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[1] B AEEMIEMAE TR RESTHE. https/mp.weixin.ag.com/s/mniKrBWKDEItWWb2wOBDCA
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MPT-7B: Throughput vs Latency

input tokens: 512, output tokens: 64
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ITEE (FLOPs) | ~2+P+B xS | iT8: HHR/FITM@ED
RN #7E (GB) ~2%P*m 10: 21k/FA/GQA/KVCache

_ hardware_flops

total mem — model mem

* +
mem_bandwidth max_seq_mem (KVCache)
BF )| W . +
L (GB) (TFLOPs) (GB/s) B B
A100 40 312 1555 200 13
H100 80 590 3350 590 33

Time (s)

Batch size

[1] Mistral Al: #RZE LLM #IBMEM. BIEREAZE https://www.youtube.com/watch?v=mYRgvB1 gRk&ab channel=MLOps.community

[2] LLMIETEN 146D SCAR 4 AL ORI EA 1L 5 IBABRYER. https://mp.weixin.qg.com/s/DIKPNI3CIB8I5 5vipiVaw

[3] Scaling Laws for Neural Language Models. http://arxiv.org/abs/2001.08361
[4] H100-SXM-80G, B 77 %% 3350 GB/s, FP16 &1 1979 TFLOPs. B H R EE 7 GPU B AR 8] sk M B LI A B Tt E M EUIEE (33 << 590)

Time (s)
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:19TB/s (20 MB)

HBM: 1.5 TB/s (40 GB)
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(>1TB)

Memory Hierarchy with
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Wasting flops
Constant latency
- Memory bound

- Latency increases
- Compute bound

B* Batch size
200
Peak Throughput
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@) Attention(Q,K,V) = softmax(m)V

[2] FFN/Attention itE &EE vs. A FKE
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[1] &1k (10)

“JataFun. |

* GPTQ, AWQ, GPTVQ, VPTQ, KVQuant, LLM.int8, SmoothQuant

[2] 5341 & KVCache (10, E75)
* Flash Attention/Decoding, StreamingLLM

[3] #ERfk G+5)

* SparseGPT, Wanda, Double Sparsity

[4] #EWRED (TE)
* Speculative Sampling, Medusa, Hydra, EAGLE

[5] F171k GTR)

* Megatron Tensor Parallel, Mooncake 4D Parallel

[6] #Ht4aLTE (B7F)

¢ Continuous Batching & Page Attention

[1] Minference 1.0: Accelerating Pre-filling for Long-Context LLMs via Dynamic Sparse Attention. http://arxiv.org/abs/2407.02490
[2] Awesome-LLM-Inference: A curated list of Awesome LLM Inference Papers with codes. https://github.com/DefTruth/Awesome-LLM-Inference
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[1] BESSinERE

« Text Generation Interface @HuggingFace

+  VLLM @Berkeley

R LightLLM @ModelTC, SenseTime Python-level Z M58, &R, EZ DIY 5|\ New Features
« TensorRT-LLM, FasterTransformer, Triton-Inference-Server @NVIDIA Cpp/Cuda-level HAEER, RHERR, ERNBHS1E

+  LMDeploy @InternLM, ShanghaiAlLab
« RTP-LLM @Alibaba
+ SiliconLLM @SiliconFlow
«  OmniForce-LLM @JD
[2] iwmfUERE
« Ollama
« Llama.cpp
*  MLC-LLM @MLC-AI
«  Powerlnfer @STJU
« JittorLLMs @Tsinghua

[1] LLM $IBAEZR B 45, https://mp.weixin.ag.com/s/PIrQWmQxgzyirt5v8aPOeA
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[1] £k (BF/BIR bit FBE)
QLoRA, OneBit QAT

[2] 5¥7& /1 & KVCache (I0/275)

Flash Attention, GQA, StreamingLLM

[3] #EMARRD (HTH)

Medusa?

[4] Bk GTE)

Sparse Training
[5] #17k Gt E)
* 4D Parallel
[6] BENRE (ITH)

Early Exit, Mixture of Depth (MoD)
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[1] &1k (10)

GPTQ, AWQ, GPTVQ, VPTQ, KVQuant, LLM.int8, SmoothQuant
[2] ;3& 51 & KVCache (I0/8%)

Flash Attention/Decoding, StreamingLLM
[3] #EMARRD (ITH)

Speculative Sampling, Medusa, Hydra, EAGLE
[4] Bk GTE)

SparseGPT, Wanda, Double Sparsity
[5] F47Hk Gt E)

Megatron Tensor Parallel, Mooncake 4D Parallel
(6] #t43E (B75)

Continuous Batching & Page Attention
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[1] MHA vs. GQA vs. MQA [2] Vvariable GQA
DeciLM-7B with Infery-LLM: Throughput Comparison
Multi-head Grouped-query Multi-query
Values D U D U U 599
DD DI ]
A A e :
]
B e S S S S S I B B - I é
bbbt A 2 136
e T DeciLM-7B Mistral 7B Llama 278
T with Infery-LLM with vLLM with vLLM
° 57 T Running on NVIDIA A10 GPU | 2048 prefill & 2048 generated tokens declo
Q
= 56f : o MHA XXL. d
E «=e: MHA 47 GQA-XXL dany
T 55| === GQA DeciLM-7B
[ == MQA ot Open LLM Leaderboard Scores
54 | %
| | |
0 oﬁoz 004 006 008 0.1 % 46.5 .MQA_XXL Lo HellaSwag T | Winogrande
ptraining proportion =
S T S S A A &
:q_-)/‘ 46 Mistrol-78-vO.1
=%
§ MHA-Large Vicuna-138-v15
g . . Uama 2138-chat-hf
2 1 1.5 i
E 0 0:5 ’ Uoma 2-78-h
Time per sample (ms)
1 4 8 16 32 64
GQA groups

# W GQA t#E!, group_size=8, & Mistral-7B, GQA "It {EH—FHE/NE 1,2,

"num_key_value_heads_per_layer": [4, &4, 4, 4, &4, 2, 2, 2, 2, 2, 4, 2,
2, 2,2,2,1,1,1,1,111,1

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

[2] LLM¥EIEN[T35RQ): RAMATKVE. https://mp.weixin.ag.com/s/WxbMFoSrKI0xasUkzPLIHw



http://arxiv.org/abs/2305.13245
https://mp.weixin.qq.com/s/WxbMFoSrKl0xqsUkzPLJHw

ViR : StreamingLLM *ataFin.|

I - gk

[1] StreamingLLM i+EE #E & fEE KV Cache [2] StreamingLLM KV Cache = #iikEg

(¢) Sliding Window

w/ Re-computation (d) StreamingLLLM (ours)

(a) Dense Attention (b) Window Attention

[
Generating
Token 7
H Generating
E — s |0 1]2]3
Attention Sink

Current Token Generating :
T ] ” ious tok \ i :
- BN - EE v ey [ O] T]2]19] 218

<«—— Tcached tokens —» TLevicted | Lcached &L re-computed_ evicted L cached Attention Sinks  Evicted Tokens Rolling KV Cache
tokens tokens tokens * tokens tokens
O(T?)x PPL:5641x  O(TL)v PPL:5158x  O(TL?)X PPL: 5.43v O(TL)v PPL:5.40v
Has poor efficiency and Breaks when initial Has to re-compute cache Can perform efficient and stable
performance on long text. tokens are evicted. for each incoming token. language modeling on long texts.

[3] Attention logits T[#14k (Pre-Trained with vs. without Sink Token)

Layer 0 Head 0 Layer 2 Head 0 Layer 10 Head 0 Layer 0 Head 0 Layer 2 Head 0 Layer 10 Head 0

X 0|
: -75
- 12
» -8.0
. 5 10
-85
8
. 2.25 19 |-9.0
12 6
2.00 _os
1.75 1
g -10.0 . 4
o 2 4 6 8 10 12 14 o 2 4 6 8 10 12 14 o 2 4 6 8 10 12 14

6

Pre-Trained without Sink Token Pre-Trained with Sink Token

[1] StreamingLLM: Efficient Streaming Language Models with Attention Sinks. http://arxiv.org/abs/2309.17453
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[1] BEVARERD vs. #EMRED
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[2] #ILAY Draft tokens AT

Speculative Sampling Lookahead

bt ty —[ Smallertm ]—[g] ty —{ Z-6ram, Jacont ] -+ [i]
bt b (] ~Comelr ][] l-Zemmien ] ~ ]

BT PAPAPATY:
{ S SN SR [ Verify in Parallel &b

Autoregressive 1 d t t Medusa EAGLE
Decoding A A A fz E: Medusa Headl |— [t | 2 Z — AE't‘;t_’fedg‘::;iif:e}:eg; AR
5 \\)f \\}f \\)T [ : Efficiently Draft A Medusa Head2 |—>|ts | ol [ Embedding lyer& CE-E]
v O= X 040 i f Auto-regression Head 4 5
k = 1 real token k = 5 draft tokens

[3] FREIRAEREE T HENBBAEIET %

Draft tokens:

1R AR RAY “/NERY” & R B T] 8B IEHAY tokens Methods VERIFY (Z;, pi, ¢ CORRECT (.., )
Greedy T; = argmaxg; Tiye < argmaxqc

M ARFD R A Draft tokens fI=%: Decoding

DRI — QBIE — O BK K Sl i (1829 U0, 1] v ~ morm(ma (0,4 — )

[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
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Blockwise Decoding
Proposing the draft-then-

Speculative Decoding
Proposing the concept of "Speculative
verify paradigm with Decoding" with an independent Non-

Auto LM as the drafter

F ~

specialized drafting heads

Speculative Sampling P
Applying the paradigm to LLM

( inference and supporting nucleus
sampling as concurrent work

A&EBx=
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@ Assistant Generation (¥ LLMCad (@Y’

Draft & Verify (v

Medusa v l

SpecInfer | ’&
Parallel Decoding °

2018 . 2022.03 2023.02 2023.05 2023.09
(EX - BIESER) SR TN (LM RifR & Fsk5E ) % ## Draft {2 (Medusa)
! I | ﬁ%ﬁkd\#ﬁi (E#) MERILERE
L BHES: BERYE i T5 RZF T
2022.11 G ~2023.04 2023.08
Speculative Decoding N o
k k Using of f-the-shelf small LMs BiLD @ PPD K R
gr'esswe Decodmg S
for drafting and supporting LLMA =- StagedSpec g
nucleus sampling SpecTr G (Medusa 32#)
Hydra, EAGLE, -
f?‘w gﬂ:::jaﬁ,rpathya 1/ Yangqing Jia @
& ajiayq

Speculative execution for LLMs is an excellent inference-time
optimization.

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

Last edited 2:40 AM - Sep 1, 2023 - 779.4K Views

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.

11:58 PM - Jan 22, 2024 - 46.3K Views

[1] Unlocking Efficiency in Large Language Model Inference: A Comprehensive Survey of Speculative Decoding. http://arxiv.org/abs/2401.07851

[2] Andrej Karpathy comments Speculative Decoding. https://twitter.com/karpathy/status/1697318534555336961
[3] Yangging Jia comments Medusa. https://twitter.com/jiayg/status/1749461664393810350
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[1] Assisted Generation: HuggingFace 55 7Fif# 60 5k Bg

450 -
400 -
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i (2.5x), (2 IERA SpS RAEEKMES ArS XHEREMN

[2] OPT R"ES#HEMEE FP16, INTS INE EL4HI

. 300 -
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v

O
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w0
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E? 200 -
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]

©
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150 -
Model dmodel Heads Layers Params TPOT 100 -
Target (Chinchilla) 8192 64 80 70B 14.1ms 54.57
Draft 6144 48 8 4B 1.8ms T VI 38.27
1 Target tok = 7.8 Draft toks 0
6.7B, FP32 30B, FP16 30B, INT8 66B, INT8

[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
[3] HuggingFace Assisted Generation. https://huggingface.co/blog/assisted-generation

Model size and dtype

Assistant Model

facebook/opt-125m

Model Names:
1.3B: facebook/opt-1.3b

) 6.7B: facebook/opt-6.7b
Generation Type

I Greedy 30B: facebook/opt-36b

Assisted 66B: facebook/opt-66b

Dataset used as input prompt:

C4 (en, validation set)

Target {REEIR A B4, INEHIAE


http://arxiv.org/abs/2302.01318
http://arxiv.org/abs/2211.17192
https://huggingface.co/blog/assisted-generation
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#Hl: (D Decoding BTRENRFTE 7 KA #IEE[E Ty ~ T1, 2 LLMs BHM/NSEHAREL S Target RE M0 ERE, EE A Draft
TER: (D BRAL T R/ MREARE AN DR A 2 (2.5%), (2 LB SpS RAFEKME S ArS REFEREMN

[1] Speculative Sampling 5K A&

Algorithm 2 Speculative Sampling (SpS) with Auto-Regressive Target and Draft Models

Given lookahead K and minimum target sequence length T.
Given auto-regressive target model g(.|.), and auto-regressive draft model p(.|.), initial prompt
sequence X, . . ., X¢. KBRS b
Initialise n « t.
while n < T do

fort=1:Kdo

Sample draft auto-regressively X, ~ p(x|, x1, ..
end for
In parallel, compute K + 1 sets of logits from drafts %1, ..., %k :

> Xe-1) ERFTIIRIS A5 RHFE K drafts

> Xn, JZ'], ..
H1TiHEERE drafts SRS

'7xn)’ q(x|7x1;"'7xny521)7 ct q(x|)x11'"7xn75213"'y52K)

Q: WA p(x) MXENTHE qx) REREFM?

Modifed Rejection Sampling

q(x], x1, ..

fort=1:Kdo
Sample r ~ U[0, 1] from a uniform distribution.

: 3 q(x|x1,. s Xnse-1)
if r < min (1, M), then Accepted
Set xpyr «— Xrand n «—n+ 1.
else Rejected
sample x,; ~ (q(x|x1, - - ., Xnee—1) — p(x|x1, - - ., Xnse-1))+ and exit for loop.
end if %1% tokens F4%5 (ReLU + RFNJT—1k)
end for

If all tokens x,41, - - . , Xpix are accepted, sample extra token xp.x+1 ~ q(x|,x1, - - -, Xn, Xntx) and
setn «—n+1.

end while

[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
[3] HuggingFace Assisted Generation. https://huggingface.co/blog/assisted-generation

[2] SpS 5 ArS REEZM 4L

Theorem 1 (Modified Rejection Sampling recovers the target distribution). Given discrete distributions
q, p and a single draft sample X ~ p, let X be the final resulting sample. For X = x to be true, we must
either sample X = x and then accept it, or resample it after X (of any value) is rejected. Hence:

P(X =x)

x WREHBAFAER: EX+ 2K
A= FEH = q(x)

= P(% = x)P(X accepted|X = x) + P(X rejected)P(X = x|X rejected)

For the first term, we apply the acceptance rule:

P(x = x)P(X accepted|x = x)

= p(x) min (1, %)

= min (p(x), q(x))

For the second conditional term, we apply the resampling rule:
P(X = x|% rejected) = (q(x) - p(x))«

Where (.), denotes:

max(0, f(x))

VOO max(0, G}

At Fedk

Finally, we calculate the probability of rejection:
1- {28 x BIEBHE

P(x rejected) = 1 — P(% accepted)

=1- Z P(X = x’, X accepted)
=1- ) min(p(x'),q(x"))

=" q(x') - min(p(x"), q(x"))

=Y max0,q0) -pey) - BT R

This is equal to the denominator of (q(x) — p(x))+, so:
P (% rejected)P(X = x|X rejected) = max(0, q(x) — p(x))

Hence:

P& =x) if p() > q(x), P(x) = q(x) + 0 = q(x),

=min(p00, a6+ max(0,409 =P 10y < ), P(x) = p(x) + q(6) — p(x) = q().

BR =q(x) =R

and we have recovered the desired target.
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#HL: 1) Decoding YERENRFT N B HIERS[8] Ty ~ Ty, @ LLMs EM/NSHIEELE Target #EEI i, FiE S Draft
TTlk: (D WIE T R/MERHE AN BB E M (2.5x), 2 IERA SpS RIFHKME S ArS KHLEREN

(1] TiFES £RREFE

Sampling Method Benchmark Result Mean Token Time Speed Up
S5 Mudeny Sum@EOUGED (kTS o
% Greedyy  XSMEOUGED 090 ST en 201
58 (uclewny  HumanBial Q00shon gl 5T e

g

(1) OpenTask HumanEval fF SpS RHEFZER S ArS Y, RHERIEEIE
Q RIEESHBEXABE, HNAKK tokens BEAFR, K IEEEK

[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

[3] HuggingFace Assisted Generation. https://huggingface.co/blog/assisted-generation
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N M EH S
[2] THES KBRS
Mean Sampling Time (128 tokens Acceptance rate Total loop time
o0 % e Human Eval 1.0 A s Human Eval 28 X
————— XSum % ~---= XSum <
1600 AN ’
0.9 “ 26 Vs
) . k4
1400| % . 24
\\ 0.8 ‘x\ . ,7(/
o 1200 > 22 Vi
AR 07 L 4
1000 N ~ 20 /
b V4
% X
800 . 0.6 18 y
S /
Hommmnee v
N 16| S
600 0.5 /
14| %
400
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Number of draft tokens (K)

Number of draft tokens (K)

Number of draft tokens (K)
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Blockwise Parallel Decoding

Blockwise: A continuation of k draft tokens (Jd40). A& R L EER “#HE" T
Jii%: 7& Transformer Decoders K&, #EHNZE| k NFHFTH LM heads, FHITEBMARFKZNALERN tokens, 4K E m IBAEHIRREL %+ 1
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[1] Blockwise Parallel Decoding for Deep Autoregressive Models. https://arxiv.org/abs/1811.03115

(2] “#fe-BeiE-# %" 312

(Input: | saw a dog ride)

P o i

“JataFun. |

DAZEXS

Data+Al Conference

Predict |I saw a dog ride| ip the bus FH 74K 34 Draft tokens
........................................................................ QH..““.““““.“““.““.“““““.“.
Verify II saw a dog ride : in| the car last 54> Token fi (in, the, bus)
(+ next Predict) \/ %B#ﬁﬁ;mﬂﬁk* k tokens
e~
|I saw a dog ride : in the|lcgr this \\ucl\l iixpfg:;ﬁgl
%
|I saw a dog ride : in the busl last week when
—
Predict |I saw a dog ride in the| car this week AL
i .
reused
(4] TARMAC AR K HRRSCR
(Task: WMT 2014 English-German translation) (FEE, EE)
k Regular @  Distillation ®  Fine Tuning a Both ¢ = 5[ * “ B
8
1 26.00/1.00 26.41/1.00 SR 4 +
2 2581/151 26.52/1.55 25747178 26.58/1.88 2 3 taa ¢ |
4 2584/1.73 26.31/1.85 25.05/2.69  26.36/3.27 i 2 A
6 2608/1.76 26.26/1.90 24.69/2.98 26.18/4.18 $m 2| Qe |
8 2582/1.76 26.25/191 2427/3.01  26.11/4.69 = 1l :
10 25.69/1.74  26.34/1.90 23.51/2.87  25.60/4.95 : ?
24 25 26
BLEU Score
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Medusa Parallel Decoding
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TEk: D EEMEESIEE Medusa 454, (2 Tree Attention I2FHEZE, () Typical Acceptance, @) HIREEFIRF 2.2~3.6x
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Original Model

LM Head
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Last Hidden

® Medusa Heads

Transformer
Layers

Embedding

AN

N> Medusa Head 2

¥—>‘ Medusa Head 3 |

:

It, 1, As

» Medusa Head 1

> is, ', the

> difficult, is, '

D

-

»  not, difficult, a

|

|\ —

¢

> Input

What will happen if
Medusa meets a llama?

A Frozen Backbone

‘= Candidates

It is difficult not
It' difficult a X
Itis' not X ...

/ Single step prediction
It is difficult

K
EMEDUSA—I = Z —)\k 1ng,§k)(yt+k+1).

k=1

[2] Tree Attention F{TI&1E n % draft path

Decoding (B,1,D) — (B,1+n,D) HFEHEH

- wr () OO O E) @) n=8=2+6
v
v
v v
v v
e || v
——() v v
. Ao S
Tree Mask [ | 6@ ’ ' v T - , r |

@ Joint Training (two-stage is better)
'CMEDUSA—Z = »CLM + )\O»CMEDUSA-I-

LiM-distill = KL(p(O) ||pz(50))7

original,t

(SFT)

(RLHF, w/o training data)

[1] Medusa: Simple LLM Inference Acceleration Framework with Multiple Decoding Heads. http://arxiv.org/abs/2401.10774
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Medusa Parallel Decodlng “DataFun. | DABEAS

b

HA: D SpS PERAK/NERMEE L, BHEHRAS, ISR, % Draft sfiAS M HREIEE, (2 BPD topl EXX(EK, 18 topk EXEXRG
TEk: D BPEMNEA R4 Medusa £54, (2 Tree Attention 32FHERK, (3 Typical Acceptance, @ ¥EIREEIRF 2.2~3.6x

—E:J— S,
[1] Medusa TopK Tree Paths Bi#fifk [2] Trade-off btw Acc.Rate and Speed
(ki 32 o] REHR IR UK B BRIZ)
root
35w Sparse Tree Attention ~______----- * 120 L -#%-- Sparse Tree Attention
B e
wT B . 110
3.0 YT W TSR N o R
. g AR AL 100 - .
head1l ol ertain course !, a oncethere the was "::‘.Efi'..-"- S : . i '. el . e e Y
o . = 80 o o »
<20 3 J | g ge
2 70 wi .':.“.-.;
head2 ly a iche , ! HereOnce s once | (ly ‘a iche , ! ly ‘a (ly ‘a (ly ly ly (ly CE .
15 60 s
50
1.0 e W/0 Medusa e W/0 Medusa
head3 time ! ' a once , theretown is time ! ' [a time ! time time time time (! (' time time 0 30 Aii%oitional Léf]g]th 200 250 0 50 Aldodoitional Léa(g)th 200 250
L (a) Acc. Rate vs. Num Tree Paths (b) Speed vs. Num Tree Paths
5 - s
headt GO ¢ , E I | ag- J )4 T BEHLRHE Paths;, 416 $HZETIEIE (64, 128, 256)

[7/177'27 7,Lk:]€I j:]'
i-th top prediction of the k-th head

[1] Medusa: Simple LLM Inference Acceleration Framework with Multiple Decoding Heads. http://arxiv.org/abs/2401.10774
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Medusa Parallel Decoding

#il: D SpS P BRAAR/NMREMEER, BHEHAS, RENERR,

2 Draft fiASMEINREIEE, 2 BPD topl R, 1B topk EREKS

TEk: D EEMEESIEE Medusa 454, (2 Tree Attention I2FHEZE, () Typical Acceptance, @) HIREEFIRF 2.2~3.6x
[1] Speculative Sampling R4£/9 o] & [2] Typical Acceptance BAAFE %4 (Truncation Sampling)
Methods VERIFY (T3, pi, g:) CORRECT (pc, qc) poriginal(xn—l—k‘xla T2,y xn—l—k—l) > min (63 d exp (_H(poriginal('|xl y L2y, xn—l—k—l))))
Greedy ~ _ ‘
Decoding Ti = argmaxd Tife < AIgMAax e True Distribution ~ Neural LM Word Distribution 3.5 76
Nucleus . (F. \
* Sampling 7 < min (1, ZZEEZ;) 7 ~U[0,1]  Zt+e ~ norm(max (0, gc — pc)) \' ;;uncztizjn 204 \ -7
resho
Top-k sampling Top-p sampling S—— i 0 . \ /\ k gzeedy
model’s vocabulary modet’s vocabulery /I QL \//\/\ |/ "
Sample with Somple with 2 N I
m T — [ e JIIIIIIII“IIIIL g Y o
o P () o Probability-Sorted Vocab <" :
i l P, 5\ — P(i) \J« o1 010 -7.2
Pml'l“'\u.d(i) - Z, I::‘})'“ ‘their’ mlj“sml(Z) - \:” i . 99$:hun(e’?'r!::mq“h:lud o — :);ly 008 = Z)Q’ 1]
29% chance of being selected 010 Greedy * | 71
Temperature m 3.0-
0 temperature = 0.1 o temperature = 0.4 oot o RS o
002 =-7.0
w w o 0.00 0.05 0.10 0.15 0.20 0.25
0 06 P — o v % ® e o 5 & B Posterior Thresholds €
) ) n=Api - Q(Xi|z2s) Medusa + =f1K#f (Greedy vs. RS vs. TA)
w0 o : ‘ = min(/_\_-Q(X,-|:v<,-)./_\,<,v - Q(Xilz<i))
0 ’ I:emperalzureroé ! o ’ Iiempera(zure: 1‘% ) Iz ‘T{;‘%‘:;‘;*[jﬁ. — mln( A ) (1 + 6) . QI(X |1, . )) ® TA *EE Greedy E&%&?&ﬂ- 10%
. . . ('1"'+ 5 @ TATERRS EEEEIME, ©F0.25 KRS
. . @ THE, FHRES a(x)/p(x) | SHAE | = min(—g— aexp(~h(z<))) RS 48, {BIEHCEM 3.0 $BFHE 35
“ ” @ BAEXRHRIERAS, FH probs EEE (ETXF%, LTXHEX) ® TA RHBIERAE, —# probs EER

0 1 2 3

4 [ 1 2 3 4

7 = min(e, aexp(—hg(z-;)))

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

1
[2] Truncation Sampling as Language Model Desmoothing. http://arxiv.org/abs/2210.15191

[3] RALLMIZHL R #E(_E) https://waytoagi.feishu.cn/wiki/U1BywrrxTibXOAkgF5Yc2uWynRh
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Medusa Parallel Decoding
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D SpS NERAKX/NMREREE R, BHERAS, RHEERMR,

“JataFun. | DABEX=

4 Draft A DURIEERS, 2 BPD topl EZRIK, 1B topk EZRE

TEk: D BPEMNEA R4 Medusa £54, (2 Tree Attention 32FHERK, (3 Typical Acceptance, @ ¥EIREEIRF 2.2~3.6x

[1] MT-Bench 8K TFifEEEERF
(Vicuna 7B/13B ¥ ShareGPT FREk SFT)

Speedup on different categories for 7B model

Speedup on different model sizes 3.62x
3.5
2.83x = w/o Medusa 3.29x
120 W Medusa-1
W Medusa-2 3.0 3.01x

100 2.18x 2.83x 2.7x 2.72x 2.77x
= = 258x  2.58x
o 5 2.5
© 80 233 ®
(] Q
— "
g
> 60 2.0
C
(7]
S
= 40 15

20

1.0
o
& {\\«9 Q\'b* &\(\c’ ,&& o§ 6@"’ ,-oo‘\
0 S S RO S - 8 &
7B 13B & & <€ d_é
Model Size S <&
(a) (b)

Figure 4: Left: Speed comparison of baseline, MEDUSA-1 and MEDUSA-2 on Vicuna-7B/13B.
MEDUSA-1 achieves more than 2x wall-time speedup compared to the baseline implementation
while MEDUSA-2 further improves the speedup by a significant margin. Right: Detailed speedup
performance of Vicuna-7B on 8 categories from MT-Bench.

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

(2] B#&MBIIZHERME

(Zephyr-7B Fl Vicuna-33B 3 FFiIl 2R £ 4%)

Speedup on different model sizes

2.83x
B w/o Medusa

120 mmm Medusa-2
_0100 2.83x
c
S
& 80
9]
2 60
c
3 2.35x
2 40
\ I I l N
0 Vicuna-7B  Zephyr-7B  Vicuna-13B Vicuna-33B
Model Size
Model Name Vicuna-7B Zephyr-7B  Vicuna-13B  Vicuna-33B
Acc. rate 3.47 3.14 3.51 3.01
Overhead 1.22 1.18 1.23 1.27
Quality 6.18 (+0.01) 7.25(-0.07) 6.43 (-0.14) 7.18 (+0.05)

Medusa2 lIZ/E MT Bench score EA&R3r
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*  Medusavl: YZEFFEAR, BALKESE TEIFEBEBERWL &
WEHRFERD, FREES TEIFREEBERML &
WZRtE L (ChatRhino-14B + 3 Medusa heads)

1. B#EBHUEE
+  ShareGPT 68k en + 38k cn; vs. BRIAEIEE Acc.Rate 1.2x
*  Input Sequence 7 noise HEANFEAR L 1%
2. BRI
+  Original Model 1§ bits 214 1% GPTQ/AWQ; Heads Acc.Rate RN, TEERF
*  Medusa Heads I} SFT/QLoRA AR #MIEYTI; Heads Acc.Rate A&, FEMIAEMR v2 XA
*+  Cache Hidden States &% Original Model 744, (D HREZIHXARELAL Tricks @ X FFE XS EIN 4058 #iE

B = JTREE IR
EEBNGERHE

*  Medusav2:

3. Z&1B Loss
«  Soft Label Xf3% Original Model 4373; vs. Hard Label Acc.Rate 1.04x
4. Medusa LM Heads ITE (EEITTEFFH)
Head AR B %R, RGN E, TEHER,

*  Prune Vocab: Heads i S MA 5 Tokens, FE{K LM Heads 3

IR

1. EHIEZE TopK Trees; vs. Vicuna Tree Speedup 1.05x

* LM Heads &&= % Heads 347#1%; Speedup 1.05x

EEE; Speedup 1.04x

2. Original Model ¥ FA{[ bits E4L&BE; Heads Acc.Rate g M, 1B Speedup ZELIEEZ M

Relative Speedup
N B o ® o N B O

o
o

= ataFun. |
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#1060
Original Model £ Top-k Predictions
LM Head > It, I, As
A
) Medusa Heads
Last Hidden r ] r
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L
Transformer
Layers

Medusa Head 2 ]

I difficult, is,

Medusa Head 3 ]
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Embedding
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\

]
l
]
/

v

< Input "= Candidates
What will happen if It is difficult not
Medusa meets a llama? It' difficult a X

Itis' not X ...

/ Single step prediction

J
I - s
It is difficult

Speedup of Qwenl.5-14B-Chat with Medusa on A100-TP4 (in41-out460, accept ratio=2.5)

1.6
143
127 L4

1.05 1.2
1.0
0.8
0.6
0.4
0.2

0.0

FP16 INT8wo INT4awq 1

Quantization. Batch=1

M FP16 E| INTS 5%, HEIBEFITHE
M FP16 E| INT4 5/, HEBEFITHE

1.43

2 4
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50%,
70%,

IR
IR

EOTRT 1.3%;
EEF 1.6x,



Medusa ftd¥,: OmniForce-LLM

Z#: Last Hidden FBF Medusa Heads I\ B B2 &=

[1] Medusa Fork Decodes jERh S8

| InEEXx=

“JataFun.

*#/6
Original Model 1 Top-k Predictions
LM Head > It, I, As
A
& Medusa Heads
Last Hidden [ ] (
» Medusa Head 1 > is, ', the ]
L J L
Transformer
Layers Medusa Head 2 ) > difficutt, is, ' ]
i Medusa Head 3 » not, difficult, a ]
Embedding J L /
( J
= Input "~ Candidates / Single step prediction
What will happen if It is difficult not Itis difficult
Medusa meets a llama? It' difficult a X
Itis' not X ...

[2] Spec-Bench #iR&EA K

Subtask Dataset | #Samples
Multi-turn Conversation MT-bench 80
Translation WMT14 DE-EN 80
Summarization CNN/Daily Mail 80
Question Answering Natural Questions 80
Mathematical Reasoning ~ GSM8K 80
Retrieval-aug. Generation = Natural Questions 80
Overall - | 480

Medusa Heads Top5 Accuracy (%) I £ (2000) HIEMREIERR W& (100)
Model RIS 4H
head_1 | head_2 | head_3 | head_4 | head_5 c_ratio? | tok (ms)! | AMELLT | =yl
basemodel 1.00 3451
medusa_vl 79.21% 59.39% 46.21% 38.26% 33.37% 2.40 19.07 1.81 75.39%
medusa_v2 88.90% 78.37% 68.04% 59.08% 50.98% 3.85 12.29 2.81 72.99%
Vicuna-7B fork2-decoder2 89.09% 81.08% 73.81% 67.10% 60.01% 3.96 16.05 2.15 54.30%
fork2-decoderl 87.21% 76.60% 67.20% 58.70% 51.28% 3.45 15.36 2.25 65.15%
forkl-decoderl 87.14% 76.42% 66.55% 58.14% 50.86% 3.36 15.59 221 65.89%
fork3-decoderl 87.06% 76.44% 66.74% 58.40% 51.13% 3.24 15.98 2.16 66.66%
[3] ChatRhino-14B F{TfRRINE L SHE
3.0 1.74
mmm Vanilla Decoding 15
2.63 Medusavl
2.5 OmniForce-LLM
2.21
20 B;E s 143 RAG
1.27
1.61
15 1.38
1.0
115
0.5 142 148
18
0.0 BE BT
HITEREE HEMELL &
153

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

QA
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1#l: Medusa Heads [B)({RAAR)EFSINIMFHERSE BB

[1] Hydra Heads 714 5 BE

Head to Head Medusa Comparison

#lo 120-
Original Model # Top-k Predictions Existing Draft Heads Hydra Draft Heads (Ours) 2:26x 3.00x 3.06x vos
2.13x =30 1.2x .95%
LM Head > It, 1, As @ 10 g
) NN 2 S
 Medusa Heads e g”
Last Hidden ( ) ( 4 7L [} 5 bl 2.17x 3 Baseline
» Medusa Head 1 > is, ', the ] Hidden Head Head 5 B g mm Medusa
l J l State 1 2 3 32° I Hydra
Transformer R g 60~ §
Layers Medusa Head 2 ) > difficult, is, ' ] 4 4 4 ) '; g i)
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B
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= Input "~ Candidates / Single step prediction ( i | A A i ) o ( A . | )
What will happen if It is difficult not Itis difficult pdraft t+1 xStl xt-'-]_l cecy xt+1—1 - pdraft xt+l xSt—l
Medusa meets a llama? It' difficult a X
Itis' not X ... % = h i %
pdraft( Xtt i|x§tr Xt41s-- *rxt—i-i—l) - nydra,i( t—17 Xty Xpp1s weer xt+i—1)
~:
[2] Hydra fnEZR
140- 4.0- 130 36-
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3.70x 3.72x 3.62x
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’U-'; e G 120 - L_o' 4
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= 2.15 5 > -
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[1] Hydra: Sequentially-Dependent Draft Heads for Medusa Decoding. http://arxiv.org/abs/2402.05109
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[1] EAGLE: Speculative Sampling Requires Rethinking Feature Uncertainty. http://arxiv.org/abs/2401.15077
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TEZE8 Benchmar

Vicuna-7B

Translation

Multi-turn

Summarization Conversation

118 2 /212242628
Question Retrieval-
Answering augmented
Generation
Mathematical
Reasoning
Vicuna-7B-v1.3
Models Multl-lur.n Translation S.umr.na- Questlfm
Conversation rization Answering
Medusa ¥ 2.79x 2.36x 2.14x 2.36x
EAGLE & 2.75x 2.08x 2.32x 2.23x
Hydra é 2.51x 2.01x 1.84x 2.09x
Lookahead 1.95x 1.61x 1.63x 1.73x
PLD 1.67x 1.06x 2.59x 1.16x
REST 1.72x 1.38x 1.46x 1.80x
SpS 1.78x 119x 1.78x 1.58x

Summarization

Question
Answering
EAGLE Medusa
Mathematical Retrieval-aug.
Reasoning Generation
277x 2.05x
2.79x 2.15x
2.58x 1.83x
2.16x 1.50%
1.63x 1.83x
1.31x 1.87x
1.54x 1.69x

Vicuna-13B

Translation

Multi-turn
Conversation

NN N W
wfr o @

Retrieval-
augmented
Generation

Mathematical

Reasoning
SpS PLD REST Lookahead
Vicuna-33B-v1.3
Multi-turn
Overall Models )
Conversation

2.42x EAGLE Y 2.81x
2.39x Hydra é 2.63x
2.15x Medusa 2.22x

1.77x SpS 1.79x
1.66x REST 1.71x
1.59x PLD 1.45x
1.59x Lookahead 1.46x

[1] Spec-Bench: A Comprehensive Benchmark and Unified Evaluation Platform for Speculative Decoding. https://sites.google.com/view/spec-bench
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Answering
Translation S.umr.na-
rization
2.14x 2.53x
2.05x 2.08x
1.95x 1.85x
1.31x 1.80x
1.39x 1.57x
1.06x 1.98x
1.21x 1.32x
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Translation

DAZEXS

Data+Al Conference

Multi-turn
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Retrieval-
augmented
Generation
Mathematical
Reasoning
Q c Matt ! ical Retrieval : ug. overall
Answering Reasoning Generation
2.19x 3.01x 2.31x 2.50x
2.16x 2.76x 2.11x 2.31x
1.87x 2.32x 1.84x 2.01x
1.57x 1.73x 1.69x 1.65x
1.69x 1.34x 1.89x 1.59x
1.07x 1.54x 1.43x 1.41x
1.29x 1.71x 1.28x 1.38x
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* Medusa

Original Model #1 Draft Heads Z [B]Xf5F, & FHFIRZIER/ NMREENFERE
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Llama3.1-70B Speedup of Different Quantization methods on A100/H20-TP8 (bs=32)
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