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Till now...

* Motivation - Inference is sequential, memory bound and slow, with high latency
* KV caching — avoids re-computation of Keys and Value matrices

* Paged Attention and vLLM - efficient memory management

* Can we speed up attention computation?

e Flash Attention?
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Flash Attention - Recap

* “l/O aware” implementation of Attention

S\ SRAM:19TB/s (20 MB)
SRAM

S E HBM: 1.5 TB/s (40 GB)
HBM

1. Matmul_op (Q,K) Flash Attention

a. Read Q,Kto SRAM (read-op)
b. Compute matmul A=QxK (compute-op) Read Q,K to SRAM
Compute A = QxK

c. Write A to HBM (write-op) ;

a. Read A to SRAM (read-op) 3] Mask A into A
4
5

' ETLEUE (T s DRAM: 12.8 GB/s
(CPU DRAM) (>1TB)

Memory Hierarchy with

2. Mask op
b. Mask A into A’ (compute-op) :
m A’ AH
ST IS Bandwidth & Memory Size

c. Write A’ to HBM (write-op)

3. Softmax_op Write A” to HBM
a. Read A to SRAM (read-op)
b. Softmax A’ into A’ (compute-op)
c. Write A’ to HBM (write-op)

Standard Attention Implementation /O aware attention implementation

fsHe) Yatin Nandwani

zes) 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/

Outer Loop
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Flash Attention - Recap .

Copy Block to SRAM
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* Write a fused kernel to avoid multiple | |5 ©
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. . . Output to HBM
* Tiling — decompose large softmax into sm(QK"V: Nx d
smaller ones by scaling -
Inner Loop
softmax([A{,A,]) = | a softmax(4,),B softmax(4,) | FlashAttention

softmax([A1,A5]) [:2] = a softmax(A,) *V; + B softmax(4,) =V,
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Flash Attention - Recap
* Tiling — decompose large softmax into smaller ones by scaling

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

softmax([A1,45]) [:2] = a softmax(A,) *V; + B softmax(4,) *V,

1. Load inputs by blocks from HBM to SRAM
2. On chip, compute attention output w.r.t that block
3. Update outputin HBM by scaling
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Attention on GPT-2
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Flash Attention - Recap
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* Flash Attention for training — parallelizes across Mask  Kernel
_and query length dimension to avoid ] Matmul -_
. 0- -
memory bandwidth bottleneck PyTorch FlashAttention
Values
Keys
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Output
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Flash

Values
Decoding
Keys
Queries
Output
Split 1/5 Split 2/5 Split 3/5 Split 4/5 Split 5/5

)

* Parallelize computation 15 pe
* split the keys/values in smaller chunks
* compute the attention of the query with each of these splits in parallel (using Flash Attention)
* 1 extra scalar per row and per split: the log-sum-exp of the attention values
* Use the log-sum-exp to scale the contribution of each split

Source: https://princeton-nlp.github.io/flash-decoding/
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CodelLlama-34b end-to-end decoding speed [bs=1, MP=4]

50
Benchmarking on =~
CodelLlama-34B "
* Pytorch: Running the attention using
pure PyTorch primitives (without using S 10 -
FlashAttention) @
2}
C
) 8
Uses the 2 20 1
FasterTransformer attention kernel
* Flash-Decoding
. 10 4 — pytorch primitives
——— flash-attention
: : —— FT attention
FLash-Decodlng - 8X speedups in G Tas-cincodig
decoding speed for very large — S —
sequences 10° 10°

Prompt Length
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Till now...

* KV caching — avoids re-computation of Keys and Value matrices

[AY
* Paged Attention and vLLM - efficient memory management
* Flash decoding — efficient attention for very long sequences o
SR : - f \aﬂ. e 4 T
* Generation is still sequential Q‘ v

What if we can generate multiple tokens in one iteration?

LLMs: Introduction and Recent Advances e S@ Yatin Nandwani
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Generating multiple tokens in one iteration

LLMs: Introduction and Recent Advances IT'CS@ Yatin Nandwani
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Inference through

Input prompt: “The cat sat”

an LLM
a I
Canwe use a guess output ({6 speed up *

inference?

\ )
Transformer based LLM (8)

<s> The cat sat
0 1 2 3 4 5 7

o7
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Inference through
an LLM

* Input prompt: “The cat sat”

e Guess: “on the chair”

Transformer based LLM (8)

<s> The cat sat
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Inference through
an LLM

* Input prompt: “The cat sat”

e Guess: “on the chair </s>”

Run a forward pass with the
guess completion

Transformer based LLM (8)

<s> The cat sat on
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p(t) | | p(ty) Inference through
an LLM
* Input prompt: “The cat sat”
p(t;)
* Guess: “on the chair </s>”
We get prob. dist. at each
IR ESIRESINES {ECIIESIRES Step

Transformer based LLM (8)

—
<s> The cat sat y on the - </s>
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Inference through

* Input prompt: “The cat sat”

e Guess: “on the chair </s>”

Focus on distribution at the
last token in the prompt

Vg —_—N
. [ |
p(t1) p(t1) [ I
[
| | an LLM
[ [
n(t;) | |
[ [
[ [
pt) | [ | [ |V o) | Ve | [p@) | | e
=7
Transformer based LLM (8)
<s> The cat sat on
0 1 2 3 4
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Inference through

* Input prompt: “The cat sat”

e Guess: “on the chair </s>”

p(t1) p(t1) / p(on)
7 an LLM
)
Token with the max prob.

)

p(ty) p(ty) p(ty) p(ty) p(ty) p(ty) p(ty)
Transformer based LLM (8)

<s> The cat sat on the - </s>
0 1 2 3 4 6 7
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p(t1)

p(t1)

p(on) |

/

//7

/

Token with the max prob.
Matches with the guess

~

Inference through
an LLM

* Input prompt: “The cat sat”

e Guess: “on the chair </s>”

o7

token!
AN
RN
pt) | [ () p(\\g(m pt) | |t | [Pt
Transfor\rm»\\§ed LLM (8)
N \/
<s> The cat sat on
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Inference through

* Input prompt: “The cat sat”

e Guess: “on the chair </s>”

p(t1) p(ty) p(on)
an LLM
~
Accept!
N
p(ty) p(ty) p(t, (ty) p(ty) p(ty) p(ty)
Transforrrr\ev\\\sed LLM (8)
<s> The cat sat on
0 1 2 3 4
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Inference through

* Input prompt: “The cat sat”

e Guess: “on the chair </s>”

p(t1) p(t1) p(on)
an LLM
p(a)
1
Token with the max prob.
p(ty) p(ty) p(ty) p(ty) p(ty) p(ty) p(ty)
Transformer based LLM (8)
<s> The cat sat on
0 1 2 3 4
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p(t1)

p(t1)

Inference through
an LLM

* Input prompt: “The cat sat”

e Guess: “on the chair </s>”

Vi
[p(a)
Token with the max prob.
Does not match the guess
token
Tee ) t nnn T
p(ty) p(ty) p(ly ty) p(ty) p(ty) p(ty)
Transformm
/4 e )
<s> The cat sat (‘ on ? /t, the
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o7



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/

Inference through

* Input prompt: “The cat sat”

e Guess: “on the chair </s>”

p(t1) p(ty) p(on)
an LLM
p(a)
Reject the guess

Y] ns ‘< e e

p(ty) p(ty) v ty) p(ty) p(ty) p(ty)
Transformw
<s> The cat sat on
0 1 2 3 4
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Inference through

* Input prompt: “The cat sat”

e Guess: “on the chair </s>”

p(t1) p(t1) p(on)
~ an LLM
p(a)

Replace with the token

selected by the model
p(ty) p(ty) p(ly ty) p(ty) p(ty) p(ty)

Transformw
<s> The cat sat on
0 1 2 3 4
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Inference through

* Input prompt: “The cat sat”

e Guess: “on the chair </s>”

p(t1) p(t1) p(on)
an LLM
p(a)
v’ 1 forward pass
v’ 2 tokens generated!
p(ty) p(ty) p(ty) p(ty) p(ty) p(ty) p(ty)
Transformer based LLM (8)
<s> The cat sat on
0 1 2 3 4
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Can’t use rest of the completion as it was dependent on
token “the” that has been rejected

Guess completion

<s> The cat sat on the - </s>
Verification by the LLM \/ 7<
New Input Prompt

<s> The cat sat on ( a
New Guess

<s> The cat sat on a table </s>

LLMs: Introduction and Recent Advances
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Lo D\

=

)
v’ Make a new guess with M\V

Inference through
an LLM

Input prompt: “The cat satona”

Guess: “table </s>”

the updated input prompt p(a)
J Updated input: “The cat i
satona” .
O Guess: “table </s>” |
N p(ty)
Transformer based LLM (8)
<s> The cat sat on
0 1 2 3 4
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Lo D\

=

* Make a new guess with

*‘7{1)V

Inference through
an LLM

Input prompt: “The cat satona’

Guess: “table </s>”

the updated input prompt p(a)
* Run forward pass again i .
N /AL p(ty)
Transformer based LLM (8)
<s> The cat sat on table </s>
0 1 2 3 4 6 7
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/ N

pr = ~<aq) / Inference through

* Make a new guess with

the updated input prompt || | »(a) anLLM
* Run forward pass again | * Input prompt: “The cat satona”
i \ * Guess: “table </s>”
N /K pts) | | X&) | [ p(ty)
\
Transformer based LLM (8)
<s> The cat sat on a table </s>
0 1 2 3 4 5 6 7
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p — ~aq) | Inference through
* Make a new guess with
the updated input prompt || | »(a) anLLM
* Run forward pass again | * Input prompt: “The cat satona”
a i
Token with the max prob. W /\ * Guess: “table </s>”
Does not match the guess | [ p(mat)>
token 1 .
-
N %(tv) p(ty) p(ty)

Transformer based LL

~

<s> The cat sat on a table </s>

0 1 2 3 4 5 6 7
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Lo D\

=

* Make a new guess with
the updated input prompt
* Runforward pass again

=

p(a)

Inference through
an LLM

Input prompt: “The cat satona”

Guess: “table </s>”

e i N\ U
Reject the guess .
p(mat)
\
N T~ p(t,) | | p(t) | |p(ty)
Transformer based LL
<s> The cat sat on a tabte </s>
0 1 2 3 4 6 7
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p — ~<aq) | Inference through
* Make a new guess with

the updated input prompt p(a) anLLM

* Run forward pass again

* Input prompt: “The catsatona”

4 , _
Reject the guess W * Guess: “table </s>”
But we still get 1 token! p(mat)

N p(ty) p(ty) p(ty)

Transformer based LLM (8)

<s> The cat sat on a mat </s>
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Speculative decoding

v’ Guess -“on the chair</s>"

v’ Verify /

v’ Accept: on”

v Reject: “ r </s>"

v Repeat with the updated prompt:

How to guess?

LLMs: Introduction and Recent Advances

Input prompt: “The cat sat”

.

-

W

Token selected by the model in
place of the 15t rejected token

~

)

“The cat satona’”.

: ‘@ Yatin Nandwani
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How to Guess? @ ﬂamboyance]

A\

- D - D

100 B 100 B

Model Model
<  © |
A group of flamingos A group of flamingos

is called ... iscalleda...
Very easy Difficult

https://youtu.be/S-8yr_RibJ4?si=-u2dh3PRBwTnXBOZ

LLMs: Introduction and Recent Advances \ @ Yatin Nandwani
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/ +
How to Guess®? @;ﬂeek
\

- - Y
100B 100B
Model Model
<  © |
A group of flamingos A group of flamingos
is called ... iscalled a...
Very easy Difficult

Can use a small“draft” model to guess! Verify & correct it using the “target model”

https://youtu.be/S-8yr_RibJ4?si=-u2dh3PRBwTnXBOZ

LLMs: Introduction and Recent Advances L=  Yatin Nandwani
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def below threshold(l: list, t: int):
"""Return True if all numbers in the list 1 are below threshold t.

>>> below_threshold([1, 2, 4, 16], 100) Example from

True

;;isgelow_threshold([l, 20, 4, 10], 5) HumanEval dataset

if isinstance(l, list):

return True ° Only_are
else: ;

if t <= 1 < below _threshold(1l, t): generated bythe blgger

return True target model!

else:
# If the first 1 element of 1 is an integer, then it 1is
# the whole range of integers.
if not isinstance(1[0], list):
return True
else:
# If the first 1 element of 1 is a str, then it is
# the whole string.
if hasattr(l, 'findlen'):
return findlen(l)
return False

def thresh(t: int, max: int) -> int:
"""Return

Content credits:: Leviathan et al. 2023, Fast Inference from Transformers via Speculative Decoding
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Speculative Sampling

* Greedy decoding
* Target model selection: Token with max. probability
* Easy to verify with the “proposal” generated by the “draft model”

* But what about sampling by varying —top-p, top-k, or temperature?

LLMs: Introduction and Recent Advances L | Yatin Nandwani
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Fast Inference from Transformers via Speculative Decoding

Speculative Sampling

@ DeepMind 2023.2.3

Accelerating Large Language Model Decoding
with Speculative Sampling

Charlie Chen!, Sebastian Borgeaud!, Geoffrey Irving!, Jean-Baptiste Lespiau', Laurent Sifre! and John
Jumper1
LAll authors from DeepMind

We present speculative sampling, an algorithm for accelerating transformer decoding by enabling the
generation of multiple tokens from each transformer call. Our algorithm relies on the observation that
the latency of parallel scoring of short continuations, generated by a faster but less powerful draft
model, is comparable to that of sampling a single token from the larger target model. This is combined
with a novel modified rejection sampling scheme which preserves the distribution of the target model
within hardware numerics. We benchmark speculative sampling with Chinchilla, a 70 billion parameter
language model, achieving a 2-2.5x decoding speedup in a distributed setup, without compromising
the sample quality or making modifications to the model itself.

Content credits: https://youtu.be/S-8yr_RibJ4?si=Kv8xyyTsJvu8oKLV

LLMs: Introduction and Recent Advances

Yaniv Leviathan ' Matan Kalman“' Yossi Matias '

Abstract

large autoregressive models like
slow - decoding K tokens takes
“the model. In this work we in-
tive decoding - an algorithm to
oregressive models faster without
he outputs, by computing several
I. At the heart of our approach lie
that (1) hard language-modeling
de easier subtasks that can be ap-
| by more efficient models, and

developed to make inference from them faster. Some ap-
proaches aim to reduce the inference cost for all inputs
equally (e.g. Hinton et all, 2013; Jaszczur et all, 2021;
Hubara et all,2016;[So et all, 2021;[Shazeer, 2019). Other
approaches stem from the observation that not all infer-
ence steps are born alike - some require a very large model,
while others can be approximated well by more efficient
models. These adaptive computation methods (e.g. Han
et all, 2021; [Sukhbaatar et all, 2019; [Schuster et all, 2021;
[Scardapane et all,[2020; Bapna et all, 2020; Elbayad et all,
[2019; Schwartz et all, 2020) aim to use less compute re-
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J

Mp = draft model 2 Llama-2-7b-chat-hf .
Mq — target model o Llama-2-70b-chat-hf AlgOrlthm

v

pf = prefix, K = 5 tokens F = ?Z”"I "*"""-b—a)

g—

Content credits: https://youtu.be/S-8yr_RibJ4?si=Kv8xyyTsJvu8oKLV
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Mp = draft model 2 Llama-2-7b-chat-hf .
Mq — target model o Llama-2-70b-chat-hf AlgOrlthm

pf = prefix, K = 5 tokens

Sample
pl(x) = Mp(pf) ) -\ |

”

Content credits: https://youtu.be/S-8yr_RibJ4?si=Kv8xyyTsJvu8oKLV
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Mp = draft model S Llama-2-7b-chat-hf .
Mq — target model o Llama-2-70b-chat-hf AlgOrlthm

pf = prefix, K = 5 tokens

p(x) = Mp(pf) X1

_Z;;(X) = !le(pf, Xp) ———— X2

ps(x) = M, (pf, %1, %2, X3, X, ) o——) Xs

Content credits: https://youtu.be/S-8yr_RibJ4?si=Kv8xyyTsJvu8oKLV
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pl(x) — Mp(pf) eessses———) |

— —_—-—)
p2(x) = My(pf, x1) "2 Run draft model
for K steps

pS(x) — Mp(pfi x11x21x3;x4) = Xg

qq(x), 9z (%), q3(%), 44 (), g5 (%), G6 (%)

Run target model once
— Mq (pfr X1,X2,X3, X4, xS)

Content credits: https://youtu.be/S-8yr_RibJ47?si=Kv8xyyTsJvu8oKLV
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pl(x) — Mp(pf) eessses———) |
P2(X) = My (pf, %)) e—— 12 Run draft model
for K steps

pS(x) - Mp(pfi xlle)x3;x4.) —————> x5

[ A distribution at each step over entire vocabulary }

I—A—\

q1(x), q2(x), q3(x), q4(x), q5(x), g6 (x)

Run target model once
— Mq (pf! X1,X2,X3, X4, xS)

Content credits: https://youtu.be/S-8yr_RibJ47?si=Kv8xyyTsJvu8oKLV
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p1(x) = M, (pf) =————————) X1

p2(x) = My (pf,x;) =—————— x, L

pS(x) = Mp(pf, xl,xz,xg,x4) ) X

/ love chasing after cars
Draft Model p(x) 0.8 \/ 0.7 0.9 0.8 0.7
Target Model q(x) 2 0.9 0.8 0.8 0.3 0.8

q1 (x), q> (X), qs3 (X), q4 (X), ds (x), de (x)

- Mq (pr X1, X2, X3, X4, xS)

Content credits: https://youtu.be/S-8yr RibJ4?si=Kv8xyyTsJvu8oKLVY

@?% 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/
https://youtu.be/S-8yr_RibJ4?si=Kv8xyyTsJvu8oKLV

Rejection Sampling

el N N N I

dogs love chasing after cars
Draft Model p(x) 0.8 0.7 0.9 0.8 0.7
Target Model alx) 0.9 0.8 0.8 0.3 0.8

kgt 7
12 T
A
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Rejection Sampling

el N N N I

dogs love chasing after cars
Draft Model p(x) 0.8 0.7 0.9 0.8 0.7
Target Model alx) 0.9 0.8 0.8 0.3 0.8

Case 1: If g(x) = p(x), then accept
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Rejection Sampling

Il N N O N

dogs love chasing after cars

Draft Model P~ @ 0.7 0.9 0.8 0.7
A

Target Model alx) 0.9 0.8 0.8 0.3 0.8

S S

Case 1: If g(x) = p(x), then accept

X)

Case 2: If g(x) < p(x), then accept with probability &)

p(x)
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Rejection Sampling

Il N N O N

dogs love chasing after cars

Draft Model p(x) 0.8 0.7 0.9 0.8 0.7

Target Model q(x) .5 0.8 0.8 0.3 0.8
Similar to
Case 1: If g(x) = p(x), then accept I
Sampling

Case 2: If g(x) < p(x), then accept with probability gg

@?% LLMs: Introduction and Recent Advances h 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/

p1(x) = M, (pf) =————————) X1

p2(x) = M, (pf,x,) =——— x,

Tl e N O

pS(x) = Mp(pf, xl,xz,X3,x4) ) X

dogs love chasing after cars
Draft Model p(x) 0.8 0.7 0.9 0.8 0.7
Target Model a(x) 0.9 0.8 0.8 0.3 0.8
- -
g1 (%), 42 (%), 43 ()1 44 () g5 (%), @6 (x) v v v X

| — 4

= My (pf, %1, X2, X3, X4, X5)

Content credits: https://youtu.be/S-8yr_RibJ4?si=Kv8xyyTsJvu8oKLV
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Rejection Sampling

u”

Actually, don’t sample g(x) 7(

Adjusted distribution: (q(x) — p(x))+
(Target Model -- Draft Model)+
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Rejection Sampling

Actually, don’t sample g(x)

Probability

Adjusted distribution: (q(x) — p(x))+
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Wall time speedup:
[llustration on an encoder-decoder model

Target encoder

s Target decoder

Wall Time =2
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Wall time speedup:
[llustration on an encoder-decoder model

Target encoder

<7 /NN N Ao
s Target decoder

HEEEEE —g

Wall Time =2
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Model dmoder Heads Layers Params

— Results
Target (Chinchilla) 8192 64 80 70B

Draft 6144 48 8 4B

Table 1 | Chinchilla performance and speed on XSum and HumanEval with naive and speculative
sampling at batch size 1 and K = 4. XSum was executed with nucleus parameter p = 0.8, and
HumanEval with p = 0.95 and temperature 0.8.

Sampling Method Benchmark Result Mean Token Time Speed Up
ArS (Nucleus) 0.112 14.1ms/Token 1x

—5 SpS (Nucleus) XSum (ROUGE-2) 0.114 7.52ms/Token 1.92x 5)127‘
ArS (Greedy) 0.157 14.1ms/Token 1x

XSum (ROUGE-2)

SpS (Greedy) 0.156 7.00ms/Token 2.01x

ArS (Nucleus) 45.1% 14.1ms/Token 1x
SpS (Nucleus) HumanEval (100 Shot) 47.0% 5.73ms/Token 2.46x
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How to guess?

* Speculative decoding:

* Smaller model from the same family — Draft model: Llama-7B, for target model: Llama-70B

* Is 7B small enough?

LLMs: Introduction and Recent Advances hyoTE & Yatin Nandwani
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< Post

HOW to gueSS? ‘:,_ Georgi Gerganov &

! g

e Speculative decoding: Meta should have release a couple of (1B and 3B) drafter models with the
P & Code Llama release. Is it too late for them to train them or we have to

* Smaller model from the sd wait forv2 @

* Is 7B small enough?

P B\
& '%\‘
it o\
@ LLMs: Introduction and Recent Advances E}\/f IT-CS@I Yatin Nandwani
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How to guess?

* Speculative decoding:

* Smaller model from the same family — Draft model: Llama-7B, for target model: Llama-70B
* Is 7B small enough?

* Isiteasyto host two models?
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* Can we somehow generate multiple candidates from the target model itself?

* What if you are allowed to further fine-tune using PEFT?

LLMs: Introduction and Recent Advances hyoTE & Yatin Nandwani
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Medusa

* Multiple LM heads to predict next-next
tokens
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Medusa

(s

Original Model

[ LM Head J— * Multiple LM heads to predict next-next
/) tokens
Last Hidden
4 =
Transformer
Layers

. T J
r Embedding \
+ Input

What will happen if
Medusa meets a llama?
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(K R Medusa
G B

Original Model
(LM Head J} * Multiple LM heads to predict next-next
A 4 ) /\ tokens
~—— Y Medusa Heads / (/ '
o, | LastHidden , 3\ QLV
» MedusaHead 1 [—
- =N k J
Transformer > <
Layers —>»{ Medusa Head 2 |
g J \ J

7 = L
Embedding

O ‘/k J

+ Input

Medusa Head 3 |+

What will happen if
Medusa meets a llama?
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Medusa

) o

3% Original Model * Top-k Predictions
[ LM Head J - ~ It, I, As J * Multiple LM heads to predict next-next
- "
Y Medusa Heads & to kens
Last Hidden - N - \ N
» Medusa Head 1 > |s< the
é ) 4 ) L / J
Transformer . . § }f\ .
Layers \—>» Medusa Head 2 difficdlt, is, *
\ J \ J Y 2 \ \ J
T y: 2 4 l’ \\ \ N
[ _ Y | “—>» Medusa Head 3 not, difﬁcult,}
Embedding L / K j

k 4 ]

+ Input

What will happen if
Medusa meets a llama?
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Medusa

) 4

% Original Model X Top-k Predictions
[ LM Head ] — N It 1, As ] * Multiple LM heads to predict next-next
A ¢y Medusa Heads tokens
Last Hidden - - _ X .
) - T is. " the * Take .the Cartes!an proo!uct to create
SO ; : ; ‘ multiple potential candidate sequences
Layers \—>»{ Medusa Head 2 > difficult, is, ' e With top-k=4, and 3 heads, we get
. J \ J \ J
A , X ; , 43*1)= 256 candidates
( _ Y | > Medusa Head 3 not, difficult, a
Embedding L J L J
]

> Input

What will happen if
Medusa meets a llama?
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Medusa

) 4

% Original Model X Top-k Predictions
[ LM Head ] — N It 1, As ] * Multiple LM heads to predict next-next
A ¢y Medusa Heads tokens
Last Hidden - - _ X .
) - T is. " the * Take .the Cartes!an proo!uct to create
SO ; : ; ‘ multiple potential candidate sequences
Layers \—>»{ Medusa Head 2 > difficult, is, ' e With top-k=4, and 3 heads, we get
. J \ J \ J
A , X ; , 43*1)= 256 candidates
f _ A Medusa Head 3 not, difficult, a
Embedding y L J

\‘ A /\{ /\J 4

> Input — Candidates
What will happen if It is difficult not
Medusa meets a llama? It' difficult a
It is' not
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Medusa

~

% Original Model X Top-k Predictions

[ LM Head ] ~ = ,[ it 1 As ] * Multiple LM heads to predict next-next
A ¢y Medusa Heads tokens

Last Hidden . \ - \ .
) 8 S is." the * Take .the Cartes!an proo!uct to create
SO ; : ; : multiple potential candidate sequences
Layers —>» Medusa Head 2 »  difficult, is, ' * With top-k=4, and 3 heads, we get

. J \ J \ J
A , X ; , 43*1)= 256 candidates

f _ Y | > Medusa Head 3 not, difficult, a . .

[N Ebeading B S 7 Q ") * Process all the candidates in parallel
A .

K J P, * Enabled by Tree attention
> Input — Candidates / Single step prediction
What will happen if It is difficult not It is difficult
Medusa meets a llama? It' difficult a

It is' not
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Medusa

~

% Original Model X Top-k Predictions
[ LM Head ] = & >[ it 1 As ] * Multiple LM heads to predict next-next
A ¢y Medusa Heads tokens
Last Hidden - - _ X .
) : e is." the * Take .the Cartes!an proo!uct to create
SO ; ; ; j multiple potential candidate sequences
Layers —>» Medusa Head 2 »  difficult, is, ' * With top-k=4, and 3 heads, we get
. J \ y \ y
A , . : : 43*1)= 256 candidates
f _ ) | “—>» Medusa Head 3 not, difficult, a . .
| Emkeccing k / & | » Process all the candidates in parallel

J * Enabled by Tree attention

c

Accept the “largest” sub-sequence

» Input — Candidates / Single step prediction b h hold 5
What will happen if It is difficult not It is difficult above a threshold prob.
Medusa meets a llama? It' difficult a
It is' not
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Medusa

~

% Original Model X Top-k Predictions o

[ LM Head ] - & ,[ it 1 As ] |r° Multiple LM heads to predict next-next :
A AMedusaHeadS lﬁioheﬂs----------------’

Last Hidden . \ - \ .
) 8 T 5" the * Take .the Cartes!an proo!uct to create
SO ; ; ; j multiple potential candidate sequences

I Layers J V—)\ Medusa Head 2 , )\ diffricult, is, ' ) * With top-k=4, and 3 heads, we get
A , . —F , 43*1)= 256 candidates

f _ Y | > Medusa Head 3 not, difficult, a . .

IRRER=dind i % 7 Q ) * Process all the candidates in parallel

\ 1 4 J * Enabled by Tree attention

c

* Accept the “largest” sub-sequence

» Input — Candidates / Single step prediction b h hold 5
What will happen if It is difficult not It is difficult above a threshold prob.
Medusa meets a llama? It' difficult a
It is' not
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How to train multiple LM heads?

- Each Medusa head is as a single layer of feed-forward network, augmented

with a residual connection.

« Keep the backbone architecture frozen and train the heads using PEFT.
« Can use the same corpus that trained the original model.

* On Vicuna-7B, Medusa Head 1 get

« top-1 accuracy rate of approximately 60(@
« Top-5 accuracy rate of ~ 80% (hence we use top-k approacha

LLMs: Introduction and Recent Advances \ IT.CS@m Yatin Nandwani
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Medusa

~

% Original Model X Top-k Predictions
[ LM Head ] - & >[ it 1 As ] * Multiple LM heads to predict next-next
A OMedusaHeadS —tgkin-s---------------
Last Hidden . \ - \ .
) \ odusa Homd 1 s the I,. Take the Cartesian product to create :
SO ; ; ; o multiple potential candidate sequencesI
I Layers J —>» Medusa Head 2 , )\ difficult, is, ' i * With top-k=4, and 3 heads, we get [
A | 43*1)= 256 candidates J
( _ ) | “—>» Medusa Head 3 not, difficult, a ~----------.---.-----"
| Emkeading % ) ") * Process all the candidates in parallel
A .
K / ] * Enabled by Tree attention
A , 2 - — * Accept the “largest” sub-sequence
> Input Candidates / Single step prediction
What will happen i It is difficult not b s ot above a threshold prob.
Medusa meets a llama? It' difficult a

It is' not

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/

Medusa

~

2 Original Model £ Top-k Predictions
[ LM Head ] = = ,[ it 1 As ] * Multiple LM heads to predict next-next
1 ¢y Medusa Heads tokens
Last Hidden r \ - N .
) 8 R is." the * Take .the Cartes!an proo!uct to create
SO ; ; ; j multiple potential candidate sequences
Layers —>» Medusa Head 2 »  difficult, is, ' * With top-k=4, and 3 heads, we get
. J \ y \ y
A , : : , 43*1)= 256 candidates
i _ ) | > Medusa Head 3 not, difficult, a r-------------------\
| Skl S 7 Q ) I. Process all the candidates in parallel |
\ 1 4 J * Enabled by Tree attention ’I
. 5 R B B B B B B B B B B B B B B 0B B B
A , 2 - — * Accept the “largest” sub-sequence
> Input Candidates / Single step prediction h h l d b
What will happen if It is difficult not It is difficult above a thresho Proo.
Medusa meets a llama? :t' difficult a
tis' not
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Tree
Attention

Head1:“|t” “I”

Head 2: “.” “l” “ -”
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Figure 6. Visualization of a sparse tree setting for MEDUSA-2 Vicuna-7B. The tree has 64 nodes representing candidate tokens and a
depth of 4 which indicates 4 MEDUSA heads involved in calculation. Each node indicates a token from a top-k prediction of a MEDUSA
head, and the edges show the connections between them. The red lines highlight the path that correctly predicts the future tokens.
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Prune the tree!
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Acceptance criteria

* Device their own sampling method, instead of supporting standard nucleus sampling
* Aim to pick candidates that are likely enough according to the original model

* Always select the 1st token greedily

* For the rest of the tokens:

Poriginal (Tn4k |1, T2, -+ Tpyr—1) > min (€, 0 exp (—H (Poriginal (|1, T2, -+, Tntk-1)))) s
e \_
[ Minimum of a hard threshold and an entropy-dep#ndent threshold J

* Select the longest sub-sequence in which all tokens satisfy‘{be«éﬁd%ﬁiteria

LLMs: Introduction and Recent Advances JE Yatin Nandwani
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Impact of the threshold

3.5-

Acc. Rate

0.00 0.05 0.10
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Results

Speed up on different model sizes

LS /X B w/o Medusa

" e w/ Medusa
1.92x
0 I II
7B 13B

33B

(=)}
o

Tokens per second
N
o

N
o

Model Size
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How to guess?

* Speculative decoding -- uses a small draft model with same tokenizer

* Medusa - trains multiple LM heads to predict next-next tokens

Think about tasks like Where should you look for
potential candidate

* Content grounded QA, completions?

* RAG,

e Summarization...
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Prompt-lookup
decoding

print(f"Tokens per second: {tokens_per_sec} tokens/sec")
print(f"Total tokens generated: {num_tokens_generated}")

Greedy
decoding

Content credits: https://g
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Summarization and Context-QA Performance Comparison

o] T Creedy Results

80

2.4x

2.4x

60

40+

Tokens per Second

201

Context-QA (HAGRID) Summarization (CNN/DM)
Dataset
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How to guess?

* Speculative decoding -- uses a small draft model with same tokenizer

* Medusa - trains multiple LM heads to predict next-next tokens

* Prompt-lookup decoding: Search for n-grams in the prompt as potential completions
Can we create potential candidates (n-grams)

* Without relying on the input prompt, and
* Without additional finetuning ?
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Lookahead Decoding

Another way of generating n-gram candidates and verifying them P Py

No need to train "additional” LM heads for next-next token predictions

Doesn’t rely on input prompt to search for n-grams

Inspired by Jacobi iteration method

Starts with a random guess completion and maintains a pool of n-grams generated by the model.

Heavily relies on tree-attention to verify as well as generate multiple n-gram candidates in parallel,

starting from the random guess
Checkout the blog - https://lmsys.org/blog/2023-11-21-lookahead-decoding
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Summary

Motivation - Inference is sequential, memory bound and slow, with high latency

KV caching — avoids re-computation of Keys and Value matrices
Addresses memory issues

Paged Attention and vLLM - efficient memory management

~———/

Flash decoding — efficient attention for very long sequences :H Makes it fast!

Breaking sequential generation

* Speculative decoding — guess and verify paradigm Addresses sequential
* How to guess? generation
* Smaller draft model with same tokenizer
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Continuous batching

* Continuous batching
* ORCA - https://www.usenix.org/conference/osdi22/presentation/yu
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Continuous batching

\/ https://www.usenix.org/confere

ance/osdi22/prese

ntat lJls /'“ (09/2022)

« Decoder-only inference requests are harder to batch than for traditional Transformers
* Input and output lengths can greatly vary, leading to very different generation times

Available in
Hugging Face TGl

Traditional batching waits for all requests to

complete

&d low hardware usage

%%

Continuous batching evicts completed

requests and runs new requests

&d high hardware usage

Token generation must pause regularly to run
prefill for new requests

(waiting served ratio parameterin TGl)
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The author of this material is Julien Simon https://www.linke [in/juliensi unless explici ioned
(CC) @@ Thsma!e alsshaed de theCCBYNC40Ioe semmwﬁmmym
foss.ame B b seas L b

Content Credit: https://www.slideshare.net/slideshow/julien-simon- deeo dlve ootlmlzm,q llm-inference-69d3/270921961
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Slides Credit

* For all topics
* Papers and official blogs

* Paged attention

* https://www.youtube.com/watch?v=5ZlavKF_98U&t=1646s&ab_channel=Anyscale [ Ray Summit 23 Talk]
* https://youtu.be/yVXtLTcdO1Q?si=XO2Dk-VYOShUMH1u [ Waterloo lecture]

* Speculative Decoding

* https://www.slideshare.net/slideshow/julien-simon-deep-dive-optimizing-llm-inference-69d3/270921961
* https://youtu.be/S-8yr_RibJ4?si=Kv8xyyTsJvu8oKLV [ Efficient NLP ]
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