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Pretraining-Finetuning-Inference

Pre-Training

Large unlabelled datasets Pre-Trained
(e.g. Wikipedia, BookCorpus)

Weights

Self-supervised
training (hours to days)

Fine-Tuning

Smaller labelled datasets
(SQUAD, MNLI/CMNLI,
Similarity)

Task-specific fine tuning
(minutes to hours)

Fine-Tuned

Weights

Previous lectures

This lecture




Vanilla autoregressive inference

Large language model
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Speculative sampling framework (draft)
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Leviathan, Yaniv, Matan Kalman, and Yossi Matias. "Fast inference from transformers via speculative decoding." International Conference on Machine Learning. PMLR, 2023.

Chen, Charlie, et al. "Accelerating large language model decoding with speculative sampling." arXiv preprint arXiv:2302.01318 (2023).



Speculative samplmg framework (check)

Compare with tiny model

Original large model
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Speculative sampling framework (check)

Probability Density
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2. else: next token = t’~norm(max(0,p — q))

Residual distribution

Theorem (reject sampling):
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All is about how to use sampling from (p, q) to mimic sampling from p.
p and g are closer -> higher accept rate -> higher speedup ratio

Leviathan, Yaniv, Matan Kalman, and Yossi Matias. "Fast inference from transformers via speculative decoding." International Conference on Machine Learning. PMLR, 2023.

Chen, Charlie, et al. "Accelerating large language model decoding with speculative sampling." arXiv preprint arXiv:2302.01318 (2023).




Reject sampling proof

1. r~U(0,1), if r < min (1 Pl )) next token =

q(t)
Proof: Accept rate
Pr(X =1t 2. else: next token = t"~norm(max(0,p — q))
= Pr(X = t) Pr(X accept|X = t) + Pr(X re]ect) Pr( = t|X re]ect) Residual distribution
= q(t) min( p(t )> + (1 — Pr(X accept))norm(max(0, p(t) — q(t))) Theorem (reject sampling):
q(t) The above (p, q) sampling procedure is

= min(p(t), q(1)) + (1 — z min(p(t), q(t))> Zrtn;zi(z,op;t()t)— _q;t()t))) equivalent to sampling from p.
= min(p(t), q(t)) + max(0, p(t) — q(v))
=p(t)
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How to build the
tiny model g?

%9

Leviathan, Yaniv, Matan Kalman, and Yossi Matias. "Fast inference from transformers via speculative decoding." International Conference on Machine Learning. PMLR, 2023.

Chen, Charlie, et al. "Accelerating large language model decoding with speculative sampling." arXiv preprint arXiv:2302.01318 (2023).



Use a small model in the same family

Empirical results for speeding up inference from a T5-XXL 11B model. (3
TASK M, TEMP v o SPEED
ENDE T5-SMALL % 0 7 0.75 34X Using a small model in the same
ENDE  T5-BASE 0 7 08 28X family works well, but: |
ENDE T5-LARGE 0 7 0.82 1.7X 1. What if the target model is the
ENDE T5-SMALL % 1 7 062 2.6X smallest in the family?
ENDE T5-BASE 1 5 0.68 24X 2. Can we do better?
ENDE TS5-LARGE 1 3 0.71 1.4X
CNNDM T5-SMALL % 0 5 0.65 3.1X
CNNDM T5-BASE 0 5 0.73 3.0X
CNNDM T5-LARGE 0 3 0.74 2.2X
CNNDM T5-SMALL % 1 5 0.53 2.3X
CNNDM T5-BASE 1 3 0.55 2.2X
CNNDM T5-LARGE 1 3 0.56 1.7X

Leviathan, Yaniv, Matan Kalman, and Yossi Matias. "Fast inference from transformers via speculative decoding." International Conference on Machine Learning. PMLR, 2023.
8
Chen, Charlie, et al. "Accelerating large language model decoding with speculative sampling." arXiv preprint arXiv:2302.01318 (2023).



How to build the tiny model g?

* Trade-off between accuracy and efficiency

Fast but inaccurate

{1 Accurate but slow

* However, training a draft model from scratch can be costly.



EAGLE: Speculative Sampling
Requires Rethinking Feature
Uncertainty



Our first trial: next-feature prediction
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Feature uncertainty matters

Palways P1 Pam
p(begin)=0.8 p(am)=0.6 p(excited)=0.3
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Our second trial: EAGLE
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Tree attention
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Parameters of the drafted models
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Performance on MT-bench

Vanilla
HEl EAGLE Hl Medusa Il |ookahead 2 Speculative sampling Vanilla
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On MT-Bench, EAGLE is

 3x %4 than vanilla decoding

« 1.6x % than Medusa

« 2x % than Lookahead

* Provably maintaining text distribution

W EAGLE
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Third-party evaluations

Spec-bench

NVIDIA GeForce RTX 3090

Translation
Multi-turn
Summarization e o
i
Question Retrieval-
Answering augmented
Generation
Mathematical
Reasoning
EAGLE Hydra Medusa

g Unlocking Efficiency in Large Language Model Inference:
A Comprehensive Survey of Speculative Decoding

Heming Xia', Zhe Yang?, Qingxiu Dong?, Peiyi Wang?,

Yonggqi Li', Tao Ge?®, Tianyu Liu*, Wenjie Li', Zhifang Sui’
'Department of Computing, The Hong Kong Polytechnic University
National Key Laboratory for Multimedia Information Processing, Peking University
3Microsoft Research Asia *Alibaba Group

NVIDIA A100

Translation
Multi-turn
Summarization PR
Question Retrieval-
Answering augmented
Generation

Mathematical
Reasoning

SpS PLD REST Lookahead

Speedup comparison of Speculative Decoding methods on Spec-Bench, evaluated by Vicuna-7B-v1.3.
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Third-party evaluations

Spec-bench

RTX 3090, Vicuna 7B

Models

EAGLE ¥

-’
2

([%]

pS

b ' 4
ra@

|
ol

y
PL

O

Medusa

REST

Lookahead

Multi-turn

Conversation

2.44x

1.98x

2.04x

1.57x

1.60x

1.49x

1.13x

Translation

1.81x
1.37x
1.67x
1.07x
1.38x
1.18x

0.97x

Summa-

rization

2.13x

2.00x

1.56x

2.31x

1.28x

1.21x

1.05x

Question
Answering
2.11x
1.95x
1.81x
1.25x
1.46x
1.46x

1.07x

g Unlocking Efficiency in Large Language Model Inference:
A Comprehensive Survey of Speculative Decoding

Heming Xia', Zhe Yang?, Qingxiu Dong?, Peiyi Wang?,

Yonggqi Li', Tao Ge?®, Tianyu Liu*, Wenjie Li', Zhifang Sui’
'Department of Computing, The Hong Kong Polytechnic University
National Key Laboratory for Multimedia Information Processing, Peking University
3Microsoft Research Asia *Alibaba Group

. Retrieval- #Mean
Mathematical
. aug. Accepted Overall
Reasoning .

Generation Tokens
2.54x 1.82x 3.57 2.16x
1.89x 1.76x 2.29 1.83x
2.16x 1.48x 3.26 1.80x
1.62x 1.56x 1.74 1.55x
1.64x 1.22x 2.32 1.44x
1.35x 1.27x 1.63 1.32x
1.29x 0.98x 1.65 1.08x
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Third-party evaluations

Spec-bench

REST

Lookahead

Models

EAGLE ¥

Hydra %

Medusa

-’
3

PLD

Sps
REST

Lookahead

A100, Vicuna 7B

Multi-turn

Conversation

2.67x

2.45x

2.05x

1.64x

1.66x

1.63x

1.40x

Translation

1.99x

1.94x

1.73x

1.04x

1.13x

1.31x

1.14x

Summa-

rization

2.23x

1.79x

1.57x

2.43x

1.62x

1.36x

1.19x

g Unlocking Efficiency in Large Language Model Inference:
A Comprehensive Survey of Speculative Decoding

Heming Xia', Zhe Yang?, Qingxiu Dong?, Peiyi Wang?,

Yonggqi Li', Tao Ge?®, Tianyu Liu*, Wenjie Li', Zhifang Sui’
'Department of Computing, The Hong Kong Polytechnic University
National Key Laboratory for Multimedia Information Processing, Peking University
3Microsoft Research Asia *Alibaba Group

. . Retrieval- #Mean
Question Mathematical
. . aug. Accepted Overall
Answering Reasoning .
Generation Tokens
2.12x 2.67x 2.04x 3.61 2.29x
2.03x 2.49x 1.77x 3.24 2.09x
1.75x 2.05x 1.51x 2.32 1.78x
1.14x 1.61x 1.71x 1.73 1.59x%
1.49x 1.47x 1.55x 2.28 1.49x
1.66x 1.21x 1.73x 1.82 1.48x
1.24x 1.55x 1.09x 1.66 1.27x
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Third-party evaluations

Spec-bench

REST

Lookahead

Models

EAGLE ¥

Hydra %

Medusa

.
@

PLD

Sps
REST

Lookahead

PLD

REST

Lookahead

A100, Vicuna 13B

Multi-turn

Conversation

2.68x

2.46x

1.96x

1.60x

1.47x

1.52x

1.30x

g Unlocking Efficiency in Large Language Model Inference:
A Comprehensive Survey of Speculative Decoding

Heming Xia', Zhe Yang?, Qingxiu Dong?, Peiyi Wang?,

Yonggqi Li', Tao Ge?®, Tianyu Liu*, Wenjie Li', Zhifang Sui’
'Department of Computing, The Hong Kong Polytechnic University
National Key Laboratory for Multimedia Information Processing, Peking University
3Microsoft Research Asia *Alibaba Group

. . Retrieval- #Mean
. Summa- Question Mathematical
Translation o . . aug. Accepted Overall
rization Answering Reasoning .

Generation Tokens
1.96x 2.44x 2.04x 2.70x 2.23x 3.64 2.34x
1.90x 1.93x 1.96x 2.48x 1.92x 3.35 2.12x
1.66x 1.63x 1.63x 2.00x 1.58x 2.39 1.75x
1.13x 1.68x 1.39x 1.53x 1.67x 2.18 1.49x
1.02x 2.19x 1.03x 1.57x 1.71x 1.68 1.48x
1.17x 1.37x 1.53x 1.19x 1.55x 1.82 1.38x
1.06x 1.20x 1.12x 1.48x 1.12x 1.63 1.22x
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@ Unlocking Efficiency in Large Language Model Inference:

—|— h i rd _ p a rty ev a | u a t i O n S A Comprehensive Survey of Speculative Decoding

Heming Xia', Zhe Yang?, Qingxiu Dong?, Peiyi Wang?,
Yonggqi Li', Tao Ge?®, Tianyu Liu*, Wenjie Li', Zhifang Sui’
'Department of Computing, The Hong Kong Polytechnic University
National Key Laboratory for Multimedia Information Processing, Peking University

S p ecC- b enc h 3Microsoft Research Asia *Alibaba Group

A100, Vicuna 33B

Models Models ) ) ) Retrieval- #Mean
Models Multi-turn . Summa- Question Mathematical
Models . Translation . . . aug. Accepted Overall
Conversation rization Answering Reasoning .
EAGLE ¥ EAGLE ¥ Generation Tokens
EAGLE ¥ -

SpS ¥ Hvdra % EAGLE 2.79x 2.05x 2.51x 2.17x 2.99x 2.27x 3.39 2.47x
T Hydra ¥ -
Hydra ¥ Medusa Hydra % 2.59x 2.01x 2.04x 2.11x 2.71x 2.06x 3.24 2.26x
= s Medusa
PLD - Medusa
v 3 PV — 1.98x 1.73x 1.64x 1.66x 2.07x 1.62x 2.33 1.79%

PLD ¢
Medusa — SpS

SpS SpS 1.75x 1.28x 1.76x 1.53x 1.69x 1.68x 2.01 1.61x
REST PLD

REST — REST 1.63x 1.27x 1.45x 1.61x 1.30x 1.61x 1.80 1.48x
Lookahead REST

Lookahead — PLD 1.44x 1.06x 2.00x 1.07x 1.55x 1.45x 1.55 1.42x

Lookahead | |\ 2head 1.32x 1.08x 1.20x 1.16x 1.54x 1.15x 161 1.24x
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FAGLE-2: Faster Inference of

Language Models with Dynamic
Draft Trees



Static tree structure?
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How to determine importance of each node?

M)
"q(t)
* However, it requires the computation from the original large model p

* The confidence of the draft model g is a good apprOX|mat|on

l.e. output 1.0
probability of q

* Accept rate min (1

o
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Strong linear
correlation .--Z
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o
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o
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o
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Context-aware dynamic draft tree

Beam Search (Top-2)

06 It (1.0) 02
is (0.6) has (0.2)
0.8 \ 0.1 0.7 \O.l

[ a (0.48) ]the(0.06) [ to (0.14) J a (0.02)

Expand

It (1.0)

1s (0.6) has (0.2)
O‘EV \ 0.1 0.7/ \0.1
a (0.48) the (0.06) to (0.14) a (0.02)
0.7 0.1 0.6 | 0.2
good (0.34)  nice (0.05) be (0.08) do (0.03)



Context-aware dynamic draft tree

Rerank (Top-8)

0 It (1.0) %’
/ '
is (0.6) has (0.2)
O.EV \ 0.1 O.V
a (0.48) the (0.06) to (0.14)
0.7 l 0.6 l
good (0.34) be (0.08)
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Attention mask
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Performance on MT-bench

EAGLE-2 Il EAGLE Il Medusa Lookahead
4.5 4.26x 4.21x
4.0 3.62x
3.5 . 3.43x 3.29x
.07x 3.03x 3.01
G d 2.90)( 2-78X X 2.72x 2_83)(
ree )
T=0
.61x .58x .50x
N/A N/A N/A
1 1% 3% 2%
Q'\C\)‘\a \l'\(_\“\ P.?—’C“a‘ ’L'C\\a‘ ke “\5“0("' 5“ \)C"
) WA p>” 30
W\ \\2 waW \’\’awx
Models
EAGLE-2 E EAGLE I Speculative sampling
4 3.80x 3.92x
3.19x
g |3.05x 2.68x
Non-greedy % 2.32x 2.22x
L2
T=1 &
o D) 5 ) 5)
oo\ 1 Lcune 1V d\aﬂ nat ¥
\\ \I\C N\P‘ - N\P‘ p
\'\va \'\,a

B Speculative sampling
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Performance (T=0, bs=1)

MT-bench HumanEval GSM8K Alpaca CNN/DM Natural Ques. Mean
#mean #mean #mean #mean #mean #mean #mean
Model Method Speedup accepted Speedup accepted Speedup accepted Speedup accepted Speedup accepted Speedup accepted Speedup accepted
tokens tokens tokens tokens tokens tokens tokens
SpS 1.93x 2.27 2.23x 2.57 1.77x 2.01 1.76x 2.03 1.93x 2.33 1.66x 1.88 1.88x 2.18
PLD 1.58x 1.63 1.85x 1.93 1.68x 1.73 1.16x 1.19 2.42x 2.50 1.14x 1.17 1.64x 1.69
Medusa 2.07x 2.59 2.50x 2.78 2.23x 2.64 2.08x 245 1.71x 2.09 1.81x 2.10 2.07x 244
V 13B Lookahead  1.65x 1.69 1.71x 1.75 1.81x 1.90 1.46x 151 1.46x 1.50 1.36x 1.39 1.58x 1.62
Hydra 2.88x 3.65 3.28x 3.87 2.93x 3.66 2.86x 3.53 2.05x 281 2.11x 2.88 2.69x 3.40
EAGLE 3.07x 3.98 3.58x 4.39 3.08x 3.97 3.03x 3.95 2.49x 3.52 2.42x 3.11 2.95x 3.82
EAGLE-2 4.26x 4.83 4.96x 5.41 4.22x 4.79 4.25x 4.89 3.40x 4.21 3.13x 3.74 4.04x 4.65
PLD 1.42x 1.46 1.63x 1.70 1.41x 144 1.16x 1.20 1.42x 1.45 1.12x 1.15 1.36x 1.40
12 138 Lookahead  1.58x 1.64 1.80x 1.85 1.65x 1.69 1.47x 1.50 1.46x 1.53 1.42x 1.45 1.56x 161
EAGLE 3.03x 3.90 3.76x 452 3.20x 4.03 3.01x 3.83 2.70x 3.59 2.83x 347 3.09x 3.89
EAGLE-2 4.21x 4.75 5.00x 5.52 4.31x 4.90 4.13x 4.61 3.45x 4.24 3.51x 4.04 4.10x 4.68
SpS 1.82x 2.36 1.99x 2.61 1.71x 2.26 1.65x 221 1.81x 244 1.60x 2.16 1.76x 2.34
PLD 1.61x 1.68 1.82x 1.87 1.82x 1.99 1.21x 131 2.53x 272 1.23x 144 1.70x 1.84
Medusa 1.91x 2.52 2.02x 2.67 1.89x 2.59 1.79x 248 1.42x 2.02 1.51x 2.09 1.76x 240
V7B  Lookahead  1.63x 1.69 1.72x 1.77 1.84x 1.99 1.38x 1.57 1.44x 1.53 1.45x 1.60 1.58x 1.69
Hydra 2.69x 3.60 2.98x 3.79 2.73x 3.66 2.66x 3.58 2.01x 270 2.25x 2.86 2.55x 3.37
EAGLE 2.90x 3.94 3.33x 4.29 3.01x 4.00 2.79x 3.89 2.33x 342 2.31x 321 2.78x 3.79
EAGLE-2 3.62x 4.98 3.95x 5.33 3.63x 4.97 3.46x 4.86 2.94x 4.12 2.76x 3.82 3.39x 4.68
PLD 1.38x 1.43 1.52x 1.59 1.32x 1.37 1.15x 1.19 1.48x 152 1.15x 1.20 1.33x 1.38
12 7B Lookahead  1.61x 1.66 1.72x 1.77 1.58x 1.65 1.49x 152 1.49x 154 1.48x 1.53 1.56x 161
EAGLE 2.78x 3.62 3.17x 4.24 2.91x 3.82 2.78x 3.71 2.43x 341 2.61x 3.44 2.78x 3.71
EAGLE-2 3.43x 4.70 4.03x 5.39 3.52x 4.77 3.45x 4.66 3.01x 4.12 3.15x 4.19 3.43x 4.64
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Performance (T=1, bs=1)

MT-bench Humankval GSM8K Alpaca CNN/DM Natural Ques. Mean
#mean #mean #mean #mean #mean #mean #mean
Model Method Speedup accepted Speedup accepted Speedup accepted Speedup accepted Speedup accepted Speedup accepted Speedup accepted
tokens tokens tokens tokens tokens tokens tokens
SpS 1.62x 1.84 1.72x 1.97 1.46x 1.73 1.52x 1.78 1.66x 1.89 1.43x 1.70 1.55x 1.82
V 13B EAGLE 2.32x 3.20 2.65x 3.63 2.57x 3.60 2.45x 3.57 2.23x 3.26 2.14x 3.06 2.39x 3.39
EAGLE-2  3.80x 4.40 4.22x 4.89 3.77x 441 3.78x 4.37 3.25x 3.97 3.07x 3.54 3.65x 4.26
EAGLE 2.68x 3.45 2.89x 3.78 2.82x 3.67 2.66x 3.55 2.41x 3.39 2.37x 3.31 2.64x 3.53
- 198 EAGLE-2  3.92x 451 4.58x 5.29 4.21x 4.80 3.85x 4.48 3.31x 4.08 3.43x 3.89 3.88x 451
SpS 1.50x 1.87 1.55x 1.95 1.53x 1.82 1.56x 1.85 1.63x 191 1.33x 172 1.52x 1.85
V7B EAGLE 2.13x 3.17 2.39x 3.43 2.34x 3.29 2.21x 3.30 2.08x 3.12 1.95x 2.86 2.18x 3.20
EAGLE-2  3.05x 4.28 3.33x 4.65 3.07x 4.49 3.08x 4.43 2.63x 3.76 2.48x 3.56 2.94x 4.20
> 78 EAGLE 2.22x 3.30 2.61x 3.79 2.40x 3.52 2.29x 3.33 2.19x 3.15 2.22x 3.12 2.32x 3.37

EAGLE-2  3.19x 441 3.67x 5.06 3.35x 4.62 3.20x 4.48 2.73x 3.85 2.81x 4.01 3.15x 441
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Vanilla on A100 vs EAGLE-2 on RTX3060

Vanilla W EAGLE-2
A100 ($10000) RTX 3060 (2X$300)

26.06 tokens/s 1.00 19.61 tokens/s 5.00
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. . g Unlocking Effici in Large La Model I :
Third-party evaluations = e e b
Heming Xia', Zhe Yang’, Qingxiu Dong?, Peiyi Wang?,
( u p d ate d O n O Ct . 2 5 , 2 O 2 4) Yonggqi Li', Tao Ge?®, Tianyu Liu*, Wenjie Li', Zhifang Sui’

'Department of Computing, The Hong Kong Polytechnic University
National Key Laboratory for Multimedia Information Processing, Peking University

3Microsoft Research Asia *Alibaba Group

Leaderboard on 3090

e Device: a single NVIDIA GeForce RTX 3090 GPU (24GB) with 12 CPU cores
e Testing environment: Pytorch 2.0.1, under CUDA 11.8

e Experimental Settings: Vicuna-7B-v1.3, greedy decoding, FP16 precision, batch size =1

. . . Retrieval- #Mean
Multi-turn . Summa- Question Mathematical
Models . Translation L. . . aug. Accepted Overall
Conversation rization Answering Reasoning .
Generation Tokens
EAGLE2 Y 2.71x 1.82x 2.19x 2.11x 2.71x 1.91x 4.36 2.25x
EAGLE & 2.44x 1.81x 2.13x 2.11x 2.54x 1.82x 3.57 2.16x
SpS é 1.98x 1.37x 2.00x 1.95x 1.89x 1.76x 2.29 1.83x
Hydra 2.04x 1.67x 1.56x 1.81x 2.16x 1.48x 3.26 1.80x
PLD 1.57x 1.07x 2.31x 1.25x 1.62x 1.56x 1.74 1.55x
Medusa 1.60x 1.38x 1.28x 1.46x 1.64x 1.22x 2.32 1.44x
REST 1.49x 1.18x 1.21x 1.46x 1.35x 1.27x 1.63 1.32x
Lookahead 1.13x 0.97x 1.05x 1.07x 1.29x 0.98x 1.65 1.08x
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EAGLE-3



Benchmarking on MT-Bench

m Vanilla Speculative sampling Medusa Bl HASS EAGLE . EAGLE-2
5
4.1x

41 3.6Xx
g 3.1x 3.2X 3.4x
§3 : 2.8x
8_2 19X21X

al 1.0x 1.0x 1.0x 1.0x

L I [ | ]

Vicuna 13B LLaMA-Instruct 3.1 8B LLaMA-Instruct 3.3 70B DeepSeek R1 LLaMA 8B
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EAGLE vs EAGLE-3
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EAGLE vs EAGLE-3

min lyoken
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New Scaling Law for Inference Acceleration

—— EAGLE

—=— EAGLE-3

®
®

3.2 o —

1 2

4

8

Amount of training data (relative to ShareGPT)

Trained on UltraChat + ShareGPT

6.0
255
£ 5.0/
0 4.5

—— EAGLE

—— EAGLE-3

—e
9

A40L—

o
2 4

1

2

4

8

Amount of training data (relative to ShareGPT)

36



Performance (bs=1

MT-bench HumanEval GSMS8K Alpaca CNN/DM Mean
Model Method Speedup 7 Speedup 7 Speedup 7 Speedup 7  Speedup 7T  Speedup T
Temperature=0

SpS 1.93x 227 223x 257 177x 201 176x 203 193x 233 192x 224

PLD 158x 1.63 1.85x 193 168x 173 1.16x 1.9 242x 250 174x 1.80

Medusa  2.07x 259 2.50x 278 223x 264 208x 245 171x 209 2.12x 251
Lookahead 1.65x 1.69 1.71x 175 1.81x 190 146x 151 146x 150 1.62x 1.67

V13B Hydra 288x 3.65 328x 387 293x 366 2.86x 353 205x 281 280x 3.50
EAGLE  3.07x 398 3.58x 439 308 397 3.03x 395 249x 352 3.05x 3.96
EAGLE-2 426x 483 496x 541 422x 479 425x 489 340x 421 422x 483
EAGLE-3 558k 6.65 647x 754 532x 629 516x 617 501x 647 551x 6.62
EAGLE-2 3.16x 405 3.66x 471 339x 424 328x 412 265x 345 323x 4.11

L318B  EAGLE-3 440x 6.13 4.85x 674 4.48x 623 482x 670 3.65x 534 444x 623
EAGLE-2 2.83x 3.67 3.12x 409 283x 369 3.03x 392 244x 355 285x 3.78
L3370B  EAGLE-3 411x 563 479x 652 434x 615 430x 609 327x 502 412x 588
EAGLE-2 2.92x 3.80 342x 429 340x 440 301x 380 353x 333 326x 3.92

DSL8B  pAGLE3 4.05x 558 459 638 5.01x 693 3.65x 537 3.52x 492 4.16x 584

Temperature=1

SpS 1.62x 184 1.72x 197 146x 173 152x 178 1.66x 1.89 1.60x 1.84

EAGLE  232x 320 265x 3.63 257x 360 245x 357 223x 326 244x 345

VI3B  EAGLE-2 3.80x 440 422x 489 377x 441 378x 437 325x 397 3.76x 441
EAGLE-3 457x 542 515x 622 47I1x 558 449x 539 433x 572 4.65x  5.67
EAGLE-2 244x 3.16 3.39x 439 286x 374 283x 3.65 244x 3.14 280x 3.62

L318B EAGLE-3 3.07x 424 4.13x 582 332x 459 390x 556 299x 439 345x  4.92
EAGLE-2 273x 351 289x 381 252x 336 277x 373 232x 327 265x 3.54
L3370B  EAGLE-3 396x 545 436x 616 4.17x 595 4.14x 587 3.11x 488 395x  5.66
EAGLE-2 2.69x 341 301x 382 3.16x 405 264x 329 235x 3.13 277x 3.54

DSL8B EAGLE-3 320x 449 377x 528 438 610 3.16x 430 3.08x 427 352x 4.89
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Throughput (compared to SGLang w/o EAGLE)

Batch size 2 4 8 16 24 32 43 56 64

EAGLE 140x 1.38x 1.23x 1.02x [093x 0.94x 0.88x 0.99x 0.99x
EAGLE-3 1.81x 1.82x 1.62x 1.48x 1.39x 1.32x 1.38x 1.34x
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EAGLE in the community

AWS

* VLLM

* AWS NeuronX Distributed Core v‘?
* Intel® Extension for Transformers

* Intel® LLM Library for PyTorch Q,"::;El ygchld'"g‘lf I'_-FAA?:"(')"?I
e MLC-LLM

* NVIDIA TensorRT-LLM

2SGL vLLM & (inteD

NVIDIA. g




How to use?

e Code: https://github.com/SafeAlLab/EAGLE

from eagle.model.ea_model import EaModel

model = EaModel.from_pretrained(base_model path=base_model path,
ea_model path=EAGLE_model path,
torch_dtype=torch.float16)

output_ids = model.eagenerate(input_ids,temperature=0.5,max_new_tokens=512)
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Summary

EAGLE-1

* Next feature prediction
* 3x latency speedup

EAGLE-2

* Dynamic draft tree
* 4x latency speedup

EAGLE-3

* Training-time test, a new scaling law
* 5x-6x latency speedup

Can we be even faster?
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2 Answers




