The Challenges of Scaling

Training Time «
Memory Footprint «
Solutions «

Energy efficiency «



Training / Inference

Training Inference
— Forward — loss — backward — update |- Forward only — much less memory

— Stores: parameters, gradients, optimizer | — Model can be compressed: quantization,

states, activations pruning, distillation...— Day 4
— Key metrics: throughput (images/s, — Key metrics: latency, throughput,
tokens/s), time to target accuracy memory (+ KV cache for LLMs)

Jean Zay: mostly training (+ evaluation), no model serving
— DLO-JZ focuses on training




Constraints of Deep Learning

Two problems to deal with

Training Time

THE #| DEEP LEARNING EXCUSE
FOR LEGITIMATELY SLACKING OFF:

GPU memory (Out Of Memory)

"MY MODEL 15 TRAINING,"

HEY! GET BACK
T0 WORK!
P,

TRAINING!

=] =2

OH. CARRY ON.

Adapted from xkcd #303

|~ (s505049) jean-zay.idris.fr — Konsole v oA
File Edit View Bookmarks Plugins Settings Help
(pytorch-gpu-2.8.0+py3.12.11) bash-5.1$ python -c "import
torch; torch.empty(25_000_000_000, device='cuda')"
Traceback (most recent call last):

File "<string>", line 1, in <module>
torch.OutOfMemoryError: CUDA out of memory. Tried to alloc
ate 93.13 GiB. GPU 0 has a total capacity of 15.77 GiB of
which 15.46 GiB is free. Including non-PyTorch memory, thi




Training Resnet-50 on Imagenet ﬁ
2017

e Goal: 14 Days

e . Clas?ification (1000 classes) 1 NVIDIA M40 GPU
i odel :

25 M parameters

" Dataset:
1.2 M l|abeled images



A Wall-clock time # GPU-hours
2017: 1 M40, 14 days — 336 GPU-h

Training Resnet-50 on Imagenet | 209209 V100, 1.2 min — 41 GPU

Sony Fuijit
Facebook T :chﬂéetlp?:}.s Preferrgd Network Tencent Neural Network h:l-.)l( Nse?
Caffe2 Teﬁsorﬂow ChainerMN TensorFlow Library (NNL)
1 hour 31 mins 15 mins 6.6 mins 2.0 mins ‘ 1.2 mins
Tesla P100 x 256 1,600 CPUs Tesla P100x 1,024 @ Tesla P40 x 2,048 Tesla V100 x 3,456 Tesla V100 x 2,048
<€ > € > €

>
2017 2018 2019 °



Fast.ai tips and engineering

bk 14 hbh |\, anyone can train
2017 Days P> 2018 Imagenet in 18 Minutes »

(on 1 GPU)
fast.ai - 2018/08/10

From fast.ai & Defense Innovation Unit (DIU) team

« 16 AWS instances x 8 V100 = 128 GPU x 18 min ~ 38 GPU-h =>~40 $

« Combination of techniques :
= progressive resizing (fast.ai)
» rectangular image validation (fast.ai) ~ A "'{‘ ‘!‘!
» NCCL/all-reduce (NVIDIA) — Day 2
= weight decay tuning (Tencent) — Day 3

Fast%i Rectangular Crop

» dynamic batch sizes (inspired by Google Brain) — Day 3

100

150

= gradual learning rate warm-up — Day 3 ~
(Goyal et al 2018, and Leslie Smith 2018) 250



https://www.fast.ai/posts/2018-08-10-fastai-diu-imagenet.html

Training Time: BLOOM ﬁ

2022

BLOM 117 Days

Goal: 1768 params 59 languag 384 A1 OO GPUS
Text Generation Foundation Model (LLM) e
Model : :{g, o
AN ||
176 B parameters ég‘i
Dataset:
366 B tokens 1.08 M GPU-hours

~ 4 x 102 FLOP




Training Time: Llama 3.1 ARRRE

2024
Llama 3.1 405B 72 Days s
Goal: upto16 384 H100 GPUs
Text Generation Foundation Model (LLM)
Model :
405 B parameters
Dataset: 30.8 M GPU-hours

15 T tokens 3.8 x 10 FLOP




Large Model (Vision)

Vision models on ImageNet
(bubble size = nb of params)

Effect of training set size
(bubble size = FLOPSs)

NASNet-A-Large
SE-ResNeXt-101(32x4d)
80 o Inoep(lon -ResNet-v2 SENeti154 ImageNet_1 K Acc.
1 et-
SE-ResNeXt- 50(32"“) Xcepllon IPathNet 98 "’““Ne‘ 181 90
SE Reset-101 @ esNet-152 x( 101(64x4d)
SE-ResNets50 _ Inception- VSgBX( 101(32’( oaNet-152
DenseNet-201@) ‘enseNe( 161 sNet-101 ResNel 152
®  Oresnet-50 @R Cafe-ResNet-101 VGG-19_BN 88
75 - DuaIPathel-Gs s ‘DenseNet-169 VGG-16_BN
lenseNet-
I ® NASNet-A-Mobile ConvNeXt
= BN-Incaption @ ResNet-34 VGG-13 BN 86 )
3 Swin Transformer
g @ MobileNet-v2 VGG-11_BN (2021) ) ConvNeXt
8 Swin Transformer
© VGG-19 84 DeiT . (2021)
- 704 ° @Restiet-18 VGG-16 ResNet el ViT
.
a MobileNet-v1 2015 (2020) (2020)
P VGG-13 82 ( ) ®
" shuffleNet VGG-11 ‘
.GoogLeNel
Diameter
88 80 e
48 16 256 GFLOPs
1M 5M 10M 50M 75M 100M  150M P
SqueezeNet-v1.1
©® squeezeNet-v1.0 78
. ImageNet-1K Trained ImageNet-22K Pre-trained
AlexNet
ConvNeXt (Liu et al. 2022)
55 +

0 5 10 15 20 25
Bianco et al. 2018 operations [G-FLOPs]

Bigger models — better accuracy
(with enough data)... but architecture matters:
VGG-16 (138M params) < ResNet-50 (25M)




@® OpenAl A Meta ¥ Anthropic % DeepSeek @ Alibaba

B Google 4 Microsoft s+ xAl # Mistral Al Others
a rg e o e ra n S o rm e rs @ Confident value = Frontier trend (yearly top-3 average)
O Speculative value (estimated / unconfirmed) ~-- Trend through all points

Training compute of LLMs Trainable parameters of LLMs

above 10%3 FLOP
F: 3 14 4
'3.6x / yr| 10
1026 - —_— S
1.7x /yr
i ‘
= = A Qe s 59x/yr GPT-4 Llama 4 Behemoth
1024 4 Llama 3.1 4058 25 %% A 4‘1’— oo - it
~ =D.A. A UZ"Q'JMQB ",4‘{5‘(" 1012 "re u Llama 3.1 4058 s e V.3'.
- ao ."Dd ARV s« Gopher 280B 2 O ogs o TOR o &
% L] Gopher 280B # “em ;“_4’? : ‘ o T P w0 Oo & % %o 489
i 1022 4 ] <o LY = ~=F s 38 !(.' s LR | 3 * WA ‘f‘ ¥ f 2% A Bk =
v |8 ¢ . 00, i % a0 o, e - By e Q4 AR b (25X yr
] B*0 ; -4 5 R+ e A
R L o . oo, ¢ 5 ot b8 G A AU
=3 og.~"" oo’ 8 10w = Cen (1, S D P sesisis ] :.&‘GF X m
g 10% 4 o o3 o " o z < - Feri :,-é’f" B APGee 8.5 *
s 2559 0 . ¢ o ) o8 325 Ng sl AT A : &
g ) A @ g o . .0—’!)’.}0. AO*}:{':: $hheuss ¢ ’
= 4 * < 2 i le) ., =T *0 AO . xlF ’
£ 17 . a OR6o81£7855 2 oo S0 @ i
: J 108 1O, 2 Cimp 4 oM ¥
100 | HCE S 2
10 A 6 4
n=789 10 n = 1437
2019 2020 2021 2022 2023 2024 2025 2026 2019 2020 2021 2022 2023 2024 2025 2026
Year (publication date) Year (publication date)
Huge models — long training times and large memory footprint:
1 B parameters =4 GB in FP32 (2 GB in BF16)
. 10
. ...weights only!
Data from epoch.ai




Large Model (Transformers)

Chinchilla Law

Parameters

1T

100B

108

1B

100M
10B

Megatron-Turing NLG (530B)

ﬁ Gopher (280B)
GPT-3 (1708)*

1e25 FLOPs
Chinchilla (70B) leddrlabs
1e23 FLOPs
122 FLOPs

le21 FLOPs

1e20 FLOPs

—— Our estimated compute-optimal scaling

100B 1T
Tokens

10T

Nprocessed tokens ~ 20 x Nparams

Time (days)

Impact

IR

10° Compute Need for Optimal Training of LLMs 10%
/./' —-— Summit ideal —— FLOPs = 120*P?
LR, Rt artdaal
/o
o 103
1024 96// Model too small
ol 107
/./
'__14___{/ Data too small
104 /./g 10?7
s/ x
,-3 5 (1T, 1.2e+26)
g GPT3: (0.175T, 3.7e+24)
1051 10° 10! 10? 10°
P (T)

Common approx. for a dense Transformer:
CompUting cost ~ 6 x Nparams X Nprocessed tokens
Computing cost ~ 120 x Nparams?

— 10x more parameters = 100x more compute

FLOPs

11



Training compute and wall-clock time

time = Compute needed (FLOP) + (FLOPI/s)

Compute needed grows with:

« model size (parameters, depth)

« data seen = dataset size x number of epochs

« input size: image resolution, sequence length (attention « L?)

= nb of GPUs x peak FLOP/s per GPU x efficiency
(efficiency < 100 %: data loading, 1/0, communications, syncs...)

How to speed up? 1) Less compute 2) Better GPUs
3) More GPUs 4) Better GPU usage « DLO-JZ

12



Batch Size & Memory Usage

N Bigger batch
Needed > GPU better filled
memory » more images/s (and fewer steps/epoch)

———————————————————————————————————

But memory grows

| ' Desired with the batch, unti...
' LT | Batch Size

// Maxh %
: . Batch Size - .
5= > 3
,,,,,,, ...it goes (b)OOM

Training acceleration

\

\

A\

Effect on convergence: not free — Day 3
13



Large inputs / long sequences

i 4= Memory Consumption (Extrapolated)

Large input data causes serious memory

<
Occupancy prOblems during training, 251,: ] " Only possible with Model Parallelism!
accentuated by the depth of the model. ™= et 3
3 ,, (CPUBroadwel (128GB) ¢
z “ Volta GPU s
- Text (N, 100, 500) ~x1 é 10 g CPU Skylake
> Image 2D (N, 224,224,3)  ~x3 I A (19268)
- Image 3D (N, 224, 224, 100, 3) ~x300 2 le®
- Video (N, 100, 224, 224, 3) ~x300 L T s e
- LLM, long context (N, 128k, 4096) ~x70 000 Input Image Size (Width X Helght) - source : HyPar-Flow

® ResNet-1k o ResNet-5k

14


https://www.ncbi.nlm.nih.gov/pmc/articles/PMC7295349/

Model Memory Occupancy

I/'\
=iy < A
WA
e % ]
@
Prediction Gradients )
Dataset Batches Forward error Backward Optimizer da

Model Parameters ﬂ ﬂ
Rule of thumb (Adam): l ’ |

4 bytes (weights) + 4 (grads)
+ 8 (optimizer) = 16 bytes / param
thus 1 billion params — 16 GB

Update

x 7 B params =112 GB > one H100
...before activations!




Activations Memory Occupancy

batch Propagation

averaged, Backpropagation > batch
. 4+
gradients

Note: For backpropagation, it is necessary to save intermediate activations.
Activation memory « batch size x input size x depth

16



Inference & evaluation

batch Propagation >

Propagation

a' = o(wla"! + b)) = o(z))

model.eval() # dropout / BatchNorm
in eval mode
with torch.inference_mode(): # no autograd graph —
activations not kept
val_outputs = model(val_images)
loss = criterion(val_outputs, val_labels)
model.train() # back to training mode

No backward

» no stored activations

» much less memory

» (bigger validation batch possible)

17



Memory Footprint

Training Inference / Evaluation
Activations
&
&
Q < Temporary Buffer
| O (transient activations, workspace, ...)
<- Model Layers -> | Q‘b

I Porameters | < Model Layers -> |
| | Gradients T Parameters

] Temporary Buffer

Small models: activations dominate
Huge models: parameters + gradients + optimizer alone can exceed GPU memory

18



System Solutions

Scale-out

Scale-up = better GPUs ; Scale-out = more GPUs

v

19



Distribution / Scale-out

Distributed Data Parallelism (DDP) - Day 2

# Mini ] |.. Weights Optimizer | GPU:0
Batch
- [EETTTTTTTPIPRRITAR
Mini
Data Sampler Batch M el rtimizert | lapy 1
PEETTRRERPRER
© Mini o -
"""""""""""" I Weights Optimizer | GPU:2
Batch i

Model Parallelism (Tensor + Pipeline) - Day 4

Tensor parallelism
-

Device 2
Device 1

Pt

&< &<

<0<

<8<
L &< @< %
@ | Pipeline

parallelism
Device 3

. .
Data parallelism Device 4

Sharded data parallelism (FSDP) - Day 4

Model Shard
All-gather L B L
Forward (local) <
b
All-gather PR
+

Backward (local)

Reduce-scatter L Bt

+ Nlayers
Update Weights locall

Data
| | Model Shard
Gather weights 5 v
e ..........;.; All-gather
L———  Forward (local)
Gather weights III??LZIZI??lﬁIIIL [
R L LL R LLEELERERIELERLEE All-gather
i v
Backward (local)
Sync Grads i
e O O Reduce-scatter
Nlayers §

Update Weights locall

Spatial/domain parallelism

o m
X '

Device Device
0 1
Split
Device Device
2 3

20



Workaround Solutions

Gradient accumulation

GPU
______ 5| MINI-BATCH 5| MINI-BATCH 5| MINI-BATCH 5| MINI-BATCH
0 I 2 3
grado | gradl ‘ grad2 | grad3 ‘

‘ GLOBAL BATCH GRADIENTS |

Time

Large effective batch with little memory
but sequential (no speed-up)

Gradient / Activation checkpointing

Forward pas:

k pt nmemo yt comp t
— —_— —_— —Q (h g adient update for this
e O O

Backward pas:

/
Checkpont O @/\/

This node is being recomputed and kept in memory
temporarily

Orange nodes
kept in memoryl comp t
lh g adient update for this

Keep only some activations,
recompute the others in backward

= +30 % compute o



A 3rd problem to deal with ...

Two problems to deal with

Training Time GPU memory (Out Of Memory)

THE #1 DEEP LEARNING EXCUSE
FOR LEGITIMATELY SLACKING OFF:

“MY MODEL IS TRAINING,"

HEY! GET BACK

Adapted from xked #303

Energy consumption

22



Power draw & energy efficiency

H100 PCle A100 PCle | A100 SXM4 | V100 PCle V100 SXM2
For a node:

Max S0 350W 700W 250W 400W 250W 300W The CPU (often 2

e 30W W 30W SOW 20w 50 processors) consumes
- - 8 - - - S what approximately 1
x3.5 x4 x1.75 x2 x0.9 x1 GPU consumes.
V100 SXM2)
A100 SXM4 GPU
Throughput & Power Energy per Image (Ratio)
800D A s bt
03 _,-*”. 175 172.8
e el 350 2 400 \ - Bigger batch — more watts...
8 / £ S| N but even more images/s
S 25001 S Bl Nwe e s e wer | e Batch 32 — 1024:
£ 2000 ra 0§ 3 L. = 45 % less energy per image
Euol S/ g « A fully used GPU is the most
/l - 200 L
1000{ /7 R . energy-efficient
.l -m- GPUPower (W) | 150
3I2 6I4 158 25I6 5:;.2 10‘24 2OI48 B 3I2 6l4 158 2!’;6 5:;.2 10I24 20l48

Batch Size Batch Size 23



Energy Consumption / GPU-hours

Energy Saving

GPU-hours Saving

System optimization (DLO-JZ)

Maximize throughput (without
losing accuracy)

Remove GPU idle time (e.g.
waiting for data)

Use the right number of GPUs:
neither too many nor too few

24



Energy Consumption / GPU-hours

Introducing:
CEEMS

=
8

Dashboards

Home > Dashboards

Compute Node:

Aggregate Metrics

SLURM Job Metrics

The following metrics are aggreg;

Average Utilization (%)

Energy Consumption
(kWh)

Equivalent Emissions
(gms)

> CPU Stats

CPU
CPU Memory
GPU
GPU Memory
Host
GPU
Total

Emission Electricity
Factor Maps

Host
GPU

Total

Job Details README

Following table

Job Attribute
ID
Name
Account
Partition
QoS
Submit Time
- physical CPU cores are
Elchan t s
End Time
Elapsed Time
State TIMEOUT

Nodelist jean-zay-iam05

> CPU Performance Stats (Available only when CEEMS_ENABLE_PERF_EVENTS=1env var is set in the job)

v GPU Stats

Job GPU Utilization

> GPU Profiling Stats

Job GPU Memory Utilization

Job GPU Power Usage

%. Note that only
en estimating CPU




Energy Consumption / GPU-hours

Energy Saving

GPU-hours Saving

System optimization (DLO-JZ)

Maximize throughput (without
losing accuracy)

Remove GPU idle time (e.g.
waiting for data)

Use the right number of GPUs:
neither too many nor too few

26



Energy Consumption / GPU-hours

More FLOP

per watt v

Scale-up

B200
186GB

H100
80GB |

A100 -
40GB

Scale-out

Communication overhead
— more GPU-hours X

27



ML Perf Result - Scaling

Faster Wall-Clock Time (Speedup)

Training Time (minutes)

MLPerf Training v6.0 — Blackwell Cluster Scaling

4
MLPerf”

® DeepSeek-V3
. | ® DLRM-dcnv2
10% 4 ® FLUX.1
® GPT-0SS 20B
g . ® Llama 2 70B LoRA
1034 ‘\\\ ® Llama 3.1 8B
E S~ ® Llama 3.1 405B
102 .
101-:
E x 1.96
100 .
10714 o
10—2 .
10—3 .

100 10! 102 103 104
Number of GPUs (# GPU)

Dashed = ideal scaling - Solid = measured - Gap = wasted GPU-hours
(best case: vendor-optimized code)

28



ML Perf Result - Scaling 7/

MLPerf”

Optimizations fall into four major categories:

A. Low-Precision Numerics & 2nd-Gen Transformer Engine

- FP8 Mixed-Precision Training (E4M3 & E5M2)

- Block-Level Dynamic Scaling

- Tensor Memory Accelerator (TMA) & Asynchronous Warp Specialization

B. 5D Distributed Parallelism & Hybrid Schedules

1. NVLink-5 Domain Tensor Parallelism (TP):

2. Zero-Bubble Pipeline Parallelism (ZB-PP):

3. Dual-Pipe Expert Parallelism (EP) for MoEs:

4. Context Parallelism (CP):

5. Fully Sharded Data Parallelism (ZeRO-3 / FSDP):

C. Model-Specific Algorithmic & Kernel Breakthroughs

D. In-Network Collective Acceleration
- SHARP (Scalable Hierarchical Aggregation and Reduction Protocol)

- CUDA Graphs
29



ML Perf Result - Scaling

Faster Wall-Clock Time (Speedup)

Training Time (minutes)

MLPerf Training v6.0 — Blackwell Cluster Scaling

4
MLPerf”

® DeepSeek-V3
. | ® DLRM-dcnv2
10% 4 ® FLUX.1
® GPT-0SS 20B
g . ® Llama 2 70B LoRA
1034 ‘\\\ ® Llama 3.1 8B
E S~ ® Llama 3.1 405B
102 .
101-:
E x 1.96
100 .
10714 o
10—2 .
10—3 .

100 10! 102 103 104
Number of GPUs (# GPU)

Dashed = ideal scaling - Solid = measured - Gap = wasted GPU-hours
(best case: vendor-optimized code)
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Energy : Methodology

Methodology: avoid unnecessary trainings

1.Reuse hyperparameters from publications
(reproduce the state of the art)

2. Tune on small models, then scale up

3.0nly then: automatic HPO (— Day 4)

31



