ANIESREHE S 2R EE

— RESGHEIERARNREE

BEAATIIZIN / U

InfoQ HEIERE



LLM IS HIEEZ A E

LLM 4ZZ&EES] OpenCompass Leaderboad (GPT-3.5-Turbo 46.5, rank 15) LLM ¥4 EE Peak Throughput (TPS)
Large Language Model Alv | 24-03w
LLaMA-7B TP 1 LLaMA-70B TP 4
15376
| GPT-4-Turbo-1106 62.0 Qwen1.5-72B-Chat 54.5 o i i ° —e- iNnp128-outl28 °
opena o "1 Albaba weighs -~ ;22%2;‘;35348 20241 20548 —x- iNp2048-0ut2048
S
@ Claude3-Opus 60.5 Erniebot-4.0 54.3 A:‘t
Anthropic API +3  Baidu Inc. API 45 §_ 6 tokens/s
Q
) GLM-4 57.8 UniGPT 53.6 ‘% '§1 6538
.1 ZhipuAl AP Unisound API 8 8 P
Qwen-Max-0107 55.8 Mistral-Large 53.4 '|E y |-E / ’3844
Alibaba AP| Mistral Al API [ ] 5954
5353 2816 3530 S65 1122 <
Qwen-Max-0403 55.6 Qwen-72B-Chat 51.7 613 V — :/ 040
Alibaba API +4 Alibaba Weights x x X
185 177
Al100-FP16 L40S-FP8 H100-FP8 H200-FP8 Al00-FP16 L40S-FP8 H100-FP8 H200-FP8

LLM FR3Z33558EH Align Bench (GPT-3.5-Turbo 6.08, rank 5)
‘ Reasoning H 3 i ‘ Language H &S LLM ?EIE'IE%‘E Low Latency (TTFT ms)

model ’ Overall

Avg. | Math. Logi. | Avg. | Fund. Chi. Open. Writ. Role. Pro.

: | ¥ BH | BT | B X %Ee XK A Rl
s it BI || tE mm | B | BE EE O Sk e LLaMA-7B TP 1 LLaMA-70B TP 4
gpt-4-1106-preview 801 |7.73 | 780 7.66 |829| 7.9 733 861 867 847 865 H{fjEe L1202 cee inp128 208.7 ~e- inp128
gpt-4-0613 753 | 747 | 756 737 | 759 | 781 693 742 793 751 794 % iNp2048 X —%— iNp2048
chatglm-turbo (FiHEE) 624 | 500 | 474 526 | 749 | 682 717 816 771 176 724 SafetyBench
erniebot-3.5 (SUL—F) 614 | 515 | 503 527|713 | 662 7.60 726 756 683 6.90 . 790
gpt-3.5-turbo-0613 6.08 | 535 | 568 502|682 | 671 581 729 703 728 677 AgentBench >, >
chatglm-pro (FiEEE) 583 | 465 | 454 475|701 | 651 676 747 707 734 6.89 c c
spark_desk_v2 (U KEK) | 574 |473| 471 474 | 676 | 584 697 729 7.8 692 634 BigBench i =
Qwen-14B-Chat 572 | 4.81| 491 471 | 663 | 690 636 674 664 659 656 = (10 , 301 = 2351
Baichuan2-13B-Chat 525 |3.92| 376 407 | 659 | 622 605 711 697 675 643 MTBench . — o o s
ChatGLM3-6B 497 |385| 355 414 |610| 575 529 671 683 628 5.73 . . ° e « 15
Baichuan2-7B-Chat 497 | 366 | 356 375|628 | 581 550 713 684 653 584 Apacakval 16.1 14.3 64 c g e 70-\'17 5 6.0
InternLM-208B 496 | 3.66 | 339 392 |626| 596 550 7.8 619 649 622 ' ' ' '
Qwen-7B-Chat 491 | 373 | 362 383 | 609 | 640 574 626 631 6.19 5.66 A100-FP16 L40S-FP8 H100-FP8 H200-FP8 A100-FP16 L40S-FP8 H100-FP8 H200-FP8
ChatGLM2-6B 448 |339| 3.16 361 |558 | 491 452 666 625 608 5.08
InternLM-Chat-78B 3.65 | 256 | 245 266 | 475 | 434 409 582 489 532 4.06
Chinese-LLaMA-2-7B-Chat 357 | 268 | 229 3.07 | 446 | 431 426 450 463 491 4.13
LLaMA-2-13B-Chinese-Chat | 335 |2.47 | 221 273 | 423 | 413 331 479 393 453 471 K H TensorRT-LLM #EFEAESE

QC [1] OpenCompass Leaderboard. https://rank.opencompass.org.cn/home
on InfoQ =I5

[2] AlignBench, SafetyBench, AgentBench. https://limbench.ai/align
ERREFREKXE
BB SO AL SR (LT A A [3] TensorRT-LLM Performance. https://github.com/NVIDIA/TensorRT-LLM/blob/main/docs/source/performance.md
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LLM 3[{a]5Epk—/RIEEE

©
B REERARMIA?

y R — R AT RBHINES .
)t' E IE-LI ERRER MRRHELLRE ﬁﬂg H %
> BRERSHE ERiRIE >
SR S —i BRENSNEEN—HILY
< Share

R1%H B4 ChatGPT...

ChatGPTRIERILEIR. RECIEZEEREE.

OF .
(Role, RAG

tokenize

What'’s your favorite color?

Tokenization @
[CLS]  What's your favorite  color ? [SEP]
3923 1933 374 279 13180 30
Embeddings @

0.0390, -0.0558, -0.0440, 0.0119, 0069, 0.0199, -0.0788,
-0.0123, 0.0151, -0.0236, -0.0037, 0.0057, -0.0095, 0.0202,
-0.0208, 0.0031, -0.0283, -0.0402, -0.0016, -0.0099, -0.0352,

QCon

ERUGFEFRKXE
EEERHEARETRE

R (3) SCAJa ab

, CoT) (%4, AR, 75T)

(2) LLM H [l )5 #E2

\ 4

3923 -
1933 = 5 > = E - .‘.’.?8
374 2 Sl T = " S & 3 o
D > X =5 1 — = E ® 'n',l' ~r 578
279 g s Ek s R S8
13180 3 B - 2 B - <8
30

(V,D) Transformer Decoder x L (D,V)

ChatGPT, Claude, LLaMA, Mixtral, Yi, DBRX, Grok ...
ChatGLM, Erniebot, Qwen, Baichuan, DeepSeek, InternLM, UniGPT ...

Kormal generation Streaming geserat jon

*. 9 @

detokenize

v a 0.1%

~.» green 50%

.............................. .
L e 30%
i the 0.2%
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~

Q‘ on [1] & 5 K FEERE TFE: HiEsgiEk. https://mp.weixin.gg.com/s/mniKrBWKDE1tWWb2wQBDCA
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LLM IR INE L5

e Throughput T vs. Latency |

MPT-7B: Throughput vs Latency

input tokens: 512, output tokens: 64

= 1x-A10 = 2x-A10 - 1x-A100-40G = 2x-A100-40G = 4x-A100-40G = 8x-A100-40G

50000.0 —

x

40000.0

30000.0

20000.0

10000.0

Throughput: (input+output) tokens/sec

0.0

Latency (ms)

Batchsize :Z¥T M 1 3N 256

Q( :on [1] 35 = KRBT HEFR M AE T AR BefEsEE. https://mp.weixin.gg.com/s/mniKrBWkKDE1tWWb2wQBDCA
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LLM #IBIginasin X =

Initiation phase

3923 ) \ Decoding HirE, #ESHEN P IR

1933
g;; 7 Decoder model — 578 * 1+%ﬁ ~2* P« B FLOPs (%ﬁjj)

G / |« W{F: 2+ P GB (FP16 fi%)

Decoding phase | e

PL A100-SXM-40G, LLaMA-7B #&E% 54 .

374
279

Al

30 ,’
578 . ’ A 1555

Decoder model — 13180 2 %7 2% 7 x B % 109

312 * 1012

o>

2.;9 i ) Time (s)

#2 I3;80 — Decoder model — 374
578

13180

578 /

13180 Batch size

#N 374 Decoder model 101
6437

|3

:19TB/s (20 MB)

HBM: 1.5 TB/s (40 GB)

:12.8 GB/s
(>1TB)

i i Memory Hierarchy with
A100-SXM-40G Bandwidth & Memory Size

NERIB TR > WA EE ] (BR KV 25)

A100-SXM-40G: By, = 13 &< 200
H100-SXM-80G: By, = 33 < 590

Wasting flops
- Constant latency

- Latency increases
- Compute bound

- Memory bound

Batch size

200

Peak Throughput

Qcon [1] Mistral Al: #RZ& LLM #EE A, B SE & AR 22 8] https://www.youtube.com/watch?v=mYRqvB1_gRk&ab_channel=MLOps.community

[2] LLMHEFEN 48R (D)  SCAAE 0T 4G 4L 5 AL B BL. https:/mp.weixin.qg.com/s/DIKPNI3CJ88I5_5vipjV3w
< 3% 77 & & = [3] Scaling Laws for Neural Language Models. http://arxiv.org/abs/2001.08361

InfoQ HEIER

SEENEFEESE  [4] H100-SXM-80G, & A7 78 3350 GB/s, FP16 % /7 1979 TFLOPs. &1+ w1 GPU A7 it 8] fe W B AF LB FH 11 5 $ds B (33 << 590)


https://www.youtube.com/watch?v=mYRqvB1_gRk&ab_channel=MLOps.community
https://mp.weixin.qq.com/s/D9KPNI3CJ88l5_5vipjV3w
http://arxiv.org/abs/2001.08361
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[1] =t (FHUEZ)

. Weight: GPTQ, AWQ

aF

[3] #HE4b3E (A EF)

«  Continuous Batching

[4] ZF#17 BINTEET)

« Megatron-TP

[5] #Ht (BREITES=)

« Activation: KVQuant

« WRA: LLM.int8, SmoothQuant, OmniQuant

|

T
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[2] Attention & KV ég?_:_r (%é’giﬁ) Transformer Decoder X L o SparseGPT, Wanda

o e M : v Q N I~5~ ﬁ =_
Flash Attentlon/DeCOdlng Weight @ Activation. nn.Linear [6) }ﬁ,}ﬂﬂ%q:ﬁ% (Bq:'fEE'L-l_E-/L\,\E)

. . T . i
Paged/Chunk Attention Attention(0,K,V) = sof tmax (% o SpecSampling

k
e StreamingLLM « Medusa, Hydra, EAGLE
. . [7] ...

QCon InfoQ 1g= (5
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LLM FEIEMEZR

. Python-based . A/ RERE
Text Generation Interface @HuggingFace - MLC-LLM @MLC-AI
vLLM @Berkeley - Powerlnfer @STJU
LightLLM @ModelTC, SenseTime - JittorLLMs @Tsinghua
. =X CUDA-kernel + Llama.cpp

TensorRT-LLM, FasterTransformer, Triton-Inference-Server @NVIDIA
LMDeploy @InternLM, ShanghaiAlLab

RTP-LLM @Alibaba

SiliconLLM @SiliconFlow

OmniForce @JD

Q( : on [1] LLM #EFAEZE 2 45, https://mp.weixin.qg.com/s/P9rQWmQxqgzyirt5v8aP0eA
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LLM I8 51)|| & [E) 58 13

3 EMEAL

° %'ﬂ: ¢ %ﬂ:
« QLORA, OneBit QAT « GPTQ, AWQ, SmoothQuant
. Attention & KV £&7= /\ . Attention & KV £77
G . m +  Flash Attention/Decoding
. rouped Query Attention @ Inference

- : : « Paged/Chunk Attenti
. Sliding Window Attention - aged/Chunk Attention

v ¢ StreamingLLM
e StreamingLLM

. TR
« SparseGPT, Wanda
. HENIRERS

« SpecSampling

- BEMNEE
« Early Exit, Mixture of Depth
. HENIEERY

« Medusa?

« Medusal, Hydra, EAGLE

QCon InfoQ 12=i51E
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LLM J)IFEMR BRI : =1t

(a) FP16 Linear Layer

XW'~ [(Xob') Wi, | oa

T

Lxp = Lok + aLMSE

] &
= —— P’ (0;)1ogP?® (o;
£CE nszz c (O)Og c(o)

=1

ns Ny

Lyse =YY

i=1 j=1

C

T S |2
qij Qi

T S
%Hz ”quz 2

Perplexity

[
o

N
N B

=
©

S 00

max wmax + 1

T
W,
h .
. . . mmm wmln —1
(b) Our Binary Quantized Linear Layer
—s— GPTQ
LLM-QAT
—8— OmniQuant
Ours
° r—
16 8 4 1
# weight bits

QC o n [1] OneBit: Towards Extremely Low-bit Large Language Models. https://arxiv.org/pdf/2402.11295

ERNREFREKXE
SEERFARES

Models Methods Perplexity(| ) Zero-shot Accuracy(7)
Wiki2 C4 | Winogrande Hellaswag PIQA BoolQ ARC-e ARC-¢ Avg.
FP16 14.63 14.72 59.67 53.73 7242  57.68 50.80 29.69 54.00
| GPTQ | 9.5¢3 3.8¢3| 4933 2557 5207 39.60 2668 23.63 36.15
OPT-1.3B | LLM-QAT | 4.9e3 2.1e3 49.72 25.72 50.05 37.83 25776  25.09 35.70
OmniQuant | 42.43 55.64 51.85 33.39 60.94 5645 38.76 23.38 44.13
OneBit 2542 2295 51.14 34.26 62.57 5945 41.25 2406 45.46
FP16 12.47 13.17 60.93 60.59 74.81 60.28 5434 3131 57.04
| GPTQ | 8.7e3 39¢3| 4988 2647  49.84 39.88 2576 2602 3631
OPT-2.7B | LLM-QAT | 3.7e3 1.4e3 52.09 25.47 4929 37.83 2492 25.60 35.87
OmniQuant | 30.25 41.31 51.62 38.21 62.19 5425 40.82 2474 4531
OneBit 21.86 20.76 51.67 38.18 63.87 54.28 43.39 2440 45.97
FP16 568 7.08 66.85 72.99 7737 7321 5253 41.38 64.06
| GPTQ | 1.9e3 7.8e2| 4941 2563 4995 4379 2584 2747 37.02
LLaMA-7B | LLM-QAT | 7.1e2 3.0e2 51.78 24.76 50.87 37.83 2626 2551 36.17
OmniQuant | 15.34 26.21 52.96 43.68 62.79 58.69 41.54 29.35 48.17
OneBit 10.38 11.56 60.30 50.73 6746 62.51 41.71 29.61 52.05
FP16 5.09 6.61 70.17 76.24 79.05 68.47 59.85 4454 66.39
| GPTQ | 323 99e2| 5067 2527 5000 4239 2614 2739 3698
LLaMA-13B | LLM-QAT | 1.8e3 1.2e3 51.62 25.40 5033 37.83 27.02 26.87 36.51
OmniQuant | 13.43 19.33 53.83 54.16 68.99 6220 45.50 30.38 52.51
OneBit 9.18 10.25 62.90 56.78 70.67 64.16 4453  32.00 55.17
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https://arxiv.org/pdf/2402.11295

LLM J)II3EREL{L: Attention

. Grouped Query Attention [E{f KVCache %4

Mt

GQA in LLMs

Multi-head Grouped-query Multi-query |
1 Model n_layers n_heads n_KV_heads d_head d_model Attention
1110101011 [ (] (] () ] (] 2 | Llama-2-7B 32 32 32 128 4096 MHA
Values 3 | Llama-2-13B 40 40 40 128 5120 MHA
e e e e e e e — — — — — % Llama-2-708 80 64 8 128 8192 GOA
mimimiminininin [ B ] [ B 5 | Falcon-78 32 7 1 64 4544 MQA
Keys 6 | Falcon-40B 60 128 8 64 8192 GQA
n e e athe e ke e ol o = y ¥ s e 7 Falcon-1808 80 232 8 64 14848 GOA
I S S S S S S A S A U A U . L L T e 8 | Mistral-78 32 32 8 128 4096 GQA
(0 [ U I S S O I 19 | paLM-62B 64 32 1 256 8192 MQA
11 | paLM-5408 118 48 1 384 18432 MQA
| I | |
EEEEEEEEEEEEEER |
—h
8 57 B R PS I
= O Qwen1.5-32B vs 72B & Mixtra
2 56| ovEA ] o GOAXXL, ~ MHA-XXL
L -2 GQA 47 i Competitive to SOTA models in language understanding,
) 95 N multilingual evaluation, mathematics, and human preference.
¥ 4= MQA D)
Q
54 |- = e 100
| | | | | | <
0 0.02 0.04 0.06 0.08 0.1 é 16.5 O
Uptraining proportion « S . MQA-XXL 80
L I | E‘-)‘
@ EEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEER m 60
2 9
o
g 46 | O N 20 e i i
o MHA-Large
o 1 7
QE) | 1 | 20 e B 7 Mixtral-8x7B
'F: lllllJlllllllJ 0 0,5 ]_ ]_.5 Qwen1.5-32B
1 4 8 16 32 64 . 0 Qwen1.5-72B
Tlme per Sample (mS) MMLU MULTILINGUAL GSM8K MT-BENCH

GQA groups

Q‘ : on [1] GQA: Training Generalized Multi-Query Transformer Models from Multi-Head Checkpoints. http://arxiv.org/abs/2305.13245

[2] Qwen1.5-32B: Qwen1.53 &% R 51155 — bt &, https://qwenim.github.io/zh/blog/qwen1.5-32b/ InfOQ =I5 E
[3] LLM#EFE N TTHE R 2): IR NEATKVZESE. https://mp.weixin.qg.com/s/WxbMFoSrKI0OxqsUkzPLJHw
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http://arxiv.org/abs/2305.13245
https://qwenlm.github.io/zh/blog/qwen1.5-32b/
https://mp.weixin.qq.com/s/WxbMFoSrKl0xqsUkzPLJHw

LLM J)II3EREL{L: Attention

« Sliding Window Attention, StreamingLLM [E{f KVCache 1<

(c) Sliding Window

(a) Dense Attention

<4—— T cached tokens —»

O(T?)x PPL: 5641X

Has poor efficiency and
performance on long text.

Layer 0 Head 0

5.75
5.50
5.25
| 5.00 |
4.75
8
4.50
10
4.25
12
- 4.00
14
3.75

(b) Window Attention

Current Token
i - R -

T-L evicted
tokens

L cached
tokens

Breaks when initial
tokens are evicted.

0
3.25

2
3.00

4

'2.75
6

Layer 2 Head 0

Layer 10 Head 0

2.50 8
1225 19

2.00 12

175 14

0 2 4 6 8 10 12 14 0

2 4 6 8 10 12 14 0 2 a4 6 8 10 12 14

Pre-Trained without Sink Token

QCon

ERRHEFRKRKRE
EEEREARETRE

[2] Mistral 7B. http://arxiv.org/abs/2310.06825

O(TL)v PPL: 5158x

‘ -7.5
I
! -8.0
|-8.5
1=9.0
IQS
-10.0

w/ Re-computation

previous tokens
are truncated

tokens

O(TL?)x PPL: 5.43v

Has to re-compute cache
for each incoming token.

Layer 0 Head 0

0
12 2
4

110
6
8

8
10
12 6 12
14

4

0 r 4 6 8 10 12 14

L re-computed '

Mt

(d) StreamingLLM (ours)

Attention Sink
evicted

.
tokens

O(TL)v PPL:540v

Can perform efficient and stable
language modeling on long texts.

L cached
tokens

Layer 2 Head 0 Layer 10 Head 0

®© o & N o

10/

12/

I | | | | I
o w & w N =

14

| | | 1 | | | | |
o o« ~ o w - w ~N -

0 2 4 6 8 10 12 14

0 2 4 3 8 10 12 14

Pre-Trained with Sink Token

[1] StreamingLLM-Efficient Streaming Language Models with Attention Sinks. http://arxiv.org/abs/2309.17453

Generating
Token 7

Generating
Token 8

Generating
Token 9

Attention Sinks

Evicted Tokens Rolling KV Cache

The KV cache of StreamingLLM.

The cat sat on the

The

cat

sat

on

the

Vanilla Attention

The cat sat on the

Sliding Window Attention

window size

<+

Layers

Tokens

Effective Context Length

Sliding Window Attention in Mistral-7B.
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QCon

Sentiment task laye rS
I like Camera A. > > —————— 1 6
I NP P STOP
-$ =
o o
Camera A is better than > . > 5 ] F-——-——-
Camera B in picture quality. v v v STOP 24
MMLU task J l
Simplify and write the result /}I
with a rational denominator: . } ‘ L[ T > - _gfaﬁ' 32
[ ]
3\/\/729 ﬁ\b o =5 =
J | J J
- o = [
forward  statistic ~feature vector embedding decoder block skipped block classification
classifier layer layer
—— 0-Shot
0.87 —— 1-Shot
—— 2-Shot
~0.6{ — 3-Shot Llama2-13B 40 layers, 100% FLOPs
>0.
© . stop avg. layer:19.25
304! Sentiment Sentiment task variance: 1.7
o A 51.2% FLOPs
< N\ i/ stop avg. layer: 32.39
0.2 f > :‘}j/’ \ MMLU task variance: 16.73
B Y VA 84.10% FLOPs
0.0 ————~&
1 6 11 16 21 26 31
Layer-Index

ERREFRKRKR
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[1] Not all Layers of LLMs are Necessary during Inference. http://arxiv.org/abs/2403.02181

EJVEEkic

« Mixture of Depth (MoD)

layers

vd

SV
Tw=0.41

[0

Route

A

>

Self-attention

=¥

D

Tw=0.65—

Al

Route

[2] Mixture-of-Depths: Dynamically allocating compute in transformer-based language models. http://arxiv.org/abs/2404.02258

Layer

Mixture-of-Depths

Routing Decisions

Vanilla

Transformer

Layer

Layer

Sequence

Sequence

Early-Exit

@ Use block
() Route around block

Sequence
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- - - - Speculative Sampling Lookahead
| I | A \/ A « A w/ A X t;, t, ty3 —» SmallerLLM |[—|¢t, ty —» 2-Gram,Jacobi | —|t,
p SR S S - [ Verify in Parallel! t;, t, t3 |ty |— Smaller LLM |—|¢; t, | 2-Gram,Jacobi | —>|tc
Autoregressive Lo o Medusa EAGLE
: Decodmg ) A A A Medusa Headl |— [, t, tz3 _, Embedding.layer& N Ny
R S S [ Efficiently DI“leT ] f2 E i [ Auto-regression Head
” \> ” 1 | Medusatiead2 s [— &8 t, t3 |ta|_,| Embeddinglayer& | [z
v O=[0 X O#0O Auto-regression Head - 5
, fi 2 |fs
R AT B =25 - Methods VERIFY (Z;, pi, qi) CORRECT (pe¢, qc)
1) A Kk candi . Greed -
(1) ARk candidates Decodir};g T; = arg max ¢; Titce < arg max g
(2) &1 candidates.
ampting * < min (1, 289) 1~ U[0,1]  @ere ~ norm(max (0, ge — o))
(3) #%UK& candidates. Sampling ' Pi(@) ) ’ |

Q‘ : On [1] Unlocking Efficiency in Large Language Model Inference: A Comprehensive Survey of Speculative Decoding. http://arxiv.org/abs/2401.07851
[2] EAGLE: Speculative Sampling Requires Rethinking Feature Uncertainty. http://arxiv.org/abs/2401.15077 I nfOQ mgfg QI-.E
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MRS R R

B @ @ - - LLMCad %
A Assistant Generation (& ad Y@’
Blockwise Decoding Speculative Decoding Speculative Sampling —~ -~ o E
Proposing the draft-then- Proposing the concept of "Speculative Applying the paradigm to LLM 3 SpecInfer I@ Fal Pral’; & Venity &L
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Speculative execution for LLMs is an excellent inference-time
optimization. Medusa is probably one of the most elegant accelerated inference
solution we have seen over the last year. It runs complementary to other
numerical ones (like int8/fp8, compilation etc) and gives something

around ~2x performance gain in practice.

It hinges on the following unintuitive observation: forwarding an LLM on
a single input token takes about as much time as forwarding an LLM on K
input tokens in a batch (for larger K than you might think). This
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Blockwise Parallel Decoding

A continuation of k draft tokens
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Q‘ : on [1] Blockwise Parallel Decoding for Deep Autoregressive Models. https://arxiv.org/abs/1811.03115
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Predict [ saw a dog ride| in the bus A 1% 3> Draft tokens
........................................................................ %H.”..“”'””...”-..“....”...”....”.
Verify I saw a dog ride : in| the car last b
(+ next Predict) \/
D e e
I saw a dog ride : in the| car this week >iixe§:;ﬁgl
I saw a dog ride : in the bus| last week when | )
m
Predict I saw a dog ride in the| car this week
. . :
reused
k Regular ®  Distillation ® Fine Tuning a Both ¢ = CO[ e {, N
O
1 26.00/1.00 26.41/1.00 §_°§’ 4 - *
2 25.81/151  26.52/1.55 25.74/1.78  26.58/1.88 3 E 31, aa ¢ |
4 25.84/1.73  26.31/1.85 25:051269 26367327 i 2 =
6 26.08/1.76 26.26/1.90 24.69/298 26.18/4.18 Sm 2 Qo
8 2582/1.776 26.25/1.91 24.27/3.01 26.11/4.69 = 1L i
10 25.69/1.74  26.34/1.90 23517287  25.60/4.95 ‘ ' ?
24 25 26
BLEU Score
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Aggressive Decoding

e T AERERENMES s, FHed 7 EH 53 Draft model 4 Al candidates 1175 3.

Initial Aggressive Decoding (in parallel)

Input-guided Aggressive Decoding

155 TR IE

Input ( [BOS] I 'm writing tol‘__; inform some some advice on traveling and working [PAD]

Output I 'm  writing to gi\te you advice advice on traveling and working [EOS] A Y

v v v v (v X X X X X X X X X x

bifurcation
Re-decodin
g o~
[BOS] I 'm writing to give you v accept
X .

One-by-one decoding [BOS] I 'm writin to ive ou/\s:)me \ dlscérd‘

for suffix match e & y P ho prediction
[BOS] I 'm writing to give you some advice
Switch back to Aggressive Decoding (in parallel)
Decoder Input _ [BOS] | 'm writing  to give you some advice on traveling and working
© 0 0 0 00 0 0 00 EWEmEmEEE®E®S®E®S®S®SSE®S®®S®E SN @ W EEEEEEE [T—— -,4';- - - - -
Output N\ \ \ \ \ \ \ N on traveling and working [EOS]WE
v v v % v LoV
bifurcatio
* — . . .
0j+1 = argmaxlog P(oj+1 |o<j,x; ®)  Output Token (AR)
J
= argmaxlog P(0j41 | 6<;,z; ®) Draft Token
Oj+1 B
= argmax log P(0j4+1 | <j,2; ®)  Input Token
Oj+1 o

ERNREFREKXE
ERERFEARES

Generalized Aggressive Decoding

Source Sentence  What are the basic physical laws of the Universe ? 1£55: MlasElE
Input [BOS] Was [MASK] [MASK] [MASK] [MASK] [MASK]
| : | : |
v v . \ v v
Draft (NAR) [BOS] Was [~ ~ _ sind -~ _ die ~. !  phys@@ - \\' ischen - . Grund@@ - .
\ I \ I v I I \ I \
C SN LI N
Verify (AR) [BOS] Was ~» sind ~» die “l\grundlegenden} ~» ischen ~» Grund@@ “» gesetze
________ bifurcation
Output [BOS] Was sind die grundlegenden
Next Input [BOS] Was sind die  grundliegenden | [MASK]  [MASK]  [MASK]  [MASK]  [MASK]
k
Ojt1..j4+k = arg max E log P (0j4; | 0<j, x; PNaR)

Q‘ : o n [1] Lossless Acceleration for Seq2seq Generation with Aggressive Decoding. http://arxiv.org/abs/2205.10350
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Speculative Sampling

7 7 3\ Draft model B8 L, & HFFEET/MER (SLM) A B candidates.

Model dmodet Heads Layers Params TPOT (ms) (- ASSISTED GENERATION )
Target (Chinchilla) 8192 64 80 70B 14.1 ASSISTANT MoDEL
Draft 61 44 48 8 4B 1 ] 8 “The quick brown” “fox jumps into the”
Sampling Method Benchmark Result Mean Token Time Speed Up CEETT——
ArS (Nucleus) 0.112 14.1ms/Token 1x The quickbrown P
SpS (NUCICUS) XSum (ROUGE-Z) 0.1 14 7-52mS/TOken 1 92)( ox jumps into the
. J
ArS (Greedy) XSum (ROUGE-2) 0.157 14.1ms/Token 1x 3 g

SpS (Greedy) 0.156 7.00ms/Token 2.01x

ArS (Nucleus) 45.1% 14.1ms/Token 1x 450 -
SpS (Nucleus) FumanEval (100 Shot) 47.0% 5.73ms/Token 2.46X

400 -
Open Task
Mean Sampling Time (128 tokens Acceptance rate Total loop time g
Piing ( ) & & Assistant Model
1800| % e Human Eval Lo~ - Human Eval 78 X
v XSum X ————— XSum X" . facebook/opt-125m
‘“ \ AN / C
1600| % 0.9 VN 26 ; <
\\ X v S Model Names:
‘\‘\ \\ N ’l 2]
1400 u \ EaN 24 / c G ,
[ \ ~ J/ - eneration Type
W \ ~ y 1.3B: facebook/opt-1.3b
\‘\“ 0.8 " X\\ X g B Greedy R
n 1200 R \ . v ) Assisted 6.7B: facebook/opt-6.7b
: 1 0.7 h R : =
1000 > ' w20 b
AU e 30B: facebook/opt-30b
\x\\ X
800 e 0.6 18 66B: facebook/opt-66b
*%__i_)(‘_——%“ N 16 /)(,/
600 05 4 Dataset used as input prompt:
400 14|~ C4 (en, validation set)
0 1 2 3 4 5 6 7 0 1 2 3 4 5 6 7 0 1 2 3 4 5 6 7 6.7B, FP32 308, FP16 308, INT8 66B, INT8
Number of draft tokens (K) Number of draft tokens (K) Number of draft tokens (K) Model size and dtype

Q‘ : on [1] Accelerating Large Language Model Decoding with Speculative Sampling. http://arxiv.org/abs/2302.01318

[2] Fast Inference from Transformers via Speculative Decoding. http://arxiv.org/abs/2211.17192 lnfOQ mgfg 7ER
[3] HuggingFace Assisted Generation. https://huggingface.co/blog/assisted-generation
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Medusa 1)l|# 173 [E]

(B, 1, D) — (B, 1 + n_paths, D)

Speedup on different categories for 7B model

Speedup on different model sizes 3.62x
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pt®) — softmax (Wg’“) . (SiLU(Wl(k) hg) + ht)) , where W3 € RV, W{") e R

K
LMepusa-1 = Z — Ak logpi(:k)(yt+k+1).
k=1

£MEDUSA-2 — LLM + /\OLMEDUSA-I-

time

v v v

0 0
L:LM-distill = KL (pgﬁéinal,tﬂpg ))7 ®

QCon [1] Medusa: Simple LLM Inference Acceleration Framework with Multiple Decoding Heads. http://arxiv.org/abs/2401.10774
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Medusa i1t 5 a: Draft

Existing Draft Heads

\\ms ” \\Goll \\Fastll

Hidden Head ‘ Head

State 1

Base Model
... Context “Make”

Pdraft (Xei|X<t, Reg1, -0 Regiz1)

pdraft(£t+i|x§t/ Xtlr-eey ft—l—i—l) — nydra,i(ht—lr Xty Xt41s oo ft-l—i—l)

QCon [1] Hydra: Sequentially-Dependent Draft Heads for Medusa Decoding. http://arxiv.org/abs/2402.05109
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Hydra Draft Heads (Ours)
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Exploring the Head Architecture

1.11x
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Base Model

.7 3.72x
208 3.62x
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Medusa f{{t, 5@ : Draft head
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£ 1 : R £ 1 f
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f2 i fa Auto-regression Hea ;ﬁgTranSfOFmEF o [ One Auto-regression Head ]
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Medusa Head2 |—|ts ty t3 [ty | Embedding layer & ~[f ][t T I I B T ********** J ;I ;T j """"" ;T
fl f2 f3 Auto-regression Head : . L_i_____’ frow fean i fi fi i fhelp fhelp
€how €can i €can €1 i €make €help i €with €you
t t g t 4 ¢ L 4 t
% Embedding | : | %21 Embedding E )
\ A A / E ? A : A A : A A
_ _ o _ | | : :
BN EAGLE EEE Medusa WM Lookahead M Speculative sampling DistillSpec Vanilla How ][ can |------ i"“’[ can ] [ | ] [ make J [ help J [ with ][ you J
! A ! A A ! A A
3.5 __________________________ I emeeaaa 0 L, I I
3.07x 3.03x 3.01x Forward 1 Forward 1 Forward 2 Forward 3
3.0{ 2.90x 2.5 2.78x
target LLM Draft model
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o
3 2.0 Query { How can ]
215 151x N 45BN 00000000 T Forward 1
N . . .
1.0 N/A 1.00x N/A 1.00x N/A 1.00x N/A 1.00x .00x Sampling using Original LLM
BE 00 L B L B B L E U E | s Forward 1
0.5 Drafting using :{ make E :{ help E Top2
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Q‘ : on [1] EAGLE: Speculative Sampling Requires Rethinking Feature Uncertainty. http://arxiv.org/abs/2401.15077
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Medusa /it /5 al: Draft tokens

Algorithm 1 Parallel Speculative Sampling (PaSS) with Parallel Look-ahead Embeddings

Given L look-ahead tokens [LA]q, ..., [LA]; and minimum target sequence length 7'.
Given auto-regressive target model ¢(.|.) and initial prompt sequence xo, . . . , Z¢.
Initialise n < ¢.

while n < 7' do

In parallel, sample the next token x,, 1 and L draft tokens z1, ..., TL:
Tn+l1 (](.’L’l:L'1, ol ,.’L'n), .'2'1 ~ q(:L".’L‘1, ceeyLn, [LA] 1), ceey ff:L ~
QBT 1y ey Dy g oo [LAT Y )
Setn <+ n+1
In parallel, compute L + 1 sets of logits from drafts z1, ..., Zr.:
5Ll RN 00 KU [ L) 5 W ) URINON | | | L P RN R
fort=1:Ldo
Sample r ~ U|[0, 1] from a uniform distribution.
% ¥ q({i‘tlwl,...,wn_l,...,:L'n_*-t_]_) )
ifr<min |1 - then
( , q(IL'I,l.'L'l, ooy Ln—1, [LA] | [LA]t)
Setxp4t — Zrandn < n+1
else
Sample
Tl 1|y R O SN SN ) TS W [ | N | 5
and Exit for loop.
end if
end for
If all L tokens Tp41, .- ., Tnyr are accepted, sample extra token z,, 441 ~ q(z|z1,...,Tn4) and set
n+<n-+1.
end while

Q‘ : on [1] PaSS: Parallel Speculative Sampling. http://arxiv.org/abs/2311.13581
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The Stack

Wikipedia #1LLA tokens Time
Temperature 0.8 0.5 0.2 0.8 0.5 0.2 o) 10.03
Auto-regressive 1252 12.69 1272 1245 1230 12.55 4 9.79
[UNK] look-ahead 1225 1243 1226 1230 12.16 11.88 6 9.66
PaSS 979 946 896 1023 978  9.43 8 9.94
g\ 32, Tt 512
PASS@ | PASS@ 10)
Time Perf. Time Perf.
Auto-regressive  10.52sec 13.2% 10.15sec 225 %
PaSS T.17sec 134 % 8.17sec 225 %

HumanEval 4-Lookahead tokens
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Vicuna-7/B

Translation

Multi-turn

Summarization Conversation

R2NaAI1I8 2 /22242628

Question Retrieval-
Answering augmented
Generation
Mathematical
Reasoning
Spec-Bench Vicuna-7B-v1.3
Multi-turn
Subtask Dataset | #Samples Models Conversation
Multi-turn Conversation MT-bench 80 Medusa & 2.79x
Translation WMT14 DE-EN 80 EAGLE & 2.75x
Summaﬁzation . CNN/Daily Mail 80 Hydrad 0 5
Question Answering Natural Questions 80
Mathematical Reasoning ~ GSMS8K 80 Lookahead 1.95x
Retrieval-aug. Generation  Natural Questions 80 PLD 1.67x
Overall . | 480 RS 1.72x
SpS 1.78x

Q‘ : on [1] Spec-Bench: A Comprehensive Benchmark and Unified Evaluation Platform for Speculative Decoding. https://sites.google.com/view/spec-bench
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M EZRS Bench

mark

Vicuna-13B

Translation

Multi-turn

. Conversation Summarization

Summarization

| =IN NN NN W
0 N [+ o ®
Question Retrieval- Question
Answering augmented Answering
Generation
Mathematical
Reasoning
EAGLE Medusa SpS - PLD REST —e— Lookahead
Vicuna-33B-v1.3
. Summa- Question Mathematical Retrieval-aug. Multi-turn .
Translation L. . . i Overall Models . Translation
rization Answering Reasoning Generation Conversation
2.36x 2.14x 2.36x 2.77x 2.05x 2.42x EAGLE Y 2.81x 2.14x
2.08x 2.32x 2.23x 2.79x 2.15x 2.39x Hydra é 2.63x 2.05x
2.01x 1.84x 2.09x 2.58x 1.83x 2.15x Medusa é 2.22x 1.95x
1.61x 1.63x 1.73x 2.16x 1.50x 1.77x SpS 1.79x 1.31x
1.06x 2.59x 1.16x 1.63x 1.83x 1.66x REST 1.71x 1.39x
1.38x 1.46x 1.80x 1.31x 1.87x 1.59x PLD 1.45x 1.06x
1.19x 1.78x 1.58x 1.54x 1.69x 1.59x Lookahead 1.46x 1.21x

Vicuna-33B

Translation

Multi-turn
Conversation

Retrieval-
augmented
Generation

Mathematical

Reasoning
Summa- Question Mathematical Retrieval-aug. overall
rization Answering Reasoning Generation
2.53x 2.19x 3.01x 2.31x 2.50x
2.08x 2.16x 2.76x 2.11x 2.31x
1.85x 1.87x 2.32x 1.84x 2.01x
1.80x 1.57x 1.73x 1.69x 1.65x
1.57x 1.69x 1.34x 1.89x 1.59x
1.98x 1.07x 1.54x 1.43x 1.41x
1.32x 1.29x 1.71x 1.28x 1.38x
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Large Language Model Is Redefining The Software
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