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def

def

(

(nn.Module):

, vocab_size, hidden_dim, num_layers):

super().__init__ ()
.embed = nn.Embedding(vocab_size, hidden_dim)

.layers =

nn.ModulelList([

TransformerLayer(hidden_dim)
for _ in range(num_layers)

1)
.1m_head

( :

= nn.Linear(hidden_dim, vocab_size)

input_idsj:

X = .embed(input_ids)

for layer in

.layers:

x = layer(x)

logits =
return logits
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LLMs: Introduction and Recent Advances

Training Loop

hmport torch
model = ToyLM(vocab_size, hidden_dim, num_layers)
optimizer = torch.optim.AdamW(model.parameters())

for input_ids, labels in dataloader:
logits = model(input_ids)
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Training Loop

hmport torch
model = ToyLM(vocab_size, hidden_dim, num_layers)
optimizer = torch.optim.AdamW(model.parameters())

for input_ids, labels in dataloader:
logits = model(input_ids)
loss = F.cross_entropy(
logits.view(-1, vocab_size),
labels.view(-1)
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Training Loop

5 for input_ids, labels in dataloader:
logits = model(input_ids)
loss = F.cross_entropy/(
logits.view(-1, vocab_size),

labels.view(-1)

)
loss.backward()

optimizer.step()
optimizer.zero_grad()

Forward Pass

¢ , 1nput_ids):

= .embed(input_ids)

for layer in .layers:
x = layer(x)

logits = .1m_head(x)
return logits
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Inference Training Loop

import torch 5 for input_ids, labels in dataloader:

logits = model(input_ids)
loss = F.cross_entropy/(
logits.view(-1, vocab_size),

def (model, input_string):
input_ids = tokenizer.encode(input_string)

labels.view(-1)

)
loss.backward()

optimizer.step()
optimizer.zero_grad()

Forward Pass

¢ , 1nput_ids):

= .embed(input_ids)

for layer in .layers:
x = layer(x)

logits = .1m_head(x)
return logits
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Inference Training Loop

import torch

5 for input_ids, labels in dataloader:
logits = model(input_ids)
loss = F.cross_entropy/(
logits.view(-1, vocab_size),

def (model, input_string):
input_ids = tokenizer.encode(input_string)

labels.view(-1)
for _ in range(max_len):
logits = model(input_ids)

)
loss.backward()

optimizer.step()
optimizer.zero_grad()

Forward Pass

¢ , 1nput_ids):

= .embed(input_ids)

for layer in .layers:
x = layer(x)

logits = .1m_head(x)
return logits
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Inference Training Loop

import torch 5. for input_ids, labels in dataloader:
logits = model(input_ids)
def (model, input_string): loss = F.cross_entropy(
input_ids = tokenizer.encode(input_string) logits.view(-1, vocab_size),

labels.view(-1)

)
logits = model(input_ids) loss.backward()

next_token = torch.argmax(logits[:, -1, :], optimizer.step()
dim=- optimizer.zero_grad()

Forward Pass

¢ , 1nput_ids):
= .embed(input_ids)
for layer in .layers:

1
2
3
4
)
6
7
8
)
0

1

x = layer(x)
logits = .1m_head(x)
return logits

@ LLMs: Introduction and Recent Advances
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Inference Training Loop

import torch 5. for input_ids, labels in dataloader:
logits = model(input_ids)
def (model, input_string): loss = F.cross_entropy(
input_ids = tokenizer.encode(input_string) logits.view(-1, vocab_size),

labels.view(-1)

)
logits = model(input_ids) loss.backward()

next_token = torch.argmax(logits[:, -1, :], optimizer.step()
dim=- optimizer.zero_grad()

)

if next_token[0] == "</s>": Forwa rd PaSS

break
¢ , 1nput_ids):

= .embed(input_ids)
for layer in .layers:
x = layer(x)
logits = .1m_head(x)
return logits

nnnnnnnnnnnnnnnnnnnnnn
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Inference

import torch

def (model, input_string):
input_ids = tokenizer.encode(input_string)

logits = model(input_ids)

next_token = torch.argmax(logits[:, -1,

dim=-

)

if next_token[0] == "</s>":

break
input_ids = torch.cat([
input_ids,

next_token.unsqueeze(-1)], dim=-

@ LLMs: Introduction and Recent Advances

Training Loop

5 for input_ids, labels in dataloader:
logits = model(input_ids)
loss = F.cross_entropy/(
logits.view(-1, vocab_size),
labels.view(-1)

)
loss.backward()

optimizer.step()
optimizer.zero_grad()

Forward Pass

¢ , 1nput_ids):
= .embed(input_ids)
for layer in .layers:
x = layer(x)
logits = .1m_head(x)
return logits
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Inference

import torch

def

for _

@ LLMs: Introduction and Recent Advances

(model, input_string):
input_ids = tokenizer.encode(input_string)

in range(max_len):

logits = model(input_ids)

next_token = torch.argmax(logits[:, -1, :],
dim=-

)

if next_token[0] == "</s>":

break

input_ids = torch.cat([

input_ids,

next_token.unsqueeze(-1)], dim=-

Training Loop

5 for input_ids, labels in dataloader:
logits = model(input_ids)
loss = F.cross_entropy/(
logits.view(-1, vocab_size),
labels.view(-1)

)
loss.backward()

optimizer.step()
optimizer.zero_grad()

Forward Pass

¢ , 1nput_ids):

= .embed(input_ids)

for layer in .layers:
x = layer(x)

logits = .1m_head(x)

return logits
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Inference

import torch

def (model, input_string):

input_ids = tokenizer.encode(input_string)

for _ in range(max_len):

logits = model(input_ids)

next_token = torch.argmax(logits[:, -1,
dim=-

)

if next_token[0] == "</s>":
break

input_ids = torch.cat([
input_ids,

next_token.unsqueeze(-1)], dim=-

input_sting = "The cat sat"

model = ToyLM(vocab_size, hidden_dim, num_layers)
output_ids = generate(input_string, model)
print(tokenizer.decode(input_ids[0]))

Training Loop

5 for input_ids, labels in dataloader:

6 logits = model(input_ids)

7 loss = F.cross_entropy/(

8 logits.view(-1, vocab_size),
9 labels.view(-1)

10 )

11 loss.backward()

12 optimizer.step()

optimizer.zero_grad()

Forward Pass

13 def ¢ , 1nput_ids):
14 X = .embed(input_ids)
15 for layer in .layers:
16 x = layer(x)

logits = .1m_head(x)

return logits

nnnnnnnnnnnnn
nnnnnnnnnnnnnnnnnnnnnn
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Inference w/ Caching Forward Pass w/ caching

Forward Pass w/o caching

¢ , input_ids):

X = .embed(input_ids)

for layer in .layers:
x = layer(x)

logits = .1Im_head(x)
return logits
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Inference w/ Caching Forward Pass w/ caching

( , 1lnput_ids, cache=
.embed(input_ids)

new_cache = []
for i, layer in enumerate( .layers):

past_kv = cache[i] if cache else
x, kv = layer(x, past_kv)
new_cache.append(kv)

logits = .1m_head(x)
return logits, new_cache

Forward Pass w/o caching

¢ , input_ids):

X = .embed(input_ids)

for layer in .layers:
x = layer(x)

logits = .1Im_head(x)
return logits
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Inference w/ Caching Forward Pass w/ caching

( , 1lnput_ids, cache=
.embed(input_ids)

new_cache = []
for i, layer in enumerate( .layers):

past_kv = cache[i] if cache else
x, kv = layer(x, past_kv)
new_cache.append(kv)

logits = .1m_head(x)
return logits, new_cache

Forward Pass w/o caching

¢ , input_ids):

X = .embed(input_ids)

for layer in .layers:
x = layer(x)

logits = .1Im_head(x)
return logits
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Inference w/ CaChing Forward Pass w/ caching

(model, input_string, max_len, eos_token_id): ( , 1nput_ids, cache=
.embed(input_ids)

input_ids = tokenizer.encode(input_string).unsqueeze(0)
logits, cache = model(input_ids, cache= )

new_cache = []
for i, layer in enumerate( .layers):

past_kv = cache[i] if cache else
x, kv = layer(x, past_kv)
new_cache.append(kv)

logits = .1m_head(x)
return logits, new_cache

Forward Pass w/o caching

¢ , input_ids):

X = .embed(input_ids)

for layer in .layers:
x = layer(x)

logits = .1Im_head(x)
return logits
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Inference w/ caching

(model, input_string, max_len, eos_token_id):

input_ids = tokenizer.encode(input_string).unsqueeze(0)
logits, cache = model(input_ids, cache= )

for _

@ LLMs: Introduction and Recent Advances

in range(max_len):

next_token = argmax(logits[:, -1, :])

input_ids = cat([input_ids,
next_token.unsqueeze(-1)], dim=-1)

if next_token.item() == eos_token_id:
break

logits, cache = model(input_ids[:,

Forward Pass w/ caching

( , 1lnput_ids, cache=
.embed(input_ids)

new_cache = []

for i, layer in enumerate( .layers):

past_kv = cache[i] if cache else
x, kv = layer(x, past_kv)
new_cache.append(kv)

logits = .1m_head(x)
return logits, new_cache

Forward Pass w/o caching

¢ , input_ids):

X = .embed(input_ids)

for layer in .layers:
x = layer(x)

logits = .1Im_head(x)

return logits
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Blockwise Self-Attention Computation
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The key difference between LLM training and inference

K1 K2 K3 K4 K5 K6 K7 K8

Q8 .~ V1 The
V2 key
V3 difference
V4 between
V5 LLM
V6 training
V7 and
V8 inference

LLMs: Introduction and Recent Advances L Yatin Nandwani
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The key difference between LLM training and inference
K1 K2 K3 K4 K5 K6 K7 K8

Q8
ks
e-% j - L gu )\)‘3

exp(qg * kq) * vy + - + exp(qg * k) * v, + exp(qg * ks) * vs + --- + exp(qg * kg) * vg
exp(qg * k1) + --- + exp(qg * k4) + exp(qg * ks5) + --- + exp(qg * kg)

LLMs: Introduction and Recent Advances : VLR NEmEE
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The key difference between LLM training  and inference 2ii=1.8€xp(qg * k;) * v;

K1 K2 K3 K4 KE K6 K7 K8 2i=1.8€xP(qs * k;)

Qs V1 The
V2 key
V3 difference
V4 between
V5 LLM
V6 training
V7 and
V8 inference

LLMs: Introduction and Recent Advances : ‘ Yatin Nandwani
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The key difference between (LLM training and inferenc

Yi—1.5exp(qg * ki) *v; =~

K1 K2 K3 K5 K6 K7 K8

2j=1.8€xp(qs * ki) v~

K4
&e_.é B)|
inf. The key diff. b/w

Q8
— K1 K2 K3 K4

inf. LLM tr. and inf.

QB 5 k6 K7 K8

. &
”31

s2 s3 s4 s5 s6 s/ s8

ab a6 a’/ a8 V5
V6

V7
V8

I
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Paged Attention

Key and value vectors

* Tensor operations require contiguous Blocmérwter scientist | and n?;?}EiZD
memory —— —t
* How to compute attenti ft auery [0 ot frome] [
pute attention softmax across Query [ go,
fragmented memory?
¢ Paged Attentlon! Block 0 | Alan Turing is a

softmax([A,A,]) = | asoftmax(A4,),B softmax(4,) |

softmax([Ay,A,]) [é] = a softmax(A,) *V; + B softmax(4,) =V,

LLMs: Introduction and Recent Advances LA #  Yatin Nandwani
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Homework!
S

1. Understand the idea of Safe-Softmax
2. Read about the concept of Tiling used in Matrix Multiplication and Flash Attention

Reference: https://courses.cs.washington.edu/courses/cse599m/23sp/notes/flashattn.pdf

LLMs: Introduction and Recent Advances hyoTE & Yatin Nandwani
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System Architecture and Implementation

End to end llm serving engine
'\ 3 components —

vLLM Engine Worker 1 :l * Afrontend
> * Adistributed model executor (TP on single node, PP
Scheduler Le Moo
Engine Shard 1 across nodes)
* Ascheduler
Y P
v Worker 2 jl
=GN anageh Centralized engine to manage block table
Cache Model . . .
Engine Shard 2 * Ateachiteration, it sends GPU memory requests to
the GPUs;
Block tables : * Cache engine in the GPU allocates the physical
— memory blocks
A Worker N =
CPU Block GPU Block Gackie Kiodal
Allocator Allocator Engine Shard N

LLMs: Introduction and Recent Advances
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vLLM Engine Worker 1 Zl

Schedul Cache Model vLLM
cheduler Engine Shard 1 (8K LoC in Python, 2K LoC in C++/CUDA)
v = & [ S
Worker 2 (D= Y, Custom Ops
Block Manager l Megatron-LM

Cache Model

Engine Shard 2 () PyTO I'C h

Block tables : 0§) RAY
A Worker N =
Allocator Allocator Engine Shard N

LLMs: Introduction and Recent Advances
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leD - kv VvV L

=

=,

Homework! TR L S T R (4 1o |

—< (7. 4 L,
1. Understand the idea of Safe-Softmax - afo vhiln.
2. Read about the concept of Tiling used in Matrix Multiplication and Flash Attention

Reference: https://courses.cs.washington.edu/courses/cse599m/23sp/notes/flashattn.pdf

L) ewWr s
3. Flash Decoding - varlantofflashattentlonfordecodlngg } jl ))
¥

4. Speculative decoding — guess and verify. v* 8
Reference: https://www.youtube.com/watch?v=JVUWCv vMFU&t—18653&ab channel=LCS2
al s 0%
vi vi

LLMs: Introduction and Recent Advances |.Cs@I Yatin Nandwani
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So Far...

Efficient Training Efficient Inference

KV Caching
vLLMs and paged attentlon

Cpocuatve decocing) I
, Homework!
Speculative decoding

1. Parallelism for Scale -
* Distribute model & data to fit massive
training
 DP.ZeRO-1/2/3, TP (w/ SP), CP, PP

i ° N

2. EfficientImplementations

e Flash Attention ‘//

* Liger Kernels

LLMs: Introduction and Recent Advances ) Yatin Nandwani
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Inference Throughput vs Performance

80 A

Y (9} (@) ~l
o o o o
1 1 1

Throughput (tokens/s)

w
(@]
1

20 A

3'0 3|5 4|0 4|5 5'0 5'5
HuggingFace Open LLM Leaderboard Score (%)

s . | . .
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Inference Throughput vs Performance

80 A

sy u (*)} ~
o o o o

Throughput (tokens/s)

w
(@]
1

20 A

LLMs: Introduction and Recent Advances

Memory
5GB 10GB 50GB 80GB
Cerebras-
® GPT-1.3B
| Cerebras- MPT-7B
GPT-2.7B  pT.2 7B
® ® @orrss
Cerebras- © 'xGLM-7.5B
GPT-6.7B [ -
_ LLaMA-1-7B LLaMA—2-7ﬁ(tral 8x78
Pythia-6.9B
XGLM-4.5B) OPT-13B LLaMA-1-13B
LLaMA-2-13B
CodeGen-NL-6B
odeGen @) eGen-NL-16B
GPT-NeoX-20B
OPT-30E LLaMA-1-33B 4
30 35 40 s 50 >

HuggingFace Open LLM Leaderboard Score (%)

I\

Similar performance,
different throughput! How?

Efficient design -
* MoE

nnnnnn

Yatin Nandwani
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So Far...

Efficient Training Efficient Inference

KV Caching
vLLMs and paged attention

Coocuatve dacocing I
, ) Homework!
Speculative decoding

Efficient Design

1. MoE architecture

1. Parallelism for Scale -
* Distribute model & data to fit massive
training
 DP.ZeRO-1/2/3, TP (w/ SP), CP, PP

i ° N

2. EfficientImplementations
* Flash Attention
* Liger Kernels
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Neural Scallng LaWS Kaplan et al 2020

* Performance improve smoothly as we increase the model size
* Larger models > smoother loss curves, better generalization, new emergent abilities

5.6 —— L =(N/8.8-1013)-0-976
4.8
? Lz 69«.)'P
Q4.0
—
*h 3.2
2
2.4
105 107 10°
Parameters >

non-embedding

Source: Scaling Laws for Neural Language Models, Kaplan et al . 2020, Open Al
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Neural Scallng LaWS Kaplan et al 2020

* Performance improve smoothly as we increase the compute, dataset size, or the model size

4.2
—— L=(D/5.4-1013)700% | 56 — L =(N/|8.8-1013)-0.476
3.9
4.8
2 36
- 4.0
94
*g,'; 3.3 392
F 3
3.0
2.4
L ={Caminl2:3+ 108)9:959
2 . . . . 2:7 . . x
10 107 107 10-® 10°1! 101 108 109 108 107 109
Compute Dataset Size Parameters
PF-days, non-embedding tokens non-embedding

Source: Scaling Laws for Neural Language Models, Kaplan et al. 2020, Open Al
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Training Resources vs Performance

1.75
Number of model parameters o
w .s04 5B 10B 25B  50B 75B LLaMA-2-70B  Based on Nvidia A100
B — 80GB GPU
2 17 LLaMA-1-658
S 100- LLaMA-2-34B
=
@ 0.75 -
£ LLaMA-1-33B
=
& 0507 LLaMA-2-13B
j
© LLaMA-2-7B
= 0.25 LLaMA-1-13B
LLaMA-1-7B
60 6I2 6I4 6I6 6I8 7IO 7I2 74

Performance (Commonsense Reasoning Score)

https://huggingface.co/spaces/optimum/lIm-perf-leaderboard
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Training Resources vs Perfamance

1.75 1
Number of model parameters Switch Transformer ..
w .s04 5B 10B 25B  50B 75B 1.6 Trillion  Based on Nvidia A100
3 80GB GPU
2 1.25
@)
C
9 1.00 - LLaMA-2-341
g
@ 0.75 1
£ LLaMA-
=
& 0507 LLaMA-2-13B
C
© LLaMA-2-7B
= 0.25 A LLaMA-1-13B
LLaMA-1-7B
60 6I2 6I4 6I6 6I8 7IO 7I2 74

Performance (Commonsense Reasoning Score)

https://huggingface.co/spaces/optimum/lIm-perf-leaderboard
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Any efficient way to increase model size?

* LLMs as generalists > they implicitly do multi-task learning (MTL)
* summarization, QA, coding, reasoning, etc.

* How does a general MTL model look like?
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Any efficient way to increase model size?

* LLMs as generalists > they implicitly do multi- 37‘
task learning (MTL)
* summarization, QA, coding, reasoning, etc. I 74

Task Specific Layers

* How does a general MTL model look like?

* Shared parameters (always active)
* Task specific parameters (active based on input/desired
output) |

Common Layers

LLMs: Introduction and Recent Advances


https://www.lcs2.in/
https://lcs2-iitd.github.io/ELL881-AIL821-2401/
https://home.iitd.ac.in/
https://lcs2-iitd.github.io/ELL881-AIL821-2401/

* LLMs as generalists > they implicitly do multi-
task learning (MTL)

* summarization, QA, coding, reasoning, etc.

How does a general MTL model look like? w

* Shared parameters (always active)
* Task specific parameters (active based on task) ‘

In LLMs - all parameters active for all tasks |
Can we create a model where only few ‘
parameters are active for a given input? |

Task Specific Layérs

I
ommon Layers

[
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Mixture of Experts

Adaptive Mixtures of Local Experts

Robert A. Jacobs

Michael 1. Jordan

Deparbiment of Brain and Cognitive Sciences, Massachusetts Institute of Technology,
Cambridee, MA (02139 UISA

Steven J. Nowlan Published in 1991!

Geoffrey E. Hinton
Departument of Computer Science, University of Toronto,
Toronto, Canada M5S 1A4

We present a new supervised learning procedure for systems composed
of many separate networks, each of which learns to handle a subset of
the complete set of training cases. The new procedure can be viewed
either as a modular version of a multilayer supervised network, or as
an associative version of competitive learning. It therefore provides
a new link between these two apparently different approaches. We
demonstrate that the learning procedure divides up a vowel discrimi-
nation task into appropriate subtasks, each of which can be solved by
a very simple expert network.
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How to decide which expert to use?

Mixture of Experts

Expert 1 Expert 2 e Expertn -1 Expertn

LLMs: Introduction and Recent Advances !' Yatin Nandwani
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How to decide which expert to use?

Let’s have a “Gating Network” that decides (probabilistically)

Mixture of Experts

Expert 1 Expert 2 e Expertn -1 Expertn
Expert
Gating N
I Network 1.7"'
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How to decide which expert to use?

Let’s have a “Gating Network” that decides (probabilistically)

Mixture of Experts

Expert 1 Expert 2 e Expertn -1 Expertn

| |

G(x),.
Expert — _1.
I Gating
Network
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How to decide which expert to use?

Let’s have a “Gating Network” that decides (probabilistically)

Mixture of Experts

Expert 1 Expert 2 cees Expertn -1 Expertn
| : |
G(x),..
Expert 1
I Gating
Network

LLMs: Introduction and Recent Advances LA #  Yatin Nandwani



https://www.lcs2.in/
https://lcs2-iitd.github.io/ELL881-AIL821-2401/
https://home.iitd.ac.in/
https://lcs2-iitd.github.io/ELL881-AIL821-2401/

Mixture of Experts

LLMs: Introduction and Recent Advances

How to decide which expert to use?

Expert 1

? @ Vna

Expert 2 e Expertn -1
x | .
G(X)n-1
Gating
Network

A

Yatin Nandwani

Expertn
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Mixture of Experts

How to decide which expert to use?

Let’s have a “Gating Network” that decides (probabilistically)

__6 G(X)n-1yn-1
| ¢
Expert 1 Expert 2 e Expertn -1 Expertn

( G(X)n-1) Gatlng

LLMs: Introduction and Recent Advances

Network

A
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How to decide which expert to use?

Let’s have a “Gating Network” that decides (probabilistically)

Mixture of Experts V=6(X)2Y; + 6(X)pYna
+
G(X)n-1yn-1
2 ;
Expert 1 Expert 2 cees Expertn -1 Expertn
| x P
Expert
I G(X)n-1 Gating
Network
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Mixture of Experts YT GMY Gy, +t G,

G(x) .V, O
G(X)n-1yn-1
O G(x),,
| >
Expert 1 Expert 2 Expert n -1 Expert n
G,(z) = Softmax(z - W) g ol ber i
/ -
——
T X X
G(x), 1
Gating
Network
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Mixture of Experts

Y = G(X)1y; + G(X)oY, *...% G(X),Y,

G(x) ,Y,

O

G (X) n-1 yn-1

G,(z) = Softmax(z - W)

y = Z G(z),Ei(z)

Expert 1

G(x), 1

I
Expert 2

\ 4

Expertn -1

Gating
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Mixture of Experts - Chronology

» Mixture of Experts Model [lacobs et al., 1991; Jordan and Jacobs, 1994; Jordan et al.,
1997; Tresp, 2001; Collobert et al., 2002;]

»MoE layer in Deep Learning [Eigen et al., 2013; Shazeer et al.,, 2017; Dauphinetal., 2017,
Vaswani et al., 2017]

»MoE layer in Transformer based LLMs [Fedus et al.,, 2027; Du, Nan, etal., 2021 |

——

»Mixtral-8x7B [Jiang et al. 2024] - Apache 2.0 license-

» GPT-4, Deepseek-V3/R1, MiniMax-01
Content credits: https://www.youtube.com/watch?v=TwHPxUAuqy4
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How/where to use Mixture of Experts in Transformers?

y

T

Add + Normalize ]

A
Lo g (]
t
Add + Normalize ] ?
Self-Attention m

1‘ e |

X

Dense Transformer Block

Content credits: Switch Transformers: Scaling to Trillion Parameter Models with Simple and Efficient Sparsity
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Mixture of Experts as a Layer

y

*

[ Add + Normalize J

1
| FFN Layer ]

)

[ Add + Normalize ]

T

Self-Attention

f

X

Dense Transformer Block

Positional G

embedding

4

x1 T

[TT1

More

Content credits: Switch Transformers: Scaling to Trillion Parameter Models with Simple and Efficient Sparsity
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Mixture of Experts as a Layer

y

*

[ Add + Normalize J

1
[ FFN Layer ]

)

[ Add + Normalize ]

T

Self-Attention

X Self-Attention

A ﬂ

Positional 9 Positional
h

h
Dense Transformer Block embedding embedding
<1 T 1171711 x[TTTTT]

More Parameters

Content credits: Switch Transformers: Scaling to Trillion Parameter Models with Simple and Efficient Sparsity

LLMs: Introduction and Recent Advances LCSS  vatin Nandwani



https://www.lcs2.in/
https://lcs2-iitd.github.io/ELL881-AIL821-2401/
https://home.iitd.ac.in/
https://lcs2-iitd.github.io/ELL881-AIL821-2401/

Mixture of Experts as a Layer

y
0
[ Add + Normalize J
1
[ FFN Layer ]
0
[ Add + Normalize ]
T
Self-Attention >[ Add & Norm. ] [ Add & Norm. ]<
1 T i
X Self-Attention
A h
Position_al 69 Positional 69
Dense Transformer Block embedding g embedding
x1 I T1TT11 x[TTTTT]
More Parameters

Content credits: Switch Transformers: Scaling to Trillion Parameter Models with Simple and Efficient Sparsity

@?% LLMs: Introduction and Recent Advances

Yatin Nandwani



https://www.lcs2.in/
https://lcs2-iitd.github.io/ELL881-AIL821-2401/
https://home.iitd.ac.in/
https://lcs2-iitd.github.io/ELL881-AIL821-2401/

Mixture of Experts as a Layer

y
0
[ Add + Normalize J
e
FFN Layer
f by e
[ Add + Normalize ] Fi(:lter Flo:ter
£ = ;
Self-Attention >{ Add & Norm. ] [ Add & Norm. ]=
1 T i
X Self-Attention
A h
Position_al 69 Positional 69
Dense Transformer Block embedding g embedding
x1 I T1TT11 x[TTTTT]
More Parameters

Content credits: Switch Transformers: Scaling to Trillion Parameter Models with Simple and Efficient Sparsity
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Mixture of Experts as a Layer

y

*

Add + Normalize J

1
FFN Layer

)
Add + Normalize ] Router Rodler

|
Self-Attention :{ Add & Norm. ] [ Add & Norm. }:
1 T
X Self-Attention
A h
Position_al 69 Position_al 69
Dense Transformer Block embedding g embedding
x1 I T1TT11 x[TTTTT]
More Parameters

Content credits: Switch Transformers: Scaling to Trillion Parameter Models with Simple and Efficient Sparsity
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Mixture of Experts as a Layer

y

*

Add + Normalize J

1
FFN Layer

)

Add + Normalize

T

Self-Attention

f

X

Dense Transformer Block

wl:EI;EEEI

>[ Add & Norm. ]

v2[TTTTT]

A

[ Add & Norm. ]:

....... =R

e )

-

Router

~ J

b

\ Router

=TTt

w] ED(ED)
" p=0.8

>[ Add & Norm. ]

Add & Norm. |¢
(Rsssom )

Self-Attention
A \
Positional 9 Positional 9
embedding Y embedding ¥
x1 I T1TT11 x[TTTTT]
More Parameters

Content credits: Switch Transformers: Scaling to Trillion Parameter Models with Simple and Efficient Sparsity
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Mixture of Experts as a Layer

y

*

wl:EI;EEEI

o

| Add & Norm. ]

v2[TTTTT]

A

[ Add & Norm. ]:

G T

Add + Normalize

1

FFN Layer

)

Add + Normalize

Router
\_ A /

T

Self-Attention

f

X

-~ -

\E%J ED(ED)
L ------- p=08

G v— A

Router
\__ A J

MoE Layer

=[ Add & Norm. ]
)

[ Add &Norm. |«

A

T

Self-Attention

A

Dense Transformer Block

Positional
embedding E?

< [TTTTT]

More

A

Content credits: Switch Transformers: Scaling to Trillion Parameter Models with Simple and Efficient Sparsity
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Sparse MoE Layer — Greedy expert selection
des=sss Jamasns

G, (z) = Softmax(z - W,) _{ [ Add & Norm. | | Add & Norm. J«

FFN3 | | FFN4 FFN2 || FFN3 || FFN4 | |
L_ """" p=038 MoE Layer
Router Router
\ : / \L A J
. { Add &Norm. | [ Add&Norm. |«
T T
Self-Attention

A h
embecting D embecting

x1 I T1T1T1] x[TTTTT]

More Parameters
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Sparse MoE Layer — Greedy expert selection
des=sss Jamasns

G, (z) = Softmax(z - W,) _{ [ Add & Norm. | | Add & Norm. J«

[ *x = argmax GO‘ (X) FFN3 | | FFN4 FFN2 | | FFN3 || FFN4 | )
L_ """" p=08 MoE Layer
Router Router
\. . / \ A )
. { Add &Norm. | [ Add&Norm. |«
T T
Self-Attention

A \
embeciing embecting

x1 [T T1TT] x[TTTTT]

More Parameters
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Sparse MoE Layer — Greedy expert selection
des=sss Jamasns

G, (z) = Softmax(z - W,) _{ [ Add & Norm. | | Add & Norm. J«

[ *x = argmax GO.(X) FFN3 | | FFN4 FFN2 | | FFN3 || FFN4 | )
_ T p=08 MoE Layer
y = G(x)i*Ei*(x) L L y
Router Router
\. . / \ A )
. { Add &Norm. | [ Add&Norm. |«
T T
Self-Attention

A \
embecting D embecting

x1 I IT1TT] x[TTTTT]

More Parameters
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Sparse MoE Layer — Greedy expert selection
des=sss Jamasns

G, (z) = Softmax(z - W,) _{ [ Add & Norm. | | Add & Norm. J«

N7 o N
i k% = a’]"gmax GO‘ (x) FFN3 | | FFN4 FFN2 | | FFN3 || FFN4 | |
T =038 MoE Layer
y = G(x)i*Ei*(x) L L P y
Router Router
=G (x) vi \#‘Z \ 4 )
- 1% v ¥
VEu(2) vy r { Add&Norm. | [ Add&Norm. J< ﬁ
) T
Self-Attention
X 0 .
S Fort ¢
x1 I IT1TT] xo[TTT11]
More Parameters
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Sparse MoE Layer — Greedy expert selection
des=sss Jamasns

G, (z) = Softmax(z - W,) _{ [ Add & Norm. | | Add & Norm. J«

— [T —=F >

[ x = argmax G;(x) ! [ren

FFN 3 FFN 4

y =G6(x).Ei(x) p=0.65 L
- Router G ’l)

MoE Layer

VE.(x) vy . { Add &Norm. | [ Add&Norm. |«
= ( E:, ( x))T_ . Self-Attention \
va (x)l* l Vy L Positional Positional
o & s ¢
x1 I T1T1T1] x[TTTTT]
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Sparse MoE Layer — Greedy expert selection
des=sss Jamasns

S le
G,(z) = Softmax(z - W,) I o Add&Norm. | | Add & Norm. J
N7 o N
i k% = a’]"gmax GO‘ (x) FFN3 | | FFN4 FFN2 || FFN3 || FFN4 | |
y = G(x);.Ei(x) [[Ln [ED_ p=08 MoE Layer
- 600 & I\
- 1% v ¥
VEu(2) vy r { Add&Norm. | [ Add&Norm. J< ﬁ
VL 1 T
— E* T _— Self-Attention
oo = B | o —
g e
VL _o. 2 _ 2 x (1] xe[TTITT]
VELD) 0; e Ofori #ix*

More Parameters
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Why do experts not collapse in practice?

s All experts have:

e Same architecture
e Same initialization scheme
* Trained with same optimizer

** So why don’t they collapse? l.e.

Expertn -1

Expert 1 = Expert 2

Expertn )

LLMs: Introduction and Recent Advances L € Yatin Nandwani



https://www.lcs2.in/
https://lcs2-iitd.github.io/ELL881-AIL821-2401/
https://home.iitd.ac.in/
https://lcs2-iitd.github.io/ELL881-AIL821-2401/

Why do experts not collapse in practice?

Towards Understanding the Mixture-of-Experts
Layer in Deep Learning

Zixiang Chen Yihe Deng
Department of Computer Science Department of Computer Science
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Yue Wu Quanquan Gu
Department of Computer Science Department of Computer Science
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ywu@cs.ucla.edu qgu@cs.ucla.edu
Yuanzhi Li
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Why do experts not collapse in practice?

1\

1.001

v’ Synthetically generated 50 dim. data

0.751

o il v’ Visualization in 2-D space

0.25. v’ 4 clusters

0.00. v’ Each cluster is linearly separable

-0.25. v’ Ideally, a mixture of 4 linear experts

-0.50 sufficient for classification

-0.75-
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£ = M7

Why do experts not collapse in practice?

I\/j/(')xture of linear experts

fJ J

Initialization

)
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Why do experts not collapse in practice?

Ml(')xture of nonlinear experts

0.0 §§f
K 2 R % *
-0.2 X%:giéﬁ (- xd
et

-06 -04 -02 0.0 0.2 0.4 0.6

Initialization
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Why do experts not collapse in practice?

Ml;)xture of nonlinear experts

Q
-06 -04 -02 0.0 0.2 0.4 0.6 0.8 -06 -04 -02 00 02 04 0.6

Initialization —

Training
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Why do experts not collapse in practice?

non-convex
exponential amplification convex: contraction

%) LLMs: Introduction and Recent Advances L . Yatin Nandwani
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Pros and Cons of Sparse MoE Layer

Pros Cons
% High memory requirement - all
& Increased model parameters parameters need to be loaded in vVRAM
(GPU memory)

& Efficient pretraining due to conditional
(sparse) computation

& Fasterinference

LLMs: Introduction and Recent Advances \ IT.(:S@I Yatin Nandwani
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Pros and Cons of Sparse MoE Layer

Pros Cons
% High memory requirement - all
& Increased model parameters parameters need to be loaded in vVRAM
(GPU memory)
& Efficient pretraining due to conditional Can we exploit Parallelism?

(sparse) computation

& Fasterinference
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Parallelism ...

* Data Parallelism / Fully Sharded Data Parallelism
* Tensor Parallelism (w/ sequence parallelism)
* Context Parallelism

* Pipeline Parallelism

LLMs: Introduction and Recent Advances @ Yatin Nandwani
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Parallelism ...

* Data Parallelism / Fully Sharded Data Parallelism
* Tensor Parallelism (w/ sequence parallelism)
* Context Parallelism

* Pipeline Parallelism

[ +Expert Parallelism?

LLMs: Introduction and Recent Advances ECS@ Yatin Nandwani
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Expert Parallel for Sparse MoEs

—> Add & Norm

|
MoE

—
Gatingl

—> Add & Norm
|
Multi-Head
Attention

Input embeddings +
Positional embeddings

@?% LLMs: Introduction and Recent Advances - Yatin Nandwani
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Expert Parallel for Sparse MoEs

I ) ‘ I

—> Add & Norm Add & Norm
—> Add & Norm : All-to-All Combine
MoE § Model-parallel FFN
[ L™
5 : .} Ly
: All-to-All DispatcE
5 ] Gating
. | : A
— Add & Norm —> Add & Norm b . —> Add & Norm
Multi-Head Multi-Head Devjfes Multil-Head
Attention ; Attention A - S Attenption
\ L i x Device y
\ / 5 \ Device 1 \\
g AN
Input embeddings + : Input embeddings Input embeddings +
Positional embeddings ; Positional embedgdhgs Positdgnal embeddings
(shard 1 ard E)

,__K—vﬁ' = u—gﬁ%_/
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Expert Parallel for Sparse MoEs
[ n )

Add + Normalize ] [ Add + Narmahze .

) [}
— Add & Norn / m \
MoE
[m 0 m] | : All-to-All Combine

= e
~

| All-to-All Dispatch ]
—> Add & Norm

) 1

f Gafe Gate
Multi-Head .
Attention

\ y —>[ Add + Nermalize [ Add + Nermalize ]4—

N\ J f f
Self-Attention Self-Attention
Input embeddings +
Positional embeddings 1 Y

X1 X
Used in conjunction with other parallelism \ j N /
strategies Data + Expert Parallelism
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Expert Parallel for Sparse MoEs
[ n )

Add + Normalize ] [ Add + Narmahze .

) [}
— Add & Norn / m \
MoE
[m 0 m] | : All-to-All Combine

= e
~

| All-to-All Dispatch ]
—> Add & Norm

) 1

f Gafe Gate
Multi-Head .
Attention

\ y —>[ Add + Nermalize [ Add + Nermalize ]4—

N\ J f f
Self-Attention Self-Attention
Input embeddings +
Positional embeddings 1 Y

X1 X
But what if all tokens are routed to single \ j N /
expert? Data + Expert Parallelism
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Pros and Cons of Sparse MoE Layer

Pros Cons
% High memory requirement - all
& Increased model parameters parameters need to be loaded in vVRAM
(GPU memory)

& Efficient pretraining due to conditional ; o
(sparse) computation % Unstable training

& Router collapse-router sends all
tokens to the same expert

& Fasterinference & May diverge

@?% LLMs: Introduction and Recent Advances y | Yatin Nandwani
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Load Balancing Loss

* N experts; T tokensinabatch®B

* f;: Fraction of tokens dispatched to expert i L
P — .

Content credits: Switch Transformers: Scaling to Trillion Parameter Models with Simple and Efficient Sparsity
https://www.youtube.com/watch?v=U8)32Z23qV8s&t=2816s
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Load Balancing Loss | i ped s

* N experts; T tokensinabatch®B \/(\ .
* f;: Fraction of tokens dispatched to expert i

1
fi = = 3 argmax p(z) = i} -

zeB

?(M O

)= S papels
‘EC?&“ﬁ )

Content credits: Switch Transformers: Scaling to Trillion Parameter Models with Simple and Efficient Sparsity
https://www.youtube.com/watch?v=U8)32Z23qV8s&t=2816s
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Load Balancing Loss

* N experts; T tokensinabatch®B
* f;: Fraction of tokens dispatched to expert i

1

fi = 7= > 1{argmax p(x) = i}
xeB

* P;: Expected Probability of selecting expert i

Content credits: Switch Transformers: Scaling to Trillion Parameter Models with Simple and Efficient Sparsity
https://www.youtube.com/watch?v=U8)32Z23qV8s&t=2816s
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Load Balancing Loss

* N experts; T tokensinabatch®B

* f;: Fraction of tokens dispatched to expert i

fi = 1 Z I1{argmax p(x) = i} W

T
zeB

* P;: Expected Probability of selecting expert i

reB

Content credits: Switch Transformers: Scaling to Trillion Parameter Models with Simple and Efficient Sparsity
https://www.youtube.com/watch?v=U8)32Z23qV8s&t=2816s
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Load Balancing Loss

* N experts; T tokensinabatch®B
* f;: Fraction of tokens dispatched to expert i

1

fi = 7= > 1{argmax p(x) = i}
xeB

* P;: Expected Probability of selecting expert i

1 )% . iy .
p@. — f Z D; (:B ] Using sample mean as an empirical estimate
reB

Content credits: Switch Transformers: Scaling to Trillion Parameter Models with Simple and Efficient Sparsity
https://www.youtube.com/watch?v=U8)32Z23qV8s&t=2816s
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Load Balancing Loss

 Nexperts; T tokensinabatch 3B
* f;: Fraction of tokens dispatched to expert i

1

fi = 7= > 1{argmax p(x) = i}
xeB

* P;: Expected Probability of selecting expert i

N
loss:a-N‘Zfi-Pi
i=1

LLMs: Introduction and Recent Advances ; VLR NEmEE
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Load Balancing Loss

 Nexperts; T tokensinabatch 3B
* f;: Fraction of tokens dispatched to expert i
1 .
Ji = T % I1{argmax p(x) = i}
T

* P;: Expected Probability of selecting expert i

N
loss:a-N‘Zfi-Pi
i=1

LLMs: Introduction and Recent Advances

4 N

. Prevents router collapse

. Improves training efficiency by using all the

devices equally (remember that each expert

k IS on a separate device) /
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Homework!

* Read the following papers -

» Switch Transformers: Scaling to Trillion Parameter Models with Simple and Efficient Sparsity

* Mixtral of Experts

* MiniMax-01: Scaling Foundation Models with Lightning Attention

@?% LLMs: Introduction and Recent Advances ; ‘ Yatin Nandwani
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Summary
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Training Resources vs Performance

1.75
Number of model parameters ..
’é‘ r1.50 | 5B 10B 25B 50B 75B LLaMA-2-70B d Based on NVldla A1 OO
S 80GB GPU
>\
-] _
T 2 LLaMA-1-65B
S fo0- LLaMA-2-34B
s
@ 0.75
= LLaMA-1-33B
=
£ 0507 LLaMA-2-13B
-
E LLaMA-2-7B
= 0257 LLaMA-1-13B
LLaMA-1-7B
60 6I2 6I4 6I6 6I8 7]O 7I2 74

Performance (Commonsense Reasoning Score) https://huggingface.co/spaces/optimum/llm-perf-leaderboard
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Efficient LLMs
The Ultra-Scale Playbook:

* How to scale training? Training LLMs on GPU Clusters

* Data Parallelism

* Jensor Parallelism
* Context Parallelism
* Pipeline Parallelism

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.

LLMs: Introduction and Recent Advances . . Yatin Nandwani
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Summary
Efficient Training

1. Parallelism for Scale -

e Distribute model & data to fit massive
training
* DP,. ZeRO-1/2/3, TP (w/ SP), CP, PP

LLMs: Introduction and Recent Advances LW2®  Yatin Nandwani
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Inference Throughput vs Performance
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Inference Throughput vs Performance
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Inference Throughput vs Performance
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e Similar performance,
different throughput! How?

* Efficientimplementation -
 Fused kernel for
attention
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Summary
Efficient Training

1. Parallelism for Scale -

e Distribute model & data to fit massive
training
* DP,. ZeRO-1/2/3, TP (w/ SP), CP, PP

2. EfficientImplementations
* Flash Attention
* Liger Kernels
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Efficient Inference

KV Caching

vLLMs and paged attention
Flash decoding
Speculative decoding

Summary
Efficient Training

i 0 N

1. Parallelism for Scale -
* Distribute model & data to fit massive
training
 DP.ZeRO-1/2/3, TP (w/ SP), CP, PP

2. EfficientImplementations
* Flash Attention
* Liger Kernels

Yatin Nandwani
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Inference Throughput vs Performance
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Efficient Inference
KV Caching

vLLMs and paged attention
. Flash decoding Y "
1 c Pa rall.el.lsm fOI’ Scale = Speculative decoding SIS
e Distribute model & data to fit massiv

training Efficient Design
- DP. ZeRO-1/2/3, TP (w/ SP), CP, PP

Summary
Efficient Training

i 0 N

1. MoE asalayer
1. Sparsification
2. EfficientImplementations 2. Expert Parallelism

e Flash Attention 3. Load Balancing Loss

. 2. MoE Models
e [ iger Kernels l
& 1. Switch Transformers ACIISATEILE

2. Mixtral of Experts
3. Minimax

’ LLMs: Introduction and Recent Advances a LGO&  Yatin Nandwani



https://www.lcs2.in/
https://lcs2-iitd.github.io/ELL881-AIL821-2401/
https://home.iitd.ac.in/
https://lcs2-iitd.github.io/ELL881-AIL821-2401/

 How to train big models on big data? Reca P

* What’s in the GPU memory during training?
I. Model weights ; ii. Param gradients iii. Optim states iv. Activations

—9 — —
. Whﬁbis.ttmizeef—pﬁf&me-#g-rads_mmimjstates? ,I,
* What is the size oatiqps? I
* How to reduce acktivation memc{%?
* Activation re—comd&ation aka Gra |enjcheckpo' ting

* How to increase Size’

* Can we shard the optim. states, grads, and modelg_ ? > FSDP

* Still not good for big models & large sequencesb%

LLMs: Introduction and Recent Advances . . Yatin Nandwani
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-7 Recap

(h)_e_r’gw matrix

* Can we split activations of one input across GPUs? ) g

* Split along the hidden dimension -- let’s exploit the distr
multiplication! = Tensor Parallelism Y

* TP: both model weights & activations are split

* TP: LayerNorm & Dropout — same computatio ame data - wastage of | _p ns

resources :-(

* Combine TP with Sequence Parallel — reduce & scatter along seq. lengy
dimension

* How to handle very very long sequences? ho 4‘_;:::3 W x}j
* Context Parallel = split sequence into chunks & process each chiink on a -

different GPU (same weights but different activations on each GPU)
* How to apply attention on a sequence split on multiple GPUs? = Ring Attention
* TP: Communication overhead beyond a node is prohibitive.
* How to handle very large models? = Pipeline Parallelism

LLMs: Introduction and Recent Advances 3\ @ Yatin Nandwani
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