HERMBHRETM: 1F GPU &5 L2k

GiantPandaCV A&

JE £ nanotron Bl pprp

2026 £3 H 2 H



Hn

N

2.1

2.2
2.3

2.4
2.5

2.6

2.7
2.8
2.9

CHE
3.1
3.2
3.3
3.4
3.5

1

&5

High level overview &gt

2.0.1 FTARIE: ...
2.0.2 BatchSize Rifi: . . . . . . . ...
2.0.3 WIERIE: . . . . e
2.0.4 AN L
B ERNGPU B . . L.
2.1.1 Transformer MAFEEAMEN . . . . . . . ..o
2.1.2 SHTNTEMEH Profiling . . . . . . . oL
Data Parallelism #8347 . . . . . . . . . . ... .. ... ...
Tensor Parallel 5k&FHAT . . . . . . . .. ...
2.3.1 Transformer BHSKEIFAT . . . . . .. .. L
2.3.2 ZEMR . . . L e e e
Sequence Parallel FFFIHAT . . . . . . ...
Context Parallel ERCHAT . . . . . . . ...
2.5.1 RBIRKIERS Ring Attention . . . . . .. L. L
2.5.2 Zig-zag Ring Attention “F#hkARSLEL . . . . ..o
Pipeline Parallel Ji/KZFFAT . . . . . . . . . o . L
2.6.1 fERETRERDE—AFAB . . . ...
2.6.2 ZeroBubble& DualPipe . . . . . . ... ... . ... ... ...
Expert Parallel €%IF4T . . . . . . . ...
5D Parallelism 5D H4T . . . . . . . ..

FHEAEYIZRRCE

L1 BRI E] Memory H - Model Size £ . . . . ... ... ...
HI% 2. SKIHKR Global Batch Size -BS 46/ . . . . . . .. ... .. ...
B3 MAlZAEE (Throughput 46/%) . . . . . . . .. .. ... ..
T EANECERFEN .
FEEMNARIZRBAN . . . .



H%

H%

3.6

EHILE

4.1
4.2

Hh
5.1

5.2
5.3

5.4

SEHER ...
GPU RJEf2ii—a, S, RS

4.01 GPUAIT . . . . .
4.0.2 Wi kernel $8AMERE? . L . L L L oL L L
4.03 WFEEFH . . . ..
4.0.4 AYHUAFR (TIng) . . o o oo

4.0.5 Zf2fHfk (Thread Coarsening)

4.0.6 mMEEESIE .o
4.0.7 @&EWE (Fused Kernels) .. . . . . .. ...
4.0.8 Flash Attention1-3 . . . . . . . ... ... ..
4.0.9 EEREIZ (Mixed Precision Training)
4.0.10 FP1I6 M1 BF16 % . . . . . . . . . ... ...
4011 FP8 IR . . . . . .. ..
50 .
SEXER ..

(]

FATHARER . . . . .
5.1.1 H4) & 2544y (Reduce & AllReduce)
5.1.2 Gather & AllGather . . . . . ... ... ....
5.1.3 Scatter & ReduceScatter . . . . . .. ... ..
5.1.4  P#EEHE Ring AllReduce . . . . . . ... L.
5.1.5 Barrier B#f&E . . . . . ...
5.1.6 NCCL: NVIDIA&&BEE . . . . . . . . ...
51.7 G MRED T . . . . ..o
51.8 WE . . . . .
519 CPP¥RE . .. . . . . . . ...
HWELLM IZRPRRIE . . o . oo oo
WRBEESFRENETE . . . . . .. .
5.3.1 FHEIFHATDPEEST . . . ...
5.3.2 Zero-3 (FSDP)@fEn#r . . . . .. .. .. ...
533 TPHfEAMT . . . . . o L
53.4 PPHEAHM . . . . ... .
SEBR ...

75

76
76
79
82
84
86
87
87
88
90
92
92
94
96

ii



H%

H%

[toc]




JRHERT GPU SR A ST X — Y&, X IEZNZR SRR AL SRR = —
— R RIS, X BCR RENARNE LZ TR =LA, TRz
BIRFTHE T HORZENT, HIRBEEEHMRDEER, W15, EMERRE B B N EusHTH)
Llama B¢ DeepSeek #%Y, WHEHSASRFI L GRS, HE LR ZEME—HF
EB GPU EREN AT R TREAR, IEE ARG TR IR T
RETTHIR DA E— N = m ) 2 R, H B SRS AR T ME I A A RIS S 1
EHPERATRAH RS Z [, K38 ME DOBTER A BoARTIS T8

XATHREDFE SES IR, MR A, BT FIRERRRATE S EAN)IIZk MR GPU §
JeEEA. BEEEHT GPU FifRAIATR, FIEE PR G aT S IR AR AR
i, HAEENBEARSE

Kt | 2R Bl FH B SR BERUBE AWK, AR T Z2MEoR, BiEEdEITF1T (Data Parallel,
DP). 5K & 717 (Tensor Parallel, TP). {#ii7/k£k3F17 (Pipeline Parallel, PP) #1_ T~ 32317 (Con-
text Parallel, AN ZeRO siNAZEl& (Kernel Fusion), PAif# GPU AR ERGA1T, XK
gk TNZRERA, IR T B SRR SR,

BHEH, WA ATIZY REPEGER 7 (OO EEER, BINEEL, EREEdE Ex A
AT RO ERE IS I AERCR, 18 B R AR 041 s ZREOR

FEAN, BATREBD A HAITH XL — MR 5 Y BB S — Rl R — D B2,
DAGE PR AR ORI

FATMBIZ RN 28 LLM ZRM5A — S BR R TR, RS SRR IZRTT A PR, (Hy
R AT RERVRR B ZREAER, WA TRE, VKA LATE DeepLearning.ai 8¢ PyTorch ##2H
T REA BRI ZREE R ATR AL PR

AT DAEMER A IR T BRI BRI Zhr 56— 1% (HIFrERY “FineWeb blog post” [1])
e, FRERXMREERE, RMIZCEER 7RSSty LLMs FrfziRE 220l
R, FUR D — B TR R S R AR R e B AT R (OB =#B 7)o

IXARPAZET LA =D EAFEN] -

— PO 7 BRI . AEIRA ISR 2 /i, AR TR e IR E R R ERIE
TEIRER N AR o VRRF o ST MR LR ER 73 AR S B STHFENAE B IR, DARGXMIHFEIE R A1
NZRRIR AN L, R TR, BediTA] DOEE FFAT AR s IR 7R, FFIEE N GPU

2



FE M

&

AIRBRIR T FERE 1, (I, PICREBH A al 6 A DU AR T3 Transformer BRI N 7Y
fEtsi: (gmEiE: Vilhttps://huggingface.co/spaces/nanotron/ultrascale-playbook
171K

Memory usage breakdown
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Y 1
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Y 1 UJ
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%  High level overview gHt%

ARBRRITHIATA BORER SRR R = EE R — 2D, RESRRE2BIFST
FBEPABES]

PIFARERT . 12— D AR IR A — A SRR BRICR AR,  WIIZRTCIRR ST
HRReR: AR EEERE N AT IHE, AR 2 R REERE & i A s H
GPU SITIESSHIRTTH],  DATETHSSCR,

WAETFRY: TR ERBRDEEITH, RAVERIHGPU NE, Mit, TS EKR
R RN () Asie (B18) AUse, JFReIREiRnaF S it RdREEE,

VT, BNSEBAI DAz — GHR, 85, WE) K5 — (i, EirtE
K ERIFAT) o IRENGIERFHRY RIIGRICHE, RXHENFREMELR, % TR,

HTRXABAEIERFEE, BARIHEIET —KEER, 7TERMEBEHERROE R, ER
A HEEE, FREEIE T

HESR:

The Ulira-Playbook Cheatsheet

Step 1: Fit model info memory

GPU rich case: &
= Small models (<10B): use a single parallelism technique, e.g. TP or ZeRO-3/DP with
Full Recompute across 8 GPUs.
* Large models (10B+): requires more than 8 GPUs, you have several options:
o Combining Tensor Parallelism (TP=8) with Pipeline Parallefism
o Cembining Tenscr Parallelism (TP=8) with Data Parallelism (ZeRO-3)
o Using only ZeRO-3 (i.e. only pure Data Parallelism)
« 512+ GPU scale: pure DP/ZeRO-3 becomes inefficient due to communication cost
- better to then combine DP with either TP ar PP
* 1024+ GPU scale, a recommended setup can be TP=8 with DP (ZeRQ-2) and PP
= Special cases: for long context consider CP and for MoE arch use EP
GPU poor case &:
* Reduce memory: use full activation checkpeinting and/or gradient accumulation

Step 2: Satisfy target global batch size

Experiments tell us which batch size Is ideal for fraining (4-40M tokens). So we either have
to increase or decrease the batch size based on step 1 1o meet it,
Increase Global Batch Size:
* Scale up DP or CP or gradient accumulation steps
Decrease Global Batch Size:
= Reduce DP or CP in favor of other parallelization strategies

Step 3: Optimizing Training Throughput

There is no general recipe for the best configuration so at this point we should experiment:
= Scale up TP up to the node size fo reduce other parallel strategies
« Increase DP with ZeRO-3 while keeping target GBS
* Use PP if communication becomes a boltleneck for DP
* Play with micro batch size to balance max GBS, model size, compute/comms
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HBRFMEER

-5 BRERAAF

GPUEE 1 IL:

o JNEEIR (<IBEYO : (EFR—IFFHHEAR, GIANTPEZeRO-3/DP, J1:81-GPU Lit{74E#it51 (Full Recompute) .
. SHEE (BB : MREEEENGEU. BT

o ZEifikiiItfT (TP=8) LSi/k4iit4r (Pipeline Parallelism, PP)

o Gifyikhiitfr (TP=8) S%#If(7 (DataParallelism, ZeRO-3)

o ({1 ZeRO-3 (HMUEMACHIHAT)
o 512+ GPUBLHE: I TBIEmA, A4 (DP) /ZeRO-3457HEiK
* 1024+ GPUBIHL: Heb (0 i LUZTP=8 5%cifif17 (DP. ZeRO-2) RIikIH(i (PP)
KSR AT LT, %RMTIE AOH (Checkpoint Parallelism, CP) , #fFMoE4HIffi %53+ (Expert Parallelism,
BP)

GPURZH55L-

o WP I AWEERE A (full activation checkpointing) #1/ak /% %1 (gradient accumulation)

25 AEBRERtEXRND
SRR AT N R NROE G IR (4-40MARE) o [, FRATE AR A0 e R N A 2 56— .
B4Rt E K/
o BINEEFAT (DP) siiess gt (CP) siif)F =Bl (gradient accumulation)
Wb ARt E
o W/EEEIAT (DP) sifod fidt Ay (CP) DASCH HABIF 750

B=F: fil%EILE

X R B R RO E T2 I T S -

Kok (TP) 9 R BT R/ N LA D FoA I S
FERFE A in Rt/ (GBS) MIRIFH %I4T (DP) 4ZeRO-3
WARESEFAT (DP) MOl WGERRKLIFr (PP)

PR /NP IR A R BN (GBS) SRR/ 58S
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Parallelization Strategies

Strategy Batch Size Memory Reduction Compute Reduction Communication Compute/Communication Overlap
Data Parallelism gbs scales with

can reduce mbs by can reduce mbs by bwd: alreduce grads_bf1é overlapped with microbatch's backward:

increasing dp —reduce  increasing dp (DP-1) * num_params * peak flops / (2 * peak_bw *
activations num_tokens * DP)
DP+ZeRO-1 gbs scales with model_fp32/dp can reduce mbs by bwd: alreduce grads_bflé Same as above
DP optimstates/dp increasing dp step_end: aligather model_fp32
DP+ZeR0O-2 gbs scales with model_fp32/dp can reduce mbs by bwd: reduce-scatter grads_bf1é overlapped with microbatch's backward:
DP grads_fp32/dp increasing dp step_end: allgather model_fp32  (DP-1) * num params * peak_flops / (4 * peak _bw *
optimstates/dp num_tokens * DP)
DP+ZeRO-3 (FSDP) gbs scales with model_bflé/dp can reduce mbs by ( x num_layers ) overlapped with next layer's fwd/bwd:
DP madel_fp32/dp increasing dp fwd: allgather model_fp32 (DP-1) * peak flops / (2 * seq * mbs * peak bw)
grads_fp32/dp bwd: alligather model_fp3z2
opfimstates/dp bwd: reduce-scatier grads_ip32
Tensor Parallelism Mo effect model_bil16/ip model_biléfip [ x 4x num_layers | overlapped with next TP region [afin/MLP/layemorm):
model_fp32/tp fwd: allgather activs_bf14 (TP-1) * peak_flops / (24 * hidden_size * peak_bw)
grads_fp32/ip bwd: reduce-scatter grads_bf16
optimstates/tp
activsftp
Pipeline preferslarge gas  model bf1é/pp model_bflé/pp (xgas) overlapped with next microbatch's fwd/bwd:
Parallelism (1f1b)  toreduce bubble model fp32/pp fwd: recv activs_bflé PP * peak_flops / (32 * hidden size * num layers *
grads_fp32/pp fwd: send activs_bf1é peak_bw)
optimstates/pp bwd: recv grads_bf1é
bwd: send grads_bflé
Context preferslarge seq  activations/cp seg/cp (x cp-1 x num_layers) Overlap with attention computation(ring attention]:
Parallelism for better overlap fwd: send/recy activs_bf1é (CP-1) * B * L/CP * H kv x (num_k + num v)
bwd: send/recv grads_bf16
Expert Parallelism Batchsize scales  experis/ep expertsfep (x num_layers ) overlapped with MoE block
with EP fwd: all2all activs_bflé (EP-1) * peak_flops / (12 * num_experts * hidden_size
bwd: all2all grads_bflé * peak_bw)

 NiEC

2.0.1 FFHTIEAIE:

tp: KEIFITE

pp: MKEFHATE

dp: BdEIHTE

cp: ERSOHTE

ep: LFEITE

dp_if_zerol/2/3: {HF ZeRO MBI HIEREIEFFATE QR MEH ZeRO2, NIFRR
dp_if_zerol 1 dp_if_zero2 #{EH)

2.0.2 Batch Size Kif:

mbs: & GPU Mt &R/

gas: BRI

mseqlen: &7 GPU F7IKE (£ CP Z/5)
gbs: 2FitE A/ = mbs * dp * gas * mseqlen

2.0.3 V‘]ﬁj‘(in:

model_bf16:bfloat16 /&= 1154 2% = model_bf16 (model_config.tp.pp.dp_if_zero3)
model_{p32:float32 #& XA SE (H T IL/Las)=2 * model_bf16 / dp_if_zerol
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grads_fp32: float32 #XFHE =2 * model_bfle / dp_if_zero2
optimstates: LLERIRZE (B4, Adam zh&/75%) 7£ float32 =4 * model_bf16

/ dp_if_zerol

activs: FiFEEPIETEK E = activs (model_config.mseqlen, mbs, tp, cp,

pp, dp_if_zero3)

2.0.4 SEHIAN:

15/ GPU TEYIZR25 B 10 (B0 17 T BT LA (000

peak_memory = model_bfl6 + model_fp32 + grads_fp32 4+ optimstates + activs

Hrp

model_bfl6 = bfl6_bytes X num_params = 2 X num_layers X 16 X hidden_size”

84 GPU RV BP R R E R DUL U :

compute = 6 X model_bfl6 X mbs X seq X gas

Parallelization Terms:

.
-
.
.
.

tp: Tensor parallelism degree
pp: Pipeline parallelism degree
dp: Data parallelism degres
cp: Context parallelism degree
ep: Context parallelism degree

dp_if_zerol1/2/3: Effective data parallelism when using ZeRO stages
(if ZeRO2 Is used means both dp_if_zerol and dp_if_zero? are used)

Batch Size Terms:

.
.
.

mbs: Micro batch size per GPU

gas: Gradient accumulation steps

mseglen: Sequence length per GPU (after CP)
GBS: Global batch size = mbs * dp * gas * mseglen

Memory Terms:

. model_bflé: Model parameters in bfloat14 format =
model_bfl §{medel_config,tp.pp.dp_if_zero3)

. model_fp32: Model parameters in float32 format (for optimizer) = 2 * model_bl14
/ dp_if_zerol

. grads_fp32: Gradients in float32 format = 2 * model_bf14 / dp_if_zero2

. optimstates: Opfimizer states (e.9. Adarm momentum/variance) in float32 = 4 *
model_bfl1é / dp_if_zerol

. activs: Activation tensors from forward pass =

aclivs(model_config mseglen,mbs,tp.cp.pp.dp_if_zero3)
Useful formulas:

Total peak memory usage per GPU for o lraining step can be approximated as:
peak_memory = model bf16 + model fp32 + grads_fp32 + optimstates + activs
where model_bf16 = bfl6_bytes * num params = 2 * num layers * 16 *
hidden_size"2

Compute per GPU for a training step can be appreximated as:
compute = 6* model bfl6 * mbs * seq * gas
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2.1 $B—%: A GPU Lillg:

LEBRATNPOE BRI MATRITG, A REIZ A GPU, SREAERA GPU Ll
SN, EFEAUEAT =P

1. JE AR LB N DA A i B AT 5 4
2. RIAfERETH R
3. FIHIEEE 28

ERERAREGAI:
UoUtuad e
» Forward
Backward
. . ' . . ' . Gradients
Optimization
FTTTTTT R
FEX A,

- TERATHITTHER] DAE R RS = (e — 1T H2anit)
- ALETTRERRIXE R R AR P T AR 2SR

fACER/N (bs) BERIIZRRE— D REESE, ENCCEIMBRRTISORE, IE AR
REFERE ST 7= AR

ENZRPT, /MitE (batch size) A PAPLEMIAE training landscape 1 #83f, M HLEIEE]
— MRS fe 2RI, TEVIZRAVEHA, /MRS SEEERIFRm AR, BAIATRETCIAIR
SRR A HI L ERE,

ER— 0, KRR BRREW IR AR MM, ESREREMIGREANARAR, §
HUSBOREARE, HHATRESIRBIF R R, X TIXMEEF RIS, FRA]AZ# OpenAl 5%
F R BEVNZRATIE 28l E MiniMax SRR [4]

Batch size SRR E XA SRR EYIZRATTR AR : batch BV, YIZRARRIREA FrfR Ik
RO, (s P (FEIHRNEL L) AR, FItSEMAERR batch size fitL, &

9
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HIYIZRIN [l =89 0, (H2EERE, batch size M % ] ATE&AE batch size M@ TRAEEE,
MERIMERERE AR, tEtadl, BIEMNEREXTHIY] batch size {EHYBUBMEIE H £ & (£ batch
size TR,

e TEUIZRILER 7 ST, e — D E1ER) batch size BIREZR, REW
I, 24 batch size £ T M REER, BEAIRAEREE T ~2X batch size (1Y
FEHER A BUR, XEME, BI# batch size FTA FTHEE, HIEERAEMEMT, &
B EREE AR &L, XME O EISAESERRN H A, BATAI ATE—ETu BN R
IEHERE batch size, AT FHUOX B MERERTFZ,

1£ LLM Fiilllgr+t X s, batch size @ % DA token $ERIR Y, MABHALE (bst=batch
size tokens), IXfEISFIIZREEIEE 52005 FH BB FF K E T,

TEEEERAE LS, SRR AL EBEATINER, wTROEI PO 77 MR AP FIEE (seq) T
HiH bs (BEA%E) M bst(batch size tokens):

bst = bs X seq

MIX BTG, Bl DA AL 7R batch size BIAR, (HIRGGLRT DUE IS K H I DUFFIH
JERARIGE DA token Ay BAAL IR R {H,

B RANE SR ZRA AR FSOE H 28 batch K& 4-60 million token per batch, batch
size FIIZRIERNE ZER—EERP M. Llama 1 2 4M token [ batch size 4R T
1.4T tokens, Tfi DeepSeek {#H£J 60M token #Y batch size JIZx T 14 T tokens,

TERFBURIINZRY R B batch I, FRAMTHIGI & ZHRSR N R M8, 43411 GPU N
FA R EA H b3 batch R/, AT RO ?

LEFRATVE PR 1 i SN TR BT AR PR R, IR B BATIER G — L T S
RN RIE ST E .

2.1.1 Transformer FIPIfES RGN

FEYIGRFRE LRI, AT SAENF B2 NI :

- Model weights #EIFE

- Model gradients F%IEHE

- Optimizer states {LEHRAS

- Activations needed to compute the gradients 5 E RIS E

PRATREZ BEA X T — A BIe BN i) DU R AE TR, HEPRAREE—
RN AR, X RS N
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%% HIGH LEVEL OVERVIEW &y 2.1 H—%: B GPU kil

- CUDA WizidEHE F=HE 1-2GB iy GPU W1, Re]PAEIEIZTT import torch;
torch.ones((1, 1)).to("cuda") H¥& nvidia-smi H1) GPU AI{1FR

PRI
- REGMWX, ISR PN RIRE A Jois 6 R A ROAR B R A7 1R
Ui

BATR RIS DA E M, RO BT R 1R/ By H 00,
XEWH Ak & (Tensor) JETEME, BANFEBITEARFIREE,

- ARHESEE, W batch size bs, FPAIKE seq. BARIERRAEE hid, 18 /7% head.
TRC RN AR BATI 5 R 2B B ER 72 A (model sharding).

- FEETERYZ FP32, BF16 8¢ FP8 SF%3, 0AIFRE 4, 2 8 1 MR KEH D
BASRE,

BATRAETR S8 LI ZRHR 73 22 1 e AN R B RE E R HA s, IRE RFRIC(E, IXER RIS ST AE
TR, IR T AR E A

FRREA,  SRAMAI PR EIX A8 AN RE IR LY — R s i 7 iR R T 50 I &

2.1.2  srH{#E Profiling

f#if] PyTorch Profiler, FATAI DA T fRERE MRt B N2 2 U 7 EC . FRATRIAB R, N
FRRARENZ—DNESHARE, mREZRdiEd NP TP R K,
Memory profile of the first 4 training steps of Llama 1B

Memory reserved (max)
— — Memory requested (max)
[ rr oo e e e e e e e e e e e e mmmm Unknown

Autograd detail

I Gradient
Activation

Optimizer state

40 mm— Parameter
om L - L -
L | L
i 0 L™ L™ | gy |
L | 1
20 I L_ ! IL_ . ‘\k"\_ .
’(: \ ‘ | ‘ ‘
10 ——
0
FWD BWD OPT
0 1 2 3 4 5 6 7
Seconds

R, BHEERGREBAEE AR, EILRMTEREE DD RS-

- TERT AR N RS R,
- AERIETR R R,
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%% HIGH LEVEL OVERVIEW &y 2.1 H—%: B GPU kil

- BB RIAERRRTEST, M IR R 7 RS FLZ Wi bR,
- PUTIRACP IR, FEIHARIRATHR Z A IR,

- EFT LRI,

- JTHE T —IRATAE R,

M LB —BEERAR: B ERIEE RGP — B TR, X8 —2h, torch &1 77
Foas il TR HE 0, HESMAFRCCUMPIGSEPBR, XA AR 2 R R AR ER
(B0 Zach WI#% [5D . HH P2, BINIEERNAHINEHHE, XEHIREE—P
ZRP BRIIPAFE R

IAER MBS THIHI0 TR, LRI RUT A ISR BOE AR R — e R
RO GHR. Z8 BE. (RLBRE) WTETEREE GPU PZIMI AN, AL
X,

BUE /BRRE /AL S IR S N A E

LEFATMEATSIRAFRIAT 3 DNITE G HEIRINE Weight, #4E Gradient MI{L{Las Opti-
mizer IR, Lhr b, BATA DA R Z R BRI N,

T 2R Transformer LLM, SEEEHLIT AL [6] AH:

N=hxv+Lx(12xh?+13xh)+2xh

fEiZ7ifeH, h RERLERE, vEFERICERDN, L2EARERE

R, MERBRNTAT AR, fERMBSAERE Mg & 3 SH TR b2 T, RO 2B 1
TS LI HE—— D 2 UUE KA,

WE TSR OESBEERDUE NS AT T EEERNERE (FP32) JIigkmd, SEIIHE
AR 4 D, MINREA Adam ftfeds, WFREEFEHENBNTTE, NG DSEHIMEI
TR 4 DRI, B

Mparams =4 X NMgoqg =4 x Nmg, = (4+4) x N
BAELEBATE B U RBAME A BB E SR 228, HTREERREE, BADEE A/
SERHEABRENZR, TRy “RAERE" , BRI R E S i B A R H S,

WERSREENGREONMTIER, NTRZEOHE®EE/MH BFlo, 81MSEMBERE 2 ¢
T, DAKHSNG FP32 BRI EMEERIRIA, Kt MSHEHTEE 12 M, FR728H
BERE, FATETRER MBIV X T Adam UMk, XFENEMTTE, @H LA FP32 17
DR =B ERR S, B 4 D, WhA:
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%% HIGH LEVEL OVERVIEW &y 2.1 H—%: B GPU kil

Bk SIS RUTENTT

MR i NN WiRH
ZH (FREIA) BF16 25 BF16 T RZHIHR
24 (FP32 &llA) FP32 457 T f#0i# FP32 K5 AU E
S
HENEEEEN) BF16 27 BF16 M THBEIHE
B (FP32 EHIA) FP32 455 F T4 FP32 F5 EERIRE R A
Adam IR FP32 4% AEME, DA FP32 17l AR =4 {E
(@) =t
Adam ek FP32 4% JiZ{E, DA FP32 fE6E DA S EE
Ji%) FaEE
B
mparams =2 X ngrad =2 X Nmparams_fpSZ =4 X Nmopt = (4 + 4) x N

— LR B AR EAE P32 Y, IR TRERIMN

mparams_{p32=4xN 77, FIUITE nanotron HIXFEM, [K2h bfl6 X F4/NIE
AR, BABAMNTEEEREN, FXREZER, HZHI DeepSpeed Al
[7]o FP32 ZEEIA WALy “ EALE Master Weights”

HBRE, REREASIFATERKRNE, RATFRFEAT AR S =N
H, TEAISRIAICA FP32 AR, Khr BiE bR Eillgre i 4 Dy,

RUEGNE, ETRBANS, ROV RIER R L& AT IRENS
(1) 7£ GPU AR IICRIEAE R, XL EE R

(2) WV IERfEIBIR TS P17 3 K.

LEFRA T E— R (SREMRSRESHHREEAME) FEZDEHNE:

Model parameters FP32 or BF16 wjo FP32 grad acc BF16 w/ FP32 grad acc
1B 16 GB 20 GB

7B 112 GB 140 GB

70B 1120 GB 1400 GB

405B 6480 GB 8100 GB

BEEBATATAESR], —HIANEE] 7B, NEMMA ST RELTREEEN, Higd#th! GPU
WHERIR/N, #ilgn H100 GPU A9 80GB,
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%% HIGH LEVEL OVERVIEW &y 2.1 H—%: B GPU kil

(EITE, IEFATMBIRA] DUER B84 GPU MIRELTG, BENRITAETE STRR KAIE R
WIEMNTE Activation Memory,

Activation Memory %17

BUSAERT TR LU, BRI SIS R 2 —L B R KR T e Aol T AR A, a0
ROIRAHAE N 2 BA T B AR AR R RIS, XRSE TR [8] 22— MR AP [E] i,
AR E 7 REEERIITTRET R )G, BT SRR S E NEIGETRIRNTE, 5
HEUR 57

- .
Myt = L- seq - bs-h - <34 + nhe;;is Seq>

XHE LB, seq RFFIKE, bs BFHA batch size, h ZBBRINBIKLEE, Ny g BIER
J1I38, RAHERNESE (9]

XE-NEBRERE, NTAEMNER HNGFEARRERESR, mzS3HEM batch size
FRERVER R, X RGOS PIAE 2 24 TR A1 batch size S{8 58 K9 E 5 AT 2RI 2 i
IREIER7re FRATTAT DA XN TR BB A E YK E (a0 Llama B8 AYPRTEE FHE
(bs=1),

Meta-Llama-3.1-8B Meta-Llama-3.1-70B Meta-Llama-3.1-405B
1500 8000
B parameters
25k
gradients
6000
1000 20k optimizer states

activations
4000 Bl

GB memory

10k

ul
o
o

2000
5k

—_ === = o — e == o .
1024 2048 4096 8192 16384 1024 2048 4096 8192 16384 1024 2048 4096 8192 16384

XEKE YRR T — 5 NEE RS S TR (8EEEIHY/N batch size), BUE)LF-AI LA
A, HRATE 2-4k /4> token &, "EMDTa S RS KRHIANTE, TS, BRREMLAERIRAH
5 P AT batch size AT,

MR ARE (BER™ batch size/)#51), IR FREUR M BRI P S,

BIAIMEYIOX R “FIERIE"? Z N R MR 11 S — AR —FR N BGERITER (Acti-
vation Recomputation) — R BHTATIBRBIBETE NAFE 5 . S RARBEI 2R TRA P
—PEARTH,

Activation recomputation #iFH#iitH / Gradient Checkpointing

BUSETE (WA S Gradient Checkpointing B¢ & #1kHE Rematerialization)
A R R R IR R B rh B3 B VAN, I ERIAMERRIE R RS RIX 2
i Vs
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%% HIGH LEVEL OVERVIEW &y 2.1 H—%: B GPU kil

R EHHE, BATRAEM D AIESBR0E (BIANRTEL R —5F) Z RS DR,
DAMEEAE S [ & R i e TR RR

SIAVEAEFHHER, @ RS BRSNS MERS, 2 RIS, FFER
&R R FH MBI R R TS S SR EA], A EEHRPTIE G RRRT— &R 7> ASE i
WFRITTR, Bl B R

e84
| : : : —— : » Forward
D T T T T e
U U U U U U Gradients
| i Optimization
Updated

AT LRSS AT DOZ BEZ A7 BRI S BRI -

- Full: A IHE Transformer A — 2 Z B HVI I R E TS, XIEE Y full 5.
&, FovERREdn & — 2 TIEREIE, SR R IAEEIERG M T — 28 )
Rk, IXFPRIEY A Y IRZNAE, HIETHED T RS 5, il KRR AR )
¥ 30-40%, X2IEHHER.

- Selective: SHRUE, FATA]PAMIELL full BB LF, Recomputation 1S HI/EE X 1R
LI IS &5 K PR ARG T T b, SEREH, HEENHHE)E FiX—3%
M, FRBATEFETAEFEN], HFLETRESLR SRR, YT GPT-3 (175B)
R, IXERETE 2.7% WIHHERAT, BENFERD T 70%.

IEBATE B B E RIS ESZER A an KRIER D NTE &, DAROESR IS T E AN 72 & NTERT
B IR Z AR B — NS (REZAEMIEH T selective, fHUZTMER recomputa-

tion)
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%% HIGH LEVEL OVERVIEW &y 2.1 H—%: B GPU kil

Memory Usage with Recomputation Memory Usage with Recomputation

aaaaaaaaaaa
aaaaaaaaaaa
\\\\\\\\\

aaaaaaaaaaaaaaaaaa

eeeeeeeee

eeeeeeeeeeeeee

B ANE A IEEE, MTRMIER, RFFINEESIEE R, R RRPCRER
BN,

LRI ERIIIZRIL B GPU/TPU/ IR SSIIRCRET, jl T2 il Rkt
HS FLOPS (FFRIzEIRED, IHHHS GPU/TPU/MESRIIELEHE K FLOPS
HATEER, R 3R FLOPS B R E BT &, 88— RN “Hiff FLOPS”
(IME, IXBLENRSS L SSFRTOHRERL KX MR ARG SR FE 2 I i
KhnEss FLOPS, 15 2(fF FLOPS FIH*#% (Hardware FLOPS Utilization (HFU)),

SR, B HIEEE AR EEHE S BIZREIRr R SN ], Rl 2 s A
GPU/TPU/IESRNS, WnRH iz —1@ 4t 7 /e erIA7 DB Sl it 5, Mmsabik
ITHIRRAERE /D (BURAY HEU), {BREHEPRIBIILR, A2 E RIS 22~ 2 15T,
tt, —REROTEZ I EATEERY FLOPS FJH#% (Model FLOPS Utilization,
MFU), 5 HFU ~fF, ©RBEERETEM A EEITHRIERE, SR
FLOPs FRIVE#TITHE, [Hit, IXAMELLIIZREIE AR T,

KEZEONGHEZRIAENEH FlashAttention, “EIEI7E [ &+ B HT T L 2 00 9 BORN e e T
TREEEA], TENRIEH ARG E TR, Fi, KZE#H Flash Attention FIAE
SAEHHIERMEEHE (Selective Recomputation),

WPRIRAEFRBERAIAEE, T Recomputation, WHSHEIE KM FLOPs REE, [N 535
Y NALE T DT

XA A B A/ N SR N A IR BRI R, 40 GPU, AT A7 I8 LTIt Rg. ]
EWNAOMNIERE, (ERASRERE ZIHE B, RN S HEIORRER,
BAERAT 7 g 7T, JRATTAT AR i 3R A B B BRI ARSI (s |

SR, BETRS BS B4MAHX, LHEAEEMPBNIFTEEEEMEH T bs=1, RIS
#E[A KT BS I, activation AJRESHEIRBCN— D RE, RE4HE BIIECES 1T HE—
EpE 2 Gradient Accumulation SRAZHRIX i) 5 |

Gradient Accumulation B 21

B R RUE — MR EHERY T ORI RN IR AE, EEAE R RN batch #7738 Micro batch,
BATREXS A Micro batch RIRPATRIFIM R f&Hk, THRBRE, TEWHPFUR, EHRITHL
IR, KPTE Micro batch FIBSEEMNN, (ESKERAR, (R ERB LRI A2 B
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%% HIGH LEVEL OVERVIEW &y 2.1 H—%: fF8B) GPU kil

SR ERTRY, XL RS M 2P BRIEEE TR,

BEARIAE A batch size ¥ micro batch size (mbs). HEAMEALIE IR > AIHY R
batch size #£7 global batch size (ghs), QR NEA 8 KA/ AL BT — MU AT
9% HR2 global batch size ¥/2 micro batch size Y 8 fi%,

BATELTERRFREY global batch size KXW FHATZFHIN T HAFEMIRZ N batch size B9
NA (FBATEAEBERAT TR ARIE FEARS AR DABE 715 80 o

EFERE EF, 25 batch size 7] DA BAHIIZ DL R 7 &L

bs = gbs = mbs x grad,,,.

B BB EEIRAMTRERS A ROR batch size MINBITERA (BEEEZ!) RN REALE S HAZL,
B RE SRR R RS, DO RN S,

L .

Forward pass

4 _________________________________________________________________________ Backward pass
e e it “". Forward pass
T i Backward pass
{ —t—t— Tt """; Forward pass
e T 3 s PO P Y IV 1 TP T 1 TSI e PSR e el ! Backward pass
Yoy bov
Optimization

BHo0B8E
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%% HIGH LEVEL OVERVIEW &y 2.1 H—%: B GPU kil

HE g (HtE) BERIT (BHAHE)

HERN SZRRTFGPUATE, BEBU (11256) BERIELIAME (2011024)

ATFHER B, STHEEERLE BYE, Bl Bt S MEEN
FER

WEHREM ARERIRES, WERE BRE, BEMITEER

FIRFPRE FBEIMTE BEERURRNETF, ARRE

ZUERE B8, HixERmLes HEIVMNZEER RN ERR

B BRIV RA @O EE 5. Micro Batch Size BTSSRI GHERK /IR K13
G AR ER

R, — B R EE BRI S B T 2 ES RN R RS, B
HRIFRITIFRE T IZR%EE, No Free Lunch!

(2 RIRFANEE, RATREESER SIS Micro Batch HIIEM)/ R AL SRR Fr] PUOFTi8
170 IEM/RIEUEBBUIRST, ME—R X AR A AR, BRI INEIT 46 R AT TR 25
2 GPU LT

TEZ A, LEFRABRIER S — S el et B AnE s, 7 7ol TR RA R LA
Z—: Profiler XM TERAER A B TEMMEIE GPU S51HEZ M AIEE ARSI 1L,

Profiling GPU Compute and Communication 58155

PyTorch HEIMras LB HENI SRR IEEAAT AT AL CPU 1 GPU _ERAERIED, EIR
A MAE PyTorch 1, iERAMTEBUMAIFHERE:

with torch.profiler.profile(
activities=][
torch.profiler.ProfilerActivity.CPU,
torch.profiler.ProfilerActivity.CUDA,
1,
schedule=torch.profiler.schedule(wait=1, warmup=1, active=3),
on_trace_ready=torch.profiler.tensorboard_trace_handlex('./log/profile'),
with_stack=True
) as prof:
for step in range(steps):
train_step()
prof.step()

XA — N RATAT AZE TensorBoard B¢ Chrome i Trace & & peHal LAY Trace, Trace
HFiERT

CPU &R BaNZE] GPU
%2> CUDA Fif T B HH S ANE S
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%% HIGH LEVEL OVERVIEW &y 2.2 DATA PARALLELISM ¥3E3F1T

PIRZAAT T ] B A7 o7 i

unknown Flow events | Processes | M | View Options =11
e — " . . Pome__ " . . lsoms . . . 110 me . . . JLs me . . . Ja:000 me . . . e me —
-56“:‘696;‘68 :

1671421952

~ 1679814656

EC

~ thread 133073 (python) ProfilerStep#4.

3 somen

CPU (forward)

~ thread 133484 (python)

CPU (backward)
CPU asynchronously

lounches kernels on GPU
~ python (pid 0): GPU 0 X
GPU 0 Est. SM Efficiency:
GPU 0 Utilization:
stream 7 GPU computation

stream 20 L GPU idle while comms

stream 32 GPU communication

stream 40 GPU communication neciKemel_AllReduce_RING._LL_Sum_float{ncciDevComm", un... ncciKerne..
Nothing selected. Tap stuff. over|a(a

Trace 7R CPU A2 70 RaINZE| GPU, HRENEAEEEARR CUDA RAHFHITEE
BEE B TIRAAS, W

it AT S ] A &
- 22K GPU I R SRR L
- CPU 5 GPU Z WM EHF)
- CPU JEshIT4y

FRIKSERERNS TEf S IR PERE T SE, U4, BRERAF AL BB 0 R 75 5
B R R A

PAEREA GPU IZRMRANR, BERNEREIZ D GPU, FHITIaMIFEE —# scaling tech-
nique - ¥#F17 (Data Parallel, DP): A] DIARWERE R THIIFFAT AR,

2.2 Data Parallelism #5317

BT (DP) HEWERZESZ D GPU EEHIBA (FAREHGy “BHISLE”), FRf
> GPU _ERYAF Micro Batch Size #dEFATHITHIAIN S A6 1%, HILRZBERHF1T, IR
AIRECETE R A IZR O W EHE T, EEARRIESEZIN, FATREARTTHERAR
T, FrARMEIRAITE — TR, HERRFRIE,
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%% HIGH LEVEL OVERVIEW &y 2.2 DATA PARALLELISM ¥tE317

N RO

: %" Forward pass

R Ty i Backward pass
. 1{ ....................................................................... <% Forward pass
5 N PO 5 TS B R O B I S T Y R i Backward pass
GPU 2 : Forward pass
LT T T P P — o P e ! Backward pass
¢V|F ¢|FV ¢|Hf ¢VV ¢V|F’

yuy yoy
v Voo

! { ' ! Optimization
4@—»[]4[]—»[]—»[]—»[]4[]—» Updated model
XA GPU KB, EARK Micro Batch BEE &1 GPU EXERRMIEAE, HHAT

RIFAR GPU _ERIRAISEBIFLD, RERAGEEREY, FEibssP B, R/
“all-reduce” HIFRIEXRALSCHIRIER LT F-13,

X R ENIFATE - “HmEE" HiG: all-reduce, FASRALEE GPU SLBIHITY Sz R[]
AHIES,

Forward : Backward

I
1

I 1g!
|
o

GPU Communication: ALL

loziwydo

—ME AT DP B S F R RIAE e, DAEBARSITAME, AEMAFTH DP MR
48 reduce #1F, DARZIXERE, (HIXAERTHRENE, BEREE, 2! ROAVEMNA N
BEANN GPU @ fERIRNE, wE B E TR,

AN R ATREZAHEBERTHR, DUEEMIRATRERN &4,
IEBNTBR =ML, XA RETRATTREDS LA ) A i B SLBLAAS BE 4!
R FEERREIRID 5 R Gl o

Fh3R DDP JPRMEZRAUZ, fERAERE (1) 25, DOFEGEIER GEfE) A RESEH
S, REGRZMEFESBRIMNHTEESE? EREHTH!

GUNEFR, JREIEEEE ] DAE T SRR Z AR Z R TR, BN, —Bizje—EK
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%% HIGH LEVEL OVERVIEW &y 2.2 DATA PARALLELISM ¥3E3F1T

[RIEERESERL, IXEAR R AT DAFE R A T H GRS T BRI R AT S AR, (RN E 2288
&,

BEEFDNZEEIN—1 all-reduce Hook %, 7t PyTorch A DASEIIX — 5, —HiZZ
BrspE R ar, MiaiA all-reduce #(F, THMSERIEEENIETE S, XMTERKZ
¥ all-reduce #BESHETEES, MNMidm TRER, DUNE—/ M E AN+ £ w6 -

def register_backward_hook(self, hook):
Registers a backward hook for all parameters of the model that
require gradients.
for p in self.module.parameters():
if p.requires_grad is True:
p.register_post_accumulate_grad_hook (hook)

EE I HEANEE ] DA D> SRR MRS B[R 20 Frfe IS B], BREE[EZP AT DA (B/DE#) 5%
MERBIATIAT, MIMEEINERLEEHT. AN EWE R ESNAERLEIEIFT (DP) H5EE
SE

class DataParallelNaive(nn.Module):

Naive Data Parallelism. Not used in practice. But it is a good starting point to
< understand how data parallelism works.

It implements a simple all-reduce operation to synchronize gradients across multiple
< processes.

And "no_sync’ context manager to disable gradient synchronization.

def __init__ (self, module):

Initializes the DataParallel wrapper for a given module.

Axgs:
module (nn.Module): The model to be wrapped for data parallelism.
process_group (torch.distributed.ProcessGroup): The process group used for
< gradient synchronization.
It could be a data parallel or
< context parallel group.
super().__init__()
self.module = module
self.require_backward_grad_sync = True # whether to synchronize gradients during
< backward pass. Set to False when using gradient accumulation
self.register_backward_hook(self._allreduce_grads)

def forward(self, *inputs, **kwargs):
return self.module(*inputs, **kwargs)

def register_backward_hook(self, hook):
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%% HIGH LEVEL OVERVIEW &y 2.2 DATA PARALLELISM ¥tE317

Registers a backward hook for all parameters of the model that require gradients.

for p in self.module.parameters():
if p.requires_grad is True:
p.register_hook(hook)

def _allreduce_grads(self, grad):
Performs an all-reduce operation to synchronize gradients across multiple
< processes.
# No synchronization needed during gradient accumulation, except at the final
< accumulation step.
if self.require_backward_grad_sync:
dist.all_reduce(grad, op=dist.ReduceOp.SUM,
< group=pgm.process_group_manager.cp_dp_group)
grad /= pgm.process_group_manager.cp_dp_world_size
return grad

@contextlib.contextmanager
def no_sync(self):
A context manager to temporarily disable gradient synchronization.
This is useful for performing multiple backward passes during gradient
< accumulation without synchronizing
gradients in between.
self.require_backward_grad_sync = False
yield
self.require_backward_grad_sync = True

XRHANE - "HEHTESERF" RO, BITREAEEFHZRITIE, X%
JRESCRINIRBERIR s (B BATTAT DAE— 1R R iR |

B RMIL: Bucketing Gradients B 5 i

GPU #Ei@H £ & BT HEVF 2/ NKE ERUTIREE R X WIEH TEE R,
it, FATRT DU EEE BN T, FHONR— AT A B E R 3h 84 all-reduce #:1E, A2
NEMEHITHNR all-reduce #1F, BHEEBLRL T:

=
il
z
\ll

Backward Forward

Forward

ziwydo

AllReduce Grads
Forward pass

Backward pass

GPU Computation:

GPU Communication:

R BANE R BT SRR . AR LKA F LU IRV 2/ M A RCR, I B MR T
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BAEREDERE, BT AR E R D@ EIT R MR SR,
IXERE A R SE L

class DataParallelBucket(nn.Module):
Data Parallelism with gradient grouped into buckets to reduce the communication
< overhead.

def __init__(self, module, bucket_cap_mb=25, grad_type = torch.float32):

Initialize the DataParallelBucket module.

Axgs:
module (nn.Module): The model to be parallelized.
process_group: The process group for gradient synchronization, which can be
< either
a data parallel group or a context parallel group.
bucket_cap_mb (int, optional): The maximum size of each gradient
< synchronization bucket in megabytes.
Defaults to 25 MB.
grad_type (torch.dtype, optional): The data type of gradients, defaulting to
< float32.
super().__init__()
self.module = module
self.require_backward_grad_sync = True # whether to synchronize gradients during
< backward pass. Set to False when using gradient accumulation
grad_size = 2 if grad_type == torch.bfloatl6 else 4 # float32 gradient: 4 bytes
bucket_size = bucket_cap_mb * 1024 * 1024 // grad_size # number of gradients in
< one bucket
self.bucket_manager = BucketManager(module.parameters(),
< pgm.process_group_manager.cp_dp_group, bucket_size, grad_type)
self.register_backward_hook()
self._post_backward_callback_set = False # whether the callback for wait
< gradient synchronization is set

def forward(self, *inputs, **kwargs):
return self.module(*inputs, **kwargs)

def backward(self, input_tensor, output_tensor, output_tensor_grad):
return self.module.backward(input_tensor, output_tensor, output_tensor_grad)

def register_backward_hook(self):

Registers a backward hook to manually accumulate and synchronize gradients.

This hook serves two main purposes:
1. PyTorch does not natively support gradient accumulation with mixed precision.
2. After gradient accumulation, it flags parameters as ready for synchronization.
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The gradient accumulation functions are stored to prevent them from going out of
< scope.

References:
- https://github.com/NVIDIA/Megatron-LM/issues/690
- https://pytorch.org/docs/stable/generated/
< torch.autograd.graph.Node.register_hook.html
- https://arxiv.org/abs/2006.15704 (page 5)
self.grad_accs = []
for param in self.module.parameters():
if param.requires_grad:
# Expand so we get access to grad_fn.
param_tmp = param.expand_as(param)
# Get the gradient accumulator function.
grad_acc_fn = param_tmp.grad_fn.next_functions[0][0]
grad_acc_fn.register_hook(self._make_param_hook(param,
< self.bucket_manager))
self.grad_accs.append(grad_acc_fn)

def _make_param_hook(self, param: torch.nn.Parameter,bucket_manager: BucketManager):
Creates the a hook for each parameter to handle gradient accumulation and
< synchronization.

def param_hook(*unused):

The hook called after the gradient is ready. It performs the following:

1. Accumulates the gradient into the main gradient.

2. Adds a post-backward callback to wait for gradient synchronization

< completion.

3. Marks the parameter as ready for synchronization.

if param.requires_grad:
assert param.grad is not None
param.main_grad.add_(param.grad.data) # accumulate the gradients
param.grad = None

# skip the gradient synchronization (gradient accumulation/PP micro
< batches)
if self.require_backward_grad_sync:
# Add a callback to wait for gradient synchronization. Ensures the
< callback is added only once.
# Callback is executed after the backward pass. It should be added
< per backward pass.
if not self._post_backward_callback_set:
Variable._execution_engine.queue_callback(self._post_backward)
self._post_backward_callback_set = True

# mark the parameter as ready for gradient synchronization.
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bucket_manager.mark_param_as_ready(param)
return param_hook

@contextlib.contextmanager

def no_sync(self):
"""A context manager to disable gradient synchronization."""
self.require_backward_grad_sync = False

yield

self.require_backward_grad_sync = True

def _post_backward(self):

A post-backward callback that waits for gradient synchronization to finish, then
< copies
the synchronized gradients back to the parameters' grad attribute.

This method is called after the backward pass and before the optimizer step.

self.bucket_manager.wait()
self._post_backward_callback_set = False
# copy to params.grad so we can use the optimizer to update the parameters
for p in self.module.parameters():
if p.requires_grad:
p.grad = p.main_grad.to(p.dtype) # In PyTorch, you cannot assign a
< gradient with one data type to a tensor of another data type.

def reset(self):
Reset the bucket manager and zero out gradients in the model

self.bucket_manager.reset()

FH=RMUL: DP S5EE R THIH ELE

BJa, EMBNZATTERIN, #ERNEIEETZH optimizer. step () ZHTHITZ AT
IR S AR LB, R 6 R G BRI A S RN, A TEEFE R, ANV
INDETE,

FEANERICARH, 1£ accumulation &, SR RAEREEER S BaNA all-reduce ¥, X
FAERNUME, PRONRZPBIGH—RIB D BREREISZIMRIRCR,  [RINIERERD T,

f£ PyTorch #, X IBIENT BT — LA AL _ LI model . no_sync () 2Eihgy, K
A P 6 ) 25 SR Mk,

M TIB(EHRIERS, SKEANFHBIUES:, DUERIURIINEE ], 0 7RI
TTIARME, EE BT RCESLNIRMPIX, HA/NAEIEsER SRR, TTTHT
EfE. BRI PUmbRE G, (HEWEe- S8 NZRU0 R w e P 17 48
Fﬁo
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H P97 Global Batch Size
AT DAE B EATIHY batch size AR, MAFANTHEINEHEIEAT DP FkhE ZFASE

bs = gbs = mbs X grad_acc X dp

- mbs: micro batch size
- grad_acc: f& gradient accumulation step &
- dp: BHATEGIEE

A — N HAR2JR batch size gbs, FJPEHEHHAT DP IIRER B RIS ER, DANERIIZE
T,

FESEERH, AA TR ATRE R A EIEFTT A (DP) RUEE, @R REN, KoyeHE
AHRFFHT, SEERBNFTERARE. REESEHTY R R UEM S GPU ZATAE| H iz
LRIV, R BRESIE BRI T b

DP SERSHS IR AEARRIFIAEAR b, $RBE T — DIHATHRRISE 4R, WmsEPl 17X —4E A+
71 (BATRIZ L 5 5 S NERE)

/W51 5&F 1D parallel Training recipe:

1. BN ifsERtER Global Batch Size Tokens ( GBST ), T4 @id s Wik,
BB B T EA T SR SR,

2. REIEBENERFFIKIE, X [RIRER] DA 2 (7 SCHER B TS50 R S8, JEH,
NFBATSRIBITHIIEAS, 2-8k MRICAT AR SR TAE (RITAZIRERANEHI
SOk, MABNE R NGRS RN MEFKE, RBa—m Ky LT e
PREA, DUREIASKIEK ERSCRN),

3. AIRAEISHE hnfEER batch size EEINFFER, 7E#1 GPU _L#RE| maximum
local batch size (mbs),

4. £J5, W€ B DP Rl GPU &, GBS 5 DP WLLZR4AH Tk GBS
Fr 55 FOFRI R A6 . R0 FR AN

GUERBEEE AR T 1, BIIAEE 209 GPU, a2 FriBy A g, o] DOEEABERFTE GPU,
ERERN2FEMEAD, SEMIAFEL MBS 2ESMRIIZRIERE, fEE—MER T, BRI
REH AR ARE D GPU ATHRRCR, A LRTEEE/ N MBS KANHRIIZREE,

HARZEBBERA . BIRFATREZ R — 1A 4M A token M1 4k FHHKERIBRTERL, [Fitt, &
TR RR/NRZ 1024 MEA GEEEEIER 2 B,

- BRI IRATWER R GPU HEERYN MBS=2 [INTE, I HIRATE 128 4 GPU A {2k,
XEWEREY 4 MEEERPE, BITERRIFRNTWER, EEMNMIGEE 1024 MER
5 4M > token,

gbs(1024) = 128 x M BS(2) x grad_acc(4)
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- BME, ERBANRAAE 512 4 GPU Al HINE? FAITrT DU fRiss MBS=2, Rifi/ BAP
TEN 1, MMsEEIAHREIR GBS FIAHRIAY LR, (BIIZREE E k!

gbs(1024) = 512 x M BS(2) x grad_acc(1)

TBIER, 1 512+ D GPU WML, MRIEFTEEFHRIMLS, BERIERITAZEIY
#EIR Ring Latency (SSEINEHERRATTRAINED AR, XEWE N ERES
HE DP 5, XK RERBERFFE MBI A&, ERXAENT, MiZ
THER R HMFHA TR,

BRBAEFFT DP R4S all-reduce BEERIMEE S, (HIXMUFEAEARMER T 4GS,
2.2 BOAEIBREZ H) GPU CBUEEET) I, ez RAHRITHE &, M
REAMFEK, DETEN 74kt Wik, MERRFGHRNEZN GPU, BIANRER S
RAEA =L

IEFATES — RS — PR AE SR I B -

Throughput Scaling with Data Parallelism Memory Usage Scaling with Data Parallelism
§ 40k 1 -6.3% 37.5 —*— Memory Usage (GB)
o 1 -6.0% M Performance Drop

. [ o)

9 I 12.0% g [ Throughput (tokens/sec/GPU)
@ 30k |-15.o% = 37
) Q
c ()}
£ 8
S 20k | -40.6% 3
o > 365
2 :
S 10k g
§ 36
o
F 0

8 16 32 64 128 256 8 16 32 64 128 256

Data Parallelism (DP) Data Parallelism (DP)

AIDOERE, S SR, ArEIHAEE TR, MED GPU RNFAEM BRFHEE, JF
HIEHE 2 DP A =32 EIFEM,

BRI RO F AR, HTEES GPU LI RIgh, XA TAE AR TR0 S
2 HIFTE 7 Micro Batch WIERIFRZ &S, Mides ¥ &H!

BRI REE TR T, £ DP Wik, ZE/0 A UK — M AREARRTRTREE (mbs=1)
TR GPU WAEH, IXFFAEIRAAL! RIS s RS, BORRIERRIB TR A
GPU H:

Memory Usage vs Sequence Length for Different Model Sizes

1B model 8B model 70B model

1111
B parameters
| I gradients
optimizer states
M activations

1024 2048 4096 8192 16384

0 1024 2048 4096 8192 16384
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FERR, BdEHTIEIRE—E LS 2T 46 H BDEE T AIRR I, A TIX L8 B R AR Bl 8 R
MERN, BATHHEMERL? s2iaf)e, WE SRR, XETRELZR —EKER
BE| CPU Lk, ELAERNE, #EURMASIREKE D LZE 24 GPU &4 b BIIETHAR
NIRRT IXEET5 R,

AR ZEH 7 HITTTR:

- I#17 (Parallelism), fuffisk&E (Tensor). LT (Context) Biffii/k&k (Pipeline)
17; DT IHRME, FHEES RS2 MR, IR R (A ;

- 352 (Sharing), fil4 DeepSpeed Zero 5% PyTorch FSDP; MEFH{#fL, id@id s
FOEREREIRES, B MR NAE T,

BRI AT — R L RIEAHY, SRR LIEAT DASS S| R JOBETSE ZeRO 753k
R

ZeRO (Zero Redundancy Optimizer)

AR DeepSpeed ZeRO (FIUARMUALAS), X2 —MEFERD LLM JIZR-H T TURIIA
TERACEIR,

BIRBURIFATR AR RINGRTTE, ERIUEEIRES, BEMSHAESD DP Rank L
IR AERGIA 7 RERNFIUR, ZeRO MBI EBIRFHITHE LRI, BEMZSE
KIEFRWAETTAR, R 2 BRI S BRI TR, XANTE DP SR TEZ
foidfE, XEEEr eI REr R e e ES, BN ="MELl B

- ZeRO-1: flif.8% state partitioning

- ZeRO-2: fifk.#5 state + gradient partitioning

- ZeRO-3 (FSDP “Fully-Sharded Data Parallelism” ): fft.#% state + gradient + pa-
rameter partitioning

R, MUEIHRAEXNBMIEEITD R (shard), X2 B TEEE S DP BIAREICRRIF Micro
Batch, Rt DP Hi4 ERIEGE RS AR, FIBLENASHES, KA EETo R

Zero Memory i 5#Hi

bR R EANE N ZI AR P LA RS, BRSNS DL IEBRA TARBAT IR
MSEREN Y (A N, EEXEFERELS ZeRO IEXHFFS), fERAREIZG (E24
TRAE T =) A Adam bRy, FEFHENEDIUE NSO

- HREZE Parameter CEFSERN bflo/fpl6): 2V

- AUBERE Gradients CEAEERD bfl6/fpl6): 2¥

- BRISE (fp32) FIUEERIRAS: 49+(4P+49)

- EBUBEEETE fp32 H: 49 (AN, (UEFRZER p32 FRENITHE)

WRRTE fp32 R EBIBERE, X§FECANG NN 2W2WH2Y, T REE, &
B OOWHeWHI2W, T Rifk, BATEIERM fp32 B BRI, ERAEEZ
ZeRO-2 i1 3 FEMIRAE 5 VR M B B TR BT T,
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ZeRO HIFR B RIXENRALE DP Rank RU& M7 f Shard, BT RREHE D, 4
TN EE, MWMHZEIEIHMTERANFEEHRER N,; (DP degree)

GPU, GPU; GPUy Memory
P P P
Baseline 2V + 2W + kY
P P P P
ZeRO-1 29 + 29 + —
d
| ] |
ZeRO-2 oy 4 22 TEY
Ny
| ] [ ] ||
2¥ 4+ 2¥ + kY
ZeRO-3 Y2V Y
Ny
¥ : Model parameters

k : Optimizer multiplier
N, Data parallel degree

Zero-1: sy XARALERIRE

{EFRIE DP #, FFA Rank 76 R R HIRMB RN BT RIORICS B, X0UT-R
REELI T, HEMBL RN ROPER?

£ ZeRO-1 w1, fUILaIRESHBIN 0N Ny MAFRIER Y, B N,y 72 DP degree, IXEME R
BRIEIARTE A DP Hi4 B HEREMRAERIRSH 1/ N, o b iS, 2 1/N, 1) float32
PR T

R, FIEFERIEY, 8PRIARTEIES, RIRBIHEZEMSRP R EaRI— 1
SN all-gather #fE (XZHANERNAYE “MESEERIE!) DUARG MRARIAE A 25
Y B HTAN B

IXfERE T BAHE ERERPERN 2V + 20 + f\,—i' HINTF AT DUR 2 B0 BRI E
B i 2

- HIFERR, RS BIAMERNEE bfle 258, HEEIARM Micro Batch Size A[A

- RIERE, FAEIARE AR ERERES, [HEIARR Micro Batch Size R[H]

- NHEEEEHIT reduce-scatter #1E (FATEAE A E HH#ERE reduce-scatter JR1E)

C DRI EHAMARAESS B P T MR R (R T NLd ACARIRAS), PAIRECE
i NLd fp32 S84, IXLEESHBESG ] DL NLd 2% bflo SHUE,

- AT bfl6 S all-gather #/E, KELRHVIF RIEEFNEIA, X2 ZeRO HIHHT
¥4, 1£ vanilla DP AR,

Reduce-Scatter: 454 7H%) (Reduction) #143% (Scatter) W38, HTEZ
NIRRT S Z A BEE I T I B R4 R (W NEFTR),
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- 129 (Reduction): K2 MERATEERLIGEMIERCE (QRA, REKRE, K
R/MESF) SRR,

- 1% (Scatter) : K&ERDEFIF 0 KBS N, FEFNHRERE—EIE
N

- Reduce-Scatter fLIXM MEEH K : JoX rAdERIEEREITINY), K5
RV G RIZE R L BN,

All-Gather: HARRRERATEMRREIE, HRXEEdE kAR NHE, #EED
B RZINA T AR e B BUR R A

- Gather (#): 2 MHRENEHREHEIEIL T,

- Al FORAEREEE, EZ RSN e BB E T Ra AT IR,

- All-Gather WAFUR: BMHETTINE CHVEHE, rEEERLREITH SR
A,

Forward pass

Backward pass

Reduce-scatter

Optimizer step

All-gather

Forward pass (next)

1EI@{E /51, ShriE DP MHEL, Zero-1 ¥ all-reduce BAEEIE{SMCN reduce-scatter #1E,
HEMMIFP B G A SEI T all-gather #/E, W FAR:

I
| Forward

!
8
Backward pass

Forward : Backward

I
GPU Computation:
GPU Communication:
EZHIE T, M T vanilla DP HA] AR all-reduce B S RIAERH TR ES, £ ZeRO-
1A, FATERT AR AR S ROt E SR INAY bfl6 244 all-gather o X HEA W AKR:

leziuydo
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- AEfUAEas b Bvh . A] DIEL ey B 0y S EUELHEE) all-gather o IXTLVFIEEATRE
HSHAMSEEEE,
- AR AR W] DUKRE—Z2 ) all-gather SIEMAGREIEES,

Zero-2: Add Gradient Partitioning

BT RAFBESNEIAR LG 5 MBS N R L, R 6 R B IR S —FE
SHRER NN, ERAEHRSES, BATRENEREHRIT all-reduce, MiZ R ST reduce-
scatter #£F! 7E1XH, N BAPTHEN Nid IIBREE ST scatter, MMtk ZeRO-1 TTIEHEZ
WTZo

GPU, GPUY, GPUy

Forward pass

Backward pass

Reduce-scatter

Optimizer step

All-gather

BUERE S B, BESFSH 2V + 2050 B Ny W8, 077 DS &L 8 50
Gradient f1 Optimizer State A7, fEBE/THE, 5 ZeRO-1 MHEREREIEH, HE—HIX
H& Zero-2 iiEE10RER, Rk, ZeRO-2 fEIE(E 7 H S vanilla DP lIZ5ME24,

TEIE{E 77, ZeRO-2 5 ZeRO-1 fH{EL, EATERFEXNFEEIHIT reduce-scatter #1E, HXS
Fia 280317 all-gather #1E,

I
| Forward

.
8

Forward : Backward
|

GPU Computation: I
GPU Communication:

2.1: MLk Zero-1, Zero-2 &AL, FPA Zero-2 BHEAIEEE;

_ziwuydo
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HHEE Zero-1, Zero-2 SE A M, FrbA Zero-2 B H G IEEE;
Zero-3: % Parameter Partitioning

XN THEZMEL, BAW BT _ERTE DP BIA_EXHME SRS E AT 1%, BHEA R
SROBT R
XN AR PyTorch JEASEIHE FSDP (SE &= HIRHAT), EiXmiER
YEH, FA1H$EF] ZeRO-3, {HIRA] DIFREHN FSDP,

FITRA, WSS R R B0 8102 o0 A 3R, BT AIAE SRR FP I T IE M SR e 17 RMATE, =
BANFRER, TNXALHWERENT, FIEAERET, XERRNT:

GPU, GPU; GPUy
Layern-1 | ]
w All-gather
Layer n o O 04 Forward pass
[ I [ || ] [ || Flush parameters
Layer n+1 | ]

Klitt, HPATIERERRIHEEL R, BINRIETFERROENSEY, FEAHREEMNNIZ
RIAPAEHTERR, S EERERT TAE 5 AR, SURTREAR S, AT RURBERE A :

GPU; GPU; GPUy
Layer n-1 |
[ ] [ |
Reduce-scatter
O c c O (| (-
Layer n f f f Backward pass
o 0O 0O
All-gather
| ] [
Layer n+1 | |

HALFEUZ, FATFREEERMR A ERPRSGEITITA RE, XY TEIZGP BT L Zero-2
ZH 2Knum_layers—1 {X all-gathers, BHRE EREEBATATCALE N E BRI 0)/ N ERGE
IR

TEIEMEREIE RS, AR ESENHEIT all-gather #1F, RFt7 44— VIEEHA, H
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TFHRAMEEMEREHEASBE L MEFTEA], FIHAE RGP R T — RN
all-gather M4 % —1 VIBENRA, &E7HES ZeRO-2 HHHFEI reduce-scatter #
TERACPERAE, XMFHEZE W IEEHA, MNMESIRERAISS] 3V , (i Zero-2 HIIE(E AN
2V,

IX A RENTECRIB(S FF IR K, (B 52 R L aT DARERZ, [RA AT DAEFTIE U Pl prefetching HEE
—BZE0EE S YT B IEAERE, EmEh, FAEEREFEFNE n+1 #1T all-gather
WE, FRGHTE n IERERE, FEE, BIOERIEEE n B2 n-1 317 all-gather £
H, YR, XMESHAEERITEAERE scale DP IEN AR, (—kidE, DP R
512)

Hiil (Prefetching): £ 5 /i RAESS 52U A, 4R AT EE[EEUNE N — it EdE/Z
HEINGFREGFT, RIER : @ RaE RS I RREES (Overlap), BHE
BESONE, W5 - EMINIREES T, Prefetching M T GPU it
BL I OBEER, $RATM MRS S EAUINE T — M BIREE SRS, - £
#EHATH, Prefetching rTDUMERT A All-Reduce 5% Reduce-Scatter #(E, />
SEREIN ],

- T (Prefetching): TE4ATIHEAESS MR, TRATREEEEINE T —Ht
s/ ZHEINFER T,

- BRRGEIR - KOG IR S U EIRIEES (Overlap), EESIAE SO,

- BRI

- TESARIREESIH, Prefetching & T4E GPU WA MRt R, H2#f
MIA I B A UINE N — BRI S

- fEEHEFTH, Prefetching PRI E All-Reduce 8¢ Reduce-Scatter #
7, BDSERFIN T,

FEWAETTH, BATRT AR RIBAIHTARIAERE] T R P

20 + 20 + k¥
Nd

IXE MR NRTRATRESR = DP Rank N, ®ta] DUCIRIAMIFRRANFE A . 1ER, X B S
AT, NTIX—m, TR PAERBRNERT LEHE SR EGERE R Activation Check-
pointing FIEEE R Gradient Accumulation,

BE—TEIHRETA N DP fl ZeRO AR : TANFER i@ DP, nJ LI ) 5 e id i
ZHERIREIARY JRIIZE, Mg ER@ilgiatg, EH ZeRO, WELERTE DP Loy S8
BRSNS, YIZRIRLEIE H JCiRIE P GPU KB, [RGB B MBS A

M, IXEA R, DP ERAIR—RE S 8D GPU WA EIEM, ZeRO REEXITZH.
BRSNS, HARERI D BIENAE ! BIE N7 5 75K E batch size i ELBI, AH] DA
BHIXESHCRIRANX L, (BAESKERA, FATAERRVREPE RIS REEE AR S #EATIIZR,
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TEERFZ 8B B Memory Usage, 4 seq length REHII 2, Activation K3 SN
=LK

DP=8 DP=8 Zero-1 DP=8 Zero-2 DP=8 Zero-3
160

140

120 B Model Parameters

100 Gradients
80— == === === - - - — — — N - - - - - — - - - - - - e
Optimizer States
60

Activations

Memory Usage (GB)

40
20

Il B A .

1024 4096 16384 1024 4096 16384 1024 4096 16384 1024 4096 16384

Sequence Length Sequence Length Sequence Length Sequence Length

N T EfRX LR, R RIRR —HT, B RIE—K & 71T (Tensor Parallel, TP), 5
AT RESEOBEH ZeRO3 AF, TPRHKESE, BE., LIRS LU BIE R R
Ik, MARELE GPU Z M TEMBE S B EE,

2.3 Tensor Parallel 5k &35

HAlEH ZeRO MRS E, BENIMLEIESHT T 20 F, [H—HBIE Activation N7
AR, SUaE s,

ifi Tensor Parallelism (TP) J7iEANOSANE, HEMMASKERT 2, S EIEETY
Fr, M HIERAET AT El], IEFRATE/EEE Tensor Parallel 2ANAI5 ) B A RERESfe ik —
L TAERY,

SREFATHHAERESRIARECA R A X B, LB ST RO A REAYEEA T 12

B,

A-B=A.[B, B, | =[AB, AB, |A-B=[A, A, -] |B,

=Y AB,

XEBRE AT PAE DA R AT 2 — I EHERERRL 1) 2503 DA B E—51; 2) 7353 LA
F—THEERAE, EHEMgEh, JERERAER DA TS RFTRR: XXW, HA X REHRA
BEBE; W AR nn. Linear FUAEERE; 25141
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X Y

(2,2)

(4, 2) (4, 2)

LEBATEBWAFATHRIX MR EKEITH, SKEREEREHER TR N MR, FEofh
FEN D GPU Lo FEFEA] DATESIRR S BATHR /AT 0 I, MITSEBATRIZIFAT, £ FRIINE
W, BATREZNERAT SRR A R RS E R,

BRI B T e (RN Column-linear ): s2%&km N\ JEREE 62 &4 T A
I, TFEHUT broadcast #1F, HIERERIESR N, KRG, FMANS I PERERAHE, &
JEf ] all-gather #{ESFHLER,

X Y_0

0 1 w0 20

2 3 10 80
X @ v

4|5 20 140
il 6|7 ) o0 20 | 40
il (4,2) (4.1) 80 | 180
4 ° X Y_1 140|320
617 ol 1 w_1 40 200|460
2 2|3 30 180 (4.2)

als e 40 320

6|7 (2,1) Y

(4,2) (4,1)

Column linear
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(AN

class ColumnParallellLinear(torch.nn.Module):
"""Column Parallel Linear layer
Y = XW + b, where weight matrix W is parallelized along its second dimension. W =
< [W_1, ..., W_p]
This module returns the results of Y_i = XW_i + b_i in the forward method, Y_i is
< parallelized in the second dimension.
Arguments:
in_features: first dimension of weight matrix W.
out_features: second dimension of weight matrix W.
bias: If true, add bias
init_method: method to initialize weights
gather_output: If true, gather the output from all the partitions. This is used
< for the last linear layer

def __init__(
self,
in_features: int,
out_features: int,
bias: bool = False,
gather_output: bool = False,
async_all_reduce: bool = False,
) -> None:
super(ColumnParallellinear, self).__init_ ()

self.tp_world_size = pgm.process_group_manager.tp_world_size
self.tp_rank = pgm.process_group_manager.tp_rank

self.in_features = in_features
self.out_features = out_features
assert out_features % self.tp_world_size == @, "Hidden dimension must be
< divisible by the tensor parallel world size"
self.output_size_per_partition = out_features // self.tp_world_size
self.gather_output = gather_output
self.async_all_reduce = async_all_reduce
# Allocate space for the weight and bias
# Note: torch.nn.functional.linear performs XWAT + b so we exchange the order of
< dimensions
self.weight = nn.Parameter(torch.Tensor(self.output_size_per_partition,
< self.in_features)) # W_i
if bias:
self.bias = nn.Parameter(torch.Tensor(self.output_size_per_partition))
with torch.no_grad():
self.bias.zero_()
else:
self.register_parameter("bias", None)

self.reset_parameters()
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def reset_parameters(self):
# Initialize weight tensor with the default initialization
# method used for nn.Linear in PyToxch
master_weight = torch.empty(
self.out_features,
self.in_features,
dtype=self.weight.dtype,
device=self.weight.device,
requires_grad=False

# Calculate bound based on master weight's input dimension
k = 1 / master_weight.size(1)

bound = math.sqrt(k)

torch.nn.init.uniform_(master_weight, -bound, bound)

# XEMIAEURE, ENERE

# Split the model into size of self.output_size_per_partition

# X BHATH weight s/

weight_list = torch.split(master_weight, self.output_size_per_partition, dim=0)
# MR TP Rank 4 7] % B2 91 A

self.weight.data = weight_list[self.tp_rank].contiguous()

def forward(self, x: torch.Tensor) -> torch.Tensor:

if self.async_all_reduce:

output = linear_with_async_all_reduce(x, self.weight, self.bias)
else:

output = linear_with_all_reduce(x, self.weight, self.bias)
if self.gather_output:

# X BH# 4T all gather

output = GatherFromModelParallelRegion.apply(output)

return output

fiRg -
1. Input #J broadcast:
Fa & fE forward FRRi% x B #RIFTEEE, XEFIFHTRIFHIRNERR
2. X W77 h:

1t reset_parameters H*,j#1d torch.split(master_weight, self.output_size_per_partition,
dim=0) FALESZH 53 H], FFRIE tp_rank 73fC,

3. All-gather:

£ forward #, 4 self.gather_output == True i}, J#id GatherFromMod-
elParallelRegion.apply(output) YK FTE AR .o

5B T BT e (HFRR row-1inear ): fT8M:o) F KA KA KB B 73 A THR, SR,
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XMFEE M AT E, XFTFE— scatter #1E, MAZMH column-linear sharding
ARFERE T #B1%0E, B4 TIE T RS RO AT IEMRIEIR, B 2R UG RIR LS R,
ARG N AR 2 all-reduce $R1F,

X_0

Y_0
0 oo
WwW_0
20 | 60
@ 10 | 30 y
40 |120
(1.2
60 | 180 20 | 40
(4,2) 80 | 180
Y1 140|320
e e 200|460
wW_1
60 | 120 (4,2)
@ 20 | 40
100|200
(1,2)
140|280
7
(4,2)
(4.1)
Row linear

DA RATIASK B A THI SN

class RowParallellLinear(nn.Module):

"""linear layer with row parallelism.

Y = XW + b. W is parallelized along its first dimension and X along its second
< dimension as:

| W_1 |
I
W=1]. |
I
| W_p |

We assume that X is already parallelized. This is the case after
< ColumnParallellinear.
This module returns the results of Y = sum(X_i * W_i + b_i) in the forward method.
Arguments:
in_features: first dimension of matrix W.
out_features: second dimension of matrix W.
bias: If true, add bias
init_method: method to initialize weights.
def __init__ (self, in_features: int, out_features: int, bias: bool):
super(RowParallellLinear, self).__init__ ()
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self.tp_world_size = pgm.process_group_manager.tp_world_size
self.tp_rank = pgm.process_group_manager.tp_rank

self.in_features = in_features

self.out_features = out_features

assert in_features % self.tp_world_size == @, "Hidden dimension must be divisible
< by the tensor parallel world size"

self.input_size_per_partition = in_features // self.tp_world_size

self.weight = nn.Parameter(torch.Tensor(self.out_features,
< self.input_size_per_partition))

if bias:
self.bias = nn.Parameter(torch.Tensor(self.out_features))
# Always initialize bias to zero.
with torch.no_grad():

self.bias.zero_()

else:

self.register_parameter("bias", None)

self.reset_parameters()

def reset_parameters(self):
# Initialize weight tensor with same dtype and device as self.weight
master_weight = torch.empty(
self.out_features,
self.in_features,
dtype=self.weight.dtype,
device=self.weight.device,
requires_grad=False

# Calculate bound based on master weight's input dimension
k = 1 / master_weight.size(1)

bound = math.sqrt(k)

torch.nn.init.uniform_(master_weight, -bound, bound)

# Split the model into size of self.input_size_per_partition

weight_list = torch.split(master_weight, self.input_size_per_partition, dim=1)
# ZxX EY 4 weight, 44 TP rank

self.weight.data = weight_list[self.tp_rank].contiguous()

def forward(self, x):
# X_1 * W_irT + b
output_parallel = F.linear(x, self.weight)
# All-reduce across all the partitions.
# AT all-reduce
output = ReduceFromModelParallelRegion.apply(output_parallel)
return output if self.bias is None else output + self.bias

AR -
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- N W TR

- {E reset_parameters H,i# 1T torch.split(master_weight, self.input_size_per_partition,
dim=1) FEFZITE], HRHE tp_rank 77FL,

- All-reduce:

- 1£ forward H,j@iit ReduceFromModelParallelRegion.apply(output_parallel)
KRR RE R X3 * W_isT Kf, ARGEEER Y,

2.3.1 Transformer YK EIFT

N T HIE DRI, 1EFRATIM Toy Example 7<flid i 2 H LU E R, Transformer &7
M EREA R miBE (MLP) MZ3LEES (MHA) . BATA PLR Sk BT AT
R

BB Al DO 31T “Column Lineaxr” #fE, SAJ51H4T "Row Linear" #{ERSCIFH
ik, XY F#EUEE A, HEEREHFHIT all-reduce

B, ELRINGPATE 1, Fhegmfia ANE TP ranks ZBIE&NY, XA EL
Se3EAT Row-Linear #1E, ARJGH#H1T Column-Linear #RAEHE ERL, K ATRATAT LATE R N2> H)
ez RIPGS AR all-reduce ,

X Y1.0 Y2_0
of1 wi.0 E ofo
W2_0
3k o
: - R LI CIE]
4|5 140 Y2
o1 (1,2
6|7 (2.1) 20 | 40
2|3
(4,2) (4.1) 80 | 180
4|5 !
X Y11 " |140(320
6|7 '
ol 1 Wwi_1 i |200(460
w2_1
(42) 2|3 (42)
3E =]
(1,2)
s | 5 2.1) 140|280

(4.2)

Tensor parallelism with column linear + row Linear

(4.1)

A DML EREE AR, column linear M4 NIEFFF & row linear A% A2
K, KA DAAR#HAT al-reduce, AIPATE 1@,

AEBRAME L3 T Transformer FeedForward B8 HIRCR TR, ILRITREBEZLIEREN
P (MHA),

FATAT DA —OBAE R A%, Hd Q. KMV LA FGFIT A R0 E, HERo B ir e 5
#H, EZ2LFREIH, P T EEIEE B AR A worker THR AN — 41 SLIFTER
Ho FREERFIEIER T2ER (MQA) slHERFES (GQA), HAFMEEE A

—Fo
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- REIFITEANET Q/K/V kB, FAKMFESA TP Rank By57eksk (&
WP GPU EIHEIER T, FHERFYNESERE) .

- WERAER GQA, TP EFr LNz K/V Sk, #lal, LLaMA-38BH 8 1™
K/V 3k, Rtk EIFATEN A 8,

- WMERAIXAMEBIE R TP=16, BATFREARFD GPU LEHI K/V %, IR E

MERFFAZ
,—-—Gelumﬁ—Spli{- -------------------------- . [ .
GPU1 E Y = SelfAttention( X ) R S 1 | Z = Dropout(Y B) \
E ﬁ_é \OW Dplit
[(T® |
igiesle
E ;1_9— i
f_\*é_%Q E
SoftMax || Dropout [—>®—>| Y2 |+
= x (e . T =
] V2 i
GPU2 — 9 H

o EERERZ, Tensor Parallelsim {532 IIZRAT T REARRTT 5o TAERRIAT TR I
PR EREIN T L OB E RS, RIHIXEEEE DE 2 EE T R (WUEIRATE ZeRO
FRATEEIAREE), B MERERER T M 7 8 2 5 M N A IB A5 T4 < TR A £5 2R LE2S B -

: TP region (MLP) :
1 1 AllReduce Activs
I

GPU Computation: LayerNorm | FC1 GelU FC2 Forward pass

GPU Communication: “

MERGKEFFAT MLP (FIFEER TERANUHD BIBRIER RIZ, FRATTA] DU PR A K
trade-off, fERFMEMEZERIERAEREF, ZME2|—1N5 AllReduce BIERIPHIA, XA
RESHRES, XMEETHSOEN, DEERZNA LayerNorm 2, Kok BIFATHEHRN
R RA G K (PS: B RERIERH T,

BIE:

IS AT R B SR TR 5 = P E AR B A S, Al DA o) RRROX Mg (=, B,
Megatron-LM/Nanotron ¥ 1 all-reduce 5 FC1 HH IS ES, HAERR
PRSI — B RE BB GPU, M5 — Mo b 3P,

SKEFAT TP WA BT R MESRIA P RIS NAE, RO RIBES #0221 GPU Lk, &
i, FAMHATENCER 2 8E U740 LayerNorm SF#80F, X EHE FA ARG A AT DA
(EEENESE AR ez

A, TP SIA T REFANEETRR, XA MR, Toikse 2RO AR E R All-
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Reduce #FEH RS GIVRE ) BKE B BERIGI T RIS RBR SRR R,
R e TP degree X AT :

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

20 K
I -10.8% Max Batch Size g
M Performance Drop

B Tokens/sec/GPU

J-122% .
10k 15 16
-42.7%
12
10
5k 8

-65.6% :

5

] :
0 2 4 8 16 32

2 4 8 16 32

Tokens/sec/GPU
Maximum Batch Size

Tensor Parallelism (TP) Tensor Parallelism (TP)

RERE#E TP HIE IR S8 GPU tHERIK CEMERTR), TP #FAHE KK batch size
BARTRE CEMEL R ATR), IXBA T TR IR T BRER 5 NAE AT 2 RIRY trade-off,

ESCEeH, IENBAMELEE EATERIN, M RAEE 8 A GPU N, KEIFTIIBEIFHRE
JURE, BRI RNISK 8747 ] DAR FHPE NVLink 3%, (HE5Y SN TR ZER8H
Mz, FRAIM TP=8 £ TP=16 I WL EZEM NFE, M TP=16 Z| TP=32 I & A FEH,
EEEPHTET, BEFHERNtE S, DEFEREES T IHERE,

SRR, SKEFHTIEEAEZ D GPU b SE, B, SIRSRERS (E—e R
B RNAFERRMEEZLE. BN 70 B FIBADNFIRE ZIXAICR :

Memory Usage for 70B Model

No Parallelism (TP-1)

TP=16

M Model Parameters

________ W Gradients

- Optimizer States
]

W Activations

Memory Usage (GB)

I I
I
1024 4096 16384 1024 4096 16384 1024 4096 16384

Sequence Length Sequence Length Sequence Length

Wk | HATE ] DR RED GPU BRI, BERRASIRSIRNNG, B0 DTS
TEEAS 8 GPU i i EIIg LLM,

ML — R EERE MR IR G B8 247407 BATELE S, LayerNorm 1 dropout 1/
RFEAEFN GPU LIRS, XIE—ERE LHH TFE T AR, BATTAT POEd
BREPHAT IR LT ARAR R T TR RIS B4

KTk &IATIZH Layer Normalization —/ si—H T8 TP rank 7£ all-
gather Z 5B FIMEFMNIEIE, LayerNorm AXE PR ETE R AEIE G RHZE all-
reduce REIZENIEEE, BENTHARIE Rank BIERFFFED, 2R, T dropout

42
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BelE, BATRBIALRTE TP Rank [RIFPRENIAF, PACRFHfAE M,

B fERBEIHTIGH, §ME&E (rank) 1@ all-gather HAEIREUH R 3L
iEEE, BVH—fk (layer normalization) R AZMEEN, Hit, SMEFITE
FIEIT—AE (gamma Fl beta) HIBHEEMERIP, FRRERIMY all-reduce #
TERFEZEEE, FRNENEEBAR—E X R ATE R&EE T HIE R AR T
B, BREAR SRR,

2.3.2 ZBFE Ik

[1] https://huggingface.co/spaces/HuggingFaceFW/blogpost-fineweb-vl1

[2] https://github.com/huggingface/picotron

[3] https://github.com/huggingface/nanotron

[4] https://filecdn.minimax.chat/_Arxiv_MiniMax_01_Report.pdf

[5] https://zdevito.github.i0/2022/08/04/cuda-caching-allocator.html

[6] https://michaelwornow.net/2024/01/18/counting-params-in-transformer
[7] https://github.com/microsoft/DeepSpeed/issues/1773

[8] https://www.determined.ai/blog/act-mem-2

[9] Reducing Activation Recomputation in Large Transformer Models

2.4 Sequence Parallel J#513#17

FEFFFATIE (SP) ¥ Aol rh el sk B R4 T (TP) ARACBEAIER % (W Dropout Al LayerNorm)
, X activation (shape 4 [ bs, seq len, hidden dimension] {H#iNFHI4ERE (seq len)
BATHRS, A2 hidden dimension.

AT NARIEA fOd#: ATHRIFSH T SP 5iKEFHITM TP XEMES,
HiEM T dropout 1 & H — (L fF. A, HWITELAERKIFIIN, EREHHT
BRSO, X TEB Ring-Attention RXFEEIR, IXERRANWHT T
FIFATMHE SP, HIEATREAMTFON L F30#1T Context Parallel PAX 7 FF/TIA,
At AR IRE B FIDFATIERN, I ICAE e RS RKEBFATIE—REE I (5 R DRI
B R SOFTIERRD)

Z i AE LayerNorm Z HiFs 2 all-reduce 2R NHFZEEEM hidden dimension KI5
PHERI 7T 220
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LayerNorm(z) =~y - i 15}

7 Vo2 +e

LA = mean(x), 0* = var(x) FFZ 7 hidden dimension h k&,

\

REEIXEEEEIE _LAFE cheap, HENMIATEKREMN activation memory, KINELTHR
FLEREN B AE S, SP VP FA TR 7 7| 48 JF seq A EPRKEXANNEFEHAS L EZ A GPU
o

FESEBRH, BATR MBI 24

Tensor Parallel Tensor + Sequence Parallel
[ LayerNorm LayerNorm J SP
o S . J
F o e e s =
[SeLf Attention Self Attention)
TP | { TP
Linear Linear J
¥ S E _____ —— = —_— ; ______.______J___g*
N (7 - )
[ Dropout Dropout ]
v v
O— ®—— SP
] A
LayerNorm { LayerNorm J
N — s J
. 2 Ay f N\
Linear Linear ]
- * ~ 2
TP GelLU GelU ] TP
¥ v
' ) '8
Linear Linear )
f*--& ______ :____.@ _____ J.) _k _____ e e 2 - g*
\ =
Dropout Dropout ]
[ J L SP
v v
® ®
v ¥

ZEER 7A@ A AR Collective Operations (FRidh “f” M1 “g”) {EIKREIFFATHIFS
FATIXIZ [ TR, SQHEPRAORTECRISF A7 (A R BY RN B PR IE A TE, I ot s Bl e
e,
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FERT A&+

“f7 B—1M=#1E (no operation), FNEIEEATESR rank Z A&,
- U7 B—A> all-reduce #fE, FTF R EGE AR R

fE R FfE

-4 BN, BB ESES N rank ZAEE T
“f7 B— all-reduce #E, HTRIBHEE

XEARAE U7 R P BRRNIEEN, BOVENTHEANSE—4 — DNMEIE R RN TR ER,
H—MERIERIEF NI, RZTMR,

T RFFEATH (SP), BAMERFRICY “g” 1 “g*” BARRIRIE, BARRY, FRATERAE SP X
B all-reduce, KVIXTHEWER MBS EFHHMBANNEENFER, MMmES 1 SP
HIEE, NHEEIRIT:

3N S scatfE B U4 A
[LaverNorm| [Laverorm] SP | 5 /-LayerNorm i AE T ] ) hscai 61
- ‘ [ W LayerNorm 235 524y hidden , (HIf47
R, Lk L R e seq, IR EALISY . X ]
L J .. gllreduce 52 TP
/& N T , RN
[ v ] [ J JXH g AT 1 all-gather, Y[ seqfE B M4 o
3
( Y Al J T J AJEMLPES—Linear, % H i FTPHI4
o
[ GelU ] GelLU ] GeLUn] LU F
i ) TP
=2 &3 E3 ZRPIMIE, h/2RE AT T 514
)
[ 71B1 ] (282 ] BEMLPES — Linear, 1317 TP Row )43
i —
o (L wa Jo{ w2 | T Rrow-lincas, I T b
_ b 4 g*
g* {3 reduce-scatter i, SIS seq
W1* W2+ ' AT AT Y4, i Tdropout
v - 1
[DropoutJ rDropout SP TE R IX A rankff)seed b 1% [r] 25
V1* V2*

FPAPHTH — RS E, B 7RI ZFER RIS RN FENERSKEFHTR,
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MHHEZ D RAFEIZARY (b,s,h) HUBEGE(E, 2, @I ERFEAPHT, SAREE RS
1 bXIsXh / tp , BRAERATTEUZ IR o 54 R s B 4 17 20,

FFAER B DAL AR (partl: hidden size f1 seq 4EEEAR (L

Region TP only TP with SP

Enter TP (Column  h: sharded (weight_out is sharded) h: sharded (weight_out is sharded)

Linear) s: full s: all-gather to full
. h: sharded h: sharded
TP Region
s: full s: full
) h: full (weight_out is full + all- h: full (weight_out is full + reduce-
Exit TP (Row
T ) reduce for correctness) scatter for correctness)
inear
s: full s: reduce-scatter to sharded
) h: full h: full
SP Region
s: full s: sharded

(part2: embedding Layer ZE{k,;

Region Vanilla TP TP with SP

h: full (weight_out is full + all- h: full (weight_out is full +
Embedding Layer (Row
) reduce for correctness) reduce-scatter for correctness)
Linear sharded on vocab)
s: full s: reduce-scatter to sharded

BE—TNMEH T SP LUGRIBIEIENL, R EEXSE, SP A DURIEERRE D GPU ) mem SH,
JeHIEX 16k KFEHI7R T,
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Memory Usage for 70B Model

No Parallelism (TP-1) TD—9 Ib_16
140
o 120
e 100 | M Model Parameters
()
§ so- N N B $ 200 - - - = — = = = — === - - - - - I Gradients
>
> 60 - Optimizer States
Qe || o
E 4 M Activations
Q
=
20
I S
0 I NN
1024 4096 16384 1024 4096 16384 1024 4096 16384
Sequence Length Sequence Length Sequence Length
Memory Usage for 70B Model
No Parallelism FR=G-Lepdta-Chs TP=16 (with SP)
o 120
g 100 M Model Parameters
()
§ 80 I Gradients
>
> 60 - Optimizer States
o — I
= 40 M Activations
[
=
20
I N
I I

1024 4096 16384 1024 4096 16384 1024 4096 16384

Sequence Length Sequence Length Sequence Length

TP+SP @& tbal TP W FEH{E?

fE4l TP WIRTIAERE S, 1A Transformer AR all-reduce #1E, mifE SP A,
BA1EA Transformer HEF A all-gather FIH ) reduce-scatter #fE, FrlA SP [HiE
{BEHERE R TP IFIf,

{B2HF all-reduce #AER] A2 R4 all-gather + reduce-scatter, ‘EATIEIE(E 77 HI L
B b RS R N T A% 7, U2 MR HEHE (no-op = all-reduce #1 all-gather
=reduce-scatter), #EH A,

& All-reduce AT PAZMED reduce-scatter i all-gather, [55 reduce-scatter
FIRLFF5r R B, all-gather FUEES2REEE R,
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GPU,; GPU; GPUy

Forward pass

Backward pass

Reduce-scatter

Optimizer step

All-gather

£/ TP+SP Y profiling 4 NEIFR, BEH 4 MEEHRE (210KkE MLP, M KE MHA):

SP region

GPU Computation:

GPU Communication:

TP region (MLP) : SP region
, [ stcatheracts |
|  Reducescatier Acts

MBREGIH TP —#%, TP+SP tWARERS S EREES, XERFEHRERNER LB T
WEHTE, XH, BES TP —F&, TP+SP@H R ER DT RNET (fRF TP EEAET &N
TR GPU &, filUn TP<8),

THi4ESE benchmark, Ffi%g TP rank ¥, @EFHEN (L5 setting seq len 4096, &4
KN 3B):

Throughput Scaling with TP/SP (3B Model) Maximum Batch Size per TP Value
1 -5.0% 100 Max Batch Size 100
I—19.1% o [ Performance Drop
> (% 80 M Tokens/sec/GPU
o
G 10k <
[}
S -
9 -43.4% © 60
o @
u £
S 3 40
X 5k -41.4% E 40
<] X
©
= 20
20
0 0 | 10
2 4 8 16 32 2 4 8 16 32
Tensor Parallelism (TP) Tensor Parallelism (TP)

AIDASHIEEIE: B S RIFATRE I B D B0E A 7 fES AL BR B R A Batch SONRIRE, (HEAT]
RO GPU HIEIR, Realld S TR T RN GPU SR,
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% "% HIGH LEVEL OVERVIEW =i 2.5 CONTEXT PARALLEL |k R3HAT

- RTFIRXPIRTIE, EEEIN TP=8 #2312 TP=16 I, 1ERE FREEAAE, FMIXEMITE
BT RA (NVLink) J8fE, #AETREE (EFA) A%,
- iR TP A1 SP i, USRI T AT BIBANEN FLAEA TP I 8 KEY Batch,

ANXHBMNCLHF 2 TP Qarid i 15 R o B BT sReE, KSR HISIZ A
GPU L, BAK SP M@ iisI4ERE s, BRHANSE T TP,

cild

]
HT SP X$ AT LayerNorm #/EAEFFIRIANFE AT, RIL e RIS R (L
TP HIAFE rank ZRIHFIAR. A 7 HEREFERD, BAIHZEERAEFLRE
HOR BRI AT all-reduce #:4F, XEMTEIEHT (DP) AR E R HY
7ie AT, T LayerNorm HIZEHRINE/D, X MEEFHEC,

SR, TP #1 SP APIIRAN: 1 X RPN, BUENELE TP AR, 2 X 4R
AR, JCIRIEN. TP=8, AR M TE5 T AOERMEE, BRERRITERE R,

A PAEIT Context Parallel kNS Ffgkm#E 1 X ; H Pipeline Parallel f/KZI A7 fgR
A 2 X;

2.5 Context Parallel I FXF#{7

B IKEIAT TP MFFIFHAT SP, Al AR FRRE GPU BINAFERR K, RO FITE(E
B AESA GPU b 2R, HIZRRIFFIRERERK (Flan= &89 E2] 128k 4 token
BEEHEZH), (yrlREEH AT A HNE, BNE TP KN R A HSE BRI,

A, BMERHA gradient checkpointing HI75i% (X EHREZ) 30% WITTEFEIE), AN
FTAENEP IR B R EGEE, MXEHTEEMT YK E 2LM8K, REE L N OMT
anarEs B ERATT:

Memory Usage for 8B Model

No Parallelism TP=2 CP=1 TP=2 CP=4
140
~ 120
)
% 100 B Model Parameters
§ 80= = === =0 L DL e — — — . . B0 - - - - — — — - Gradients
> Optimizer Stat
g 60 ptimizer States
£ Activations
[0} 40
=
20
0----- I I N I I N
2, ¥ 2, 6. 2 Z ¥ 2, 6. Z Z % Z 6. 2
02p 709 Y635, “8s¢ 310)2 02g 709 Y635, “bs¢ 310)2 02y Y09 Y635, "85 310)2
Sequence Length Sequence Length Sequence Length

BRSO O BRI TRINE (WIS TR ) BB B4
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RASKEFATHIREGR Lo BATPRTIX LA D YEREATIR 7, TR PR R R
Wi, LS RTEATIIEINE, IR EINXMITEAER BEM, (HIXEE MG, frAE RS D !

XNF_ETRXFHAT CP, B FHIFHAT SP —+f, KIEFI4EETRa A, (X IR T AR
TR, AR Z B Tensor+Sequence FATHY K R4 A7,

- RV SEMAZEAEL, 4 MLP fil LayerNorm, BUAENTNEA token R
M, BEWAE TP MRS RIERE, FNRFED T AmMANERME, 555
BT —FE, EHERER, 2B31—k all-reduce #1ERIE_E R SHATHNRSEAE,

- BANEEIMNEERIER, IR,

- fEFEEAEE, B token FFERIK HTA E M55 token HIHE/{EXT;
- 1£ Casual Attention BJEM T, R/DFEESMAIHEIM token,

- 1T L TISOMTRIBFAIFEE S A RIS GPU L, R FRESD GPU 2

EEAT 7RIS, DA HRs BB MEE.

GUERR A RIERR T IESARE S5t HARAINEREE &R BRI BOX — R ER? S2isiTE,
A — R LBAR ] PAro A BREE /DN AIE1E, MIEMBTERD) Ring Attention,

=z,
=

R 3:171% 5 Flash Attention ERES_EAFEE LA L2 b — X PR AP AR ER A
F1ELk softmax HE PP NFEH . B Flash Attention TF FFE#A GPU £
MACERE I EAR S /i b NSO TEEIT R 22124 GPU _ESEENAE R D,

2.5.1 &BFIRIEET Ring Attention

FEIRXMNERINSRSLEL S, S0 GPU BiLRshm @G H e, RER/EN RIXFHAM GPU,
FESERFH AL GPU RIBUER, EHHENFHEGEBIRNERE I 0. BEANI T, fFEmitREZ
i, M= GPU #UEI F— M /MEX, £ GPU REBTESEREE —IRIH R LRI A T —4 1
=

2B, BIZA 4 D GPU fl— MU E 4 4> Token MHIA. &4, HAFHITEFHI4EE 15
S #El, HikEA GPU a4 E — Token NMHXM K Q/K/V {H, &% Q1. K1 F1 V1 724
REFE— Token &I, BEFIE, EMALTH 11 GPU L, IERENHREFE 4 MR RS
& TEEF—PMNEN, 81 GPU PUTIX=TEESHE(E:

1. DAAERHZERY 70K YT KA1 V7 ZIEA T —alds (TEIRFEZEAE R R G — MR
WERAN), DAMELEHA BRI AR TE RN BRI 46 N — 20 38

2. EARHIG EHER M KAV’ HEFE 155 Attention Score.

3. SO E E—& GPU W K # V, AEREZEE 1, N “Y4F70 K/ V7 BEANI
NIM_E—& GPU #EUEIM K/V X,

PUTIX 3 D ERIYIR ASERRER TR,
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M EE PR ERLRER & N AR AN OV MR TE R T

RmA—DMRAE, ABERREES (Ring Attention) YR S SCHLSE A SRR 1 HEHERTE
R4 T sm AN R, 1HIEI S B A RIS R R B 1S 2 R EE SoftMax #Y1T
B
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Causal Attention Mask
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: | GPUT |
3
4
5
‘ | GPU2 |
S 7
Xe,
[l
-
S 9
S 10
= GPU 3
1

1T 2 3 4 5 6 7 8 9 1011 12 13 14 15 16

BT AE Transformer BRIFERIHIEIF, XFEMREE R EE ARG, H
1T (y ) RFERE (query) token, F1 (x fil) RF%EE (key) token, HEFEAHH
TANTTAS (y, x) RIAEN token y /274 1] DASETEHE token X,

SoftMax ZIZ{TIHHHEN, XERESS GPU R —1THRIRTEFRICH, Ba] AT,

- GPUL A] DIZENHHER, FIVEMARIC 1-4 JF46, T GPUL SEhR_EATE ZMAE(THEAL GPU #%
W A5 R

- GPU2 HREERE A RE I 1-4, MMIZRISARIC 1-8 BT ATE, 1t5h, GPUL P
FLRrA HAh GPU 1 LAER#ZE D,

Qoel SE A PSR E?
2.5.2 Zig-zag Ring Attention PR A S
BANFZE—RELFHITTER DA T, IX AT DU AR ALy RIFRIC 2 BCgs GPU, Ffisid

MR EH T, 581 GPU L&A REIRIEHIFRICH RIFR G REM, X7 IR N 25
WiEE N Zig-zag Ring Attention,
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FERDHHEESN, EREIENE TR E 5, HIRHER A RIEE, SR
BUHERI S e GPU L

Causal Attention Mask

p—

O 0 0 N - ke W N

Token Index

GPU 3

J—
J—

]

w

o

w

o~

HHiths
e

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16

FNMEER, N7 RETETT, 1 GPU EFRZEMNTEHM GPU ZREUE R,

—AEFAE WL FCRES T EMERG: — 2@ T IREHAN all-gather #1E, RN
8 GPU FEFHEHAE KV CEUT Zero-3 WAR) ; B —MEHREFEEMNED GPU &
MR KV A

Aftention il all-gather

GPU Computation: Attn(Qi, Ki, Vi) AHN(QU, Ki+1, Vi+1)  AHn(Qi, Ki+2, Vi+2)

AllGather Activs

GPU Communication: AG(K,V)

Attention iﬁﬁ\ g ather

GPU Computation: Atin(Ql, Ki, Vi) Atin(Qi, Ki+1, Vi+1) Attn(Qi, Ki+2, Vi+2) [:

GPU Communication:
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XS 7 S S BE X AIAE T e RSB SR N A7 A
1. All-Gather 3 :

- T GPU [RIN SRR B HABFTH GPU KSR HE/{EXT
- WEEZHIEN AT, RSN GPU HRE IR HEERN KV X
- EFRE PR, (EEREERRI AT

2. All-to-All (Ring) SZ¥i:

- GPU DUNERZH KV &, B — MR
- ETENE, FNEA GPU HFImIF i — N EdE
- BEE TG IREER, REATZI0EEFESRIWR —LEHIMIEMIER

FIHATY L, BMNELBSIEE TP 8T 5 B 0 BR DAIIR AR, DA AR A H]
CP LA F1i R R TS (ELARR KR 1]

SR, TP fEBS TRy RN ATEAR, IRARBEAIREEDAANER DT R L, ELD? X
I, 5—MIHTE—RKEIFT, IR EMT!

2.6 Pipeline Parallel #i/k&IF17

£ TP #B57, M9k &EIFATEES N1 i) GPU #iiE (GEHE Dy 4 5L 8) I, SIBFIH sE iKY
BT RIERET, RIEENMERE, ] DOE R 2T R BRI all-reduce 11F
FRMEBIX —& (B RA 8 5 GPU):

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

=@ AllReduce

400 436.0 AllGather
ReduceScatter
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© 300
ey
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h=
2 200
©
5
om 160.1
100
ao.q
g Qder
64.9 >
0 3229
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Number of Nodes

FPHIFFAT SP FI_E R SOHT CP AT RFFIEEE, EaRFIIKEH AR FEAF RBARA
JEA, TR RN, B2 e R AR,

XTARER (70B+), {UNERIR/IEATRERE AT A 4-8 B GPU BY&EGEES ), mIbUsd
FINSEUR (MRe—f) FATFORBIUX RIS “HikEIF1T Pipeline Parallel”,
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FUKEIFFAT R — M B EHIE KRR R — R BRI R s 2124 GPU k! fildn, WA 8 Bt
GPU, RILURKSS 1-4 EAE GPU 1 L, 28 5-8 JEIMAE GPU 2 b, DAMSEHE, XM, &5 GPU
HEEAF BB IR, RIBRD> 788 GPU FWFETR R, KEBERKEHITIE 8B
A BRI ERIROR :

Memory Usage for 8B Model

No Parallelism PP=8
140
120
100 B Model Parameters
L B EE R —. Gradients
Optimizer States

60

Activations
40

. I H N

1024 4096 16384 1024 4096 16384

Memory Usage (GB)

Sequence Length Sequence Length

ATDUE IR BRI SERUR AR 728 24 GPU L1, (HEgH GPU LRIR NIRRT A
B XRRAEHR GPU AT AT Batch, H20EKERF, —/1 GPU IHAEH
AIBIE R IRE N —A GPU,  DASRSLSE R A& 1%

GmEiE: PP ik AABE| Zero-3 BRIy, (HRMAMMFEXA: (1) PP RiERHZI
& (layer) Hron#EllZME: (stage), BIMEDEEASARIERS (8F
& GPU), b, —F 32 BRYBRIA] DI ik 4 T, BMERESE 8 R, H4
N GPU 735IAb 3, (2)Zero3 FAEREIZE D HIBR, M2RHEEKSH (IE, #
FAREEIRES) 2R (shard) FIZAPE&E L, BNREHFARMIUKN—EH2 S
W, mARRERER,

XFIANT — M HEERE: 5 ZeRO-3 fEBURHATHRDSEAR, EXH, FINZ/E GPU
Z PRSI &, R “HikE”, BRI MESRER, (HEPHLEIX—5R
HIPRE PR, TEBRATRAIRS HARGH T !

2.6.1 TEARFN W L35 B—AFAB

(B fal s LR AR R A B 22 Mg B, Blan, % — GPU A#RT LR, %=/ GPU b3
AR JE2EaR sy, DASRHE, IXFE, ATMAE RIS AEREAZ AL TR EUE Batch i EBRULE, JF
TRIREREF RIS,

XTI KRR S — D ERIUEE : IR SR, ROy AR DR B firhSE R
MOETEHE, S55KEFTARE, KEIFTTHREAERRPRIE T2 008E, X ErEE oz b
(EE2
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IRATRE CATHARLI SR B IR R Rk F1 “MUF T2 AT H R RIS, )X
TSR R A S, Rl R ENINIE T it R SEE RSN EE ),

Basanit! F/kEeFHAT PP R EHRERAET U Rt geid iX Riw AT RR G, #ft GPU 4
LARFFIT R, E—A GPU fEiHEN, HiAth GPU A TEMIRA, FHEHE—MEAAvRiA &<
&R A, BRT GPU FIHEN (MFERTERNERS) |, BrT—1 16 2 4 Rk
H17:

12 11 10 9

Time —» Backward pass Device idle

It R A BT RIARI R, BHFY 400 (bubble)”. BEIXESRIE, (RaTkE
LBENHTE, EHRITELHN T ARM R, RITTIBLI “iE” S50
WML SR EIFTHIROR . IR £, i £, 2 BREA Micro Batch TERUKEREI— A
B MR AU PG T AN CEAEIL ¢, ~ 2 X ty, {6 LB BsE),
TSR, FAARIN ¢y =t + b, (HETFROKESRIOIETE, BENAITEY
ty, = (p—1) X (t; +t,) e p RAOKEIF(TRE, BT IR GPU B0k, B4 GPU 15
Foft GPU SIS R, DA LS00 b 1 5 EA T L

(p—1) x (ty+1)
Tbubble — tf Tt

LRI KSR, SR AR 890, GPU MR RiE, AIDAEH, E—DMEEASZEh, 7%
IKESIEATRERIER K 2iB8HE, BEH ZMMRUKEIFITH BT HR, DA RIBER
o

PR, 1% Batch $720 B E /M micro batches, (107 I TEOL -1 THIAL

M, SR TR ARER, Flan, 2485 Bt GPU 40P Micro-Batchl B, 25—t GPU
A DAFFEEAEEE Micro-Batch2, PARE—MER 8 > Micro-Batch FIEE /7 %:

6 8 910111213141516_
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==
R

FEZ AR, BFRROZRAEREE, MNX—KEITS, FraivkEdtHiH
KA ERF I FH KRR Micro Batch, ] LLRENTTHRMEENEEZME, i
AT — 3K E TR BB R

IRIEEE 7T R ARG IF-2 R A (AFAB, All-Forward-All-Backward) 18, KA 5E
PR nimfEsE, REFPITIE R feHk.

HARTAAE T iR R e B 2802 ™ R Y, DL AT DACREFRE RN IZR AR A EAR AR, (XA
TREFHATEITT SO I B 5 LB —Ff,

R/ Picotron ) AFAB Ji/KZR LIRS :

def train_step_pipeline_afab(model, data_loader, tensor_shapes, device, dtype):
logging_loss: torch.float32 = 0.0
input_tensors, output_tensors = [], []
requires_grad_sync = pgm.process_group_manager.cp_dp_world_size > 1

# Mix B4 B micro batch
for _ in range(data_loader.grad_acc_steps): # All forward passes
input_tensor = pipeline_communicate(operation='recv_forward',
< shapes=tensor_shapes, device=device, dtype=dtype)
batch = next(data_loader)
batch["hidden_states"] = input_tensor.to(device) if input_tensor is not None else
< 1nput_tensor
output_tensor = model.forward(input_ids=batch["input_ids"].to(device),
< position_ids=batch["position_ids"].to(device), hidden_states=batch["hidden_states"])
pipeline_communicate(operation='send_forward', tensor=output_tensor,
< device=device, dtype=dtype)

# calculate loss on the last stage
if pgm.process_group_manager.pp_is_last_stage:
output_tensor = F.cross_entropy(output_tensor.transpose(1l, 2),
< batch["target_ids"].to(device), reduction='mean')
logging_loss += output_tensor.item() / data_loader.grad_acc_steps

input_tensors.append(input_tensor)
output_tensors.append(output_tensor)
# X B4 R
for ith_microbatch in range(data_loader.grad_acc_steps): # All backward passes
if requires_grad_sync:
is_last_iteration = (ith_microbatch == data_loader.grad_acc_steps - 1)
model . require_backward_grad_sync = is_last_iteration
output_tensor_grad = pipeline_communicate(operation='recv_backward',
< shapes=tensor_shapes, device=device, dtype=dtype)
input_tensor, output_tensor = input_tensors.pop(@), output_tensors.pop(Q)
input_tensor_grad = model.backward(input_tensor, output_tensor,
< output_tensor_grad)
pipeline_communicate(operation="'send_backward', tensor=input_tensor_grad,
< device=device, dtype=dtype)
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return logging_loss

BUERRAT IRAG BOX M5 TR FUK SR (R, 7R85 —RBid, BARNE LT ALE m 4> Micro-
Batch FiRHINEIN ¢,y = m X (t; +1,):
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SBIATIIMERARNT, M2, REEKE—MITE, BRIZFAFRZIKIE?

BESR A K2 S T B I BRI R A TS AE i S 2, T DAZALE DRI TR o0 i i £ R
OGP TR IAERE, JXREn] DUS SURIRER 708, b P b

IXFh 7T RN One-forward-one-backward  (1F1B), REAHRRI/AREIRASYE KA HIT—
URIE BRI —IR I G I8, SR R R R AT RE T IR T R 1%, IX NS B2 IX AR
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ATDARIR, BTG E RS IZReR, SAUDAGREEFEIR DN,

SR, BATHFTFERE p X micro batch MYITE (HA p BIHRUKEIHTE), mAZ m (HA
m J& Micro Batch 0, XA]AJSZDAE AFAB HHRIHGE RIS A B KEME, R, & DAGR
TNEE 2 M9 Batch, X SEBr_E S0,

XA ERE AN QN EEFOR) EEAE TR FR PR A R 72 2P TR, TR
ZHFHTREPIAT, XEWE, TEES MR BT NATAE R R R A AU, mh
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G E AR — M E B RN ERIE AR R — A
IXAR IR ST I8 77 ZON I ZR RS AT A ARG A T RIE IS LA R R 2 —
£ picotron H4XF| 1F1B AY5eEE LI :

def train_step_pipeline_1flb(model, data_loader, tensor_shapes, device, dtype):
num_warmup_microbatches = min(pgm.process_group_manager.pp_world_size -

< pgm.process_group_manager.pp_rank - 1, data_loader.grad_acc_steps)
num_microbatches_remaining = data_loader.grad_acc_steps - num_warmup_microbatches
logging_loss, input_tensors, output_tensors = 0.0, [], []
requires_grad_sync = pgm.process_group_manager.cp_dp_world_size > 1

def _forward_step(input_tensor):
batch = next(data_loader)
batch["hidden_states"] = input_tensor.to(device) if input_tensor is not None else
< 1nput_tensor
output_tensor = model.forward(input_ids=batch["input_ids"].to(device),
< position_ids=batch["position_ids"].to(device), hidden_states=batch["hidden_states"])

# calculate loss on the last stage
if pgm.process_group_manager.pp_is_last_stage:
output_tensor = F.cross_entropy(output_tensor.transpose(1l, 2),
< batch["target_ids"].to(device), reduction='mean')
nonlocal logging_loss
logging_loss += output_tensor.item() / data_loader.grad_acc_steps
return output_tensor

for _ in range(num_warmup_microbatches): # Warmup forward passes

input_tensor = pipeline_communicate(operation='recv_forward',

< shapes=tensor_shapes, device=device, dtype=dtype)
output_tensor = _forward_step(input_tensor)
pipeline_communicate(operation='send_forward', tensor=output_tensor,

< device=device, dtype=dtype)
input_tensors.append(input_tensor)
output_tensors.append(output_tensor)

if num_microbatches_remaining > 0:
input_tensor = pipeline_communicate(operation='recv_forward',
< shapes=tensor_shapes, device=device, dtype=dtype)

if requires_grad_sync:
model .require_backward_grad_sync = False

for ith_microbatch in range(num_microbatches_remaining): # 1F1B steady state
is_last_iteration = (ith_microbatch == num_microbatches_remaining - 1)
output_tensor = _forward_step(input_tensor)
output_tensor_grad =
< bidirectional_pipeline_communicate(operation="'send_fwd_recv_bwd"',
< send_tensor=output_tensor, recv_shapes=tensor_shapes, device=device, dtype=dtype)
input_tensors.append(input_tensor)
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output_tensors.append(output_tensor)
input_tensor, output_tensor = input_tensors.pop(@), output_tensors.pop(0)

# Trigger gradient sync on the last microbatch but only when last rank (the one
that has num_warmup_microbatches = @) has finished computing its backward pass.
if num_warmup_microbatches == @ and is_last_iteration:
model.require_backward_grad_sync = True

input_tensor_grad = model.backward(input_tensor, output_tensor,
output_tensor_grad)

if is_last_iteration:
input_tensor = None
pipeline_communicate(operation='send_backward', tensor=input_tensor_grad,
device=device, dtype=dtype)
else:
input_tensor =
bidirectional_pipeline_communicate(operation='send_bwd_recv_fwd"',
send_tensor=input_tensor_grad, recv_shapes=tensor_shapes, device=device,
dtype=dtype)

for ith_warmup_microbatches in range(num_warmup_microbatches): # Cooldown backward
passes
if requires_grad_sync:
is_last_iteration = (ith_warmup_microbatches == num_warmup_microbatches - 1)
model .require_backward_grad_sync = (ith_warmup_microbatches ==
num_warmup_microbatches - 1)
input_tensor, output_tensor = input_tensors.pop(@), output_tensors.pop(0)
output_tensor_grad = pipeline_communicate(operation='recv_backward',
shapes=tensor_shapes, device=device, dtype=dtype)
input_tensor_grad = model.backward(input_tensor, output_tensor,
output_tensor_grad)
pipeline_communicate(operation="'send_backward', tensor=input_tensor_grad,
device=device, dtype=dtype)

return logging_loss

KEF 1F1B HUKEIHATIHEESLERT Y RGN, HEFRRE B —EREmIa R
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Throughput Scaling with Pipeline Parallelism (1F1B schedule)
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DASCEARIFATEEN B HERE, (BAERRARIAT RN RSZ BIRR A, SEFr b, FRATTCTETCRRIE N
Micro-Batch #& A4ERE m > p — 1, BRINRAX%ZIRT global batch size, Hifi/kek
HATEE S B A AT A Micro-Batch 2, FRATPKEABZAILEE rypoe = %1 R
R~F,

HiBHE, 8D Micro-Batch FIfEL T, M—PH (p = 8) FREIMAN TR (p = 16)
I, PERE R RE 14%—IXIz btk BFHFATELF, PP 7ERMINES T iz MlEH 2 HIRZ) 43% 1Y
PERE RRE. IXAMTNTEMRH SRS T RGN N, (ERUKEIH T A IR RIS D),

Interleaving Stage ZZH5 BB

IF1B AR T NFREER, (BN Tk & IR G RN A K KE ., ARG EE—PH
TiiE?

HSUEM, R IIA—LERIMBEERIE, XZ AR, EREIKIK ZHiB B Interleaving
Stage 1,

FIEATNIE, IR AT, Blan, Ries 1-4 BBAES —H GPU L, % 5-8 &
JRAESE 8k GPU L, HHESE, DAHARDTRMETU A, flin, 580z L 30 50 7) e
B GPU L, MEEUZE (2. 4. 6. 8) HAESE R GPU L,

IXAR TR T —HRb “4E 2R A & Loop Pipeline”, fERIMIEREIIFEH, —4 Micro Batch
2=1E GPU Z [AERm . KRE—TER:
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{&#% (forward pass), ZEoAFLRAERE (backward pass), K, FFERE:

2tseik B Micro-Batch (Ebéll micro-batch 1) RPSEAEE, 2R TAIFIR
mERE (RIRE “HgEHR”)?

25451 -

GPU 0 43 micro-batch 1 H% 1-8 B (RiAIERE).

GPU 1 & _E#7F, A micro-batch 1 %5 9-16 E,
RIS, EF micro-batch 1 HisefiE ERIETRIETE,

— R RIAERE AL RN MG AT HG 725

- % micro-batch 1 22458, AFFEEE micro-batch 2,

HEMIEL IR Micro-Batch (Etdl micro-batch 2, 3. 4) Jei@idpimEiiE, ik
KGR EIHA? (EHNAN (Breadth-First Pipeline) [3])

2541 -

- GPU 0 Jc4b# micro-batch 1 f55 1-8 )2,

- GPU 0 E#E4 micro-batch 2 %6 1-8 &, 1MiF~&% micro-batch 1
FUEI N —RT B

- % GPU 0 &bFE52%2 4 Micro-Batch J&, GPU 1 FRIX$EFIXL Micro-
Batch HY%E 9-16 &,

IXFARMERE AR N IRERSE (Depth-First) fil J7E{R%E (Breadth-First) & RN,

WTE, IRESLESR T Llama 3.1 BiR/KEFH1T PP HiERFTE R HEE, BXRH 7/ “—ai—
JG7 (1F1B) &H&, HEEE 7TRMME:, RINMAEHKATE, rIEREMICT Bz BERE,
NEIFfR:

Ne (O,M]

e o2 SR pooEnD
PPranki 01234012 3 nn-nn

PP rank2 0123401 2

PP rank3 012340n1-

Time Stage 0-3 forward stage4-7forward [ Stage 0-3backward [l Stage 4-7 backward

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
stages 1 and 5, etc. The colored blocks (0 to 9) represent a sequence of micro-batches, 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.

ST, BATHARIRRIE FTRERITUKEIAE T 7%, B, —EHikeasdit, nTRl # il
PR NE! HlaN, DeepSeek V3/R1 SEMHEEA TIXLEECK - DualPipe [4], B EIREF
A7 IR BEFRKSH TR S 21, RETRIEE — R X a8 B 77 e !

63



% "% HIGH LEVEL OVERVIEW =i 2.6 PIPELINE PARALLEL /K47

2.6.2 Zero Bubble & Dual Pipe

i, —SEEE IR AR, FERR THOE “FRET BPIRES. MIRE T R
BRET RS AR 7, AR &SR, #la0, DeepSeek V3/R1 FURI/KER SLEL 77 12
—DualPipe—t) LR 3] 7 FIIKRE,

SeE T fR— N ZeroBubble[5] #5%, ‘Ef& DualPipe 7iAMHT S,

ZeroBubble AR LML U2 FERERTA I 1ML RS PbR L35 B AN MNL IR — i A B R 1)
& (B) FALEMIRZIAERE (W):

Hep, B (B ARIRIESRR) B THATERZHR PR 201, T W (BUER R &)
HARBINZHPITHY, el AR B S BRZhiem). W ~EFR:

Forward Backward
A
X
VL
v
w
_— Wx wTv,L
3
N x > v,L x N
V,L VwL
d z 4
o(2) 2 Dy,L o V,LxT | —>
3
y
V,L
v

Figure 1: Computation Graph for MLP.

IXERAE W AT DAER—M B B Z SRR AL B R IEVA B, XA RIE MRS EATRT AT @ 3h 22
HE W, DUEANAUKERH R, 4 b ZB-H2 18 B2 R X ARG A5 o S B =G AR
(FIE ERD),
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Device 1

Device 2

Device 3

Device 4

Time .

- Forward - Backward :] Optimizer step

ZeroBubble FF i 7] J5 A1 A & 31T
O e 5. {FIB pipeline achedule

Device 1

Device 2

Device 3

Device 4

Time

Device 1
Device 2

Device 3

Device 4

Time —

. F - B . w :] Optimizer step
ZeroBubbleZi (A, 14 JH IABackward4kZE 404 HBRIW, HrhZB-H2 0] LIz e EZAS 0.
Figure 3: Handcrafted pipeline schedules, top: ZB-H1; bottom: ZB- H2

DeepSeekV3 H142 i) DualPipe 777%, XiXFrRIgHAT TR, B9l T MNETRIKE
1T (PP) HEREERRAMNBEER, HEd R H TR B RE /D> GPU Y23 IR A, FC iR
FR REFTR, L2 iaE e Ak

Device 0
Device 1
Device 2
Device 3
Device 4
Device 5
Device 6
Device 7

Time =

[[] Fowara [0 Backwara [I] Backwardforinput [ Backward for weights [[ .| Overlapped forward & Backward

Figure 5 | Example DualPipe scheduling for 8 PP ranks and 20 micro-batches in two directions.
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.

i, ERe It EZRaERETT R, FRERRINE S DR IR R PRATIN R, AL
LRV (ILP) SR/ IMUERZRSIEN T, ZeroBubble i3 [5] 118 T H T SLBU 2R A EE Y
JBRRTBERIETE, FI, ZeroBubble fl DualPipe W73 0d TEH, TTIEEIX EEZHHRED
B, ABIRRIZ EER BRI MBI H T ORE T iR

2.7 Expert Parallel #3117

IXRBATEIT IR ARG —MHAT T TRAERAIRS Z A0 AR IR L R IR & (Mixture-of-Experts,
MoE) ARG, A AR A& A% [6], CRERFIIIRE 4F HIBR AR MoE (R FRE5H,
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AR, ERIBEBIUZE T ORI 19X TE, 10 GPT-4, Mixtral, LA EIER] DeepSeek-V3/
Rl, JXEBARIREARER, S—BEAR2RMEN— B (feedforward module), M
BRI TR Z MR, AR E token,

.
L
L
L
Ll
y L ‘
? L
[ Add + Normalize ]
[ Switching FFN Layer J
[ Add + Normalize pouter Router
4 L t t )
| [
Sei-Attention r—b[ Add + Normalize ]4—
f f f
X . Self-Attention
AR 4 A
N ~
s Positional Positional
RN . embedding 6? embedding GA?
~
x [T x[TTTTT]
More Parameters

MoE EREIHMERREBIEL R (expert) 4 FRMSTHIHMTHE, 2l TFRIFT (Expert
Parallelism, EP) ., HFHi#Z (feedforward layers) 2@z, w]AREANERIVEIHE
MBEARRKHET M, HEETHREIFT (TP), EP BEiNREY, RATATEIRERTE
%, HHTRZEH token ARSI IERARS HEIAE R A R EITA],

ESERRM A, EPBH5HMIHTAAEEGHH, HlanEdEif1iT (Data Parallelism, DP),
X2 RN EP (UM MoE |2, HA2% L 1T (Context Parallelism) HARFEAEFFI K E4E
& EXF token #4753 o WIERAUER EP, GPU 52N FiAE MoE ST URTHE, @il
¥ EP 5 DP 454&, nIDLEROMAE GPU ZHl% v B EAIH A Batch, @1 NEFR:

N . N N
A 1%, N (=t H + + = +
—{  Add + N:rmcllzo ) [ Add+ h:onnallxo = :; ::
f ; ; -
m m [ Self-Attention ] [ Self-Attention }

G 7“); AN ; 7%

1(l:v) Data + Expert + Tensor Parallel

_
=5 FFN21 ‘ﬁrﬁ C Nt

T [ T T ]

sa2 ) || [ sa2 ) L[mu][rmz] [FFN3][FF‘Mﬁ

|
[ Add + Normalize |}«

: T
( Self-Attention J FFN11 FFN12

—{  Add + Normalize |

[ Gate ] Gate
[ Self-Attention ] T T T T
T [(sar ) || [ sar ) ( Self-Aftention )
X Xz
' / Xl %l o Jllk
(a) Data + Expert Paralleli (c) Data + Expert + Pipeline Parallelism (d) Expert + Tensor Paralleli

Fig. 8. Schematic depiction of diverse parallel strategies for MoE. For clarity and conciseness, this illustration omits some All-to-All, All-Reduce,
Point-to-Point communication within parallelism, and Normalization, Encode, Decode, Gate in subfigures (b), (c), and (d).

FESCERH, AL a] DR EP BIRCR, IXET SRR HE VIR, $l40, DeepSeek-V3
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& router HHEAN T — MK, HRE token B&ZHPLIXEI M MIET R (EERIHN 4
M), MIRATRELL token REFEBAD T AL, HBADBETH, BRLIZIHMTELIFE T B
IR, ‘EITEIEREE MoE ZEM 5 | 1 s m R S50 /1.

& 1F: DeepSeek-V3 ALK ARG IFIT (Hybrid Parallelism) SRlg%, &G
16PP+8TP+Zero-1 DP+64EP, 7t 8 A1 xi_Lil 5., DualPipe i RIN TR M A%
BRI LR B B B X S B T, AT DA D Ak £k FR R 23 RIS E] (bubble),
T EE AR T I

2.8 5D Parallelism 5D 3§17

IWEMR! REL T 7T REAIIZRA AR T 3R :

. BdEIFT (DP) —1% Batch 4T
. SKEIFT (TP) —IZIERAEE AT

. FHIFHAT & £ RSOFT (SP/CP)
. TUKEFFT (PP) —ZBRRFFAT
- BEIHT (EP) —4BRL 55T

Ak, A =H ZeRO SRE& AT ASBUREFFATEE &, DU ATE H A :
1. ZeRO-1 —7£ DP &l z Al A it asikas

2. ZeRO-2 —1£ DP Bl ZF 7 R L as RS RS
3. ZeRO-3 —1£ DP &z A7 F LIRS, BEMERIZE

FIHATOYIE, FRATRER4F AT IXEEFFATHI ZeRO SRESUNAIAH B ELR A2 B, #ebyilin, FRATIN 1%k
PEMRLE RIS T &, TR 230 TR ?

TR, BT EN Z MBIHEUPEFRIAR LR H o &, BAT TR Eik €47 (PP) 1 ZeRO-3,
EAMERLE T AR M, ERAEREZERX,

(1) HiKREIFFT vs. ZeRO-3 — PP 1 ZeRO-3 HR&EI KBTI E 2 HfEZL N GPU £, FH1E
PRI TR il AT I EAES (B4, 7E ZeRO-3 H, FATHEHENTE T —ZEHE) . 1EIXMW
MRS, BN E BT R E R, AR TP 8t EP IR T2 T IR,

TP N4 FFAT

g W N -

ZeRO-3 WkLIH1T (PP)
BMPEEITTE  UEER D BESE TR IZ S
fifs
EEHTE PARIAY B BEE
Ve 77 5 HEATER SERITER
STHLHk K AL 5185 2 4+ TR E 5 2%
IR fREFHK mbs fl seq_len PARGHEUEE  IWEFEEK grad_acc PAREITHEAS
4
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E4 ERF7R, ZeRO-3 #1 PP @R THIRIRIPRER, (EHRA TRER L, deemidh s kT
TR ETEPERERE, 2B, BRENT G S A, EAEKERPAE N, KX
PR T E AN global batch size DAMEHIBERA, MIMAE global batch size. AR/
W28+ BERN I SRR R A, ANSRIRRE S S BN, ZeRO-3 MIZMIL B HTE— RS
PP Micro Batch AR ERBEIENZS, DUSATRER DA A28 T8,

93 —7J7H, ZeRO-1#1 ZeRO-2 KIEMAMAAFIRAFIBEEE, EATA] IR S HKEFF1T (Pipeline
Parallelism) &5&, I HJ2 HANY, S5 G MR ENASTREINIHHEK, F1, DeepSeek-v3
IIZEEER T PP &5 ZeRO-1,

(2) K& IFMT (Tensor Parallelism) 5)753F17 (Sequence Parallelism) ZRIRE KM,
I H AT ASHKEIFAT PP 1 ZeRO-3 &5 &, ROV EMMUERETIER M MER, SESAERM
BER] DA BN T B R A

Activations

ooooooooooooooo

\@

BATAFEMNER TP AT RN EERRZE, (KR, TP AMNRE], fErimts 2
£ :

- B, HTHIEERERHERNREREE —, £ RE— e, WEIFHTA L
T FHAL, (S FRRAETS R,

- HiR, 5 ZeRO M PP iXEESHRILKITTTENF, TP FHEAFAEREEGS 7 b — A N
B 4EE (TP X#0), AINHFHI4EE (SP X)) —XEFHIEMSSIIRS EINE R, 7
HAAR R BRI USRI R EE DI R b 0 AR R IE# 1.

Kltk, TELSEFFATIRIEAS, TP @ H TR RNIEfE, M ZeRO-3 2k PP I #5715 5
fiidgafs, FoVEMnrnaEfAwEdm Rl (PP), sEERSSHHEESE (ZeRO-3),

LEEIXEERORIN, FEAVEER R 22U BN GPU, EHAEFANFFITHER palP iRk
e BRI R IMEBIEIT R, FINTER TP R RERE, BIan, TP KIEE GPU HM REFE R —
N RNER

(3) L' F3F#17 (Context Parallelism) #1 £%J#47 (Expert Parallelism) tir] DAZE B>
RS, HERTLAN TP BIRh7E. w5, mifasE 50 MoE gk, efi1nT A
TesEEE A

EFO#T (CP) EEAFRROVERFFINZGZRIPkER, B E GPU Z IR FHI4ERE 73 A 0E

KL, REZEERIE (40 MLP #1 LayerNorm) AJ DUSZACFIXEE Sy 8751, TR EHRE
S, HRNEA token T B R BENFHIN key/value, BRI (ring attention
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patterns) ERGHALEE, LT IHFRAMIBEHES, S RINIH KT (128k+ tokens) i,
RGeS IR, 8 GPU Wtk e R I RIAEFTKR, i CP i/t

b/cP Layeri | Layeri+1
i
H
|
H
1
i
|
|
1
1
i
1
1
i
i
:
H

/ ‘ / cP domain
QKV Self Out Layer Feed Feed Layer
Proj Attn Proj Wi Forward Forward Norm

divided cP

(4) 59817 (EP) FEZEATII% MoE (Mixture of Experts) 1% ‘Ei@idfE GPU Z A4y
HEITN “LFR” (experts), FHEHHEIREFENSHE token BHFIM XML R, EP Y%
HIRGERIER all-to-all #1E, BRI token RIEFHENMMNER, HIKEIREIFITHELR,
BARXMIRES I N T —EIBETFRE, (e @SRRI DUKHASY &, NANE token £
L (SZR) B —/ NG SEUR L, PR AR, KL RE GPU ZRID 2R
(EYIWIEE:S

Activations

Layeri-1 | Layeri Modules -
H b/EP =
Hidden dimension —— ! / (7 e :
| &hg Y :
1
I‘ 1
' KV Self La Feed Feed Layer 1
= > 1: @ @@ @@.@ o b 3
: i
' i
P - |
L ‘ i

i ! Layeri+l

Sequence length
& batch size J

BIE:

EP fEf NGB 5 8dEH1T (DP) AL, KLU TR TN
AT — 720, EEXHET EP EHLTINETHEH, mAZILAE GPU
KEFEAA R RIS

EH S A AT TPOR S EE — DA RIRHAT RIS AE AR A DR LE B 70 2 MR oK

- SKEIFT TP MIFFAIFHAT SP sl MEALRI TR, B0 A A E AR,

- BERSOHT CP EERMERNE, ROVXHEFEEFAESE, mHAMZR DOy
FHIFS,

- B5IHT EP ZENI MoE |2 CEUARIER) MLP 8), NENiEE I EA .

- HUKEFHT PP I ZeRO FFARIAIEHN B TRELaRAA M, BERUKEFFTH, RERHZ
wELMIME, BBENRE—BEEHEERIREHE, FAElN TN R,

ki + FHFET ETRSOMHT BRIFT

THREE e S AE R o0 A A BRI S TP HIAERE 73 F i 73 B RIS

AT RERERIRIERIRE (B/4T4) ERHE/ERESE MT LR HIERE

R TR SEE] PR 7VERAIMBZEME  BR T MoE RN Z il
i
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ki + AT ESOT BHRIFT
(e ety B8 9 s PRI (S (T1SPNG 273 S 3 % MoE

BET—Y)— BE, IEBRMZRENE DR —ERPBINITA SRR SMAGHEK,

X RERIRS, RS transformers EREIEFIBILAEE], PAE MoE Z{AE X
Jermo BANERIR T A RIFATIER 7718 DU BATHEFTA RIS I FR eI B 5,

Activations
Note: CP a AEP t

MD{\ / erent. dim y
Layeri « Layeri+l
H o domain \“ ( Epdoman g ':

AllGather of FSDP is the
\y oving
.TP ‘EP \ PYPP  FSDP

TP+CP+EP+PP+FSDP wcat nnnnnnnnnn

6- = =

PP FSDP cP

FATERT DUFHER R IX LE SR Y 2 IR . BT T e TS AR PAR (TR ) Selective
1 (iH) Full Recomputation —ikEZadil, DPAEIR T FEAM IR SHEGEAR A :

Memory Usage for 88 Model
No Parallelism Data Parallel (DP=8, Zero-3) Tensor Parallel w/SP (TP=8) Pipeline Parallel (PP=8) Context Parallel (CP=8) Expert Parallel (EP=8)

0 (Selective Recompute) (Selective Recompute) (Selective Recompute) (Selective Recompute) lecti (Selective Recompute)
|
g 60
5 ‘ o
3
g 0 | —1
: |

..- - BN BN — == | ---
=== 80GBIimit
° T T T S a—— - - 3 —QL_—_* W Model Parameters

g g g g g g g g g g H ] ] & ] g g H Gradients
" Optimizer States
No Parallelism Data Parallel (DP=8, Zero-3) Tensor Parallel w/SP (TP=8) Pipeline Parallel (PP=8) Context Parallel (CP=8) Expert Parallel (EP=8) m— Activations
0 Full (Full Recompute) (Full Recompute) (Full Recompute) (Full Recor (Full Recompute)
L e I et B S B et I e B
8
3, 60
3
z
5w
2
0 m—
— — —
0 LL.— —L.—.—
3 % 3 £ 3 3 % 3 £ 3 £ 3 % 3

LEFNM AN ERRAA SRR, BEMERELOR, BRI EEA FARR T2

Jiik R BRI A7 1A AT/ R4k (353

BIEIFT (DP) g (/> Local BS)  Batch 28 K Batch K/NFRH

EEIFT (PP) PRI 25 )= =S IR RS 2%

sk &/ FAIIFT TR S H ORI PsAE S Py RE ST EIEE

(TP/SP)

ETROHF(T (CP) & FFHI TEE RSB rh HS ia
(EEAR

LTRIFT (EP) LTRBH LTRESE T Mok &, #hni
HIE (ST
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%% HIGH LEVEL OVERVIEW =g 2.9 ZEHk:

itk R NI T A I3 /o0 4R R

ZeRO-1 IR 7R AE DP 8l SECEETTH

ZeRO-2 LA ARSI s AE DP Sl SEGEEITH

ZeRO-3 AR, BRI 2R 1E DP &Hlh  SB0sEITHH
ULl 25

B, IREFREAZ AR R R, BANEE REZUEMTXASEN]. B2 E
AT DAIE — LSRR, 3B R EE AN S BN RAFER? IXREZ AT — T E,

2.9 Z%ECHk:

[1] https://huggingface.co/spaces/nanotron/ultrascale-playbook

[2] https://huggingface.co/spaces/Ki-Seki/ultrascale-playbook-zh-cn
[3] Breadth-First Pipeline Parallelism

[4] DeepSeek-V3 Technical Report https://arxiv.org/pdf/2412.19437

[5] Zero Bubble Pipeline Parallelism https://arxiv.org/pdf/2401.10241

[6] https://huggingface.co/blog/zh/moe
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Hom FHREEIZACE

HETEZWIE 7T LR T A MG R FFATEOR,  AREATI4 T AR A A2 a] BA
HAE I, MEEE MR REBRNNIZEREEEA, DA e BARA S5

PAHERT— AR RERE] 7IX AN, (HIETEAIHE —iE T RERIR SO AE, BP T, 10T
MF TR, URENESAEHHEEHFNRERINRE, BEHLSMYIRE, Mo
. BN NRE GPU 8. &1 GPU FINEFSE,

3.1 HE1: BEARHAF] Memory " - Model Size 4%

B, BANFEFERBUAR 2 RABRISLHIERE] GPU L, —RAMFE L,
GPU EEW - LIREKE GPU Al i :

- NTF/NT 10B SEIERL BT AR R —R9FF TEOR, Hlansk&F4T TP 8¢ ZeRO-3/DP
551E 84 GPU LT E A

- NTEEBT 8 D GPU ) 10B-100B SR R4 JLAMEIR:

- G555k BIF(T (TP=8) FIifi/k&It1T (PP)

- G5k EIMT (TP=8) FIEWEIFT (ZeRO-3)

- {U#H ZeRO-3 (BPAiREIEHEIEAT)

- f£ 512+ GPU #I#E R, 4l DP/ZeRO-3 M Tl g AT RIS - FEIXFMEI R, &6
DP 5 TP & PP RJREFH 4

© f£ 1024+ GPU #IB R, #HEERIZE A DUEKEIFIT TP=8 5 DP (ZeRO-2) FIii/k&kIt
1T PP &4

RARTE L

- NTARERIYFS, PIREREET R ETSOMT (CP),
- MTERBEEGEREN, FICERET RERFT (EP),

GPU BB Z WL - SR GPU BRI gEA e

- Al DUAH5E2R Activation Recomputation, FIFERIGRZE], HRIXSSBOZ08E

A1,
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B FERERE)IZGE 3.2 ¥R 2: ST HEMR GLOBAL BATCH SIZE - BS 4%

- Al DARE NS B Gradient Accumulation HH Micro Batch DA EAGH R ANER
BEORHEIR,

MAEBNCEAR 78— MERSEHIHATIIZ, A2 ERMFIZE batch size?

3.2 #Hu% 2. M H# Global Batch Size - BS 4EEE

RIELS B 1+ Micro Batch #1 DP, 47 BS AIRER/ NS K, ifAik%| target batch size?
N T RIS RTRY Global Batch Size:

- A DAY REEE AT DP s E R E Gradient Accumulation 253
- KNFERY], BT AR BT HAT CP

N T4 TR Global Batch Size:

- A] DUV EAEFFAT DP, B s H M 17 3R
- NTRFA, AT R T CP

GFE, BIAERA TRIBRAEARAY R/ NN Batch Size 77 HIBATERRA TEER —RACE T, HIEATZ
MIEAE A I RNZRE? BAELERRA VR AT REHLI T A I A B

3.3 % 3: fifbilgEmntE (Throughput 4EF)

TR Al REDIR, DUERNATH E 51 GPU fEAEMIINERRES 2I5E A, HE
PWERLEE AR, BATa] Az R T7iA:

- YRR EFT TP (RIAPIERT RS, BRROEY RN, DUMERD H AT,

- WEINEHEIF(T DP 5 ZeRO-3, [FII{R¥F Target Batch Size

- HEAEIAT DP B EHBEOVRIIN, SR HRKLIFT PP

- BAZIRY R IFATIREE

- 2L Micro Batch (MBS), PASREA GBS, ALK/, HHEMIEE Z H &
5,

3.4 BT LA ECE R EEHENTA

MERMNELTHHMNA TP, IEBRMTRIXMEREEN A THLF,

YREAE nanotron & F [1] FRE L MHA, ] HSRIZITTERMN _ EATNICHIPTEL5R, HEERTE
SERRFEEMRR IR B RO RE,

73


https://github.com/huggingface/nanotron

FEH FHRENGLE 3.4 AT B ABCEREHENL

BB LT Mo A A ECE AT 7 B BREENNK, W% 7 ERIHERIprE AN, DU RE
BIRXRYIEH REREAACE (A 8xH100s #Y 1-64 D), AIDAUREIARBHRIZER,

PAEIC SR A BRAT I A Z MRS R, BERR THIEZAN, 2E6 0] DIEESZEYE BRI A
BLEM 2 [HP2ZE R,

Ffi DA R B RS DU A S 4096 #11 Global Batch Size & IM tokens #1T., Fefl1hs:
TEMAER A NIRERE, FHED NIRRT TRER:

Best Configuration by Model Size and Number of Nodes

MFU and Memory Usage for Best Configurations

- 45 DP:128 TP:2 PP:2 DP:128 TP:4 PP:1 DP:128 TP:4 PP:1 DP:32 TP:16 PP:1 - 45
5.25 1049 18.69 17.79 GAS:1MBS:2 GAS:1 MBS:2

< 5
8.40GB 16.42GB 57.76GB 53.46GB 3 2or03 70800 o
40 40
2320 2677 327] 3075 o DP:64 TP:4 PP:1 DP:64 TP:4 PP:1 DP:3Z‘ TP:8 ?P:'I DP:AVTP:4 PI?"IG
19.57GB 38.98GB 6339GB 64.21GB ER ot | Mest D | e
35 35
2946 3459 3429 o DP.G4Y TP:2 ?P:] DP:32. TP:4 'PP:1 DP:l-TP:4 PP-:JZ
38.84GB 66.20G8 61.18GB ° N st | %o RVl ©
E E
= =
- 3247 39'50 3065 =) — DP:32 TP:1 PP:2 DP:32 TP:1 PP:2 DP:1 TP:4 PP:16 =)
o o o . - X . .
3 16.27GB 59.09GB 63.07GB N Cep = R el % =
E E
=] =
= 40.39 43 3] 14. 76 = DP:16 TP:1 PP:2 DP:16 TP:1 PP:2 DP:1 TP:8 PP:4
.. . O, _ - N S . s 5 " -
5333GB 61.10GB 65.97GB 2 < AT S 2
° 4159 377 4394 15 o DRBTRIEP2 DR TRIPRY DR TR4 PRI 15
ST 19.456B 5431GB 58.34GB I L U U
. 44.32 46_68 45.22 10 . DP:4 TP:1 PP:2 DP:4 TP:1 PP:2 DP:2 TP:1 PP:4 10
2" 417668 56.87GB 63.07GB ST et et SR
134 357 8.86 80.0 134 3.57 8.86 80.0
Model Size (Billion Parameters) Model Size (Billion Parameters)

%m#EF: GAS: Gradient Accumulation Steps; MBS: Micro Batch Size; MFU:
Model FLOPs Utilization; XskKEIFH S5, BOAFATA] AERZHKE N BFEEH
TEoL, Lan 4/ —" Node, FA BN —1 8B WAL ALAFTLAE - E&EI#G
Kk FEDVFTRE 63GB Lf7, i HRMALES L T, DP2 TP1 PP4 GAS128 Zero-1,

LI EHBEBIHT AT, FATTA] DAS H LN 22T insight:

REH T NBERRIM CEREIFTI, PR R XMBCRER NIRRT N B3,
RN HHR S BRI R, B AR0E B AT DUBIS S A OO R MERER N, (H
BB TR AN GBS BRA] 1M FIZYH,
- BORAIBAIRBLE T ARAkAK, BEEBADONORM, WiFsREEmm, XS87M

M ORI s H B

- HoBARRANES (EEGA MAEAL)

- H2JLPFEAHEE TRL GPU WFRHITMIsI TR T (BIANAE 4 1 S EYIgR

80B M),

Be, AN R ERE ™ AR T LB R, 5 RS M TIRIE Y, SKEFHFT (TP) L
THUKEIFT (PP UL T PP RESZJ5, ERN 7 ERAIET, BIAEFATIEAESGHE TP 5L
WPREEES, MR ERIGIERE S,
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F=EH FHRENGRE 3.5 FMEMILHRIZR A0

3.5 JLfEMIA LR A

BATIABH BFRAUACZTHEHEICSCI, IR ECPREdE R Rk, THRIMRER: ia1T &k
AR AT RER 0B, DA DR/ (B9 8xH100 B 1-64 D11 5D HIE
HEBR 7 A RTRERIICE, AR EIBITE TR,

IXWTEER R B FRATAT AR B R E SR 2L, AT, — BRS8N 7 — LR,
S waR Tantilip

- PyTorch #REA NI ERHTEHE

- Slurm fENVEF SRS EHIZ LR, SECY R
- AR H TR Lo A fE s A A T LA N

- AR TCR AR

TEAFRAIN RIS TR A S50 75 RSN TR, R 7 REN R ERIE N :

- /MR REER A IN TR R AR A 23 RN )

- TR NCCL I H &

- TIRRAEE B CUDA NE 2 BCas TN
- B KBRS TR RE

XEEPSER =, BEMNES TRITE R A ZREA IR M= 51 280/, BRIe EAE
SR ERRIARIY, ESLERPERER N F 28 BRI T R T,

TESCERR E IR LS 2 AP, Feal2 T~ Igr RIS A RR AT A, 1@ % nan-
otron A picotron XFHFHEIIE, Bl IR ERERETE DI MCINZRERE IR R, FHFAERE
HEI I BT EE, FEBIBFTN BRI ML 7853 FH A AT TR ReE £ 25

FXE, IXEER T AT 5D HATHTES MR AR

[FIEREATBES A IERITHE, TATBIVFZ IHEEMRA T — D <8R - BInlPAME GPU LA 330
BUHFEMERE, MASMN AR AP0, SEICENHNY, 4B NCCL send/recv
AR DB S RIER, BT TR SRS E IR Z RIR RS, ROvIB S0l 2 E
FIAHFIN GPU WiAbBEe: (SM), X8 SM TR, SBUHEfE S HHRESN A RERE, 2
HIEfe o Igs, FREBERAR T GPU /A S,

3.6 ZH K

[1] https://github.com/huggingface/nanotron

[2] https://github.com/huggingface/picotron
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HE GPU RJEf2iE—~ama, &ift. RE

#HEE, MRS FEEPIEBERIER high-level HAE5H |, BATCEIEARRNNESS
EXRFETHE, FNEER—RAFRHITHE BT S SOEE,

HIX R 1 A TA] AE AR EIX L@ AUER AR BT R B R R AN AE 51 GPU _RIF IR T
RIRHIFTA AL,

KRR ANG GPU ZRMAVE 2407, K52 NVIDIA 1 GPU 284y, {HidHAAEIER] ATESR
AR e st B EE

{E7E 5% Flash-Attention HE G R0EE GPU TIEM#EZ AT, FATGRIZEMRRE GPU RIHLH
FE, FEREMRENAE GPU L ARUEH S FREE,

4.0.1 GPU AT

#H, GPU BAAERRRMHARGE, EATERT, BTN SAERA G SR
RIS R,

(1) fE3H55H, GPU H—AM MR Z AL Streaming Multiprocessors (SM) 5 #
T PO, B SM B — A HEs, AR LD Cores, #ildl, Nvidia H100
GPU HA 132 1 SM, B4 SM A 128 Mzl EItH 16,896 Ml (B x5k B OIS
B, ES keSS, BMZOAT ARG 2 N2 Thread,

GETE: HE 2 EMS: SM — Core — Thread SEFrgwfEt: SM — Grid — Block
— Thread Warps(4f2%) — Thread
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SM
Control

Load/Store Load/Store Load/Store Load/Store Load/Store Load/Store

Global Memory

(2) WE R EE DR, BEZ2EEMANG: %140 Registers ZH/NUBAL, EHRITIIRE
HERAA, #ZEMNTE Shared Memory F1 L1 Cache 1£54 SM _EIBfTEREZ A=, &
EEUCEATE SM HZH L2 924# Cache, H/5242RMF Global Memory, X2 GPU L&
KEIAAE (40 H100 F) 80GB), AEYjRIFNES 11 &t /2 i 18 Y,

REE: NEDE: Global Mem — 1.2 Cache — L1 Cache — Shared Mem

SM SM
Control Control

Core Core Core Core Core Core Core Core

M

Control

Core Core Core Core

Core Core Core Core Core Core Core Core e e

SM-1o-SM (7x GM)

Core Core Core Core

L2 Cache (50MB)

Global Memory (80GB)

GPU B HAR2EN AR /WX 24, Rl THIE GPU %0 LisafT R TRES
A LA 3
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£ GPU B0 EiBFTRIARES AR PIA% Kernel, ‘7] DATE 4% A CUDA 8% Triton S5
SY9E, RIEY%EN NVIDIA GPU {#HIEIGC 4 Parallel Thread Execution (PTX),

BB, IRETRE—MREEREDE >, o8 NS Host Code, E7E CPU/EHL EHAAT,
FO ST B o B AN B R AN QD

// Host code
void vecAdd(float* h_A, float *h_B, float *h_c, int n) {
// Allocate vectors in device memory
int size = n * sizeof(float);
float *d_A, *d_B, *d_C;
cudaMalloc (&d_A, size);
cudaMalloc(&d_B, size);
cudaMalloc(&d_C, size);

// Copy vectors from host memory to device memory
cudaMemcpy (d_A, h_A, size, cudaMemcpyHostToDevice);
cudaMemcpy (d_B, h_B, size, cudaMemcpyHostToDevice);

// Invoke kernel
int threadsPerBlock = 256;
int blocksPerGrid =
(N + threadsPerBlock - 1) / threadsPerBlock;
VecAdd<<<blocksPerGrid, threadsPerBlock>>>(d_A, d_B, d_C, N);

// Copy result from device memory to host memory
// h_C contains the result in host memory
cudaMemcpy (h_C, d_C, size, cudaMemcpyDeviceToHost);

// Free device memory
cudaFree(d_A);
cudaFree(d_B);
cudaFree(d_C);

PRI s 2an 75 N

LRI AR/ NN 32 ERR (warps) ., £iiE RAFRIATA SR iim 2 DURIN AU THE 2,
HAERARRI A FIER ) Lo

SREFG T HBRERAIB (blocks), R/NERTE (BIGHR/INA 256), BDBABRD IS
B SM, — SM ATDFTIs T2k, ERMRIERIRIGN, FFAEATEER R IZR i
T, ALEATRER R,

MIXEEAN T iR E AR IO, AEMARDNITEAR (BN, BNSRBERER
LA, TEBEMAH GPU B RARTT

REZBUGIL R, IRNFREIX 2460, SEaig, Ra] DASE AL XA A B s 1 AT, (3
TEIARAAr, AT B RIR AR AR 4a 8 A PRI 16T !
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4.0.2 i kernel $&7HERE?

QUERARAEES AN — P BRI R PIRZ R TR BN BRI BT PyTorch BEL, k&5 PIA% AT RE
BB RERNTTE. AW, MSLAIESTERER) CUDA WAZRR ZF5E AR A REIFN Y ~~ > il
L, BH, BHPAITTIERZFHA torch. compile , TIEMHIRIRIVIRIEIFLE triton HAERR
R, mtERENRKR NS PyTorch fS,

BB IR A S — D TN BT ELU BB BRI A% -

e? —1 ifx <0
BLU(Z) =9 ifr>0

fRA] A —M AL PyTorch SEHBUHG, 2AE RFRAETNERAIN @torch. compile A ifiasHln] :

@torch.compile
def elu(x, alpha=1.0):
return torch.where(x < @, alpha * (torch.exp(x) - 1), x)

G PR R B G A 2 TR DXBIAR R B, JEHURAE AN T — DRI IR 00 o IXAPEE R
[FIfE N EFPSE] TR (N ZoRFIED :

Performance Comparison of Torch, @torch.compile, and Triton

3000
2500
2000
n Implementation
@E —e— Torch
U] @torch.compile
1500
1000
500 STe—e—e—e—* : ‘ T
2000 4000 6000 8000 10000 12000 14000 16000
Input Size (N)

SR, QN ERIXFEGEIRTFAE, RAT DA BSLH Triton W, ERN— DS, RA[DIEE
1 @torch.compile ZEKHY triton W%, Nk, REFREIRTEZE TORCH_LOGS 7 "out-
put_code" :
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export TORCH_LOGS="output_code"

—HJZ177H @torch. compile i Python BIAR, BRI AN Triton N,
EXFEN R, &

@triton.jit
def triton_(in_ptr@, out_ptr@, xnumel, XBLOCK : tl.constexpr):
xnumel = 100000000
xoffset = tl.program_id(@) * XBLOCK
xindex = xoffset + tl.arange(@, XBLOCK)I[:]
xmask = xindex < xnumel
X0 = xindex

tmp@ = tl.load(in_ptr@ + (x@), xmask)
tmpl = 0.0

tmp2 = tmp@ < tmpl

tmp3 = t1l_math.exp(tmp0)

tmp4 = 1.0

tmp5 = tmp3 - tmp4
tmp6 = tl.where(tmp2, tmp5, tmpQ)
tl.store(out_ptr@ + (x@), tmp6, xmask)

R TIREA RN, BATT MBS RS, WINER, HHTRMIEE (& #EK LLM 1%
B, WRFR:

@triton.jit
def elu_kernel(input_ptr, output_ptr, num_elements, BLOCK_SIZE: tl.constexpr):
# Calculate the starting index for this block
block_start = tl.program_id(@) * BLOCK_SIZE
# Create an array of indices for this block
block_indices = block_start + tl.arange(@, BLOCK_SIZE)[:]
# Create a mask to ensure only valid indices are processed
valid_mask = block_indices < num_elements
# Load input values from the input pointer based on valid indices
input_values = tl.load(input_ptr + block_indices, valid_mask)
# Define the ELU parameters
zero_value = 0.0 # Threshold for ELU activation
negative_mask = input_values < zero_value
exp_values = tl.math.exp(input_values)
# Define the ELU output shift
one_value = 1.0
shifted_exp_values = exp_values - one_value

output_values = tl.where(negative_mask, shifted_exp_values, input_values)

# Store the computed output values back to the output pointer
tl.store(output_ptr + block_indices, output_values, valid_mask)

Ak, t1.program_id (@) $2t—E— Block ID, FAI1H & RmE 1%L AL BRI N SRS
7o fEFIE Block ID, block_start IHESNMIEHZERS], M block_indices {RE %I
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NRIZRFI7ERE, valid_mask B{F(VEFE num_elements WHIRG], LA t1.load Il
HER, RENAH ELU K%L, RIESUER SN ESIE, SRS H t1. store FHIANTE,

YA triton.testing.Benchmark XA RHY AT ELMEDIIAIN, HMEGEAI T :

Performance Comparison of Torch, @torch.compile, and Triton

3000
oooooooooooooooooo e—o—8—0—0—o—o—0—0¢
///////
----
=
2500 s
o
/
2000 /
< Implementation

2 —e— Torch
g @torch.compile

1500 —e— Triton

1000

500 .\o-—_.___.——.——- - °
2000 4000 6000 8000 10000 12000 14000 16000

Input Size (N)

XML NZAEBV NI N EERPH L @torch. compile BARAIMERE, (HIX W] REIXAX
J& torch.compile HY4wIERSRIFZMAFTE, Joiednfml, SHMZIME, Aa0MIXEA: B PR
R, FRENEPEAENEEE L, T E KRR IFE,

RIEELE Triton 1, ARBICIETE 2IXFFHIEENERE, KOVXESECEZNENRZ AL
Blay (SMs) WHIIAESFRIAN T 75 FAERR S, Triton RIRESIER TP HAE SMs Z 1)
JE, TS ERARE], RFFEEEE CUDA FSEMNEL, TEAB IR REDS Ui R AT A K2
R4,

CUDA 75T, AJLARHBSMEAKSR SARRIRCR, IX B HEATLA: PR EL
BERAEIR  AE I3 P71 RS0 25 T R0 AN A PR A S AR/ IME 22 PRI R ),

FERA CUDA R, Sas— FEBINTA, B0 T AT TR PUR I AE GPU L
PATHES:

1. PyTorch: faj s {HHE LS

2. torch.compile: & HIHE R, HRIEEASE
3. Triton: B, {HEP, HRIE

4. CUDA: HofE, Higth, mRIE QREESFRY)

RiE e CUDA Al A A 2 —: ALV, GPU AR (EaimiE R
ERAMINT) RIS, OREE, HIRE, SOmE RS O A LA,
SCHIL T 4 R P IRTBCR T DABOR M 5 P
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4.0.3 WHHFHF

NTERHFAERAFRH S, BRHIU SR EE, £ CUDA k&, £R/NFZEEH DRAM
KLY

M17I14) (Memory coalescing) FIH DRAM 7£ 1 ] 77 itk s PASE K sl S A v B G FEl )
T ARBEEBIEI R AL BRI DRAM (LB, HE1E RN BENIESAE 75 H DRAM
SRR Z MERRERIF TR, —BEIE, IXEHEEn] IO I b BE8s, 7€ CUDA i, 1Y
coalescing FIFIXFREFTH, EILHIF warp FINERE (32 MTHRATEL LA, SIMD)
ViIlRESHINFNLE, DURARANTETTRIREE,

flan, GnEREAR 0 VimIAIE M, SAR 1ViR M +1, 2f2 2 Uil M + 2, ittt GPU filff:
KX G SRIALE A FF N — N REL, S3KEI DRAM REVIIENR, A2 fb sy,

DIAEFESRIE B, — DA ERASRI U, S SEEHRER RN — IR, .

__global__ void matmul_naive(int M, int N, int K, const float *A, const float *B, float
o *C) {

const uint x = blockIdx.x * blockDim.x + threadIdx.x;

const uint y = blockIdx.y * blockDim.y + threadIdx.y;

if (x <M&& y < N) {
float tmp = 0.0;
for (int 1 = 0; i < K; ++i) {
tmp += A[x * K + i] * B[1 * N + y];

}
C[x * N + y] = tmp;
}
}
blockTdlx.x ThreadTelx.x
— _
blockDim blockDin row of A
fe— z Y I
Blésk >
P O SF| | v L
- s 7/ / = | hre
% % E A f 7 D = &Q) -
0 2 c < j 77 ¥ K %
o & ‘ B l.n result
vw ’
L ]
GRID BLOCK THREAD
We put as many blocks into Each block is re_sponsib[e for Each thread inolepevw(en‘t!y computes
tbl\le. %ﬁd as necessary to span caleulating & 3232 chunk of ¢ one entry of C
all of C

XIE TR A SCE [2] AR LSS AT :

SR, SHEHIZEM ncu B BN WRZHEATIERE AT IN, AT DAB EIRE, BAEIRNE AR AR
NP7 Vil

82



FIUE  GPU REIZH —E, L&, Ba

» Memory Workload Analysis o

Detailed analysis of the memory resources of the GPU. Memory can become a limiting factor for the overall kernel performance when fuly utilizing the involved hardware units (Mem Busy), exhausting the available communication bandwidth between those units (Max
Bandwidth), or by reaching the maximum throughput of issuing memory instructions (Mem Pipes Busy). Detailed chart of the memory units. Detailed tables with data for each memory unit.

Memory Throughput [Gbyte/s] 24.85 Mem Busy [%] 98.40
L1/TEX Hit Rate [%] 99.13 | Max Bandwidth [%] 625
L2 Hit Rate [%] 65.77 Mem Pipes Busy [%] 5.96

JERRHET, PRz, [F—BRAR R DERE (B2 1D 9 (0, 0) #1 (1, 0), BREHKEALT[Al— warp
H) KRN WFERE B B[R —21IAnE:, (HAEFRE A BURFEITT. BT CRIET BeiE (SkE
IR TIES AR, WERTR), S48 (0, 0) FES—IER = 0 nE Ay o, T
2t (1, 0) FNE Ay o o IXEITTRENFHIHFAEE, XMEEACEERUIEPTEE, MBI
1L RYAZ,

0.0 0.1 0.2 03 1.0 11 1.2 U= 20 21 22 i 3.0 31 32 33

N T RESTATARZIINERE, FRATTAT AR AR bR x My (RS, WRAR:

const int x = blockIdx.x * BLOCKSIZE + (threadIdx.x / BLOCKSIZE);
const int y = blockIdx.y * BLOCKSIZE + (threadIdx.x % BLOCKSIZE);

if (x <M&& y < N) {
float tmp = 0.0;
for (int 1 = 0; i < K; ++i) {
tmp += A[x * K + i] * B[1 * N + y];
}
C[x * N + y] = tmp;

AR e, TS| —4Ebk, FFEHE KE x My ERIT5TR. EIXMTTEH, F
—warp (RA#IIH threadIdx.x {H) WS ZMHAN x H, HEARRN y H, X
EIRE TR INEIERE A B9FE—1T, (HXEFE B (URRIS, Kitk, A PAEFFATERFERERINE)
Al

HEATSB RN TIERE AT, ERFESCTRIBANF R E S ELHK, GPU BN
HIEEARLER 1 10 1,
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PIRZEIPRATI AT T 10 £ ! BN
IAELEBRA N —PE SRR E E AR BIRIEOR . 238k Tiling,

4.0.4 SYPULPR (Tiling)

YL BLUE —FF A 2L N1E Shared Memory Lt NAZTT IS AIEOR,, IEANBA TR HE 2]
Y, HERER RN PORR 708, SRRIFTEZAREERRT DAVT R e, IXERRUR ] A2 12k
PR, MTED 1 BRI 2R A7 L INEBER T R

DAEFESRIZ NG, SRR DRI REFR M MR (A0 A 1 B) HRBUTR, WREBIMEHRE
TN H R A NP TR AT RIS, = B BITARINE, FOARAZ N ERER VI EE
AIEdE. M, FATTATCAEA 72 BAERE Tiling, # A f1 B BU—PB (8¢ Tile) —RMMEEI
ZRfEH, IR R RTA S B R FT A RIS = R

TE A E R 77 EH, BOOERE, AN AELENFR T/E WD Tile (—1K
HIEME A, S—PREEME B MEIEZANED, BMAKE, SEMBHEE A W—
A Tile (K/NA BLOCK_SIZE_M X BLOCK_SIZE_K) PAKEEFE B HJ—A> Tile (k7
2 BLOCK_SIZE_K X BLOCK_SIZE_N) ., —HiX%t Tile F AHZERNTE, &IEM T AEX
8 Tile BHUTHERESRIE, MIMSEBLESROTE, KA L EREHRER 7] A RIE TR, Tile 3
ISR EE— D BRERMS, ZIEMRETRLSER, E8R0ENRE, 401 Tile sRIENL R
=B MENZHERES, BRI DNEFERIFTE Tile #H G,
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LEFRATREB B LI RIS HE R 7 :

// Set pointers to the starting elements

A += blockRow * TILE_SIZE * K; // Start at row = blockRow, column = @

B += blockCol * TILE_SIZE; // Start at row = @, column = blockCol

C += blockRow * TILE_SIZE * N + blockCol * TILE_SIZE; // Start at row = blockRow, column
< = blockCol

float sum = 0.0;

// The outer loop moves through tiles of A (across columns) and B (down rows)

for (int tileldx = @; tileldx < K; tileldx += TILE_SIZE) {

sharedA[localRow * TILE_SIZE + localCol] = A[localRow * K + localColl];

sharedB[localRow * TILE_SIZE + localCol] = B[localRow * N + localColl];

// Ensure all threads in the block have completed data loading
__syncthreads();

// Shift pointers to the next tile
A += TILE_SIZE;
B += TILE_SIZE * N;
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// Compute the partial dot product for this tile
for (int i = @; i < TILE_SIZE; ++i) {
sum += sharedA[localRow * TILE_SIZE + i] * sharedB[i * TILE_SIZE + localCol];

}

// Synchronize again to prevent any thread from loading new data

// into shared memory before others have completed their calculations
__syncthreads();

}
Cl[localRow * N + localCol] = sum;

FASAREE S MERE A FIRERE B i — e RELENTE, EXMEL T, SKEHNED
] (coalesced memory access) AEHEM: B threadIdx. x fEHmEFHZRE] (local-
Col), [F—" warp HRILAR AT DAV RIAH SRR RERETCER . SRNATA LR s R s CEid i
Fi __syncthreads () #fRFEZ), ENTMESHHEIXFA Tile WAL, M4ATE Tile i@ 7EM—
WikE A TEKET7 AR5, MR B 165 BT IR 3 — R B H 1045 A AJERE C IR A 8,

HHEAER ncu XX TEEMARS, FATZBIAF AR ] T 410 Gb/s, PIRIA
TN ER/D T4 43%, SKBLT 4 6.6 TFLOPs AYM:RE,

4.0.5 Mk (Thread Coarsening)

IPSCBRER B T RATARAIMERE, (B2, SoirEs MRESHeg iR warp IR
S, BATIERRIPL MG

Warp State (All Cycles)

o
°
IS
o
o
o
!
°
]
=)

2.0

Stall MIO Throttle

Stall Not Selected

Stall Barrier

stall Long Scoreboard

Stall Wait

Stall Math Pipe Throttle

Selected

Stall Short Scoreboard

stall Dispatch stail [
Stall Branch Resolving l

Stall No Instruction

XIS PRI & AT AFENVidia BPEREFERE[3] H#kEI, 7E Warp Stall Reasons #47
AJ DA 3

*"smsp__pcsamp_warps_issue_stalled_mio_throttle: Z&#F MIO (P1F#Hi
N/Ea) F82BAFIASF#E) Warp $Ui, £ MIO B (GHERHREEIEL. 3)
DI ASGEZENFIES) B HAES T, MR R 4=
A5, 6 MBS AR DO M EE &, *

FRLAE 2K Warp IEEERAH = AETIRNRE] Oy 7 X AN, 3RATTA] DA — R £k
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fEf{L Thread Coarsening FIHEIR, ZIAW K BANEREGIF N —ADHLER, XK EE
DI NIE R, RS MR AT DU 2 DM T,

1E5 NBEOH HE XN, — NMREENFERZE: BrMLl 575 Minimizing Control

Divergence,

4.0.6 /Mo

mzAtEeas (SM) #ZIH MR ML 28R (SIMD) BAIPIT warp FRIFIESRE. XE
IREEEEENZ], —MELFENA warp BT A SRAEIRBAIIT, ST warp i, Hr
AULRARAEEHR A R B LA, (HIEIEHRIES, FItEARiEL28ds. SIMD 1320
FETHRCR,; St RBAA R HIlE AR 2 DT BT 2 R =, IXRhBiH s ME 7 5%
HISHRERI S AIREPE TR, 819 SR EEBIRIRENE &1 TR AR &

% warp WIREEERICRRIKPITIEM, MERERRSEL. B0, QRAIFED (W if 15
f]) SERSRARAT MU, T AR AGT S — MR, B4 warp AVREATHT
T, SEBRAESEGHMSEER, N TRMESFE, RINTFERIHA, Wi
warp PSR IEHIRI T T3 2, JXTT DU TRIIRRS DD 42, BT (R £ A
K UAIT R RATRRESHT, SRASHBIN S ARSI,

L (A IR R if SR

BAIESNAE TE NEE XN GPU #EMRER N SR — R BERNE, HEHK
AISEhRoRElZ /i, A —NEEIMEESFEIS: “MEMNE Fused Kernel”,

4.0.7 FhEPIZ (Fused Kernels)
ZHi12%] GPU 1 CPU #1En] AR #H1T, FalE, CPU kM Host Code EHURAL AT PALLIE
FHZE 77 I GPU A TEME,

FERRZEX T EEEE M EAEE A A —r] DA R 2 E — AR, BV Sk AL AL
GPU W2 Z MYk,

IXMETRTE Horace He [4] HUIXEEE G2 TIRGFHIZFE:
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Me,mar‘y Compite. Memor y Compite

— 0 —2 g
1N Mnn \L .0 n0nmnMn | d/
AAANA A o
AN A b \L
ooo;”ﬁ i
—_—

oooj? ;
T I el I 000

FBEEDRBAGAITEL T ZER  ARIEREIIN=AELELE/EA
[EIR9—FFA#% 7, REHXERE, HITEIUE
FE— R ST T E R IE.

QRAATIEE SR IXARSRE]? fRdFRYFp iR R ATRELEFRATINY GPU SLHLE F, IXIEI R R AT REZ HUESL T
BIREHTEE DRI AR, X DPWZEFCN “E P Fused Kernel ™,

RS PIZOR T INE T EE 25 5 A Tokens _EHUTHI—RASIRBRIER &3 H. 2 TS . £
XAENE T, ERHHEEREIE] SM AR T, AL ZRHREREE 2N
7o ERBITRFPIIZA, KATEEREEARE ST Z,

Transformer BRI H VL7 AT AN XA “FE” 77 BRIITES]—RYZ A point-
wise #/E, Bl EH— LR,

MERNELER T IENZ TENEIEAREITOFRATAER: Flash Attention

4.0.8 Flash Attention 1-3

Flash attention 2 Tri Dao [5] 51 A, HEHIEESE HE X CUDA NESRILER A,
EHEE R HENF SN, Flash Attention R0 EREZE T2 FIH GPU BYSRINAE, R E
R IEHNFEZ —: GPU RN,

Zm#1E: 1F Flash attention #, HBM - & % N ## High band Memory #t/2 GPU
ERNTE,

TERHURIFIEA ST MAENAEN worker Z [T KB fEH, BER{E HBM Hsi3l S M1 P
R, XERESRFELXE HBM, RJGEHRAIEE] SRAM M7 F—SHE:

88


https://tridao.me/

FIUE  GPU RS —me, Sk, RS

[
@)

SRAM QK'=S softmax(S) = P PV

Q.K S S P PV O

HBM

M HBM AU SRR, XEERNREPSIATERRS, KBTRER S R E A
PAER. SM B NE =R/ NG, (HA] MBS ELF, AMUBUR 0 BIHE S JERE, s i fs
BEPERR) S JEFE, (ULRM IR Softmax I —(kIA ¥ IrBZEIHHE R 1X4%, ATDIERE/E SRAM
FR—RPETH SRR O, MIJERRAEFPIRIZE R KB FdE, XA TH=RE, EHERT
BT AAMTER R (£ KBTS MR R RRBISERE 2 —) T SEEINEHH

Outer Loop
- "
K:dxN .
X F Attention on GPT-2
Copy Block to SRAM
. Outer Loop . 15 Imatmul
: —_ : J
————————
(A oRAM: 19 TB/s (20 MB) e ] Dropout
GPU ! 2
HBM: 1.5TB/s (40 GB) 2 ock 2| g104
HBM 8 Compute Bloc il ] Softmax
5 1 onSRAM - g
(METLNYE TS DRAM: 12.8 GB/s £ g7 5] Fused
(CPU DRAM) (>1TB) Mask  Kernel
. . M |
Memory Hierarchy with Output o Tem 04 Matmu
Bandwidth & Memory Size sm(QK)V: Nxd PyTorch FlashAttention

Inner Loop
FlashAttention

Figure 1: Left: FLASHATTENTION uses tiling to prevent materialization of the large N X N attention matrix
(dotted box) on (relatively) slow GPU HBM. In the outer loop (red arrows), FLASHATTENTION loops through
blocks of the K and V matrices and loads them to fast on-chip SRAM. In each block, FLASHATTENTION
loops over blocks of Q matrix (blue arrows), loading them to SRAM, and writing the output of the attention
computation back to HBM. Right: Speedup over the PyTorch implementation of attention on GPT-2.
FLASHATTENTION does not read and write the large N X N attention matrix to HBM, resulting in an 7.6x
speedup on the attention computation.

Flash Attention P EMER TEBIIZRP AR ZIRIN, [KIRUEBCNFTE Transformer 4
PATHEE T ERERIAN S 1%

IR A S R, RHE T IERE TR P fdl
THBR TR MERIT SR T A (S%) B R

Rlitt, B Transformer ZE# & IREAAR B H TS el B IR FIR —ECUERE 1 ik
REVHAE, BN Z B 2IXAPRE i B P# M) Flash Attention SEEIAIML,

£ Flash Attention 1 KfiZ )5, Fl—LIe=M4kHMEL TR N EHRA : Flash Attention 2
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3. 5 Flash Attention 1 #HEt, Flash Attention 2 fil 3 GH B 2N GPU IRk,
A B ER SIAUHIA S s, BRI

- B/PAERERESRTE (matmul) #REMNEE

- RIS EATE S5 S warp MIZRE (&R T Flash Attention 2)

- fEEHTY Hopper 284 (H100) _E{ifk FP8 il Tensor Core W% +¢ (&FF Flash
Attention 3)

Flash Attention 2 —PMWRIRAF], R T HIRAFELHT GPU INESAIAE/HE BTN, Fr
RETT R AR MDA

FIHADYE, BATTHER R 7SR Z SRS RS TRE), FHNRPEBER S B8 XA
%, PAIEIZR,

FETH RARER R R AL ER 7, BATRIRR —RIN SRR IR 75 7%, XETTREH T
AR, B AR bR RAREINLG (Mixed Precision Training) !

4.0.9 RAKENZ (Mixed Precision Training)

HEABHZANETH, AN TR EBUER R HR B EEE, S8R SIS
FORAEM, BIAE, BATRIRA T LR K™Y, H o ar B e (RIS, (LR R

It B, REREINGY MAENZGE R IR S AR BIERE, PyTorch sKERIENINEL
{EFE R R, B FP32 (float32), XEMRE S MEEREME S 3242 (4 579),
XA I N =B

- PSR (Sign): B DHRRE AR IER0S R K

- BE¥ (Mantissa) : HUEEUERIA REF
- f6% (Exponent): #EHIEU{ERTEERK

Sign  exponent mantissa
0|10000110) 1101010011001100101001

1 bit 8 bits 23 bits

' 32 bits )

T AR AR SR B AT DB R BOA R AR, Bl —5.734 % 107, HAPEERaEa, R
JE 2 R ERE 4L, IXFERT DATE IZ BBV BN DA B IE MG E R EE, B float32 ZERIME
1, fH PyTorch X2 e sifg X
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X S VER=1IA fa¥hL 2254 IA
float32 32 1 8 23
floatl6 16 1 5 10
bfloatl6 16 1 8 7
float8 (e4m3) 8 1 4 3
float8 (e5m2) 8 1 5 2

A BN HOHERA RN (XEMA R TE), Ea] ARl b, BT e X
SHEE W R 2 A, (R, WAELERTRN float8 KX, MRIEIEHFIEEm 4, RIGERRAIE
HIRE e BATTA] DA A 2R AT REEEYE -

Floating Point Number Ranges

! !/ ] [ | |
]
P float32 P float8_e4m3fn |
0 float16 float8_e5m2
bfloat16
10740 1030 102 10710 100 10 1020 10%0 10%

BATTDAER, float32 Bk 80 NMEEDK, 1M floatle vt TIRZIEME, 1 bfloatlé f#4F T 5%
By, WA float8 #8XE—0 /b TYERI, HH e5e2 A] A4 floatl6 HUTER, M e4m3
AT /)N

Nt 2 ERE A RE SRR, MHAASANAGE? IEFRATEELE 170 2 ZAIZRH] 10,000 45
KEE PR resolution, 4 rURHARYE SRS U & TSR AT K AR

Floating Point Resolution on Interval [1, 2]

] ||||||||||||||||||||||||||||||||||||||:|||IIM

I float32 [ float8 e4m3fn | | | | | | |
0 floatle float8_e5m2
bfloat16

1+10* 107 102 107 100

BATAIAEE, bfloatl6 MIIHITEE K8 R4ER float32 RYTEH, HIXZAERMNE, £ float8
BT, TEOCE™IR, K e4m3 1EIXH] 1-2 NHREFROR 7 DN, 1M eSm2 HEERR 34
B
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i B A AP PR A% WAE b2 epsilon: B 1.00 JGHIE — AT REHIET, WTUES, T
float32 #4858, 10~% E— L5 (3205 B 1.1977), % F floatl6, &2 1073, fixtF bfloatle,
M2 E 10 £,

TR AR I ZRRI R &R A e — LIRS B X, IR PR RS EE IR PERE

FIER, BANARESE RN float32, Ff HilH T2 0/ — L8 0 LR RHTIIZR, X6tz
N 2 BARKE I Z5R38 H BRI SRR 25,

WHERBRFH 16 AHETRINIE, RIGEERESH—PEE 8 fiL,

4.0.10 FP16 il BF16 Ik

] B HILRE i Sk EANIRAE D2 floatl6 JEH NE(EN, 4550 RARMAIIAL, &M, JFIAHY
REREIIZRES [6] 1R 7 =FI5RIEAL float32 illZk:

1. FP32 BUEHLM: floatle FERTRER M NEEL, FEIZRBIR, FEANEARELRGIRR
N, FHEBEAN 0, HEMENEA S AEEE, MREHER /), HBEKNZERARE
RFBUEMEERETE M. —BENENE, BITRENIZGERERETREENE,
NHEMEA R SEET R T,

2. BRI BRSO, FOVRREEEID T 1, KA ATRE T, — a8
AL TR R AE R G HE Z RN R TR, TE R It Rh Z I BUHAR BRI . IXHRORTE
[eIEE R HEE M, JFHAER—PAHEE (Flansd=) MItied R silBiEEiK,
SR,

3. BB A, 1£ 16 AR MTRER AR (W-FESCRMN) |, trTREm 6 ket
bR, MR R R BP R RS float32, FHUERIG IR
SR ERN] 16 AIREE,

TR, Al ASCIIREERIIZR, RN BT ERAEERAIZE, REESHEHE, 4
R, PRATRESIAl: FATTZARILALL 16 AR B —47, s P? thiFaT DLl

4.0.11 FPS8 wiilllgs

B RES TIHESHE, BITSSIBREAAS KBRS FLOPS R, Bt L& g
TR, IXFLREERS AR 2 XEEMMT, i, 78 NVIDIA i H100 GPU L, FP8%E
fEsfeik (GEMM #:F) BI3ZikE| bfloatle MIMAE, MR EIIZGH—2 A5 )1, &IEM
W5z, ks FPS-LM [7], torchao [8], PAK DeepSeek-V3 [9], J&/R T FP8 YILRIE KHUBAEAY
HREE T, SR, FPS8 MIZRE I AN T — DBk et EIREET, FUETREFESE
PARERL, MELUREI S ISR TR

BATRNE, MNFEERAAN, BEEFSRER, MOEESEm [10], #£15 FP8 #iljlZrit
NTF, LAUT2 FP8 kil i & i th e -
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naive fp8 training
nanotron's early fp8 training recipe
bf16 baseline

Loss

0 2k 4k 6k 8k 10k 12k

Steps

BRI AR FP8 IR &KL IZRTE DeepSeek-V3 ARG, BFFENRAFH T T H
&% (Fprop) PANIHGE (Dgrad) FIiXE (Wgrad) KRIEMERERIEMEME, KE0T BF16 R
GREIIZE, —EREHEMIEPENARREHEE, KRR NAE FP8 FHlfT,

To FP8

To BF16 ke <\ |
° Weight
Output ® ‘\Z_/ Gradient
FP32 FP32 To

BF16

Optimizer |_
States

To FP8 To FP32

Dgrad

Input To BF16 z To FP8 Output To FP8
Gradient \=/ Gradient
FP32 BF16

Figure 6 | The overall mixed precision framework with FP8 data format. For clarification, only
the Linear operator is illustrated.

NT MRS (40 FP32 8¢ BF16) UHREIEUREE (4N FP16 5 FP8) FI&R B/ NEETE,
TEN BT E RO AT — 1L, Bl EHL N R {H, DeepSeek-V3 #E—#H 5| AT —#f
R %, HruEr (tile) H—fk: WA/BUSMA 1x128, BEMYEREFEH
128 X128, XMV IEMEIA— LIS 5 Z B A = WA, AN, MDEfR 17—
HMTEES, DAE— B N REEITH, BAPNA R AE DeepSeek-V3 SRS HIE 3.3 11
HERE], DUNE TR FP8 YIZR77 AR B4,
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GEMM 45 fltik
THER AR 2B OBEARD B BIR
& H BE ONE OE B N 5

bfloatl6e + fp32 €&  bfl6  fp32  {p32 bfl6 bfl6fp32+ 4+4+2+2+4+4=

EIER=2T fp32 20 %M

EFRFP32 BAERM  bfle  fp32 J& bfle bfl6fp32+ 4+2+2+4+4=16%F
fp32

Transformer En- fps y/ J= fp32 fp32fp32+ 4+4+4+4=16F1

gine Transformer fp32  (20% )

5%

FP8-LM iy O3 451  p8 fple  fpl6 fp8 fp8 fp8+ 2+2+1+1+1+2=9
fplo w1 (55% /D)
DeepSeek-V3 fp8 fp32  fp32 fp8 bflebfl6+ 4+4+1+2+2+2=
bfle 1557 (25% )
nanotron ) FP8 4  p8 bfle  fp32 fp8 fp8 fp8+ 2+4+1+1+1+1=10
K FPS fp8  FH (50% /)

BRI S, 1E 2025 4], FPS k@ —MsLiMERoR, MXFENERM AR, STHIHER
L, CARATRER RN, FFEUR bfl6 IREREEIZR, BB T FPS ISR AR IR IR,
A] PAZEE nanotron ML [11],

JeEEARK, T—fUNVIDIA Blackwell 't it EAR SCRF FP4 IIgk, XRE—imEiIZy, H
TeRE 2 RH A IZREE DR

4.1 &g

INEIR, SRENEE, MBRETERE! AR T —XERARE: WERRIFE R GPU
LNgrfE sy BIERAET S GPU L&E&)IZk Llama-405B 1 DeepSeek-V3 5 KMARTE
SHNE IR, BUE, IRAIZAEMBS X R AHIIRAR Llama-3 /Y 4D HATHA A
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GPU 2 GPU 3 GPU10 GPUM
TPO CP1 PPO DPO  TP1 CP1 PPO DPO TPO CP1 PPO DP1  TP1 CP1 PPO DPI
1
GPUO GPU1 GPUS GPU9
TPO CPO PPO DPO  TP1 CPO PPO DPO TPO CPO PPO DP1  TP1 CPO PPO DP1
PP
GPUG GPU7 GPU14 GPU 15
TPO CP1 PP1 DPO  TP1 CP1 PP1 DPO TPO CP1 PP1 DPI TP1 CP1 PP1 DP1
L, cp
GPU 4 GPUS GPU12 GPU13
TPO CPO PP1 DPO  TP1 CPO PP1 DPO TPO CPO PP1 DP1  TP1 CPO PP1 DP1
™
DP

Figure 5 lllustration of 4D parallelism. GPUs are divided into parallelism groups in the order of [TP, CP, PP, DP|, where
DP stands for FSDP. In this example, 16 GPUs are configured with a group size of |TP|=2, |CP|=2, |PP|=2, and
[DP|=2. A GPU’s position in 4D parallelism is represented as a vector, [D1, D2, Da, D4], where D; is the index on
the i-th parallelism dimension. In this example, GPUO[TP0, CP0, PP0, DP0] and GPU1[TP1, CP0, PP0, DP0] are in
the same TP group, GPUO and GPU2 are in the same CP group, GPU0 and GPU4 are in the same PP group, and
GPUQO and GPUS are in the same DP group.

f£ GPU St ERROIZRRE LLM HAEZH, Fll1%%>) Tk i+ 5840 GPU [RIE(S, DAWAR
ENTRLAE T BRARMAI AR, X NORE RIS R BOE B S IE R FHT RIS, 1E ] RERYTE I
NEBBEMHE, W5 BE AR, PFEorr RN, e R rTRetigT.

TRATRERIA NI EERTRAD AR, (OEH T/ D ENE LLM FOIZRAIBTFN R, T 58 _EIfscanit,
HREE AT TR AL XA AU IR K, ORISR B N AEHERE,  SlOR AN R i T A 20
R, ARG R R, Fi, ®RAESI A ISR,

XA ORIRA SRR, MRS 2R 1E GPU SR s 78 IR BN L FA 1A
AU EPRARE, TR E SR ZRESI LR,

M2, i FRWE?

IRIEXS EZM ISR E 7RG IR, (HFRIE, B ThR0R Mk 72 TRMSRE
K, PANZRMHEERITRA S D ER:

A s — L R AR HTHIIE S FES 5 SCHRER Y, VRAT DAEKEIVF 22 IR i ie g, 1
BEEMAFE,

METHRSEIM—DREE, @, RABECShFE, 7IEARERIE "B,
AR T2 SR, HITFETER: BE bug, BIE MBI SIIUHIIRE, X2
NS ) U I HER L !

BAIFBIXAFRERH BRI 12N ZR,  FHmBIRRENIZRi B —RILFHIRA !
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4.2 ZHCHK

[1] https://resources.nvidia.com/en-us-tensor-core
[2] https://siboehm.com/articles/22/CUDA-MMM

[3] https://docs.nvidia.com/nsight-compute/ProfilingGuide/index.html#metrics-
reference

[4] https://horace.io/brrr_intro.html

[5] https://tridao.me/

[6] Mixed Precision Training

[7] FP8-LM: Training FP8 Large Language Models http://arxiv.org/pdf/2310.18313.pdf

[8] torchao: PyTorch native quantization and sparsity for training and inference ht
tps://github.com/pytorch/torchao

[9] DeepSeek-V3 Technical Report
[10] Small-scale proxies for large-scale Transformer training instabilities

[11] https://github.com/huggingface/nanotron/pull/70
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http://arxiv.org/pdf/2310.18313.pdf
https://github.com/pytorch/torchao
https://github.com/pytorch/torchao
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HhEE s

5.1 FHATHFREMN

¥ LLM JIZRM A GPU § BRI A GPU FRBEFTANLSS 2 [ TIE, BEMEIERIEE
R, B—H AR DS — i, FRAEAEE Collective Operation, fEATIH,
BT A NRIREBORRE, M5B # BroadCast, £FIHZ) AllReduce. 4& Scatter
FEHRME,

WMATE, BATAEWZHALT A, ATRUZ CPU b, GPU AT R, BN RHUT L,
RGP R A R R R Hf Y =, T P —PHREPE (t+D,

Node 1
(root)
Node 2 [ B ] —_— [ ? ] Node 2
Node 3 [ C ] [ ? ] Node 3

t t+1

Default

>
_____/
)
-~
____/
5 %
8 g
= =

WVFEA TR ZR — DT R ER AR BT B &, S RELE SN R R RZER
DR & SRS R @HERT, A" A REHARY RERETESIROER, EXEM
root R, EIRFEERIEN HARER, IERNMMRELRFEIEZ —IT6: | f#&##(F Broadcast,
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J“#% (Broadcast)

— M E LREIUE, RETR 1 B —E8EE, HmE S ALY = 5dE, DUMEE]
A AR T — 25T 5, [ RRR IR ] 7 I — A

Broadcast
pertl > AT
Node 2 A Node 2
Node 3 A Node 3
t t+1

PyTorch JFA$2 L THAH1E Collective Operation, KA IRZ 5 HIgwE — >/ IMall 7R 18
AR R TAER, BT o7 B dist.init_process_group #J4Afb—NHEFRA, %
BB E MERMEITIE NCCL), WEFESZ /DA Workers (aka Nodes), HHAENT
EE B — Rank (FATTAJPAFH dist.get_rank 3KE)., WG, EELIESE ZRIESIERE,

TR~ dist.broadcast #/E, IEERNGIE KR, £ rank=0 FHIEHHE, HEHEMT
e& FAldEeZakE, AR5, FAMEH dist.broadcast (tensor, src=0) ¥ rank=0 fJik&
R BN FTE HAhHES

import torch
import torch.distributed as dist

def init_process():
dist.init_process_group(backend="'nccl")
torch.cuda.set_device(dist.get_rank())

def example_broadcast():
if dist.get_rank() == 0: # root
tensor = torch.tensor([1l, 2, 3, 4, 5], dtype=torch.float32).cuda()
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else:
tensor = torch.zeros(5, dtype=torch.float32).cuda()
print(f"Before broadcast on rank {dist.get_rank()}: {tensor}")
dist.broadcast(tensor, src=0)
print(f"After broadcast on rank {dist.get_rank()}: {tensor}")
init_process()
example_broadcast()

YRA] DA torchrun --nproc_per_node=3 dist_op.py iafT BIRIIA (RFE 3 4 GPU,
BEHRIE T EE K nproc_per_node), RN IZEZ LA RiH:

Before broadcast on rank @: tensor([l1., 2., 3., 4., 5.1, device='cuda:0")
Before broadcast on rank 1: tensor([0., 0., 0., @., @.], device='cuda:1")
Before broadcast on rank 2: tensor([0., 0., 0., @., @.], device='cuda:2")

After broadcast on rank @: tensor([1., 2., 3., 4., 5.], device='cuda:0")
After broadcast on rank 1: tensor([1., 2., 3., 4., 5.], device='cuda:1")
After broadcast on rank 2: tensor([1., 2., 3., 4., 5.], device='cuda:2")

RYF, BRCRIEWMWARALEE TIE, 1HEE, Rank message RIRES ATER T SATENHSR, [
RICEEHI AN TENE AT E ST, BIE LA IR ST I 20 25 I3 294K

5.1.1 H& & &2/RHE (Reduce & AllReduce)

HZ785 Reduce B0 IR B P iR EEA IR A2 — HIERRIEE — DL () (Blansk
FECEE) RGBT R EREGE, 7£)94) Reduce HIBIFH, Z5ROULIEE] root, MESR
FiVA%] Al1Reduce 16L&, S5RTB2IFTA T A

Reduce AllReduce
N S T
Node 1 A X Node 1 Node 1 A X Node 1
(root) (root) (root) (root)
T N S R
Node 2 B - Node 2 Node 2 B - -_> X Node 2
— -/ — —
—/ —/ N\
Node 3 C Node 3 Node 3 C X Node 3
- -
t t+1 t t+1

SR, FAFE—FHER “HEIBT WA, BB E RO RIZ R, — ek, 15T AT
FRHUIE Ring B TE Tree 4580, ST RER AT —8R TR, FEAMAREIT: R
AT EZAES /l\ﬁi “J:lJrﬁ—?E#l?E’JM%D H HXET G DIME T e, F— PR S
HIRC RIBEARRE T A, IR R SR IREIR Sy 5 B SRS, RasRa v—1
BT e HHE T RN —EEIR)S, BN RESREER,
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X BIBfTHE M Reduce #ERITE ok &S, Fi1#H op=dist.ReduceOp.SUM f§
TEEEHRE (PRA] PATEPytorch STAY [1] HHEIA XX FHRERNE2(EE)

def example_reduce():
tensor = torch.tensor([dist.get_rank() + 1] * 5, dtype=torch.float32).cuda()
print(f"Before reduce on rank {dist.get_rank()}: {tensor}")
# dst=0 f£3% root ¥ &
dist.reduce(tensor, dst=0, op=dist.ReduceOp.SUM)
print(f"After reduce on rank {rank}: {tensor}")

init_process()
example_reduce()

R, 7 Reduce #/EH, (UHEHT T dst 17 A5k E:

Before reduce on rank @0: tensor([1., 1., 1., 1., 1.1, device='cuda:0")
Before reduce on rank 1: tensor([2., 2., 2., 2., 2.], device='cuda:1")
Before reduce on rank 2: tensor([3., 3., 3., 3., 3.1, device='cuda:2")

After reduce on rank @: tensor([6., 6., 6., 6., 6.], device='cuda:0")
After reduce on rank 1: tensor([2., 2., 2., 2., 2.], device='cuda:1")
After reduce on rank 2: tensor([3., 3., 3., 3., 3.], device='cuda:2")

FKfelsth, FATTRTAPAT AllReduce #fE (FEIXAMEILT, AT EEE Births) -

def example_all_reduce():
tensor = torch.tensor([dist.get_rank() + 1] * 5, dtype=torch.float32).cuda()
print(f"Before all_reduce on rank {dist.get_rank()}: {tensor}")
dist.all_reduce(tensor, op=dist.ReduceOp.SUM)
print(f"After all_reduce on rank {dist.get_rank()}: {tensor}")

init_process()
example_all_reduce()

FEIXFEOLT, G5 RAERTA T AR :

Before all_reduce on rank 0: tensor([1., 1., 1., 1., 1.1, device='cuda:0")
Before all_reduce on rank 1: tensor([2., 2., 2., 2., 2.], device='cuda:1")
Before all_reduce on rank 2: tensor([3., 3., 3., 3., 3.1, device='cuda:2")
After all_reduce on rank @: tensor([6., 6., 6., 6., 6.], device='cuda:0")
After all_reduce on rank 1: tensor([6., 6., 6., 6., 6.], device='cuda:1")

6.]

After all_reduce on rank 2: tensor([6., 6., 6., 6., , device='cuda:2")

BAEIEBATER A N — Do B E R EWZ LG T, 800 AR T2 21T
B, BAFREAEY R AL ZRAGER, Gather f1 AllGather 2FATTEIXFIB I N Z A O #
B, IEBAREE!
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5.1.2 Gather & AllGather

Gather #1 AllGather 5 Broadcast dEE AL, KB TRFE T R Bl Z IR AMER. 5
Broadcast WFEEXFITET, FMIATEMN—AT i Hay St = —1i (aka Broad-
cast), MR REA —ADROG BBEEA BRI MEEHE (aka Gather) s(TERTA T
A EWEERTE BEER MASESE (78 AllGather FUEM R), —ElTS, IEBRINES:

Gather AllGather
piel B R s ABC
Node 2 B / l Node 2 Node 2
Node 3 C l

t t+1

Node 1
(root)

Node 1 Node 1
(root) (root)

Node 2

Node 3

Node 3 Node 3

THER, RAFRRELEEIELIR EARAANEE) (RVEERFET TR L),
£ gather BAERIIBOLS, TMNFEBESE —NAERN LR, HTHERGIKE, Hli0 gather_list:

def example_gathex():
tensor = torch.tensor([dist.get_rank() + 1] * 5, dtype=torch.float32).cuda()
if dist.get_rank() ==
gather_list = [
torch.zeros (5, dtype=torch.float32).cuda()
for _ in range(dist.get_world_size())
]
else:
gather_list = None
print(f"Before gather on rank {dist.get_rank()}: {tensor}")
dist.gather(tensor, gather_list, dst=0)
if dist.get_rank() == 0:
print(f"After gather on rank @: {gather_list}")

init_process()
example_gather()

FATEE] gather_list HsLEEATAEHIA K E

Before gather on rank 0: tensor([l., 1., 1., 1., 1.], device='cuda:0")
Before gather on rank 1: tensor([2., 2., 2., 2., 2.], device='cuda:1")
Before gather on rank 2: tensor([3., 3., 3., 3., 3.1, device='cuda:2")

After gather on rank ©@: [tensor([l., 1., 1., 1., 1.], device='cuda:0"),
tensor([2., 2., 2., 2., 2.], device='cuda:0'),
tensor([3., 3., 3., 3.,

w
—

device='cuda:0")]
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ML dist.gather() B TA/E LA R E L EEE source Wi, FNES
FILIRFFERY) rank I U B R,

Xt AllGather RfAll, ME—FREBARRR BN AR E —DEERA SRR

def example_all_gather():
tensor = torch.tensor([dist.get_rank() + 1] * 5, dtype=torch.float32).cuda()
gather_list = [
torch.zeros (5, dtype=torch.float32).cuda()
for _ in range(dist.get_world_size())
]
print(f"Before all_gather on rank {dist.get_rank()}: {tensor}")
dist.all_gather(gather_list, tensor)
print(f"After all_gather on rank {dist.get_rank()}: {gather_list}")

init_process()
example_all_gather()

sz, Al ABEEIPHES DT RAE 1A EdE:

Before all_gather on rank @: tensor([1., 1., 1., 1., 1.], device='cuda:0")

Before all_gather on rank 1: tensor([2., 2., 2., 2., 2.], device="cuda:1")
Before all_gather on rank 2: tensor([3., 3., 3., 3., 3.], device='cuda:2")
After all_gather on rank @: [tensor([1., 1., 1., 1., 1.1, device='cuda:0"),
tensor([2., 2., 2., 2., 2.], device='cuda:0'),
tensor([3., 3., 3., 3., 3.1, device='cuda:0')]
After all_gather on rank 1: [tensor([1., 1., 1., 1., 1.], device='cuda:1"),
tensor([2., 2., 2., 2., 2.], device='cuda:0'),
tensor([3., 3., 3., 3., 3.], device='cuda:0')]
After all_gather on rank 2: [tensor([1., 1., 1., 1., 1.], device='cuda:2'),
tensor([2., 2., 2., 2., 2.], device='cuda:2'),
tensor([3., 3., 3., 3., 3.], device='cuda:2")]

B2 R AHEAE gather SUBMHAWE? EIXFMEM R, BITEAEEIETEHE— MR L, I
BENEZESE/MIFE, TREESE T —Lrh RIS FE? FATr] DA Scatter, BREERIEZ
[Elf# F ReduceScatter =

5.1.3 Scatter & ReduceScatter

IEMNZFRATIREREY, Scatter #IEHY HAREREBHEMN— DT R LB A HAMT & B, ©5
Broadcast #{ENE, JeFR2EHIEREM AT Slicing, F H'E¥H# B2 Gather #EH)
],

ReduceScatter SR E A R —T, 1& Reduce 180 N H#EME, ERNIAOOREEE BB
ENEI—DTR, IR HEE S AR BIATA T AL
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Scatter ReduceScatter

Node 1

X (root)
\ /;,
)

Node 1
(root)

Node 1 Node 1
(root) (root)

oL

Node 2 Node 2 Node 2 — - » v Node 2
—
\
Node 3 Node 3 Node 3 / Z Node 3
~—

gt

t t+1

Scatter #/EERIEFTNFRTT RS Gather M : FATESIREIEIE AN E D ZAIKES
K, MAREFS—NIKESIRENBIR, EREREE src:

def example_scatter():
if dist.get_rank() == 0:
scatter_list = [
torch.tensor([i + 1] * 5, dtype=torch.float32).cuda()
for i in range(dist.get_world_size())
1
print(f"Rank @: Tensor to scatter: {scatter_list}")
else:
scatter_list = None
tensor = torch.zeros(5, dtype=torch.float32).cuda()
print(f"Before scatter on rank {dist.get_rank()}: {tensor}")
dist.scatter(tensor, scatter_list, src=0)
print(f"After scatter on rank {dist.get_rank()}: {tensor}")

init_process()
example_scatter()

GER R, TIREBCH scatter_list MNBIEHER:

Rank @: Tensor to scatter: [tensor([1., 1., 1., 1., 1.], device='cuda:0'),
tensor([2., 2., 2., 2., 2.], device='cuda:0"),
tensor([3., 3., 3., 3., 3.], device='cuda:0")]

.1, device='cuda:0")

.1, device='cuda:1")

.1, device='cuda:2")

Before scatter on rank @: tensor([O0.,
Before scatter on rank 1: tensor([0.,

S © O -~
o s
S‘SS*
S‘SS*

Before scatter on rank 2: tensor([0.,
After scatter on rank @: tensor([1., 1., 1., 1., , device='cuda:0")
After scatter on rank 1: tensor([2., 2., 2., 2
After scatter on rank 2: tensor([3., 3., 3., 3.,

1.]
2.], device='cuda:1")
3.], device='cuda:2")

EBATOIEE T A B EHE R E R ReduceScatter FiZ4: HEENT AL, BRIME—- TSR
FTEEFT s HER R R ALY 2 e R EAIR (XA s EDMESR, FiAE NHERE))

def example_reduce_scatter():
rank = dist.get_rank()
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world_size = dist.get_world_size()
input_tensor = [

torch.tensor([(rank + 1) * i for i in range(1l, 3)1,

< dtype=torch.float32).cuda()**(j+1)

for j in range(world_size)

1
output_tensor = torch.zeros(2, dtype=torch.float32).cuda()
print(f"Before ReduceScatter on rank {rank}: {input_tensor}")
dist.reduce_scatter(output_tensor, input_tensor, op=dist.ReduceOp.SUM)
print(f"After ReduceScatter on rank {rank}: {output_tensor}")

init_process()
example_reduce_scatter()

LEFATHTEN— NEATAR A B, BT PAZEIE £ ReduceScatter R 55—k
BT HAN T R DN IRERERN, B MR EES TEANT RS KRR, MR

A

Before ReduceScatter on rank @: [tensor([1l., 2.], device='cuda:0'),
tensor([1., 4.], device='cuda:0"),
tensor([1., 8.], device='cuda:0")]
Before ReduceScatter on rank 1: [tensor([2., 4.], device='cuda:1'),
tensor([ 4., 16.], device='cuda:1'),
tensor([ 8., 64.], device='cuda:1')]
Before ReduceScatter on rank 2: [tensor([3., 6.], device='cuda:2'),
tensor([ 9., 36.], device='cuda:2'),
tensor([ 27., 216.], device='cuda:2')]

After ReduceScatter on rank @: tensor([ 6., 12.]1, device='cuda:0")
After ReduceScatter on rank 1: tensor([14., 56.], device='cuda:1")
After ReduceScatter on rank 2: tensor([ 36., 288.], device='cuda:2")

THEEEME — T — M WA #H ReduceScatter 1 AllGather 9 AllReduce S8i: Ring
AllReduce,

5.1.4 PudExkiE Ring AllReduce

¥JE Ring AllReduce /2 AllReduce HJ—#RFE LI, L /L ASKEE R 451, S5RrE IR
HFHEHEIEERRE (XrlfeadE s EH#), B All-Reduce A DAo i N A 5% 5l 45 1% -
ReduceScatter 1 AllGather, B T/EEFHIIR:

1. ReduceScatter
BMREHHEEE (BIUEE) 2RI, IR — 1M IRIRAER R, RN, SN
B MNES — DM EEEER— L,
LML ERZIE — D, B EX AP (D) BRRIREIR PR,
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© O RXDERRERFERSE T, BRI NEERE ORI, RN A
P B 15 & H S
2. AllGather
- BITE, BDREREM M EIE 2RI,
- REIFEE AT D R IE S DR
- BPNERRLREINR, BRI NREEE TR0, SR NMERERI7EEN,
EEERIREE,

LEFATE DA RS, A1 54 GPU, B4 GPU G KEN 5 k&, BH— 1 ahHE T
7~ I ReduceScatter 2F, &A1 GPU &z E| TRE IR DGR (BEER):

fmerit: DURPISKES g gif [, EI7 A 0 >R A5 21 B 4 A B 15 R 3

- a, by+by+bgtbytby | Ca+Co+C4+Cy dy+ds+dg egtey
- a,;+a, b, C3+Cp+Cy+Cy+Cy | dy+da+dy+d, gp+e,te,
- a,+ap+a, b,+b, Co dy+dgtdg+di+d, | €g+e,+e,+8,
- a,+ag+ay+a, b,+b,+by Ca+Cp dy B+e,+8,+8,+e;
- a,+ag+ay+ag+a, | by+b,+by+b, C3+Cy+Cy d,+dg e,

BN RPENEE/R T AllGather 8, fEMISELERES, & GPU #KHUT AllReduce #1ER
seREE R (1 S22 AllReduce=ReduceScatter + AllGather):
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i

aj+agtas+ag+a, | bo+by+by+by+by | Ca+Co+Cy+Cy | dy+dyt+dy+d,+d, |epte,+e,+80+E4
ay+ag+ay+az+ay | by+b +bytby+by | Ca+Co+Cy+Co+Cy | dy+dy+dy+d; |egtey+e +ey+e,

!

a;+agtay+as+a, | bytby+bg+b+bg | C3+Co+Cy+Co+Cy | dy+da+dy+dy+d, | €pteste+Es
a,+agtay+ay | by+b,+by+by+by | C3+Co+Cy+Co+Cy | dy+dy+dy+d,+d, |€gte e +ey+e,

g

a,+ag+a,+azta,

b,+b,+b;+b,

Cq+Co+Cy+Co+Cy

dy+dg+dg+d,+d,

ey, +8,+6,+85

&

RATREC AR S, f£ reduce-scatter f1 all-gather Z3&H, & GPU KIEMZWHE N — 1
R, B GPU Bixfekkgix K /N ME, HEh K 28EKE, Fit, 81 GPU KiEMEZER
BEIRERN 2 X (N —1) x K/N, ¥ N (GPU %) BAN, 81 GPU ZIEFBMIE
PEmsn 2XK, Hi K 2ESHEE,

XF AllReduce, WA RS TR

1. ¥ N (GPU M%&) AR, AllReduce [IEFERALN 2 X K,
2. = AllReduce #/ERT DASH#EN reduce-scatter I all-gather BN, X MEIER
BEHAZ AllReduce —, 10 Ko

EWMBAVRBEIN, RMEET R BHFEARIELT, XRScEitha] AARHIH,

WMAECE T T oA IR ER T EA B, (BAESLPRREHIEIRATE R M T R R R R R E
ZHi, RKEBEE—FIAIRME: Barrier,

5.1.5 Barrier B

Barrier ;&2 —M R HAVERIE, HTFREZPAIE TR, B2ITE T SEEIK Barrier Z#j, Barrier
REWRIR, RIGA BEAR S THE— P 101
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Barrier

|
Node 1 : Node 1
(root) I (I’OOt)
|
l
l
Node 2 ', J Node 2
[
[
|
|
Node 3 | Node 3
|
|

Barrier

FATAT USRS E DT m B E A R RERR S (B SRR AABHIEIR YT L, ARG EE Bl 18 Bar-
rier FrARHIRS[A] :

def example_barrier():
rank = dist.get_rank()
t_start = time.time()
print(f"Rank {rank} sleeps {rank} seconds.")
time.sleep(rank) # Simulate different processing times
dist.barrier()
print(f"Rank {rank} after barrier time delta: {time.time()-t_start:.4f}")

init_process()
example_barrier()

BT LB, REFS M HIRAIER, EEhFE 2 P4 sl Barrier:

Rank @ sleeps @ seconds.
Rank 1 sleeps 1 seconds.
Rank 2 sleeps 2 seconds.

Rank 0 after barrier time delta: 2.0025
Rank 1 after barrier time delta: 2.0025
Rank 2 after barrier time delta: 2.0024

2 NOHEATIX AT A T SR8, RONIZ ST TN RER H Y, PIRES RIS
BEANCHRE, fEVFZROLN, WRMIET SESHEE N — Mk, IXATEEZ Al DAY,
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RO PEIETT (AL R —MEA AT RER LG,  MIM-FHE NI R AR RYIER,
FERCTA LR AN ZRSEBLZ AT, JeR THE: NCCL 2227

5.1.6 NCCL: NVIDIA #& {50

SIEVFZ GPU _LilIgRRABIEARIN, 2 X182 NCCL! ARZft2?

BILNLBIESIES Collective Communication HIE, FH1§%] PyTorch M7 #s: HLMT
MPI (HEfLIEHEIT), A Meta i Gloo, f&/5i8H NCCL (NVIDIA £51EF%E), BAIIEE
BIEERATT RSP TIEE, (HEN R FE AR E AT Tk, NCCL iR H T HRChAR
% GPU-GPU j@fg, i MPI 1 Gloo Mi% &y CPU-CPU 8 CPU-GPU J&{5, PyTorch #2ftT
—MREFAITER [2] ROUE L TE—1:

- GPU ll%: fEH NCCL
- CPU l%k: M Gloo

5.1.7 A NiIEgEPERE S B
5.1.8 P

RN EZEME] PyTorch #1, fEN—MEHREIBIT, AT UEFBE PyTorch SR
Layer Normalization B4} torch.nn. functional.layer_norm, A /JLF/7 A DA AT L ER
D, REERJTIERTRERMEM Python AY time £, AT, HIT CUDA #{ER 51,
{5 PO AP AU I A L 246 3K Python R ZINAXRITTS, MA@ A B SRR TN H]

T RRIX A, B AR torch.cuda.Event 3K MEAT M BRI A&, 3 A
torch.cuda.synchronize() 82 MR EFEMRNEIITEN. A TFRBERETR T XM
%

def profile_pytorch(func, input):
# @& CUDA FE{FDLIREEA JE. CUDA #1EZFF M,
start = torch.cuda.Event(enable_timing=True) # Z={4r 07744 M 4]
end = torch.cuda.Event(enable_timing=True) # AT R B
# TR NHBRE —RSATHEMAH, XA R
# SRR
for _ in range(10):
func(input)
# AT B B Z B8 T I 48 A [
start.recoxd()
func(input) # P RATEESHTH B4
# 7B BT R JE TR 4 R
end.record()
# [F2F CUDA #1F, HRAITA®RIETRE BN E

torch.cuda.synchronize()
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# WHEAREHNE (EF).

return start.elapsed_time(end)

TR PERE SR T TR SRR 2 R/ 430 PyTorch Profiler, B, DA FAE:

import toxch
import torch.nn.functional as F

def pytorch_layer_norm(input):
return F.layer_norm(input, input.size()[1:])

a = torch.randn(10000, 10000).cuda()

with torch.profiler.profile(

activities=][
torch.profiler.ProfilerActivity.CPU, # 44f CPU &3l
torch.profiler.ProfilerActivity.CUDA, # 44 CUDA JE3

1,

# & XA 2R E

schedule=torch.profiler.schedule(
wait=1, # EFBONTZHMER 1 RER
warmup=3,  # #HAT 3 WENRWTH, UREHEE
active=2,  # #{T 2 REHARK AT
repeat=1,  # ¥AHWEEEL K

),

on_trace_ready=torch.profiler.tensorboard_trace_handlexr('."),

) as p:
for iter in range(10):
pytorch_layer_norm(a)
p.step()

# ITHHZ K CUDA M EIHFHC R AT R K, RHAETH 8 M&H

print(p.key_averages().table(sort_by="cuda_time_total", row_limit=8))

AT CUDA ITHEF RO SRS, i T

Nam: Self CPU % self CPU  CPU total % CPU total CPU time avg Self CUDA Self CUDA %  CUDA total CUDA time avg  # of Call:
void at::native::(anonymous namespace)::vectorized_l... ©.00% 8.600us ©.00% ©.000us ©.000us 1.734ms 66.69% 1.734ms 433.488us
ProfilerStep* 10.89% 95.972us 23.56% 207.743us 103.871us ©.000us 0.00% 866.080uUS 433.040us 2
aten::layer_norm 1.85% 9.289us 12.68% 111.771us 55.886us ©.600us ©.00% 866.080Us 433.040us 2
aten::native_layer_norm 4.76% 41.951us 11.62% 102.482us 51.241us 866.080us 33.31% 866.080US 433.040us 2
ProfilerStep* 0.00% 0.0800us 0.00% ©.000us ©.000us 866.080us 33.31% 866.080us 433.e40us 2
aten: :empty 3.73% 32.921us 3.73% 32.921us 5.487us ©.e00us ©.00% ©.000us ©.000us 6
cudalaunchKernel 2.77% 24.460us 2.77% 24.460us 12.230us ©.000us 0.00% ©.000us ©.000us 2
aten::view ©.36% 3.150us ©.36% 3.156us ©.788us ©.e00us ©.00% ©.000us ©.000us 4

Self CPU time total: 881.633us
Self CUDA time total: 2.6@@ms

{RIEA] PAZZIATE chrome: //tracing/ B EERE::
PR

GRS —MERZ TR, o] DA EELNER S FATERER, HAh, FRiEn] DIZ(E Alt §#,
(7 IR {58 BUR 22 A TR B RO AN 4 /N
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OKIE, ATRAMERE layer_norm IHR/ERARMVER B

* python (pid 1422278): CPU X
v thread 1422278 (pt_main_thre ProflerStep4. ProflerStep#5
atenayer_nom atenlayer_nom
aten:native_layer_nom aten-native_layer_nom
atenempiy sen. ate cudal aunchKemel atenvemply  ate.. ate cud
~ python (pid 0): GPU 0 X
v stream7 ‘ ProfilerStep#4
» void at natie: (anonymous namespace)-vectorized Iayer_norm kemel<foat, float>(int ioat, floa const’, flat const’, float const, foat?, flot’ loa?)

* Process Spans ]
PyTorch Profiler I PyTorch Proffe (0)

FEHIM CPU (_E3#847) JT4A, i aten: : layer_norm, AJ5#%] aten: :native_layer_norm,
/51t %] cudaLaunchKernel AHRE  Fxk A 13 A GPU,JAH vectorized_layer_norm_kernel
¥o

HR Al PUEIS Mg profile_memory &N True K8 HNEI T, HIX
ARES S EEE IR,

F SR PyTorch Profiler $24t 7 PUsMEREMEIA, {H NVIDIA Nsight Compute (ncu) #2471
BEIRAR GPU MHRelA%E, RN AT AFIAEE RN, 2Tt AR &
B

ncu --set full python layer_norm.py

IXHE) layer_norm.py BHUTEIA—LEEHIRI B SCA, tan R 2E R H Sk, (B A
751kl 15 B AR SR AT LSS R :

ncu --set full -o output python layer_norm.py

RIE#H Nsight Compute FTHF 3+ output.ncu-rep, REERIZLIT LA RHIMIE:

D outputncurep X

Result Size Time Cycles  GPU SM Frequency Process Auributes
[ current 835- vectorized_layer_norm_kemel | v | |7 |+| (10000, 1, 1)x(32,4,1) 436.61us 691,601 0-NVIDIA H10080GBHBM3 1.58 Ghz [1428776] python3.10 &
Summary Details Source Context Comments Raw Session £3 Compare _| | 3% Tools _ [@View | BExport | [ =
» GPU Speed Of Light Throughput [e)

High-level overview of the throughput for compute and memory resources of the GPU. For each unit, the throughput reports the achieved percentage of utilization with respect to the theoretical maximum. Breakdowns show the throughput for each individual sub-metric of
Compute and Memory to clearly identify the highest contributor. High-level overview of the utilization for compute and memory resources of the GPU presented as a roofline chart.

Compute (SM) Throughput [%] 24.06  Duration [us] 436.61
Memory Throughput [%] 78.13 | Elapsed Cycles [cycle] 691,601
L1/TEX Cache Throughput [%] 18.29 | SM Active Cycles [cycle] 681,720.70
L2 Cache Throughput [%] 7486 SM Frequency [Ghz] 1.58
DRAM Throughput % 78.13 | DRAM Frequency [Ghz] 261

Memory is more heavily utiized than Compute: Lok at the » Memory Workload Analysis section to identify the DRAM bottleneck. Check memory replay (coalescing) metrics to make sure you'e efficiently utilizing the bytes | @

High Memory Throughput
1, Figh Memory TRroughput 4. ferred. Also consider whether it is possible to do more work per memory access (kernel fusion) or whether there are values you can (re)compute.

Compute Bottleneck  Detect bottlenecks arising from compute capabilities Apply
Memory Bottleneck  Detect bottlenecks arising from memory capabilities Apply

The ratio of peak float (fp32) to double (fp64) performance on this device is 2:1. The kernel achieved 6% of this device's fp32 peak performance and 0% of its fp64 peak performance. See the @ Kernel Profiling Guide for more details on

© Roofline Analysis  qire analysis.

» Compute Workload Analysis (o}
Detailed analysis of the compute resources of the streaming multiprocessors (SM), including the achieved instructions per clock (IPC) and the utilization of each available pipeline. Pipelines with very high utilization might limit the overall performance.
Executed Ipc Elapsed [inst/cycle] 096 SMBusy [%] 24.36
Executed Ipc Active [inst/cycle] 097 Issue Slots Busy [%] 2436
Issued Ipc Active [inst/cycle] 097
i, Low Utilization Al compute pipelines are under-utilized. Either this kernel is very small or it doesn't issue enough warps per scheduler. Check the » Launch Statistics and » Scheduler Statistics sections for further details. ®

HAp Bt R 7T H RN R E S, DAL R ALK & R,
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5.1.9 CPP¥yE

R E M NEZ AR S E] PyTorch A, KA A PyTorch FY cpp_extension fifs
FAGRIERIZAT HE X CUDA U, XM RARF i — HFRLE . cu SUFH ORI CUDA A
#, M cpp_extension A load BRI HINZEZE] Python H,

fign, —AMEERR add PIAZRY . cu XN

#include
#include
#include

__global__ void add_kernel(float* x, float* y, float* output, int size) {
int index = blockIdx.x * blockDim.x + threadIdx.x;
if (index < size) {
output[index] = x[index] + y[index];

void add_cuda(torch::Tensor x, torch::Tensor y, torch::Tensor output) {
int threads = 1024;
int blocks = (x.size(@) + threads - 1) / threads;

add_kernel<<>>(x.data_ptr(), y.data_ptr(), output.data_ptr(), x.size(0Q));
}
PYBIND11_MODULE (TORCH_EXTENSION_NAME, m) {

m.def("add_cuda", &add_cuda, "Vector addition (CUDA)");

AN TR Python SCfF:

import toxch
from torch.utils.cpp_extension import load

# ME % CUDA ¥ &

vector_add = load(
name="vector_add",
sources=["add_kernel.cu"],
verbose=True

# EXHMNKE

size = 10000

X = torch.randn(size, device='cuda')

y = torch.randn(size, device='cuda')
output = torch.empty(size, device='cuda')

# 15417 CUDA W%
vector_add.add_cuda(x, y, output)

111



FAE  RET 5.2 HWHE LLM JIZRH AR

SERIXA %, IRAT UG Z AR RAVARKE, 8 PyTorch FIZr#rdsal NVIDIA TH RS04 HE
X CUDA Wi,

5.2 I LLM YIgr iR

EFRATT 7 LLM ISR i sus R, MR THOIe PSSR, B RS TR - AT
S R P I, BURIBRAAAE i B (LSRR, IR ETR DUS MR K/
(B, bfle ¥y 2 545, p32 4 54,

DA N — L P R A T

- WAL (Input tokens) : M T & MR, FATTAEEE seq - mbs N, HA mbs 2l
LR KD, seq BFFIKE,

- BE (BREUIRAS) (Activations (hidden states)) : XMTFEAANE, FREORSTKER AN A
seq - mbs - h M,

- FREUNEMEAE (Model weights and gradients) : #AIF & NMERE (Wit EH
M) KAA h2 AT, XEFMEERTERE, B S RENKR MR,

- AL EBIRA (Optimizer states) : W FEAMUEMER GoEMEN h?), WRIREHG
Adam XFERIRALEHE TR SAE VISR, a1 fp32 K MR Zh BT 22IR4 (21 h2),
DAR EANEEAE fp32 (h2), Hitt, SAMNEMEMEAEMILERIRASRKLIN 6 - h2,

- BRI NTEA transformer R

- BRI
* QKV #5%: 3h? 28
* B h? 28
- %A GLU ) MLP Z%{:
* Gate fll Up Proj: 8h% 2% (2 MA/NA h x 4h HIFERE)
* Down Proj: 4h? 8 (1 MKR/INA 4h x h [F5EFE)
~ BAMREESEC [ GLU MLPs Bl 1602, RERH GLU K 12h2
- XTSRRI 16h2 - num_layers (] GLU)
- WIS
* AR : vocab_size - h
% LM 3k: vocab_size - h (WIHRAEHAHRAGE)
* fIEIRA (AR max_seq_len - h

- RIAA R AT E (FLOPS): iflaf&i#n FLOPs AR FLIE HId11-4 2 - num_tokens -

num_params., RAEBHEZEEAMMG: 4 - num_tokens - num_params,

5.3 WRABEEER LN

FERFT—T AR, FlTa] MG ES A RN ZRA - EANBE AN r] LA RES, 1EFRATPAEL
PEH1T (Zero-0) N,
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5.3.1 BdEIF1T DP idifE b

FEIREIERE AN

- BRRE = 3% =~ num_layers - 1612
fER IS FE, XSRS DL Buckets (KA 25MB) HIE M TIES. &M AllReduce
S A IR A -

_ bucket_size - 2(DP — 1)
comm_bucket — DP - peak_bw

R AR, FAEMARE NCCL S [3] R AR, XEAKXEE
TR GPU Z R H B ARG % B B ARIEE B,

HmETE: Peak_bw U3 Peak Bandwidth; DP {3 DP B, n] DAfai s G 2 /b
+fEH DP,

IR AR ) T SR TR -

t =1

comm

: 4 - num_tokens - num_params

compute

peak_flops
NTERES, BAFE:

t

comm __

2. num_tokens DP peak_bw

num_params DP —1 peak_flops

<1
t

compute

XA RGBT B ER S RNNGPRES. SR NT 1N, SETUSHHREeE
=

Eo

5.3.2 Zero-3 (FSDP) i&f55r#i

T Zero-3, SEMBEELE GPU 2=, RN —NEBEENKRIN 16h% SEW
transformer HAERIFEGHE

- NTHTAE R RS transformer B
— AllGather: #4 rank 16h%/DP 575
- N REEREPRIEA transformer B
— AllGather: #4 rank 16h2/DP F7i
— ReduceScatter: %/ rank 1612/ DP i
- EBAHUENERS: 3 16h%/DP
- BAEEIEGES: 3 - num_layers - 16h2/DP 55
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AllGather RYE(SRIZ

_ 16h2 . DP —1

t
comim DP - peak_bw

— M R AR AL RR Y TR TR 2 :

: 32 -seq_len - mbs - h?

compute

peak_flops
N T AT EARE Z HHITES, RINFE:

beomm 1 DP —1 peak_flops <1

t ~ 2-seq_len - mbs - DP peak_bw T

compute

HRXANERNT 1N, N —ERSE0EE ] DERBAE SRR 25,

5.3.3 TPi@fEnh

X IKEIT (TP), AELMZEMRBIEERE GPU ZAHn Fo LB irEERE:

- THTAE RSN SISMER:
- AllGather BiEfH: &4 rank seq - mbs - h/T P 575
- T RIAEEH SN IISMER:
- ReduceScatter: &1 rank seq - mbs - h/T P 577
- WNFATEREER ZIRR. 84 transformer $UF 2 ANILIEER 2 MTEME R,
- BIHENEE: 8- seq - mbs - h/TP 575
- BB EIEE: 8 - num_layers - seq - mbs - h/T P 575

LEBAT I BATR G A DK — B R aE(E S N — BRI EES, WERIREREER

ElZ:

_seq-mbs-h-(TP—1)
comm TP - peak_bw

i F—MNEHEE (BESH A W2

t _2.36q-mb8'h2
compute " P p peak_flops

NTEMES, BAFHEEEN A NT IR :
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t

comm

TP —1 peak_flops

<1
2-h peak_bw

t

compute

XA R G RTINS AT AR R R a @ (5 R AE T — MR R 2 5. AR
&, XA HRIR TR h MIsKEFTE TP, MAZRHE R AR/,

5.3.4 PPi@fEth

XT/KEIFAT (PP), BUREMBREIERUKEM R Z A TIEE, 1@ EsR:

- ORISR R R
— BUWREIRISIEE: 2 - seq - mbs - h ¥
© N TR AUERE R RN R
- BRI IEE: 2 - seq - mbs - h 715
- /> Micro Batch HEIE(E: 4 - seq - mbs - h 7
- NTHERRPE (gas), SIEE: 4- gas - seq - mbs - h ¥

BT ERATR S 7] DAREGEE/ R EEE S R — transformer S EES, T —MNR
IKERR R transformer HAY BN A2 :

; _ 32-seq-mbs - h? - num_layers_in_next_pp

compute

peak_flops

1M P2P (&4 S a2 :

seq - mbs - h

t =
comm peak_bw
N THRES, FAIAE:
Ceomm peak_flops <1
Eeompute 32 h-num_layers_in_next_pp - peak_bw ~

5 TP 2K, XPMHRGPIIRENMER N, BBIRTREEAN h, T—DHKER B
WEEL, DARITRESHEM: P2P W RAE TR EER,

e iE: ERETR, RIS,
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[1] https://pytorch.org/docs/stable/distributed.html#torch.distributed.ReduceOp

[2] https://pytorch.org/docs/stable/distributed.html#which-backend-to-use
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