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1. Introduction

Of 2HO| 371X| ECh

1. Quick intro to theory

« O|2& 2122} Transformer?| (L E20| 3|22/ B0

= 00| HER|, oty S oA 0|22 T|27F LA
“Feedforward layer?t hidden dim &0 0| 22| & 7} BL0| Z}&X|GIC}”
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2. Clear code implementations

o NEE & FE: Picotron

OI=

nx

A A

M D= Nanotron
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3. Real benchmarks

- T ALz BT (HERZR, Eetof Tef THE)

- Chet A& ZIHZITH 512 GPU) Alg — SAH7L 7| 23
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FHW 7ts



2. Compute efficiency

1. Introduction

[Overview] O] 2HOf|A{ C}

1. Memory usage
. %|-
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= 7|22 ot M| 71A| M EAXE
9| training stepO| GPU O 22|0f ot S0{7}H
« Ex) batch size, model size7t & 3™ — OOM
« GPUZ} 7ts6t st

o oF “A|4P0| &S

AIZSIEE] (H|0| A4, idle E22) HH|Z|= A2t
« Ex) GPUZt HIBEA| alidd Z0F 5t QIO 2[11 =25 (S4 C7| A|ZHS HH)
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> intra-node (HiL=

10| T StA| Al
NVLink)2} inter-node (=2! InfiniBand)

nHN
2
o

]



1. Introduction

Trade-off: 2 7|H=0| |2 2]-A|4F-F 41 ALO|O| A 5HLES 5| Che AS 7l
« Ex) Recomputation: &7t activationS A &5HA| ot T SHTY CHA| H|AL
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e Ex) Tensor Parallelism: &l

ON

— (&) S g, (B) SUS St

© HE2 HO SHL7HORLITH — Q1I2} 30| T2t 2120] RHS T 20| 4!

Summary: LLM &&9 22 o22| / A|AL SAH[E M| 7HA]

© DS B25} O 225} 7|HS 22 0| M| 2 AOIolA trade-offS ZH5tE 2
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2-1. Overview

2. Batch size (bs)
3. Batch size?| trade-off
4. Tokens 7|2 batch size

5. 2 &Y challenge: OOM
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2. First Steps: Training on One GPU

2-1. Overview

=IT
e

1. 712 4

i
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- DES T GPUOIM otee = 3A 3THAV Bt=
« Step 1) Forward pass
« Step 2) Backward pass

« Step 3) Optimization step

- 2AEtEE B 2l Ml 2HEE 2 A
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2. First Steps: Training on One GPU

2-1. Overview

2. Batch size (bs)

« Z9|: 5+ 9| forward/backwarddi|Al x{2|5t= sample 7H4
« 219 M: Gradient’ noisy
— of5 280 landscapes W22 BHA, but 2 8H0l|l= =
« AM: Gradient’t =t
O

— AZHO[R|T 4 EFZS EFH2= AE X convergence’/t H =& &+ QU

0%

olo

* O|Al: DeepSeek-V3/R1: bs = 3,072 — 15,36022 MR 2= ZTIA|H 469B tokensTtA| &t



2. First Steps: Training on One GPU

2-1. Overview

3. Batch size2| trade-off
« 2k2 phs — [ B2 optimizer step L — compute time =7}
« 2 bs— OOM e 7 (GPU Gi|22| £5)

« AMA|: Final A5 optimal batch size 22{0{| A= 3H| BI51A] %42
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2. First Steps: Training on One GPU

2-1. Overview

4. Tokens 7|=2| batch size
© (LLM BHE0IME) BE “ME T4 (bs)’ 7} OfL2t E2 Th4(bst)’2 2
« AAE bst = bs X seq (seq = sequence length)
* Of|Al:
* Recent LLM sweet spot: 4M-60M tokens per batch

* [ LaMA-1: 4M tokens/batch, total 1.4T tokens
* DeepSeek: 60M tokens/batch, total 14T tokens
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2. First Steps: Training on One GPU

2-1. Overview

5. 2 YR challenge: OOM

Data Parallelism

* bS% 3.7'” 9|—C|>—D|_:| — GPU memOry7|' —?——i—' (OOM) .« 7eRO 1.2.3 (O-G-P)

Model parallelism

« Multi-GPU &5&: & 24 =7| {loll parallelism AtE

Tensor Parallelism (column + row)
- Data/tensor/pipeline/context parallelism & * Tensor parallelism
Sequence parallelism
Context Parallelism
Ring attention & Zig-Zag Ring attention
Pipeline Parallelism
Forward only
All Forward All Backward (AFAB)
1 Forward 1 Backward (1F1B)

Interleaved Pipeline Parallelism
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2. First Steps: Training on One GPU

2-1. Overview

Summary
« 7|2 loop: Forward — Backward — Optimizer step
+ Batch size: &8 £, 2t¥Y, compute E2/40|| 22
* LLM 850l M= batch sizeE token T2 2= 20| LHA
« Sweet spot2 2|2 B~ 0t tokens 4=
« 2 batch sizeg 22{H HHACZ OOM 0| &/
— O[A &4t k52| Ol !

L

16



2-2. Memory Usage in Transformers



2. First Steps: Training on One GPU

2-2. Memory Usage in Transformers

A) Profiling the memory usage

o Transformer St&SH I GPU O 22|0f 3A| Y| 71A] XA
« (1) Parameters / Weights (22! 7}=2Xx|)

[/ W
* (2) Gradients (Y IOf| A AAtz| = gradient)

* (3) Optimizer states (Adam Z& Optimizer?t A&3st= momentum, variance )

 (4) Activations (Forward pass =7t 22} Backward pass@| gradient AAH| & L)
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2. First Steps: Training on One GPU

2-2. Memory Usage in Transformers

A) Profiling the memory usage
« Note: H|22| AtE T = A=ts| AlAtst = & A S
« 0|&: CUDA kernel overhead: 5 1~2GB 114422 x}X|
* Ex) torch.ones((1,1)).to("cuda") &gl — nvidia-smiZ =QlstH 7|2 0| 22| AF H A
- HIY / St 21/ H22] 22} (fragmentation): A~ZF0|X| B &P A] ZAY

- OefM Ol F22 HAZ 42 d+0let FAl 7ts
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2. First Steps: Training on One GPU

2-2. Memory Usage in Transformers

A) Profiling the memory usage

« TensorQ| 22| A7|2 ZHst= o4

* (1) Shape: batch size, seq length, hidden dim, att heads, vocab size, sharding H& &
* (2) Precision: FP32(4H[0|E), BF16/FP16(2HI0|E), FP8(1HIO|E)

- BV == U2 ArEE0| 20
— Mixed precision training Al40{|M ZIM|5| Ct&

« Memory profiling (0| 22| A2 2tz

U

H St
ol

2

* PyTorch profiler& 0[&5 S 22 EXE =+ US

- H&E2| AFE2 stepOfLtt

rE |I|>
pol

I
Ct=
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2. First Steps: Training on One GPU

2-2. Memory Usage in Transformers

A) Profiling the memory usage

Memory profile of the first 4 training steps of Llama 1B

70

Memory reserved (max)
— — Memory requested (max)
=+="=—"""——"""+"="——""=" "= === " — = = —"———— == == == mmmm Unknown
Autograd detail
mmmm Gradient
Activation
mmmm Optimizer state
40 mmmm Parameter

O|Al: Llama<2l St training step =9t GPU H| 22| AF2 THE
- MAOEZe B

FWD BWD OPT - A|7|_|' %(—?—) 4 step
0 1 2 3 4 5 6 7

Seconds

Memory profiling (|22 AF2 Ztzh 2!
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2. First Steps: Training on One GPU

2-2. Memory Usage in Transformers

A) Profiling the memory usage

Memory profile of the first 4 training steps of Llama 1B

70
Memory reserved (max)
— — Memory requested (max)
e e e Al i e e T e i i e e e e e === Unknown
Autograd detail
Gradient
50 -
Activation
Optimizer state
40 mmmm Parameter
0 - ojn| o
2 I | . B { Parameter DY JSR| — 84 7IKo| ZX (#51%] 242
; 5 - Activation Forward pass 7t Z1t. Forward A| 25| 75t
1 - -
i Backward & &} sH&|E
0 Gradient Backward THA0lA 44 Backward7} Z2LHH LA[Ho 2 ZtA
FWD BWD OPT Optimizer state Adam 50| SX|5t= momentum / variance. A step 0|%
i ' ’ ’ ) 5 : ? SE{ A 9

Seconds

ope = Autograd buffers 2 unknown PyTorch autograd LIS I 2 CUDA 7HA|
Memory profiling (B|Z22| AtE 226




2. First Steps: Training on One GPU

2-2. Memory Usage in Transformers

A) Profiling the memory usage
* Forward pass (FWD)

+ YAO| layerg A|LIHM St activation0| 5245 S0I'd — 22t g45

- 0| (&% backwardof|M) Gradient 2|42 {3} O activationE2 YAl A&
« Backward pass (BWD)
« Gradient?} Al4HE|O] M EE0| 4l

« SA|0f| AFEE activation 2|0 A2t Sf|A — EatA ZkA

un
2
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« Optimization step (OPT)
« Optimizer state (momentum, variance)7} &7} 2| > LA A2 HM

« O| optimizer state= C}2 step O|=| = HOIRU0] baseline 22| & F{1&o 2 = °



2. First Steps: Training on One GPU

2-2. Memory Usage in Transformers

B) Memory for Weight/Grads/Optim states

- LLMO| 22| AFEES Hdot= 72 M &
« Gl 71=2| (Parameters / Weights)
« J2jC|AUE (Gradients)

- SE|0}O| 2] AEH (Optimizer states)

« O M| 7}2|= A4 GPU B|22|2| THEES 2tA]
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2. First Steps: Training on One GPU

2-2. Memory Usage in Transformers

B) Memory for Weight/Grads/Optim states

[1] T2t0]E £

- (ot ERHARMH O T Hi2fl|E] = LS A2 A

N=h-v+L-(+h®>+ 1h) +2h
hA20] 2|l 2!

— M2t hO| HZ4ZE & 37|71 A2 82 27}
(5, 2ES 28| 7| 2T Oi2t0|E = 481, 22| = HO| 48] 2 )

=

e h: hidden dimension
e v:vocabulary size

e L:layer
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2. First Steps: Training on One GPU

2-2. Memory Usage in Transformers

B) Memory for Weight/Grads/Optim states

[2] FP32 (Full Precision) st& Al 3| 22|

« 2} 2 =9| byte 4~
* Weights: 4 bytes
« Gradients: 4 bytes

* Optimizer states (Adam): momentum + variance = 4 + 4 = 8 bytes

Mparams — 4N7 M grad = 4N7 Mopt — 8N

3t = 16 bytes x IV (T2t0|E{L).
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2. First Steps: Training on One GPU

2-2. Memory Usage in Transformers

B) Memory for Weight/Grads/Optim states

[3] BF16 (Mixed Precision) stz A| i 22|

N

« QR Z AHtH o = Mixed Precision AFE (weight & gradientOf| etsHAM= 2 bytes)
- 2 =9 byte

* Weights: 2 bytes

« Gradients: 2 bytes

« Optimizer states (Adam): momentum + variance = 4 + 4 = 8 bytes

- YT 2t0[E2{2|(Nanotron 5)= gradientS F7}2 22 FP32= A sl otdd= = — +4 bytes

e FP322 AHZ&E weightsE “master weights’2tl £ 2 27



2. First Steps: Training on One GPU

2-2. Memory Usage in Transformers

B) Memory for Weight/Grads/Optim states
[3] BF16 (Mixed Precision) stz A| 3| 22|

* Q1) Mixed Precision2 H|22|= &42F? No!
« BF16E AES Itff, A4 HHEHEE 2 5152
« (Z2¢ot updateE 2I5Hf) FP32 HI{= F7[=2 =10 Q0{0}!

O|2 QI5l + 4N bytes

28



2. First Steps: Training on One GPU

2-2. Memory Usage in Transformers

B) Memory for Weight/Grads/Optim states
[3] BF16 (Mixed Precision) stz A| 3| 22|

- Q2) 2™ O 20| 4 bytes #2| 2 A &5IH £ = OFLl7}? No!

. SAS A APDL 0| YAB| T2 BlAAEts H)

O -

Sl A4 Compute) X|Z(Storage)

o|O| Q40| HN=E YOojLt= I (Al = 8) GPU 220 2= EEtsh= 3¢

CHE of forward/backward Al multiply, add, matmul & weights, gradients, optimizer states
CH Tensor Core QA CHQ| GPU VRAM 2%

GPUOIM 71 2 832 A4t £ (throughput) O|X|, X{Z&37t0] OF

, JEjM AR JHEABF 6) SIEIME, RESH ZHS "X A| FP32"R HESH= M .




2. First Steps: Training on One GPU

2-2. Memory Usage in Transformers

B) Memory for Weight/Grads/Optim states
[3] BF16 (Mixed Precision) stz A| 3| 22|
- Q2) 2™ O 20| 4 bytes #2| 2 A &5IH £ = OFLl7}? No!
a) A4t (Forward/Backward): BF16 AtE
* BF162 2byteO|22 0| 22| CHHEZ0| At — A4t [T} 28| 0|4 et
|

« Tensor Core= FP16/BF160{|Al 2[12 &2 &

« =, AL S SR + activation B|22| HY
 b) YHI|O|E (Update/Optimization): FP32 AtE

« BF162 ZUE T} LIOfA] OFF 2k2 gradientE 022 Y22l (underflow)

.« T}20], weight YH|0|E-= FP32 master copy= 4=l A&tz 2] v

—lon



2. First Steps: Training on One GPU

2-2. Memory Usage in Transformers

B) Memory for Weight/Grads/Optim states

[3] BF16 (Mixed Precision) stz A| 3| 22|

Precision oA &0 GPU &8 Activation 0| 22| orIE N
FP32 =zl = 2 pSps!
BF16 it = =2 xS SOP(HAUT &4

BF16 + FP32 copy =0 (o V3 t

rlo
ol
4O
<
rO
oA

] YO0l V Bk

e FP320FAOi: LM Y DR &tS E7t5.
e BF16%t 2A04: W2 X|0t £X| 20, shE AlIf Q&

e BF16 + FP32 copy: =2| ZHS 2+ F|&h.
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2. First Steps: Training on One GPU

2-2. Memory Usage in Transformers

B) Memory for Weight/Grads/Optim states
[3] BF16 (Mixed Precision) stz A| 3| 22|

e Q3) Gradient accumulation A|, 25|24 BF16 > FP32< =&?
* Yes. FP32 == BF162I0|, Grad accum.7tX| & H20|= £56|2{ BF16 > FP320|C}!

Model parameters FP32 or BF16 w/o FP32 grad acc BF16 w/ FP32 grad acc

1B 16 GB 20 GB

/B 112 GB 140 GB
1120 GB 1400 GB
6480 GB 8100 GB
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2. First Steps: Training on One GPU

2-2. Memory Usage in Transformers

B) Memory for Weight/Grads/Optim states
[3] BF16 (Mixed Precision) stz A| 3| 22|

* Q4) Gradient accum FP320{|M X & 4~ =71 OfL7}?
* Yes! Grad accum & Precision AtAl= A2 22
- Cth FP/BF162tF0A= E0f 717t &
 FP32: GradientE FP322 &
* BF16: GradientE FP162 {2

— 0|2 J&0|M =4 = BF162= ofH 22 gradient=S0| |5 AtefA| 1l stg =2

33



2. First Steps: Training on One GPU

2-2. Memory Usage in Transformers

C) Memory for Activations

ActivationsZt?
 Forward pass = 2} layerOf|A| AAtEl 27+ =247k
« Z{Zo| W M: Backward pass M gradient A|4AH0f| CEA| AMOFSIE22, Forward 20| 248 A& S

=2+ 0o

Questions
- Q1) ActivationO| g0OiL} U2 22| = X A|5t=A]?

- Q2) Activation explosionO| 2ff 47| =4|?

34



2. First Steps: Training on One GPU

2-2. Memory Usage in Transformers

C) Memory for Activations

ActivationsOf| Z st 3| 2]

0%k
o

h

seq

bs

Nheads

o|o|

2{|0[0] 7=~

sequence length (E2

batch size (MZ )
hidden dimension

attention heads £

Mot = L -seq-bs-h - ( 2 - 5°n}‘ezls'seq)
85 A
batch size (bs) activation H|22|0f| M&(linear) H|2]
210]) sequence length (seq) activation H|22/0| H|Z(quadratic) H|2|
hidden dim (h) activation HI22|of| M& H|z|
2l0]0f &~ (L) M dlg|

« batch sizeE 2H{|Z 51H 0| 22| = 24}
« seq lengthS 2U|Z 53 0| 22| = 4b)
— [I}2}A], seq length£ 7|H activationO| A|H|ZIQl O 22| 7L |



2. First Steps: Training on One GPU

2-2. Memory Usage in Transformers

C) Memory for Activations

- [xZ] Sequence length (EZ Z0J)

- [y2] GPU K 22| (GB) seq lengthE 7| ™ activationO| X|H{ZIQI Of|22| 7} !
Meta-Llama-3.1-8B Meta-Llama-3.1-70B Meta-Llama-3.1-405B
1500 8000
B parameters
25k
W gradients
6000
> 1000 20K optimizer states
(@)
aE) ADG6 15k M activations
e
2000 |
— o
EEEmp——— — B B B 8
o I E— [ I . . . — oIl Il BN BN BN
1024 2048 4096 8192 16384 1024 2048 4096 8192 16384 1024 2048 4096 8192 16384 -



2. First Steps: Training on One GPU

2-2. Memory Usage in Transformers

C) Memory for Activations

23] 2%
1) Param/Grad/Optim — 28! 37|00 dependent

(1)
* (2) Activations — seq len2t bs%| dependent
« £5] seqlenO| 8k~16k O|AO|™ activationO| XA H|22|2] HEES =X

M7= 244 “Activation explosion”
« Llama-70/405B &2 24! 71 sequence &5 A| activationBte 2= £~ ~40F GB 0| 22|
« GPU 4|22 FA|(4]: H100 = 80GB)0j| Ht= F£&l<al

— 0] “activation explosion”0| LLM st50j|A] 712 2 0|2 2| HZ
37



2-3. Activation Recomputation



2. First Steps: Training on One GPU

2-3. Activation Recomputation

A) Activation RecomputationO| 2t
Al I 22| 017 7| 93l L activationsS A 25HA] U1, LIE0| LS i) CRA] A|AFStT
Of2f Ml 25 Zt2 7id

_|O|'

 Activation recomputation
« Gradient Checkpointing

« Rematerialization

& = Forward — Backward 22 2188t i, 2=
« Forward: 2 layer2| activation= A&
» Backward: O] activation= 0|23 gradientE A4t

39



2. First Steps: Training on One GPU

2-3. Activation Recomputation

A) Activation RecomputationO| 2t

« ZA|E: 2= activation= A &otH GPU 4| 22|7F B &

« £79] sequence Z0|7t 245 ¢ !

se o |
« S22 YE jctivation2 A &5HA| %10, Backward Uff = 235HH CHA| A4 (recompute) S

Lo
|22 Moot CiAl AAS Sale et

1
N
=2
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2. First Steps: Training on One GPU

2-3. Activation Recomputation

B) Checkpoint #i2f

1. Full recomputation
« 2t Transformer layer AFO|& checkpoint=2 A| &
« [¥] 0&2e| ek 23t (2[CH)

+ [T BHRIT A4 30~40% E7t - B AlZHE ZOj2

2. Selective recomputation

« 2= layerg CHA| Abe Ho= Gl
« Attention= FLOPs CiH| Of|22| dR7 2X| LS — AEL T2 X
« FFN& activation 37|7} A checkpointing &

41



2. First Steps: Training on One GPU

2-3. Activation Recomputation

B) Checkpoint #i2f

1. Full recomputation Oj|A|
« GPT-3 (175B):
© GPU D 22| AL 1/322 2015 + &8 45 2 1.3-1.48) 242

2. Selective recomputation G|A|
« GPT-3 (175B):
« GPU K22 AF22F: 70% 24 + AMEF2 2.7% STt
* DeepSeek-V3:
“Multi-Head Latent Attention (MLA)” +22 attention activation A& 3 7|8 ¢ =%

42



2. First Steps: Training on One GPU

Memory Usage with Recomputation
° )

([ ] activations
optimizer
gradients

150 B parameters
o Model Size:
° O
B) Checkpoint Z&f : o
g 100
g Recomputation:
= selective V
Memory Usage with Recomputation 50 None
selective
200
0 full
activations 1024 2048 4096 8192
optimizer
gradients Sequence Length
150 B parameters
a Model Size: Memory Usage with Recomputation
% 1BV
£ 100
o
g Recomputation:
= None v 200
tivati
= None ac I.va. ons
optimizer
selective gradients
150 B parameters
0 S full
1024 2048 4096 8192 o~ Model Size:
Sequence Length 8 1B v
2 100
g Recomputation:
= full v
-— . 50
£5| 22 2YI0j| A= seq len? 245, activation
= iy = — =T 1,
selective
= DE M ; 3 O _— _——-—— _—_—— full
|30| 9"2'_ , reconlputatlon _8_ 7 = 1024 2048 4096 8192 ’E
Sequence Length




2. First Steps: Training on One GPU

2-3. Activation Recomputation

C) FLOPs & =/4 (HFU vs. MFU)

[1] Floating Points Operations (FLOPs)

- Fsasd dih sl ("HotL B2 Aiks =01)
« Al 13 — 1 FLOP

 Activation recomputationO| FLOPsS =&iC}!

« Recomputation X: &2l st 12| forward + backward® =&

« Recomputation O: Backward 20| &5 forward A|AHS CHA| &
« Example) forward &4t= 100 FLOPs, backward &4t =200 FLOPs

« Recomputation A| backwardOl|M forward YEE CIA| AH|AL

* 0f|: 50 FLOPs &7 — & 350 FLOPs s=2ii! 44



2. First Steps: Training on One GPU

2-3. Activation Recomputation

C) FLOPs & =/4 (HFU vs. MFU)

[2] Hardward FLOPs Utilization (HFU)
20F: GPUZ HOfL} Bt =71 E= &E
« =4|: (Total FLOPs) / (GPU FLOPs)
* Recomputationg 28 HA| +&st FLOPs7t S0{LIL7F HFUE &5

[3] Model FLOPs Utilization (MFU)

. 20k DY IO WL HMY Cfy] ESS BE B

« 54l (Forward + Backward FLOPs) / (GPU FLOPs)

« Recomputation2 “2R Q= 7t AAP0|22, MFUE § Y
45



2. First Steps: Training on One GPU

2-3. Activation Recomputation

C) FLOPs & =/4 (HFU vs. MFU)

04l A1)
« GPU 2|0 d=: 120f 1000 FLOPs 7}=.
+ 29 1 stepQ| 0|22 AK2E: 500 FLOPs

s x| =845t FLOPs ALtAIZE HFU MFU
712 && 500 (ES 500/1000 = 50% 500/1000 = 50%

=l

Recomputation & 700 (500 + X{AAF200) 1.1= 700/1000 = 70% (GPU 4 HIE)  500/1000 = 50% (ZE2 & 214

46



2. First Steps: Training on One GPU

2-3. Activation Recomputation

C) FLOPs & =/4 (HFU vs. MFU)

Summary
+ Recomputation GPUE [ HfEEH| DS 0 A
- HFU= S27HA| Bt
« &= 40| O A MFU= Y014
« GPU #lIz|0F3 g o HFUSH £ TEHSHH QHE
« Recomputations 2H GPU= O BIEX|BH A 2= S5 A4H0] B2
- [2tM, 22 ShE 2828 HIHE e MFU (2 HAHCHH] ££)E Y10 4§ 33
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2. First Steps: Training on One GPU

2-3. Activation Recomputation

D) Flash Attentionz}2] =2HA|

« HEE9| LLM &EHE FlashAttentionS AtE
* FlashAttention= A& 2= backward A| attention score2} matrixS recompute

* FlashAttention = selective recomputationS LS SEY

48



2. First Steps: Training on One GPU

2-3. Activation Recomputation
E) Trade-off A

e Recomputation -
o (Ch) AME=E 22 =2| &[0t
« (&) GPU422]| 2= =3

- A 3t ST 93502 O Waty £ S

+ GPUOIIM “A[AP2 ti2 1, “B| 22| Y272 =27 ],

« Compute > Memory access 20X recomputation0]| 235|2{ =54

49



2. First Steps: Training on One GPU

2-3. Activation Recomputation

E) Trade-off £tA|

s XN oze| AL £3

No recomputation o< 2 3 =2 X2t GPU 0| 22| =&

Full recomputation O %5 +30~40% Hi22| Zef Sl £ Xst S
Selective recomputation s +2~5% %A trade-off, Ci£E LLMO| AME

50



2-4. Gradient Accumulation



2. First Steps: Training on One GPU

2-4 . Gradient Accumulation

- “2 batchE ot #10f GPUO| = 22|LI7t, o] 7H2| 212 batch (micro-batch)2 LHH{ M 2Fth2
S &, 21 batch2| gradient= CioliA{ et 10| optimizer updateS of= &&”
- 7 HestEME A0l WY

r
4N

bs = gbs = mbs X grad,..

=3y |0

o

micro-batch size St HHO| forward/backwardO|A] z{2|5l= M= &

Ng

gradient accumulation steps HO| micro-batchE =& X|

global batch size optimizer step of HOj| A= BIYE|= A M= .




2-4 . Gradient Accumulation

Memory &2 21}
» Activation 22| batch 270 B|&]| (linear)
« O|f, gradient accumulation2
- “St HO|| StLEQ| micro-batch@t H|22|0f 22|12 %2/

« of HOj| % 2&Fet activation= 411, 0| batche| A2 HIZ H|E

2. First Steps: Training on One GPU
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2. First Steps: Training on One GPU

2-4 . Gradient Accumulation

CHA: Slow
« St Optimizer stepO| (Forward + Backward)S ¢42{ tH 4=3l5}l|Of et
« S, G Sl= 201G =21 A — A|ZH0| § &

|, - AT =

« GPU utilizationO| 4o} £ Q1S
Data Parallelism + Gradient Accumulation

« AM micro-batch “2F (Forward + Backward)= A2 S2|A
o [L2tA O|Z 02| GPUOIM & 22|e o~ /S — Data Parallelism
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2. First Steps: Training on One GPU

2-4 . Gradient Accumulation

Summar
y — | | | | | | | Model
) o Forward pass
y= u - . Backward pass
B e “%". Forward pass
2 2 batchE LA K22 Z2(00M) &X| e i Backward pass
T = Forward pass
ZAl gbs = mbs X grad,.. O ¥ e e e s P s i T L T~ Backward pass
l vy ‘Vv lv" ¢V‘V ‘V‘V ¢VV ¢ \AZ

SEn —
= Activation 22| | (micro-batchZt {X]) j D D U D Gradients

b gt 2ol & | v v 4 4 4§ Optimization

&5t 0i2{ GPUZ H &3} — Data Parallelism *j—’ —’U—’D—’D—’D* — Updated model

Using gradient accumulation means we need to keep buffers where we accumulate gradients that persist

throughout a training step, whereas without gradient accumulation, in the backward pass gradients

are computed while freeing the activation memory, which means lower peak memory use. ..
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3. Data Parallelism

3-1. Overview

A) Data Parallelism2| ZHd
« 744 3 RS o2 GPUY| EA|SHAM, MZ C}2 micro-batchE SA|0f| x{2]
« OffAl:

 GPU1: Batch A

- GPU2: Batch B

ASH HEHH -
T—<4 ol-u-

- Step 1) Z GPUZt S-IHE S 2 forward — backward £=35t &
« Step 2) Gradient= E+ LiO{(all-reduce) 222 =7|3t
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3. Data Parallelism

3-1. Overview

B) All-reduce
+ 72| GPUDICt THE mini-batch2 Shg — E¢5| Gradient/t T2 AlLHE
- ofl 224 All-Reduce ALt= AtEd 2= GPUS| gradientS E«t

« ZF GPUZt A4St gradientE M2 &3 & LI+O| W

« 0|0f I}2}, 2= GPUZ} 22 ™ gradientE &5 — 2@ Ot2t0|6 7|3}
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3. Data Parallelism

3-1. Overview
B) All-reduce

7~ A
Process 1 Process 2 Process 3 Process 4

AllIReduce
2= LE(GPU)S| 2+2 4ot &,

-
Process 1 } [Processz } [ProcessS } Process 4 1 7E:| J_,__l'% E% iEO‘Il EI'A' LI'%‘.I _%E %ﬂ Hol.kﬂl

oy ey ey o 2 3t i oy e o S

i

N

Forward

lLziuydo

Forward : Backward

I

AllIReduce Grads

{7|AM 0,1,2= layerQ| index 60
https://www.google.com/url?sa=i&url=https% 3A%2F % 2Fbrunch.co.kr%2F%40chris-song % 2F96&psig=A0vVaw2vKwpdvLBIRL- 7 7 -
RhjrOF_gh&ust=1759666950917000&source=images&cd=vfe&opi=89978449&ved=0CBUQjRxqFwoTCLjA763EipADFQAAAAAJAAAAABAE



3. Data Parallelism

3-1. Overview

C) Naive DP2| stA|
+ K Tt T

. Step 1) 2= GPUZ} forward + backwardE &2

—

« Step 2) GradientZ all-reduce

« Step 3) Optimizer step
¢ 2|9 —-—7~1I’“2 Backward Lt S4l(all-reduce)2 7|Cle|= S GPUSO0]| idle

— &, AlAtot E41 0| “2lE X (sequential)’2 2 £8lE|= 2| H[EEH

21
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3-1. Overview

D) Naive DP2] sl| ZzH

42t AlkE 82|7] (Overlap)

3. Data Parallelism

« Backward &7+&7t01| partial gradient/7t 47|® — JUjojct HEZ all-reduceE A2t

« = gradient A|AHCompute) & gradient =7|2HCommunication)S S A|0| 2I3H

g0

Model replica / instance
Micro-batch

All-Reduce

Overlap

o|o|

GPUOICH SAME Sst 2

2} GPUZ} XM 2|5}= Cl|O[E] T

2= GPUQ| gradientE ¢ U S7|slst= S41 Q4

EMDF A

B =

Mj0

SA0f| TlshH= =X} 7|
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3. Data Parallelism

3-2. DPvs. DDP

A) DP2+? DDPEF?
. ZEH: ‘2| T2}0|E1Z 0i2] GPUOIM SAI0f 3t57517] 213t parallelism

« 2t0|&: (1) DP (Data Parallel)
- et Z=N|£(process) 2O Ol GPUE A & LHIFHL 2= d= L2 + K2 B[ 2
 StLEQ| G|ol T2 M|A(GPU 0) 7t US
« Forward/Backward =, Zf GPUS| gradientE GPU 022 2 OfA T2
-« GPU 00| weight2 HO|0|ESt &, CtA| CH2 GPUY| broadcast
« BE gradient?} GPU 022 20|22 GPU 00| I/O L AHAL HEho| 2
- HE| == =71 (et 4l Lf 02| GPURH ARE 7t5)

- Hl==4 0|22 A (20| 4 GPUDILL M= =AHE) 64



3. Data Parallelism

3-2. DPvs. DDP

A) DP2+? DDPEF?

- S8 ‘2EO| OI2i0[EE o2 GPUNM sA|0| st575t7| #let parallelism

2}0|4: (2) DDP (Distributed Data Parallel)
- GPUOICH SAUE T2 M|A (=212t Python Z2M|A, ST E DE 24)).
« 2t T2 MAE AH7| GPUS| G|O|E{E 7tA| 12 Forward/Backward.
« Backward & gradientES NCCL &4!(collective all-reduce) 22 2= Bzt
« 2= GPU7} SA[0] Lot YH[O|EE A&
« GPU O B2 92 — EAIZ all-reduceZ E4F %2

- ZE| E XH (B4 Ut SHETHS)

. S5 429 880| 94, U|22] AFBE DPECt 2 :



3. Data Parallelism

3-2. DPvs. DDP

B) Summary
= DP (DataParallel) DDP (DistributedDataParallel)
T2MA A2 |17 Z2M[A, 0f2] GPU &4 & GPUE 171 Z2M[A
S4 Al GradientS GPUOLZ 20tM update | All-reduce® 2= GPUZI SS6HAH EA
g CrY o4l oty HE| =E(E224H) A

a2 GPUOY| == = (Bt &)

22 o8 THH/EHAEE PyTorch &4 g 4

TE oA nn.DataParallel(model) nn.parallel.DistributedDataParallel(model)
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3. Data Parallelism

3-3. Three Optimization Steps

Data Parallelism2| 37}A| z| X s}
« “HAt(Backward)2} EAI(All-Reduce) € x|, 22 EAIS 21 2LQSH EAIS Mz
o A MOl M| EHA:
« A) First Optimization: Overlap Gradient Synchronization with Backward Pass
Second Optimization: Bucketing gradients

. B)
« C) Third Optimization: Interplay with gradient accumulation
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3. Data Parallelism

3-3. Three Optimization Steps

A) First Optimization: Overlap Gradient Synchronization with Backward Pass
* Naive DPL| 24| &:

« Backward?} 25 Ztt £0]|0} all-reduceE A3 — GPUZ} E41 S0{|= idle AHEH
. Si{ZIH:

« LayerZ2 gradient?t A4tE|= SA| BEZ all- reducea INE=3

« =, backward(A4h 2t all-reduce(E4N)E SA|0 £

. BT WA S AE A

* O|f: (Backward2t S410| H2[22) GPUZ} 2l AlZE 72l 8l — S4I Ci7| AjZH]
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3. Data Parallelism

3-3. Three Optimization Steps

A) First Optimization: Overlap Gradient Synchronization with Backward Pass

ziuydo

Forward

Forward : Backward

GPU Communication: “

Backward?t @E2Z(0tA|8t [ayer)EE{ A|ZtE|Z}0FAL 1O layer®| gradientES =A| all-reduce A|2t
— GPUE= A& AlLHS SHHA A0 S4lE 3l

AllReduce Grads

Forward Forward

Pziuydo

: Backward

AllReduce Grads

GPU Computation:
Forward pass

II nunuuu Backward pass

GPU Communication: 70




3. Data Parallelism

3-3. Three Optimization Steps
B) Second Optimization: Bucketing gradients

« Naive DPL| &A4]|A:
« I2t0|E{7} £ 7i2tH, gradient tensore =418k 7H
« 22 dlN T2(Z all-reduceE BHESHH - 4 2H{3E Y
£}
- 0{2{ gradientE |0{A otLte| & B2l (bucket) 2= CH=1
o “212 Bl Of2] B EUZ| L0 2 A 2 INZ FOA ELA}”

-

°
ol

T
N
rf
£
Hu
o
rE

9] all-reduce =3t

71



3. Data Parallelism

3-3. Three Optimization Steps

B) Second Optimization: Bucketing gradients

| Forward

Rziwydo

Backward

Forward

AllReduce Grads

GPU Computation:

Forward pass

II uﬂuuﬂu Backward pass

GPU Communication:

‘ Bucket22 S0{A{ 2|

Forward : Backward

Forward

Rziuydo

AllReduce Grads

GPU Computation:

Forward pass

GPU Communication:

Backward pass
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3. Data Parallelism

3-3. Three Optimization Steps

C) Third Optimization: Interplay with gradient accumulation

* Naive DPQ| 24|&: (Gradient accum A|--)
« 2t micro-batchOC} backward?} 02] tH 2 0oj Lt
* Naive #3812 O all-reduceE &5 > 8
. S{Z2H:
« micro-batch AFO|Of| A= gradient syncE ZHA| 7HE7|
- OfR|2 backward (optimizer step 21 )0]|2t St & all-reduce £=&.
« 21}
« 2L QS all-reduce HH — E41 55} |

« accumulation?| 22 2= (2 batch 21})&= 74|

%% %AI HFAH

o
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3. Data Parallelism

3-3. Three Optimization Steps
A--C) Summary

E| X5} THA| sli#l ofo|C|of k=¥,

1. Overlap backward®t all-reduceE SA[0l £ S 7] AlZEAA
2. Bucketing &2 gradient {01 8t #0f| M& SMUESE S
3. no_sync() accumulation 2t A1 Mzf SEHest 541 HA

Data Parallelisme| 288 =
(1) backwarde}l E41=2 x|
« (2) 22 gradientE £0{M &5t

« (3) accumulation &7l E41= 42k (no_sync)

—_
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3. Data Parallelism

3-4. Revisiting Global Batch Size

A) Global Batch Size

- Data Parallelism + Gradient AccumulationS &2l “2|Z& 9l batch size &2 Z41”
- HE2HOZ (batch-wise) 2| &= U= GPU £=2F,
(@)

2
o A0 2 (accumulate) A2leh = 9= micro-batch &5 &5}7|

bs = gbs = mbs X grad_acc X dp

71 ojo|

mbs micro-batch size (GPU 5tLt7t 8t 0| X 2|5tH= ME 4)
grad,cc gradient accumulation steps (XM 2 SA5t= Sl)
dp data parallelism (SA[0| HE=E =2|= GPU replica 7i=)

gbs global batch size (& batch 37])
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3-4. Revisiting Global Batch Size

B) Data Parallelism & Gradient Accumulation2

« Gradient Accumulation

« &2t (sequential) 7|

Y

+ GPU D227t 223 f, 22 batchE 0f2{ ¥ BH25HA =3

— A&CE LA (221H0 2 S0 IR)

* Data Parallelism
- HEH (parallel) 7|8
« 02 GPUZI A0 27| Tt 40| ME= o5,

S CE RS )

3. Data Parallelism
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3. Data Parallelism

3-4. Revisiting Global Batch Size

B) Data Parallelism & Gradient Accumulation2| 24|

° E [:|- batCh SIZG— %Eél —/|\— 9\)'\% I:cl) | | &= Data Parallelism (dp) Gradient Accumulation (grad_acc)
A = 1= o &2| 24 HE (SAl0l| 0424 GPU) =Xt (8t GPUOIIA 0421 &)
* Data Parallelism "&£k (4 22)0f wEI - sz ey o2l o
* Gradient Accumulation2 “‘H|22] 2P 0f =2 &3 20 GPU 7h4: 31 N
GPU 22| &k JOHE RX| HA AL

i
oo

Compute E8 =2

« HAOAMOl AR
 Step 1) HA 7156t 8t 2 GPU(dp) S A3l HHE Xe| &3t
« Step 2) J2H% global batch7} £&317{Lt GPU 0| 22|7} 2235t gradient accumulationS 27}

oII
°||-|-

78



3-5. Our Journey Up to Now



3. Data Parallelism

3-5. Our Journey Up to Now

Throughput Scaling with Data Parallelism

=

Throughput (tokens/sec/GPU)
~

| -6.3%
« [xZ] Data Parallelism (GPU 7§%>, DP rank) 0% [ -12.0%
30k |-15.0%
20 ‘-40.60/0
10
« GPUY &&(Throughput per GPU) 2 dd 4o
8 16 32 64 128 256

A) Throughput Scaling with Data Parallelism
* [y=Z] Throughput (GPUY 2Y 2| EZ )
- 23} GPUR EZLE .
y O|‘IC'>|': GPU %O'I Lél-‘jli% %tl EH'lg'"E(A”'REdUCE)ﬂ' ﬁ% Data Parallelism (DP)
5| 1007l O ©O{7tH ring latency (E410| ot HIF| == 4| Z2|= AlZhH) 7 E=0| &

° X,y% 40k
* Total throughput2 S7totA| Bt
=
o« = AL} EAO| 2 SE overlap0| B8 HHYAHM 220| ==

o
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3. Data Parallelism

3-5. Our Journey Up to Now

B) Memory Usage Scaling with Data Parallelism

[ ] x y%
! Memory Usage Scaling with Data Parallelism
« [x=] Data Parallelism (GPU 7%=, DP rank) 37.5 —*— Memory Usage (GB)

* [y=] GPU Memory O 'T’E:';OJ;apr:Jcte(E)rlf:ns/seC/GPU)
. 23} GPUY 22| A2 72| UH (~36.8GB)
+ 0|9
- DP= 2t GPUO|| 2ot 28 SAtE2S =H
- GPUG O|22|= 22 37|0|| 2|3l 28, GPU 7i+2t 72
» CH4l GO[E{7} LI O] 207t2 2 Bl 2| M4
- 2Lt GPUT T2 2|l Het Qi

w
~N

36.5

Memory Usage (GB)

w
(9}

8 16 32 64 128 256
—_ =
| 37' 7|' Data Parallelism (DP)
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3. Data Parallelism

3-5. Our Journey Up to Now

C) Memory Usage vs, Sequence Length

* XYS
od H=2| S7F 9l
. =
[x=] Sequence Length 1B 2 ActivationO| ZtopA FA| K2 2| &
. =
[yjﬂ_] GPU Memory 8B 2! ActivationO| #X|0{ Sequence Z 0|0 w2} HZ22| ZF
° I%I-a- ZIZ-II Ad = G PU D'”EE' il‘}”ﬁ (O:” 8OG B) . 70B D&l Parameter(Zf2tA) 7t 2F =& — Sequence 200 H2| Ft gls
. ZE:

Memory Usage vs Sequence Length for Different Model Sizes

« 8B E2&!: Seq 8k~16k0|M OOM &
« 70B 2&!: Param/Optimizer H|Z0| AC{A

1B model 8B model
150

M parameters

[ gradients

optimizer states

[ activations

0 1024 2048 4096 8192 16384 1024 2048 4096 8192 1024 2048 4096 8192 16384 82



3. Data Parallelism

3-5. Our Journey Up to Now
D) Data Parallel £ A|E!

« Step 1) Global batch size (gbs) 24
- AL ASE S5 7t & £E5hE batch 27| MEH (ex) 4M tokens)

Step 2) Sequence length 24
- B35 2k~8k tokens (& H|O|E{Q| CHEE = A Z0|7} 4k O|5t2tM 2E4)
Step 3) GPU 1717t e &~ Q= 2|t micro-batch size (mbs) 27|
+ GPU H[22/0]] 23| mbsE 2 (OOM ot g H=2)
Step 4) GPU £=(dp) &3t~
« GPU 0f2] T2 LA EE X2
Step 5) (H2 gbsE 2H27| €/eh) grad_acc A4t
* gbs=mbs X grad_acc X dp
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3. Data Parallelism

3-5. Our Journey Up to Now
D) Data Parallel £ A|E!

« OJJA|) 2 H: gbs = 4M tokens (seq = 4k — 1024 samples)
* GPU Y mbs =2
« GPU &=(dp) =12
* grad_acc=1024/(128%x2) =4 —grad_acc4= E2E Al 2H 24 7ts!
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3. Data Parallelism

3-5. Our Journey Up to Now
E) GPUZ} § BrO}X|tH?

« O|A]) GPU 512CH At
. 22 2H batch(4M tokens)Z S2|5t2{H — grad_acc = 12 S0 28
« =, GPU £& 5242 22 =& (accumulation) CHAl HE 2|2 &5 SFAF
» StA[BH 5120 O| & FE = &4 H= (ring latency) O| HH M 28 5 — throughput 5t&}

— O|| B}2 Data Parallelism2] A#| 2l 57
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3-5. Our Journey Up to Now

.+ 5I2i|: DP= Zhehatm 225t Dh
2 M| 24 — GPU 22| Y

. EX WS - (H72 GPU B0l B8 B2

2

« DP L} ol{Z 2: ZeRO (Sharded Optimizer)
« DP 2| 5| Z2H: Tensor / Pipeline / Context Parallelism
— =, Model AH#|2 27|z WH=2 2H&ol0F &

3. Data Parallelism
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3. Data Parallelism

3-6. Zero Redundancy Optimizer

A) Overview
- 7|2 DPO| StA|IH: GPUZI HORLE — 4l 25|
« 7|12 DP Of|A]: 7|2 DPOIM= Zf GPUZt 22| “2tdet ZAIE"S 71
« M| 7tA| (Parameters + Gradients + Optimizer states) 25 SA}
« DHI0| 70B2tH, GPU 87HY tf — 2% 70B% =11 RS
Z 0|22| AF20| GPU 4= x 24l 377|012 £ £

— GPUZHS0IE4 SAIZ +0122] Y7t 22

II'I

-
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3. Data Parallelism

3-6. Zero Redundancy Optimizer

A) Overview

« 7eRO (Zero Redundancy Optimizer) £t?

. DPOIM 47|= H22] S5 (redundancy) 2 21017 2fal H=22| 2[X3}

REGPULEE 2 24 U= B2 X 4 GPUYZE 258 541 LIHA|= CFE GPUYAM 7t 24
. Optimizer states, Gradients, Parameters& L0 A&

* DeepSpeed 2t0|E2{2[0f|M XS Lol E

oL 2 Jio
T 0> _I_>r'_

« ZeRO9| &1}
« 2t GPUZt OE22[|2] 1 / DP 48 2}

I} 2
» GPU 7lie7t 2= HI22| 220 d¥Ee= &

89



3-6. Zero Redundancy Optimizer

A) Overview
« ZeRO2| M| &HA| (Z5)

CHA 23H(Partitioning) CHA
ZeRO-1 Optimizer states
ZeRO-2 Optimizer states + Gradients

ZeRO-3 Optimizer states + Gradients + Parameters

=

M 22| B =0t

5

oF 8~16Hl Z4

i

(22 Fx 1/DP 27])

oI O}L} B2 5HEFR HOFot=A| = Z= trade-off 24

3. Data Parallelism

pIn
0jo

Of¥
e

b
olo
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3. Data Parallelism

3-6. Zero Redundancy Optimizer

A) Overview
« /eR0O-1: Optimizer State

* Optimizer state (0l: Adam2| momentum, variance)2 2t GPUO|| &4F A&
« GPUY optimizer state 22| — 7|&2| 1/DP £&F22 ZA,

« /eR0O-2: Optimizer State + Gradient
 Optimizer step A|, 223t gradient?t all-reduce — S48 2&72H =7t

« Optimizer + Gradient 24| 1/DP2 &4

« 7eRO-3: Optimizer State + Gradient + Parameter
« 2t GPUE 24 MA|e| L F Of2t0[E 2t =
« Forward/Backward A| Z L6t HFEHI'IE Ot

o A 22| footprint?t 1/DPE &4, but EAIZFO| 712 or2
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3. Data Parallelism

3-6. Zero Redundancy Optimizer

A) Overview
« Q1) 2 Activation2 = LIFLE?
« A1) §H5| 2 Lks. ZeROZ DP AEY.
- Activations2 ¥ dataZ} Ct27| |20 GPULICH M2 CHE 2! (F, DP replica 7 22 X)

— Activation2 0§ & 3| recomputation2. 2 s} A5}{0fF &t
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3-6. Zero Redundancy Optimizer

A) Overview

* Q2) 2l Zero-1/2/30| Optimizer, Gradient, Parameters

« A2)

- ‘21 CHH| S E"HO|M 7H =2 &0l &=

5t=2 M= 2| H|S(CHEFE)
Optimizer states 7t 2 (TtEf0]EQ] 2~48H)
Gradients ni2tole A7(et ¢

Parameters nj2toje 37|

=2 optimizer?t 7t& 310, parameters= 74 critical (
J2fM ZeRO= “311 & S99t AFH AH|A” ot= Lo

o= It

of¥
J
(12
H1

o r
™
oM O
Jr o

re
rx
ofy
Ji

z| AHQly

A =2

|2

3. Data Parallelism
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3. Data Parallelism

3-6. Zero Redundancy Optimizer

A) Overview
« Q2) 2l Zero-1/2/30| Optimizer, Gradient, Parameter=2&2 2717t &= Z4L47}?
« A2)

o

Chas Met 0]

=]
w

- WA 02| F 71 2 FES 24| (weightsl| 2~44})
Stage 1: Optimizer momentum, variance |- Forward/Backward A| 2L ¢18, 22! optimizer stepd|A2F At
— =, AR BT Y Fe-E410] 7+ €L

/] = —
- HEZYM & HAZ 2 of=
Stage 2: + Gradients Backward Z1t= - Gradient= backward & 444 E| 11, optimizer step A| A0 B TR

o
- et M AN o T 2RI ElS — =86/ O

- O22|of|A 22| H|S-2 3 Z| 2, Forward/Backward 71 2HH0j|A 4 e
| - F, 24 A2 S(active use) — shardotH 422 T H|20| 2

— OFA| 9} THA|Of| MOF A= Tts

Wi

Stage 3: + Parameters | 2% 7=
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3-6. Zero Redundancy Optimizer

A) Overview

« Q2) 2l Zero-1/2/30| Optimizer, Gradient, Parameter=2&2 2717t &= Z4L47}?
« A2) Summary

+ (1) HI22| B|Z0| 2 £MUZ (e, 71 WO BV} 2 ARE)
© () A4 E AL WIEDH SR MR (e, SAMZY 2T
|.

- (3) U 2H5|E S7tE HAH2=2 49" 4 U 24

3. Data Parallelism
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3-6. Zero Redundancy Optimizer

A) Overview

 Summary

ook

a2
Optimizer states
Gradients
Parameters
Activation

O 22| =

S4 HIE

Data Parallelism (7| &)

A =K
A =K

A =K

=
30

X
£
i

pIn
0lo

ZeRO-1

3. Data Parallelism

S 88 5
H(gI Hglt Hglt 3
I TR T

=
=0

)
b

ICH (1/DP)

HI
0lo
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3. Data Parallelism

3-6. Zero Redundancy Optimizer

B) Memory Usage Revisited
« “7|1Z DPE of O 22|7} 20| £ ZeROE= O{EH| 0|2 0|7}
* (ZeRO =20f|M) A1F Q185 = 22| At22F ZAI(W, k, No)

« Mixed Precision 7| Oj|A|:

2N A precision F71(2: bytes x W)
/1= =0l Parameters BF16 (2B) 2V
W | # Params Gradients BF16 (2B) A
) Optimizer state?| 0| 22| b4 Optimizer FP32 (4B) 4V + 4Y
(Adam:Z k=12) FP32 Parms FP32 (4B) 4W (master weights)
N_d | DP degree = GPU 7% FP32 grad accum H{TH | FP32 (4B) 4¥ (OPTIONAL) 97




3. Data Parallelism

3-6. Zero Redundancy Optimizer

B) Memory Usage Revisited

GPU, GPU; GPUy Memory
[— P—
Baseline h i 2¥ + 2¥ + k¥
e — [— [——— kW
ZeRO-1 ‘o 2¥ + 29 + —
Ny
FEE . | [
76RO-2 | 1 N = 2‘P_|_2‘I’+k\I‘
Ny
| [ | =
2¥ + 2% + kY
Z7eRO-3 = ] y =
Ny
Y : Model parameters
m k : Optimizer multiplier

N, Data parallel degree 98



3. Data Parallelism

3-6. Zero Redundancy Optimizer
C) Zero-1: Optimizer State

« 5t & 29k Optimizer statec= 2t GPUZ} B 511 /US LRIt gleo=z DP 2O Z LI A A5tA}H
« GPU,2 optimizer stateQ| & i3 1/N, 22!,

« GPU,= optimizer statel| & HA{ 1/N, 22!,

« GPU,.& optimizer state2| OFZ|8F 1/N, 22t

— GPUY optimizer state {| 22| = 7|&2] 1/N, &=2 2 ZA

99



3-6. Zero Redundancy Optimizer

C) Zero-1: Optimizer State

* Procedure

GPU, GPU,; GPUy
| ] - I
e S | 1

Forward pass

Backward pass

Reduce-scatter

Optimizer step

All-gather

3. Data Parallelism

100



3. Data Parallelism

3-6. Zero Redundancy Optimizer
C) Zero-1: Optimizer State

 Reduce-scatter
* “All-reduce?| A3t ol
« GradientES “z|HAM” SA|0| ZF GPUZt “AFOP H 4t

o &0 All-reduce=C} 2Hf it |

« All-Gather
. “SAME| I2L0|E{S CHA| 2o= EAI"

« Forward pass 0| full model & Z
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3. Data Parallelism

3-6. Zero Redundancy Optimizer

C) Zero-1: Optimizer State

* Procedure

CHA| i =M = a4
2= GPUZ} A of2t0|E{ 2 _
@ Forward pass e =) Vanilla DPe} =&

MZ micro-batch£ *{2|

®@ Backward pass

GPUYBIZ gradient A4t 2t2 &
reduce-scatter 4=3

Reduce-scatter

BE GPUS| grad gt = xZtH=2 43
(Z+ GPU= AH7| shard®| gradt 7t+3!)

GPUEZ Z}AI0| 7421 shard?Q]

(A7t OfL2f) 1/N, 2tS2

Optimizer ste T _ A o .
©0p P optimizer state22+ ¥ H|0|E 43 H* optimizer state2} gradient2t At
UpdateZl 2Zt=2 CHA| 20} Optimizer step &, forwardS 2|5l
@ Parameter all-gather D= GPUTF M3 w All-gather

eightE 2&

BHBOo
full parameter ¢ 05




3. Data Parallelism

3-6. Zero Redundancy Optimizer

C) Zero-1: Optimizer State

* All-reduce = Reduce-scatter + All-Gather

« ZeRO-12 7|&2

“All-reduce”S“Reduce-scatter + All-gather” 2 &2|510] Al 222 7§M

HAHO|E S:hely
All-reduce 2E GPUS H|O|EE &zl (NZH) — N7 sum/mean — | (N7H)E ZF GPUO|| LIH S
Reduce-scatter | 2= GPUL| H|O|&E &2l (N7H) — N7 sum/mean — 2 5= (17l)= 2 GPUO| LIHS

All-gather

2t GPUZ} 71X = ZZH17H) — N7H concatenate — ZA| (N7H)E 2t GPUO]| LIRS
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3. Data Parallelism

3-6. Zero Redundancy Optimizer

C) Zero-1: Optimizer State

* All-reduce = Reduce-scatter + All-Gather

e ZeRO-12 7|&9] “All-reduce”Z“Reduce-scatter + All-gather’ 2 22|ot{ E4l 222 7|

HLHOIE Ut 2| FEY 2|2t H| 7 sS4l H|E 2

- ol24: ZF GPUO|| X i _
H /e |
- _ - o “E% VAN E A= 0Oo” ZI_-|Z %ﬂ

All-reduce . 2 0= GPUIL EUH B Ty | GPUZI M2 B1E SF ]

- O|E_=||: ZF GPUO-I X_ | “EIZ? EEE Dl_I'E_T,_,
Reduce-scatter s ,_l ol /ot ll_E =, All-reduce®| &bt

- 23 ZF GPUE &9 LEE(1/N)2H 7+ ZEZE1/NSELEE 242 A
- Qlad: ZF GPUOIIA| 20} |o|E| 22t 202} E71 0l 22+ {22 DO}

All-gather o o 41 _fH“ lal 12|ﬂ A4S = ol Reduce-scatter@} B|=:
- £ 0= GPUY} A BIEIE 713 A S 2ty o




3. Data Parallelism

3-6. Zero Redundancy Optimizer
C) Zero-1: Optimizer State

* Memory Usage

Total Memory per GPU = 2¥(params) + 2¥(grads) + fv—i(optimizer)

e 2¥: parameters (half precision)

e 2V: gradients (half precision)

e k¥ /N, optimizer state (partition&)
e k=12:Adam 7|&E
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3-6. Zero Redundancy Optimizer

D) Vanilla vs. Zero-1

« (1) Setting

e ek
W w1, w2, w3, w4]=[1.0, 2.0, 3.0, 4.0]
Optimizer Adam (momentum m, variance v)

Learning rate

0.1

GPU 74 2CH (DP degree = 2)
EE GPU, —x,=1,GPU, —x, =2
Target y =0 (MSE Loss = %(w-'x — 0)°)

« (2) Vanilla DP

3. Data Parallelism

&= GPU, GPU.

W [1.2,3,4] | [1,2,3,4]
m [0,0,0,0] |[0,0,0,0]
v [0,0,0,0] |[0,0,0,0]
W & (m,v) 25 SZet SH=Z= 7t8

106



3. Data Parallelism

3-6. Zero Redundancy Optimizer

D) Vanilla vs. Zero-1

 (3) Forward & Backward * (4) All-reduce

o &AL =4(wx — 0)° — grad = x-(w-X)

Javg — (ggpul T ggpu2)/2

ool

= | GPU, (x=1) GPU, (x=2)

Gavg = [25, 25,25, 25]

=> 0|4 C}A| 2E GPUZE £H|

WX (14+243+4)x1 =10 | (1+24+3+4)x2 =20

grad | [10, 10, 10, 10] [40, 40, 40, 40]

GPU gradient shard
GPU, [25,25,25,25]
GPU, [25,25,25,25]
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3. Data Parallelism

3-6. Zero Redundancy Optimizer

D) Vanilla vs. Zero-1

« (5) Update

W Al A BHlo|E 21t
W, 1 —0.1%25 —-1.5
GPU 1: W, 2 — 0.1x25 —-0.5
W, 3 —0.1x25 0.5
W, 4 —0.1%25 1.5
W Al A BHlo|E 21t
GPU 2: W, 1 —0.1%25 —-1.5
W, 2 — 0.1x25 —-0.5
W, 3 —0.1x25 0.5
W, 4 —0.1x25 1.5 108




3. Data Parallelism

3-6. Zero Redundancy Optimizer

D) Vanilla vs. Zero-1

« (1) Setting

« (2) Vanilla DP (X), Zero-1 (O)

e ek
W w1, w2, w3, w4]=[1.0, 2.0, 3.0, 4.0]
Optimizer Adam (momentum m, variance v)

Learning rate

0.1

GPU 74 2CH (DP degree = 2)
EE GPU, —x,=1,GPU, —x, =2
Target y =0 (MSE Loss = %(w-'x — 0)°)

e GPU. GPU,

W (1, 2, 3, 4] [1, 2, 3, 4]

m [m1, m2,-,-] | [, -, m3, m4]
v [v1,v2, -, -] [, -, v3, v4l




3. Data Parallelism

3-6. Zero Redundancy Optimizer

D) Vanilla vs. Zero-1

e (3) Forward & Backward

o &AL =4(wx — 0)° — grad = x-(w-X)

2 | GPU, (x=1)

ool

GPU, (x=2)

WX (14+2+3+4)*1

=10

(142+43+4)x2 = 20

grad | [10, 10, 10, 10]

[40, 40, 40, 40]

GPU

gradient shard

GPU,

[25,25,-,]

GPU,

[-.-.25,25]

« (4) All-reduce (X), Reduce-Scatter (O)

gavg (ggpul S ggpu2)/2
Javg = (25,25, 25, 25

=> = — i

radient s
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3-6. Zero Redundancy Optimizer

D) Vanilla vs. Zero-1

« (5) Update

GPU 1:

GPU 2:

3. Data Parallelism

A4k 2H0|E &1t
1 —0.1x25 -1.5
2 —0.1x25 -0.5
A4k 2H0|E &1t
3 —0.1x25 0.5
4 — 0.1%x25 1.5




3-6. Zero Redundancy Optimizer

D) Vanilla vs. Zero-1

« (6) All-gather

GPU 1:

GPU 2:

3. Data Parallelism

W Al CiIojE 22
W, 1 —0.1%x25 -1.5
W, 2 — 0.1%x25 —0.5
W, 3 —0.1x25 0.5
W, 4 — 0.1x25 1.5

W A A IHO|E &1}
W, 1 —0.1x25 -1.5
W, 2 —0.1x25 —-0.5
W A A GO E &1}
W, 3 —-0.1x25 0.5
W, 4 — 0.1x25 1.5
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3. Data Parallelism

3-6. Zero Redundancy Optimizer

E) Zero-2: Optimizer State + Gradient

o

= RO9F Optimizer state & Gradient DP 2.2 L& 2 2&6tA}H

« “Optimizer stateE shardCtH 10| CHE L= Gradient® shardsh= H| =2|Z0|X| &L=}

aPU; - GPUy GPU OGPy GPUy




3-6. Zero Redundancy Optimizer

E) Zero-2: Optimizer State + Gradient

* Procedure

3. Data Parallelism

CHA| o e SA AHA A
@ Forward pass = GPUZ Y5t paramZ A}7| micro-batch 22| = 7121 =Y

@ Backward pass

Zt GPUZ} local grad A4t — = A| reduce-scatter

Reduce-scatter

MA| gradient SFx|HA],
2 GPU+= A7 shard@F 34|

@ Optimizer step

GPU+= A}7| gradient shard + optimizer state shard
Ot AFE 510 EH[0[E

He
HA O

22| AME 1/N_d =&

@ All-gather

A0l E &l parameter shardSS 20}
XA parameter 2%

All-gather

forward 2§71 A,
full 2& 22
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3. Data Parallelism

3-6. Zero Redundancy Optimizer

E) Zero-2: Optimizer State + Gradient

* Memory Usage

— U+ kY
Mzero-2 = 2V + N,

St=2 AMoq
|

o

=0
20U Parameters (BF16, ™| E{3l0f &
% Gradients (Shard&)

i Optimizer states (Shard&)
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3. Data Parallelism

3-6. Zero Redundancy Optimizer

E) Zero-2: Optimizer State + Gradient

« Backward: Reduce-scatter (Zero-1: Optimizer step, Zero-2: Gradients)

« Optimizer step =: All-gather (Parameters)

— ZeRO-11F S4 IEHEZ ST

O

S ZofA| 2
— 022 e O A1, &4 S0 22K Gradient= SA| oA 7ts.
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3. Data Parallelism

3-6. Zero Redundancy Optimizer

E) Zero-2: Optimizer State + Gradient

3. Data Parallelism

3-5. Zero Redundancy Optimizer

D) Vanilla vs. Zero-1 47| A [25,25,25,25] ZAFE LER A AH|AH

* (3) Forward & Backward * (4) All-reduce (X), Reduce-Scatter (O)

=, [25,25,-,-] & [-,-,25,25]

« &2 L=%wx—-0)"—arad=x(wx

Gavg — (ggpul =+ ggpu2)/2

= | GPU, (x=1) GPU. (x=2)

wx | (142+4344)*1 =10 | (142+3+4)*x2 =20 Gavg — [25, 25, 25, 25}

grad | [10, 10, 10, 10] (40, 40, 40, 40]

GPU gradient shard
GPU, [25,25,-,-]
GPU, [-,-.25,25]
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3. Data Parallelism

3-6. Zero Redundancy Optimizer

F) Zero-3: Optimizer State + Gradient + Parameter

« ZeRO-3 == Parameter Partitioning == FSDP (Fully Sharded Data Parallel)

« Parameter”tA| shard(£8}) A forward/backward 20| LSt ot 22{2

.+ O[] 2t GPUE:
All-reduce 2E GPUQ| C0|E1E B, 2 GPUOI SUSH ZTHE LIFZ
. A2 2 AstA| ore
Model param 1l 'I = o © 5 O Reduce-scatter | 2 GPUS| GIOJEIS B2 §I, 1 B8 22H0.2 Lit] 2t GPUO| 28}
C 270 = ol All-gather 2t GPUZF 72| 2 Qls 22H(1/N)2 M2 DA D57 HYE 2e2 29
o ZHAO||A| SHEtEl param RZ2HO0FE S0 QIS

HAE A0 = “BE 26t param 222 all-gather2 20t A2 St & flush”
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3. Data Parallelism

3-6. Zero Redundancy Optimizer

F) Zero-3: Optimizer State + Gradient + Parameter

 Forward pass 2}&

 Parameter?} GPUDIC} LIH O] Q2B 2 forward 0= 2t layer?| param= 20}0f &
_/I\_

+ 2 layer A4+ CFS TS

o=

05

« Ofef A= layerE = HEE

« 5, GPUE &t A|H0ll SA layer2| weight?t 11 AUS

o A

gl S Sl

(1) All-gather oY layerQ| Ot2t0|E shardsE & 22 — full weight 2% GPU < GPU
(2) Forward pass Layer H4AF a~3H Local compute
(3) Flush parameters | sH& layer A4F0] ELIH weightE 0|2 2|0 A AFA| Free memoryi o




3. Data Parallelism

]

o
=

ol

3-6. Zero Redu. =

All-reduce DE GPUQ| H|0|E{E &3l

21 (N7H) — N7§ sum/mean — Z2&| (N7H)E 2+ GPUO|| LI =

Reduce-scatter | 2& GPUQ| H|0|E

Ul

&2l (N7H) — N7l sum/mean —

F) Zero-3: Optimizer State -

F& (170)2 2 GPUO|| LIHE

All-gather 2t GPUZt 71| = &

2H(17) — N7H concatenate — 3| (N7H)E Zt GPUO|| LIHZ

Forward pass 2+&

GPUl GPUl GPUN

Layer n-1 | |
[ ] All-gather
Layer n O O 0O Forward pass
B ] [ [ ] [ 1 Flush parameters
Layer n+1 | |
120
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3. Data Parallelism

3-6. Zero Redundancy Optimizer

F) Zero-3: Optimizer State + Gradient + Parameter

 Backward pass 2}&

 Forward?| Bl ke 2 2l

.+ Zhlayer A4 X O 2HHES 43:

CHA| S Sl

(1) All-gather Backward A| 223t} layer?| L}t2t0|E| shards S & GPU < GPU
(2) Backward pass Gradient AlAt Local compute
(3) Reduce-scatter Gradient shard& g4t = 2f GPUZ} At7| shardBF A& GPU < GPU 121




3-6. Zero Redu

F) Zero-3: Optimizer State -

3. Data Parallelism

Lk ol

]

o
=

!

All-reduce

2.E GPUQ| H|0|E{E &2l (N7H) — N7 sum/mean — 2| (N7H)E 2t GPUO|| L=

Reduce-scatter

2= GPUQ| H|0|E

Ul

&tz (N7H) — N7H sum/mean — HE2 (170)8 2 GPUO]| L=

All-gather 2t GPUZL 7FA| 22 Q= 2ZH(17H) — N7 concatenate — ZA| (N7H)E 2+ GPUO| LIHS
« Backward pass 24
GPU, GPU; GPUy
Layer n-1 |
| e ] | B
Reduce-scatter
- . () - - (I 3
Layer n f * Backward pass
OO O 0O
All-gather
R R ‘-
Layer n+1 | |
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3-6. Zero Redundancy Optimizer

F) Zero-3: Optimizer State + Gradient + Parameter

« Memory &2

3. Data Parallelism

29

Parameters (BF16, shard)

Gradients (shard)

Optimizer states (shard)

202U+ kY v
Mzero-3 = R, v
_

N_d

DP degree (GPU 7li%)

SFA|QH Activation H|22|= 45| S0{=A| &3,

— Sequence length, batch size7} 3 H &5 HZ !
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3. Data Parallelism

3-6. Zero Redundancy Optimizer

F) Zero-3: Optimizer State + Gradient + Parameter

« =4 2[435} Pre-fetching
» ZeRO-3/FSDP= “S4ldf AlthE H2l=(pre-fetch)” TA22 S HIES EY
» Ofz{et 20| 58, S410] A4t &4 (Overlapped) A2 201 Hs Aozt Aol ¢S

« Tt 48 9k2 GPU (0f: DP > 512)0| M= EAI XA (latency)0| HA overlap £ S0{E

Forward = Layer n2 A|AHSHHA Layer n+12| Oj2}0|E{E 0|2] all-gather

Backward 2 Layer n2| backwardE stHA{ Layer n—12| ILf2}0|E{-E O|2| all-gather
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3. Data Parallelism

3-6. Zero Redundancy Optimizer

F) Zero-3: Optimizer State + Gradient + Parameter

« EAl 2|43} Pre-fetching

ool Z4t
Forward = Layer n2 A|AHSHHA Layer n+12| Oj2t0|E{E 0|2] all-gather
Backward 2 Layer n2| backwardE stHA| Layer n—12| If2}0|E{-E O|2| all-gather

| Backward | |

[ J

e BRALL

Forward




3-6. Zero Redundancy Optimizer

F) Zero-3: Optimizer State + Gradient + Parameter

3. Data Parallelism

* Summary
d= =9
Sharded Objects Optimizer + Gradient + Parameter
=4 T All-gather (weight) + Reduce-scatter (grad)
sAlE oF 3y
AL 2 Layer-by-layer: 22 A| All-gather — A4t — Flush
H2e| Az ZeRO-2ELCt 9f 2x 271 A
A 7o PyTorch FSDP (Fully Sharded Data Parallel)
=2 oA Activation 0j|22|= 0{ds| HM HE O M (0 checkpointing) 126




3. Data Parallelism

3-6. Zero Redundancy Optimizer

G) Summary: Zero-1vs. 2 vs. 3

. EAIH|E H|D

+ LHE2| 042 20| 2 SAI9| H|R0|2tT AZtst & (0] 22] & E419] trade-off)

(e R B

CHA| A H|E
/eR0O-1 =~ 29
/eR0O-2 =~ 29
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3. Data Parallelism

3-6. Zero Redundancy Optimizer

G) Summary: Zero-1vs. 2 vs. 3

. EAIH|E H|D

o LIEZ| 952 70| 2 EAIQ H| 0|2t AiZtstH = (22| & E4A19] trade-off)

LS AN (@ R

CHA| Gradient Optimizer Parameter

—

All-gather (= ¥
— Optimizer step £ I

YI0|E Z1tS A= =¥
o

_— —

Reduce-scatter (= W)

ZeRO-1 o 20| & 92 (222 full copy SA|)
— Backward & grad g4t = ZF GPUO]| shard= &Hi = n

0RO Reduce-scatter (= W) — GradS x| shard= EAQO All-gather (= W) — optimizer step
eRO- _ . _ _

27| all-reduce CHA|) (optim state shard 22 %2} S OfetO|E 24 2

_ All-gather (= ¥ x 2) — Zt layer for
Reduce-scatter (= W) — Backward = grad &t =M S _

/eR0O-3 ward 2! backward A| Z et U on-

al shard A& (22 shard &2|) =
demand £¢ (Flush & 5¢!)




3-6. Zero Redundancy

G) Summary: Zero-1vs. 2 vs. 3

. EAIH|E H|D

GPUy

Ssm

Forward pass

Backward pass

Reduce-scatter

Optimizer step

All-gather

L3 b2 200 2 SAof Higoltn e |
CHA| Gradient Optimizer Parameter
All-gather (= W)
ZeRO-1 Reducescatter (= ) Optimizer step % TrfOlef || gl (2L full copy SA)
eRO- o — Optimizer step < =) © Tull copy
— Backward 2 grad At = 2t GPUO|| shardZ 28l ] ¥ = Tr
HO[0|E Z21E A2 54
0RO Reduce-scatter (= W) — GradE &x|0{ shard2 =48l All-gather (= W) — optimizer step
eRO- ] . _ _
27| all-reduce CHA|) (optim state shard 22 %2} < Op2t0|E HA 2&
. All-gather (= W x 2) — 2t |ayer for
Reduce-scatter (= W) — Backward = grad &t =M S _
/eR0O-3 ward 2! backward A| Zgt tf on-
al shard A& (22 shard &2|) =
demand 2% (Flush & 5¢!)




3-6. Zero Redundancy

G) Summary: Zero-1vs. 2 vs. 3

. EAIH|E H|D

GPUy

Forward pass

Backward pass

Reduce-scatter

Optimizer step

All-gather

Forward pass (next)

. L}=2| 942 Z10| 2 EAIQ| H|R0|2tD A4 2H51H &
A 42 A0 &2 S41e| H|E 0|2t f.:,(
CHA| Gradient Optimizer Parameter
All-gather (= W)
ZeRO-1 Reduce-scatter (= ) Optimizer step % TROE| | S (UL full copy £A))
eRO- — Optimizer step & =1 2 full copy
— Backward & grad g4t = ZF GPUO]| shard= &Hi ) > n
HO[0|E Z21E A2 54
<
0RO Reduce-scatter (= W) — GradE &x|0{ shard2 =48l All-gather (= W) — optimizer step
eRO- ] . _ _
27| all-reduce CHA|) (optim state shard 22 %2} S OfetO|E 24 2
) All-gather (= ¥ x 2) — Zt layer for
Reduce-scatter (= W) — Backward = grad &t =M S _
/eR0O-3 ward 2! backward A| Zgt tf on-
2 shard A& (22 shard 22|) )
demand 2% (Flush & 472!)




GPU, GPU; GPUy
Layer n-1 | J
v v v
3-6. Zero Redundanc
L4 Layer n O O 104 Forward pass
[ | ] [ || ] [ || Flush parameters
. ' v v
G) Summary: Zero-1 vs, 2 vs, 3 — |
« sS4l H[E B[ GPU, GPU, GPUny
_ ayern-1 | |
+ LHE2| 942 240 2 E4l0| B gO2D Aztate| ™™ f 1 1
) | ] | ]
EL|-7:” G ra d | e n t Reduce-scatter
o s = O O
Layer n * f * Backward pass
RO Reduce-scatter (= ¥) —aamm | P
eRO- o
— Backward & grad g4t = ZF GPUO|| shard= =ZHI| ¥ ' ' ¥ ' ¥
Layer n+1 | |
S oRO-2 Reduce-scatter (= W) — GradE &2|0{ shard2
envu- N . - -
27| all-reduce CHA|) (optim state shard 2Z #{ 32} S Of20|g A E<
) ) All-gather (= ¥ x 2) — 2t |ayer for |
Reduce-scatter (= W) — Backward = grad &t =M S _
/eR0O-3 ward 2! backward A| Zgt tf on-
U shard A& (22 shard &2|) wo = oy
y demand =& (Flush = 272 )




Memory Usage (GB)

3. Data Parallelism

3-6. Zero Redundancy Optimizer

G) Summary: Zero-1vs. 2 vs. 3

 Memory 5|1

« ZeR0O-3: 8B 22 XX} 3t GPU 80GB LHO||M QtE A Z 5t Tts

DP 29
M U for 8B Model
ETmor/AV=ag S tar EB] ModE o12) 2E GPUZfull 22 EAt2
DP=8 DP=8 Zero-1 DP=8 Zero-2 DP=8 Zero-3 [
53 = ke o — O|22] F& (2F 150GB 0]4)
140
= B Model Parameters ZeRO—] Optlmlzerel— Shard
100 ;
L /... _ e _.!__ .. msm _./__l__l rdien — M| 22| 2F 100GB
Optimizer States
60 . . .
" A Optimizer + Gradient shard
i 2eRO2 1 yma) o 70GB
o I m = -
Sequence Length Sequence Length Sequence Length Sequence Length Pa ra mete r77|—Z| Sha rd
/eR0O-3

- D'”E'?—' (%I: 40GB 132




4. Tensor Parallelism



4-1. Tensor Parallelism
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4. Tensor Parallelism

4-1. Tensor Parallelism

A) Overview
« Tensor Parallelism (TP)2| 714
(row) or ¥ (column) &2 2 TensorE 2710 02| GPUOIA SA|0f| & Z(matmul)

. 5t layere| HAFS 02 GPU7t LEEOIAM SA|0f 485t 25}

08t

« ZeRO (of DP) vs. TP:
« ZeRO: 2& AA|e| Oj2t0|E{E & (= “layer ZFe| 22| SE A|AH)

+ TP: 3Lt layer LIRO| T T GRS £ (= “layer LIEO| IAIS W)
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4. Tensor Parallelism

4-1. Tensor Parallelism

B) Tensor Parallelism2| 2L M

« ZeRO-3Z2% activation memorys € £ gl
« TP= weight, gradient, optimizer states22t OtL|2}, activation?”7tA| GPU ZH0]| L} AH|4t

— GPUY ALt + HE2| 3= SA0 =29
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4-1. Tensor Parallelism

4. Tensor Parallelism

- 3 X&= 2= GPUO| broadcast Z 2
C) M=o 7o - 29 Y= 4 GPUZI BE Z1UE all-gather=2 23
- o2t 20| HHFE 4+ X !
B | 01 W 20 | 40
« SRR L} A0l2
T = T A 2 3 10| 30 80 (180
- : AXB:[A17A2""] B :ZAiBi 4|5 | [20[a0]  [1a0fs20
* (1) Column parallelism i
. 6|7 (2,2) 200 |460
* (2) Row parallelism 4,2) 4,2)
AL =4 =49
(1) & X= broadcast Broadcast 2E GPUI =Yoot ¢S 2k
(2) ZF GPUZL AH7| & shardQl Wil & X x Wi Local compute | Zt GPUZ} partial output Yi 244
(3) Partial Z22t=2 all-gather All-gather DEVE TA 2= Y 24
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4-1. Tensor Pa

4. Tensor Parallelism

ALAHOIE 2=
All-reduce 2E GPUQ| HI0|E{E &2l (N7H) — N7l sum/mean — Z&]| (N7H)E 2t GPUO|| LI =
Reduce-scatter | Z2E GPU2| GIO|E{E &2l (N7H) — N7 sum/mean — 22 £=& (17H)S 2 GPUO]| LIEH S

2t GPUZt 71| 2 =

Z2+(17H) — N7H concatenate — 2| (N7H)2

2} GPUO|| LIRS

- - -
C ol a=|_'_-9— $0 All-gather
X Y_0
0|1 W0 20
2|3 10 80
X 4|5 20 140 t
ol s 6 |7 (2.1) 200 20 | 40
Gl (4.2) 4.1) 80 | 180
“1° X Y1 140|320
Sl ol 1 W_1 40 200 | 460
“a 2|3 30 180 (42)
i 5 40 320
6|7 (2,1) il
(4.2) (4.1)

Column Parallelism

Y_0
0 0
W_0
20 | 60
@ 10 | 30
40 [120
(1,2)
60 |[180
(4.2)
Y_1
20 | 40
e 60 | 120
@ 20 | 40
100|200
(1,2
140|280
(4.2)
Row linear

40

180

320

460

(4.2)

Row Parallelism




4-1. Tensor Parallelism

= =

4. Tensor Parallelism

C sigdalo] B35
Column Parallelism Row Parallelism
Weight &t 7|& A (column) 3l (row)
2= X Broadcast (25 =< ¥ AIE) Scatter (2= Y£TH
=Y all-gather (22} rz|7]) all-reduce (22} 4s}7|)
022 =2 XS5 AHYUS X 252 o 284
=2 HE| broadcast + all-gather scatter + all-reduce

Transformer2| MLP (W,)

Transformer?| Attention (W_QKV)
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|_

=]

4. Tensor Parallelism
5

GPUZ} o] AEZE At — all-reduceZ &

F

Z
21

WeightE sicz 25 —

Forward/Backward A|4HS HEslsl| GPUY

Column Parallelism
Row Parallelism

-1. Tensor Parallelism

X0
L0
[HO

140

activation

)

<)
—

ZeRO7t 20|R| £

0]




4. Tensor Parallelism

4-1. Tensor Parallelism

D) Summary
« DEIO| weight, gradient, optimizer states2 2t OtL|2}, activation”7tZ| GPU Zt0]| 2 (shard)
« ZeRO2t el ‘A4t A& LIE”

« All-gather / All-reduce E412 2 partial 22t Het
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4-2 . Tensor Parallelism in a Transformer Block
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4. Tensor Parallelism

4-2 Tensor Parallelism in a Transtformer Block

A) Transformer2| & 2L A0 TP AHE

* (1) FeedForward (MLP)
« 1 FC, — GelLU — FC,
- A2 8Al: Column Linear — Row Linear
* (2) Multi-Head Attention (MHA)
« Query(Q), Key(K), Value(V) projection: Column Parallel

» Qutput projection: Row Parallel
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4. Tensor Parallelism

4-2 Tensor Parallelism in a Transtformer Block

A) Transformer2| & 2L A0 TP AHE

* (1) FeedForward (MLP)

Y1.0
0|1 Wi ; ofo
. — W2_0
° __I'L}— FC1 — GeLU — FC2 213 80 - 0(60|
o I = [oe—— :
X 4| s 140 © 40 |120
o1 — (1,2) !
(= . C I 1 1 6|7 (2.1) 200 180 ! 0
« 22 gtAl: Column Linear — Row Linear Gt ] :
(4.2) (4.1) (4.2)
41° X YLI Y2.1 P
wi_1 _0 || “E 00
(4.2) i 0 (4.2)
BB — e
PN (1,2)
(2.1) 46 1402
(4.2) (4.1) @2
with column Li w Linear
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4-27 . Tensor Parallelis

A) Transformer2| &

4. Tensor Parallelism

(1) FeedForward (MLP)

« 72 FC, — GelU — FC,

Column Parallelism Row Parallelism |k
Weight & 7|2 % (column) &l (row)
o4 X broadcast (25 S AU ALE) scatter (3 Y£¢hH
= ;_ -| O_" TP 1" Z2HY all-gather (&2} &2|71) all-reduce (B2 H35}7|)
o2zl &8 XSS AHEUS X282 o 284
S4 el broadcast + all-gather scatter + all-reduce
F2 0lA| Transformer| MLP (W,) Transformer2| Attention (W_QKV)

« A& grAlr Column Linear — Row Linear Column — Row £ #= 0|]?
- SZtall-reduceE H2FS 4+~ JA0M O 224
A |2 S =4 4
. _ 2t GPUZL &3] YR(Y,, V,)3 AL &,
FC, weight2| column &2F | Broadcast (X) + All-gather (Y) F=5 _l =7 )& At =
all-gatherz &¢t
FC, weight2| row &k Scatter (X) + All-reduce (Y) olzd o= ot A5t ADE all-reducez &t




4. Tensor Parallelism

4-2 Tensor Parallelism in a Transtformer Block

A) Transformer?| & 242 A0 TP A

e (2) Multi-Head Attention (MHA)

« Query(Q), Key(K), Value(V) projection: Column Parallel

» Qutput projection: Row Parallel

GPU1 Y = SelfAttention( X ) Z = Dropout(Y B)
r—ﬁ '
:
|
4> x | =@ | @ = i M
§—>SftM —>| Dropout [>X)—>| Y1 |>| Y1B1 |—>| Z1 —> | Dropout || z | =
Em \ \_)\ \ ) \ ) \ )
A R AR SN A A N A R SRR AR SR dn s sa syl e Dinanesssunsonreramanasenersasnssnvasaraaisan
) : ) )
~(@ o o> o
—>| SoftMax —>Dpt—>®—>Y2i—>Y282—>22 —> | Dropout |—>| Z | —
X |— Q2 J | S S .
_—02]

s | ; ; 146



4. Tensor Parallelism

4-27 . Tensor Parallelis

A) Transformer®| & AL A0 TP A

e (2) Multi-Head Attention (MHA)

Column Parallelism

Row Parallelism

Weight & 7|2

% (column)

3H(row)

2/ X

broadcast (25 S 23 AtE)

scatter (/&1 LE0H

£y all-gather (A1} &x|7]) all-reduce (B &5}7])
Hez 28 XS5 A4FUAS X282 6 &84
S4 el broadcast + all-gather scatter + all-reduce

T8 ofjA|

Transformer2| MLP (W,)

Transformer?| Attention (W_QKV)

k

« Query(Q), Key(K), Value(V) projection: Column Parallel

» Qutput projection: Row Parallel

* Attention headS0| S& 40|22 head T2 LI&7| £l

* TP degree < num_heads (0f|: 32 heads — TP
oDz F7|e10| Fol HR

* MQA/GQAY|M= KV head 7t

z|th 32)

ﬂ—_

g 24 = dhA a9
Q KV Column Parallel 2t GPUZ A& head®F &®& (O: GPU,—Head,_4, GPU,—Heads_g)

Output (WPo) Row Parallel

2t GPUS| attention

A1Z all-reduceZ

Sh2|

(]




4. Tensor Parallelism

4-2 Tensor Parallelism in a Transtformer Block

B) TP Timeline
: TP region (MLP) :
|
GPU Computation: layerNorm|; FC1  GelU  FC2 !
- GPU QA GPU EAl
LayerNorm Local
FC,, GelLU, FC, (TP Region) Parallel AllReduce Activs
LayerNorm Local
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4. Tensor Parallelism

4-2 Tensor Parallelism in a Transtformer Block

TPS7t Al | AT

C) Performance Trade-off |1, oughout (25

S

E41(AllReduce, AllGather) 27t

Max Batch Size

\J
-t

GPUE H|Z2| F5 &4

Activation Memory activations?} GPU ZF 24 2 &t

ON |ON [N | DN
>

\J
-t

Network 235} EAM ST S0

Throughput Scaling with TP (3B Model) Maximum Batch Size per TP Value
20 Max Batch Size 20
” Performance Drop
: N B Tokens/sec/GPU
= 10K n 15 g/ 16
S S
D =
& ]
9 o0 2
@ c 10
S 3
X 5k , E 8
= 5 s
=
[ :
0 2 4 8 16 32 0 2 4 8 16 32
Tensor Parallelism (TP) Tensor Parallelism (TP)

NVLink(\=E W)= B2 Z| 3t InfiniBand(=&= 7H2 071 S4l H= &5, 149



D) Memory dZt 23}

Memory Usage (GB)

Memory Usage for 70B Model

120

100

80

60

40

20

No Parallelism (TP-1)

1024 4096 16384

Sequence Length

4. Tensor Parallelism

4-2 Tensor Parallelism in a Transtformer Block

22| =1t
TP=1 2E GPUZL full weight, grad, optimizer A&t
TP=8 2t GPUZ} 1/80F A — o|22| oF gHf A2t
TP=16 2F GPUZt 1/16 A& — O A2 (activation A[2])
TP=8 TP=16

(1024, 65.75)

1024 4096 16384

Sequence Length

I BN .
I N
1024 4096 16384

Sequence Length

Model Parameters
Gradients
Optimizer States

Activations
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4. Tensor Parallelism

4-2 Tensor Parallelism in a Transtformer Block

E) TP2| StA| & Sequence Parallelism2| A

 S}Z|8F TPOJ|A Activation2 LayerNorm, Dropout S0 CiSiA all-gather?t & 2 5IC}H

o MM, 2t s AZ2E2 OFL|CH => Sequence Parallelisme| LA |
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4. Tensor Parallelism

4-2 Tensor Parallelism in a Transtformer Block

E) TP2| StA| & Sequence Parallelism2| 2L/

« Q)2 “all-gatherO] & stCt StLE?

» A) TP= hidden dim 2 2 4: ot 2{0[0{2] Z7F activation 2 GPUEE h/TP St 8 72| 1 QUS
O|A]) MLP of & H|ZX|xEZx5|= = (B, S, H), TP=2
« FC1 (Column-parallel)

o 7_|I-G|DU; ol & =|

(B.S H) x 7|2 22t (H, 4H/2) -~ 282 2% (B.S, 4H/2)
« GelU 52 828 230 th3l| Local2 &3 7t (24 gl

).
* FC2 (Row-parallel)
« 2FGPU: Q& ZZF (B.S 4H/2) x 7}Zx| £ZF (4H/2. H) — 22 & (B,S H)

. 12|71 all-reduce (BHH 2 3iAM 212 £ (B,S,H)S Zt GPUZL M5 ZHA| €Lt e



4. Tensor Parallelism

4-2 Tensor Parallelism in a Transtformer Block

E) TP2| 5tA| & Sequence Parallelism2| 2 M

« Q)2 “all-gatherO] & stCt StLE?

» A) TP= hidden dim 2 2 4: ot 2{0[0{2] Z7F activation 2 GPUEE h/TP St 8 72| 1 QUS
O|A]) MLP oF S5 HiX|xEZx35|= = (B, S, H), TP=2
« O] A|HOlM GPUDLCE CHA| A hidden dim2]| activation (B,S,H)7t 4 &

« J C}2 2= Residual add / LayerNorm / Dropout 2 O] ZA| HIME QLHOZ AlE
« M “S0ll= EA| 201 A EsHA| 2, S5 BA0|A MA|7} o tH 2147 E

r°l'

=> 0|240| TP7} activation 0| 22|& “@A3|” £0|2| 25H= 0|3
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4. Tensor Parallelism

4-2 Tensor Parallelism in a Transtformer Block
F) TPYHIA LayerNorm & Dropout L}5&7] 0j2{2 0§

(1) LayerNorm
+ 2t £30| hidden dim HA|(H) off Chah R/ 2AHS AAb
+ Hidden dim2 TPEZ R Aef2tH 2t GPUE F2 ot /S48 A4kt 2~ QLS
« Y& A) B2 A E all-reduce M ME Brt/24HE 2ot shard 20IM FHat(022l= 54| 943).
« 281 B) 713 HHestE ol LA|H 2R all-gather= 4| activation 2 20 S HOj| LN (O]} I3 B 22(T).
e Ol mayQl 37 AL /1E To| W) 20| Y BE AMESILE, FC29| all-reduce®2
=

Of2IL| (B,S,H)7t d7|= 2A2t, Brde= 55 SA|0|A full 271 activationO] ZAf
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4. Tensor Parallelism

4-2 Tensor Parallelism in a Transtformer Block
F) TPYHIA LayerNorm & Dropout L}5&7] 0j2{2 0§

* (2) Dropout
LSO 2= QA H AHAO|2t shard Y0 = F2ESH|= &H
CIOH 2= TP rankOl|M 22 2t= A9i5t2{®, RNG seedS S7|2}slOF 52,
740 Ttetd 20§12 tensordf| dropouts 4Eaot7 |2 oA |3 BZE[7F AHZE o JUSLT.

[
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4. Tensor Parallelism

4-2 Tensor Parallelism in a Transtformer Block

G) Sequence Parallelism?2| 52t
+ (UM TPO| 21 1 Z517| 5H) Megatron-LMO| A= 5fj#:
» FC2 #0f| BtZ all-reduce(¥F 27) ti4l reduce-scatter (sequence S22 £¢)
— 2 GPUYt (B, S/TP, H) (B2 €5 + ol= &) & 4=5F!
— 12{™H LN/Dropout/ResidualE 2t GPUZ 22 22| 7t (WA 22 2Z)
« CI2 layer?| FC1 £0{7}7| 21408t all-gather(sequence &) 2 CiA| &2
- 0|Z27 stH =5 ZAMIM MA| (B,S, H)E 22 51 U= 27t ¢,

TP2| activation 44 21t= IAA &< = JAS!
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4. Tensor Parallelism

4-2 Tensor Parallelism in a Transtformer Block

G) Sequence Parallelism2| 52t

 Summary:
TP= layer LIF2] matmul S7tat=2 £ L Bil22Z o7 A| 2t
« 22 ZX|(Residual/LN )0 &=

— O22|= “2tHs]” S0[X|= XLt

= L— L—

XA| activation=S &7F £2215l0fat

- 0| £0|2{H Sequence Parallelism!
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4-3. Sequence Parallelism
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4. Tensor Parallelism

4-3. Sequence Parallelism

A) Sequence Parallelism2] 74

« Sequence Parallelism (SP)
- TPZE 255t 23 E HAH(LayerNorm, Dropout S)0| ZAj!

« SP = A2 & (sequence dimension) 22 L= ZF GPUZt =& &2 =2 A4t

FjQ

* Summary
« TP: 3| 29 (hidden dim) € L=
« SP: A|AA 2 (sequence length) 2 L

— & YE= AolH, 2= 2 Hi= GPU 02 thof| 2Hd5| 24 Tts
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4. Tensor Parallelism

4-3. Sequence Parallelism

B) Sequence Parallelism?| 2 A

« Tensor Parallelism (TP)2t & Z

=%
* LayerNorm, Dropout &2 H4t2 44| hidden vector (54 token2| 2= hidden dim)0] ZLgt
« [I2fA GPU 740 activation MA|E =& (all-gather)0| &7tH[ gt
— 022 89 24} 8t

 Sequence Parallelism(SP)= O| &4 off&!
 LayerNorm2} Dropout2 “E& HH2| (Sequence)’= 27 H?

— 2 GPUZ} A17] A2 chunk2F H2[8 4 LS — full 29 2TL
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4. Tensor Parallelism

4-3. Sequence Parallelism

C) TP vs, TP + SP

T Tensor Parallel (TP) Tensor + Sequence Parallel (TP+SP)
= 7|&E Hidden dimension h Hidden h + Sequence s
LayerNorm / Dropout | 2| A|EA 22 T (All-gather) ANEHA B2 E2| 22| 7=
Activation Memory bxsx(h/tp) bx(s/tp) x(h/tp)
sS4l A 2 x All-Reduce 2 x (All-Gather + Reduce-Scatter) = S H|E
i = F 7= 25 7ts (Hxet +5)
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4. Tensor Parallelism

4-3. Sequence Parallelism

Tensor Parallel Tensor + Sequence Parallel

C) TP vs. TP + SP — —

; s — op——" - T T --g
Region TP only TP with SP h
! ; : . TP v v TP
Enter TP h: sharded (weight out is sharded h: sharded (weight out is sharded
etant- ’ el ’
(column-linear) s: full s: all-gather to full o S e 4 >__ = = _ g*
— h: sharded h: sharded
region v v
d s: full s: full C?"—— D= 5P
h: full (weight out is full + all- h: full (weight_out is full + reduce- -LaverNorm -LaverNorm
Exit TP (row- - (f It : (f - \ L — —.---- !'"""ﬂ"g
reduce for correctness scatter for correctness i i
s: full s: reduce-scatter to sharded v 7y
o B full B ful ™ ™
region
¥ S T f e g*
P ¥
-
v v
® CI)*——

62

—



4. Tensor Parallelism

4-3. Sequence Parallelism = 3

)
[LayerNorm:] (LayerNorm SP
v

D) Forward Pass of SP

* [1] SP region (LayerNorm)

« Q& X& sequence IO 2 LiH:
« GPU,, GPU, — 2 X,* (b, s/2, h)
« 2F GPUZ} AH7| chunkd| CHSH LN— Y, *, Y, *.

+ [2]SP - TP &
« All-Gather =& — Y = concat(Y,*, Y,*) = (b, s, h).

 O[A| TP *Zt(Linear, GeLU &)0l|A= full sequence 7t 2RsStE2 53,

r|r0|I

F(g &th)




4. Tensor Parallelism

4-3. Sequence Parallelism = 3

)
[LayerNorm:] (LayerNorm SP

D) Forward Pass of SP

 [3] TP region (MLP, Attention &)

« Hidden dimension 7|22 2%t (TP standard)

 FC,: column parallel - GeLU — FC,: row parallel

e FC, E0J|M Reduce-Scatter2 TP 27t O£ 2.

* [4] TP — SP M8t (g* AL
e Reduce-Scatter &3 - W.,* W,* = (b, s/2, h)

 SPregion22 =07} Dropout, Residual, LayerNorm 4=&4.



4-3. Sequence Parallelism

E) Backward Pass of SP

* Forwardol comugate operatlon
« O| 204 f/fx 2t g/gx =
— Forward%| A< No-opO|H, Backwardd| A= All-reduce (

=

o A=
= —|—°|'I

£ “conjugate pairetl! £

4. Tensor Parallelism

Sl

Forward S At

Backward At

SP region

g (All-Gather)

g*

(Reduce-Scatter)

TP region

g*

(Reduce-Scatter)

g (All-Gather)
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4. Tensor Parallelism

4-3. Sequence Parallelism

F) Memory A2t

« [1] Activation Memory Zt4&
« TP: (b, s, h) ¥4 activationS #|&d{OF gt
+ TP+SP: 2t GPUZ} (b, s/TP, h) = (b, s, h/TP) YSBH 2R
— O3 22| = 1/TP +E22 44
— LayerNorm / Dropout7tA| 4t 22| 7t=
* [2] Throughput Trade-off

-« TPt SAZFE L +F0[X|2, 4 2l(2x H B3) U220l S A|A(latency) = ¢t S

o AL o

L

« UBLHMOZ TP < 8 (node UE) &A= 28 |A4|.

* TP > 8 (cross-node) £E 5245| & A5 L4, 1o

;



4. Tensor Parallelism

4-3. Sequence Parallelism

F) Memory A2t

Memory Usage for 70B Model

No Parallelism TP=8 (with SP) TP=16 (with SP)

~ 120
()]
9 100 Model Parameters
[0)
% 80 Gradients
2
S 60 Optimizer States
o
£ 40 Activations
(O]
=
20 i
- N B e
0 I N
1024 4096 16384 1024 4096 16384 1024 4096 16384

Sequence Length Sequence Length Sequence Length
167



4. Tensor Parallelism

4-3. Sequence Parallelism

F) Memory A2t

Throughput Scaling with TP/SP (3B Model) Maximum Batch Size per TP Value

B -5.0% 100 Max Batch Size 100
M Performance Drop

10k

5k

. 2 4

|—19.1%
80 WM Tokens/sec/GPU
Tensor Parallelism (TP) Tensor Parallelism (TP)

Tokens/sec/GPU
Maximum Batch Size

-43.4% 60
40
I =41.4% ; 40
20
20
; | 10
8 16

B2 2 4 8 16 32
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4-3. Sequence Parallelism

F) Memory A2t

4. Tensor Parallelism

o= TP TP=8 + SP TP=16 + SP
Throughput baseline -5~10% -40% |
Max Sequence (70B £22) | 8k 16k 16k
GPU H|22] (&det X Z i 80GB OfLf 80GB OfLf
25t GPU H|22| L0 A= sequence length& 2Hl O|4&F =& &~ U=,
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4. Tensor Parallelism

4-3. Sequence Parallelism
G) Summary

« Tensor Parallelism(TP)2| £&t 7|==, LayerNorm-Dropout 52| &4tS sequence 2t¢ 2=

EAt(shard) 5H0 activation memoryE 2712 20|10 4 71 A2 A (batch)E 2 2|& 4= UH &
« =41 H[E2 SLoX|8 3l4=TF Z0{L}7| W0,

—_ A

. TP+SP= HE LLC L{E(<8GPU) OlA 714 283
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4. Tensor Parallelism

4-3. Sequence Parallelism

H) TP+SP2| 3HA|A

« (1) AlAE2A Z0] (sequence length)7t LS ZO{A|™H {35| activation Z&
« OFOF tokens M0l S A0[A| 41, M2 ARO[ QUCHH? (feat. Attention)
« SP7} LayerNorm, Dropout 59| activationS £&3l| 321 5HX| 8t
» TP region (Linear, GelLU, Attention) 2| activation2 {4 35| 5| 2t 7|22 shard &0 S
(i.e., TP 2t LHEQ| activation2 15| sequence full AE{O|A] A| At OF &)
— &, 0(b xsxh) &= s(AAHL) 7F A= 2+F activation memory= JCHZE HA

— 21 2H0|: 32K, 64K E2)S CrE M activation memoryZt CHA| Z2HOO0M)!
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4. Tensor Parallelism

4-3. Sequence Parallelism

H) TP+SP2| 3HA|A

« (2) TP=8 O|&2 = AFHAUZ Al massive slowdown (4! H-=)
» TP= 2 LE U 390 2|AStE[0] UZ
of]: 1 == = 8 GPU — TP=87IA|= NVLInkZ W24 &4l 7t5
« SIX|BFTP=16, 322 GO{7IH & 7F EAl(InfiniBand, EFA) O] 2 &

— St A (latency)0l 55

— Throughput &2 (-40~60%) 22s U5 3 BSAY
o2 20| &4 TP= &&oled ofH
£ = B0A 1 0|52 S0 =0}

— GPU7L HAHECH EAIS 7|Ct2)= AlZH0| B 2
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4. Tensor Parallelism

4-3. Sequence Parallelism

) CP & PPO| S YA

= A 2l =B
(1) 71 A|REAZ OISt gctivation Z8F | TP region0|A sequence?} full AHEH Context Parallelism (CP)
(2) TP &2t Al & 2|5} LEZFEAHE Pipeline Parallelism (PP)

CP: A|[EA AR E of GPUO| &X| 210, context(ZM THe]) = LI0] attention A4S 24,
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5. Context Parallelism



5-1. Overview
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5. Context Parallelism

5-1. Overview

A) CP & PP2| S2 Hj

* (1) Context Parallelism (CP)

. SPQl- |_g_EZ-I/2|-O|Z-I

_I_

- (3E3) Sequence HAHE St GPUO| 2| &1, context(22 CH2|) 2 LIR=0] attention A4t
* (2}0]Q) SequenceE 02 GPUY| Lt attention® 28 &8 — CjoF S&A X0|22 AEWE T
« 2F GPUZL AF7| F£7H9] tokenCt 2 2|5tE|, H L6t attention context AE0H F8S
« Ring Attention, Flash Attention 7|&l

- 0|2 Sall SP7} #{2|otX| Z¢ot 7l sequence =4S ol 2

1ujo
Bl
>

Wi

— 2 (0] 32K~128K token)= O|22| & Q10| 2| 7I=s
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5. Context Parallelism

5-1. Overview

A) CP & PP2| 5% Ui| A

* (2) Pipeline Parallelism (PP)
- DAO| Jayer CHQ|2 GPUE L=
« 0: 96-layer 22 — GPU 87 x layer 127HA

Zf GPUZI 22 €50 HEot2=E, Y B0 UF B2 weight/t =2[X| &5

0| 22|t HAZFZ layer B2 24t
ZeRO/TP/SP2} A0 AR 7ts

PP= (TPZt 4Yotr| 2) Zthet 2ZF 37| A= ol &
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5-1. Overview

B) Sequence Parallelism vs. Context Parallelism

» CPvs. SP:“FA2 L7721 2F “eff Li==71" O[M TS

5. Context Parallelism

¢« S
b=
= =4 Sequence length7t Z U GPU H|22| &2 £0|7| /&
AE AlH TP2& ZHE OF £|= 71 sequencedi|Af!
HhAl Sequence 2 02 GPUY| LI+0] & 22|
_ 2k2 Ol AL 2|25 . "0l 2
210|2 ot SP= “2k2 AHAF 2| A5} (LayerNorm-Dropout)”0j
- CP= “2 dAHAttention) 2&70f & -




5-1. Overview

5. Context Parallelism

B) Sequence Parallelism vs. Context Parallelism

TE Sequence Parallelism (SP) Context Parallelism (CP)
2o = Sequence dim Sequence dim: M[Z4 2 =+ “attention context” 7|&
A2 22| |LayerNorm, Dropout S “TP ¥4 gto| AP Self-Attention L& HAL (QKT-V AH|AH
=AM THEd | All-gather + Reduce-scatter (sequence 22tE) | Ring Attention 52 A5 cross-GPU context A&
=2 At | Megatron-LM, GPT-NeoX (TP} Z&}) Long Context LLMs (Mistral, DeepSeek, Llama3 Long Context)
ZQ TOIE |SequenceE GPU 7t “2&510] S HAP SequenceZ “¥d< contextZ LH+%|, GPU 7t attention 28~

TP2 2 2551H LayerNorm/Dropout?| K 22|

8K-32K-128K &< A2 contextOl|A OOM 24|
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5. Context Parallelism

5-1. Overview

B) Sequence Parallelism vs. Context Parallelism

 Summary

« [TP] hidden dim & — MLP, Attention LHF A E4F
A

At

—

M

* [SP] seq dim && — LN, Dropout & A= HAL

 [CP] seq dim 2 context dim 2& — Attention 2 X 4|E 0f2{ GPUZ &4t
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5. Context Parallelism

5-1. Overview

B) Sequence Parallelism vs. Context Parallelism

 Summary

« [TP] hidden dim & — MLP, Attention LHF A E4F
A

At

—

M

* [SP] seq dim && — LN, Dropout & A= HAL

 [CP] seq dim 2 context dim 2& — Attention 2 X 4|E 0f2{ GPUZ &4t

181



5-1. Overview

C) KV ugt

* 71X Qlauery) = 4

« 2|4 CPO|M= sequenceS GPUDIC}

EZE= AlthE L,

LH= LI,

5. Context Parallelism

7_||- queryl_ “Ec” K(kEY) 9.|' V(Value)

Attention(Q, K, V) = softmax (Q - )V

GPU CHEF AR A 27 Key/Value
GPU1 EZ 0~4K K., V,
GPU2 EF 4K~8K K., V
GPU3 EF 8K~12K K., V,
GPU4, | EZ 12K~16K K.,V

e O}

 GPU12| query= GPU2~ GPU4 9| key/value®= &tZ5l|0F! — GPU 7t Key/Value n2HE4!)



5. Context Parallelism

5-1. Overview

D) Ring Attention

- 24! GPU 7t Key/Value u2H(F4l) HL!
« Ring Attention2 CPL| a4l
« GPUT — GPU2 — GPU3 — GPU4 — GPU1 HEHL| ring +2 2 K/VE TRH 22 1St

» Z} GPUE= 27| local attention2 435t

il
0|0
0
U
C
L2

nH

kO
r°|
A
<
|
r
ua

« 9|9} Zt0| “ELE Attention ZIIE £ o2 A HEAY O 2 3| AttentionS 2H
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5. Context Parallelism

5-1. Overview

Memory Usage for 8B Model

o . No Parallelism TP=2 CP=1 TP=2 CP=4
D) Ring Attention
= 120
Y
= = - o ~ 100 Model Parameters
« KV HA|E all-gatherstA| &£& N 111 | DTl | D Gradients
3 60 Optimizer States
o
£ Activations
- ENYOIE Lo P
20
= o - 0‘ ‘ ‘ ‘ ‘ ‘ ‘ | I | | | | | | ]
¢ D'”EE' RE&'QE .7_| seq Z‘I El 7|‘% 02, T0g5 Y63, %55, Y3 02, Y095 Y635 85, 13, 025 %095 Y635, S5 Y3y,
Sequence Length Sequence Length Sequence Length
A
4 4o

No Parallelism

ot GPUZ} 25 EZ(0]: 131K)2 2 X 2] — activation H|22| £ (orange ¥4 17)

TP=2, CP=1

2|8k activation 0 45] H2

Hidden dimension2 TPZ &<, A|HA = 2S6HR| 82 — TPZ weight &t O|22| =X

TP=2, CP=4

AE A dimension”7tA| GPU 4710 24t — activation M| 22| (orange) 7t &4

| &

ol

ZEA

4.0 4
104



5-2. Ring Attention



5. Context Parallelism

5-2. Ring Attention

GRUD
Q2, K2, V2

A) Overview

GPU: 1
Q1, K1, V1

GPU: 4
Q4, K4, V4

GPU: 2
Q2, K1, V1

GPU: 1
Q1, K4, V4

GPU: 4
Q4, K3, V3 186




5. Context Parallelism

5-2. Ring Attention

B) Procedure

« 2t GPU= =A[0f of2lie| M| 2= aliet
CHA =2t =
(1) Send ZHAO| K, VE CH2 GPUR A& (H|= 7)) ofl: GPU, — GPU,

(2) Compute Z2Z K, VO Chafl *QKT /vd — Softmax — V A4 | O] GPU .2 Q . xK.,T

(3) Receive 0| GPUZEH K, V =4l ofl: GPU, <« GPU, (K.,V.)
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5. Context Parallelism

5-2. Ring Attention

C) Causal Attention Mask & Load Imbalance

« Causal Maske “2o| E20F attend 7}5"st=S ot triangular mask

Causal Attention Mask

+ 0| O}A T T}20] GPUSO| HAHZ0| MZ T2 & Eii
GPU CetER Attention CHA$ :
GPU, (B2 1-4) |217| 0| E2 QIg |HIR A4t A|2¢ ILs
GPU, (E25-8) |E21-8L8 GPU,9| K, V, &rofo} 3
GPU. (E29-12) |E=21-12Te GPU, K, 25 7|Ctz{0 & .

;

GPU, (EZ2 13-16) |EZ2 1-16 EL 714 @2 7|tz 16

J24M GPUTS ZAFS A|2451T #re| BLIR|SH GPU4E B CHE GPUQ| GIO[E{Z 7|Ct2{of!

— O|A| HtZ “E.5} =7 (load imbalance)” &4! 188



5. Context Parallelism

5-2. Ring Attention

D) Load Imbalance?] sl &

. 7§M 8}3F: Load Balancing Ring Attention

« GPUY attention A|4F &AM AjHiR| = #58F work chunk &bl (balanced ring scheduling)
« Of|A])
« GPU.O| ELIA idle EfY T GPU, A4t2 L8 EE ot

- Q, K V=5 25 4 E 20 SAl0| 0= GPUZ 2% 7hsotA| of= A,

~

Lt

- 0|7 ol'H 2f GPUY} SA[0| 2EE2| attentions A4t

— A GPU E2E=0| =0tX| 12 & 7| A|HAO|ME throughput A5tE 2|43t
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5. Context Parallelism

5-2. Ring Attention
E) Summary

« CPO SHAIO 2 sequenceE GPUHEZE LIE0| K/VE 21202 13H5HH attentionS A A
» S}Z|2F causal maskZ Qlsf GPUE A|4t0| E7 st &

« 0|0 42t =& AHO|A= Ol 23t (load balancing) st= 7|H=0| 27t2 =&

3= e
oH 4] OFO|C[Of K/VE ring YEIZ =242 2 MESIHAM attentions A4t

&4 DS GPUZF A A|ZA0| Ci5H attention AlAF 7S (memory £44

S HHA] Send/Receive (H|&7]), =24 w2t

A1 causal mask TZ0i| GPUE A4t S0+ Y

Sl ZEtsk balanced scheduling, overlapped compute-comm &r4! -
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5. Context Parallelism

5-3. Z1g-Zag Ring Attention

A) Review: 7|Z Ring Attention2| 3t

+ 2t GPUZ} A|FAQ] H&E HE(0f: GPUI=E21-4, GPU2=E25-8 -)2 &t

« Causal Mask(At7| 0| EZ0t 2tR) 20| 4|7+ 242

— GPU1I2 2 8L 51 91, GPU4= A& AL =

Hot 27 (load imbalance) 2.
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5. Context Parallelism

5-3. Z1g-Zag Ring Attention

B) Overview

 Zig-Zag Ring Attention = #& Zsl

Context Parallelism

+ 7|2 Ring Attention2| “GPU 5l £ 2A|E 5

« of| 82l Zig-Zag = (T &l A

- o] EZS = MUE GPUO| BiYSHA| 21

. “ZHb 4+ U EZ70| AO|E2 285

-

Causal maskE B, 2t GPUE “/5 E270| 4

101 QL0 A |20

Causal Attention Mask

1
: [ GPu1 |
3
4
5
‘ [ GPu2 ]

S 7

ye)

c 8

T 9

S 10

— GPU 3
1

FS543

1 2 3 4 5 6 7 8 9 1011 12 13 14 15 16
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5. Context Parallelism

5-3. Z1g-Zag Ring Attention

C) E A" |:||J_—||_

(a) All-Gather Al
. 2E GPUZ} & 10| 25 K/V H0|E{E 28
- EAI2 13| (All-Gather 18)

A2 =24 Attn(Qi, Ki, Vi) — Attn(Qi, Ki+1, Vi+1) —

vl

oN

) 2 <> ©) GPUDLL} K/V HA|E SAL6HOF stE= YA HI2E| £5

Attention

GPU Computation: Attn(Qi, Ki, Vi) Attn(Qi, Ki+1, Vi+1)  Attn(Qi, Ki+2, Vi+2) AliGather Activs

Forward pass

GPU Communication: | AG(K.,V)
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5-3. Z1g-Zag Ring Attention

C) E A" |:||J_—||_
(b) All-to-All (Ring

)
- GPU7|2| Z st K/VBE w3t(fetch) (send/recv 1-hop)

HEAI
o T

« ZF CHHO|| M EAID} AALO| ZH2I(Overlap): Fetch (K_{i+1}, V_{i+1}) StHM Attn(Q i, K_i, V_i) H|At.
o él-)

« ChH EAICHA7I 02 |1 — base latency 27 =7t

-

Attention

GPU Computation: Attn(Qi, Ki, Vi) Attn(Qi, Ki+1, Vi+1)

Atn(Qi, Ki+2, Vi+2)

[ ]

GPU Communication:
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5. Context Parallelism

5-3. Z1g-Zag Ring Attention

C) SEAdH H| W
 Summary
o All-Gather: Hit5 + 3|22| BIO| &

« All-to-All (Ring): b2l + H|22| A & (4 scalable)

= All-Gather Ring (All-to-All)
sS4l sl 18] (2% 23) 0l2{ 1 (1-hopX &2
4l =S4 Y S (EEgH) P2P 4! (0|R7]2])
H22| AFEE =a (K/V H4 £2) g2 (K/V 220 22
S4l-AlLh @B o= AfHAR S
Latency J= CICEA2E of7t =2
Aelol &% GPU 0j22] H<et mj L AAA, B 22| A|oF e T 196




5-3. Z1g-Zag Ring Attention

D) 2| &1}

- Context Parallelismd| A2 GPU 5l 874HE ol Z5H7| 25

AMEA EZS “Q/EH 4

Key/ValueS THA[Z 2= welslf GPU 2t A4t F5tet 22| ALE

Zig-Zag Ring Attention = 5.5}

10|=F" 24l (Zig-Zag)ot AttE=E 252

OI

74 (load-balanced) + 22| =

5. Context Parallelism

52, Ring(All-to-All) EA102

2 2% 2|35} Attention 78 Al

= (memory-efficient) Attention

27 32 A 27}

GPU 25l 78 | E2 #ME A0I(ZigZag) YT 4101 28 | BE GPU A4 FS

GPUD|22| Z&r | K/VE £3H 22 BEHRing) UA| Bl22| LA

£ 2Bj3|E AN-SA 26 GPU idle AIZt 24 o




6. Pipeline Parallelism



6-1. Overview
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6. Pipeline Parallelism

6-1. Overview

A) CP & PP2| S2 Hj

* (1) Context Parallelism (CP)

. SPQl- |_g_EZ-I/2|-O|Z-I

_I_

- (3E3) Sequence HAHE St GPUO| 2| &1, context(22 CH2|) 2 LIR=0] attention A4t
* (2}0]Q) SequenceE 02 GPUY| Lt attention® 28 &8 — CjoF S&A X0|22 AEWE T
« 2F GPUZL AF7| F£7H9] tokenCt 2 2|5tE|, H L6t attention context AE0H F8S
« Ring Attention, Flash Attention 7|&l

- 0|2 Sall SP7} #{2|otX| Z¢ot 7l sequence =4S ol 2

1ujo
Bl
>

Wi

— 2 (0] 32K~128K token)= O|22| & Q10| 2| 7I=s
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6. Pipeline Parallelism

6-1. Overview

A) CP & PP2| 5% Ui| A

* (2) Pipeline Parallelism (PP)
- DAO| Jayer CHQ|2 GPUE L=
« 0: 96-layer 22 — GPU 87 x layer 127HA

Zf GPUZI 22 €50 HEot2=E, Y B0 UF B2 weight/t =2[X| &5

0| 22|t HAZFZ layer B2 24t
ZeRO/TP/SP2} A0 AR 7ts

PP= (TPZt 4Yotr| 2) Zthet 2ZF 37| A= ol &

201



6. Pipeline Parallelism

6-1. Overview

B) PPl T2 M

» O|77}A| B2 Parallelism
- Tensor Parallelism (TP): Layer L& (hidden dimension) &2 2&
 Sequence / Context Parallelism (SP, CP): A|ZA(sequence) & &
- M YEES2, 25 o =5(8 GPU E5) QH0[M= =2 aH4

24
— But =5 EOP7IH 4 = ME0 =2=20| 545 20{Y!!

| -

OII
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6. Pipeline Parallelism

. T E 4 | AllReduce CHYZE (GB/s) =49
6- . Overview | 436 GB/s NVLink (=C LH) — O =
A 160 GB/s LT 7HEFA A1 A2 — 22t
B) PPo| TIQ A 8 90 GB/s HE2| 3 CHHZE SHA|
64 39 GB/s o] 1/10 2Z02 A

Communication Bandwidth by Number of Nodes (size=256MB)

=@ AllReduce
AllGather
ReduceScatter

400

300

200

Bandwidth (GB/s)

160.1
100

Number of Nodes
=, TP O8] =E2 &5tH 40| 8=0| £[0 40| S

— J2jA B 377t HE+E TP 2= TS5l 203



o-1.

C) PP

Overview

. “@Elo] | gyerE 0{2] GPUO| L} M 2]2|5tA}.”

SHAI ol:o||_-_|o_.|

Memory Usage for 8B Model

No Parallelism
140

6. Pipeline Parallelism

) E%O‘” Iayer7|' 327H %E"_T’_ 6"%: g 122 B Model Parameters
. GPU, — layer 1-4 ... GPUg — layer 29-32 - 1 1 B |
£ a0 Activations
T OPUE EE SR SRe B e T T
N |I|-E|-A‘| GPU %l_ D'”EEl A'__g_aol:ol 37_” 7DI-_/I\_ Sequence Length Sequence Length
ot= No Parallelism PP=8
[=1=Th (=1t ot GPUO|| A weight 2t | 1/82 2 — 0f22| A&
Optim. / Gradient | SY 1/8=2 &¢&
Activation SZ Hel AlS -




6. Pipeline Parallelism

6-1. Overview

D) Activation memory= S| %= 0| &

« PPOJ|M= Forward2t Backward?} G| A| X
* Forward HA|E Cf =&l £ 0|0f, Backward& A|&5t7| W&E
« Ex) PP with 8 GPU:
* Forwarde 87H2| micro-batchE &A|E GPUE S1}af{0f &
- Z Backwarde Forward?t 25 £LI0fF 7t
o [Ih2tM ZF GPU= “PP THA| 4= x (activation / PP ©HA| =) = activation HA|"S A &aH{Of!

« H|Z layer= LI Z|DE 2F GPUS 01 -5| 4| A|ZAQ| activationS A 25l OF!

—y
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6. Pipeline Parallelism

6-1. Overview

E) =4 I{&: Pipeline X

« PPOIM= ZeROAEH weightE S4I6HA| &2, CHAl “activation= &2tz HE”
« Forward A|: 2 GPU7} Ct2 GPUZ activation=S Y

« Backward A|: BICHZ activation gradientS 0| GPUZ A&

- O] H2= “pipelinexd” Tl|O|& (=activation) & S 2UAM U4 22 = o

L

/>

= Data Parallel / ZeRO Pipeline Parallel
A EHE Parameters / Gradients | Activations
=4 T All-Reduce Send / Receive (1-hop)
H= HO Gradient sync Forward/Backward 7t dependency
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6. Pipeline Parallelism

6-1. Overview
F) Summary

= g8 g
Weight 0|2 2] 1/PP 24 ;
Activation 0| 22| - Forward 24| E B 5l{0f
SME Weight £E4A1 X Activation &4 O
2t (multi-node) TPECH K2 (Stage 7t S|EEL22) latency A
Throughput 2 gdo| 22 Pipeline “bubble” &4 7=
PP = 22| |]ayer= (42| GPUZ 225l parameter H|22| F£E= =Y

— CHA: 5HX|8F activation | 22| JAL|20|H, GPU Zt activation= A& o= HE S| O}

— A8 S 26| =2t Ij0| Z2tel “bubble™] EZ 4 US
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6-1. Overview

F) Summary

« DPvs. TP vs. SP/CP vs. PP

6. Pipeline Parallelism

Model
Parallel

HE3t 7|H =9 off 4 F2 =21 SHA|
Data Parallel (DP) Data Hli{%|(batch) ZtEt scale-up 20| OjEz 2£
Tensor Parallel (TP) Layer LHE (hidden dim) Layer AHAH &AL LEZHEZ A S ES

Sequence/Context Parallel (SP/CP)

Sequence dimension

Activation A2t

Attention E41 2H{5|=

Pipeline Parallel (PP)

Layer (depth)

23 Oetoje t2e| 24

Activation ¢,
oo Z 2l A|H Z2|
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6-2. Splitting layers: All forward, All backward



A) Forward Pass 7H2

. PP2| 7|2 0}0|C|0f:

- 2H9| layers= 02 GPUY| LIF0{ “=AtZ” A E

e BatchE &afd o2 HErstH Forward + Backward 4=

- Of2ff 112! Forward Pass 24|Z
PP (16 layers distributed across 4 GPUs)

 All-Forward All-Backward (AFAB) A#|=: PP2| 713t tka3sl A3

—_—

Ofoh M

Bl

Device idle

ol
-

6. Pipeline Parallelism

6-2. Splitting layers: All forward, All backward

. LayerQ| index)

AT Forward pass

Al Backward pass

€l (bubble) 210



6. Pipeline Parallelism

6-2. Splitting layers: All forward, All backward

GPU

B 1234 | | | I
B) Pipeline Bubble j — [ 1]
4 13141516 | | |

Procedure Tive —— | | [ oecerae
» Step 1) GPU 10| &4 200 1~4F &3l micro-batch 1& #{2
» Step 2) Z2H(Activation)& GPU 22 HE

« Step 3) GPU 2 = micro-batch 12| ForwardE Zlalist= &9, GPU 12 micro-batch 2& A|2f

- 0|21 AlO 2 G|0|E{7} “pipeline”x2 &2
— St2|2t, BackwardE Forward?t & E Z0f|2 A2
— [[I2tA], 2 HEE GPUSO0| 2219t idle A == “Pipeline bubble”
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6. Pipeline Parallelism

6-2. Splitting layers: All forward, All backward

C) Pipeline Bubble2| A1 0]3)

o|oj

(p—1)(ts+tp) p—1 — ~ _
T bubble — Mt 1 +is) = o oo Z2tQl THA| 2 (GPU 7H3)

micro-batch 7§
tftb | forward / backward A|Zt

« GPUE 0| 2™ — Bubble 27t (HE HIE8)

e Micro-batchS =2|% — Bubble Z4& (& 2F4))
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6. Pipeline Parallelism

6-2. Splitting layers: All forward, All backward

D) All-Forward All-Backward (AFAB)

« All-Forward All-Backward (AFAB) A#|=: PPL| 713 ket A=

o

= 29F Forward — Backward &=A | & “ch HHoj|” gt

* Procedure

 Step 1) S GPUZI micro-batch 1~82| forwardE &2t 22 22|
« Step 2) Forward?} L8 backwardS A4S

 Step 3) Backward Est =240 2 2I5H
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6. Pipeline Parallelism

6-2. Splitting layers: All forward, All backward

D) All-Forward All-Backward (AFAB)

GPU PP (16 layers distributed across 4 GPUs)
1
2
Forward only 3
4 13141516 16 15 14 13
Before, the numbers in the diagram indicated the layers,
but in all pipeline parallel plots from here on they indicate micro-batches.
GPU You can think of each square here as containing several layers
All-Forward All-Backward (AFAB) (Ml 12345678 8 910111213141516
2 1 2345678- 1 6 7 8 -910111213141516-
3 12345678- 1 p 7 8 -910111213141516- 9
4 12345678 1 910111213141516. 9 10

8
214
Time —» Backward pass Device idle




6. Pipeline Parallelism

6-2. Splitting layers: All forward, All backward

E) AFABZ 9ISt Bubble Zt4&

« AFABO|AM&= micro-batch?t 642 7l 2Alst7| thZ0]|, GPU Zt pipelineO| Of2ix & &2

GPU

Forward *{2|

Backward &2

GPU,

micro-batch 1~8

micro-batch 8~1

GPU,

micro-batch 1~8

micro-batch 8~1

GPU,

micro-batch 1~8

micro-batch 8~1

GPU,

micro-batch 1~8

micro-batch 8~1

« O|Z2 A &|™ Forward/Backward ZF pipeline AZ!0

AHZ |
(@ R ]

— Bubble H|E0| & 1/m 2FF E0{5 (=, micro-batch 8712 bubble 2F 1/82 Z4)
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6. Pipeline Parallelism

6-2. Splitting layers: All forward, All backward

F) AFAB2| CHA

* Bubble2 2% A|Bt Activation 0|22| =4}

« ForwardA| AAM=E activation2 Backward A7MA| 25 Z 26l OF &

« =, micro-batch?7t 2045 A &5l0F & activation®= BOHA

°
ol

HZ2H: 1F1B (One Forward, One Backward)

« Forward®?} BackwardE W2afA|7|= LAlo = 0|2 2|7HR| Ak Vs
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6. Pipeline Parallelism

6-2. Splitting layers: All forward, All backward

G) Summary

* Pipeline Parallelisme2 2&! LayerS 042 GPUY|
— BtA|: Sequential &3S = I3l “bubble”0] A4

- 0| 2&t5}517] 2|3l All-Forward All-Backward (AFAB) AHEES

— StA|: Activation | 22| £EH

= ol H22|E 2<F

ArE35H 06{2{ micro-batchE SA|0]| 22
s =249
7|12 71 23 20|01 & 2] GPUO|| 510 =222 *<
=2l Ee Activation (&t GPU — C}2 GPU)
A Sequential A3ie 2 QIst GPU idle — Bubble 2+
ol 2 (AFAB Micro-batch @&3}I2 bubble ZkA
FE Activation & & S7f — 0|22 ZEL
Cts THA| 1F1B 2#|& (Forward®} Backward& 1z}) .y




6-3. One Forward One Backward



6. Pipeline Parallelism

6-3. One Forward One Backward

A) 1F1B (One Forward One Backward)®2| 712

- Pipeline Parallelism(PP) o] 15 AAIZE 7|'H = 3Lt

« Llama 3.1 Z& ZR|Y REHO|ME AR

« 7|Z2| AFAB:

« 2= ForwardsE Cf &=t =

— J10t= activation= A5 2 A5l 0F sliAl 0|22 =&

« ofj228: 1F1B = One Forward, One Backward (interleaved pipeline scheduling)
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6. Pipeline Parallelism

6-3. One Forward One Backward

B) Procedure
S0 QUR| Ut

Al OI0|C|0f: “7t= ¢t ot Y| backward= A|2F5l A, activation2 22 =22 U

Forward2} BackwardS 1 Zf(interleave) A|AH, Activation=S HWe| Hl

_|0|'

|N

=,

PU idle A|ZtE S0|&= #£2

GPU
1 52 6 3 7 4 8 5 8 9101112

1234- I253647586I I -101112- I101311

9101112 9 I 10 I 1 13

12341. I354657687
9 9 10 10 1 11 12 12

171 2 2 3 3 4 4 5 5 6 6 7 7 8 8

Backward pass Device idle
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6. Pipeline Parallelism

6-3. One Forward One Backward

TF1BOl| M= “OfZ[2f output layer7tA| CF S2tet HR O)7
B) Procedure o _ o olo
2t pipeline stage Bt 2 backwardE HtZ A|2re 4~ Q&1

« Forward®} Backward?} SA|0f LO{Lt
« 2t GPU+= forward st 1 backward St B4 12O} 4~3H (1F1B)
« BubbleO| i3] Z2H5tA|8F Activation 22 704 = GPU £ (p) 2 A

« AFABO|AM-= micro-batch 714 m B2 % 2t5lj0F S

GPU

1 152637485...89101112

2 1234- I253647586I I -101112- I1o1311
3 12341. I354657687I 91011129.10.1113
4 11 2 2 3 3 4 455 6 6 7 7 8 8 9 9 1010 11 1 12 12

Time ——»

Backward pass Device idle
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6. Pipeline Parallelism

6-3. One Forward One Backward

C) AFAB vs. 1F1B

All-Forward All-Backward (AFAB)

One Forward One Backward (1F1B)

Before, the numbers in the diagram indicated the layers,
but in all pipeline parallel plots from here on they indicate micro-batches.

GPU You can think of each square here as containing several layers.
1 12345678 8 910111213141516
2 1 2345678- 1 2 6 7 8 -910111213141516-
3 1234567 8- 1 2 3 7 8 -910111213141516- 9
4 12345678 1 910111213141516 9 | 10
GPU

—

1 52 6 3 7 4 8|5 I 7 8 9101112- 9 13/ 10
1234- I 2 5 3 6 4 7 5 8 6 I I -9101112- I10 13 11
12341 I I 3 5 4 6/5 7 6 8 7 I -9101112 9 I10I11 13

1712, 2 3 3 4 4 5/5 6 6 7 7 8 8 9 9 10 10 11 11 12

Backward pass Device idle
slele]

A W N

Time —»




6. Pipeline Parallelism

6-3. One Forward One Backward

C) AFAB vs. 1F1B

* AFAB: A 22 (0rR| 9 2{[0]01)7HA| forward /7t £LIO0F backwardS Al 2
 Forward — Backward &AM7} ZA{5| 22|
- OFZ{9} GPU (£3 0|0 E§Y)7t forwardE & W7tA| CtE GPU= backward& 7|CH
— Backwarde= 2% HA|9| outputO| EH|El FO||0F A|2H THs
— 41} bubble 311, activation H|22| 0] 2

(2= micro-batch@l activationa backward €7tA| Tt & &f5l{OF )
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6. Pipeline Parallelism

6-3. One Forward One Backward

C) AFAB vs. 1F1B

« 1F1B: sliE stage?| forward”’t &t micro-batchdj| Clisf Z2Ht= backward
 “of stage?| forward’t 4H, 1 stage= SA| backwardE Al 787

« IO|Z2}R10] steady stateOf| S0{7IH, 2F GPU(stage)= OF2HXHH W xt= Yot

Azt | GPUT | GPU2 | GPU3 | GPU4 Y AFAB TE1B
t F1 — - - - -
t = - Backward A|ZF A& | OFR| 8 GPU2L| forward &= 0|F | 2t stagel| forward &= 2=
2 OI
t, F3 F2 F1 — B 24 Ad ol (£2 8=
e=e s (&4 forward/backward interleave)
t B F3 F2 F1 p— —T7s TN
. . 0 = . _ 2] A o OF A&
, > ™ 3 = Activation 0| 22| 1% & (2= micro-batch A/&) | 48 (stageE=0F X&)
t GPU Idle A[Zt =2 (bubble %3) A4S (steady state R4|)
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6-3. One Forward One Backward

D) Bubble/Memory 37| H|W

« Bubble 27|= =Y 5tA|Ct

« Activation H22|2F GPU %= (p)Hi S0

— M AAH 2= micro-batchS G 20| 9 4~ Q)

— ZUA2Z bubble HIE7H4| &

AAZE Bubble H|= Activation 0|2 2]
AFAB (p—1)/m ocm
1F1B (b—1)/m x<p

6. Pipeline Parallelism
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6. Pipeline Parallelism

6-3. One Forward One Backward

) 15 E22FA

IRt 2 23t 225 29t

— DeepSpeedl} Megatron-LM Z2 T3V} 0| & Atz AH=ZH
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6. Pipeline Parallelism

6-3. One Forward One Backward

F > AL Throughput Scaling with Pipeline Parallelism (1F1B schedule)

Number of Microbatches = PP Size - 1 Number of Microbatches =32

16000 - B Tokens/sec/GPU 16000 1 W Tokens/s/GPU
14000 4 . : 53 Performance Drop 14000 - _ [ Performance Drop
12000 A 12000 -

Z 10000 1 Z 10000 1

< <

2 2

£ 8000 ~ £ 8000

g g

S S

7 6000 = 6000 4
4000 A 4000 -

2000 - 2000
0- 0 -

2 4 8 16 32

Pipeline Parallel Size Pipeline Parallel Size

el z 2% e
Al H micro-batch 4= = PP size - 1 | micro-batch &= = 32
2t Q0 | A2 mO|AMe= bubble 8T | & mO|M= throughput &4 T
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6. Pipeline Parallelism

6-3. One Forward One Backward

F > AL Throughput Scaling with Pipeline Parallelism (1F1B schedule)

Number of Microbatches = PP Size - 1 Number of Microbatches =32

16000 B Tokens/sec/GPU 16000 7 B Tokens/s/GPU
14000 4 ! : [0 Performance Drop 14000 - _ [ Performance Drop
12000 1 12000

= 10000 - 2 10000 -

< <

wv wv

-~ -~

£ 8000 - £ 8000 A

) g

S =)

7 6000 = 6000 4
4000 4000
2000 1 2000 1

0- 0 -

2 4 8 16 32

Pipeline Parallel Size Pipeline Parallel Size

21Z J2iE (m =p-1)
- micro-batch 7t A& M= bubble H|&0| A 50| 42,

- Of: PP=32¢ I 40| 44% &,
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6. Pipeline Parallelism

6-3. One Forward One Backward

F > AL Throughput Scaling with Pipeline Parallelism (1F1B schedule)

Number of Microbatches = PP Size - 1

Number of Microbatches =32
16000 - B Tokens/sec/GPU 16000 1 W Tokens/s/GPU
14000 4 : i [0 Performance Drop 14000 - i [ Performance Drop
12000 | 12000
& 10000 - & 10000 -
9 9
w wv
£ 8000 - 2 8000 -
o L
S 35
= 6000 | = 6000 A
4000 4000
2000 - 2000 -
0- 0-

PipelneParalelize 2 " bpeineparlelsze ’
REZ NI (m=32>p-—-1)
- micro-batch& =2[® bubble ¥ |
- throughputO| AH2| linearstA| S7t.

- &t micro-batch£ £3515] =2 & g€ (global batch A TH20]]). 229
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6. Pipeline Parallelism

6-4. Interleaving Stages

A) Interleaved Pipeline Parallelism

24 1F1B 22|20 o} L= bubble2 07| 2/H!

Llama 3. 10| AFEE|= Alg OH0| L2t FEst A5

1F1B A AH|=2| oA A:
- H[= activation H|22[& 32| S A| T, 2HE5HA| bubbleE &2 22 X
« O|R®: & GPU& forward — backwardE &0t =ali5tA| Tt
forward/backward?} “=A{t|2” HEE|0 JO0A 65| DF GPU= THE GPUZF 22 W7HA| 7(CHE.

« offZ2H: Interleaved Pipeline Parallelism (Interleaving Stages)
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6. Pipeline Parallelism

6-4. Interleaving Stages

A) Interleaved Pipeline Parallelism

« 7|2 0}0|C|0f: “GPU Q0| A= pipelineS LH+2P

« 7|2 pipeline & RIS GPU T2 0+ 25151 S

5t GPUZI 29| & 7k(stage)S SA|0] S
° GPU1 |ayer 1'4 (GPU1%EE{I | (J)I} ‘E‘ r‘ci_hl,__i_,, % I:|- %l'%l-)
« GPU2: layer 5-8
GPU Stage 1 Stage 2

 GPU3: layer 9-12

GPU1 Layer 1-2 Layer 9-10
« GPU4: layer 13-16

GPU2 Layer 3-4 Layer 11-12

— =, otLI2| GPU = otLte| HLEF stage
GPU3 Layer 5-6 Layer 13-14

» ofA| 2t InterleavingOliM= 2EZA ZO| LUE => | Gpusa | Layer7-8 | Layer 15-16
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6. Pipeline Parallelism

6-4. Interleaving Stages

A) Interleaved Pipeline Parallelism

GPU

A wWwoNp =

T2t All A

215 opet Forward (27| 2{0|0{)

2 ot Forward (=gt 2{/0[0{)

st 25 Backward (7] 2{|0|0f)
oeeise || &iatA Backward (£t 2{0]0f)

st GPUZ}t A stagel| forwardE &~3stCt/t, CHE GPUZt backwardE &=dst= =9,
A2 = HARY stage| forwardS A| A
— Forward2} Backward?} § M2SHAH interleave=!

— GPU idle 712+0] ©f B0t2! — bubble 2t ! 233



6. Pipeline Parallelism

6-4. Interleaving Stages

A) Interleaved Pipeline Parallelism

GPU

1 -152637485I I7I89101112-9131O

1234- I253647586I I -9101112- I101311

One Forward One Backward (1F1B)

2
3 12341. I354657687I -1011129I10I1113
4

1712, 2 3 3 4 4 5/5 6 6 7 7 8 8 9 9 10 10 11 11 12

Time —» Backward pass Device idle

Interleaving Stages s R e

51627384

|1 R L
il 2 3 6 7 8

Device idle
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6. Pipeline Parallelism

6-4. Interleaving Stages

B) =4|2 = 5= Bubble #Zt4 23}

(p—1)(ts+ts) A= il
tpb — - p pipeline T 4= (GPU 7l
Vv 2t GPU L{Q| interleaved stage 4=
o _—y | m micro-batch 4=
Fbubble = xm - {bubble} | bubble 512
. Bubble H|&
QA 1F1B (p-1) / m
interleaved stage &= v 7t 01245 bubble0| 1/v& Z0{5! Interleaved v=2 | (p-1) / (2m)
Interleaved v=4 (p-1) / (4m)




6-4. Interleaving Stages

C) Bubble 37| H|2

« MEl: 07| A PP=8 (pipeline & 8712 14

.« ZZ2: BubbleO| 2t0t2! (GPU idle A|ZF H2Q| 0).

« micro-batch £7t 242 (m 1),

« interleaving stage”} &t

=55 (v ),

—_s Bubble 37
m=1, v=1 7.0
m=1, v=2 3.5
m=1, v=4 1.75
m=8, v=4 0.22
m=32, v=8 0.03

Bubble size for PP=8

PP configuration

6. Pipeline Parallelism

(m=micro-batch, v=interleaved stage £=)

m=1, v=1 TN 7-00
m=1, v=2 I 350

m=2, v=1 - 3.50

m=1, v=4 I .75
m=2, v=2 N 1.75
m=4, v=1 N 1.75
m=4, v=2 N 0.88

m=1, v=8 N 0.88

m=2, v=4 N 0.88

m=8, v=1 N 0.88

m=16, v=1Jl 0.44
m=2, v=8 |l 0.44
m=8, v=2 [l 0.44
m=4, v=4 1l 0.44
m=4, v=8[J] 0.22
m=8, v=4] 0.22

m=16, v=2J] 0.22

m=32, v=1j§ 0.22
m=8, v=8J§0.11

m=16, v=4[§0.11

m=32, v=2§ 0.11

m=32, v=4] 0.05

m=16, v=8] 0.05

m=32, v=8|0.03

0

1 2 3

4 5 6 7
Bubble size 236



6. Pipeline Parallelism

6-4. Interleaving Stages

Ne (O,M]

PPrank0 0 1 2 3 4 0 1 2 3 4

D) Llama®2l AA| 16

« Setting n

PP rank3 01 2340“1 l

Time Stage 0-3 forward Stage 4-7 forward . Stage 0-3 backward . Stage 4-7 backward

7

~ w I o

aom 00
9

a1 [ B 0

8
7
6
5

w - » L3
S @ 3 ~

« Z 87| pipeline stage (0~7)
« 4749| GPU rank (PP rank 0~3)

Figure 6 lllustration of pipeline parallelism in Llama 3. Pipeline parallelism partitions eight pipeline stages (0 to 7) across
four pipeline ranks (PP ranks 0 to 3), where the GPUs with rank 0 run stages 0 and 4, the GPUs with P rank 1 run

° 1 F‘I B + inte rleaved (V=2) 6C:>| EH St?.gCS 1 and 5, etc. T}.m colored blocks (0 to. 9) rcprcs.cnt a sequence of micro—batchcs,, where M is the total number of
micro-batches and N is the number of continuous micro-batches for the same stage’s forward or backward. Our key
insight is to make N tunable.

- B=
CiCt
- BubbleS &tto2 Z0|HME Rank Stage &%
Rank O Stage 0, 4
 Activation H|22|% 1F1B £=&22 {X| Rank | Stage 1.5
Rank 2 Stage 2, 6
Rank 3 Stage 3, 7 237
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6-5. Zero Bubble and DualPipe

A) Computation Graph for MLP

Forward

e QR S IIBX W& 2= Wx

o B3} o(z) B By

'Backward

e Loss L2| gradient V,L 22E IHu}
e V.L=%Yy 1L
« V.L=W'V.,L
| e VywL=V,La”

Otz layer2 HEret gradient

weight &H|0|E& gradient

y

6. Pipeline Parallelism

( Forward \ / Backward \
N
X
V.L
— Wx wiy.L
N x 5 v,L x N
V. L VwL
d z w
0(2) Z(zz)vy > V,LxT —>
y
vyL
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6. Pipeline Parallelism

6-5. Zero Bubble and DualPipe

B) Review of 1F1B

« St micro-batch@| forward 1 CHAIE £35St |, backward 1 EH4|E HIZ interleave A pipelinegE 2|2

- (23) 4742e] GPUZ} A2 CHE micro-batch

« 2} 740 StLIQ| micro-batch 2| EHA

U

MR 242

- A W A/F UM GPUSO] 7Tl = “bubble”0| 24 — 2& |

Device 1

Device 2

Device 3

Device 4

Time —

- Backward Optimizer step

Figure 2: 1F1B pipeline schedule. 240



6. Pipeline Parallelism

6-5. Zero Bubble and DualPipe

C) Zero Bubble (ZB)

« ZB-H1 /ZB-H2: “Zero Bubble” =20{ A A|Ot=l MU

* BackwardE & 7222 LIz
o |l B = Backward for inputs (VL)

o Ml W = Backward for weights (VL)

° _lI=_ 0=|A|-(B W) E‘I 8H A-l Ef% A| |7_|- %%Oﬂ HH 2 | Figure 3: Handcrafted pipeline schedules, top: ZB-H1; bottom: ZB-H2

_ BackwardS 2 L=
. Z2:B (U gradient)= C}S stage HMIjo| LWRsIOZ wWa| AM o= = h=

241



6. Pipeline Parallelism

6-5. Zero Bubble and DualPipe

C) Zero Bubble (ZB
- B (¥4 gradient): C}S stage SHO}0|| 2522 e Al
- W (7F=2| gradient): optimizer stepZd7tZ|Ct A AtSHH £ B 2 QASHA |2 0|

— BubbleO| W Atts ZHAE 0 GPU 75 AlZE A2l 0 22 Ths.

[ ] ® @® o
= w N -

R H- B T pe—

Figure 3: Handcrafted pipeline schedules, top: ZB-H1; bottom: ZB-H2 242



6-5. Zero Bubble and DualPipe

D) DualPipe (feat. DeepSeek-V3/R1)

« /BE ot 2|4 A=

6. Pipeline Parallelism

Ht5FO 2 PipelineS S22 LM (2]—02H, of2—<|) forward/backwardE M2 ZAz{A| 2184,

12k HO| “zero-bubble” &El Ed (+ 4! (all-to-all) LH|EL =43}

* DeepSeek-V3: “near-zero all-to-all communication overhead”

peviceo[0[1]2]3]4]5]6 [ 17 o s 1|9 2 3 4 5 6|6|7]7]8]8]9]o
Device1 |0]1]2]3]4| |5 6 | o |7 1 (8 2 |9 3 4 5 6 7| lsl|7]9]8]9
Device 2 of[1]2] [3] [a 5 | o |s 1|7 2 |8 3 |9 4 5 6 7| ls[7]a] [8]e
Device 3 of [1] [2] [3] [a 0 |5 1 s 2 |7 3 |8 4 |9 5 6 7 8| [o] [8] |9
Device 4 o [1] [2] [3 0 |4 1 |s 2 |6 3 |7 4 |8 5 |9 6 7 8| [of [8] [o
Device 5 o[ [1] [2]o]o]3 | [a 2 [s 3 |6 4 |7 5 |8 6 |9 7 8 | |9 9
Device 6 o| [1]ofol2]1]1]3] 2] 4 3 |5 4 |6 5 |7 6 |8 7 |9 8 9| [o

Device 7 | olofo[1[1]1]2][2]2][3] 3 4 4 |5 5 |6 6 |7 7 |8 8 |9 9

Time

D Forward :l Backward |:| Backward for input |:| Ba
Figure 5 | Example DualPipe scheduling for 8 PP ranks and 20 micro-batches in two directions.

ckward for weights |:] Overlapped forward & Backward

The micro-batches in the reverse direction are symmetric to those in the forward direction, so
we omit their batch ID for illustration simplicity. Two cells enclosed by a shared black border
have mutually overlapped computation and communication.
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6. Pipeline Parallelism

6-5. Zero Bubble and DualPipe

E) Summary
AHZ OO|C[Of =S4
1F1B Forward 2} Backward mx} ZHESEA| B bubble 22
/B-H1/H?2 Backward & (B, W) 2 £2| bubble 12| 0 (0|24 zero)
DualPipe ek OO + (B/W) =2| 82 | AA| zero-bubble 7177t + 41 28 ]
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7. Expert Parallelism

/. Expert Parallelism

A) Mixture of Experts (MoE) 2!

- MoE (X): &+ 2| FFNO| T StLta

- MoE (0): 8t 20| o] 72| HE7} U EX A (Experts, FFN1, FFN2, )

- 3 tokenOtC} “O{E expertO|H| EH2["Z router (HI0|E) 7} 24

y
Add + Normalize ]‘—
A -
: F o—
FFN2 | | FFN3 || FF H
Add + Normalize ] < g
0 P p=08
Switching FFN Layer L
Add + Normalize l RO;W
Self-At{entlon Add + Normalize }‘—
X Self-Attention
A

P | Py |
en(‘)SI(IOdﬂlig E e"l‘)SI(IOdﬂ"‘a‘9 E;
X1 EEEEEE] x[TTTTT]
. 246



7. Expert Parallelism

/. Expert Parallelism

ok

B) Router2| &
« FFN1, FFN2, FFN3, FFN4: 22t CH= expert
* Router”t 2f & token x_i Of| Ci5H “O expertZ2 EHA|” &&= A4t
« x_1 — FFN2 (p=0.65),
« x_2 — FFN1 (p=0.8)

« Top-k gating: 2t token2 71 =2 &&9| k7{ expert=22t 2t2E! (0] Top-1 &= Top-2).
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7. Expert Parallelism

/. Expert Parallelism

C) Expert Parallelism (EP)

2t ExpertE CI2 GPUO| 2AMA|H HE AlSH

- 7|2 Al GPU Expert
* MoE layer LHE2| Zt Expert= =& 4 (Parameter sharing X) GPU1 FFNT
- 0j2tM, MZ CHE GPUY 0| ok GPUZ FFN2
GPUS3 FFN3
- _12{® Routere 2f E25 “A &%t GPUZ” 2t2E GPU4 FFN4

=, 2 GPUe ArLlOf[A| BiEE Experte| FENEE Al4HStH F |
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7. Expert Parallelism

/. Expert Parallelism

C) Expert Parallelism (EP)

f vt \ / 17, \ e e LN
—[  Add + Normalize ] [ Add + Normalize I ) :; : : :NN: :
g .
Self-Attention - ) ( = Self-Attention . ]

2 GPU2 )\ GPU3® /ll)‘?\ GPU4 j
2

. (b) Data + Expert + Tensor Parallelism

T { & 1 1
( ) L SA2 | FENT | | FEN2
—>[ Add + Normalize ] [ Add + Normalize ]-— L I GPU3 )\ 1 GPU4J
t + =5
T Y7 T
{ Self-Attention ] { Self-Attention ] [ l aaalhl l [ FF':I 2 ] ]
3 3 —sar ) || C san ) ( iblidoakbbics J
X GPU1 GPU2 X .
\ 1 J \ 2 J L A epu1 J{ Xl GPU2 )\  GPUI JT\&I\ GPU2 )
(a) Data + Expert Parallelism (¢) Data + Expert + Pipeline Parallelism (d) Expert + Tensor Parallelism
Fig. 8. Schematic depiction of diverse parallel strategies for MoE. For clarity and conciseness, this illustration omits some All-to-All, All-Reduce, 249

Point-to-Point communication within parallelism, and Normalization, Encode, Decode, Gate in subfigures (b), (c), and (d).



7. Expert Parallelism

/. Expert Parallelism T ( )

—>[ Add + Normalize ] [ Add + Normalize -
4 4
D) EPO| 52 Q0 8 A
g — = ( — Allto-All Combine : )
Fig.8 (a)2| “All-to-All Dispatch / Combine” e b
( All-to-All Dispatch J
* Step 1) Y& token — Router2 =0{Z Encode Fcods
Gate Gate
« Step 2) Router?t “O{H™ Expert2 ZA|” 24 k ‘ J
Add + Normalize ] Add + Normalize -
« Step 3) All-to-All EAI9 2 ZF tokenS 5l Gt i | 4 i
Self-Attention ‘ Self-Attention
Expert’} 9= GPUZ A4 (Dispatch) | : ) ‘- ;

) \em B

Step 4) 7ﬂl- GPUQ—' EXDert7|' FFN 7:”& _/I\_scla-I (a) Data + Expert Parallelism

Step 5)CtA| All-to-All2 23S et A Hell =MCf2 22 (Combine)
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7. Expert Parallelism

/. Expert Parallelism

E) A LA 2|3}

244 ‘= EZS All-to-All2 GPU AO|0f| ELj= Z470| EAI E5171 AC}H
« DeepSeek-V39| 2|43} (GE2) :
« 2} EZO0| 2|t M7HL| ExpertOf| Bt 2t2EIZ|AH| Aet (O]: M=4) — S4ITF A|ot

* Router?7t 7t55tH Z2 E QOIO| Expert20t E28 B T2 A - L& Z2F EAl 2|45}

— O|= | 5™ Expert Parallelism2| 80| &4 Z0}32

251



8. 5D Parallelism
in a Nutshell




8. 5D Parallelism

8. 5D Parallelism in a Nutshell

A) 5D Parallelism

» O] 57fA| = 22| M2 OHE 2t S 2ol ALt £t 24t

Do Y =< 7|& (Sharding dim) ohi4 OO Of
Data (DP) Batch CIO|E|E Lt 02 GPUO| SA|E 2= SA|0| et
Tensor (TP) Hidden St layero| g & HALS Ol2 GPUVt 2&6iA =&
Sequence / Context (SP / CP) | Sequence length U A FHAE 2] GPUO| LR M 72 E35 22| 7t
Pipeline (PP) Layers LEIo| JayerS2 02 GPUO| &=AMCHZ 2l (pipeline)
Expert (EP) Experts (MoE) 02 FFN(Expert)S GPUDICE LER Al HE 2ol

253




8. 5D Parallelism

8. 5D Parallelism in a Nutshell

B) ZeRO2| 3CHA|

- ZeRO+= Data Parallelism (DP) 7|8t M Of| 22| EZS Q|5 2| A5 Mk

« 7eR0O-1/2/3€ “2012 shard&tA|”0f| et ErA|H o 2 L=

. ZeRO-32 7|2+ Z24512|0F EA1ZH0| TrO} 30| B 2k5) 2!

THA Sharding &¢ 23
ZeRO-1 Optim states Optimizer(0: Adam)Q| 1z}, 2z} RHIEES GPU 2t £
ZeRO-2 Optim states + Gradients Gradient AtH| = 24 A (EAIC= EA)
ZeR0O-3 Optim states + Gradients + Parameters 28 param7tA| GPU 7t & A& — dA| 022 2|A
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8. 5D Parallelism

8. 5D Parallelism in a Nutshell

C) PP vs, ZeRO-3
- (5873) "B parameterE GPUO| 2 K&

- (X}O]) GPU 7 A= Far=X| (S8 T2 7t CHS

H| o 3= ZeRO-3 Pipeline Parallelism (PP)
GPUZt A &st= LHE | 8t layere] €& weight shard XA layer T+
E Al A|A layer A|4E Al C}Z layer weight prefetch forward/backward = activation &
E ANl CyAL Weights Activations
75 Lo| = Parameter shard 22| S¢& Pipeline schedule 2/ =&
BI2F A = mini-batch, 7! seq_len0|| &2 2 gradient_accumulationdf {2
23 S (EAl £7|7] 2|2) (bubble &7(7])
=4 DA 0| 55 M2t 2, S4l-AlLt 82|7] 7ts 255




8. 5D Parallelism

8. 5D Parallelism in a Nutshell

C) PP vs, ZeRO-3

Summary

« ZeRO-3: “I2t0|E{ S4! (weight transfer)” &4
- PP: “2rMdZt 24! (activation transfer)” g4l

-

Of HA|7| Z)

. 2eR0O-30] pipeline?] 82| micro-batch =2 weightE 0| 22|0| $2|5{0F &t

-

= 20t weight 341= =0|7| 2/siA
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8. 5D Parallelism

8. 5D Parallelism in a Nutshell

D) PP & ZeR0O-1,2

. 0|52

-

>

A& 7ts!
« ZeRO-1,2= optimizer state/gradientBt shardst22, model layer &2 (=PP) 2} =& &

=

« E.g., DeepSeek-V3= PP + ZeRO-1 R &S AR
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8. 5D Parallelism

8. 5D Parallelism in a Nutshell

E) TP + SP

-

HEA
o

ILH

—
= od

* TP/SP

: 25 layer L

OF

%0
L

0| scale-up A|

<)

(m)
L

SI=EREL=]

F

[=)
o

« EA0| HALO| critical path0f] 214 &

(hidden dimension vs sequence dimensiond|A{ shard I{E

all O|3_Z-I
= — 1l /M
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8. 5D Parallelism

8. 5D Parallelism in a Nutshell

-

+ 2B Al DA

o

» TP Q& (E4I5k= GPUS)2 node LI (high-bandwidth NVLink) off 50{0f &t

- Ol

rlo

S THEI0] Crestm, AN SIS O €74 2 4 US

— —
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8. 5D Parallelism

8. 5D Parallelism in a Nutshell

F) CP

.+ SPO| BHAHEE: O} 71 sequence (0] 128k £2) 35S I3 HA|Z.

Sequence Z 0| #8kFO Z JctivationsS shard.

MLP, LayerNorm S2 SZ4 o2 22| O, but Attention2 2= EZ9| K/VE B0} FIE2 EAI T

O|Z 2ol Ring-Attention I{El AtE (S412t Al4HS overlap)

« ZH Yo = 7l sequence= GPU | 22]0f %] 24 X2 Tts
« CHA: AttentionO|AM EA1 2HF|E 2|
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8. 5D Parallelism

8. 5D Parallelism in a Nutshell

G) EP

* MoE (Mixture of Experts) layerOf| A8+ 4 &

2 Expertl] FFN2 MZ CIE GPUY| 24t

Router?} Zt tokenS &St Expert GPUZ All-to-All EAIO 2 2}REISIT. HAtSE HINE CIA| &

L

EZ0IC HEE Expert?h detE|E22, S URT 22 EF= I +~ US

EP & DP2| &5 d/210| &
EP= ©™ HIOIES 03] GPUO|| =4t *{=|ot22 DP2| S+ YEIZ = &~ US
DP= 2& GPUII Y 2&E =8 / EP= GPUOICH Expert?t C

-T
—l—
ol
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8. 5D Parallelism

8. 5D Parallelism in a Nutshell

s} MRE|= oo

2}
o= TR IS F= B2 =Cis

TP + SP e My (eidEF) Matrix multiply (column/row)

CP Attention block Keys/Values =t

EP MoE FFN block Token routing All-to-All

PP A layer =& Activation H&

DP Batch &+l &4 Gradient 3}

ZeR0-1/2/3 Optimizer states / Grad / Params Ot2t0|E shard 2+ S4!
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) EAIQ| EA & B3} A5 oo
=] 5 O X O2= dH O™

ko), S0 IjE HE etF F2 otA|
TP+SP = 9= All-Reduce intra-node NVLink cross-node & Al E4A1 H=
CP Attention?| Key/Value 1t U AREA S S48 St
EP All-to-All 2t MoE £ Routing &1/ 2H{sl|=
PP Activation & Layer 242 2&! Pipeline bubble 22| Z
DP Gradient All-Reduce DE &3 batch StA| 244
ZeR0-1/2/3 Ot2to|e shard 2H E41 DP 2&& shard &2 S&4
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) EAIQ| EA & B3} A5 oo
=] 5 O X O2= dH O™

R = o8
PP + ZeRO-1/2 7hd Eot 28 2 S= 8US
PP+ ZeR0O-3 ’tsstL E= E A1 7{M global batch] 2
TP + SP + PP/ZeRO-3 AL 2 B TP &2 node LHE= A|¢t
CP+TP {l sequence #2|& Attention E41 22| T
EP + DP/TP MoE St&& All-to-All B|E &2 22
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J

8. 5D Parallelism

2k Z2ko| M|22] 27zt 9l e

TE 022 24 i = 2 tE /8
DP Activations Batch Batch 27| tA|
PP Model parameters Layers Idle bubble, £2ict AH|=
TP+SP Params + Activations Hidden / Seq EMNQYE LR Dd =24
CP Activations Seqguence Attention 41 @HF|E
EP Experts params Experts Routing &4 QH5||=
ZeRO-1 Optimizer states
ZeRO-2 Optimizer + Gradients DP shard Param &4IH| 37}
ZeR0O-3 Optimizer + Grad + Params
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K) Summary

. DP: th&5t2| Bt Batch SHA| 224

PP: 22 layer 2 LI5S0 212 HEQ|A *{2]

TP/SP: LIS 4™ HALS 2 J|2|QH EAI0| critical path2} scale A8t

CP: 21 Sequence #{2|&, attention 4 22

EP: MoE 7|8t DEIO|M X271 HE5} All-to-All EA1 T
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ZeRO-1/2/3: DP 7|BF B 22| z[H=}, shard HA R = St S4% 37t
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8. 5D Parallelism in a Nutshell

K) Summary

« 5D Parallelism = DP + TP + (SP/CP) + PP + EP

ZeRO = DP 7|dte| Oj|R22| AZF M= (1~3CHA))

TP/SP/EP = Layer “Li5” G4t/ 2 HEHS}

PP = Layer “ZF G| Ifo| T 219l

CP = Zl sequence #2|& (Attention Lt+7|)

ZeRO-3 — PP Z}0|&: “weight vs activation S41I"9| C{ =
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DeepSeek-V3: PP + ZeRO-1 + EP 2§ o2 270 &
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