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LLM Pre-training and Beyond

GPT-1 && GPT-2

*  NLPHHIHIIZR-140 7520 CoVe. ELMo. ULMFIT. . BERT

* GPT-1 && GPT-2: Transformer LM + Large scale pre-training ==> zero-shot

o gRfEsCEe. [Migpt-1/gpt-2/CHY; IZR124M GPT-2

im.c Modded-NanoGPT

(Train-time Compute) Scaling Laws for LM, Empirically
LLM i3l 2k 2 5341 Il 25 (Distributed Training)
GPT-3 and Beyond

* I 2]

PE Y. S REdE. R TFE. SLMs ...
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https://github.com/karpathy/llm.c
https://github.com/KellerJordan/modded-nanogpt

LLMT )| Zx 2 5341 2\l Zx (Distributed Training)

o ¥4 3147 (Data Parallelism)

LLM i)l 2%

* DDP(PyTorch), Sharded Data Parallelism: DeepSpeed-ZeRO Z

* A E/{E (Distributed Communication)

o JREKEE I ZR(Mixed Precision Training)f1 & W24 1% =X “%’%ﬂ%rgi}” %

o 74T (Model Parallelism)

* 3Kk&EIF17(Tensor Parallelism, TP)

*  Vi/KZ I 4T (Pipeline Parallelism, PP)

*  F4FH47(Sequence Parallelism, SP)

* NI4T (Context Parallelism, CP)

o L% IH47(Expert Parallelism, EP)

picotron

AR ROBE
BHE AT
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LLMFV)| 252 5341 21/l Zx(Distributed Training)

o ¥4 3147 (Data Parallelism)

* DDP(PyTorch), Sharded Data Parallelism: DeepSpeed-ZeRO

* A E/{E (Distributed Communication)

o JREHEEYIZR(Mixed Precision Training) & L3 #% =X

o 74T (Model Parallelism)

* 3Kk&EIF17(Tensor Parallelism, TP)

*  Vi/KZ I 4T (Pipeline Parallelism, PP)

*  F4FH17(Sequence Parallelism, SP)

* NI4T (Context Parallelism, CP)

* LK I47(Expert Parallelism, EP) picotron
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https://arxiv.org/pdf/1812.06162

¥4% 317 (Data Parallelism)

DatalLoader

TT e

Batch Data
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Optimizer
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Batch Data
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¥3% 317 (Data Parallelism) b ] B 5 4

1. Compute the gradient of the loss function using a minibatch on each GPU.
2. Compute the mean of the gradients by inter-GPU communication.

3. Update the model.

GPU: 0 GPU:1 GPU: 2 GPU: 3
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Note: 1) model size /K, FeW H H 1)l Zx

2) Bk R HIR AL Z H M optIRZAAH [H]
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https://tech.preferred.jp/en/blog/technologies-behind-distributed-deep-learning-allreduce/

4y A 2812 (Distributed Communication)

o HXT A IEAE (Point-to-Point Communication, P2P)

i

(

o 4 /HEFEE (Collective Communication)

* JH1E A 1E (Communication Primitives): Reduce. Scatter. Gather. Broadcast. ReduceScatter

AllReduce. AllGather ...

LLM 101: —2 AT RKIEE A / Winter 2024



4y A 2B 1S (Distributed Communication)

* Reduce * Broadcast

[ al bl cl ] a2 b2 c2 ] [ a3 b3 c3 a2 b2 c2
BReduce ﬂBroadcast
sum
GPU1 GPU 2 GPU 3
GPU 1 GPU 2 GPU 3
l ] l aZIbZICZ [azlbz c2]
al bl cl | | |  |a1+a2+a3 | b1+b2+b3 | c1+c2+c3 a3 b3 c3

e ScatterfliGather

|| E=| | o

Scatter H Gather
N

a2 b2 c2
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4y A 2B 1S (Distributed Communication)

* ReduceScatter e AllGather
[allbl cl] [azrszcz a3:b3:c3 all | ] l [ 02 | ]
ﬂ ReduceScatter ﬂ AllGather
++++++++++++++++++++++++ al Ij b2 i c3 [ al 1 b2 1 c3 ]

* AllIReduce

al bl cl a2 b2 c2 a3 b3 c3

ﬂ AllReduce

++++++++++++++++++++++++++++++++++++++++++++++++++++++++++++++++++++++++
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4y A 2B 1S (Distributed Communication)

* ReduceScatter e AllGather
[allbl cl] [azrszcz a3:b3:c3 all ] l ho ] l 3
ﬂ ReduceScatter ﬂ AllGather
aaaaaaaa bl+b2+b3 cl+co+e3 al I b2 c3 [ al 1 b2 1 c3 ] [ al b2 r c3

* AllIReduce

al I bl cl ] [ a2 I b2 c2 a3 b3 c3

AllIReduce = ReduceScatter + AllGather
ﬂ AllReduce NVI DIA/“CCI

A”Reduce — P{educe + BrOadcast Optimized primitives for collective multi-GPU

communication
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4y A 2B 1S (Distributed Communication)

° Rlng(ﬂ:ﬂﬁ) AlIReduce Ring AllReduce Demo

. éﬁﬁ};erég(fﬂk)n%EI‘L%%‘??L%%;‘?HM?NI‘EHIL%FD&/.é&‘ﬁ‘%, EISSEIE vt
15

T T4 5 Ring All-reduce 50414 i
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https://rcn07hl4629u.feishu.cn/docx/UlqzdS3b9oUTamxjjRhcTfiUnf5
https://zhuanlan.zhihu.com/p/504957661

4% 317 (Data Parallelism)

GPU: 0 GPU: 1 GPU: 2 GPU: 3
A N AN A LON
N 7("\ 7 - \)\NG\ NN -0 f\\\
e /‘v\\{,—)u - 5 y\ x)—/h - 5 \,\L—)@ - o tf/_; -
RO SN0 O X
N o S d
. 1= 1=E 1RE 1RE
DistributedSampler
Optimizer Optimizer Optimizer Optimizer

(E== sl
Batch Data ~

1. Compute the gradient of the loss function using a minibatch on each GPU.
2. Compute the mean of the gradients by inter-GPU communication.

3. Update the model.
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Sharded Data Parallelism: DeepSpeed-ZeRO

o FHEIFAT(DOP) 3, 9K REAFE — I B 2200 —froptimizer R4S

o AdamfESGDIE:AH

]
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https://zhida.zhihu.com/search?content_id=202259445&content_type=Article&match_order=1&q=%E4%B8%80%E9%98%B6%E5%8A%A8%E9%87%8F&zhida_source=entity
https://zhida.zhihu.com/search?content_id=202259445&content_type=Article&match_order=1&q=%E4%BA%8C%E9%98%B6%E5%8A%A8%E9%87%8F&zhida_source=entity

Sharded Data Parallelism: DeepSpeed-ZeRO

* BEIFAT(DP)I7 R, BEIKE

o Adamr{ESGDZLAH

m; = fime_q + (1 —B1)9:

DistributedSampler

i
i

SARAFAE — I AR L S EURT — i optimizer R 7S

~, NFNZSERAERN T —alE (momentum) Fl [ 3=

=
5 ~ me ~ Ut
Ve = [oV,_1 + (1 — me = F Ve = 7
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https://zhida.zhihu.com/search?content_id=202259445&content_type=Article&match_order=1&q=%E4%B8%80%E9%98%B6%E5%8A%A8%E9%87%8F&zhida_source=entity
https://zhida.zhihu.com/search?content_id=202259445&content_type=Article&match_order=1&q=%E4%BA%8C%E9%98%B6%E5%8A%A8%E9%87%8F&zhida_source=entity

IB-E ¥ )| Z%(Mixed Precision Training)

- BF16-FP32

A . F16
[floachalfJ >AW§|gh.ts Fl;{ FWD 21 S —
° FP16_FP32 ctivations ——

F16 .
G F16 ‘ «——Weights
o FP8—BF1 6_FP32 Activation Grad BWD-Actv J&Activation (e
F16

Weight Grad  F16

Activations

P E—
BWD-WEIght F16 . _
L «——Activation Graad

h 4

the Linear operator is illustrated.

FP32 BF16 . F32 . W F32 .
Figure 6 | The overall mixed precision framework with FP8 data format. For clarification, only Master-We g htS ( F32 ) { We g ht U P d ate J -> U P d ate d Master-We 18 h ts

Figure 1: Mixed precision training iteration for a layer.
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https://arxiv.org/abs/1710.03740
https://github.com/deepseek-ai/DeepSeek-V3/blob/main/DeepSeek_V3.pdf

Data types

* FPo64, FP32, TF32, FP16, BF16, FP8, FPG6, FP4, ...

Sign Range/Exponent Precision/Mantissa

(_l)sign 5 2exponent—127 w 1.fraction N / /
o FP64 11 BITS
FP32 8 BITS
Nvidia GPU Architectures —_— Caie
Blackwell Hopper Ada Lovelace Ampere Turing
Supported FP16, FP16, FP16, FP16, FP16, FP16 5BITS
CUDA* FP32, FP64, FP32, FP64, FP32, FP64, FP32, FP64 FP32, FP64
Core precision  bfloatl6 bfloat16 bfloatl6
BF16 8 BITS
Supported FP16, FP64, FP16, FP64, FP16, FP64, FP16, FP64, FP16
Tensor bfloat16, TF32, bfloat16, TF32 bfloat16, TF32 bfloat16, TF32
Core precision FP8, FP6, FP4 FP8 FP8 FP8 E4M3 4BITS

FP8 E5SM2 4BITS

FP6 E2M3 2BITS

FP6 E3M2 3BITS

FP4 E2M1 2BITS
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https://arxiv.org/abs/2305.10947
https://en.wikipedia.org/wiki/Single-precision_floating-point_format

IB-E ¥ )| Z%(Mixed Precision Training)

- BF16-FP32

A . F16
[floachalfJ >AW§|gh.ts Fl;{ FWD 21 S —
° FP16_FP32 ctivations ——

F16 .
G F16 ‘ «——Weights
o FP8—BF1 6_FP32 Activation Grad BWD-Actv J&Activation (e
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Weight Grad  F16
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P E—
BWD-WEIght F16 . _
L «——Activation Graad

h 4

the Linear operator is illustrated.

FP32 BF16 . F32 . W F32 .
Figure 6 | The overall mixed precision framework with FP8 data format. For clarification, only Master-We g htS ( F32 ) { We g ht U P d ate J -> U P d ate d Master-We 18 h ts

Figure 1: Mixed precision training iteration for a layer.
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https://arxiv.org/abs/1710.03740
https://github.com/deepseek-ai/DeepSeek-V3/blob/main/DeepSeek_V3.pdf

Sharded Data Parallelism: DeepSpeed-ZeRO

* ZeRO(Zero Redundancy Optimizer)

Memory K=12
c 4 | W=7
gpug gpu; gPUN.-1 onsume N =64
Baseline (2+2+K)*W | 120GB
ZeRO-1 » 2@+ 2w + 527 | 31468
0s Ng
cos cos 2+ K)*x¥
ZGRO-Z Pos+g Zq‘, + Nd 16668
, (2+ 2+ K)+ W 1.9GB
/eR0O-3 0S+E+p Na

Parameters Gradients Optimizer States
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https://zhuanlan.zhihu.com/p/513571706

4% 317 (Data Parallelism)

* DDP (PyTorch)

LLM 101: —2 AT RKIEE A / Winter 2024


https://pytorch.org/docs/stable/generated/torch.nn.parallel.DistributedDataParallel.html

7 34T (Model Parallelism)

* 5Kk = IF17(Tensor Parallelism, TP)

* i/KZ 17 (Pipeline Parallelism, PP)

* F41|F17(Sequence Parallelism, SP)
e NI4T (Context Parallelism, CP)

% 347 (Expert Parallelism)
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5k & 34T (Tensor Parallelism, TP)

* FFN(MLP) sublayer
* MHSA sublayer

GPT-2

Input Embeddings (tokens,
positions, ...) & Dropout
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https://arxiv.org/abs/1909.08053

7k & 1T (Tensor Parallelism, TP)

i e e e e e e e e e e e e e

// Y = GeLU(XA) ‘\\ //’ Z = Dropout(Y B) \\

i ] | am ‘.

® FFN(MLP) SUbIayer i = | X |= XAlr:%@er;:E» Y:B; 22| = _ E
i == : i i :»-g = |Z i

° Y=GeLU(XA) i = | X |=| XA, @E@Yz ‘i:i" Y2B; &4 = - i

.. . . b ..

* Z=Dropout(YB) WL A W

Y= GeLU(X@A)

(" N
fRi&batchsize=1 @ =< \
FHIKEL =5
| W AERED = 4 A € RYx16 S
X e R5¢ Y € R5><16 < GelLU
element-wise
class f(torch.autograd.Function) :
def forward(ctx, x):
return x
[ ] | '
' . def backward(ctx, gradient):
. r Y ) all reduce (gradient)
Al ‘ | " . return gradient
reduce|  fRIZbatchsize=1 " = { \ n \
@ - - -
JPAHKEEL = 5 " .
R GERED — 4 - .
GPUO GPU1 9 PO y : \_ cPUL y, GleLU -
element-wise
[Al c R4X8,A2 c R4x8] GelLU :
X e RBP4 element-wise

[Yl c }zSXS,Yv2 c R5><8]
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https://arxiv.org/abs/1909.08053

7k & 1T (Tensor Parallelism, TP)

L e e e e e e e e e e e e

y Y = GeLU(XA)
{I
[
|
* FFN(MLP) sublayer - W
=
[
|
|
: =X = XA2
* Z=Dropout(YB) |
|
|
N A = [Ay, Ay]
Z=Dropout(Y@B)
Bl c R8><4
Zl e R5><4 — Z1+ Zy=Z € R~ —
4 ) . GPUO
: GPUO GPUO
@ = < >
@ EEEEEEEEEEEEEE — mmEm EEEEEEEEEE Reld\ll.llce """"""""" —>| Dropout
- g Dropout
5x16 .
YER Zec R alement-wise GPUO : GPU1 o GPUI GPU1
Y1 € R, Y, € R™®] Z, R |
Zi+ Zy=Z € R~
16 x4
B 6 R ‘B2 c R8><4 g
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https://arxiv.org/abs/1909.08053

5k & 317 (Tensor Parallelism)

» MHSA sublayer A SR N
* FIHZ kB ST Bk

* Jcolumn parallelfrow parallel

MultiHead(Q, K, V) = Concat(heady, ..., heady, )W °
where head; = Attention(QWiQ, K W,,;K : VWZ.V)

N o o e ——————————————————————

-

e e e e e i s — —— —— ————————————— ———— ——— — ———————

(b) Self-Attention
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https://arxiv.org/abs/1909.08053

5k & 347 (Tensor Parallelism)

* Output embedding layer

* Embedding

TR
| | I

TR/

e

GPUO

GPUl

% AllGather + softmax

GPU1

E $ AllReduce
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/K317 (Pipeline Parallelism)
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pipeline stage ™" & p, ttAlEH p 1~GPU
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rr

S

g step/iteration, EREIF LT, B 1TCGPUNENIEZEL,q = m
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FREE S 2 = D) ol

(tf+tb) m
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https://arxiv.org/pdf/1811.06965
https://arxiv.org/abs/2104.04473

/K317 (Pipeline Parallelism)

m1{activations

Loss

B i
Device 3 F. ~ B.
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Z RET/E) (pipeline bubble) t,, = (p — 1) - (t7 + t5)
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https://arxiv.org/pdf/1811.06965
https://arxiv.org/abs/2104.04473

/K317 (Pipeline Parallelism)

* J/N AT

Device 1
Device 2
Device 3
Device 4

. PipeDream-Flush schedule

1F1B

m>>0D

n H pfractivations

9 101112 n
9 1011 12“13“

Pipeline bubble /]
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Assign multiple stages
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r
e e
—
N

X P85 16273 8 4 5EAC 110112 HEW

A3 © 41051

—_
H

_—

Time

Forward Pass
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Figure 4: Default and interleaved 1F1B pipeline schedules. The top figure shows the default non-interleaved 1F1B schedule. The bottom figure
shows the interleaved 1F1B schedule, where each device is assigned multiple chunks (in this case, 2). Dark colors show the first chunk and
light colors show the second chunk. The size of the pipeline bubble is smaller (the pipeline flush happens sooner in the interleaved timeline).
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https://arxiv.org/abs/2006.09503
https://arxiv.org/abs/2104.04473

/K317 (Pipeline Parallelism)

* /N EAFHH: PipeDream-Flush schedule

H4522 2 N—model chunk

* JR/NGPUZHEIE]: Schedule with Interleaved Stages
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Figure 4: Default and interleaved 1F1B pipeline schedules. The top figure shows the default non-interleaved 1F1B schedule. The bottom figure
shows the interleaved 1F1B schedule, where each device is assigned multiple chunks (in this case, 2). Dark colors show the first chunk and

light colors show the second chunk. The size of the pipeline bubble is smaller (the pipeline flush happens sooner in the interleaved timeline). = IR B8] &5 tl_’,

Forward Pass Backward Pass

pipeline bubble A E] £ = <P—1)'£tf+tb)

nt
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 ovme(tptty) v m

The amount of communication also increases by v
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https://arxiv.org/abs/2006.09503
https://arxiv.org/abs/2104.04473

3D##17: DP + PP + TP
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FF %3847 (Sequence Parallelism, SP)

Micro Batch 1 | This || s I] | sequence || parallel ]
MicroBatch2 | [ We || are | | | Tusing JI_it |
e e e _ e o |

‘ | Devies [@ueny | [ o] [vaie | [GFF] [Foole] =
___________ |_ — — — — — —

(b) Transmitting value embeddings among devices to calculate the output of

attention layers
Figure 2: Ring Self-Attention

* K TP k&3l LayerNormAlDropout

N Vs \ ro- \ / N (R N
| | v ! | | ' |
| | [ | | o | |
Al WERGH R R
e WA H HEEEEe B EEE
Qf | ]2 = || | Q| | | P=s c =
= |
3| | Il e ! | 3 | ,
| | - | | | | |
I I I | | I I
Sequence: : Tensor : : Sequence | : Tensor | | Sequence
Parallel \  Parallel ) \ Parallel /J \ Parallel \ Parallel
_____ - D SISV N = o TR S — e O
____________ \\ //’—___________________‘ //’__—-_____—_‘
- \ /[ [
% | [ | (w)
® | : e o N | 3
=3 [= = I => == |8 (= => [ =% =8 |=
2 : | B | S : 2
3 | I | -
N | | |
| I |
G i | '
| | o
=3 |= o= —> = Nl = = & —> = '8 =
(e] | ' (XT3 = o3 | -
§ | l | —
=5 | | :
|
\ |
Sequence Parallel ,J X Tensor Parallel \ Sequence Parallel
/ e X .

e ——a—— —— — — ——— a—"" o e e e ——— ——— — —— —— — — a— — s c— ——— —— — —— — ——

LLM 101: —EA[TRKIES A / Winter 2024

LayerNorm position-wise

Dropout element-wise
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https://arxiv.org/abs/2205.05198
https://arxiv.org/abs/2105.13120

%3847 (Sequence Parallelism, SP)

L e e e e e e e e e e e e

& Y = GeLU(XA)
:/

|

: = | X = XA4; =
|

i X|[=

|

|

i =X = XA2 =
|

|

| .

L A= _A17A2]

L S p— — — oS  p— — —— g

TP + SP &

[ WJONJIAE] ] [ WJONJIART ]

Sequence Parallel ,
7

O ¥ e Sakie i S e G g s Ve "GP

— e — — — o
<

e s i s e S — — — — — ———— ——— —————

o ———— o —— —— — —— ———— — — — ——

g

|
VX

[
Nn1°5

o e DA e A O S e e, B oS P Y TS N G e K S R P S S 1, MR DL

f: ldentity in forward, AllIReduce in backward

Only TP , o
g: AllReduce in forward, ldentity in backward

Y7, Y5'] = LayerNorm([ X7, X3]),
Y = g(Yls’ st)a

-------------- (21, Z3] = [GeLU(Y A5), GeLU(Y A43)],
gqu Wy = Z!B] and W, = Z!Bj,
- (Wi, Wy | = g(Wh, Wa),

[V, V5’| = [Dropout(W7’), Dropout(W5)].

M — — — — — — — — — —

g: AllGather in forward, Reduce-Scatter in backward

g: Reduce-Scatter in forward, AllGather in backward

LLM 101: —EA[TRKIES A / Winter 2024


https://arxiv.org/abs/2205.05198
https://arxiv.org/abs/1909.08053

%3847 (Sequence Parallelism, SP)

L e e e e e e e e e e e e

y f Y = GeLU(XA)

§ = | x|=f X4, | f: Identity in forward, AllReduce in backward

| | Only TP , L

| g: AllIReduce in forward, ldentity in backward
i = | X |2 XA =

O 4[4, 4]

e s i s e S — — — — — ———— ——— —————

¥7’,Y5'] = LayerNorm([ X7, X3]),
Y = g(Yls’ st)a
------------ (21, Z3] = [GeLU(Y Af), GeLU(Y A3)],
W, = 2B} and W, = Z)B?,
(W, W3] = g(W1, Wa),
[V, V5’| = [Dropout(W7’), Dropout(W5)].

|
VX

[
Nn1°5

- I -
Sequence Parallel , X Tensor Parallel
7

Vo e — — —" o —— — Ga— a—" T s e — " e — . —— — G S— —— G — a— G

TP + SP &

g

[ WJONJIAE] ] [ WJONJIART ]

Ring AllIReduce = ReduceScatter + AllGather

g: AllGather in forward, Reduce-Scatter in backward

g: Reduce-Scatter in forward, AllGather in backward
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https://arxiv.org/abs/2205.05198
https://arxiv.org/abs/1909.08053

| F 3347 (Context Parallelism, CP)

* Another Sequence Parallelism, CP partitions the network inputs and all
activations along sequence dimension

* CP ~ Ring Attention

Transformer Layer with TP+CP

GPUO QKV I I FC1 GelU FC2

RS AG RS AG
GPU2 QKV I I FC1 GelU FC2

AG

RS AG RS AG
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https://arxiv.org/abs/2310.01889
https://docs.nvidia.com/megatron-core/developer-guide/latest/api-guide/context_parallel.html

| F 3347 (Context Parallelism, CP)

* Another Sequence Parallelism, CP partitions the network inputs and all
activations along sequence dimension

* CP ~ Ring Attention 4D Parallelism: DP, TP, PP, CP

Transformer Layer with TP+CP

GPUO QKV I I Do tp FC1 GelU FC2

RS AG RS AG
GPU2 QKV I I 2l op FC1 GelU FC2

AG

RS AG RS AG

LLM 101: —EA[TRKIES A / Winter 2024



https://arxiv.org/abs/2310.01889
https://docs.nvidia.com/megatron-core/developer-guide/latest/api-guide/context_parallel.html

X 347 (Expert Parallelism, EP)

a9

o,f/

12 K Z B IFAT

| TMoEM 1+ 5K =

LLM 101

Expert Parallelism applied on Mixture-of-Experts.

GPU 1

Expert 1

Expert 2

Expert 3

S

Router

T

Token

EP (N=3>

AT TRKIESHEA / Winter 2024

GPU 1

GPU 2

GPU 3

Expert 1

Expert 2

Expert 3

S

Router

T

Token



https://docs.nvidia.com/nemo-framework/user-guide/latest/nemotoolkit/features/parallelisms.html

