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* How to train big models on big data?

* What’s in the GPU memory during training? Recap
I. Model weights ; ii. Param gradients iii. Optim states iv. Activations |
T —

* What is the size of params / gr Im nates’?

+ What is the side of activatiors? )

A . .

 How to reduce activation qunorﬁf\' t 15 1

. ACtlvatIOIU‘ - omputatlon aka Gradient che pomtlng

* How toincreas ba"@h si:h ‘ﬂ +hvy
* Gradient accumu'l'atlon fwd / bwd ktkr S befolfe Qf)tlm -

* Canwe parallellze grad. W A

* Can we shard the optim. states, grads, and mode\-P’arams across GRPYs?

kY oy ~- 4




Command: torchrun ——nproc_per_node 2 train.py
from torch.distributed.fsdp import fully_shard, FSDPModule
model = Transformer() e«
for layer in model. layers:
fully_shard(layer)
fully_shard(model)
& =g

assert isinstance(model, Transformer)
assert isinstance(model, FSDPModule)

print(model)

# FSDPTransformer(

# (tok_embeddings): Embedding(...)

# N

# (layers): 3 x FSDPTransformerBlock(...)
# (output): Linear(...)

# )

{H
for _ in range(epochs):
u/’ x = torch.randint(@, vocab_size, (batch_size, seq_len), device=device
loss = model(x).sum()
loss.backward()
optim.step()
optim.zero_grad()




from torch.utils.data import Dataloader

hrain_loader = DataLoader(
dataset,
batch_size=32,




from torch.utils.data import Dataloader from torch.utils.data import DatalLoader, DistributedSampler

import torch.distributed as dist

ltrain_loader = DataLoader(
dataset,
batch_size=32,

dist.init_process_group("nccl")
rank = dist.get_rank()
world_size = dist.get_world_size()

train_sampler = DistributedSampler(
dataset, num_replicas=world_size, rank=rank,
shuffle=True,

)

train_loader = DatalLoader(
dataset,
batch_size=local_batch_size,
sampler=train_sampler,




&) 2% huggingface.co/docs/trl/en/sft_trainer [ L = h

personal EE 3 IBM @ A Butterfly Valley |... AloT-MLSys-LabfE... @ Why is everyone u... a The Ultra-Scale PI... » (46) How LLMs us...
[ )
DY SFTTrainer
Q. Search documentation K SFT Tralner
w221 v JleN v f(m ) () 153 smol course [N torchrunis low-level
DDPO PyTorch-native
DPO
Overview
Online DPO
GKD TRL supports the Supervised Fine-Tuning (SFT) Trainer for training language models. accelerate 1S hlgh-level
GRPO A
and automates much of the
KTO This post-training method was contributed by Younes Belkada. . .
distributed setup.
Nash-MD
ORPO Quick start
PPO
PRM This example demonstrates how to train a language model using the SETTrainer from TRL. We train a Qwen
Reward 30.6B model on the Capybara dataset, a compact, diverse multi-turn dataset to benchmark reasoning and
RLOO generalization.
SFT
lterative SFT from trl import SFTConfig, SFTTrainer
PO from datasets import load_dataset

trainer = SFTTrainer(
model="Qwen/Qwen3-0.6B",

Model Classes

Model Utilities train_dataset=1load_dataset("trl-lib/Capybara", split="train"),
Best of N Sampling )
Judges trainer.train()
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accelerate launch --config_file <path/to/acc/confi§> trl/scripts/sft.py \

--model name or path Qwen/Qwen2-0.5B\ .
——datasgt_nage El—lib/Capybara \ S FTTra | n e r
--learning rate 2.0e-5\ .

—num train epochs 1\ l/ SP 1 \ torchrgn is low-level
—-per device train batch size 2\ PyTorch-native

—-—gradient accumulation steps 8\‘/f

—--gradient checkpointing \ «— accelerateis high-level
--eos_token '<[im_end|>’\ H N'?"" and automates much of the
—-—eval strategy steps\ distributed setup.

= —
.-T
—--eval steps 100\ *
——output dir Qwen2-0.5B-SFT\ TW = & =

nttps://huggingface.co/docs/trl/en/sft_trainer

nttps://huggingface.co/docs/trl/main/en/distributing_training

https://github.com/huggingface/trl/blob/main/trl/scripts/sft.py
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* How to train big models on big data?
* What’s in the GPU memory during training? Reca P

I. Model weights ; ii. Param gradients iii. Optim states iv. Activations
* What is the size of params / grads / optim states?
* What is the size of activations?

* How to reduce activation memory?
* Activation re-computation aka Gradient checkpointing

* How to increase batch size?
e Gradient accumulation ( run fwd / bwd k times before optim.step())

* Can we parallelize grad. Accumulation?
* Can we shard the optim. states, grads, and model params across GPUs?



* How to train big models on big data?

* What’s in the GPU memory during training? Recap
I. Model weights ; ii. Param gradients iii. Optim states iv. Activations "7
* What is the size of params / grads / optim states? G1v) é
« What is the size of activations? cfn, i
* How to reduce activation memory?
* Activation re-computation aka Gradient checkpointing ]

* How to increase batch size?
e Gradient accumulation ( run fwd / bwd k times before optim.step())

* Can we parallelize grad. Accumulation?
* Can we shard the optim. states, grads, and model params across GPUs?

* Still not sufficient for big models (e.g 70B Llama). Can we
split one input sequence across GPUs?



Let us revisit activation memory
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Output Layer and Loss

Total

34 xseq *bs * h+
5 * Npegds * S€Q° * bs

| Layer Norm |
A
Transformer x L
Layer
— Add |
MLP f
| Dropout |
|
| Linear (4h—>h) |
1
I GelU I
|
| Linear (h->4h) |
. §
| Layer Norm |
ﬁ
— Add |
Attention
I Dropout I
1
| Linear (h—>h) |
1
Self Attention
A
1
| Layer Norm |
A

MLP Block 19 x seq »bs *h
D/o mask 1*seq *bs xh
Linear (4h->h) | 8 *x seq * bs *x h
GELU 8 xseq *bs xh
Linear (h->4h) | 2 * seq * bs *h

Position + Word

Embeddings and Dropout

Layer Norm 2*seq xbs *h
Attention 11 « seq » bs * h +
Block 5 * Npeads * S€G° * bs
Layer Norm 2*seq xbs xh

Yatin Nandwani

Memory for Activations

Mycr = L *

34 «seq *bs *h
_|_
5 * Mheads * Seq2 * bs

e Scales Linearly with batch size
* Quadratically with the sequence length

LLMs: Introduction & Recent Advances
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Linear (4h->h) |8 +*seq *bs *h ": N:[M ‘iﬂ
MLP Block OELL G« seq «bs +h

Linear (h ->4h)

W
« Canwe compute the.;fj'in.de,pe ddnttf 51 differemt GR

* How Wiitiisplit the v@gmﬂa N‘L } N

1. A-B=A-|By
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Column Linear
X Y Tsl € [

6 | 7 (2.1)
(4,2)
X /
0|1 W-1
> | 3 30
; @
6 | 7 (2,1)
(4, 2) (4.2)
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Column Linear T - -
X Y | 4| s © 20 140|

6|7 (2.1) 200
(4,2) (4,1)

X Y_1
01 W1 40
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1. A-B=A-[Bi By ---]=[AB, AB, --']
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Linear (4h->h) 8 xseq *bs xh

MLP Bl.OCk GELU 8+ seq *bs *h

Linear (h->4h) |2 *seq *bs *xh r/\

* Focuson ﬂre_\f“d Linea’ruliayer and om.lrons Uy

f - Inputs
e Both ndl_l neL}ronscontribLu@allthe P %
outplit ne — X Y
- ; 4. A D_‘
loe C i computatign . 18, : / 01
T ' :
o, w oy = |*] 2= —
A | Op
Gl e el h T
— g \

w:-
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- ol o
011 20 W2_0
20 | 60
2 | 3 10 80 @ | 10|30 —> .
@ 0 ‘ 40 |120 Y2
I 0 (1:2) 60 |180
20 | 40
6|7 (2.4 200
(4.2) 80 | 180
(4,2) (4,1)
= = : 140|320
X Y_1 Y2_1
1. wit 40 20 | 40 200|460
W2_1 4.2)
- @ (20|40 [—~
\ @ 100! 200
4 5 40 320
(1,2) 140280
21 460
6 | 7 (2,1) 42)
(4.2) (4.1)

Yatin Nandwani LLMs: Introduction & Recent Advances



https://www.lcs2.in/
https://home.iitd.ac.in/
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Tensor Parallelism in MLP XBlock

Y1.0 Ii 20
. ; 0 1 W1_0 o 0
* Use _to splitthe 1% layer: w2.0 e,
2 8 10 80 60 ! !
* compute different neurons on different Bl © [ 140 ind il I N2 iy o Lo
GPUs 6 |7 2,1) 200 2 60 |180 20 | 40
4h N :
« Each GPU compute — activations (42) (4 @2 | 0 [1€0
TP X Y11 Y21 1140|320
‘/ o1 w11 40 20 [40 ) |: 200|460
w2_1 '
+ Use row=linear to split the 2" layer: 23] o 12 —le [ - = L
. 40 P -
« Each GPU acts on different neurons and I —| w2 —1—
. 2,1
computes partial output °l’ - o2
. . . , (@) |
« No need to communicate the intermediate ——
activations across GPUs = reduction in ( ’kq a R
activation memory! (_'
. ‘.h..n... — ]
* Use _to communicate the loo l Yy
partial outputs | s

Yatin Nandwani
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Tensor Parallelism in MHA Block

* Parallelize different heads on different * Same as splitting K,Q,V matrices in
GPUs —i.e. along column-parallel
num attention heads dimension

GPUT / /‘ Y = SelfAttention( X ) !
Ll

—> X |[—=| Q1 W l
! SoftMax |—>| Dropout [—=X)—>| Y1
! —=>| K1

—
1
....................................................................................................
S — I
! —>| K2 '
' SoftMax |—>| Dropout [—>(X)—>| Y2 ‘
= x |[—[q2 |_1* T |
! 1
! 1
: —=| V2 '
1 ~
GPU2 .‘ > )
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Tensor Parallelism in Attention Block

* Parallelize different heads on different * Same as splitting K,Q,V matrices in
GPUs —i.e. along column-parallel
num attention heads dimension

____________________________________________ UJ jgrlﬂ -:;£ 3' 7

GPU1 / Y = SelfAttention( X )
. ) L)

Y
~0-

1
1
1
1
—>| X [—>| Q1
: SoftMax |—>| Dropout 9@9 Y1 Y1B1 Z1
! —=>| K1
1

GPU2

e e e = = e e e e e = e e e e = = = e e e e e e e e e e e e e e e = e e e

Yatin Nandwani LLMs: Introduction & Recent Advances


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

rd ™
| W
: LayerNorm ) f/""
i {

______________ A —— = —
rSelf Attention—\
™ v
[ Linear ) * . . . .
fx S / f*: all-reduce to synchronize activations

]

1. Synchronization not overlapping with computation

2. “Exposed communication” overhead is necessary
to combine partial results across tensor-parallel
ranks before the final LayerNorm can be applied.

Yatin Nandwani LLMs: Introduction & Recent Advances
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([ LayerNorm )
ey e .
Self Attention
TP i
Linear * . . . .
fx S / f*: all-reduce to synchronize activations
([ Dropout ) ﬁ
‘L .
O Dropout & LayerNorm: exactly same operations
( LayerNorm ]L replicated on exactly same data
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([ LayerNorm )
Sy gt
Self Attention
TP b
Li . . .
e L f*: all-reduce to synchronize activations
‘L .
O—— Dropout & LayerNorm: exactly same operations
[ LayerNorm | replicated on exactly same data
_____________ 4 -
(- ([ Linear M C@llm P-
( ‘L N
TP | GelW | "L f*: all-reduce to synchronize activations
v
! Linear ) M
oS e
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([ LayerNorm )
S ey eyt
Self Attention
TP i
Linear * . . .
fx S / f*: all-reduce to synchronize activations
¢ .
O—— Dropout & LayerNorm: exactly same operations
[ LayerNorm | replicated on exactly same data
aemes D )_;’
Linear )
( ’L )
TP | GelU f*: all-reduce to synchronize activations
v
! Linear ) ~
Yi Dropout: same operation on same data!
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[ LayerNorm | Dropout and LayerNorm — doing same operation
ST PPy S on same data on all TP GPUs!
Self Attention
TP ! A
! Linear ) * . . . "y x
@ . / f*: all-reduce to synchronize activations E———
¢ .
O—— Dropout & LayerNorm: exactly same operations
[ LayerNorm | replicated on exactly same data
e D )_;’
Linear )
( 'L )
TP | GelU f*: all-reduce to synchronize activations
v

Linear ~
Yi Dropout: same operation on same data!
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k La"e;N”m ) Can we parallelize dropout and LayerNorm?
rSelf Attention—\
TP i
Linear * . . .
fx S / f*: all-reduce to synchronize activations
¢ .
O—— Dropout & LayerNorm: exactly same operations
[ LayerNorm | replicated on exactly same data
aemes D )_;’
Linear )
( 'L )
TP | GelU f*: all-reduce to synchronize activations
v
! Linear ) ~
Yi Dropout: same operation on same data!
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Sequence Parallel — parallelizing dropout & LayerNorm

Total 34 «seq *bs * h +  In DP, we parallelize along the “batch dim” (bs)
5 * Npeqds * Seqz * bs

MLP Block 19 «seq *bs *h

* In TP, we parallelize along the “hidden dim” (h)

D/o mask 1+seq +bs *h * In SP, we parallelize along the input sequence
Linear (4h->h) | 8 x seq * bs * h dimension (Seq)
GELU 8 *seq xbs xh

Linear (h->4h) | 2 * seq * bs *h

Layer Norm 2*seq xbs *h

Attention 11 « seq * bs * h +
Block 5 * Mpeqds * S€G* * bs

Layer Norm | 2*seq xbs *h

Yatin Nandwani LLMs: Introduction & Recent Advances
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17 17 yl_ Gev
[ LayerNorm ) ( LayerNorm ) SP ) 3 7( L %I FT""L-— -J
R fesoaap == e S -- g (all-gather)
fSelf Attention ﬁSelf Attention h L'J )-’ »
L — | TP L =
Linear Linear y k -
R e < — — R
f — - S N bl
Dropout Dropout
v v — —
[ LayerNorm ) L LayerNorm ) ) 6\
Qe e S g (aII—gather) A
§ Linear ) . Linear ) +
~ v v
~ r N
TP GelU GelLU TP
v ¥
(" N . ™
g Linear ) Linear y
ol ——— e reduce- scatter
F A N 4 b - R ( /""""' 4\_
Dropout ropout f
\ J. J \ J. b SP 'x Mo w

v v

Yatin Nandwani LLMs: Introduction & Recent Advances



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

( X1* ] [ X2* ] b, 5/2, h Initial LayerNorm layer (SP region)
¥ V -  Inputtensors X7*and X2* (b’ s’/2h) enter, already
['-avefNOFm] E—ayeerm SP split across the sequence dimension.
! ! « Each GPU computes LayerNorm independently on
TS y2* b,s / 2, h its sequence chunk, giving Y7* and Y2*.
;\;---;;""""-‘ --------- = -~'9 (all-gather)
( vy [ v b h First transition (SP > TP)
e ’S) e goperation (all-gather) combines Y7 and Y2 back to
| Y Al Y A2 full sequence length.
e W » Restores Y (b’ s’ h) since column-linear layers need
[ Geww | [ Getu the full hidden dimension h.
g — T | — :
[ Z1* 7% b s h/2 First linear layer (TP region)
J - v ) ) 0
| * A7andAZ2 are column-linear layers, so they
( Z1B1 Z2 B2 split Y along the hidden dimension.
ET T : * GELUis applied independently on each GPU.
\[ Wi [ w2 ) b, §,h « Z1*andZ2*are (b’ s h/2).
P oo e -\---9 (reduce-scatter)
W1+ *
J L | lb,s/2,h
(—i—\ A
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| X1* \ ‘ x2* | b, 5/2, h Initial LayerNorm layer (SP region)
¥ !  Inputtensors X7*and X2* (b’ s’/2h) enter, already
['-avefNOFm] E—ayeerm SP split across the sequence dimension.
! ! « Each GPU computes LayerNorm independently on
TS y2* b,s/2,h its sequence chunk, giving Y7* and Y2*.
->----;""""-\ --------- < ---9(all-gather)
[ y B v | b h First transition (SP > TP)
/A J ’S) e goperation (all-gather) combines Y7 and Y2 back to
! v
l Y Al Y A2 full sequence length.
e W » Restores Y (b’ s’ h) since column-linear layers need
[ Geww | [ Getu the full hidden dimension h.
4 3 ~ v ~ TP A H
[ 71 _— b,s,h/2 Second linear layer (TP region)
J - v ) ) 0
|  B1and B2 are row-linear layers, so they restore the
( Z1B1 Z2 B2 hidden dimension.
R : « W1and W2 are (b’ s’ h) that need to be summed
\[ Wi m w2 ) b’ g} h together.
--------------------------- 9" (reduce-scatter)
g, ' R Final transition (TP > SP)
Wi+ WR* b S/Z h * g*operation (reduce-scatter) reduces for previous
J \_ J ) ) . o .
— row-linear correctness while scattering along the
e B SP sequence dimension.
: \ « W1*and W2*are (b’ s'/2h)

Yatin Nandwani LLMs: Introduction & Recent Advances
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Computation-communication timeline for MLP Layer

TP region (MLP) SP region

SP region

GPU Computation:

GPU Communication: /

[ )

[ ]
C]

. Synchronization not overlapping with computation
“Exposed communication” overhead is necessary to
combine partial results across tensor-parallel ranks
before the LayerNorm can be applied.

N =

Yatin Nandwani LLMs: Introduction & Recent Advances
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Tensor+Sequence Parallelism - Tradeoffs

* |ntermediate activations sharded
across GPUs.

* TP: Reduces activation memory for
matrix multiplication

* SP: Reduces activation memory for
LayerNorm & dropout

* Need to gather full activations for
LayerNorm

* |Introduces significant communication
overhead

* Introduces “exposed communication”

Throughput Scaling with TP/SP (3B Model)

B -5.0%
I 9.1%

10k

5k

Tokens/sec/GPU

Tensor Parallelism (TP)

For Sequence Length 4096

Yatin Nandwani LLMs: Introduction & Recent Advances
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Tensor+Sequence Parallelism - Tradeoffs

Throughput Scaling with TP/SP (3B Model)
1 -5.0%

* TP leverages fast NVLink interconnects within a node.
* Slower network connections across nodes results in

huge throughput drop.
) 0
S -43.4%
wn
)
C
Q
S
I_ .
0 2 4 8 16 32

Tensor Parallelism (TP)

For Sequence Length 4096

LLMs: Introduction & Recent Advances
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Tensor+Sequence Parallelism - Tradeoffs

100
N
T 80
K-
o
© 60
o
€
40
£
X
(48]
= 20
0

Maximum Batch Size per TP Value

Max Batch Size
Il Performance Drop
B Tokens/sec/GPU

40

20

| 10
2 4 8 16

Tensor Parallelism (TP)

100

32

Throughput Scaling with TP/SP (3B Model)
1 -5.0%

I-19.1%
2
9_ 10k
o -43.4%
n
@
3
Aé 5k I-41.4%
I_
0 .
2 4 8 16 32

Tensor Parallelism (TP)

For Sequence Length 4096
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Tensor+Sequence Parallelism - Limitations

1. If we scale the sequence length the * In SP, we split one sequence into chunks
activation memory will still blow up and process each chunk in parallel.
Inthe TP region * Can we do the same for MLP Layer?

* How about Attention Layer?

LLMs: Introduction & Recent Advances
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EBNECS

[LayerNorm] (LayerNorm] = ) n S

Tensor+Sequence Parall |t ,,

Y1* Y2*

1. Ifwe scale the sequence lengththe —r0———7————— 14 .
p—— — R Context Parallelism

activation memory will still blow up ” v
in the TP region — ;

LLMs: Introduction & Recent Advances
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Tensor+Sequence Parallelism - Limitations

Throughput Scaling with TP/SP (3B Model)
1. If we scale the sequence length the

activation memory will still blow up
inthe TP region
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2. Ifthe modelis too big to fit with TP=8
we will see a massive slowdown due 5k
to the inter-node connectivity.
2

B -5.0% ]

I-19.1%
|-43.4%
I-41.4%
4 8 16 32

Tensor Parallelism (TP)

Tokens/sec/GPU

* InTP, we splita“Tensor” across GPUs.
 How about splitting layers across GPUS?

Pipeline Parallelism
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Context Parallelism — partition along sequénce length
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* For MLP layers, its exactly same as SP for LayerNorm & Dropout D A,
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* |n Attention Layer, each token has to attend on every other token. '7L, — *M - - %
* But tokens in a different chunk are on a different GPU! ) apl o GRz
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Computation-communication timeline

Attention

GPU Computation: Attn(Qi, Ki, Vi) Attin(Qi, Ki+1, Vi+1) Attn(Qi, Ki+2, Vi+2) [ ]

. s F d
GPU Communication:

All-to-all (ring) implementation:
* GPUs exchange K/V pairs in a ring-like pattern, one chunk at a time.
* More memory-efficient, as each GPU only needs to store one additional chunk temporarily.

 Communication is spread out and overlapped with computation, though with some
additional base latency overhead from multiple communication steps.
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Comparing with Naive all-gather Implementation

AHention ‘ All-gather implementation ‘

GPU Computation: Attn(Qi, Ki, Vi) AHN(Qi, Ki+1, Vi+1)  Atn(Qi, Ki+2, Vi+2)

GPU Communication:

AllGather Activs

‘ All-to-all (ring) implementation

Atftention

GPU Computation: Attn(Qi, Ki, Vi) Attn(Qi, Ki+1, Vi+1) [l Atin(Qi, Ki+2, Vi+2)

[ ]

GPU Communication:
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Tensor+Sequence Parallelism - Limitations

1. If we scale the sequence length the .
activation memory will still blow up Context Parallelism

inthe TP region

* TP: Split a model across one node to tame
large models

* CP: Tame the activation explosion with long
sequences.

 TP: doesn’t scale well across nodes
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Tensor+Sequence Parallelism - Limitations
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in the TP region

Throughput Scaling with TP/SP (3B Model) * TP: Splita model across one node to tame
0% I_19 . large models

2 * CP: Tame the activation explosion with long
U
P |43.4% sequences.
g |-41.4% * TP: doesn’t scale well across nodes

) ° ° - ]

Tensor Parallelism (TP)
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