Deep Learning Optimise - Jean Zay

Les optimisations des gros modeles
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Inférence et fine-tuning

Distillation «
Quantification «

Pruning «
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Distillation

< =
Transfer
Data Set

[18, 27]
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______________ ———— St S ot el i o
| Teacher Model (pre-trained) | | Knowledge r k.

Student
Loss

Ltot — £distil (yteachera ystudent) =+ )\ECE (ytargeta ystudent)

Cross-entropy, Divergence KL, Wasserstein, ...

DistiBERT a 40% moins de paramétres, mais ne perd que 3% de performance.



Quantification

Al0O0 80 Go PCle Al00 80 Go SXM

FP&4 9,7 TFlops

FP64 Tensor Core 19,5 TFlops

FP32 19,5 TFlops

Tensor Float 32 (TF32) 156 TFlops | 312 TFlops*

BFLOATIGE Tensor Core 312 TFlops | 624 TFlops*

FP16 Tensor Core 312 TFlops | 624 TFlops*

X2

INT8 Tensor Core 624 TOPs | 1248 TOPs*



Quantisation

Il est possible de rencontrer une perte en performance



Quantification @
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Exemple d’entrainement post-quantisation
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[24, 25, 26]

The Lottery Ticket Hypothesis.

A randomly-initialized, dense neural network
contains a subnetwork that is initialized such
that—when trained in isolation—it can match
the test accuracy of the original network after
training for at most the same number of itera-
tions.
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Dense weights W
Grouping |
— I

Pruning

Les poids les plus petits sont mis a 0. Mais combien ?
Quel impact sur le temps de calcul ?




Sparse weights W

Dense weights W

Grouping

R Pruning !

N N
cad Ciz
CM M

Non-zero  log, M-bits
Sparse subnetwork mask data values indices

- ——— C—

Les Tensor Cores des NVIDIA A100 supportent une dispersion 2:4.
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Exemple de gros modele:

Vision Transformers

Transformers «
Vision Transformers «

CoAtNet «
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Vision Transformers >> Resnet-50: 25M

Rank

Maodel

CoAtNet-7

ViT-G/14

CoAtNet-6

V-MoE-15B
(Every-2)

SwinV2-G

Florence-CoSwin-H

TokenLearner L/8
(24+11)

MViT-H,512*2
(IN22K-pretrain)

Top 1
Accuracy

90.88%

90.45%

90.45%

90.35%

90.17%

90.05%

88.87%

88.8%

+ Topb
Accuracy

99.02%

Number
of
params

2440M

1843M

1470M

14700M

460M

667M

Extra
Training
Data

Paper

CoAtNet: Marrying Convolution
and Attention for All Data Sizes

Scaling Vision Transformers

CoAtNet: Marrying Convolution
and Attention for All Data Sizes

Scaling Vision with Sparse
Mixture of Experts

Swin Transformer V2: Scaling
Up Capacity and Resolution

Florence: A New Foundation
Model for Computer Vision

TokenLearner: What Can 8
Learned Tokens Do for Images
and Videos?

Improved Multiscale Vision
Transformers for Classification
and Detection

Code

Result

Year

2021

2021

2021

2021

2021

2021

2021

2021

Tags &

Transformer

| er3e |

{ Conv+Transformer ]

| JFT38 ‘
Transformer
Transformer
Transformer

Transformer

Transformer

| ImageNet-22k |

[ mvir |

Paperswithcode
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https://paperswithcode.com/sota/image-classification-on-imagenet?tag_filter=4%2C98

Le premier Transformer

[10]

Attention Is All You Need

Simple couche de réseaux de neurones

Mécanisme d’attention (encoder)
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Simple classification sur tout le
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Mécanisme d’attention (decoder)
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https://arxiv.org/abs/1706.03762




Meéecanisme d’attention (intuition)

J'ai ajoute un
avocat frais a ma
salade de pates.



BERT vs GPT

BERT (Auto-encoding) GPT (Auto-regressive)
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— ] 1 . } f 0 ! ! ! —
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Le mécanisme de Self-Attention

[10, 11]

Scaled Dot-Product Attention

Attention (Q, K, V) = softmax

Scaled Dot-Product : IH
Attention

1 i 1

Split Split Split

Linear Linear Linear

I 1 1

V K Q

walk by river bank

Input embeddings

KT
?i Vv
Veys
Queries
Scalar product
Keys
===
Scaling/
Softmax
Linear combination
cnntsxtualized embeddings
values
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Les Transformers

Transforment la
séquence entiére
(contrairement aux
CNN et aux RNN)

Possédent un nombre
conseéquent de poids

Nécessitent de gros
datasets
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Vision Transformer (ViT)

Vision Transformer (ViT)

MLP
Head

Transformer Encoder

]
I
]
I
s I
I
Transformer Encoder | :
I
e ! :
"“;f.:;eszﬁ::;'“‘@ﬁ] | e
?c%il;:]lcemﬂfilgmb Linear PI‘O]ECILOII of Flattened Patches ] :
SEE | | 1 !
: - i "'I
ﬁmu—*ll ,%MEWE |
Al o | ‘ Embedded
: Patches

e Images découpées en patch
e Patchs séquenceés avec un Position embedding

e Ajout d'un “classification token” pour réaliser la classification finale o
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CoAtNet

“Marrying Convolution and Attention for All Data Sizes”

Self-Attention Net
Global Receptive Field

Context comprehension F |
by ® ! 7
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Figure 4: Overview of the proposed CoAtNet.
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CoAtNet - Résultats
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Figure 2: Accuracy-to-FLOPs scaling curve un-  Figure 3: Accuracy-to-Params scaling curve un-
der ImageNet-1K only setting at 224x224. der ImageNet-21K = ImageNet-1K setting.
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Optimisation du Data
Parallelism

Problématiques des gros modéles «

ZeRO & Fully Sharded Data Parallelism <

22



Enormes modéles > 1 Milliard de paramétres

Q CUDA Out Of Memory

NLP Transformers

1000
g GPT-3 = o Megatron-Turing
= (175B) NLG (530B)
E 100 -
3 M LM ;
”g- egfstlraan) < Turing-NLG E)Q
2 10 o= (17.28) *Q;&/ P16 Activations
o]
= (11B) |
L
= 1 i | <- Model \ n Layers -> |
8 (1.58) FP16 Parameters
0 FP32 Parameters
T BE(§1;)L;r)ge ~x4 huge . 1 FP16 Gradients
g o1 model | FP32 Gradients
ELMo [ ] FP32 Optimizer
(94M) E———— FP16 Temporary Buffer
0.01
2018 2019 2020 2021 2022
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Empreinte mémoire

SGD sans momentum

x3
SGD avec momentum /
Adagrad x4
Adam / LAMB
X5

Sans mixed precision

| ﬁ FP32 Activations

| <- Model \ n Layers -> |

T FP32 Parameters
[ | FP32 Gradients

T FP32 Temporary Buffer

ﬁ FP32 Activations

<- Model \ n Layers -> |

_ FP32 Parameters
| FP32 Gradients

| | FP32 moment
T FP32 Temporary Buffer

| ﬁ FP32 Activations

| <- Model \ n Layers -> |
T FP32 Parameters
[ | FP32 Gradients

FP32 moment m
FP32 moment v

T FP32 Temporary Buffer

<
&
Q

Avec mixed precision

// FP16 Activations

| <- Model \ n Layers -> |

FP16 Parameters
1  FP16 Gradients

x3.5 | | FP32 Parameters

FP32 Gradients
e FP16 Temporary Buffer

f / FP16 Activations

| <- Model \ n Layers -> |

FP16 Parameters
[ 1 FP16 Gradients
FP32 moment

x4.5 FP32 Parameters

FP32 Gradients
FP16 Temporary Buffer

/ FP16 Activations

FP16 Parameters
s | FP16 Gradients

FP32 moment m
FP32 moment v
FP32 Parameters
FP32 Gradients

| ————————— FP16 Temporary Buffer
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Rappel du Distributed Data Parallelism

N

Global dataset
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ZeRO — Optimisation du data parallelism @

Memory Consumption Comm
_ i Volume
; Formulation specific Example
EPUo EPU; EPUN-1 K=12 W=7.58 N,=64
| I 1] ]
Baseline 2+2+K)+W 120GB 1x
5 2w 4 2y + 2T 1x
o5 Ny
2 == .
Stage o 4 GEEN¥ 16.6GB
Pos+g N, 1x
Stage3 » - § @2+ KW 1.9GB
Os+g+p Ny . 1.5x

m Parameters Gradients Optimizer States
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Fully Sharded Data Parallel

Load shard
From CPU if
CPU Offloaded

ALL- FORWARD FREE FULL ALL-
GATHER (LOCAL) WEIGHTS GATHER

Offload grads to
CPU if CPU
offload is enabled

A
i
REDUCE- FREEFULL [l

=== =

BACKWARD
(LOCAL)

> . UPDATE
ad  WEIGHTS
(LOCAL)

FSDP instance 1: N layers FSDP instance 1: N layers FSDP instance N: M layers
A A A
| 1 .
i i !
GATHER GATHER !
WEIGHTS WEIGHTS SYNC GRADS
(ALL_GATHER) (ALL_GATHER) (REDUCE_SCATTER)

Data

;
;
i
;
v

1
i
i
i
!
v

REDUCE- FREEFULL DSl >
SCATTER WEIGHTS - Ld it
WEIGHTS
(LOCAL)

ALL-
GATHER

FORWARD
(LOCAL)

ALL-
GATHER

BACKWARD
(LOCAL)

FREE FULL
WEIGHTS

1

A i
1 5
d FSDP instance 1: N layers FSDP instance 1: N layers ! FSDP instance N: M layers
| v
1
i Load shard model = DistributedDataParallel (model()) O@‘;ﬁ’i?g’gam
; From CPU if
! cPU Ofﬂoad:ad fsdp_model = FullyShardedDataParallel( offload is enabled

model (),

fsdp_auto_wrap_policy=default_auto_wrap_policy,

cpu_offload=CPUOffload (offload_params=True),

) 27
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TP : Fully Sharded Data Parallelism

®

o~
~ Jupyterhub
e’

Allez dans le répertoire tp_fsdp dans le répertoire Jour4 du
dépot du cours et suivez le notebook.

Limite du Data Parallelism avec Llama 3.2 3B

Implémenter le Fully Sharded Data Parallelism
Optimisation de la FSDP
Utilisation de torch.compile sur un module FSDP
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Les Paralléelismes de modeéle
pour les tres gros modeles

Pipeline parallelism <
Tensor parallelism <
Context parallelism «
Hybrid parallelism «

4D parallelism «

29



Les différents parallélismes

Data Parallelism

Pipeline Model Parallelism

Meilleur Throughput

Seule 'empreinte mémoire des activations
est distribuée

Multi Processing

Training Process
Averaged
Gradients

=

1. Read Data

(2, 3]

Training Process
Averaged
Model Gradients Gradients
Training Process
~ Averaged
Model Gradients G

. N S .~
2. Compute Model 3. Average Gradients 4. Update Model

Updates (Gradients)

Empreinte mémoire distribuée
Mono ou multi-processing

® o e o o
(R e o o
QUTPUT
e e ® o o
e @ o o o
® . O o o o
o © ® o o
| :
i 1
/- /i e—/
[ '|I |
[ ] [ ] Ao
. R HN—
I | N e
. 1



Pipeline Parallelism @

Forward — <—Backward Update

GPU 1

F B update
Model parallelism naif 1 1 pd

sur 2 GPU
GPU O F@ Bubble Bg update

Forward — <—Backward Update

GPU 1 F1 olF1 1|F1 »|F1 5lIB1 2|B1 2[Bs 1|By 6 update Model parallelism sur 2

' GPU en pipeline

GPUO  ||IFe,e[Fe,1|Fe,2[Fo,s CB/uth-D Bo,3[Bo, 2(Bo, 1|Bo, o |vweate




Pipeline Parallelism @

Synchronous pipeline : Asynchronous pipeline :
GPipe, DAPPLE PipeDream, PipeMare
e - Throughput e + Throughput
e + Memory consumption e - Memory consumption
e + Convergence e - Convergence
GPL2 Oj1])2|3|4|5|6|6|5[4]|3]2]|1]0
GPU} 0111213 ]4]|5]¢6 6|151413]2]|11]0
GPLplO|1]|2|3|4]5]6 6|5|4|13|2]1]0
(a) GP1pe ! [ Forward [] Backward
GPU3 ojoj1j1|212|3[3|4[4]|5]|5]|6]|6
GPUy 0f1 0]2|1]|3]|2|4]3|5]4]6]5 6 . A .
GPUo |l O |12 ol3l114]121513]|6l4 3 6 Startup State . Steady State
. ! (b) DAPPLE ! E ——— (2) GPipe Time -
;gcj_ 1 /- B (®) DAPFLE I Forward Pass [ | Backward Pass N ldle
(c) Memory consumption of GPUy from (a) and (b) Time

32
[4, 9]



Hybrid Parallelism

-

Intra node B
Forward — <—Backward Update
GPU3 Fso [F31 |F32 |[Fa3 [[Bss |Bs2 |Bs1 |Bsp update
Processus 1
x GPU 2 F20 |F21 |F22 |F23 B.s B22 |B21 |B2o update
x Intra node Forward — <—Backward Update
GPU 1
E F1,0 F1,1 F1,2 F1'3 B1,3 B1,2 B1,1 B1,0 update
e Processus 0
B Q X GPUO Foo |Fo1 |Fo2 |Fos Bos |Bo2 |Bo1 |Boo | |update
| S
"g -8 Data
= < i exécution D
parallelism - Model Parallelism 33




Two paradigms for model parallelism

OO0
000000

Pipeline Parallelism

QOO

Tensor Parallelism

34



Tensor Parallelism @

Linear (X) = XW

Découpage par colonne

W= (W; W) Linear (X) = (XW; XWy)

Découpage par ligne

W
W = (W:) Linear ((Xl Xz)) = X1 W1 + X2Wo

35
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Tensor Parallelism @

Linear (X) = XW

Découpage par colonne

W= (W; Wy Linear (X) = (};Wl XW3)
Découpage par ligne m GPU 1

W
W = (W:) Linear ((Xl Xz)) = X1 W1 + X2Wo

36
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Tensor Parallelism @

Linear (X) = XW

Découpage par colonne

W= (W; W) Linear (X) = (XW; XWy)
AllGather

Découpage par ligne

\"%%
W = (W:) Linear ((Xl Xz)) = X1 W1 + X2Wo
AllReduce

37
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Tensor Parallelism

[22]

L split attention heads —» {K =K. K]

= x4,

By

QH@

Z = Dropout(Y'B) ‘

xAz ® 1’383
1
! |
I
% A= [A1, A9 A
(a) MLP
g Y = Self- Antenifc;n(X)
::9

[ |
J
1]
||><
ﬂ@
:]
i
@
11
..'S

ra| Kz
L]
Q= [Ch. Q]

V=W,

B,

(b) Self-Attention

840y
ﬁgmHi
%m ::®'=>Y2'——*‘P Y2By || Za| — '

Par défaut, le tensor parallelism exige

des synchronisations a chaque couche.

En alternant coupure en lignes et
coupure en colonnes, on peut se
permettre de ne communiquer qu’une
fois toutes les deux couches denses.
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3D Parallelism

® Data Parallelism
O  Simple a implémenter
O  Meilleure performance
Device 2 O  Augmente la taille du batch (probléme de
convergence)

Tensor parallelism

&

® Pipeline Parallelism
O  Effort d'implémentation.
O  Equilibre entre mémoire, performance et
convergence.

< ® Tensor Parallelism

O  Effort important d’implémentation
O  Bonne accélération des calculs
O Bande passante trés sollicitée

Pipeline (implémentation Intra-nceud)

parallelism

Device 3

,

Data parallelism Device 4
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Context Parallelism @

Seulement pour les transformers et modéles séquentiels
Semblable au Data Parallelism dans la dimension de la séquence

Lorem ipsum dolor sit ff amet, consectetur adipiscing elit

A transformeris a [fdeep learning architecture which

I Data Parallelism _ Context Parallelism

40



4D Parallelism

high latency
® Data Parallelism
Tensor parallelism O  Simple a implémenter
A . O  Meilleure performance
Device 2 O  Augmente la taille du batch (probléme de
Device 1 convergence)
/O{ ® Pipeline Parallelism
7 B O  Effort d'implémentation.

O  Equilibre entre mémoire, performance et

Oé@ convergence.
< “F% ® Context parallelism
8K O Uniquement pour transformers

O  Seulement pour trés longues séquences

Pipeline ® Tensor Parallelism
parallelism O  Effort important d’'implémentation
O  Bonne accélération des calculs
o . ) O Bande passante trés sollicitée
Data parallelism Device 4 (implémentation Intra-nceud)

Device

low latency 41



API pour les gros modeles

Deepspeed «

Fully Sharded Data Parallel «
Megatron-LM «

Accelerate, Fabric & vLLM <«




Deepspeed

Model Scale {

Support 200B # Include DeepSpeed configuration arguments "zero_optimization": {
Toward 100 Trillion

parser = deepspeed.add_config_arguments( "stage": ,

"contiguous_gradients":
"overlap_comm": :

# Initialize DeepSpeed to use the following features "reduce_scatter": .
istri . ket_size":
Speed # 1) Distributed model “reduce_buc _size™
P # 2) DeepSpeed optimizer allgather_bucket_size":
Up to 10x faster model_engine, optimizer, _, _ = deepspeed.initialize(

args=args, model=model,
model_parameters=parameters,
optimizer=optimizer)

Scalability

. . . -b 28 -s 200 --i -size 2
Superlinear speedup for#s]%enpl)v,atig’zc);rrlr:gtﬁggmerate(data_loader). b 28 -s 200 --image-size 288
loss = model_engine(batch)

#runs backpropagation
Usab|||ty model_engine.backward(loss)

Few lines of code #weight update
changes model_engine.step()

43



Fused optimizers

Implémentations présentent dans APEX

Fusionne des kernels GPU pour économiser les opérations de lecture / écriture de
memoire

forward

backward| fi =—{ fo = /3 backward | fi =— fo ~— f3 backward backward| fi <~ fo f3

___________ . 100 94.21 =
step=r+1 forward é’ ] 8442
£ - K 80.92
= 809t —
=
5 60 .
Figure 1: (a) Data dependency graph. (b) Baseline method. (c¢) Forward-fusion. (d) ‘i’
Backward-fusion. 6, represents the trainable parameters in the layer f;. 2 40
Q 28.6D
E 21.9 T 21.9
= 200 [ B
baseline FF BF

But : accélere I'étape des optimiseurs sur GPU.

O forward E backward [ optimzer

44
[71



1-bit optimizers

10
" —— Adam
. B o 8 —— 1-bit Adam
Compressing Communication with 1-bit Adam &
o 6
c
Warmup stage | Variance update < Threshol(> Compression Stage C 4
. — ©
Training : Training = 2
(Forward/Backward 5 (Forward/Backward
Computation) . Computation) 0
0 150M 300M 450M 600M
[j D Samples
Update M tu ith
Update the model Cogl:;::::tale Update the m°del pdaLc.\r:al‘:,;‘::ndmr:rt‘:sWl ( a) S ample WiSG
* Vanance is kept constant in
1-bit Adam 10
Communicate Ll-bit Error-compensated J n g Adam
compressed Compression of 8 ——— 1-bit Adam
‘ Update Variance ‘ {Update Momentum Momentum Momentum =
o 6
£
: £ 4
Adam (original : Adam (compressed) ©
- = = 2
Time
00 35 70 105 140 175

Wall clock time (hour)

But : diminuent les communications nécessaires et donc
accélére I'étape des optimiseurs pour un modéle distribué.

(b) Time-wise

45
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Toutes les applications de Deepspeed

Distributed Training with Mixed Precision
o 16-bit mixed precision
o Single-GPU/Multi-GPU/Multi-Node
Model Parallelism
o Support for Custom Model Parallelism
o Integration with Megatron-LM
Pipeline Parallelism
o 3D Parallelism
The Zero Redundancy Optimizer (ZeRO)
o Optimizer State and Gradient Partitioning
o Activation Partitioning
o Constant Buffer Optimization
o Contiguous Memory Optimization
ZeRO-Offload
o Leverage both CPU/GPU memory for model training
o Support 10B model training on a single GPU
Ultra-fast dense transformer kernels
Sparse attention
o Memory- and compute-efficient sparse kernels
o Support 10x longer sequences than dense
o Flexible support to different sparse structures
1-bit Adam and 1-bit LAMB
o Custom communication collective
o Up to 5x communication volume saving

Additional Memory and Bandwidth Optimizations
o Smart Gradient Accumulation
o Communication/Computation Overlap
Training Features
o Simplified training API
o Gradient Clipping
o Automatic loss scaling with mixed precision
Training Optimizers
o Fused Adam optimizer and arbitrary torch.optim.Optimizer
o Memory bandwidth optimized FP16 Optimizer
o Large Batch Training with LAMB Optimizer
o Memory efficient Training with ZeRO Optimizer
o CPU-Adam
Training Agnostic Checkpointing
Advanced Parameter Search
o Learning Rate Range Test
o 1Cycle Learning Rate Schedule
Simplified Data Loader
Performance Analysis and Debugging

46


https://www.deepspeed.ai/features/#additional-memory-and-bandwidth-optimizations
https://www.deepspeed.ai/features/#training-features
https://www.deepspeed.ai/features/#training-optimizers
https://www.deepspeed.ai/features/#training-agnostic-checkpointing
https://www.deepspeed.ai/features/#advanced-parameter-search
https://www.deepspeed.ai/features/#simplified-data-loader
https://www.deepspeed.ai/features/#performance-analysis-and-debugging
https://www.deepspeed.ai/features/#distributed-training-with-mixed-precision
https://www.deepspeed.ai/features/#model-parallelism
https://www.deepspeed.ai/tutorials/pipeline/
https://www.deepspeed.ai/tutorials/zero/
https://www.deepspeed.ai/tutorials/zero-offload/
https://www.deepspeed.ai/news/2020/05/18/bert-record.html
https://www.deepspeed.ai/news/2020/09/08/sparse-attention.html
https://www.deepspeed.ai/tutorials/onebit-lamb/
https://www.deepspeed.ai/news/2020/09/08/onebit-adam-blog-post.html

Megatron-LM

Model Parallelism de GPU NVIDIA (tensor and

training de Transformer comme_GPT, BERT, et 178 | 2304 | 24 17 1 2 | 52 137 ad% 44
: . . . 3.6B 3072 30 3.6 2 64 512 138 44% 8.8

E Utlllsant Ia mlxed preCISIon 7.5B 4096 36 7.5 4 128 512 142 46% 18.2
18B 6144 40 18.4 8 256 1024 135 43% 34.6

MODEL PARALLELISM 39B 8192 48 39.1 16 512 1536 138 44% 70.8

76B 10240 60 76.1 32 1024 1792 140 45% 143.8

Comp[ementary Types of Model Parallelism 145B 12288 80 145.6 64 1536 2304 148 47% 2271

310B 16384 96 310.1 128 1920 2160 {55 50% 297.4

530B 20480 105 529.6 280 2520 2520 163 52% 410.2

1T 25600 128 1008.0 512 3072 3072 163 52% 502.0
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La colonne Model-parallel size décrit un degré de Tensor
Parallelism et de Pipeline Parallelism combinés
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Pour les nombres supérieurs a 8, un Tensor Parallelism de
taille 8 est typiquement utilisé. Ainsi, par exemple, le
modéle de 745B indique une taille de Model Parallelism
totale de 64, ce qui signifie que cette configuration a utilisé
TP=8 et PP=8.

Inter + Intra Parallelism
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Fabric & Accelerate @

huggingface/ /(.
accelerate e

#' A simple way to train and use PyTorch models
with multi-GPU, TPU, mixed-precision

srun idr_accelerate --config_file myconfig.json --zero_stage 3 train.py --1r 8.5

@ Lightning Fabric
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VLLM (Inférence des transformers)

1 slot for 2 slots future used ) 1 slot future used
generated token (reserved) External fragmentation (reserved)
Four | score | and | seven | years | ago our |fathers|brought| o 20 e = You only five
v v = v
7 KV cache states for 2038 slots never used 3 KV cache states for 507 slots never used
request A's prompt (infernal fragmentation) request B's prompt (Infernal fragmentation)
Request A Request B
current iteration current iteration

Physical KV blocks

Request Block 0 Request
A B
Block 1 | years | ago our | fathers
Logical KV blocks Block 2 of times Logical KV blocks
Block 0 | Four | score | and | seven Block 3 | brought Block 0 It was the | best
Block 1 | years | ago our | fathers |/ RBlock 4 Block1 | of | times
Block 2 | brought Block5| It was | the | best [ Block2
Block 3 Block &

Block 7 | Four | score | and | seven

Block &

11lm = LLM(model="

outputs = llm.generate(prompts, sampling params) ’I I M 49
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TP : CoAtNet-7 @

@ ( Jup@ub

e Limite du Data Parallelism avec CoAtNet

e Implémenter ZeRO
e Implementer le Pipeline Parallelism
Recherche du meilleur compromis
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