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Speculative Decoding vs Multi-Token Prediction
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Fast Inference from Transformers via Speculative Decoding

Leviathan, Kalman, Matias - Google Research

ICML 2023 - arXiv:2211.17192
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Part 1.

Speculative Decoding (Leviathan et al., ICML 2023)

Fast Inference from Transformers via Speculative Decoding
Yaniv Leviathan, Matan Kalman, Yossi Matias - Google Research - ICML 2023 - arXiv:2211.17192
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Leviathan et al,, "Fast Inference from Transformers via Speculative Decoding”, ICML 2023 (arXiv:2211.17192) 9 /44
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Speculative Sampling X}

Algorithm 1 SpeculativeDecodingStep
Inputs: M, M, prefiz.

S 1 =\ = A AH =
Draft Mq7f OJIH preflxoﬂ)ﬂ Y7H EZx XY =2 le’ EII.I = > Sample v guesses x; ., from M, autoregressively.
fori = 1to~do
gi(z) — My(prefiz + [z1,...,7i-1])
T; ~ gi(z)
Target M7} prefix + x..x O CHSH p...p = T 12 HE ALt :’“};‘ f"l‘u N
> Run M), in parallel.
pi(x), ... . pya(z)
My (prefiz), ..., My(prefiz + [z1,...,2,])
> Determine the number of accepted guesses 7.
. ry~ U(0,1),..., ro ~ U0, 1
2t £28 222 2Ak min(1, p() / q()) Z 8 0% A VO OO
nmin({i—-1]1<i<~v,r> m} U{y})
&> Adjust the distribution from M), if needed.
p!{j") A p'u-l-l{j")
if n < - then
P (@) - norm(maz(0, pps1(z) — g (2)))
HE A 2 22 norm(max(0, p—q))flA Z{ME end if
> Return one token from M, and n tokens from M.
t ~p'(x)
return prefix + |1, ..., x,,1]
Zibx.x+ 28 E2 14 = 8 MO[20| n+1 E2 2 Theorem (24 23 0| ite] 53 2LE M OIS MY
Smo £

Leviathan et al,, "Fast Inference from Transformers via Speculative Decoding”, ICML 2023 (arXiv:2211.17192) 11/ 44
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Ak = Pk (7= +8) EZ =3 « greedy(temp=0): draft E2 = target argmax¥ M2t =&
q() > p() p() / q(x) SEX 8
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Leviathan et al,, "Fast Inference from Transformers via Speculative Decoding”, ICML 2023 (arXiv:2211.17192) 12 /44
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[START] japan F'. s benchmark Eﬁ'ﬂf 2_25 iﬂ rose Lzé . E m . or E - E percent . tHo lHIB . %g . E E late morning trading . [END]

Figure 1. Our technique illustrated in the case of unconditional language modeling. Each line represents one iteration of the algorithm.
The green tokens are the suggestions made by the approximation model (here, a GPT-like Transformer decoder with 6M parameters
trained on lm1b with 8k tokens) that the target model (here, a GPT-like Transformer decoder with 97M parameters in the same setting)
accepted, while the red and blue tokens are the rejected suggestions and their corrections, respectively. For example, in the first line the
target model was run only once, and 5 tokens were generated.

«38E2 &= target 22 Tt o] HHo = M (Yt autoregressive: 382])
o Ot O] target forward2 0j2{ draft EE22 HE 45 — 8 EE2 2 F =&

Figure 1: Leviathan et al,, "Fast Inference from Transformers via Speculative Decoding", ICML 2023 (arXiv:2211.17192) 13 /44
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Figure 2: Leviathan et al,, "Fast Inference from Transformers via Speculative Decoding", ICML 2023 (arXiv:2211.17192) 15 / 44
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Table 1. The total number of arithmetic operations and the infer-
ence speed vs the baseline, for various values of - and «v, assuming

« 5 FLOPs= L2 37t — T walltime2 T c=¢é=0.

- H22 HYE H2e WHYOZ R3|sts 20| Yy
« v  OPERATIONS SPEED
0.6 2 1.53X 1.96X
0.7 3 1.58X 2.53X
0.8 2 1.23X 2.44X
0.8 5 1.63X 3.69X
0.9 2 1.11X 2.71X
0.9 10 1.60X 6.86X

Figures 3 & Table 1: Leviathan et al., "Fast Inference from Transformers via Speculative Decoding", ICML 2023 (arXiv:2211.17192)
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T5-XXL A€ A1} (=2 Table 2)

Table 2. Empirical results for speeding up inference from a T5-

XXL 11B model.
TASK M, TEMP ~ o SPEED
ENDE T5-SMALL % 0 7 0.75 3.4X
ENDE T5-BASE 0 7 0.8 2.8X
ENDE T5-LARGE 0 7  0.82 1.7X
EnNDE T5-SMALL % | 7  0.62 2.6X
EnNDE T5-BASE | 5 0.68 2.4X
EnNDE T5-LARGE | 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 % | 5 0.53 2.3X
CNNDM  T5-BASE | 3 0.55 2.2X
CNNDM T5-LARGE | 3 0.56 1.7X

« T5-small draft Z22}0| X[&: EnDe 3.4x, CNN/DM 3.1x (greedy)

« rejection sampling 4|22 53 22 W Y EF — 2 &4 8l

0o
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Leviathan et al,, "Fast Inference from Transformers via Speculative Decoding”, ICML 2023 (arXiv:2211.17192)
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Part 2.

EAGLE-3 (Li et al., 2025)

Scaling up Inference Acceleration of Large Language Models via Training-Time Test

Yuhui Li, Fangyun Wei, Chao Zhang, Hongyang Zhang — PKU - MSR - Waterloo - Vector Institute, arXiv:2503.01840 (2025)
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EAGLE AlE2| =5:1 - 2

EAGLE-1 EAGLE-2
« Feature-level autoregression — £ L[4l target9| top- « DraftE Eg|(tree)E & — O B2 = Z=Z B
layer feature= 0|5 - Confidence 7| £ E2| 2 — U Z=20| g
. target®| LHE HEE AL — vanilla SDELCE 22t draft =
iz X|
==

« EAGLE-1 Ci{H| 20~40% 7} 7t
« 1-layer A% draft head — self-drafting, MTP A2 « Vicuna-13B 7|&: 3.07x — 4.26x

« A draft 22 2289 — target 7t5 X 52 X

Leviathan(2 & draft 2 &) — EAGLE (target Li % feature XfAME self-draft) — MTP OfO|C| O 2t2| &gt

Li et al., "EAGLE-3: Scaling up Inference Acceleration of Large Language Models via Training-Time Test", arXiv:2503.01840 (2025) 20 / 44
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Figure 3: Comparison of standard speculative sampling and EAGLE. For simplicity, EAGLE’s tree-structured draft is shown
only in the verification stage, while the illustration of the drafting stage uses a chain-structured draft. Here, £; denotes the
i-th token embedding, and f; denotes the i-th feature vector in the second-to-top-layer of LLM before LM head.
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Figure: Li et al., "EAGLE-2: Faster Inference of Language Models with Dynamic Draft Trees

« draft= 1-layer decoderZt 2t& (embedding / LM head+= target X AHE)

+ 5 Vicuna-13B 3.07x — vanilla SD / Medusa(2.07x) CiiH| 2%

o .

", arXiv:2406.16858 (2024)
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Draft Tree — 88 EZ|0A X EE|=E
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10+2 10+2= ; 10+2 10+2=
| '

AR IR
= + 1 3 = + }
2

Figure 4: Differences between EAGLE and EAGLE-2. EA-
GLE always uses a fixed draft shape. When the query is
“10+2=", the next token is very likely to be correctly pre-
dicted as “1”. However, with a static draft tree, EAGLE
would still add two candidates, even though the probability
of the other candidate “3” being correct is very low. EAGLE-
2, on the other hand, adjusts the shape of draft tree based
on the context. When the query is “10+2”, the next token
is difficult to predict, so EAGLE-2 adds two candidates.
For the simpler query “10+2=", EAGLE-2 adds only one
candidate “17.

20t M| Qo] Ot EB|Z2 — O] 2 H=ZE ot #9| forward2 SA| AE

(tree attention)

EAGLE-1 / Medusa: 178 E2| — 2 & 20| &2 2
ZHA 2882 BOH O|E 4 draft confidence?t £8F2| £2 2 A} (calibrated)

NE

EAGLE-2: confidence +X 7} 7|& expansion — rerank 2tHA 2 E2|E &M

SX 7Y

o

21t EAGLE-1 CHH| +20~40% (Vicuna-13B 3.07x — 4.26x), £7| &t& 24

Figure: Li et al., "EAGLE-2: Faster Inference of Language Models with Dynamic Draft Trees", arXiv:2406.16858 (2024) 22 / 44
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Figure 7: Li et al., "EAGLE-3: Scaling up Inference Acceleration of Large Language Models via Training-Time Test", arXiv:2503.01840 (2025)
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Figure 7: Acceptance rate of EAGLE and EAGLE-3
on MT-bench, with the target model being LLaMA-
Instruct 3.1 8B. Hereby, n-a refers to the acceptance
rate when the input contains n estimated features, under
the condition that the previous estimated tokens are all
accepted by the target model.
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« Ablation: H|2f H7Tt2 2 3.16x — 3.82x (MT-bench, LLaMA-3.1-8B-Instruct)

« Feature g S10| & token 0|5 == e — Hof0| 23|12 HEHS Mot

Li et al., "EAGLE-3: Scaling up Inference Acceleration of Large Language Models via Training-Time Test", arXiv:2503.01840 (2025)
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Figure 3: Nustration of training-time test (the bottom
part) and its comparison with other draft methods (the
upper and middle parts). f denotes the feature, t denotes
the token, and a represents the unconstrained vectors.
We use the hat to denote the predictions from models.
All the methods shown in the figure use the token se-
quence from the previous time step, but for simplicity,
this is not depicted in the figure. The input o EAGLE-3
1s not actually f, but it is not shown in this figure. We
will provide a detailed explanation in the following sec-
tion.

To summarize, this paper introduces EAGLE-

3, an enhanced version of EAGLE that achieves

a cionificant ensadun FAGT E_R ic narallalizad
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Figure 5: Diagram of the EAGLE-3 inference pipeline,
illustrating the three steps of the draft model. [, m, and
h represent the low, middle, and high-level features of
the target model, respectively. e denotes the embedding.

3 EAGLE-3

In this section, we provide a detailed description of
the implementation of EAGLE-3.

3.1 Inference Pipeline

Consistent with other speculative sampling meth-
ods, EAGLE-3 alternates between the drafting
and verification stages. The difference between

Multi-layer Feature Fusion

- Top-layer feature2te 2= "LI5-Ctg E2" 50 S &F
« Target2| low / mid / high 37| & featureS F==3l0| 8%

« concat[f_low ; f_mid ; f_high] -» FC — g — draft @322 ALE

« 8¢ feature g + &7 token embedding — 1-layer decoder?t &

g = FC( concat[ f_low ; f mid ; f_high ])
draft input = g @ token_emb(x_prev)

Ablation: multi-layer fusion =7t2 3.82x — 4.40x

Li et al., "EAGLE-3: Scaling up Inference Acceleration of Large Language Models via Training-Time Test", arXiv:2503.01840 (2025)
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Figure 5: Diagram of the EAGLE-3 inference pipeline,
illustrating the three steps of the draft model. [, m, and
h represent the low, middle, and high-level features of
the target model, respectively. e denotes the embedding.

3 EAGLE-3

In this section, we provide a detailed description of
the implementation of EAGLE-3.

3.1 Inference Pipeline

Consistent with other speculative sampling meth-
ods, EAGLE-3 alternates between the drafting
and verification stages. The difference between
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target 278 forwardo| Al low / mid / high feature =& — g 8%}, 2T token embeddingt &
H 1-layer draft7t & Z=Qt token 44

a Step @

draft 23 (a)& CHA| YHo 2 HZE - LF3Z &0t token 4 (17| 0|52 YHoZ = 71T

e Step ®

HHE 5L draft E2|E &H& — targetO| $F H1O| HE forward2 Y&

oY
ol

Training-Time Test = oI5 A| @@@2 A= e - FE4

JoF

reol 22 22X A

Li et al., "EAGLE-3: Scaling up Inference Acceleration of Large Language Models via Training-Time Test", arXiv:2503.01840 (2025) 26 / 44
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« Attention maskE step 7RO XA = - A 2t E =
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EAGLE: 98% — 72% — 35%
EAGLE-3: 98% — 92% — 85%

Li et al., "EAGLE-3: Scaling up Inference Acceleration of Large Language Models via Training-Time Test", arXiv:2503.01840 (2025)
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Figure 6: Diagram of the attention causal masks during training-time test. It sequentially shows a native training step
(the first step) and two simulated training steps (the second and third steps). The arrows between tokens represent
contextual relationships. The gray tokens represent the training data while the and tokens represent the
first- and second-round oredictions bv the draft model. respectivelv.
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EAGLE-3 0|2l Z1} (Table 1)

Table 1: Speedup ratios and average acceptance lengths 7 of different methods. V represents Vicuna, L31 represents
LLaMA-Instruct 3.1, L33 represents LLaMA-Instruct 3.3, and DSL represents DeepSeek-R1-Distill-LLaMA.
SpS denotes standard speculative sampling, with its draft model being Vicuna-68M. Methods like Medusa relax
acceptance conditions under non-greedy settings, which do not guarantee lossless acceleration. Therefore, we do
not compare EAGLE-3 with these methods when temperature=1.

MT-bench HumanEval GSMSK Alpaca CNN/DM Mean
Model ~ Method  Speedup 7  Speedup 7  Speedup 7  Speedup T  Speedup T  Speedup T

Temperature=0

SpS 1.93x 227 223x 257 1.77x 2.01 1.76x 203 1.93x 233 1.92x 224
PLD 158x 163 1.85x 193 1.68x 173 Llex  L19  242x 250  174x  1.80
Medusa 207x 259 250x 278 223x 264 208x 245  17Ix 209 212x 251
Lookahead  1.65x 169 1.71x 175 18Ix 190 1déx 151 ld6x 150  162x 167

V138 Hydra 288 365 328 387 293 366 28x 353  205x 281  280x 350
EAGLE 3.07x 398 3.58x 439 3.08x 397 3.03x 3.95 2.49x 352 3.05x 3.96

EAGLE2  426x 483  496x 541  422x 479  425x 489 340x 421  422x 483
EAGLE3  558x 665 647x 754 532x 629 516x 617 50lx 647 551x  6.62

EAGLE-2 3.16x 405 3.66x 471 3.39x 4.24 3.28x 4.12 2.65x% 345 3.23x 4.11
L318B  BAGLE3  440x 613  485x 674 448x 623 482 670 365x 534  dddx 623

EAGLE-2  283x 367 3.2x 409 283 369 303x 392 244x 355 285x 378
EAGLE-3 4.11x 563 479 652 434x 615 430x 609 3.27x 502 dI2x 588

L33 70B

EAGLE-2  292x 380 342x 429 340x 440 30Ix 380 353 333 326x 392

DSLSB  EAGLE3  405x 558 459 638 501x 693 365 537 35 492 dléx 584

Temperature=1
SpS 162 184 172 197 l46x 173 152x 178  166x 180 160x 184
EAGLE 232x 320 2.65x 363 257x 3.60 245x 3.57 223x 326 2.44x 345
VI3B  EAGLE-2 440 422x 489 377x 441 378 437 325 397  376x 441

EAGLE-3 542 515% 622 47Ix 558 449 539 433 572 465x 567
EAGLE-2 3.16 33% 439 2.86x 374 2.83x 3.65 2.44x 314 2.80x 3.62
L318B  pAGLE3 424 413x 582 332x 459 390x 556 299 439  345x 492
EAGLE-2 350 289 381 252 336 277x 373 232 327 265x 354

L3370B  gAGLE-3 545 436x 616 417x 595 4l4x 587 31Ix 488 395x 566

] EAGLE-2
DSL8B  pAGLE-3

341 301x 382 316x 405  264x 329 235x 313 277x 354
449 377x 528 438x 610 316x 430 3.08x 427 352x 489

Z|C§ 6.47x (HumankEval, Vicuna-13B) - 5-task Ea* 5.51x - EAGLE-2 CHH| 2F 1.3-1.4x &2 7HM (temp=0)
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E] 27| ¥ 1 Speedup

—— EAGLE-2
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Scaling law evaluated on the MT-bench using
LLaMA-Instruct 3.1 8B as the target model, with the
X-axis representing the data scale relative to ShareGPT.
The new architectural designs in EAGLE-3 enable an
increasing scaling curve, which was never observed in

the previous works.

Inference 7t%52| Scaling Law — %[z 2+
&t& OIOIEf 1x — 8x B7} A| EAGLE-3 speedup X|& &5

« EAGLE-2: H|O|E| 8H 70| = speedup ®H| (plateau)
« EAGLE-3: IOl 57} — speedup X|& &5
. feature M M7 + training-time test7t 2 L& 7rs5HA &

o LLM AP SHEE RASHA|, 2 750 E scaling law ‘d &

Li et al., "EAGLE-3: Scaling up Inference Acceleration of Large Language Models via Training-Time Test", arXiv:2503.01840 (2025)
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Production 435: SGLang / vLLM

Table 4 — SGLang (LLaMA-3.1-8B-Instruct, H100, MT-bench) Table 5 — vLLM (LLaMA-3.1-8B-Instruct, A100, MT-bench)

Table 4: Throughput at batch size = 1 on H100 when the Table 5: Throughput improvement under different batch
target model is LLaMA-Instruct 3.1 8B and the testing sizes on A100 and LLaMA-Instruct 3.1 8B for the MT-

dataset is MT-bench. The experiments were conducted Bench dataset, with vLLM without speculative sampling
by the SGLang team. as the baseline (1.00x).
Method Thr—::-ughpul (bs=1) Batch size 2 4 8 16 24 32 48 56
- EAGLE  1.30x 1.25x 1.21x L10x LO3x 093x 0.82x 0.7Ix
SGLang (w/o speculative, 1x H100)  158.34 tokens/s EAGLE-3 175x 168x 1.58x 149x 142x 136x 121x 1.0Ix
SGLang + EAGLE-2 (1x H100) 244,10 tokens/s
SGLang + EAGLE-3 (1x H100) 373.25 tokens/s

« 7|Z& SD(EAGLE)2 2 H{X|0|A HZ At — BS > 240 A baseline OJ2t (0.99x)
« EAGLE-3& BS=640| M= +38% X 2|ZF (1.38x) FX| — H{X| 7|0 ZH
« VLLMO|ME S Ak BS=20|A] 1.75x X 2|2F Skl

+SGlang / vLLM Z2 54 T3 Q/30] 7[= B — &AH2 HE 4

ol

Li et al., "EAGLE-3: Scaling up Inference Acceleration of Large Language Models via Training-Time Test", arXiv:2503.01840 (2025) 30/ 44
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Medusa — Multiple Decoding Heads (ICML 2024)

[ omnamesa | Y KY ([ & Top-k Predictons | « backbone 2|0 0§2{ decoding headE F7t5fi Oj2f E2S HE o

LM Head /_ _\ ,‘J It, 1, As | 9 I:NE draft EE“ "_é.g.

3
) Medusa Heads

Last Hidden [
‘;L Medusa Head 1 ]7*[ is, ', the

Transformer
Layers \ \—)[ Medusa Head 2 }——---)[ difficult, is, *
« Medusa-1: backbone &2, headtt &t& (F&4 7t%) / Medusa-2: 3& &&2

¢ Medusa Head 3 - not, difficult. a
[ erteam ] T[ b :[ 7 2 7t 3zt

¥

« tree attention2 £ Ct= S 2 ZZE 3t HO| forward passE Al B35

S i N ) N

AN i )

(s input "~ Candidates / Single step prediction | « ‘d5: Medusa-1 & 2.2x, Medusa-2 2.3-2.8x (Vicuna-13B MT-Bench Z|CH 3.16x)
What will happen if It is difficult not It is difficult
Medusa meets a llama? It' difficult a
Y, Itis'not X .. —

“igure 1. MEDUSA introduces multiple heads on top of the last
iidden states of the LLM, enabling the prediction of several sub-
sequent tokens in parallel (Section 2.1.1). During inference, each
1ead generates multiple top predictions for its designated posi-
ion. These predictions are assembled into candidates, which are
yrocessed in parallel using a tree-based artention mechanism (Sec-
ion 2.1.2). The final step is to verify the candidates and accept a
:ontinuation. Besides the standard rejection sampling scheme, a
ypical acceptance scheme (Section 2.3.1) can also be used here
o select reasonable continuations, and the longest accepted candi-
late prefix will be used for the next decoding phase.

Cai et al., "Medusa: Simple LLM Inference Acceleration Framework with Multiple Decoding Heads", ICML 2024 (arXiv:2401.10774) 32 /44
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Figure 3 | Tllustration of our Multi-Token Prediction (MTP) implementation. We keep the
complete causal chain for the prediction of each token at each depth.

DeepSeek-Al, "DeepSeek-V3 Technical Report", arXiv:2412.19437 (2024)

gt MTP (2024)
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o>
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Lookahead: An Inference Acceleration Framewark for Large Language Model with Lossless Generation Accuracy

=l Od
= HA

L
h

Table 2: Inference Speed(token/s) of different methods on various models, datasets and devices. As LookaheadDecoding only

offers implementation for Llama, we do not conduct experience on AntGLM-10B Model.

model dataset device transformers vLLM LLMA LaDe lookahead(ours)
AntGLM-10B AntRAG A100-80G 52.4 52.06(x0.99)  165.4(x3.16) 280.9(x5.36)
AntGLM-10B AntRAG Al0 20.3 20.29(x1.00)  59.5(x2.93) 105.1(x5.18)
AntGLM-10B AntRAG V100-32G 273 27.28(x1.00)  64.3(x2.36) - 118.9(x4.36)
Llama-7B Dolly A100-80G 50.4 91.04(x1.81)  60.7(x1.20)  66.7(x1.32) 106.8(x2.12)
Llama-7B Dolly A10 314 3258(x1.04)  358(x1.14) 382(x1.22)  557(x1.77)
Llama-7B GSMB8k A100-80G 41.4 92.09(x2.22)  69.0(x1.67)  94.3(x2.28) 111.3(x2.69)
Llama-7B GSMB8k Al0 314 32.73(x1.04) 41.1(x1.31) 48.9(x1.56) 68.1(x2.17)
Llama-7B HumanEval-x  A100-80G 51.1 90.47(x1.77)  66.5(x1.30)  88.3(x1.73) 161.5(x3.16)
Llama-7B HumanEval-x Al0 30.9 32.46(x1.05) 42.1(x1.36) 46.0(x1.49) 89.6(x2.90)
Llama-13B Dolly A100-80G 39.9 51.67(x1.29) 59.0(x1.48) 45.2(x1.13) 84.6(x2.12)
Llama-13B Dolly V100-32G 20.5 22.07(x1.08)  23.9(x1.17)  23.2(x1.13) 35.2(x1.72)
Llama-13B GSMB8k A100-80G 42.9 52.06(x1.21)  51.8(x1.21)  64.8(x1.51) 103.4(x2.41)
Llama-13B GSMBk V100-32G 22.0 22.43(x1.02)  25.8(x1.17)  27.8(x1.26) 45.6(x2.07)
Llama-13B HumanEval-x  A100-80G 35.0 51.49(x1.47) 57.7(x1.65) 66.1(x1.89) 137.3(x3.92)
Llama-13B  HumanEval-x V100-32G 21.5 2233(x1.04) 28.8(x1.34) 27.5(x1.28) 57.0(x2.65)

;”: Natural Language Processing
157 g Artificial Intelligence
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Q
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REST — Retrieval 7|2t Speculative Decoding (NAACL
2024)

Step 1: Retrieve docs Step 2: Construct Trie Step 3: Verify candidates = . Sl SN o
v o datastore®f| Al XY contextQ| suffixt LAt =& EES
s 1 —
Retrieved Context Continuations ‘ Trie of Tree Attention 74 AH & Q
rie of e} 2 A
numbers = [...]\n for i | in range( Continuallans 33@ = H draft I- ©
dictionary = {...}\n fori |, item in ﬁ

- AM ZUE TrieZ 7, 2EIE prefixE FEZ — AM+

A 1ms O]9t

-4

import math \n for i | in range( . B
numbers = [...] \n for i | in sorted( .1@ 1 {;)
file = open(...) \n for i | in range( 1 @ ,

©

kdel sorted_c(...)\n for i | in sorted

/ - draft 2&-5t5 5 282 — 2= LMO]| plug-and-play
s Input Retrieval-Based lCandidatss .
f=lambda num: [i for i (3 Speculative Decoding (REST) :: range ::sr::gg( hd Ao-| %: HUmanEVaI(iE) 2.1 ~2.4X . MT'BenCh 1.6"‘ 1 .8)(

(Codellama/Vicuna 7-13B)

Figure 1: Overview of REST. During inference, the input context is utilized as the query to retrieve docs from the
datastore that match the longest suffix of the input. A Trie is constructed using the continuations from the retrieved
docs. We prune the low-frequency (weight) branches and the remaining subtree is further used as candidates.
Candidates will be fed into the LLM with a tree attention mask for verification. All correct tokens from the start
will be accepted, and the draft tokens after the first mistake will be rejected.

He et al., "REST: Retrieval-Based Speculative Decoding”, NAACL 2024 (arXiv:2311.08252) 35/ 44



DistillSpec — KDE +=&%& a &£0|7| (ICLR 2024)

[0 Distillspec (Greedy) [0 Standard SD (Greedy) [ Distillspec (Mon-Greedy) FA Standard 5D (Non-Greedy)

£ Taet +10%
T .~ 150
o3
2E +41% - 8%
o _— o
ag 100 _ +10%
29 +25%  +19% +16%  T18% |
=8 -
Qm 50 |¢ - IEJ - ‘ Z ’ |
o ; A |
ul
XSum GSMBK CNNDM BBH (Transfer)

Figure 1: Performance comparison of standard speculative decoding (SD) vs. our proposed DistillSpec, with
small- and XL-sized models from the T5 v1.1 family (Raffel et al.| 2020) being utilized as the draft and the
target models, respectively. DistillSpec enhances SD speed by better aligning the draft with the target via
white-box knowledge distillation, resulting in a consistent 10—45% speedup improvement over standard SD
across various datasets. The distilled draft model from GSMBK transfers well to 23 unseen BigBenchHard
tasks (Suzgun et al.|[2022), resulting in an average speedup of 26%. See §[5.1|for additional details.

« knowledge distillation2 Z draft X5 targetoﬂ YE — token +&F o XY S

S Al draft AtA12| =2 (on-policy data)2 £ 3t& + task-C|ZE &0 = divergence &
5!

« M5 HF SD OiH| +10~46% =7} 7}, 0|85 EfA3 MO|YAME +13~15%

Zhou et al., "DistillSpec: Improving Speculative Decoding via Knowledge Distillation", ICLR 2024 (arXiv:2310.08461)
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Z2HM M8 @ — SGLang?| MTP MY

SGLang + DeepSeek-V3 MTP (LMSYS) AMD MI300X0|AM2] HE (ROCm =221)
+ DeepSeek-V32| MTP(NextN)S EAGLE &4 draft2 S « MI300X 8-GPUOI|A] DeepSeek-V3 NextN + SGlang 2%
+ 16xH200 22 HYE: throughput +60.8% (4-token, rank's 82.0 « Random OO[E{Al: 1.25~2.11x (&2 concurrencyOfl A Z|CH)
tok/s)

» ShareGPT: 1.36~1.80x

» 128xH200 D2 +14.2% - NVIDIA @] St=Q|0j0) M & S5 ZAS

o Md At 52U M (exact equivalence) £t

MTP 7|t speculative decoding2 Z 2| & 3-SFER0f HEHO| A production S THAI0 =&

LMSYS, "Accelerating SGLang with Multiple Token Prediction" (Imsys.org)
AMD, "Efficient LLM Serving with MTP: DeepSeek V3 + SGLang" (rocm.blogs.amd.com) 37/ 44



;ﬂ Natural Language Processing
& Artificial Intelligence

ZTZEM ™2 @ — vLLM E&ESI2} Gemma 4

VvLLM — SD g&Alo| EE olE{mo|A Gemma 4 — MTP drafter Li® (Google)
« -speculative-config StLIZ B4l ME4 o Q2 MTP drafter?t targetdll activation-KV cache &
- D& 7|8k EAGLE - MTP - Draft Model - PARD - MLP - &2 X3t 8lo| Zti 3x 7t

- A2 N-gram - Suffix Decoding « Apple Silicon 26B MoE: batch 4~8 7|& 2F 2.2x

. O A =] Ek=Ke] =0l M
- 2] 7}0| £; EAGLE-MTP-Draft low-QPSOIA| "High gain” &5 AR (E2BE4B) T SErPEIA 52 X3

0z
B

SD/MTPE 9178 0| 8 MY A5o| 7|2 7|508

vLLM Documentation, "Speculative Decoding" (docs.vlim.ai)
Google, "Multi-token prediction in Gemma 4" (blog.google) 38 /44
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Li et al.,, arXiv:2503.01840
vLLM Documentation (docs.vlim.ai) 39/ 44
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EAGLE-3 (2025)

Draft 24| HE AW D (off-the-shelf) target feature X§AHS self-draft/ self-drafting + feature fusion
- 2mg draft head 8t& Z8 (target 2)

TE ME y-H el 5 E2| (EAGLE-2 A|5)

FEd B O (rejection sampling) O (8% &3 framework)

=L 2 - 34x 4 -6.5x%

HY = e HZS (TPU) VLLM / SGlang =2 HM &y

AZ frameworkes ACHE, "ZE%S 57t OEA UE=T"7F 3| Sy Tst

separate draft model — MTP 7|%t self-drafting + feature fusion + training-time test
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Takeaways & Discussion

o SD = &4 LM FE 7t£9| HF framework (draft - HE verify - +=8/27)
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Leviathan et al., ICML 2023 (arXiv:i2211.17192) - Li et al., arXiv:2503.01840 (2025) 43 / 44
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