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Training Resources vs Performance

1.75 1
1.50
1.25
1.00 1

0.75 1

Training Time (Million GPU hours)

0.25 1

T T T T T T i

60 62 64 66 68 70 72 74
Performance (Commonsense Reasoning Score)

Yatin Nandwani LLMs: Introduction & Recent Advances



https://www.lcs2.in/
https://home.iitd.ac.in/

Training Resources vs Performance
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Efficient LLMs

* How to scale training?
* Data Parallelism
* Jensor Parallelism
* Context Parallelism
* Pipeline Parallelism

The Ultra-Scale Playbook:
Training LLMs on GPU Clusters

We ran over 4,000 scaling experiments on up to 512 GPUs and measured throughput (size of markers) and
GPU utilization (color of markers). Note that both are normalized per model size in this visualization.
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Inference Throughput vs Performance
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16-bit quantized
Batch Size -1
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Inference Throughput vs Performance

80 A

~J
o

u
o

Throughput (tokens/s)
ey

w
o

20 A

(*))]
o
1

e Similar performance,
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Efficient LLMs

Attention on GPT-2

* How to scale training?
Parallelism ... 1= | [ ] Matmul
SRAM: 19TB/s (20 MB) 5
Dropout
HBEM:1.5TB/s (40 GB) & -
o . . §10_ -
* Efficient implementation/ o Softmax
, DRAM: 12.8 GB/s £ :
* Flash Attention \ (>1TB) ' s5- Fused
D 4 Attenti Mask  Kernel
* FPage ention -
& Memory Hierarchy with | Matmul -_
. : 0 - =
Bandwiath:&Memory Size PyTorch FlashAttention
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Similar performance,
different throughput! How?

Efficient design -
* Grouped Query Attention
* MoE
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Efficient LLMs

Grouped-query

* How to scale training?
Parallelism ...

* Efficient implementation ‘
* Fused kernels ...

- Efficient design H M } M } M
* Grouped Query Attention : g - - /
* Mixture of Experts
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EffiCient LLMS Mixture of Experts
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The Ultra-Scale Playbook:
Training LLMs on GPU Clusters

https://huggingface.co/spaces/nanotron/ultrascale-playbook

Over 4,000 scaling experiments on up to 5712 GPUs and measured throughput (size of
markers) and GPU utilization (color of markers) - Normalized per model size in this
visualization.
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First Steps: Training on One GPU
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First Steps: Training on One GPU

./ 1. Forward Pass: pass inputs
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First Steps: Training on One GPU ? o+

* Memory usage in transformers
° I /
Modelwelghts Vs Inputs
* Model gradients

* Optimizer states / X1 .

e Activations neededto v/ }s’.
compute the gradients : ‘ N
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» Memory profile of first 4 training steps of Llama 1B
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Batch Size

* Reported in #Tokens = Batch Size Tokens = bst = bs *seq
Llama1 - batch size ~4M for 1.4T tokens; DeepSeek - batch size ~ 60M for 14T tokens

* Affects both model convergence and throughput

Small batch size:

" Noisy gradient estimates

|b Quick to compute => each step is fast
l’ More optimizer steps for fixed data

|’ May evade optima due to noisy gradients

Large batch size:

1dy Stable gradient estimates
l’ More time to compute => each step is slow
|‘ Less optimizer steps for fixed data

l‘ Arrive at better optima due to stable gradients

Yatin Nandwani
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500M -

B t h S, » 50M model
S 150M model
a C Ize o 100M+ ; 600M model
o ‘D : — power-law fit
* Training at the critical batch £ : loss=2.22, cbs=16M
. . . S 10M4 . loss=1.98, cbs=32M
size yields a near-optimal s : loss=1.77, cbs=64M
balance between training time 8 ; - - loss=1.58, cbs=128M
and data efficiency £ 1Mq
McCandlish et al. 2018, An Empirical Model 100K ‘
of Large-Batch Training 15 2.0 3.0 4.0 50

Training loss
The power-law fit : training loss vs the critical batch size; utilizing data
from models ranging from 50M to 600M in activated parameters counts.

/

Batch Size: 16M 32M 64M 128M
—
# Tokens Seen: 0 69B 790B 4700B
— Gradient update steps =2 —
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Batch Size

Towards the beginning... Towards the end...
/- Small Batch Size I@ SmallBatch Size
* Quickly move through the loss landscape Model may not converge to the most optimal
(multiple noisy gradient update steps) performance (due to noisy gradients)
I@ Large Batch Size 1(s Large Batch Size
* Accurate gradient, but slower convergence, Accurate gradient, helps in reaching optimal
potentially wasting compute performance
Batch Size: 16M 32M 64M 128M
# Tokens Seen: 0 69B 790B 4700B 10,400B

https://filecdn.minimax.chat/_Arxiv_MiniMax_01_Report.pdf G ra d i entu p d ate ste pS 9

Kaplan et al. 2020 Scaling laws for neural language models.

Yatin Nandwani LLMs: Introduction & Recent Advances



https://www.lcs2.in/
https://home.iitd.ac.in/
https://filecdn.minimax.chat/_Arxiv_MiniMax_01_Report.pdf

GB

70

60

50

40

30

20

10

Memory profile of first 4 training steps of Llama 1B

* Memory for one seq. is shooting above 50GB!
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Memory for Weights, Grads, and Optim States

e N=h*v+Lx*x(12+h*+13+h)+2+h

-— pp—
T o o
L : . :
h : hidden dimension, e N 2 % R i
. : I
v ’ VocabUlary Slze, MLP h * 4h + 4‘h + | Feed Forward
L :number of layers. Adhxh+h
Add & Norm
Layer Norm 2+*h I
Cropout
Projection h*h+h !
Multi-Head Self-Attention
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Lx

Token Emb. hxv

https://michaelwornow.net/2024/01/18/counting-params-in-transformer
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Memory for Weights, Grads, and Optim States

e N=h*v+Lx*x(12+h*+13+h)+2+h

 FP32 representation ( 4 bytes per param) e
Cropout
* Mparams = 4 * N \/ - r
° — Feed Forward
Mgrad AN Total: 16 * N bytes |
.mopt =(4‘+4‘)*N'/
Add & Norm
 Mixed precision: computation in bf16 (2 bytes); storage in FP32 ( s
° mparams = 2 % ]l\\[J [ Multi-Head Self-Attention ]
* Mgraqa =2* Total: 16 * N bytes e —]
‘Mo = (44N g

* Mparams fpsz = 4 * N] Why use.mlxed p;emsmn if total
(master weights) memory IS same:
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Memory for Weights, Grads, and Optim States

e N=h*v+Lx*x(12+h*+13+h)+2+h

* FP32 representation ( 4 bytes per param)

* Mparams = 4+ N
* Mgrga =4*N
.mopt =(4‘+4‘)*N

Total: 16 = N bytes

1. Allows us to use optimized lower
precision operations on the GPU,
which are faster

2. Reduces the activation memory

* Mixed precision: computation in bf16 (2 bytes); storage in FP32 requirements during the forward

* Mparams = 2xN
* Myrad =2x*N
.mopt =(4‘+4‘)*N

* Mparams_fp32 = 4*N
(master weights)

Total: 16 *x N bytes

pass

—

Why use mixed precision if total

memory is same?

Yatin Nandwani
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Memory for Weights, Grads, and Optim Statei\/

W @ " /
e N=h*v+Lx*x(12+h*+13+h)+2+h K y
| w @
* FP32 representation ( 4 bytes per param) vV
* Mparams = ;t* x pa:;lz*ndeet:ars Total Mem.
© Mgraa =% Total: 16 = N bytes
gy (444N y 1B 16 GB
7B 112 GB
. " e . 70B 1120 GB
* Mixed precision: computation in bf16 (2 bytes); storage in FP32 405B 6480 GB
* Mparams = 2%N
* Mgrqq =2%*N Total: 16 *x N bytes
* Mopt =@+4)*N
—

* Mparams fp3z = & * N Why use.mlxed p;e0|3|on If total
(master weights) memory IS same:

Yatin Nandwani LLMs: Introduction & Recent Advances


https://www.lcs2.in/
https://home.iitd.ac.in/

mmm |

f Self-Attention o o
] Output: Memory for Activations
Transformer xll. ,____‘H____\
Layer 1 | :/ [I:’ R \‘I
MLP f : !
== | :
| tinear (ah>h) | 1 1
[ o ] 1 /o
| Linear (h>ah) | : :
: L |
| Layer Norm | | ®f I
- : [f :
A I |
I Dro:out I I\ Q K \ ,I . 4\'
=TT - _‘ﬁ_ -~ Q, K,V input bs x ﬁp * 1
Self Attention Linear: XW QKT O( ¢ k)
t Soft - ) |
e H Softmax { n o, bs
) : Softmax d/o mask
Self-Attention
j Position + Word Input: X Prob*Values
Embeddings and Dropout

Korthikanti etal. 2022, Reducing Activation Recomputation in Large Transformer Models
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Output Layer and Loss

f Self-Attention . .
[ Output: Y Memory for Activations
Transformer xll. ,____‘H____\
La ’ \
yer L | : [|:>® — \I
MLP f : 1
[ oo ] | |
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| I
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3 . .
R B : [F ® j] : Linear Proj:
| I
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1 \ 7 A
| = | “fo--f---%- Q, K,V input 2 *seq xbs xh
Self Attention Linear: XW QKT 4 x seq * bs * h
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7'y
Self-Attention Softmax d/o mask mny;,.,4s * bs * seq * seq
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Korthikanti etal. 2022, Reducing Activation Recomputation in Large Transformer Models
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Output Layer and Loss

4 Self-Attention . .
T Output: Memory for Activations
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Output Layer and Loss

o Memory for Activations

A
Transformer wll. MLP Block
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MLP f -
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Output Layer and Loss
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Memory usage in Transformers .. .
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1500 8000
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20k

Parameters ms > 1000
. £
Gradients m= ¢ 4000 .
(]
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. . . = 5k B
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BEE ‘bo k ) = == = == [ — — — — — 0-----
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7 Sequence Sequence Sequence
— @ .l. Length Length Length
B - 4=) 000
— J b h For large numbers of input tokens (i.e., large batch sizes /
______BSguences), activations become by far the largest memory
buxden.
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Activation re-computation aka Gradient Checkpointing
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Activation re-computation aka Gradient Checkpointing

* Discard some activations during the
forward pass to save memory —> —> — —> —> —> —»> —» Model

» Spend some extra compute to

recompute these on the fly during -'( ( _,r ’I/ » Forwa rd
the backward pass. ,
: Backward
:
I
I
l
Optimization

Korthikanti etal. 2022, Reducing Activation Recomputation in Large Transformer Models
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Activation re-computation aka Gradient Checkpointing

* Discard some activations during the
forward pass to save memory —» —» —> —> —» —> —» —» Model
» Spend some extra compute to

recompute these on the fly during : : | | » Forward

the backward pass. ' ' y

Optimization

Korthikanti etal. 2022, Reducing Activation Recomputation in Large Transformer Models

Backward

Which activations to store?
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Activation re-computation aka Gradient Checkpointing

* Discard some activations during the
forward pass to save memory —> —> — —> —> —> —»> —» Model
» Spend some extra compute to

recompute these on the fly during : : | | » Forward

the backward pass. ' ' y

Backward

Which activations to store?

Q)
ﬁ
Q
Q.
®
-
r—r
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* Full: Save at the transition of layers
1& Saves most memory

I@ Most expensive — 30-40%

Optimization

Korthikanti etal. 2022, Reducing Activation Recomputation in Large Transformer Models
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Activation re-computation aka Gradient Checkpointing

* Discard some activations during the
forward pass to save memory

4U4

» Spend some extra compute to

recompute these on the fly during

—» Model

» Forward

the backward pass.

Backward

Which activations to store?

* Full: Save at the transition of layers

1& Saves most memory
I§ Most expensive — 30-40%
» Selective: Save MLP; discard a.t}‘l

70% memory reduction
2.7% compute cost

Korthikanti etal. 2022, Reducing Activation Recomputation in Large Transformer Models
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Memory usage in Transformers — 8B Model, bs =1
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How to increase batch size? — Gradient Accumulation

Forward pass
: Backward pass
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How to increase batch size? — Gradient Accumulation

1184488

................................................................................

LAAL

AL

) AAL

-

 AAL

|

"""" I

Model

Forward pass

: Backward pass

% Forward pass
i Backward pass

Gradients

iidaang —
0348448 ——

LLMs: Introduction & Recent Advances


https://www.lcs2.in/
https://home.iitd.ac.in/

How to increase batch size? — Gradient Accumulation
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How to increase batch size? — Gradient Accumulation

 Process smaller micro-batches
=T [ Model sequentially

-------------------------------------------------------------------------------- Forward pass * bs = gbs = mbs * grad_acc
i‘< '5 Backward pass :
0 O W O SO OSSO 5. Forward Dass Only one micro-batch's worth of
P | Backward pass I&F| activations gede'o bej<ept . D
‘-...<.l. ................................................... ;' Backward pass L :

i &Re ires multipl cu

D U U U D D D Gradients Of rd/. wa S Pe—)
zatio te. — 1

Optimization —
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