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Abstract

The sequential nature of modern LLMs makes
them expensive and slow, and speculative sam-
pling has proven to be an effective solution to
this problem. Methodsilike'EAGIErperform
autoregression at the feature level, reusing top-
layer features from the target model to achieve
better results than vanilla speculative sampling.
A growing trend in the LLM community is
scaling up training data to improve model in-
telligence without increasing inference costs.
However, we observe that scaling up data pro-
vides limited improvements for EAGLE. We
identify that this limitation arises from EA-
GLE’s feature prediction constraints. In this
paper, we introduce EAGLE-3, which aban®
dons feature prediction in favor of direct token
prediction and replaces reliance on top-layer
features with multi-layer feature fusion via a
technique named training-time test. These im-
provements significantly enhance performance
and enable the draft model to fully benefit from
scaling up training data. Our experiments in-
clude both chat models and reasoning mod-
els, evaluated on five tasks. Theresultsishow
that EAGLE-3 achieves a speedup ratio up
to 6.5x, with about 1.4x improvement over
EAGIEE=2: In the SGLang framework, EAGLE-
3 achieves a 1.38x throughput improvement at
a batch size of 64. The code is available at
https://github.com/SafeAILab/EAGLE.

1 Introduction

Modern Large Language Models (LLMs) are being
applied to more domains, with their improved capa-
bilities driven by scaling model parameters—some
LLMs now exceed hundreds of billions of param-
eters. In autoregressive generation, each token
requires accessing all model parameters, making
LLM inference slow and costly.

Recently, test-time scaling up has gained sig-
nificant attention. Models like ChatGPT ol and
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Figure 1: 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.

DeepSeek-R1 (Guo et al., 2025) engage in delib-
erate reasoning before responding, pushing the
boundaries of LLM capabilities at the cost of longer
inference time. However, these models often re-
quire lengthy reasoning processes, making them
extremely costly, while the increased response time
severely impacts user satisfaction. These reasoning
models significantly increase the proportion of in-
ference costs in the overall LLM pipeline, driving
researchers to explore cheaper and faster inference
optimization methods.

Speculative sampling methods can reduce LLM
latency by partially parallelizing the generation pro-
cess. These methods rapidly generate draft tokens
and then verify them in parallel. This allows multi-
ple tokens to be produced in a single forward pass,
significantly reducing inference latency. In vanilla
speculative sampling, the draft model is a separate,
smaller LLM, typically a lower-parameter version
from the same series as the target model. This
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Figure 2: Speedup ratios of different methods at temperature=0. For the standard speculative sampling, Vicuna-13B
uses Vicuna-68M as the draft model. In Table 1, we present comparisons with additional methods, but this figure
only showcases a subset. Chat model’s evaluation dataset is MT-bench, and the reasoning model’s evaluation dataset
is GSMB8K. DeepSeek R1 LLaMA 8B refers to DeepSeek-R1-Distill-LLaMA 8B.

draft model operates independently of the target
model. Unlike the vanilla speculative sampling,
EAGLE (Li et al., 2024c¢) reuses the top-layer fea-
tures of the target model (the features before the
LM head). It trains the draft model to autoregres-
sively predict the next feature and then uses the
target model’s LM head to obtain the draft token.
By leveraging the rich information from the target
model, EAGLE achieves significantly better accel-
eration compared to vanilla speculative sampling.
Subsequent methods such as HASS (Zhang et al.,
2024) and Falcon (Gao et al., 2024) also adopt the
approach of predicting the next feature using the
current feature sequence.

Recent LLMs have increasingly relied on larger
training datasets to achieve better performance. For
example, LLaMA series models with sizes of 7B
(8B) have used 1T, 2T, and 15T tokens of training
data for LLaMA 1 (Touvron et al., 2023a), LLaMA
2 (Touvron et al., 2023b), and LLaMA 3 (Dubey
et al., 2024), respectively, resulting in significant
improvements across various metrics while keeping
the model architecture and inference cost largely
unchanged. Similarly, we aim to improve the ac-
ceptance rate and acceleration ratio of EAGLE by
increasing its training data. Unfortunately, we ob-
serve that the gains from additional training data
for EAGLE are limited. We analyze the reasons
behind this phenomenon. As shown in the upper
part of Figure 3, EAGLE performs autoregressive
prediction at the feature level, predicting the next
feature and then feeding the feature into the LM
head of the target model to obtain the token dis-
tribution. EAGLE’s loss function consists of two
components: the feature prediction loss lfe, and the
token prediction loss liken. Thanks to the feature
prediction loss, the draft model trained only at Step

1 can adapt to Step 2 and acquire multi-step predic-
tion capabilities. However, with token prediction
as the ultimate goal, feature prediction can be seen
as an additional constraint, which limits the expres-
siveness of the draft model and makes it difficult
to benefit from increased data. After removing
the feature constraint and expanding the training
data (the middle part of Figure 3), as shown in
Figure 4, the acceptance rate 0-« of the first draft
token improves significantly. However, the output
of the draft model in Step 1, denoted as a1, is
far away from the ground-truth f; 1, causing the
input sequence f1, fo,--- , ft, ;41 in Step 2 to de-
viate significantly from the training distribution,
resulting in a very low acceptance rate 1-« for the
second draft token, as shown in Figure 4. We can
address this issue by incorporating Step 1 into the
training process (the bottom of Figure 3). Using
this method, the benefits of increasing training data
become more pronounced. We name this technique
as training-time test.

EAGLE and speculative sampling methods such
as Medusa (Cai et al., 2024) reuse the top-layer fea-
tures of the target model, specifically the features
immediately before the LM head. For an LM head
with a full-rank weight matrix, the top-layer fea-
tures corresponding to the logits of the next token
are unique, ensuring that the information contained
in these features aligns directly with the logits of
the next token. However, predicting the next-next
token based solely on top-layer features—which
are inherently limited to the next token—poses a
significant challenge. Fortunately, the training-time
test technique described above enables the use of
features from intermediate layers instead of relying
solely on the top layer, as the feature prediction
loss lf. has been removed during training.
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Figure 3: Illustration of training-time test (the bottom
part) and its comparison with other draft methods (the
upper and middle parts). f denotes the feature, ¢ 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 to EAGLE-3
is 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 significant speedup. EAGLE-3 is parallelized
and fully compatible with the drafting tree tech-
nique from EAGLE-2 (Li et al., 2024b). Our key
contributions include:

* A novel training-time test architecture for
the draft model: We remove the feature pre-
diction constraint and directly predict tokens
while simulating multi-step generation during
training. This direct token prediction provides
complete flexibility in the draft model’s input.
Instead of reusing only the top-layer features,
we integrate and leverage low-, mid-, and high-
level features from the target model, capturing
rich semantic information from different lay-
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Figure 4: Comparison of acceptance rates across differ-
ent methods, with the x-axis representing the data scale
relative to ShareGPT.
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* Discovery of a scaling law for inference ac-
celeration in large language models: With
the new architecture, we observe that increas-
ing the amount of training data for the draft
model leads to a proportional increase in the
speedup ratio of EAGLE-3. This scaling be-
havior was not observed in the original EA-
GLE architecture, as shown in Figure 1

e Improved inference acceleration: EAGLE-
3, trained with approximately 8x more data
than EAGLE, achieves a 1.4x latency speedup
over EAGLE-2 at batch size 1. Specula-
tive sampling is often thought to reduce
throughput at large batch sizes.  How-
ever, in SGLang (Zheng et al., 2024), a
production-grade framework, EAGLE-3 im-
proves throughput by 40% at a batch size of
64. We expect larger data size would lead to
further improved speedup ratio.

2 Preliminaries

2.1 Speculative Sampling

Speculative sampling (Leviathan et al., 2023; Chen
et al., 2023; Sun et al., 2024c¢,b) is a lossless LLM
acceleration technique that alternates between draft-
ing and verification, where drafting is performed
at low cost and verification is parallelized, corre-
sponding to the generation of drafts and the veri-
fication process, respectively. We use ¢; to denote
the ¢-th token and T to represent the token se-
quence tg,tq 1, ,t,. When T7.; is used as the
prefix, the two stages of speculative sampling are
as follows.

In the drafting stage, speculative sampling uti-
lizes a draft model (a smaller version from the same
series as the target model) to autoregressively gen-
erate k tokens to form the draft. Tj+1;j+k, while
also recording the probability p for each token.



In the verification stage, speculative sampling
invokes the target model to evaluate the draft
Tj+1zj+k and records its probability p. Specula-
tive sampling then determines the acceptance of
draft tokens sequentially, from front to back. For
token fj+i, the probability of acceptance is given
by min(1, pj1i(tj+i)/Dj+i(tj+i)). If the token is
accepted, the process moves to the next token. Oth-
erwise, a token is sampled from the distribution
norm(max (0, pj+; — pj+i)) to replace ¢4, and
the remaining tokens in the draft are discarded. Ap-
pendix A.1 of (Leviathan et al., 2023) proves that
speculative sampling is consistent with the distri-
bution of vanilla autoregressive decoding.

2.2 EAGLE and EAGLE-2

The draft model with limited capacity struggles to
precisely approximate the large-scale target model.
EAGLE leverages the top-layer features of the tar-
get model as additional information and performs
autoregression at the feature level, simplifying the
drafting process. EAGLE performs autoregression
at the feature level and then uses the LM head of
the target model to obtain the draft token. Due
to the sampling results at the token layer being
hidden, feature-level autoregression introduces un-
certainty. EAGLE addresses this issue by feeding
the token sequence from the previous time step, i.e.,
the sampling results, into the draft model. Unlike
the chain-like drafts of Vanilla speculative sam-
pling, EAGLE generates multiple draft tokens at
the same position, resulting in a tree-like draft. In
the verification stage, EAGLE uses tree attention to
parallelize the verification of the draft tree. Interest-
ingly, EAGLE inspired the multi-token prediction
technique used in the pre-training of DeepSeek-
v3 (Liu et al., 2024a), which in turn inspired new
architectural designs in EAGLE-3.

EAGLE (Li et al., 2024¢) and Medusa (Cai et al.,
2024), among others, use tree-shaped drafts, where
the structure of the draft tree is predefined, static,
and context-independent. The difficulty of draft-
ing is closely related to the context, and a static
draft tree can lead to resource wastage. EAGLE-
2 (Li et al., 2024b) approximates the acceptance
rate using the confidence of the draft model and dy-
namically generates the draft tree based on this, per-
forming pruning of the draft tree at the end of the
drafting stage. EAGLE-3 also adopts the context-
aware dynamic draft tree proposed in EAGLE-2.
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Figure 5: Diagram of the EAGLE-3 inference pipeline,
illustrating the three steps of the draft model. I, 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

Consistent with other speculative sampling meth-
ods, EAGLE-3 alternates between the drafting
and verification stages. The difference between
EAGLE-3 and EAGLE lies in the drafting stage,
which we introduce with an example, as shown in
Figure 5. Consider the prefix “How can”. Dur-
ing the prefill phase or the previous verification
stage, the target model performs a forward pass
to generate the next token, “I”’. We record the low,
middle, and high-level feature sequences from the
target model’s forward pass, denoted as [, m, and
h, respectively. We concatenate the k-dimensional
vectors [, m, and h to form a 3k-dimensional vector,
then pass it through a fully connected (FC) layer to
reduce it to k-dimensions, obtaining a feature g that
integrates information from different layers. Here,
k refers to the hidden size of the target model.



Our goal is to generate a draft token sequence
with the prefix “How can I”. By inputting only
ghow and gean, the draft model cannot access the
random sampling process. Therefore, similar to
EAGLE (Li et al., 2024c), we introduce the embed-
ding ey of the sampled token “I”. The concatenated
vector is then passed through an FC layer to reduce
its dimensionality to k, and subsequently inputted
into a single layer decoder, producing the output a.
Finally, we input a; into the LM head and sample
to obtain the draft token “do”.

In Step 1, with the prefix “How can”, we reuse
ghow and gean from the target model. In Step 2,
the prefix becomes “How can I”. Ideally, we would
reuse Ghow, Jean, and gy from the target model. How-
ever, this is not possible because the token “I” has
not yet been checked by the target model, and we
cannot obtain g;. Instead, we use the output aj from
the draft model in the previous step to replace g,
and concatenate a; with the embedding eq4, of the
sampled result “do” as the input to the draft model
in Step 1. In Step 3, we similarly cannot obtain gqo,
SO We use ago as a replacement, concatenating ago
with ej; as the input to the draft model. The same
approach is followed for subsequent steps.

3.2 Draft Model Training

The input to the draft model in EAGLE is either,
or at least approximately, the top-layer features
f1, fa,- -+, ft of the target model. In contrast, the
input to the draft model in EAGLE-3 may include
the features g1, go, - - - , g; from the target model,
or it may include the output a;11,a¢42- - , aryj
from the draft model. Therefore, we need to train
the draft model to adapt to different inputs. During
training, we perform test steps, where we generate
a and feed it back into the draft model for further
training.

The core of the draft model in EAGLE-3 is a
Transformer decoder layer. Aside from the self-
attention operation, no other components interact
with the context, so no further modifications are
required during training or testing. The only com-
ponent that requires slight modification is the self-
attention, which we will describe in detail below.

Although the actual input consists of features,
for clarity, we describe the process using tokens
as input. As shown in Figure 6, the original train-
ing data is a sequence of length 3, “How can I”,
with a normal sequential dependency in the context.
Therefore, the attention mask is a standard lower
triangular matrix. The outputs at the three positions

are “are”, “we”’, and “do”’, which have a tree-like
contextual relationship with “how”, “can”, and “I”.
As a result, when the input “are”, “we”, and “do”
is fed into Step 2, the attention mask needs to be
adjusted accordingly, as shown in the top-right cor-
ner of Figure 6. All attention masks are diagonal,
except when the original training data is used as the
key. Using matrix multiplication in this case would
result in significant computational waste, so we can
use vector dot products to calculate the attention
score only for the corresponding positions.

HASS (Zhang et al., 2024) and EAGLE-3 both
make similar modifications to the attention mecha-
nism to simulate the testing process during training,
but this is not the main focus of EAGLE-3. The
motivations, methods, and outcomes of the two ap-
proaches are distinctly different. The motivation
behind HASS is to mitigate the error accumula-
tion caused by inaccurate feature predictions in
EAGLE. HASS still performs feature prediction,
includes a feature prediction loss l,, and the in-
put to the draft model must be the top-layer fea-
tures. In contrast, the motivation behind EAGLE-3
is to remove unnecessary constraints to enhance
the model’s expressive power. EAGLE-3 no longer
requires the draft model’s output to fit the top-layer
features of the target model, thus avoiding error
accumulation. After removing feature prediction,
the input to EAGLE-3 is completely free, and it
is replaced by a fusion of features from different
layers of semantic information. The removal of the
feature prediction loss also enables us to discover
a new scaling law for inference acceleration which
was never found before. Figure 2 also shows the
speedup of EAGLE-3 and HASS, with EAGLE-3
demonstrating significantly better performance.

4 Experiments

Models. We conduct experiments with state-of-
the-art open-source chat and reasoning models, in-
cluding Vicuna 13B (Chiang et al., 2023), LLaMA-
Instruct 3.1 8B, LLaMA-Instruct 3.3 70B (Dubey
et al., 2024), and DeepSeek-R1-Distill-LLaMA
8B (DeepSeek-Al et al., 2025). Due to the GPU
constraint, we are unable to test EAGLE-3 on the
405B and 671B models.

Tasks. Following EAGLE (Li et al., 2024c)
and Spec-Bench (Xia et al., 2024), we evaluate
on five common tasks, using the same weights
for all tasks without fine-tuning on the respective
tasks. For multi-turn conversation, code genera-
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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 predictions by the draft model, respectively.

tion, mathematical reasoning, instruction follow-
ing, and summarization,, we chose the MT-bench
(Zheng et al., 2023), HumanEval (Chen et al.,
2021), GSMS8K (Cobbe et al., 2021), Alpaca (Taori
et al., 2023), and CNN/Daily Mail (Nallapati et al.,
2016) datasets, respectively.

Metrics. EAGLE-3 does not modify the target
model’s weights and uses strict speculative sam-
pling acceptance conditions, ensuring no loss in
performance. Therefore, we do not evaluate gener-
ation quality. Instead, we use the following metrics
to assess the acceleration performance:

* Speedup Ratio: The actual test speedup ratio
relative to vanilla autoregressive decoding.

* Average Acceptance Length 7: The aver-
age number of tokens generated per drafting-
verification cycle, which corresponds to the
number of tokens accepted from the draft.

* Acceptance Rate n-a: The proportion of
draft tokens accepted, which directly reflects
the draft model’s approximation to the tar-
get model. Following EAGLE’s setup, we
use a chain-like draft rather than a tree-like
draft when testing acceptance rates. EA-
GLE suffers from error accumulation, mean-
ing that the input to the draft model may be
its own estimates rather than the exact val-
ues from the target model. Therefore, EA-
GLE uses n-a to represent the acceptance

rate when the input contains n estimated fea-
tures, under the condition that the previous
estimated tokens are all accepted by the tar-
get model. In other words, the acceptance
rate for inputs f1, fo, -+, fi, fi_;_}, coo o fiano
where f is the exact value and f is the draft
model’s estimate. Similarly, we use n-a to
represent the acceptance rate in EAGLE-3
when the input contains n self-predicted val-
ues a, i.e., the acceptance rate for inputs
91,92, »Gi> Qit1, ", Gitn, Where g is the
fused feature from the target model.

Implementation. We use the AdamW optimizer,
with beta values (51, 82) set to (0.9, 0.95) and im-
plemented gradient clipping of 0.5. The learning
rate is set to 5e-5. We use ShareGPT and UltraChat-
200K (Ding et al., 2023) as training data, contain-
ing approximately 68K and 464K data entries, re-
spectively. We call the target model to generate
responses rather than using a fixed dataset. For the
reasoning model DeepSeek-R1-Distill-LLaMA 8B,
we also used the OpenThoughts-114k-math dataset
for training.

Comparison. We use vanilla autoregressive de-
coding as the baseline, which serves as the bench-
mark for speedup ratios (1.00x). We compare
EAGLE-3 with recent lossless speculative sam-
pling methods, including standard speculative sam-
pling (Leviathan et al., 2023; Chen et al., 2023;
Gante, 2023), PLD (Saxena, 2023), Medusa (Cai



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 7  Speedup T
Temperature=0

SpS 1.93x 227 223x 257 1.77x 201 176x 203 193x 233 192x 224

PLD 1.58x  1.63 1.85x 193 1.68x 173 1L16x 119 242x 250 1.74x 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 181x 190 146x 151 146x 150 1.62x 1.67

V 13B Hydra 288x  3.65 328x 3.87 293x 366 2.86x 3.53 205x 281 280x  3.50
EAGLE  3.07x 398 358x 439 308x 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 5.58x 6.65 647x 754 532x 629 516x 617 50lx 647 55Ix  6.62
EAGLE-2  3.16x 405 3.66x 471 339x 424 328 412 265x 345 323x 4.1l

L318B  EAGLE-3 440x 613 4.85x 674 448x 623 4.82x 670 3.65x 534 4ddx 623
EAGLE-2  283x 3.67 3.2x 409 283x 3.69 3.03x 392 244x 355 2.85x 3.78
L3370B  EAGLE-3  401x 563 479x 652 434x 615 430x 609 327x 502 4.12x  5.88
EAGLE-2  292x 3.80 3.42x 429 340x 440 301x 3.80 3.53x 333 326x  3.92

DSL8B  EAGLE3  4.05x 558 4.59x 638 5.01x 693 3.65x 537 352x 492 4.16x 5.84

Temperature=1

SpS 1.62x  1.84 1.72x 197 146x 173 1.52x 178 1.66x 189 1.60x 1.84

EAGLE  2.32x 320 265x 3.63 257x 360 245x 357 223x 326 244x 345

VI3B  EAGLE-2  3.80x 440 422x 489 377x 441 3.78x 437 325x 397 376x 4.4l
EAGLE-3 4.57x 542 515x 622 471x 558 449x 539 433x 572 4.65x  5.67
EAGLE-2  244x 3.16 3.39x 439 286x 374 2.83x 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 2.73x 351 2.89x 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 3.95x  5.66
EAGLE-2  2.69x 341 3.01x 382 3.16x 405 2.64x 329 235x 313 277x 3.54

DSL8B  EAGLE-3  320x 449 377x 528 438x 610 3.16x 430 3.08x 427 352x  4.89

et al., 2024), Lookahead (Fu et al., 2024), Hydra
(Ankner et al., 2024), HASS (Zhang et al., 2024),
EAGLE (Li et al., 2024c¢), and EAGLE-2 (Li et al.,
2024Db).

4.1 Effectiveness

Figure 1 and Table 1 demonstrate the acceleration
performance of EAGLE-3. On all tasks and target
models, EAGLE-3 achieves the highest speedup
ratio and average acceptance length. EAGLE-3 pro-
vides a speedup of approximately 3.0x-6.5x com-
pared to vanilla autoregressive generation, with a
20%-40% improvement over EAGLE-2. Different
tasks affect the draft model’s acceptance rate, so
both the average acceptance length and speedup
ratio are task-dependent. Due to the presence of
many fixed templates in code generation tasks, gen-
erating drafts is the easiest, which is why EAGLE-3
performs best on HumanEval, achieving a speedup
ratio of up to 6.5x and an average acceptance length

of up to 7.5. DeepSeek-R1-Distill-LLaMA 8B is
an exception, with the highest speedup ratio on the
mathematical reasoning dataset GSM8K. This may
be because we trained the draft model of DeepSeek-
R1-Distill-LLaMA 8B using the OpenThoughts-
114k-math dataset.

Figure 7 shows the acceptance rates of EAGLE
and EAGLE-3 on MT-bench with LLaMA-Instruct
3.1 8B as the target model. The acceptance rate
of EAGLE-3 is significantly higher than that of
EAGLE. As the input from the draft model itself
increases, the acceptance rate of EAGLE drops
significantly, whereas EAGLE-3’s acceptance rate
remains almost unchanged, demonstrating the ef-
fectiveness of the Training-time test.

4.2 Ablation Study

The improvements of EAGLE-3 mainly come from
two aspects: first, the removal of the feature re-
gression constraint, and second, the improvement
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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.

from reusing only the top-layer features to reusing
a mix of low, middle, and high-level features. We
conducted an ablation study on MT-bench with
LLaMA-Instruct 3.1 8B as the target model. The
results, shown in Table 2, indicate that both im-
provements in EAGLE-3 significantly enhance the
acceptance length and speedup ratio, demonstrat-
ing the rationality of the EAGLE-3 design.

Table 2: Ablation study results with LLaMA-Instruct
3.1 8B as the target model. “Remove fea con” refers to
the first improvement of EAGLE-3, which removes the
feature prediction constraint. “Fused features™ refers
to the second improvement of EAGLE-3, where low,
middle, and high-level feature fusion replaces the use
of top-layer features.

MT-bench GSMB8K
Method Speedup 7  Speedup T
EAGLE-2 3.16x  4.05 339x  4.24
+ remove fea con 3.82x 5.37 3.77x 5.22
+ fused features (ours) 4.40x 6.13 4.48x 6.23

4.3 EAGLE-3in SGLang

Speculative sampling algorithms like EAGLE-3
reduce memory accesses and lower latency dur-
ing memory-bound decoding by leveraging redun-
dant computational power. As batch sizes increase,
this redundancy decreases, reducing the effective-
ness of speculative sampling. Efficiency improve-
ments are more challenging in highly optimized
production-grade frameworks. The performance of
EAGLE-3 for large batches on a single H100 GPU
and LLaMA-Instruct 3.1 8B in the SGLang v0.4.4
environment (Zheng et al., 2024) was evaluated by
the SGLang team, shown in Table 3. This part of
the experiment did not use the tree structure, the
chain length was set to 3, and the testing dataset
was MT-Bench. EAGLE reduces throughput at a

batch size of 24, whereas EAGLE-3 still achieves a
38% throughput improvement at a batch size of 64.

Table 3: Throughput improvement under different batch
sizes on H100 and LLaMA-Instruct 3.1 8B for the MT-
Bench dataset, with SGLang without speculative sam-
pling as the baseline (1.00x). The experiments were
conducted by the SGLang team.

Batch size 2 4 8 16 24 32 48 56 64

EAGLE 140x 1.38x 1.23x 1.02x 0093x 094x 0.88x 0.99x 0.99x
EAGLE-3 1.81x 1.82x 1.62x 1.48x 1.39x 1.32x 1.38x 1.34x 1.38x

The SGLang team also tested the throughput
of EAGLE-3 at batch size = 1 on H100 when the
target model is LLaMA-Instruct 3.1 8B and the
testing dataset is MT-bench. The results are shown
in Table 4.

Table 4: Throughput at batch size = 1 on H100 when the
target model is LLaMA-Instruct 3.1 8B and the testing
dataset is MT-bench. The experiments were conducted
by the SGLang team.

Method

SGLang (w/o speculative, 1x H100)
SGLang + EAGLE-2 (1x H100)
SGLang + EAGLE-3 (1x H100)

Throughput (bs=1)

158.34 tokens/s
244.10 tokens/s
373.25 tokens/s

4.4 EAGLE-3in vLLM

We also conducted a study on the impact of
EAGLE-3 on throughput for large batch sizes based
on VLLM (Kwon et al., 2023), a widely used
production-grade framework, and the results on
RTX3090 and LLaMA-Instruct 3.1 8B are shown in
Table 5. EAGLE shows the maximum throughput
improvement at a batch size of 24, while EAGLE-3
shows this at 56. This part of the experiment did not
use the tree structure, the maximum chain length
was set to 2, and the testing dataset was MT-Bench.

Table 5: Throughput improvement under different batch
sizes on A100 and LLaMA-Instruct 3.1 8B for the MT-
Bench dataset, with vLLM without speculative sampling
as the baseline (1.00x).

Batch size 2 4 8 16 24 32 48 56

EAGLE 1.30x 1.25x 1.21x 1.10x 1.03x 0.93x 0.82x 0.71x
EAGLE-3 1.75x 1.68x 1.58x 1.49x 1.42x 136x 1.21x 1.0lx

5 Related Work

Many methods have been used to accelerate in-
ference in LLMSs, such as quantization (Hubara
et al., 2018; Shen et al., 2020; Kim et al., 2021;



Zadeh et al., 2020; Zafrir et al., 2019) and distilla-
tion (Hinton et al., 2015). These methods generally
have trade-offs, where there is a need to balance
model performance with acceleration benefits.

Speculative sampling uses the target model for
verification to ensure lossless acceleration. Early
speculative decoding methods (Stern et al., 2018;
Sun et al., 2021) accelerated generation in greedy
settings, while Leviathan et al. (2023); Chen
et al. (2023) introduced speculative sampling to
extend the draft verification framework to non-
greedy generation. Many subsequent works have
improved upon speculative sampling. EAGLE
(Li et al., 2024c), EAGLE-2 (Li et al., 2024b),
Medusa (Cai et al., 2024), and Hydra (Ankner
et al., 2024) reused the features of the target model.
HASS (Zhang et al., 2024) simulates a multi-step
draft process during training to mitigate the issues
of training-inference inconsistency and error accu-
mulation in EAGLE. GLIDE and CAPE (Du et al.,
2024) reuse the target model’s KV cache, while
methods (Hooper et al., 2023; Yang et al., 2023;
Monea et al., 2023; Li et al., 2024a; Yi et al., 2024,
Liu et al., 2024b; Sun et al., 2024a; Elhoushi et al.,
2024; Svirschevski et al., 2024) like Draft & Verify
(Zhang et al., 2023) use layer skipping or early exits
to reuse parts of the target model’s parameters.

6 Conclusion

In this paper, we introduce EAGLE-3. Building
upon EAGLE, EAGLE-3 incorporates two key im-
provements. First, it removes the feature prediction
constraint, instead directly predicting draft tokens
through a Training-time test. Second, it replaces
the use of the target model’s top-layer features
with a fusion of the target model’s lower, middle,
and upper-layer features to obtain richer informa-
tion. With these improvements, EAGLE-3 contin-
ues to benefit from the augmentation of training
data, achieving a maximum speedup of 6.5x.
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A Implementation Details

Vanilla: We use models from the Hugging-
face.transformers library with the PyTorch backend
and pre-allocated KV cache. Other methods also
use these models as their base.

(Standard) Speculative Sampling: We use the
assisted generation feature from the HuggingFace
Transformers library.

PLD, Lookahead, Medusa, and Hydra: We
use the default settings and the officially released
weights.

EAGLE: Vicuna and LLaMA2-Chat draft mod-
els use the officially released weights, while
LLaMAS3-Instruct is trained using the ShareGPT
dataset (consistent with Medusa and Hydra).

EAGLE-2: For the 7B (8B), 13B, and 70B orig-
inal LL.Ms, we set the total number of draft tokens
to 60, 50, and 48, respectively, with a draft tree
depth of 6, and select 10 nodes during the expan-
sion phase.

EAGLE-3: EAGLE-3’s draft model achieves a
significantly higher acceptance rate, allowing us to
increase the draft tree depth from 6 to 8 while keep-
ing the number of nodes the same as in EAGLE-2.
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