v Katdotaon 5, 1,4x vdnidtepo and tnv
Katdotaon 4, 1,8%x udmidtepo and v Katdotaon 3, 2x vdmidtepo and tnv
Katdotaon 2, xou 2, 2x upnhotepo and v Katdotaon 1. Avtidétwe, 1 mo apy
xatdotoor, 1 Koatdotaon 1, napouoidlel xotoavouy) QPS and 4,8 éwe 17,3, ue
UECO 6p0 8,2, UE YPOVOUC eXTEAEOTC oL xupaivovTal amo 4,1 €wg 28,5 Aentd, ue
ueco 6po 11,4 Aentd. H Katdotaon 6 avapeveton vo amodider xoahhTepa AOYW NG
ulmAdtepne péylotng cuyvoTnToc Acttovpyiag Tng, e aflonolnong OAwY Twv OL-
adéowy CPU, xou tne éMkeudne neplopiop®dy otov mpolmohoyloud toyvoc. And
™V dAAN mAevpd, av xou 1 Katdotaon 1 npoogépet tic yeyloteg online CPUs
xou LPNAGTEPO TPoUTOAOYIOUS oY DO, 1 YOUNAOTERY CUYVOTNTA TNG €YEL KC
amoTéAeoUa va elvon 1) o apyn emhoyn. T tov epydtn NX, n Kotdotaon 9
emtuyYdvel To udgnidtepo QPS. H xatavoury QPS xupalvetar and 5,6 €we 23,3,
e u€co 6po 14,3, eV o ypdvog extéreonc mouxiAel petald 2,9 xou 11,6 Aemtwy,
ue pEco 6po 5,8 Aemtd. Luyxexpweéva, n Koatdotaon 9 napeyer QPS nou eivan
1, 2x udniotepo and Tic Kataotdoeg 7 xou 8, 1, 3x udnidtepo and tic Kataotd-
oeic 2, 3, 4, xou 5, 1,5x vhnidtepo and tnv Kotdotaon 6, xar 2, 5% upnhotepo
om6 v Koatdotaon 1. H xoatdotaon ye ) youniotepn anddoon eivar 1 Kotdo-
taon 1, pe xatavour; QPS mou xupatveton and 1,8 €we 8,1, ue yeco épo 5,5, xan
Yeovoug extéleonc eToly 8,4 ot 36 Aemtwdv, Ue uéco 6po 16,9 hentd. H Kotdo-
Toon 9 emTUYYAVEL UYNAY amOBOCT YENCILOTOLOVTOS TN UEYUAVTERT, CUYVOTNTA
CPU evo ypenowonotel uovo 4 CPUs xou Aettoupyel Ye Tov YaunhoTtepo npolmoh-
oylouo toyvoc. Avtdétwe, n Katdotoaon 1, n omola €yel tn younhotepn UEyion
ovyvotnta CPU Twv 1200 MHz, pali pe tov idto aprdud CPU xa mpobroroyioud
Loy VOC, OONYEL OTNV TLO 0QPYT| EXTEAEDT).

Table 1.2: Awwopgaoeic Aettovpyiag Ioybog yio tic [Thoxéteg Nvidia Jetson AGX Xavier xou
Xavier NX

ITAaxéTo Koatdotaon| Méyiotn CPU Xuyvértrnta | Online CPUs Awadéoiun Ioyie
(MHz) (W)
Kotdotaon 1 | 1200 30
Kotdotaon 2 | 1450 30
Koatdotaon 3 | 1780 30
Kotdotaon 4 | 2100 30
Kotdotaon 5 | 2188 15
Kotdotaon 6 | 2266 MAXN
Koatdotaon 1 | 1200 10
Kotdotaon 2 | 1400 15
Koatdotaon 3 | 1400 20
Kotdotaon 4 | 1400 15
Koatdotaon 5 | 1400 20
Kotdotaon 6 | 1500 10
Koatdotaon 7 | 1900 15
Katdotoon 8 | 1900 20
Koatdotaon 9 | 1900 10

Nvidia Jetson AGX

Nvidia Jetson Xavier NX

BN N O[]0 [N 0o

27



WHH@ Sl T+ " T . ’

W
\xL "\ ‘1\\“1‘ "\\)“L ,50 “\p.*
v° «)“’“ «,“7’0 P P 0° %"?\) a&"\’\) ek"?\) &" ®” 124 ®”

Figure 1.3: Enidpaon tnc XLuyvotnrac, #CPUs xou [IpoUnohoyiouol Ioyboc otnv Anédoon yia
tov Epydtn AGX
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Figure 1.4: Enidpacn tne Luyvotnrac, #CPUs xou [Ipobnohoyiouol Ioyboc otnv Anédoon yia
Tov BEpydtn NX

* Baoiké Yvunépaoua 4: O1 kataotdoes Aertovpyiag ennpedlovy onuav-
tikd TNy améooon o€ epydres mov Pacilovtar oe ARM, e Tig vihnAdtepes ovyvoTnTeg
CPU va odnyody oe kaAUtepo QPS ka1 yapnAdtepous xpovous ektédeons.

* Q5: Iloieg mapduetpor (m.x., #CPUs, ovyvornra) éxovr T
pHeyalVTepn enidpaon otnv anédoon;

[o var amoxtcoupe Bodltepn xotavonon yia Tov AOYO TOU Ol TEOOVOPER-
Veloec xataotdoeic Aettoupylag lvon oNUAVTIXES, VIADOUNE WS 1) ATOOOCT) TWV
unyavey tedBiedne ennpedleton amd Tic Pacinéc TTuyEC xdde xaTdoTOoNG AEL-
Toupyiac 600 Yo Toug gpydtegc AGX doo xan NX. Ov Ewédvee 1.3 xon 1.4 dety-
vouv T xotavopéc tou QPS ot BlapopeTinéc UEYIoTEC LY VOTNTES Acttoupyiag
(Apotepd), Tov aprdud tov online CPUs (Kévtpo), xau tov dardéoio mpoiimo-
oylopo oyvog (Aegid). ‘Onwe mopatneeitor 1600 Yy Toug epydtec AGX 600 xa
NX, n ad&non e péylotng ouvyvotntag CPU odnyel oe udmidtepn amddoo. T
Tov gpydtn AGX, n adénon tne cuyvétnroc CPU and 1200 MHz ce 1450 MHz
odnyel oe péon abinon tou QPS xatd 2,5%. H adZnon ota 1780 MHz odnyel oe
Behtiwon xatd 1,35%, ota 2100 MHz o adinon xatd 1, 7%, ota 2188 MHz oe
avénomn xatd 1,8%, xou ota 2266 MHz oc Pehtinon xatd 2,3x xatd yéco 6po.
Hapodpota cuumepipopd mapatneeitar yio Tov epydtn NX, onou n petdBoorn and
v Ol sy ouyvotnta CPU otnv enduevn diadéoiun cuyvotnto odnyel o
1,7, 2%, xou 2, 3% upnhoétepo QPS xatd yeoo odpo.

‘Ocov agopd Tov apriud twv dldéowny online CPUs, nopatneolue uio ov-
Tipotixy) taon. o tov gpydtn AGX, 1 adinon tou aprduol twv online CPUs
yevixd odnyel oe yeiworn Tou QPS xatd uéco 6po. Muyxexpwéva, 1 yenon 4
online CPUs odnyel oe peinon tou QPS xotd 8%, evd n Unopgn 6 online CPUs
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oonyel oe 1,7x younidtepo QPS o obyxplon ue tn yeron 2 online CPUs. Me
8 online CPUs, to QPS mnopouéver oyeddv 1o Blo dnwe pe 2 CPUs, detyvov-
Tog povo Wi ehoped ttwon 1% xatd péoo dpo. T tov epydtn NX, to QPS
Topaével oyetnd otadepd. Topatnpodue yio ehaped peinon 2% xotd péco bpo
ue 4 CPUs, axohouvdoluevn and adinon 4% 6tav yenowonotolue 6 CPUs o
oUYxpLoT Ue TN Olouodppnon Twv 2 CPUs. T var xaTavoiGOUPE auTY) Tr) CUUTEE-
popd,, eoTidloupe oTic xataotdoelg Aettoupyiac ue 2 CPUs. Xtov epydtn AGX,
N otuopgpwon pe 2 CPUs avtictoryel otnv Katdotaon 4, n onola Aettovpyet
oe vPnhy cuyvotnta 2100 MHz. Avtidétwe, n doudpgpwon ye 6 CPUs, émou
TORUTNEOVKE TN Yeyohltepn ntwor QPS, neptioufdver uévo v Kotdotoaor 2,
n omolo €xel younioteen ouyvotnta 1450 MHz. Axéun xou ye 8 online CPUs,
ouurepthapBavouevne e Katdotaong 6 pue tnv xahitepn anddoor), n nopoucio
¢ Katdotaong 1 nou Aettoupyel oe younidtepn ocuyvotnta 1200 MHz tpoxalet
ueiwon otnv xatavoury QPS. Ilupduolec mopatneroelc toyouy yia Tov €pYdTn
NX. Auté unodnimvel 6Tt 1 cuyVOTNT AstToupYiog elvon €vac o xploluoc Tapd-
yYovtog and tov apuiud twv online CPUs. Edv n anddoon eivar 0 mpwTtapyindg
0TOY0C, EVOL LYV TEOTWOTEPO Vol ETUAECOUUE Lol XUTACTAUOY AELTOLEYIOC UE
Myotepec CPU ahhd upnhotepn cuyvotnta, moped vor auEHCOUUE ToV dpidud TwV
CPU pe x60T0¢ T UEWWUEVT CUYVOTNTAL.

‘Ocov agopd Tov dateoilo TeolToloYIoHS Loy VO TWV XATACTACEWY AELTOUR-
yiog yia tov gpydtn AGX, o mpolnoloyioudc woyboc MAXN Eeywpllet pe yéco
QPS 18,4. O enduevoc xahitepoc tpolnoloylouog toyvog etvon 15 Watt, o omolog
odnyel oe pelworn xatd 1,3%, axolovdoluevoe and 30 Watt, o onoloc odnyel
oe uelwon xatd 2x oc olyxpon pe to MAXN. Av xou Yo meplueve xavelc 611
n xatdotoon 30-Watt Jo anedde xohltepa amd tnv xotdotoorn 15-Watt, ua
BordOTeEn avEALOT TV XATACTACEWY AELTOVEYIOG ATOXUAVITITEL OTL O TEOUTONO-
Yiopog oyvog 15-Watt cuvdéeton amoxhetotind ye tnv Katdotaon 6, n onola
Eyel T 0evTEEN LYMAGTERT LY VOTN T ActTovpylac. AvTidétwe, o mpolnoloyio-
uoc toyvoc 30-Watt mepthaufdvel TOAATAEC XATUCTUACELS UE ONUOVTING Y OLT-
AOTEPES GLYVOTNTES, 0ONYWVTAS OE younhotepo yeco QPS. I tov epydtn NX, ta
ATOTEAECUATO EVOL TOL AVOUEVOUEVAL, UE TIC YounhoTepee Tec QPS va mapatnpotv-
tan ota 10 Watt, e yéoo 6po 9,7 QPS. Yta 15 Watt xou 20 Watt, ol tiwéc QPS
elvon TopoUoLee, pe uéoo 6po 11,3. H opotdtnta otny ambddoon puetald 15 Watt xou
20 Watt amod{detar oto eupltepo pdoua cuyvothtwy CPU mou elvar Siordéoiueg
EVTOC AUTWV TWVY TPOUTOAOYIOUMY LoYLOC, EUTodIOVTIC OTOLUDYTOTE UEUOVWUEVT
xotdotaon vo eywploet.

* Baowkdé Yvurnépaoua 5: H ouvyvétnra CPU éye tn peyalitepn
emiopaon otnv anddooon, vreptepwrtas tov aptuov twy online CPUs, evd o
mpoUnoAoYIoUOS 10\ VoS emnpedlel Ty andédoon éupeca ue fdon tn ovyvitnta

Kal TIS KATaoTAOEIS TOU €MTPETEL
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3 Ilhaiocio ypovonpoypoupatiopwolL tou SynergAl

Me Bdon Tic YVOOES ToU TEOEXUPAY UTd TOV YUPUXTNEIOUS XAl TNV AVIAUGCT| TTOU
mopovctdlovta oty Evotnra 2.2, oyedidCouue to SynergAI. O xlplog otd)0¢
TOU €lval VoL IXaVOTIOLOEL TIG amatToELS QOS TWV EYAATEC TAUEVOY UNYAVODY TEO[-
Aedne, yewdvovtog tov aptiud Ty topofidosny QoS. To SynergAlI ameixoviCetan
otnv Ewdva 1.5 xou otoyedel va mopéyel wa ouvepyotix) Abon Edge-to-Cloud
xou amotehelton amd BVo dlaxpltéc gdoele, ouyxexpuéva i) AvdAvon Anédoons
& Xapaktnpouds pe Baon tnr Apyiextovikry (Offline) mou meprypdpeton Aem-
Topepwe oty Evétnta 3.1 xau ii) Xpovorpoypaupatiouds & Avintvén ue entyv-
won QoS o€ Ipayuatiké Xpovo (Online), tou avahdeton oty Evotnta 3.2.

3.1 Offline ®don: Avdiluvuorn Anddoong & Xopaxtnelonog pe Bdon
TNV ApyLtExTOoVIX

H offline @don ctoyclel oty allohdynomn tou TeéTou Ue Tov omoio xdde umyovy
TeoBAedNe amodidel xdTw amd BLAPOPES BEATIO TOTOLAGELS ELOES YIoL TNV EYLTEX-
TOVIXY|, UE YVOUOVOL TOV YUEAUXTNEIOUO XL TNV AVAAUGT, TOU ToEOoUCLalovTaL 0TV
Evotnta 2.2. Q¢ €loodo mapéyouue Tic unyovéc mpdBiednc-otdyouc Tou npoopl-
Covton yior avdmTuln EVIOC TOU TROTEWVOUEVOU CUCTAUNTOC ECUTNRETNONS TEOS-
AePewy, xadoe xar Toug xououc-ctdyoug Edge/Cloud. Ilio ouyxexpwéva, N
unyovn tedPiedne anoteheitoan and to backend (w.y., TensorFlow, ONNX Run-
time), To mpo-exmoudeupévo poviého DNN (m.y., ResNet) xou 1o clOvoho de-
Souévwy emxlpwong (m.y., ImageNet), eved ot xouPot-otdyot yopuxtnellovton omd
TNV UTIOXEIUEVT OPYLTEXTOVIX TV gpyatdvy (T.y., x86, ARM) xou Tic xatootd-
oelc Aettovpylog touc. To amotéheoua tne offline pdone elvon 1 dnurovpyio evoc
Ae&100 BDLAUORPMONG VLol TIC SLOXELTES UnyavEC TeoBAedng, To onolo evemUaT®VEL
Tor 0edopEVa oL Vo yenoonondoly apydTEQ Yid TOV YPOVOTEOY PUUUATIONO EQO-
yoaouwy xotd v Online @don (Evotnta 3.2).

Apywd, n I'evvntpia Awapudppwong pie entyvwon Ano’(Soang@ e&etdlel Ta Olo-
Veolua emimeda TUpAAANAOUOU Yo XGUE CEYLTEXTOVIXT] OLUORPWOT), BEATIO TOTOUWV-
ToC avtioTolyo TNV amodoTxoTNTA exTEAEONC.  AuTi| 1 ddixacia tepthauBdvel
N Oloubegwon Tou Boduol xddetne xAudxwone Yy xdde backend evtog tneg
unyaviic teoPredne oe xdde xoufo-cpydTn, OTwe TovileTon OTNV TEONYOUUEVY) EpE-
uva oto [4]. Méow g ouoTNUATIXAC SLEEUVNONG TOVY ETLAOYDY TOEUAANALGUOU,
10 cVoTnua dlaopahiCel 6TL oL popToL epyaoioc TEOBAEYNC xaTavéuovTal BEATIOTA
OE UTIOAOYLOTIXOUC TOPOUC, UEYLIOTOTOLWVTAC TI) OLEXTEQULWTIXT LXAVOTNTA XAl
ehayloTomolwvTag TNV xouotéenor. Extéc and i Pehtiotomoinon moupohin-
MouoU, to SynergAl evowpatwvel Ty I'evvntpia Awaudppwons pe erniyvwon

Apyitektovikng @, OYEDLUOUEVO VoL BEATIOOEL TNV ATOBOTIXOTNTA OE VY LTEX-
ToVXEG OTou ebvan e@uxTh) 1) pUuLoT xataoTdoEwy Aettoupyiog. Auty 1 povdda
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EVOWUATOVEL TIC OLUXPLTEC XATAOTACELS AgLToupYidg oL datlievTal O cUYXEXEL-
WEVEC TAUTQOPUES UAXOD, 6mwe ol mhaxéteg AGX xouw NX, yia va a&tohoyroet
TOV aVTIXTUTIO TOUC OTNV ATODOCT] EVTOC OLXELTWY oplwy oyLoc. Emiéyovtag
OLVUUIXE TNV TLO ATOBOTIXY| DLAUOEYWOT) xuTdoTaonS Aettoupylac, To SynergAl
Olocpolilel 6Tl oL popTol epyaciog TEOBAedne extelolvian e BEATIOTN oOop-
cotio peTaéh UTOAOYIO TIXNC Tary OTNTOC, OO EPIONC VNUATMLY Xal ATOBOTIXOTNTAC,
OONYDVTUC OF VAOTOLNOELS CUVTOVICHEVEC UE TNV OEYITEXTOVIXT. AUTYH 1 OLTAT
oTpatnyxr BeATioTomolinonc—Tnou aflomolel TG0 TNV eEEPELYNOT TUEUAANAOUOU
6C0 xaL TN PUUULOT UE ETYVWOT) UEYLTEXTOVIXHC—ETLTPENEL 6TO SynergAl va Oi-
apOopPOVEL duvoxd etepoyeveic xopfouc Edge xou Cloud, Behtiotonowmviag
Yeron Tmopwy eve txavorolel Toug meptoplooic QosS.

Mo ouyxevtpwloly OAec ol TiavEC DLUUOPPOOELS YLal ol UNYovY| TeoS-
Aedne otoug Brardéoipoug epydteg, mpaypatonoteital plo voeieyic Eéepetvnon &
Avdivon Xdpov Yyedaouov @ Auté 1o (U TEpthouBAvEL T UG TNUATIXT
alLOAOYNOT HGVE BLUUOPPWONE Yol VO EVIOTLOTOUY Ol THO UMOTEAEOUAUTIXES o
ulmAfc amddoong puduloelc Yo BlaoPeTIXOUE EpYATES, AauPdvovTag uTtddn Tig
CLUYXEXPWEVEC XaTaoTdoELS Acttoupyiac. Me tnv mpooextiny| e€epebvnon auTy
TWV OLUUOPPOOEWY, ATOXTOVUE TONITIUES YVOOELS OYETIXA UE TIC oVTIo Tordui-
oelc METACY ToyUTNTOC XOL OMOBOTIXOTNTAC, XUTUANYOVTOC TEAXA OFE Lol XOAL
loopeOTNUEVN ot BeATioTomonueEvn oteatnyxr) avdmtuéng. Kotd tn didpxela
aUTHC NG EEEPENVNONG, CUAAEYOUUE AETTOUEREIC UETENOEC amddooNS, OTWS TO
emtevy¥év QPS, o cuvohixdc ypdvoc extéreong, o ypedvog mpo-enelepyaoiag,
O TEUYHATIXOS YEOVOC UTOAOYLOUOU, Tol VARATO Xt GAha.  AUTEC oL UETPHOELS
TOEEYOLY WUal OAOXANEWUEVY drom Tne amoédoone Tne unyavic tedBiedne und
OLdpopeg dlapoppwoelc. Metd and wa eig Bddoc avdhuon Twv cUAEYIEVTLY Oe-
dopévwy, tpocdlopilovue Tic BéAtiotes TAomomoes e fdon tny Apyitektovikn

yioe xGe pnyov) TeOBAEPNS, EMAEYOVTAC TIC OLUUOPPWOELS XUAUTERNC ATO-
000TG and OAeC TIC OlordEoiues aEyITEXTOVIXES. AUTS Tar BEBOUEVA amoUNXELOVTAL
OTN CLVEYELL GE Wla dounuévn Bdomn dedouévwy, eéacpahilovtag eUXoAN TEodo-
Boaon xou avdxtnorn otav anotelton. To teAixd clvolo dedouévewv oynuotile
T0 Aebiké Awapdppwong @, T0 OTol0 YENOWEVEL WG AVAPORE YLl TOV EVORYT-
otewTy| SynergAIl. Autd to Aeld mepthapufBdver xplowo ototyelo yior BEATIO
eCumneétnon meofBAiédewy, Omwe To Yovtélo, Tto backend, tnv xatdotoon Aet-
Toupylog o dAAeC TapouéTeoug Tou cuoTHUaToc. Acitovpyel we Bdom yio Tov
YPOVOTROYpUUUATIONG epyactey oty Online Pdon (Evétnta 3.2), emtpénovtoc
OTOV EVORYNOTEWTY Vo AoBEVEL EVQUEIC, GUVTOVIOUEVES UE TNV OEYLTEXTOVIXT

ATOPYOCELS TOU UEYLOTOTOLOUV TNV ATOBOTIXOTNTA OAOXANPOU TOU GUG THUATOS
Edge-Cloud.
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Figure 1.5: Emoxémnon towv Offline xau Online ®docwv tou IThaciou SynergAl

3.2 Online ®don: Xpovonpoypauuationoc & Avantuin ue enlyv-
wor QoS oe Ilpayupatind Xpdvo

Kotd tn odpxeta tne Online ®done, to SynergAI enelepydleton cUVEYOS €lO-
EQYOUEVOUC pOpTOUC EpYasiac TEOBAEdYNC, Slacpoliloviag TUpdAANA L T1 CUUUOE-
pworn pe toug otoyouc QoS. H mohitiny ypovompoypauuatiopuo) xaTaoxeudlel
wa Ovpd Epyaoidy @, omou xdie epyoucia AVTITPOCKTEVEL Lol Unyavy| TEo[-
AEPNC UE CUYHEXQUIEVES OTOUTACELS EXTEAEDTC, CUUTEQLAOUBAVOUEVOU TOU GUVO-
%00 aptdpol epwTnudtwy Tou TEENEL Vo utofAndoly oe encéepyaoio xou Tou
otoyou QoS. 'Eotw J 10 0UVOAO TV EIGERYOUEVRY EQYAOLOY, OPIOHEVO W
J ={Jj1,72,- .-, in}, xou W 10 clvolo twv xouBwv-epyatdv, oplopévo wc W =
{wi,we, ..., wy}. H Swtinwon tou mpofAfuatoc-ctdyou yac xou 1 dtadixocto
Mne anogdoewy Tapovotdlovton otic Edlowoeig 1.1-1.4, 6mou xdle e&lowon ol-
ohoyeltar yia xdide epyooia j € J. O Paoinég mapduetool e€nyolvton cLVTOUA
otov Ilivoxa 1.3.

TRemaining,j = 1QoS,j — TWaiting,j; VJ € J (1.1)

q .
TEstimated,j,w = TPre—processing,j + ma V] € Ja Vw e W (12)

Wacceptable,j - {w cW | TRemaining,j > TEstimated,j,w}a viedJ (13)
w;‘ = arg min TEstimated,j,w (1'4)

wEWacceptable,j
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Table 1.3: Baoweg Ioapduetpor Luothuatog xow XpovonpoypauuotioTh)

JuvpBoiicwog | XoOvtoun IMepiypapn

q Apdude epotnudteny tpog extéheon yia T dedopévn nedBredn

J S0voho gpyaoudy TedBiedng oto clotnua, 6mou xdle epyooio j € J.

w Y0vohro xoufwv worker oto cbhotnua, énou xdde worker w € W.

ciw Béhtiotn Spdppuwon vl v epyacio j otov worker w, peyiotomowdvtac to QPS.

w? O Bértiotoc worker yio v gpyacio 7 mou eAayloTOTOEL TOV YEOVO EXTEAECNC EVE IXAVOTOLEL
Toug meptoplopols QoS.

TQoS, j Xpbvoe mou xadopiletar and tov ypeRotn yio TRV exTéleoT) Tne epyaoiag j.

TWaiting, j Xpbvog mou €yel napéldel and toTE TouL N epyacia j urtoPAUnxE otV oupd.

TRemaining, Trolewnduevos ypdvos mpty cuuPel topaBlacn QoS vy Ty epyasia j, utohoyiletar we Tqos,j —

TWaiting,j~

TPre»processing,j

Xpbvoe npo-eneepyaoiac yia Ty epyoasia j, TOU TPOXVUTTEL Amd TNV ATy AP TEOPIA.

TEstimated,j,w

Extduevoc ypdvog extéheone vyl tnv epyosia j otov worker w, cuumepihoyuovouévou tou
Yeovou Tpo-enelepyaciog xou TOU YPOVOU EXTEREONS avE EQMTNUOL.

QPSS

Epotiuata avd Asutepodento (QPS) mou emtuyydvovton and ) BENTiotn Sloawbppeon ¢}, Yio
Vv epyaola j oTov worker w.

Wacceptable, j

3Ovolo workers xavédV va OAOXATROGOUY TNV epyaoio j EVTOC TOU UTOAELTOUEVOU ETUTEENOUEVOU

xebvou.

‘Eotw Tqes,; 0 yedvoc mou xotoplleton amd Tov YehoTn Ylo TNV EXTEAEO
e epyaoiog 7, xar E0Tw Twaitingj O YEOVOS TOu EYEL TopehJEL amd TOTE TOUL 1)
epyaoio j utoPAinxe oty ovpd. Opilouue Tov UTOAEITOUEVO YPOVO TELY oo
war topoBlacn QoS yia T0 § OC TRemaining,j, TOU ex@pdleton otnv Elowon 1.1.
Kadoc 10 Tiwaiting,; 00EAVETA, TO TRemaining,j MEWWVETOL, TANCLACOVTAC TO UNOEY,
UTOOEXVOOVTOG EAVOUEVT ETElyouoa avdyxn yia extéreon. Lo v amoteheo-
Lot Otaryelplom NS LEEAEYNONG EQYUCLOY Xal TNV amoguyt| Topafidocwy QoS,
70 SynergAl mapaxohoudel cUVEYMC AUTOUE TOUC YEOVIXOUS TEPLOPLOUOUC. 11T
CLVEYEL, OL EpYaolec oTNY oupd Tpowlolvial otov Extiuntr) Xpovou Extédeons

@, o0 omolog elvon 0 BaoxdS TUEYOVTAC IOV EMLTEENEL TOV TEOCUQUOC TIXO Y POVO-
TEOYRUUUATIONO, ETLTEENOVTNC 0To SynergAl va xodoplel Suvauixd T oelpd ex-
Téheorng epyaotwy. Xenowonowwviag to Aeiké Awapidppwons @B), to SynergAl
eMAEYEL TN BEATIOTY Dl opPwao Yo xde xoufo-epydtn mou peytotonoel to QPS
Yiow o dedopevn unyavh tpdPhedng, mou cuufohiletor o¢ ¢, v x&e epyaoia
J xou gpydtn w. Aedouévou evOC ATHUNTOC VLol EXTEAECT] ¢ EPWTNUATWY XYoL TOU
HATAYEYPUUUEVOL YpOVoL Tpo-enedepyaoiog yia TNy gpyacia j, mou cuuBoAle-
Tot WS T Pre-processing,j, O EXTYWOHUEVOSC YEOVOG EXTEAEONS T Estimated, j,w OLUTUTOVETOL
oty EZicwon 1.2, émou 1o QPS5+ avuimpocoreler to QPS mou emtuyydveto
an6 TN OlpoPPwoN ¢, AuTH 1 TANpogopla evowuatovetn 6Tov Mnyarvioud
Aviyvevons IHapafrdoewy QoS , Tou omolou oTdyoC elvon va evtomilel €p-
yaoieg mou xvduvedouy va urepBolv Toug TEploptopols QoS toug, va xodopilel
ToV BEATIOTO €pYdTN Yo avAmTULT XaL Vo OLVEL TEOTEQOUOTNTA OF E€QYUCIEC UE
udmAidtepn miavotnTa mopafioonc. To chotnua alloroyel To néc0o emcelyel xde
epyaoio utoroyiCovtag T Otopopd UETUED TRemaining,j XU TEstimated juw YO XGVE
epydtn w. Koadog n dtapopd tAnctdlel To Undey, 1 TpoTepatoOTNTO AUEAVETOL, EVE)
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Lo oEVITIXT) TUUT) UTTOOEWCVUEL Wil orvaopeux Tty topofloor QosS.

H tehury emhoyt| xoufou-epydtn xadopiCetar p€ow €vOC GUVOAOU UTOBEXTMV
EQYUTWY, OL 0Ttolol uToEolY va eYyundolLy TN cuPPOEPwWoT) Ue To QoS dedoPEVOy
TOU UTIOAELTIOUEVOU Y OVOU TRemaining,j, OTWS oplletar otny Edlowon 1.3. Avtol ol
xoUPol-gpydtec 6T CUVEYEL TALVOUOUVTOL XaTd abEouca OELRd e Bdon ToV ex-
TWOPEVO Ypovo exteheot|c Toug. O PEATIOTOC EpYATNS W] YLo T1) DEBOUEVT EpYacio
elvar exelvog Tou EAUYIOTOTOLEL TOV EXTWMUEVO YEOVO eXTENEONC TEstimated,j ws
onwe olatunovetar oty Eélowon 1.4, Autd eyyudtar 6TL ol gpyaoiec avortl-
Yevion 6Toug ToyUTEEOUS DLAECIUOUC XOUPBOUC-EQYATES, UEWVOVTIS TOV YEOVO
exTtéAeonC VK TANEOVY T anauthioel QoS. Emmiéoy, dlatnpmvTog uta Tagivoun-
uEvn AoTto amodextav xOuBwv yia xdie cpyaocio, anotpénouue auEnuévous yeo-
YOUC oVOOVHC EAEYYOVTOC TOV EMOUEVO XUADTERO DladEotuo xouo 6Tay 1 Te®TN
emhoyT) elvon xotethnuuevn. Molig unohoylotouy ol Baduol mpotepatdTnToC Yo
Ohe¢ Tig epyaoieg xou TPoodloptaToly ot BEATIoTES avaéoel, 1 ovpd Tadtvoueito
xatd pOivouoa oelpd pe Bdon To néco enclyovoa eivar 1 xde epyaocio, dtacpohi-
Covtog 6Tl oL epyaciec Yue Tov uPnhoTepo xivduvo Tapofidoeny QoS €youv Tpo-
TepaudTNTA, ouviEtoviag tnv Ta&wounuévn Ouvpd Epyaoicy @ Edv xovevac
EQYATNG OV UTOPEL VoI OAOXANPOOEL Uial ERYACio EVIOC TOU ATOUTOOUEVOL Y QEO-
vou extéhearic e (Onhady), cupPaivel uio topafiaon QoS), n epyocio ydver tnv
TEOTEPAULOTNTY TNG XAl UETOUVELTAL OTO TEAOC TNC OUPAS, EMTEETOVTOG TEMTU TNV
eneéepyaoio epyaot®y VYNAGTEENC TEOTEQULOTNTAC UE EVEQYOUC TEPLOpLooUS QOS.
"ot T Brac@dhior cuveyolg BeATioTOTONONG, EVIC UNYOVIOUOS TEQLODXTC EVIUER-
wone enovallohoyel OAeC TIC epyaoiec otny oupd, avtioToly(CovTtde TeC oTOV TLo
XATIAANAO €QYETN UE BAOT) TOUC EVNUERWUEVOUC YOOVOUC OVIUOVAC XOL ETOVOTOS -
VOUMVTAS OUVOLXE TNV 0uEd OTwe amontettan. O epyaocieg agponpodvton dladoyxd
amd TNV oupd, xaeulo ouoyeTiouévn pe wa Mota Ceuyov (w,cj,,), 6mou xdie
Cebyocg amoteheltan amod Evoy xOUBo-gpY TN ot TN BEATIOTN BLUUOPPWCT) TOL Yia TN
oedopévn unyavy tedfredne. Téhoc, n Elepetvnon Awaleoudtnras Béltiotou
Koéupov-Epydtn @ e¢etdlel To Talvounuévo oOVOAO Wacceptable,j, EAEYYOVTAC
™ SrodeoudtnTa xde epydrn peypr va Bpel Tov TpoTo dtodéoto: (wy, ¢, ),
EEXVOVTOC amd ToV BEATIOTO EpYATY w;‘ xaL 0T oLVEYELa exTEAEL TNV TEAT Av-

tiotoiyion Epyaoiag-oe-Kdufo @ Mohic 1 epyaoia avatedel otov avtiotoryo

x0ufo, to Tehikd Xyéow Avdrtuéng @ TEOXOTTEL AVAAOY L KOl AVOTTOCOETAL
uéow tou Kubernetes. Auth 1 emovodnmtiny Stadwacto ouveylleton péypet OAeg
Ol €pYUOIEC VO YPOVOTIROYRUUUATIOTOUY X0l VO EXTEAEGTOUY ETMUTUY S EVIOC TOU
ouunmiéypatoc Edge/Cloud.
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4 Ileipapatixn ASLoAoyNnom

2 oUTY| TNV EVOTNTA, TOPOUCLACOUUE TNV TELoUATIXT alloAGYNoT) Tou SynergAl.
Apywd, e&nyolue TNV TEWRUUUTIXY OIUTALN X0 TOUC UNYOVICHOUC Tou Yenol-
womotovTon Yiot 60y xplon. Téhog, mtapouctdloupe xat avahOOUNE TO ATOTEAECUATOL
TOV TEWRUUATWY YOS XL TOV avTiXTUTO Tou SynergAl.

4.1 Emoxoénnon leipapdtwy xou Ilegiypapnh Lnueivv Avagopds

Aliohoyolue Tov ypovompoypouuaTio T SynergAl UEcw TOAIATAMY TELQUUATLY
YLoL VoL EXTWACOVUE TNV amodoTixdtnTd Tou. Kdde nelpopo anotehelton and €va
oOvolro 24 unyavey tedredne teog edunneétnon. Kdlde unyavh mpoBiedne xa-
YoplCel Evay amoutoUUevo apliud EpOTNUATWY TEOC eXTEAEOT Hall UE TOUC TEQLOPLO-
noUg QOS, TOU GNUALVEL OTL AVOUEVEL VO ONOXANEWOEL AUTE To EPWTARATA EVTOS Xai-
Yoplouevou ypovixol oplou. TI'iot Tov xooploud TV ATUTHOEWY, CUYXEVIPOOUUE
TOUG YPOVOUG EXTEAEOTC OAWY TV DLAUOPPOOEWY Xl XOUBWY Ylor x&de uny v
meofBAedne, haufdvovtac unddn ta dapopeTind goptia Twv 3900, 1950, 975 xau
488 €pOTNUATLY 0vE TELRUUOTIXY EXTEAEST). ATO oUTH TNV XUTUVOUT], ECOYAYUE
L OIUETES TIES Yo Vo 0plooupE €va GUVONO OmoUTHCEWY YaunArc évtaone (DL)
XU TIC TWES TOU 25%-0U EXATOCTNUOEIOL YIol VoL AVTITPOCKWTEVGOUUE EVal poETO
epyaotac vdnirc évtaone anouthoewy (DH). ‘Ocov agopd TV delln Twv attudtwy
TEOBAEdYNC OTOV YPOVOTEOYEUUUATIOTH TOU SynergAl, axohouloUUE UL XUTAVOUT
Poisson, émwe yivetar o mponyoUueveg Epeuveg [1], xadd¢ povtehonolel anote-
AEOUOTIXG TIC apIEELC AUTNUATWY XATAYPAPOVTOC OVECHPTNTO YEYOVOTA, UXONOU-
Vovtog exdetind ypovo Yetoll agilewy, aviixatontpilovtag TNy peTofBAnTtoTnTa
TOU TROYHATIXOU XOOUOU X0l TEOCPEROVTAS LoMUATIXT) amtAOTNHTA Yo avdAuoT). H
TUEAUETEOSC A TN XATAVOUNG TIPOERYETOL OO TOL BEDOUEVA TOU GUAAE Y Unxay xatd
T OLIEXELL TOU YoEAXTNPLOUOD. DUYKEXPWEVA, CUYXEVTPWOVOUUE TOUS YPOVOUC
EXTEAEONC VLol OAEC TIC UNYAVES TEOBAEPNC OE OAEC TIC OLOOPPWOELS XOL TOUG
xOUPoug, e€dyovTaC TIC DLIUECES TWES ot TIC THIES TOU 25%-0u exaTOo TNHOEOV
amd TNV XOTAVOUT| Ylo VO 0ploOUUE o YounAh cuyvotnto artnudtov (FL) xo
o VAT cuyvoTTa outnudtey (FH). Luvokxd, dnutoupyolue téooepa Sloxpttd
mepduorta: DL-FL, DL-FH, DH-FL, xou DH-FH, xa0éva ye auoavouevrn duoxohio yio
TNV o€LOAOYNOT TOU UG THUITOS YPOVOTROYQOUUATICUOU UAC.

Yuyxplvoule Tov ypovompoypopuatio T SynergAl ue dudpopec dAheg uedddoug
YEOVOTIROYpoUATION0D, and TuTixéc mpooeyyloele €wg state-of-the-art cuctr-
LOTOL Y POVOTROY RUUUATIONOL. EXTOC amd TNy TposeyYIoT YPOoVOTEOYRUUUATIONO)
MO, UAOTOLOUUE TEVTE EMTAEOV CUCTAUATO YEOVOTEOYpoupoTiopol: i) Round
Robin (RR), To onolo xatavéuet unyavéc tpdBredne oe epydtec 6€ XUXALXT AXOAOU-
Vi, aveldptnTa amd T BUVITOTNTES TWY EQYATAOV 1| TIC amatTOEC Epyaolog,
eCaoparilovrag dlxoun xatavouy| Tou QopTou gpyaciag oe 6A0 T0 GOCTNUA ° ii)
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Strict Round Robin (SRR), wo mopoddayn touv RR, 6mou xdlde epyooio avorti-
Ueton oquoTNEd GTOV EMOUEVO XOUPBO0-EpY AT XoL TEQWEVEL TN OLECUOTNTA TOL,
OTOYEVOVTOC OE TEAELA XUTUVOUY| AAAG BLOXLVOUVEVOVTAS UENUEVOUC YPOVOUC ava-
novic xat Topafidoels anouthoewy - iii) Least Recently Used (LRU), To onofo ova-
VeTel epyaciec 6ToV XOUP0o Tou HTay adEAUVAS YL TO UEYUADTERO YPOVIXG DBLdoTNUY
yioe TV TEOANYN TN EEAVTANOTE Xou TNV TEOMUNGT) OUOLOUORPTC XATAVOURS POe-
Tou epyaotac - iv) Most Recently Used (MRU), To onolo xotavéuel epyaciec otov
TLO TEOCPUTA EVEQYO ERYATN TTou elval BIEGIIOC, oY X0 BLUXVOLVEDEL TNV AYUOX-
Toviot XOUPwY, xaM 0pLoUEVOL XOUfoL uTtopel Vo THEUUEVOUY LTIOYENCULOTIOLOU-
uevol - v) Best Effort (BE), to onolo axohoudel wia dmAnotn moArtixn, eEetd-
Covtog and Tov LoyuedTERo xOUPo TEOC OToV aGUEVEGTERO Uéypl va Bpedel évag
OLord€aLog, xaL 0Tr) CLVEYELX AVADETEL TNV EQYacio OE AUTOV TOV XOUPo-EpYdTn Yo
extéleon. Emmiéov, ulonowolue and tny apyn xou cuyxpivouue ue po state-of-
the-art Aoon ypovonpoypoppatiopnol tou tpoépyetor and to [1]. Eotdlouvue otny
TEOTEWOUEVY AOOT Ywpelc TEYaytoud Yovtehou, ue tnv ovouoostio SLO Minimum-
Average-Expected-Latency (SLO-MAEL), xad¢¢ 1) epyasio Yog 8ev EMXEVTROVETAL
oTig teyvixéc tepaytopol DNN. To SLO-MAEL oToyclel otn pelwon Tov mopo-
Budoewv QoS xou ) AN anogdoewy Pactleton 6TNY alohdyNoT OAWY TV TAVGY
avTioToly(oEwY TV unyaveyv TeoBredne o xOUBoUC-EpYATEC Y ENOULOTOLWVTOC
eva oOotnua Paduordynone. H amddoon xdie cuctAuatog ypovompoypouua-
TIoUoU o€LOAOYELTOL YENOLIOTOWWVTAC TIC OXOAOVVES UETPIXES: O) GUVONXOS Op-
Wuoe mapofidoeny, B) ypdvog avopovic, 0 omolog avapEpETon oY DIAPXELN TOU
N Unyavy TedBAedne tepvd otny oupd, Y) Yeovoc eEXTEAEONC Um0 dXPO OE dxpO,
o omolog TEPLAUBAVEL TOGO TOUC YEOVOUC UVOUOVHS 00O XL TOUG YEOVOUC EX-
téheong, xau 0) Y€cog yedvog utépBacnc, o onolog YETEd Tov PHEGO YPEAVO TOU Lo
epyaoio unepBalvel Tov emuuntd yedvo extéreorc Tne. Autd unoloyileton wg
N OLPOEd YETUEY TWV TEAYUATIXDY Xt TV ETHUUNTOV YeOVWY, UE TOV YPOVO
umépBaone vo teptopileTol 6To UNBEY Yo epyacicg mou dev mopafLdlouy To QoS.

4.2 Aentopeprc AvaAuoT tou SynergAl evavti Kadopiouevey Y-
melwyv Avagopdg

H Ewéva 1.6 napouoidlel ta anoteréopata tou nelpduotoc DL-FL. Avaibovtag
TOV 0ptlud TV ToEUPBLACEWY, O YEOVOTROYEAUUUNTIO TS SRR xatorypdgpet Tov un-
Notepo aptiud otic 18, axoroudoluevoc and to LRU pe 14 xou to RR ye 11. O
Ypovompoypouuatio e MRU uglotaton 5 nogofidoslc, eve to BE avagépet 3. To
SynergAI emituyydvel T AyOTeEpES TapABIAOELS, UE UOVO 2 XAUTOYEYQOUUUEVES.
[Tépo amd Tov apriud mapafidocwy, o SynergAl emdeixviel enione avmdTEEY Amo-
000T) GTOV YPOVO EXTEAEDTC aTtd dxpo o€ dxpo. H xatavour| Tou ypdvou extéleorc
Tou xuuabveTal amd eva EAAYLOTO 7,4 BEUTEPOAETTWY Ewe Eva YEYLoTo 4,3 AeT-
TGOV, Ue Péoo 6po 1,24 hemtd xou 99%-0 exatootnuéeto 4,3 hentd. H yetpixr tou
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o
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99%-o0u exatooTnuopiou eivor WBLiTEPA ONUAVTIXT, XUIDSC ATOTUTILVEL TOV YPOVO
EXTEAEONG NG YELPOTEENC TEPITTWONG Yo TO O CEYO 1% Tov EQYOOLWY, OLIO-
poillovtoc Ty adlomotia Tou cuoThHpaTog T Peytota @optia. To SynergAl
EETEPVA UE CUVETELN OAOUC TOUC GAAOUC YPOVOTIOOYQPOUUATIOTES, UE TOV YPOVO
extéleonc 99%-ou exatootTnuopiou va elvan yoaunhotepog xatd mapdyovtes 2, 1,
2,3x, 2,4x, 2,4%x xa 3,6X% oc olyxplon ye To BE, to MRU, to RR, To LRU xou
70 SRR, avtiotoya. O UEcoc yedVOC avaUoVHC TUEEYEL TEPULTEQL TANEOPOPLEC
OYETIXA UE TNV ATODOTIXOTNTO TOU YLPOVOTEOYEUUUATIoNoU. ‘Onwe avouevdTtay, o
YeovorpoyeouuatioTc SRR mapouctdlel Tov ueyahitepo ypovo avauovic ota 3,6
AETTE AOY® NG AUOTNENC TOAMTIXNAC EVOAAXYTC EQYAUOLOY TOU, 1) OTIOLOL XAUTAVEUEL
OHOLOUOPPO. TOUC POPTOUC EpYaolac ohhd qLEAVEL TG XUVUCTEQNOELS XAl TOUG
xwvduvoug ToapaSiaong. O ypovorpoypouuoatioTéc LRU xar RR Oelyvouv uixpdtep-
ou¢ Ypeovoug avauovic 18,8 deuteporentwy xou 11,5 devteporentwy, avtloTolya.
Aloonuelwta, T660 T0 MRU 600 %ou 0 BE, poll pue to SynergAI, 6ev nopouotd-
Couv xatdolou ypdvo avopovrc. To mheovéxtnua tou SynergAl mpoépyeton and
NV Vo TNTd Tou vor evtomiCel Tn BEATIOTN Oloubdppwor yio xdde unyav TeoS-
Aedng oe dhoug Toug xouPouc-cpydtec. Autd unoypauuiler ) onuacia tng Of-
fline Phase, xado¢ dhhot ypovonpoypopuatiotéc Bacilovtar o mpoxoopiouévee
OLOLOPPWOELS, ETAEYOVTOC GLUVATWS TOoV EpYdTn HE Toug LPNAOTEPOUC THPOUC
CPU. Alomowwvtag T YVoOor tou €yel anmoxti|oel, To SynergAl Cemepvd autég
Tic ovdPatixéc mpooeyyloec. Emmiéov, Aoyw TNng TROoUpUOo TIXAC OTEUTNYIXNC
OLUUOPPWONG, AXOUT| XAk Yo TIC OO epyacieg mou unepEfnoay Toug otdyouc QoS
TOUC, O UECOC YpOVoC UTEPBAoTG TORUUEVEL ECOLPETIXG YOUNAOC OTo WOALS 2,3
OcuTePOAETTA.  AuTO elvon ONUOVTIXG YOUNAOTEQO GE CUYXQLOT UE TOUC YQO-
voug uTERPBaoNC Tou xotaypdgovTon amd dAAOUC YpeovoTpoypuuuaTioTES: 13,4
deutepoienta Yoo To BE, 20,7 deutepdhenta yia o MRU, 39,9 deutepdhemta yiu
To RR, 46,7 deutepdienta yioo To LRU xou 4,3 hemtd yia to SRR.

Yuvodilovtag 6o to mElpduaTa, To SynergAl emTUYYAVEL Uo UECT UElWOT)
7,1x otg nopafidoeic QoS xou 5,3X oTov Ypodvo utEpBacng, aviioTolya.
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Figure 1.7: X0yxpton tou SynergAIl ye to SLO Minimum-Average-Expected-Latency (SLO-
MAEL) [1] vy 6 o ewpdpuarto

4.3 X0yxpiom pe state-of-the-art Y 0otnua Xpovonpoypappationod

Yuyxplvouye emlong To SynergAI ue o state-of-the-art cOotnua ypovonpoypopu-
atiopol mou Teotdinxe and to [1] (SLO-MAEL). Yuyxpivouue xou TéAL To SynergAl
ue to SLO-MAEL ot T€0oepa OLaxQLTE TELOSUOTA TOU AVOAUCOUE TEOTYOUHEVLC:
DL-FL, DL-FH, DH-FL, xot DH-FH, xaléva ovTiTpOooWREVOVTOC GEVAPLAL UE XAL-
HoxoUUevn duoxohior xar @épTo. Tot auth TV a&loAGYNoT), YENOUOTOWUUE TIC
{Oleg YeTPWES OTWC OTNV TEONYOUUEVY] AVIAUGCY| HAC Yial Vo Olaopaiicouue 11
ouvvereta. H Ewdva 1.7 nopovotdlel ta anoteAéouota oand Ao Ta TELHUUTA TOU
oledyinoay.

>.to melpapor DL-FL, To SLO-MAEL odnyel oc 5 nopofidoeic. O ypdvog ex-
TENEOTC OO GxPO OE AP0 TOWXIAAEL ONUAVTIXG, XUPAVOUEVOC omtd EVOL EAAYLOTO
10,7 deuteporénTwy €we €va uEyloto 4,4 Aemtwv, pe péco 6po 1,8 Aemtd wou
99%-0 exatootnuoplo 4,2 hentd. Avtideta, omwe €yet Hon detyel, To SynergAl
odnyel o uévo 2 mopoafdosic eve EmMTUYYAVEL pElwon 1,5X oTOo YEco Ypodvo
extéheonc. Autd To ydouo amddoone umopel va amodovel xupiwe oTo Ypbdvo
avapovhc Tou Buwvouy ol epyaciec. To SLO-MAEL nopouctdlel uéco ypbvo ava-
wovhic 31,5 deuteporémtmv, eved To SynergAl eCohelpel evieAwe TO YpdOVO ava-
LOVHC, ETMTEETOVTOC TLO OTOBOTIXO YPOVOTLOYPUUMUATIONS Xal EXTEAEST). AV xa
70 SLO-MAEL yenotuomolel €va clotnua Baduordynong yio tn BeAtiotonolnomn tne
Toto¥étnone epyaoloc-epydtn ye Bdon Tic TeEYOLCEC CUVITIXES OLEAC, OTERE(-
Tl TTROCUPUOC TIXWY DUVATOTATWY ETAUVALYQOVOTOOYRUUMATIONOD XAl ATOTUY Y VEL
var MBet umodn Tic BErTioTES Dlapoproelg Topwy xdle xouBou-cpydrn. Kotd
CLVETELD, oUTO 00N YEL 68 LPMAGTERO apLiud ToEoBIdoEwY xou UEYARDTEQOUS Y pO-
voug avopovic. To petovexthuata tou SLO-MAEL eivon enlong eugovy| 6to péco
YPOVO LTERPBUONG EXTEAEONE, O OTIOOG PETEA OGO TEPLOCOTEQO DLUPKOUY OL Ep-
YOOIEC TEQX ATO TNV AVOUEVOUEVY OLdpxeld Toug. Edw, to SLO-MAEL xotorypdipet
uéco yeovo unépPaone 7,1 deuteporénTwy, 0 omolog etvon 3, 1 X udmidtepoc and
QUTOV NG TEOGEYYIONG Hag. Autd uToypouuilel TEPUTERW TIC AVETHPXEIES OTIC
ATOPAOELS YPOVOTROYEUUUATIONOV TOU Ot 0UYXELoT UE To SynergAl, To omolo -
ooppotel BEATIOTA TIC AVAESELS EQYAOLOY Yia TNV EAdyLoTOTOIMOT Xaduo TEPROEWY
xou TopaPBLdcewy. Autd To amoteAéouata ety vouy cagme 6Tl To SynergAl Cenepvd
10 SLO-MAEL ¢ Tpog TNV amodoTIXOTNTA YPOVOTROYRUUUATIONOU UELOVOVTIS TG
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TUEUPBLAOELS, TOUC YPOVOUS EXTEAEONG, TOUS YPOVOUS UVOOVIC Xl TNV uTégPaoT)
EXTEAEONC, TOTOVETWVTOG TO WG UL TILO ATOTEAECUOTIXY ADOT) Y0l YPOVOTROY QO-
wotiopd TeoBAEdEwy.

5 Xvunepdopota xou Enousva Bruato

5.1 Avaxegalaiwon

Ye auth TNV epyaoia, napouctdlouue To SynergAl, €va cuguEC Thaiclo ypovo-
TEOYPUUUATIONO) OYEDLUCHEVO YLt TN duvoxy BeEATioToTONoT TNG XUTAVOUNG
popTou gpyaoiog oe etepoyevy) tepiBdAlovta edge xan cloud. Alomouwvrog ex-
TEVT) YOEOXTNELOUS EMOOCEWY, TO SynergAl XUTUVEUEL UTOTEAECUATIXG (POETOUC
epyaoioc eCunneétnone teofrédewy Yo Ty ehaytotonoinon nopafidoswy QoS,
UEYIO TOTOWWVTAS ToedAAnha Ty aétlontolnon twv népwv. To mhaiold pog AauPdvel
uody Toug cUPBLPBacUOVC PETAC) ETOOCEWY Xl XUTACTAGEWY AEITOURYLOS TNG
QEYLTEXTOVIXNC, OLCPAUALLOVTAC ULlal LOOPEOTNUEVY) OTEAUTNYIXY AVATTUENS GE OAO
TO UTOAOYLOTIXO GUVEYES. Meow Tng OUATC EVOWUETWONG GE £V OLXOGUCTYUA
Baowouévo oto Kubernetes, to SynergAIl omodexviel TNV AMOTEAEOUATIXOTNTS
TOU OT1) OlyElplon BLapopETIXWY oevaplwy eCutneétnone TpolAédewy, Tpocop-
UOCOUEVO GE UETABAAAOUEVOUC POPTOUC €pYOCEAC Xt BEATUOVOVTAC TH GUVOALXY)
amodoTIXOTNTA TOU cucTAaTOS. To evpuatd pac detyvouv 6Tl 1 eCunneetnon
TEOBAEPEWY UE YVOUOVOL TNV AEYITEXTOVIXT| OLEUXOADVEL TIC BEATIOTOTOINUEVEC,
ATOBOTIXEC OVAUTTUEELS OF AVOBUOUEVES TAATPOOUES UAIXOU, UE OTOTEAECUOL [LOL
ueon uelwon xatd 2.4x otig napafidoeg QoS oe oUyxpion ue pa state-of-the-art
Aoon,.

5.2 Enéueva Brjpata

[a perrovtiny epyaoio, oyedidlouue vo emextelvouue 10 SynergAl ©oTe Vo
evonuatnoet emttdyuvon GPU oe 6ho to edge-to-cloud cuveyéc, yeyovde mou Yo
EVIOYUOEL GNUAVTIXE TNV ATOBOCY] VLol UTOAOYLO TIXY ATALTNTIXES EQYACIEC TEOP-
Aegne DNN. Emniéov, 6ToyelouUe Vo EVOOUATMOCOUUE TNV OUVATOTNTA OLOUEQLO-
uob DNN oto mhaiotd yog, emtpénoviac 6to oloTnuo vo olaywelCel xou vo
HATOUVEUEL QUTOUOTOL T ETUTEDN VEVPWWIXWY OIXTUWY G cuoKEVEC edge ue Bdon Tig
UTIOAOYLO TIXEC TOUC DUVATOTNTES XAl TOV TEEYOVTA pOpTO. Mot TETOl TPOCEYYIoT
VoL ELOOEL TEPALTER TNV XAVUG TEENOT XAk TNV XATAVIAWOT TOPWY BEATIO TOTOUWV-
T0¢ 1600 TO oY 600 XU TO TWS EXTEAOUVTUL Ol gpyaoieg TpoBAEdng.  Muv-
oualovtog Ty emtdyuvon GPU ye tov eugur) dioauepiopd DNN, to SynergAl
Yo umopoloe Vo ETTUYEL oxOun UEYUAVTEQES UEWOOES ot Tapoafidosc QosS,
OLUTNPOVTAS TORAAANACL TNV EVEQYELOXT) ATOBOTIXOTNTA OE ETEQOYEVT TERYSAANOVTA
edge-cloud.
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Chapter 2

Introduction

In recent years, the rapid advancement of Al and ML applications and their
widespread integration into daily life has brought the new era of intelligent com-
puting. Technologies such as Deep Learning (DL) [26], Large Language Models
(LLMs) [27], and Dynamic ML [28] are being widely used for inference across di-
verse domains, including healthcare [29], computer vision [30], and finance [31].
Modern ML inference is characterized by the convergence of increasingly com-
plex models, rapid adaptation to specialized domains, and growing end-user
demands. This combination results in significantly higher computing, mem-
ory, and storage requirements. For example, SotA DL models used by millions
of people daily, such as GPT-3 [2] and DeepSeek-V2 [3], contain 175 billion
and 236 billion parameters, respectively. As a result, they impose substantial
resource demands and risk performance bottlenecks.

Traditionally, these models are governed by throughput- and latency-oriented
QoS [4] requirements, as well as Service Level Objectives (SLOs) or Service
Level Agreements (SLAs) [5]. To meet these QoS demands and achieve SLO
targets, such models are typically deployed on high-performance Cloud com-
puting platforms, which help mitigate performance bottlenecks while offering
scalable, flexible, and cost-effective solutions. Modern Cloud systems enhance
ML /DL workloads by utilizing distributed computing, specialized hardware ac-
celerators (e.g., GPUs, TPUs) [6], and optimized networking. Many vendors
provide Machine Learning as a Service (MLaaS), offering comprehensive solu-
tions for model training, deployment, and inference. Notable platforms include
Google Cloud Vertex Al [7], AWS SageMaker [8], Microsoft Azure ML [9], IBM
Watson ML [10], and Nvidia Al Enterprise [32]. However, as service demands
continue to surge, Cloud congestion becomes an increasing challenge, leading to
limitations in scalability and reliability. Additionally, Cloud servers and data
centers are typically centralized and located far from end-user devices. As a
result, latency-sensitive applications often suffer from long round-trip delays,
network congestion, and degraded service quality [33]. Furthermore, in data-
sensitive sectors such as healthcare, storing sensitive information on third-party
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infrastructure raises critical privacy and confidentiality concerns [34].

To overcome the limitations of Cloud infrastructures, some of the compu-
tational workload is shifted to the Edge, bringing processing closer to where
the data is generated. Specialized Al hardware, such as Nvidia Jetson, Google
Edge TPU, and Intel Movidius [35], along with optimized ML frameworks like
ONNX Runtime, TensorFlow, and TensorFlow Lite [21, 19, 20], enable efficient
Al inference directly on Edge devices. This advancement allows for low-power,
high-performance Al applications, reducing the need for constant Cloud con-
nectivity and shaping the modern paradigm of Edge Al [11]. Additionally, Edge
processing improves power efficiency by reducing reliance on energy-intensive
Cloud data centers, lowering data transmission costs, and utilizing specialized
AT accelerators [36]. However, Edge computing operates with more limited
computational and storage resources compared to Cloud-based processing. As
a result, achieving effective Edge-to-Cloud synergy is crucial for enabling scal-
able and efficient Al inference across the computing continuum.

A major challenge in achieving seamless Edge-to-Cloud synergy is integrating
the QoS guarantees of the Cloud with the efficiency, low overhead, and advan-
tages of the Edge while mitigating the inherent limitations of each process-
ing layer. This requires addressing several key challenges: i) Edge-to-Cloud
Scheduling & Heterogeneity: Effective collaboration between Edge and
Cloud depends on intelligent scheduling of inference workloads while account-
ing for the diverse architectures of modern processors, such as ARM, RISC-V,
and x86. 1ii) Architecture-Aware Inference Deployment: Many Edge
platforms offer configurable power and performance modes (e.g., power modes,
turbo boost) that introduce trade-offs between energy efficiency and inference
speed. Optimal deployment requires dynamic tuning of execution settings to
align with workload demands. Moreover, the growing diversity in CPU ar-
chitectures—including differences in core counts, instruction sets (e.g., ARM,
x86, RISC-V), and power-performance trade-offs further complicates optimized
inference scheduling and resource allocation. iii) Diverse QoS and SLA Re-
quirements: Different application domains impose varying QoS constraints.
For example, healthcare and automotive applications require millisecond-level
inference latency, whereas finance and agriculture can tolerate higher variability,
enabling flexible resource allocation across the Edge-to-Cloud continuum. iv)
Inference Engine Variability: The broad range of inference-serving frame-
works, such as TensorFlow [19], ONNX Runtime [21], and PyTorch [37], intro-
duces complexity in selecting the optimal model and backend for deployment
across different hardware nodes. The aforementioned challenges form a multi-
dimensional problem for the efficient deployment of inference-serving workloads
within a heterogeneous Edge-to-Cloud continuum.
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Efficient inference serving remains a challenging task, as it requires a deep
understanding of application architecture, workload characteristics, and the
processing capabilities of both Edge and Cloud infrastructures [4]. To address
these challenges, prior research has explored inference serving and orchestration
solutions specifically tailored for the Edge [12, 13, 38, 39], the Cloud [4, 14, 40],
and the broader Edge-to-Cloud continuum [15, 16, 41, 42]. SotA research offers
effective inference-serving strategies, primarily focusing on QoS-driven perfor-
mance optimizations [43], which serve as the core optimization objective of this
work. However, existing approaches lack architecture-aware scheduling frame-
works that dynamically optimize inference serving by adapting to the diverse
operating capabilities of heterogeneous Edge and Cloud nodes. Additionally,
while various scheduling techniques have been proposed for individual layers
(Edge or Cloud) and across the continuum, they often fail to fully exploit
dynamic resource adaptation and architecture-driven execution modes. As a
result, these limitations restrict the optimization and customization potential
of existing solutions, preventing them from maximizing efficiency under varying
workload demands.

In this work, we introduce SynergAI, a novel framework designed for ar-
chitecture-tuned, performance-efficient inference serving across heterogeneous
Edge-to-Cloud nodes. The primary optimization goal of SynergAI is to mini-
mize QoS violations for inference engines deployed across the continuum by en-
suring efficient, architecture-driven engine placement. Our solution is based on
comprehensive performance and architecture-driven characterization and anal-
ysis of discrete inference engines across different Edge/Cloud nodes and oper-
ating modes. Specifically, we focus on the performance and resource trade-off
capabilities of Edge nodes, enabling the development of optimized deployment
strategies tailored to each node’s unique attributes. The outcome of this anal-
ysis provides the crucial tuning parameters for our proposed Edge-to-Cloud
orchestrator. SynergAI utilizes a QoS-aware, architecture-driven scheduling
framework that dynamically adjusts the placement of inference jobs based on
real-time assessment of QoS violation risks. To summarize, the key contribu-
tions of this work are as follows:

o We conduct an extensive characterization and analysis for performance
and architecture-driven tuning and deployment of discrete ML inference
engines and models across the Edge-Cloud continuum.

e We present SynergAI, a novel Edge-to-Cloud scheduling frame-
work for solving the problem of QoS violations minimization. We incor-
porate a combination of offline and online mechanisms into our proposed
solution, which leverages the characterization and analysis process to per-
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form dynamic task scheduling based on real-time assessments of QoS vio-
lation risks.

« We integrate and evaluate our solution with the Kubernetes
framework, demonstrating that SynergAI’s architecture-driven inference
serving enables optimized and architecture-aware deployments on emerg-
ing hardware platforms, achieving an average reduction of 2.4x in QoS
violations compared to a SotA solution.

The rest of this thesis is organized as follows. Section 3 presents an overview
of the related work. Section 4 provides basic background information about
Kubernetes and Edge Computing fundamentals. In Section 5 we provide an
extensive characterization and analysis of discrete ML inference engines and
nodes, while in Section 6 we present SynergAI’s architecture. In Section 7 the
experimental evaluation is presented and discussed. Finally, Section 8 concludes
this research and suggests directions for future work.
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Chapter 3

Related Work

In recent years, numerous studies have focused on inference serving and schedul-
ing. Systems like TensorFlow Serving [19], TensorFlow Lite [20], and ONNX
Runtime [21] are notable examples of flexible and high-performance serving
platforms for ML models, tailored for production environments on both Edge
and Cloud infrastructures. From an industrial perspective, Nvidia’s Al platform
offers the Triton Inference Server [44], which facilitates GPU-based inference
while also supporting CPU models, though it requires static configuration for
model instances. Regardless of the setup, effective inference serving relies heav-
ily on efficient scheduling and orchestration. In this section, we present related
work, categorized based on the target optimization layer within the Edge-to-
Cloud continuum. Specifically, we group the examined research into three main
categories: (i) Inference Serving € Scheduling on the Edge, (ii) Inference Serv-
ing € Scheduling on the Cloud, and (iii) Inference Serving € Scheduling across
the Edge-Cloud Continuum.

Inference serving & Scheduling on the Edge: Several studies have fo-
cused on optimizing inference serving at the Edge. In [12], the authors propose
a DNN partitioning and offloading approach tailored for Edge computing sys-
tems. Similarly, in [38], a framework is presented that utilizes edge computing
for collaborative DNN inference through device-edge synergy. In [39], a mathe-
matical model is introduced for adaptive DNN model partitioning and inference
offloading at the Edge. Additionally, [45] proposes a multi-agent reinforcement
learning-based, energy-efficient collaborative inference scheme for Mobile Edge
Computing (MEC). Lastly, in [13], a resource-efficient DNN inference method
with latency-awareness is proposed, while [46] explores the trade-offs between
energy consumption and latency for CNN inference on Edge accelerators.

Inference Serving & Scheduling on the Cloud: Several studies have
investigated inference serving, scheduling, and orchestration at the Cloud layer.
In [4], the authors introduce an interference- and resource-aware predictive or-
chestrator for ML inference serving. In [14, 40], a scheduling approach for
CPU servers is presented, which utilizes load prediction to reduce interference.
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Furthermore, [47] proposes a modular framework that balances incoming work-
loads based on low-level metrics monitoring. Resource partitioning strategies
designed to optimize QoS requirements have also been explored in [48]. Finally,
in [49], workload-specific scheduling techniques are discussed, where different
workload classes are handled by distinct schedulers.

Inference Serving & Scheduling across the Edge-Cloud Continuum:
To leverage the advantages of both Edge and Cloud computing, numerous stud-
ies have focused on optimizing inference serving and scheduling across the Edge-
Cloud continuum. In [15], the authors propose an active inference-based ap-
proach for offloading LLM inference tasks and managing resource allocation
in cloud-edge environments. The study in [50] introduces an Edge-Cloud col-
laborative architecture for DNN inference, while [16] presents a preemptive
scheduling solution for distributed ML jobs in Edge-Cloud networks. Addi-
tionally, [51] employs LLMs to dynamically adjust the placement of applica-
tion tasks across Edge and Cloud layers in response to workload fluctuations.
In [41], the authors propose an offloading scheme to accelerate DNN inference in
a local-edge-cloud collaborative setting, and [42] presents a deep reinforcement
learning-based strategy for optimizing DNN offloading across Edge and Cloud
environments.

While several approaches to inference serving and scheduling across the Edge,
Cloud, and Edge-Cloud continuum have been explored in existing research,
to the best of our knowledge, no study has proposed an architecture-driven
scheduling framework that dynamically adapts to the heterogeneous capabil-
ities of Edge and Cloud nodes to optimize inference serving. Our system
takes advantage of the architecture-driven performance features and operat-
ing modes of modern Edge/Cloud infrastructures, leveraging their configurable
modes to enhance efficiency and minimize QoS violations. Through extensive
architecture-driven characterization and analysis, our end-to-end orchestrator
intelligently allocates ML workloads across the continuum, offering a lightweight
and performance-optimized solution.
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Chapter 4

Background Fundamentals

1 The Kubernetes Orchestrator

1.1 Virtualization

Virtualization is a process that creates digital environments that function inde-
pendently from the physical hardware they run on. This technology enables a
single physical machine to host multiple virtual instances, each operating as if
it were a standalone device. These virtual instances can serve various purposes,
from complete computing environments to specific applications or network con-
figurations. The process works through a specialized software called a hyper-
visor, which functions as an intermediary layer between the physical hardware
and the virtual environments. This lightweight but powerful software manages
resource allocation, allowing several operating systems to function simultane-
ously on the same physical hardware. The hypervisor effectively distributes
computing resources from the underlying physical infrastructure to each vir-
tual instance as needed.

1.2 Virtual Machines

Virtual machines (VMs) are the digital environments created through virtu-
alization technology, functioning as independent computing systems despite
sharing the same physical hardware. Each VM needs its own operating system
and accesses hardware resources from either a single host server or a distributed
server pool. The hypervisor creates this virtual hardware layer while maintain-
ing isolation between different VMs. I'T departments have widely adopted VM
technology because it offers cost savings and operational efficiencies compared
to maintaining separate physical machines. However, VMs consume significant
system resources since each one requires not only a complete operating system
but also virtualized versions of all necessary hardware components. These self-
contained units, frequently used to run large, single-file applications, require
substantial memory and processing power. The considerable resource require-
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ments of VMs, while still more economical than dedicated physical machines,
can be excessive for certain applications. This limitation ultimately inspired
the development of more lightweight container technology.

1.3 Containers and Container Runtimes

Containers represent a lightweight virtualization approach that fundamentally
differs from traditional virtual machines. While VMs virtualize the entire com-
puter system, containers virtualize only the operating system layer. Containers
operate directly on the host system’s OS—typically Linux or Windows—sharing
the kernel, binaries, and libraries with read-only access to these shared com-
ponents. This resource-sharing architecture significantly reduces duplication,
enabling a single operating system installation to efficiently support multiple
isolated workloads. Containers offer remarkable efficiency advantages in both
size and speed, as they typically occupy megabytes of space compared to giga-
bytes for VMs and initialize in seconds rather than minutes. This translates to
substantially higher deployment density, with servers commonly supporting 2-3
times more containerized applications than equivalent VM-based deployments.
In this thesis, our SynergAl system utilizes containerd as its container run-
time. Containerd is an industry-standard container runtime that manages the
complete container lifecycle, from image transfer and storage to container exe-
cution and supervision. Originally developed by Docker, containerd was later
donated to the Cloud Native Computing Foundation (CNCF) to serve as an
independent, stable foundation for container runtimes. As the default runtime
for Kubernetes since version 1.20, containerd offers a minimal yet powerful
interface for container operations, optimized performance, and robust security
features. While containerd serves as our container runtime in SynergAI, sev-
eral other container runtime options exist within the container orchestration
landscape. Docker Engine remains a popular alternative that provides ad-
ditional developer-friendly features and tools layered on top of containerd.
Other options include CRI-0, a lightweight runtime designed specifically for
Kubernetes, and rkt (rocket), which emphasizes security and composability.

1.4 Container Orchestration and Kubernetes

As container adoption grows within organizations, managing individual contain-
ers at scale becomes increasingly complex. Container orchestration addresses
this challenge by automating the deployment, management, scaling, networking,
and availability of containerized applications across distributed systems. While
containers provide efficient application packaging and isolation, orchestration
coordinates these containers to function as cohesive systems. Kubernetes has
emerged as the leading container orchestration platform, offering a portable,
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extensible solution for managing containerized applications. As an open-source
project since 2014, it provides a configuration-driven approach to infrastructure
management that abstracts away underlying complexity, enabling organizations
to focus on application development rather than operational challenges. In this
thesis, we utilize Kubernetes [17] (v1.28.10) to create and manage our exper-
imental cluster, and the following paragraph will explain its core components
and objects in detail.

1.5 Kubernetes Architecture and Resource Types
1.5.1 Cluster

A Kubernetes cluster represents the highest-level abstraction in the Kubernetes
ecosystem, consisting of a collection of machines, physical or virtual, that work
together to run containerized applications. This group of interconnected ma-
chines provides the infrastructure upon which Kubernetes operates as a power-
ful orchestration system. The cluster follows a master-worker architecture, with
nodes separated into two distinct groups: master nodes that form the control
plane and worker nodes where actual workloads are executed, as illustrated in
Figure 4.1.

1.5.2 Master-Worker Architecture

The master nodes collectively form the control plane, that acts as the brain
of the cluster, making global decisions and maintaining the desired state of
the system. A Kubernetes cluster must have at least one master node, which
commands and controls all other machines in the cluster. Key components
include the API server which serves as the central communication hub, etcd
that maintains cluster state in a distributed key-value store, the scheduler which
is responsible for workload assignment, and various controller managers that
regulate system state.

Worker nodes provide the execution environment where containerized appli-
cations actually run. Each worker node operates essential components: the
kubelet agent that communicates with the control plane, kube-proxy for net-
working services, and a container runtime that executes the containers them-
selves.

This architectural separation creates a clear distinction of responsibilities, with
master nodes handling cluster-wide control and coordination while worker nodes
focus on executing the workloads. In highly available setups, the master’s ca-
pabilities can be replicated across multiple machines for fault tolerance, though
typically only one master actively runs critical components like the scheduler
and controller manager at any given time.

49



1.5.3 Core Objects and Concepts

Kubernetes organizes workloads through several fundamental objects:

Pods are the most basic deployable units in Kubernetes, with each pod host-
ing one or more containers that share network and storage resources. They
represent single instances of applications or running processes in Kubernetes,
functioning as the smallest execution units that can be created and managed.
To keep the focus on the application rather than individual containers, Kuber-
netes manages pods as cohesive units, starting, stopping, and replicating all
containers within a pod together. By design, pods are ephemeral, dynamically
created and destroyed as necessary to maintain the desired state of the system.

Deployments provide declarative definitions for applications, specifying the
desired state that Kubernetes works to maintain. The Deployment controller
ensures the actual state matches this specification, handling scaling, updates,
and rollbacks at a controlled rate. Deployments create and manage ReplicaS-
ets, which are lower-level resources that maintain a stable set of replica pods
running at any given time. The hierarchical structure enables powerful capabil-
ities like rolling updates and automated recovery from failures. This approach
offers straightforward scalability by simply adjusting the number of pod repli-
cas, allowing applications to easily adapt to changing demands without service
disruption.

Jobs are controller objects that create and manage pods designed to run until
their processes complete successfully. Unlike Deployments, which manage con-
tinuously running applications, Jobs are ideal for batch processing or one-time
tasks that must run to completion, ensuring reliable execution of workloads
with a finite lifespan. When a Job is created, it spawns one or more pods that
execute until they finish their assigned work, at which point they terminate
instead of restarting. Jobs belong to the same family of controller objects as
Deployments but serve a distinctly different purpose in the Kubernetes ecosys-
tem, handling tasks with a clear beginning and end rather than maintaining
persistent services.

Thttps://kubernetes.io/docs/concepts/architecture/
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Figure 4.1: Kubernetes Cluster Architecture !

2 Edge Computing

2.1 Edge Computing Fundamentals

Edge computing brings resources closer to data sources, enabling processing and
analysis near the network edge instead of relying on distant cloud data centers.
This approach marks a shift from centralized computing to processing at the
network endpoints [52]. Resources are distributed throughout the network, cre-
ating an architecture of computing nodes near users and data sources. This
distribution helps support mobile users by providing seamless service as they
move between different edge nodes. The diverse range of devices, platforms,
and networks in edge computing creates both challenges and opportunities for
developers [35]. Several edge computing models have emerged for different
uses. Cloudlets are small-scale data centers at the network edge that support
mobile devices in businesses or public spaces. Fog Computing creates a dis-
tributed computing structure for IoT applications. Mobile Edge Computing
brings cloud capabilities into mobile networks. Micro Data Centers are com-
pact, modular facilities that can be deployed at the network edge for industrial
applications [52].
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2.2 Edge vs. Cloud Computing Differences

Edge computing differs from cloud computing in several key aspects. While
cloud computing centralizes processing in distant data centers, edge computing
places resources close to data sources and thus significantly reduces latency,
which is essential for time-sensitive applications like autonomous vehicles and
industrial systems. Edge computing also uses less bandwidth by processing
data locally, unlike cloud computing which requires sending all data to and from
central data centers. Additionally, edge systems can use information about the
physical location of devices and users to provide context-aware services, a capa-
bility that traditional cloud architectures struggle to deliver effectively [53]. The
scaling approaches also differ between these models. Cloud computing offers
virtually unlimited scaling within centralized facilities, while edge computing
provides more limited resources at individual nodes but can scale across many
distributed locations. Security considerations vary too, with edge computing
offering improved security by keeping sensitive data local while simultaneously
presenting new challenges due to its distributed nature [35].

2.3 Edge-to-Cloud Continuum

The edge-to-cloud continuum represents a computing approach that uses both
edge and cloud resources together. Rather than seeing edge and cloud as com-
peting options, this view presents them as points on a spectrum, creating a
seamless computing infrastructure from the network edge to central data cen-
ters. This approach allows for more flexible application deployment and re-
source use, taking advantage of the strengths of each approach [54].

The composition of this infrastructure includes a range of computing resources
at different locations. At the furthest edge are devices like IoT sensors, smart-
phones, and other data-generating equipment. These devices usually have lim-
ited computing capabilities but can perform basic processing. Moving inward,
the edge layer includes gateways, servers, and base stations that provide more
substantial computing, storage, and networking capabilities near data sources.
This layer processes and analyzes data locally, reducing the need to send all
information to distant facilities [54]. At the center is the traditional cloud
layer, with its vast computing and storage resources in data centers. The cloud
handles tasks that need significant processing power or global data analysis.
This multi-layered structure supports computing from the most appropriate
location based on what’s needed, what resources are available, and network
conditions [55].

The edge-to-cloud continuum offers clear advantages over using either edge or
cloud computing alone. It enables better resource use by assigning computing
tasks based on their specific requirements: resource-intensive operations can run
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in the cloud, while time-sensitive processing happens at the edge. This strategy
improves overall system performance, providing lower latency for critical appli-
cations while maintaining high throughput for data-intensive workloads [35].
This approach improves scalability by distributing computation across differ-
ent levels based on demand. When local edge resources are strained, tasks can
move to the cloud, and when cloud connectivity is limited, more processing
can happen at the edge. The distributed architecture also improves reliability
through redundancy, as services can redistribute if specific nodes fail [35].
Deciding where to run computational tasks is a critical aspect of the edge-
to-cloud continuum. This decision depends on multiple factors that must be
carefully balanced. Time-sensitive tasks with low computing demands typi-
cally run at the edge, minimizing delays for critical operations. In contrast,
computing-intensive tasks with less strict timing requirements may run in the
cloud, using its greater processing capabilities [56]. Network conditions greatly
influence these decisions as well. Available bandwidth, connection speed, and
network reliability all help determine the best location for specific tasks. Simi-
larly, resource availability affects task placement, as the current load and avail-
able computing power at different nodes can shift the balance between edge
and cloud execution. For battery-powered devices, energy use is an important
consideration, as offloading computation can extend battery life but must be
weighed against the energy costs of data transmission [53].

This hybrid architecture enables diverse applications across various domains
including smart city monitoring, industrial IoT control systems, and healthcare
alerts, with each utilizing edge for time-sensitive processing and cloud for in-
depth analytics [56]. Autonomous vehicles represent a compelling application
that requires edge processing for immediate obstacle avoidance decisions where
milliseconds matter, while benefiting from cloud resources for route planning
and traffic optimization using broader data sets. Augmented reality similarly
uses edge computing to reduce latency for real-time rendering while leveraging
cloud capabilities for complex scene understanding [55].

Despite these benefits, the continuum faces significant challenges. Resource
management is complex due to device diversity, while security and privacy pro-
tection is difficult across multiple tiers and administrative domains. Standard-
ization is lacking for component integration, and maintaining consistent service
quality with varying network conditions requires sophisticated monitoring and
adaptation mechanisms. Additionally, the operational complexity of manag-
ing this distributed architecture creates substantial implementation barriers for
many organizations [54].
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Chapter 5

Profiling, Characterization & Analysis

1 Inference Serving Testbed

Hardware & Software Infrastructure: We conduct our experiments on a
high-end dual-socket Intel® Xeon® Gold 5218R (@2.1 GHz) server, equipped
with 128 GB of DRAM memory. On top of this setup, we configure two virtual
machines to function as the master (4 vCPUs, 8 GB RAM) and worker (16
vCPUs, 16 GB RAM) nodes of our cluster, respectively, utilizing the KVM hy-
pervisor. Additionally, we integrate two more worker nodes on the Edge, which
include an Nvidia Jetson AGX (8 CPUs, 32 GB RAM) and an Nvidia Jetson
Xavier NX (6 CPUs, 8 GB RAM). For cluster deployment and orchestration,
we leverage Kubernetes [17] (v1.28.10) in combination with Containerd (v1.7.2)
as the container runtime.

Inference Engine Workloads: For the purposes of this thesis, we use
the object detection and image classification tasks from the MLPerf Inference
benchmark suite [18]. Table 5.1 provides details on the MLPerf inference engines
used, including the representation, the model variant, the validation dataset,
and the model accuracy. Each inference engine container instance comprises two
components: (i) the Inference Engine and (ii) the Load Generator. The Infer-
ence Engine processes a pre-trained DNN model (e.g., ResNet) using a specified
backend framework (e.g., TensorFlow) to perform the designated task. Mean-
while, the Load Generator simulates traffic for the Inference Engine and moni-
tors its performance. It takes as input the validation dataset (e.g., ImageNet),
the scenario, and the total number of queries to execute. In our experiments,
we employed the Single Stream scenario, where the Load Generator sends one
sample per query and waits for execution to complete before dispatching the
next one. Throughout the characterization, we maintain a consistent number
of queries in MLPerf across all inference engines to evaluate their performance
under the same workload and uncover their internal characteristics. This value
is the default used in the Single Stream scenario.
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Table 5.1: Supported MLPerf Inference Engines, Model Variant, Dataset and Corresponding
Accuracy

Task Representation Model Variant Dataset Accuracy
ResNet50 ImageNet 76.456%
Tensorflow (TF) [19] MobileNet ImageNet 71.676%
MobileNet Quantized (Q) ImageNet 70.694%
. . TFLite (TFL) [20] MobileNet ImageNet 71.676%
Image Classification MobileNet Quantized ImageNet 70.762%
ResNet50 opset-8 (OP8) ImageNet 76.456%
9 B - o =
ONNX Runtime [21] ResNet50 opset-11 (OP11) ImageNet 76.456%
MobileNet opset-8 ImageNet 71.676%
MobileNet opset-11 ImageNet 71.676%
TensorFlow [19] SSDMobileNet Coco 300 mAP 0.234
Object Detecti i -
ject Detection ONNX Runtime [21] SSDMobileNet opset-8 Coco 300 mAP 0.23
SSDMobileNet opset-11 Coco 300 mAP 0.23

Analysis of Operating Modes in AGX and NX Boards: The Nvidia
AGX and NX boards provide various operating modes to optimize performance,
energy efficiency, and thermal management. These modes enable the system
to switch between peak performance for demanding workloads and lower power
consumption for enhanced efficiency in energy-constrained environments. Ta-
ble 5.2 presents a detailed overview of the modes analyzed in our research, as
derived from the manufacturer’s specifications. It is important to note that
both the AGX and NX boards offer additional modes, but enabling them re-
quires a reboot. Since this work focuses on run-time decision making, we avoid
using these modes as they introduce overheads which can affect the scheduling
system we are developing. Focusing on the Nvidia Jetson AGX, we observe six
available operating modes. The CPU frequency ranges from 1200 MHz to 2266
MHz, with the number of active CPUs varying from 2 to 8. Additionally, the
power budget ranges from 15 Watts to MAXN, generally indicating no fixed
upper limit on power consumption. This enables the system to operate at peak
performance while dynamically adjusting power usage according to workload
demands and thermal constraints. On the other side, the Nvidia Jetson Xavier
NX offers nine available power modes. The CPU frequency here ranges from
1200 MHz to 1900 MHz, with 2 to 6 CPUs active, and the power budget ranges
from 10 Watts to 20 Watts.

2 Characterizing Inference Serving

To gain deeper insights into the execution characteristics of the various inference
engines listed in Table 5.1, we evaluate the impact of different factors on their
performance. Specifically, we profile the engines to assess how i) x86 and ARM-
based workers, ii) vertical resource scaling, and iii) operating modes on ARM-
based workers influence their performance. At the end of this analysis, we
highlight the key insights from our study to determine the optimal modes for
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implementation in our scheduling system.

Table 5.2: Power Mode Configurations for Nvidia Jetson AGX and Xavier NX Boards

Board Mode Max CPU Frequency (MHz) | Online CPUs | Power Budget (W)
Mode 1 1200 8 30
Mode 2 1450 6 30

Nvidia Jetson AGX Mode3 | 1780 4 30
Mode 4 2100 2 30
Mode 5 2188 4 15
Mode 6 2266 8 MAXN
Mode 1 1200 4 10
Mode 2 1400 4 15
Mode 3 1400 4 20

Nvidia Jetson Xavier NX Mode 4 1400 6 L5
Mode 5 1400 6 20
Mode 6 1500 2 10
Mode 7 1900 2 15
Mode 8 1900 2 20
Mode 9 1900 4 10

2.1 Performance-aware Characterization
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Figure 5.1: Characterization of the Evaluated Inference Engines Across All Available Workers:

QPS (Top), pre-processing time (Upper-middle), inference engine time (Lower-middle) and
total execution time (Bottom) in log. scale.

In this section, we profile the inference engines listed in Table 5.1 to analyze
their performance across all workers in our cluster. Figure 5.1 presents the
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characterization of the evaluated inference engines across all available workers.
It illustrates (a) the QPS (Top), (b) the pre-processing time, which includes
backend initialization, DNN model loading, and validation data preparation
(Upper-middle), (c) the inference engine execution time, which refers to the ac-
tual computation (Lower-middle), and (d) the total execution time, as recorded
by the Load Generator for each MLPerf Inference Engine, which represents the
overall pre-processing and inference engine execution time (Bottom). All met-
rics are depicted in logarithmic scale. For the x86 worker, QPS values range
from 16.5 for TensorFlow ResNet to 259 for ONNX Runtime MobileNet with
opset-11, resulting in an average QPS of 52.3. For total execution time, we ob-
serve a distribution ranging from a minimum of 27.8 seconds for ONNX Runtime
MobileNet with opset-11 to a maximum of 4.3 minutes for ONNX Runtime
SSDMobileNet with opset-8. The average execution time is 2.4 minutes. An
interesting observation is that, despite all inference engines processing the same
number of queries, the ONNX ResNet engine with the lowest QPS is not the
one with the longest execution time. Instead, the shortest execution time is
recorded for ONNX Runtime MobileNet with opset-11, which has a QPS of
259. This behavior is attributed to the preprocessing time, which includes the
overhead of initializing the selected backend, setting up the pre-trained DNN
model on this backend, and loading the MLPerf validation dataset. Indeed,
TensorFlow ResNet completes this process in just 1.4 seconds, whereas ONNX
Runtime MobileNet with opset-11 requires 19x longer time for preprocessing.

This significantly impacts performance, ultimately counteracting the advantage
of its higher QPS.

For the AGX worker, QPS ranges from 5.7 for TensorFlow ResNet to 39.3
for ONNX Runtime MobileNet with opset-11, with an average of QPS of 19.
The total execution time spans from a minimum of 1.8 minutes for ONNX Run-
time MobileNet with opset-11 to a maximum of 11.5 minutes for TensorFlow
ResNet, averaging 4.6 minutes. Similarly, for the NX worker, QPS varies be-
tween 5.6 for TensorFlow ResNet and 22 for TensorFlow MobileNet, with an
average of 12.5. The total execution time ranges from a minimum of 3.1 min-
utes for TensorFlow MobileNet to a maximum of 11.6 minutes for TensorFlow
ResNet, with an average of 6.8 minutes. For both AGX and NX workers, the
inference engine with the highest QPS results in the shortest execution time,
while the one with the lowest QPS has the longest execution time, unlike the
x86 worker. This occurs because preprocessing time increases only slightly, by
10% on AGX and 1.76x on NX compared to x86. Preprocessing tasks like
image resizing and normalization rely more on memory bandwidth and 1/0
rather than CPU power, causing minimal slowdown on weaker hardware. In
contrast, inference is far more computationally intensive, making the increase
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in preprocessing time negligible compared to the much larger rise in execution
time.

* Q1: How does the performance of inference engines vary when
executed on different workers?

The x86 worker outperforms AGX and NX, achieving 2.8 x and 4.2x higher
QPS, respectively, while also being 2x and 2.8x faster in execution time, re-
spectively. This is expected, as x86 offers the most powerful CPU and the
largest available RAM, followed by AGX and then NX. TensorFlow ResNet
consistently exhibits the lowest performance across all devices due to its high
computational complexity [22], which becomes even more evident on resource-
constrained platforms like AGX and NX. ONNX MobileNet opset-11 is the
fastest inference engine on both x86 and AGX, benefiting from ONNX Run-
time’s optimizations for efficient parallel execution and low-latency inference.
However, on NX, TensorFlow MobileNet achieves the best performance. This
analysis highlights the significance of architecture-aware inference deployment,
as performance can vary substantially across hardware platforms, even within
the same device family, due to the interplay between system architecture, frame-
work optimizations, and the characteristics of the inference model.

* Key Outcome 1: Optimal inference engine and model selection varies sig-
nificantly across different hardware architectures. Inference efficiency is driven
by the engine, models and intra-architecture characteristics.

2.2 Architecture-Driven Tuning Characterization

In this section, we examine the impact of various optimizations on the per-
formance of the analyzed inference engines. Our approach is divided into two
parts: a) for the x86 worker, we evaluate how the number of threads influences
performance, and b) for the AGX and NX workers, we investigate how different
operating modes affect performance.

* Q2: How does vertical scaling (i.e., #Threads) impact perfor-
mance _on x86-based workers?

In this part of our analysis, we examine the behavior of various inference
engines when executed on an x86 worker with different thread counts. Specif-
ically, for inference engines using ONNX Runtime as the backend, we modify
the INTRA_OP_NUM_THREADS parameter, and for TensorFlow engines, we adjust
the INTRA OP_PARALLELISM THREADS setting, which are the most influential
parameters, as outlined in prior research [4]. Finally, for TensorFlow Lite, we
explore the NUM_THREADS parameter. Figure 5.2 illustrates the QPS (Top) and
execution time (Bottom) across all the inference engines examined (X-axis) for
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Figure 5.2: Impact of Thread Scaling on MLPerf Inference Engines in x86 Worker

ranging number of threads. As shown in Figure 5.2, increasing the number of
available threads results in higher QPS and reduced total execution time. Using
2, 4, 8, and 16 threads yields average QPS improvements of 1.6x, 2.5x, 3.8%,
and 4.5X% respectively, compared to single-threaded execution. In terms of total
execution time, 2, 4, 8, and 16 threads lead to average execution speedups of
1.6x, 2.3%, 2.9%, and 3x compared to single-threaded execution, respectively.
This suggests that performance improvements from increasing threads are not
always linear or significant beyond a certain point. For instance, while mov-
ing from 1 to 8 threads provides a speedup of 2.9x, increasing to 16 threads
only yields a marginal improvement to 3x. This diminishing return indicates
that beyond a specific threshold, adding more threads does not proportionally
enhance performance, likely due to factors such as increased synchronization
overhead, contention for shared resources (e.g., cache or memory bandwidth),
and inefficiencies in parallel execution. Thus, utilizing all available threads may
not always be necessary to achieve near-optimal performance, opening the door
for further exploration into the correlation between thread scaling and inference
efficiency. Last, the pre-processing time is not significantly affected by the in-
crease in available threads, resulting in a maximum execution time reduction of
21% at 16 threads compared to single-threaded execution. This is expected, as
we previously mentioned that pre-processing relies more on memory bandwidth
and I/0 rather than CPU.

* Key Outcome 2: Increasing the number of threads improves inference
performance on x86-based workers, but with diminishing returns beyond a spe-
cific number of threads, suggesting that near-optimal performance can be achieved
without utilizing all available threads.

* Q3: Does performance exhibit linear correlation with thread scal-
ing?
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As observed, doubling the number of threads does not lead to a two-fold
increase in QPS. Increasing threads beyond a certain point yields diminish-
ing returns due to thread contention and synchronization overheads. As more
threads compete for shared resources like main and cache memory, contention
increases, leading to reduced efficiency and limited speedup. This effect is even
more pronounced in total execution time, where after a certain decrease in in-
ference engine time, preprocessing becomes the dominant factor. For example,
in ONNX Runtime SSD MobileNet with opset-8, from 4 threads onward, pre-
processing dominates, making further increases in thread count negligible in
impact.

Another interesting observation is seen in TensorFlow Lite MobileNet Quan-
tized, where performance scales as expected from 1 to 8 threads, but at 16
threads, both QPS and execution time remain nearly identical to single-threaded
execution. This behavior is influenced by two key factors. First, TensorFlow
Lite’s threading model is designed for embedded devices, focusing on low-
latency execution rather than aggressive parallelism. As a result, it does not
effectively distribute workloads across many threads, particularly on x86 CPUs,
which are not its primary target. Beyond 8 threads, the threading model reaches
a performance ceiling, causing diminishing returns at 16 threads. To assess the
linearity, we calculate the Pearson correlation [23] between execution time and
the number of threads, with values closer to 1 indicating a stronger linear cor-
relation. The correlation between the number of threads and performance is
0.83 on average, indicating a strong but not full-linear relationship. More-
over, quantization plays a significant role in inference performance across dif-
ferent hardware platforms. While int8 computations are generally faster than
floating-point operations due to their reduced computational complexity and
lower memory bandwidth requirements, the extent of performance gains varies
across architectures [24, 25]. Since int8 operations are inherently lightweight,
excessive threading can introduce synchronization overhead, negating potential
speedups. Since integer-based operations are lightweight and execute rapidly,
the overhead of managing additional threads negates the potential speedup.

* Key Qutcome 3: Performance does not scale fully linearly with the
number of threads due to contention, synchronization overheads, and workload-
specific limitations, leading to diminishing returns beyond a certain threshold.
Thus, performance over-consumption can be avoided.

* Q4: How do operating modes affect ARM-based workers?

Figure 5.3 illustrates the distributions of QPS and total execution time for
the AGX and NX boards across the available operating modes, as outlined in
Table 5.2. Focusing on the AGX worker, we observe that Mode 6 stands out
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with the highest QPS and, consequently, the lowest execution time. The QPS
distribution ranges from 4.8 to 39.8, averaging at 18.4, while execution time
ranges from 1.8 to 13.6 minutes, with an average of 5.1 minutes. Specifically,
Mode 6 delivers a QPS that is 1.3x higher than Mode 5, 1.4x higher than
Mode 4, 1.8x higher than Mode 3, 2x higher than Mode 2, and 2.2x higher
than Mode 1. In contrast, the slowest mode, Mode 1, shows a QPS distribution
from 4.8 to 17.3, averaging 8.2, with execution times ranging from 4.1 to 28.5
minutes, averaging 11.4 minutes. Mode 6 is expected to perform the best due
to its highest maximum operating frequency, utilization of all available CPUs,
and lack of power budget limitations. On the other hand, although Mode 1
offers more online CPUs and a higher power budget, its lower frequency results
in it being the slowest option.

For the NX worker, Mode 9 achieves the highest QPS. The QPS distribution
ranges from 5.6 to 23.3, averaging 14.3, while execution time varies between 2.9
and 11.6 minutes, with an average of 5.8 minutes. Specifically, Mode 9 delivers
a QPS that is 1.2x higher than Modes 7 and 8, 1.3x higher than Modes 2,
3, 4, and 5, 1.5x higher than Mode 6, and 2.5x higher than Mode 1. The
lowest-performing mode is Mode 1, with a QPS distribution ranging from 1.8
to 8.1, averaging 5.5, and execution times between 8.4 and 36 minutes, with
an average of 16.9 minutes. Mode 9 achieves high performance by utilizing
the highest CPU frequency while using only four threads and operating at the
lowest power budget. In contrast, Mode 1, which has the lowest maximum
CPU frequency of 1200 MHz, along with the same number of CPUs and power
budget, results in the slowest execution.

* Key Outcome 4: Operating modes significantly impact performance on
ARM-based workers, with higher CPU frequencies leading to better QQPS and
lower execution times.

62



WHH@ Sl T+ " T . ’

o
\xL "\ ‘1\\“1‘ "\\)“L 20 “\p.*
2 T e° ae;o:,‘?‘) ag,n:,\"’ *c,?‘) o< % < o

6“"\ e

o© o

A

Figure 5.4: Impact of Frequency, #CPUs and Power Budget on Performance for AGX Worker

ERERINIERICLER.

N N 2
«J°° x“°° s"°° «,‘9°° <& < »< <

QPS
QPs
QPSs

Figure 5.5: Impact of Frequency, #CPUs and Power Budget on Performance for NX Worker

* Q5: Which parameters (e.g., # CPUs, frequency) have the great-
est tmpact on performance?

To gain a deeper understanding of why the aforementioned operating modes
are significant, we analyze how the performance of the inference engines is af-
fected by the key aspects of each operating mode for both the AGX and NX
workers. Figures 5.4 and 5.5 show the distributions of QPS across different
maximum operating clock frequencies (Left), the number of online CPUs (Cen-
ter), and the available power budget (Right). As observed for both AGX and
NX workers, increasing the maximum CPU frequency results in higher perfor-
mance. For the AGX worker, raising the CPU frequency from 1200 MHz to
1450 MHz leads to an average 2.5% increase in QPS. Increasing to 1780 MHz
results in a 1.35x boost, to 2100 MHz a 1.7x increase, to 2188 MHz a 1.8x
increase, and to 2266 MHz a 2.3 x improvement on average. A similar behavior
is observed for the NX worker, where moving from the same initial CPU fre-
quency to the next available frequency results in a 1.7x, 2x, and 2.3x higher
QPS on average.

Regarding the number of available online CPUs, we observe a counterin-
tuitive trend. For the AGX worker, increasing the number of online CPUs
generally leads to a decrease in QPS on average. Specifically, utilizing 4 online
CPUs results in an 8% decrease in QPS, while having 6 online CPUs leads to a
1.7x lower QPS compared to using 2 online CPUs. With 8 online CPUs, QPS
remains nearly the same as with 2 CPUs, showing only a slight 1% drop on av-
erage. For the NX worker, QPS remains relatively stable. We observe a slight
2% decrease on average with 4 CPUs, followed by a 4% increase when using 6
CPUs compared to the 2-CPU configuration. To understand this behavior, we
focus on the 2-CPU operating modes. On the AGX worker, the 2-CPU con-
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figuration corresponds to Mode 4, which operates at a high frequency of 2100
MHz. In contrast, the 6-CPU configuration, where we observe the largest QPS
drop, only includes Mode 2, which has a lower frequency of 1450 MHz. Even
with 8 online CPUs, which include the best-performing Mode 6, the presence of
Mode 1 operating at a lower frequency of 1200 MHz causes a decline in the QPS
distribution. Similar observations hold for the NX worker. This suggests that
operating frequency is a more critical factor than the number of online CPUs.
If performance is the primary objective, it is often preferable to choose an op-
erating mode with fewer CPUs but a higher frequency, rather than increasing
the number of CPUs at the cost of reduced frequency.

As for the available power budget of the operating modes for the AGX
worker, the MAXN power budget stands out with an average QPS of 18.4. The
next best power budget is 15 Watts, which results in a 1.3x decrease, followed
by 30 Watts, which leads to a 2x decrease compared to MAXN. Although one
might expect that the 30-Watt mode would perform better than the 15-Watt
mode, a deeper analysis of the operating modes reveals that the 15-Watt power
budget is exclusively associated with Mode 6, which has the second-highest
operating frequency. In contrast, the 30-Watt power budget includes multiple
modes with significantly lower frequencies, leading to a lower average QPS. For
the NX worker, the behavior follows expectations, with the lowest QPS values
observed at 10 Watts, averaging 9.7 QPS. At 15 Watts and 20 Watts, the QPS
values are similar, averaging 11.3. The similarity in performance between 15
Watts and 20 Watts is attributed to the wider range of operating frequencies
available within these power budgets, preventing any single mode from standing
out.

* Key Outcome 5: CPU frequency has the greatest impact on performance,
outweighing the number of online CPUs, while power budget influences perfor-
mance indirectly based on the frequency and modes it enables.
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Chapter 6

SynergAl Scheduling Framework

Based on the insights derived by the characterization and analysis presented in
Section 2, we design SynergAI. Its main goal is to satisfy the QoS requirements
of the deployed inference engines by reducing the number of QoS violations.
SynergAl is illustrated in Figure 6.1 and aims to provide a synergetic Edge-to-
Cloud solution and consists of two discrete phases, i.e. i) Architecture-driven
Performance Analysis € Characterization (Offline) detailed in Sec. 1 and ii)
QoS-aware Run-time Scheduling & Deployment (Online), analyzed in Sec. 2.

1 Offline Phase: Architecture-driven Performance Anal-
ysis & Characterization

The offline phase aims to evaluate how each inference engine performs under
various architecture-specific optimizations, driven by the characterization and
analysis presented in Sec. 2. As input we provide the target inference engines
intended for deployment within the proposed inference serving system, as well
as the target Edge/Cloud nodes. More specifically, the inference engine con-
sists of the backend (e.g., TensorFlow, ONNX Runtime), the pre-trained DNN
model (e.g., ResNet), and the validation dataset (e.g., ImageNet), while the
target nodes are characterized by their underlying architecture of workers (e.g.,
x86, ARM) and their operating modes. The result of the offline phase is the
creation of a configuration dictionary for the discrete inference engines, which
encapsulates the data to be used later for job scheduling during the Online
phase (Sec. 2).

Initially, the Performance-aware Configuration Generator @ examines the
available levels of parallelism for each architectural configuration, optimizing
execution efficiency accordingly. This process involves configuring the degree
of vertical scaling for each backend within the inference engine on each worker
node, as highlighted in prior research in [4]. By systematically exploring par-
allelism options, the system ensures that inference workloads are optimally
distributed across computational resources, maximizing throughput and min-
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imizing latency. In addition to parallelism optimization, SynergAI integrates
the Architecture-aware Configuration Generator @, designed to enhance effi-
ciency in architectures where operating mode tuning is feasible. This module
integrates the discrete operating modes available on specific hardware plat-
forms, such as the AGX and NX boards, to assess their impact on performance
within discrete power budgets. By dynamically selecting the most efficient
operating mode configuration, SynergAI ensures that inference workloads are
executed with an optimal balance between computational speed, threading, and
efficiency, leading to architecture-tuned deployments. This dual optimization
strategy—Ileveraging both parallelism exploration and architecture-aware tun-
ing—enables SynergAI to adaptively configure heterogeneous Edge and Cloud
nodes, optimizing resource utilization while meeting QoS constraints.

Once all potential configurations for an inference engine across the available
workers are collected, a thorough Design Space Fxploration € Analysis @ is
performed. This step involves systematically evaluating each configuration to
identify the most efficient and high-performing settings for different workers,
considering the specific operating modes. By carefully exploring these config-
urations, we gain valuable insights into the trade-offs between speed and effi-
ciency, ultimately resulting in a well-balanced and optimized deployment strat-
egy. During this exploration, we gather detailed performance metrics, such as
the achieved QPS, total execution time, pre-processing time, actual computa-
tion time, threading, and more. These metrics provide a comprehensive view of
the inference engine’s performance under varying configurations. Following an
in-depth analysis of the collected data, we identify the Architecture-driven Op-
timal Deployments @ for each inference engine, selecting the best-performing
configurations from all available architectures. This data is then stored in a
structured database, ensuring easy access and retrieval when required. The fi-
nal dataset forms the Configuration Dictionary @, which serves as a reference
for the SynergAI orchestrator. This dictionary includes crucial elements for op-
timal inference serving, such as the model, backend, operating mode, and other
system configurations. It acts as the foundation for job scheduling in the Online
Phase (Sec. 2), enabling the orchestrator to make intelligent, architecture-tuned
decisions that maximize the efficiency of the entire Edge-Cloud system.

2 Online Phase: QoS-aware Run-time Scheduling & De-
ployment

During the Online Phase, SynergAI continuously processes incoming inference
workloads while ensuring compliance with the target QoS objectives. The

scheduling policy constructs a Job Queue @, where each job represents an
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Figure 6.1: Overview of the Offline and Online Phases of the SynergAI Framework

inference engine with specific execution requirements, including the total num-
ber of queries to be processed and the target QoS. Let J be the set of incoming

jobs, defined as J = {j1, o, - - -
W = {wl,wg,...,

,Jn}, and W be the set of workers, defined as
wyst. The formulation of our target problem and decision-

making process is presented in Eq. 6.1-Eq. 6.4, where each equation is evaluated
for every job j € J. The key parameters are briefly explained in Table 6.1.

TEstimat ed,j,w

Wacceptable ,J

TRemaining,j = TQOS,j - TWaiting,ja Vj cJ

Vie JYwelW

]w

TPre processing,j t+ Shac QPSC

= {’LU ceW | TRemaining,j > TEstimated,jM}a V] €J

wi =arg _min
wEWacceptable,j

] Testimated, j,w

Table 6.1: Key System and Scheduler Parameters

Denotation Short Description

q Number of queries to be executed for the given inference

J Set of inference jobs in the system, where each job j € J.

w Set of worker nodes in the system, where each worker w € W.

€l Optimal configuration for job j on worker w, maximizing QPS.

wy The optimal worker for job j that minimizes execution time while meeting QoS constraints.
TQos,j Time specified by the user for executing job j.

TWaiting, j Time elapsed since job j was submitted to the queue.

TRemaining,j

Time remaining before a QoS violation occurs for job j, calculated as Tqos,; — TWaiting, ;-

TPre—processing,j

Pre-processing time for job j, derived from profiling.

TEstimated,j,w

Estimated execution time for job j on worker w, including pre-processing time and execution
time per query.

QPS5

Queries per Second (QPS) achieved by the optimal configuration c? ,, for job j on worker w.

J,w

Wacceptable,j

Set of workers capable of completing job j within the remaining allowed time.
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Let Tqos,; denote the time specified by the user for executing job j, and
let Twaiting,; Tepresent the time elapsed since the job j was submitted to the
queue. We define the remaining time before a QoS violation for j as TRemaining, j
expressed in Eq. 6.1. As Tiaiting,j increases, TRemaining,j decreases, approaching
zero, indicating an increasing urgency for execution. To effectively manage
job prioritization and prevent QoS violations, SynergAI continuously monitors
these time constraints. Subsequently, the queued jobs are forwarded to the
Ezxecution Time Estimator @, which is the key enabler of adaptive scheduling,
allowing SynergAI to dynamically determine job execution order. Utilizing the

Configuration Dictionary @, SynergATI selects the optimal configuration for
each worker that maximizes QPS for a given inference engine, denoted as c; , for
each job j and worker w. Given a request to execute ¢ queries and the profiled
pre-processing time for job j, denoted as Tpye-processing,j, the estimated execution
time TEstimated,jw 18 formulated in Eq. 6.2, where QPSS represents the QPS

achieved by configuration ¢j,,. This information is incorporated into the (oS

Violation Detection Mechanism @, whose goal is to identify jobs at risk of
exceeding their QoS constraints, determine the optimal worker for deployment,
and prioritize jobs with a higher probability of violation. The system evaluates
the urgency of each job by computing the difference between Tremaining; and
Tstimated j,w for each worker w. As the difference approaches zero, urgency
increases, while a negative value indicates an inevitable QoS violation.

The final worker selection is determined through a set of acceptable work-
ers, which can guarantee QoS compliance given the remaining time TRemaining, ;5
as defined in Eq. 6.3. These workers are then sorted in ascending order by
their estimated execution time. The optimal worker w; for the given job is
the worker that minimizes the estimated execution time Tggtimated,jw, s formu-
lated in Eq. 6.4. This guarantees that jobs are assigned to the fastest available
worker nodes, reducing execution time while meeting QoS requirements. Ad-
ditionally, by maintaining a sorted list of acceptable nodes for each job, we
prevent increased waiting times by checking the next best available node when
the first choice is occupied. Once urgency values for all jobs are computed and
the optimal assignments are identified, the queue is sorted in descending order
based on urgency, ensuring that jobs at the highest risk of QoS violations are
prioritized, composing the Ordered Job Queue @ If no worker can complete
a job within its required execution time (i.e., a QoS violation occurs), the job
is de-prioritized and moved to the end of the queue, allowing higher-priority
jobs with active QoS constraints to be processed first. To ensure continuous
optimization, a periodic update mechanism reassesses all jobs in the queue,
mapping them to the most suitable worker based on updated waiting times
and dynamically reordering the queue as needed. Jobs are dequeued sequen-
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tially, each associated with a list of (w, ¢}, ) pairs, where each pair consists of
a worker and its optimal configuration for the given inference engine. Finally,
Optimal Worker Availability Fxploration @ iterates through the sorted set
Wacceptable,j, checking each worker’s availability until it finds the first available

worker: (wj, ¢} ), starting from the optimal worker w? and then performs the

final Job-to-Node Mapping @ Once the job is mapped to the corresponding

node, the Final Deployment Plan @ is derived accordingly and deployed via
Kubernetes. This iterative process continues until all jobs are scheduled and
executed successfully within the Edge/Cloud cluster.
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Chapter 7

Experimental Evaluation

In this section, we present the experimental evaluation of SynergAI. First,
we explain the experimental setup and the mechanisms used for comparison.
Finally, we present and analyze the results of our experiments and the impact
of SynergAI.

1 Experiment Overview and Baselines Description

We assess the SynergAI scheduler through multiple experiments to evaluate its
efficiency. Each experiment consists of a set of 24 inference engines to be served.
Each inference engine specifies a required number of queries to be executed along
with its QoS constraints, meaning it expects to complete these queries within a
specified time limit. To determine the demands, we aggregated execution times
across all configurations and workers for each inference engine, considering the
varying query loads of 3900, 1950, 975, and 488 queries per experimental run,
as shown in Figure 7.1. From this distribution, we extracted the median val-
ues to define a demand-low-intensity (DL) demand set and the 25%-ile values
to represent a demand-high-intensity workload (DH). These values are summa-
rized in Table 7.1. Regarding the arrival of inference requests at SynergAI’s
scheduler, we follow a Poisson distribution, as done in prior research [1], since
it effectively models request arrivals by capturing independent events, following
an exponential inter-arrival time, reflecting real-world variability, and offering
mathematical simplicity for analysis. The A parameter of the distribution is
derived from the data gathered during characterization. Specifically, Figure 7.2
illustrates how we aggregate execution times for all inference engines across all
configurations and workers, extracting the median and 25%-ile values from the
distribution to define a low request frequency (FL) and a high request frequency
(FH). In total, we create four distinct experiments: DL-FL, DL-FH, DH-FL, and
DH-FH, each with increasing difficulty to evaluate our scheduling system.

We compare the SynergAI scheduler with various other scheduling meth-
ods, ranging from standard approaches to SotA scheduling systems. Besides
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Figure 7.1: Aggregated Execution Times Across All Configurations and Workers for Fach
Inference Engine

our scheduling approach, we implement five additional scheduling systems: i)
Round Robin (RR), which allocates inference engines to workers in a circular
sequence, regardless of worker capabilities or job demands, ensuring a fair dis-
tribution of workload across the system; ii) Strict Round Robin (SRR), a vari-
ation of RR, where each job is strictly assigned to the next worker and waits
for its availability, aiming for perfect distribution but risking increased waiting
times and demand violations; iii) Least Recently Used (LRU), which assigns jobs
to the worker that has been idle the longest to prevent starvation and promote
an even workload distribution; iv) Most Recently Used (MRU), which allocates
jobs to the most recently active node that is available, although it risks node
starvation, as some nodes may remain underutilized; v) Best Effort (BE), which
follows a greedy policy, iterating from the strongest worker to the weakest until

Table 7.1: Inference Engine Performance Metrics Across Query Sets

Inference Engine 3900 Queries 1950 Queries 975 Queries 488 Queries
25%-ile Median | 25%-ile | Median | 25%-ile | Median | 25%-ile | Median
ONNX MobileNet opset-11 99.40 179.23 49.70 89.61 24.85 44.81 12.44 22.43
ONNX MobileNet opset-8 112.92 181.18 56.46 90.59 28.23 45.30 14.13 22.67
ONNX ResNet50 opset-11 339.48 633.63 169.74 316.82 84.87 158.41 42.48 79.29
ONNX ResNet50 opset-8 336.46 630.56 168.23 315.28 84.12 157.64 42.10 78.90
ONNX SSD-MobileNet opset-11 230.09 396.95 115.04 198.47 57.52 99.24 28.79 49.67
ONNX SSD-MobileNet opset-8 271.74 407.74 135.87 203.87 67.94 101.93 34.00 51.02
TF MobileNet 172.31 202.33 86.15 101.16 43.08 50.58 21.56 25.32
TF MobileNet Quant 205.44 231.36 102.72 115.68 51.36 57.84 25.71 28.95
TF ResNet50 693.64 865.31 346.82 432.65 173.41 216.33 86.79 108.27
TF SSD-MobileNet 386.29 463.02 193.14 231.51 96.57 115.76 48.34 57.94
TFLite MobileNet 196.18 240.45 98.09 120.22 49.05 60.11 24.55 30.09
TFLite MobileNet Quant 278.65 356.73 139.33 178.37 69.66 89.18 34.87 44.64
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Figure 7.2: Aggregated Execution Time for All Queries and Models Across All Configurations,
Workers and Inference Engines

an available is found, and then assigns the job to that worker for execution. Ad-
ditionally, we implement from scratch and compare against a SotA scheduling
solution derived by [1]. We focus on the proposed solution without model slic-
ing, namely SLO Minimum-Average-Expected-Latency (SLO-MAEL), since our
work does not focus on the model slicing techniques. SLO-MAEL aims to reduce
QoS violations and the decision-making relies on evaluating all possible map-
pings of inference engines to workers using a scoring system. The performance
of each scheduling system is evaluated using the following metrics: a) total
number of violations, b) waiting time, which refers to the duration the infer-
ence engine spends in the queue, ¢) end-to-end execution time, which includes
both waiting and execution times, and d) average excess time, which measures
the average time a job exceeds its desired execution time. This is calculated as
the difference between the actual and desired times, with excess time clipped
to zero for jobs that do not violate the QoS.

2 Detailed Analysis of SynergAI versus Defined Baselines

Figure 7.3 presents the results of the DL-FL experiment. Analyzing the number
of violations, the SRR scheduler records the highest count at 18, followed by LRU
with 14 and RR with 11. The MRU scheduler incurs 5 violations, while BE reports
3. SynergAI achieves the fewest violations, with only 2 recorded. Beyond vio-
lation counts, SynergAI also demonstrates superior performance in end-to-end
execution time. Its execution time distribution ranges from a minimum of 7.4
seconds to a maximum of 4.3 minutes, with an average of 1.24 minutes and
a 99%-ile of 4.3 minutes. The 99%-ile metric is particularly important, as it
captures the worst-case execution time for the slowest 1% of jobs, ensuring sys-
tem reliability under peak loads. SynergAI consistently outperforms all other
schedulers, with its 99%-ile execution time being lower by factors of 2.1x, 2.3x,
2.4x, 2.4x, and 3.6x compared to BE, MRU, RR, LRU, and SRR, respectively. The
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Figure 7.3: Comparison of SynergAI with other Scheduling Systems in the DL/FL Experiment
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average waiting time provides further insights into scheduling efficiency. As
expected, the SRR scheduler exhibits the longest waiting time at 3.6 minutes
due to its strict job rotation policy, which evenly distributes workloads but
increases delays and violation risks. The LRU and RR schedulers show shorter
waiting times of 18.8 seconds and 11.5 seconds, respectively. Notably, both
MRU and BE, along with SynergAI, experience no waiting time. SynergAI’s ad-
vantage comes from its ability to identify the optimal configuration for each
inference engine across worker nodes. This underscores the importance of the
Offline Phase, as other schedulers rely on predefined configurations, typically
selecting the worker with the highest CPU resources. By leveraging its learned
knowledge, SynergAI surpasses these conventional approaches. Moreover, due
to its adaptive configuration strategy, even for the two jobs that exceeded their
QoS targets, the average excess time remains exceptionally low at just 2.3 sec-
onds. This is significantly lower compared to the excess times recorded by other
schedulers: 13.4 seconds for BE, 20.7 seconds for MRU, 39.9 seconds for RR, 46.7
seconds for LRU, and 4.3 minutes for SRR.

In the DL-FH experiment, we increase the arrival rate of inference engines
to evaluate how the scheduling schemes perform under higher workload condi-
tions. Figure 7.4 presents the results of this experiment. Among the schedulers,
SRR exhibits the highest number of violations, with 21 violations, meaning only
three jobs met their constraints. The LRU scheduler follows with 15 violations,
while RR, MRU, and BE each record 16 violations, indicating a performance de-
cline under heavier load. In contrast, SynergAI achieves the best performance,
recording the fewest violations at just 6. For the execution time distribution,
SynergAI performs remarkably well, with a range from a minimum of 9.5 sec-
onds to a maximum of 12 minutes, an average of 2.3 minutes, and a 99%-ile
of 10.4 minutes. Regarding waiting time, SRR has the highest at 13.3 minutes,
while LRU and RR exhibit shorter waiting times of 1.36 minutes and 1.56 min-
utes, respectively. Both MRU and BE display waiting times of 1.41 minutes and
1.42 minutes, explaining the higher number of violations for these schedulers.
On the other hand, SynergAI has the smallest average waiting time at just 49.2
seconds. Finally, regarding excess time, SynergAI maintains an average excess
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time of 37.7 seconds for the jobs that led to violations. This is significantly
lower compared to the excess times recorded by other schedulers: 1.4 minutes
for BE, 1.3 minutes for MRU, 1.4 minutes for RR, 1.3 minutes for LRU, and 13.7
minutes for SRR.

We also evaluate the scheduler’s performance under high demands but lower
frequency of arrivals in the DH-FL experiment. The results of this experiment
are presented in Figure 7.5. In terms of violations, the SRR scheduler records the
highest number at 19, followed by LRU with 14, and RR with 11 violations. Both
BE and MRU show better performance with 5 violations each, while SynergAI
achieves a superior outcome with just 2 violations, the fewest among all sched-
ulers. For execution time distribution, SynergAI delivers exceptional results,
with times ranging from a minimum of 7.24 seconds to a maximum of 4.24
minutes, an average of 1.20 minutes, and a 99%-ile of 4.23 minutes. When
comparing the 99%-ile metric, SynergAI outperforms all other schedulers by
significant margins: 2.50x lower than BE, 2.43x lower than LRU, 2.27x lower
than MRU, 2.51 x lower than RR, and 3.51x lower than SRR. The analysis of wait-
ing times reveals that SRR experiences the longest average waiting time at 3.54
minutes, while RR and LRU show moderate waiting times of 9.80 seconds and
6.26 seconds, respectively. Notably, SynergAI, BE, and MRU all exhibit no wait-
ing times, similarly to the DL-FL experiment. SynergAI’s efficiency is further
reflected in the average excess time metric, where it maintains an impressively
low average of just 4.59 seconds for jobs that exceeded their QoS targets. This
is significantly better than other schedulers: 31.84 seconds for MRU, 35.03 sec-
onds for BE, 1.24 minutes for RR, 1.33 minutes for LRU, and 4.97 minutes for
SRR.
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Figure 7.6: Comparison of SynergAI with other Scheduling Systems in the DH/FH Experiment

Finally, in the DH-FH experiment, we not only increase the arrival rate of in-
ference engines but also raise the QoS demands for each engine, making this the
most challenging experiment in terms of load for all the schedulers. Figure 7.6
presents the results of this experiment. Once again, SRR records the highest
number of violations, totaling 21. The other schedulers show a slight increase
in violations compared to the previous experiment, with LRU, RR, MRU, and BE
recording 17, 17, 18, and 16 violations, respectively. In contrast, SynergAI
delivers the best performance even in this demanding scenario, achieving the
fewest violations with only 11. The execution time distribution of SynergAI
ranges from a minimum of 9.3 seconds to a maximum of 11.8 minutes, with an
average of 2.75 minutes and a 99%-ile of 11.6 minutes. When comparing the
99%-ile, SynergAI outperforms the other schedulers, with a value 1.3x lower
on average, showcasing its superior efficiency. As for waiting times, SynergAI
has the lowest average waiting time of approximately 1 minute. The next slow-
est schedulers are BE at 1.1 minutes, followed by LRU at 1.2 minutes, RR at 1.4
minutes, MRU at 1.8 minutes, and SRR at 12.9 minutes. Regarding excess time,
SynergAI maintains an average excess time of 1.1 minutes for the jobs that re-
sulted in violations, which is significantly lower than the excess times recorded
by the other schedulers: 1.4 minutes for BE, 2.35 minutes for MRU, 1.9 minutes
for RR, 1.8 minutes for LRU, and 14.2 minutes for SRR. To summarize all the
experiments, SynergAI achieves an average reduction of 7.1x in QoS violations
and 5.3X in excess time, respectively.

3 Comparison with SotA Scheduling System

We also compare SynergAI with the SotA scheduling system proposed by [1]
(SLO-MAEL). We once again compare SynergAI with SLO-MAEL across the four
distinct experiments we previously analyzed: DL-FL, DL-FH, DH-FL, and DH-FH,
each representing scenarios with escalating difficulty and load. For this evalu-
ation, we utilize the same metrics as in our previous analysis to ensure consis-
tency. Figure 7.7 presents the results from all conducted experiments. In the
DL-FL experiment, SLO-MAEL results in 5 violations. The end-to-end execution
time varies significantly, ranging from a minimum of 10.7 seconds to a maximum
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Figure 7.7: Comparison of SynergAI with SLO Minimum-Average-Expected-Latency (SLO-
MAEL) [1] for all Experiments

of 4.4 minutes, with an average of 1.8 minutes and a 99%-ile of 4.2 minutes.
In contrast, as previously shown, SynergAI leads to only 2 violations while
achieving a 1.5x reduction in average execution time. This performance gap
can be primarily attributed to the waiting time experienced by tasks. SLO-MAEL
exhibits an average waiting time of 31.5 seconds, whereas SynergAI completely
eliminates pending time, allowing for more efficient scheduling and execution.
Although SLO-MAEL utilizes a scoring system to optimize task-to-worker place-
ment based on current queue conditions, it lacks adaptive rescheduling capabil-
ities and fails to account for the optimal resource configurations of each worker.
Consequently, this leads to a higher number of violations and longer waiting
times. The drawbacks of SLO-MAEL are also evident in the average excess exe-
cution time, which measures how much longer tasks take beyond their expected
duration. Here, SLO-MAEL records an average excess time of 7.1 seconds, which
is 3.1x higher than that of our approach. This further highlights the inefficien-
cies in its scheduling decisions compared to SynergAI, which optimally balances
task assignments to minimize delays and violations.

For the DL-FH, DH-FL, and DH-FH experiments, which present increasingly
complex and challenging scenarios, we observe a consistent pattern. SLO-MAEL
results in 13 violations for DL-FH, 10 for DH-FL, and 17 for DH-FH, which are
2.2x, 5%, and 1.6x higher, respectively, compared to the number of violations
seen with SynergAI. Execution times are also noticeably higher for SLO-MAEL,
with average times that are 1.5x longer for DL-FH, 1.56 x longer for DH-FL, and
1.3x longer for DH-FH. Similarly, waiting times for SLO-MAEL are significantly
greater than those observed with SynergAI, standing at 1.9x higher in DL-FH,
while in DH-FL, the difference is even more pronounced with SLO-MAEL’s average
waiting time of 35.5 seconds compared to SynergAI’s complete elimination of
delays. For DH-FH, SLO-MAEL’s waiting time is 1.5 higher than SynergAI. Fur-
thermore, the average excess execution time further emphasizes the inefficiencies
of SLO-MAEL, showing 2.2x higher values in DL-FH, 3.5x higher in DH-FL, and
1.85x higher in DH-FH compared to SynergAI. These results clearly demon-
strate that SynergAI outperforms SLO-MAEL in terms of scheduling efficiency
by reducing violations, execution times, waiting times, and excess execution,
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positioning it as a more effective solution for inference scheduling.
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Chapter 8

Conclusion and Future Work

1 Summary

In this work, we introduce SynergAI, an intelligent scheduling framework de-
signed to dynamically optimize workload distribution across heterogeneous edge
and cloud environments. By leveraging extensive performance characterization,
SynergATI efficiently allocates inference-serving workloads to minimize QoS vio-
lations while maximizing resource utilization. Our framework accounts for the
trade-offs between performance and architecture-operating modes, ensuring a
well-balanced deployment strategy across the computing continuum. Through
seamless integration within a Kubernetes-based ecosystem, SynergAI demon-
strates its effectiveness in handling diverse inference-serving scenarios, adapt-
ing to varying workloads, and improving overall system efficiency. Our findings
show that architecture-driven inference serving facilitates optimized, efficient
deployments on emerging hardware platforms, resulting in an average reduc-
tion of 2.4x in QoS violations compared to a SotA solution.

2 Future Work

For future work, we plan to extend SynergAI to incorporate GPU acceleration
across the edge-cloud continuum, which would significantly enhance perfor-
mance for computation-intensive DNN inference tasks. Additionally, we aim
to integrate DNN partitioning capabilities into our framework, enabling the
system to automatically split and distribute neural network layers across edge
devices based on their computational capabilities and current load. Such an
approach would further reduce latency and resource consumption by optimiz-
ing both where and how inference tasks are executed. By combining GPU
acceleration with intelligent DNN partitioning, SynergAl could achieve even
greater reductions in QoS violations while maintaining energy efficiency across
heterogeneous edge-cloud environments.
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