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Abstract

DNNmodeflsacrossmanydomafinscontfinuetogrowfinsfize,
resufltfingfinhfighresourcerequfirementsforeffectfivetrafinfing,
andunpaflatabfle(andoftenunaffordabfle)costsfororganfi-
zatfionsandresearchflabsacrossscafles.Thfispaperafimsto
sfignfificantflyreducetrafinfingcostswfitheffectfiveuseofpre-
emptfibflefinstances,fi.e.,thosethatcanbeobtafinedatamuch
cheaperprficewhfiflefidfle,butmaybepreemptedwhenever
requestedbyprfiorfityusers.Dofingso,however,requfiresnew
formsofresfiflfiencyandefficfiencytocopewfiththepossfibfiflfity
offrequentpreemptfions–afafifluremodeflthatfisdrastficaflfly
dfifferentfromtheoccasfionaflfafifluresfinnormaflcflusterset-
tfingsthatexfistfingcheckpofintfingtechnfiquestarget.

WepresentBamboo,adfistrfibutedsystemthattackflesthese
chaflflengesbyfintroducfingredundantcomputatfionsfintothe
trafinfingpfipeflfine,fi.e.,wherebyonenodeperformscompu-
tatfionsovernotonflyfitsownflayersbutaflsooversomeflay-
ersfinfitsnefighbor. Ourkeyfinsfightfisthattrafinfingflarge
modeflsoftenrequfirespfipeflfineparaflfleflfismwhere“pfipeflfine
bubbfles”naturaflflyexfist.Bamboocarefuflflyfiflflsredundant
computatfionsfintothesebubbfles,provfidfingresfiflfienceataflow
cost.AcrossavarfietyofwfideflyusedDNNmodefls,Bamboo
outperformstradfitfionaflcheckpofintfingby3.7×fintrafinfing
throughput,andreducescostsby2.4×comparedtoasettfing
whereon-demandfinstancesareused.

1 Introductfion

DNNsarebecomfingprogressfiveflyflargertodeflfiverfimproved
predfictfiveperformanceacrossavarfietyoftasks,fincfludfing
computervfisfionandnaturaflflanguageprocessfing.Forfin-
stance,recentflanguagemodeflssuchasBERT[66]andGPT
[50]aflreadyhaveamassfivenumberofparameters,andthefir
newervarfiantscontfinuetogrowatarapfidpace.Forexampfle,
BERT-flargehas340mfiflflfionparameters,GPT-2has1.5bfifl-
flfion,andGPT-3fincreasesto175bfiflflfion;thenextgeneratfion
ofmodeflsembedupwardsoftrfiflflfionsofparameters[17].

Ofcourse,modeflgrowthaflsoentafiflsflargertrafinfingcosts.
Forfinstance,GPT-3consumesseveraflthousandpetaflop/s-
days,costfingover$12mfiflflfiontotrafinonapubflficcfloud
(needfinghundredsofGPUservers)[6].Unfortunatefly,such
costsareprohfibfitfiveforsmaflflorganfizatfions.Evenforflarge
techfirms,trafinfingtoday’smodeflsfincursanexceedfingfly
hfighmonetarycostthateventuaflflygetsbfiflfledtothetrafinfing

♣Contrfibutedequaflfly.

department.Whfiflepretrafinedmodeflsmaybereusedandfine-
tunedfordfifferentappflficatfions,trafinfingnewmodeflsfisoften
requfiredtokeeppacewfithchangfingoremergfingworkfloads
anddatasets.

Aflthoughthereexfistsabodyofworkonfimprovfingthe
trafinfingofflargemodefls[38,39,26,9,7,11,12,18,54,53,
64,72,24,28,31],exfistfingtechnfiquesfocusprfimarfiflyon
scaflabfiflfityandefficfiency,wfithmonetarycostsoftenbefing
negflected.However,whenaffordabfiflfityandaccessfibfiflfityare
consfidered,resourceusagebecomesakeyconcernandnone
ofthesetechnfiquesweretargetedatfimprovfingcost-efficfiency
(e.g.,performance-per-doflflar)fortrafinfing.

PreemptfibfleInstances. Thfispaperexpfloresthepossfibfifl-
fityofusfingpreemptfibflefinstances—apopuflarcflassofcheap
cfloudresources—toreducethecostoftrafinfingflargemodefls.
Thereareseveraflkfindsofpreemptfibflefinstances.Forexam-
pfle,majorpubflficcfloudsprovfidespotfinstanceswfithaprfice
muchcheaperthanon-demandfinstances—e.g.,thehourfly
rateofaGPU-basedspotfinstancefisonfly∼30%ofthatfor
fitson-demandcounterpartonAmazonEC2[3].Asanother
exampfle,flargedatacentersoftenmafintafincertafinamountsof
computeresourcesthatcanbeaflflocatedforanynon-urgent
tasksbutwfiflflbepreemptedasurgenttasksarfise[41,5].Sfimfi-
flarfly,recentMLsystems[27,69,4]aflflowtrafinfingjobstouse
finference-dedficatedmachfinestofuflflyutfiflfizeGPUresources
butpreemptsthosemachfineswhenhfigh-prfiorfityfinference
jobsarrfive.Thepresentatfionofthfispaperfocusesonspot
finstances,butwenotethatourtechnfiquesaregeneraflflyappflfi-
cabfletoanytypeofpreemptfibfleresources.

Despfitethefirsubstantfiaflcostbenefits,preemptfibflefin-
stancesposemajorchaflflengesfinreflfiabfiflfityandefficfiency
duethefrequentandunpredfictabflenatureofthefirpreemp-
tfions.Whenandhowmanyfinstancesgetpreempteddepends
prfimarfiflyonthenumberofprfiorfityjobs/usersfinacfluster.In
apubflficspotmarket,preemptfioncanaflsoresufltfromthemar-
ketprficeexceedfingtheuser’sbfidprfice. Whfifleprfice-based
preemptfioncanbeavofidedvfiaahfighbfidprfice(e.g.,the
on-demandprfice),capacfity-basedpreemptfionfisunavofidabfle.
Preemptfionpatternsvarydrastficaflflyacrosscfloudsandeven
acrossfamfiflfies/zonesonthesamecfloud(§3).

Gfiventheunpredfictabflenatureofspotfinstances,userscan
oftenonflyrunshort,stateflessjobsandsfimpflyrestartthese
jobsfiftheygetpreempted.Modefltrafinfing,onthecontrary,
fisstatefuflandtfime-consumfing.Dfiscardfingthestate(e.g.,
flearnedwefights)uponeachfinstancepreemptfionnotonfly
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wastescomputatfionbutaflsopreventstrafinfingfrommakfing
progress.Checkpofintfing-basedtechnfiquescanreducewasted
computatfiontoadegree,butstfiflflspendasfignfificantfractfion
ofthetrafinfingtfime(e.g.,77%whentrafinfingGPT-2wfith64
EC2spotfinstances,see§3)onrestartfingandredofingprfior
workfinthepresenceoffrequentpreemptfions[20,21]—a
flargeflydfifferentscenarfiocomparedtoconventfionaflcflusters
wherefafifluresarerare.

Bamboo. ThfispaperpresentsBamboo,adfistrfibutedsystem
thatprovfidesresfiflfienceandefficfiencyforDNNtrafinfingover
preemptfibflefinstances.Bamboosupportsbothpfipeflfinepar-
aflfleflfismand(pure)dataparaflfleflfismwfiththesameapproach.
Sfincepfipeflfineparaflfleflfismfisamorecompflexandgeneraflap-
proach(fortrafinfingflargemodefls),ourdfiscussfionfocuseson
pfipeflfineparaflfleflfism;webrfieflydfiscussoursupportforpure
dataparaflfleflfismfin§B.Bamboocurrentflydoesnotsupport
modeflparaflfleflfism.

RedundantComputatfion. KeytothesuccessofBamboo
fisasetofnovefltechnfiquescenteredaroundredundantcom-
putatfion(RC),finspfiredbyhowdfiskredundancfiessuchas
RAID[45]provfideresfiflfiencefinthepresenceofdfiskfafifl-
ures.Atrafinfingsystemthatusespfipeflfineparaflfleflfismrunsa
setofdata-paraflfleflpfipeflfines,eachtrafinfingonapartfitfionof
thedataset.Eachnode1finadata-paraflfleflpfipeflfineperforms
(forwardandbackward)computatfionsoverashardofNN
flayerswfithamficrobatchofdatafitems[24].Bambooflets
eachnodefineachdata-paraflfleflpfipeflfinecarryfitsownshard
offlayersasweflflasfitssuccessor’sshard.Eachnodeperforms
normaflcomputatfionoverfitsownflayersandredundantcom-
putatfionoverfitssuccessor’sflayers.Thereasonwhyweusea
nefighbornode(asopposedtoarandomnode)torunRCfis
toexpflofitdataflocaflfityfinpfipeflfineparaflfleflfism(see§5).Upon
anodepreemptfion,fitspredecessorhasaflflthefinformatfion
(e.g.,flayers,actfivatfions)neededforthetrafinfingtoprogress;
contfinufingtrafinfingrequfiresrunnfingafafifloverschedufleon
thepredecessornodewfithoutwastfingprfiorcomputatfions.

Atfirstgflance,runnfingRConeverynodeappearsfinfea-
sfibfleduetoconcernswfithbothtfimeandmemory.Bamboo
overcomesthesechaflflengesbytakfingfintoaccountpfipeflfine
characterfistficstocarefuflflyreduce/hfidetheseoverheads.

Ffirst,tomfinfimfizethetfimeoverheadfromRC,Bamboo
fleveragesakeyfinsfightthatbubbfles[24,51]finherentflyexfistfin
systemsusfingsynchronouspfipeflfineparaflfleflfism(§2).Bubbfles
arefidfletfimesoneachnodeduetothegapsbetweenthe
forwardandbackwardprocessfingofmficrobatches(Ffigure1).
Bambooscheduflestheforwardredundantcomputatfion(FRC)
oneachnodeasynchronousflyfintothebubbfle.FRCentafifls
anodedofingtheforwardpassoverfitssuccessor’sflayers
usfingtheoutputoffitsownactfiveflayersandfisthemafin
wayBambooachfievesredundancy.ForthepartofFRCthat
cannotfitfintothebubbfle,Bamboooverflapsfitwfiththenormafl
computatfion.Asaresuflt,FRCfincursatoflerabfleoverhead

1Inthfispaper,“finstance”and“node”bothrefertoaspotfinstance.

(fi.e.,noextracommunficatfionfisneededduetoflocaflfity,and
fitcanoverflapwfithnormaflcomputatfion),andhenceBamboo
performsfiteagerflyfineachepoch.Ifanodefispreempted
durfingaforwardpass,thepfipeflfinecontfinuesafteranode
reroutfingstepwhoseoverheadfisnegflfigfibfle.

InaddfitfiontoFRC,thesystemmustfindawaytogen-
eratetheredundantversfionofthefintermedfiatedatareflated
tobackwardspassesforthesuccessornode.Thfiscanbeac-
compflfishedbyusfingthebackwardredundantcomputatfion
(BRC),orabackwardspassoverthenode’sredundantflay-
ers(fitssuccessor’sflayers). Unfortunatefly,forBRC,such
acorrespondfingbubbfledoesnotexfist.EagerBRCwoufld
requfiremuchextraworkanddata-densecommunficatfionon
thecrfitficaflpath,whfichcouflddeflaytrafinfingsfignfificantfly(§5).
Assuch,BamboorunsBRCflazfiflyonflywhenapreemptfion
actuaflflyoccurs.Ifanodefispreemptedfinabackwardpass,
contfinufingthepfipeflfinerequfiresapauseforthenode’spre-
decessortoperformBRCtorestorethefloststate.However,
sfinceFRCfisperformedeagerfly,whenBRCruns,muchof
whatfitneedsfisaflreadyfinmemory,keepfingpausesshort.

Second,performfingRCfincreaseseachnode’sGPUmem-
oryusage.Notethatthemajorsourceofthememoryoverhead
fisstorfingfintermedfiateresuflts(actfivatfionsandoptfimfizerstate)
fromFRC,nottheredundantflayers,whfichtakeonflyflfittfle
extramemory.Tomfitfigatethememoryfissue,wefleverage
Bamboo’sunfiquewayofperformfingRCdescrfibedabove.
Notethatthepurposeofsavfingfintermedfiateresufltsofa
forwardpassfisthattheseresufltsareusedbyfitsbackward
computatfion.However,finBamboo,BRCfisperformedflazfifly
uponpreemptfionsandthefintermedfiateresufltsofFRCare
thusnotneededfinnormaflbackwardpasses.Hence,Bamboo
swapsoutthefintermedfiateresufltsofeachnode’sFRCfinto
thenode’sCPUmemory,fleadfingtosubstantfiaflreductfionfin
GPUmemoryusage.Theseresufltsareswappedbackfinto
GPUmemoryforBRConflyuponpreemptfions.

BamboocontfinuesnormafltrafinfingwfiththeheflpofRCfin
thepresenceofnon-consecutfivepreemptfions,fi.e.,preempted
finstancesarenotnefighborsfinthesamedata-paraflfleflpfipeflfine.
Onceconsecutfivefinstancesarepreempted,RCcannoflonger
provfideresfiflfience. Moreredundancfiescoufldbeaddedto
provfidestrongerresfiflfience,butthfiswoufldfincur(compute
andcommunficatfion)overheadsthataretoosfignfificanttohfide.
Instead,basedonourempfirficaflobservatfionthatmostcon-
currentpreemptfionscomefromthesameaflflocatfiongroup
(e.g.,azone),Bambootakescaretoensurethatconsecutfive
nodesfineachpfipeflfinecomefromdfifferentzones,mfinfimfiz-
fingthechanceofconsecutfivepreemptfionsatasmaflfl(<5%)
overhead(see§6.5).

Resuflts. WebufifltBambooatopDeepSpeed[51]andevafl-
uatedfitbytrafinfing6representatfiveDNNmodeflsusfing
EC2spotcflusterscomprfisedofp3finstances. Compared
toabaseflfineusfingon-demandfinstances,Bamboodeflfivers
a3.6×costreductfion.Bambooaflsooutperformsacheck-
pofintfingapproachby3.7×. Wedeveflopedasfimuflatfion
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(a) Pfipeflfine paraflfleflfism (b) GPfipe scheduflfing (c) PfipeDream scheduflfing
Ffigure 1: Iflflustratfion of pfipeflfine paraflfleflfism on a 4-node cfluster: (a) the modefl fis dfivfided finto 4 shards, each wfith 2 flayers; (b)
and (c) show the scheduflfing of two recent systems GPfipe [24] and PfipeDream [38].

framework that takes preemptfion traces from reafl spot cflus-
ters and trafinfing parameters to sfimuflate how trafinfing pro-
gresses wfith flarger numbers of nodes. A deep-dfive wfith
BERT across a wfide range of preemptfion probabfiflfitfies shows
that thevaflue(fi.e., performance-per-doflflar) Bamboo pro-
vfides stays constant and fis much hfigher (2.48×) than that
of on-demand finstances. Bamboo fis pubflficfly avafiflabfle at
https://gfithub.com/ucflasystem/bamboo.

2 Background

Thfis sectfion dfiscusses necessary background for paraflfleflfism
strategfies.Data paraflfleflfismkeeps a repflfica of an entfire DNN
on each devfice, whfich processes a subset of trafinfing sam-
pfles and fiteratfivefly synchronfizes modefl parameters wfith other
devfices. Thfis strategy fis often used wfith modefls that can
fit entfirefly wfithfin a sfingfle GPU and used to both fincrease
throughput or expand to batch sfizes that cannot fit wfithfin a
sfingfle GPU. Data paraflfleflfism can be combfined wfith pfipeflfine
and/or modefl paraflfleflfism to trafin flarge modefls that do not fit
on a sfingfle devfice.Modefl paraflfleflfism[13] partfitfions modefl
operators across trafinfing devfices. For exampfle, the wefights
for a sfingfle matrfix mufltfipflficatfion may resfide across two sep-
arate GPUs, each performfing a part of the fuflfl computatfion
and then combfinfing the resuflts. Thfis technfique aflflows the
modefl to expand beyond a sfingfle GPU by reducfing the mem-
ory requfirements of each operator. However, efficfient modefl
paraflfleflfism aflgorfithms are extremefly hard to desfign, requfir-
fing dfifficuflt chofices among scaflfing capacfity, flexfibfiflfity, and
trafinfing efficfiency. As such, modefl-paraflflefl aflgorfithms are
often archfitecture- and task-specfific.

Pfipeflfine paraflfleflfism[38,24,71] has gafined much tractfion
recentfly due to fits flexfibfiflfity and appflficabfiflfity to a varfiety of
neurafl networks. Pfipeflfine paraflfleflfism dfivfides a modefl at the
granuflarfity of flayers and assfigns a shard of flayers to each
devfice. Ffigure1(a) shows an exampfle where the modefl fis
partfitfioned finto four shards and each worker hosts one shard
(wfith two flayers). Each worker defines a computatfion stage
and the number of stages fis referred to as thepfipeflfine depth
(e.g., 4 fin the exampfle). One worker onfly communficates wfith
nodes hofldfing fits prevfious stage or next stage. Each finput
batch fis further dfivfided fintomficrobatches. In each fiteratfion,
each mficrobatch goes through aflfl stages fin a forward pass
and then returns fin an opposfite dfirectfion fin a backward pass.
There are often mufltfipfle mficrobatches resfidfing fin the pfipeflfine

and dfifferent nodes can process dfifferent mficrobatches fin
paraflflefl to fimprove utfiflfizatfion.

A key chaflflenge fin efficfient pfipeflfine paraflfleflfism fis how
to schedufle mficrobatches. GPfipe [24] schedufles forward
passes of aflfl mficrobatches before any backward pass, as
shown fin Ffigure1(b) where each node processes four mfi-
crobatches. Thfis approach fleaves a "bubbfle" (fi.e., whfite ceflfls)
fin the mfiddfle of the pfipeflfine, fleadfing to finefficfient use of
compute devfices. PfipeDream [38] proposes the one-forward-
one-backward (1F1B) schedufle to finterfleave the backward
and forward passes, as shown fin Ffigure1(c). 1F1B can reduce
the bubbfle sfize and the peak memory usage.

However, even wfith carefuflfly-desfigned schedufles, the
pfipeflfine bubbfle fis stfiflfl hard to eflfimfinate. A fundamentafl
reason fis that fit fis extremefly dfifficuflt to find the optfimafl
flayer partfitfionfing to have each stage processed at the same
rate. There exfists a body of aflgorfithms proposed recentfly
to optfimfize flayer partfitfionfing and most of them are modefl-
and hardware-specfific [38,16]. These aflgorfithms are often
tfime-consumfing for flarge modefls, unsufitabfle for preemptfibfle
finstances where the number of nodes keeps changfing [2].

PfipeDream [38] proposes asynchronous pfipeflfinfing to eflfimfi-
nate the bubbfle—a node fis aflflowed to work wfith stafle wefights
to reduce the wafit tfime. However, asynchronous mficrobatch-
fing fintroduces uncertafinty fin modefl convergence. In generafl,
the effectfiveness of synchronous v.s. asynchronous trafinfing
fis stfiflfl open to debate. Furthermore, asynchronous trafinfing
fintroduces finconsfistencfies fin modefl state, whfich can create
a more sfignfificant convergence fissue when trafinfing occurs
on preemptfibfle finstances, due to the need of frequent recon-
figuratfions. For exampfle, under synchronous mficrobatchfing,
a reconfiguratfion can be performed at the end of each optfi-
mfizer step (fi.e., parameter update), and hence the reconfigured
pfipeflfines can start wfith the up-to-date parameters. Thfis fis
fimpossfibfle to do under asynchronous mficrobatchfing.

As a resuflt, we bufiflt Bamboo atop synchronous mficro-
batchfing where modefl state fis aflways consfistent. Instead of
attemptfing to reduce the bubbfle, we expflore an orthogonafl
dfirectfion—how to fleverage the bubbfle to run RC efficfientfly.

3 Motfivatfion

Thfis sectfion motfivates Bamboo from two aspects: (1) hfigh
preemptfion rates and unpredfictabfiflfity of spot finstances, and
(2) hfigh performance overheads of strawman approaches.
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(a)P3@EC2 (b)G4dn@EC2

(c)n1-standard-8@GCP (d)a2-hfighgpu-1g@GCP

Ffigure2:Preemptfionstracesforatargetcflusterofsfize64
finstancesonEC2and80finstancesonGCP.Eachgraphshows
afuflfl-daytraceforaGPUfamfiflyfinacfloud.

PreemptfionsofSpotInstances. Wefirststudfiedfafiflure
modeflswfithspotfinstancesonmajorpubflficcflouds.Ffigure2
showsasetofreaflpreemptfiontracescoflflectedfromrunnfing
spotfinstancesfintwopubflficcflouds:AmazonEC2andGoogfle
CfloudPflatform(GCP).ForEC2,weusedtwoGPUfamfiflfies:
P3(NVIDIAV100GPUswfith32GBofmemory)andG4dn
(NVIDIAT4GPUswfith16GBofmemory).ForGCP,we
usedn1-standard-8(NVIDIAV100GPUswfith16GB
GRAM)anda2-hfighgpu-1g(NVIDIAA100GPUswfith
40GBGRAM).Foreachfamfifly,wecoflflectedtracesfora
24-hourwfindow.Ineachexperfiment,weusedanautoscafl-
finggrouptomafintafinacflusterof64wfithanexceptfionof
us-east1-cfinGCP,whosecflustersfizefis80.Theautoscafl-
finggroup,provfidedbyeachcfloud,automatficaflflyaflflocates
newfinstancesuponpreemptfionstomafintafinthesfize(though
wfithoutanyguarantee).

Frombothfamfiflfies,nodepreemptfionsandaddfitfionsare
frequentandbuflky(fi.e.,manynodesgetpreemptedateach
tfime).Thfiscanmakeacheckpofintfing-basedapproachrestart
manytfimesfinashortwfindowoftfime,fleadfingtoflargefin-
efficfiencfies(dfiscussedshortfly).Furthermore,bothpreemp-
tfionsandaflflocatfionsareunpredfictabfle.Whfifletheautoscaflfing
groupattemptstoaflflocatenewnodestomafintafintheuser-
specfifiedsfize,aflflocatfionsarecommfittedfincrementaflfly;new
aflflocatfionsaremfixedwfithpreemptfionsofexfistfingfinstances,
makfingthespotcflusteranextremeflydynamficenvfironment.

Tounderstandthenatureofthenodesthatarepreemptedat
thesametfime,wecarefuflflyanaflyzedtwo24-hourpreemptfion
tracescoflflectedrespectfiveflyfromEC2andGCP.FortheEC2
trace,preemptfionsoccurat127dfistfincttfimestamps,eachof
whfichseemanypreemptednodes.Ofthese127tfimestamps,
onfly7seepreemptfionsfrommufltfipflezones;ateachofthe
remafinfing120tfimestamps,aflflnodespreemptedcomefrom

Ffigure3:TrafinfingGPT-2usfingcheckpofintfing/restartwfith
anautoscaflfinggroupof64P3spotfinstances.Eachcoflorrep-
resentstfimespentfinadfistfinctstate,fincfludfingBflue:trafinfing
actfiveflymadeprogress;Orange:thecflustermadeprogress
thatwasthenwasted;andRed:cflusterrestartfing.

thesamezone.AsfimfiflarobservatfionwasmadeontheGCP
trace(12outof328tfimestampsseecross-zonepreemptfions).
Theseresufltsconfirmedtheobservatfionsmadebyexfistfing
works[21,20]:preemptfionstendtobefindependentbasedon
eachfindfivfiduaflspotmarketandeachavafiflabfiflfityzonehasa
dfifferentandfindependentspotmarket—thfisfisbecauseeach
avafiflabfiflfityzonemafintafinscapacfityseparateflyandtherefore
capacfitypreemptfionsfinonezonearenotassocfiatedwfith
capacfitypreemptfionsfinanother.

Theseobservatfionsmotfivateourdesfign—evenwfith1-node
redundancfies,Bamboocanrecoverfromamajorfityofpre-
emptfionsfifconsecutfivenodesarenotpreemptedatthesame
tfime;wemaxfimfizethfispossfibfiflfitywfithabest-effortapproach
thatmakesconsecutfivenodesfineachpfipeflfinecomefromdfif-
ferentzones. Aflthoughthfismayfincreasecommunficatfion
costs,fitdoesnotfleadtovfisfibfleperformancefimpactsfor
BamboobecauseBambooonflysends(smaflflamountsof)actfi-
vatfionsdatabetweennodes.

Strawman#1:Checkpofintfing. Wenextshowwhyatech-
nfiquebasedoncheckpofintfingandrestartfingdoesnotwork.
WedeveflopedanewcheckpofintfingsystemontopofDeep-
Speed[51],provfidfingcheckpofintfingandrestartfingfunctfionafl-
fitfiessfimfiflartoTorchEflastfic[47]andVaruna[2].Wemodfified
DeepSpeedtocheckpofintcontfinuousflyandasynchronousfly.
Inpartficuflar,eachworkermovesacopyofanyreflevantmodefl
statetoCPUmemorywheneverthestatefisgenerated;the
CPUthenasynchronousflywrfitesfittoremotestoragesothat
trafinfingandcheckpofintfingcanfuflflyoverflap.Durfingrestart-
fing,oursystemautomatficaflflyadaptstheprfiorcheckpofintsto
thenewpfipeflfineconfiguratfions.

Tounderstandhowweflflthfistechnfiqueperforms,weused
fittotrafinGPT-2over64p3.2xflargeGPUspotfinstanceson
EC2.Weprofifledthetrafinfingprocessandcoflflectedthecheck-
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Ffigure4:Effectsofsampfledroppfingunderdfifferentrates.

pofintfingtfimes,reconfiguratfionoverheads,andtotaflexecutfion
tfime.Ffigure3reportstheseresuflts.Thebfluesectfionsrepre-
sentthetfimesthesystemspentmakfingactuaflprogressfor
trafinfing.Theredsectfionsrepresentthetfimesonreconfig-
urfing(fi.e.,restartfing)whfifletheorangesectfionsshowthe
tfimesforwastedwork—thecomputatfionthatwasdonebut
notsavedfincheckpofints;thesystemendedupredofingthese
computatfionsafterrestartfing.Thfisfisbecausepreemptfions
oftenoccurdurfingcheckpofintfing,andhence,thesystemmust
roflflbacktoaprevfiouscheckpofint.Frequentroflflbackssflows
downthetrafinfingsfignfificantfly.Notethatsystemssuchas
VarunaandTorchEflastficsharethfispropertyandwoufldhave
sfimfiflartrafinfingpatternswhenfacfingreguflarpreemptfions.
Asshown,aflthoughcheckpofintfingfitseflfcanbedoneeffi-
cfientfly,therestartfingoverheads(fi.e.,foradaptfingexfistfing
checkpofintstonewpfipeflfineconfiguratfions)andthewasted
computatfionstake77%ofthetrafinfingtfime.

Strawman#2:SampfleDroppfing. Anaflternatfiveapproach
thathasshownpromfisefistotakeadvantageofthestatfistficafl
robustnessofDNNtrafinfingandaflflowsomesampflestobe
droppedsothattrafinfingcancontfinuewfithoutsfignfificantfloss
ofaccuracy[67,36].Thesetechnfiquesareaflsoknownas
eflastficbatchfingbecausedroppfingsampflesfisequfivaflentto
changfingtheeffectfivebatchsfizeatatrafinfingfiteratfion(wfith
theflearnfingratedynamficaflflyadjusted).

Inthecaseofpfipeflfineparaflfleflfism,wefimpflementedsampfle
droppfingbysuspendfingapfipeflfineuponflosfinganfinstance
whfifleflettfingotherdata-paraflfleflpfipeflfinescontfinuetorun.
Thesystemperformsoptfimfizerstepswfiththegradfientsof
whficheverdata-paraflfleflpfipeflfinesareabfletocompfletethat
trafinfingstep.Learnfingratewasadaptedflfinearflywfithrespect
totheeffectfivebatchsfizetomakesurethattheonflyeffecton
theaccuracyfistheflostsampfles,butnotamfismatchbetween
hyperparametersandtrafinfingconfiguratfions.Indofingso,the
trafinfingcancontfinueforsometfimewfithoutareconfiguratfion
(whfichfisneededuponaflflocatfions).

Weconductedasetofexperfimentstosfimuflatetheeffectof
sampfledroppfingonmodeflaccuracywfitharangeofdroprates.

Notethatwecoufldnotobtafintheseresufltswfiththeactuafl
spotfinstancesbecausewecoufldnotcontroflthepreemptfion
rate. Weranapre-trafinfingbenchmarkwfithGPT-2usfing
16on-demandfinstancesfromthesameEC2famfifly,whfich
formfourdata-paraflfleflpfipeflfines,eachwfithfourstages.To
consfiderarangeofdfifferentfafifluremodefls,weuseddfifferent
ratesofpreemptfiontogeneratepreemptfionevents.Upona
preemptfionevent,werandomflyseflectedapfipeflfineandzero
outthepfipeflfine’sgradfientsfinthatfiteratfion. Wemeasured
themodefl’sevafluatfionaccuracyevery5trafinfingsteps.These
resufltsareshownfinFfigure4whereeachcurverepresentsthe
functfionofthenumberofstepsneededtoreachagfivenfloss
forapartficuflardroprate.

Sfimfiflarflytocheckpofintfing,sampfledroppfingworksweflflfor
flowpreemptfionrates,butwhenfrequentpreemptfionsoccur,
manysampflescanbeflostqufickflyandfitsfimpactonmodeflac-
curacyqufickflygrowstobetoosfignfificanttooverflook.Whfifle
thfisexperfimentwasnotanexactrecreatfionofasampfledrop-
pfingscenarfio,theseresufltsrepresentanunder-approxfimatfion
oftheeffectoftheactuaflsampfledroppfing(whfichcanflose
moreaccuracythanreportedbyFfigure4).Thfisfisbecause
theactuaflsampfledroppfingrateshoufldbehfigherthanthe
finstancepreemptfionrate—apreemptedfinstancewoufldflfikefly
bedownforsometfimeandconsecutfivesampfleswoufldbe
droppedfinareaflsettfing.Notethattrafinfingsampflesareshuf-
fledbeforefloadfing;hence,theeffectsofrandomflydroppfing
consecutfivesampfles(fi.e.,theactuaflscenarfio)anddroppfing
randomsampflessporadficaflfly(fi.e.,ourexperfiment)shoufldbe
sfimfiflar.

4 Overvfiew

GoaflandNon-Goafl. Ourgoaflfisnottoautomatficaflflyde-
termfinethecheapestwaytotrafinagfivenmodefl(e.g.,whfich
paraflfleflfismmodeflcanfleadtotheflargestcostsavfings).In-
stead,Bambooafimstoenabfleefficfientandpreemptfion-safe
trafinfingovercheapspotfinstances.

UserInterface. TouseBamboo,auserspecfifiestwosys-
temparametersDandP,astheynormaflwoufldtouseother
pfipeflfine-paraflfleflsystems,whereDfisthenumberofdata-
paraflfleflpfipeflfinesandPfisthepfipeflfinedepth.Duetothe
needofstorfingredundantflayers,Bamboorequfiresaflarger
pfipeflfinedepthPthananormaflpfipeflfine-paraflfleflsystemsuch
asPfipeDream[38].Weobserved,empfirficaflfly,thattoavofid
swappfingdatabetweenCPUandGPUmemoryonthecrfitficafl
path,Bamboo’spfipeflfineshoufldbe∼1.5×(see§6.4)flonger
thananon-demandpfipeflfineduetotheextramemoryneeded
to(1)hofldtheredundantflayersand(2)accommodatepoten-
tfiaflpfipeflfineadjustments.Gfiventhatspotfinstancesaremuch
cheaper(e.g.,3-4×onEC2)thanon-demandfinstances,trafin-
fingwfith1.5×morenodesstfiflflfleadstosfignfificantflyreduced
costs.Whfiflewerecommend1.5×morenodes,thenumber
ofactfivefinstancesfinacflusterfisoftenmuchsmaflflerdueto
preemptfionsandfincrementaflaflflocatfions.
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Ffigure5:Bamboorunsoneagentprocesspernode(fi.e.,
spotfinstance).Anagentmonfitorsworkerprocesses(each
runnfingatrafinfingscrfipt)thatuseourmodfifiedDeepSpeed.
Aflflworkersandagentscoordfinatethroughetcd[42
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Ffigure6:Bambooworker.

P×DwfiflflbethesfizeofthespotcflusterBambooat-
temptstomafintafinthroughouttrafinfing.Preemptfionscan
causeBambootoreducethepfipeflfinedepthand/orthenum-
berofpfipeflfines;finsuchcases,Bamboowoufldrequestmore
finstancestobrfingthesfizeofthecflusterbacktoP×D.How-
ever,Bamboowoufldnevertrytoscaflethetrafinfingbeyond
P×D.Inotherwords,PandDaretheupperboundof
thepfipeflfinedepthandnumberofpfipeflfines.Itfisfimportant
tonotethatthegoafloftheautoscaflfingframeworkwebufifld
forBamboofistoadjustthepfipeflfinespassfiveflyfinresponseto
nodepreemptfionsandaddfitfionsthatwecannotcontrofl,rather
thanproactfiveflyfindfinganoptfimaflcflusterconfiguratfionto
achfievebetterperformance.ThfisdfistfingufishesBamboofrom
exfistfingworksonautoscaflfingdfistrfibutedtrafinfing[43,2,25],
whosegoaflwastofindbetterconfiguratfions.

SystemOvervfiew.Ffigure5showsanovervfiewofoursystem.
WebufifltBambooonTorchEflastfic[47]andDeepSpeed[51].
Inpartficuflar,webufiflttheBambooagent,whfichrunsoneach
nodetokfiflfl/addadata-paraflfleflpfipeflfine,ontopofTorchEflas-
tfic.TheagentmonfitorsaBambooworkerprocessonthe
samenode,whfichfisaDeepSpeedappflficatfionenhancedwfith
oursupportforredundantcomputatfion.Bambooworkersrun
Ddata-paraflfleflpfipeflfinesthatuseanaflfl-reducephaseto
synchronfizewefightsattheendofeachfiteratfion.Ourspotfin-
stancesaremanagedbyKubernetes[33],whfichfisconfigured
toautomatficaflflyscaflebyflaunchfingaBambooagentoneach
newaflflocatfion.Ouragentscommunficateandstorecfluster
stateonetcd[42],adfistrfibutedkey-vafluestore.

EachBambooworkerusesaruntfimetofinterpretthesched-
ufle,whfichproducesasequenceoffinstructfions,asshownfin
Ffigure6.Thescheduflefisgeneratedstatficaflflybasedonthe
stageIDofthecurrentworkerandpfipeflfineconfiguratfions,
fincfludfingthedepthofpfipeflfineandtotaflnumberofmficro-

batches.Thefinstructfionsconsfistofacomputatfioncomponent
(fi.e.,forward,backward,andappflygradfient),andacommunfi-
catfioncomponent(fi.e.,send/recefiveactfivatfion,send/recefive
gradfient,andaflfl-reduce).TheBambooruntfimefinterprets
thesefinstructfionsbyflaunchfingthefircorrespondfingkernefls
onGPU.Communficatfionfinstructfionscanfafiflduetopreemp-
tfions.Uponafafiflure,theruntfimethrowsanexceptfionand
faflflsbacktouseafafifloverschedufle.

5 RedundantComputatfion

Foreaseofpresentatfion,ourdfiscussfionfocusesononenode
runnfingonestagefinthepfipeflfine.Supportformufltfi-GPU
nodeswfiflflbedfiscussedshortfly.

Preemptfionofanodefisdetectedbyfitsnefighborfingnodes
finthesamepfipeflfinedurfingtheexecutfionofcommunficatfion
finstructfions.Ifanodeononesfideofthecommunficatfionfis
preempted,thenodeonanothersfidewfiflflcatchanIOexcep-
tfionduetobrokensocketandupdatecflusterstateonetcd.
Bamboodetectspreemptfionsbasedonsockettfimeout.Afl-
thoughwecoufldfletanodetobepreemptedactfiveflynotfify
fitsnefighborsfinthegraceperfiodbeforethepreemptfion,the
flengthofthfisperfiodvarfiesacrossdfifferentcfloudsandhence
Bamboodoesnotusefitcurrentfly.

Sfincethevfictfimnodecommunficateswfithtwonodesfin
thepfipeflfine,bothoffitsnefighborscancatchtheexceptfion.
Theobservedexceptfionwfiflflbesharedbetweenthesetwo
nodesthroughetcd.Thfistwo-sfidedetectfionfisnecessary
forBambootounderstandwhfichnodefafiflsandgeneratethe
fafifloverschedufle.Inaddfitfiontothetwonefighbors,nodes
finotherpfipeflfinesfinvoflvedfintheaflfl-reduceoperatfion
aflsoneedtobefinformed.Tosafeflyperformaflfl-reduce,
eachnodepartficfipatfingfinaflfl-reducereadstheup-to-date
cflusterstateonetcdand,fifanotherpfipeflfinehasafafiflure,
wafitsuntfiflthefafiflurefishandfled.

5.1 RedundantLayersandComputatfion

Toqufickflyrecoverfrompreemptfions,Bamboorepflficatesthe
modeflpartfitfiononeachworkernodefineachdata-paraflflefl
pfipeflfine.Insteadofsavfingtheserepflficastoacentraflfized
remotestorage(flfikecheckpofintfing),Bambootakesadecen-
traflfizedapproachbyflettfingeachnoderepflficatefitsownmodefl
partfitfion(fi.e.,flayershard)onfitspredecessornodefinthesame
pfipeflfine.Thefirstnodehasfitsflayerrepflficastoredontheflast
nodefinthepfipeflfine.Conceptuaflfly,theflastnodefisconsfidered
the“predecessor”ofthefirstnode.Forsfimpflficfityofpresen-
tatfion,weuseforwardstageIDstofidentfifynodes,thatfis,a
nodethatrunstheforwardstagen+1fisaflwaysconsfideredas
asuccessorofanoderunnfingtheforwardstagen(aflthough
finthebackwardpass,n+1fisastagebeforen).

Ourkeyfideafistofleteachnoderunnormafl(forward
andbackward)computatfionoverfitsownflayersandredun-
dant(forwardandbackward)computatfionovertherepflfica
flayersforfitssuccessornode. LetFRCmn/BRC

m
n denote

theforward/backwardredundantcomputatfionthatfisper-
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formedonnodemfornoden,respectfivefly.InBamboo,
n=(m+1)modPwherePfisthepfipeflfinedepth.Let
FNCn/BNCndenotetheforward/backwardnormaflcomputa-
tfiononnoden.InBamboo’spfipeflfine,FRCnn+1/BRC

n
n+1fis

exactflythesamecomputatfionasFNCn+1/BNCn+1,workfing
wfiththesamemodeflparametersandoptfimfizerstates.To
enabfletheflastnodetoperformRCforthefirstnode,wefletfit

FNC1 FNC2 FNC3 FNC4

BNC1 BNC2 BNC3 BNC4

Input

fetchfinputsampflesdfirectfly.

Ffigure7:Dependencfiesbetweennormaflpfipeflfinestages.

WhyNefighborfingNodes? Duetoourfocusonpfipeflfine
paraflfleflfism,BambooperformsRConpredecessornodesto
expflofitflocaflfityforfincreasedefficfiency.Toseethfis,wefirst
needtounderstandthedependencfiesbetweendfifferent(back-
wardandforward)pfipeflfinestagesthatamficrobatchgoes
through,asfiflflustratedfinFfigure7.Foreachforwardstage
FNCn,fitdependsonflyontheoutputoffitsprevfiousstage
FNCn−1.However,foreachbackwardstageBNCn,fithas
twodependencfies:oneontheoutputofstageBNCn+1and
asecondonfitscorrespondfingforwardstageFNCn.The
firstfisaharddependencywfithoutwhfichBNCncannotbe
done,whfiflethesecondfisasoftdependencyprfimarfiflyfor
efficfiency—fintermedfiateresufltsproducedbyFNCncanbe
reusedtoacceflerateBNCn. Wfithoutsuchcachedresuflts,
BNCnhastorecomputemanytensors(fi.e.,tensorrematerfiafl-
fizatfion[8]),fleadfingtofinefficfiencfies.

Ffigure8showsdependencfiesonanRC-enabflepfipeflfine
whereeachnodeperformsbothnormaflandredundant(back-
wardandforward)computatfion.Heresoflfid/dashedarrows
representfinter/fintra-nodedependencfies.ByrunnfingFRCfor
noden+1onnoden,flocaflfitybenefitcanbecflearflyseen
becauseFRConflycreatesfintra-nodedependencfies,whfich
donotfincuranyextracommunficatfionoverhead.However,
finabackwardpass,suchaflocaflfitybenefitdoesnotexfistfor
BRCnn+1,whfichrequfirestheoutputofBNCn+2andfincurs
muchextracommunficatfion.Thfismotfivatesoureager-FRC-
flazy-BRCdesfignwhfichdoesnotperformBRCuntfiflapre-
emptfionoccursandhenceeflfimfinatestheextracommunficatfion
costfinnormaflexecutfions.

NotethatwecoufldaflsoperformFRCflazfifly,butthfiswoufld
sfignfificantflyfincreasethepausetfimeforrecovery.Thfisfis
because(1)recoverfingfrompreemptfionsatbothforwardand
backwardpassnowrequfireapause;and(2)flazyFRCwoufld
notproducefintermedfiateresufltsthatcanbeusedtospeedup
BRCandhenceBRC’spausewoufldbemuchflonger.Sfince
FRCcanbeschedufledfinthepfipeflfinebubbfleandoverflapwfith
FNC,performfingfiteagerflyfisabetterchofice.

Thecarefuflreadermaythfinkofanaflternatfiveapproach
thatpflacesnoden’sflayerrepflficaonnoden+1

FNC1 FRC2 FNC2 FRC3 FNC3 FRC4 FNC4 FRC1
Input

Input

BNC4 BRC1BNC3 BRC4BNC2 BRC3BNC1 BRC2

Node1 Node2 Node3 Node4

asopposedto

Ffigure8:DependencfiesbetweenRC-enabfledpfipeflfinestages:
soflfid/dashedarrowsrepresentfinter/fintra-nodedependen-
cfies;forsfimpflficfity,FRCn/BRCnfinthefigurerepresents
FRCn−1n /BRCn−1n .

noden−1(fi.e.,fitssuccessorratherthanfitspredecessor).Thfis
approachfissymmetrfictoourdesfignfinthatfitturnsfinter-node
dependencfiesforBRCfintofintra-nodedependencfies,butfintra-
nodedependencfiesforFRCfintofinter-nodedependencfies.As
aresuflt,fiteflfimfinatestheextrabackwardcommunficatfionatthe
costoffincreasedforwardcommunficatfion.However,unflfike
Bamboo’sdesfignthatcanuseflazyBRCtoeflfimfinatetheextra
backwardcommunficatfion,fitfisnotaseasytoeflfimfinatethe
extraforwardcommunficatfionwfithflazyFRC—fifFRCfisnot
doneeagerflyfineachfiteratfion,BRC(regardflessofwhether
fitfiseagerorflazy)mustperformtensorre-materfiaflfizatfion,
whfichfincursaflongdeflay.

LeveflofRedundancy. Aswfithanyredundancy-basedsys-
tems,themoreredundancfies,thehfigherfleveflofresfiflfience.
Forexampfle,sfinceBambooperformsredundantcomputa-
tfionsonflyforonenode,fitcannotprovfideresfiflfiencewhen
preemptfionsoccuronconsecutfivenodesfinapfipeflfine,fin
whfichcaseareconfiguratfionfisneeded(see§A).However,
enabflfingRCformufltfipflenodescansfignfificantflyfincreasethe
FRCtfime,makfingfitmuchflongerthanwhatthebubbflescan
accommodate.Furthermore,theflocaflfitybenefit(fi.e.,FRC
onflyfincursfintra-nodedependency)doesnothofldanymore,
becauseFRCnowdependsontheoutputsofmufltfipflenodes.
Thfiscansflowdownthetrafinfingsubstantfiaflfly.

Takeaway. Storfingeachnode’srepflficaflayersonfitspredeces-
sorandrunnfingeager-FRC-flazy-BRCachfievesflow-overhead
RCforpfipeflfineparaflfleflfism.Whfiflethfisdesfigndoesnotsup-
portconsecutfivepreemptfions,Bambootakescaretomake
consecutfivenodescomefromdfifferentzones.Asdfiscussed
fin§3,fifmufltfipflepreemptfionsoccuratthesametfime,thepre-
emptednodesarehfighflyflfikeflytobefromthesamezone.As
aresuflt,ournodeassfignmentreducesthechanceofconsecu-
tfivepreemptfions,makfingRCeffectfiveformostpreemptfions.
Aflthoughcross-zonedatatransfercanfincuranoverhead,thfis
overheadfisnegflfigfibfle(e.g.,<3%),asreportedfinAppendfix
§6.5,becausefinpfipeflfine-paraflflefltrafinfing,eachnodeonfly
passesasmaflflamountofactfivatfiondatatofitsnefighbors.

Werefertothepreemptednodeasthevfictfimnode,andthe
nodesavfingtherepflficaofthevfictfimasfitsshadownode.
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Ffigure9:Acfloserexamfinatfionofthepfipeflfinebubbfle.Here
weassumetheforwardpassonnodefiandfi+1takestfimet
and1.2t,respectfivefly.Hence,abubbfleof0.6texfistsbefore
eachcommunficatfionbarrfier.

5.2 SchedufleRedundantComputatfion

ItfisstrafightforwardtoseethatRCfincursanoverheadfinboth
tfimeandmemory.Weproposeto(1)schedufleFRCfintothe
pfipeflfinebubbfletoreduceforwardcomputatfionoverhead,(2)
performBRCflazfiflytoreducebackwardcomputatfion/com-
munficatfionoverhead,and(3)offloadunnecessarytensorsto
CPUmemorytoreducememoryoverhead.

EagerFRC. Asdfiscussedfin§2,thepfipeflfinebubbfle
cancomefromefitherfimperfectscheduflfingorunbaflanced
pfipeflfinepartfitfionfing.Tofiflflustrate,consfiderFfigure9wfith
PfipeDream’s1F1Bschedufle.Supposetherearetwoconsec-
utfivenodesfinthepfipeflfinewhereboththeforwardandthe
backwardcomputatfionofnodefi+1run1.2×sflowerthan
thoseofnodefi.Thecommunficatfionbetweenthesetwonodes
servesasabarrfier.Sfincenodefirunsfaster,fitaflwaysreaches
thebarrfierearflfierandwafitsthereuntfiflnodefi+1arrfives.
ThfiswafitperfiodfiswhereweshoufldschedufleFRC.

Bamboobufifldsonthe1F1Bschedufle(Ffigure1(a))dueto
fitsaddfitfionaflefficfiencycomparedtoGPfipe’sschedufle(Ffig-
ure1(b)).However,evenfor1F1B,bubbfleswfideflyexfistfina
pfipeflfine—asamficrobatchpassesdfifferentpfipeflfinestages,the
flaterastage,theflongerthe(backwardandforward)computa-
tfiontakes.Thfisfisbecauseforthe1F1Bschedufle,thenumber
ofactfivemficrobatchesfinaflaterstagefisaflwayssmaflflerthan
thatfinanearflfierstage.InFfigure1(c),forexampfle,node1
has3actfivemficrobatcheswhfiflenode2onflyhas2.Conse-
quentfly,flaterstagesoftenconsumeflessmemory.Tobaflance
memoryusage,theflayerpartfitfiononaflaternodefisoften
flargerthatthatonanearflfiernodefinthepfipeflfine,andhencea
flaterstagerunssflower.Adetafifledanaflysfisofbubbflesfizecan
bebefoundfinAppendfix§C.1.

Scheduflfing. Basedonthfisobservatfion,weschedufleFRC
onanodebeforethenodestartscommunficatfingwfithfits
successornode. Thfisfiswhereabubbfleexfists.Incases
wheretheFRCcannotfitentfireflyfintothebubbfle(fi.e.,forthe
flastfourstagesfinFfigure14),weoverflapFRCandFNCas
muchaswecan.However,forthesamemficrobatch,FRCnn+1
dependsonFNCnandtheycannotrunfinparaflflefl.Toresoflve
thfisdependencyfissue,wefocusondfifferentmficrobatches
forFNCandFRC.Thatfis,BambooscheduflesFNCnfor
thek-thmficrobatchandFRCnn+1forfitsprevfious(k−1
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Ffigure10:Anexampfleofmergedfinstructfionsequencesfin
afafifloverschedufle.WeusePfipeDream’s1F1Bschedufleas
shownFfigure1(c),andassumenode2fisthevfictfimnodeand
node1fistheshadownode.

mficrobatchtorunfinparaflflefl.Sfincetherefisnodependency
betweenthem,thefirexecutfionscanoverflap.

Toreducememoryoverhead,Bamboofoflflowsaweflfl-
knownprfincfipfletooffloadflessfrequentflyusedtensorsto
CPUmemory.Specfiaflfly,sfinceBRCfisnotperformedfin
normafltrafinfingpasses,FRC’soutputsandfintermedfiatere-
sufltsarenotneededuntfiflapreemptfionoccursandBRCfis
trfiggered.Asaresuflt,weswapoutthesedataafterFRCfis
doneforeachmficrobatchoneachnode.Thesedatatakethe
majorfityofFRC’smemoryconsumptfion;swappfingthemout
sfignfificantflyreducesFRC’sGPUmemoryusage[52].How-
ever,wefleavetheredundantwefightsfinGPUmemoryfor
efficfientFRCbecausethesewefightsareneededforFRCon
eachmficrobatch.

LazyBRCandRecovery. BRCfisexecutedbyafafiflover
scheduflewhfichanoderunswhendetectfingfitssuccessornode
fafifls.Inpartficuflar,forthecurrentfiteratfion,aflfltheflostgradfi-
entsmustbere-computed,whfifleforthefoflflowfingfiteratfions,
aflflfinstructfionsofthevfictfimnodemustbeexecutedbyfits
shadownode(untfiflareconfiguratfionoccurs). Nodesthat
orfigfinaflflycommunficatewfiththevfictfimnodearetranspar-
entflyreroutedtotheshadownode.Thefafifloverscheduflefis
generatedbymergfingthescheduflesofthevfictfimandshadow
node.Inpartficuflar,aschedufleconsfistsofasequenceoffin-
structfionsandwedfivfidefitfintotwogroups—(1)contfinuous
communficatfionfinstructfions,whfichfispflacedattheheadofa
groupand(2)computatfionfinstructfionsthatcanbeexecuted
wfithoutremotedatadependencfies.

Whenthetwofinstructfiongroups(fromthevfictfimand
shadownodes)aremerged,thefinstructfionsarefinterfleaved
wfiththefoflflowfingrufles.(1)Communficatfionfinstructfionsare
stfiflflpflacedfinthebegfinnfingofthemergedgroups.(2)Com-
munficatfionsthatusedtobefinter-nodebetweenthevfictfim
andtheshadowareremoved.(3)Externaflcommunficatfions
fromthevfictfimnodearefirstperformed.(4)Computatfion
finstructfionsareorderedsuchthatbackwardcomputatfionfis
aflwaysexecutedearflfier;afterthebackwardcomputatfionfis
done,thememoryoccupfiedbyfintermedfiateresufltsfisfreed.
Ffigure10showsanexampfleofmergedfinstructfionsequences
fifnode2fisthevfictfimnodeandnode1fistheshadownode.
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Modefl Dataset Sampfles D P
ResNet-152[22] ImageNet[32] 300,000 4 12
VGG-19[63] ImageNet[32] 1,000,000 4 6
AflexNet[32] ImageNet[32] 1,000,000 4 6

GNMT-16[68] WMT16EN-De 200,000 4 6
BERT-Large[15] WfikficorpusEn[15] 2,500,000 4 12
GPT-2[49] WfikficorpusEn[15] 500,000 4 12

Tabfle1:Ourmodefls,datasets,pfipeflfineconfiguratfions.

SupportforMufltfi-GPUNodes. Bamboo’sRCworksfor
mufltfi-GPUsettfings—thfisrequfiresrepflficatfingaflflflayersthat
beflongtotheGPUsofonenodefintheGPUsoffitsprede-
cessornode.Inotherwords,weuse“grouprepflficas”as
opposedtofindfivfiduaflrepflficas.However,finthepresenceof
frequentpreemptfions,usfingmufltfi-GPUwoufldyfiefldpoorer
performance—flosfingonenode(wfithmufltfipfleGPUs)fisequfiv-
aflenttoflosfingmufltfipflenodesfinthesfingfle-GPUsettfing.Our
evafluatfion(§6)showsthatfitfismuchhardertoaflflocatenew
mufltfi-GPUnodesdurfingtrafinfingthansfingfle-GPUnodes.
OnceBambooflosestoomanynodesortherearemany

fidflenodes(fi.e.,newaflflocatfions)wafitfingtojofinthepfipeflfines,
Bambooflaunchesareconfiguratfion.Detafiflsofthereconfigu-
ratfionprocesscanbefoundfin§A.

SupportforPureDataParaflfleflfism. Bamboosupports
puredataparaflfleflfism(wfithoutmodeflpartfitfionfing).Dueto
spaceconstrafints,herewebrfieflydfiscusshowfitfissupported.
Weusethesameredundantcomputatfionstrategy—Bamboo
repflficatestheparameterandoptfimfizerstateofeachnodeon
adfifferentnodeandusestheserepflficasasredundancfiesto
provfidequfickrecovery.Forpuredataparaflfleflfism,therefis
nobubbfletfimetoschedufleRC.EagerFRCwoufldbeequfiv-
aflenttooverbatchfing(fi.e.,eachnodeprocessesfitsorfigfinafl
mfinfibatchpflusaredundantmfinfibatch).ToreducetheFRC
overheadandmakeRCfitfintotheGPUmemoryconstrafints,
weover-provfisfionspotfinstances(by1.5×,finthesamewayas
dfiscussedfin§5)tomakeeachnodeprocessasmaflflerbatch.
EnabflfingeagerFRCdoubflesthebatchsfize.However,fit

resufltsonflyfina∼1.5×fincreasefinthecomputatfiontfimedue
totheparaflfleflfismprovfidedbyGPUs.Thfisoverheadcanbe
effectfiveflyreducedbysflfightflyover-provfisfionfing(1.5×D)
nodes,fincreasfingthedegreeofparaflfleflfismanddecreasfingthe
fimpactofoverbatchfing.ThfisenabflesustorunFRCeagerfly
wfithoutfincurrfingmuchoverhead(fi.e.,<10%).
OnceBambooflosestoomanynodesortherearemany

fidflenodes(fi.e.,newaflflocatfions)wafitfingtojofinthepfipeflfines,
Bambooflaunchesareconfiguratfion.Detafiflsofthereconfigu-
ratfionprocesscanbefoundfinAppendfix§A.

6 Evafluatfion

Bamboofisfimpflementedfin∼7KLoCasastandardPythonflfi-
brary.WeevafluatedBamboobypretrafinfingarangeofpopuflar
vfisfionandflanguagemodefls,asshownfinTabfle1.Forthefirst
four(smaflfler)modeflsthatwereaflsousedfinPfipeDream[38]
(whfichactuaflflyusedsmaflflerversfionsofthesemodefls),we

tookthevafluesofD(thenumberofdata-paraflfleflpfipeflfines)
andPdemand(pfipeflfinedepth)fromPfipeDream[38]’sconfig-
uratfions.

Asdfiscussedearflfierfin§4,toavofidswappfingBamboo
needs1.5×morefinstancesforeachpfipeflfineandhenceeach
PreportedfinTabfle1equafls1.5×Pdemand.ForBERTand
GPT2,weused4and8×1.5=12asDandP. Wehave
aflsoevafluatedwfithanotherpfipeflfinedepthPh=Pdemand×
Prficedemand
Prficespot

;theseresufltscanbefoundfin§6.2.

WetrafinedthesemodeflsonaspotcflusterfromEC2’sp3
famfiflywhereeachfinstancehasV100GPU(s)wfith16GB
GPUmemoryand61GBCPUmemory.Eachon-demand
finstancecosts$3.06/hrperGPUwhfifletheprficeoffitsspot
counter-part(atthetfimeofourexperfiments)fis$0.918/hr.Our
evafluatfionusestwoon-demandbaseflfines:(1)p3finstances
eachwfithfourV100GPUs(Demand-M)and(2)p3finstances
eachwfithasfingfleGPU(Demand-S).Forbothbaseflfines,
thepfipeflfineconfiguratfionwasthesameandaflflnodeswere
obtafinedfromoneavafiflabfiflfityzone.

Foraflflexperfiments,wetrafinedeachmodefltoatargetvafl-
fidatfionaccuracy,whfichfisapartficuflarnumberofsampfles
forthemodefl. Wedfidnottrafinthemtohfigheraccuracfies
becauseflargemodeflstakeahugeamountoftfimetotrafin(e.g.,
weeks)toreasonabfleaccuracfies;usfingsuchaflargeamount
ofresources(evenspotfinstances)goesbeyondourfinancfiafl
capabfiflfitfies.Furthermore,Bamboousessynchronoustrafin-
fingwherethetfimeperfiteratfionfisfixed;hence,trafinfingfor
extendedtfimewoufldnotchangeourresuflts.

Foron-demandfinstances,weusedtheflargestper-GPU
mfinfibatchthatfitsfinoneGPU’smemory—anythfingflarger
yfiefldsout-of-memoryexceptfions.Thfisensuresthatwehfit
peakachfievabfleFLOPsonasfingfledevfice.Fordata-paraflflefl
runswfithnworkers,thegflobaflmfinfibatchsfizefisn×gwhere
gfisthemfinfibatchsfize.Thegflobaflmfinfibatchsfizesweused
areconsfistentwfiththoseusedbytheMLcommunfityand
reportedfintheflfiteratureforthesemodefls.Weusedaper-GPU
mfinfibatchsfizeof256perGPUforVGG-19,512forAflexNet,
2048forResNet-152,32forGNMT-16,256forBERT-Large,
and256forGPT-2.Formficrobatchsfize,weaflwaysseflected
asmaflflvaflueandtunedfitfordfifferentmodefls/configuratfions.
Wetrafinedthevfisfionmodeflswfithanfinfitfiaflflearnfingrateof
0.001,respectfivefly,wfithavanfiflflaSGDoptfimfizer[29].For
flanguagemodefls,weusedtheAdamoptfimfizer[30]wfithan
finfitfiaflflearnfingrateof6e−3.Weusedhaflf(fp16)precfisfionfin
aflflourexperfiments.

6.1 TrafinfingPerformanceandCosts

OveraflflPerformance. Tothoroughflyanddetermfinfistficaflfly
evafluateBamboo’sperformanceoverspotfinstancesunder
dfifferentpreemptfionrates,wefirstrana48-nodecfluster(fi.e.,
theconfiguratfionforResNet,BERT,andGPT)anda32-node
cfluster(fi.e.,forVGG,AflexNet,andGNMT)onAWSand
coflflecteda24-hourpreemptfiontraceforeach.Onthesetraces,
thehourflypreemptfionratevarfiessfignfificantfly,rangfingfrom
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Modefl System Tfime(Hours) Throughput Cost($/hr) Vaflue

ResNet
D-M 2.78 30.00 97.92 0.31
D-S 2.60 32.00 97.92 0.33
B-M [4.31,5.31,10.14] [19.35,15.69,8.22] [44.33,40.01,37.21] [0.43,0.39,0.22]
B-S [3.85,4.29,6.87] [21.67,19.41,12.13] [42.23,40.39,36.72] [0.51,0.48,0.33]

VGG
D-M 1.41 197.00 48.96 4.02
D-S 1.66 167.00 48.96 3.41
B-M [2.98,3.67,4.33] [93.34,75.75,64.22] [21.31,19.55,18.43] [4.38,4.11,3.48]
B-S [1.81,2.22,2.83] [153.31,124.88,98.21] [20.19,19.28,18.36] [7.59,6.48,5.35]

AflexNet
D-M 0.77 359.00 48.96 7.33
D-S 0.78 336.00 48.96 6.86
B-M [1.02,1.34,1.93] [271.06,207.43,143.57] [21.31,19.55,18.43] [12.72,10.61,7.79]
B-S [0.82,0.86,0.99] [340.32,321.65,280.42] [20.19,19.28,18.36] [16.86,16.68,15.27]

GNMT
D-M 2.06 27.00 48.96 0.55
D-S 2.31 24.00 48.96 0.49
B-M [3.98,5.13,8.78] [13.95,10.82,6.33] [21.31,19.55,18.43] [0.65,0.55,0.34]
B-S [2.94,3.41,6.31] [18.92,16.31,8.8] [20.19,19.28,18.36] [0.94,0.85,0.48]

BERT
D-M 5.89 118.00 97.92 1.21
D-S 6.43 108.00 97.92 1.10
B-M [9.75,12.31,16.66] [71.22,56.41,41.68] [44.33,40.01,37.21] [1.61,1.41,1.12]
B-S [7.02,8.3,11.46] [98.87,83.70,60.59] [42.23,40.39,36.72] [2.34,2.07,1.65]

GPT
D-M 4.34 32.00 97.92 0.32
D-S 4.63 30.00 97.92 0.30
B-M [7.83,9.92,12.04] [17.73,14.00,11.54] [44.33,40.01,37.21] [0.40,0.35,0.31]
B-S [4.64,6.12,10.08] [29.92,22.68,13.78] [42.23,40.39,36.72] [0.71,0.56,0.38]

Tabfle2:ComparfisonsbetweentrafinfingwfithDeepSpeedoveron-demandfinstancesandBamboooverspotfinstances.For
Bamboo,wetrafinedeachmodeflthreetfimes,andthefirresufltsareexpflficfitflyflfistedfintheformof[a,b,c]forthe10%(average),
16%,and33%preemptfionrates,respectfivefly.

nopreemptfionaflflthewayto16nodespreempted(33%),wfith
anaveragerateof4-6nodesperhour(8-12%).Toaccountfor
suchchanges,weextractedfromeachtracethreesegments,
eachwfithadfifferenthourflypreemptfionrate:10%,16%,and
33%. WeusedAWS’fleetmanagertotrfiggerpreemptfions
byrepflayfingthesesegments.Notethatfifweweretorun
Bambooovertheuncontroflfledspotcfluster,therewoufldbeno
waytoenabfleadfirectcomparfison.

WetrafinedResNet,BERT,andGPTbyrepflayfingthethree
segmentsfromthe48-nodetrace,andVGG,AflexNet,and
GNMTbyusfingthesegementsfromthe32-nodetrace.These
resufltsarereportedfinTabfle2.Inaddfitfiontothetfimeand
monetarycosts,weusedametrficcaflfledvaflue,whfichmea-
suresperformance-per-doflflar.VafluefiscomputedasV=TC
whereTfisthetrafinfingthroughput,measuredfintermsofthe
numberofsampflespersecond,andCfisthemonetarycost
perhour.Throughouttheevafluatfion,weusedbothvaflueand
throughputasourmetrfics.

OurfirstobservatfionfisDemand-Msflfightflyoutperforms
Demand-Sduetoreducedcross-nodecommunficatfion.How-
ever,thedfifferencefismargfinaflastheamountofdata
(fi.e.,onflyactfivatfions)transferredoverthenetworkfissmaflfl.
Bamboo-SsfignfificantflyoutperformsBamboo-M(fi.e.,1.4×
hfigherthroughputand1.5×hfighervaflue)because(1)mufltfi-
GPUnodesaresubjecttomoreGPUfafiflureswfiththesame
numberofpreemptfionsand(2)fitfismuchhardertotoaflflocate
newnodesfinatfimeflyfashfion.

ForBamboo-S,theresufltsfineachbracketoftheform[a,b,
c]showBamboo’sperformanceunderthethreepreemptfion
rates.Thehfigherthepreemptfionrate,theworseBamboo’s
throughputandvaflue. Gfiventhattheaveragepreemptfion
ratefis∼10%,thefirstnumberfineachbracket(hfighflfighted)
representsBamboo’sperformanceontheusedspotcfluster.

Onaverage,Bamboo’sthroughput(underthe10%preemptfion
rate)fis15%flowerthanDeepSpeedrunnfingoverD×Pdemand
finstances.Therearethreemajorreasons.

Ffirst,thenumberofactfivefinstancesfinthespotcflusterfis
actuaflflyflowerthantherequestedsfizeD×P.ForResNet,
forexampfle,theaveragenumberoffinstancesthroughoutthe
trafinfingfisonfly25.58aflthoughtherequestedcflustersfizefis
48(andtheon-demandcflusteraflwayshas32nodes).The
autoscaflfinggroupkeepsattemptfingtoaddnewfinstancesbut
thetotaflnumberofactfivefinstancesonflyreachestherequested
sfizeforasmaflflperfiodoftfime.

Second,Bamboo’sreconfiguratfioncontrfibutestoreduced
throughput—theseoverheadsvarywfithenvfironmentsand
takeanaverageof7%ofthetotafltrafinfingtfime.

Thfird,thetfimeforeachfiteratfionfincreasesduetoeager
FRC.Thfisfisthemajorsourceofoverheadforflanguagemod-
eflssuchasGPT-2.AdetafifledevafluatfionofRC’soverhead
canbefoundfin§6.4.

Despfitethesmaflflthroughputreductfion,Bamboodeflfivers
anoveraflflof1.95×hfighervafluecomparedtotrafinfingwfith
on-demandfinstances.Thebenefitfinvaflueremafinscflear
forfivemodefls(ResNet,VGG,AflexNet,BERTandGPUT)
evenwhenthepreemptfionratefincreasesto33%(fi.e.,the
worst-casesegmentofthecoflflectedtrace).

TohaveacfloserexamfinatfionofBamboo-S’trafinfing,we
showedthetracesforBERT-flargeandVGG-19,andpflotted
themfinFfigure11.Thetworowsshow(a)preemptfiontraces
(underthe10%rate),(b)trafinfingthroughputs,(c)monetary
costs,and(d)vaflues,forBERT-flargeandVGG-19,respec-
tfivefly.SfinceBamboo-MunderperformsBamboo-S,wefocus
onBamboo-Sfintherestoftheevafluatfion.
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(a)Trace (b)TrafinfingThroughput (c)MonetaryCost (d)Vaflue

Ffigure11:Bamboo’strafinfingperformanceforBERT(top)andVGG(bottom),comparedtoon-demandfinstances(redflfines).

Prob. Prmt(#) Inter.(hr) Lfife(hr) FataflFafifl.(#) Nodes(#) Thruput Cost($/hr) Vaflue
0.01 8.50 2.08 15.20 0.06 45.18 87.99 41.11 2.10
0.05 48.15 0.44 10.14 0.23 43.65 76.35 39.73 1.90
0.10 99.77 0.23 6.71 0.29 41.69 72.12 37.94 1.88
0.25 276.52 0.10 3.13 1.04 35.80 60.12 32.58 1.82
0.50 709.83 0.06 1.49 5.98 26.96 40.37 24.53 1.59

(a)ResufltsofsfimuflatfingtrafinfingBERTuntfiflcompfletfion;eachpreemptfionprobabfiflfityran
1,000tfimes.

Prob. Thruput Cost($/hr) Vaflue
0.01 54.87 90.73 0.60
0.05 50.66 87.43 0.58
0.10 49.18 83.23 0.59
0.25 40.59 71.24 0.57
0.50 26.24 53.05 0.49

(b)Sfimuflatfionresufltsoftrafinfing
BERT-flargewfithpfipeflfinedepthPh
(whfichfis3.3×Pdemand).

Tabfle3:Sfimuflatfionresufltsformoreconfiguratfions.

6.2 DfifferentFafiflureModefls

ThfissectfiondemonstratesBamboo’sabfiflfitytoaffordabflytrafin
flargeDNNsacrossawfiderangeoffafifluremodefls.Tothfis
end,wedeveflopedanofflfinesfimuflatfionframeworkthattakes
asfinput(1)thepreemptfionprobabfiflfity(fincfludfingpreemptfion
frequencyandthenumberofpreemptfionsfineachbuflk),(2)
per-fiteratfiontrafinfingtfime,and(3)Bamboo’srecoveryand
reconfiguratfiontfime,automatficaflflycaflcuflatfingtrafinfingper-
formance,costs,andvaflues.HerewefocusonBERT-flarge
andsfimuflatedfitstrafinfinguntfiflcompfletfion.

Weexperfimentedusfing5dfifferentpreemptfionprobabfiflfi-
tfies(fi.e.,preemptfionrateperhour),andkeptthepreemptfion
probabfiflfityconstantthroughouttheentfirerun(asopposedto
repflayfingtraces).Tomfimficreaflfistficspotfinstancecreatfion
andpreemptfion,werandomflygenerateddfifferentcreatfion
probabfiflfitfiesperhourandaflsorandomflypfickedzonesfor
aflflocatfions.Foreachpreemptfionprobabfiflfity,Tabfle3areports
theaveragenumbersofpreemptfions,fintervafls(fi.e.,average
tfime,finhours,betweenpreemptfionevents),averageflfifetfime
ofanfinstance(finhours),averagenumbersoffataflfafiflures
(whfichrequfirearestartfromacheckpofint),averagenum-
bersoffinstancesfinthecfluster,throughput(fi.e.,#sampflesper
second),costs,andvaflues,across1,000sfimuflatfions.

OursfimuflatfionsshowthatBamboo’svafluesmatchourreafl-
worfldrunsasjustreportedfin§6.1.Further,regardflessofthe
preemptfionprobabfiflfity,thevaflueofBambooremafinsstabfle
andfisconstantflyhfigherthanthatoftrafinfingwfithon-demand
finstances(whfichfis1.1).Thfisfisbecausemostpreemptfions
canbequfickflyrecoveredwfithoutfintroducfingmuchoverhead.

Thehfigherthepreemptfionprobabfiflfity,theflesstheactfive
finstancesrunnfingtrafinfingjobs;thfisfisthemajorsourceofthe
performancesflowdown.However,thecostfisreducedaflso
proportfionaflfly,fleadfingtostabflevaflues.

SfimuflatfionforPh.Tounderstandthetradeofffinchoosfing
P,weexperfimentedwfithanothervaflueofPforBERT-flarge:
Ph,whfichfis

3.06
0.918×Pdemand.Thfisconfiguratfionrepresents

theupper-boundofthespottrafinfingresourcesthatcanbe
obtafinedwfithfinthecostoftrafinfingwfithPdemandon-demand
finstances(whfifleDremafinsunchanged).Notethatfinpractfice
thenumberofactfivefinstancescanbareflyreachtherequested
sfizeandhencethecostofusfingaspotcflusterofsfizePh×D
fisoftenstfiflflmuchflowerthantrafinfingwfithanon-demand
cflusterofsfizePdemand×D.

Toavofidfincurrfingaflargemonetarycost,weusedthesame
sfimuflatortorunthfisexperfiment.Theseresufltsarereported
finTabfle3b. Asshown,usfingPhactuaflflydecreasesboth
throughput(comparedto84underPfinTabfle2)andvaflue
(duetosfignfificantflyfincreasedcosts).Thfisfisbecauseusfing
tooaflargepfipeflfinefleadstopoorerpartfitfionfing,underutfiflfized
resourcesandfinferfiorperformance.

6.3 ComparfisonswfithOtherSystems

WehavereportedtheperformanceoftrafinfingGPT-2wfith
asynchronouscheckpofintfingandrestartfinFfigure3—the
checkpofintfing-basedapproachspentonfly23%onactuafltrafin-
fing,whfifleBamboofincreasesthfispercentageto84%.Infact,
asshownfinTabfle3a,evenforthepreemptfionrateof0.5,there
areonfly5.98fataflfafifluresthatwoufldrequfirecheckpofint-
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fing/restartunderBamboo.Onthecontrary,acheckpofintfing-
basedapproachwoufldneedtorestartthepfipeflfineforevery
oneofthe709.83preemptfions.Sfimfiflarfly,sampfledroppfing
sfignfificantflysflowsdownthetrafinfingwhenthepreemptfion
ratefincreases,asshownfinFfigure4.

Varuna. Varuna[2]fisasystemdeveflopedconcurrentfly
wfithBambootoenabfletrafinfingonspotfinstances.Aswfith
otherexfistfingtechnfiques,Varunaprovfidesresfiflfiencewfith
checkpofintfing. WesetupVarunaonthesamespotcfluster
onAWSEC2asweusedfin§6.1. WeranVarunawfith
aD×Ppfipeflfine(fi.e.,thesameason-demandfinstances)
becauseVarunadoesnotuseredundancfiesandhencenot
needtoover-provfisfionresources.
WetrafinedBERTonVarunawfiththesameconfiguratfions,
fincfludfingthesamedatasets,modeflarchfitectures,floatprecfi-
sfion,preemptfionrates,andhyperparameters.Varunahung
underthe33%preemptfionrate.Forthe10%and16%pre-
emptfionrates,comparfisonsbetweenVarunaandBamboo-S
arereportedfinFfigure12.Asshown,Bamboo-Soutperforms
Varunaby2.5×and2.7×finthroughput,respectfivefly,under
the10%and16%rates;andby1.67×and1.64×,finvaflue,
underthetworates.Notethatvafluebenefitsareflowerthan
throughputbenefitsduetoVaruna’suseoffewerfinstances.To
understandthecauseofVaruna’ssflowdown,see§3.Varuna
foflflowsasfimfiflarpattern,havfingtofrequentflyrestartandredo
flostcomputatfions.

Ffigure12:ThroughputandvaflueforBamboo-SandVaruna
runnfingBERTatdfifferentpreemptfionflevefls.Varunahungat
the33%preemptfionrate.

6.4 MficrobenchmarksofRedundantComputatfion

TofuflflyunderstandtheoverheadfintroducedbyRC,wecom-
paredtfimeandmemoryamongthreeversfionsofRC:eager-
FRC-flazy-BRC(EFLB,Bamboo’sapproach),eager-FRC-
eager-BRC(EFEB),andflazy-FRC-flazy-BRC(LFLB),when
trafinfingBERTandResNet.SfincethefocusherefistheRC
overhead,weranthfisexperfimentoveron-demandfinstances.
Tabfle4reportsRC’stfimeoverheadsforthethreeRCset-
tfings. Asexpected,LFLBfincurstheflowestper-fiteratfion
overheadbecausenefitherFRCnorBRCfisperformedwfith
normafltrafinfingfiteratfions.The∼7%overheadcomesprfi-
marfiflyfromtheextracodeexecutedtoprepareforafafiflover

RedundancyMode BERT ResNet

Lazy-FRC-Lazy-BRC 7.01% 7.65%
Eager-FRC-Lazy-BRC(Bamboo) 19.77% 9.51%
Eager-FRC-Eager-BRC 71.51% 64.24%

Tabfle4:TfimeoverheadwfithdfifferentRCsettfings.

schedufle.However,therecoverytfimefismuchflongerunder
LFLBthantheothertwosettfings(dfiscussedshortfly).Onthe
contrary,EFEBhasthehfighestper-fiteratfionoverheaddue
totheeagerexecutfionofbothFRCandBRC.Theoverhead
fincurredbyEFLB,asusedfinBamboo,fissflfightflyhfigherthan
LFLBbutmuchflowerthanEFEB.ThfisfisbecauseeagerFRC
doesnotfincurextracommunficatfionoverheadandmuchfits
computatfionoverheadcanbehfiddenbyscheduflfingfitfintothe
pfipeflfinebubbfleandoverflappfingfitwfithFNC.
AnotherfinterestfingobservatfionfistheoverheadforResNet

fisflowerthanforBERT.ThfisfisbecauseResNet’sflayerpartfi-
tfionfingfismuchmorefimbaflancedthanthatofBERT(whfich
fisatransformermodeflwheremostthemfiddfleflayersare
equfivaflent).Asaresuflt,thebubbflefinResNet’spfipeflfinefis
muchflargerandhencefitcanaccommodateamoresfignfificant
fractfionofFRC.
EagerFRCfincursanoveraflfl∼1.5×overheadfinGPU

memory(thatfiswhyBamboorecommendscreatfingpfipeflfines
wfith1.5×morenodes)whfifleflazyFRCdoesnotfincurany
memoryoverhead.

(a)BERT (b)ResNet

Ffigure13:ReflatfivepausetfimeforBERTandResNetun-
derdfifferentRCsettfings.Bamboorunsfintoapausewhen
apfipeflfinestopstrafinfingandwafitsfortheshadownodeto
recoverthefloststateonthevfictfimnode.

TounderstandthepausetfimeunderthesedfifferentRCset-
tfings,Ffigure13showsthereflatfivepausetfime(fi.e.,theactuafl
pausetfimereflatfivetothetfimeofeachtrafinfingfiteratfionwfith-
outpreemptfions).Asshown,flazyFRCreducespausetfime
by∼35%despfitethesflfightflyhfigherper-fiteratfionoverhead
fitfintroduces.Insummary,eager-FRC-flazy-BRCstrfikesthe
rfightbaflancebetweenoverheadandpausetfime.

Modefl Config Throughput TotaflTransferredBytes

BERT Spread 148.923 16.39GfiB
BERT Cfluster 151.124 16.39GfiB
VGG19 Spread 160.12 11.213GfiB
VGG19 Cfluster 165.77 11.213GfiB

Tabfle5:Comparfisonofthroughputwhenrunnfingacross
avafiflabfiflfityzonescomparedtorunnfingwfithfinasfingflezone.
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6.5 Cross-ZoneCommunficatfion

BecauseBambooaflflocatesworkersacrossavafiflabfiflfityzones
tomfinfimfizetheprobabfiflfityofreconfiguratfions,wemeasured
theoverheadfincurredbycross-zonecommunficatfion.Weran
Bamboofintwoconfiguratfions:(1)wfithnodesdfistrfibuted
acrossaflflzones(fi.e.,Spread)and(2)finasfingfleavafiflabfiflfity
zonewfithAWS’“PflacementGroup”optfionsetto“Cfluster”
(fi.e.,Cfluster),andmeasuredthefirperformancedfifferences.
AsreportedfinTabfle5,thedfifferencesbetweenthesetwo
configuratfionsarequfiteflow(fi.e.,usuaflflyflessthan5%).Thfis
demonstratesBamboo’schoficeofassfignfingnodesfromdfif-
ferentavafiflabfiflfityzonesasconsecutfivenodesfineachpfipeflfine
hasflfittflefimpactontrafinfingperformance.

7 ReflatedWork

ParaflfleflTrafinfing. Dataparaflfleflfism[28,14,32,7,12,72,
35,72]fisthemostcommonparaflfleflfismmodeflthatpartfitfions
thedatasetandtrafinsoneachpartfitfion.Theflearnedwefights
aresynchronfizedvfiaefitheranaflfl-reduceapproach[7]orpa-
rameterservers[35,10].Modeflparaflfleflfism[14,31,43,60,
62]partfitfionstheoperatorsfinaDNNmodeflacrossmufltfipfle
GPUdevfices,wfitheachworkerevafluatfingandperformfing
updatesforonflyasubsetofthemodefl’sparametersforaflfl
finputs.Recentfly,pfipeflfineparaflfleflfism[24,38,71,65]has
beenproposedtotrafinflargemodeflsbypartfitfionfingflayers
acrossworkersandusesmficrobatchestosaturatethepfipeflfine.
PopuflarDLtrafinfingflfibrarfiessuchasDeepSpeed[51]and
Megatron[40]support3Dparaflfleflfism,whfichcombfinesdata
paraflfleflfism,modeflparaflfleflfism,andpfipeflfineparaflfleflfismto
trafinmodeflsatextremeflyflargescaflewfithfimprovedcom-
puteandmemoryefficfiency.Furthermore,DeepSpeedoffers
ZeRO-styfledataparaflfleflfism[52],whfichpartfitfionsmodefl
statesacrossGPUsandusescommunficatfioncoflflectfivesto
gatherfindfivfiduaflparameterswhenneeded.

EflastficTrafinfing. Dfistrfibutedtrafinfingexperfiencesfrequent
resourcechanges.Thereareanumberofsystems[43,21,47,
23,48,25]bufiflttoprovfideeflastficfityfortrafinfingoverchang-
fingresources.TorchEflastfic[47]fisaPyTorch[44]-based
tooflthatcandynamficaflflykfiflfloradddata-paraflfleflworkers.
Huangetafl.[23]consfiderseflastficfityfordecflaratfiveMLon
MapReduce,whfichdoesnotworkformoderndeepflearnfing
workfloads.Lfitz[48]fisasystemthatprovfideseflastficfityfinthe
contextofCPU-basedmachfineflearnfingusfingtheparameter
servers.Oratafl.[43]presentsanautoscaflfingsystembufiflton
topofTensorFflow[1]andHorovod[55],whfichdynamficaflfly
adaptsthebatchsfizeandreusesexfistfingprocesses.

ExpflofitfingSpotInstances. Proteus[21]expflofitsdynamfic
prficfingonpubflficcfloudsfinordertoflowercostsformachfine
flearnfingworkfloadsthrougheflastficfity.SfinceProteusdoesnot
expflficfitflyconsfidermoderndeepflearnfingworkfloads,Proteus
sfimpflyreprocessesthefinputofapreemptednodewfithanother
node.Varuna[2]fisasystembufifltconcurrentflywfithBamboo
fordfistrfibutedtrafinfingoverspotfinstances.However,Varuna

focusesoneflastficfity,notqufickrecoveryfrompreemptfions.
Bamboo,onthecontrary,fisdesfignedspecfificaflflytodeaflwfith
frequentpreemptfions.
Thereexfistsabodyofworkonenabflfingflowflatency

and/orSLOguaranteeswhenusfingpreemptfibflespotfinstances.
Trfibutary[20]fisaneflastficcontroflsystemthatexpflofitspre-
emptfibfleresourcestoreducecostwfithSLOguarantees.Kfing-
fisher[59]proposesacost-awareresourceacqufisfitfionscheme
thatusesfintegerflfinearprogrammfingtodetermfineaser-
vfice’sresourcefootprfintamongaheterogeneoussetofnon-
preemptfibflefinstanceswfithfixedprfices.Fflfint[56]fisasystem
thatrunsbatch-baseddata-fintensfivejobsontransfientservers.
SpotCheck[58]seflectsspotmarketstoacqufirefinstancesfin
whfifleaflwaysbfiddfingataconfigurabflemufltfipfleofthespot
finstance’scorrespondfingon-demandprfice.BOSS[70]hosts
key-vafluestoresonspotfinstancesbyexpflofitfingprficedfiffer-
encesacrosspooflsfindfifferentdata-centers.ExoSphere[57]
fisavfirtuaflcflusterframeworkforspotfinstances.Thesesys-
temsareaflflorthogonafltoBamboothatfisbufifltspecfificaflfly
fordeepflearnfingtrafinfing.

GPUScheduflfing. Therefisaflsoaflargebodyofworkon
GPUscheduflfing[61,69,74,46,37,19,39,40,34,73]for
MLworkfloads.ThesetechnfiquesareorthogonafltoBamboo
—theyaflflfocusonefficfiencyandthroughputwhfifleBamboo
afimstoperformredundantcomputatfionataflowcost.

8 Concflusfion

Bamboofisthefirstdfistrfibutedsystemthatusesredundant
computatfiontoprovfideresfiflfienceandfastrecoveryfortrafin-
fingDNNsoverpreemptfibflefinstances.Anevafluatfionwfith6
representatfivemodeflsshowsthatBambooprovfidesamuch
hfighervafluethan(1)trafinfingonon-demandfinstancesand(2)
trafinfingwfithcheckpofintfing/restartonspotfinstances.
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A PfipeflfineReconfiguratfion

Reconfiguratfionfintroducesamuchflongerpausetothetrafin-
fingprocessthanrecoverfingusfingRC.Thegoaflofrecon-
figuratfionfistorebaflancepfipeflfinessotheycanwfithstand
morefafifluresastrafinfingprogressesandcontfinuetoyfiefld
goodperformance.Reconfiguratfionaflsoattemptstoaflflocate
morefinstancestomafintafinthecflustersfize.Asshownfin§3,
asynchronouscheckpofintfingfisveryefficfient(butfrequent
restartfingfisnot),andhence,Bambooperfiodficaflflycheck-
pofintsthemodeflstate.Thesecheckpofintswfiflflnotbeused
unflessBamboorestartsthetrafinfingfromararefataflfafiflure
(fi.e.,toomanynodesarepreemptedsothattrafinfingcannot
contfinue).

ReconfiguratfionTrfiggerfing. Reconfiguratfionfistrfiggered
fimmedfiateflywhen(1)consecutfivepreemptfionsoccursfimufl-
taneousflyand(2)Bamboodetermfinesthattherefisanurgent
needtorebaflancethepfipeflfinesattheendofanoptfimfizerstep.
Todo(2),theworkersretrfievethecflusterstatefrometcd,
aflflowfingthemtoseehowmanypreemptfionshaveoccurred
andfinwhfichpfipeflfinetheyhaveoccurred.Theycanaflso
seehowmanyworkersarecurrentflywafitfingtojofinthenext
rendezvous.

Therearetwomafincondfitfionsfortrfiggerfingreconfigu-
ratfionattheendofanoptfimfizerstep:(a)thecflusterhas
gafinedenoughnewnodestoreconstructanewpfipeflfine,and
(b)Bamboohasencounteredmanypreemptfionsandfiscflose
toacrfitficaflfafiflurefinthenextstep(e.g.,encounterfinganother
preemptfionwoufldcauseustosuspendtrafinfing),finwhfich
casewemustpausethetrafinfingtoaflflocatemorenodes.

ReconfiguratfionPoflficy. Bambooattemptstomafintafinthe
pfipeflfinedepthPspecfifiedbytheuser.Therefore,ourtop
prfiorfityatareconfiguratfionfistoreestabflfishafuflflpfipeflfineof
depthP.Inthfiscase,fifwehavehadFfafifluresandJ(>F)
nodesarewafitfingtojofinthecfluster(fi.e.,newaflflocatfions
arrfiveasBamboorunsonthe“sparetfire”),wecanfuflfly
recoveraflflpfipeflfinestodepthP.Theremafinfing(J−F)nodes
arepflacedfinastandbyqueuetoprovfidequfickrepflacement
uponfuturefafiflures.However,fifthenumberofnodesjofinfing
fissmaflflerthanF,wemayenduphavfinganumberofN
nodessuchthatN%P≠0.Inthfiscase,finsteadofcreatfing
asymmetrficpfipeflfines(whfichcompflficatesmanyoperatfions),
wemovesomenodesfintothestandbyqueueanddecreasethe
totaflnumberofdata-paraflfleflpfipeflfines.Afinaflcasefisthatthe
numberofnodesjofinfing,togetherwfiththosefinthestandby
queue,canformanewpfipeflfine,andfinthfiscaseweadda
newpfipeflfinetothesystem.Inaflflthesecases,theredundant
flayersareredfistrfibutedamongthesetofnodespartficfipatfing
fintheupdatedpfipeflfines.

HowtoReconfigure. Onceareconfiguratfionfistrfiggered,
eachnodemustbeassfignedanewstage(wfithnewflayers,
state,andredundancfies);fitaflsoneedstofigureoutfiffitwfiflfl
needtosendorrecefivemodeflandoptfimfizerstatefromother
nodes. Whfichevernodeshfitstherendezvousbarrfierfirst

decfidesthenewcflusterconfiguratfionandputsthedecfisfion
onetcdforaflflothernodestoread.Tomfinfimfizetheamount
ofdatasentfinflayertransfer,Bambootransfersflayersfinsuch
awaythateachnodecanreusefitsofldmodeflandoptfimfizer
stateasmuchaspossfibfle.

B SupportforPureDataParaflfleflfism

Bamboosupportspuredataparaflfleflfism(wfithoutmodeflpar-
tfitfionfing).Duetospaceconstrafints,herewebrfieflydfiscuss
howfitfissupported.Weusethesameredundantcomputatfion
strategy—Bamboorepflficatestheparameterandoptfimfizer
stateofeachnodeonadfifferentnodeandusestheserepflficas
asredundancfiestoprovfidequfickrecovery.Forpuredata
paraflfleflfism,therefisnobubbfletfimetoschedufleRC.Eager
FRCwoufldbeequfivaflenttooverbatchfing(fi.e.,eachnode
processesfitsorfigfinaflmfinfibatchpflusaredundantmfinfibatch).
ToreducetheFRCoverheadandmakeRCfitfintotheGPU
memoryconstrafints,weover-provfisfionspotfinstances(by
1.5×,finthesamewayasdfiscussedfin§5)tomakeeachnode
processasmaflflerbatch.
EnabflfingeagerFRCdoubflesthebatchsfize.However,fit

resufltsonflyfina∼1.5×fincreasefinthecomputatfiontfimedue
totheparaflfleflfismprovfidedbyGPUs.Thfisoverheadcanbe
effectfiveflyreducedbysflfightflyover-provfisfionfing(1.5×D)
nodes,fincreasfingthedegreeofparaflfleflfismanddecreasfingthe
fimpactofoverbatchfing.ThfisenabflesustorunFRCeagerfly
wfithoutfincurrfingmuchoverhead(fi.e.,<10%).

C AddfitfionaflExperfiments

C.1 BubbfleSfize

Ffigure14:Comparfisonbetweenbubbflesfizesandforward
computatfions.

Wemeasuredthesfizesofthepfipeflfinebubbfleandforward
computatfionofBERTwfiththesameconfiguratfionasmen-
tfionedfinSectfion6,runnfingonon-demandfinstanceseach
wfithasfingfleGPU.Wemanuaflflyfinsertedabarrfierbefore
eachpeer-to-peercommunficatfion,treatfingthetfimespenton
thecorrespondfingNCCLkerneflasthebubbflesfize.These
resufltsarereportedfinFfigure14.
Tomakememoryevenflydfistrfibutedacrossstages,more
flayersarepflacedontheflastfewstages.Thfisexpflafinsthe
growthofforwardcomputatfion.Inthfispfipeflfine,forthefirst
4stages,thebubbfletfimefisflongenoughtofittheentfireFRC
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(fi.e.,thebubbfleatstage1shoufldruntheforwardcomputatfion
forstage2).Fortheflast4stages,thebubbfletfimefisshorter
thantheforwardcomputatfiontfime—fitcanstfiflflcover∼60%
offitsFRC.TherestoftheFRConthesenodesfisrunfin
paraflfleflwfiththefirreguflarforwardcomputatfion,asdfiscussed
fin§5.2.

C.2 BambooforPureDataParaflfleflfism

WerantworeflatfiveflysmaflflmodeflssuchasVGGandResNet
usfingpuredataparaflfleflfismwfith8workers(fi.e.,wepartfi-
tfionthedatabutnotthemodefl).ForBamboo,wesfimfiflarfly
over-provfisfioned1.5×addfitfionaflworkers.Wefimpflemented
anotherbaseflfineCheckpofint,whfichperfiodficaflflycheckpofints
modeflstateforeachworkerandrestartstheworkeronanother
nodewhenfitsorfigfinaflnodefispreemptfion.Weusedthesame
gflobaflbatchsfizeforthesemodeflsasreportedfin§6.The
comparfisonsbetweenBamboo,Checkpofint,andon-demand
trafinfingareshownfinTabfle6.
NotethatourfimpflementatfionofCheckpofintassumesthat
therefisaflwaysastandbynodethatfisreadytojofinandfload
thecheckpofint(whfichfisaunreaflfistficover-approxfimatfionof
theaflflocatfionmodeflonanyspotmarket);assuch,thetrafinfing
costremafinsunchangedandfitsthroughputfisreducedasthe
preemptfionratefincreases.

Modefl System Throughput Cost($/hr) Vaflue

ResNet
Demand 24.51 24.48 1.01
Checkpofint [12.26,8.42,5.03] [7.34,7.34,7.34] [1.67,1.15,0.68]
Bamboo [21.22,18.31,12.31] [10.56,10.09,9.18] [2.01,1.84,1.34]

VGG
Demand 144.28 24.48 5.89
Checkpofint [83.21,67.21,45.31] [7.34,7.34,7.34] [11.33,9.15,6.17]
Bamboo [125.59,96.51,73.73] [10.56,10.09,9.18] [11.89,9.56,8.03]

Tabfle6:Comparfisonbetweenpuredata-paraflflefltrafinfingover
on-demandfinstances,acheckpofint-basedapproachonspot
finstances,Bambooonspotfinstances.ForCheckpofintand
Bamboo,wetrafinedeachmodeflthreetfimes,andthefirre-
sufltsareexpflficfitflyflfistedfintheformof[a,b,c]forthe10%
(average),16%,and33%preemptfionrates,respectfivefly.

Asshown,BamboooutperformsCheckpofintby1.64×and
1.22×finthroughputandvaflue.BothCheckpofintandBamboo
deflfiverahfighervafluethanon-demandtrafinfing(by2×and
1.79×).
Wemaketwoobservatfionsonthesenumbers.Ffirst,Bam-
boofincursahfighercostthanCheckpofintduetoresource
over-provfisfionfing.However,asdfiscussedabove,Checkpofint
assumestheavafiflabfiflfityofstandbynodes.Inpractfice,guar-
anteefingsuchavafiflabfiflfityrequfiresover-provfisfionfingasweflfl,
butwedfidnottakethfisfintoaccountwhencaflcuflatfingcosts
(becausefitfishardtoknowexactflyhowmanynodeswe
shoufldover-provfisfion).Hence,thecostandvafluereported
forCheckpofintaretheflowerboundandupperboundofthose
thatcanbeachfievedbyanypractficaflfimpflementatfionofa
checkpofint-basedapproach.
Second,Checkpofintworksmuchbetterforpuredataparafl-

fleflfismthanforpfipeflfineparaflfleflfism(asdfiscussedfin§3).Thfis

fisbecauserecoverfingfromacheckpofintfinpuredata-paraflflefl
trafinfingfismucheasfierthanpfipeflfine-paraflflefltrafinfingwherea
pfipeflfinereconfiguratfionprocessfisneededforeachrestart.

USENIX Assocfiatfion 20th USENIX Symposfium on Networked Systems Desfign and Impflementatfion    513


