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IlepiAnypn

Ot GPU onpepa eival pia avaykalotnta oty emidyuvon unoloylopov Mnyavikng Mdabnong
(Machine Learning - ML). Ta goptia ML nepidapBavouv uroAdoylotika anattukeég (throughput-
intensive) douAeiég training, euaiobnteg wg rpog 1o latency Souleiég inference kabwg kat douAeiEg
8adpaoctuikrg avartudng, énwg ta Jupyter Notebook. Mua cuvn6iopévn mpakukr) eivat 1 uroBoAr)
10V poptiov ML wg container Siaxeipigopeva amnd tov evopxnotpwtr] Kubernetes. O tporog pe tov
ortoio Swayepidetar ig GPU n mlatpoppa Kubernetes sivat va avadétet pa GPU anokAeiotukd og
Ha povo 6ouldeld (job). Autr) n €va-Tipog-éva OXE0H HETASU KAPTOV YPAPIKOV Kal jobs odnyei oe
onpavukr) vrnoagonoinon g GPU, edikd ya dadpacukég Soudeiég ot omoieg xapaxinpidovrat
aro peyaldeg nieptodoug adpaveiag e epBoAeg pureg xpriong tmg GPU. Ot tpéxouoesg mpooeyyioelg
EMITPETIOUV TV Ao Kowvou xprjon piag GPU avabétoviag éva koppat ng pvhpung GPU oe kdbe
ouoteyadopevn epyaocia.

[Napouoiddoupe v Alexo Shared GPU, évav pnxaviopd mou ermtpenet oe moAAég diepyaoieg
va xpnowornoouv my 1da GPU, kaBepid amnod auvtég €xouoa OAn tn pvhpn GPU Swabéowmn. Auto
10 ermtuyxdvoupe ekpetaddeuopevol v NVIDIA Unified Memory, pia Aeltoupyikot)td 1oV HOVIEP-
vov kaptev NVIDIA, n oroia emrpénet oty GPU va xpnowporotet v RAM 10U cuctijjiatog ®g Xwpo
swap. H kUpia 16¢a eivat va petatpénioupe Siapavag 0Aeg 11§ KANoelg oUPBATIKNG EKXMOPNONS PVIING
GPU nag epappoyrg otug avtiotorxeg tg Unified Memory, ermtpénoviag €101 v autopatn Xpnon
v opaAdpdtev oedidag otnv GPU yia va evaddd§oupe ta meplexopeva pvhung piag adpavoug diep-
yaoiag pe autd plag aAAng rou sivat evepyn. Axkopa, oxedialoupe Evav pnxaviopo aropuyrng tou
thrashing, piag kataotaong pe KataotpoPikeS yla v emidoorn ouverneleg, n onoia gpgavidetat otav
Ol UITOAOY10TIKEG PUTEG TTOAAQV ouoteyalopevav diepyaoiov otnv GPU erukaduntovial Kat 1 pviun
eitvat oversubscribed. O pnyaviopog autdg Spopiodoyei v GPU anokAelotikd o€ [ila €K TV avia-
yovidopevav dlepyaoi®v 1 @opd yia €va KBAvio XpOvou TPOKEIPEVOU va TEPLOPIoTEl T0 TTANO0G TV
opalpatev oedidag.

KaBag eivat HuokoAo va exktiprjooupie 1o speedup tou pnxaviopou pag yia Siadpaoctikég epyaoieg
X0pig I Siedaywyn pag pedéug oe riepBaldov mapayweyrg (to oroio sival ektog epBédeiag auvtrg
g Suleopatkrg), aflodoyoupe 1o ovotnpd pag oe pn-Siabpactikég (oupBatikeg) epyaoieg, adpou
AVIUTPOO®ITEVOUV TV Worst-case nepirtoorn. Emtuyxdavoupe Xpovoug eKTEAE0NG KAT® TOU OELPLAKOU
akOUn KAl yla e§apetikda eviatukeg (g mpog ) xprjon GPU) gpyacieg ML training pe Adyo xpriong
GPU/CPU ico pe 90/10. AkOpa Kal og MEPUTIVOELG OITOU 1] PV €ival Katd rmoAu oversubscribed
(aBporopa Working Sets > 200% GPU memory), mapatnpoulle ertayxuvoelg €og Kat 35% ot oxéorn pe
) OE1PAKT] EKTEAEOT] TRV EPYACI@V. G €K TOUTOU, O PNXAVIOHOG HAG PEYIOTONOLEL TV a§loroinor) mg
GPU 06x1 povo yua dadpactikd goptia, addda akopa Kat yia oupBatikeg/akoloubiakeg epyaoieg Mn-
xavikng Mabnong. Télog, propel eUkoAa va eykataotabel oe orotadrote UMTOAOY10TIKY) ouototyia

Kubernetes pe pia povo evioAn.
Agterg KAe1ba

Kapta I'pagikev, GPU Sharing, Kubernetes, oversubscription pvinung GPU, Yniodoyiotiko Négog,
Alapotpaopog Iopwv, Mnyavikr) Mabnor, Jupyter Notebook






Abstract

GPUs today are a necessity in accelerating Machine Learning. ML workloads compri-
se throughput-intensive training tasks, latency-sensitive inference tasks and interactive
development tasks, such as Jupyter Notebook jobs. A common practice today is to deploy
ML jobs as containers managed by the Kubernetes orchestrator. Kubernetes’ method
of handling GPUs is to assign a whole GPU exclusively to a single job. This one-to-one
relationship between GPUs and jobs leads to massive GPU underutilization, especially for
interactive jobs which are characterized by large idle periods with intermittent bursts of
GPU usage. Current solutions enable GPU sharing by statically assigning a fixed slice
of GPU memory to each co-located job. These solutions are not suitable for interactive
jobs as a) the number of co-located jobs is limited by the size of physical GPU memory
and b) they limit users, as they must know the GPU memory demand of their jobs before
submitting them for execution, which is impractical.

We present Alexo Shared GPU, a mechanism that enables multiple applications to
share the same GPU, each having the whole GPU memory available. We achieve this
by leveraging NVIDIA Unified Memory, a feature of modern NVIDIA GPUs which enables
applications to use system RAM as swap space for GPU memory. The key idea is to tran-
sparently convert all of an application’s GPU memory allocations to Unified, thus enabling
the automatic use of GPU Page Faults to swap-in/out the memory of an idle process. We
also design a mechanism to prevent GPU thrashing, a performance degradation which
can occur when the GPU bursts of co-located applications overlap and memory is over-
subscribed. This mechanism enforces exclusive use of the GPU in a time-sliced manner
between competing processes to limit page faults.

Because it is difficult to quantify the speedup our mechanism offers for interactive
tasks without conducting an extensive study in a production environment (which falls
out of the scope of this thesis), we evaluate our system on non-interactive (conventional)
tasks, as they represent a worst-case scenario. We are able to achieve sub-serial (faster
than sequential) execution times even for extremely GPU-intensive ML training tasks
(90/10 GPU/CPU ratio). Even in heavily oversubscribed scenarios (Working Sets sum >
200% GPU memory), we observe speedups of up to 35% compared to serial execution. As
such, our mechanism not only maximizes GPU utilization for interactive tasks, but can
also significantly increase GPU utilization for conventional ML jobs. Our mechanism can

be deployed in any Kubernetes cluster with a single command.

Keywords

Graphics Processing Unit, GPU Sharing, Kubernetes, GPU Memory oversubscription,
Cloud Computing, Resource Sharing, Machine Learning, Jupyter Notebook
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Euyxaplotieg

Ba 1fsAa va EKPPACK TNV EUYVEOPOOUVI HOU IIPOg TOUG avOp®IToug TTIOU oUvESpapav otnv
O0AOKANP®OTN auTryg g SUMAOPATIKNG epyaoiag, aAAd Kal otnv euputepn akadnpaikn pou
ropeia. Katapynv, euxaploted moAu tov ermBAénovia kabnyntr) pou k. Nektapto Kotupn, o
ortoiog KaAAlEpynoe PEowm TV Pabnpdiov Tou 1o evdladeépov pou yla ta Yrmodoylotukda Lu-
otjpata. Emiong, euxapiot® Yeppd tov S16axktopa Bayyédn Koukn, o omoiog pou €dwoe v
geukalpia va epyaoted péoa oto mepiBdAdov g owkoyévelag g Arrikto kat akopn pou ev-
otdAade v vootportia g ouvexoug ermbdinéng tng Babutepng ouoiag Kal KATavonong Kabe
Katdotaong pe v ornoia Bpiokopatl avupétonog. Méow tng Arrikto, npOa oe emtagn pe toug
Iodvvn Zapkada kat Anuntpn [Houdonoudo, 6ToUg OIOioUg €ijiatl EUYVORGOV Yid 11§ oupBou-
Aég toug. Euyxapiote amo kapdidg toug @idoug pou @avaor, HpakAn kat Baoidn yua wmyv
AVEKTIPNTN OUVIPOP1A TOUG KAOBKOG Kal TG ATEAEINTEG WPEG OULNTIOEDV TTOU HOPACTKALIE.
TéAog, tirota aro oAa autd 6e 9a frav eP1kid XwPig tnv aydrn Kat ) otpign g Unépag

KAt ToU atépa pou, Kabmg kat tov adeApov pou Nikou kat Iiavvn.

TCewpytlog Ade§oroudog,
IouAtog 2021
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KepaAaro E

Ewcaywyn

Ye autd 10 TIPOTO KePAAAl0, TIEPIYPAPOUHE TO YEVIKOTEPO €UPOG TG epyaociag pag. Ila-
PEXOULLE Hla OUVIOI EITIOKOI0T] TOU IPOBANIATOS KAl T@V CUVETIEIWV TOU. XTI OUVEXELQ,
£€etadoulie TG UMAPXOUOES AVOLXTOU-KMO1KA KAaO®G KAl ERIOPIKEG IPOCEYYioelg, ermonpa-
vovtag Tig TPOoPOPEG TOUG KAl TA PEIOVEKTNPATA TouG. [Ipox®mpmviag, aneikovi¢oupe 10 KEVo
ou mpooTiaboUpe va KaAUWoupe Kat §ivoupe pa mpotn ocuvoyn g Avong pag. TéAog,

napouotaoupe ) opr) 10U Tapoviog KEIPEVOU.

1.1 Kivntpo

1.1.1 Kapteg I'pagpirav xat Mnyavikry Ma6non

Ia 1o ovvolo autrg g SUMAMPATIKNG epyaciag, aoXoAoUAOTe PE TOUS EMECEPYAOTEG
ypapikev NVIDIA. H NVIDIA katéxel ouviputuiko pepidlo ayopdg oe KAPTEG YPAPIKAOV Ye-
vikng xprions. Ot GPU eivatl padikd nmapdAindot eneepyaotég, o1 omoiot Xpnoonoouviat
o ouvduaouod pe Vv Kevipikn povadag ene§epyaoiag (CPU) evdg ouotfjpatog g 1oxupoti
ermTaxuviég. Ot KAPTEG YPAPIK®OV epdaviotnkav oty ayopd mpv drod MEPLooOTEPES Ao 2
Oekaetieg yia va emIpePouv v anodoor] e1Kovag o€ MPAYHATIKO XPOVo, HE KUP1o OTOXO0 td
ypadika Bvteortaxvidiov. Zhpepa, ot GPU eival maviayxou mapouoeg KAl PIIIOPOUE vVa TIG
evrorticoupe ano smartphones, @QopnToUg UTTOAOY10TEG, KéEVIpa Hedopévev €wg Kal og UIe-
purtodoylotég. H apyxikn xkivnpla duvapn miocen amno v kawvoropia g GPU ntav n {ninon
yla 6do kai rmo aAnBogavn ypapika [5]. Av kat ) emrdyuvorn ypadikev datnpet ) Séon
G WG TO KUP10 Kivntpo, 1 xprior) GPU yia unoAoylotikoug 0KOIoUg Yivetal 0Ao Kat 1o dia-
6edopévn. Autn n mpooeyylon, yveotr og Yrodoytopoi 'evikou Zxomou oe GPU (GPGPU),
uvloBeteital 6do kat neproocotepo o epappoyes HPC (High Performance Computing). 'Eva
£géxov mapddelypa autou eival n augavopevr XpHon v povadav eneepyaoiag ypapikaov
otV avartudn Kal epappoyr] CUCTHHAT®V PNXavikng padnong [6]. Ti sivat dpwg autd mou
kaver 11ig GPU 1000 kataAAndo taipt yia ) Mnyavikry Mabnon-

H @don exknaidsuong (training) evog veupovikou §1KTUOU gival pia e§a1petikd anattuKr)
®G TIPOG Toug Topoug Stadikacia. Ot ei00601 tpoPodotouvial oto diktuo kat urtoBaiAovial o
enegepyaoia ota Kpudpd otpopatd tou xpnotpornoloviag Bdapn. Autd ta Bapn ot ouvéxela
npocappodovial anod ] AOYIKY T0U H1KTUOU yla va 081yroouv O€ PETAYEVEOTEPEG KAAUTEPES
nipoBAéwetlg. TEAog, To PoViEdo Tapayetl pia poBAeyn yia v €icodo rou tou §60nke. Kat

o1 8U0 autég Asttoupyieg replAapBavouv Kuping moAdaniactacpoug mvakeyv. Ot moAAarda-



KepdAato 1

Olaopol mMVAK®V akoAoubouv eeutediotikd ntapdAAnia (ridiculously parallel) urtodoyiotika
potiBa, On®g KAl Ol MeP1000TEPeg AAAEG TIPAgelS Kal petacynuatiopol tng Fpappikng AA-
yeBpag. Kabag ot GPU eival padika napdaAindeg anod ) @uorn 1oug (Exouv peyaio aplbpo
ArmA@V MUPHV®V), UIIOPOUV va eKTEAOUV MTOAAEG arnd autég TG arAég rpddelg Fpappikng AA-
yveBpag tautoxpova. EmrmAéov, ot untodoylopol ot pnxaviky padnorn anattovv 1o XEPiopo
tepaotiov rmooottav dedopévav - auto kabiotd 1o peyddo eupog {wvng pvhung (bandwidth)
s GPU katadAndotepo. Qg ek 1t0oUTOU, Otav givatl diabéopeg, o1 GPUs xprowpomnolouviat

yla va ermtayuvouv 1 Stabikaoia avantugng poviedewv pnxavikg pabnong (ML).

1.1.2 H por) £pyactov evog emotnpova Mnyavikng Mabnong

IMa va gracoupie ot Bacikn attia Tou poBANPAtog Pag, MPEEL MTPOTA VA KATAVOT|OOUE
1a otddia mou MePVAEL £vag ETIOTHovVAg PNXavikng padnong (MM) mpokeiévou va gptaoet ta
poviéda MM tou otnv nnapayeyn) (production). ITapd v ermioyn pag 1@V poypapplatiotoy
MM g v KUpla NMePItRon Xpnong/edpappoyng g HeAng pag Kat og agetnpia avng,
10 TEAKO TPOIOV Pag €XEL £va TOAU €UPUTEPO PACHA EGAPIIOYOV.

Define the Collect, Explore, Decide on Cross-Validate

Problem & Clean & Extract & Machine Model Design Deploy &
Measure Validate Engineer Learning and Hyper- Predict
of Success Data Features Algorithm Parameters

Figure 1.1: Pon gpyaoiov svog unyaviucov Mnyxavikric Madnong

AxolouBei pa apBunpévn Alota Prnpdtov rmou meptypapouv T por| pyaciag evog €rmt-
oTfjpova PnXavikyg padnong:

1. Evpeon £vég npobAnfpatog npog eniAduon: AUTOVONTO, EITIONG UTIOXPEWTIKO.

2. Anoxrtnon 8edopévav: Auto eival éva amo ta mo kpiowa pépn g dadikaciag
KaBog ta edopéva eivat €va armo ta 1mo moAvtipa Yynelakd mpoiovia.

3. Ipoeneiepyaoia Gebopivov kat petaBAntodv: Auto 1o 11€pog riepthapBavet v eop-
oo 6edopévav os dopég yAoooag urtoloyiotr), 10 @ATpdplopa tev dtabéopev debo-
pévev (metoviag AavBaopeveg Katax®wproelg, aKpaieg TIHEG) KAl TEA0G XEIPIOPO Katn-
YOPNHATIK®V PETABANT®V, TAPEXOVIAG VAV TPOTI0 EKXMOPNONG APIOPNTIKOV TGOV O
autég. Ta Jupyter Notebooks eivat éva oAU dnpodidég mepiBaAdov avartuing ya

auto 1o Brpa.

4. Anploupyia evog Baocikouy poviédou MM: IK1aypddnorn £vog apXikou HOVIEAOU Kat
EMKUP®OT] OT1 01 UYPNAoU eruredou rmapadoyEg MoU EKAVE O ETOTIOVAG OTO TIPOBATN-
pa otékouv. Autd 1o Pripa mepldapBavel ermiong ouviopeg Kat enavalapBavopeveg
puteg exnaideuong (training) xkat a§loddynong (evaluation), 11§ ornoieg o sruotfjpiovag
XPNO1oTTolEl TIPOKEIEVOU va anodacioet eav Sa deopeutel yia pia 1o 0AOKANPOPEV

epappoyn 1 Sa smotpePetl otov rivaka oxediaong.

o

Avantu§n tou nAfjpoug povtéAou:



1.2 Alatinwoorn) tou rpoBAnpatog

(@) Ze éva IDE / VSCode / PyCharm wg Python module
(B) MMépa wg mépa avartuén oe Jupyter Notebook Sabpactukd (autr) eival kat n

MePiton mou pag evoladEpet)

6. Exnaidsuon tou povtéAou: AUTO £ival TO ITO UMOAOYIOTIKA AAttnuko Prjpa Kat
ouvnBwg yivetat pe pn-8tadpactiko tporno kabog uroBalstal wg 6ouleld oe éva batch

ouotnua.

7. Ikavonmoinon artnpdtev cupnepacpou (inference) yia to povtédo: Xprjon tou

TEAIKOU, EKMTAISEUPEVOU HOVIEAOU Y1d TIPAVHATIKEG IIPOBAEYETG.

Ia ta Pnpata 4,5 Kai mneplotaciaka 6, ot mePloootepotl srmotripoveg MM Souldevouv oe
Jupyter Notebook ([7]). Ot epappoyég Jupyter Notebook eivat pakpoxpovieg (AdBete urt
oYV auto yia apyotepa) diadpactikeég S1adikaoieg mou mapeXouv éva e§alpetiko repiBaiiov
yld TV aVIIPETOIUOT TET01R0V TPOBANIAT®V, TTOU MePAapBAvouv evacyoAnorn) pe éva Kodika
KAt enavainyr), wmy npaypartonoinon alAayoyv, v enavagloAoynor), £0G 6ToU T0 artotéAe-
opa eivatl Ikavomointuko. AUTO €ival 10 KUPO KOWVO-OTOX0G TV CUVEIOPOP®V TG douleiag

pag, tou oroiou 11§ {weg rpoortaboupie va PeATIOCOULIE.

'Exovtag urt oyiv 0Ad 1a Iapandve, Propoulie T®PA va MPOX®PLCOULE OV S1aTUNIOOT) TOU

npoBAfjpatog.

1.2 Auwatinoorn tou npoBAnpatog

1.2.1 Ot xprioteg

Erotpoveg tng Mnxavikrg Mabnong rmou kavouv 61adpactikr] avamntugn o éva repiBaiiov

onwg to Jupyter Notebook. ®a ripooeyyiooupe to {funpa and v oItk Toug yevia.

1.2.2 H tpéxouoca katdotaorn otov upstream Kubernetes

O de facto tpomog xepiopou GPU og pia uroAoyiotikr) ouctotyia Staxeipidopevn amo Ku-
bernetes eivat péow tou pnxaviopou device plugin tng NVIDIA [8]. 'Otav évag xprotng
9¢Aer SouAéywer (péow evog Pod/container) mave oe pia GPU otov Kubernetes, dnAovet
nvidia.com/gpu: "X" (6mou X aképaiog apiBpog) otnv aitmon (request) tou kat 1o device
plugin exbétel autdpata v (tg) GPU(s) 6tav to container tou Xprotn §EKIVA TV EKTEAEOT)
tou. H avdBeon GPUs oe Pods eivatl anoxkAeioukn, unod v évvola nog av pia GPU «6eBet»
oe éva Pod anoé tov dpopoAoyntr, tote dev eivat d1abeon otnv urnoldoirr ouctotyia yla 0co
Xpovo urtapxet 1o Pod. AvaAuoupe 61e€061kd tov pnyaviopd avabeong GPU oe miepiBaddov

Kubernetes otnv Evotnta ;;.

1.2.2.1 Adyot nicw® amno TV ANOKAELOTIKN avabeon

Ot poypappatiotég (epyadopevot g NVIDIA) nioe aro to nvidia-device-plugin enéle-

Eav v anoxkAeloukn avdbeon twv GPU oe Pod eneibr):



KepdAato 1

e O1 Siepyaoieg ou xpnopomnolovuv v idia GPU (extedouviat otov 1610 kop6o) aviaywm-
vidovtal mave oto 1610 nernepaopévo (oo pe to péyebog tng Kdptag I'papikev) ouvodo
(PUOTKIG PVHHNS Via TS ekX®pnoelg toug: IIpog to mapov, ot GPU &ev priopouv va
Xeplotouv opddpata oedibag (page faults) yia kavovikég (non-Unified) exywproeig.
Agbopévou o1t o1 Slepyacieg Pmopouv va PEYAADOOUV Kal Vad CUPPLIKVOCOUV Ti] PV
GPU toug duvapikd kat ta attjpata eKX0ENonS aviipetnijovial pe oe1pd npotepat-
otntag, propet va spgaviotouv oevdpla ornou pia 1) kat ot duo Sradikaoieg propet
va anotuyouv pe opdaipata Out-of-Memory (OOM). ITapodo mou kaBe Siepyaocia Gev
propel va ennpedocet ta niepiexopeva g pvnung GPU omowaodrhnote dAAng, kabwg
ka0e CUDA Context (to avtiotoixo g diepyaociag yia v GPU) Siabétet Eexmpiotoug
niivakeg oeAidwv, 1 NVIDIA 6ev mapéyetl TpOro anopoveong g XProng OyKou pvipng
(oUvodo ekxwpnBeioag pvrpng) GPU petadu moddov Siepyaoiov.

e H SpopoArdynon twv eviodov GPU (extedéoeig kernel, avuypadég pvhung (memory
copies» o1 oroieg urtoBaAAoviat amo dapopetikeég Siepyaoieg kKaBwg Kat n evaddayn
context iaxepidovratl anod 1ov 0dnyod NG CUOKEUNG e PN SNI0CIEUPEVO TPOTIO. Agv
UTIAPXEL KATAYEYPAPEVOG TPOTTIOG TTUP0dOTNong evog context switch otnv GPU. 'Etot,
pla and kowvou xpnotporniotovpievn) (shared) GPU dev propei va ripoopépet eyyunoeig

QoS kaBkGg Kat 1 XPOVIKA @PAYHEVI] IKAVOITOiNon AttpAatev.

1.2.3 To npoBAnpa

o1 GPUs urnoagiorolovviat. Aev urtdpyet ermdoyr) yia ovotéyaor Sovdeiov (Kubernetes Pods)
otV 61a GPU. Auto sivatl diaitepa ondtado yia douvdeiég dadpaocukng avarrtuing Mnya-
viknig Mabnong (Interactive ML Development), omou eivat Kat 10 KUPlO AVIIKEIPEVO TG
douleiag pag, adAd kat yia Inference.

AxoAoUB0OUV 0P1OJIEVEG TIEPUTIMOELS TTOU O1 XP10TeG EKPpalouv 1o TpoBAnua:
e "GPUs cannot be shared - GPUs must be shared" from the Jupyter forums [9]

e "Is sharing GPU to multiple containers feasible?" Github Issue on the Kubernetes

Repository [10]

1.2.3.1 TIlapayovieg emdeiveong tou npoBAnpatog

Ot abpaotikég epyaoieg avartugng ML (Notebooks):

e Aev mpaypartonolouv npoxkabopilopévo oyko Souleldag (6miwg Sa éxkave pia Training
douleld). Ot xpovol eKTEAEOTIG TOUG £ival P @PAYHEVOL Kal Sev lval €K T®V MPOTEP®V

urtoAoyiowot.

e cilval epyaoiég pe peyado Xpovo eKtéAdeong TV onoinv ta potia xprong tg GPU xapa-
Ktnpidovtal ano UTOAOY10TIKEG PUTEG KAl Ao peydAeg nieplodoug adpaveilag (kata v

avadiapoéppwon t1ou Kwd1ka, 1o debugging kat ta dradeippata Tou mpoypappationy)).



1.2 Awatiniewon tou nipoBArpatog

Eva 10 poBAnpia g arokA£10tKL G ekX®pnong tov GPU pnopet va Aubei tetppippéva
(yia mapadetypa, pe tporortoinor tou device plugin yua ) Staprjpion peyadutepou
apOpou nvidia.com/gpu ard ot unapyxouv @uoikég GPU, to Baocko {funua sivat
avuto tng Sraxeipiong tng tp1Bng petafu cuoTeyalOPEVROV EPYACIAOV (TTMOG OUNITE-
pipépovial 2+ Siepyaoieg otov id10 kO6pBo, avefaptta amo 1o Kubernetes) kat autod

eivatl 6UokoAo va Aubei.

1.2.3.2 ’'Eva osvdpio sktog Kubernetes

IMa va dei§oupe mapaotatikotepa 10 POBANIIA TIOU AVIIEIRITICOUE, ag £§eTA00UE €va
MIPAYHATIKO OEVAPLO OTO OIT010 0 TPEXV Xe1plonog tng GPU (pvrjun) etvatl avanotedeopatikog
Kat odnyel oe ontatdAn nopwv.

Ag urnoBéooupie o1l o1 Xprioteg A kat B €xouv kat ot §Uo npooBaon os Evav KOwo server
pe 1 GPU. 'Otav o xpriomg A kavel Stabpaoctikr) (ML) avarntugn nou xpnowuorioei GPU oe
Jupyter Notebook, tote n pviun GPU mou exywpel (o ouykexkpipéva n Bi8AoOnkn ML
rou xpnotporotei) Sev 9a anedeuBepnBei £ng 6tou o ruprvag (kernel) IPython ! (n backend
Siepyaoia tou Notebook) teppatiotei. Auto onpaivel Ot eav o Xpriotng A tpéget Karnowa KeAd
KAl PETd arnopacicel va TPOIIOMO0el TOV KOOIKA TOU, 1] aKOUI KAl va Tdetl yia Kade /
nepinaro, n ekXwpnbeioa pviun GPU dev Sa eivat S1abeoin os addoug xprioteg / Notebooks
/ Oepyaoieg omoloudnmnote €idoug. Kata ouvénela, otav o B anogaocioet va ekkivrjoet éva
Notebook kat va kavet eriong Souleld, Sa €xel rmpooBaon POVO OV Evariopeivaca PV
GPU.

Xelplopog ng pvhung g GPU ano ML Frameworks

Ta ML frameworks mpotipiouv va xeipidovratl ) pvnun tmg GPU 11€00 €00TEPIKGOV
sub-allocators. Qg ek toUtoU, {nrouv pvrun GPU oe peydAa koppatia kKat ouvn0wmg
Eerepvouv v mpaypatkn «frornp. ErmmAéov, 1o Tensorflow [11] and mposrmAdoyn
eRY®Pel OAn ) pvnun tng GPU. Autr) 1 oupnepigpopd Propei rpoatlpetkd va adiaget
IIPOKEIPEVOU va ermtpéyet T xpnon g pvhpng GPU va augdvetal avaloya pe tg
avaykeg. Qotoco, autn n xpron 6sv 9a cuppikvwbel mote. Edav n «mpaypauxkr)
avaykn puag epyaociag ML xupaivetar anté 500MiB oe 2,5 GiB, kat Uotepa mion ota
500MiB, tote 1 exxwpndeioa pvrpn GPU Sa eivat 2,5 GiB ¢wg 6tou oAoxkAnpwmBel n
diepyaoia TF.

'Etot 9a Bpebouv avupétonot pe ta akoiouba:

e [ToAAd a6 ta ML poviéda toug v Sa xwpave oty pvnun g GPU / 6ev 9a propouv

Kav va ekkivrjoouv (OOM).

e Aev Sa é€xouv rpooBaon oto 1610 riepBadAov pe v eknaidevon (Training), omdte dev

9a propouv va a§loAoyrioouv aviKeeviKA ta PoviéAd Toug.

"Evag IPython kernel sival pia iepyacia Siepunveuty Python mou Aettoupyet wg backend yia ta Jupyter
Notebooks. To Notebook maketdpet tov kwdika xprotn oe popdpn JSON, tov rpowbei otov IpyKernel o ortoiog
e ) oe1pd Tou ToV anotipd/extedel Kat teAdikd 1o anotédeopa arootédAetal rmioe oto Notebook yia epgpdvion.
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1.2.3.3 Xapaxktnplotika plag mArnpoug Avong
Katd ouvénela, kabe mArpng Avon npenet va neptAapBavet :

e £Vav PNXAVIORO arnopoveorng g Xprions GPU petadu diepyaoiov otov i610 kopBo kat

1 61eUKOAUVOT TNG KOG XP1oNG.

e 'Evav 1pomo ¢kBeong autou tou pnyxaviopou oto cuotnpa Kubernetes, péon edikov
op®V (custom resources) Kai pop@OIToinon I®V AltPATOV IOV XP1OTeV PIe KatdAAnldo

TPOTTO.

1.3 Enoromnnorn Kai NEPLOPLOROi UNAPXOUCOV NMPOCGEYYIGERDV

1.3.1 ZuUvoyrn UNapXoUCW®V MPOCEYYICEWV

Yriapyxet pia mAnBopa nipooeyyioewmv yia v Kowvr) xpnor (sharing) GPU. Ot cuyypageig
tou Kubeshare [12] mapéxouv €vav 1pomno anopoveong tng xpriong GPU (pvhung) petadu
diepyaoiov pe Saxwpilopd mg pvnung GPU kat ekxdpnon evog KAaopatog oe kKabe diepya-
ola. Qg amotédeopa, kabe dadikaoia £xel éva eyyunpévo optlo pvrpung GPU, 1o omoio 6ev
propel va unepBei. [Ipoodepet emiong pla evoopdteon otov Kubernetes, péowm g xpnong
€VOG TIPOCAPHOTHEVOU Gpopodoyntn Kat €161k®v Annotation ota Pods tou xprjotrn. Qotooo,
n xpnon g pebodou tou Kubeshare yia tmyv ekxowpnon GPU anattel onpaviikég addayeg
o€ 0Aa 1a eprAekopeva otoxeia (bev eival povo Sépa attrjpatog §1adopeTkoU IOPOU avti
yla "nvidia.com/gpu") kai enmopéveg eivatl éva pn eUKoAd epappootpo oevapilo. To Aliyun
(Alibaba Cloud) Scheduler Extender [13] mapéxet évav 1poro maparapyng tng ArtOKAEL-
otkng exkyxopnong GPU oe Pods, ipoopépoviag éva evarlaktko device plugin (ot xprioteg
{ntouv "aliyun.com/gpu"). O1 xprjoteg propouyv emiong va dnAwoouvv attpata pvrung GPU
(GPU Memory Requests) yia ta Pod toug, ta omoia xpnotporolouvial yia to bin-packing
(drapolpaopd oe «kadougr) amnod tov Spoporoyntr). Qotdco, peta ) SpopoAoynon, 1o Aliyun
dev mpooPépel Kavévav TPOIIo yia Vv €mBoAn autev tov attnpdtev pvipng GPU. Ot diep-
yaoieg e§akoAoubouv va niapspBaivouv, Suvnukd kataotpertikd (OOM), petady toug pe tov
1610 Tpomo mou kavouv &uvo Siepyaocieg GPU oe éva oevapio sktog Kubernetes. H Alibaba
apéxel €évav proprietary tpormo yla v €rmBoArn autev oV opi®v PVHING O€ XPIOTEG NG
mAatpoppag Alibaba Cloud péow tou cGPU [14], pe 1poro napopoto pe 1o Kubeshare (au-
otNPO Ave 0p10 PVANG ITou Kabopidel o xpriotng mpv ) Spopodoynon). Yrapxouv diadopeg
aAdeg spropikeg Avoeig ([15], [16], [17], [18]). To Amazon Elastic Inference akoAouBei pia
eviedwg S1apopeTiKY) IPOoEyyion Kat eikovikorotel v GPU og sminebo epappoyng. [epto-
pidetatl povo oe oevapla Inference kat anattel ) xprjon proprietary Aoyiopikou g Ama-
Zon, € MEPLOPIOPEVT EGAPOYT] OV MEPIMIOON Xpnong pag. '‘OAeg ol epnopikeg AUOELG
mou oXetidovial pe ) 81kr) pag nepimwor Xprong akoAoubouv 1o 1610 oxnpa pe 1o Kube-
share, mapéxoviag évav Tpo1o KAAOPATIKYG EKX®PNOoNG g pviung tng GPU ot Siapopetikég
diepyaoieg, Mote va ermpéWouv v amno Kowvou xpnon g GPU. Qotooo, yla va xpnotponot-
1)OOUV TETO1d OXIPATA ATIOTEAEOHPATIKA, 01 XPIOTEG TIPETIEL va YVePI{ouv v akpiBr] Xpnon
NG PVAHNG NS EPAPHOVIG TOUG EK TOV IPOTEPR®V, KATL ITOU dev oupBaivel 6tav avantucoouv

povtéda ML.



1.3 Ermokonnorn Kat Meplopiopol Urapyxouo®V IPOceyYioe@V

1.3.2 AS8uvapieg unapXouow@V MPOCEYYICERDV

'OAeg 0xebOv o1 untdpyxouoeg Auoelg, elte avoltou-kwoka eite epropikég/proprietary mpo-
opépouv ta i61a akplBwg paypata. Qg ek toUTou, KAOs pia amod auteg £xel ta 1d1a pelove-
Kumpata, e181ka 6oov apopd v MEPITIOON XProng 1ag.
¢ IKANPO 6pro otn pviipn GPU yua kabe Srepyaocia:
— 'OAgg Ol UMTAPX0UOEG MPOOEYYioelg eBAAAOUV £va OKANPO 6ptlo otr pvhun GPU
IOV TPETEL va KaBoplotel Katd 1o Xpovo uroBoArg. Auto épxetal oe aviibeon pe
) Sadpaoctikn KAl ouvexwg petaBarlopevn @uon plag 6ouleldg tunou Jupyter
Notebook, tng omoiag 1 xprjon pvnung eivat ouvrBeg aduvato va ekupnOet ex
TV TIPOTEP®V.
— ErurAéov, 1o okAnpod oplo meplopilet tyv euedi§ia tng porg epyaciag tou Xprotn
ooov agopd 1 doxkiun otadlaka peyaivutepamv poviedov. Ot xprjoteg Sa mpénet
eite va {nifjoouv pia Peyddn moootnta Pvipng rnou d9a mapapeivel @G € 1o

mAeiotov axpnotgorointn, £ite va Ppebouv avipétnmnot pe mbavoé opdipa OOM.

¢ To nMAN60g TV oUCTEYalOHEVOV S1EPYAcIOV NEPLOPilETAl AMO TO PUOLKO PEYE-
90g tng pvipng tng GPU. (0x1 oversubscription)

- 'Onwg avapépapie, yla Kavovikeg ekxmproelg pvinung CUDA, 1o aBpoilopa autov
arnd oAeg TG Slepyaoieg PEMEL va £ival PIKPOTEPO ATTO T PUOIKI] XXPNTIKOTNTA
pvhung GPU. Qg amotéAeopa, o€ 0Aa ta Utapxovia oxXnpatd, o aptdpog tev diep-
YQO1l0V ITIOU PITOPOUV VA OUCTEYAOTOUV IePlopidetal amo authv ] X®@pnukotnta
pvhung. To aBpoilopa 1ov KAAopdtev PVIjIng Iou £€X0Uv eKXmpnOel otig edpap-
poyeg rou PBpiokovrat otnyv i6ia GPU &ev prnopet va uriepBaivel 1 X@pnTKOTNTA
Pvhung 1 eivat moAu mbavo va nipokuyouv opdaipata OOM. Asv urtapxet EMAOYT)

yla oversubscription (urepdéopeuon) tng pvpng.

¢ H unoafionoinon tng GPU napapévet:

- Evo n ekxwpnon dev eival mAéov arorAsiotiky] petady Pods kat GPUs, o véog
TOPOG TIOU Xprotpornoteital yia to bin packing eivatl n pviun GPU. Auto 1o véo
Kputfplo, o ouvduaopod pe ) @uor tou 61adpactikoy @optou epyaciag (pim)
UIOAOY10p0U - abdpavela - endpevn pirr)) e§akoAoubel va ermtpénel osvapla u-
roagloroinong. Edv pia GPU €xet pviun 4 GB kat pa diepyaocia A {nud 2,5,
tote pa adAn diepyaoia B rou {ntd 2 dev Sa SpoporoynOel aveaptnra arod tyv
MPAYHATIKY Xp1on pvhipng g A. Auto eivatl anodekid o€ MEPUTIVOES UTIOAO-
VIOTIKA €VIATIK®OV gpyaot®v, onwg to ML Training. Qotdoo, yia Sradpaotikeég
epyaoieg, n xpnon g GPU and v digpyaoia A 9a eival yevikd oAU XapnAr
KaO '0An ) 6idpkela g (K vrodoyioyn) kat 1 GPU oto oUvoAo g mapapévet

uroaglornoupévr).
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1.4 H npooiyylon pag (alexo-device-plugin)

'Oneg tovioape MPONyoupévag, T0 Bactko {ntnpa dev €yketal otnv 6popoAoynon Tou

Kubernetes, aAAd oe auto ou akoAoubei. O 01006 pag eivat £€vag Pnyaviopog Imou ETITPETTEL

2+ dladpaotkég Hiepyaoieg avarntuéng ML (Notebooks) va cuvurtapyouv o j11a Kowoxpnotn)

GPU xopig okAnpo ave 0plo Pvrng Kat ot ouvexela va trv ekBécoupe otov Kubernetes.

Avarttudape apyika évav Pnxaviopo mou avipetoridet 1o npoBAnpa (libunified) kat petd

tov evoepatwoape pe tov Kubernetes (alexo-device-plugin).

AxolouBei pia apBunpévn Aiota Bnpateov nou neptypdeet ) Asttoupyia tou alexo-device-

plugin ané v dnioyn tou xprotr otov Kubernetes:

1.
2.

O xpnotng vroBdAAet éva Pod mou {nta alexo.com/shared-gpu.

To alexo-device-plugin ex6¢tetl otov Kubernetes toug opoug alexo.com/shared-gpu

Kat @povtidel va e1o0dyet oto container tou Xprjotn v PiBAodnkn pag, libunified.so.

. H epappoyn wou xpnow exwvd v extédeon. H P1BA10OAKn pag petatpéret OAeg

TIG KAVOVIKEG eRX®PNOoelg pvhpung (cudaMalloc) otig avtiotoixeg pe Unified Memory
(cudaMallocManaged). AnAwvet ertiong (register) v epappoyn otov anti-thrashing
Spopoyntr/daemon.

. H epappoyn pmopetl va ypnowporowrjoet 0An twn pvhapn ms GPU kat va exktedeotel

napdAAnda pe aAdeg ouoteyalopeveg epapoyEg (mou avrkouv otov 1610 1 oe dAAoug

xproteg) oy id1a GPU.

. E¢ '600v o1 pineg GPU tev ouoteyalopevav epappoymv dev aAAnAsrukaAuvovial 1

10 dBpoiopa v peyebwv twv Working Sets dev urepBaivouv 10 peyebog tng QUOIKNG
pvnung g GPU, 6ev unidpyet evoexopevo thrashing, emopéveg n GPU §popoAoyet au-
topata (black box) tig extedéoeig kernel tov xpnotov pe tpono FCFS. YrievOupioupe

ot €d® mpoketal yia v dpopoloynon oe eminedo driver, oyt otov Kubernetes.

. Eav ot putég otnv GPU and StapopeTtikég epapyoyEg eMmMKAAUITIOVIAL Katl €miong to

aBpotopa v Working Sets uniepBaivet i xepntikotta g pvnung g GPU, untdpyxet

evdexopevo thrashing, 1o oroio 0dnyei oe tepdotieg Kabuoteproeig.

. Eav o pnxaviopdg anti-thrashing eivat evepyoroinuévog, osiplorotel ) xpron g

GPU petadt tov epappoyov, mapexoviag arokAe1otiky npooBaon oty GPU yua éva
pubniopevo kBavio xpovou (TQ) oe kabe epappoyn mou v {ntd. e autrv v Ie-
pirteon, pla epappoyr) propet va xpeltaotel va meptpévet ) oe1pd g. e nepinmoon
ou 1) purr) ot GPU pag Siepyaciag 0AorkAnpwOel rmpotou eKIveUoet 10 KBAVIO Xpovou,

N epappoyn (pEow tng libunified) autdopata «apadider tnv GPU miow otov scheduler.

. 'OA&g 01 epaPPOYES TOV XP1OT®V EKTEAOUVIAL ATIPOOKOITIA HEXPL TNV OAOKATP®OT] TOUG.

H xpnon tg GPU peyiotornoleital, pe KOOTog mbavev PiKpev KaBuoteprjoemy otnv
oupd, nepipévaviag tov anti-thrashing scheduler. XZe mepimowon mou n dikaotta
(fairness) dev eivat éva mpa (m.X. €vag xprjotng uroBdadAet oAdég epyaoieg kat
9¢Ael va eAa)10TOTIOIOEL TOV OUVOALKO XpOVo OAOKATp®mOoNG), €va peyaio TQ yla tov
scheduler sAayiotorotei tov xpovo mou §odevetal oe context switches kabwg kat tov

OUVOAIKO XpOVo 0AOKANP®ONG Kat peylotornotet v aglornoinon g GPU.



1.4 H mpoogyyion pag (alexo-device-plugin)

1.4.1 T npoodipet

o Kdbe xprowg (Notebook) propei va xpnotponoiroet 0AGKAnpn Tt pvipn tng GPU.

o 1toAAd Notebooks priopouv va ekteAécouv tautdéxpova otnv idta GPU xwpig 6ptlo
pvApng. O povog meploplotikog rapdayoviag eivat to péyebog g pvhung mg CPU
(RAM) kat unokelpevikd (avd mepintoon) n arodektr) KaBUOTEPNOT TOV EKTEAECERV
reAwwv v Notebooks.

e O unxaviopog pag sivat Stagpavng npog v epappoyt) xpnoty (Xopig tpororroinon
TOU KO1Ka Xprjotn 1) t@v frameworks)

1.4.2 Ztoéyot

Aebopévou ott:
e To orAnpod op1o g pviung GPU eivatl meploplotiko yla 10UG XPHoTeg
¢ H urnioagioroinon e€akodoubel va ugiotatarl pe 6Aeg TG tedeutaiag texvoloyiag Auoelg,
ed1kd eav ta Notebooks {ntouv peyddeg roodtnteg pvrung (roAu Atya priopouv va

OUCTEYAOTOUV 0€ £vav pnxaviopo turnou Kubeshare)

®¢loupe va eAax1lotorotrjooupe Tov xpovo adpaveiag g GPU, €xoviag evepyd moAld Note-
books kat roAurAékoviag ) Xprion g pvrung GPU petadu toug, eve riapdAinla peptpvo-

Ule yla Vv anoduyr) kataotacewv thrashing.

1.4.3 Tati 8ev £€xet yivel oto mapeABov

e Aev undpyet dnudota pedétn yia mv oupnepipopd g Unified Memory 2 étav ouvu-
napxouv 2+ diepyaoieg oty ida GPU. Epeig evionticape ) ouprniepipopd ( moAttikn
aviikataotaong LRU petady tov Siagopetikaov diepyaocwv). H evpeon autou pag o-
dnynoe va opapatiotovpe td MapaKAt®.

e Agv undpyel Kapia PeAET OXETKA e T dtapavr) PETATPOI] OA®V TOV EKXWPTOEDV
pvhung GPU amno ocupBatikég oe Unified Memory kabog kat ) otabepdtinta/emniboon
€VOG TETO10U Pnxaviopou. Eipacte o1 p@tot rou PeAETouV v CUPIEPIPopd Papiio-
Y®V U0 aUTEG TIG OUVOIKEG.

e O meplopilopdg tou thrashing oe éva 1€1010 Kawvotopo poviédo exktédeong dev eival

TETPIPHEVOG KAl artattel £101K1) Tpoooyr).

1.4.4 Ilepropiopoi

e XNV mepimoorn nou ta neplexopeva g pvipng GPU upag diepyaoiag dev Ppilokoviat
omv GPU otav auty) extedel pia amo tig eviodég tng diepyaoiag, umapxel KArmowa
kaBuotépnon (petapopég PCle) yia v torobétnon (péow page faults) ek véou tav
b6edopévav Tou Ypnotporolet oty QUOIKY pvhun g GPU.

e "1% audnuévog xpovog extédeong and t) xprion g Unified Memory autrjg kaBautrv.

e ITiBavo head-of-line (HOL) blocking otav xpnowporoteitat peydo kBdavro xpovou (TQ)

ywa tov anti-thrashing scheduler.

2Unified exyoprioeig pvipng: Ot GPU kernels propouv va mpokadécouv oddApata osAidag. Ot oeAideg
aropakpuvoviatl rpog ) RAM eav n guokr) pvhpn tng GPU eivatl mAfipng. a Kavovikeég eKX®PHoelg Pvhung,
KAOe exxwpnpévo byte urtootnpidetal amno éva @uoko byte ot pvhun GPU.
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1.5

Aopn tng Avagopdag

H uniddoun avagopd opyavovetal &g eEng:

210 ReEPAAAI0 2 ITApEXOUE TO anapaitnto Je@pntiko urnoBabpo.

Yo kepdAailo 3 napouctdlouie ) peAétn pag g Unified Memory oe oevapla tauv-
10xpovng eKtéAeong rOAA®V Siepyaotov. Ao 000 EEpoulte, sivatl ) mptn €peuva eru
TOU QVIIKEIPEVOU.

Yo repdadato 4 avadvoupe 10 oxedlaopd Kabmg Katl v UAOIOINo g IIPOCEYYIoNS
pag.

Zto keparao 5 aflodoyoupe 1 S0uleld pag, CUYKPIVOVIAG T HE TG TPEXOUOES IPO-
oeyyloeig.

210 KePAAalo 6 avarePAAAIOVOULE TIG CUVEIOPOPES 1AG KA TIPOTEIVOUPE PNEAAOVTIKEG

kateuBuvoelg Souleldg.



Ke¢palairo E

YnoBaOpo

T autod 10 KePAAAI0 MTAPEXOUHE TO Anapaitnto Jempntiko uroBabpo yia 10 UTIOAOIOo g

avagpopdag.

2.1 Baowka otoiyeia nave otig GPU

[Tapouoiddoupe pia emokonnon v depediov nioe amno tov vnodoyiopo pe GPU, ava-
AUoupE Ta APXITEKTOVIKA XAPAKINPIOTIKA piag ouyxpovng GPU kat eEnyoupe 1ig PACIKEG
€vvoleg otov mpoypappatiopo CUDA. Eve oto mapdv emKeVIp@VOIAOTE 0TS KAPTEG YpAPpLl-
k®v NVIDIA kat to CUDA API, o1 miep1oootepeg amnod Tig MANPOPOPIeg AUTEG 10XUOUV YEVIKA
yla ortotadnote GPU.

2.1.1 Ewaywyr otoug unoldoyiopoug pe GPU
2.1.1.1 ITapaAAnAiopog

ZTov onpepvo KOOHO0, €KTOG AIto Ta IapadooiaKd UTIOAOY10TIKA ITPoBAfjpata (MNXaviky)
PEUCTOV, TIPOYVEOOT KAPoU, Bloxnpeia), undpyetl pia oAoéva ausavopevr) avaykrn yla ere-
Eepyaoia peydlwv nocot)tov Sedopévev pe ypryopo tporo. Kabwg ot palikd rmapdAAniot
ene§epyaotég Satibevial eupEmg 0to ePItOP1o, 1o 1edio tou rmaparAnAiopou suboxkipel. Kade
ovVIOTNTA 010 YNPLaKoO TOITio, £1Te IIPOKELTAL YA Pid PEYAAD etalpeia eite yia éva pikpo epeu-
VITIKO £pYAOTLP10, XPNOTHOoIIOtel apdAANAoUg UTIOAOYIOTEG Y1d VA IKAVOITOOEL TIS AVAYKEG
mg. Qg €K ToUTOU, 0 TaPaAANAlopPOg £XEl Yivel 1] Kiviiipla dUvaprn g apXlIEKIOVIKIG Katl
10U 0Xe81a0P0U CUCTNIAT®V.

Yrnidpyxouv 0o SepeAiwdelg 1ol TapaAAnAlopou ot EQAPIOVES:

e MMapaAAnAiopog epyaciodv: (Task parallelism) Yridpxouv modAég epyaocieg 1 Ast-
TOUPYieG ITOU PIOPOUV va eKTteAe0TOUV avedaptnta Kat o peydlo Pabpod napdAinia.
O napaAAnAiopog epyaociav xepidetat ) davopur] avtev TV AEToUpylOV Og IT0AAOUG
epyateg (rupnveg).

e ITapaAAnAiopog Sedopévav: (Data parallelism) Yridpyxouv roAdda Sedopéva ta o-
roia propoupe va enedepyaoctovpe rapdiinda kat dixwg e§aptnon. Ztov rmapalin-
Alopo dedopévav Srayxmpidoupe ta debopéva petadu twv vipdteyv, pe Kabe vhpa va

doulevel AVe Ot €va UTTOOUVOAOS TOUG.
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O npoypappatiopog GPU eivat i8iaitepa KatdAANAog yid TV avilPET®ITon poBAnpatev
(rrukvr) ypappikn dAyeBpa, FFT ...) mou pniopouv va ekppactouv wg data-parallel urtofoyt-

ouol.

THIS 15 YOUR MACHINE LEARNING SYSTET1?

YUP! YOU POUR THE DATA INTO THIS BIG
PILE OF LINEAR ALCEBRA, THEN COLLECT
THE ANSLIERS ON THE OTHER SIDE.

WHAT IF THE ANSLERS ARE LIRONG? )

JUST STIR THE PILE UNTIL
THEY START [OOKING RIGHT

~

PRt

Figure 2.1: H unyavucn padnon oe pa guxova [1]

Yrapyxet pua minBwpa spappoywv nou eneepyaloviatl peyada ovvoda dedopévav kat
HITopoUV va XPNOLHOII0IN00UV €vd TIAPAAANAO POVIEAO yid va €MMITAXUVOUV TOUG UITOAOY1-

OpoUg TOUG.

2.1.1.2 GPU vs CPU

Iotopikd, ot GPU avantuyxfnkav yia va Xpnotporotnfouv g eTayUVIEG YpaAPKov. Ee-
KvVTag amno ta péoa g dexkaetiag tou 2000, o1 IPOypapPATIOTEG APX10aV Va X P O1HO0II010-
Uv GPU g enedepyaotég yevikng xpnong. H xprion piag GPU yia eKtéAeor) UMTOAOYIOPQOV O
epappoyeg rou napadooiaxkd ektedovuviat artd CPU ovopaletal YOAOY1opog YEVIKOU OKO-
nou ot Kapteg I'pagpirov (GPGPU) [19]. Exeivn v eroxr) opwg, ot kataokevaotég GPU
dev e&éBetav éva mpoypappatiotko API yia va toug fonbrjoouv oe autv v mpoonddeia.
ApX1Kd, 01 TPOYPAPHATIOTES «UTIEPPOPTOVAV» TIG Aettoupyieg tov API ypapikov (rt.x. DirectX
Yld TV EKTEAECT] UMTOAOYIORQOV YPAPIIKLAG AAyeBpag, onmg rmoAAarniaoiacpoug mvakev. H
xpnon pag GPU yla untoAoyilopoug ftav mpoypapAaTioTiKA TEPITAOKD, ETPPETIHG 0 OPAA-
pata kat yevika dev nrav pia euxdplotn epnepia. H ewoayoyr tou CUDA and v NVIDIA
(2007) £6m0e teA1KA OTOUG TPOYPAPHIATIONEG Ta arapaitnta epyaleia yia tyv aglonoinor mg
unoAoyiotikyg duvapng g GPU kat Snpioupynoe éva véo medio otov mapdAAndo uroldo-
yiopo, GPGPU. Ot GPU eival mA€ov YeEVIKEG XP1ioNG, 10XUPO01, MANP®S IIpoypappati{opevot
task- kat data- parallel ene€epyaotég. Eival iduaitepa katdAAndeg yia v emidvon padika
napdAAnNAev UTIOAOY10TIK®V MIPoBANpATeV.

H GPU napéxet moAu uynAdtepo instruction throughput kat evpog {wvng pvrpng (mem-
ory bandwidth) arné tnv CPU oe pa mapopoa tiun kadwg kat eminedo evepyelaknc karavdiw-
ong. Qg €K TOUTOU, OPLOPEVESG EPAPHOYES ASI0MOI0UV AUTEG TG UYPNAOTepeg Suvatdtnieg yia
va tpexouv ypnyopotepa otnv GPU ano o, otnv CPU.

Aut) n Sagopd otig Suvatotnteg petadu g GPU kat tng CPU unidpyxet eneidr] €xouv

oxeblaotei pe Sragopetikolg otoxoug Katd vou. Eveo n CPU éxel oxedlaotei ya va
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UTIEPEYXEL OTNV EKTEAEOT] 11ag akoAouBiag Aettoupylov (€va vijpia) 660 1o fuvatov ypnyopotepa
Kal propel va exktedéoel mapdAAnda pepikég dexddeg amo auvtd ta vhpata, n GPU éxet
oxedlaotel £to1 Oote va extedel napdAinda X1Atadeg and avta (anéoBeon tng o apyng
anodoong Tou £veg VIATOG Katl ENiteuln peyaidtepou ouvoAikou throughput).

H a@iéprorn neptoodtepwv tpaviiotop otnv ernedepyaoia debopévav, I.X. UMOAOY1010Ug
KW tAg urod1aoctoAr|g, eival eUEPYETIKY yia eSalpetikd rapdAAnioug uvriodoylopoug. H GPU
propei va armoxrpuyetl toug Xpovoug rpooBaong otr pvipn (latency) pe vnioAoyiopoug kabwg
61abétet ermumAéov UAKO, avti va Baoiletal oe peyddeg kpudeg pvnpeg dedopévav (caches)
KA1l TIOAUAOKO £Aeyxo porjg (mpoBAeyn StarkAdadmoewmv, out-of-order ektéAeon) yla va aro-
peuxBoUV 01 Peyadotl Xpovol IPooBacng otV KUPLA PV, TEXVIKEG Ol OTToieg eival ermiong
akp1Bég 6oov adopda ta Ipaviiotop.

Le VEVIKEG YPAPPEG, Pl eQappoyn) Xl éva peiypa napaAAniov Kal GEPLAROV/aKo-
A0UOLAKOV THNPATOV, ETOPEVROG TAa CUYXPOVA cuothpata £xouv oxedlaotel pe ouvduaopo

arto GPU kat CPU, npoKeéVoU va UeYIoTOTOoouUY 0 oUVokt) arodoon.

M ouykplon 6imda-6irmda tou rupttiou mou katavépetal oe KABe ouotatko deiyvel tig

napandve 51aopEg.

Core Core

L1 Cache L1 Cache

Care

L1 Cache

L3 Cache .
CPU

Figure 2.2: Aiagopeg avadeong tpavdiotop petalv CPU kat GPU

GPU

2.1.2 Baowka otoixeia nave oto Hardware tng GPU

Note

Eni tou mapdvtog, ot mpoundevicg (eiduca n NVIDIA) kpubouv Tig JIEMTOUEPELESG TV
apxuektovikov v GPU yia toug ditkoug toug Adyoug. Oa mpooeyyioouue 10 UALKO
m¢ GPU and mv ontk:y yovia vog Tpoypauuariot) epappuoyov - kar 6e60UEUNg me
b6nuooing 6radéoung manpogopiag - kat Oxt anod évav apxuektova / TPoypauuatotr]
GPU ( reverse-engineered mpoogyyion ).
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2.1.2.1 ApPXITEKTOVIKY

H GPU 6&ev eivat emti tou rapodviog autovopun rmiatgpoppa, addd cuv-eregepyaotrg (co-
processor) oe pia CPU. Enopévag, ot GPU mpémet va Asttoupyouv o ouvduaopo pe Evav
noot rou Paocifetal oe CPU kat otov omnoio cuvdéovral péowm diavdou PCI-Express. Ma auto,

otn BBAoypadia, n CPU ovopdadetal host kat 1 GPU ovopdadetat device.

PCle CONMECTION

GPU

HIGH BANDWIDTH

MEDILIN
GRAPHICS MEMORY

BANDWIDTH LARGE
SYSTEM MEMORY

Figure 2.3: Yvvdeon pertalv GPU kar CPU

H amoroumnpévn arown tng CUDA yua pia GPU niepidauBavet ta eEhg:

¢ A 8entagn host rou cuvdeet v GPU pe 1o 6iaudo PCI Express. AtaBdlet eviodég GPU

(avtiypadég pvnung, ekkivnorn kernels) kat 11§ artootéAAet otig KataAAnleg povadeg.

e 1-2 pnxavég avriypadng: yla va ermkaluriovial ol petapopég dedopévav and kat

ipog tv GPU pe v exktédeon unoAoyiopmv péom kKernels.
e A 8ienagpny DRAM 1) ornoia ouvbéet tv GPU pe v on-chip pvrun g

e 'Evav apiBpo TPC 11 GPC (Texture Processing Units 1} Graphics Processing Units)
KaBéva amno ta oroia MMePLEXEL KPUPEG PIVIIES Kat évav apiBuo streaming multipro-
cessors (SMs). To rAr0og kat n drappubpiiorn toug Srapépouv avaloya pe ) yevid
GPU.
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To napakdt® oxnpa deixvel TV ApXITEKTOVIKI] Plag Kaptag ypadikov NVIDIA yeviag Fermi:

]
v}
=
=
]
el
2
-
17
=]
E

Giga Thead

CUDA core Shared memory, Scheduler and
register file, dispatch units
and L1 cache

Figure 2.4: Apxuextovikn wag Fermi GPU

2.1.2.2 O Streaming Multiprocessor

H apxttektovikr) GPU Baoidetat oe pia ouotoyia and Streaming Multiprocessors (SMs).
O niapaAAnAiopog vAkoU g GPU emtuyxavetal H€0® g Avarapay®yns autou ToU apyil-
TEKTOVIKOU SOPIKOU OTolXEioU.

Ta Baowkd otoixeia evog SM eivat:

e CUDA Cores [ALU] [otnv GV100: 64 x FP32, 32 x FP64, 64 x INT32, 8 peiking-

axpiBerag Tensor Cores]
e Shared Memory/L1 Cache
o Register File (Apxeio Kataxopntov) [tagn peyéboug 64K 32-bit kataxopntég]
e Load/Store Units
e Special Function Units [log/exp, sin/cos, and rcp/rsqrt]

e Warp Schedulers [ypriyopn evaAlayn petaiu contexts vnuatev kat éK600T EVIOAGV

O€ warps Iou £ivat £T01j1d IPog eKTEAEOT]
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Dispatch Port
Operand Collector

Fermi Streaming Multiprocessor (SM)

Figure 2.5: 'Evag Fermi Streaming Multiprocessor

KdaBe SM oe pia GPU €xet oxedaotel yia va umootnpidel "tautoXpovr eKteAeon” eKATO-
viadav vipdtev (Eng 2048 os apxtiektovikeg Volta [20]) kat urtapyxouv moAda SM ava GPU,
ermopéveg eivatl mhavo va exktedouviatl Sekadeg X1Atdadeg vrijpata tautoxpova oe pia povo
GPU. H CUDA xpnoworotel apyitektoviky] Single Instruction Multiple Thread (SIMT)
yla v 81axeiplon Kat eKTEAEOT) TV VIIATOV 08 opadeg tov 32 rou ovopaloviatl warps. 'O-
Ad ta vijpata oe éva warp eKtedouv Tig i61eg 0dnyieg oe kKaOe kUkAo. KdBe vipa €xet i Sikn
tou S1evbuvon petprn) eviodwv (instruction address counter) kat register file kat exteAet

mv pexouca obnyia ota Sika tou dedopéva.

H GPU éxel oxebraotel yla va €xel apKetr] KATAOTAOL ©OOTE va YeEPIoel e eKTEAe-
on aAAev eviodov o latency pvpng ekatoviadmv KUKA®V poAoylou mou propei va
XPEAOTOUV Y1a va @Tdcouv ta dedopéva amnod ) Pvijir g CUOKEUNG PETA TNV EKTEAE-
01 114G EVIOALG avayveong Kat autog givat o 9epeAwdng 1portog pie tov ontoio ot GPU

EMITUYXAVOUV TO0O PeyaAn arodoor).
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2.1.2.3 To povtédo pvipng tng CUDA
Ia 1oug MPOYPAPHATIOTEG, UTIAPXOUV YEVIKA U0 ta§lvour|oelg tng pvhung:
¢ IIpoypappatiiopevn (Programmable): EAéyyoupe prid mowa Sedopéva torobeto-
UVIAl O€ TIPOYPAPPATIOPEVT] PVIHT).

e Mn npoypappatiiopevn (Non-programmable): Asv €xoupe €Aeyxo eIt tng TOITO-
9énong debopévav kat Bacioupe autr o AUTOPATES TEXVIKEG V1A VA EMMTUXOUHE KAAT)

arodoor). O1 KpuPES Pvreg eivat évag eEEX®V TUITOG 1A MPOYPARHati{OHEVHS UVIITG.

(Device) Grid

Block (0, 0)

=

Thread (0, 0) |Thread (1, 0) | Thread (2, 0)

i LA A A A

b A A

Host

Figure 2.6: Igpapyia Mvrjung otnv CUDA

2.1.2.4 T eivat évag Kernel
‘Eva nipoypappa CUDA niepidapBavet pa pign ano toug €€ 6o turnoug kodika :
e O host x®O81kag ekieAeital ov CPU.
e O device kO&1kag exkteAeital ouv GPU.

O petaydotuotg nvee Siaxwpidel tov host amo tov device kodika ya ) dabikacia
petayAottiong.

Ex¢ppaloupe évav kernel og éva akodoubiakd npdypappa ypappévo oe yAwooa C pe
Karnoteg enexktaoelg g CUDA.

H trukn urodoyilotuikn por) evog ripoypappatog CUDA akolouBel tyv €§ng ouviayr) :
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1. Exxopnon pviung oe host kat GPU

2. Apxkoroinon 6edopévav otov host.

3. Metagopa dedopévav aro host oe device.
4. Extéleon evog 1 rieplocotepmv Kernel.

5. Metagopd tov arotedsopdiev ano device oe host.

O 1o ouvnBiopévog Tpomog KANong evog kernel amod tov k@dika eival pe v mapaxkate

ouvtagn:

Kernel_Name <<< GridSize, BlockSize, SMEMSize, Stream >>> (arguments,....)

Avakegpalarodvovrag:

e Ta vrpata otv GPU opadormoiovviat oe (Thread) blocks
e Ta thread blocks opadomnotouvrat o éva grid

e 'Evag unoloyiotikog kernel extedeital g éva grid arno blocks ard threads.

Thread Blocks:

e Ta TBs avatiBevtal oe SMs and tov 6popodoynty thread-block tng GPU Baciopéva
OTIS AVAYKEG TOUG O€ TTOPOUG KAl TV X®PNTIKOTNTA Tov SM (yia pa Babutepn avaiuon

twv Spopodoyntov TB avapepbeite otnv e§aipetikn) pedétn tou Sreepathi Pai [21])
e KdaBe TB ekteldeitatl oe éva akpiBog SM kat dev petavaotevet

e IToAAd Hradopetikd TBs pmopouv va ocuvundapxouv os éva SM avdloyad pe 11§ aVAyKeg

TOUG 0¢ pvrun Kabwg Kat ) Xepntkotnta tou SM
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'

Figure 2.7: Igpapyia vnudatov otnv CUDA

Figure 2.8: KAwakxwoworta SM
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2.1.3 H npoypappatiotikrn dienagn tou CUDA

Twpa 9a avaducoupe v mpoypappatiotiky Stertadr) tou CUDA and v omukn evog

MPOYPAPLATIONT)

2.1.3.1 IIpooipto: Accelerator Silos

Ot ouyypageig tou AvA (Automatic Virtualization of Accelerators) [2] kavouv tnv €§1g

oAU gUoToXn mapatipnor (BEBaia autr) yivetal umo 1o mpiopd NG EIKOVIKOIoinong, aila

10X UEL YEVIKOTEPQ):

Application

Silo.__

| User-mode Library |

| Internal API +--B

- | User-mode Driver |

j ioctl +--C

| Kernel-mode Driver |

' MMIO :

[ Control Interface ][ Data Interface ]| - b
Compute Accelerator +{-E

Figure 2.9: Accelerator Silos [2]

practically separated.

Accelerator stacks comprise layered components that include a user-mode library
to support an API framework and a driver to manage the device. Vendors are in-
centivized to use proprietary interfaces and protocols between layers to preserve
Jorward compatibility, and to use kernel-bypass communication techniques to elim-
inate OS overheads. However, interposing opaque, frequently-changing interfaces
comumunicating with memory mapped command rings is impractical because it re-
quires inefficient techniques and yields solutions that sacrifice compatibility. Conse-

quently, accelerator stacks are effectively silos, whose intermediate layers cannot be

2.1.3.2 CUDA Runtime kat Driver API

To CUDA mipoodépet §Uo npoypappatiotika API:

1. to Runtime API kat

2. 1o Driver API

To Runtime API nipoogpépet ouvaptroelg oe C kat C++ ot oroieg exktedouvrat otov host

Katl agopouv v avabeon Kal armodéopeuon Pvipng, v petapopd Pvipng Kabog Krat tmyv

extédeon urodoyloukev kernels.

Eivat pa Sienagr) vwnlou ermnedou Kat nap€xel €va

entinedo apaipeong mpog Tov Xprotr, arndornooviag myv daxeipion g GPU.
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To Driver API, mave oto oroio eivat Baociopévo 1o Runtime API yia t1ig meplocotepeg
and g Aettoupyieg Tou eival pa XapnAotépou emredou diernadr| mou rpoodEPel AEMTOTEPO
€AEYXO0 NG OCUOKEUNG OTOV XPr)otr aAAd gival mpoypappatiotika SUCKOAGTEPO Ot XP10T).
2.1.3.3 'Eva napadewypa epappoyrig CUDA

Edw mmapouoiddoupe éva pdypappia rou vAornotel SAXPY [Single-precision A times X Plus

Y, (A*X + Y]] otnv GPU xpnowonowwvtag to Runtime API:

Listing 2.1: SAXPY using the CUDA Runtime API

1 #include <stdio.h>

2

3 __global__ //device Function

4 void saxpy(int n, float a, float *x, float *xy) {

5 /*x find unique thread id - determine data to operate on x*/
6 int i = blockIdx.xxblockDim.x + threadIdx.x;

7 /* make sure we don’t run out of bounds *x/

8 if (1 < n) yl[i] = axx[i] + y[i];

9 }

10

11 int main(void) {

12 int N = 1<<20;

13 float *x, *xy, xd_x, *d_y;

14 x = (float*x)malloc(Nxsizeof(float));
15 y = (float*)malloc(Nxsizeof(float));

17 cudaMalloc(&d_x, Nxsizeof(float));
18 cudaMalloc(&d_y, Nxsizeof(float));

19

20 for (int i = 0; i < N; i++) {
21 x[i] = 1.0f;

22 y[i] = 2.0f;

23 }

24

25 cudaMemcpy (d_x, x, Nxsizeof(float), cudaMemcpyHostToDevice);
26 cudaMemcpy(d_y, y, Nxsizeof(float), cudaMemcpyHostToDevice);

27

28 // Perform SAXPY on 1M elements

29 /*

30 * Make sure the # of threads launched are >= N [N+255/256 TB of 256 threads each]
31 */

32 saxpy<<<(N+255)/256, 256>>>(N, 2.0f, d_x, d_y);

33

34 cudaMemcpy(y, d_y, Nxsizeof(float), cudaMemcpyDeviceToHost);

36 cudaFree(d_x);
37 cudaFree(d_y);



Kepddaio 2

38 free(x);
39 free(y);
40 }

2.1.3.4 Contexts

Mrniopoupe va okeproupe éva CUDA context og tnv «rtpoBoAr)» piiag CPU 6iepyaoiag otnv
GPU. KdaBe Siepyaocia host aAAnAemdpd pe to CUDA péoa oe éva context. 'Otav xpnotpo-
rooupe to Runtime API, to CUDA yepidetatl autdpata ) dnpoupyia kat ) diaxeipion tou
context. Qotooo, katd ) xprion tou Driver API (to omoio eivatl oe xapnAotepo emninedo),
npEnel va dnpioupyrocovpe Kat va xeiplotoupe pntd 1o GPU context mpokepiévou va uro-
BaAoupe 6oulera otnv GPU. ITio amdd, pia epappoyn rou 9éAet va yprotporotoet pia GPU
dnpioupyet éva context kat otn ouvéxela UITOBAAAEL EVIOAEG (EKX®PIOELS PVIIING CUCKEUTG,

avuypagpég pvhung, ekkivnon kernel) oe auto to context.

GPU O i) CPU
Compute [— ] Virtual Address Space]
Cores Memory Access Context| ~ . 5 " [
~ i = t
[ ] From Compute Cores Page - evice 0s
2ble M_Q:\Eamw Memory || Apps
2 emory o
BE- annel B =
«s s [|Execute R ik o ':’
“". Kernels Cor:mn;ds o _1‘ Memory Access
| through MMIO
! Register Access

through MMIO

Figure 2.10: Movtéfo Sayeipiong nopev otnv GPU

2.1.3.5 TIloAAamAa context (2 1] MEPLOCOTEPEG EPUAPPOYEG)

Evo moAAd context (Kat o1 OXETIKOL TIOPOL TOUG, OTIMG 01 EKXWPIOEIS UVIING) PIopel va
urapyouv tautoxpova ot pia Sedouévr) GPU, povo éva and autd ta context pmopei va sivat
evepyo omotadrriote dedopévn ouypry. O driver tng NVIDIA xepiletat v evaddayn tov

context pe pr)-yveootonotpévo tporo.

2.1.3.6 Movtédo pvipng tou CUDA API

H xupla mAnpogopia mou epnepiexetal oe éva CUDA context sivatl o mivakag ceAidwov
g Siepyaoiag. 'Eva context ev propet va mpooreAdoet pvijpn 1) oroia avrkel og KAO10
aAdo, onwg avtiotorxa ot CPU pa Siepyaocia v propei va mpoorneddost ) pvian piag
AaAAng.

Unified Memory

Ma 11§ kavovikég exkxwproelg pvung (cudaMalloc) woxvet i) 1610tta wg KAbe byte to

ortoio erywpeitat oe pia Siepyaoia vrootnpidetatl amod éva euoko byte otn pvhpun g GPU.

Mua e€aipeon oe autov tov kavova arotedouv ot Unified ekywprosig pvripung. H Unified
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Memory eivat pia veotepn texvodoyia tng CUDA n omoia unootnpidetat anod tig ouyxpoves
KApteg ypadkev kat ermrpénet otnv GPU va xepioviar opddpata oedidag (page faults)
KaBwg KAl va ypnotwporioovuv ] RAM tou ouotfjpatog oav swap xopo. Mag smitpérnet pe
Sragavr) poro va enexkteivoupe ) pvhun g GPU xpnowornowwviag v RAM cav ermmigov

X®pPo, mAnpwvoviag BEBaila 10 XpoviKo KOOTOG TV OPAAPATeV oeAidag.

2.2 Kubernetes

Yuvoyrn tou Kubernetes

O Kubernetes eivat éva ouotnpia AoyloikoU 1ou ektedel containers o kopBoug plag
untodoylotikg ouototxiag. O Kubernetes Baocidetat ot drAwon npobéoewv, avii va

EKTEAEL TIPOOTAKTIKEG EVIOAEG. Artotedsital amno:

1. éva povipo amobnkeutiko xopo (persistent storage - etcd) otov oroio arobn-

KeUEL aviikeipeva

2. 'Eva ouvodo amné Controllers, ot ortoiot §pouv £t t@V AVUKEIPEVOV, TTPOOIIA-
Ywvtag va eubuypappicouv v PAyHATIKIY] KATAOTACT) T0U OUCTATOS HE TV

ermbupnt, Vv oroia £€Xouv SNAWOEL 01 XPr)OTeG

'OAn n mMAnpogdopia OXETIKA [ TV Kataotaor arnodnkevetal otov etcd. Me eAdyioteg
£Caipéoelg, 0Aa Ta aviikeipeva arotedovvial and éva nedio Spec rou meptypdget Tty
embupnt) Katdotaon Kai éva nebio Status 1o omoio meplypddel NV MPAYHATIKY

Katdotaor).

2.2.1 APpPXITEKTOVIKI]

H mAatpoppa Kubernetes (yvootr kat og K8s) akolouBei 10 apXlteKtoviko poviEédo
Master-Slave. AnoteAeital arno tov Kubernetes Master kat moAdarnAd Kubernetes Nodes.
O Master (control plane) diatnpet ) Baon 6edopévav eted kabwg kat tov API server. Kabe
KOpBog extedel éva pkpo mpoypappa, to kubelet, 1o omoio petd ouvexmg tov API Server
Kat extedel Pods ta omoia €xouv dpopoAroynOet oe autd 1o Node. Emiong xkabe kopBog e-
ktedel 10 kube-proxy, 1o omnoio Siaxeipietal i diktuwon. Ta Pods aroteAouv 10 Sepiedinrdn
A1Bo tou K8s kabwg eivatl n pikpotepn dpopodoyion oviotnta. Kabe Pod spmepiéxet éva n
neploootepa containers. To poviédo Siktuwong tou Kubernetes 6iaBeBaimvel g kabe Pod
BAémet Tov eauto Tou pe v 1d1a ieubuvon IP ornwg 0Aa ta unoAouta Pods BAErouv exeivo.
Mropei va ouvbebei pe dAAa Pods kabwg kat pe to Node 1o oroio to @idogevel xopig avaykn
yvia NAT. H Ewkéva 2.11 ontuikornotei ta nipoavagpepbévia.

Ag avaAUooupE Ta EMPEPOUS CUOTATIKA OTOXEld

Master:

e etcd: To kevipiko onpeio anobrikevong evog cuotrpatog K8s. O eted [22] eivat eéva
10XUPA OUVEKTIKO, Katavepnuévo key-value store xkat rapéxet évav aglormoto 1porno
anoBnkevong Sedopévev amod pa vnodoylotiky cuototyia. Kabe avuikeipevo tou Ku-

bernetes amoBnkevetatl otov eted.



Kepdldaio 2

@
Worker node
Master node
/ » kubelet kube-proxy

[
Y
Pod Pod | ¥ fagker

~

APl server

F
=

controller-manager
(replication, namaspace, scheduler
serviceaccounts, ...)

Worker node

*  kubelet kube-proxy

I
Pod J' Pod |4 docker

= | B

-

Figure 2.11: Mwa anAomomuévn oyn mg apxuektovikng tou Kubernetes

e API Server: O Kubernetes API server xeipidetar aurnpata REST oxeuka pe ) 6wa-
Xelplon avukepévav (Objects) kat sival n anokAeiotikn) front-end Sienagn yua
ouctotyia. 'OAeg ot Tportomorjoelg 6edopévav otov eted mepvouv péoa anod tov API

Server.

e controller-manager: Awaxeipidetat oviotnteg (Giepyaoieg) edeyktr (Controller), ot o-
oieg IapakoAoubouv TV Katdotaon v avikelpéveov K8s katl mpoorabouv va gu-
duypappioouv v nmpaypatikiy Kataotaon pe my embupnt) Katdotaon, v ornoia

OnAwvel 0 Xprotng 1] AAAo1l EAEYKTEG.

e Scheduler: Anogaocilel oe molov kopBo da 1pexetl éva Pod, pe Baon g anattfoelg

MOP®V KAl TNV UTOAOIN X®PNTIKOTNTA ToU Koubou.

Node:

e kubelet: To kubelet sivat urtieuBuvo yla tnv ektédeorn container otov kopBo. Ilapa-
KoAouBel tov API Server yia va &gt edv mpémnetl va exktedéoel / otapatrost Pods mou
€xouv debel o autov tov kOpBo. INpaypatorotel emiong TAKTIKA €AEYX0UG Uyeiag ota
containers rou avrkouv ota Pods tou Node, &ekivoviag §ava autd nou eivat pn-uyu).
TéAog, eivat uneubuvo yla v katayxwplon tou Node kat tov SiabBéoipev mopev tou

otov API Server kat ) iaxeipion tou Node Object kab '0An 1 diapkeia {wrg tou.

e kube-proxy: Ermtpénetl ota container rmou {ouv otov K060 va €MKOWVAVIIOOUV e
TOUG TEAIKOUG XP10teg Kat tov £§m koopo. To kube-proxy dnpioupyei kavoveg iptables
rou avaxkateubuvouv v IP kivron rou anootéAAetal oe Pia e§WOTPEP] UITNPEDia oTo

avtiotoixo Pod/container.



2.2 Kubernetes

2.2.2 Avukeipeva (Objects)

Ta avukeipeva eivat o1 povipeg oviotnteg o pia ouototyia K8s kat armobnxkevoviat otov
etcd. O Kubernetes Asitoupyei faocet tng nidwong npobécewv, avii va eKtedel EMTAKTIKEG
eVIoAég. Qg ek TOUTOU, Otav £vag Xpnotng Snpioupyet éva avikeipevo, dnlwvet v embu-
unt) Kataotaon otnyv oroia 9¢Ael va eivatl to ovotmpa. Ta §Uo onuavuka mnedia oe €va
avukeipevo eivat to Spec kat n Kataotaon. To Spec meptypdget v ermbupntr) Katdotaon)
mou o Xpnotng d€Aet va €xel 1o avuikeipevo. To mebio Status meprypdgetl 1o v pExouca
kataotaor. To control plane (to oroio meptdapBavel toug Controllers) emdidrel ouvex®g
KAl EVEPYA TNV €UOUYPANHIOT TG TPEXOUOAS KATACTAONG e Vv ermbupntr) katdotaorn. Ot
Xxproteg ouvrBwg opidouv avukeipeva oe YAML, aAAd n denagn ypappng eviodov (kubectl)
10 petatpénet oe JSON mpv aro ) dnpioupyia Kat v anootoAr] attpatog otov API Server.

Ia napddeypa, €éva Deployment eivatl éva avilkeipevo mou Pnopet va Xpnotpionoin et
yla Vv avanapdotact plag epappoyng mnou ektedsitat ot ovotokia. Katd i 6npioup-
yia evég Deployment, propoupe va kaBopicoupe oto Spec ot 9¢doupe 3 aviiypagpa (Pods)
mg epappoyng va exktedovviat. O Deployment Controller mapakoAouBel v dnpioupyia
avukepéveov Deployment otov API Server kai, otav riapatnprjost To véo Deployment, 61n-
poupyet 3 Pod Objects. Edv amotuyetl karoto aro auvtd ta Pods (pa addayr rou Sa
avukarorpietat oto nedio Status), o Deployment Controller Sa mpoorniabrjost va subu-
ypappioet i diagopd Petady tng ermbupn)g-rpayRatiKeg KAtdotaong SEKvmviag va vEo
Pod.

[Napouoiddoupe éva mapdadetypa evog nginx Deployment, piag aitepa Snpodidoug sdpap-
Hoyng:

apiVersion: apps/vl
kind: Deployment
metadata:
name: nginx—deployment
spec:
selector:
matchLabels:
app: nginx
replicas: 2 # tells deployment to run 2 pods matching the template
template:
metadata:
labels:
app: nginx
spec:
containers:
- name: nginx
image: nginx:1.14.2
ports:

- containerPort: 80
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It ouvéxela mapouotddoupe kat tv dndworn evog nginx Pod os YAML:

apiVersion: v1
kind: Pod
metadata:
name: nginx—example
spec:
containers:
- name: nginx
image: nginx:1.14.2
ports:

- containerPort: 80

2.3 GPUs otwov Kubernetes kat device plugin

O Kubernetes unootnpidet device plugin [23] mpoketpévou va ermrpéyet oe (containers
mou extedouvtatl eviog) Pods va xpnoponourjoouv €181kég ouokeuég hardware onwg GPUs.
IMa va AdBet pia GPU, évag xprjotng mperet va {nirjoet tov topo nvidia.com/gpu oto Koppdatt
limits tou request tou. YMApxXouv OP®G KATIO101 TEPLOPICHOL OTOV TPEXOV OXED1AoNO TV

device plugin:

e Ta Pods §ev propouv va potpactouv pia kowvry GPU. Aev uniapyet overcommiting tov
GPUs.

e KaBe container pmnopet va {ntrjoet povo évav aképatlo aptBpo and GPUs. Aev untapyet

duvatdinta va {ntriost KAdopa autns.

2.3.1 Apxég Asettoupyiag twv device plugin

Ztn pida toug ta device plugin sivat ardoi gRPC [24] servers o1 010101 EKTEAOUVIAL BOG
container péow evog Pod 1) g bare metal diepyaoieg. Ot appodiotnteg evog device plugin

eivati va:

e evnuepdvel to kubelet yia tig ouokreuég nou 61aBstet to Node 10 oroio Srayet-

pidetat
e TO £VNueEPQVEL Yia adAayig otV Uyeia Toug Kat TeAikda

e va amavia os attjpata (requests) yia ouykekpipéveg ouokeuég and to kKubelet,
bivovtdg tou 0dnyieg g rpog 1o 1oteg aAdayeg npérnet va yivouv oto configuration file
tou Pod/container npwtou to kubelet to npowbrjoet oto unokeipevo CRI [25] container

runtime (dockershim, cri-o).




2.3 GPUs otov Kubernetes xkat device plugin

To axkoAoubo diaypappa akoloubiag mapouoialet Tig Asttoupyieg Initialization kat Status
Update tou nvidia-device-plugin, to omoio Siaxeipidetat g NVIDIA GPUs oe éva ovotnpa

Kubernetes.

struct RegisterRequest { N
P — - - endpoint="/vax/lib/kubelet/dg;;ce-plugian
(i CEne) nvidia-device-plugin . IHV: ia-gpu.socl
="nvidia.com/gpu
I ¥
| g I
: Register()
== contains Devices= list of struct Device § |\
D = GPU-UUID
Health = "Healthy" or "Unhealthy"
i TunEndpoint () Topology = ID of Numa Node
ListAndWatch() E

struct ListAndWatchResponse

S - for dev in Devices: Iﬁ

:| gonericheviceUpdateCallback() ~ -~ |l |- healthyDevices[*nvidia.con/gpu"] . Insert (dev.1D)

ListAndiatchResponse (%) if {device becomes "Unhealthy"} at any point
<G il by o S (checked through NVML periodically)

sd NodeStatus update Resourcelist is a set of (resource name, quantity)

GetDevicePluginResourceCapacity () pairs, e.g. ("nvidia.com/gpu", 3).

struct vi.Resourcelist capacity, allocatable ;
In the case of device plugin resources:
capacity = allocatable =

= map[ResourceName] ->len(healthyDevices)

Rtk oh Sl S ol S|

GetCapacity()

PatchNodeStatus()

Figure 2.12: device-plugin: Initialization xat Status Update

To emopevo diaypappa tapouoiadel v akodoubia ekxwpnong ouokeung (device allocation)

and to nvidia-device-plugin.

kubelet
Teturns a struct runtimeapi.ContainerConfig | AR1}sexvex kubelet | | (device manager) AT
which contains all the necessary info T T
kubelet needs to make the CreateContainer | _ watch for bound Pods |

RPC call to the CRI endpoint (dockershim,
cri-o, etc.)

Pod bound to Node _ |

Allocate passes a list of device UUIDs and

o--——

. zeturns a list of Env Variables or Mounts

; (dependant on plugin configuration), which
: generateContainerConfig() the kubelet appends to the container config
| when it "creates” the container, in order
R :‘ for the GPUs to be exposed through

nvidia-container-runtime.

|GetDeviceRunContainerOptions ()

Allocate(DeviceIDs) .

returns a set of Devices[+], Mounts, Envs and
Annotations related to device usage that are used by
generateContainerConfig().

struct AllocateResponse

DeviceRunContainerOptions

[*]Devices (not used by default in the nvidia-device-
plugin) are of type struct DeviceInfo i .
PathOnHost string I
PathInContainer string
e e B zuntimeService. CreateContainex()
1

Figure 2.13: device-plugin: GPU allocation
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MeAétn tng Unified Memory oe multi-process

MEPLNTWOELG

Y& auto 10 KepAAalo TIApEXOUE, A0 000 Yvepidoupe, TV MP®tn PeAETN OXETIKA HE 1 OU-
prniepipopa g Unified Memory tou CUDA oe oevapia pe moAAarAég diepyaoieg (contexts).
Xpnowonotovpe tov nvprof, tov NVIDIA Profiler [26] yia tn pétpnon opadpdrtev oedidag
Katd v ektédeorn) oty GPU. Eekwvape egetadoviag pia arndr) unobeor), 6mou pia diepyaocia
exktedeitar omv GPU kat n) pvhpn Sev eival oversubscribed kat poxopdje oe o mnepirnlo-
KEG MEPUTIWOELG, OITOU Ol UTIOAOY10H0T ITOAAATAGV d1epyaocidv aAAnAerukadvuntovial Kat 1
pvnun GPU eivat oversubscribed. EmaAnBevoupe niepapatika ot to CUDA xprnoporote-
1 pla moAtikr) avukataotaong LRU, kabwg kat 1o yeyovog ot ta opdaipata oedidag rmou
ripogpyoviat aro éva CUDA context puropouv va ekd810ouv 0edibeg mou avrikouv oe aAAo.
AuTo 10 eUpnua urnovoel 611 kaBs CUDA context propet va Xpro1omoir)ost 0An ) @UOIKN
pvnun GPU, akdépn kat av dAAa context €xouv evepyég avabéosig pvnung. O pnxaviopog
pag kowrg xprjons GPU Paociletal os peyddo Babpo oe autnv v nmapatpnor).

3.1 Zuvropn senavaAnyn otnv Unified Memory

H Unified Memory (UM) sivat piia texvodoyia UAKOU / AOY1IOPIKOU TTOU EIMTPETEL OTI
EPAUPHOYES VA EKX®POUV pvrpn/6edopéva ta omoia sivatl mpooBdaocipa and KOdKa mou &-
ktedeitar eite onv CPU eite otnv GPU. Emutpénet eniong ownv GPU va xepiletat opaipata
0eAidag. 'Otav npokuyet opdApa oeAibag, 1o urnoovotnpua Unified Memory (kernel module)
avaktd t ogAida nou Aginet and tn pvhun g GPU kat erudéyet pia oediba-9vpa yua €won
ipog ) RAM. Autd onpaivetl 6t 6tav n guoikn pvhun g GPU eivatl mAfjpng Kkat n pvhpn
etvat oversubscribed (1o oUvolo ekxwproe®v Pvhpng unepbaivel 1o QUOIKO NEyeboOg NG), 1
pvnun GPU Aettoupyel g €va €i6og cache, xpnoiponowviag tn pvipn RAM tou cuotrnpatog
®G swap space.

Ia kavovikég exyxwpnoelg pviung CUDA (6xt UM), kdBe byte ekovikng Pvhpng rou
eKY@PEiTal mpémnet va vnootnpidetat and éva byte guokng pvrpng. Autd ouvendyestat ot
10 dBpoiopa v ekxwpnoenv pvnung GPU amd oAla ta CUDA contexts pmopet 1o oAU va
eivat i0o pe 1o Puoko peyebog pvnung GPU. T'a mapadeypa, oty nepinmwor) piag NVIDIA
P100 pe 16 GB pvnun, eav pia Siepyaoia (A) €xel ekxopnoet 10 GB péown cudaMalloc, tote
pa aAAn Siepyaoia (B) propet va exxwproet (allocate) to moAv 6 GB pvrung GPU.
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Figure 3.1: Xeipiouog opaiuatog oefidag ano v Unified Memory

npo-Pascal cupnepipopa Unified Memory

'‘Otav pa epappoyn ekkivel évav ruprva (kernel), 1o vrioovotnpa Unified Memory peta-
@épet 0Aeg 11§ exXwprjoelg Unified Memory tou context otn pvipn tg GPU rpotou ekivrioet
1] EKTEAEOT) TOU Tuprjva. AuTto eivatl artapaitnto enetdn odeg ot yevieg GPU tng NVIDIA mpwv
a6 v Pascal 6ev untootnpidouv oparpata oedibag katd v ektédeorn evog kernel.
[Napabetoviag 1o Nvidia Developer Blog [27]: «Ze mpo-Pascal GPUs, katd tnv ekkivnon evog
kkernel, 1o CUDA runtime mpémnet va ueteykaraotnost 0jleg 1ig oeflibeg mou SBpiokoviav mpon-
youuévwg ot RAM 1 og aifin GPU otn pvnun g ouokeung nou ekteflel tov kernel. Aedopsvou
ot auteg ot tafaiotepeg GPU bev umopouv va xeiptotovv opaiuata oeidag, oAda ta dedoucva
nmpénel va fpiokovtar otnv GPU o€ Tepinteon Tou 0 TuUpnvag mpooreflaoel Kamola and avtd
(axopa xt av 6¢ev 10 Kavey.»

Zupnepipopa Unified Memory ano tn yevia Pascal xat peta:
H petagpopd dedopévev yivetar péow demand-paging. ‘Otav o GPU kedikag mpoortadet
va nipoortedaocel Hebopéva oe oedida mou Sev Bpioketal oty pvhpun g GPU, Sa mpoxkuyet
opaipa oedidag KAl 10 UTIO eKTEAE0T warp 9a otapatnoet £0G 0Tou 1 oeAida petapepbet ot
pviun g GPU.
IMa pa e§aipetiky) cUYKPLOT tng oupriepipopdg g Unified Memory mpwv Kat petd ) yevid
Pascal, avatpé§te owv anavinorn oto Stackoverflow tou Robert Crovella (urtaAAfndou tng
NVIDIA) [28].

3.2 To npoypappa a§lodoynong pag

Epyadopaote os pia NVIDIA Tesla P100 (Pascal), £€tot ta anoteAéopatd pag 1oxuouy yid
TG apxriektovikég Pascal, Volta, Turing, Ampere kat veotepeg.

ExteAéoape ta nepapatda pag oe pa Nvidia Tesla P100 pe 16 GiB guoikng pviung.
IZnpewote o1l 6ev eivat kat ta 16 GiB 6iabéoa otig diepyaoieg xpriotn. 'Eva pikpo pépog
diatiBetar ounv GPU yia 6opég tou driver onwg contexts, petpntég embooemv Kat aAAeg pn-
dnpooteupéveg 6opég. Tty npdgdn, 1 «XPNOIOIOW O Ao £PpAPHOYES Pvhpn eivat ~15.5
GiB, kupawopevn oe Bripata ~100-200 MiB Bdoet 1ou mAnfoug tev evepyov context.

To Soxkpaotiko pag rpoypappa ekxopet NUM_CHUNKS nieploxég pvhpng twv CHUNK . -



3.2 To mpdypappa a§lodoynong pag

SIZE byte. Zin ouvéxela ta apywkorolet ot CPU (host) kat teAikd kalei tov kernel "add"
yla kabe chunk, o oroiog au&dvet tnv T Kabe otoixeiou kata 1. Xt ouvéxela, avapévet
1O TIATN A OTIO0USNAIOTE TTAN)KIPOU TPV ATIO TNV €K VEOU eKTEAEOT) TV kernel, mpokepiévou

va peAetrjocoupe ) ouprepipopd otav ta 6edopéva Bpiokovial nén otrv GPU.

Listing 3.1: To nipoypappa agloAoynong

1 #include <iostream>
2 #include <math.h>

#include <cuda_profiler_api.h>

w

4  #include <sys/time.h>

5 #define NUM_CHUNKS 5

6 #define CHUNK_SIZE 1L<<31

7 #define NUM_ITERATIONS 1

8 // define CUDA kernel which increments all the elements of an array
9 __global__ void add(uint64_t n, char *x) {

10 uint64_t index = blockIdx.x * blockDim.x + threadIdx.x;
11 uint64_t stride = blockDim.x * gridDim.x;

12 for ( size_t i = index; 1 < n; 1 += stride) {

13 x[1] = x[i] + x[i];

14 }

15 }

16

17 int main(void) {

18 struct timeval tvl,tv2;

19 size_t N = CHUNK_SIZE;

20 char *x[NUM_CHUNKS];

21 // Allocate Unified Memory -- accessible from CPU or GPU
22 // Split the allocations into chunks of 2GiB

23 for (int i=0; i<NUM_CHUNKS; i++) {

24 cudaMallocManaged (&x[1i], Nxsizeof(char));

25 }

26 for (int i=0; i<NUM_CHUNKS; i++) {

27 for (size_t k = 0; k < N; k++){
28 x[1][k] = 1;

29 }

30 }

31 // Launch kernel on the GPU

32 int blockSize = 512;

33 int numBlocks = N / blockSize;

34 if ((N % blockSize) > 0 ) {numBlocks+=1;}
35

36 for (int j=0; j<NUM_ITERATIONS; j++){

37 gettimeofday(&tvl, NULL);
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38 for(int i=0; i<NUM_CHUNKS; i++) {

39 add<<<numBlocks, blockSize>>>(N,x[i]);
40 }

41

42 cudaDeviceSynchronize();

43

44 // Wait for input before doing a single rerun

45 getchar();
46
47 //for (int i=NUM_CHUNKS - 1; i>=0; i--){

48 for (int i=0; i<NUM_CHUNKS; i++) {

49 add<<<numBlocks, blockSize>>>(N,x[i]);
50 }

51 cudaDeviceSynchronize();

53 // Wait for GPU to finish before accessing on host

54 cudaDeviceSynchronize();
55

56 return 0;

57 }

3.3 Mua Aepyaocia - Xopig oversubscription

Hekwvape pia povo diepyaoia rou Asttoupyet pe 5 koppatia tev 2 GiB to kaBéva, ouvoAika
10 GiB. Znpewote 0t kabe exkkivnor riuprnva eregepyadetat 2 GiB, yia ouvoAikd 5 extedéoelg
uprva yia rpooBaon oto ouvoro twv 10 GiB.

Egooov mpota ayyidoupe kat apyikomnoovupe ) pvhpn ot CPU, cuvodikda 10 GiB ané Host
to Device opdApata oedibag cupBaivouv otav ta dedopéva mpoorniedddovratl énetta oty GPU
Katd v exktédeon tou kernel.

Anote ipocoyr) oto Total Time yia v nipotn ektédeon: 3,82 deutepodernta. Autd nepldap-
Bavel kat toug xpovoug xelplopou opadpdtav oedidag. Tn Seutepn @opd 1 ektédeon Srapkel
poévo 0,12 deuteporemnta, kabag ta debopéva Ppiokovrat nén ot pvhun g GPU. Ze aut)v
Vv nepimwor, o0AdkAnpo 1o Working Set tng epappoyng xwpd ot pvipn GPU.

3.4 Mua Siepyaoia - oversubscription pvipng

Eexivape pia diepyaoia rou Asttoupyel pe 9 koppata v 2 GiB 1o kabéva, cuvodika 18
GiB. Znueswwote ot kabe ekkivrnon ruprva eneepyaletat 2 GiB, yia €éva ouvolo 9 ruprvev
yla nipooBaon oe oAdrAnpa ta 18 GiB.

Kpivovtag ano ta 36 GiB tewv Host to Device kat ta 16 + 2 (+2) * GiB Device to Host opaA-
pata oedidag, propovpe va UnoBEcoupe OTl XPNOTHOMOIEITAl P1d MTOALTIKI] AVIIKATACTAONS

LRU (Least Recently Used), 6riwg gaivetat napakdiem oto Zxnpa 3.4:



3.4 Mua &iepyaoia - oversubscription pvipung

==6986== NVPROF is profiling process 6986, command: ./no_oversubscribe
] Total time = 3.823066 seconds

Single Rerun Total time = 0.124957 seconds
==6986== Profiling application: ./no_oversubscribe
==6986== Profiling result:
Type Time (%) Time Calls Avg Min Max Name
GPU activities: 100.00% 3.94702s 10 394.70ms 24.853ms 775.04ms add(unsigned long, charx)
API calls: 92.88% 3.94699s 3 1.31566s 7.4750us 3.82272s cudaDeviceSynchronize
.08% 300.84ms 60.168ms 19.949us 300.67ms cudaMallocManaged
.02% 693.45us 69.344us 5.5990us 415.57us cudalaunchKernel
.02% 683.31us 683.31us 683.31us 683.31us cuDeviceTotalMem
.01% 218.19us 2.1600us 173ns 91.642us cuDeviceGetAttribute
.00% 46.508us 46.508us 46.508us 46.508us cuDeviceGetName
.00% 2.9770us 2.9770us 2.9770us 2.9770us cuDeviceGetPCIBusId
.00% 2.3660us 788ns 228ns 1.8750us cuDeviceGetCount
.00% 1.5530us 776ns 248ns 1.3050us cuDeviceGet
.00% 849ns 849ns 849ns 849ns cudaGetlLastError
.00% 340ns 340ns 340ns 340ns cuDeviceGetUuid

000000000

==6986== Unified Memory profiling result:
Device "Tesla P10O-PCIE-16GB (0)"

Count Avg Size Min Size Max Size Total Size Total Time Name

111949 93.665KB 4.0000KB 0.9961MB 10.00000GB 1.217278s Host To Device

30732 - - - - 3.719032s Gpu page fault groups
Total CPU Page faults: 30720

Figure 3.2: UM:Ma 6iepyaoia, ywpic oversubscription

==24074== NVPROF is profiling process 24074, command: ./oversubscribe_single
[0] Total time = 7.233462 seconds

Single Rerun Total time = 7.794011 seconds

4074== Profiling application: ./oversubscribe_single

24074== Profiling result:

Type Time(% Time Calls Avg Min Max Name
GPU activities: 100.00% 15.0272s 18 834.84ms 757.41ms 1.02775s add(unsigned long, charx)
API calls: 98.46% 15.0270s 3 5.00900s 8.9330us 7.79369s cudaDeviceSynchronize

.53% 233.91ms 9 25.990ms 16.123us 233.72ms cudaMallocManaged
.01% 775.19us 1 775.19us 775.19us 775.19us cuDeviceTotalMem
.00% 383.08us 18 21.282us 4.8160us 168.15us cudalaunchKernel
.00% 170.80us 1.6910us 173ns 68.636us cuDeviceGetAttribute
.00% 27.187us 27.187us 27.187us 27.187us cuDeviceGetName
.00% 3.0880us 3.0880us 3.0880us 3.0880us cuDeviceGetPCIBusId
.00% 2.3130us 771ns 291ns 1.6730us cuDeviceGetCount
.00% 1.0120us 506ns 201ns 811ns cuDeviceGet
. 00% 757ns 757ns 757ns 757ns cudaGetlLastErrox
.00% 367ns 367ns 367ns 367ns cuDeviceGetUuid

1
[¢]
[¢]
[S]
[¢]
¢]
€]
[¢]
0
[¢]

==24074== Unified Memory profiling result:
Device "Tesla P100-PCIE-16GB (0)"

Count Avg Size Min Size Max Size Total Size Total Time Name

400281 94.305KB 4.0000KB 0.9961MB 36.00000GB 4.112297s Host To Device

10427 2.0000MB 2.0000MB 2.0000MB 20.36523GB 1.788062s Device To Host

110592 - - - - 14.618042s Gpu page fault groups
Total CPU Page faults: 55296

Figure 3.3: UM: Miwa 6ispyaoia, oversubscription pvnung

[*]: Eme1dr) n xpnotpomnoloUpevn QUOIKI Pvipn eivatl eAdagpwg ukpotepn ano 16 GiB, na-
pouaotddovtat opiopéva erurdéov opadpata oeAdidag (aAuoidwtég 4 KB e§hoeig 010 e00TEPIKO
evog koppatiou 2 GiB).

MrtopoUpe va evioxUooUEe autrVv Vv urobeorn {exkvaviag toug kernels tng 2ng ektédeong

pe avtiotpodn ogpd [9-0] Exnua 3.5 mapaxkdate):
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1st run: 2 4 6 8 10 12 14 g
before launching kernel #1
0 2 4 6 8 1.0 12 14 44
after kernel #1
0 2 4 6 8 10 12 14 16
after kernel #8 [16 GiB processed]
0 2 4 & 8 1.0 12 14 44
after kernel #9 [18GIB processed]
pages of Blue chunk (0-2 GIB) have been evicted
2nd run:

2 4 fF & 10 1z 14 16

after kernel #1
pages of Blue chunk were not resident (they were evicted by kernel #9)
page faults result in eviction of Gold chunk's (2-4 GiB) pages

0 2 4 6 8 10 12 14 44

Final State:

[after kernel #9 of 2nd run]

Figure 3.4: UM: Axofoudia avukaraotaong

ZNHPEWWOTE TOV PEIRPEVO XPOvo Tng SeUtepng eKtéAeong. AUt T QOPA, Il TOATTIKY AVIl-
kataotaong LRU &gv £xel 1000 smudnpio anotédeopa, kabog povo ta tedevtaia 4 GiB tov
pooBAcenVv MPOKAAOUV odpAApata oeAidag Katl EKKEVAOELS TRV EMOPEVOV 0eAidwv bedopévav
1a omoia o mupnvag npoorieddadel apéong petd. Kat mddl, enedr] n xopnukotnta eivat e-
Aappwg pikpotepn and 16 GiB, AapBdvoupe kamnowa ermrdéov opadpata oeAibag mou dev

Ta1ptddouv e auto mou apouctadetal oto Siaypapyd.

3.5 Auo 8iepyaocieg - Xwpig oversubscription

Extedoupe &vo diepyaoieg tautoxpova, A & B. Kabe pia anod avtég dnuoupyet povo 6 GiB

Host to Device opdApata oeAibag, ioa pe 10 péyebog tov 6edopévav ta oroia rpoorteAddouv.



3.5

Avo Siepyaoieg - xopig oversubscription

Single Rerun Total time =
==28960== Profiling application:
28960== Profiling result:

GPU activities:
API calls:

==28960== NVPROF is profiling process 28960, command:
[@] Total time =

6.821396 seconds

Time
8.71074s
8.71066s
236.12ms
840.92us
633.78us
251.03us
34.303us
2.5480us
1.6270us

961ns
642ns
332ns

Type Time(%)
100.00%
97.34%
.64%
.01%
.01%
.00%
.00%
. 00%
.00%
.00%
.00%

.00%

OO0 00000000 O0OMN

1.890170 seconds
./oversubscribe_single_reverse_second

Calls Avg
18 483.93ms
3 2.90355s
9 26.235ms
1 840.92us
18 35.209us
2.4850us
34.303us
2.5480us
542ns

480ns

642ns

332ns

Min
24.853ms
11.548us
16.856us
840.92us
5.2970us

166ns
34.303us
2.5480us
207ns
202ns
642ns
332ns

Max
981.52ms
6.82106s
235.92ms
840.92us
292.22us
104.14us
34.303us
2.5480us
1.1740us

759ns
642ns
332ns

. /oversubscribe_single_reverse_second

Name

add(unsigned long, charx)
cudaDeviceSynchronize
cudaMallocManaged
cuDeviceTotalMem
cudalLaunchKernel
cuDeviceGetAttribute
cuDeviceGetName
cuDeviceGetPCIBusId
cuDeviceGetCount
cuDeviceGet
cudaGetlLastError
cuDeviceGetUuid

==28960== Unified Memory profiling result:
Device "Tesla P100-PCIE-16GB (0)"
Count Avg Size Min Size Max Size
246520 93.577KB 4.0000KB ©0.9961MB 22.00000GB
3259 2.0000MB 2.0000MB 2.0000MB 6.365234GB
67591 = = = =
Total CPU Page faults: 55296

Total Size Total Time
2.509481s
560.0505ms

8.289696s

Name

Host To Device

Device To Host

Gpu page fault groups

Figure 3.5: UM: AsuUtepn extéfleon pe avamodn ospa

Agbopévou ot kat ta 6Uo Working Sets xwpouv ot guowkn pvhpn GPU, Sev unapyxouv
EPAITEP® oPAApiata Kat o1 ermavadnyetg xpetadoviat povo ~70 ms, 6nwg prropouiie va doupie

oto Zxfpa 3.6.

==29882== NVPROF is profiling process 29882, command:
[0] Total time = 2.285040 seconds

./increment_5¢g.cu

Single Rerun Total time = 0.074728 seconds

==29882== Unified Memory profiling result:

Device "Tesla P10@-PCIE-16GB (0)"
Count Avg Size Min Size Max Size Total Size Total Time
67569 93.111KEB 4.0000KB 0.9922MB 6.000000GB 672.5769ms
18433 - - - - 2.216746s

ps

Total CPU Page faults:

Name
Host To Device
Gpu page fault g

18432

==29893== NVPROF is profiling process 29893, command:
[0] Total time = 2.305340 seconds

./increment_5g.cu

Single Rerun Total time = 0.069259 seconds

==29893== Unified Memory profiling result:

Device "Tesla P100-PCIE-16GB
Count Avg Size Min Size Max Size Total Size
67171 93.663KB 4.0000KB 0.9883MB 6.000000GB
18433 = = = =

ps

Total CPU Page faults: 18432

(@)"

Total Time
689.1920ms
2.238830s

Name
Host To Device
Gpu page fault

Figure 3.6: UM: Avo diepyaoisg, ywpic oversubscription
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3.6 Avuo Siepyaocieg - oversubscription pvipng

Extedoupe 1ig A & B pe tov nmapakdte Iporno Kal oty OUVEXEID KAVOUE TIG IAPATNPOElS

pag:

1. H A &exkwd 5 ruprijveg, kabévag arto toug oroioug kavet increment 2 GiB yia ouvoAika
10 GiB.

2. H B §exwva b rupnveg, kabévag arod toug oroioug kavet increment 2 GiB yia ouvolo
10 GiB. Auto £xetl og anotédeopa v €§won oedibov peyéboug ~4,6 GiB rou avriikouv
omv A (SupnBeite 6 1 mpaypatiky yopnukowmta pviung GPU eivatl pikpotepn aro
16 GiB). H LRU moAwtikn pag odnyel oto oupriépaopa nwg eivat ot ieploxég [0, 4.6]
GiB

3. H &iepyaoia B teppartidetat. To context tng €xel kataotpadei kat Hev KATEXel ITALOV

pvnun oty GPU.

4. H A ektedei {avd 10 oUvodo tov 5 muprveav. Ot mpooBaocelg yia v mepoxr) [0,4.6]
GiB obdnyouv oe opddpata ogdibag, ereldr] n B éxel 116n ekdimgel autrv v meploxn
oto Brpa 2. Qotdéoo, autd ta opddpata oeAdidag Sev 0dnyouv oe £§won oroloudnArote

frame, kaBwg n B £xe1 61 teppatiotet.

Ag untoAoyicouyie Ta oUvoAa:

Aepyaoia A:

e 10 GiB unoypentikég Host to Device petagopég yia 1o frjpa #1
e 4.6 GiB Device to Host petagopég petd v é§won amnd v B oto Brjpa #2

e 4.6 GiB Host to Device petadopég yla tv avaktnon Kat rpooréAaot) 1oV oeAidov and

10 Brpa #4

e TUvolAo: 14.6 GiB HtoD ka1 4.6 GiB DtoH

Aepyaoia B:
e 10 GiB unoxpewtukég Host to Device petadopég yia to fripa #2

e ZuUvodo: 10 GiB HtoD

AUTEG 01 TIPOKATAPKTIKEG TTAPASOXEG £lval CUPNPRVESG HE TA ATIOTEAECHIATA TTOU ATIOKTNOAJE

arno tov nvprof kat ta onoia nmapouocialoupe otnv Ewkova 3.7 napakdte.

To onpaviiko cupnépacpa e eivat 6T Katd tov Xe1plopo opaipdatov oedidag, frames
(0eAideg mou Bpiokovrat ot pvipun g GPU) ané onotodnnote context skSiwko-

Vvtdat.




3.7 Auvo Giepyaoieg - Apvnuikn) rtapepBolAn pvrung (thrashing)

Device "Tesla P100-PCIE-16GB (0)"
Count Avg Size Min Size Max Size Total Size Total Time Name
164692 93.103KB 4.0000KB 0.9922MB 14.62305GB  1.674699s Host To Device
2367 2.0000MB 2.0006MB 2.0000MB 4.623047GB 402.7704ms Device To Host
44927 = = = = 4.839089s Gpu page fault grou
ps
Total CPU Page faults: 30720

==31439== Unified Memory profiling result: H

Device "Tesla P100-PCIE-16GB (0)"
Count Avg Size Min Size Max Size Total Size Total Time Name
111810 93.781KB 4.0000KB 0.9961MB 10.00000GB 1.136773s Host To Device
30721 = = = = 4.004468s Gpu page fault gro
ps
Total CPU Page faults: 30720

==31740== Unified Memory profiling result: a

Figure 3.7: UM: Avo &iepyaociag, oversubscription pvnung

3.7 Avo Siepyaocieg - Apvntiki napepBoAn pvipng (thrashing)

‘Otav 10 nipdypappa g diepyaoiag A exteAeitatl povo tou pe éva péyebog Working Set
ioo pe 10 GiB, tote povo n npot enavdAnyn (auvtr) ou dnpoupyet opadpata osAidag Kat
tortoBetnon Sedopévav otn pvhpn GPU) €xet peyddo xpovo exktédeong. Ot eltakoAoubeg ema-
vaAnyeig Bpiokouv ta Sedopéva «ctotpar ot pvipn GPU kat xpetddoviatl povo X1Atootd Tou
SeutepoAérttou yia exktédeor. Ag audrjooupie tov aplfpo TV enavainyeeyv tou «increment»

oe 100 kat ag Soupe G ocupriepipépetal n A otav tpExel povn g (Ewkoéva 3.8):

Ta amotedéopata eivat ouppeva pe v poBleyn pag. Ot emdpeveg eKTeAE0EIS PETA TNV
npwtn Slapkouv mepimou 115 ms, kabwg ta dedopéva Ppiokoviat {dn omv GPU kat dev

napouotadovial opaApata ogdidag.

Ag e&etdooupe twpa 1 oupBaivel otav ot A kat B ektedouv apdiAnAa 100 smavaAfjyelg tou
dncrement»: X1o Zxnpa 3.9 napouoiadoupe ta anotedéopata tou nvprof yia ) diepyaocia
A. Tn 6wakortoupe peta arod 5 snmavadnyetlg, kabog da xpetaldtav moAug Xpovog yla va

odorAnpwbei. Ta amotedéopata frav ta iba kat ya ) digpyaoia B.

[Mapatnpoupe avgnon 250x oto xpovo extédeong. Emedn) ot nuprjveg (kernels) aro ug A &
B «extedouviar tautoxpova (av kat nf GPU evadAdaocoestal petadu v context pe time-sliced
TpOIT0) Kat n pvnpn eivat oversubscribed (ta Working Sets oto cuvoAd toug 6ev xmpouv ot
pvnun g GPU) uniapyxet 181aitepog aviayoviopog yia ) @uoikr) pvipn GPU mou obnyei oe
thrashing, katdtaon katd v oroia o0 Xe1p1opog opadpdatev oedibag emBpaduvet Spapatika

TOUG OUO100TIKOUG UITOAOY1OH0UG.
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==1437== NVPROF is profiling process 1437, command: ./thrashing
Initialization on host complete. Press any key to run GPU kernels

.515558 seconds

.115255 seconds

.115207 seconds

.115230 seconds

.115182 seconds

.115192 seconds

.115204 seconds

.115179 seconds

[8] Total time .115178 seconds

[9] Total time .115201 seconds

[10] Total time 0.115181 seconds

[11] Total time = ©.115183 seconds

[12] Total time = 0.115205 seconds

[13] Total time = 0.115182 seconds

==1535== Unified Memory profiling result:

Device "Tesla P100-PCIE-16GB (0)"
Count Avg Size Min Size Max Size Total Size Total Time Name

113325 92.527KB 4.0000KB 0.9961MB 10.00000GB 1.129316s Host To Device

30720 = = = = 3.741908s Gpu page fault grou

ps

Total CPU Page faults: 30720

[0] Total time
[1] Total time
[2] Total time
[3] Total time
[4] Total time
[5] Total time
[6] Total time
[7] Total time

3
o]
0
0
0
o]
0
0
0
0

Figure 3.8: UM: Mua 6iepyaoia, 100 sravainyeig

==1629== NVPROF is profiling process 1629, command: ./thrashing
Initialization on host complete. Press any key to run GPU kernels

[0] Total time = 9.793950 seconds

[1] Total time = 25.965820 seconds

[2] Total time = 24.063141 seconds

[3] Total time = 25.870272 seconds

[4] Total time = 24.045416 seconds

[5] Total time = 23.742236 seconds

AC==1629== Profiling application: ./thrashing

==1629== Unified Memory profiling result:

Device "Tesla P100-PCIE-16GB (0)"
Count Avg Size Min Size Max Size Total Size Total Time Name
903833 79.493KB 4.0000KB 0.9961MB 68.52057GB 9.834552s Host To Device
31177 2.0000MB 2.0000MB 2.0000MB 60.89258GB 6.481411s Device To Host
210598 = = = - 66.366487s Gpu page fault g

ps

Total CPU Page faults: 30720

Figure 3.9: UM: Thrashing, oversubscription pvnung

3.8 Prefetching pviipng otnv GPU

Kata ) xpnon g Unified Memory, priopoUpe va petad@£poupe pnid KAl €K TV IIPO-
TEpwV TEPLOXES pvhung otv GPU ypnowonoidviag tyv kAfon cudaMemPrefetchAsync()

[29]. Aertoupyel pe mapopolo pomo pe 1o va kadovoape cudaMemcepy() yia va pETaxkt-



3.8 Prefetching pviung owv GPU

vrjooupe dedopéva otnv GPU oe pn Unified oevapio. Kavoviag prefetch dedopéva otnv GPU,
aropeuyoupe ) dnuoupyia moAdardov opaipdiov cedibag Kat v eEUNNPEEon T0US ©OG
avedptnteg povadeg, KATL TOU glval Xprjo10 O MEPUTIOOELG OOV YVOPI{OUHE €K TV ITPO-
TEp@V OTL Jia TiePloXn da xpnotpononBei amod v epappoyt). [Mapakdte napouoialovpe Tig
TPOTITOTIOOELG TTOU KAVAPE OT0 MPXTOTUII0 IPOypappd pag, ®ote va kavoupe prefetch

pvnun otmv GPU mpwv ano v ekkivnon tev unoloylotkev ruprvev (kernels).

Listing 3.2: Prefetching memory to the GPU

1 // Prefetch GPU memory

2 int device = -1;

3 cudaGetDevice(&device);

4  for (int i = 0; i < NUM_CHUNKS; i++) {

5 cudaMemPrefetchAsync(x[i], Nxsizeof(char), device, NULL);

3.8.1 Emnave{itaon tng nepintwong pe pla diepyacia

Ag enavedetacouyie v repineorn pag diepyaciag xwpig oversubscription (10 GiB): Ete-
tadoupe ta anotedéopata tou nvprof, mou gaivoviat oto Lxnua 3.10. A¢dou ta debopéva
katoikouv 1dn ot GPU dtav ekivd n ektédeor), 6ev unidpyxouv opdipata ogdibag otnv GPU
(to prefetching surnnpeteitatl oe koppdta v 2 MB) Kat 0 Xpdvog ektédeong eival EAaX10tog
(115 ms akdépn KAl yla 0V IPOTO IUpHvd. ZUYKPIVETE TO PE TV Mepinmtoon pag depya-
olag xwpig prefetching otnv apxr) tou kepadaiou). Aev mpénet va exvape ou n dadikaoia
tou prefetching xpeiadetatl kat autr) KAroo Xpovo, aAAd xpnotpornotel Atyotepeg ouvaldayeg

PCle kaBng petapépet dedopéva padikd, omote 0 GUVOAIKOG XPOVOG EKTEAEOT|G PEIDVETAL.

==1787== NVPROF is profiling process 1787, command: ./prefetch
Initialization on host complete.
Prefetching Complete. Press any key to run the GPU kernels

[@] Total time = 0.115318 seconds

==1787== Unified Memory profiling result:
Device "Tesla P100-PCIE-16GB (@)"

Count Avg Size Min Size Max Size Total Size Total Time Name

5120 2.0000MB 2.0000MB 2.0000MB 10.00000GB 1.178874s Host To Devicy
Total CPU Page faults: 30720

Figure 3.10: UM: Prefetching pvnung otnv GPU
3.8.2 E¥woeig oeAdov kata to Prefetching

[Napatnpoupe o6t 1o Prefetching akoAouBetl tv i61a Aoy1Kr| e TOV KAVOVIKO XEIPION0 OPaA-
patev oedibag. Anopakpuvel ta Aaiola pe tporno LRU kat and orowodrjmote context. Ma
va enaAnOeUooupE T CUPIEPLPOPA, SNIIIOUPYOUHE £Va CUYKEKPIHEVO OEVAPLO EAEYXOU. Z&
auto to meipapa:

1. n diepyaoia A tpéxet pia enavainyn ota 10 GiB

2. n depyaoia B kavet prefetch 10 GiB otnv pvrpn tng GPU kat tpéxet piia emavainyn

3. 1n A 1péxel pua devtepn emavaAnyn



Kepdldaiwo 3

Agixvoupe v £€€060 tou naparnave repdpartog oy (Ewwova 3.11):

grgalex@grgalex-gpu-devel-pl00:~/DEMO_3_5/PREFETCH$ nvprof ./increment_10g
sizeof(char) = 1

==2394== NVPROF is profiling process 2394, command: ./increment_10¢g

[0] Total time = 4.060820 seconds

Press any key to re-run.

B prefetches 10 GIB

Single Rerun Total time = 9.895979 seconds

==2394== Unified Memory profiling result:
Device "Tesla P100-PCIE-16GB (0)"

Count Avg Size Min Size Max Size Total Size Total Time Name

222234 94.366KB 4.0000KB 0.9961MB 20.00000GB 2.725839s Host To Device

5120 2.0000MB 2.000GMB 2.0000MB 10.00000GB 1.025000s Device To Host
61441 = = = - 13.738795s Gpu page fault grou

ps
Total CPU Page faults: 30720

Figure 3.11: UM: Avtuikatraotaon oefibov kata 1o Prefetching

Ag avaduocoupe t oupBaivet, Brjpa mpog Bripa:
1. n A @épvet 10 GiB ogAibwv otnv GPU

2. n B kavet prefetch 10 GiB. Awwyvet niepinou 5 GiB a6 ) diepyaoia A (1o ouykekpt-
péva ug nieploxeg [0, 5GJ)

3. 1 A Zavarpéxet. O mpwtog rupnvag g npooredadet v repoxr) [0, 2G] n oroia dev
Bpioketal ra ot pvhun g GPU

4. n A otadlakd exdiokel v H1kr) tng nieploxy [5, 7G] Aoy® ng moAtikng LRU

5. aut n aduoibetr) aviidpaorn odnyet tedika oe adda 10 GiB DtoH ogpdApata yia ouvo-

Awkd 20 GiB. Auto cupBaivet eredr) n A ripoortieAddet 11 oeAibeg mou €xel 1161 exkdiwiet

OTO TIPONYOUHEVO Brpa.

To KUp10 cupréEpaopa 6o eivat ot to prefetching avupetoniletal pe tov id1o arpiBog
Tpomno (oxetira pe tTnv LRU nmoAttiky Kat Tig £§00e1g) pe TOV onoio avtipetonijovat

01 PETaPopEG oeAIS®V NMOU NMPOKUNTOUV and Kavovika opaApata ocdidag.



Ke¢palairo

H npoocyylon pag

'Exovtag 6e1 g oupniepidpépetat ) Unified Memory oe oevdpia moAdamiev diepyacidv oto

TIPONYOUHEVO KePAAAL0, OKIAYPAPOUHE OlYA-O1yd TOV PNnXaviopo pag. Xtoxog pag eivat va

ETTPEYPOUPE O HUO 1] MTEPLOCOTEPES EPAPHOYES XPNOTAOV va Xprnotpornolouv v idia GPU otov

Kubernetes kat 6rou kdBe Xpr)otng UIoOpel va Xpnotponoroel 0AOKANen ) pvhun GPU.

H kipua mepimwon xpriong pag eivat avt) g dwadpaocukng avartugng ML oe Jupyter

Notebooks, orou ot urtoAoyiopoi GPU €pyovial oe piriég Kat urapxouv nepiodot adpaveiag.

Qotoo0, ontwg Sa Soupe ot oUVEXELd, O PNXAVIOROG Pag PBpiloKkel epappoyr akoun Kat o

Hn 51a8pacTIKEG TIEPUTTDOETG.

Ag meprypayoupe ta Pripata mou akoAoubrioape yia va SnpioupyrooupE TOV PNXAVIoRo

Kowng xpnong GPU:

1.

[Tapoxr) evog PNXaviopou yia )V HETATPONT 0A®V TOV ERXOPRoswv pviipng CUDA
oc Managed (Unified Memory) péoo hooking tov CUDA APIL.

A1aBeBainon MWg autdg 0 PNXaviopog dtatnpei tnv opO1) ekTéAeon TV cpappo-
yov

Métpnon tou overhead plag epappoyn to onoio npoxrumtel ano tn Xpron Uni-
fied Memory autrig ka®autng (0tav ektedeital povn tng). ZUyKplon tov non-unified

pe ta unified anoteAéopata ya pia minbwpa aro ML benchmarks.

An66e1dn kat extipnon tou thrashing 6tav 2+ yprjoteg SouAdevouv tautdypova otV

161a GPU kat o1 UITOAOY10TIKEG PUTEG ETTIKAAUITTOVIAL.

Avtypetomon tou thrashing péow vlonoinong evég time-slicing pnxaviopou (dae-
mon/scheduler). To kBavto xpovou mpémnet va eival apketd peydAo wote va §1kalodo-
Y&l 10 KOoT0g Tou preemption (kat apa tng evaddayng MeEPIEXOREVEV PV ING).

Evoopatwon tou pnxaviopou otnv nAatgpoppa Kubernetes (alexo-device-plugin)
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4.1 Awagavig pHeTATpomni] RANCERDV EKXOPNONG pvipng oc Uni-
fied Memory

[Evo 10 emikevipo avtng g evotntag ivat to hooking kinoewv touv CUDA API, ojleg ot minpogopisg
Tou mapovaotadoviat 1oy vouv yla 1o hooking omoiaobrmote ouvapTnong kat kaAumtouv OAeg Tig ENLAOYES
ovvbeong / eoptwong.]

®¢loupe va petatpéPyoupe TG KAnNoelg exkyxopnong pvhung cudaMalloc(), cuMemAlloc()
otig avtiotokeg Unified, cudaMallocManaged(), cuMemAllocManaged() rpoxketpévou va rie-

TUxoUlE ta akoAouba:
e oversubscription tng pvhpng g GPU
— Ot ekxwpnoelg pvhung 6ev €xouv mAéov 1-1 avuotoixion e Vv QUOIKY PV

e va ermIpéPoupe oe KAOs ouoteyaldpevn epappoyr) va XPIOotHoIolel 0An v QUOIKY)
pvipn g GPU
- KaBe epappoyn propei va exdimdetl oeAibeg anod dddeg (adpaveig) epappoyég, amnod
v GPU nipog ) RAM tou ouotfjpatog

AvaAuvoupe ) oupneplpopd TV ouoteyalOpevev epappoyev mmou xprnotporotouv Unified
Memory oto rponyoupevo Keddadato. IIpokeiévou va KAVOUPEe wrap pid ouvAaptnor), ava-
ykdadoviag v epappoyr) XpHotn va Xpnotpornotel pa 81k pag €k6oorn MPETEL va KAVOULE
1a akoAouba:

e Anpoupyia piag shared library n omoia opidet pia ouvaptnon pe to 1610 ovopa (..
cudaMalloc). Autr) 11 CUVAPTNON €0MTEPIKA KAAN TNV «IIPAYHATIKL» €KOOXN NG &V
Aoyw ouvaptnong. O Seiking mpog v MPAYHATIKL OUVAPTN0I] dMOKTATAl PEO® TV
ouvaptoenv dlopen() kat dlsym().

e ESaogpdlion ou n epappoyr) kadei ) 6ikr) pag €kdoon g ouvaptnong. a ardég
TIEPLITTOOELG, TO EMITUYXAVOUNE PEo® NG petaBAntrg repiBailoviog LD_PRELOAD [30]
n oroia e§aodalilet 611 1o oupBoro g ouvaptnong srmdvetal ot 81kn pag ekdoxr),
ouvbéovtag v shared library pag pe v epappoyr) rpwv aro oAeg 11§ addeg. Ma mo
TIEPITTAOKEG TIEPUTTOOELS OTIOG SUVAPIKA poptepéveg PBA100rkeg (dynamically loaded
shared libraries) mpémet eniong va kavoupe wrap t ouvaptnorn dlsym() kabog dev

apkel amda va ouvbéetal pwtn n BBA10OnKn pag pe v epappoyr).

4.1.0.1 Tumnol CUDA es¢pappoy®dv Kat ermdoyég ouvdeong (linking)
e Apyég Driver API (kalei povo ouvaptroeig tou Driver API)

— duvapkn ouvdeorn (dynamically linked) pe tv libcuda.so

e Amyég Runtime API (kaAei povo ouvaptroeilg tou Puviipie API)

— otatukn ouvbeon pe v libcudart.a
— Suvapiky) ouvdeorn pe v libcudart.so

o Mekto API

— otatka ouvdedepévo Runtime (libcudart.a), 6uvapika ocuvdebepévo Driver API

(libcuda.so)
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— duvapwka ouvbebepévo Runtime (libcudart.so), duvapika ocuvbebepévo Driver

(libcuda.so)
— duvapka ouvdebepévo Runtime (libcudart.so), Suvapika goptopévo (loaded)

Driver (libcuda.so)
- duvapka @optopévo Runtime (libcudart.so), Suvapikd optopévo Driver

(libcuda.so)

To Tensorflow xpnoworoiei tv ermdoyn (6) tng katnyopiag pewktou APL. To PyTorch xpn-
owporotel v ermdoyy (y).
It ouvéxela apouotadoupe TOV K@OIKA g oUuvdaptnong wrapper yla tyv kinon cud-

aMalloc.

1 void *real_cudaMallocManaged = NULL; //global

3 cudaError_t cudaMalloc ( voidxx devPtr, size_t size ) {

cudaError_t result = cudaSuccess;

4
5
6 if (!real_cuMemAllocManaged) {
7 void xcudart_handle;

8 cudart_handle = dlopen("libcudart.so", RTLD_LAZY);

9 real_cudaMallocManaged = (void *)real_dlsym( cudart_handle, CUDA_SYMBOL_STRING

(cudaMallocManaged));

10 dlclose(cudart_handle);

11 // just decrements the handle reference counter, does not unload libcudart

12 }

13

14 result = ((cudaError_t (x) ( void*x devPtr, size_t size, unsigned int flags )

)real_cudaMallocManaged) (devPtr, size, cudaMemAttachGlobal);
15

16 return result;

MriopoUpe topa va MPoX®PHooupe ot oKL ToU TPOIoU Asltoupyiag Tou pnxaviopou
(libunified.so) pag kat ot draopddion g otabepdtntag (o1 ePpappoyEég XProtn TPEXOUV

0®OTA) autou.
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4.2 EMmKRuUp®On tg otabepotntag Tou PnXaviopou PETATPONNG

[Tpémel va draoparicoupe 611 omowadnmote ePAPPOyI] NG OIMOolag TIS EKXWPNOES UVIING
petarpénovpe dadpavag oe Managed (Unified Memory) péo® tou pnxaviopou 1mou mapou-

oldoaple Oto MPONYOoUHEVO KedpAAalo:

e Oev 00nyetl oe opdApata mpoxkuitovia ano v xpnorn g Unified Memory

e £xelta idia arnoteAéopata ektédeong (amod anoyn diatrpnong opOoTNTaAg) Pe TV ApPXIKL)
Agdopévou ot 6ev pmopoupe va arodeifoupe pabnpatka v opHotnTa ToU PNXaviopou
PETaTpomng pag, n povn ermdoyr) €ivat va eKteAéoouple pla PEydAn moikidia edpappoyov
ouvbedepéveg e v libunified.so kat va napatnprioouiie ) CUPTNEPIPOPA EKTEAEOTG.

[a 1o okord autd Hie§dyoupe pia oe1pd MEPAPAT®V rou reptAapBavouy:
e Anyeig epappoyég CUDA
e mipoypappata Tensorflow

e 1ipoypappata PyTorch

[Tio ouykekpéva, egetaoape ta §ng:
e Official CUDA Samples [31]

e Official Tensorflow Benchmarks [32]

Official PyTorch Benchmarks [33]
Al-Benchmark Suite [ETH Zurich] (Tensorflow) [34]

Altis GPU Benchmarks [UT Austin] (state-of-the-art CUDA Benchmark Suite) [35]

Ta melpapatika pag anoteAéopata evioXUouv TV UTIOOeoT) 0Tl 1] PETATPOTT] OA®V TV KA OE-
@V ekxopnong pvnung oe Unified Memory diatnpet tv opBotnta eKtéAeong g epappoyrg.
‘'OAa ta nielpapata Siegfxbnoav oe éva Google Cloud VM pe eneepyaotr) Intel Xeon 8-core,
52 GiB RAM ka1 Nvidia Tesla P100 GPU pe pvrjun 16 GB.

4.2.1 CUDA Samples

Ta detypata CUDA anotedouviat arto 50 epapioyeg mou KaAummouy éva eupu gaopd
Aertoupyikotiov CUDA. Kavoupe clone to Github Repository [31], eioepxopaocte otov ka-
tadoyo pe ta deiypata katl ektedovpe make. X1 ouvéxela, priaivoupe otov KataAoyo Kabe
EPAPHOVIG KAl EKTEAOUNE KABe TIpoypapia, pia @opd oty apX1Knf ToU KATdotaon Kat pia
opA 1€ evepyoronpevn ) P1BA1oOKn petatporng pag (libunified).

Ma apadeypa, yia va ekteAéooupie 1o matrixMul eloepyopaote oto directory matrixMul
Kat ektedovupe LD_PRELOAD=1ibunified.so ./matrixMul.

Opiopéveg 6okpég ev unootnpidoviat otnv NVIDIA P100, kabwg arnattoyv 1o rpoodarta
XAPAKINPEOTIKA UAKOU orteg ta Tensor Cores, ta omoia urapxouv otig yevieg Volta, Turing
1 Ampere.

Ao 1ig Sok€g TIOU PIopouv va ektedeotouv otnv P100, 0Aeg ntav emtuxnpéveg eKTOg
aro 1o simplelPC. H epappoyr] simpleIPC xpnoonoiet v owkoyévela Asttoupyiov CUDA

Interprocess Communication. Xprnotpornotlouvial yla va eKOEcoUV pila EPLoXT) UVINg ano
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éva CUDA context oe éva aAdo kat 6ev Asttoupyouv yia cudaMallocManaged ekywmprnoeg,
oupgeeva pe Vv tekpnpioon wmg Nvidia [36]. 'Exoviag €€etdost MPOoeKUIKA TOV Tyaio
K®OO1Ka, priopovpe va novpe ot ta Tensorflow kat Pytorch Sev xpnoonolovv kaboAou to

pnxaviopo CUDA IPC, ondte Sev pag agopd.

4.2.2 Emnionpa Tensorflow Benchmarks

Kdavoupe clone 1o official Tensorflow Benchmark repository ([32]), ninyaivoupe otov ka-

tdAoyo scripts/tf_cnn_benchmarks kat ekteAovpe:
e python run_test.py --full_tests

e LD\_PRELOAD=libunified.so python run_test.py --full_tests

Kat ouig 6o nepuntooetg, kat ot 232 dokipeg oAokAnpmbnkav pe ermruyia. Asv nmpaypato-
rnotettat pntr) ermkupworn e§6d6ou arnd ta TF benchmarks, wotooo n akpiBeia tou povidou
eAéyyxetat kat, kabwg dev urtapyxouv opdApata Kal Otig IEPLO0OTEPES TIEPUTIOOELS TA TUXaia

seeds eivatl otaBepd, pmopoupe va cupriepavoupe ot Siatnpeital n opOotnta.

4.2.3 Emnionpa PyTorch Benchmarks

KAmvortotoupe 1o repository Pytorch Benchmark ([33]) kat ekteAoupe povo ta bench-

marks evog KopBou:

e pytest --ignore-machine-config test_bench.py

e LD_PRELOAD=libunified.so pytest --ignore-machine-config test_bench.py

Kat o1 104 60k1p€G 0AoKANp®VOVTAL ETTITUXROG.

4.2.4 Al-Benchmark

To Al-Benchmark eivat pia couvita benchmark ML (xpnotiporoei Tensorflow) rmou ava-
mtuxOnke and tov Andrey Ignatov [37] tou ETH Zurich, pe apyikod otoxo ) doxipn g
anodoong twv Smartphone kat Mobile SoCs. Xprnowponoloupe v ékdoorn GPU yua uro-
Aoyiotég otig dokég pag, akodoubwviag tig odnyieg otov emionpo ototorto Al-Benchmark
[34]. Eykabiotovpe to makéto Python «ai-benchmark» kat ektedovpe to benchmark péow

TOU KAt®O1 script:

import ai_benchmark
benchmark = ai_benchmark.AIBenchmark()

results = benchmark.run(precision="high")

Optdoupie 10 precision ico pe high yia va extedécoupe 10 @opég TeP1O00TEPES EMAVAANYELS

ané v Kavovikn (default) nmepimoon, émneg tovidetatl oto documentation tou project 3

Shttps://pypi.org/project/ai-benchmark/
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4.2.5 Altis GPU Benchmarks

To Altis eivat pia ouyxpovr coutta benchmarking CUDA mnou avarttuxfnke ano to SCEA
Lab oto UT Austin. To oxetiko paper dnpooteutnke 1o 2020 [35] kat 1o £€pyo givatl avoiytou
kOdwka [38]. H ocouita benchmark Altis xwpidetatl oe tpia snmineba. Kdabe emimedo avti-
nipoowrievsl benchmarks t®v onoi®v ot Topelg e0tiaong Kupaivovial amno XapaKiploTiKa
Xapndou ermrédou, Onwg eUpog JHvng 61aUA0U £wg arod AKPO 0 AKPO Artddoorn IIpaypatt-
KOV epappoywv. H idia katnyoplornoinon vioBeteital kat aro to Scalable Heterogeneous

Computing (SHOC) [39] Benchmark Suite. H our twv erurédov eival og €§1g:

e Eminiebo 0: Métpnon xapndou emuedou Xapaxkinplotikewv tou hardware. Autd 10
ertinedo mepiéyel anmia benchmarks 6nog to maxflop kat 1o busBandwidth.

e Eninedo 1: IepdapBavetl Baoikoug napddAnioug alyopibpoug rou spgavidoviatl ou-
XVa Kat Xpnoorolouvial o€ ITUPLVEG IIPAYHATIKOV EPAPIIOY®V.

e Aee) 2: o nepimlokol uprjveg (kernels) epappoyodv ToU IPAypatikou KOOH0U, TT0U

ouyva evrortidovtatl ot Blopnyavia.

A¢poU KA@vorojoajie 10 repository tou project, ekteAdéoape kabepia anod 1g ePpappoyEg tov
ermmedav {0, 1,2} otnv apX1Kr) Toug pop@dr) Kat yia dAAn pia gopd pe elonypévn v libunified.
'OAeg 01 eRTEAE0EIG OAOKANP®ONKAV ETNTUXRG.
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4.3 Mcetpnon twou overhead otnv eniSoon tou pPnyxaviopou pe-
Tatpomnng

'Exoupe mA¢ov eMapKr) OToiXeia 0Tl 01 ePpaPPOYES TRV OTOIMV TI EKXWPIOEIS PUVI|ING HETa-
péroupe dapavog oe Managed (Unified Memory) 11€06 tou Pnxaviopou pag ektedouvial
owotd. Topa, mpénet va ekuprjoovpe 1o overhead anddoong, mou artoppEet Ao 10 YEYOVOS

ot o1 ekxwpnoelg pvnung GPU eivatl mA¢ov Unified.

Extedéoape ta akodouba benchmarks kat culAé§ape petproeig:
e (PyTorch) Ryujaehun’s pytorch-gpu-benchmark [40]
e (PyTorch) Official PyTorch benchmarks [33]
e (Tensorflow) Official Tensorflow benchmarks (tf_cnn_benchmarks) [32]

e (Tensorflow) AI-Benchmark [34]

AxoAoubrjoape v €€ng pebodoroyia yia kabe benchmark:

1. ExteAéoape 1o original (ameipaxto) benchmark apxetég popég (5 yia 1o ai-benchmark,
10 yia ta dAAa) yla va PEiooupe v tuxaldtnta Kat anobnkevoape tg e§odoug o
apxeia.

2. EnavadaBape 1o mapandave Brjpa pe v petabAnt) riepi8aidoviog LD_PRELOAD=libunified.so,
6nAadn petarpénoviag OAeg 11§ ekX®pnoetg pvrung oe Unified

3. Kavape parse ta apyxeia oe Python, ouAAé€ape toug Xpovoug eKTEAEONG ava HOVIEAO
Kat batch size kat unoAoyioape Tov €00 0pO TV eKTeEAE0E®V yia KAOe poviedo. To
Bripa autd to kavape yla tg Stock aAda katl Unified popopég extedéosmv.

4. Ynoloyioape to average latency slowdown (T(unified)/T(stock)) yia kaBe povtédo.
I'a ta tf_cnn_benchmarks AapBavoupe images/sec oav €060 tou benchmark ornote
untoAoyidoupe 1o average throughput slowdown péowm tou tunou Q(stock)/Q(unified).

5. Ynodoyioape 1 ouvoAikn péon emBpaduvon (Total Average Slowdown) avda bench-

mark oto 6UVOAO T®V POVIEAGV TOU.

Zuvoyidoupe ta tedika anotedéoparta pag otov Iivaka 4.1.

Benchmark Total Average Slowdown stdev
PyTorch torchbenchmark 0.9994 0.0464
Al-Benchmark 1.0192 0.0261
tf_cnn_benchmarks 1.0173 0.0131
ryujaehun-pytorch-gpu-benchmark 1.0004 0.0306

Table 4.1: Overall Slowdown tng¢ libunified

[Mapatnpouvpe péylotn emBapuvon 1,9 % kat péon emBapuvon 0,9 % (rou eivatl apeln-
1¢a) oug 4 couiteg benchmark. @gwpoupe o1 AUTO T0 KOOTOG (eridoong) eival amodekto

KAl KAtaAnyoupe OTO0 CUNIEPACHA OTlL PUIOPOUHE VA IPOX®PNOOUHE HE TNV EVOOPATRMOT)
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10U punxaviopou petatporing (libunified) otov Kubernetes, adpou npota avupetomnicovpe ta

evdexopeva thrashing.
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4.4 IIapoxn evog PNXAVICHOU yld TNV aAVvTIIpeETAOnion tou thrash-
ing

'Exovtag erntaAnBevoet ou 1 libunified.so Asttoupyel owota kat €xel eAaxioto overhead,
€XOUpE TTAPACYEL Evav PNXAVIOPO TIoU ermtpenet v kKowr xprjon GPU. [ToAAég epappoyeg
XPNOT®V PUIopouv MAEOV va ektedouvial tautdyxpova oty i6ia GPU. Kabe pia and auviég
TG €PAPHOYEG XPIOTH HITOPEl va EKX®PIOEL KAl va XPIOIHOIIO0el OAOKANPL T PvHun
GPU. Qotoéoo, otav n pviun eivatr oversubscribed, kat Adywm tou yeyovotog Ot epeig to
ermpérniovpe péo® g xpnong tg Unified Memory, evdéxetal va nmpokuyouv opdipata
0eAibag. Eve otn yevikn pag mepimworn Xprong g diabpactikg avdaruing, ol pureg
GPU ané ouoteyaldpeveg epappoyeg xpnotrn dev aAAnAemkaivntovial, oiyoupa prnopet va
UTIAPEOUV TIEPUTIROOELG OTI0U oupBaivel autd. TIpEmetl va XEP10TtoURE AUTEG TIS TEPUTIOOLEIS
TMIPOCEKTIKA KAl VA ATIOTPEWPOUHE Ta UTepBOoAKA opdaApata oedidag mou nmpoxkadouvvial arno
T ouvexr) petagopd dedopévev aro kat rpog v GPU A0ye tov opaipdimy.

Qg €K TOUTOU, O¢ AUTLV TV evotnta da:

¢ EmaAnBevooupe 611 propouv va mnapouctactouv nepumtwoelg thrashing vmo tov pn-

Xaviopo sharing (libunified) tov oroio mapéyxoupe

e ITapdoyxoupe évav pnyaviopd yla v aroguyn tou thrashing, oeiplornodviag v
UmoBoAn (kat ouvenwg ektédeon) nupnvev GPU kat pniov avilypapov pvipng aro
g avtayevi{opeveg diepyaoieg oe xpovika napdabupa (time quanta) pe tpomo round-

robin.

4.4.1 YnoBaOpo

To Thrashing [41] opi{etal ®g pia Kataotaorn otV oroia 0 XPOvog IoU APlEP®VETAL OT0
Xep1opo page-faults Eerepvd tov Xpovo ou aPplep@veTal KAvOvIag XPHo110Ug UTOAOY1OH0-
Ug. H Unified Memory svepyornotel ta opdApata oedibag ot pvhun GPU, xprnowonoioviag
) pvhpn RAM tou ouotfjpatog wg swap space. '‘Otav 1 Mvrun GPU eivat oversubscribed,
10 ABpolopa TV EKX®PIOERV Pviung v diepyaociov GPU unepBaivel ) @UOKY X®PnTi-
kotnta GPU, £tot propet va oupBouv opddpata oedidag kat ermakodoubrn é§won oedibav.

Qotoo0, oty £191K1) Mepintworn Xprong v dtadpactikmv goptinv epyaciag ML (Jupyter),
rapoAo 1ou 1oAAEg Siepyaoieg £xouv ekxmprioet pvnurn GPU, tig ieploodtepeg QOpEG OVO
pia depyaoia Sa exkkivel evepyd mupnveg (Sa xpnowponotet evepyd) (o)tnv GPU. Qg ek t0-
Utou, auty) 1 Siepyaoia Sa unootel meploplopévo povo aptbpod opaipdtev oedidag (kat otn
ouvéxela ot aAdeg Siepyaoieg 9a urootouv e§woelg) KAtd TV avAKINnon TOU OUVOAOU gpyaciag
g ot euotkn pviun GPU otnv apxr] tng UMOAOY10TIKNG putg. ®a 0AoKANp®OoEL Ty pirn
g Houleldg g amo v apxr) £wg 1o 1€Aog Xwpig va urootei £€tpa opadpata oeAidag.

Axoun Kat otav reploodtepeg aro pia diepyaoieg vnoBaAdouv doudeld ounv GPU tau-
1oxpova, ermrtAéov opapata oedidag (EKTOG amo Ta ap)XiKA mou MePypAPoUnE TTAPATIAVE)
9a ocupBouv povo eav 1o abpotopa twv dedopévav mou eeépvouv ot pvhun GPU ya ) ou-
YKEKPIHPEVH] UTTOAOY10TIKY pur) unepBaivel tn @uoikn xepnukotnta mg GPU pvhaung. Ta
pa NVIDIA Tesla P100 pe pviun 16 GB, autd onuaivet oti: M_bst (A) + M_bst (B) > 16

GiB, ¢6rou 1o M_bst énA®vet 10 «péyebog Pviing IOV AmAtteitdl yid autr) TV UITOAOY10TIKI)
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puttp, Kat ta A xkat B eivat ta ovopata wev diepyaociov. To M_bst sivatl cuvrBwg pikpotepo

arno 1o péyebog g ekxwpnOeioag pvnpung g diepyaoiag, apou:

e Ta ML Frameworks ouvr|0mg umepeKTipouv v mpaypatky avaykn o GPU pvhun
Kat 6ev oUpPIKVOVOUV TIOTE T1§ eKXwpnoelg (allocations) toug. (to TF kavovikd exkxwpet
OAn ) pvipn)

e dev xpnowpornoteitat 0An n ekxwpnOeioa pvhn oe KAOe UTTOAOYIOTIK) PITr)

®a nmapdaoyxoupe twpa oplopéva otoixeia oxetkd pe tg GPU, 1a oroia emnnpedalouv v e-
Ktipnor pag yia to thrashing:

1. Aev priopoupe va gdéyfoulie/otapatjooupe évav rupnva mnou tpexetl oty GPU. 'Evag
ruprjvag (kernel) eivat piia ocuvaptnon rou skteAeitat otnv GPU. Ot ekkivroglg iupnva
etvat aouyypoveg kat pua Siepyacia propei Povo va UumoBAAel epdTNIIA OXETIKA HE
Vv O0AOKANP®OT TG epyaociag rmou urnoBAndnke otv GPU kaAoviag v ouvaptnon
cudaDeviceSynchronize().

2. Mua epappoyry ML &ekwva x1Aiadeg nupriveg GPU, kaBévag ard toug oroioug eivat

PKPOG (HePIKA X1A100TA TOU HEUTEPOAETTTOU)

®a avagpepboupe oe autd ta 2 onpeia apyotepa, O0Tav Imaipvoupe 11§ aroPpaceslg pag yia 1o

NG va xeiptotoupe 1o thrashing.

4.4.2 dogbreed: Anploupywvtag £éva oevapio thrashing otnv GPU

Tpornonowjoape 1o dogbreed-v2 Kale example [42], kdvovtag to va Xpnotpornotetl éva
Baputepo poviedo ML (Resnet152) kat aAddSape to batch xkat image size, rpooradoviag va
dnpiovpyrooupe éva «Bapu» Notebook. Ilpéret va £€xoupe Katd vou OTL, 6Tav oUyKpivoupe
T0Ug Xpovoug ektédeong, Sev Eobevetal 0An 1 opa otov urtodoylopd GPU kabwg exteAeitat
emiong kat o kodikag CPU. H nmapdAAnAn exktédeon duo Notebook peidvel 10 xpovo mou a-
@lepavetal otov urodoylopo g CPU kat, oe YeVIKEG Ypap[EG, 00nyel 08 PEIOIIEVO CUVOALKO
XpOvo ektédeong, rmapolo mou ot rupnveg GPU amnd dadopetikég diepyaoieg dev propo-
UV va eKtedeotouv rnapdAinda. Zinv nepimoon tou dogbreed-resnetl52, oxedov 6Aog o
Xpovog apiepovetal o urodoylopoug GPU, kabmg 1o KUplo £pyo yiveral PEowm emavaAnrtt-
K1g eknaideuong tou poviedou Resnet. Metatpénoupe 1o Notebook oe python script yia va
dleukoduvoupe ) doxkiun (aAAd e§akodouboupie va avapépoviat oto oevapio oG "Notebook"),
KaBwg katapyoupe v avaykn xpnong GUIL. ®a avadpepopacte emmiong o€ AUTo 10 TPOITOITOL-
nuévo dogbreed pe to Resnet152 wg "dogbreed" oto £§rg. E6w eivat 1o dogbreed-thrashing
npoypappa pag:

Listing 4.1: dogbreed-thrashing Python script

1 import os

2 import numpy as np

3 import tensorflow as tf

4 import matplotlib.pyplot as plt

5 from tensorflow.keras.preprocessing.image import ImageDataGenerator

6 from glob import glob
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7 from PIL import Image

8 from PIL import ImageFile
9 import time

10

11 ImageFile.LOAD_TRUNCATED_IMAGES = True
12

13 LR = 6e-4

14  BATCH_SIZE = 64

15 NUMBER_OF_NODES = 256

16 EPOCHS = 5

17 IMG_SIZE = 224

18

19 def get_train_generator():

20 data_datagen = ImageDataGenerator(

21 rescale=1./255,

22 width_shift_range=.2,

23 height_shift_range=.2,

24 brightness_range=[0.5,1.5],

25 horizontal_flip=True

26 )

27 return data_datagen.flow_from_directory(
28 "dogImages/train/",

29 target_size=(IMG_SIZE, IMG_SIZE),
30 batch_size=BATCH_SIZE,

31 )

32

33 def get_valid_generator():

34 data_datagen = ImageDataGenerator(rescale=1./255)
35 return data_datagen.flow_from_directory(

36 "dogImages/valid/",

37 target_size=(IMG_SIZE, IMG_SIZE),

38 batch_size=BATCH_SIZE

39 )

40

41 def get_test_generator():

42 data_datagen = ImageDataGenerator(rescale=1./255)
43 return data_datagen.flow_from_directory(

44 "dogImages/test/",

45 target_size=(IMG_SIZE, IMG_SIZE),

46 batch_size=BATCH_SIZE

47 )

48

49 dog_classifier = tf.keras.applications.ResNet50V2(
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50 weights="imagenet",

51 input_shape=(IMG_SIZE, IMG_SIZE, 3)
52 )

53

54 def is_dog(data):

55 probs = dog_classifier.predict(datal[0])
56 preds = tf.argmax(probs, axis=1)

57 return ((preds >= 151) & (preds <= 268))
58

59 train_generator = get_train_generator()
60 batch = train_generator.next()

61 predictions = is_dog(batch)

63 n_dog = np.sum(predictions)

64 dog_percentage = n_dog/BATCH_SIZE

66 print('{:.0%} of the files have a detected dog’.format(dog_percentage))

68 start_time = time.time()

69 resnet_body = tf.keras.applications.ResNet152V2(

70 weights="imagenet",

71 include_top=False,

72 input_shape=(IMG_SIZE, IMG_SIZE, 3)
73 )

74  resnet_body.trainable = True
75 inputs = tf.keras.layers.Input(shape=(IMG_SIZE, IMG_SIZE, 3))
76 x = resnet_body(inputs, training=True)

77 X tf.keras.layers.Flatten() (x)

78 outputs = tf.keras.layers.Dense(133, activation="softmax") (x)
79 resnet_model = tf.keras.Model(inputs, outputs)

80 resnet_model.compile(

81 optimizer=tf.optimizers.Adam(learning_rate=LR),
82 loss=tf.losses.categorical_crossentropy,

83 metrics=["accuracy"]

84 )

85 train_generator = get_train_generator()

86 valid_generator = get_valid_generator()

87

88 resnet_model.fit(train_generator, epochs=EPOCHS,
89 validation_data=valid_generator

90 )

91

92 test_generator = get_test _generator()



4.4 Tlapoxn evog pnxaviopou yia v aviipetornorn tou thrashing

93 test_loss_resnet, test_accuracy_resnet = resnet_model.evaluate(test_generator)
94

95 print(f"The accuracy in the test set is {test_accuracy_resnet:.3f}.")

96 print(test_accuracy_resnet)

97 print("--- %s seconds ---" % (time.time() - start_time))

o Ilpota extedéoape éva aviiypago tou Notebook kat petprioajie 1ov Xpovo eKTEAEONS
Kat 1 xpnon pvripng GPU.

e X1n ouvexela, ektedéoape duo aviiypaga tou Notebook napdAAnAa, oe diadopeg ouv-

9nkeg.

Xpnowonowoape g apapérpoug [EPOCHS = 5, IMG_SIZE = 224] yia 6Aeg 1g okipég. O
ap1Bpog twv Epochs dev ennpeddetl 1o amotuneopa Pvnpng, ennpeadet povo 1ov aplbpo tewv
EMAVAATPEDV KAl 0 XPOVOG eKTEAEOTG akoAouBel pia oxebOv ypapiKn oX€or pe Tov apifpo
t®v Epochs. AapBavoupe 1o «GPU Memory Usage» aro 10 gpyaldeio nvidia-smi. 'a ta
oevapla "Solo", poévo pia diepyaoia exktedeitatl povr mg. Agixvoupe 1a aroteAéopata otov

IMTivaka 4.2

Batch Size (Peak) GPU Memory Usage (MiB) Execution Time (s)

16 11196 752.8
32 11196 752.8
40 11196 750.7
64 15806 750.4

Table 4.2: Solo dogbreed runs

Avo Notebook sxkteAoupeva nnapdAinia:
H xpnon pvhpng GPU peyiotoroeitat ota 16259 MiB yua batch size > = 32 kat avarnogpeu-
kta oupBaivouv opaApata ogdidag. Opiloupe TOV XPOVO EKTEAEOTS WG TOV CUVOALKO XPOVO
0AOKANP®OTG, TIOU €ival O OUVOAIKOG XPOVOG £0G OTOU OAOKANP®OOUV OAeg o1 epyaocieg. Ae-

ixvoupe ta anotedéopatd pag otov Iivaka 4.3

Batch Size (Peak) GPU Memory Usage (MiB) Execution Time (s)

16 13679 1082
32 16259 1123
40 16259 2002
64 16259 11234

Table 4.3: Avo mapaiinies extefléoeis dogbreed

e XNV NEPUTI®OOT ou 1o batch size = 32, mapoAo rou 1 CUVOALKY| TTOCOTHTA PV ILNG TTOU
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Xpnotporoteitat eivat 2 * 11196 = 22392 MiB, dev unidpyetl onpaviukn ermbpaduvon

Katd v ektédeon 6uo Notebook.

e AUTO ogeidetal Oto YEYOVOG OTL TTAPOAO TIOU 1] OUVOALKY) ekX®pnOeioa pvhun eivatl >
16GiB, ta Working Sets yia ta Notebooks eivat apketd pikpd, Gote va Py poKaiouv

peydldo apOpo opaipatev ogdidag.

e Xnpewwvoupe ot yia Batch Size = 64, o ouvoAikog xpovog extédeong ivat ~ 11000 sec,
dnAadn) 14,6 @opég 0 Xpovog exktéAdeong solo. Te autnv Vv MePIMIOT), pia TepActia
avaloyia xpovou adplepmbnke otr draxeipion opaipdatav oedidag Kat 0 Xpovog eKTéAe-

ong eivat oAU peyaAutepog amno 0,1t edv ot urtodoylopoi GPU ektedouviav og1plakd.

e Emeidn), onwg onupewwoape napandave, ot Epappoyég ML Sekivouv x1A1adeg pikpoug
uprjveg, 6ev xavoupe maviedwg tov €deyxo g GPU (0mwg ouvéBn oe mponyoupevo
KepdAato, 6rou Sekivouoape évav eviaio, tepAcTIo UPLva, Iou enavaiapBavopeva

ripoorteAauve 11§ 161eg meP1oyEG Pvrung Savd kat savda).

e Qg eK TOUTOU, Ot €va 0evaplo Orou AapBavel Xopa €vag peydlo apibpog opaipdiov
oeAidag, propouvpe va avakoudiooupe TV KATdotaon Pe VvV eAeyXOUevn) eKKivnon
MMUPNVEOV HU1ag ePAPOVLG, EIMITPEMIOVIAG TAUTOXPOVA O KATola AAAnN epappoyr va

KAVEL TOUG UTIOAOY10110UG 1§ XWPIS epnodia.

4.5 Anti-thrashing Mnxaviopog

O unxaviopoég anti-thrashing pag Bacidetat ownv 16¢a evog global GPU lock. Movo n
diepyaoia, n omoia kpatd to global lock prnopet va SouAéyet otnv GPU. 'Evag 6popiodoyntng
draxerpiletat 1o lock. AapBdvel aurpata anod toug rieddieg-clients (diepyaoieg), ekxmpet to
lock oe pa Gigpyaocia yla éva kBavio xpovou kail avaktd to lock amo ) diepyaoia otav

rapéABet 1o TQ.

4.5.1 Emoxonnon

[MapaBétoupe v apBunpévn Aiota Pnpdtev n oroia napouotadet 1 Asttoupyia tou anti-
thrashing pnyaviopou pag, and v omukn yeovia puag veo-dnuioupynOeioag Siepyaoiag
Xpnom:

[Xpnowomnowuvue pa diepyaoia Jupyter Notebook wg tnv gpgapuoyn mouv ektefei o ypnomg. Ta (a),
(b) Bripata umopouvv va ovubouvv os orowadnnote ocpd. Ta (i), (ii) fripata ovpubaivovv ue n dnAwdeioa

osipa.]

1. H &iepyaoia IPykernel (Jupyter backend) skkiveitat

2. O Id.so goptavet v libunified.so, apou epnepiexetat ot petaBAntn nepiBaiioviog
LD_PRELOAD.

3. H &iepyaoia kaAel v culnit() (avuty eival maviote n nmpot KAnon cuvaptnong CUDA)
4. H hooked ekdoxn tng culnit kaAetl tv ocuvdpinon initializer pag

5. H ouvaptnon initializer pag dnuoupyet ta vijpata A & B.



4.5 Anti-thrashing Mnyaviopog

10.

11.

12.
13.

(@) To vApa A eyypagetat pe tov daemon:
message_type="REGISTER"

data=[ID, client thread B socket path]
(B) To vfjpa client B akouet oto client socket path (povadikodg rmpoobioptobév ano to

ID) yia pnvupata arnd tov daemon.

. O daemon otéAevet éva SCHED_ON r) SCHED_OFF urvupa oto client socket (vijpa B).

Auto 10 ogvdaplo meptypadel pa rnepintoon onou o scheduler sivat evepyortoinpévog,

ortote o daemon otéAvel éva SCHED_ON upnvupa.

. O rdikag xpriow kaAet v cuLaunchKernel() (ta i6ia woxvouv kat yia tig cuMem-

cpy() ouvaptoeig), yla v omoia n libunified.so éxet eykataotrjoet éva hook (ag to

ovopaocoupe cuLaunchKernel_hook)

. H cuLaunchKernel_hook() eA¢yxet tnv tir) tou have_lock. Av sivat yeudng, tote 9Etet

wmv need_lock = true. 'Enettatl prlokapet émg 6tou n have_lock yivet aAnorg.

(i) To client vijpa A napatnpet 6t n need_lock eivat aAnbrg

(ii) Ztédvel éva REQ_LOCK urvupa otov daspiov
(iii) Ztn ouvéxela avapével €éng otou AdBet éva LOCK_OK prjvupa ano tov daemon.
(iv) To client vijpa B 9¢te1 v have_lock oe True kat tnv need_lock oe False.

H cuLaunchKernel_hook() eprmlokdapet agpou n petabAntr) have_lock eival True. Zu-

veyidel pe 10 Kuplng oopa g ouvaptnong kat urtoBaiiet ouvdera omyv GPU.

'‘Oco 1 petaBAnt) have_lock eivat aAnbng, kabe cuLaunchKernel kat cuMemcpy

KA1 On eKTeAeital anpOoKOrTI.

To client vijpa B AapBavet piia DROP_LOCK evtoAr| ano tov daemon. ®¢tet tv have_-
lock oe weudn (wote va pnv unoBdadAetat véa 6ouleld amnd v diepyaocia otmv GPU)
Kat kadei mv cuCtxSynchronize() (n oroia sivat blocking) mote va e§aocpaldiost nog
ortoladnmote 6ouleld €xel katatebel mponyoupéveg oty GPU eivat oAorAnpeopévn.

TeAwkd otéAvel pia LOCK_RELEASED arndavinon otov daemon.
Ta BApata 7-11 srtavadlapBavovial péxpt tov tepuatiopod g diepyaoiag.

Katd v €€060 tou mpoypapparog, o client artedeubepmvet 1o lock oe mepirnworn mou

10 KPATd akoud.
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4.5.2 Zxediaopog

[Napouotddoupe tpa ) Aoyikn 6Awv TV otoixeiov o daypdppata pong:

Hooked Function:

hooked_function()

have lock=True set need_lock=True

Yes have_lock=True

Y

call real function

return

Figure 4.1: Awaypauua porj¢ Hooked ouvaptnong

No
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client_thread B

Listen on socket
SOCK_PATH

process exit .
------------------------------------------- client_thread A

Send LOCK_RELEASED

Y

Register to daemon (ID
and SOCK_PATH)

to daemon if holding lock

Receive Message from
daemon

False

scheduler_on

Message Type

v v v v

No
‘ SCHED_ON ’ ‘ SCHED_OFF ’ ‘ LOCK_OK ’ ‘ DROP_LOCK ’
\ 4 \ 4 \ 4

1. Send REQ_LOCK to daemon h ook = 1 ; hagtUSOCk:O ize0)

2. Wait on condition variable (got_lock_cv = = - have_lock = - cuCtxsynchronize
(9ot fock-o0 4‘ scheduler_on = True scheduler_on = False 2. signal got lock_ov | [3. Send LOCK_RELEASED

to daemon
A

signal got_lock_cv (so thread
A gets unstuck if waiting to get
lock)

Figure 4.2: Awaypauua porg Client
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Aagpov:

daemon

lscheduler_on = False
set SIGUSR(1,2}
handlers

daemon thread A daemon thread B

Listen on
DAEMON_SOCK_PATH
SIGUSR1

v v
] Manage the lock
Message arrives sigusr1_handler() sigusr2_handler()

scheduler_on=True {sohedu\er,on:Fa\se

SIGUSR2

False

s Notify all clients when status
scheduler_on changes

e.g. if ON->OFF
isend SCHED_OFF to all clients)

i True

[ REQ_LOCK } { LOCK_RELEASED ]

REGISTER

Append client
{ID, socket} to clients list

client_requests==nil

Append client to

requests list lock_holder == client

1. h=pop(client_requests)
2. Send LOCK_OK to client_info[h]
3. set lock_held=True

lg. set lock_holder=h

Signal cond variable

scheduler_on

to notify

holder_has_lock_cv
hread B

wait until
la) timeslice expires OR
b) lock_held==False (due to relinquish)

Send SCHED_ON Send SCHED_OFF

to the client to the client

1. Send DROP_LOCK to lock_holder
2. wait on condition variable

4. set lock_holder=NULL

Figure 4.3: Awaypauua porj¢ Daemon
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4.5 Anti-thrashing Mnyaviopog

4.5.3 YAomoinon

'Exoupe 16n vdorowjoet v libunified.so og kowvoxpnotn PiBA0Onkn ypappévn otn
vAoooa C. EmAégape va ouvexiooupe oe C, KaBog mpoodepel KaAutepn anodoon Kat Ae-
rriopepn) €Aeyxo. Ta v erukowwvia petadu client kat daemon, eruAé§ape va Xpnoonot-
fiooupe UNIX Sockets (SOCK_STREAM - 10 1008uUvapo tou TCP) kabog dAeg ot Siepyaoieg
Bpiokovtat otov i610 puokd kopBo. O anti-thrashing scheduler averttuxdn wg §exwpiot)
Siepyaoia kat 6An n erukowevia petagu tou scheduler kat tou client (vijpata) paypatornote-
ttat péow UNIX Sockets mou Jouv kat® amnd to directory "/tmp/libunified". Mniopoupe va
EVEPYOITO|OOULLE KAl VA ATIEVEPYOITO|O0UE Tov Spopodoyntr) otéAvoviag éva onpa USR1
kat USR2 avrtiotoka ot Siepyacia daemon (scheduler). Agou evepyoroinOei, o popolo-
ynu)g €1dorotel apéong 0Aeg TG UMo eKtéAeor] diepyaoieg Kat apyxidel va emnedepyadetal tig

£10epX0OHEVEG attroelg yia xpnorn g GPU.

4.5.3.1 'EAcyxog tou lock o hooked cuvaptroeig

'Exoupe tporonoifjost v unapxouoa PiBA1o0nkn pag. Ot mapepBaldopeveg ouvaptroelg
TOPA TIPOX®POUV HE T SOUAEId TOUG POVO edv 0 OUYKEKPIEVOG client €xetl to global lock.
Etlodyoupe pa kAfon oty hook_check_lock() otnv ekkivnorn tou kernel kat otig Asttoupyieg

avilypadng Pvhpng pokeipévou va egacpaldiooupe nwg n diepyaoia pag katéxet 1o lock.

Listing 4.2: Lock-checking logic for hooked functions

1 void hook_check_lock(void){

2

3 if (!(have_lock)) {

4 need_lock = 1;

5 // Handle contention; many application threads may call CUDA functions
6 pthread_mutex_lock(&need_lock_mutex);

7 pthread_cond_signal(&need_lock_cv);

8 pthread_mutex_unlock(&need_lock_mutex);

9 pthread_mutex_lock(&have_lock_mutex);

10 // wait until we acquire the lock
11 pthread_cond_wait(&received_lock_cv, &have_lock_mutex);

12 pthread_mutex_unlock(&have_lock_mutex);

14
15 did_work = 1;
16 return ;

17}
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4.5.3.2 Emxowvevia

Txebldoape kat vdomnowrjoape 10 51kKO pag MP®TOKOAAO ermkowveviag ndave arnd Unix
SOCK_STREAM sockets. ITapoucidloupie 6Aa ta mbavda osvapla ermkolveoviag otov [iva-
Ka 4.4:

Source Destination Message Type data (/notes)
cA dA REGISTER (ID, SOCKPATH)
cA dA REQ_LOCK (ID)
cA dA LOCK_RELEASED (ID)
dB cB LOCK_OK -
dB cB DROP_LOCK -
dA cB SCHED_ON (immediately after REGISTER)
dA cB SCHED_OFF (immediately after REGISTER)
dB cB SCHED_ON (on scheduler status change)
dB cB SCHED_OFF (on scheduler status change)

Table 4.4: INpotokoAfo smikowoviag

Xpnowporoovpe éva kowvé packed 5 struct Message yia kdfe avtaAdayry mnpopopiag

(prvupa).

Listing 4.3: Our Message struct

#define MSG_TYPE_LEN 16
#define MSG_DATA_LEN 40

struct message {
uint64_t id;
char type[MSG_TYPE_LEN];
char data[MSG_DATA_LEN];
} __attribute__((__packed__));

4.5.4 To xBavto xpovou tou Spopodoynty

To TQ &nAwvel 10 Xpovikd diaotnpa yia to oroio o scheduler divel o lock oe évav client.
Mropoupe va aAddagoupe duvapikda to TQ tou SpopoAoyrtr) avda rdoa otyprn otédvoviag éva
CHANGE_TQ prjvupa oto daemon socket. Xprnoi1orotoUupe éva Eexmpilotod npdypappda yia
aUTo TO OKOITO, TO OITO10 IMaipVvel T0 VEO KBAVTO XpOVOU kG OP1oHA KAl OTEAVEL TO TIpoavadepBEv

pnvupa otov daipova.

e 'Eva pikpotepo kBavio xpovou onpuaivel rieplocotepn dadpaoctikotnta, Kabwg ot rie-

Adteg pe pikpotepeg pueg GPU dev 9a mpénet va mepipévouv miocm and adloug pe

Shttps://gce.gnu.org/onlinedocs/gec-4.0.2 /gee/Type-Attributes.html




4.6 Evooudteon pe tov Kubernetes

PEYaAUTEPES KAl PITOPOUV Vd ETTIOTPEWPOUV TA ATIOTEAECIIATA OTOV XPL0TL) ITI0 YP1yopa.
'Eto1, éva pmikpotepo TQ avaxkougilel 1o Head-of-line (HOL) pridokapiopa.

e Qoto00, kABe @opd 1ou 1o lock aAAddel ta xépla, 0 VEOG KATOXOG TIPETIEL VA QEPEL
€K véou ta debopéva tou oty GPU (kat va ekbindet Sedopéva ard adAov) mpv Kavet
Sdouldeld. Autd ogeidetal oto yeyovog ot eetadoulie oevaptla orou 1 pvrpun GPU eivat
oversubscribed, xkat ta Working Sets 6Aov tov client dev xopouv ot pvipn GPU. Qg
€K TOUTOU, €va pikpotepo TQ odnyel oe peyaAutepo apiBpo opaipdrev osAidag rmou
petappdadetal oe €va HPeyaAutepo Xpovo aAlayrg context kabBmg kat o€ PeyaAutepo
OUVOAKO XpOvo oAoxkAnpwong (TCT).

e 'Eva peyadutepo TQ odnyet oe pikpotepo overhead yia context switching (agpou oup-
Baivel Atyotepeg opeg) KAOMS KAl CUVOAIKO XPOVO EKTEAEOTG, 1€ TO PEIOVEKTINHA TOU

va givat éva petwpévo erminedo eprnepiag KAl armokplong Xpnotn.

4.6 Evoopatoon pe tov Kubernetes

Topa TIOU £XOUHE £TOTHO TOV PNXAVIOHO Hag, Nede n opa va 10V EVORPATOCOUHE HE TOV
Kubernetes, €101 0ote 01 Xprioteg va PIopouv €UKOAA va TOV EYKATACTII|0OUV Ot ouototyia
TOUG K1 va artoKOPicouv ta opeAn rou nipoopépoupe. ‘Exoupe 116n avaduoet wg Asttoupyet
1o nvidia-device-plugin, rou eivat o de facto tporog xeipropouv GPU otov Kubernetes. M
ypriyopn avabecpnorn v Siaypappdieov akoAoubiag Sa sival Xprjoidn yia v Katavonor)
TOU UIOAOIIOU auTrg Tng evotntag. ®@&loupe va egppeivoupie og autd 1o 0X€610 Kal va 1o
aAddoupe pe évav eAdaxioto Tporo yla va ekbéocoupie tov pnxaviopd pag. H dnuoupyia
tou 61koU pag device-plugin 9a pag ermrpéyet va dSaprnpiocoupe pua kowoxpnotn GPU og
éva extended resource, €MIPENOVIAS OTOUG XPNOTEG va {nIrjoouv autdv Tov MOPo KAt vd
EVOOUAT®OOUV €UKOAA TOV prXaviopo pag ota Pods toug. T'a 1o okoro autd, oxediaoayie

Kat vdornorjoape to alexo-device-plugin.

Listing 4.4: alexo-device-plugin Daemonset YAML

1 apiVersion: apps/vl
2 kind: DaemonSet
metadata:
name: alexo-device-plugin
namespace: kube-system

spec:

metadata:

4

5

6

7 template:
8

9 labels:
0

name: alexo-device-plugin-ds

11 spec:

12 tolerations:

13 - key: alexo.com/shared-gpu

14 operator: Exists

15 effect: NoSchedule

16 priorityClassName: "system-node-critical"
17 containers:
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18 - image: alexo-device-plugin:v0.0.2-ubuntul6.04-bd0fc6a
19 name: alexo-device-plugin-ctr

20 #args: ["--shared-gpus-per-gpu=3"]

21 # env:

22 #- name: LIBUNIFIED_SRC

23 # value: "/path/to/libunified/src"

24 #- name: LIBUNIFIED_DST

25 # value: "/path/to/libunified/dst"

26 securityContext:

27 allowPrivilegeEscalation: false

28 capabilities:

29 drop: ["ALL"]

30 volumeMounts:

31 - name: device-plugin

32 mountPath: /var/lib/kubelet/device-plugins
33 - name: host-libunified

34 mountPath: /usr/lib/arr-gpushare
35 resources:

36 limits:

37 nvidia.com/gpu: 1

38 - image: alexo-device-plugin:v0.0.2-daemon-ubuntul6.04-bd0fc6a
39 name: alexo-device-plugin-gpu-scheduler
40 securityContext:

41 allowPrivilegeEscalation: false

42 capabilities:

43 drop: ["ALL"]

44 volumeMounts:

45 - name: host-scheduler-socks

46 mountPath: /tmp/libunified

47 volumes:

48 - name: device-plugin

49 hostPath:

50 path: /var/lib/kubelet/device-plugins
51 - name: host-libunified

52 hostPath:

53 path: /usr/lib/arr-gpushare

54 type: DirectoryOrCreate

55 - name: host-scheduler-socks

56 hostPath:

57 path: /tmp/libunified

58 type: DirectoryOrCreate




4.6 Evooudteon pe tov Kubernetes

To Daemonset © pag epnepiéxet 2 Pods (1o kdBe Pod extedei éva povo container):

¢ alexo-device-plugin: auté to Pod vlorotei v Aoyikr) tou device-plugin, ermxkowve-

vovtag pe 1o kubelet kat xepi¢opevo ta Allocate requests yia tov mopo "alexo.com/shared-

gpu". Eniong eykabiota v libunified.so oto directory /usr/lib/arr-gpushare.

e gpu-scheduler: Auto to Pod uloroiei tov anti-thrashing scheduler pag. ExteAeti to

daemon/scheduler container. Emkowevel pe 11g epappoyeg xpnotov péoe UNIX

Sockets ta omoia untapyouv oto directory /tmp/libunified. AnAdvoupe pnta 1o Vol-

umeMount yia autd to directory oto YAML apyeio.

I ouvéyelwa napabétoupe pa apOpnuévn Alota Pnpdtev rmou SeiXvel TG eVEPYELEG TTOU

Krdvet to device plugin pag.

1. AwBadet v tipn g petaBAntrg NVIDIA_VISIBLE_DEVICES arno 1o niepi8daiAov tou

Kdl T Xpnotporotel peenettatl oote va ekféoet v GPU ota Pod twv xpnotov. Autr

etvat n mpaypatkny GPU, v oroia Siaxepidetat to nvidia-device-plugin.

. EykabBiotd v libunified.so otov kép6o oty torobeoia /usr/lib/arr-gpushare xata

mv ekkivnon. (Yotepa divel obnyieg oto kubelet va kavet mount 10 CUYKEKPIIEVO

povoriatt ota Pods 1ev xpnotov rmou {ntouv 1 shared-gpu pag.)

3. Awapnpidetl tov mopo alexo.com/shared-gpu oto cluster (default 1000 cuokeuEg)

4. Anavta oe Allocate Requests amné 1o Kubelet, 6ivovidg tou 0dnyieg va:

(a)

(B)

)

®)

Kdver mount v shared library pag, libunified.so, péoa oto file system tou Pod.

H B18A10011kn pag vdormotei v mAeupa tou client tou anti-thrashing pnxaviopou
Hag, Oneg eEnyoulie OtV MPONYOUHEVH] EVOTITA.

Kdver mount 1o directory tov socket tou pnxaviopou pag, outag wote ot Slepyaoieg

va PItopouV va £MKOIVAVIOOUV e To Spopoloyntr.

9étet i petaBAntn epiBaidoviog LD_PRELOAD oto povoniatt /usr/lib/arr-gpushare/
libunified.so

9éter ) petabAnt) mepiBaddoviog NVIDIA_VISIBLE_DEVICES ion pe to GPU-
UUID mou aroktape péow tou alexo-device-plugin Pod, 1o omoio {nta pua "n-
vidia.com/gpu" mpoxkepévou va ekBeéooupe v GPU (oupdova pe tig apxég Ast-
toupyiag tou nvidia-container-runtime) oto Pod tou xprjotr to oroio {nta "alexo.com/

shared-gpu"

O1 Xprjoteg PITOPOUV TOPC Va £YKATACTICOUV 10 alexo-device-plugin pe pia evioAr)

kubectl apply: $ kubectl apply -f alexo-device-plugin.yaml

5Eva DaemonSet s§aopailet mog 6Aot (o1 pepikoi) kK6pBotl ekTeEAOVV éva avriypado kdaroiou Pod.
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A§loAdoynon

O pNxaviopog pag emIpErnel véa oevapld, Ota OIoiad MTOAAEG ePaPIOYES XPTOTOV [IIT0PO-
Uv va popadoviatl v i6ta GPU xwopig meplopiopoug ot Pvhpn. Le auto 1o RepaAato da
OUYKpivoue Tov punxaviopo pag pe v tedeutaia Aggn g texvodoyiag. Ia tig véeg mept-
TIIWOELG TIOU UTTooTnpidovtal povo PEC® TOU PNXAVIOHoU 1ag, PITOPOUHE vd TOV CUYKPIVOULE
BOVO 1€ TOV £aUTO TOU €KTOG Ao T0 baseline tng oe1plakng eKTEAEONS.

Ot 8radpaotikeg epappoyég (onwg ta Jupyter Notebooks) 6ev éxouv nenepaocpévo Xpovo
extédeong (oute €xouv mporkabopiopévr dopr - 0 xpriotng propei va adiagel Suvapikda ta
KeAld KOOKaA). Q¢ €K TOUTOU, Hev UMAP)XEL ATTAGG TPOTOG Yld TOV KABOPIoPO ITOCOTIKGOV
HEIPH0E®V Y1d TA XAPAKINPIOTIKA EKTEAEONG TOUG, £181KA ®G IIPOG TO XPOVO OAOKAINPKOTG.
[Ma va a§lodoyrjooupe to pnxaviopo pag, da Baoiotovye os pn dadpactikda (conventional)
npoypdappata. E€etdloupe povo oevdpila ota ornoia exktedovuviatl apddinda vo diepyaoieg,
urtoBaddoviag Soudela omyv GPU. To oevaplo rou 9a egetdooupe eival 10 Xe1potepo (rmo
UTTOAOY10TIKA €VIATIKO) yla v nepimoon d1adpaotikoy @optou epyaciag Kal mapexet £va
oap£g PECO TTOCOTIKOIIOINONG KAl a§loAdynong TV XApaKINPloTIK®V arnddoong tou pnxavt-
opovu pag. H ocupniepigpopd g anodoong kate aro aAndwva Stadpactikd goptia propet va
eival povo KaAuteprn aro auvtr) rou 9a PETPHOOUNE O aUTo T0 KEPAAdlo.

Eipaote oAy 1kavoronpévol adpou 0 pnxaviopog pag arnodidet efaipetikd KaAd akopn
Kat yla pn dadpaoctika (conventional) goptia, ota omnoia Hev urtapxouv repiodot adpaveiag
yla tig diepyaoieg. Autd onpaivetl 0Tt 0 PnYaviopog 1ag mapeXel £vav TPOTO0 PEYI0TOTION|0NG
g adlortoinong g GPU axkdpn kat t€toou eidoug Souletég kat propei va @avei Xpriotpog

oe éva TIOAU €upUTEPO PAoHA EGAPPOYQV.

5.1 EpyalAeia, MeOoboAoyia rat IIepiBaidov

[Tpaypatorowjoape ta nepdpatd pag oto Google Cloud Platform. Xpnowporowoaye
£vav povadiko kopBo, stordtopévo pe CPU 16 muprjvev (Intel Xeon 2,3 GHz - Haswell),
104 GB pvnung RAM kat GPU NVIDIA Tesla P100 (GP100GL) pe pviun 16 GB. H couita
a&lodoynong pag rniepdapBavel 4 ML epappoyég ypappéveg oe Tensorflow rou niepiéxouv éva
ouvbuaonod pepov CPU kat GPU. To tpfjpa CPU kaBe epappoyrg eKmatdevetl éva P1OViEAo
ResNet152v2 [43] yia Aiya pévo Prjpata (kabog n exknaibevon oty CPU eival pia tagn
peyéboug 1o apyn ano o,tt otnv GPU). To turpa GPU eknaidevel emiong €va HOVIEAO
ResNet152v2 yia 5 Epochs.
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Apxikd dnpoupyrnoape 2 Bacikeg eQAPIOYES, HE T Peyadutepn diadopd Toug va eivat 1
xpnon pvhung GPU. H epappoyr) small xpnotponotet niepinou 7 GB pvrung GPU kaB '0An
1 S1dpKkela g EKTEAEONS, YEYOVOG ITOU Kabiota duvatr) tr) ouoteyaor duo small epappoyov
oty 161a GPU und pnxaviopo tunou Kubeshare kat kaBiwotd Suvatr ) oUykplon anoboong
ToU pe tov pnxaviopo pag. H epappoyr) big xpnowonotei niepimou 15 GB pvhung GPU.
Auto onpuaivel 6t oroladnrote AAAnN UMAPXoUCA IIPOCEYYL0n] €KTOG arod 1 Sikn pag dev
priopet va tpétet 8uo big epappoyég oty i81a GPU napdAAnda. Auty ) undBeorn nporadet
ertiong thrashing kat® amo Tov pnxaviopo pag, omnote KAl eAEYXEL TA OP1A TOU UTIO PEYIOT)
ieoT.

Anpioupyoupe 6U0 mepattép® ePpappoyég and kabe pa ek v big kat small Bdoswv.
Aagoporioloupe 10 peiypa uroloylotikev tpnpatov CPU / GPU (avagopikd pe to Xpovo
EKTEAEOTG) Y1a va SOKIPIACOUHE KAl va eEeTACOUE Pla TOKIAlA oevapiov epyaociag, eite mo
Bapid wg nipog ) xpron GPU eite o 10opponinpéva. Emdéyoupe tig avadoyieg 90/10 (90
GPU, 10 CPU) kat 50/50. Opidoupe toUg AOYOUG @G IPOG TO XPOVO eKTEAeong Otav pia
6ladikaoia extedeitatl «povn» oto ouotnpa.

[a 1o urdAotro autrg g agloddynong da Sewpricoupe tautdonuoug toug époug Work-
ing Set Size (WSS) kat Memory Usage otav pldape yta GPU. To péyeBog tou Working Set
etvat évag 1o Aemtog 6pog Kat og oevapla ML avunpooenievet ) pvhpn GPU nou anatteitat
yla kaBe emavaAnmnuko Pripa training. Emopéveg, propet va eivat ikpotepo amo 1) PEyotn
XPH oM PVIINgG NG £Ppappoyns, Kabwg, onwg sinape, ta miaioia ML uniepektiplouv ty npay-
patkn) fmon Kat §ev PelOvVouV ToTE ) XPNOo1 NG PUVAHNG TOUG. AUTO IOU IEPLPEVOULLE
etvat ot otav 10 aBpoiopa twv WSS duo epappoyov uniepBaiver ) guoikr pvnun GPU, Sa
epgpaviotel thrashing kat pe autd katd vou kataokeuadoupe tig big epappoyeg. Mropouv
va unapgouv reputtooelg orou 1o thrashing 8ev ocupBaivel, akdpn Kat 61av 10 CUVOAIKO
abpoilopa TV EKX®PNoE®V PvARNGS petady tov Siepyaciov eival PeyaAUtepo amo T PV
g GPU. Autd oupBaivet ereidr] 1o abpotlopa tou WSS efakoAoubel va xwpdast ot pviun

GPU. Aeixvoupe 10 TeAKO pag oUvoAo 4 epappoywv otov [ivaka 5.1

name  GPU Working Set Size GPU/CPU ratio

small_90 7.2 GB 90/10
small_50 7.2 GB 50/50
big_90 156.3 GB Q0/10
big_50 16.3 GB 50/50

Table 5.1: Ta mpoypauuata adlofoynorg uag

Extedéoape 0Aeg TG ePPAVIOELS TOV MEPAPATOV Pag @g container os éva Debian host.
IMa va petprjooupe toug Xpovoug exktédeong tou Kubeshare, unoBalape ta container cav
(Share)Pods otov Kubernetes kat kaBopiocape to attnpa pvrpung GPU oto nedio "Annota-
tions", oupPwva pe tg erionpeg 0dnyieg repository tou Kubeshare [44]. Aev priopoupe va
extedéooupe ta big mpoypappata péowm tou Kubeshare, kabwg Sev pmopel va kavet over-

subscribe ) pviun GPU.



5.2 AnoteAéopata

5.2 AmnoteAéopata

5.2.1 Emoronnon

Asixvoupie 11§ petprjoelg pag otov Ilivaka 5.2. Apxikd ektedéoape kabepia amno ug 4 -
pappoyeg pag (solo) oe stock (NVIDIA) mode, Uotepa pe v libunified pe to anti-thrashing
AITEVEPYOTTIOUHEVO KAl TEAOG e ToV pnxaviopo anti-thrashing. Auto povielornotet tov tpomo
pe tov oroio o1 puteg GPU piag dadpactikng epappoyng Sa cuprnepipépoviav otav auvin
£rpexe Povn g Kat divel pia ektipnon g yevikng ermbBapuvong T0U PnXaviopou pag, ea-
Aeigovrag ta opdApata ogdidag 1) 11§ rapepBoAég anod epappoyég rnou Bpiokovial oe ouote-
yaopo.

X1 ouvéxela, kabBopioape 1o baseline yia tov Xpovo ektédeong 2 avitypadpwv Kabe 1po-
ypappartog nou ektedouvial napainida nodAamiaciddoviag tov solo (stock) xpovo et 2 kat
AapBdavovtag €101 Tov og1plako (serial) xpovo exktédeong. Autdg uTodnAdvetl 10 Xpovo mou Sa
Xpetagdtav yia v extéAeorn 6U0 avilypdpav £vog IIPOyPAPATog T0 €va PeTd 1o aAdo. Zin
ouvéxela, dokpaocape 1o Kubeshare yia tig small epappoyég (0niwg avapépape mmponyou-
Héveg, dev prnopel va extedéoet §Uo aviiypada tov big epappoyodv, Kabng 10 cuvodiko WSS
uniepBaivel ) puoikn pviun GPU). Aoxkiaoaye emiong v libunified xopig anti-thrashing
Kat teAdikd AdBape petprioelg pe tov anti-thrashing dpopodoyntr) evepyorounpévo kat ya
dtagpopeg TipEg tou kBaviou xpovou (TQ). AaBete unoyrn ot 1o client pépog tou pnxaviopo-
U pag anedeubepmvel autopata 1o lock miow otov Spopodoyntn petd ano 5 SeutepoAernta

Xwpig unoBoAn epyaociag ot GPU.

Method small_50 (s) small_90 (s) big_50 (s) big_90 (s)
solo (stock) 1318 692 1383 719
solo (libunified no anti-thrashing) 1332 711 1385 724
solo (libunified w/ anti-thrashing)(60) 1339 712 1390 734
serial (2*solo-stock) 2636 1384 2766 1438
2 instances in Parallel for all below

Kubeshare 1724 1078 -
libunified (no anti-thrashing) 1772 1128 11757 (thrashing) 11434 (thrashing)
anti-thrashing(1000) 2053 1361 2043 1380
anti-thrashing(500) 2053 1363 2070 1400
anti-thrashing(400) 2030 1352 2081 1405
anti-thrashing(300) 2010 1354 2085 1418
anti-thrashing(200) 2007 1360 2092 1423
anti-thrashing(100) 2010 1351 2100 1435
anti-thrashing(60) 2020 1348 2122 1468
anti-thrashing(50) 1995 1351 2145 1473
anti-thrashing(40) 1993 1343 2156 1485
anti-thrashing(30) 2017 1366 2170 1521
anti-thrashing(20) 2007 1360 2204 1583
anti-thrashing(15) 1983 1341 2305 1668
anti-thrashing(10) 2009 1360 2465 1821
anti-thrashing(5) 1982 1334 3496 2788

Table 5.2: Metprjoeig xpovwv ektéfleong yia ta "small” kat "big”
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Emiong, anmewkovi{oupe ta anotedéopata tou Mapdrndve rivaka ota oxnuata 5.1, 5.2,
5.3. IZnpewvoupe 1o kBavto xpovou (TQ) tou scheduler anti-thrashing oe napévOeon otig
ETIKETEG TOU OXINHIATOG. XTIG ETOPEVEG evOTnteg 9a OYXO0AIAOOUNE TIS PETIPTOELS Pag Kat Sa

dndoooupe g mapatnproeig pag.
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time (s)

Figure 5.2: Xpdvot ektéfeong ya 1o big_50

anti-thrash (6) 2,788 |
anti-thrash (10) 1,821 -
anti-thrash (15) 1,668 =
anti-thrash (20) 1,583 -
anti-thrash (30) 1,521 -
anti-thrash (40) 1,485 =
anti-thrash (560) 1,473 -
anti-thrash (60) 1,468 -
anti-thrash (100) 1,435 -
anti-thrash (200) 1,423 -
anti-thrash (300) 1,418 -
anti-thrash (400) 1,405 =
anti-thrash (600) 1,400 -
anti-thrash (1000) 1,380 -
serial 1,438 -
| | | | |
0 1,000 1,500 2,000 2,500 3,000
fime (s)
Figure 5.1: Xpdvot ektéfeong yia 1o big_90
anti-thrash (5) 3,496 -
anti-thrash (10) 2,465 B
anti-thrash (15) 2,305 -
anti-thrash (20) 2,204 -
anti-thrash (30) 2,170 =
anti-thrash (40) 2,156 -
anti-thrash (60) 2,145 -
anti-thrash (60) 2,122 -
anti-thrash (100) 2,100 =
anti-thrash (200) 2,092 -
anti-thrash (300) 2,085 -
anti-thrash (400) 2,081 -
anti-thrash (500) 2,070 =
anti-thrash (1000) 2,043 =
serial 2,766 -
| | | | | |
0 1,000 1,500 2,000 2,500 3,000 3,500
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solo (stock) | | 1,318
solo (libunified) | | 1,338
solo (libunified w/ anti-thrash(60)) | | 1,339
serial (2%) | 2,636
Kubeshare | 1,724
libunified (no anti-thrash) | | 1,772
libunified (w/ anti-thrash(60)) | | 2,020
| | | |
0 1,000 1,500 2,000 2,500

time (s)

Figure 5.3: Xpovot ektéjleong yia 1o small_50

5.2.2 Mrpo WSS

Ma ug nepumtooestg small_50 kat small_90 &ev cupBaivouv opdApata oedidag kaboAn
Vv IapdAAnArn ektédeon v §U0 IavopoloTUNIeV rpoypappdtey (e§addou 9a nrav fatal oug
non-Unified neputtooeig). Ta v niepimiwon 50/50, eipaote oe 9€on va ermtuyoupe onpa-
VTIKD ermtayxuvorn, kabag ta pepn tg CPU tpéxouv eviedwg mapdaddnda. Ilpémet va onpet-
®ooUHE €66 o011 6Ttav dUo Srapopetikeg diepyaoieg (contexts) unoBaAdouv epyaocia oty GPU,
n GPU 8popodoyei toug uprveg tov context pie i dnpooteupévo 1pomo. Aev propet va exte-
Aéoel TauTO)Xpova rmuprveg anod duo diapopetika contexts, wotdoo xepiletat ) SpopoAdynon
(evadAayr) context) pe mo anotedeopatiko tporo arod 0,1t o scheduler anti-thrashing. Qg
€K TOUTOU, 1] IT0 aroteAeopatikn PéBodog oe authv v nepinioon givat to Kubeshare. Q-
0T000, Katd 1 Xpnor tou Kubeshare nipérnet va 6nAoocoupe ta opla pvhpng g Siadkaoiag
€K TOV IIPOTEPWV, KATL ITOU oUVHO®G dev eival epiktd oute Kal PBoAko. O XpOvog eKTEAEONS
g libunified (xopig evepyoroinpévo 1o anti-thrashing) sivatr maparmnroiog, o eAappd avdn-
HEVOG XPOVOG TOU TIPOEPYXOHEVOG ATIO TO YEYOVOG 0Tl Xprjotportotei tv Unified Memory (xopig
BéBara opaAipata oedidag). Exuprioape ot auto 1o yeviko overhead eivat mepinou ~1 % oe
nponyoupevo Kepddao. H Awyotepo amodotikr) peébodog eivarl n libunified (anti-thrash),
oty oroia eivat evepyortoupévog o scheduler anti-thrashing kat k&6 diepyaoia xpnowo-
roiet v GPU yua éva xpoviké diaotnpa. Auto eivatl avapevopevo, kabog os autég tig small

epappoyeg dev undpyxet thrashing kat wg ek T0UTOU Sev XpelddeTal va OEIPIOTIO|COUHE TNV
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epyaoia omv GPU ano tug 6iepyaoieg. O default black-box (driver-level) 6popoAdoyntnig tng
NVIDIA (o omoiog xpnotporioieitat otig rieptritdoelg Kubeshare kat libunified) xeipidetat toug
untoBAnBévieg GPU kernels pe 1o anoteAeopatiko 1porno aro 0,11 1] CUVINPNTIKY] IIPOCEYY1-
on Tou Spopodoyntn pag. AdBete UTOWrn), ®OTOCO, OTL AU 1] Katnyopia small epappoyeov
etvat ontavia kat emiong ot 1o Kubeshare uniootnpidet i ocuotéyaon poévo otav 1o abpoiopa
TRV EKXOPINOEDV PVIING £ival pikpotepo ano 1) pvhpn GPU (otnv nepimwon avtr 6ev Sa
HIOPOUoE va urootnpigel £va tpito avtiypago mou ektedeital mapdAinda eve n libunified to

uniootnpidel).

5.2.3 Meyado WSS

To Kubeshare Sev propet va urnootnpi§et v extédeon 6uo big epappoyov napdiin-
Aa, kaBmg 10 cUVOAKG ABpotlopa WSS 1ooutat pe mepirou 30 GB kat §emepvd katd moAu
10 péyebog g euokng pviung GPU. Katd v exktédeon duo spappoynv big mapdAinla,
epgavi¢etal thrashing owmv nepinwon g anAng libunified, & ou kat o1 e§apeuxa pe-
ydlot xpovot ektédeong otov [livaka 5.2. Qotdoo, e evepyorompévo tov pnxaviopo anti-
thrashing, pnopoupe va emtiyoupe XpOvoug oAU KAT® ATIO TOV GEIPIAKO XPOVO EKTEAEONS
yla v niepirmteorn 50/50 kat GUYKPIo1o e TOUG CEIPLAKOUG XPOVOUG EKTEAEOT|G Yid TNV TIe-
pirttwon 90/10. 'Exovtag peyadutepo Time Quantum gAayiotornoteitat 0 ouvoAlkog Xpovog
odoxrAnpworng (TCT), kabag spgavidovral Atyotepa swaps (Zpadpata oegdidag), dndadr) 1o
lock aAAddel xépta Atyotepo ouyva. ‘Otav 1o TQ yivetat modu pikpo (< 10 Seutepolertta), ot
Xpovot apxitouv va augavovial anotopd, Kabwg 0 Xpovog ektédeong Kuplapyxeitat rail ano
1a ZpdApata ogdidag, kabwg 1 KABe epappoyr) dev £xel APKETO XPOVO Yla va EKTEAECEL TOUG
0UO1a0TIKOUG UTTOAOY10p0Ug Tng. O pnxaviopog pag AEtoupyel aplota Kal KatapePvel va
ektedéoel BU0 epappoyég mapdddnda, pe WSS > 30 GB, og XpOvoug KAT® TOU OGEPLAKOU.
Kapia uvnidpyxouoa Avon Sev ermtperiel v eKIEAEOT] EQAPHOY®V TOV OIMOi®V T0 abBpoiopa
WSS uniepBaivet ) guokn pvhpn GPU, néco pdAAov va to emtuyet pe Xpovo KAt arto tov

OE1P1aKO.
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Tupnepaopata

To tagibt pag @tavel oto t¥Aog tou. @a eravadldBoupe TG ouveloPopég pag, deixvoviag
mowa €ivat n véa ratdotaon 6oov apopd tnv kowr| xprnion GPU otov Kubernetes, autn
popd AapBavoviag unoyn Kat v npoogyyon pag. Tédog, Sa kAeiooupe autrv v epyaocia
avagépoviag TG peAdoviikég erekraoelg (Future Work) mou pmopouv va yivouv emni tou

pnxaviopou pag.
6.1 ’'Eva véo state of the art

Yxebraoape, vdornojoape kat alodoyroape to alexo-device-plugin. Ag enave§etdooupe
TMIPOCEPEL:
o KABe epappoyr] propel va xpnoponowjost oAGxkAnpn tyn pvipn tng GPU.
o TI0AAEG EpapPOYEG PMOPOUV va EKTEAECOUV tautoxpova otnv idta GPU xwpig
opla pviipng. O 1odvVog MEPIOPIOTIKOG Ttapayovrag ivat i pviun g CPU (RAM).
¢ Eivai rapavig yla tig epappoyeg Xprotn kapia tpororoinon Sev anatteitat otov
KOd1KaA Xprjotn 1) ota frameworks mou xpnotponotet.
o 'Exel eAdyxioto overhead otav pia epappoyn ektedeital povn g oty GPU.

¢ Amnotpénetl anoteAeopatira to thrashing, peyiotonowwviag myv adonoinon g GPU
Kal €Aa)10T0IoVIAG 10V OUVOALKO XpOovo eKtéAeong akopa kat otav ta Working Sets
eivatl katd noAu peyaldutepa Tou peyeboug pvrung g GPU.

e Mropei va eykataotabei otov Kubernetes pe pia povo kubectl apply evtoArs).

'Onwg €ibape oto mponyoupevo Kepdldalo, mapodo IoU 0 apX1KOG pag otoxX0g Htav Hovo
va erupéyoupe v kowr| xprjon GPU yua Swadpaoctkég epyaocieg ML yia v augnorn tng
a&loroinong g GPU. kat givatl n repinmeor mou n epappoyr] pag eudokijiel anoAvieg, o
HBNXaviopog pag pmopei va xpnowponowOei e§icou kada oe pn Siadpactirég epya-

oicg. [TapExoupe pia mOOTIKY OUYKPLon e 1o state-of-the-art otov [Mivaka 6.1

[*]: Aev propouiie va opicoupe €va «eyyunpévor kAdopa yia tv Unified Memory ji€ tov 610 tporo rmou prto-
poULE Y1a TS KAVOVIKEG ekymprioetg pviung CUDA. Asv ermBaloupie OKANPO 0p1lo 0to PEYEDOG TV EKXDPT|OEDV
BvAung ano pa Siepyacia, EMOPEVEG UMO auTr) v évwold 6ev IPOCPEPOUIE «eyyUnpévar KAAopata Pvhpng.
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Mechanism Can co-locate co-location constraint

guaranteed memory fraction

K8s Integration

nvidia-device-plugin No
Aliyun Scheduler Extender Yes
Kubeshare Yes
alexo-device-plugin Yes

Physical GPU memory
Physical GPU memory
RAM + GPU Memory

yes (whole mem)
No
Yes
No*

Seamless
Average
Hard
Seamless

Table 6.1: Zuykpion ue to state of the art

6.2 MeAdovukeég Enertaostig

Mriopoupe ermtéAoug va OAOKANP®OOUNE AUTHV TV SIMA®UATIKY PE TG PEAAOVIIKEG €PEU-

VITIKEG KATeUBUVOES TOU PNXAVIOROU Pag. TKOIEUOUME va TG £rmblaioupe evepyd TOUg

EMOPIEVOUG 1 VEG/ XPOVIa.

e Xprjon Kat PeALTn €Il MPAYHATIKOV QOPTIOV epyaciag oe mepBAAAov nmapaynyns.

e Enéxkrtaon tou alexo-device-plugin yia va unootnpidet moAdardég GPU ava koubo.

e Anpioupylia €UPICTIKOV Yid TV AUTOHATH EVEPYOITOiNon/arnevepyortoinon tou pnxavt-

opou anti-thrashing avti tng xelpokivning evepyornoinong. Mia eupiotikn propei va

givat o oykog tev petapopwv PCle ot éva sliding time window.

e Yrootp§n peteykatdotaong epappoywv and pia GPU oe dAAn (evtdg tou idiou kop-

Bou apxikd, petadu S1aPopetikv KOPB®V O HETAYEVESTEPO OTAB10).

H xprion g

Unified Memory pag §1eukoAUvel 0 auto 10 KOPPATL, Kabmg 0Aeg ot GPU oe évav kop-

Bo £€xouv kowvod xwpo SieubBuvoewv CUDA. TTapdda autd, dev eival KaBoAou TeTppévn

unoOeon).



Chapter

Introduction

In this first chapter, we outline the scope of our work. We provide a brief overview of
the problem at hand and its implications. Then, we go over the existing open-source as
well as commercial approaches, highlighting their offerings and their drawbacks. Moving
on, we illustrate the gap that we are attempting to fill and give a 10000 foot view of our

solution. Finally, we present the structure of this thesis.

7.1 Motivation

7.1.1 GPUs and Machine Learning

For the entirety of this thesis, we deal with NVIDIA Graphics Processors. NVIDIA holds
the overwhelming market share when it comes to general-purpose GPU computing. GPUs
are massively parallel co-processors, which are used alongside the main CPU platform
in a system as powerful accelerators. GPUs were introduced more than 2 decades ago
to enable real-time rendering, the main target being video-game graphics. Today, GPUs
are ubiquitous, and are found everywhere, from Smartphones, laptops, data centers to
supercomputers. The initial driving force behind GPU innovation was the demand for ever
more pristine graphics [5]. While graphics acceleration maintains its place as the main
incentive, GPU usage in non-graphics computing is becoming increasingly more preva-
lent. This approach, known as general purpose computation on GPUs (GPGPU), is being
increasingly adopted in HPC (High Performance Computing) applications. A prominent
example of this is the growing use of Graphics Processing Units in the development and
deployment of machine learning systems [6]. But what is it that makes GPUs such a good
fit for powering ML models?

The training phase of a neural network is an extremely resource-intensive task. Inputs
are fed to the network and processed in its hidden layers using weights. These weights are
then adjusted by the network’s logic to lead to subsequently better predictions. Finally,
the model outputs a prediction on the input. Both of these operations mostly comprise
matrix multiplications. Matrix multiplications follow ridiculously parallel computational
patterns, as most linear algebra operations do. As GPUs are massively parallel by nature
(they have a large number of simple cores), they can perform many of these straightforward
linear algebra operations simultaneously. Additionally, computations in machine learning

need to handle huge amounts of data — this makes the GPU’s large memory bandwidth
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most suitable. As such, when they are available, GPUs are utilized to speed up the ML

development process.

7.1.2 An ML Scientist’s Workflow

In order to get to the root cause of our problem, we must first understand the stages
that an ML Scientist goes through to get their models into production. While we choose
ML developers as the main use-case of our study and its starting point, our final product

has a much broader application spectrum.

Define the Collect, Explore, Decide on Cross-Validate

Problem & Clean & Extract & Machine Model Design Deploy &
Measure Validate Engineer Learning and Hyper- Predict
of Success Data Features Algorithm Parameters

Figure 7.1: Workflow of an ML Engineer

Here is a numbered list of steps that outline the workflow of a Machine Learning

scientist:

1. Find a problem to solve: Self explanatory, also mandatory.

2. Acquire data: This is one of the most critical parts of the process, and data are one

of the most valuable digital commodities.

3. Preprocess data and variables: This part comprises loading data in computer lan-
guage structures, filtering available data (tossing away erroneous entries, outliers)
and finally handling categorical variables; deriving a means to assign numerical
values to them. Jupyter Notebooks are a very popular development environment for

this step.

4. Create a baseline ML model: Sketch out a rugged model and validate that the high-
level assumptions the scientist made on the problem hold. This step also comprises
short and repetitive bursts of training and evaluation, which the scientist as a
means to decide whether to commit to a more robust implementation or go back to

the drawing board.
5. Develop the full model:

(@) In an IDE/VSCode/PyCharm as a Python module
(b) Go all the way in Jupyter Notebook interactively (this is what we are interested
in)
6. Train the model: This step is the most computationally intensive one and is usually
non-interactive.

7. Serve Inference requests for the model: Use the final trained model to make real

predictions
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For Steps 4,5 and occasionally 6, most ML Scientists work with Jupyter Notebooks ([7]).
Jupyter Notebook applications are long-running (keep this in mind for later) interactive
processes that provide an excellent environment for tackling these kinds of problems,
which involve iterating over a code, making changes, re-evaluating, until the result is
satisfactory. This is the main target audience of our thesis’ contributions, whose lives we

are trying to improve.

Having all the above in mind, we can now move on to our problem statement.

7.2 Problem Statement

7.2.1 The user(s)

ML scientists doing interactive development on a Jupyter Notebook; we will approach this

issue from their point of view.

7.2.2 The current state in upstream Kubernetes

The de facto way of handling GPUs in a Kubernetes cluster is via NVIDIAs device-plugin
mechanism [8]. When a user wants to operate (via a Pod/container) on a GPU on Kuber-
netes, they specify nvidia.com/gpu: "X" (where X is an integer) in their request (the Pod
object they create) and the device plugin automatically exposes the GPU(s) when their
container starts executing. The assignment of GPUs to Pods is exclusive, meaning that if
a GPU is bound to a Pod, it remains unavailable to the rest of the cluster while that Pod

is running. We thoroughly analyze how Kubernetes handles GPUs in Section 8.6.3.

7.2.2.1 Reasons behind exclusive assignment

The developers (NVIDIA employees) behind the nvidia-device-plugin chose the ap-

proach of exclusive assignment of GPUs to Pods because:

e Processes using the same GPU (running on the same node) compete for the same
pool of physical GPU memory for their allocations: Currently, GPUs cannot handle
page-faults for normal (non-Unified) allocations. We cover this in Section 8.1.3.6.
Since processes can grow and shrink their GPU memory dynamically and the alloca-
tion requests are handled in a first-come-first-served order, there can be scenarios
where one or both processes can fail with Out-of-Memory (OOM) errors. While each
process cannot interfere with the GPU memory contents of another as each con-
text owns distinct page tables, NVIDIA provides no way to isolate the GPU memory

volume usage (as in size) between many processes.

e The scheduling of GPU commands (kernel launches, memory copies) issued by dif-
ferent processes as well as the context switching are both handled in an undisclosed
manner by the device driver. There is no documented way of triggering a context
switch on the GPU. As such, QoS guarantees such as time-bound handling of re-

quests cannot be satisfied when working on a shared GPU.
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7.2.3 The Problem

GPUs are underutilized; there is no option to co-locate tasks (Kubernetes Pods) on the
same GPU. This is especially wasteful for interactive Machine Learning development tasks,
which are our main focus, as well as inference.

Here are some instances of users voicing the problem:

e "GPUs cannot be shared - GPUs must be shared" from the Jupyter forums [9]

e "Is sharing GPU to multiple containers feasible?" Github Issue on the Kubernetes

Repository [10]

7.2.3.1 Aggravating Factors
ML Development Tasks (Notebooks):
e do not perform a pre-determined amount of work (as a training task would); their
execution times cannot be calculated/bound.

e are long-running tasks with GPU usage patterns that are characterized by bursts
and generally have large idle periods (during code refactoring/debugging/developer
breaks)

While the problem of exclusive assignment of GPUs can be solved trivially (for ex-
ample by tweaking device-plugin to advertise a greater number of nvidia.com/gpu
than physical GPUs, the core issue is that of managing the friction between
co-located tasks (how 2+ processes on the same node behave, irrespective of Ku-

bernetes) and that is hard to solve.
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7.2.3.2 A non-Kubernetes scenario

To illustrate the problem at hand, let’s examine a real-world scenario in which the
current handling of GPU (memory) is inefficient and leads to resource waste.

Assume users A and B both have access to a common server with 1 GPU. When user
A is doing interactive (ML) development that uses a GPU on a Jupyter Notebook, then
the GPU memory they (specifically the ML framework) allocate will not be freed until the
IPython kernel (the Notebook’s backend process) is terminated. This means that if they
run some cells and afterwards decide to tweak their code, or even go for a coffee/walk,
the allocated GPU memory will remain unavailable to other users/notebooks/processes
of any kind. Consequently, when B decides to launch a Notebook and do work as well,

they will have access only to the remainder of GPU memory.

ML Frameworks’ handling of GPU Memory

ML frameworks prefer to handle GPU memory through internal sub-allocators.
As such, they request GPU memory in large chunks and usually overshoot real
"demand". Additionally, Tensorflow [11] by default allocates all GPU memory. This
behavior can be optionally altered in order to allow GPU memory usage to grow as
needed. Still that usage will never shrink. If an ML job’s "actual" need fluctuates
from 500MiB to 2.5 GiB, then back to 500MiB, then the allocated GPU memory will
be 2.5 GiB until the TF process terminates.

Thus they will be faced with the following:

e Many of their ML models won't fit in GPU memory / won'’t even launch [OOM].

e They won’t have access to the same environment as when training, so they won'’t be

able to objectively assess their models.

7.2.3.3 Characteristics of a complete solution

Consequently, any complete solution must comprise:

¢ a mechanism to isolate the GPU usage between processes on the same node and

facilitate sharing

e a K8s-specific way of exposing that mechanism (via custom resources, request for-

matting) to the users of the cluster. In one word, a K8s integration.

An IPython kernel is a Python interpreter process that acts as the backend for Jupyter Notebooks. The
notebook packs user code in JSON format, forwards it to the kernel which in turns evaluates it and finally
the result is sent back to the notebook to be displayed.
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7.3 Overview and limitations of existing approaches

7.3.1 Summary of existing approaches

There exists a plethora of approaches towards GPU Sharing. The authors of Kubeshare
[12] provide a way to isolate the GPU (memory) usage between processes by partitioning
GPU memory and assigning a fraction to each process. As a result, each process has a
guaranteed quota of GPU memory, which it cannot exceed. It also offers a Kubernetes
integration, via the use of a custom scheduler and special Annotations on the user Pods.
However, using Kubeshare’s method for assigning GPUs requires major changes in all
involved components (it’s not only a matter of requesting a different resource instead
of "nvidia.com/gpu") and is therefore an unrealistic scenario. Aliyun (Alibaba Cloud)
Scheduler Extender [13] provides a way to circumvent the exclusive assignment of GPUs
to Pods by offering an alternative device plugin (users request "aliyun.com/gpu"). Users
can also state GPU memory requests for their Pod, which are used for bin-packing by the
scheduler. However, post-scheduling, Aliyun offers no way to enforce these GPU memory
requests. The processes still interfere, potentially destructively (OOM), with each other
in the same way two GPU processes do in a non-Kubernetes scenario. Alibaba provides
a proprietary way to enforce these memory limits when using their cloud infrastructure
via cGPU [14], in a manner similar to Kubeshare (hard memory limit specified before
launch). A variety of other commercial solutions ([15], [16], [17], [18]) exist. Amazon
Elastic Inference takes a completely different approach and virtualizes the GPU at the
application level. It is restricted only to inference scenarios and requires use of proprietary
Amazon software, having limited application to our use-case. All commercial solutions
that are pertinent to our use-case follow the same scheme as Kubeshare, providing a way
to fractionally assign GPU memory to different processes, to enable GPU Sharing. To use
this effectively however, users have to know the precise memory usage of their application

beforehand, which is not the case when developing ML models.

7.3.2 Shortcomings of existing approaches

All of the existing solutions, either open-source or commercial/proprietary promise to
offer the very same things. As such, every single one of them has the same shortcomings,

especially with regards to our use-case.
e Hard limit on GPU memory for each process:

— All of the existing approaches impose a hard limit on GPU memory that has to
be specified during submission time. This contradicts the interactive and ever-
changing nature of a Jupyter Notebook job, whose memory usage is usually
impossible to estimate beforehand.

— Additionally, the hard limit restricts the flexibility of the user’s workflow with
regard to testing out incrementally larger models. They will either have to
request a large amount of memory that will mostly remain unused, or be faced

with a potential OOM error.
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¢ Number of co-located processes limited by physical GPU memory (no oversub-
scription)

- As we mentioned, for normal CUDA memory allocations, the sum of them

across all processes must be smalle than physical GPU memory capacity. As

a result, under all existing schemes, the number of processes that can be

co-located is limited by this memory capacity. The sum of memory fractions

assigned to the co-located applications cannot exceed memory capacity or OOM

errors will occur. There is no option for memory oversubscription.

¢ GPU Underutilization persists:

— While assignment is no longer exclusive between Pods and GPUs, the new re-
source that is used for binpacking is GPU memory. This new criterion, coupled
with the nature of interactive workloads (burst of computation -> idle -> next
burst) still allows for underutilization scenarios. If a GPU has 4 GB of memory
and a job A requests 2.5, then a job B requesting 2 won'’t be scheduled regard-
less of As actual memory usage. This is acceptable in cases of computationally
intensive tasks, such as ML Training. However, for interactive tasks, job As
utilization of the GPU will generally be very low throughout it’s non-a-priori-

calculable duration and the GPU as a whole remains underutilized.
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7.4 Our approach (alexo-device-plugin)

As we highlighted before, the core issue does not lie in K8s scheduling, but in what

comes after. Our goal is a mechanism that enables 2+ interactive ML development pro-

cesses (Notebooks) to co-exist on a shared GPU without a hard memory limit and then

expose it in K8s. We first developed a mechanism that tackles the problem (libunified)

and then integrated it with Kubernetes (alexo-device-plugin).

Here is a numbered list of steps that describes the operation of alexo-device-plugin from

a user’s point of view in Kubernetes:

1.
2.

User submits a Pod requesting alexo.com/shared-gpu

alexo-device-plugin exposes the GPU into the container and injects our libunified.so

shared library.

. User application starts execution. Our shared library converts all normal memory

allocations (cudaMalloc) to their Unified Memory counterpart (cudaMallocManaged). It

also registers the application with the anti-thrashing scheduler.

. The application can use all GPU memory and run alongside other co-located appli-

cations (belonging to the same or other users) on the same GPU.

As long as the GPU bursts of the co-located applications don’t overlap or the working
set sizes don’t exceed physical GPU memory, there is no possibility of thrashing, so

the GPU automatically handles execution requests in a FCFS manner.

. If GPU bursts of different applications overlap and the sum of WSS exceeds physical

GPU capacity, there can be potential thrashing, leading to overall slowdown.

. If the anti-thrashing mechanism is enabled, it serializes usage of the GPU among

applications, giving sole access to the GPU for a configurable time quantum (TQ) to
an application that requests it. In that case, an application may have to wait for
its turn. In the case that the GPU work of a burst is done before the TQ elapses, it
automatically "hands" the GPU back to the scheduler.

. All user applications run seamlessly to completion. The utilization of the GPU is

maximized, at the cost of potential minor queuing delays. In the case where fairness
is not an issue (e.g. one user submits many jobs and wants to minimize the total
completion time), a large TQ for the scheduler minimizes the context switching

overhead and total completion time and maximizes GPU utilization.

7.4.1 What it offers

e each user (Notebook) can use the whole GPU memory.

e many Notebooks can execute on the same GPU concurrently without hard

memory limits. The only limiting factor is host memory (RAM) size and subjectively

(per-case) the acceptable latency of cell executions.

e Our mechanism is transparent to the user application (no modification to user

code or frameworks)
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7.4.2 Goals
Given that:

e Hard limit of GPU memory is restrictive for the users

e Underutilization still persists with all state-of-the-art solutions, especially if Note-
books request large amounts of memory (very few can be co-located in a Kubeshare-

style mechanism)

We want to minimize GPU idle time by having many Notebooks active and multiplexing

their use of GPU Memory, while also catering to preventing thrashing.

7.4.3 Why it hasn’t been done before

e No public study exists of Unified Memory behavior with 2+ co-located processes;
we discovered this behavior (LRU-style eviction across different processes). Finding

this led us to envision the point below.

¢ No study exists on transparently converting all Memory allocations to Unified Mem-
ory and the stability/performance of that conversion (we are the first to study the

behavior of applications under this scheme)

e Controlling thrashing in such a novel execution scheme is not trivial and requires

special attention.

7.4.4 Limitations

¢ In the case where the GPU memory contents of the process are not resident when
the GPU executes one of its commands, there is some delay (PCle transfers) for

making the data it uses resident on the GPU again.
e ~1% flat execution time overhead due to using Unified Memory

e Potential head-of-line (HOL) blocking when we use a large time quantum for the

scheduler

7.5 Thesis Structure

The rest of the document is organized as follows:

e In Chapter 8 we provide the necessary theoretical background: We start from the
fundamentals of GPU computing, gradually making our way to understanding the
way GPUs are used in contemporary container-based environments, in our case

Kubernetes.
e In Chapter 9 we present the existing approaches towards GPU Sharing.

e In Chapter 10 we present our study on Unified Memory behavior in multi-process
scenarios. To the best of our knowledge, this is the first comprehensive study of

Unified Memory under multi-tenancy.

Unified memory allocations: GPU kernels can page-fault. Pages are evicted to Host RAM if GPU physical
memory is full. For normal memory allocations each byte allocated is backed by a physical byte in GPU
memory.
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e In Chapter 11 we analyze the design and implementation of our mechanism.

e In Chapter 12 we evaluate our work, comparing it to the previous state and finally
briefly comment on the criteria behind choosing a scheduler TQ. We also hint at
other potential use-cases, apart from our main focus (interactive jobs).

e In Chapter 13 we provide a summary of our contributions as well as possible future

work directions.
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Background

In this chapter we provide the necessary theoretical background for the rest of thesis.

8.1 GPU Basics

We present an overview of the foundations behind GPU computing, analyze the ar-
chitectural characteristics of a modern GPU and explain the key concepts in CUDA pro-
gramming. While we focus on NVIDIA Graphics Card and the CUDA API in the present,

most of the information provided generally applies to any GPU.

8.1.1 Introduction to GPU computing
8.1.1.1 Parallelism

In today’s world, apart from the traditional computational problems (fluid mechanics,
weather forecast, biochemistry), there is an ever increasing need to sift through large
amounts of data in a quick manner. With massively parallel processors being widely
commercially available, the field of parallelism is thriving. Every single entity in the
digital landscape, be it a large corporation or a small research laboratory, employs par-
allel computing to satisfy its needs. As such, parallelism has become a driving force of

architectural and systems design.

There are two fundamental types of parallelism in applications:

o Task parallelism: There are many tasks or functions that can be executed indepen-
dently and largely in parallel. Task parallelism handles distributing these functions

across multiple workers (cores).

e Data parallelism: There are many data items that can be concurrently operated on.
Data-parallel processing partitions data across threads, with each thread working

on a portion of the data.

GPU programming is especially well-suited to address problems (dense linear algebra,

FFT...) that can be expressed as data-parallel computations.
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THIS 15 YOUR MACHINE LEARNING SYSTET1?

YUP! YOU POUR THE DATA INTO THIS BIG
PILE OF LINEAR ALGEBRA, THEN COLLECT
THE ANSLIERS ON THE OTHER SIDE.

WHAT IF THE ANSLIERS ARE LWJRONG? )

JUST STIR THE PILE UNTIL
THEY START LOOKING RIGHT.

% TA %;%‘A

Figure 8.1: Machine learning in a nutshell [1]

There is a plethora of applications that process large data sets and can use a data-

parallel model to speed up their computations.

8.1.1.2 Flynn’s Taxonomy

In the context of parallel programming, we can classify the computing architectures
into four different classes. Michael J. Flynn [45] introduced this categorization in 1966

and has been in use ever since.

1. Single Instruction,Single Data (SISD): A traditional uniprocessor machine. Being a

sequential computer, it does not exploit task nor data parallelism.

2. Single Instruction,Multiple Data (SIMD): A multiprocessor machine capable of exe-
cuting the same instruction on multiple cores, operating on different data streams.

GPUs are to an extent examples of SIMD systems.

3. Mulitple Instructions,Single Data (MISD): A MISD computing system is a multipro-
cessor machine capable of executing different instructions on multiple cores, all
operating on the same data set. This architecture is uncommon and is generally

used for fault tolerance.

4. Mulitple Instructions,Multiple Data (MIMD): A MIMD computing system consists
of multiple autonomous processors simultaneously executing different instructions
on different data. MIMD architectures include multicore processors and distributed

systems.

8.1.1.3 GPU vs CPU

Historically, GPUs were developed to be used as graphics accelerators. Starting from
the mid 2000s, programmers started utilizing GPUs for general-purpose computing. The
use of a GPU to perform computation in applications traditionally performed by CPUs
is called General-purpose computing on graphics processing units [19]. At that time

however, GPU manufacturers did not expose a programming API to assist them in this
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endeavor. Initially, programmers "overloaded" the use of the Graphics APIs (e.g. DirectX)
to perform linear algebra calculations, such as matrix multiplications. Using a GPU for
computations was programmatically complex, error-prone and generally not a pleasant
experience. The introduction of NVIDIAs CUDA (2007) finally gave developers the nec-
essary tools to harness the Graphics Processing Unit’s computing power and spawned a
new field in parallel computing; GPGPU. GPUs are now general-purpose, powerful, fully
programmable task and data parallel processors. They are particularly suited to solving

massively parallel computational problems.

A GPU provides a much higher instruction throughput and memory bandwidth than
the CPU within a similar price and power envelope. As such, certain applications leverage
these higher capabilities to run faster on the GPU than on the CPU.

This difference in capabilities between the GPU and the CPU exists because they are
designed with different goals in mind. While the CPU is designed to excel at executing
a sequence of operations (a thread) as fast as possible and can execute a few tens of
these threads in parallel, the GPU is designed to excel at executing thousands of them in

parallel (amortizing the slower single-thread performance to achieve greater throughput).

Devoting more transistors to data processing, e.g. floating-point computations, is ben-
eficial for highly parallel computations; the GPU can hide memory access latencies with
computation, instead of relying on large data caches and complex flow control (branch
prediction, out of order execution) to avoid long memory access latencies, both of which

are expensive in terms of transistors.

In general, an application has a mix of parallel and sequential parts, so systems are

designed with a mix of GPUs and CPUs in order to maximize overall performance.

A side-by-side comparison of the silicon allocated to each component illustrates the above

differences.

Care

L1 Cache

L3 Cache .
CPU

Figure 8.2: GPU vs CPU transistor allocation

GPU
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8.1.2 Hardware Basics

Currently, vendors (especially NVIDIA) hide the details of GPU architectures for their
own reasons. We are going to approach GPU hardware from an application devel-
oper’s perspective - given publicly documented information - and not from a GPU

architect/driver developer’s (reverse-engineered).

8.1.2.1 Architecture

A GPU is currently not a standalone platform but a co-processor to a CPU. Therefore,
GPUs must operate in conjunction with a CPU-based host through a PCI-Express bus.
That is why, in GPU computing terms, the CPU is called the host and the GPU is called

the device.

PCle CONMECTION

GPU

HIGH BANDWIDTH

MEDILIN
GRAPHICS MEMORY

BANDWIDTH LARGE
SYSTEM MEMORY

Figure 8.3: GPU and CPU connection

CUDASs simplified view of the GPU includes the following:

e A host interface that connects the GPU to the PCI Express bus. It reads GPU com-
mands (memory copies, kernel launches) and dispatches them to the appropriate

units.

e 1-2 copy engines; to overlap device-host and host-device transfers with kernel

execution
e A DRAM interface that connects the GPU to its device memory

e A number of TPCs or GPCs (texture processing clusters or graphics processing clus-
ters) each of which contains caches and a number of streaming multiprocessors

(SMs). These vary by GPU generation.
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The following figure shows the architecture of a Fermi-generation Graphics Processing
Unit:
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CUDA core Shared memory, Scheduler and
register file, dispatch units
and L1 cache

Figure 8.4: Fermi GPU Architecture

8.1.2.2 The Streaming Multiprocessor

The GPU architecture is built around an array Streaming Multiprocessors (SMs). GPU
hardware parallelism is achieved through the replication of this architectural building
block.

The key components of an SM are:

e CUDA Cores [ALU] [on GV100: 64 x FP32, 32 x FP64, 64 x INT32, 8 mixed-precision

Tensor Cores]

e Shared Memory/L1 Cache

Register File [order of 64K 32-bit registers]

Load/Store Units

Special Function Units [log/exp, sin/cos, and rcp/rsqrt]

Warp Schedulers [quickly switch contexts between threads and issue instructions

to warps that are ready to execute]
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Dispatch Port
Operand Collector

Fermi Streaming Multiprocessor (SM)

Figure 8.5: Fermi Streaming Multiprocessor

Each SM in a GPU is designed to support "concurrent execution" of hundreds of
threads (up to 2048 in Volta [20]), and there are multiple SMs per GPU, so it is possible to
have tens of thousands of threads executing concurrently on a single GPU. CUDA employs
a Single Instruction Multiple Thread (SIMT) architecture to manage and execute threads
in groups of 32 called warps. All threads in a warp execute the same instruction in
each cycle. Each thread has its own instruction address counter and register state, and

executes the current instruction on its own data.

The GPU is designed to have enough state to cover both the execution latency and
the memory latency of hundreds of clock cycles that it may take for data from device
memory to arrive after a read instruction is executed and this is fundamentally how

GPUs achieve such large throughput.

8.1.2.3 The CUDA Memory Model

To programmers, there are generally two classifications of memory:
e Programmable: We explicitly control what data is placed in programmable memory.

e Non-programmable: We have no control over data placement, and rely on automatic
techniques to achieve good performance. Caches are a prominent type of non-

programmable memory.
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Figure 8.6: CUDA Memory hierarchy

The CUDA memory model exposes the following types of programmable memory:

. |Registers (fastest/per-thread)

. | Local Memory (stores register spills - same latency as global memory)

The name “local memory” is misleading: Register values spilled to local mem-
ory reside in the same physical location as global memory, so local memory
accesses are characterized by high latency and low bandwidth when com-

pared to on-chip stores.

. |Shared memory (fast, on-chip, per thread-block) |:

° | Constant memory (read-only, initialized by host, accessible by all kernels) |

° |Texture memory (per-SM, read-only) |

. | Global memory (largest, off-chip, accessible from all kernels) |

There are four types of caches in GPU devices:
o L1,12

e Read-only constant, texture
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8.1.2.4 What is a Kernel?

A CUDA program consists of a mixture of the following two parts:
e The host code runs on CPU.
e The device code runs on GPU.

NVIDIAs CUDA nvcc compiler separates the device code from the host code during the
compilation process. The host code is written in standard C (there are bindings for other
languages too) and it is compiled with an ordinary compiler. The code that runs on the
device is written in C, using some CUDA-specific extensions to mark the data-parallel
functions which execute on the GPU, which are called kernels. The same GPU kernel is
run by hundreds or thousands of threads in parallel. The CUDA compiler, nvcc further
compiles the kernel code. The application must also link to the CUDA Runtime Libraries
so as to be able to issue commands, such as kernel launches and memory copies, to the
GPU.

We express a kernel as a sequential program. A kernel is defined using the __global _
declaration specifier. Behind the scenes, CUDA manages scheduling programmer-written
kernels on GPU threads.

A typical processing flow of a CUDA program follows the pattern below:

1. Declare and allocate host and device memory.
2. Initialize host data.

3. Transfer data from the host to the device.

4. Execute one or more kernels.

5. Transfer results from the device to the host.

A kernel is most commonly launched in the following way:

[ Kernel Name <<< GridSize, BlockSize, SMEMSize, Stream >>> (arguments,....) ]

Quoting the NVIDIA Docs on kernel launch syntax [46]:
The execution configuration is specified by inserting an expression of the form
<<<Dg, Db, Ns, S>>> between the function name and the parenthesized argument list,

where:

e Dg is of type dim3 (see [47]) and specifies the dimension and size of the grid, such

that Dg.x * Dg.y * Dg.z equals the number of blocks to launch

e Db is of type dim3 and specifies the dimension and size of each block, such that

Db.x * Db.y * Db.z equals the number of threads per block
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e Ns is of type size_t and specifies the number of bytes in shared memory that is
dynamically allocated per block for this call in addition to the statically allocated
memory; this dynamically allocated memory is used by any of the variables declared

as an external array. Ns is an optional argument which defaults to O.

e S is of type cudaStream_t and specifies the associated stream; S is an optional argu-

ment which defaults to O.

As an example, a function declared as:

__global__ void Func (float* param)

must be called like this:

Func<<< Dg, Db, Ns >>>(param);

Summary:

e Threads are grouped into (thread) blocks Figure 8.7
e Thread blocks are grouped into a grid

e A kernel is executed as a grid of blocks of threads

Thread Blocks:

e TBs are assigned to SMs by the GPU thread-block scheduler based on their resource
requirements and the SM capacity (for an in-depth view of TB Schedulers refer to

this excellent study by Sreepathi Pai [21])
e Each TB (threadblock] is executed by one SM and does not migrate

e Several concurrent TBs can reside on one SM depending on the blocks’ memory

requirements and the SM’s memory resources

Thread Blocks can execute in any order, concurrently or sequentially; this inde-
pendence between blocks enables scalability (a kernel scales across any number
of SMs - see Figure 8.8 below)
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Figure 8.7: CUDA thread hierarchy

Figure 8.8: SM Scalability
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Threads rely on the following two unique coordinates to distinguish themselves from

each other:
e blockIdx.{x,y,z} (block index within a grid)
e threadIdx.{x,y,z} (thread index within a block)

Kernel functions can access these intrinsic variables, which are initialized by the GPU
(black box) when the kernel begins execution. Based on the coordinates, programmers
can partition data between the parallel threads.

Suppose we launch myKernel<<4, 8>>(arguments,...) (4 thread blocks * 8 threads each).

Then the built-in variables will take the following values for the threads:

threadldx.x threadldx.x

011123 (4|5(6(7(0(1(2|3|4|5|6]|7

A A
blockIdx.x = 2 blockIdx.x = 3

Figure 8.9: Thread Block indexing

Listing 8.1: Minimal example of thread indexing in CUDA.

—

// A and B are both vectors of size N

2 // Kernel definition

3 __global__ void VecAdd(float« A, float+ B, float« C)
4 |

5 int i = threadldx.x;

6 Cli] = Ali] + B[i]; //each of the N threads performs a pair—wise addition
7}

8

9 int main()

10 |
11
12 // Kernel invocation with N threads

13 VecAdd<<<1, N>>>(A, B, C); // 1 ThreadBlock of N threads
14
15 }
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Warps:

Warps are the basic unit of execution in an SM. When we launch a grid of thread
blocks, the thread blocks in the grid are distributed among SMs. Once a thread block
is scheduled to an SM, threads in the thread block are further partitioned into warps of
32 threads (note that the size of warps is implementation specific and can change in the
future). From the hardware perspective, a thread block is a one-dimensional collection of

warps.

Warp Scheduler Warp Scheduler

Instruction Dispatch Unit

Instruction Dispatch Unit
T
AAAAARAAAAAAARAAARARARARARRAALL

Warp 8 instruction 11

LT
AAAAAARAAAARAAAMARARARARARALALL;

Warp 9 instruction 11

Warp 2 instruction 42 Warp 3 instruction 33
Warp 14 instruction 95 Warp 15 instruction 95

H H
Warp 8 instruction 12 Warp 9 instruction 12
Warp 14 instruction 96 Warp 3 instruction 34
Warp 2 instruction 43 Warp 15 instruction 96

time

Figure 8.10: Warp Scheduler

Because compute resources are partitioned among warps and kept on-chip during
the entire lifetime of the warp, switching warp contexts is very fast (warp contexts are
completely different from device contexts, which we will cover later and are part of the
programming API). A large number of warps need to be active in order to hide the latency
caused by warps stalling, waiting for their operands.

Warp divergence occurs when threads within a warp take different code paths. Dif-
ferent if-then-else branches are executed serially (the threads in a warp that don’t take
the branch are marked to execute a NOOP - Figure 8.11). Different warps can execute
different code with no penalty on performance. When a warp executes an instruction
that accesses global memory the memory controller coalesces the memory accesses of the
threads within the warp into as few transactions as possible as global memory accesses

are extremely costly cycle-wise.

Threads

1] 7 15 23 )|
AEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEm
AEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEE
EEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEE
O O O T T e
| | [ | | EER | || EEER [ | | [ | | ,

g | | | EER | | | EEER | | | [ ] | if clause

= | NHN [ 1] ]| [ | | [ | | | | ]| [ ] 1] then clause
.. .... .. .. ... ... . stall execution
| | | EEEN | | | | | | EEn 1]
AEEEEEEEEEEEENEEEEEEEEEEEEEEEEEE
EEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEn
EEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEE

Figure 8.11: Warp divergence in CUDA
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8.1.3 CUDA Programming Interface

We will now analyze the CUDA programming API from a programmer’s point of view.

8.1.3.1 Preamble: Accelerator Silos

The authors of AvA (Automatic Virtualization of Accelerators) [2] hit the nail on the head
with their simple observation (it’s made from a virtualization standpoint, but applies in

general):

Application

| User-mode Library |
Internal API +--B

2 | User-mode Driver |
e Toctl -

| Kernel-mode Driver | i

: MMIO :
[ Control Interface || Data Interface_[i[ D
Compute Accelerator +£-E

Figure 8.12: Accelerator Silos [2]

Accelerator stacks comprise layered components that include a user-mode library
to support an API framework and a driver to manage the device. Vendors are in-
centivized to use proprietary interfaces and protocols between layers to preserve
Jforward compatibility, and to use kernel-bypass communication techniques to elim-
inate OS overheads. However, interposing opaque, frequently-changing interfaces
communicating with memory mapped command rings is impractical because it re-
quires inefficient techniques and yields solutions that sacrifice compatibility. Conse-
quently, accelerator stacks are effectively silos, whose intermediate layers cannot be

practically separated.

8.1.3.2 CUDA Runtime & Driver API

CUDA offers two programming interfaces:
1. the Runtime API and
2. the Driver API

The CUDA Runtime API provides C and C++ functions that execute on the host to allocate
and deallocate device memory, transfer data between host memory and device memory,
launch computational kernels, manage systems with multiple devices, etc. It is a high
level interface that offers implicit initialization, context (more on contexts later) and mod-
ule management. Functions of the Runtime API are prefixed with cuda (e.g. cudaMalloc,
cudaMemcpy). Applications need to be linked to libcudart.so either statically or dynamically.

A complete description of the runtime can be found in the CUDA reference manual [48].
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CPU
Applications
CUDA Libraries
CUDA Runtime
—
GPU

Figure 8.13: CUDA Runtime and Driver API

The Runtime API is built on top of a lower-level C API, the CUDA Driver API, which is
also accessible by the application. The driver API provides an additional level of control
by exposing lower-level concepts such as CUDA contexts - the analogue of host processes
for the device - and CUDA modules - the analogue of dynamically loaded libraries for the
device. Most applications do not use the driver API as they do not need this additional
level of control and when using the runtime, context and module management are implicit,
resulting in more concise code. As the runtime is interoperable with the driver API, most
applications that need some driver API features can default to use the runtime API and
only use the driver API where needed. Functions of the Driver API are prefixed with cux
(e.g. cuMemAlloc, cuMemcpyDtoH).

The Runtime API dynamically loads libcuda.so, the Driver API shared library, using
dlopen(), so that it can invoke its functions internally. More information on the Driver

API can be found in the relevant sections of the CUDA programming guide [49].

8.1.3.3 An Example Application

As we mentioned before, a typical processing flow of a CUDA program follows the pattern:

CUDA Workflow

1. Declare and allocate host and device memory [malloc() + cudaMalloc()]

2. Copy data from CPU memory to GPU memory

[cudaMemcpy (. .., cudaMemcpyHostToDevice)]

3. Invoke kernels to operate on the data stored in GPU memory

[foo<<...>>()]

4. Copy data back from GPU to CPU memory

[cudaMemcpy (. . ., cudaMemcpyDeviceToHost)]

5. Release host and device memory [free() + cudaFree()]
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Below we show a program performing SAXPY [Single-precision A times X Plus Y, (AxX + Y)]
on the GPU using the Runtime API: ( the original can be found at [50] )

Listing 8.2: SAXPY using the CUDA Runtime API

© 00 N O O b~ W N o

NN N o = e e e e e e e
N O © 00 N O O » W N ~ O

24
25
26
27
28
29
30
31
32
33
34
35
36
37
38

40

#include <stdio.h>

__global__ //device Function

void saxpy(int n, float a, float *x, float x*y) {

/* find unique thread id - determine data to operate on */
int 1 = blockIdx.x*blockDim.x + threadIdx.x;

/* make sure we don’t run out of bounds */

if (i < n) y[i] = axx[i] + y[il;

int main(void) {

int N = 1<<20;

float =x, *y, *d_x, x=d_y;
(floatx)malloc(N*sizeof(float));
(float*)malloc(Nxsizeof(float));

X

y

cudaMalloc(&d_x, Nxsizeof(float));
cudaMalloc(&d_y, Nxsizeof(float));

for (int i = 0; 1 < N; i++) {
x[i] = 1.0f;
2.0f;

ylil

cudaMemcpy (d_x, x, Nxsizeof(float), cudaMemcpyHostToDevice);

cudaMemcpy(d_y, y, Nxsizeof(float), cudaMemcpyHostToDevice);

// Perform SAXPY on 1M elements
/%
* Make sure the # of threads launched are >= N [N+255/256 TB of 256 threads each]
*/
saxpy<<<(N+255) /256, 256>>>(N, 2.0f, d_x, d_y);

cudaMemcpy(y, d_y, Nxsizeof(float), cudaMemcpyDeviceToHost);

cudaFree(d_x);
cudaFree(d_y);
free(x);

free(y);
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8.1.3.4 Contexts

We can think of a CUDA context as the "projection” of a CPU process on the GPU. Each
host process does all CUDA work within a context. When using the Runtime API, CUDA
automatically handles creation and management of the context. However, when using
the Driver API (which is the lower-level one), we must explicitly create and manipulate the
GPU context in order to submit work to the GPU. Informally put, an application that wants
to utilize a GPU creates a context and then issues commands (device memory allocations,

cudaMemcpies, kernel launches) to that context.

GPU :—-------- ----- U‘]Tfl!e-d ------

Compute [— . Virtual Address Space]
Cores Memory Access Context| ~ ] -
BE.-B From Compute Cores Do . J Device Host
e \I\lomow Memory
. = Memory o
]
5.5 el B Access : @ DMA ||_
RERRE R e cLita bk 1l o ’:’
“". Kernels Cor:mn;ds o Memory Access
| through MMIO )
Driver
_
Register Access

through MMIO

Figure 8.14: GPU Resource Management Model

More specifically (as far as we know from the documentation) the context contains:
1. All memory allocations (device memory, host memory, CUDA arrays)
2. Modules
3. CUDA streams
4. CUDA events
5. Texture and surface references
6. Device memory for kernels that use local memory

7. Internal resources for debugging, profiling, and synchronization

A CUDA Context is a driver level construct, the GPU itself doesn’t know anything
about contexts. All it knows is that it has a command queue, sent to it from the
driver, that it will run through and execute. However, this does not affect the user’s

perception of contexts.

For an analysis of the CPU-GPU command submission mechanism please refer to the very
interesting blog post by Insu Jang [51] as well as S. Kato’s work [52], other works from

Kato and Tanasic’s work [53].
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8.1.3.5 Multiple Contexts (2 or more applications)

While multiple contexts (and their associated resources such as global memory allo-
cations) can exist concurrently on a given GPU, only one of these contexts can execute
work at any given moment; contexts sharing the same GPU are time-sliced. Creating
additional contexts incurs memory overhead for per-context data and time overhead for
context switching, but it is the only way for different applications to work on the same
GPU. Time-slicing is handled by the driver in an undisclosed manner and there is no

official documentation on it. We cover this in more detail in the relevant chapter.

8.1.3.6 Memory model (w.r.t. CUDA API)

The key information that a context holds is the address space (page tables) of the
process on the GPU (we will see below that the host-device address spaces become one
under UVA). These address spaces are unique per context, and, in a similar fashion to

CPU processes, a context cannot access another context’s memory.

Unified Virtual Addressing

It used to be the case that the address space of a CUDA context was separate and
distinct from the CPU address space used by CUDA host code. However, in all modern
GPUs (Compute Capability >=2.0) Unified Virtual Addressing (UVA) is used. UVA is enabled
by default and there is no documented way to disable it. When UVA is in effect, the CPU
and GPU(s) share the same address space; every host or device memory allocation has
a unique address within the process. This does not mean however, that the CPU can
directly read from and write to GPU memory and vice-versa. Only special types of CUDA
memory (pinned non-pageable memory, peer-to-peer memory, Managed allocations) have

this property.

CPU GPUO GPU1 CPU GPUO GPU1
Memory Memory Memory Memory Memory Memory
0x0000 0x0000 0x0000 0x0000
OxFFFF OXFFFF OxFFFF OXFFFF
GPU GPUO GPU1 GPU GPUO GPU1
PCl-e PCl-e
No UVA: multiple memory spaces UVA: single memory space

Figure 8.15: Unified Virtual Addressing

Unified Memory
An exception to the 1-1 relationship between physical and virtual device memory pages
are Unified Memory Allocations (cudaMallocManaged()). With CUDA 6.0, a new feature
called ‘Unified Memory‘ was introduced to simplify memory management in the CUDA

programming model. Unified Memory creates a pool of managed memory, where each
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allocation from this memory pool is accessible on both the CPU and GPU with the same
memory address (pointer). The underlying system automatically migrates data in the
unified memory space between the host and device. This data movement is transparent
to the application and dispels the need to have distinct pointers for host RAM and GPU
memory. We can thus transparently "extend" GPU device memory, using the host RAM as
a backing store. Unified Memory depends on Unified Virtual Addressing (UVA) support.
Unified Virtual Addressing does not automatically migrate data to and from the GPU; we

must explicitly allocate the memory as Unified to enable this behavior.

Important Note

GPUs do not support demand paging for non-UM allocations, so every byte of virtual
memory allocated by CUDA must be backed by a byte of physical memory.

For an easy introduction to Unified Memory with an example refer to the Nvidia Developer
Blog [27].

8.1.3.7 Streams

memcpy A to GPU

memcpy B to GPU

kernel memcpy A to GPU

memcpy B to GPU

memcpy C from GPU kernel

memcpy C from GPU

memcpy A to GPU

memcpy B to GPU

kernel memcpy A to GPU

memcpy B to GPU

Y | memcpyC from GPU kernel

memcpy C from GPU

Figure 8.16: CUDA Streams Overlapping

A CUDA Stream encapsulates a sequence of (asynchronous) CUDA operations that
the device executes in the order they are issued by the host. These operations usually
comprise data transfers and kernel launches. We can have multiple active streams per
context and, while the GPU preserves the ordering of the operations within a stream, the
execution of operations belonging to different streams can overlap. By dispatching kernel
execution and data transfer into separate streams, we can overlap these operations and
reduce total execution time (see Figure 8.16). Every stream belongs to a context. Note

that overlapping can happen only between streams of the same CUDA context, as work
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from only a single CUDA context is processed at a given moment.

For further information on CUDA Streams refer to Lei Mao’s excellent blog post [54] as

well as NVIDIAs training presentation [55].

8.1.4 CUDA Libraries

Applications
39 Party
Libraries
- CUFFT
NVIDIA - CUBLAS
Libraries - CUSPARSE
— Libm {math.h)
- CURAND
CUDA C Runtime - NPP
= Thrust

Figure 8.17: CUDA Libraries

To augment the abilities of CUDA developers, NVIDIA and other institutions provide
domain-specific CUDA libraries that can be used as building blocks for more complex
applications. These libraries have been optimized by CUDA experts and designed to have
high-level, highly-usable APIs with standardized data formats to facilitate their ability to
plug in to existing applications. CUDA libraries sit on top of the CUDA runtime, providing
a simple, familiar, and domain-specific interface for both host applications and third-
party libraries. ML frameworks make extensive use of these libraries, for their highly
optimized linear algebra implementations.

Indicatively:
e CUSPARSE includes a range of general-purpose sparse linear algebra routines.

e cuBLAS includes CUDA ports of all functions in the standard Basic Linear Algebra
Subprograms (BLAS) library for Levels 1, 2, and 3.

e CUFFT includes methods for performing fast Fourier transforms (FFTs) and their

inverse.

e CURAND includes methods for rapid random number generation using the GPU.
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CUDA Software Stack overview:

CUDA Application

e.g., cublasSGEMM ()

CUDA Libraries (e.g., cuFFT, cuBLAS)

e.g., cudaMalloc ()

CUDA Runtime (CUDART)

e.g., cuCtxCreate ()

Driver AP| (CUDA)

(intemal interfaces)

CUDA Driver (User Mode)

t :) User/Kernel boundary -

CUDA Driver (Kernel Mode)

Figure 8.18: CUDA Software Layers

8.1.5 CUDA Compilation Process

Compilation works as follows (adapted from NVIDIA documentation):

1. nvcc preprocesses the input for device compilation and compiles it to CUDA binary
(cubin) [56]) and/or (PTX) [57] intermediate code, which are placed in a "fatbinary”
[58].

2. It preprocesses the input once again for host compilation and embeds the fatbinary.
It also transforms CUDA-specific C(++) extensions into standard C(++) constructs
(e.g. kernel launch syntax <<<...>>> is replaced by a set of Runtime API function

calls).

3. The C(++) host compiler compiles the synthesized host code with the embedded
fatbinary into a host object.
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4. The CUDA Runtime system inspects the embedded fatbinary (when the host pro-

gram launches device code) to obtain an appropriate image for the current GPU.

a.cu

.

9

: Frontend 1
Device code Host code

b

: Device Compiler 1

[N —

Y

e

: Host Compiler 1

—-_— e e ===

Fatbinary

a.0

Figure 8.19: CUDA Compilation Process

For a deeper analysis of the CUDA Compilation Process see the excellent explanation from
Vincent Jordan [59] as well as the Official NVIDIA documentation [60].
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8.2 Concurrent execution of multiple processes in CUDA

As we mentioned before, to use the GPU, each application creates a (CUDA) context.

This context contains, among others, the page tables, which describe its GPU memory
allocations. We are going to use the terms context and application interchangeably hence-
forth. While multiple contexts can concurrently exist on the GPU, only one context can be
active at a given moment [61][62]. This means that only a single context’s operations (ker-
nel launches, memory copies) are executed on the GPU at any moment. The GPU handles
context switching internally and in an undisclosed manner, however we know that this
is a time-sliced mechanism [63]. Modern GPUs (Pascal and newer) can preempt running
kernels, so the GPU can switch contexts during kernel execution [64]. The documentation
on MPS (Multi-process service, a mechanism from NVIDIA that funnels different contexts
into one - only mainly used for different MPI ranks of the same application running on
the same machine) explicitly states:
"The GPU also has a time sliced scheduler to schedule work from work queues belonging to
different CUDA contexts. Work launched to the compute engine from work queues belonging
to different CUDA contexts cannot execute concurrently. This can cause underutilization of
the GPU’s compute resources if work launched from a single CUDA context is not sufficient
to use up all resource available to it.”

Figure 8.20, from the MPS manual [63] shows two MPI processes concurrently execut-

ing using the GPU. Note the absence of overlap in kernel executions between the different

contexts.
(" MPIProcessA )| [ MPIProcessB
os os 0s os
Thread Thread Thread Thread

.
=" on GPU Schedule

Kernel Kernel Kernel
=B

Figure 8.20: Scheduling GPU work from different contexts

A limiting factor when co-locating processes is GPU memory (VRAM). Unless
using Unified Memory, total memory consumption from all contexts (CPU pro-
cesses) cannot be greater than available VRAM. Most existing GPU applications do
not use Unified Memory, and those that do, only use it as a means to oversubscribe

GPU memory within a single context.
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8.3 OS-level virtualization and containers

Operating-system-level virtualization refers to an operating system feature in which
kernel services are used to allow the existence of multiple isolated user-space instances.
In other words, the kernel provides us with tools that as a whole enable us to replicate
the operating system’s functionality for each isolated instance. There exist many OS-level
virtualization implementations, such as BSD jails, LXC and Docker. In the latter two,
the instances are called containers. Docker [65] played a critical role in popularizing

containers and solidifying their status as the primary means of lightweight virtualization.

8.3.1 What is a container?

From the 10000 foot view, a container is a standard unit of software delivery that
allows engineering teams to ship software reliably and automatically. In order to get a
firmer grasp of their capabilities and limitations, we must examine the mechanisms that

power containers behind-the-scenes and enable us to reap their benefits.

Containers Containers Containers

Management Interface

Namespaces cgroups SELinux

Linux Kernel

Hardware

Figure 8.21: Container Architecture

8.3.1.1 cgroups

According to the Linux Kernel documentation [66]: "cgroup is a mechanism to organize
processes hierarchically and distribute system resources along the hierarchy in a controlled
and configurable manner."

A cgroup (control group) comprises a set of processes which are bound by the same
criteria and are assigned a set of parameters or limits. The organization of the groups can
be hierarchical, in the sense that every group inherits its configuration from its parent.
The Linux kernel exposes a variety of relevant controllers (subsystems) through the cgroup
interface. As an example, the memory controller limits memory usage and cpuacct accounts
CPU usage. Linux also exposes cgroups in the virtual file system, mounting the controller

hierarchy under /sys/fs/cgroup.
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Figure 8.22: Using cgroups to limit resource usage [3]

8.3.1.2 Namespaces

Namespaces enable creating an abstraction of a particular global system resource and
make it appear as a separated instance to processes within a namespace. Examples of
resources include pid, ipc and network.

Putting the above together
It is clear that if we combine cgroups (to control resource consumption) and Namespaces
(to isolate resource usage) we can run a process in the system that has its own unique
file-system, its own IP address, and that has adjustable CPU and Memory usage. This
is a primitive form of a container but even more robust examples of container runtimes

stem from these basic roots.

8.3.2 Container Images

Here we must note that a container is an isolated running process with all the above
desirable characteristics. Because containers, as a technology, emerged to cover the need
of reproducibility, vendors need a way to ship a frozen version of the container which the
user will execute. This frozen version is called a container image. A container image com-
prises a compressed set of Union mount Filesystem layers which, when decompressed,

produce the final filesystem that the container will use as its root.

i Thin R/W layer Io— Container layer

[ ! I

91e54dfb1179

-

d74508fb6632 1.895 KB

»>— Image layers (R/0)
c22013c84729 194.5 KB

d3alf33e8a5a 188.1 MB

ubuntu:15.04

Container
(based on ubuntu:15.04 image)

Figure 8.23: Container Image Layers
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8.3.3 Open Contaner Initiative

The Open Container Initiative (OCI) [67] is a project started by Docker in June 2015
which designs standards for container technologies. OCI defines the following two stan-
dards:

e the Runtime Specification which specifies how to run an unpacked filesystem

bundle (rootfs + a configuration file)

o the Image Specification which specifies how to create an OCI image, which con-
tains the necessary files (or references to layers) as well as runtime configuration
information as well as instructions on how to unpack this image into a Runtime
Bundle.

For a short and thorough explanation of the OCI Specs, refer to the excellent blog post
from Alibaba’s Bin Chen [68].

Image Spec Runtime Spec
config runtime config
layers rootfs
delete

unpac create |
Image (spec) —— | Bundle ——p container — ) process

Figure 8.24: Overview of the OCI lifecycle

VIRTUALIZATION CONTAINERS

SUPPORTING FILES SUPPORTING FILES

RUNTIME RUNTIME
HYPERVISOR

HOST OPERATING SYSTEM HOST OPERATING SYSTEM

Figure 8.25: Containers vs Virtual Machines [4]

8.3.4 Comparison to VMs

While both containers and Virtual Machines are forms of virtualization, they have
some significant differences. Each VM must run a completely separate guest OS and
emulate its hardware devices. VMs with different operating systems can execute on the
same host and each VM has its own distinct image on disk - measuring tens of gigabytes.

VMs also provide strict security and isolation between workloads.
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On the other hand, containers share the underlying OS, so executables must be binary
compatible with the operating system. For example, you cannot run a Windows container
in a Linux machine, while nothing stops you from running a Windows VM. Containers
are bundled only with a minimal set of necessary dependencies (libraries, misc files) and
container images usually are (this depends on the containerized application) orders of

magnitude smaller than VM images.

8.4 Using GPUs in (OCI) containers

8.4.1 Introduction

In order to use (nvidia) GPUs to run and develop cuda applications within containers,
the following must be present as a bare minimum:
( an analysis of a sample CUDA application’s interaction with the system can be found in

this post by Zygmunt Krynicki [69] )
e /dev/ character device files (nvidia0, nvidiactl, nvidia-uvm, nvidia-uvm-tools)

e NVIDIA libraries (libcuda.so as a minimum to run CUDA applications)

The above are necessary to expose the nvidia driver to the container. More specifically,

the nvidia driver comprises multiple kernel modules (omitting the graphics related ones):

$ lsmod | grep nvidia

nvidia_uvm 1089536 0
nvidia_modeset 1114112 1 nvidia_drm
nvidia 20459520 20 nvidia_uvm,nvidia_modeset

It also provides a collection of user-level driver libraries that enable the applications

to communicate with the kernel modules and therefore the GPU devices:

$ ldconfig -p | grep -E ’'nvidia]|cuda’

libnvidia-ml.so (libc6,x86-64) => /usr/lib/nvidia-361/libnvidia-ml.so
libnvidia-glcore.so0.361.48 (1libc6,x86-64) => /usr/lib/nvidia-361/1libnvidia-glcore.s0.361.48
libnvidia-compiler.so0.361.48 (libc6,x86-64) => /usr/lib/nvidia-361/libnvidia-compiler.so0.361.48
libcuda.so (libc6,x86-64) => /usr/lib/x86_64-1inux-gnu/libcuda.so

For a precise list of the installed components of the nvidia driver refer to the NVIDIA
Driver Documentation [70]. For compute applications we aren’t particularly interested in

the graphics components listed therein.

The CUDA toolkit, required to develop applications is installed inside the container,
usually by leveraging nvidia/cuda images as the base for image builds (note the ENV

variables for later).
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Listing 8.3: nvidia/cuda:10.1-base Dockerfile

FROM ubuntu:18.04

LABEL maintainer "NVIDIA CORPORATION <cudatools@nvidia.com>"

RUN apt-get update && apt-get install -y --no-install-recommends \
gnupg2 curl ca-certificates && \
curl -fsSL https://developer.download.nvidia.com/compute/cuda/repos/ubuntul8o4/
x86_64/7fa2af80.pub | apt-key add - && \
echo "deb https://developer.download.nvidia.com/compute/cuda/repos/ubuntul8e4/
x86_64 /" > /etc/apt/sources.list.d/cuda.list && \
echo "deb https://developer.download.nvidia.com/compute/machine-learning/repos/
ubuntul804/x86_64 /" > /etc/apt/sources.list.d/nvidia-ml.list && \
apt-get purge --autoremove -y curl \

& rm -rf /var/lib/apt/lists/x*

ENV CUDA_VERSION 10.1.243
ENV CUDA_PKG_VERSION 10-1=$CUDA_VERSION-1

# For libraries in the cuda-compat-* package: https://docs.nvidia.com/cuda/eula/index.
html#attachment-a

RUN apt-get update && apt-get install -y --no-install-recommends \
cuda-cudart-$CUDA_PKG_VERSION \
cuda-compat-10-1 \
& 1n -s cuda-10.1 /usr/local/cuda && \
rm -rf /var/lib/apt/lists/x*

# Required for nvidia-docker vl
RUN echo "/usr/local/nvidia/lib" >> /etc/ld.so.conf.d/nvidia.conf && \

echo "/usr/local/nvidia/lib64" >> /etc/ld.so.conf.d/nvidia.conf

ENV PATH /usr/local/nvidia/bin:/usr/local/cuda/bin:${PATH}
ENV LD_LIBRARY_PATH /usr/local/nvidia/lib:/usr/local/nvidia/1ib64

# nvidia-container-runtime

ENV NVIDIA VISIBLE_DEVICES all

ENV NVIDIA DRIVER _CAPABILITIES compute,utility

ENV NVIDIA_REQUIRE_CUDA "cuda>=10.1 brand=tesla,driver>=396,driver<397 brand=tesla,

driver>=410,driver<411l brand=tesla,driver>=418,driver<419"
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One of the early solutions was to install the NVIDIA driver in the container and mount
the device files manually, as documented in this answer on StackOverflow [71]. This
approach led to many issues [72] as the NVIDIA driver inside the container had to match
the precise driver on the host machine (whose kernel modules it would utilize to access
the GPU). This meant that the Docker images were not portable and had to be build locally

on each machine, thus defeating one of the main purposes of Docker.

8.4.2 nvidia-docker-{1,2}

In 2015, nvidia released nvidia-dockerl [73]. This initial release included all the func-
tionalities (exposing device files, libraries) and acted as a thin wrapper over Docker while
also utilizing a daemon process to detect the aforementioned files. We will not delve
into the details of this initial implementation as it was deprecated with the release of
nvidia-docker2 [74], which is just a small part of the Nvidia Container Toolkit [75] stack.
The functionalities have been broken down into smaller pieces, with the purpose of en-
abling support of all OCI runtimes and not being merely bound to Docker.

For example, we can now work with any other high-level container runtime such as

Podman [76] and just instruct it to use nvidia-contaner-runtime.

|root@legion|:[/root]> podman --runtime /usr/bin/nvidia-container-runtime run nvidia/cuda:10.2-base nvidia-smi
Mon Nov 9 13:20:36 2020

CUDA Version: 10.2

Persistence-M| Bus-Id | Volatile Uncoxrxr. ECC |
P sage/Cap| | GPU-Util Compute M.
+======::::::::::::====‘
GeForce GTX 105 | 00EEEEE0:01:00.0 0ff

P8 N/A / N/A | OMiB / 4042MiB % Default

Figure 8.26: using Podman to run a GPU container

We show NVIDIA Container Toolkit’s architecture in figure 8.27:
nvidia-docker2 is the only Docker specific component in the hierarchy. It merely installs

nvidia-container-runtime as the (default) runtime for Docker in /etc/docker/daemon.json.

Listing 8.4: Setting nvidia-container-runtime in Docker’s daemon.json

"default-runtime": "nvidia",
"runtimes": {
"nvidia": {
"path": "/usr/bin/nvidia-container-runtime",

"runtimeArgs": []
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docker

dockerd

dockerd-containerd

container 1
process

Figure 8.27: NVIDIA Container Toolkit architecture

8.4.3 nvidia-container-runtime

nvidia-container-runtime [77] is then invoked by containerd [78] and pointed to the

0CI runtime bundle.

- containerd is Docker’s mid-level runtime: it’s job is mainly to convert an OCI

Image to an OCI runtime bundle and call runc [79] or another low level runtime

- An OCI Runtime bundle comprises a rootfs directory and a config.json config-

uration file.

It opens ‘config.json‘ and modifies it, adding nvidia-container-runtime-hook (a symlink

to [nvidia-container-toolkit) as a Prestart Hook.

Listing 8.5: Adding nvidia-container-toolkit PreStart Hook

1 func addNVIDIAHook(spec xspecs.Spec) error {

2 path, err := exec.LookPath("nvidia-container-runtime-hook")

w

spec.Hooks.Prestart = append(spec.Hooks.Prestart, specs.Hook{

4 Path: path,
5 Args: append(args, "prestart"),
6 1)
Listing 8.6: config.json with Prestart Hook injected
"hooks": {
"prestart": [{
"path": "/usr/bin/nvidia-container-runtime-hook",
"args": ["/usr/bin/nvidia-container-runtime-hook","prestart"]
]
}
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nvidia-container-runtime then execve’s (see man 2 execve) runc, which uses the modi-
fied spec (config.json) with the prestart hook inserted. runc executes the Prestart Hooks
[80] after it creates the container Namespaces, but before it executes the user-specified

program. Figure 8.28 shows the lifecyle of and OCI-conformant container:

;I::Iresta.rt oststart
ook ook
create start | |
created started
%
¢ stop
deleted stopped
delete |
poststop
hook

Figure 8.28: OCI Container lifecycle

8.4.4 nvidia-container-toolkit

nvidia-container-toolkit’s purpose is to invoke nvidia-container-cli [81] with the
right arguments. To formulate those arguments, nvidia-container-toolkit examines the
config.json configuration file and looks for specific Environment Variables (NVIDIA_VISIBLE_DEVICES)

to determine the following:
1. devices to expose: NVIDIA VISIBLE DEVICES or VolumeMounts (see below for that)
2. driver capabilities: NVIDIA DRIVER CAPABILITIES

3. requirements (CUDA driver version, architecture) NVIDIA_REQUIRE_XXX

The ENV variables’ usage is documented nicely in nvidia-contaner-runtime’s README
[82].

Recently, NVIDIA introduced a new method of declaring devices to expose, in order
to avoid accidental and/or unauthorized access to GPUs in a cluster, especially in
Kubernetes. The relevant design document [83] explains that the main motivation behind
this change is the need to ensure that nvidia-k8s-device-plugin [8] is the sole purveyor of

GPUs in a given cluster.

At the moment, most GPU container images have the aforementioned ENV vari-
ables already set. As a consequence, submitting them even without requesting
nvidia.com/gpu resources still results in them being provided access to a GPU

by nvidia-container-toolkit.
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8.4.5 nvidia-container-cli

nvidia-container-cli leverages libnvidia-container [81] in order to mount the neces-
sary libraries, expose the device files and perform all actions needed in order for the
container to be able to access the GPU. Time constraints did not allow for a detailed anal-
ysis of its source code, which is written in C and is platform agnostic. In short, it enters

the newly created namespaces and mounts the /dev/ files and nvidia driver libraries.

The relevant strace output is quite illustrative:

Listing 8.7: Strace output of nvidia-container-cli

22314 execve("/usr/bin/nvidia-container-cli", ["/usr/bin/nvidia-container-cli",
"--load-kmods", "configure", "--ldconfig=@/sbin/ldconfig", "--device=all",
"--compute", "--utility",
"--require=cuda>=10.2,brand=tesla,driver>=396,driver<397",

"--pid=22287",

"/var/lib/docker/overlay2/xxx/merged"], O0xc0000ae5c0)

Note here that /var/lib/docker/overlay2/<hash>/merged points to the rootfs (merged

image layers) of the container.

22314 openat(AT_FDCWD, "/proc/22287/ns/mnt", O_RDONLY) = 5

22314 openat(-1, "/var/lib/docker/overlay2/xxx/merged", O_RDONLY|O_NOFOLLOW|O_PATH|
0_DIRECTORY) = 5

22314 openat(5, "dev", O_RDONLY|O_NOFOLLOW|O_PATH) = 6

22314 stat("/dev/nvidia0", {st_mode=S_IFCHR|0666, st_rdev=makedev(0xc3, 0), ...}) =0

22314 stat("/var/lib/docker/overlay2/xxx/merged/dev", {st_mode=S_IFDIR|0755, st_size
=400, ...}) =0

22314 openat (AT_FDCWD, "/var/lib/docker/overlay2/xxx/merged/dev/nvidia@", O_RDONLY |
0_CREAT|O_NOFOLLOW, 0644) =5

22314 mount("/dev/nvidia@", "/var/lib/docker/overlay2/xxx/merged/dev/nvidia®@", NULL,
MS_BIND, NULL) = 0

22314 mount(NULL, "/var/lib/docker/overlay2/xxx/merged/dev/nvidia®@", NULL,

MS_RDONLY |[MS_NOSUID|MS_NOEXEC|MS_REMOUNT |MS_BIND, NULL) = 0

22314 openat(AT_FDCWD, "/sys/fs/cgroup/devices/docker/XXX/devices.allow", O_WRONLY |

0_CREAT|O0_APPEND, 0666) = 5
22314 write(5, "c 195:0 rw", 10) = 10
Afterwards:

$ (ls -1 /dev/) crw-rw-rw- 1 root root 195, 0 Nov 5 11:42 nvidia0
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8.4.6 Docker "-gpus" option

Since  Docker 19.03, Docker  supports the --gpus  option  [84].
When we use "docker run --gpus all ...", docker-cli (the user command line interface)
parses it and converts it into a DeviceRequest which it then passes over to dockerd.
Dockerd (Moby [85]) interprets the DeviceRequest, sets the NVIDIA VISIBLE_DEVICES vari-
able in the OCI spec and finally adds the nvidia-prestart-hook in the relevant section of
config.json. Consequently, the only parts of the hierarchy that need to be present are
nvidia-container-toolkit and nvidia-container-cli. The flow from there onwards is the

same as in the general case we analyzed above.
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8.5 Kubernetes

8.5.1 Introduction

Containers provide a way for applications to run inside isolated, immutable and re-
producible environments. Launching a container is trivial that virtually every developer
does on a regular basis. The logistical problem arises when the number of applications
(and users) grows significantly. In that case, managing a significant number of physical
nodes that run user containers, executing health checks on them and ensuring that con-
tainers recover from failure is no trivial task. Kubernetes satisfies this need, in addition to
providing ways to scale apps dynamically, ways for different containers to communicate
with each other and share underlying storage. It is a managing platform for containerized

workloads, and is ubiquitous in today’s cloud computing landscape.

Kubernetes in a nutshell

Kubernetes is a software system that runs containers on Nodes. Kubernetes works
on the basis of declaration of intent, instead of carrying out imperative commands.

It consists of:
1. a persistent storage (etcd), in which it stores objects

2. a set of Controllers, which act on those objects, trying to reconcile the actual

state of the cluster to the desired state

All state is stored in etcd. With only a few exceptions, Objects consist of a Spec,
which describes the desired state and a Status, which describes the current state.
Kubernetes Controllers monitor Objects and try to reconcile the actual state of the

cluster with the desired state.

8.5.2 Architecture

Kubernetes (also known as K8s) follows the Master-Slave architectural pattern and
comprises the Kubernetes Master and multiple Kubernetes Nodes. The Master (Control
Plane) maintains the etcd database in addition to the API server. Each Node runs an
instance of kubelet, which queries the API server and runs Pods bound to the Node and
an instance of kube-proxy to control networking. Pods are the basic building block of K8s,
and they are the smallest schedulable (to Nodes) entity. Each Pod encompasses one or
more containers. The K8s networking model ensures that each Pod views itself with the
same IP address as the rest of the Pods see it; it can also connect with other Pods as well
as the Node that hosts it without any need for NAT. Figure 8.29 visualizes what we just

mentioned.
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Figure 8.29: A simplified view of Kubernetes’ Architecture

Let’s analyze the individual components:

Master:

e etcd: The central storage of K8s. etcd [22] is a strongly consistent, distributed
key-value store that provides a reliable way to store data belonging to a cluster of
machines. Every single piece of persistent data in K8s is stored in etcd. In order
to avoid having a Single Point of Failure (SPOF), K8s can run multiple instance of

Master to ensure fault-tolerance.

e API Server: The Kubernetes API server serves all REST requests related to managing
K8s Objects and is the sole front-end to the cluster. All modifications to data in

etcd must go through the API Server.

e controller-manager: Manages controller entities (processes), which monitor the
state of K8s Objects and try to reconcile the actual state with the desired state,

which the user or other controllers declare.

e Scheduler: Decides which Node a Pod will run on, based on its resource require-

ments and the Node’s remaining capacity.

Node:

e kubelet: The kubelet is responsible for running containers on the Node. It watched
the API Server to see if it needs to run/stop Pods that have been assigned by the
Scheduler to that Node. It also regularly performs health-checks on the Node’s
Pods’ Containers, restarting those that are unhealthy. Finally, it is responsible to
registering the Node and its available resources to the API Server and managing the
Node Object throughout its lifetime.
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e kube-proxy: Enables the resident container workloads to be accessed by end-users.
kube-proxy creates custom iptables rules that redirects traffic sent to a Service IP

(which is outwards-facing) to the respective Pod/Container.

8.5.3 Objects

Objects are the persistent entities in a K8s cluster and are stored in etcd. Kubernetes
works on the basis of declaration of intent, instead of carrying out imperative commands.
As such, when a user creates an object they declare the desired state they want the sys-
tem to be in. The two important fields in an Object are its Spec and its Status. The Spec
describes the desired characteristics that the user wants the object to have; the desired
state. The Status describes the current state; The control plane (which includes con-
trollers) continually and actively manages reconciling the current state with the desired
state. Users usually define objects in YAML, but the command-line interface (kubectl)
converts it to JSON before forming and sending a request to the API Server.

For example, a Deployment is an object that can be used to represent an application
running on the cluster. When creating a Deployment, we can specify in the Spec that
we want 3 replicas (Pods) of the application up and running. The Deployment Controller
watches for Deployment Objects on the API Server, and, when it notices the new Deploy-
ment, it creates 3 Pod Objects. If any of those Pods fail (a change which will be reflected
in the Status field) the Deployment Controller will try to reconcile the difference between
desired-actual state by launching a replacement instance.

Here is an example of an nginx Deployment, which is a popular kind of Object:

apiVersion: apps/vl
kind: Deployment
metadata:
name: nginx—deployment
spec:
selector:
matchLabels:
app: nginx
replicas: 2 # tells deployment to run 2 pods matching the template
template:
metadata:
labels:
app: nginx
spec:
containers:
- name: nginx
image: nginx:1.14.2
ports:

- containerPort: 80
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8.5.4 Pods

Pods serve as the basic building block for more complex K8s Objects, as they are
the smallest deployable entity in the Kubernetes API. A Pod comprises one or more con-
tainer(s), which as a whole represent an application (e.g. an nginx server). Apart from
its containers and the execution parameters the Spec provides for them, a Pod also en-
capsulates storage, and network identity for the application. Containers belonging to a
Pod are automatically co-located and co-scheduled on the same Node by kubelet. These
containers can communicate and coordinate with each other for the entirety of the Pod’s
lifetime.

Here is a simple example of a Pod in YAML:

apiVersion: v1
kind: Pod
metadata:
name: nginx—example
spec:
containers:
- name: nginx
image: nginx:1.14.2
ports:

- containerPort: 80

8.5.5 Controllers

In the introduction to Kubernetes, we stated that in essence K8s is simply a collection
of Objects and Controllers. Having covered the former, it’s now time to explain how

Controllers come into play.

Controllers

Controllers are pieces of software that are responsible for managing a specific K8s
Object. They execute a continuous control loop which tries to reconcile the Status
of an Object with its Spec - or in simple words the actual state with the desired
state. They play a central role in a Kubernetes system. Here is a breakdown of the

loop that a Controller responsible for Objects of kind X runs:
1. Observe the current Status (current state) of objects of kind X

2. Calculate the difference from the Spec (desired state) (e.g. 3 nginx Pods should

be running but only 2 are)

3. Take action to reconcile the existing differences (e.g. Create 1 more nginx
Pod)

J

Virtually everything in Kubernetes is a Controller (e.g. kubelet, kube-proxy, Replica-
tion controller, ServiceAccounts controller). Let’s do a specific high-level case-study of

the Scheduler. Weird as it may seem, the Scheduler is also a Controller.
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8.5.5.1 The Kubernetes Scheduler

In the case of the Scheduler the desired state is that the NodeName of a Pod’s Spec
(pod.Spec.Nodename) is not empty. This is an exception to the usual modus operandi
of K8s Controllers, in which they calculate the desired state by comparing an Object’s
Status to its Spec. The Scheduler obtains the current state by examining the length of
pod.Spec.Nodename and checking if it is greater than O.

In order to schedule a given Pod, the Scheduler follows these steps, which comprise
the scheduling process. In this brief analysis, we are only focusing on the Resource
aspect of scheduling (which is the most important) and ignoring other factors such as
affinity /anti-affinity labels.

1. It calculates the remaining allocatable capacity of each Node in the following

manner:

(a) Reads the Status field of the Node Object and initializes a NodeInfo cache with
the total Allocatable resources of the Node.
(b) Reads the Pod.spec.containers.resources fields of each Pod that is running on

the Node and calculates the total resources of each individual Pod.
(c) Stores the sum of total Pod resource requirements of each Node in the Requested

field of the Nodelnfo struct.

2. It finds candidate Nodes by checking if there are enough resources to fit the Pod’s

containers:

(a) Checks the podRequest (the sum of resource requirements of all containers in
the given Pod) against Nodelnfo.Allocatable (total capacity of the Node) minus

nodelnfo.Requested (current occupancy) to determine if the Pod fits.
(b) If the Pod fits, it adds the Node to a list of candidate Nodes.

3. It chooses one of the candidate Nodes to schedule the Pod on:

(a) Assigns a score to each Node in the candidate Nodes list (the least remaining

resources the better).
(b) Picks the Node with the highest score.
(c) Updates the Pod Object in etcd, setting Spec.NodeName to that of the selected

Node.

Now that we have a basic understanding of how Kubernetes operates, we can begin to

slowly make our way to the gist of this thesis.
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8.6 GPUs in Kubernetes and device plugins

8.6.1 Overview

Kubernetes supports Device Plugins [23] in order to let (containers running in) Pods
access specialized hardware resources such as GPUs. To consume a GPU, a user must
specify nvidia.com/gpu in the limits section of their request. However, there are some
limitations according to the official documentation [86] in how you specify the resource

requirements when using GPUs:
e GPUs are only supposed to be specified in the limits section, which means:

- You can specify GPU limits without specifying requests because Kubernetes
will use the limit as the request value by default.

- You can specify GPU in both limits and requests but these two values must be
equal.

— You cannot specify GPU requests without specifying limits.

e Containers (and Pods) do not share GPUs. There’s no overcommitting of GPUs.

e Each container can request one or more GPUs. It is not possible to request a fraction
of a GPU.

8.6.2 Device Plugins in a nutshell

At their core, device plugins are simple gRPC [24] servers that can run in a container
deployed through the pod mechanism or in bare metal mode. A device plugin’s responsi-

bilities are to:
e inform the kubelet of the devices present on the node that it manages
¢ notify it of any change in their health and finally

e respond to requests for specific devices from the kubelet, instructing it on **what
additions need to be made to the configuration file** of the pod/container before

kubelet forwards it to the underlying CRI [25] container runtime (dockershim, cri-o)

Since we concern ourselves with GPUs, we are going into more detail about nvidia-device-plugin

[8] but the analysis made applies in general to every device plugin deployed in K8s.

8.6.3 nvidia-device-plugin

The NVIDIA device plugin for Kubernetes is a Daemonset that allows users to auto-

matically:
e Expose the number of GPUs on each nodes of their cluster
e Keep track of the health of their GPUs

¢ Run GPU enabled containers in their Kubernetes cluster.
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8.6.3.1 Initialization

The following sequence diagram (8.30) illustrates the first two parts (registration and

device advertisement) of the aforementioned responsibilities:

struct RegisterRequest { N
REeiee endpoint="/var/1ib/kubelet/device-plugins\
evicelmanager ResourceName="nvidia.com/gpu"
| | | I 5
| sd Initialization ) | T PP
: : : Register() l’
| | ll_'l contains Devices= list of struct Device { L\
1 1 D = GPU-UUID
| | . | Health = "Healthy" or "Unhealthy"
! ! ; runEndpoint () ! Topology = ID of Numa Node
1 1 ListAndWatch() U
1 1
: : struct ListAndWatchResponse -~
! ! 5 Sttt for dev in Devices:
| | genericbeviceUpdateCallback() - - - - - -~ |- - - - <[ - - - healthyDevices["nvidia.com/gpu"].Insert(dev.ID)
1 1 ;
| |
1 1
I I ListAndWatchResponse (%) if {device becomes "Unhealthy"} at any point
: : K- (checked through NVML periodically)
1 1
I |
| t
sd NodeStatus update ] | Resourcelist is a set of (resource name, quantity)

GetDevicePluginResourceCapacity () pairs, e.g. (“nvidia.com/gpu", 3).

struct vi.Resourcelist capacity, allocatable ;
In the case of device plugin resources:
capacity = allocatable =

= map[ResouzceName] ->Len (healthyDevices)

|
|
t
|
|
|
|
|
GetCapacity() - :
P

capacity, allocatable .-

PatchNodeStatus ()

Figure 8.30: device-plugin Initialization and Status Update

e The device plugin registers the ResourceName it’s managing (in this case "nvidia.com/gpu")
as well as the endpoint it is listening on to the kubelet. The "subsystem" of kubelet
tasked with handling devices is the device manager. Its responsibilities comprise
acting as a middleman between the "core" of the kubelet (the part of it that interacts
with the API server) and the various device plugins. It facilitates practical device
exposure in Kubernetes while also mitigating the need for adding device-specific code

in the K8s core.

e Kubelet’s device-manager creates an endpoint which manages the remainder of the
device plugin’s interactions (RPC communication) with kubelet. An endpoint maps

to a single registered device-plugin and caches device states reported by it.

e The device manager then makes the ListAndwatch() call, which returns a list of
Device UUIDs along with the health of each device. The kubelet then adds the
number of healthy devices to the NodeStatus update that it periodically sends to
the API Server. Specifically, the NodeStatus update only contains the ResourceName

(in this case "nvidia.com/gpu") and an integer count of the devices.
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8.6.3.2 Device Allocation

The sequence diagram below (8.31) illustrates the actions taken between the binding

of a GPU Pod to a Node by the Scheduler and the creation of the corresponding container.

returns a struct runtimeapi.ContainerConfig | API sexver

kubelet

kubelet
(device manager)

which contains all the necessary info
kubelet needs to make the CreateContainer | watch for bound Pods
RPC call to the CRT endpoint (dockershim
cri-o, etc.)

I Pod bound to Node

returns a set of Devices[+], Mounts, Envs and
Annotations related to device usage that are used by
generateContainerConfig().

[*]Devices (not used by default in the nvidia-device- |~~~ ==~
plugin) are of type struct DeviceInfo {
PathOnHost string

PathInContainer string
CGroupPermissions string

Figure 8.31: device-plugin GPU allocation

generateContainerConfig()

.

GetDeviceRunContainezOptions ()

Allocate(DeviceIDs)

| nvidia-device-plugin

Allocate passes a list of device UUIDs and
returns a list of Env Variables or Mounts
(dependant on plugin configuration), which
the kubelet appends to the container config
when it "creates’ the container, in order
for the GPUs to be exposed through
nvidia-container-runtime.

struct AllocateResponse

>

DeviceRunContainexOptions

runtimeService.CreateContainer()

When kubelet retrieves a PodSpec (when it realizes a Pod has been bound to the node it

manages on the API Server) it goes through the following actions in order to get it running.

First, it generates a PodSandbox, that is the environment within which the container is

going to exist. Then, it begins to create the containers specified in the PodSpec.

In order to create/start a Container, the kubelet first needs to generate the required

ContainerConfig:

Listing 8.8: ContainerConfig structure

type ContainerConfig struct {

// Metadata of the container. This information will uniquely identify the

// container, and the runtime should leverage this to ensure correct

// operation. The runtime may also use this information to improve UX, such

// as by constructing a readable name.

Metadata *ContainerMetadata
// Image to use.

Image *ImageSpec

// Command to execute (i.e., entrypoint for docker)

Command []string

// Args for the Command (i.e., command for docker)

Args []string

// Current working directory of the command.

WorkingDir string

// List of environment variables to set in the container.

Envs []xKeyValue

// Mounts for the container.
Mounts []*Mount

// Devices for the container.

Devices []*Device

// Key-value pairs that may be used to scope and select individual resources.

Labels map[stringlstring

// Unstructured key-value map that may be used by the kubelet to store and



8.6 GPUs in Kubernetes and device plugins

// retrieve arbitrary metadata.

Annotations map[string]string

// Path relative to PodSandboxConfig.LogDirectory for container to store
// the log (STDOUT and STDERR) on the host.

LogPath string

Kubelet uses this ContainerConfig in the (CRI) runtime service’s CreateContainer() RPC
call. We will only concern ourselves in the present with the device-related parts of this
procedure. More specifically, a fairly lengthy chain of calls finally reaches the device
manager subsystem of kubelet, which, as we mentioned is in charge of device exposure.
The device manager’s job is to provide the necessary DeviceRunContainerOptions that are

going to be integrated into the CRI run options, in the fashion seen below:

Listing 8.9: ContainerConfig structure

func (cm xcontainerManagerImpl) GetResources(pod *v1.Pod, container xv1.Container) (*
kubecontainer.RunContainerOptions, error) {
opts := &kubecontainer.RunContainerOptions{}

devOpts, err := cm.deviceManager.GetDeviceRunContainerOptions(pod, container)

opts.Devices = append(opts.Devices, devOpts.Devices...)
opts.Mounts = append(opts.Mounts, devOpts.Mounts...)
opts.Envs = append(opts.Envs, devOpts.Envs...)

opts.Annotations = append(opts.Annotations, devOpts.Annotations...)

return opts, nil

We are now going to analyze how the device manager queries the device plugin for the
aforementioned information. It iterates over the Limits section of the Container Spec,
identifying device-plugin-managed resources. Then, it needs to decide which GPU-UUIDs
it will request from the device-plugin. The ContainerSpec only specifies the number of
GPUs. It is up to the device manager to decide which physical GPUs it will allocate to
the container. It is important to stress here that the device plugin has no knowledge
of which GPUs have been allocated. Its only reason for existence is to receive a GPU
ID and provide instructions as to how to expose it to the running container. Back to our
dilemma, the device manager can either ask the device plugin for advice on which GPU
IDs to request, or just randomly pick the N first from its list of healthy devices. Once the
device IDs have been decided, the kubelet makes the Allocate() RPC call to the device
plugin. The way device plugin handles the request is fairly simple: Depending on the
strategy used, it either returns Environment variables or a specific set of Mounts [83] that
have a symbolic meaning. The decision on which information to return is based on the

value of the device plugin’s DevicelListStrategy:
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Listing 8.10: DeviceListStrategy of nvidia-device-plugin

N O ok WoN

10
11
12
13

14
15
16

17
18
19
20

21
22
23
24

const (

devicelListAsVolumeMountsHostPath "/dev/null"

devicelListAsVolumeMountsContainerPathRoot "/var/run/nvidia-container-devices"

func (m *NvidiaDevicePlugin) Allocate(ctx context.Context, reqs *pluginapi.AllocateRequest

) (xpluginapi.AllocateResponse, error) {

responses := pluginapi.AllocateResponse{}
for _, req := range regs.ContainerRequests {
response := pluginapi.ContainerAllocateResponse{}

if xdevicelistStrategyFlag == DevicelistStrategyEnvvar {
response.Envs = m.apiEnvs(m.devicelListEnvvar, req.DevicesIDs) // m
.devicelListEnvvar="NVIDIA_VISIBLE_DEVICES"
}
if xdevicelListStrategyFlag == DevicelistStrategyVolumeMounts {
response.Envs = m.apiEnvs(m.deviceListEnvvar, []string{
devicelListAsVolumeMountsContainerPathRoot})

response.Mounts = m.apiMounts(req.DevicesIDs)

responses.ContainerResponses = append(responses.ContainerResponses, &
response)

}

return &responses, nil

where the corresponding method for generating EnvVars is:

Listing 8.11: ContainerConfig structure
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10
11

func (m xNvidiaDevicePlugin) apiEnvs(envvar string, filter []string) map[stringlstring {
return map[string]string{

envvar: strings.Join(filter, ","),

for the case of volume mounts, the ‘NVIDIA VISIBLE DEVICES‘ variable takes on a special

"

value ‘"/var/run/nvidia-container-devices and the mounts are set as follows:

go

a1

func (m *NvidiaDevicePlugin) apiMounts(filter []string) []*pluginapi.Mount {
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12 var mounts []*xpluginapi.Mount

13

14 for _, id := range filter {

15 mount := &pluginapi.Mount{

16 HostPath: devicelListAsVolumeMountsHostPath, // "/dev/null"
17 ContainerPath: filepath.Join(

devicelListAsVolumeMountsContainerPathRoot, id),
18 // basically "/var/run/nvidia-container-devices" + ID
19 }

20 mounts = append(mounts, mount)

23 return mounts
24 }

This sums up how nvidia-device-plugin facilitates the exposure of GPUs in containers.

Nvidia-container-toolkit (8.4.4) expects specific Environment Variables (or Vol-
ume Mounts) to be set in the OCI spec in order to expose the GPUs (mount the
libraries, device files). Consequently, containers that run in pods on K8s and need
access to a GPU have to somehow get those variables set. One solution was to have
them hard-coded in the submitted images. Another solution, the more modern
one, which also provides nicer manageability, is to use the device plugin approach,
which does this job for us. So, we just request X nvidia GPUs in our PodSpec and
the device plugin takes care of setting NVIDIA_VISIBLE_DEVICES for us and finally we

not-so-magically get access to GPUs in our container.
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Chapter E

Existing Approaches

In this chapter, we analyze existing solutions towards GPU sharing in Kubernetes and
highlight their pros and cons. We also discuss Replay Technique, which is a promising
solution without a Kubernetes integration. However, after extensive testing, we conclude
(with the authors’ confirmation) that Replay Technique-based approaches do not work

with modern CUDA versions and as such is not viable.

9.1 Public (Open-source) Solutions

Aliyun Scheduler extender
This solution from Alibaba Cloud [13] lifts the restriction of exclusive GPU assignment
to Pods and implements bin packing based on the GPU memory requested in the Pod
Spec. However, it does nothing beyond the scheduling phase which means that, during
application execution, no measures are taken to isolate the GPU (memory) usage between

the processes and OOM errors can still happen as in the stock NVIDIA case.

Contributions:

e enables users to specify a GPU memory request (“aliyun.com/gpu-mem"9 in their
PodSpec

¢ extends K8s to allow bin-packing based on GPU memory; removes exclusive assign-
ment of GPUs to Pods by using a custom device plugin

Pros:

¢ GPUs are no longer exclusively assigned to Pods

¢ Exposes a method to bin-pack based on GPU memory requests

Cons:

¢ Does not enforce memory limits on the Pods/processes; a Pod can allocate more

memory than its request, breaking isolation
e GPUs can only be requested in the cluster through Aliyun’s method

e nvidia-device-plugin (the de facto method of requesting GPUs) must be removed

from the cluster; this breaks compatibility.
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Kubeshare

Kubeshare [12] is a work from researchers at the National Tsing Hua University of Taiwan.

The authors try to alleviate the lack of GPU sharing in Kubernetes while also providing a

means to isolate the GPU usage between co-located processes. This is (to the best of our

knowledge) the most complete existing solution to the problem we are trying to tackle,

however it still leaves much room for GPU underutilization, as we will see below. The ex-

act same approach is taken by Tencent’s GPU Manager [87], albeit in a less sophisticated

manner.

Contributions:

enables users to specify GPU memory (hard limit) and compute requests and does

bin-packing based on them

provides a mechanism to enforce GPU memory requests; each process owns a spe-
cific amount of GPU memory that the user specifies in the Pod Spec - this is a hard

limit that cannot change after launch.

provides a mechanism to enforce GPU compute time-slicing (limits GPU command
issuing from different process contexts using a Token-based approach; only the
process/context holding the Token can issue work to the GPU; the Token is given

to each process for a time-slice relative to their compute partition fraction)

Pros:

enforces Memory limits; Processes cannot allocate more than their requested GPU

memory. Thus, memory volume usage is isolated between co-located processes.

makes a meaningful attempt at enforcing Compute Slicing, especially given our

limited knowledge of the GPU context scheduling mechanism.
Provides a way to schedule (binpack) on both compute and memory per GPU card.

Ability to co-schedule on a specific gpu of a Node (device-plugins only treat GPUs

are integer quantities by default).

Cons:

the memory limit is hard; If the process tries to allocate more than the limit, it gets
a CUDA OOM error and is terminated.

Requested memory is not available to other processes, whether or not it is actually

used by the Pod it’s been assigned to.

There is no study on the overhead (or the efficiency) of the Compute Slicing mecha-
nism

Kubeshare uses a custom resource (SharePod) to encapsulate the actual Pods that
are to be run. We have identified two problems that this creates. Any component
that creates Pods (e.g., Argo Workflows, StatefulSet controller) needs to be changed.
As a result, integrating SharePod resources (and Kubeshare’s approach) with exist-

ing logic requires major changes.
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9.2 Commercial Solutions

Below we will very briefly go over some of the existing Commercial Solutions that offer
the option to share a GPU between multiple user applications/processes/Pods. We mostly
present this section to outline the importance of the problem, by showing the amount of
effort (for some companies, it is their main service) that has been put into trying to solve
GPU Sharing in Kubernetes.

Run:Al
Run:Al [17] offers many services to increase cluster GPU utilization. Among them is the
option to share a GPU between Pods and speed up ML experimentation, the exact same
as our goal.

Here is a rough overview of the company’s relevant offerings:
e platform built on top of K8s
o offers dynamic scheduling (no static assignment of GPUs to user groups)

e guaranteed quotas for each job; jobs can use more GPUs if they are idle and also

scale down when other users want to make use of their quota

e users must change their code to use Run:ai versions of Keras or Torch if they want

elasticity
e can submit jobs via Run:ai CLI or directly to K8s

e supports fractional GPU allocation (memory) with enforcement (similar to Kube-

share)

Amazon Elastic Inference
Amazon’s Elastic Inference [15] takes a totally different approach and virtualizes the GPU
at the application level. This means that when a user calls a function from Amazon’s
custom TF library, they will be given the illusion that they are running on a GPU at the
application level, and the call will be redirected to a back-end that handles maintaining
this illusion. In the back-end, it is possible that Amazon uses some kind of GPU Sharing,
to serve Elastic Inference calls from multiple instances.

Here is an overview of how it works:

Only for inference and only for TF, PyTorch, MXNET

users must work with custom ML framework images

network-attached "GPU" (virtualized at application level, not CUDA)

can only be attached during instance (EC2) launch

Bitfusion (VMware)
vSphere Bitfusion [16] exposes remote GPUs to CPU processes. It also offers the option
to partition GPU memory between co-located processes. We won'’t consider this as an ap-
proach that tries to tackle the exact same problem as us, since it mainly handles remote
GPU virtualization (similar to rCUDA [88] from the Polytechnic University of Valencia)
which is a completely different area of study.

Here’s a brief outline:
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e Network attached GPUs (remote) ; interpose CUDA API calls and execute them
remotely
e Supports fractional GPUs with memory limit

e K8s integration

Alibaba Cloud (Aliyun) cGPU
cGPU [14] is the enforcement mechanism that is paired with the Aliyun Scheduler
Extender (which is open-source). This is an approach very similar to Kubeshare, enforcing
hard memory limits on the applications. cGPU is only available when using Kubernetes

in Alibaba Cloud’s infrastructure.
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9.3 Replay Technique: A non Kubernetes-integrated solution

9.3.1 Overview

We use the term "Replay Technique" to refer to a family of GPU mechanisms that are
based on the same underlying concept: maintaining a ledger of CUDA calls made by the
application to allow dynamic deletion/re-creation of the resources it owns. The goals of

these types of approaches are twofold:

e Checkpoint/Restart support for GPU applications (NVCR [89]). Create a storable
image of GPU memory to be used in conjunction with a CPU-process checkpointing
tool (BLCR) to enable fault-tolerance. They originally developed this for the Tsubame

supercomputer.

e Transparent suspend/resume to enable execution of multiple applications and pos-
sible migration to another GPU.(MobileCUDA [90])

For our problem, we are interested in the latter application of Replay Technique.
These are the steps that MobileCUDA takes to temporarily "freeze" an application and
make the GPU memory available to other applications:

1. Send all data from Device to Host
Destroy CUDA context (for Driver API implementation).

Suspend Application
Reallocate CUDA resources (context, memory)

Restore the data on the device

& g ok W N

Resume application execution

9.3.2 Main idea
These are the logical steps that describe the main logic behind Replay Technique:

e Observe that under certain circumstances CUDA returns the same device pointers
when reallocating the same pointer to device memory after releasing it. We illustrate
a trivial example in Figure 9.1. The cudaFree() call is part of the back-up mechanism.
In this trivial case, there are no actions performed between the allocation of memory
and the (transparent) release. When actions (CUDA calls) are done, as in a real user
program, we try to nullify their side-effects on the CUDA memory allocation pointer

logic so as to maintain the observed repetition of device pointers returned.

e Record a set of API calls that can potentially affect device memory allocation during
the replay. Store the calls and their arguments in a Replay Log. (This must include
memory allocation calls)

e During back-up/suspend:

— Freeze the application (usually the trigger-point is in a CUDA call, so wait there)
— Back up memory (cudaMemcpy to CPU RAM)
- Free GPU memory allocations
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e When restoring an application:

— Replay all API calls in the Replay Log to ensure CUDA returns the same ad-

dresses to memory (re)allocation calls.
— Copy memory back to the GPU
— Let application continue

[#1] Device memory Pointer values:
d_p = 0x7£6717600000
d_c = 0x7£6714000000
cudaFree(d_c)

cudaFree(d_p)

[#2] Device memory Pointer values:
d_p = 0x7£6717600000
d_c = Ox7£6714000000

Figure 9.1: Trivial example of Replay technique

9.3.3 Problems with Replay Technique

After reallocation, the address of device memory allocations may differ from the pre-
vious one. Addresses cannot be opaque to the applications, they need to be directly
accessible. (they are used as arguments when launching kernels, whose function pro-
totypes are determined by the user) The memory address of a device memory region
must be the same as it was before back-up/checkpointing.

Figure 9.2 presents a table from the NVCR [89] paper (2011) that showcases which
CUDA data types can be opaque. For example, a CUdevice variable is only used in calls to
the Runtime/Driver APIs, so an interposition library can transparently modify it before

calling the real function.

CUDA Data Type | Actual Data Type Explanation Can be opaque?
CUdevice int Identifier to specify GPU device. YES
CUdeviceptr unsigned int Pointer address for device memory. NO
CUcontext struct ClUctx_st * CUDA context must be created for each GPU device. YES
CUmodule struct CUmod_st * Identifier of a CUDA module. CUDA module is created from PTX/CUBIN/fatCUBIN. YES
CUfunction struct CUfunc_st * Identifier of a kernel function in CUDA modules. YES
CUarray struct CUarray_st * Identifier of a special array for texture mapping. YES
CUtexref struct CUtexref_st * Identifier of a texture reference in CUDA modules. YES
CUevent struct CUevent_st * Identifier of CUDA event used for timing and synchronization. YES
CUstream struct CUstream st * | Identifier of CUDA stream used to specify task dependencies. YES

Figure 9.2: NVCR: Opaque and non-opaque CUDA data types

None of the implementations of Replay Technique (NVCR, MobileCUDA) work with
today’s CUDA versions, as replaying fails to yield the same CUDA memory pointer. We
contacted the authors of MobileCUDA, Taichiro Suzuki and Prof. Akira Nukada at the
University of Tsukuba, and they confirmed that this is the case. Prof. Nukada hinted
that an updated replay-technique-based implementation is under way, however the sole

focus of their work will be towards supporting fault-tolerance for long-running jobs and
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not GPU sharing. As such, Replay Technique is not a valid solution to tackle the problem

of GPU Sharing in multi-tenant scenarios, and will not be, for the foreseeable future.
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Our study of Unified Memory in multi-process

scenarios

In this chapter we provide what is, to the best of our knowledge, the first study on the
behavior of CUDAs Unified Memory in scenarios with multiple processes (contexts). We
use nvprof, the NVIDIA Profiler [26] to measure Page Faults during GPU execution. We
start by examining a simple case, where one process is executing on the GPU and memory
is not oversubscribed and move on to more complex cases, where multiple processes’
work overlaps and GPU memory is oversubscribed. We experimentally verify that CUDA
uses an LRU eviction policy, as well as the fact that page-faults emanating from one
CUDA context can evict pages belonging to another. This finding implies that each CUDA
context can make use of all physical GPU memory, even if other contexts have active

memory allocations. Our GPU Sharing mechanism is largely based on this observation.

10.1 Unified Memory refresher

Unified Memory (UM) is a hardware/software technology which allows applications
to allocate data that can be accessed from code running on either CPU or GPU. It also
allows GPU code to page-fault. When a page-fault occurs, the Unified Memory subsystem
(kernel module) fetches the missing page to GPU memory and chooses a victim page to
evict to host RAM. This means that when GPU physical memory is full and memory is
oversubscribed (total memory allocations exceed physical size) the GPU memory acts as
a sort of cache, with the system RAM as a backing store.

For normal (non-UM) CUDA memory allocations, every byte of virtual memory allo-
cated must be backed by a byte of physical memory. An implication of this is that the
sum of GPU memory allocations across all CUDA contexts can at most be equal to the
physical GPU memory size. As an example, in the case of an NVIDIA P100 with 16 GB of
memory, if one process (A) has allocated 10 GB via cudaMalloc, then another process (B)
can at most allocate 6 GB of GPU memory.

Pre-Pascal Unified Memory behavior:
When an application launches a kernel, the Unified Memory subsystem migrates all Uni-
fied Memory allocations of the application context to GPU memory before the kernel starts

execution. This is necessary because all Pre-Pascal generations of NVIDIA GPUs do not

157
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GPU memory CPU memory
page page
fault migration
T

Figure 10.1: Unified Memory Page Fault handling

support page-faults during kernel execution.

Quoting the Nvidia Developer Blog [27]: "On pre-Pascal GPUs, upon launching a kernel,
the CUDA runtime must migrate all pages previously migrated to host memory or to another
GPU back to the device memory of the device running the kernel. Since these older GPUs
can’t page fault, all data must be resident on the GPU just in case the kernel accesses it

(even if it won’t)."
Post-Pascal Unified Memory behavior:

Data migration occurs via demand-paging. When the GPU device code attempts to access
data in a particular page that is not resident in GPU memory, a page fault will occur and

the warp will stall until the page is fetched to GPU memory.

For an excellent comparison of pre- and post- Pascal behavior of Unified Memory refer to

the SO answer from Robert Crovella (Nvidia employee) [28].

10.2 Our evaluation program

We are working on a P100 (Pascal) GPU so our results apply to Pascal, Volta, Turing

and Ampere architectures.

We ran our experiments on an Nvidia Tesla P100 with 16 GiB of physical memory.
Note that not all 16 GiB are available to user processes. A small portion is set aside on the
GPU for driver constructs such as contexts, performance counters and other undisclosed
structures. In practice, the "program-usable" memory is ~15.5 GiB, fluctuating in ~100-

200 MiB steps based on existing context count.

Our test program allocates NUM_CHUNKS memory regions of CHUNK_SIZE bytes. Then it
initializes them on the CPU (host) and finally launches the add<<<...>>> kernel on each
chunk, which increments each element’s value by 1. It then waits for any keystroke before
re-running the kernels, to test the execution behavior when data is already resident on
the GPU.
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Listing 10.1: Our evaluation program

© 00 N o a B~ W N o~

—
o

11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32

34
35
36
37
38
39
40

#include <iostream>
#include <math.h>
#include <cuda_profiler_api.h>
#include <sys/time.h>
#define NUM_CHUNKS 5
#define CHUNK_SIZE 1L<<31
#define NUM_ITERATIONS 1
// define CUDA kernel which increments all the elements of an array
__global__ void add(uint64_t n, char *x) {
uint64_t index = blockIdx.x * blockDim.x + threadIdx.x;
uint64_t stride = blockDim.x * gridDim.x;
for ( size_t i = index; i < n; i += stride) {

x[i] = x[1i] + x[i];

int main(void) {
struct timeval tvl,tv2;
size_t N = CHUNK_SIZE;
char *x[NUM_CHUNKS];
// Allocate Unified Memory -- accessible from CPU or GPU
// Split the allocations into chunks of 2GiB
for (int i=0; i<NUM_CHUNKS; i++) {
cudaMallocManaged (&x[1i], Nxsizeof(char));
}
for (int i=0; i<NUM_CHUNKS; i++) {
for (size_t k = 0; k < N; k++){
x[i][k] = 1;

}
// Launch kernel on the GPU

int blockSize 512;

int numBlocks = N / blockSize;

if ((N % blockSize) > 0 ) {numBlocks+=1;}

for (int j=0; j<NUM_ITERATIONS; j++){
gettimeofday(&tvl, NULL);
for(int i=0; i<NUM_CHUNKS; i++) {

add<<<numBlocks, blockSize>>>(N,x[i]);
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41
42 cudaDeviceSynchronize();

43

44 // Wait for input before doing a single rerun

45 getchar();
46
47 //for (int i=NUM_CHUNKS - 1; i>=0; i--){

48 for (int i=0; i<NUM_CHUNKS; i++) {

49 add<<<numBlocks, blockSize>>>(N,x[i]);
50 }

51 cudaDeviceSynchronize();

52

53 // Wait for GPU to finish before accessing on host

54 cudaDeviceSynchronize();
55

56 return 0;

57 }

10.3 Single Process - no oversubscription

We launch a single process that works with 5 chunks of 2 GiB each, totaling 10 GiB. Note
that each kernel launch processes 2 GiB, for a total of 5 kernel launches to access the
entire 10 GiB.

==6986== NVPROF is profiling process 6986, command: ./no_oversubscribe
[6] Total time = 3.823066 seconds

Single Rerun Total time = 0.124957 seconds
Profiling application: ./no_oversubscribe
Profiling result:
Type Time(%) Time Calls Avg Min Max Name
GPU activities: 100.00% 3.94702s 10 394.70ms 24.853ms 775.04ms add(unsigned long, charx)
API calls: 92.88% 3.94699s 3 1.31566s 7.4750us 3.82272s cudaDeviceSynchronize
.08% 300.84ms 5 60.168ms 19.949us 300.67ms cudaMallocManaged
.02% 693.45us 10 69.344us 5.5990us 415.57us cudaLaunchKernel
.02% 683.31us 1 683.31lus 683.31us 683.31us cuDeviceTotalMem
.01% 218.19us 2.1600us 173ns 91.642us cuDeviceGetAttribute

.00% 2.9770us 2.9770us 2.9770us 2.9770us cuDeviceGetPCIBusId
.00% 2.3660us 788ns 228ns 1.8750us cuDeviceGetCount
.00% 1.5530us 776ns 248ns 1.3050us cuDeviceGet

.00% 849ns 849ns 849ns 849ns cudaGetlLastError

7
(¢}
0
(¢]
0.00% 46.508us 46.508us 46.508us 46.508us cuDeviceGetName
(¢]
(¢}
0]
(¢]
0.00% 340ns 340ns 340ns 340ns cuDeviceGetUuid

==6986== Unified Memory profiling result:
Device "Tesla P100-PCIE-16GB (0)"
Count Avg Size Min Size Max Size Total Size Total Time Name
111949 93.665KB 4.0000KB 0.9961MB 10.00000GB 1.217278s Host To Device
30732 - - - - 3.719032s Gpu page fault groups
Total CPU Page faults: 30720

Figure 10.2: UM: Single Process, no oversubscription

Since we first touch the memory on the CPU, a total of 10 GiB of Host To Device page
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faults happen, when the data is afterwards accessed on the GPU during kernel execution.

Pay attention to the Total Time for the first execution: 3.82 sec. This includes the page-
fault handling times. The second time around the execution takes only 0.12 sec, as data
is now resident in GPU memory. In this case, the whole working set of the application fits

in GPU memory.

10.4 Single Process - memory oversubscription

We launch a single process that works with 9 chunks of 2 GiB each, totaling 18 GiB. Note
that each kernel launch processes 2 GiB, for a total of 9 kernel launches to access the
entire 18 GiB.

==24074== NVPROF is profiling process 24074, command: ./oversubscribe_single
[0] Total time = 7.233462 seconds

Single Rerun Total time = 7.794011 seconds
==24074== Profiling application: ./oversubscribe_single
==24074== Profiling result:
Type Time(% Time Calls Avg Min Max Name
GPU activities: 100.00% 15.0272s 18 834.84ms 757.41ms 1.02775s add(unsigned long, charx)
API calls: 98.46% 15.0270s 3 5.00900s 8.9330us 7.79369s cudaDeviceSynchronize
.53% 233.91ms 9 25.990ms 16.123us 233.72ms cudaMallocManaged
.01% 775.19us 1 775.19us 775.19us 775.19us cuDeviceTotalMem
.00% 383.08us 18 21.282us 4.8160us 168.15us cudalLaunchKernel
.00% 170.80us 1.6910us 173ns 68.636us cuDeviceGetAttribute
.00% 27.187us 27.187us 27.187us 27.187us cuDeviceGetName
.00% 3.0880us 3.0880us 3.0880us 3.0880us cuDeviceGetPCIBusId
.00% 2.3130us 771ns 291ns 1.6730us cuDeviceGetCount
.00% 1.0120us 506ns 201ns 811ns cuDeviceGet
.00% 757ns 757ns 757ns 757ns cudaGetlLastError
.00% 367ns 367ns 367ns 367ns cuDeviceGetUuid

1
[S]
[¢]
¢]
€]
[¢]
0
[¢]
[¢]
[S]

==24074== Unified Memory profiling result:
Device "Tesla P100-PCIE-16GB (0)"

Count Avg Size Min Size Max Size Total Size Total Time Name

400281 94.305KB 4.0000KB 0.9961MB 36.00000GB 4.112297s Host To Device

10427 2.0000MB 2.0000MB 2.0000MB 20.36523GB 1.788062s Device To Host

110592 - - - - 14.618042s Gpu page fault groups
Total CPU Page faults: 55296

Figure 10.3: UM: Single Process, memory oversubscription

Judging by the 36 GiB of Host to Device and the 16 + 2 (+2)* GiB of Device to Host trans-
fers, we can hypothesize that an LRU (Least Recently Used) eviction policy is employed,
as depicted below in Figure 10.4:

[*] : Because the usable physical memory is slightly less than 16 GiB (as we mention in
the GPU Basics section), some additional page faults (chained 4 KB evictions within a 2

GiB chunk) occur.
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1st run: 0 5 4 6 8 10 12 14 44

before launching kernel #1

0 2 4 6 & 10 12 14 45

after kernel #1

& & W 12 14 16

=]
ra
.

after kernel #8 [16 GiB processed]

4 6 B 10 12 14 16

[=]
[}

after kernel #9 [18GIB processed]
pages of Blue chunk (0-2 GIB) have been evicted

2nd run: 0 10 12 14

2 4 6 B 16

after kernel #1
pages of Blue chunk were not resident (they were evicted by kernel #9)

page faults result in eviction of Gold chunk's (2-4 GiB) pages

0 2 4 6 8 10 12 14 44

Final State:
[after kernel #9 of 2nd run]

Figure 10.4: UM: Eviction Sequence

We can strengthen this assumption by launching the kernels of the 2nd run in reverse

order [9-0] (Figure 10.5 below):

Note the reduced execution time of the second run. This time, the LRU replacement
policy does not have such a detrimental effect, as only the last 4 GiB of accesses trigger
page faults and subsequent page evictions of data that the kernel will access immediately
afterwards. Again, due to capacity being slightly less than 16 GiB, we get some additional

page faults that do not match with what is presented in the diagram.
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==28960== NVPROF is profiling process 28960, command:
6.821396 seconds

[0] Total time =

Single Rerun Total time =

==28960== Profiling application:

28960== Profiling result:
Type Time(%)
GPU activities: 100.00%
API calls: 97.34%
.64%
.01%
.01%
.00%
.00%
.00%
.00%
.00%
.00%

.00%

OO0 00000000 O0OMN

Time
8.71074s
8.71066s
236.12ms
840.92us
633.78us
251.03us
34.303us
2.5480us
1.6270us

961ns
642ns
332ns

1.890170 seconds
./oversubscribe_single_reverse_second

Calls Avg
18 483.93ms
3 2.90355s
9 26.235ms
1 840.92us
18 35.209us
2.4850us
34.303us
2.5480us
542ns

480ns

642ns

332ns

==28960== Unified Memory profiling result:

Device
Count
246520
3259
67591 =

Avg Size

"Tesla P100-PCIE-16GB
Min Size
93.577KB 4.0000KB
2_00OOMB 2.0000MB

)"

Total CPU Page faults: 55296

Max Size
0.9961MB
2.0000MB

Total Size
22.00000GB
6.365234GB

Total Time
2.509481s
560.0505ms
= 8.28969%96s

Min
24.853ms
11.548us
16.856us
840.92us
5.2970us

166ns
34.303us
2.5480us
207ns
202ns
642ns
332ns

Max
981.52ms
6.82106s
235.92ms
840.92us
292.22us
104.14us
34.303us
2.5480us
1.1740us

759ns
642ns
332ns

Name
Host To Device
Device To Host
Gpu page fault groups

. /oversubscribe_single_reverse_second

Name

add(unsigned long, charx)
cudaDeviceSynchronize
cudaMallocManaged
cuDeviceTotalMem
cudalLaunchKernel
cuDeviceGetAttribute
cuDeviceGetName
cuDeviceGetPCIBusId
cuDeviceGetCount
cuDeviceGet
cudaGetlLastError
cuDeviceGetUuid

Figure 10.5: UM: Second Iteration in Reverse Order

10.5 Two Processes - no oversubscription

We run two processes, A & B simultaneously. Each one of them only generate 6 GiB of

Host to Device page-faults, equal to the size of data they access. Since both working sets

fit in physical GPU memory, there are no further faults and the re-runs take only ~70ms,

as we can see in Figure 10.6.

==29882== NVPROF is profiling process 29882, command:
[0] Total time = 2.285040 seconds

Single Rerun Total time = 0.074728 seconds
==29882== Unified Memory profiling result:
Device "Tesla P100-PCIE-16GB (@)"
Count Avg Size Min Size Max Size Total Size
67569 93.111KB 4.0000KB 0.9922MB 6.000000GB
18433 = = = =
ps
Total CPU Page faults:

Total Time
672.5769ms
2.216746s

18432

==29893== NVPROF is profiling process 29893, command:
[@] Total time = 2.305340 seconds

Single Rerun Total time = 0.069259 seconds

==29893== Unified Memory profiling result:
Device "Tesla P100-PCIE-16GB (0)"

Total Time
689.1920ms
2.238830s

Count Avg Size Min Size Max Size Total Size
67171 93.663KB 4.0000KB ©.9883MB 6.000000GB
18433 = = = =
ps
Total CPU Page faults: 18432

./increment_5g.cu

Name
Host To Device
Gpu page fault g

./increment_5g.cu

Name
Host To Device
Gpu page fault g

Figure 10.6: UM: Two Processes, no oversubscription
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10.6 Two Processes - memory oversubscription

We execute A & B in the manner listed below and then state our observations:

1. Alaunches 5 kernels, each of which increments 2 GiB for a total of 10 GiB.

2. B launches 5 kernels, each of which increments 2 GiB for a total of 10 GiB. This
results in eviction of ~4.6 GiB pages belonging to A (remember actual GPU memory
capacity is less than 16 GiB). LRU suggests these are regions [0, 4.6] GiB

3. B terminates. Its context is destroyed and it longer owns any GPU memory.

4. A re-runs the set of 5 kernels. Accesses for the region [0,4.6] GiB result in page-
faults, because B has already evicted this region in step 2. However, those page

faults don’t result in eviction of any frame, as B has terminated.

Let’s calculate the totals:
Process A:
e 10 GiB mandatory Host to Device transfers for step #1
e 4.6 GiB Device to Host transfers after it gets evicted by B on step #2
e 4.6 GiB Host to Device transfers to re-fetch and access the evicted pages on step #4

e Total: 14.6 GiB HtoD and 4.6 GiB DtoH

Process B:
e 10 GiB mandatory Host to Device transfers for step #2
e Total: 10 GiB HtoD

These preliminary assumptions are in line with the results we obtained from nvprof and

show in Figure 10.7 below.

Device "Tesla P100-PCIE-16GB (0)"
Count Avg Size Min Size Max Size Total Size Total Time Name
164692 93.103KB 4.0000KB 0.9922MB 14.62305GB 1.674699s Host To Device
2367 2.0000MB 2.0000MB 2.0000MB 4.623047GB 402.7704ms Device To Host
44927 = = = = 4.839089s Gpu page fault grou
ps
Total CPU Page faults: 30720

==31439== Unified Memory profiling result: H

Device "Tesla P100-PCIE-16GB (©)"
Count Avg Size Min Size Max Size Total Size Total Time Name
111810 93.781KB 4.0000KB 0.9961MB 10.00000GB 1.136773s Host To Device
30721 = = = = 4.004468s Gpu page fault gro
ps
Total CPU Page faults: 30720

==31740== Unified Memory profiling result: H

Figure 10.7: UM: Two Processes, memory oversubscription

The main takeaway here is that when handling a page-fault, frames (resident pages)

are evicted from any context on the GPU.
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10.7 Two Processes - Negative Memory Interference (thrash-

ing)

When A is running alone with a working set of 10 GiB, then only the first iteration (the
one generating page faults and fetching data to GPU memory) has a long execution time.
Subsequent iterations find the data resident in GPU memory and only take milliseconds
to execute. Let’s increase the number of "increment" iterations to 100 and see how A

behaves when running alone (Figure 10.8):

==1437== NVPROF is profiling process 1437, command: ./thrashing
Initialization on host complete. Press any key to run GPU kernels

.515558 seconds

.115255 seconds

.115207 seconds

.115230 seconds

.115182 seconds

.115192 seconds

.115204 seconds

.115179 seconds

[8] Total time .115178 seconds

[9] Total time .115201 seconds

[10] Total time = 0.115181 seconds

[11] Total time 0.115183 seconds

[12] Total time 0.115205 seconds

[13] Total time 0.115182 seconds

==1535== Unified Memory profiling result:

Device "Tesla P100-PCIE-16GB (0)"
Count Avg Size Min Size Max Size Total Size Total Time Name
113325 92.527KB 4.0000KB 0.9961MB 10.00000GB 1.129316s Host To Device
30720 - - - - 3.741908s Gpu page fault grou

ps

Total CPU Page faults: 30720

[0] Total time
[1] Total time
[2] Total time
[3] Total time
[4] Total time
[5] Total time
[6] Total time
[7] Total time

3
0
0
0
0
0
0
0
0
0

Figure 10.8: UM: One process, 100 iterations

The results are in line with our prediction. Subsequent runs after the first only take ~115

ms, as data is already resident on the GPU and no page faults occur.

Let’s now examine what happens when A and B execute 100 iterations of "increment" in
parallel: In Figure 10.9 we present the results of nvprof for process A. We interrupted it
after 5 iterations as it was going to take an extremely long time to complete. The results

were the same for process B.

We observe a ~250x increase in execution time. Because the kernels from A & B are
"executing" at the same time (albeit the GPU switches between the contexts in a time-
sliced manner) and memory is oversubscribed (their working sets as a whole don't fit in
GPU memory) there is extreme contention for the physical GPU memory that leads to
thrashing, where page-fault handling slows down meaningful computations almost to a

complete halt.
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==1629== NVPROF is profiling process 1629, command: ./thrashing
Initialization on host complete. Press any key to run GPU kernels

[0] Total time = 9.793950 seconds

[1] Total time = 25.965820 seconds

[2] Total time = 24.063141 seconds

[3] Total time = 25.870272 seconds

[4] Total time = 24.045416 seconds

[5] Total time = 23.742236 seconds

AC==1629== Profiling application: ./thrashing

==1629== Unified Memory profiling result:

Device "Tesla P100-PCIE-16GB (0)"
Count Avg Size Min Size Max Size Total Size Total Time Name
903833 79.493KB 4.0000KB 0.9961MB 68.52057GB 9.834552s Host To Device
31177 2.0000MB 2.0000MB 2.0000MB 60.89258GB 6.481411s Device To Host
210598 = = = - 66.366487s Gpu page fault g

ps

Total CPU Page faults: 30720

Figure 10.9: UM: Thrashing, memory oversubscription

10.8 Prefetching Memory to the GPU

When using Unified Memory, we can explicitly prefetch regions to GPU memory by
using cudaMemPrefetchAsync() [29]. This functions in a similar way to how we would call
cudaMemcpy () to move data to the GPU in a non-unified scenario. By prefetching data to
the GPU, we avoid triggering multiple page-faults and serving them independently, which
is useful in cases where we know that a region is going to be needed by the application
in advance. Below we show the modifications we made to the example program so as to

prefetch memory to the GPU before launching the computational kernels.

Listing 10.2: Prefetching memory to the GPU

1 // Prefetch GPU memory
2 int device = -1;
cudaGetDevice(&device);

4  for (int i = 0; 1 < NUM_CHUNKS; i++) {

w

cudaMemPrefetchAsync(x[i], Nxsizeof(char), device, NULL);

o1

10.8.1 Revisiting the single process case

Let’s revisit the single process case with no oversubscription (10 GiB): We examine the
results of nvprof, shown in Figure 10.10. As data is already resident on the GPU when
execution starts, there are no page-faults on the GPU (the prefetches are handled in 2
MB chunks) and execution time is minimal (115 ms even for the first kernel; compare
the to the single process case without prefetch in the beginning of this chapter). We
should not forget that the prefetching procedure still takes some time, but it uses less

PCle transactions as it transfers data in bulk, so the total execution time is shortened.
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==1787== NVPROF is profiling process 1787, command: ./prefetch
Initialization on host complete.
Prefetching Complete. Press any key to run the GPU kernels

[0] Total time = 0.115318 seconds
==1787== Unified Memory profiling result:
Device "Tesla P100-PCIE-16GB (@)"
Count Avg Size Min Size Max Size Total Size Total Time Name
5120 2.0000MB 2.0000MB 2.0000MB 10.00000GB 1.178874s Host To Devicd
Total CPU Page faults: 30720

Figure 10.10: UM: Prefetching Memory to the GPU
10.8.2 Eviction during Prefetching

We observe that Prefetching follows the same logic as normal page-fault handling. It
evicts frames in an LRU manner and from any context. To verify the behavior, we create

a specific scenario to test against. In this experiment:
1. A runs an iteration on 10 GiB
2. B prefetches 10 GiB to GPU memory and runs an iteration
3. Aruns a second iteration

We show the output of the above experiment below (Figure 10.11):

grgalex@grgalex-gpu-devel-p100:~/DEMO_3_5/PREFETCH$ nvprof ./increment_10g
sizeof(char) = 1

==2394== NVPROF is profiling process 2394, command: ./increment_10g

[0] Total time = 4.060820 seconds

Press any key to re-run.

B prefetches 10 GiB

Single Rerun Total time = 9.895979 seconds

==2394== Unified Memory profiling result:
Device "Tesla P100-PCIE-16GB (0)"

Count Avg Size Min Size Max Size Total Size Total Time Name

222234 94.366KB 4.0000KBE 0.9961MB 20.00000GB 2.725839s Host To Device

5120 2.0000MB 2.0000MBE 2.0000MB 10.00000GB 1.025000s Device To Host
61441 = = = - 13.738795s Gpu page fault grou

ps
Total CPU Page faults: 30720

Figure 10.11: UM: Eviction during Prefetching

Let’s analyze what happens, step by step:

A brings in 10 GiB pages

B prefetches 10 GiB; it evicts ~5 GiB from A (specifically regions [0-5G] of A)

A re-runs; its first kernel tries to access its region [0-2G]; it is no longer resident

A gradually "evicts" its own region [5-7G], based on the LRU policy

o s Wb -

this chain reaction eventually leads to another 10 GiB of DtoH page-faults for a
total of 20 GiB. This is because A needs to access the pages it already evicted in the

previous step.

The main takeaway here is that Prefetching is treated equally (w.r.t. LRU, eviction) to

page transfers that originate from page faults.
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Our Approach

Having seen how Unified Memory behaves under multi-tenancy in the previous Chapter,

we slowly devise our mechanism. Our goal is to enable two or more user applications to

use the same GPU on Kubernetes where each user can utilize the whole GPU memory.

Our main use-case is that of interactive ML development in Jupyter Notebooks, where

GPU computations come in bursts and there are idle periods. As we will see down the

road, however, our mechanism is applicable to many more scenarios.

Let’s outline the steps we took to create our GPU Sharing mechanism:

1.

Provide a mechanism to convert all CUDA memory allocations of an application
to Managed (Unified Memory) by hooking the CUDA APIs.
Ensure this mechanism does not break applications

Measure the overhead an application suffers stemming from its use of Unified
Memory (when running alone). Compare the non-unified to the unified results on

a set of ML benchmarks.

. Prove and measure thrashing when 2+ users run their workloads at the same time

(GPU bursts overlap).

Eliminate thrashing by implementing a time-slicing mechanism (daemon/sched-
uler). The time quantum must be long enough to justify the preemption (memory

swapping) cost.

Integrate the whole mechanism with Kubernetes (alexo-device-plugin)
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11.1 Transparently convert all memory allocation calls to Uni-

fied Memory

[While the focus of this section is hooking CUDA API calls, all the information presented applies to
hooking any function and covers all options of linking/loading.]
We want to convert allocation calls cudaMalloc(), cuMemAlloc() to their Managed counter-

parts cudaMallocManaged(), cuMemAllocManaged() in order to achieve the following:
e Enable oversubscription of total GPU memory

— Memory allocations no longer have a 1-1 correspondence with physical GPU

memory

e Enable each co-located application to utilize all physical GPU memory
— each application can evict pages from other (idle) applications when transfer-
ring data from host RAM to GPU.

We analyze the behavior of co-located applications that use Unified Memory with regard

to eviction in the previous chapter.

11.1.1 Summary

In order to hook a function and force the user application to call our custom version
we must:

e Create a shared library that defines a function with the same name (e.g. cudaMalloc).
This internally calls the "real” function. The pointer to the real function is obtained
through dlopen() + dlsym()

e Make sure the application calls our version of the function. For simple cases, we
achieve this through the LD_PRELOAD trick [30], making sure the symbol resolves to
our function by linking our shared library to the application before all others. For
more complex cases (dynamically loaded libs) we must also hook dlsym() because

linking before is not enough on its own.

11.1.1.1 Types of CUDA applications and linking options
e Pure Driver API (only calls Driver API functions)

— dynamically linked to libcuda.so

e Pure Runtime API (only calls Runtime API functions)

— statically linked to libcudart.a
— dynamically linked to libcudart.so

e Mixed API

statically linked Runtime (libcudart.a), dynamically linked Driver (libcuda.so)
— dynamically linked Runtime (libcudart.so), dynamically linked Driver (libcuda. so)

dynamically linked Runtime (libcudart.so), dynamically loaded Driver (libcuda.so)

— dynamically loaded Runtime (libcudart.so), dynamically loaded Driver (Libcuda. so)

Tensorflow uses the Mixed API option (d). Pytorch uses Mixed API option (c).
Refer to the excellent StackOverflow answer [91] for an explanation of the differences

between dynamically linked and dynamically loaded shared libraries.
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11.1.2 How we hook dynamically linked Runtime API calls: cudaMalloc()

The mechanism relies on the LD_PRELOAD environment variable and a shared C library

(we call it libunified.so) to hook a function and we outline the steps taken below:

1. Define cudaMalloc() in our library. Because of LD_PRELOAD, the dynamic linker binds
symbols (in this case the cudaMalloc function) provided by libunified.so before other
dynamic libraries (e.g. libcudart.so). As a result, the user application calls our
version of cudaMalloc. The void xdevPtr device pointer is set by cudaMallocManaged

instead of cudaMalloc.

2. Since we want to convert application calls of cudaMalloc into calls of cudaMallocManaged,
our (libunified.so) version of cudaMalloc uses dlsym() to obtain the address of

cudaMallocManaged in libcudart.so and call it.

3. Our libunified.so’s cudaMalloc returns the error value of libcudart.so’s ‘cudaMal-

locManaged".

cudaError_t cudaMalloc ( void*x devPtr, size_t size ) {

cudaError_t result = cudaSuccess;

// obtain the pointer to the real cudaMallocManaged (see below)

result = ((cudaError_t () ( void** devPtr, size_t size, unsigned int flags ) )

real_cudaMallocManaged) (devPtr, size, cudaMemAttachGlobal);

return result;
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11.1.2.1 How to obtain the address of cudaMallocManaged

When a hook function foo wants to call the "real" version as part of its body (for
example if we wanted to hook cudaMalloc() just to log the arguments and return value),
then the address of the real function (e.g. libcudart.so’s cudaMalloc) can be obtained by
calling dlsym(RTLD_NEXT, "foo"). Quoting the man page on dlsym [92]: "[...] The latter
[RTLD_NEXT] will find the next occurrence of a_function in the search order after the current

library. This allows one to provide a wrapper around a function in another shared library."

The RTLD_NEXT flag of dlsym does not imply that the symbol to be looked up must have
been defined in the current object. See the paragraph "Symbol Fishing" of [30] for more
information. In cudaMalloc of our libunified.so we want to obtain the address of the

function cudaMallocManaged():

One option is to use dlsym(RTLD_NEXT, "cudaMallocManaged") and it works correctly. How-
ever, the use of RTLD_NEXT has some dangers due to its dependence on load order which
are detailed in this great OptumSoft article [93]. The following code snippet showcases
the RTLD_NEXT approach:

void *xreal_cudaMallocManaged;

real_cudaMallocManaged = (void *)real_dlsym(RTLD_NEXT, CUDA_SYMBOL_STRING(
cudaMallocManaged));

result = ((cudaError_t () ( void** devPtr, size_t size, unsigned int flags ) )

real_cudaMallocManaged) (devPtr, size, cudaMemAttachGlobal);

Another option, the safer one, is to explicitly search libcudart.so for the address of

cudaMallocManaged. The following code snippet showcases this:

void xcudart_handle;

void *xreal_cudaMallocManaged;

cudart_handle = dlopen("libcudart.so", RTLD_LAZY);

real_cudaMallocManaged = (void *)real_dlsym(cudart_handle, CUDA_SYMBOL_STRING (
cudaMallocManaged));

result = ((cudaError_t (*) ( void** devPtr, size_t size, unsigned int flags ) )
real_cudaMallocManaged) (devPtr, size, cudaMemAttachGlobal);

dlclose(cudart_handle);

By only assigning the pointer value to real_cudaMallocManaged once, we can optimize the

above implementation, as shown below [this is our final version]:

1 void *real_cudaMallocManaged = NULL; //global

2

3 cudaError_t cudaMalloc ( void** devPtr, size t size ) {
4 cudaError_t result = cudaSuccess;

5

6 if (!'real_cuMemAllocManaged) {

7 void *cudart_handle;
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8 cudart_handle = dlopen("libcudart.so", RTLD_LAZY);

9 real_cudaMallocManaged = (void *)real_dlsym( cudart_handle, CUDA_SYMBOL_STRING
(cudaMallocManaged));

10 dlclose(cudart_handle);

11 // just decrements the handle reference counter, does not unload libcudart

12 }

13

14 result = ((cudaError_t (%) ( void*x devPtr, size_t size, unsigned int flags )

)real_cudaMallocManaged) (devPtr, size, cudaMemAttachGlobal);

16 return result;

We verify through the experiment below that the returned handle points to the same
libcudart.so that the program has been dynamically linked to:

void *cudart_handle, *cudart_handle2;
cudart_handle = dlopen("libcudart.so", RTLD_LAZY | RTLD_NOLOAD);
cudart_handle2 = dlopen("libcudart.so", RTLD_LAZY);

We verify that the returned handles are identical through gdb (or printing):

dlsym Value returned $1 = (void *) Ox7ffff7fce530
dlsym Value returned $2 = (void x) Ox7ffff7fce530

We are therefore very certain that our way of obtaining the address of cudaMallocManaged

is optimal.

11.1.3 How we hook dynamically linked Driver API calls: cuMemAlloc()

Exactly the same procedure as above where:
e instead of cudaMalloc we hook cuMemAlloc
e instead of cudaMallocManaged we call cuMemAllocManaged and

e instead of libcudart.so we use libcuda.so

11.1.4 How we hook dynamically loaded API calls

In cases where the user application obtains the function pointers to CUDA functions
via dlopen() + dlsym(), LD_PRELOAD no longer causes our versions of the functions to be

called. In this scenario we need to do the following:

1. hook dlsym() and have it return our versions of the function we want to interpose

(cuMemAlloc, cudaMalloc)

2. Provide a real_dlsym() so our hooked functions can obtain the pointers to and call

the real versions once they record useful information.
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In our case, since we eventually make a call to another symbol (cuMemAllocManaged,
cudaMallocManaged) this is not strictly necessary. Nevertheless, further down the road
we are going to do bookkeeping and actual function interposition (where our hook invokes

the very same function of the original library).

1 #define _GNU_SOURCE

2 // defining _GNU_SOURCE enables us to call __libc_dlsym()

3 // includes omitted to reduce length

4 void *__libc_dlsym(void *map, const char *name);

5 wvoid *__libc_dlopen_mode(const char *name, int mode);

6 typedef void *(xfnDlsym)(void *, const char x);

7

8 static void *real_dlsym(void xhandle, const char *xsymbol) {
9 static fnDlsym internal_dlsym ;

10 internal_dlsym = (fnDlsym)__libc_dlsym(__libc_dlopen_mode("libdl.so0.2",
RTLD_LAZY), "dlsym");

11 return (*internal_dlsym)(handle, symbol);
12}

13

14 /%

15  **x interposed functions

16 */

17 void *dlsym(void xhandle, const char xsymbol) {

18 // Return early if it is not a CUDA driver symbol

19 if (strncmp(symbol, "cu", 2) !=0) {

20 return (real_dlsym(handle, symbol));

21 }

22

23 if (strcmp(symbol, CUDA_SYMBOL_STRING(cuMemAlloc)) == 0) {
24 return (void *)(&cuMemAlloc);

25 }

26

27 else if (strcmp(symbol, CUDA_SYMBOL_STRING(cudaMalloc)) == 0) {
28 return (void x)(&cudaMalloc);

29 }

30 return (real_dlsym(handle, symbol));

31 }

This hooking method was adapted from the CUDA sample cuHook [94]. It is also akin to
the method used in Gemini (Kubeshare) [95].

After the user application has obtained a pointer to our versions of the functions we
want to hook, the procedure onwards is exactly the same as in the cases of dynamically

linked API calls (do custom work, obtain original function pointer, call it, return).
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11.1.5 How we hook statically linked Runtime API calls

The Runtime API internally calls Driver API functions to implement most of its func-
tionalities. Specifically, for memory allocation, cudaMalloc() internally calls cuMemAlloc().
The Runtime API uses dlopen() + dlsym() to extract symbol locations of the Driver API
functions.

Here is a GDB backtrace that proves the above statement.

[Notice the call to dlopen("libcuda.so.1")].

#0 __dlopen (file=0x5555555b23b6 "libcuda.so.1l", mode=2) at dlopen.c:75 [mode =
RTLD_NOW]

#1 0x000055555556e146 in cudart::globalState::loadDriverInternal() ()

#2 0x000055555556f173 in cudart::__loadDriverInternalUtil() ()

#3 0x00007ffff7f89997 in __pthread_once_slow (once_control=0x5555555c8830 <cudart::
globalState: :loadDriver()::loadDriverControl>,
init_routine=0x55555556f150 <cudart::__loadDriverInternalUtil()>) at pthread_once.
c:116

#4 0x00005555555abca9 in cudart::cuosOnce(intx*, void (*)()) ()

#5 0x00005555555705a3 in cudart::globalState::initializeDriver() ()

#6 0x0000555555594102 in cudaMalloc ()

#7 0x000055555555aac2 in main ()

When it is possible, we choose to treat cudaMalloc and cuMemAlloc distinctly with regards
to conversion. In the case above, where CUDA Runtime is statically linked, our only
choice is to hook cuMemAlloc and convert it to cuMemAllocManaged. This falls under the case
"How we hook dynamically loaded API" calls above. We haven'’t noticed any deviation in
behavior when only replacing cuMemAlloc and ignoring cudaMalloc, however we still deal

with them separately when we can, just to be on the safer side.

We can now convert any CUDA application’s memory allocation calls to Unified transpar-

ently.

11.1.6 An example: Tensorflow

As we mentioned in the introduction of this section, Tensorflow dynamically loads both
CUDA Runtime as well as Driver API libraries. It extracts the pointer to CUDA Driver
and Runtime API functions manually by using dlopen() and dlsym(). Let’s examine the

specific parts of its source code which handle this procedure.

e cuMemAlloc wrapper calls LoadSymbol():

1 CUresult CUDAAPI cuMemAlloc(CUdeviceptr *dptr, size_t bytesize) {
2 using FuncPtr = CUresult(CUDAAPI x)(CUdeviceptr *, size_t);

3 static auto func_ptr = LoadSymbol<FuncPtr>("cuMemAlloc v2");

4 if (!func_ptr) return GetSymbolNotFoundError();

5 return func_ptr(dptr, bytesize);
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e LoadSymbol() eventually calls GetSymbolFromLibrary() which uses dlsym() to extract
the symbol location:

1 Status GetSymbolFromLibrary(void* handle, const charx symbol_name,

2 void*x*x symbol) {

w

// Check that the handle is not NULL to avoid dlsym’s RTLD_DEFAULT
behavior.

4 if ('handle) {

xsymbol = nullptr;

6 } else {

(@)

7 *symbol = dlsym(handle, symbol_name);
8 }

9 if (!+symbol) {

10 return errors::NotFound(dlerror());
11 }

12 return Status::0K();

e We also provide a GDB trace which showcases the dlopen() call that precedes the

various dlsym calls for the Driver API:

#0 __dlopen (file=0x7fffffffc3e® "libcuda.so.1l", mode=2) at dlopen.c:75
#1 0x00007fff9d8136fd in tensorflow::internal::LoadLibrary(char constx, void*x)
() from libtensorflow_framework.so.2

#2 0x00007fff9d80de76 in tensorflow::(anonymous namespace)::PosixEnv::
LoadLibrary(char constx*, void*x) () from libtensorflow_framework.so.2

#3 0x00007fffaaaa2814 in stream_executor::internal::GetDsoHandle() from
_pywrap_tensorflow_internal.so

#4 0x00007fffaaaad8d4 in stream_executor::internal::DsolLoader::
GetCudaDriverDsoHandle() from _pywrap_tensorflow_internal.so

#5 0x00007fffaaa990bd in LoadSymbol() from _pywrap_tensorflow_internal.so

#6 0x00007fffaaa9935c in culnit () from _pywrap_tensorflow_internal.so

#7 0x00007fffaa96f58f in stream_executor::gpu::Internallnit() () from
_pywrap_tensorflow_internal.so

#8 0x00007fffaa96f701 in stream_executor::gpu::GpuDriver::Init() from

_pywrap_tensorflow_internal.so

We can now move on to testing how our mechanism works and ensuring it doesn’t break

user applications.
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11.2 Validate the stability of the conversion mechanism

We must ensure that any application whose memory allocations we transparently convert

to Managed (Unified Memory) by the mechanism presented in the previous chapter:
e does not encounter any errors stemming from its use of Unified Memory

e has the same execution results as the original

Since we cannot mathematically prove the correctness of our conversion mechanism,
the only option is to run a wide a variety of applications under the conversion scheme
and observe their execution behavior. To this end we conduct a series of experiments
targeting:

e Pure CUDA applications

e Tensorflow programs

e PyTorch programs

More specifically, we tested the following:

e Official CUDA Samples [31]

o Official Tensorflow Benchmarks [32]

e Official PyTorch Benchmarks [33]

o Al-Benchmark Suite [ETH Zurich] (Tensorflow) [34]

e Altis GPU Benchmarks [UT Austin] (state-of-the-art CUDA Benchmark Suite) [35]

Our experimental results strengthen the assumption that our converting all memory
allocation calls to Unified Memory ones maintains application execution correctness. All
experiments were conducted on a Google Cloud VM with an Intel Xeon 8-core CPU, 52
GiB RAM and an Nvidia Tesla P100 GPU with 16 GB of memory.

11.2.1 CUDA Samples

The CUDA Samples consist of 50 applications covering a wide range of CUDA func-
tionalities. We clone the Samples’ Github Repository [31], enter the source directory and
run make. Then we enter each application directory and run every program, once in its
original state and once with our conversion hook library enabled.

For example, to run ‘matrixMul‘we enter the matrixMul directory and execute: ./matrixMul
and LD_PRELOAD=libunified.so ./matrixMul

Some tests are not supported on the P100, as they require more recent hardware
features such as Tensor Cores, which are present on Volta, Turing or Ampere GPUs.

Of the tests that can run on P100, all were successful except for simpleIPC. simpleIPC
uses the CUDA Interprocess Communication family of functions. They are used to ex-
pose a memory region from one CUDA context to another, and do not function for
cudaMallocManaged allocations, as per Nvidia documentation [36]. After examining the
source code carefully, we can say that Tensorflow and Pytorch do not use CUDA IPC at
all.
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11.2.2 Official Tensorflow Benchmarks

We clone the official Tensorflow Benchmark repository ([32]), enter the scripts/tf_cnn_benchmarks

directory and execute:

e python run_test.py --full_tests

e LD\_PRELOAD=1libunified.so python run_test.py --full_tests
In both cases, all 232 tests complete successfully. No explicit output validation is per-
formed by the TF benchmarks, however the model accuracy is tested and, since there are

no errors and in most cases the random seeds are fixed, we can conclude that correctness

is maintained.

11.2.3 Official PyTorch Benchmarks

We clone the Pytorch Benchmark repository ([33]) and run only the single node bench-

marks:
e pytest --ignore-machine-config test_bench.py

e LD _PRELOAD=libunified.so pytest --ignore-machine-config test_bench.py

All 104 tests complete successfully.

11.2.4 AI-Benchmark

Al-Benchmark is an ML (Tensorflow) benchmarking suite developed by Andrey Ignatov
[37] at ETH Zurich, with an initial goal of testing the performance of Smartphones/Mobile
SoCs. We use the desktop GPU version for our testing, following the instructions on the
Al-Benchmark website [34]. We install the ‘ai-benchmark‘ Python package and execute

the benchmark by running the following script (run_ai_benchmark):

import ai_benchmark
benchmark = ai_benchmark.AIBenchmark()

results = benchmark.run(precision="high")

We set ‘precision="high"‘ in order to execute 10 times more runs than regular execution,

as highlighted in the project’s documentation

11.2.5 Altis GPU Benchmarks

Altis is a state-of-the-art CUDA Benchmarking suite developed by the SCEA Lab at UT
Austin. The paper was released in 2020 [35] and the project is open-source [38]. The
Altis benchmark suite is divided into three levels. Each level represents benchmark
applications whose behaviors of interest range from low-level characteristics such as bus
bandwidth to end-to-end performance of real world applications. This categorization is
adopted from the Scalable Heterogeneous Computing (SHOC) [39] Benchmark Suite. The

level structure is:

https://pypi.org/project/ai-benchmark/
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e Level O: Measures low level characteristics of the targeted hardware. This level

includes simple benchmarks such as maxflop and bus bandwidth.

e Level 1: Includes basic parallel algorithms which are commonly seen in parallel

computing and used in kernels of real applications.

e Level 2: more complicated real-world application kernels, often found in industry.

After cloning the project’s repository, we executed each of the level {0,1,2} applications in

its original form and once again with our hook library injected. All runs were successful.
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11.3 Assess the performance overhead of the conversion mech-

anism

We now have sufficient evidence that applications whose memory allocations we trans-
parently convert to Managed (Unified Memory) through our mechanism execute correctly.
Now, we must assess the performance overhead, stemming from the fact that GPU mem-

ory allocations are now Unified, that these applications experience.

We ran the following benchmarks and collected execution metrics:
e (PyTorch) Ryujaehun’s pytorch-gpu-benchmark [40]
e (PyTorch) Official PyTorch benchmarks [33]
e (Tensorflow) Official Tensorflow benchmarks (tf_ cnn_benchmarks) [32]

e (Tensorflow) AlI-Benchmark [34]

We followed the below methodology for each benchmark:

1. Run the original benchmark a number of times (5 for ai-benchmark, 10 for the rest)
to reduce randomness and save the outputs to files.

2. Repeat the step above with LD_PRELOAD=1ibunified.so, converting all memory alloca-
tions to Unified

3. Parse the output files in Python, collect the execution times per model/batch_size
and calculate the mean of the runs for each model. Do this step for {stock,unified}.

4. Calculate the average latency slowdown T(unified)/T(stock) for each model. (for
tf_cnn_benchmarks we get images/sec (throughput) as the benchmark output, so
we use Q(stock)/Q(unified) to get the average throughput slowdown.

5. Calculate the total average slowdown per benchmark.

We summarize our final results in Table 11.1.

Benchmark Total Average Slowdown stdev
PyTorch torchbenchmark 0.9994 0.0464
Al-Benchmark 1.0192 0.0261
tf_cnn_benchmarks 1.0173 0.0131
ryujaehun-pytorch-gpu-benchmark 1.0004 0.0306

Table 11.1: Overall Slowdown from libunified

We observe a maximum overhead of 1.9% and an average overhead of 0.9% (which is
negligible) over the 4 benchmark suites. We consider this overhead to be acceptable, and
conclude that we can proceed with the integration of our hooking mechanism to Kuber-
netes as well as alleviating the thrashing problems that may arise from inter-application

interference in sharing scenarios.

We will now go over the procedure and results for each individual benchmark.
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11.3.1 Ryujae pytorch-gpu-benchmark

We used the following script to obtain the results for 10 different runs:

#!/bin/bash
for i in {0..10}
do
./test.sh >"./RUNS_STDOUT_ERR_STOCK/run_$i.txt" 2>&1

done

for j in {0..10}
do
LD_PRELOAD=1libunified.so ./test.sh >"./RUNS_STDOUT_ERR_UNIFIED/run_$j.txt"
2>81

done

We then trimmed the output of the runs to only keep the benchmarking times. Finally,
we wrote a Python script to obtain the slowdown for each model of the benchmark, as well
as the average slowdown for the benchmark as a whole. We present the table of results
per model in Table 11.2 below. We omit the Table of Slowdowns per model for {training,

inference} for brevity.

11.3.2 AI-Benchmark

We introduced AI-Benchmark in the previous chapter, as we also used it to test the
stability of the conversions. In this case, to make performance measurements, we ran
the benchmarking program 5 times and proceeded to parse the output in Python and
calculate the slowdowns observed. Table 11.3 shows the average slowdown per model-

name, mode, batch-size, and input-size.



Chapter 11

Model Name

Average Slowdown

mnasnet0_5 1.0033
mnasnet0_75 1.0028
mnasnet1_0 1.0031
mnasnet1_3 1.0059
resnet18 0.9975
resnet34 0.9973
resnetb0 1.0192
resnet10]1 1.0254
resnet152 1.0301
resnextb0_32x4d 0.9717
resnext101_32x8d 0.9551
wide_resnetb0_2 1.0086
wide_resnet101_2 1.0089
densenet12] 1.0033
densenet169 1.0071
densenet20] 1.0033
densenet16]1 1.0036
squeezenetl_0 0.9928
squeezenetl_1 0.9941
vggll 0.9979
vggll_bn 0.9987
vggl13 0.9984
vgg13_bn 0.9990
vggl6 0.9986
vggl6_bn 0.9986
vgg19_bn 0.9996
vgg19 0.9990
shufflenet_v2_x0_5 1.0032
shufflenet_v2_x1_0 1.0107
shufflenet_v2_x1_5 0.9981
shufflenet_v2_x2_0 0.9773

Table 11.2: Ryujae GPU benchmark Slowdowns



Model Name mode batch size inputsize Slowdown
MobileNet-V2 inference 80 224x224 1.0412
MobileNet-V2 fraining 50 224x224 1.0127
Inception-V3 inference 20 346x346 1.0582
Inception-V3 fraining 20 346x346 1.0049
Inception-V4 inference 10 346x346 1.0229
Inception-V4 fraining 10 346x346 1.0069
Inception-ResNet-V2 inference 10 346x346 1.0188
Inception-ResNet-V2  training 8 346x346 0.9947
ResNet-V2-50 inference 10 346x346 1.0299
ResNet-V2-50 fraining 10 346x346 1.0009
ResNet-V2-152 inference 10 256x256 1.0285
ResNet-V2-1562 fraining 10 256x256 1.0063
VGG-16 inference 20 224x224 1.0099
VGG-16 fraining 2 224x224 1.0029
SRCNN inference 10 512x512 0.9996
SRCNN inference 1 1536x1536 1.0073
SRCNN training 10 512x512 1.0109
VGG-19 inference 10 256x256 1.0311
VGG-19 inference 1 1024x1024 1.0074
VGG-19 fraining 10 224x224 0.9969
ResNet-SRGAN inference 10 512x512 1.0204
ResNet-SRGAN inference 1 1536x1536 1.0213
ResNet-SRGAN fraining 5 512x512 1.0045
ResNet-DPED inference 10 256x256 1.0108
ResNet-DPED inference 1 1024x1024 1.0135
ResNet-DPED tfraining 15 128x128 1.0038
U-Net inference 4 512x512 1.0083
U-Net inference 1 1024x1024 1.0077
U-Net fraining 4 256x256 1.0059
Nvidia-SPADE inference 5 128x128 1.0104
Nvidia-SPADE fraining 1 128x128 1.0047
ICNet inference 5 1024x1536 0.9758
ICNet training 10 1024x1536 1.0190
PSPNet inference 5 720x720 1.0085
PSPNet fraining 1 512x512 1.0043
DeeplLab inference 2 512x512 1.0155
DeeplLab fraining 1 384x384 0.9997
Pixel-RNN inference 50 64x64 1.0678
Pixel-RNN fraining 10 64x64 1.1187
LSTM-Sentiment inference 100 1024x300 1.0643
LSTM-Sentiment fraining 10 1024x300 1.0831
GNMT-Translation inference 1 1x20 1.0471

Table 11.3: AI-Benchmark Slowdowns
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11.3.3 Official Tensorflow benchmarks (tf-cnn-benchmarks)

The tf-cnn-benchmarks repository contains TensorFlow implementations of several pop-
ular convolutional models, and is designed to be as fast as possible. We used the following

shell script to obtain the results for the 5 different runs for each different model.

1 #!/bin/bash
2 export TF_CPP_MIN_LOG_LEVEL=3
ALL_MODELS=( "vggll" "vggl9" "lenet" "googlenet" "overfeat" "alexnet" "trivial" "

w

inception3" "inception4" "resnet50" "resnetl0l" "resnetl52" "resnet50_v2" "

resnetl01_v2" "resnetl52_v2" )

4

5 for model in ${ALL_MODELS[=*]1}

6 do

7 for bsize in 16 32 64 128

8 do

9 for i in {0..4}

10 do

11 echo "-----mmmmiiao RUN #${i}------------------ ">
stock_${model}_${bsize}.txt"

12 python tf_cnn_benchmarks.py --num_gpus=1l --batch_size ${
bsize} --num_batches 100 --model=${model} >>"stock_${model}_${bsize}.txt"
2>8&1

13 done

14 done

15 done

16

17 for model in ${ALL_MODELS[=*]}

18 do

19 for bsize in 16 32 64 128

20 do

21 for i in {0..4}

22 do

23 echo "--------mcmmoo- RUN #${i}------------------ o>
unified_${model}_s${bsize}.txt"

24 LD_PRELOAD=1libunified.so python tf_cnn_benchmarks.py --
num_gpus=1 --batch_size ${bsize} --num_batches 100 --model=${model} >>"
unified_${model}_${bsize}.txt" 2>&1

25 done

26 done

27 done

We then parsed these results in Python and calculated the total slowdowns. We present

the Slowdowns per model-name, mode, and batch-size in Table 11.4
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Model Name mode batch size Slowdown Model Nome mode batch size Slowdown
alexnet fraining 16 1.0357 resnet101_v2  training 64 1.0184
alexnet training 32 1.0430 resnet101_v2 training 128 1.0175
alexnet fraining 64 1.0633 resnet152 fraining 16 1.0118
alexnet training 128 1.0613 resnet152 training 32 1.0100
googlenet fraining 16 0.9955 resnet152 fraining 64 1.0095
googlenet fraining 32 1.0016 resnet152_v2  training 16 1.0103
googlenet training 64 1.0258 resnet152_v2  training 32 1.0104
googlenet fraining 128 1.0263 resnet152_v2  training 64 1.0125
inception3 fraining 16 1.0003 resnets0 training 16 1.0165
inception3 training 32 1.0024 resnets0 training 32 1.0146
inception3 fraining 64 1.0038 resnets0 fraining 64 1.0185
inception3 fraining 128 1.0010 resnetb0 training 128 1.0229
inception4 training 16 1.0052 resnetb0_v2 training 16 1.0180
inception4 fraining 32 1.0021 resnetb0_v2 training 32 1.0166
inception4 training 64 1.0033 resnet50_v2 training 64 1.0299
lenet training 16 1.0266 resnetb0_v2 training 128 1.0313
lenet fraining 32 1.0208 trivial fraining 16 1.0449
lenet training 64 1.0220 trivial training 32 1.0369
lenet fraining 128 1.0074 frivial fraining 64 1.0197
overfeat fraining 16 1.0121 trivial fraining 128 1.0153
overfeat training 32 1.0180 vggll training 16 1.0129
overfeat fraining 64 1.0259 vggll training 32 1.0109
overfeat fraining 128 1.0231 vggll training 64 1.0106
resnet101 training 16 1.0129 vggll training 128 1.0103
resnet101 fraining 32 1.0159 vgg19 fraining 16 1.0082
resnet101 training 64 1.0124 vgg19 training 32 1.0075
resnet101 training 128 1.0369 vggl19 training 64 1.0056
resnet101_v2 training 16 1.0147 vgg19 fraining 128 1.0115
resnet101_v2  training 32 1.0148

Table 11.4: tf-cnn-benchmarks Slowdowns
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11.3.4 Official PyTorch benchmarks (torchbenchmark)

Pytorch Benchmarks, abbreviated as torchbenchmark, is a collection of open-source
benchmarks used to evaluate Pytorch’s performance. We did a single run for each of

{stock, unified} with 100 iterations internally for each model:

#!/bin/bash

pytest ../test_bench.py --ignore_machine_config -k "cuda" \\
--benchmark-min-rounds=100 \\
--benchmark-json="runs_stock_${i}.json" \\

>"runs_stock_${i}_out.txt" 2>&1

LD_PRELOAD=1ibunified.so pytest ../test_bench.py \\
--ignore_machine_config -k "cuda" \\
--benchmark-min-rounds=100 \\
--benchmark-json="runs_unified_${i}.json" \\

>"runs_unified_${i}_out.txt" 2>&1

We then processed the output files in Python and calculated the average slowdowns. We

present these results per model-name and mode (inference, training) in Table 11.5
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Model Name mode Slowdown Model Name mode Slowdown
BERT_pytorch-cuda-jit train 0.9396 moco-cuda-jit eval 1.0286
BERT_pytorch-cuda+jit eval 0.9863 moco-cuda-eager train 0.9255
BERT_pytorch-cuda-eager train 0.9773 moco-cuda-eager eval 1.0357
BERT_pytorch-cuda-eager eval 09384 pytorch_CycleGAN_and_pix2pix-cuda-jit eval 1.0122
Background_Matting-cudajit frain  1.0119 pytorch_CycleGAN_and_pix2pix-cuda-eager frain  0.8814
Background_Matting-cuda-eager frain 1.0193 pytorch_CycleGAN_and_pix2pix-cuda-eager  eval 1.0143
LearningToPaint-cuda-jit frain  1.0631 pytorch_mobilenet_v3-cudadit frain  1.0940
LearningToPaint-cuda-jit eval 0.9942 pytorch_mobilenet_v3-cuda-jit eval 1.0386
LearningToPaint-cuda-eager frain 1.0379 pytorch_mobilenet_v3-cuda-eager train 1.0986
LearningToPaint-cuda-eager eval 09991 pytorch_mobilenet_v3-cuda-eager eval 1.0016
Super_SIoMo—cudo—Jl!T frain 0.9961 pytorch_stargan-cuda-jit train 1.0598
Super_SioMo-cudajit ev?l 09929 pytorch_stargan-cuda-jit eval 1.1004
Super_SloMo-cuda-eager train 0.9953 pyforch_stargan-cuda-eager train 1.0660
Super_SloMo-cuda-eager sval 09941 pytorch_stargan-cuda-eager eval 1.0687
alexnet-cuda-jit train 0.9970 m -

| oudalit I 09710 pytorch_struct-cuda-jit train 1.0138
alexnet-cucar eva : pytorch_struct-cuda-jit eval 1.0284
alexnet-cuda-eager train 0.9971 -

pytorch_struct-cuda-eager train 1.0190

alexnet-cuda-eager eval 0.9995

— — - pytorch_struct-cuda-eager eval 0.9390
attention_is_all_you_need_pytorch-cuda-jit train 0.9983 — -

—— — resnet18-cuda-jit train 1.0010
attention_is_all_you_need_pytorch-cuda-jit eval 0.9940 —

—— - resnet18-cuda-jit eval 1.0542
attention_is_all_you_need_pytorch-cuda-eager train 0.9959 -

— resnet18-cuda-eager train 0.9973
atftention_is_all_you_need_pytorch-cuda-eager eval 0.9944 8o | 0.0989
demucs-cuda-jit train  0.9927 resnet1o-cu o—?oger evf] .
demucs-cudajit oval 10128 resneT50—cuch'!'r train 0.8876
demucs-cuda-eager train 0.9909 resnetS0-cudayjit ev?l 0.9882
demucs-cuda-eager oval 10156 resnetb0-cuda-eager train 0.8872
densenet121-cudajit train  0.9732 resnet50-cuda-eager _ ev¢‘:1I 10110
densenet121-cudait oval 0.9911 resnext50_32x4d-cuda-jit train 0.9309
densenet121-cuda-eager train  0.9831 resnexts0_32x4d-cudajit eval 1.0197
densenet121-cuda-eager eval 1.0578 resnext50_32x4d-cuda-eager train 0.9296
dirm-cuda-eager train 10326 resnext50_32x4d-cuda-eager eval 0.9736
dirm-cuda-eager eval 1.0072 shufflenet_v2_x1_0-cuda-jit train 0.9402
fastNLP-cuda-jit tfrain 1.0487 shufflenet_v2_x1_0-cuda-jit eval 1.0564
fastNLP-cudajit eval 0.9435 shufflenet_v2_x1_0-cuda-eager train 0.9648
fastNLP-cuda-eager train 0.9837 shufflenet_v2_x1_0-cuda-eager eval 0.9522
fastNLP-cuda-eager eval 1.0881 squeezenet1_1-cuda-jit train 0.9866
maml-cuda-eager train 1.0692 squeezenet1_1-cuda-jit eval 1.0332
maml-cuda-eager eval 1.0723 squeezenet1_1-cuda-eager train 0.9830
mnasnet1_0-cuda-jit train 0.9638 squeezenet1_l-cuda-eager eval 0.9428
mnasnet1_0-cuda-jit eval 0.9549 tacotron2-cuda-eager train 1.0638
mnasnet]_0-cuda-eager train 0.9630 tacotron2-cuda-eager eval 1.0806
mnasnet1_0-cuda-eager eval 0.9647 vgg16-cudanjit train 1.0009
mobilenet_v2-cuda-jit train 1.0156 vggl6-cuda-jit eval 1.0031
mobilenet_v2-cuda-jit eval 0.9657 vgglé-cuda-eager train 1.0009
mobilenet_v2-cuda-eager train 1.0107 vgglé-cuda-eager eval 1.0026
mobilenet_v2-cuda-eager eval 0.9744 yolov3-cuda-eager eval 0.9382
moco-cuda-jit train 0.9213

Table 11.5: Pytorch’s torchbenchmark Slowdowns
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11.4 Provide a mechanism to prevent thrashing

Having verified that libunified.so works correctly and has minimal overhead, we have
provided a mechanism that enables GPU Sharing. Many user applications can now run
concurrently on the same GPU (concurrently as in their lifetimes overlap; kernel execution
cannot overlap). Each of these user applications can allocate and utilize the whole GPU
memory. However, when memory is oversubscribed, and due to us enabling it through
the use of Unified Memory, page faults can occur. While in our general use-case of
interactive development GPU bursts from co-located user applications do not overlap,
there can definitely be cases where it does. We need to handle those cases carefully and
prevent excessive page faults caused by the constant back and forth transfer of data to
and from the GPU due to the page faults.

As such, in this section we will:
e Verify that thrashing scenarios can occur under our sharing mechanism (libunified)

e Provide a mechanism to alleviate thrashing, by serializing the submission (and
therefore execution) of GPU kernels and memory copies from the competing pro-

cesses in sliding windows (time quanta) in a round-robin manner.

11.4.1 Background

Thrashing [41] is defined as a situation in which time spent handling page-faults
overwhelms time spent doing useful computations. Unified Memory enables page-faults in
GPU Memory, using system RAM as the swapping space. When we oversubscribe GPU
Memory, the sum of memory allocations of the GPU process(es) exceeds physical GPU
capacity, so page-faults and subsequent eviction of pages can happen. We analyze a
custom-made thrashing scenario to showcase thrashing when using Unified Memory in
Chapter 4.

However, in our specific use-case of interactive ML workloads (Jupyter), while many
processes have allocated GPU memory, most of the time only one process will be actively
launching kernels (doing computation) on the GPU. As such, this process will only suffer a
limited amount of page-faults (and subsequently the other processes will suffer evictions)
when fetching its working set to physical GPU memory at the beginning of its computa-
tional burst. It will complete its burst of work from start to finish without suffering any
extraneous page-faults.

Even when more than one processes submit work to the GPU concurrently, extraneous
page-faults (apart from the initial ones we describe above) will only occur if the sum of the
data they fetch to GPU memory for that particular computational burst exceeds physical
GPU memory capacity. For an NVIDIA Tesla P100 with 16 GB of memory, this means
that: M_bst(A) + M_bst(B) > 16 GiB, where M_bst denotes "size of memory fetched for this
computational Burst", A and B are the process names.M_bst is usually smaller than the

size of memory allocations of the process, as:

e ML Frameworks tend to overshoot actually memory requirements and never shrink

their allocations (TF allocates all memory by default)
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e not all allocated memory is used for each computational burst

We will now provide some facts specific to GPUs, which affect our assessment of thrashing:

1. We cannot control/stop a running kernel on the GPU. A kernel is a function that
executes on the GPU. Kernel launches are asynchronous, and a process can only

query for the completion its work submitted to the GPU (cudaDeviceSynchronize()).

2. An ML Application launches thousand of GPU kernels, each of which is short (~a

few milliseconds)

We will refer to these 2 points later, when making our decisions on how to handle thrash-

ing.

11.4.2 How many kernels do ML applications launch?
Regarding point (2) above (ML applications launch thousands of kernels):

¢ We measured the amount of kernels run both via nvprof and by augmenting libuni-
fied.so with a (mutex-guarded) num_cu_kernels counter. We increment this by one for

every kernel launch issued by the application through our interposition function.

Our evaluation program, dog-breed-resnet152 (we will provide details on it in the next
section) launches a total of 37500 CUDA kernels. Regarding the "tilde (~)" on the number
above, it is strange is that, different execution instances of dog-breed-resnet152 launch a
slightly different amount of CUDA Kernels. We investigated this observation further,
creating a bash script that runs nvprof dog-breed-resnetl52 10 times and filters the
count of cudaLaunchKernel and culLaunchKernel calls. nvprof counts the cudalLaunchKernel
and culLaunchKernel calls separately, even though we know (and will prove below) that
the former (Runtime API) calls the latter (Driver API) internally. So, the cuLaunchKernel
calls that nvprof reports are explicit calls to that function, not internal invocations by
cudaLaunchKernel.

We show our experimental results in Table 11.6. The num_cu_kernels value is the one
our libunified.so reports and is the amount of cuLaunchKernel calls. As we said before,
nvprof counts pure cuLaunchKernel calls separately from cudaLaunchKernel ones, although
cudax calls cux internally. The sum of cudaLaunchKernel plus cuLaunchKernel calls reported

by nvprof equals our num_cu_kernels.

This also proves that our libunified.so hooks every single Kernel launch that the

application makes.
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libunified nvprof counts

Run id num_cu_kernels  cudalaunchKernel  cuLaunchKernel (nvprof) Total

1 37476 35134 2342 37476
2 37468 35126 2342 37468
3 37350 35008 2342 37380
4 37475 35133 2342 37475
5 37499 35157 2342 37499
6 37366 35024 2342 37366
7 37453 35111 2342 37453
8 37474 35132 2342 37474
9 37461 35119 2342 37461
10 37464 35122 2342 37464

Table 11.6: libunified vs nvprof kernel launch counts

11.4.3 dogbreed: Constructing a thrashing scenario in ML

We modified the dogbreed-v2 Kale example [42], making it use a heavier ML model
(Resnet152) and changed the batch/image sizes, trying to create a "heavy" Notebook.
We must keep in mind that, when comparing execution times, not all time is spent on
GPU computation and CPU code is executed as well. Running two Notebooks in parallel
reduces the time spent on CPU computing and in the general case leads to a reduced Total
Execution Time, even though GPU kernels from different processes cannot execute in
parallel. In the case of dogbreed- resnet152, nearly all time is spent on GPU computations,
as the main work is done by iteratively training our resnet model (there is no explicit CPU
work apart from the control logic of the Python program). We convert the Notebook to a
python script to ease testing (but still refer to the script as "Notebook"), since we abolish
the need to use a Ul. We will also refer to this modified dogbreed with Resnet152 as simply

"dogbreed" henceforth. Here is our dogbreed-thrashing program:

Listing 11.1: dogbreed-thrashing Python script

1 import os

2 import numpy as np

3 import tensorflow as tf

4  import matplotlib.pyplot as plt

5 from tensorflow.keras.preprocessing.image import ImageDataGenerator
from glob import glob
from PIL import Image

6
7
8 from PIL import ImageFile
9 import time

0]

11 ImageFile.LOAD_TRUNCATED_IMAGES = True
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42
43
44
45
46
a7
48
49
50
51
52
53
54
55

LR = 6e-4

BATCH_SIZE = 64
NUMBER_OF_NODES = 256
EPOCHS = 5

IMG_SIZE = 224

def get_train_generator():
data_datagen =
rescale=1./255,

ImageDataGenerator(

width_shift_range=.2,
height_shift_range=.2,
brightness_range=[0.5,1.5],
horizontal_flip=True

)

return data_datagen.flow_from_directory(
"dogImages/train/",
target_size=(IMG_SIZE, IMG_SIZE),
batch_size=BATCH_SIZE,

def get_valid_generator():
data_datagen =
return data_datagen.flow_from_directory(
"dogImages/valid/",
target_size=(IMG_SIZE, IMG_SIZE),
batch_size=BATCH_SIZE

def get_test_generator():
data_datagen =
return data_datagen.flow_from_directory(
"dogImages/test/",
target_size=(IMG_SIZE, IMG_SIZE),
batch_size=BATCH_SIZE

dog_classifier =
weights="imagenet",
input_shape=(IMG_SIZE, IMG_SIZE, 3)

def is_dog(data):

probs = dog_classifier.predict(datal[0])

ImageDataGenerator(rescale=1./255)

ImageDataGenerator(rescale=1./255)

tf.keras.applications.ResNet50V2(
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56 preds = tf.argmax(probs, axis=1)
57 return ((preds >= 151) & (preds <= 268))
58

59 train_generator = get_train_generator()
60 batch = train_generator.next()

61 predictions = is_dog(batch)

63 n_dog = np.sum(predictions)

64 dog_percentage = n_dog/BATCH_SIZE

66 print(’{:.0%} of the files have a detected dog’'.format(dog_percentage))

68 start_time = time.time()

69 resnet_body = tf.keras.applications.ResNet152V2(

70 weights="imagenet",

71 include_top=False,

72 input_shape=(IMG_SIZE, IMG_SIZE, 3)
73 )

74  resnet_body.trainable = True

75 inputs = tf.keras.layers.Input(shape=(IMG_SIZE, IMG_SIZE, 3))

76 X resnet_body(inputs, training=True)

77 x = tf.keras.layers.Flatten() (x)

78 outputs = tf.keras.layers.Dense(133, activation="softmax") (x)
79 resnet_model = tf.keras.Model(inputs, outputs)

80 resnet_model.compile(

81 optimizer=tf.optimizers.Adam(learning_rate=LR),
82 loss=tf.losses.categorical_crossentropy,

83 metrics=["accuracy"]

84 )

85 train_generator = get_train_generator()

86 valid_generator = get_valid_generator()

87

88 resnet_model.fit(train_generator, epochs=EPOCHS,

89 validation_data=valid_generator

90 )

91

92 test_generator = get_test _generator()

93 test_loss_resnet, test_accuracy_resnet = resnet_model.evaluate(test_generator)
94

95 print(f"The accuracy in the test set is {test_accuracy_resnet:.3f}.")

96 print(test_accuracy_resnet)

97 print("--- %s seconds ---" % (time.time() - start_time))
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e We first executed one copy of the Notebook and measured the execution time and
GPU Memory Usage.

¢ We then ran two copies of the Notebook in parallel, under different configurations.

We summarize our results below:

Solo Notebook Execution:
We used [EPOCHS=5, IMG_SIZE=224] for all runs. The number of Epochs does not affect the
memory footprint, it only affects the number of iterations and execution time has a near-
linear scaling relationship with the number of Epochs. We obtain ‘GPU Memory Usage‘
from nvidia-smi. For these "Solo" runs, only one process is running alone. We show the

results in Table 11.7

Batch Size (Peak) GPU Memory Usage (MiB) Execution Time (s)

16 11196 752.8
32 11196 752.8
40 11196 7580.7
64 15806 750.4

Table 11.7: Solo dogbreed runs

Two Notebooks Running in Parallel:
GPU Memory Usage is maxed out at 16259 MiB for batch sizes >= 32 and page-faults un-
avoidably happen. We define Execution Time as the Total Job Completion time, which is

the overall time until all jobs have finished. We show our results in Table 11.8

Batch Size (Peak) GPU Memory Usage (MiB) Execution Time (s)

16 13679 1082
32 16259 1123
40 16259 2002
64 16259 11234

Table 11.8: Two parallel dogbreed executions

e For the case where Batch Size = 32, even though the total amount of memory used is
2*11196=22392 MiB, there is no significant slowdown when running two Notebooks.

e This is due to the fact that even though the total memory used is > 16 GiB, the
working sets for the Notebooks are sufficiently small so as not to cause a large
amount of page-faults.

¢ We note that for Batch Size = 64, Total Execution Time is ~11000 sec, which is 14.6x
the solo execution time. In this case, an extreme amount of time was spent handling
page-faults and the execution time is far greater than if the GPU computations were

run serialized.
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e Because, as we noted above, ML Applications launch thousands of small kernels,
we don’t lose control over the GPU (as happened in Section 10.7 where we launch a

single, huge kernel, that iterates over the same memory regions over and over).

e Hence, in a scenario where a large amount of page-faults is taking place, we can
alleviate the situation by throttling the kernel launches of one application, while

allowing the other to do its computations unhindered.

11.5 Anti-thrashing Mechanism

Our anti-thrashing mechanism is based on the concept of a global GPU lock. Only
the process that holds the global lock can do work on the GPU. A scheduler manages the
lock; it receives requests from the clients (processes), assigns the lock to a process for a

time quantum and retrieves the lock from the process when the TQ elapses.

11.5.1 Entities

First, let’s define the entities in our anti-thrashing mechanism:

e global lock: Only the process that holds this lock can submit work to the GPU

(kernel launches, memory copies).

e daemon (scheduler): A separate process that communicates with the clients. The
daemon manages the global lock, giving it to applications (client-threads) that re-
quest it (for a timeslice). It also receives back the lock from the client threads. The
daemon operates in a similar fashion to a cooperative scheduler in a Cooperative
Multitasking scheme [96].

e client: libunified.so (linked to each application) spawns this set of threads when
CUDA is initialized by the program. It communicates with the daemon in order to
obtain or release the global lock. It requests the lock from the daemon and releases it
when daemon orders it. Before releasing the lock it makes sure all currently submitted
(to the driver; by past launches) GPU work is complete, and sends an ACK to the
scheduler that it no longer has the lock. It also must release the lock when its

parent process terminates.

e bool have_lock: Per-process variable that indicates whether the process holds the
global lock or not. The hooked versions of CUDA API functions that can affect mem-
ory state w.r.t. thrashing (cuLaunchKernel(), cuMemCpy()) check the value of have_lock
before they call the real CUDA function that submits work to the GPU. client up-

dates the value of have_lock after acquiring the global lock from the daemon.

e bool need lock: The hooked functions set this variable to "True" to inform their
client that the lock is needed. They then block until have_lock is True.
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11.5.2 Overview

Here is the numbered list of steps showing the operation of the anti-thrashing mecha-
nism, from the point of view of a newly created user process:
[We use a Jupyter Notebook as the application that the user runs. The (a), (b) parts of a step can
happen in any order. The (i), (ii) parts of a step happen in order.]

1. IPykernel (Jupyter backend) process starts
1d.so loads libunified.so, as it is contained in the "LD_PRELOAD" env variable
Process calls cuInit() (this is always the first CUDA call it makes)

Hooked version of culnit calls our initializer function

o &~ W N

Initializer function spawns client threads A & B.

(@) Client thread A registers itself to the daemon:
message_type="REGISTER"

data=[ID, client thread B socket path]
(b) Client thread B listens on client socket path (uniquely derived from ID) for mes-

sages from the daemon

6. daemon sends a SCHED_ON or SCHED_OFF message to the client socket (thread B). The
scenario describes a situation where the scheduler is enabled, so daemon sends a

SCHED_ON message.

7. User code calls cuLaunchKernel() (the same applies for cuMemcpy (), for which libunified.so

has set up a hook (let’s call it cuLaunchKernel\_hook)

8. cuLaunchKernel_hook() checks the value of have_lock. It is false, so it sets need_lock=True.
It then blocks until have_lock becomes True.
(1) client thread A notices that need_lock is True
(ii) client thread A sends a REQ_LOCK message to daemon

(iii) client thread B eventually receives a LOCK_OK message from daemon
(iv) client thread B sets have_lock=True and need_lock=False

9. cuLaunchKernel_hook() unblocks as have_lock is now True. It proceeds with the main
body of the function and submits work to the GPU.

10. While have_lock=True, all cu_{LaunchKernel, MemCpy} functions execute unhindered.

11. client thread B receives a release order (DROP_LOCK) from daemon. It sets need_lock,
have_lock to False (so no new work is submitted), calls cuCtxSynchronize() (which is
blocking) to ensure that all outstanding work submitted to the GPU by the process
is complete and finally sends a LOCK_RELEASED response to the daemon.

12. Steps 7-11 repeat until the user process exits.

13. At program exit, client releases the lock if it holds it, by sending a LOCK_RELEASED

message to daemon. We set an atexit() function for this.

man 3 atexit: https://man7.org/linux/man-pages/man3/atexit.3.html
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11.5.3 Design
We now present the logic of all components in flow diagrams:

Hooked Function:

hooked_function()

have lock=True set need_lock=True

Yes have_lock=True

Y

call real function

return

Figure 11.1: Hooked function flow diagram

No
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Daemon:

daemon

(ctients list = nil
requests list = nil
lscheduler_on = False

set SIGUSR{1,2}
handlers

daemon thread A daemon thread B

Listen on
DAEMON_SOCK_PATH
SIGUSR1

2 2
Manage the lock
Message arrives sigusr1_handler() sigusr2_handler()

{ scheduler_on=True J {schedu\er_on:Fa\se }

SIGUSR2

False

Message Type Notify all clients when status
changes

scheduler_on -

(e.9. if ON->OFF
'send SCHED_OFF to all clients)

i True

[ REQ_LOCK J { LOCK_RELEASED J

REGISTER

Append client
{ID, socket} to clients list

client_requests==nil

Append client to

requests list lock_holder == client

1. h=pop(client_requests)
2. Send LOCK_OK to client_info[h]
3. set lock_held=True

4. set lock_holder=h

scheduler_on signal cond variable

holder_has_lock_cv
hread B;

¢

wait unti
la) timeslice expires OR
b) lock_held==False (due to relinquish)

Send SCHED_ON Send SCHED_OFF

to the client to the client

1. Send DROP_LOCK to lock_holder
2. wait on condition variable
holder_has_lock_cv

3. setiock_hel
4. set lock_hold

Figure 11.3: Daemon flow diagram
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11.5 Anti-thrashing Mechanism

11.5.4 Implementation

We have already implemented libunified.so as a shared library written in C. We chose
to stick to C, as it offers better performance and fine-grained control. For the commu-
nication between client and daemon, we chose to use UNIX Sockets (SOCK_STREAM - the
equivalent of TCP) as all processes reside in the same physical node. Our anti-thrashing
scheduler is deployed as a separate process and all communication between the sched-
uler and the client(threads) occurs over UNIX Sockets living under the /tmp/libunified
directory. We can dynamically turn the scheduler ON and OFF by sending a USR1 and
USR2 signal respectively to the daemon (scheduler) process. After being turned on, the
scheduler immediately notifies all executing processes that it is on and begins processing

incoming GPU requests.

11.5.4.1 Checking lock in hooked functions

We tweaked our existing interposition library. The interposed functions now only pro-
ceed with their work if the particular client has the global lock. We insert a call to
hook_check_lock() in the kernel launch and memory copy functions to ensure the lock is
held.

Listing 11.2: Lock-checking logic for hooked functions

1 void hook_check_lock(void){

2

3 if (!(have_lock)) {

4 need_lock = 1;

5 // Handle contention; many application threads may call CUDA functions
6 pthread_mutex_lock(&need_lock_mutex);

7 pthread_cond_signal(&need_lock_cv);

8 pthread_mutex_unlock(&need_lock_mutex);

9 pthread_mutex_lock(&have_lock_mutex);

10 // wait until we acquire the lock

11 pthread_cond_wait(&received_lock_cv, &have_lock_mutex);
12 pthread_mutex_unlock(&have_lock_mutex);

13 }

14

15 did_work = 1;

16 return ;

17}
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11.5.4.2 Communication

We designed and implemented our custom communication protocol of UNIX SOCK_STREAM
sockets. We present all possible communication scenarios in Table 11.9, where we use

the following abbreviations:
e c{A,B}: client threads {A,B}

e d{A,B}: daemon threads {A,B}

Source Destination Message Type data (/notes)
cA dA REGISTER (ID, SOCKPATH)
cA dA REQ_LOCK (ID)
cA dA LOCK_RELEASED (ID)
dB cB LOCK_OK -
dB cB DROP_LOCK -
dA cB SCHED_ON (immediately after REGISTER)
dA cB SCHED_OFF (immediately after REGISTER)
dB cB SCHED_ON (on scheduler status change)
dB cB SCHED_OFF (on scheduler status change)

Table 11.9: Communication Protocol

We use a single packed struct Message for every exchange of information (every message).

Listing 11.3: Our Message struct

#define MSG_TYPE_LEN 16
#define MSG_DATA_LEN 40

struct message {
uint64_t id;
char type[MSG_TYPE_LEN];
char data[MSG_DATA_LEN];
} __attribute__((__packed__));

e After writing exactly 64 Bytes successfully, the writer waits on a read() call to
the socket FD. Because the Message struct has a fixed size, reading exactly 64 Bytes
(=sizeof(struct Message)) from a socket means that we have received a full message,

thus we don’t need to use delimiters.

e The reader signifies this (the fact that they have received the message) to the writer
by closing the socket FD. The read() call that the writer made above returns 0, (and
the writer knows that they have written a whole message) so they understand that

the message was received successfully by the other end.

https://gcc.gnu.org/onlinedocs/gec-4.0.2 /gec/Type-Attributes.html



11.6 Integration with Kubernetes

11.5.5 The scheduler time quantum

The TQ denotes the length of time that the daemon gives the lock to a client for. We can
dynamically change the scheduler TQ at any time by sending a CHANGE_TQ message to the
daemon socket. We have implemented a separate program for that, which takes the new

time quantum as an argument and sends the aforementioned message to the daemon.

e A smaller time quantum means more interactivity, as clients with shorter GPU
bursts will not have to wait behind others with larger ones and can return the

results to the user quicker. Thus, a smaller TQ alleviates head-of-line blocking.

e However, each time the lock swaps hands, the new holder must fetch their data to
the GPU (and evict data from another) before doing work. This is due to the fact
that we are considering scenarios where GPU memory is oversubscribed, and the
working sets of all clients do not fit in GPU memory. As such, a smaller TQ leads to
a larger amount of Page Faults which translates to a larger overall context switching

overhead and a larger Total Completion Time (TCT).

e Alarger TQ leads to a smaller total context switching overhead (as it happens fewer
times) and TCT, its drawback being a lowered level of user experience and respon-

siveness.

11.6 Integration with Kubernetes

Now that we have our mechanism ready, it’s time to integrate it with Kubernetes,
so users can easily deploy it in their cluster and reap the benefits we offer. We have
already analyzed how nvidia-device-plugin, which is the de facto way of handling GPUs
in Kubernetes, works in Section 8.6.3. A quick revision of the sequence diagrams therein
will be really helpful for grasping the rest of this section. We want to stick with this design
and alter it in a minimal way to expose our mechanism. Creating our own device plugin
will allow us to advertise a shared GPU as an extended resource, enabling the users to
request this resource and automatically have our mechanism injected into their Pods. To

that end, we designed and implemented alexo-device-plugin.

Listing 11.4: alexo-device-plugin Daemonset YAML

1 apiVersion: apps/vl

2 kind: DaemonSet

3 metadata:

4 name: alexo-device-plugin

5 namespace: kube-system

6 spec:

7 template:

8 metadata:

9 labels:

10 name: alexo-device-plugin-ds
11 spec:

12 tolerations:

13 - key: alexo.com/shared-gpu
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14 operator: Exists

15 effect: NoSchedule

16 priorityClassName: "system-node-critical"
17 containers:

18 - image: alexo-device-plugin:v0.0.2-ubuntul6.04-bd0fc6a
19 name: alexo-device-plugin-ctr

20 #args: ["--shared-gpus-per-gpu=3"]

21 # env:

22 #- name: LIBUNIFIED_SRC

23 # value: "/path/to/libunified/src"

24 #- name: LIBUNIFIED_DST

25 # value: "/path/to/libunified/dst"

26 securityContext:

27 allowPrivilegeEscalation: false

28 capabilities:

29 drop: ["ALL"]

30 volumeMounts:

31 - name: device-plugin

32 mountPath: /var/lib/kubelet/device-plugins
33 - name: host-libunified

34 mountPath: /usr/lib/arr-gpushare
35 resources:

36 limits:

37 nvidia.com/gpu: 1

38 - image: alexo-device-plugin:v0.0.2-daemon-ubuntul6.04-bd0fc6a
39 name: alexo-device-plugin-gpu-scheduler
40 securityContext:

41 allowPrivilegeEscalation: false

42 capabilities:

43 drop: ["ALL"]

44 volumeMounts:

45 - name: host-scheduler-socks

46 mountPath: /tmp/libunified

47 volumes:

48 - name: device-plugin

49 hostPath:

50 path: /var/lib/kubelet/device-plugins
51 - name: host-libunified

52 hostPath:

53 path: /usr/lib/arr-gpushare

54 type: DirectoryOrCreate

55 - name: host-scheduler-socks

56 hostPath:

57 path: /tmp/libunified

58 type: DirectoryOrCreate
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Our Daemonset (Listing 11.4) comprises 2 Pods (each Pod running a single container):

e alexo-device-plugin: This Pod implements the device plugin logic, communicates
with Kubelet and handles Allocate requests for "alexo.com/shared-gpu”. It also in-

stalls libunified.so under /usr/lib/arr-gpushare.

e gpu-scheduler: This Pod comprises our anti-thrashing scheduler. It executes the
daemon/scheduler container. It communicates with the client applications’ compo-
nents via UNIX sockets in the /tmp/libunified directory. We specify the VolumeMo-
unt for this directory explicitly in the YAML.

Below we provide a numbered list that illustrates the actions taken by our device plugin.

alexo-device-plugin:

1. Reads the value of NVIDIA_VISIBLE_DEVICES from its own environment, uses it later
to expose this GPU into the user Pods that request the shared GPU. This is the real
GPU, managed by nvidia-device-plugin, which is the "backend" to our shared-gpu.

2. Installs libunified.so under /usr/lib/arr-gpushare in the node during startup. (It
then instructs Kubelet to mount this directory into the user Pods that request our

shared-gpu.)
3. Advertises the alexo.com/shared-gpu resource to the cluster (by default 1000 devices)

4. Handles Allocate requests from Kubelet, instructing it to:

(a) mount our shared GPU library libunified.so atusr/lib/arr-gpushare/libunified.so
inside the user Pod’s FS. Our shared library also implements the client side of

the anti-thrashing mechanism, as we explain in the previous section.

(b) mount the anti-thrashing mechanism socket directory (host’s /tmp/libunified)

at the Pod’s /tmp/libunified, so the process can communicate with the scheduler
(c) set the environment variable LD_PRELOAD to /usr/lib/arr-gpushare/libunified.so

(d) set the environment variable NVIDIA_VISIBLE_DEVICES to the GPU-UUID obtained
from the alexo-device-plugin Pod ("nvidia.com/gpu), in order to expose the GPU
(nvidia-container-runtime; see Section 8.4.3) to the container that is requesting

alexo.com/shared-gpu.

Users can now install our alexo-device-plugin with a single kubectl apply com-

mand: $ kubectl apply -f alexo-device-plugin.yaml

A DaemonSet ensures that all (or some) Nodes run a copy of a Pod.
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Evaluation

Our mechanism makes new scenarios possible, in which multiple user applications
can share the same GPU without memory constraints. In this chapter we will compare
our mechanism against the state of the art. For the novel cases only supported through
our mechanism, we can only compare it against itself in addition to the serial execution
baseline.

Interactive applications (such as a Jupyter Notebooks) do not have a finite execu-
tion time (nor do they have a predetermined structure; the user can change the code
cells dynamically). As such, there is no straightforward way to define quantitative mea-
surements on their execution characteristics as a whole, especially completion-time wise.
In order to assess our mechanism, we will rely on non-interactive (ordinary) programs.
We only examine scenarios in which two processes execute in parallel, also submitting
work to the GPU. By doing this, we disregard scenarios in which two interactive jobs
execute in parallel and any of them has idle periods which are (sometimes) statistically
filled in by the GPU bursts of the other. While what we will examine is the worst-case
(most compute-intensive) scenario in the case of interactive workloads, it provides an
unambiguous means of quantifying and assessing the performance characteristics of our
mechanism. Its performance behavior under real-world interactive workloads can only
be better than what we will measure in this chapter.

We were extremely pleased to measure that our mechanism performs exceptionally
well even for non-interactive (ordinary) workloads, where there are no idle periods for the
process. This means that our mechanism provides a way to maximize GPU utilization

even for these workloads, and can be applied to a much wider range of GPU jobs.

12.1 Tools, Methodology and Environment

We conducted our experiments on Google Cloud Platform. We used a singled node,
equipped with a 16-core CPU (Intel Xeon 2.3 GHz - Haswell), 104 GB of RAM and an
NVIDIA Tesla P100 (GP100GL) GPU with 16 GB of device memory. Our evaluation suite
comprises 4 ML applications written in Tensorflow containing a mix of CPU and GPU
computational parts. The CPU part of each application trains a ResNet152v2 [43] model
for just a few steps (since training on the CPU is an order of magnitude slower than on
the GPU). The GPU part also trains a ResNet152v2 model for 5 Epochs.
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We first create 2 baseline applications, their major difference being their GPU memory
usage. The "small" application uses approximately 7 GB of GPU memory throughout its
execution, which makes it possible to co-locate two small applications on the same GPU
in a Kubeshare-style mechanism and compare its performance against our mechanism.
The "big" application uses approximately 15 GB of GPU memory throughout its execu-
tion. This means that any other existing approach except our own cannot run two big
applications on the same GPU. This case also causes thrashing under our mechanism,
so it tests its limits, performance-wise, under maximum stress.

We further create two new applications from the big and small baselines. We vary the
mix between CPU/GPU computational parts (w.r.t. to execution time) to try and examine
a variety of workloads, either more GPU-heavy or more balanced. We choose the 90/10
(90 GPU, 10 CPU) and 50/50 ratios. We define the ratios by execution time and when a
process is running "alone" in the system.

For the rest of this evaluation we will conflate the terms Working Set Size (WSS) and
Memory Usage when talking about GPUs. Working Set Size is a more delicate term,
and in ML scenarios can mean the GPU memory that is needed for each training step.
Therefore, it can be smaller than the peak Memory Usage of the application, since, as we
said ML frameworks overshoot actual demand and never scale down their memory usage.
What we expect is that when the sum of WSS of two applications exceeds physical GPU
memory, thrashing will occur and that is how we construct the big applications. There
can be cases where thrashing does not occur, even when the total sum of allocations
between the processes is larger than GPU memory. This is because the sum of WSS still
fits into GPU memory. We show our final set of 4 applications in Table 12.1

name  GPU Working Set Size GPU/CPU ratio

small_90 7.2 GB 90/10
small_50 7.2 GB 50/50
big_90 156.3 GB Q0/10
big_50 16.3 GB 50/50

Table 12.1: Our evaluation programs

We ran all instances of our experiments as containers on a Debian host. In order
to measure Kubeshare’s execution times, we deployed the containers as (Share)Pods in
Kubernetes and specified the GPU memory request in the "Annotations" field, as per
Kubeshare’s official repository instructions [44]. We cannot execute the "big" programs

under Kubeshare, as it cannot oversubscribe GPU memory.
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12.2 Results

12.2.1 Overview

We show our measurements in Table 12.2. We first executed each of our 4 applications
alone (solo) in stock (NVIDIA) mode, with our libunified with anti-thrashing turned off
and finally with our anti-thrashing mechanism on. This models the way the GPU bursts
of an interactive application would behave when running alone and gives an estimate of
the overhead of our mechanism in and of itself, eliminating Page Faults or interference
from co-located applications.

Afterwards, we established our baseline for the execution time of 2 copies of each
program running in Parallel by multiplying the solo (stock) time by 2 and obtaining the
serial execution time. This denotes the time it would take to run two instances of a
program one after another. Then, we tested Kubeshare for the small applications (as we
mentioned before, it cannot run two copies of the big applications, as the total WSS
exceeds physical GPU memory). We also tested our libunified mechanism without anti-
thrashing support and finally enabled the anti-thrashing scheduler and measured times
for various TQ (time quantum) values. Keep in mind that the client part of our mechanism
automatically releases the lock back to the scheduler after 5 seconds of no GPU work

having been submitted.

Method small_50 (s) small_90 (s) big_50 (s) big_90 (s)
solo (stock) 1318 692 1383 719
solo (libunified no anti-thrashing) 1332 711 1385 724
solo (libunified w/ anti-thrashing)(60) 1339 712 1390 734
serial (2*solo-stock) 2636 1384 2766 1438
2 instances in Parallel for all below

Kubeshare 1724 1078 -—
libunified (no anti-thrashing) 1772 1128 11757 (thrashing) 11434 (thrashing)
anti-thrashing(1000) 2053 1361 2043 1380
anti-thrashing(500) 2053 1363 2070 1400
anti-thrashing(400) 2030 1352 2081 1405
anti-thrashing(300) 2010 1354 2085 1418
anti-thrashing(200) 2007 1360 2092 1423
anti-thrashing(100) 2010 1351 2100 1435
anti-thrashing(60) 2020 1348 2122 1468
anti-thrashing(60) 1995 1351 2145 1473
anti-thrashing(40) 1993 1343 2156 1485
anti-thrashing(30) 2017 1366 2170 1521
anti-thrashing(20) 2007 1360 2204 1583
anti-thrashing(15) 1983 1341 2305 1668
anti-thrashing(10) 2009 1360 2465 1821
anti-thrashing(5) 1982 1334 3496 2788

Table 12.2: Execution Time Measurements for "small” and "big”

We also visualize the results of the table above in Figures 12.1, 12.2, 12.3. We note the
anti-thrashing scheduler’s time quantum (TQ) in parentheses in the figure labels. In the

next sections we will comment on our measurements and state our observations.
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anti-thrash (5) 2,788 |
anti-thrash (10) 1,821 -
anti-thrash (15) 1,668 =
anti-thrash (20) 1,583 -
anti-thrash (30) 1,521 -
anti-thrash (40) 1,485 =
anti-thrash (50) 1,473 =
anti-thrash (60) 1,468 -
anti-thrash (100) 1,435 -
anti-thrash (200) 1,423 -
anti-thrash (300) 1,418 -
anti-thrash (400) 1,405 =
anti-thrash (600) 1,400 -
anti-thrash (1000) 1,380 -
serial 1,438 -
| | | | |
0 1,000 1,500 2,000 2,500 3,000
fime (s)
Figure 12.1: Execution times for big_90
anti-thrash (5) 3,496 -
anti-thrash (10) 2,465 -
anti-thrash (15) 2,305 -
anti-thrash (20) 2,204 -
anti-thrash (30) 2,170 =
anti-thrash (40) 2,156 -
anti-thrash (50) 2,145 -
anti-thrash (60) 2,122 -
anti-thrash (100) 2,100 =
anti-thrash (200) 2,092
anti-thrash (300) 2,085
anti-thrash (400) 2,081
anti-thrash (500) 2,070
anti-thrash (1000) 2,043
serial 2,766
| | | | | |
0 1,000 1,500 2,000 2,500 3,000 3,500

time (s)

Figure 12.2: Execution times for big_50
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solo (stock) - | 1,318
solo (libunified) -| | 1,338
solo (libunified w/ anti-thrash(60)) | | 1,339
serial (2%) | 2,636
Kubeshare | | 1,724
libunified (no anti-thrash) | | 1,772
libunified (w/ anti-thrash(60)) | | 2,020
| | | |
0 1,000 1,500 2,000 2,500

time (s)

Figure 12.3: Execution times for small_50

12.2.2 Small WSS

For the small WSS cases (small_90 and small_50), no Page Faults happen throughout
the parallel execution of the two identical programs (they would be fatal in the non-
unified cases after all). For the 50/50 case, we are able to achieve significant speedup,
as the CPU parts run completely in parallel. We must note here that when two differ-
ent processes (contexts) submit work to the GPU, the GPU schedules this work in an
undisclosed manner. It cannot execute kernels from two different contexts concurrently,
however it handles the scheduling (context-switching) in a more efficient manner than our
anti-thrashing scheduler. Hence, the most performant method in this case is Kubeshare.
However, when using Kubeshare we must declare the memory limits of the process before-
hand, which is most always not the case. The execution time of our libunified (without
anti-thrashing enabled) comes at a close second, its overhead stemming from the fact
that it uses Unified Memory in and of itself(and not Page Faults). We estimated this
overhead in Section 11.3 of Chapter 5 to be around ~1 %. The least performant method
is libunified (anti-thrash), in which the anti-thrashing scheduler is enabled and each
process uses the GPU for a time slice. This is expected, as in these small applications
there is no thrashing and therefore no need to serialize GPU work from the processes.
The default black-box NVIDIA driver (which is used in the Kubeshare and libunified cases)

handles the GPU work in a more efficient manner than the conservative approach of our
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anti-thrashing scheduler. Keep in mind, however, that this category of small applica-
tions is rare and also that Kubeshare supports co-location only when the sum of Memory
allocations is smaller than GPU memory (in this case it could not support a third copy

running in parallel).

12.2.3 Big WSS

Kubeshare cannot support two copies of big_{96,50} running in parallel, as the WSS
equals roughly 30 GB. When executing two copies of a big_{90,50} program in parallel,
thrashing occurs under our simple libunified, hence the extremely large execution times
in Table 12.2. However, with our anti-thrashing mechanism enabled, we are able to
achieve times well below the serial execution time even for the 50/50 case, and comparable
to the serial execution times for the 50/50 case. Having a larger Time Quantum minimizes
the Total Completion Time (TCT), as less swaps (Page Faults) occur when the scheduler
lock changes hands. When the TQ becomes too small (< 10 sec), timing measurements
begin to rise sharply, as execution time is once again dominated by Page Faults since
each application is not given enough time to perform its meaningful computations. Our
mechanism performs excellently and manages to execute two applications in parallel, with
a WSS > 30 GB, in sub-serial times. No existing solution permits running applications
whose sum of WSS exceeds GPU physical memory, let alone achieve that with a sub-serial

time.

12.3 Recommending default policies (TQ, scheduler on/off)

Regarding the scheduler time quantum, as we said in Section 11.5.5:

e A smaller time quantum means more interactivity, as clients with shorter GPU
bursts will not have to wait behind others with larger ones and can return the

results to the user quicker. Thus, a smaller TQ alleviates head-of-line blocking.

e However, each time the lock swaps hands, the new holder must fetch their data to
the GPU (and evict data from another) before doing work. This is due to the fact
that we are considering scenarios where GPU memory is oversubscribed, and the
working sets of all clients do not fit in GPU memory. As such, a smaller TQ leads to
a larger amount of Page Faults which translates to a larger overall context switching

overhead and a larger Total Completion Time (TCT).

e Alarger TQ leads to a smaller total context switching overhead (as it happens fewer
times) and TCT, its drawback being a lowered level of user experience and respon-

siveness.

As such, and given our measurements, we consider a TQ of 20 sec to be a sensible
default value, as it strikes the best balance between performance and user experience/in-
teractivity. For non-interactive workloads, especially when fairness is not an issue (for
example 2 applications owned by the same user), a huge TQ will lead to the shortest over-
all TCT (remember than clients voluntarily release the lock after 5 seconds of not having
done GPU work).



12.3 Recommending default policies (TQ, scheduler on/off)

Additionally, we recommend it a prudent default to always have the anti-thrashing
scheduler enabled. Even though for the cases where the total WSS of the co-located
applications is smaller than GPU memory we incur a ~10% overhead, we have no oracle
knowledge and cannot (at the moment) predict the future, especially for interactive jobs.
Given that we don’t have a mechanism through which to decide when the anti-thrashing
mechanism should be switched on (thrashing "detection" is part of our future work), it’s
safer to always have it on. Remember that this "overhead", is only incurred when the GPU
parts of the applications overlap (as was the case in all our measurements). When only
one application submits work to the GPU, the overhead of the anti-thrashing mechanism

is minimal/non-existent (See Figurel2.3 - row solo (w/ anti-thrash)).
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Concluding Remarks

Our journey is reaching its end. We will restate our contributions, illustrating what the
new state with regard to GPU Sharing in Kubernetes is, this time taking our approach
into account as well. Finally, we will close this thesis by mentioning Future Work that

can be done to enrich our mechanism.
13.1 A new state of the art

We have designed, implemented and evaluated alexo-device-plugin. Let’s review what it

offers once more:

e each application can use the whole GPU memory.

e Many applications can execute on the same GPU concurrently without hard
memory limits. The only limiting factor is host memory (RAM).

e It is transparent to user applications; no modification must be made to user code

or frameworks.
¢ It has minimal overhead when a single application is executing alone on the GPU.

e It averts thrashing effectively, maximizing GPU utilization and minimizing Total

completion time even when Working Set sizes far exceed GPU memory capacity.

e It can be deployed in a K8s cluster with a single kubectl apply command.

As we saw in the previous chapter, even though our initial goal was only to enable GPU
Sharing for interactive ML jobs to increase GPU utilization; and is the use-case our im-
plementation absolutely thrives at, our mechanism can be used just as well with non-
interactive jobs (throughput-oriented). We provide a qualitative comparison with the
state of the art in Table 13.1

Mechanism Can co-locate co-location constraint guaranteed memory fraction K8s Integration
nvidia-device-plugin No - yes (whole mem) Seamless
Aliyun Scheduler Extender Yes Physical GPU memory No Average
Kubeshare Yes Physical GPU memory Yes Hard
alexo-device-plugin Yes RAM + GPU Memory No* Seamless

Table 13.1: Comparison with state of the art

[*]: We cannot define a "guaranteed" fraction for Unified Memory in the same way that we can for nomal
CUDA allocations. We do not impose a hard limit on the size of memory allocations from a process, so in
that sense we do not offer "guaranteed" memory fractions.
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13.2 Future Work

We can finally wrap this thesis up with the future research directions of our mechanism.

We plan on pursuing these actively over the next months/years.

e Perform a real-world deployment/analysis on actual user workloads in a production

environment.
e Extend alexo-device-plugin to support multiple GPUs per node.

e Create heuristics to automatically enable/disable the anti-thrashing mechanism
instead of doing it manually. One heuristic can be the volume of PCle transfers over

a sliding time window.

e Support job migration from one GPU to another (intra-node first, inter-node at a
later stage). Our use of Unified Memory eases this task, as multiple GPUs in a node

have a common CUDA address space. Still, it is far from trivial.
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