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Abstract Driven by the precipitous advancement of generative artificial intelligence, large-scale
pre-trained models, particularly those based on the Transformer architecture, are exhibiting an
exponential increase in parameter scale. As the community ventures into training models with
hundreds of billions or even trillions of parameters, conventional uni-dimensional parallelism
methods encounter formidable challenges. These traditional approaches are increasingly con-
strained by limitations in computational efficiency, prohibitive memory footprints on individual
devices, and excessive communication overhead across the hardware cluster. Consequently, hy-
brid parallelism, which strategically combines multiple parallelization techniques, has emerged as
the dominant and indispensable paradigm for large-scale distributed training in contemporary deep
learning. This paper presents a systematic investigation into the parallelization characteristics in-
herent to the Transformer architecture, which serves as our primary research focus. We conduct
an in-depth analysis of the foundational mechanisms underpinning five key parallelism strategies:
data parallelism, tensor parallelism, sequence parallelism, pipeline parallelism, and expert paral-
lelism. Our examination goes beyond individual techniques to meticulously uncover the intricate

coupling relationships and delineate the combination boundaries that exist between these distinct
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strategies. This analysis is crucial for understanding how different parallelism dimensions can be
synergistically composed or where they might conflict, thereby informing the design of effective
and scalable training systems. A central contribution of this work is the development of a unified
representation framework for hybrid parallelism strategies. This framework is constructed by in-
tegrating the mathematical models of both intra-operator splitting and inter-operator splitting. A
key innovation of our framework is the explicit separation of the operator-splitting logic from the
parallel topology mapping. This decoupling provides a flexible and extensible theoretical tool for
analyzing existing research and designing novel hybrid configurations, as it allows for independent
reasoning about how a model is parallelized and how that parallel structure is mapped onto physi-
cal hardware. On a methodological level, we leverage the theoretical derivations from our unified
framework to summarize and chart the evolutionary trajectory of automatic parallelism search
techniques. These techniques, which are typically based on computation graph decomposition,
aim to discover optimal hybrid parallelism strategies automatically, thus alleviating the signifi-
cant engineering burden of manual configuration. Our framework provides a structured lens
through which the progress and remaining challenges in this domain can be systematically under-
stood. Finally, looking ahead, we cast a forward-looking perspective on future research direc-
tions, taking into account current technological bottlenecks and the advent of emerging hardware
architectures. We identify multi-modal computational collaboration and advanced scheduling for
heterogeneous clusters as two of the most critical frontiers. Addressing these areas will be para-
mount for enabling efficient co-training of models that process diverse data types and for effec-
tively utilizing complex computing systems with varied hardware accelerators. This paper aims to
provide a robust theoretical foundation to support these future endeavors, ultimately contributing
to the systemic breakthroughs required to conquer the challenges of training trillion-parameter
models and beyond.

Keywords large model; hybrid parallelism; automatic parallelism; heterogeneous computing;
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P10y o X Fh 7 2 RAR keS8 1 9 U043 J5 B s 1 AllL-

Gather #4F LL X AT V143 i B9 Scatter $§:4F , DT 5
ATSEAR R B TOIMTIF R RSCR . W TIER
J12 2 KR HLEIA B B B4 347 1% . )
DITEZ AL BT b R AT IR AT 108 . TEN T
V) 281 [ 22 11 W S 3k R v g A Sk X N Y o A
C & HARYI S AR S BOE BT L) BT Y043,
TSN AR ERAE . AR NE 4 Hh £ R
JNAE B 1] B 3 47 Broadcast, J2 [n] B 3 47 All-re-
duce, f WK £ B9 P UGE (5 ERAEBUZ .

)% AN e 9 4E B4 o3 5 7 90 117

R 7 B (LLVD 75 I 2 5 A v o DR
) 3o KT B AF Y R COOND o) 8, Sy 1 fiff e 3
—XERL, 81 34T (SP) £ 1 32 T A=, HAZ 0 AR
ST T 51 4 B X A B AT U008

i T 1 2 S AL Cattention) B3 84T A
FE 3145 K., Korthikanti 28 A5 £ 97 408 5 91 I 17
FE AR R H TR L 7 )7 9 4 BN A AE T H A O i 3B
(4N Dropout JZ M1 LayerNorm J2), 714 HAE N
Megatron K ®EIFITHY R, X — AL —H
T 28 AR T, B B A Trans-
former J2 i {5 5 3K MELSE I PIIR Broadcast HIT
W All-Reduce 146 8 R All-Gather F1H X Re-
duce-Scatter, HEAK AR MNE 4 (b) s, Hrb g £
7R FE Y 0] B 3 47 Reduce-Scatter, 2 [v] Bf #E 47 All-
Gather, g W24 ¢ MPIUCGE [FHEAEIUR . (H X Fh
T5 SR P B0 AT B 4 FE S ik O AT R AR R A A —
TR 7R 9 AT T R

H TP Attention BFAEF AN EE ERE A
AT B B, Hao Liv % A4 H T — R8T 19
Attention 23— Block-wise Attention™*™, % &
AR & flash-attention™ ™™ ) 4> 75 2 B A<, I3
1525 F online softmax & U % Attention Y%
24BN OG?) BEARE] OCs) , AT AT LLEE 7 31
Y b ST IR AT IR AR K ML T T F B I AT R A
o, fEULFERE & JE A Ring-Attention 57 %M
Wit — e Vit Sl E N ES . O
Su /{1

0. K" max(0. k")
e o L

p )
0 KT -max(@ K1)
E:e XK; iK;

max; =max(max(Q,K| ), ,max(Q,K;)),

Attn(Q, ,K; ,V,) =

T
Attn(Q,.K.V) = [eQIKjim.aXAttn(Qi K; .V, ] 1131:1 o
Hp, 0, FRE i A Query ME. K, 5V, 535N
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T ring-attention 4% K, Megatron-LM i H
H—LH & T T XI17 (Context Parallel, CP),
YE N X) Megatron SP Y4 &, AN [a] T H SP AWid H]

F Dropout JZH1 LayerNorm JZ1 /7%, CP [6] i}t
TR Attention JZHIHI G #2245 JZ= (FFND ,
M B R 5 5K & IF A7 CTP) 1E 238 1Y — i IR 17 4 B
HAER KRR MK A PR, Kb b RORLERT ) R
FHIEAT 8 15 84, R I B35 22817 All-Gather,

K4 kBT 5T R R

SR B}, Deepspeed F BA 7E FF %) I 47 3R m& |F
WRBTHCWMIE TR DeepSpeed-Ulys-
ZIT O TE TS 7 9 4 FE 0 i A B8 F
7R3 BR 5 I R 80 all-to-all 4E G i 15 2R 38 e
QKV JE [, fE#E1T attention AT, &4 GPU
L all-to-all A5 2 ALHE , ARG 58 & )7 51 b AN
[] attention head ¥ £ i+5 56 WG . # K F H]
all-to-all M AFH 4 R PG EEHU . 5§
ring-attention AH It , X F i 3+ 2 & BE AL 138 17 JF
. BesrHr R M fE B 5 )P 8K E & GPU
B BIE PO 32007 125 BR DR 40 30 5 T4 15, AT A
HY BN E TN token WJFHIK R, IR 45 Rk
WY,k Re OB i LA e & 2.5 A5 1 JEE Y
Zr A EERIFAIK B B, OfF H BA R 40938 M
PERA G B it . A3 207 BAAFAE— & R IR R

50]
sest R

JF 9 IF AT 4E B2 (1 K/ b N BE DY head $ it & R, 7F
GQA (Grouped-Query Attention)"" 77 % F , head
Kt ity B T ) BT Sy T

SEBR _F L ring-attention 5 Ulysses B ff 5 &A%
B ERIEAR R, B TR s ar,
PLE— 5 48 T AL 2003

B LHZ I 5L ZIT

L Z AT (Expert Parallelism, EP)J&—7#h
LR F T g e 108 (Mixture-of-Experts, MoE) 1%
TFRYIFAT M A O BARAE TR AL 1y &
FREG P A BN Z2 AT B b DTS2 W IR A o5
RAN . XA R, AL AL 53 Ak B A
BAim) — 7 MERE NN GL R RA RS L
FRRE T . 25 B AR T S B 1Y T f A
A% J5 B A RE 4
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I3 AT B I L A, R A All-to-All SR AF
SRS U A IR S B 7E 4096 AR AT SR T A
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OIEAF T 5 5 e 2

All-to- AL {5 AL 13 B PR GIE 20 45 1 L (R
WG R FE R A A S A, AR ST
Bt K B 1558 All-to- AlLL (38 15 B 42 g
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Hrb, o HMEKIER, B NI, S HFHKE, B
FAHERSY . M K =4096 B, 38 5 85 00 s I 2R
A 3800 L 1o WIAT 5T 42 70 )2 All-to-All 5K
W% L3 5 5 5 P N'VLink %4 595 45 InfiniBand
i R AL AL . 1 DeepSeek JF IR 1Y DeepEP ',
5 DeepSeek-V3 & 3¢ b $1 H A9 28 BR 1 7] 75 5 3%
PR¥F— 2, DeepEP $44E T — 41 £ X5 HE XF AR 38071 T8
W R AT T O B N A B AR R N NV Link B
¥k B RDMA 8, 33 26 % 4 41k g 7 ok o, (i
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@ 3l 2 B 3 34 1 IR 5

JSE EP JE R 45 W 4 5 L Rk PR 3 S
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2 AR | A% 58 17 B A 4 Ok BRI S iR A 14 2
SrmCE O I RO AL RE ). HAR A 2 )R
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THE IR 158 1 % 5 B0 A 38, il Sl Ry S v % K I
B3 TF 47 % . [5] B #F BigBench JE i | [ IR 2K 3
(PPL)IE 15% .
3. 1.2 ARRS KR T YR O

(1) Bl 4 B 9% 3 5 Bl OF A7
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=8ty Tvil b e £l R i 1 B N 5 S B g 1171
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1% 52 W B35 I0 47 J7 A7 AEAFR it U AR ) 3L, QA
RSHRARAL SRS S W EE FH 2011 ZeRO-
DP " 7R R EoEAT T ik, ZeRO 24 T =4
AL B BE : ZeRO-1 AU AL RS 2743 B
FEAF Adam %5 15 B A AL 25 B L 33030 43308 A R 2
Bt B s ZeRO-2 FE UL IR I, ifF— 20 Xp A0 JE 1A 7
Gy R s ZeRO-3 W SZEL T e MR B AR AL L g A5 7 2
R B AT 40 o 33X =B B R AS [R) RIS 114 A 7Y
GRCRESIS R YN e ) & GO R (e I (E
L0 AP 25 P B 2 AN )R 2 1 3015 R4

FEIAE AT, ZeRO S BT RS 2 55 B .
ZeRO-1 WIPLIAE T, B ALLE P Ak 25 RS T 3 i) A
W KA PR S 1 T B AR YI 5 i T 1l A 1) A% 9% ik
BPRGIAARM G AN AE . MHILZ T, ZeRO-2
1) A% 4% 2 30 3 B B AL R 7R BB A
T8 58 WU S B fsk & — K Reduce-Scatter #24E AR
BAL GG 1719 All-Reduce, 1% 77 % A £ 580 38
15t  {FL 38 A5 005 R 52 4% B A BT $2 T . 1T ZeRO-3
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ANFH ZeRO BB HAERGIHAT TR T HTA
il ZeRO 38 {75 TF 85 5 B A 9 IF A7 5K 6 1 58, Ze-
RO-1 fEfER— M RZ 0,

(2) ASHE L7 5 IRAT 19 5 51 4 B 4% 43

Token-level #F43 & — Fh ¥t ¢ 51 4 B 3 47 B9 4%
SRR 7 X E T A R UK T e A
B ) Transformer FHY, 41 GPT RFIAEAISY X b
PR SR fife W 2% 465 40, A P R SR #865 (causal mask-
ing) B PR B AN 57 B 1 i 113 (SCHK A T 24 i 2 8 K 22 i
PR . o MG, X T A BROECIR S F A (R
by oo k) S HIERE 2 SelfAtt(h,) By iH5 B
T B (b, ohy o b)) B RECR A, 3 B AT
i)z FENCh,) BIFEAUBIR T b, A&, KFTZ
HHE M AT R3O T AEE W
TR T 80 A BT A Token, S 8UR S8 T 44
TR M T A 5 7 . SR, X
T R B AR, 45 25 T H UK T S R E
BRI 0 4k BE DR A R I 45 B T A E
ANEERE R — N3 2 8 58 B IS B0 T 4k B2 T
3.2 HEBRESESRKEHFT

TR 4302 F8 B A5 R 43 Ry 24 B B, IR AE
ANF TR R AT ELAOR B A5 (9 R %
T F0 R ARG S R4 R 4y S 24 F L AT R AE
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AR B A IR AT PAT L AT AR R A AR
TR PR A LB A 250 BT AT 55 R fE I 3
W AR Y NAE IR ) o Tl S B R O 2
T A B A AT AR B —E 3 SR T
e G TR R AR T A8 B B — B N AR K
Y ) S A LR DR RS ASE TR L R 5 AT A0k S P9 AT
i Y AY TRDEE AR, Rl pY) 31 )4 23 O AN BE S B
FAEMIFATHE . A 5Ca) FIrR , QSR AR R AL Y A
[7] J2= 73 e BUAS ) B9 3 53 38 o b oy T 5 1 1) 9 40
P AETE 2 S ECEA I 2 U — A s e TR T
M IR A TR B I AR ORI T AR

T AR IR T T R IR AT TR R A
it ZEAE 5 AR M MO T R L LASE BRI KA
4 AT AL B L 2K RO A R R T RO e Uk 2 T A
G o FEHE AR I IR K L IFAT I GPipe ™ v, 3 i #
— R IR 73 O 22 A A U AN TR] A A T AE
FrA R s LR IR AT RE A8 A8 5 — A I 4k
R IR BT L K LRI AT B ROCR . GPipe B /K
Leai kN IE 5 (b B ol gk A 5 5 S E R oy
UK LIFATHSE A . T LLAEAS 1 3 5 o A7 B4
A BT SE B R R AT . W EE R
A SCALTHE R A B K LI AT S 2B K 2 Cnfs 22
YNGR AT A BEAT BB BE R 28 iy T A (R B0 A
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Bl 5 BKLIET

T 7K e TP 25 AN TS B B 22 1) A7 B0 1K R
P, T B  A 7E AF 1 A 3 4 o8 BUTH B Ab T
25 RIS, JC A RO B 9 IR, 3 e iy Bk A 2
RN ED S Bubble, H A O i /K 4 IF 47 1 4 58
N AE T WA i /A6 Bubble f4 % & 15 22 it 1
] B A A7 1 5 . i an SRR SR R P S
2, LA A5 A BV TR R R 7E 58 A B L
HER A IS, 5 B BEAT 38 15 015 8 F — A St ik
BT . X EERENS 7E — @ B b &l A AT
T, DT 2 — 25 03 /0 3 7K 26 ) Bubble, 42 7 % &
IATRCE.

Narayanan % A 7& PipeDream""" 1 2 } 1y
1F1B AR, i 2o 35 HE 3 K Gk S R ilE A7 /e 1m) 3 57
T T 8 — A i ] ook i o — A 5 1o 3 R 28 Al 47 1)
KRG . AR IR 7 i 9T K 48 45 Bubble 1Y F
SLER] F B AT HEAT R 1) 2 AR R AT LU R b R
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BAEG MR E SR, HAT 1F1B K&
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BEAh, Ui K 28 947 38 A VF 2 A8 4 T AE S B o
GEMS"™ [ CHIMERA"™" 2 H X% 5t i /k £ . ZE-
RO-BUBBLE"" @] 37 1 Hi $2 8 7 K¢ Sz i 5t 72 v 9
BTN S 4000 B 1T 53 RO (A B0 BT o s, i — 20
FHEW KR 980 bubble, [RF. Al 138 32 H 44
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VIE AT, ffpe T 1F1B 5K mg m] AE S 2 W A7
I FH SR Yy (] R 1 ) st LT T8 B T 3K 4% Bubble,
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RE fif DL I K 2 RTS8 A7 ] A

B T WS A B e vk 2 B R 4y i T LI % To-
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] o AN DAL Sy 5057 4 K008 10 3% 300 78 T, g 2 T
A A W CEIV Y 3 il AN 35 57 Hb 43 B0 50 808 L SR S
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55 ATk E - ¥R Tk G 2 5] AR A A5 . 3
58 0 H 2 AT VI 2 iy E BRI 2 —, L HAE K
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PCle W& #EATYIZRET , 5K 34751 A B9 38 5 B
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14 3K 5L A - RBEELYI 2R 3R B R AT ROR SRk 119
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EE R T8 Bl N — DR o KB 2 AT
All-Gather W ] F 0 4 > 5 & b o 8 R4 5 —
. TR K Ze I AT b 38 T B 0= B Bz ) Y
P2P Gl A5F . BB B 45 0 T S o A R AR
L T — BB,

TG AE T 85 5, AT LU J7 1A T (D AR
BERE ARG W E S0R; (O ESITE 58
TSGR A . W 3 R G A A
TR B TR 4 5 g it 45 D7 =Xk 9 /D 38 AR SE IR Al
Bi o 5 5 W S 2D AR VRS A T Uk
Wl D E AF XS A B ZE R e . HARANE .

(DA A5 LA <3 o Sk 4 45 3 (5 0k
CUn il S 2% 19 All-Reduce 5735 ) S Ul 2 3 {7 4
PRI B . A B AIRGE {5 A R R v S BIF ST
HR W T Z M) AllReduce B k., S 1Y
Ring AllReduce i 38 S AH LU AT H 40, R A
Reduce-Scatter 1 AllGather Wi 4~ B B, SEBL T #7
i, de A R AR AR, 8T IZ W T Horovod 45 4E
a7 Hierarchical AllReduce WK &5 %1 4 K
ZAH L AN IETT AllReduce , 7576 41 0] F 17 3
15 B A5 R 16 100 45 2, W ek T A AP R
T T RHBERE AU BORY . 4, 2D-Torus
AllReduce FJ ] Z 4E M A% 30 b £ IS 4E & E IR AT
PAT AT BRAE 2 — 2D AR Tl 5 T B L3 TR
PR o A ARG o AR L X R Bk R £ Ak
BB A, B4, Straggl AR 3 i3 7E A7 16 12
3 5 (straggler) B, 26 Xt H 4 95 & 47 Reduce-
Scatter, FR7EME Y A 6] 2 )5 52 1 AllReduce, & 42
FET IR FE . GenTree™ M3 5 51 A 7 1Y 1
) AR, it 38 T AR R F 1% AllReduce
TR A FESE PRI ST 1. 22 X & 1. 65
XRHIGE ., e Ah TR B R AL A 2T B Bl AR i
ANIE PR M AllReduce ) B 56 W8 , A 78 h 32 T
A BB T 1

(2) BHE TR 45 5 9 B« A8 R 23 A X o
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PEHN T 2 M E AE TR AR BOR L AL AR B AL (I QS-
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OBETFRE KB S8 E R TR TS, M
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i EEE (0 GEMM. FiLE: B 2 8] (9 il A
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30 Ay 308 155 A L FEAS B AIR B T ORI 1 2 Ok 4 K
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U8 Y GPU A7 6 2B K 8 i A %) 854 1) 48 3
VAT B 458, T T IS 0 2K [ S A L DT S R R
B AF R I 248 KA, 33X ROk H S K& OIS
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Background

The research in this paper addresses the field of distribu-
ted systems for artificial intelligence, specifically focusing on
the challenge of training large-scale models based on the
Transformer architecture. With the exponential growth in
model parameters, reaching hundreds of billions or even tril-
lions, traditional single-mode parallel methods like data par-
allelism have hit a bottleneck. They face severe limitations in
computational efficiency, memory capacity, and communica-
tion overhead. Consequently, hybrid parallelism, which
combines multiple strategies such as data, tensor, sequence,
pipeline, and expert parallelism, has emerged as the domi-
nant paradigm to tackle these challenges.

Internationally, the state-of-the-art is characterized by
powerful distributed training frameworks like NVIDIA’ s
Megatron-LM and Microsoft” s DeepSpeed. These systems
have successfully enabled the training of massive models by
manually combining various parallel techniques. However,
the current understanding and application of hybrid parallel-
ism remain somewhat {ragmented and reliant on empirical,
case-by-case engineering. There is a notable lack of a unified
theoretical model to systematically analyze the intricate cou-
pling relationships between different strategies and define
their combination boundaries. This gap makes it difficult to
explore the vast design space of parallelism strategies in a
principled manner.

This survey paper addresses this theoretical gap by es-

SUN Yu-Zhong, Ph. D. , professor. His main research
interests include big data intelligence analysis ( machine

learning) and calculation.

tablishing a unified framework for hybrid parallelism. It de-
constructs existing parallel strategies from the fundamental
concepts of intra-operator and inter-operator partitioning,
providing a coherent mathematical representation. This
framework serves as an extensible analytical tool to system-
atically understand, compare, and design complex hybrid
parallel configurations. Furthermore, this paper charts the
evolutionary path of automatic parallelism search techniques,
which aim to automate the discovery of optimal training
strategies, moving beyond manual tuning.

This work is a fundamental part of the Science and
Technology Innovation 2030—Major Project “Elastic Accel-
erated Distributed Training with Multi-core and Multi-en-
gine” (No. 2022ZD0119104). The project’s primary signifi-
cance lies in developing the core technologies required to
break through the systemic challenges of training future tril-
lion-parameter models, which is crucial for advancing generative
Al and maintaining competitiveness in this strategic field. Our
research group has a consistent track record in distributed sys-
tems, cloud computing, and heterogeneous computing. This
survey builds upon that expertise to provide the theoretical foun-
dation for the project. Specifically, the contributions of this pa-
per—the unified framework and the systematic analysis—form
the essential theoretical groundwork that will guide the project’s
subsequent research and development of novel, efficient, and au-

tomated distributed training systems.



