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[1] Huang et al., Gpipe: Easy Scaling with Micro-Batch Pipeline Parallelism, NeurlPS’19.
[2] NVIDIA blog, https://developer.nvidia.com/blog/scaling-language-model-training-to-a-trillion-parameters-using-megatron/
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Device 1 Device2 Replicated = Row-partitioned
wl w2
" ;=
HHRFHIT ' ‘
(Data) X - matmul - matmul
wl w2
BRIEAFHT v v

X - matmul - matmul

(Intra-Op Model)

Time=0 Time=1 Time=2 Time=3
e ———
(|ntel’-Op MOdeI) wl matmul \ matmul \ matmul matmul \

w2 matmul matmul matmul

Column-partitioned
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[1] Zheng et al., Alpa: Automating Inter- and Intra-Operator Parallelism for Distributed Deep Learning, arXiv'22.01. (Blf&F)
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> fl: FEIER/BIEEATRERE (e

>NLP GPT-3: B RKS#=Z, VABIEELRKX > BIEHITHEERHITEH
»Rec Wide&Deep: KBIER N (Embedding) B, HNEFIELA, HItEEIFHIT
fRiRtRE/ N, ATAREIEHIT

>CV ResNet: B EKF#H %, EFEEERESHEEKR > EH TN
XﬁFCE%TéFH*ﬁﬁ"—.Jﬁﬁ, E AEEHITIB(S 2 1IELL T feature X /)™ (activation),
MEEHITIREE1EEL TS K/ (gradient)

GPT-3 Wide&Deep ResNet
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> RS SREE I+ 43

> FREFHIT-RIKZFE 1T Inter-Op Model Parallelism
* GPipe@NIPS’19 by Google
* PipeDream@SOSP’19 by Microsoft&CMU&Stanford
* PipeDream-2BW@ICML 21 by Microsoft&Stanford
* Chimera@SC’21 by ETH, Megatron-LM@SC'21 by NVIDIA&Stanford&Microsoft
PIRBIHIT-BFHIT
e GShard@ICLR’21 -> GSPMD@arXiv21 by Google
> HHEFTOUH
e Zero@SC’20 by Microsoft
» Zero-Offload @ATC’21 by Microsoft
>»HEMUREE: BUEEITTE (EcripenE—T, FRHAT)
* Training Deep Nets with Sublinear Memory Cost@arXiv1l6 by Tiangi Chen
* Checkmate@MLSys’20 by Microsoft
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> REFITRMAA

> ARBREHIT, MERANBEHITXAIZMTA
> Data Parallelism¥ EEQ% 2| ‘VALdexlceJ: B deviceH it HEMEER, MATRREHIE
(—1 minibatch 1K ITITE
- BIEKMN: ﬁﬁ’ﬁf*ﬁﬁ’]ﬁfT"E_k/l\mlmbatchﬁﬁ%—uall-reduce
- NERS]: TEEPEKE MNdevice ERIRNESRA
> Intra-Op Model ParaIIellsm'{ BIER 53 8] 2% Ndevice £, N devicefatTmitEE 7 op
%’L:u'ﬁ.ﬁl\ o) Zej;éf %all -reduce, A, C;; =X, A lkBk,%E[Ei WNSRTEK loop4E FE ki 57,

all reducel_ BETG

o REFERE: B%ﬁﬁ’l\dewceJ:E’JWﬁlEFﬁ

> Inter-Op Model Parallelism{F 2 E X1 53 2| 22 N device £, H N device R faFzitHEZR o 1RH
o BIEKRM: pomt -to-point (acrossXll43boundary) BJactivationFlactivation gradient{& %4
WT?BE%I B%ﬁﬁ’l\dewceJ:E’JWﬁlEFﬁ

A[é B = g 4= ’“"" IJ
BT RN R RS AT R

Inter-Op Model Parallelism®] LA 3 Bhi# & I 72 PR |
BERNE, BHITHEAS. BEHEFAMERK
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> HIKLEHIT: GPipe@NIPS'19

> 1 F pipeline3F-1THY B 38 K IZ Finter-Op Model ParallelismAYFEEEFI| FH 2R,
> IFH B minibatchitt— 51143 Bimicrobatch, A~[EldeviceF 1T %F A~ [Elmicrobatch

P wla ol W

& 1Zdevice i fa T HYstage

L Fo ’ Bo Update
0SS . -
/ \ Fo B, Update E”E;ﬁ7kﬁl‘3|nter'op u#?_]_n
Device 3 F. B. F. B, Update
t v F. Time > B. Update
Device 2 F. B.
$ i (b)
Device 1 F B =0 B e e ‘ T | 2| By | B Update
! . Feo | Far | Foo | F Bos | Boo | B | B
) 20 | F21 22 2,1 Update :K 2 N _ /-
Device 0 7FL B. | ‘ e el 1ol 5l oe s l}IL7}<—& Inter: Op#'f T
\ / ’ Foo ’ Fos | Foz | Fos L Bubble } Bos | Boz | Boi1 | Boo | Update
Gradients '

* Minibatch size AN, #—2E ] M I microbatch. 2 3LL layers, #EK“ device LpartitionfkK{ stage
FpipelineH4T. — P minibatch 2 HIM M microbatchEFEf#—Ngradient update.
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> HIKLEHIT: GPipe@NIPS'19

>YI7 7% 1) BBFSE, 2) IRIEHA PR LLE X per-layer cost,
1593 JL4 stage
> K&

T ET " minibatchBYlatency, XFmicrobatch#IEMAIEEEF—T
W& (RTFAESGDINZEA—BRE]: minibatch size NN EERBIE—1MN %%
BEA B, FrAFRAIRIZNEE)

* microbatchi#% %, Bubble 7|‘ES(TJL|:|$1§'J0(ME_1_1)@/J\, st =2 idevice 15
EERNFFELHIL . (BEENEE, M7€micro batch sizegt <)y, SE 1)
F M itE A utilizationf€, (GPURTEEANSRPFIA) , BAEAITTEREA—
EEFS; 2)training-modeHyBN statisticsiTE i S 5200
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> HIKLEHIT: GPipe@NIPS'19

> BGEETE / Gradient Checkpointing / Remateralization
>Gpipe I EETRLRSIA T microbatch-basediii7kék, BXWHFITHT—LHE
%ﬁb@?{, EE 2, Z?éii‘l‘ﬁlz%ﬁwqﬁ%%ﬁ (3 )}% W%)
o ERIEEFEF, T/ device R FEpartition boundaryHAYactivation (checkpointing)
s EREIFEFETEIXMpartitionBIEIET 2 %iumﬁgﬁ"ﬁ%ﬁ\%art”ionE’\Jactivationo
BERILEE N 77 & B (peak activation memory) A FEIRZEIO(N + =X, E microbatch size,
% = stageflayer N
. S BpipelineFAremateralization, M4RE % —“minibatch NME g
?ﬁuf%aﬁjﬁl,o %%ueélib%lviti)a ation, MEEEFE— batch 2 T BN # AP
- MRAEEWE, PBLRELETTE—NpartitionE—microbatch BB {Zonline H H X
A partitioniX M microbatch A #[B]activation, FTFLARL= O ( 5 CtNIERNETR
boundary activation

> 4 " § T #fifactivay \ TR, AL
ba’?c-l;w%ii%,m Eﬁﬂthro?gfgi@%ﬁﬁ azcztﬁa%qé:c_rx%n%gléﬁ’;lrgemoryﬁﬁj? AR

> %tbubbleEE BRI RN : & IR M > 4K BFR[ LA Z B&bubble, [&E Jbackward pass
gﬂ'ﬂrecomputatioﬁﬁ[u% ?;E%schedule, ?EEI:'IgEﬂbubbleEl’\J!"ilEl

=X —
K M
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> HIKLEHIT: GPipe@NIPS'19
iR

RETL TNHYFR ALK /)3 =it

AT AR PR S AR EY :
UM >> K, fEEKRIENAalmost linear speed up
1. B Ndevice, FXIDEE (RFMKL) , REEIL5| Amicro batch splittingflgradient
g Iy & 5| Table 2: Normalized training throughput using
checkpointingk#ipeak memory(®, RIAMSZ1582M ameshanet2I318M. GPipe with different # of partitions K and differ-
2. [E&pipeline stagefpartitionZXAIEIRTIEHN (k), BESZIFAUAEELEESEHEA ent # of micro-batches M on TPUs. Performance

increases with more micro-batches. There is an
almost linear speedup with the number of accelera-

Table 1: Maximum model size of AmoebaNet supported by GPipe under different scenarios. Naive-1 tors for Transformer model when M 3 K. Batch

refers to the sequential version without GPipe. Pipeline-k means k partitions with GPipe on k size was adjusted to fit memory if necessary.
accelerators. AmoebaNet-D (L, D): AmoebaNet model with L normal cell layers and filter size D .
Transformer-L: Transformer model with L layers, 2048 model and 8192 hidden dimensions. Each TPU AmoebaNet Transformer
model parameter needs 12 bytes since we applied RMSProp during training. — 2 4 3 2 2 3
M= | 1.13  1.38 1 1.07 13
NVIDIA GPUs (8GB each) Naive-1  Pipeline-1 Pipeline-2  Pipeline-4 Pipeline-8 M=4 107 126 172 17 32 48
AmoebaNet-D (L, D) (18,208) (18,416)  (18,544)  (36,544) (72,512) M=32 121 184 348 18 34 63
# of Model Parameters 82M 318M 542M 1.05B 1.8B
Total Model Parameter Memory  1.05GB 3.8GB 6.45GB 12.53GB 24.62GB
Peak Activation Memory 6.26GB 3.46GB 8.11GB 15.21GB 26.24GB
Cloud TPUv3 (16GB each) Naive-1  Pipeline-1 Pipeline-8 Pipeline-32  Pipeline-128
Transformer-L 3 13 103 415 1663
# of Model Parameters 282.2M 785.8M 5.3B 21.0B 83.9B
Total Model Parameter Memory 11.7G 8.8G 59.5G 235.1G 937.9G
Peak Activation Memory 3.15G 6.4G 50.9G 199.9G 796.1G
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> GPipe’s Limitations

Limitations

oooooooooooooooooooo

ParallelismigF+ 7 utilization, {BE@EEBE B KMbubble,

2. GPipefJt]1 BiE (partition algorithm)IEEE R : —2ERIFEENFIIN I TFHRIVERINE
B SIMIEERFEIIBRERILA—EMR) 3 Z2KEZRBERN, REERT —H
per-layer B#r.,

BEXFN S BEENBGATEMNRNAE
1. MBS I{tEIEgeneral DAG L)%

ooooooooooooooooooooooooooooooooo

oooooooo

2. BAEEZRITEIEE&memory Rt Training Throughput, 453 HBRXSZRETHE
data & intra-op model parallelismB}/EA#E) 7, MEHE—RT (Hybrid parallelism)

a. &¥auto parallelismX&E
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v

E4EHYPipeline ParallelismpiF

Pipelinei& ittt B ¥x/FR&: | Z (Bubble ratio), R#F 5 A, ElH EFHIE X RE

B4 pipeline parallelismfi TEMLA A ERGH

1. B¥ASynchronized4J3k - 3| \statistical efficiency. memoryfFFEs, 1BEAKIEF utilization
(BAFILAR#)
a. PipeDream@SOSP19 schedule

b. #—%, PipeDream-2BW@ICML21, PipeMare@MLSys21, 2GW®@ICLR22 M\ Efi#async
pipelinefImemory. statistical efficiency LERH 7 —LE 5%

....................

memoryFF8

2 PipeDream-2BW-Flush@ICML21
3. BERiEpartition assignment + 18 Mpipeline scheduleigit - S| NBEHERNEFH, =F
utilization assignment+schedule

a. Megatron-LM@SC21 & %i&(5 interleaved assignment
b. Chimera@SC21 B ZN7F/i@(5, bidirectional pipeline

4 ERSEREHET, 3BT microbatchiifpipeline & - E=ERIIE (H=iToken) | PIPEliNe-parallel dimension
W (SERE) 7 pipelinei2s

a. TeraPipe@ICML21
2024/12/46 MTCS—efetat Page 14




> Async Pipeline: PipeDream@SOSP’19

Before: WM, w®, w®, w®
Operations use weight version from last flush Pipeline After: Wl(z), W1(3). W1(4), Wl(s)
$ — | flush

Worker 1
Worker 1

Worker 2
Worker 3

Worker 2
Worker 3

Worker 4

Worker 4

Before: W*
After: W

I ForwardPass [ | Backward Pass

Time —— [ ForwardPass [ | Backward Pass

(a) GPipe. Time

(b) PipeDream.

«  GPipe2REl&E#KkEk(synchronized) , IRSGDIE X — ff—/\mlnlbatchH’Jﬁﬁﬁmlcrobatchﬂ'
HocgradientE#i5TINE, HiH1 TR — A minibatch&H & B, SEURKEFRARRK
« PipeDreamg R #fi7/kZk(async), & Bflushdi & 57 microbatch
« ERERETT, §hworkerXEitHE R THIstageAI1F&1B (R 27 A [Eminibatch)
«  NEEFEEasync(fflanE ~stagergradientE ik 5 L E#weight), 7 T RIE—EHY
statistical efficiency, &EZE7En{fversioned model weights (n;2in-flight batch#i=d, stage#¥)

W(t+1) _ w . Vf(w(t) (t)’ N ,szt)) W(t+1) — w(t) — Vf(wit_nﬂ), Wét—n+1), L wglt—n+1))
2024/12/16
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»  Reduce Memory: PipeDream-2BW@ICML 2

»PipeDream-2BW@ICML'21

* Mnf3versioned weightsE|2{7: T~ ZPipeDream BT MbatchEREH1, MEiTm
MbatchA FH BT E E#T— R FINE, FEEEFHTURFLA LR PDE Bweight
version# AR D> ITZ (FRIEm >= d, SEATEARIE R 72 F15)

efore:
After: WO, w®

Worker 1[I BV
Worker 2
Worker 3
Worker 4

MEE9 " microbatch (% = minibatch)
A UFF 441 R W, figforward

Before: W, w(® t=21
After: WO, w®

I rorward Pass [ ] Backward Pass

Time ——

GPipe PipeDream-2BW-Flush[E] £k & (1F1B)
Operations use weight version from last flush Operations use weight version from last flush
— Pipeline flush — | Pipeline flush
Worker 1 1 [ 2 | 3 | 4 KCHCHVAR: E Worker 1 il 2 I 3 A 4 K] 4 |5 6“7E
Worker 2 112 3|4 5678“ﬂ Worker 2 i 1 KA 2 KN 3 EY 4 5“6“7
Time —— [l ForwardPass [ | Backward Pass Time I rorwardPass [ | Backward Pass
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> FEFSync PipelineFl) F #

Megatron-LM@SC’21 by NVIDIA & Stanford & Microsoft Research
- StagetJIRIE ¢, interleaveliassignéfdevice, LRI —1device N B RFI
,\assign—/\continuousEl’]stage M =assign®“>continuous stage

- EAstaget)ISEL T, bubbletb FfERviE, BRBERNBEATVE
Device 1 [ENPAER! nsn n n ﬂ n . n91o111z

vevioe2 SRRSO i - - .+ 1+ 01« I I Ol EREe

vedces R + - > 0+ - B - - I DML -
vedce+ [ -0 0-B-Oe0 0

Time —— . .
Assign multiple stages
to each device

i s 6 1825364 7kNs s IR 5 ¢ 7 s o111 Y ERIHERIHEPIM o M 1o
evice 0123 4 3" |4 "“|5hl6
Device 2 12304 1823l sRREN ENN | 5 ||| 7 | EACARACE | REMEH: .- > o W10l {2/ ENEY AR
Device 3 aflel ERRAPRSEN 7 18 2 53§ 4 g RARY 5 6 7 8 oI o 10} 11 12 HERRTT KRN REDT 13
Device 4 111 (22 (3] 3 |4l 4 IR Ws| 5 6| 6 7| 7 o 8 [ECHRAN: 9512 LA HRIHERIKERY; o a[13);14
Time

B Forward Pass [ ] Backward Pass
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= FEFSync PipelineFl) F #

Chimera@SC’21 by ETH
. ?Eﬁij mksk (EHE—%Hdevices, ¥R FFEassign) HHERIBAFIHE,
NIk 57 P AL IB AN [E]BYmicrobatches
. E)Ezslﬁ’w‘?;/l\dewceA@E%vl' S stage (—NERIELR 7K Zassignid,
MR R ERKZ%assign) , A TNEIFRR
. ’E’l\deviceJ:E’\ﬂ‘ﬂEﬁﬁ%‘?Eﬂ'TZ{%

mode[ repllcao Here we assume equal workload between forward and backward passes for simplicity. model model
ol W 1] 1o 1 0] T|\ replica0 replical flush
o i 1 ol & ol 11 =0 Gtaged) 9] [@[2]2[3][3]0] [1
+ = , Geged [0]2[1[3]2[0[3]1
0 0 1 1 0 1|0 |1
- : stagel 2|10(3]|1|0(2[1]|3
010 — O 1 = [2] 13J0l0m12] 3
/ i oli ] g
N/ 2 = 2 micro-batches, where N=D=4 down pipeline ' Chimera -
model replical b ¥ qusI:
g 22 3[3 2[2]3]3 poflol 2] 2 [3] [3 | O 1
22 22 5 33 33 - 22332233 p1 [OI2[@[3] [2 [0 [3[1
P2 |2[0]3|1 0[2]1]3
2] 8 3] 2] B] ' [2] [3)rs[z] (3]0 0 @ [ 12 3
N/ 2 =2 micro-batches, where N=D =4 4 up pipeline Chimera (backward is 2x workload of forward)
EE Forward and backward passes of model replica0 for micro-batch x Forward and backward passes of model replical for micro-batch y Bubble
2024/12/16 NICS-efc Lab
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> REH

BRE FRE& T 4R

1T-77K 2 FH1T Inter-Op Model Parallelism
* GPipe@NIPS 19 by Google

* PipeDream@SOSP’19 by Microsoft& CMU&Stanford

* PipeDream-2BW@ICML'21 by Microsoft&Stanford

* Chimera@SC’21 by ETH, Megatron-LM@SC’21 by
NVIDIA&Stanford&Microsoft

>R A

L /=

T HTF

1T

> =

e GShard@ICLR’21 -> GSPMD@arXiv21 by Google
FR1T oS

e Zero@SC’20 by Microsoft
» Zero-Offload @ATC’21 by Microsoft

2024/12/16
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> BT

>EFRAHFIT: —1MEF#HITYIS, VI ERsubEFESZD
device L1 R, BEE&REENEFINITESER
s REHEFHITHET A, BLR2/RTEoperandsFresults tensorfsharding5
I CEAt)osplit/tilinggl/EAE Ereplicate)

« HF[8Joperand/resultsfsharding/5 I\, match, AJEEST| N—LE
resharding / redistribution %8

2024/12/16 NICS-efc Lab Page 20



> H+3H17T: GSPMD

>4 B SPMDIEF, FrBpartition&BIT—HEAYIKAS
> EZ T F P HIEB 43 sharding annotation LI F Hap b B FH1T

(7= Sharding =SS — — — — — — - — — — — WA~ — — — —
1. Replicated: 0o |2 _
I e  Every partition has full data 1 3 I I bf - mathI(bd, df) I
I 3. Partially Tiled: I I bd = mesh_spl%t(bd, mesh, [0, -11) I
I e Replicated in subgroups I I df = mesh_split(df, mesh, [-1, 11) I
2. Tiled: e  Each subgroup has a different
I 0 |2 e  Every partition has one % data subset of data I I I
e Device order can be specified e Device mesh tensor [[[0,1],[2,3]]] ~hik £ ina-
I 1 |3 e  Device mesh tensor [[0,2],[1,3]] inner-most dim is replication I I E Ej] *Eiﬂiﬁ]tlj be’]shardlngjj I
e  mesh_split(t, device_mesh, e  mesh_split(t, device_mesh, mesh_spllt(bf, mesh, [0, 1 ])
L dims_mapping=[0, 1]) dims_mapping=[-1, 0)) } l )

> SCE T FE/NXLA compiler pass
* sharding completion: IX{XHR #Eheuristic/ 2 LG HEIE 4 & Fr BtensorBsharding

* per-operator partitionin%: 4 B SPMD it & code, AV ENESBRERIEM
activation. gradientsBIB2 4, LR ELEHIRT{E M resharding

2024/12/16 NICS-efc Lab Page 21



> #ITEIT: FEEHIEIE

>E S 18 {5]/81E (collective operations)

alj— al
Nodel| G wottctoe a
Node 1| g~ bl
o Broadcast x a * A”TOA” a3 cl
Node 3 a bl a’
a a Node 2 bZ bZ
e AllReduce 2T X
ekl D a cl a3
Node 3 C a NOde3 C2 b3
c3 “1c3
Nodel| & foccoee a b C =
e AllGather - - » ReduceScatter: reduce/5¥&scatter
Node 2 a C S —
Node3| (C f------- a C * a’b’C _> f _> a _> t]]}ﬁ:i%
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> REH

>R A

BRE FRE& T 4R

1T-77K 2 FH1T Inter-Op Model Parallelism
* GPipe@NIPS 19 by Google

* PipeDream@SOSP’19 by Microsoft& CMU&Stanford

* PipeDream-2BW@ICML'21 by Microsoft&Stanford

* Chimera@SC’21 by ETH, Megatron-LM@SC’21 by
NVIDIA&Stanford&Microsoft

A A

T HTF

1T

> =

e GShard@ICLR’21 -> GSPMD@arXiv21 by Google
FR1T e
e Zero@SC’20 by Microsoft

» Zero-Offload @ATC’21 by Microsoft

2024/12/16

NICS-efc Lab
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> BIBFHITEUH: Zero@SC'20 & Zero-Offload @ATER (&

»Zero@SC’20

« ZBBIFEHITABEIFKper-device LEAFiHFE, EAREMRAFZEEH(replicate) £ ]
device_E, T Mtraining stepfEbackward IBHE S IR A [Elworker B BB E all-reduceZ]
Fr & Hworker

 Zero-DPE i T DPHYAITEIEFE: optimizer statesFAgradients X TR FA AT LAIZ “model
parallelism” B9 B 48 participate, T Mworker R F—Ef4%3, gradient backward BT {EZE /B IS
22T LT. &F, fEgradientE&{ETE+updatezfm, EE— X XfweightAlall-gather. B
FEAE. WEFEHFER)

« H—, EALIBweighttB )T, AIE)/EEHEZHZIH Edevice ERISINRBERIETE.
HHEL Z@DPLSxBEFtH, BIEHRARE

» Zero-Offload @ATC’21

« A ECPURIAEMITERES!

* #lgradients. optimizer statesi{Z|CPU_L, #Eoptimizer computation FHCPUTTE (memory
bottleneck By EEXKIR), S8 AF/BITEMEIGPU L
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> 18] &8 RE X

FHITRE RAFERYF BIERIF BEHFIAE (11H)
Data (DP) I (B—Lfifte.g., 18 (gradient &
Zero@SC2020) sync)
Intra-Op Model & 1% (ophifE =
HIIE(E)
Inter-Op Model & = & A pipeline
bubble3Z 2 FRH

o BRET/MEAL SRR E BB Trade-off, & B T EI1EEI&IR1E,
ERAIABRMMR

- SRAMERER T, RKE SN

ATIEBRMMR, BREMRE RGN LB 25 BRR

BaEIFTH: LENNERFEEER, ZRAFAR, HIIIGEL, B
REFATIRET&MALREE (BN I HE, ARG N5 BT HEISREF L)
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> Alpalll: B3Ek

1. FRBEHATIERREAFITH— 'ﬂl HATRREE 57 AiR(EE)FIRIEA R
¥, MR - RIENHIF R R TR 5 )
BRIERHITIRER =S 18] BRAEBHITIREE 28] AER. =& #ﬁ%ﬂlﬁﬁlﬁl

—/tb

BT, BAEPIIRELHT ?%1?@#;&54:” (,,.Lyke)kc#ﬁ) Pl AR

) %:Elﬁmmw@ﬁJﬁ'
|—‘—|I‘E . j:nn W =

BRAEEIMLIL BRIERIL
T Stagel Stage2 0 T
NN&E£ e W o S Stage it B[4 - o
Jaxpr {(a}{B)={c}+{0)! UATLO S EEG AT S (RIE) A TR R
» ‘ o ! 1 15']&'], *tt‘%;ﬁl‘i';ﬁl‘i% Cb,i,j = Zk Ab,i,ka,k,j
(rlet)ﬁ)ﬁgg\“;vji llll 2D () [wereerpoproa] s L 1?6{1; 1
, M), BW... orer orer o] or] ] o3 .
o §
[1] Zheng et al., Alpa: Automating Inter- and Intra-Operator Parallelism for Distributed Deep Learning, arXiv’22.01.
2024/12/16
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Alpa: TTEk

3.

2024/12/16

SophiscatedYSLIN& 1L, HERARPSHMS

Compiler

[ Inter-op Pass

|

Intra-op Pass

Runtime
Orchestration

Computatignal Graph

Devicg Cluster

Stage 1 Stage 2 Stage N

Sharded Sharded Sharded

Stage 1 Stage 2 Stage N
Mesh Mesh Mesh

Executable 1

Executable 2

Executable N

- e e e e e e e e e e e e e e e e e e e e e e e

Runtime

Intra-op Fj@rallelism

Device Mesh 1

Device Mesh 2

Device Mesh N

Worker

Worker

Worker

Worker

Worker
s

Worker
!

'
Inter-op Parallelism

NICS-efc Lab

1.4951%05F: ([FHJaxSktracefEiy,
inter-op passfEjaxpr ti#iT, EH
inter-opEEEforward&backwardiX
NNiEX{EE; intra-op passfEXLA
HLO_E LANN-agnostic op Jafi E i#1T.
wIFTF N stageBEI— MR EH
executable,

2. 51TRHf: RayXRHREZPARS S
E#&worker, HITHRIFSEIH
executable. {#FXLA runtime3&sLpR
+FGPUMTE.

3.5 T/ ME(glib, fMcross-mesh
communicationiii®
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> Alpa: A FAPI
3. SophiscatedBISEIRLL, HEBFRSAMS

# One-line auto-parallelization:

# Put @parallelize decorator on top of the Jax functions
@parallelize

def train_step(state, batch):
def loss_func(params):
out = state.forward(params, batch["x"])
return jax.numpy.mean((out - batch["y"]) ** 2)

grads = grad(loss_func)(state.params)
new_state = state.apply gradient(grads)
return new_state

# A typical training loop
state = create_train_state()
for batch in data_loader:
state = train_step(state, batch)
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Alpa: i P API

ray.init(address=
jax.config.update( s

device_mesh = DeviceCluster().get_virtual_physical_mesh()

set_parallelize_options(devices=device_mesh,
strategy= ,
pipeline_stage_mode=
logical_mesh_search_space=

)

layer_num = 6
state, batch = create_train_state_and_batch()

def (state, batch):

(layer_num=layer_num)

aer (params

out = state.apply_fn(params, batch['x'])
return jnp.mean((Cout - batch['y'])**2)

grads = grad(loss_func)(state.params)
new_state = state.apply_gradients(grads=grads)
return new_state

# Serial execution
expected_state = train_step(state, batch)

# Parallel execution
global_config.num_micro_batches = 2
parallel_train_step = parallelize(train_step)
actual_state = parallel_train_step(state, batch)

# Check results

assert_allclose(expected_state.params, actual_state.params)

2024/12/16

Ray#Ieg1t., ZEZlray clusterX/\{5 2 Jydevice_mesh
1% & Options
1. strategyFe R X IFH A LRI HITHRET: pipesharde =&, shard@ /&
2. pipeline_stage_modeZ ~pipelineBRST B stage] 9 B E A MMY:
auto_gpipe (alpa), uniform_layer_gpipe, manual_gpipe
S HiPerformance optimization #2: operator clustering
» RFE: make_jaxpr -> per-layer cost -> cluster

« EHE: RfE Aremat_layer=True, 38 EPMayerfljaxprifequation®
Rk primitive ZjaxHIremat_callfequation, [RequationfE RS EIEN,
XN primitiveAJautodiffiiitranspose R E S M EITE

o R . BnhiBjaxprillequations clusterfiXlayer _num (3ZH L) Mayer, fi
Apipeline marker eqn: ”pipeline ”primitive, 1T E1& X Zidentity, T8
mark_type ”start”, “end” . JRZZKIBEEIX T layers

F—Mrain stepZiparallelizeft,, parallel_train_stepl&{T
alpa® k&
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> Alpa: E{&&E % Inter-Op Pass

MNHE: #iNJaxpr, cluster configuration;
REstage NS, BJaxprsr S Stages,

Wmesh4 XS sliced meshes, 3454 Jax

stageZl/sliced meshHEImapx &

piik =18 Se F I EANMERIDAGR opFF,
01, - Ogo BERFXPDFIITIAAS MNMELLAHIZH
stages, #Hﬁ/l\stage =Eassign— M nxm
#Jdevice mesh. RES, X7,
{numt}1=1,...5°

ik B ¥R 1% PipeDream-2BW-Flush
(synchronized pipeline, 1F1B schedule) ,

4 BEr 2 B Mraining iterationfYlatency .
= min, {):n )- mas, {n}}
(nymy),...,(ng,mg)
2024/12/16

NICS-efc Lab

AL T 3% Bh7SFKRI (DP)
F(s,k,d;tmax)

ltintra((oka'--’oi)yMeSh(ns,ms)’
= min i +F(s—lli+1,d—ns-ms;tmax)

k<i<K;
(ng,mg) | tim‘ra((ok7 g B 70i),MESh(ns;mS)) = Lmax

1 FIR1ERIL 1L 5889 cost matrix B AY
1§ Stage (oy, ..., 0;) FBE Bllngxm, FEEF H AT (8]

Stage 1l |a b|c|d|le|f g|h|

Stagez?:a blcld elf g|h|
=

Stage 3 t,| a b c d e f g h |t

Stage 4 t, al b c| d| e ifi gl h

Time
Figure 6: Illustration of the total latency of a pipeline, which
is determined by two parts: the total latency of all stages (¢; +

t, +t3 +14) and the latency of the slowest stage ((B— 1) - t3).
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> Alpa: BE{&&E % Intra-Op Pass

N i \—" stageFfImeshfit & (Et 028

GPUs), #AHix4stageEFE M opTEH)
algorithmi&#. R[E]t_intra
B4k Z 1) algorithmiziZ 247
BRIERFH TR A SRR
il SR P -FE R SRR B — L HITRRET B R
e ; I N
#  FHTRES sh!f:g?ng shfiding SINBIETFH
1 i—0,j—1 RSOS' RSOR,RRS! 0
. i 2 i»0k—1 RS'R RS°SRS'R  all-reduce(X 1)
g_’ reiﬁhcate 3 j—»0k—1 RRS® RRS',RS'S® all- reduce(ﬁ 1)
: split 4 b—0,i>1 SRS' SORS',S°RR 0
5 b—0k—1 SRR S°RS',SOS'R all-reduce(%,l)
6 i—{0,1} RSYR RSYR,RRR 0
7 k—{0,1} RRR RRS",RS"'R all-reduce(}!,{0,1})
01 01 02 02 01 01 02 W
2 3 2 3 13 13 23 23 130123 é
RR S°%' S'S° RS® RS' SR SR RSY SOR
2024/12/16

NICS-efc Lab

it B#s:

compute cost + communication cost
Communication cost €3Eop nodeZ [E]AY
resharding communication cost )}, ., sT Rs,, , T

| nodeE%‘“‘algorlthmﬁﬁ =E Kall-reducery
comm. cost Y., sT

sy € {01} JkREE, KFETSvikFERRET 5K
min Y |s7{c, H{d,] + Z sIRs,,
*ovev u— (vu)EE 1

-
SI OB T

#1EBIResharding
SIARBIEFFEH

AT E: BRI (ILP)

Page 32



> Alpa: 58

740 Z3.0 006
9 W Megatron-LM 9 W Deepspeed 9 & PP-DP
& 3.01 = Inter-op only & 5 ] ™ Interop only & 0.4/ ™ Inter-op only
Y 2.0 ™ Intra-op only ot ™ Intra-op only rr ™ Intra-op only
§. ' ™ Alpa (ours) § ™ Alpa (ours) Ezo > ™ Alpa (ours)
21.0 [ Linear-scaling > 1.01 [ Linear-scaling - [ Linear-scaling
o o =] !
£ 0.0 - : - Eo_o. & XX zoo.___-.—n_ﬁl_ L XX
= 1 4 8 16 32 64 e 1 4 8 16 32 64 Lottt 1 4 8 16 64
The number of GPUs The number of GPUs The number of GPUs
(a) GPT (b) MoE (c) Wide-ResNet

Figure 8: End-to-end evaluation results. “x” denotes out-of-memory. Black boxes represent linear scaling.
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ITIRER)
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DAPPLE@PPoPP’21

Piper@NIPS’21

DistiR@EuroSys’21

Alpa@OSDI'22

Google Brain

Stanford

MSR, CMU,
Stanford

MSR, Amazon, MS
Baidu

Stanford, MSR, MS

DeepMind

Alibaba

MSR

Stanford, Microsoft

UCB, AWS, Google

B1E8) (TRmKkEk)
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> n:.\g?:l:

> =M IT IR
o« IKZFHIT
* GPipe: ﬂ_y}mjk,)% HEminibatchit— ]9 microbatch, RKZHIT

* PipeDream & PipeDream-2BW & 2GW: Swmkszx, HHE—EIEX, |—mu.7}<24x‘$lj
ﬁ 2BWHI2GWIR/NF 57K 2R 77 & F (weight stashed versions)

. teoeF[))lgeeaEr)]wV%B#V FIusIJw [E2Emkek, FIBER5GPipetHE, {EE1F1B schedulefEE

* Megatron- '—M &Chlmera EJ/ mkEk, RiE{Lstage-device assignmentXt R i% Tt
schedule, 1A%l Iﬁl)ll]k—%* %i

« BEFHAT
« GSPMD: ﬁﬁﬁuﬂi}ﬁﬁ.?#{?E’]SPMDh R &> Esharding annotationf

sharding completion#llper-operator partltlonlng (per-device compute, insert
communication primitives, handle irregular pattern)

o IEHITHUH
* Zero: flweightFfloptimizer statetf 43, BIEHAF
* Zero-Offload: —{KiTEH 5 M F#{E(optimizer computation)F{ECPU_LE
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> oA

J[AR 23—

> BT
« AR E X SR ENNARBIFIE Bk, Z R AFLR, MG EIL, BEIREF
ITERET RN SRBE (BNanI Y0+ &, anfafBRS YIS Rt HEISEE L)
« FM==NE; FMAZE; MESN/ BRI B A heuristics
 Alpa: =R 3 =z |8], M ZEpipeline, RNEEF+HIE; INEDP. HEILP; 5 ERY
mesh assignZ BT D T FMZEIE K /)N, operator clusteringZF SR BE M 1R
>HE
« HUEEITH
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Thanks and Q&A
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- B4 7)) IRER: Jaxpr

jaxpr ::= { lambda Varx ; Var+.
let Eqn#
in [Expr+] }

» Var*: constvars

« Var+: invars, input of traced python function

« Eqn*: a list of equations, FE/ZEEHEME X

» Expr+: a list of output atomic expressions (literals
or variables)

2024/12/16

5, =EMLPH#IEAI— Morward stagediJaxpr

ipdb> p jax_pipeline_stages[0].closed_jaxpr()

{ lambda ; a:f32[16,16] b:f32[16] c:f32[16,16] d:f32[16] e:f32[16
h:f32[16,16] i:f32[16] j:f32[16,16] k:f32[16] 1:f32[16,16] m:1

mark_type=start

name=0

abcdefg

:32[8,16] = dot_generall

dimension_numbers=(((1,), (@,)), ((), ()))

precision=None

preferred_element_type=None

n h

£32[1,16] = reshape[dimensions=None new_sizes=(1, 16)] i

£32([8,16] = add o p

f32[8,16] = dot_generall

dimension_numbers=(((1,), (@,)), ((), ()))

precision=None

preferred_element_type=None

Q]

:f32[1,16] = reshape[dimensions=None new_sizes=(1, 16)] k

:f32[8,16] = add r s

:f32[8,16] = dot_generall

dimension_numbers=(((1,), (@,)), ((), ()))

precision=None

preferred_element_type=None

o

5 Qo —

c + n —

1t

v:f32[1,16] = reshape[dimensions=None new_sizes=(1, 16)] m

w:f32[8,16] = add u v

x:132[] = add @ @

y:f32[8,16] z:f32[8,16] ba:f32[8,16] bb:i32[] = pipelinel
mark_type=end
name=0

Twtaqgx

in (y, z, ba, bb) }

(:) foxfi-ning Apr 15 (edited)
n: —*micro batch (mbs=8)A94A\EIE

® Reply...

® foxfi-ning Apr 15 (edited)
hfjfl: %81/2/3Bweight; ifk/m: 581/2/3&
bias

® Reply...

(F) foxfi-ning Apr 15

SEMUE AP RALESLER.. AR a RAL
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> (EEe4#7%) IRME: XLA HLO

» HLO module (AIB{E—MRIZFE T, — N AIE1TIEF

s B2 %HLO computations

* FPmodules ERF— A O EZentry_computation (FIPAE{FmainiEi%f)

o &7 ANOELIIMYIcomputationElFR Anested computation
> HLO computation (R B{E— &%) [ENTRY main J¢

= f32[] parameter(0)
b = f32[10] parameter(1)

| ROOT root = (£32[], 32[10]) tuple(%a, %b)|
}

+ A& — HLO instructionsHIDA
. ’é/l\computationﬁﬂ,':l’ﬁ—ﬁ‘r TOtTTStroCHoTT
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