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[1] Huang et al., Gpipe: Easy Scaling with Micro-Batch Pipeline Parallelism, NeurIPS’19.
[2] NVIDIA blog, https://developer.nvidia.com/blog/scaling-language-model-training-to-a-trillion-parameters-using-megatron/
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3456

(GPT-3)*
• +,-: 1.75 × 10!!!"# -./GPU,- 10!" Byte
• +01: 23"4"5TB6783640 PetaFlop/s-day

(1PetaFlop/s-day=10^20 ops) -9764:A100231;

$%&'()*+

https://developer.nvidia.com/blog/scaling-language-model-training-to-a-trillion-parameters-using-megatron/
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[1] Zheng et al., Alpa: Automating Inter- and Intra-Operator Parallelism for Distributed Deep Learning, arXiv’22.01. (!"#)
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(Inter-Op Model)
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• -./0123*
• 45678
• 9:;*&,

• ./0123*
• 45678
• 9:;*&,

<=>?@ABC
• ./0123*
• 4567D
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;<=>#$/?@AB=>56
ØNLP GPT-3: !"#$%&'($)%*+" -> $),-+./,-01
ØRec Wide&Deep: "/23(Embedding)4&5678"&9:./,-;
<=./>&?1$),-

ØCV ResNet: @AAB$C&DEFGH4#$%I" -> J$K@ALMN
OFC4P1./,-&QR./,-ST%UVWfeature"> (activation)&
X$),-ST%UVW#$"> (gradient)
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GPT-3 Wide&Deep ResNet
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Ø!"#$-%&'#$ 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

Ø!"#$-()#$
• GShard@ICLR’21 -> GSPMD@arXiv21 by Google

Ø*+#$,-
• Zero@SC’20 by Microsoft
• Zero-Offload@ATC’21 by Microsoft

Ø./0123: 4567( (!GPipe"#$%&'()*+,)
• Training Deep Nets with Sublinear Memory Cost@arXiv16 by Tianqi Chen
• Checkmate@MLSys’20 by Microsoft
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#$%&EFG

Ø!"#$%&'()*+,-.&'/0#!"
ØData Parallelism1$%23456device7(86device9:;<6$%=>?@A-.
BC6minibatchDEKFG=&':;

• EF4GHIJK1LM&NOPminibatchQRSTall-reduce
• UBVWHXYZ[OPdevice\LUB]"

ØIntra-Op Model Parallelism1HIJK456device7(86deviceLM:;NKop 
• EF4GH^Nop_&QRall-reduce5`a5 𝐶!" = ∑# 𝐴!#𝐵#"bcd5a.Nk loope&fg@5Q
Rall-reduceEFhYijC;<

• UBVWHYZ[OPdevice\LUB]"
ØInter-Op Model Parallelism1$%JK456device7(86deviceOLM:;NK$%

• EF4GHpoint-to-point (acrossg@boundary) Lactivationkactivation gradientlm
• UBVWHYZ[OPdevice\LUB]"
• noYZ[UBVW5pqrsLInter-Op Model ParallelismtYu>;<LvJwx)*DAGtyu
>Lopz{5a.|}~���5����Ldevice�����L�<ihY<5XY�3;<
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Inter-Op Model Parallelism,-./0123456
789:;<=()>?@6ABCDEF;

https://en.wikipedia.org/wiki/Collective_operation


HIJ%&:	GPipe@NIPS’19
Ø!"pipeline#$%&'()*Inter-Op Model Parallelism%+,-"./
Ø012minibatch345678microbatch9:;device#$<=:;microbatch
>?@deviceABC%stage

• Minibatch size`N,a(bcdM)microbatchefgL layers-hK)device,partitiondK)stage
8pipeline89e()minibatchi_M)microbatch4j^()gradient updatee
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-./0Inter-op1234

./5Inter-op23



HIJ%&:	GPipe@NIPS’19
Ø!"#$: 1) %&'()*2) +,-./012per-layer cost*
3"45stage

Ø67
• RYZ[\]minibatch^latency&_Wmicrobatch$%M^`abc]
defgWJSGD'(bc]hijminibatch size Nkl!mc]nF
oplqr&stuvw`Nxyz
• microbatch{C&Bubble |OV}𝑂( !"#

$%&"#
){>&*~��devicev�

F����^V}����Nxy&M"micro batch size~�>&�� 1) 
\]��^utilization�&(GPU?lk��@�1) &������kc
y��;2) training-mode^BN statistics������
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HIJ%&:	GPipe@NIPS’19
ØDEF>? / Gradient Checkpointing / Remateralization
ØGpipe%GHIJKLMNmicrobatch-basedOPQ9RSTUV"N4WXR
Y"Z[9\]DEF>?^_`abcd>?e`af

• !6789:(;<device=>partition boundary0activation (checkpointing)
• !?789:@ABC<partition06789DEFGHI0C<partition0activationJ
KL0MNO>PQ(peak activation memory) RSTF𝑂(𝑁 + '

(
× )
*
), )
*
Umicrobatch size, 

'
(
U;<stage0layer<V
• WXYZpipeline[remateralization(\]^I>_&<minibatch`GZN<Va0G
Zfeature(GbU𝑂 𝑁× 𝐿

• WXQc@AB(de=I!AB&<partition`&<microbatch0fgonlineBhC
<partitionC<microbatch0:iactivation(GbjU O '

(×
)
* , +Nk0U>

boundary activation
Øg>?e`ah→ ij^_Nakactivation tensor%memorylm9nopq

batch size9pqthroughputdAor:4stugvhf
Ø=bubble\w%xyz{|}M ≥ 4K ~no��bubble9��backward pass
�%recomputationno�)�schedule9�2U�bubble%��
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HIJ%&:	GPipe@NIPS’19
Ø89
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GHIJKLMNOP



GPipe’s Limitations
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KL)Pipeline ParallelismMN
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PipelineQRSTUV/45: CDF(Bubble ratio), 23WD, XYZ[\]45

schedule

assignment+schedule

pipeline-parallel dimension



Async	Pipeline:	PipeDream@SOSP’19
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• GPipeUlm./5(synchronized) (nSGDop&qrs&<minibatch0GZmicrobatchA
Btgradientuvtw@(xy3'&<minibatch0AB(zq./5{Q|T

• PipeDreamU}m./5(async)(YZflush~��microbatch
• !����'(;<worker��AB���0stage01F&1B (=U!)lminibatch)
• )�t�async(�W�<stage0gradientBh��cuvweight)(�,��&�0

statistical efficiency,^I>n�versioned model weights (nUin-flight batchV=d, stageV)



��9Pmicrobatch (��Pminibatch)
�����"𝑊$

(&)
fforward

Reduce	Memory:	PipeDream-2BW@ICML’21

ØPipeDream-2BW@ICML’21
• ^n_versioned weights`2_a?bPipeDreamcLdebatchfZ[<gbhm
ebatchiDjRklZ[m_[no<p;Z[qrs,-tuPDcLweight
versionv^gtu23 (��m >= d(j�b��=>��)

2024/12/16 NICS-efc Lab Page 16

PipeDream-2BW-Flush����~/� (1F1B)GPipe



OPSync	PipelineQBR
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Megatron-LM@SC’21 by NVIDIA & Stanford & Microsoft Research
• StagewLZx, interleaveLassignydevice<zsb{medevice?|45
}assignmecontinuousLstage<gbassign~econtinuous stage

• ��stagew�Zx�<bubble��p;v�<�%789:z���v�



OPSync	PipelineQBR
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Chimera@SC’21 by ETH
• �~e�����DXm�devices<����assign������CDF<
~e�������?XLmicrobatches

• zsb{dedevice�&'R�~estage�meb�����assignL<m
eb�����assign�<�K ¡¢

• dedevice£Lno3¤���2�
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Ø%&:;-<=>:; 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
Ø%&:;-?@:;
• GShard@ICLR’21 -> GSPMD@arXiv21 by Google

ØA,:;BC
• Zero@SC’20 by Microsoft
• Zero-Offload@ATC’21 by Microsoft
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ST%&

Ø?@D:;EFG5?@C;!"*!"HIsub?@JK5
deviceLM?*NO89PQ5?@IM?89
• �y��,-��� &~��yoperands¡results tensor^sharding�
 f¢£¤@split/tiling¥¢£¦§replicatez
• ���operand/results^sharding� kmatch&?l�¨3c©

resharding / redistribution78

2024/12/16 NICS-efc Lab Page 20



ST%&:	GSPMD
Øª«SPMD¬­&sbpartition®¯-c°^±²
Ø³W1´^E@sharding annotationµ¶·¸¹[��,-

Øµ¶Yº]XLA compiler pass
• sharding completion:¥9¦§heuristic/¨©ª�«¬¡­tensorLsharding
• per-operator partitioninga®¯SPMDR�code<°±$'L²³78´\µ

activation6gradientsL¶³<-·¸$'L¹ºµresharding

2024/12/16 NICS-efc Lab Page 21

bf = matmul(bd, df)

����m�bfLsharding�
mesh_split(bf, mesh, [0,1])

Sharding���� ����



UVWC<XYZ[

ØROSTUV (collective operations)

• Broadcast 

• AllReduce

• AllGather

2024/12/16 NICS-efc Lab Page 22

• AllToAll

• ReduceScatter: reduce<Hscatter
• a,b,c -> f -> 𝛼 -> ¤«»¼



3456CD

Ø%&:;-<=>:; 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
Ø%&:;-?@:;
• GShard@ICLR’21 -> GSPMD@arXiv21 by Google

ØA,:;BC
• Zero@SC’20 by Microsoft
• Zero-Offload@ATC’21 by Microsoft
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!"#$%&:	Zero@SC’20	&	Zero-Offload@ATC’21

ØZero@SC’20
• ��Va23)�STper-devicew@O>� (¡�¢<£�^I¤¥(replicate)!)l

devicec,;<training step!backward0fg¦§)lworkercGZ¨0©ªall-reduceF
GZ0workerc

• Zero-DP«y,DP0O>� : optimizer states[gradientsC�¬­�b®1model 
parallelism”0¯Hparticipate(;<worker=>&°�(gradient backward0fgI0�±
²³´µ,J¶·(!gradientB&¸t+update¹·(^I&º»weight0all-gatherJ�
±²)´DO>� ¼½

• y&m(³�b§weight¾¿+(67/·7ABIQFÀ�devicec0ÁÂ�±Ão¸J
ÄÅ��DP1.5x�±+Æ(�±ÇO>

ØZero-Offload@ATC’21
• QcCPU0O>[AB�ÈÉ
• §gradientsDoptimizer statesÊFCPUc(§optimizer computationQCPUAB (memory 

bottleneck0ËI�Ì), ÍV[F/BABÊFGPUc

2024/12/16 NICS-efc Lab Page 24
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\]^_
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• ;</@:ABCD$ETrade-off, FGH$E"#&IJ, 
2KLM'N@OP

• KL;<ABQ, RASTUVW
`kM'N@OP-KL;<AB_@:lSmnop_

qr89:stuNN"#v>?wx, yzXY{|, @:01}~, qr:
Ru89;<&@:AB (���c�\4-��;<c��\4'>?,)



Alpa[1]:	`a
1. ½$),-¾R¿¾5,-^cÀ&Á,-ÂÃ@R¿¾�¡¿¾5º
A&ÄÅ¿¾� –¿¾5^º4Æ,-ÂÃ��

2. ½»0��^Z[ÇÈÉ@Rº]4Æ^Ê.�>^�ÇÈ (ËÌZ[
��: ¿¾5,-OSTÍÎ�Ï, NÐassignÑÒÓ�Ô^submesh)
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��Uu> ¡¢£
12u>, ��U)*u>

��£u> ¡¢£
��£)*u> (��~u>)

¤�T¥�¦u> ¡¢£

[1] Zheng et al., Alpa: Automating Inter- and Intra-Operator Parallelism for Distributed Deep Learning, arXiv’22.01.

��£§¨ ��U§¨

NNKL
Jaxpr

2DMNKL
(N, M), BW…

…

…

StageOPQKL
XLA HLO

Stage1 Stage2

!"#$%&'(()*)+,-./012
34, 5678-789 𝐶!,#,$ = ∑% 𝐴!,#,%𝐵!,%,$
• 𝑖 → 0, 𝑗 → 1
• 𝑖 → {0,1}
• …0

1
2D
$%&



Alpa:	`a
3. Sophiscated^µ¶&Z[&,Õ1´Ö1×Ï

2024/12/16 NICS-efc Lab Page 28

1.ÎÏfrÐQJax�trace£�(
inter-op pass!jaxprcy3(¡�
inter-op^Iforward&backwardC�
NNop±ÑÒintra-op pass!XLA 
HLOcbNN-agnostic op�Óªy3J
ÎÏ»;<stageEF&<)l0
executableJ
2.Ô3fr Ray���!Õ<Ö×Ø
cÙworker(Ú3ÎÏEF0
executableJÐQXLA runtime�ÛÜ
cGPUÝABJ
3.Þ,<�±lib(Ýcross-mesh 
communicationßà



Alpa:	BbAPI
3. Sophiscated^µ¶&Z[&,Õ1´Ö1×Ï
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Alpa:	BbAPI
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1. Rayáâã(äFray clusterå½±Ñ�device_mesh

2. æçOptions
1. strategy!"#$%&'()*+,: pipeshard-./, shard-0/
2. pipeline_stage_mode!"pipeline+,1stage23-4&56: 

auto_gpipe (alpa), uniform_layer_gpipe, manual_gpipe

3. è:Performance optimization #2: operator clustering
• 789make_jaxpr -> per-layer cost -> cluster 
• :;<9=>?@remat_layer=True, ABClayer6jaxpr6equationD
EFprimitive-jax6remat_call6equationGHequationIJKL?@G
MCprimitive6autodiff6transposeNL1O5:;<

• P>9QRAjaxpr6equations clusterFlayer_num (ST𝐿)ClayerGU
@pipeline marker eqn9”pipeline ”primitive, ;<VW-identityGXY
mark_type ”start”, “end”Z[\]^_MC3layers

4. §&<train stepéparallelizeã, parallel_train_stepÔ3
alpaBê

1

2

3

4



Alpa:	cdSe Inter-Op	Pass

2024/12/16 NICS-efc Lab Page 31

ëãìí:îæPipeDream-2BW-Flush 
ïsynchronized pipeline(1F1B scheduleð(
ëãìíU;<training iteration0latencyJ

ñÂñh: ñÂJaxpr(cluster configurationÒ
^Iò�stage<VS, §Jaxpr�óS Stages, 
§mesh�óS sliced meshes, 2éhJax 
stageFsliced mesh0mapôõ

ëãöi:÷øùã¢<£�DAGóopøù, 
𝑜,, … 𝑜(JIúC<øù¿óS <ûü)Ä�0
stages(2ý;<stage^Iassign&< 𝑛 ×𝑚
0device meshJ^Iò�S, þ�ÿ, 
𝑛-, 𝑚- -.,,…1J

ëã!ê: "�#þ (DP)

�"��U§¨©ªLcost matrixtL
«Stage (𝑜# , … , 𝑜!)¬­ª𝑛5×𝑚5®¯°±§3£



Alpa:	cdSe Intra-Op	Pass
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ñÂñh:ñÂ&<stage[mesh$ç(ÅW2x8 
GPUs)(éhC<stage`;<op%ÿ0
algorithm&'D()t_intra

ëãöi: algorithm&'U*e?

!"#$%&
'"

sharding
'(

sharding)*+,

!": #$%&-%&'()*+,-./012
��Uu>²³¢£´µ

R: replicate
S: split

𝑠6 ∈ 0,1 #! ¶·¸¹54´z{𝑣º»L²³¼½

ëãìí:
compute cost + communication cost
Communication cost ¾¿op nodeÀ£L
resharding communication cost ∑6,7 𝑠68𝑅𝑠75kÁ
Pnodet�ÂalgorithmIQRLall-reduceL
comm. cost ∑6 𝑠68𝑑6

3()45-.
67*89:;

ëã!ê: ¢V5+#þ (ILP)

()<Resharding
67*89:;



Alpa:	fg
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RS TU VW BCXJ YZTU [\

]^
_^

DPO-RL@ICML’17 Google Brain `aJ (b?@A) cZde

FlexFlow@ICML’17 Stanford "f, `a1, `a
J (b?@A) MCMCgh

PipeDream@SOSP’1
9

MSR, CMU, 
Stanford "f, `aJ ijkl

Tarnawski@NIPS’20 MSR, Amazon, MS `aJ ijkl

PaSE@IPDPS’21 Baidu "f, `a1 Qgh+ijkl

PipeDream-
2BW@ICML’21 Stanford, MSR, MS "f, `aJ mngh

oghXJpOqrsD, tu*
kvwS e.g., GPT-3 

Automap@NIPS’21 DeepMind "f, `a1 Learning-based + 
MCTS

DAPPLE@PPoPP’21 Alibaba "f, `aJ ijkl

x^
(yzx
{|}B
C~�)

Piper@NIPS’21 MSR "f, `a1, `a
J, ��YZ ijkl

`a1BC���YZ����

wq�������pO�a�
��

DistIR@EuroSys’21 Stanford, Microsoft "f, `a1, `a
J

mngh

Alpa@OSDI’22 UCB, AWS, Google "f, `a1, `a
J

ijkl+v"A+k
l
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Ø��#$��
• PQR&'

• GPipe:ASPQR(-.minibatchTCSDKmicrobatch(PQR&'
• PipeDream & PipeDream-2BW & 2GW: USPQR(VWCXYZ([PQR\
+]^2BW)2GW_`USPQRabc+ (weight stashed versions)

• PipeDream-2BW-Flush: ASPQR(\+]dGPipeeA(fg1F1B schedulehg
iGPipe,abc+`

• Megatron-LM & Chimera: ASPQR(jklstage-device assignmentmno:
schedule(p4[PQR\+]

• ;q&'
• GSPMD: rstuE;q&',SPMDvw(x.yzsharding annotation{

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

• -.&'|T
• Zero: {weight)optimizer state}K(~��ab
• Zero-Offload: C��:;[abHI(optimizer computation)��CPU7



if
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Ø¸¹,-[
• »¼½]:y½NNMN¾²¿ÀÁ, ÂÃ23ÄÅ, ST*+GH, �ÆTÇ½(
)ÈÉ&STÊË (Ì�Íw�R�<�ÍÈÉw�ÎR�`²¿£)

• ÏSÐÑÒÏS�ÓÒÔÕÏS/tPÏSÐÑLheuristics
• Alpa: Ö×ÏSÐÑ<ØÙpipeline<2Ù�Ú+v§ÒØÙDP62ÙILPÒ�ÙL

mesh assignÐÑQRtu�ÏSÐÑOP<operator clusteringÛÊËµÔÕ

ØØÙ
• ÜÝoR�



Thanks and Q&A
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(jkUV)	IRlm:	Jaxpr

2024/12/16 39

Ã`5��MLPÄjLSPforward stageLJaxpr

• Var*: constvars
• Var+: invars=input of traced python function
• Eqn*: a list of equations, ><?$45@AB
• Expr+: a list of output atomic expressions (literals 

or variables)



(jkUV)	IRlm:	XLA	HLO
ØHLO module (�Å�SPÆÇÁÈ, SP�É>ÊË)

• ����HLO computations
• ��module��t�<���OP�entry_computation (���amain�")
• ����OP� qcomputation¡¢�nested computation

ØHLO computation (�Å�SPÌ1)
• ��<�HLO instructionsqDA
• ��computation��t�<�root instruction
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