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1.1 XigERE
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Model scale (training FLOPs)
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1.2 XiGERENAERE
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1.3.1 JIGXRBIBIHEEE : AFHR
B): EFRAREEIIG—MTS0IZ (175B)84, AdamiiLEBIIREIBE S XN
2177

& B SHIRfp16EESH,  fplGEEBEFIAJamRS (fo3209iEEiS
&R, fo32—MENBIM32_MHE) , fp16WFH, fp32WFH
FRERF =175*1010* 2 +2 +4 +4 + 4)/1024% = 2600GB

B ARE) | GRNFRAEERB SRR (75%)

BMEREERESEFIA R RNEHERE, BRI ENFEENEE, FFERY
NESEDITESE/GPURIER (80G A100/H100)



1.3.2 JIGAERMRE: HERE

B (FEAEGKV100fGPT-389F0i)I14k, TEIOE, .

Table 2. Estimated training time on one NVIDIA V100 GPU.

Name #Param Dataset Size Time
GPT [ ] 110M 4GB 3 days
BERT[2]  340M 16GB 50 days
GPT-2[3]  1.5B 40GB 200 days
GPT-3 0] 175B 560GB 90 years
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2.1.1 ZIEF 1T (DP)

B ORBARNRREIET] D BIZ MRS B TR, INER)|IZRERE
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B—DEEEX
BHRGPU/tY
AllReduce:

orker) BUBE, B

Update
(local)

B FEFER, BRGPULEMF 7 —D5eRANMRE, &R
B BETFFEK, ServerEEME—MWorker#{THEEER, MTFIR T RSeAT
BRIEMES (—%BX%, /\ZEW. . )



2.1.2 s EIEH 1T (DDP)

SIIDPHER G EAIMIEER, EServer LANEREDIYE SR N Worker &
Ring-AllReduce
B Reduce-Scatter: FELRBILAIEEARS, &EE1 GPU HixB27=E
Bl SHEER—ERD
B All-Gather: ZFZIRMFULAZEISHE, =AM GPU #EEI7=E
HRISTEE
BiflE
BIRERSHWRIANA @, GPUNA N, NIBEANMER © , BMEERNANA %
REBRRGPURNR (REHsendBRE) :

« Reduce-ScatterfiE&, BHEH (N — 1)%
« All-GatherfB, EREH (N — 1)+

BEEERERD 2(N — 1)% . BENMISA, TILEMA 2 . 2ERERERN 2N

XA AIDPRIR, ERYServerfEHAVERER N® . Workersi N® , 2 REEREKRASN
2N® . SAENEERE, BRisERSIEENNEFR—EERE. DDPIEENENEHHEITE
—IZIAE MWorker &, TIDP{XitServerfEhZAoiiz T, Lk HGPUSTHEIERKRITHY
Hgs LAY, DPRYETATEIESIEMA.


https://andrew.gibiansky.com/blog/machine-learning/baidu-allreduce/

2.2.1 BB H1T (MP)

SENGPURATAEERET, — I ERNBRDNER, ERERNAENE, 88—

E&F i EI—tRGPU L

\ GPUO /

Single GPU Multi GPU with model parallel

SAGPUSPE RIS, BFHTREAERIE

Device | - Update
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Device 3 3 2 Update

Device 4 < 1 Update
Time

D Forward |:’ Backward

m
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2.2.2 MIKEFHIT

(PP)

B EEREHTHEME, H—ESINBIEHITRINE, BRE— 1 batch#HiERIS

FET 1 micro-batch, LARKEZEAIFITE

B S micro-batch 7 AITERIFRERE, REEHEERIN, e

E15%1|F/ \batch

HYIERE
Devicel [1[2|3]4 1 2 3 Update
Device 2 1(2(3]4 1 2 3 4 Update
Device 3 12134 1 2 3 4 Update
Device 4 112|3(4] 1 2 3 4 Update
Time Forward Backward Idle
B B EEEFRERmIicro-batchBIREETRE, TRk EUERE,

deviceAI AT EHKIHER

SHET
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2.2.4 PP: 1 Forward 1 Backward (1F1B)

" BIRENPEHEFEFEINAYE R R TehE A BER N
 REEETENRER, BT micro-batchFeREIRIEREZE, MEIFFRERE
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2.2.4 skEH1T (TP)

X4 Transformerspf9FE LY (Embedding, MLP, Attentlon)lxrl' &5z

BRKE, IBEREMERHTYDEIARERNGPUL
B ANEEmbedding: $word embeddingif{EIEANGPU

[wEr
o
X e 1+ X
(b, s) ;i_____o_____i (b, s, h)
WE2 AllIReduce —
HIHEEmbedding: FIIAREmMbeddingt=RE—3% Ientlon |
X | * |wer||we2| = |[Y1[|Y2|=| Y

Input Embeddings (tokens,
positions, ...) & Dropout

13



2.2.4 TP: MLP

B MLP-1: Y = GeLu(XA)
B A A=[A;,A,] XA =[XA{, XA,]
B Y =[Y,Y,] =[GeLu(XA,),GeLu(XA,)]
B MLP-2: Z = Dropout(YB)
B 27093 B =[B1,B,]" Y = [V}, 1,]
B YB = Dropout(Y;B; +Y,B,)
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2.2.4 TP: AttentionE

m ZAERN: nENLEREENLNEREDD, B8RS EINEI—IRGPUL,
e g 4R concatifd>k

E>V1' ’—f_‘u
Dl X || Q1 =3 |&] [T
— © 312 ook || 2l
E>K1|ﬂ§ s S
X || f TR :E gE>§E>Z
2173 (S| 3 S
S ST S H e clg i kg B R E
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Split attention head — { K = [Kq, K]

e {Q = [Q1, Q2] 2 Bl]
V= [V1»V2]



2.2.5 3D-Parallelism: DP+PP+TP

. IE_ I -Ijl\\\WTP I\\\lEjPP E'_gl\F (Eq:/\-H-I\ﬁ\\1’E?9
GPU-1 Rank 1
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Pipeline Parallel

dp-pp-tp-3d
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sH A J=E >
3.1 n% = *ﬁgt}"gg\
B KEREN)|GRNERES, GPUREFEHARS: Vi)
 optimizer states: Adam{itE;ZFAIMomentumFvariance G = s
o gradients: 1EEEE my = fimy_| + (1 — B1)ge
« parameters: EEISHW ve = Bour—1|+ (1 — 52)gt2
My = 1T/ti§
B FIEM&EEAp16/bf16, SHEHHHEp32 by = 11’—‘&
—] Loss 0t+1 - et — \/1%+€ mt
2 FWD _12.BWD
>[4 e i Sk .
activation(fp16) gradients(fp16) ull'ﬁ\q:lﬁﬁﬁﬁ ¥11%E’J/§5Zj(d\ )
s ] 9+4+ 2H4+ 4+4 =20bytes.
weights  gradients  Adam states
fp16
sk hran 3.Updat EAE) 4 se=BRIBERR,
] FLASRE—Mp3 28988 E
1.half
fp32 parameters

f |

momentum
variance
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3.2 BiEERENE;

B EIETERIEFEERIEFER D TR TIEEEE

SREIEHEFTEERXEHEER, BKEL—MRFINEEERITEHXLEE
HYRGE(ERFB B o & 1%
EfER=sE: BYESHE, BMIGEEFrREFETIE
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3.3 ZeRO is all you need

g SHF A B ERE AR

B AdamfIiitERIRS O RIERAZMupdateds 2 FBE!
B FHEEHITDPHEEGREREMAIReduceflupdatelt A FHE!
B RERSHWREHMforwardflbackwarddBE—zI=4 FEZ!

Zero Redundancy Optimizer: (&80T
HIFERD S, 1TESE FNEENIHREER

=]
34
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B15EIRENSH
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3.3.1 ZeRO-DP Stage 1

B P i EBIRESEN: Hoptimizer statesHRE T, THRGPULZBEHEIF—H

B B batchfIEIED A3, BRGPUSIZ—D, [« B — e
=—tforwardflbackwardfg, FE—H1EEG i | |
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3.3.2 ZeRO-DP Stage 2

B P+ RS ERESE: EH—F, HANCHEEERFF, S1GPURBHF

—HUEE (o T P ofee T | feis
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3.3.3 ZeRO-DP Stage 3

-

Pos+ P, + P, i8INS, BBESSHSE: BRGPURBEERFXIMAToptimizer
states, gradientsflparameters

Forward/Backwardiy, ¥Wi—xAll-Gather, 52|—{H=EBHW, H=RIEH
BackwardFEE—(0=EHEEG, {i—XReduce-ScatterE2 & H S4EFRVARER
PHE, REREERE, LAIEAEE CHEFRIGHE

FBE C4FRIOMG, BFHW. BFIIGZEEFERCGPURLIFESW, EILTHE
BXIWH{E(JAlIReducet(F
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3.3.4 ZeRO-DP =f#]

B K RS
m Nj GPUE
m FBaseline (fFZ=DP)tBEY,, ZeRO-DP 3/ ERF1.56ZAE NI, HREHA120£ZH9

EF

Memory k=12
Consumed | /=28
gpPu, gpu; gPUy_¢ €0 ny6a
Baseline (2+2+K)«¥ 12068
s wee K==W
Pﬂs 2W + 29 + T.r 31.4GB
wen wes (2+ K)+ W
Poste ety IS
> 2+ 2+ KW 1.9GB
OS+E+P Ve

Parameters Gradients Optimizer States



3.3.4 ZeRO-DP VS MP

B EREXRESHHITID, ZeRO-DPAIREIFHITMPRIX BIERRE?

ZeRO-DPEIRBIFH{TAIASIN, EHEFITAYSERR

= MPEIGHEN T RRERESRSSHHITHER

B REZeRORAIFFDSH, HITERNFEERESCPUNSHERGEER, H1T5%
BHtE

X3 FMPHIZEIISHIPPHIZGERENSHITP, ZeRO-DPEWBNSEIHAITEN

R (i.e. X9125KGPUFI—1~768%EHTtensor, B GPUREIN64AESERY), KFlE

PP BB/ GPU L, BRI TRESGRIEEHHE
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3.3.5 ZeRO-DP + PP + TP

" % ZeRO-DP 55 PP (LR TP) 4500, BEARSR ZeRO MR 1, RXIEHE
RESHTH H

B TAfERZeRO-DPRIMER2 (I HEE)FIMNER3 (MIDSE)ESREHT

def init (self, has_bool tensors=False, *super_args, **super_ kwargs):
super(). init (*super_args, **super_kwargs)

assert isinstance(self.module, PipelineModule), "model must base PipelineModule"

assert self.zero optimization stage() < 2, "ZeR0-2 and ZeRO-3 are incompatible with pipeline parallelism”
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3.3.6 ZeRO-CPU Offload

SRR

B BEAE, AFRE: BEFMEIALweight updatesEl#;(offload)ZEICPU L,
1B &EE2 FWD+BWDKEIGPU £

2.FWD

activation(fp16)

A
2.FWD

fp16
parameters
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4.1 Adapter-Tuning

R/ W B EERRIB AT [ SMRERIE— R, IXEFERARIEERERIR

adapter (1&fces) , FIHESHUERBRIIZGXLIERESE]
B1& Series Adapter (8817) #0 Parallel Adapter (F17)

Layer Norm

: Transformer
| Layer
Adapter

2x Feed-forward
layer

Layer Norm

Adapter
Feed-forward layer

Multi-headed
attention

ERFE: SIANEIMYTE,

. “Adapter é Y
! Layer : Add \
. [©CC0000] | ! (ﬁ ,

|
froseny hO O QOO
. i
I
I

RelLU

Nonlinearity

PLM module

J |

down-project

o~ \ 20000 —

KeXeXeXeXeXxel

(d) Parallel Adapter

Y T e e [V Y eV e e Ve e Y

RS SIS INE

29



4.2 Prefix-Tuning

-

Prefix-Tuning: EAREABININI—MESHNBESFENRERSI, BE PLM
HRTBESE, REFRRIEESH prefix

P-Tuning: FIA/VEIELER) embedding 2E{E/ prompt

AR

BB Prefix-Tuning MEAERETYI4F S SAUSIE B, RO ATFRIE THAES
HIRF
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4.3.1 LoRA

B BRSNS, (BESURETERIEKRLER (low intrinsic dimension)

B AERERENEIN— S, (M EERTYERRIE, IGRIIHREEREISE,
Rl SR 4ERBREA STHAEREEB
BikkE, BgigamEss W, € R | ep@EsmasEss:

h |
A TR

Wy + AW =W, + BA, B R¥>" A e R™** Pretr‘ained
0 Y ’ ’ Weights

Eaafkr << min(d k), W € Rexd

9T b = Woz , SRR ESZN:

X | |

h=Wyz+ AWz = Wyx + BAz = (W, + BA)z _ _
Figure 1: Our reparametriza-

B EERHS T SEALORASEIAFTRNAT tion. We only train A and 5.

B XFHAdami)llZfTransformer, ERIT/NFHEERNER FTBRAEFERL2/3,
BEAREEFEREESHINERIATS. BRI AXIMRIIIZERE

B BJ5Zero-DP 3MERESER, {£FE453KA100 80GRIE])IIZx65BRILLaMA



4.3.2 QLoRA

ETLoRAMRELHITEN : RELAR4bitiNE:, JIIZGEEEERENEIbf16/51HH1T
Iz
BEE TR NBGBEFAIGPU L AIEA65BSEHILLAMA

Full Finetuning LoRA QLoRA
(No Adapters)

sotzttimizer /\.
[ ] 0
o |
O O

(32 bit)

1]
i ol e s
~" (R A R T R

16-bit Transformer 16-bit Transformer 4-bit Transformer Paging Flow  s=fp-

., .
---------------

|
O
]
r
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5.1 KIEFEEIIGER

B Pretraining > SFT > Reward Modeling > RLHF

GPT Assistant training pipeline

Stage Pretraining Supervised Finetuning Reward Modeling Reinforcement Learning

Raw internet Demonstrations ® Comparisons @ Prompts ®
text trillions of words Ideal Assistant responses, 100K -1M comparisons - ~10K-100K prompts et
Dataset low-quality, large quantity ~10-100K (prompt, response) written by contractors written by contractors
written by contractors low quantity, high quality low quantity, high quality
low quantity, high quality

W o O o

Language modeling Language modeling Binary classification Reinforcement Learning
A|gorithm predict the next token predict the next token predict rewards consistent w generate tokens that maximize
preferences the reward

init init init from SFT
o o from 0 from o o use RM
Base model SFT model RM model RL model

1000s of GPUs 1-100 GPUs 1-100 GPUs 1-100 GPUs

months of training days of training days of training days of training

ex: GPT, LLaMA, PaLM ex: Vicuna-13B ex: ChatGPT, Claude
can deploy this model can deploy this model can deploy this model
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5.2 KRB &5 iESE

DeepSpeed: AT HmVEEIIZRHIHELR
Megatron-DeepSpeed: BLOOM, GLM-130BZFF R AIEEEIEETMegatron-
DeepSpeediy3D-Parallelismi)l|Z

Hig DeepSpeed Megatron-LM
ZeRO #iEH1T =

KEFT 2

TIKEFHT =2

BF16 {iiftes =

CUDA RASTZEREL 2

RS 2

DeepSpeedChat: SLHIZE{LChatGPTIEELAGIHZEHRLHFI

Zx

GPU SKUs OPT-1.3B OPT-6.7B OPT-13.2B OPT-30B OPT-66B OPT-175B

1x V100 32G 1.8 days

1x A6000 48G 1.1 days 5.6 days

1x A100 40G 15.4 hrs 3.4 days

1x A100 80G 11.7 hrs 1.7 days 4.9 days

8x A100 40G 2 hrs 5.7 hrs 10.8 hrs 1.85 days

8xA100 80G 1.4 hrs($45) 4.1 hrs ($132) 9 hrs ($290) 18 hrs ($580) 2.1 days ($1620)

64x A100 80G 31 minutes 51 minutes 1.25 hrs ($320) 4 hrs ($1024) 7.5 hrs ($1920) 20 hrs ($5120)


https://github.com/microsoft/DeepSpeed/tree/master
https://github.com/bigscience-workshop/Megatron-DeepSpeed
https://github.com/microsoft/DeepSpeedExamples/tree/master/applications/DeepSpeed-Chat

5.3.1 FiRXEE I

m BLOOM

{EFE59 MBS, H3500{ZtokenfIEiEEE, 3845KA100 80GHIIER3-51
fREI2%0: 300M~176B
i)l {EFAMegatron-DeepSpeediEZ2, ZeRO-DP (stage 1) + TP + PP

m LLaMA

1=EIS40: 7B 13B 33B 65B

Pretraining > SFT

ESUREBRATERAE, B8 14T tokenBIEUIESE LFAH20485K
A100 80Gill#K£921K
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5.3.2 FiRKERIZE: ChatGLM

PRGE, 7R MEREHEEChatGPT
1RESE: 6B (FRR) 130B GRAFR, ImkALIE/ LB ATRE, . )
E5E 7 GPTIIZRAI52EEAFE (Pretraining > SFT - Reward Modeling > RLHF)

GLM-130B: F{Z#8R2 ik

O 8 M ABYE, MBFARATHAIE:
O WERE: TIRUNEAREISESTRE, BiSiEg
O BAEEYE, Embedding BT ARE, Post-LN, Pre-LN &l Sandwich-LN 07
R, Dataloader RAEF TR, LI Softmax  Attention 893+ SBERE -
O TERE: FRRM%ER EEBOIGTZRER BRI
O AR, ALO0 SEBY. FRLEEN, FHE 010 B
O AP, Megatron-DeepSpeed T 3D Fik&F &Mt CUDA
kernel WEIBMR, ISSEREK. MHHE TCP ML, Element-wise SFHE

e SRR 5B6H~7A3H
Ba  EREE Sl Blind 2PaER WA RIS
R

o o o o o o pvte
20222 20223 20224 20225 2022.6 20227 )




5.4 EIRKXEEIZiH R

-

Pretraining > SFT > Reward Modeling > RLHF: ;Z%ENRChatGLM, &
L BN LS
Pretraining = SFT: BENLPXXO—5F, MIEIXERE X T5)
Fiase: FHEBLOOM/LLaMA/ChatGLM{EAEERY, EFSelf-Instructionsy
ARMGPT-43KE = FRERIPrompt FBFSFTi)I14x
B SEFINLPHuL: SERkB1{ZLLaMARYEEE)I|%R, IEFEMT{ZBLOOMAYRLHF

B RFEMMU: TaB1ZLLaMARISFTI)|IZ

@RFEMMUB T AIEEHIEA @F— wmINP, 5wy E_KER®, HGET &
BA B TEORBESERK BRI, PR—mmEmE  ROEA, REREDENHE

; AMEI, STHPAASR, £ K, BARRKLHAK . KEA
INREIXUAE SR TALERIE, DA—fglkr VORISR, BRET-—MS
B5—NE: def RHOE, BTHPESSE, FURTDVHIER, R ESEEIR

quick_sort(arr):

if len(arr) <= 1:

return arr

pivot = arrllen(arr) // 2]

left = [x for x in arr if x < pivot]
middle = [x for x in arr if x ==

pivot]

right = [x for x in arr if x >
pivot]

return quick sort(left) +
middle +
quick_sort(right)

RAIBT LB,

KEBRFRER, RBAGA, i
BSERITH LA R0 &R
8”7, BREUZ BRI EEA.
WIMEERBENES T, #3
BMRFMEE.

—H, KLRETH LE%,
BIBT —A M "D E,
g RIIE LS —MEFAY,
R RRENRY:, BE
BE"BIBESE . BA—ANER, RE
FARH, HEEZETH.

A, RARDHLEERT=
xR, DRIREE". “WHE
MBRE, AASEES, RE
—REHIN, NERE.

BT ERABEE, BATIIH
E8—RRIEAHEN.

ATHEEIRK, EAREAR
“IRTHIERRY, Zid—RETEH
8H, WMNEFERINT “RID"H
FEREFRTE, ROk, “BRT)"FHIE—
MR, ME—MPHIFNEE,
BETS RIS HURHITHE . X
MESEZ R REHEE", TIRIT
8 E—Fh iR R KEIRIN,

ERTREHFNEA, XH
KiB, MATIREBREER, Pk
HER, SRk, AAL
FHRETHEER, BRARAKE
W, NERRE. AL, STHLES
WiRH ABUNIAABIES
#8Y: 18077 ms
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