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Abstract
Speculative decoding has emerged as a promis-
ing paradigm for accelerating large language
model inference by leveraging a lightweight
draft model to generate multiple candidate to-
kens. However, existing methods often incur
substantial training overhead to mitigate infor-
mation misalignment between autoregressive
draft model training and decoding. To address
this challenge, we propose EDSD, an Entropy-
Driven Speculative Decoding framework that
uses entropy as a unified, interpretable signal
for both draft model training and architectural
design. EDSD drives the draft model to pro-
gressively align with the target model in an
easy-to-hard manner while establishing token-
level alignment as a dominant design princi-
ple. Extensive experiments on seven LLMs
demonstrate that EDSD improves training ef-
ficiency by 24.8%, increases the average ac-
ceptance length by 4.0%, and achieves a 4.1%
speedup compared to state-of-the-art methods.
Furthermore, EDSD improves robustness to
system prompt variations by more than 5×.
Our findings establish entropy-driven align-
ment as an effective and principled founda-
tion for efficient speculative decoding. We
make our draft model weights available at
https://github.com/KerwinKai/EDSD.

1 Introduction

Large language models (LLMs) based on the Trans-
former architecture (Vaswani et al., 2017) have
become central to a wide range of domains, demon-
strating strong performance in tasks such as cod-
ing, mathematics, and reasoning. As LLM are
progressively integrated as core components of var-
ious intelligent application systems (Achiam et al.,
2023; Team et al., 2025), there is a growing demand
for them to produce longer and more detailed tex-
tual output to achieve better task performance (Wei
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Figure 1: Comparison of acceptance length and speedup
ratio across EAGLE-2, HASS, GRIFFIN, EAGLE-3,
and EDSD. Model abbreviations are defined in Sec. 4.1.

et al., 2022; Snell et al., 2025; Muennighoff et al.,
2025). This trend exacerbates memory access and
bandwidth requirements during autoregressive de-
coding, pushing LLM inference into a memory-
bound regime where decoding latency becomes a
critical bottleneck for practical deployment.

To mitigate this challenge, speculative decoding
(SD) (Leviathan et al., 2023; Chen et al., 2023a)
has emerged as a widely adopted acceleration tech-
nique (Miao et al., 2024). SD uses a lightweight
auxiliary mechanism to propose multiple tokens
and then verifies them with the target LLM, en-
abling multi-token generation per forward pass. By
trading additional computation for reduced mem-
ory access, it leads to a more favorable regime in
the Roofline model (Williams et al., 2009), thus
significantly reducing end-to-end decoding latency.

An effective SD framework must achieve a
high acceptance rate for draft tokens (Sadhukhan
et al., 2025). Recent autoregressive draft model ap-
proaches, such as EAGLE (Li et al., 2024b) signifi-
cantly improve draft model performance by lever-
aging hidden states from the target LLMs and using
a single Transformer layer to guide token predic-
tion. Further advances, including HASS (Zhang
et al., 2025a) and GRIFFIN (Hu et al., 2025),
introduce multi-step training to better align to-
ken and feature level representations between the
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draft model’s training and decoding phases, while
EAGLE-3 (Li et al., 2025b) further demonstrates
that scaling the training data can enhance accu-
racy. When combined, these advances substantially
increase training overhead, making efficient draft
model training a growing practical concern.

This motivates a rethinking of how to maintain
high acceptance rates in draft models without rely-
ing on ever-increasing training budgets. A key chal-
lenge lies in identifying which tokens and features
of the target LLM are most valuable for the draft
model to learn. Entropy, a fundamental concept in
information theory that quantifies the uncertainty
of a random variable (Skean et al., 2025), emerges
as a natural signal to guide such decisions. Exist-
ing SD methods have begun to exploit entropy at
the verification stage: for example, SVIP (Zhang
et al., 2025b) discards draft tokens whose entropy
exceeds a threshold to avoid redundant verification,
and FLY (Li et al., 2025a) leverages entropy-based
gating to relax strict token matching. However,
these uses of entropy are confined to inference-time
filtering and decision rules. Its potential as a design
signal for shaping the draft model’s architecture
and training strategy remains largely unexplored.

In this paper, we propose EDSD (Entropy-
Driven Speculative Decoding), a plug-and-play
framework that uses a unified and interpretable
entropy analysis to guide both the training strategy
and the architecture of the draft model. EDSD is
grounded in two complementary design principles.

First, We empirically observe that tokens with
high entropy in the target model’s output distri-
bution are significantly more likely to be rejected
during verification. This suggests an easy-to-hard
learning scheme in which low-entropy (easy) to-
kens are learned before high-entropy (hard) ones.
EDSD implements this principle via an entropy-
based token masking strategy that gradually ex-
poses high-entropy tokens during training, to-
gether with a dynamic step schedule that aligns
the training-time prediction horizon with decoding.

Second, feature-level representations are often
mismatched between training and the decoding
phase, whereas token-level predictions are directly
corrected by the target model through verification.
EDSD therefore reduces information inconsistency
by biasing the draft model toward relying more on
token-level signals. In practice, it uses entropy anal-
ysis of target-model representations before train-
ing to select layers whose features best support
token-level prediction and employs a feature fusion

module that allows the draft model to exploit token-
level information more robustly during decoding.
Our contributions are threefold:

• We identify the entropy of the target model’s
output as a reliable signal for draft model training,
revealing that high-entropy tokens are more likely
to be rejected during verification and motivating an
easy-to-hard learning scheme.

• We propose EDSD, a plug-and-play frame-
work that leverages entropy to co-design the draft
model’s training strategy and architecture, reducing
the misalignment of information between training
and decoding through token scheduling, layer se-
lection, and feature fusion based on entropy.

• We extensively evaluate EDSD across dense
and Mixture-of-Experts (MoE) LLMs, demonstrat-
ing a 24.8% improvement in training efficiency and
up to 5× improved robustness to system prompt
variations. In addition, EDSD improves the aver-
age acceptance length by 4.0% and achieves a 4.1%
speedup over state-of-the-art (SOTA) methods.

2 Preliminaries

In this section, we introduce the necessary back-
ground on information theory and speculative de-
coding, and review representative SOTA.

2.1 Information Theory

Information-theoretic measures offer a powerful
lens for analyzing the internal mechanisms of
LLMs. Conventionally, Shannon entropy is cal-
culated in output logits to quantify prediction con-
fidence or uncertainty (Shannon, 1948). Matrix-
based entropy has been used to assess the structural
diversity and expressiveness of hidden internal rep-
resentations (Sanchez Giraldo et al., 2015).

Let X ∈ RN×V denote the output logits of an
LLM, where N represents the sequence length, and
V denotes the vocabulary size. For a specific token
i ∈ {1, . . . , N}, we consider its logit vector xi ∈
RV . We first derive the normalized distribution
si ∈ RV applying the Softmax function:

si = Softmax(xi), si,j =
exi,j

∑V
k=1 e

xi,k
. (1)

The Shannon entropy H(si) for the i-th token is
then defined as:

H(si) = −
V∑

j=1

si,j log si,j . (2)
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Here, si,j denotes the probability of the j-th vo-
cabulary item. A higher entropy H(si) indicates
a more uniform distribution, implying greater un-
certainty in the prediction of the model, while a
lower entropy corresponds to a more confident and
concentrated probability mass.

To analyze the information capacity of the inter-
nal representations, let Z ∈ RN×D be a matrix of
hidden states, where D represents the hidden di-
mension size. We employ the matrix-based entropy
of order α (α > 0, α ̸= 1) to measure the spec-
tral structure of Z. Let K = ZZ⊤ be the Gram
matrix associated with the representations. The
matrix-based entropy Mα(Z) is defined as:

Mα(Z) =
1

1− α
log

(
r∑

i=1

(
λi(K)

tr(K)

)α
)
, (3)

where r = rank(K) and λi(K) are the non-
negative eigenvalues of K, and tr(K) denotes the
trace of K. The term λi(K)

tr(K) represents the normal-
ized eigenvalue spectrum, analogous to a probabil-
ity distribution. A lower value of Mα(Z) indicates
a rapidly decaying spectrum, suggesting a highly
compressed or low-rank representation.

In this work, we mainly adopt the limit case
where α → 1 for simplicity and numerical stability.
This limit converges to the Shannon entropy of the
spectrum, given by:

M1(Z) = lim
α→1

Mα(Z)

= −
r∑

i=1

λi(K)

tr(K)
log

(
λi(K)

tr(K)

)
.

(4)

2.2 Speculative Decoding
Recently, SD approaches (Leviathan et al., 2023;
Chen et al., 2023a) have accelerated inference by
employing a draft model to generate candidate to-
kens, which are subsequently verified by the target
model in a single parallel forward pass. This mech-
anism enables lossless decoding while reducing
latency. Formally, let xi denote the i-th token in
a sequence, and let xt represent the token in the
current state. The SD process generally operates in
two stages. In the drafting stage, the draft model
autoregressively generates K tokens, denoted as
x̂t+1:t+K , while recording their associated proba-
bilities p̂. Subsequently, in the verification stage,
the target model evaluates x̂t+1:t+K to compute
the ground-truth probabilities p. The acceptance
of each candidate token is determined sequentially
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Figure 2: Analysis of entropy. (L) Distribution of ac-
cepted vs. rejected tokens across target entropy levels.
(R) Acceptance rate heatmap relative to target and draft
entropy, where brightness indicates higher acceptance.

based on p̂ and p. Rejected tokens are discarded
and the KV-cache (Pope et al., 2023) of the draft
model is updated according to the accepted length.

Research on SD can be broadly divided into two
complementary directions: (i) improving the ar-
chitecture or training of the draft model, and (ii)
optimizing the verification stage. Our work focuses
on the former. Autoregressive draft model frame-
works such as EAGLE (Li et al., 2024b) establish
the basic architecture for modern draft models, us-
ing hidden states from the target LLM and a sin-
gle Transformer layer to guide token prediction.
EAGLE-2 (Li et al., 2024a) further refines this de-
sign by replacing the fixed draft-token tree with a
dynamic one. On the training side, HASS (Zhang
et al., 2025a) addresses feature-level misalignment
by recursively feeding the output feature at back
into the model for multiple steps during training,
following the training-time test strategy proposed
in EAGLE-3 (Li et al., 2025b). GRIFFIN (Hu et al.,
2025) instead targets token-level misalignment by
feeding the draft model’s own predictions, rather
than ground-truth tokens, back into the input dur-
ing training. FR-Spec (Zhao et al., 2025) improves
efficiency with a frequency-ranked vocabulary that
compresses the search space for candidate selec-
tion. Together, these methods constitute the current
SOTA methods in the optimization of draft model.

3 Method

To train a faster draft model under realistic train-
ing budgets, we focus on improving how the draft
model learns from and aligns with the target model.
We first derive two entropy-driven design princi-
ples from empirical analysis (Sec. 3.1), and then
instantiate them in EDSD, which combines training
and architecture design for SD (Sec. 3.2).
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Figure 3: The EDSD framework. Before training, EDSelect identifies informative layers from the target model
using a small calibration set and keeps the selection fixed. During training, hidden states from these layers are
extracted as features and fused with token embeddings by EDFuse. EDTrain uses target entropy to control token
exposure and align step length. At inference, the draft model leverages this structure for efficient generation.

3.1 Design Principles from Empirical Analysis

The effectiveness of a draft model depends on how
well it mimics the target model. However, treat-
ing all tokens and feature signals uniformly during
training is inefficient. We therefore derive two com-
plementary principles to guide the design of EDSD:
one governs how the draft model should learn, and
the other governs what information it should trust
more from the target model.

Target Output Entropy as a Predictor of Re-
jection. We first analyze the dynamics of token
acceptance. As shown in Fig. 2(left), there is a
strong correlation between uncertainty and rejec-
tion: tokens are significantly more likely to be re-
jected when the target model exhibits high output
entropy at the corresponding position. Moreover,
Fig. 2(right) reveals a distinct entropy gap: the tar-
get model predominantly operates in a low-entropy
regime, whereas the draft model frequently fluctu-
ates toward high entropy; when the target model is
uncertain, the draft model tends to be even more
uncertain. A concurrent study (Pankratov and Al-
istarh, 2026) corroborates this pattern from a the-
oretical perspective. Taken together, these obser-
vations suggest an easy-to-hard learning scheme:
the draft model should first focus on low-entropy,
easier-to-predict tokens, and progressively incor-
porate high-entropy, more uncertain ones, rather

than allocating excessive capacity to difficult cases
prematurely. This principle motivates our entropy-
driven training strategy, EDTrain, which schedules
learning from deterministic to uncertain patterns.

Prioritize Token-Level Consistency. While in-
termediate features from the target model provide
rich contextual information, they are not used in
the same way during training and decoding. Con-
sider generating token xt+2: even if the preceding
token xt+1 is accepted, the draft model relies on
its own hidden state ft+1 during autoregressive de-
coding, rather than on the feature representations
seen during training. This discrepancy fundamen-
tally drives feature-level misalignment between the
training and decoding phases. We therefore adopt a
second principle: the draft model should rely more
heavily on token-level signals than on feature-level
input, so that training computation is concentrated
on signals that remain reliable at inference time.
This principle underpins our architectural design,
EDArch, and guides both the choice of which lay-
ers to extract from the target model and how their
features are fused with token-level representations.

3.2 Entropy-Driven Speculative Decoding

Building on prior design principles, we propose
EDSD, an entropy-driven framework comprising
two core components: EDTrain and EDArch.

Entropy-Driven Training (EDTrain) is an
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easy-to-hard learning scheme that guides the train-
ing of the draft model. As illustrated in Fig. 3(b), it
consists of two mechanisms: Mask-pt, which con-
trols the exposure of tokens based on target model
entropy, and Step-nt, which progressively aligns
the training process with the decoding.

For each training sample, we compute the Shan-
non entropy of the target model’s predictive distri-
bution. Let T denote the total number of training
epochs and t ∈ {0, . . . , T − 1} the current epoch.
The masking proportion pt at epoch t is defined as:

pt = max
(
0, T − t− 1

)
× γ, (5)

where γ is a hyperparameter (typically γ = 3). On
top of the original loss mask, the top-pt% tokens
with the highest target entropy are masked, ensur-
ing that training starts with low-entropy tokens and
gradually incorporates harder ones.

To reduce feature-level misalignment between
training and decoding, previous work introduces
the training-time test (Zhang et al., 2025a), where
the draft model predicts a fixed number of simu-
lation steps n during training. However, using a
fixed n makes training prematurely difficult when
the draft model is not yet capable of long-horizon
prediction. In Step-nt, we instead let n grow with
the training epoch. Let Smax be the maximum num-
ber of simulation steps. The number of steps nt

used in epoch t increases linearly from 1 to Smax:

nt =

⌊
1 + (Smax − 1) · t

T − 1

⌋
. (6)

The combined effect of delaying hard tokens and
extending the prediction length progressively aligns
the draft model with the target model in practice,
mitigating both feature and token misalignment.
PosS (Huang et al., 2025) is a closely related ap-
proach that attributes the degradation of later posi-
tion draft predictions to error accumulation in draft
generated features and addresses it with multiple
position-specialized draft layers, where each spe-
cialist generates tokens at assigned positions. In
contrast, Step-nt keeps a single draft model and
follows EDSD’s training principle by progressively
increasing the speculative horizon during training,
which helps the draft adapt to deeper steps.

Entropy-Driven Architecture (EDArch) deter-
mines what to receive from the target model and
how to integrate it. As shown in Fig. 3(a), EDArch
comprises Entropy-Driven Layer Selection (EDSe-
lect) and Entropy-Driven Feature Fusion (EDFuse).

0 10 20 30
Layer Idx

0.99

1.06

1.12

1.18

Cu
rv

at
ur

e

(a)

GSM8K
MT-bench
HumanEval

0 10 20 30
Layer Idx

0.99

1.06

1.13

1.20
(b)

AIME
Alpaca
CNN/DM

0 10 20 30
Layer Idx

0.58

1.63

2.68

3.74

Lid
ar

(c)

GSM8K
MT-bench
HumanEval

0 10 20 30
Layer Idx

0.98

1.93

2.88

3.83
(d)

AIME
Alpaca
CNN/DM

Figure 4: Different models exhibit pronounced varia-
tions in representation quality metrics across layers. (a)
and (b) illustrate the metrics for L31-8B, while (c) and
(d) correspond to Q3-8B. These distinct patterns high-
light the necessity of model-specific layer selection.

EDSelect selects target-model layers whose rep-
resentations best support token-level consistency.
We build on the information-theoretic framework
of Skean et al. (2025) and characterize each layer
using two metrics derived from matrix-entropy:
Geometry, quantified by Curvature (Hosseini and
Fedorenko, 2023), which measures how well the
embedding space preserves fine-grained token dis-
tinctions, and Invariance, measured by Lidar (Thi-
lak et al., 2024), which reflects the robustness of
the representation to input perturbations. For both
metrics, higher values indicate better-quality rep-
resentations. Before training, we run a lightweight
calibration step: for each layer of the target model,
we compute Curvature and Lidar on a subset of
128 training examples. This EDSelect procedure
takes about 15 minutes and is negligible compared
to the overall training time. For each model, we
then identify the layer with the highest Curvature
and the layer with the highest Lidar, and use these
two layers as feature sources for the draft model
in EDSD. Fig. 4 reports the Curvature and Lidar
profiles for Llama-3.1-Instruct 8B and Qwen3 8B,
showing differences between layers and highlight-
ing the need for model-specific layer selection.

EDFuse implements the principle of prioritiz-
ing token-level consistency by adaptively fusing
feature-level and token-level representations. As
shown in Fig. 3(a), EDFuse processes the two in-
puts through parallel streams: the feature input
passes through a gating linear layer with SiLU acti-
vation, while the token input is first normalized by
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MT-bench HumanEval GSM8K Alpaca CNN/DM Mean

Model Method SR τ SR τ SR τ SR τ SR τ SR τ

L31-8B

PLD 1.69× 2.87 2.49× 2.81 1.29× 2.65 0.89× 1.04 1.46× 2.14 1.56× 2.30
REST 2.18× 3.93 2.48× 3.65 1.82× 3.19 2.46× 3.25 1.99× 3.13 2.19× 3.43

Lookahead 1.80× 3.09 2.55× 3.58 1.39× 2.45 1.43× 2.01 1.67× 2.58 1.77× 2.74
EAGLE-2 2.64× 4.12 3.10× 4.76 2.77× 4.31 2.85× 4.14 2.19× 3.47 2.71× 4.16
EAGLE-3 3.57× 6.24 4.18× 6.76 3.77× 6.38 3.96× 6.87 3.15× 5.45 3.73× 6.34

EDSD 3.75× 6.52 4.33× 6.80 3.98× 6.68 4.11× 7.16 3.30× 5.66 3.92× 6.56

Q3-8B
EAGLE-3 2.99× 5.10 3.18× 5.46 3.60× 5.84 3.19× 5.28 2.70× 4.48 3.13× 5.23

EDSD 3.28× 5.30 3.41× 5.62 3.70× 6.11 3.35× 5.43 2.85× 4.76 3.32× 5.45

DSL-8B
EAGLE-3 3.34× 5.82 4.14× 6.55 4.30× 6.84 3.23× 5.41 2.56× 4.36 3.51× 5.80

EDSD 3.54× 6.14 4.29× 6.76 4.40× 6.95 3.30× 5.52 2.80× 4.74 3.67× 6.02

L33-70B
EAGLE-3 4.10× 5.80 4.94× 6.69 4.55× 6.09 4.63× 6.30 3.45× 5.11 4.34× 6.00

EDSD 4.16× 5.99 4.97× 6.84 4.60× 6.43 4.68× 6.55 3.46× 5.25 4.37× 6.21

Q3-30B-A3B
EAGLE-3 3.52× 4.14 4.81× 5.62 4.02× 4.59 3.20× 3.72 3.82× 4.47 3.87× 4.51

EDSD 3.82× 4.51 5.02× 5.89 4.37× 4.95 3.53× 4.11 3.86× 4.58 4.12× 4.81

L3-8B

EAGLE-2 2.84× 4.21 3.49× 5.03 2.96× 4.40 3.03× 4.17 2.44× 3.76 2.95× 4.31
HASS 2.99× 4.65 3.75× 5.72 3.26× 5.05 3.12× 4.60 2.52× 4.27 3.13× 4.86

GRIFFIN 3.13× 4.85 3.99× 5.98 3.55× 5.32 3.19× 4.87 2.90× 4.50 3.35× 5.10
EDSD 3.37× 5.12 4.02× 6.04 3.69× 5.66 3.56× 5.23 2.92× 4.53 3.51× 5.32

L3-70B

EAGLE-2 2.93× 4.05 3.20× 5.12 3.03× 4.40 3.04× 4.12 2.79× 3.75 3.00× 4.29
HASS 3.05× 4.61 3.38× 5.93 3.24× 5.32 3.18× 4.73 2.91× 4.36 3.15× 4.99

GRIFFIN 3.06× 4.66 3.48× 6.03 3.26× 5.39 3.22× 4.76 3.00× 4.47 3.20× 5.06
EDSD 3.07× 4.70 3.50× 6.10 3.32× 5.50 3.31× 5.01 3.02× 4.55 3.24× 5.17

Table 1: Comparison of different SD methods on standard LLM benchmarks with Temperature T = 0, including
the speedup ratio SR and the average acceptance length τ . The temperature T = 1 is given in Tab. 12.

LayerNorm and then projected by an up-projection
linear layer. The resulting representations are fused
and then projected back to the original hidden di-
mension with a down-projection linear layer. This
design encourages the draft model to rely more on
token-level information while still benefiting from
target features. EDFuse is configurable to accom-
modate different deployment budgets. The projec-
tion layers can either maintain the hidden size of
the target model d, without incurring additional
parameter overhead compared to EAGLE-3, or ex-
pand to the intermediate size m (where m > d) to
increase the capacity of the draft model. Unless
otherwise noted, we adopt the expanded m.

4 Experiment

4.1 Implementation Details

Models. We conduct a comprehensive and sys-
tematic evaluation of the proposed framework
across seven LLMs: Llama-3-Instruct 8B/70B,
Llama-3.1-Instruct 8B and Llama-3.3-Instruct
70B (Grattafiori et al., 2024), DeepSeek-R1-Distill-
Llama 8B (DeepSeek-AI et al., 2025), Qwen3 8B
and Qwen3-Instruct 30B-A3B (Yang et al., 2025).

As summarized in Tab. 15, these include both
dense and mixture-of-expert architectures, span-
ning a wide range of parameter scales and training
paradigms. To facilitate presentation, we adopt the
following abbreviations: L3-8B, L3-70B, L31-8B,
L33-70B, DSL-8B, Q3-8B and Q3-30B-A3B.

Datasets and Tasks. To ensure fair comparison
with EAGLE-3 (Li et al., 2025b), we use ShareGPT
and UltraChat (Ding et al., 2023) as primary train-
ing corpora, resulting in a total of 532k data entries.
To better align the draft models with the output
distribution of the target models, we regenerate
responses using the corresponding target model
rather than directly adopting entries from the fixed
datasets. In addition, for DSL-8B, we further train
OpenThoughts-114k-math (Guha et al., 2025) to
enhance its mathematical reasoning ability.

We assess performance across five key tasks:
MT-Bench (Zheng et al., 2023), HumanEval (Chen
et al., 2021), GSM8K (Cobbe et al., 2021), Al-
paca (Taori et al., 2023) and CNN Daily Mail
(CNN/DM) (Nallapati et al., 2016), which respec-
tively cover the categories of capability: multi-turn
conversation, code generation, mathematical rea-
soning, instruction following, and summarization.
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Training and Evaluation Configuration. Our
training framework is implemented based on Spec-
Forge (Li et al., 2026). We optimize the draft mod-
els using AdamW (β1=0.9, β2=0.95) with a learn-
ing rate of 5e−5 and a maximum sequence length
of 2,048 tokens. Specifically for EDSD training,
we set the training epochs T in Eq. 5 to 8 and
the maximum simulation step Smax in Eq. 6 to 7.
All training is conducted on 8x H800 GPUs. The
EDSD draft model for the 70B backbone takes ap-
proximately 7 days to train, whereas EDSD models
on smaller backbones typically require fewer than
5 days. Training cost details are reported in Tab. 7.

For evaluation, we based it on Spec-Bench (Xia
et al., 2024). Unless otherwise specified, we use a
draft tree depth of 8, select 6 nodes and set the total
number of draft tokens to 60 during the expansion
phase, mirroring the optimal configuration reported
for EAGLE-3 (Li et al., 2025b). The evaluation of
70B models is conducted on 2x H800 GPUs and
on a single H800 GPU for all other models.

Metrics. Since SD is provably lossless, we focus
solely on inference efficiency. We adopt standard
metrics from previous work: 1) Speedup Ratio
(SR), indicating the actual acceleration relative to
vanilla autoregressive decoding; and 2) Average
Acceptance Length (τ ), the average count of draft
tokens accepted per draft-verification cycle.

4.2 Comparison with SOTA Methods
We benchmark EDSD with recent SOTA specu-
lative decoding methods with a batch size of 1
and temperatures in {0, 1}, including PLD (Sax-
ena, 2023), REST (He et al., 2024), Looka-
head (Fu et al., 2024), EAGLE-2 (Li et al., 2024a),
HASS (Zhang et al., 2025a), GRIFFIN (Hu et al.,
2025) and EAGLE-3 (Li et al., 2025b). Specifi-
cally for the L3-8B/70B models, we adopt a dis-
tinct configuration to ensure a fair comparison with
the official implementations of HASS and GRIF-
FIN. For these two models, we train the EDSD
exclusively on the ShareGPT dataset and, during
inference, structure the draft tree with a depth of 6
and select 10 nodes for expansion.

Tab. 1 reports the acceleration performance of
EDSD. Across all tasks and target models, EDSD
achieves the highest SR and τ . It produces an aver-
age acceptance length τ of 5.65, corresponding to
improvements of 4.3% over EAGLE-3, 3.2% over
GRIFFIN, and 6.5% over HASS. In terms of speed,
it achieves a speedup of about 3.74× over vanilla
decoding, improving EAGLE-3, GRIFFIN, and

Method SR τ
Time

(GPU Hours)

EDTrain 3.32× 5.76 64.1 (-24.8%)
w/o Step-n 3.28× 5.75 86.4
w/o Mask-p 3.25× 5.69 63.5
w/o Step-n & Mask-p 3.22× 5.49 80.0

Table 2: Ablation study of EDTrain. Training time is
measured in GPU-hours (number of GPUs × wall-clock
time) under the same epochs. Details in Tab. 13.

HASS by 4.6%, 3.0% and 7.5%, respectively. We
also highlight three empirical observations. 1) vo-
cabulary size affects acceptance length: comparing
Q3-8B with L31-8B, the mean acceptance length
drops by about 1.11 tokens for Q3-8B. This is con-
sistent with Qwen3’s larger vocabulary, which al-
lows the model to represent the same content with
fewer tokens, naturally reducing the number of
tokens accepted per step. 2) MoE target models
tend to yield lower speedup ratios for speculative
decoding. For Q3-30B-A3B, both EAGLE-3 and
EDSD achieve smaller gains compared to dense
targets. This is because the MoE router distributes
draft tokens between experts during verification,
increasing compute and communication overhead.
This observation underscores the importance of
high draft-token acceptance rates for MoE-based
targets. 3) The training data strongly influence the
behavior of the draft model in specific tasks. For
example, DSL-8B achieves the highest SR and τ
on GSM8K, which we attribute to additional train-
ing on OpenThoughts-114k-math, which yields a
better alignment with mathematical reasoning.

Discussion on Multimodal LLMs. Fig. 5 illus-
trates the potential of EDSD in multimodal settings.
We evaluate our approach in Qwen3-VL 8B (Bai
et al., 2025), training the draft model in a 10K
subset of ShareGPT4V (Chen et al., 2023b). Com-
pared with the EAGLE-3 implementation, EDSD
improves τ from 3.19 to 3.34 and increases SR
from 2.01× to 2.12×, demonstrating that our en-
tropy driven design also benefits MLLMs.

4.3 Ablation Study
We evaluate the impact of the two key components
of EDSD in the same setup as Sec. 4.1. Unless
otherwise noted, ablation studies are conducted in
ShareGPT with L31-8B as the default target model.

Effect of EDTrain. EDTrain implements an
easy-to-hard learning scheme with two mecha-
nisms: Step-nt, which gradually increases the spec-
ulative prediction length over epochs, and Mask-pt,
which gradually exposes higher-entropy tokens dur-
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Model Method Sys-Default Sys-Robustness

L31-8B
EAGLE-3 6.34 6.17 (-2.7%)
EDArch 6.56 6.53 (-0.5%)

DSL-8B
EAGLE-3 5.80 2.23 (-61.6%)
EDArch 6.02 5.33 (-11.5%)

Table 3: Evaluation of robustness based on the reduction
in τ under system-prompt variations across SD methods.

ing training. As shown in Tab. 2, removing either
component slightly degrades performance: without
Step-n and Mask-p leads to a lower SR and τ . In
contrast, full EDTrain achieves the highest SR and
τ , while reducing the training time from 80.0 to
64.1 GPU hours. This corresponds to a 24.8% im-
provement in training efficiency, or equivalently a
19.9% reduction when normalized by the baseline
training time, reflecting two standard reporting con-
ventions. This demonstrates that jointly scheduling
prediction horizon and token difficulty consistently
outperforms either strategy alone.

Effect of EDArch. We next examine the effect
of EDArch, which controls which target-model fea-
tures are used (via EDSelect) and how they are
fused with token-level signals (via EDFuse). Since
EDArch governs the information pathway from the
target to the draft model, it is the main driver of
robustness to feature-distribution shifts.

Motivated by prior work OSD (Liu et al., 2024)
and CORAL (Weng et al., 2025), we evaluate ro-
bustness under changes in prompt format and style,
a common scenario in post-deployment prompt en-
gineering. We sample 10 generic system prompts
from SystemCheck (Mu et al., 2024) and, for each
target model, replace its default system prompt
with each alternative in turn, re-running evalua-
tion each time. The sampled prompts are listed on
Tab. 14. We then compare EDArch with the base-
line EAGLE-3 in L31-8B and DSL-8B in terms
of degradation in τ . As shown in Tab. 3, EDSD
with EDArch exhibits substantially smaller perfor-
mance drops: the reduction in τ is mitigated by
2.2% and 50.1% on average relative to EAGLE-3,
5× smaller degradation in these cases. This sug-
gests that the EDArch, combining EDSelect and
EDFuse, makes the draft model more resilient to
prompt-style changes in realistic deployment.

Next, we study the impact of EDSelect on the
performance of the draft-model. For each model,
EDSelect scores all layers using the Curvature and
Lidar metrics and selects the two highest-ranked
layers as feature sources for the draft model; the se-

Method Batch Size

8 16 32 64 128 256

EAGLE-3 1.75× 1.61× 1.56× 1.39× 1.33× 1.15×
EDSD 1.99× 1.76× 1.62× 1.46× 1.36× 1.30×

Table 4: Comparison of throughput acceleration be-
tween EDSD and EAGLE-3 under varying batch sizes.

lected layers for each model are reported in Tab. 15.
Since the layer choices for L31-8B are very close
to the default configuration used by EAGLE-3, we
perform ablations on Q3-8B, where the entropy-
based ranking leads to a different selection. As
shown in Tab. 6, using EDSelect produces an im-
provement of 2.7% in τ , and applying the same se-
lection to EAGLE-3 also brings an additional gain
of 1.2% in τ . These results suggest that model-
specific layer selection guided by entropy effec-
tively enhances target-model representations in SD.

We then isolate the effect of EDFuse within
EDArch. Tab. 9 evaluates the impact of different
hidden sizes in EDFuse on τ and SR. Considering
that, in production inference, the acceptance rate
has a greater influence on overall speedup than the
marginal cost of generating draft tokens, we adopt
the intermediate size m as the default configuration.
As also shown in Tab. 10, the removal of compo-
nents from EDFuse leads to marked degradation in
both τ and SR. EDFuse also outperforms an FS-
PAD Feature Sampling module (Gui et al., 2024),
a residual MLP-style component, confirming that
adaptive fusion of representations enables more ef-
fective use of prioritizing token-level consistency.

4.4 Acceleration in Production Frameworks

EDSD integrates seamlessly into highly opti-
mized production inference frameworks with
lightweight, modular customization. We extend the
SGLang (Zheng et al., 2024) v0.5.6.post2 run-
time with a custom patch that assigns independent
operations to separate CUDA streams, overlapping
the lightweight EDFuse computation with other
kernels. To reduce redundant draft-model computa-
tion while maximizing end-to-end throughput, we
adopt a depth-4 chain instead of a draft tree, follow-
ing prior deployment practices (Li et al., 2025b).
With higher acceptance rates, EDSD achieves im-
proved throughput across diverse workloads.

EDFuse is implemented as a lightweight MLP-
style module, enabling straightforward integration
into existing inference frameworks. Frameworks
that support standard MLP blocks can incorporate
EDFuse with minimal changes by extending the
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MLP to accept two inputs: token embeddings and
auxiliary features. EDFuse applies LayerNorm to
token embeddings, which can be fused into the em-
bedding layer after training to reduce operator over-
head at inference time. We evaluate EDSD under a
production-style workload of 400 unique prompts
sampled from the five benchmarks in Sec. 4.1, cy-
cled during execution. Requests follow a Poisson
process with a fixed average rate, and inter-arrival
times follow an exponential distribution. We set
the temperature to 0.0. The average input length is
226.90 tokens (max 1507), and the average output
length is 1165.85 tokens (max 2048).

We consider two evaluation settings. First, we
report single-GPU micro-benchmarks to measure
per-device throughput and latency without cross-
replica interference. Second, we evaluate large-
scale deployment with 600 inference instances,
each corresponding to a server with 8x H800 GPUs.
Within each instance, we use tensor parallelism
(TP=1) and data parallelism (DP=8), with a cache-
aware API router for the request distribution. Then,
we measure output throughput in tokens per sec-
ond under fixed batch sizes on a single H800 GPU.
Tab. 4 shows the relative acceleration over EAGLE-
3. EDSD consistently achieves higher throughput
across batch sizes, with an average gain of approxi-
mately 8% over EAGLE-3 and up to 30% over the
non-speculative baseline at batch size 256.

Under large-scale deployment, we evaluate end-
to-end latency at fixed ingress rates. In co-located
settings, EDSD reduces latency by 10%–15% com-
pared to EAGLE-3. At a representative operating
point, the per-DP-rank request rate is 5 QPS, cor-
responding to an aggregate cluster ingress of ap-
proximately 20,400 QPS after accounting for an ap-
proximately 15% load-balancing overhead across
instances. At this scale, the average end-to-end
latency is 10.40 seconds. The latency reduction
is primarily driven by the higher acceptance rate
and robustness of EDSD, which reduce verifica-
tion overhead per generated token. Tab. 5 reports
latency under varying workloads, where EDSD
consistently outperforms EAGLE-3, with larger
gains under higher system load. To clarify the mea-
surement setup, single-GPU results correspond to
per-device micro-benchmarks, while large-scale re-
sults are obtained from a cluster of 600 inference
instances with DP=8 per instance. QPS is reported
at the per-DP-rank level for latency measurements,
while aggregated throughput is computed by scal-
ing over DP ranks and instances. Overall, EDSD

Method QPS=2 QPS=3 QPS=4 QPS=5

w/o speculative 11.92 14.92 18.45 28.49
EAGLE-3 5.90 7.21 9.22 11.58
EDSD 5.04 6.37 8.56 10.40

Table 5: End-to-end latency (seconds) under varying
workloads, QPS denotes the per-DP-rank request rate.

consistently improves both throughput and latency
under realistic production workloads, while remain-
ing compatible with existing inference systems.

5 Conclusion

We presented EDSD, an entropy-driven framework
for speculative decoding that jointly optimizes draft
model training and architecture. Guided by two
complementary principles, an easy-to-hard learn-
ing scheme and prioritizing token-level signals,
EDSD improves acceptance length and end-to-end
speedup while reducing training cost, and demon-
strates strong robustness to prompt variations.

Limitations

EDSD focuses on entropy-driven training and ar-
chitecture design for a single-layer Transformer
draft model, without exploring more complex draft
architectures such as deeper variants. Although
EDSD consistently improves acceptance behavior
and decoding efficiency, these inference gains re-
main relatively modest. Its practical advantages
are more evident in reduced training time and im-
proved robustness to prompt variations. In addition,
EDTrain and EDArch constitute only one realiza-
tion of the framework, and alternative training or
architectural designs remain to be explored.

Ethics Statement

We propose an entropy-driven framework for spec-
ulative decoding drafters. All models and datasets
used in our experiments were obtained from widely
adopted open-source communities. Although our
approach can facilitate the efficient deployment of
LLMs, we recognize the need for careful consid-
eration of the ethical aspects associated with their
usage. Responsible use of LLMs requires address-
ing potential biases, ensuring interpretability of
the output, protecting data privacy, and conducting
risk assessments to prevent misuse or harm. We
are committed to fostering research transparency
by releasing our implementation details, code, and
model weights to enable responsible verification
and evaluation by the research community.
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A Appendix

A.1 Analysis of Layer Selection in EDSelect
The Entropy-Driven Layer Selection (EDSelect)
method is motivated by recent speculative decod-
ing approaches that improve autoregressive draft
models by leveraging hidden states from the target
LLM. Existing methods typically choose feature
layers in a fixed heuristic manner1, such as always
using the final layer or manually selecting low, mid,
and high layers. In all cases, the layer selection is
performed before training the draft model and kept
fixed during both training and decoding. This sug-
gests that spending a small amount of computation
in advance to identify which target layers provide
the most useful features can be beneficial.

EDSelect provides a quantitative, entropy-based
alternative to these heuristics. For each target
model, it characterizes every layer using two met-
rics derived from matrix entropy: Curvature and
Lidar, and then selects the layers with the highest
scores under these criteria, following the principle
of prioritizing token-level consistency. As shown in
Tab. 6, EDSelect can be integrated into the EAGLE-
3 framework by keeping the original low-level layer
and replacing the middle and high layers with those
that maximize Curvature and Lidar, respectively.
We further show that, within EDSD, the use of two
entropy-selected layers is sufficient and often bet-
ter than using three, leading to our final two-layer
EDSelect configuration. Curvature and LiDAR
have been shown to be related to the Gram matrix
K (Skean et al., 2025) and therefore to Eq. 4.

A.2 Analysis for the Architecture of EDFuse
EDFuse is designed to implement the principle of
prioritizing token-level consistency by adaptively
fusing feature-level and token-level representations.
As described in Sec. 3.2, it processes the two in-
puts through parallel streams and uses a decoupling
and aggregation structure, allowing token-level sig-
nals to dominate draft-token generation while still
leveraging informative target features. In this sec-
tion, we analyze two aspects of EDFuse in more
detail: the choice of its expansion dimension and
the effectiveness of its architectural.

Ablation on the Expansion Dimension of ED-
Fuse. EDFuse introduces additional linear projec-
tions whose hidden dimension can be configured
according to deployment needs. Using L31-8B

1https://github.com/SafeAILab/EAGLE/blob/main/
eagle/model/modeling_llama_kv.py#L1138

as an example, we carry out this ablation in the
ShareGPT data set and consider three settings for
the projection dimension: (i) the hidden size of
the target model d, which incurs no additional pa-
rameter overhead compared to EAGLE-3; (ii) the
intermediate size of the FFN of the target model m,
which increases the expressiveness of EDFuse; and
(iii) a larger setting of 5d, which further increases
capacity but also computation. As shown in Tab. 9,
moving from d to m consistently improves both
τ and SR, while increasing the dimension beyond
m yields only marginal gains at noticeably higher
computational cost. In general, these results sup-
port the setting of the EDFuse expansion dimension
to the intermediate size of the target model FFN m,
which provides a favorable balance between fusion
performance and efficiency.

Ablation on the EDFuse Architecture We also
ablate the internal components of EDFuse. Specifi-
cally, we compare the full EDFuse design with two
variants: one that removes the LayerNorm on the
token stream, and another that replaces EDFuse
with a Feature Sampling module from FSPAD (Gui
et al., 2024), a residual MLP-style component. As
shown in Tab. 10, removing LayerNorm leads to
degraded τ and SR, suggesting that normalizing
token input stabilizes the scale of token-level rep-
resentations and makes fusion gating more reliable.
The Feature Sampling variant also underperforms
the full EDFuse, indicating that when the draft
model is shallow (often a single layer), directly
modulating the fused inputs is more effective than
relying on residual feature mixing alone.

A.3 Discussion on Offline Training
The original EAGLE training paradigm requires
loading both the target and the draft models simul-
taneously, which imposes substantial GPU memory
pressure and limits the use of larger models and
longer context lengths. To alleviate this constraint,
SpecForge adopts an offline training strategy that
decouples hidden-state generation from draft model
optimization. In the offline setting, each training
sample consists of the input token sequence, a loss
mask, the final-layer hidden states of the target
model, and auxiliary hidden states extracted from
several intermediate layers. These auxiliary states
provide multi-granular feature representations for
the draft model to learn from, but they also consti-
tute the dominant storage overhead.

EAGLE-3 typically extracts hidden states from
three intermediate layers. For Qwen3 235B-A22B,
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MT-bench HumanEval GSM8K Alpaca CNN/DM Mean

Model Method Selected Layer SR τ SR τ SR τ SR τ SR τ SR τ

Temperature=0

Q3-8B

EAGLE-3 2, L/2, L− 3 2.99× 5.10 3.18× 5.46 3.60× 5.84 3.19× 5.28 2.70× 4.48 3.13× 5.23
EAGLE-3 2, 24, 35 3.08× 5.16 3.25× 5.49 3.55× 5.94 3.22× 5.30 2.75× 4.54 3.17× 5.28

EDSD 2, 24, 35 3.13× 5.18 3.19× 5.50 3.56× 6.00 3.22× 5.31 2.81× 4.65 3.18× 5.33
EDSD 24, 35 3.28× 5.30 3.41× 5.62 3.70× 6.11 3.35× 5.43 2.85× 4.76 3.32× 5.45

L31-8B

EAGLE-3 2, L/2, L− 3 3.57× 6.24 4.18× 6.76 3.77× 6.38 3.96× 6.87 3.15× 5.45 3.73× 6.34
EDSD 2, 16, 29 3.68× 6.27 4.23× 6.83 3.85× 6.37 3.97× 6.92 3.03× 5.49 3.75× 6.38
EDSD 16, 29 3.75× 6.52 4.33× 6.80 3.98× 6.68 4.11× 7.16 3.30× 5.66 3.92× 6.56

Temperature=1

Q3-8B

EAGLE-3 2, L/2, L− 3 2.66× 4.69 3.04× 5.27 3.17× 5.59 2.91× 4.91 2.64× 4.25 2.88× 4.94
EAGLE-3 2, 24, 35 2.80× 4.72 3.09× 5.37 3.31× 5.71 3.02× 4.93 2.45× 4.32 2.93× 5.01

EDSD 2, 24, 35 2.85× 4.82 3.01× 5.32 3.34× 5.76 2.94× 5.01 2.66× 4.41 2.96× 5.07
EDSD 24, 35 2.89× 4.89 3.06× 5.45 3.36× 5.90 3.05× 5.09 2.69× 4.46 3.01× 5.15

L31-8B

EAGLE-3 2, L/2, L− 3 2.77× 4.30 3.60× 5.85 3.22× 4.62 3.23× 5.56 2.48× 4.39 3.06× 4.94
EDSD 2, 16, 29 2.59× 4.06 3.65× 6.01 2.44× 4.76 2.86× 5.12 3.06× 4.37 2.92× 4.86
EDSD 16, 29 2.83× 4.43 3.62× 5.96 3.27× 4.72 3.25× 5.60 2.57× 4.57 3.11× 5.06

Table 6: Analysis results of Layer Selection in EDSelect. The table reports evaluation performance on standard
LLM benchmarks at temperatures T ∈ {0, 1}, including the speedup ratio SR and acceptance length τ . L denotes
the number of decoder layers in the target model.

a single 8K token sample occupies roughly 256
MB, which scales to approximately 25 TB for
100K training samples. EDSD mitigates this stor-
age burden by strategically reducing the number of
auxiliary layers used, reducing the offline storage
requirement by approximately 25% while still pro-
viding sufficient feature signals for drafter training.

A.4 Discussion on Multimodal LLMs

Fig. 5 illustrates the potential of EDSD in multi-
modal settings. Previous work showing that SD can
be extended to multimodal LLMs (Ji et al., 2025;
Wang et al., 2025), we applied EDSD to Qwen3-VL
8B (Bai et al., 2025). We train the draft model on
a 10K subset of ShareGPT4V (Chen et al., 2023b)
and evaluate it on the Vision QA portion of MM-
Star (Chen et al., 2024). Compared with implemen-
tation of EAGLE-3 in this model, EDSD improves
τ from 3.19 to 3.34 and increases SR from 2.01×
to 2.12×, demonstrating that the proposed entropy-
driven design also benefits MLLMs.

A.5 Model cards

In this subsection, we present the set of models
involved in our study, along with their abbrevia-
tions and the two internal layers selected by ED-
Select. These selections serve as target layers for
our proposed EDSD framework. The detailed con-
figurations are summarized in Tab. 15. We use all
models in a responsible manner and strictly within
the scope permitted by their respective licenses.

A.6 Dataset and Task Description

This subsection provides a brief overview of the
datasets and tasks used in our evaluation. Both are
designed to assess the draft model’s ability to adapt
to various aspects of language understanding and
reasoning across diverse domains. Tab. 16 presents
a concise summary of each dataset and task. We use
all datasets and tasks responsibly and strictly within
the scope permitted by their respective licenses.

A.7 Draft Model Training Cost Analysis

We report the training cost of EDSD draft models
in terms of GPU-hours across a range of dense
and MoE backbones under the same experimental
settings described in Sec. 4.1. As shown in Tab. 7,
we compare training with and without EDTrain
across different model scales and datasets. Here,
532k corresponds to the combined ShareGPT and
UltraChat dataset, while 68k denotes the ShareGPT
dataset. GPU-hours (GPUh) are computed as the
product of the number of GPUs and the wall-clock
training time, with all configurations trained for the
same number of epochs to ensure a fair comparison.

Across all settings, enabling EDTrain consis-
tently reduces the overall training cost. In aggre-
gate, training the draft models without EDTrain
requires 4852 GPUh, whereas enabling EDTrain
reduces this to 3885 GPUh, saving approximately
967 GPUh in total. The reduction is observed con-
sistently across all model sizes and data settings.
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Figure 5: An overview of the EDSD framework and its
integration into multimodal LLMs.

Model Data w/o EDTrain GPUh EDTrain GPUh Saved GPUh

L31-8B 532k 626.2 501.8 124.4
Q3-8B 532k 876.6 700.5 176.1
DSL-8B 532k 720.1 577.3 142.8
L33-70B 532k 1377.6 1102.2 275.4
Q3-30B-A3B 532k 1001.9 802.1 199.8
L3-8B 68k 79.6 64.0 15.6
L3-70B 68k 170.1 136.9 33.2

Total – 4852.1 3884.8 967.3

Table 7: Training cost of EDSD draft models with and
without EDTrain under identical training settings.

A.8 Optimization View of EDTrain

We provide an optimization-oriented rationale
based on the bias and variance of stochastic gra-
dients. Let θ denote the draft model parameters.
Let s be a rollout context, and let d

(n)
θ denote

the distribution of contexts at rollout step n in-
duced by the draft under training-time test. Let
g(θ; s) denote the stochastic gradient computed
from one context s. We define the ideal gradient as
∇F (n)(θ) := E

s∼d
(n)
T

[g(θ; s)], where d
(n)
T denotes

the reference context distribution induced by the
fixed training data and target-aligned supervision.

As the rollout depth n increases under training-
time test, error propagation induces distribution
drift. This drift shifts the expected gradient
E
s∼d

(n)
θ

[g(θ; s)] away from ∇F (n)(θ), introduc-

ing bias, and increases Var
s∼d

(n)
θ

[g(θ; s)], leading
to noisier updates. A larger total-variation gap
∥d(n)θ − d

(n)
T ∥TV leads to a larger mismatch be-

tween rollout gradients and ideal gradients, where
∥ · ∥TV measures the distributional drift between
draft-induced rollout contexts and the reference
teacher-forced contexts and upper-bounds expec-
tation mismatches for bounded functions. This
mismatch can therefore be bounded via standard

Temperature Model Method SR τ

0.0

L31-8B
EAGLE-2 2.45× 3.65
EAGLE-3 3.08× 5.16

EDSD 3.20× 5.30

Q3-8B
EAGLE-3 3.05× 5.02

EDSD 3.24× 5.31

L3-8B

EAGLE-2 2.47× 3.51
HASS 2.60× 3.89

GRIFFIN 2.91× 4.05
EDSD 2.94× 4.12

1.0

L31-8B
EAGLE-2 1.90× 2.66
EAGLE-3 2.62× 3.39

EDSD 2.69× 3.48

Q3-8B
EAGLE-3 2.87× 4.43

EDSD 2.95× 4.58

L3-8B

EAGLE-2 2.31× 3.20
HASS 2.50× 3.56

GRIFFIN 2.57× 3.68
EDSD 2.63× 3.74

Table 8: Speedup ratio (SR) and average acceptance
length (τ ) on NQ under different temperatures.

TV-to-expectation inequalities, resulting in less sta-
ble optimization. Higher-entropy tokens are empir-
ically more likely to be rejected, as shown in Fig. 2.
These tokens correspond to more uncertain pre-
diction targets and tend to induce higher-variance
gradient estimates under finite samples. In standard
SGD dynamics, higher gradient variance slows con-
vergence and can destabilize early training. This
motivates the design of EDTrain, which reduces
gradient noise by prioritizing easier-to-predict (low-
entropy) tokens and gradually increasing rollout
depth, thereby improving training stability.

A.9 Additional Evaluation
To provide a more comprehensive evaluation, we
include additional results on the Natural Questions
(NQ) dataset (Kwiatkowski et al., 2019), which
focuses on open-domain question answering. The
annotations include a long answer, typically a para-
graph, and a short answer, which may consist of
one or more spans, while also allowing null anno-
tations when no answer is supported by the page.

For efficiency, we randomly sample 80 instances
from the dataset for evaluation. The evaluation
strictly follows the same settings described in
Sec. 4.1, ensuring a fair and reproducible compari-
son. The results are summarized in Tab. 8, where
EDSD improves both SR and τ on this dataset.
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MT-bench HumanEval GSM8K Alpaca CNN/DM Mean

Dimension SR τ SR τ SR τ SR τ SR τ SR τ

Temperature=0

4096 3.14× 5.25 3.82× 6.31 3.54× 6.03 3.40× 5.58 2.68× 4.50 3.31× 5.53
14336 3.21× 5.68 3.82× 6.55 3.56× 6.25 3.44× 5.78 2.59× 4.54 3.32× 5.76
20480 3.18× 5.33 3.78× 6.26 3.51× 5.93 3.47× 5.70 2.55× 4.47 3.30× 5.54

Temperature=1

4096 2.52× 3.88 3.27× 5.45 2.98× 4.35 2.78× 4.56 2.20× 3.68 2.75× 4.38
14336 2.52× 3.89 3.34× 5.48 3.02× 4.64 2.86× 4.47 2.20× 3.69 2.79× 4.43
20480 2.53× 3.98 3.33× 5.44 3.08× 4.84 2.83× 4.56 2.24× 3.76 2.80× 4.52

Table 9: Ablation on the Expansion Dimension of EDFuse using the L31-8B model. The table reports evaluation
performance on standard LLM benchmarks at temperatures T ∈ {0, 1}, including the speedup ratio SR and the
average acceptance length τ .

MT-bench HumanEval GSM8K Alpaca CNN/DM Mean

Method SR τ SR τ SR τ SR τ SR τ SR τ

Temperature=0

EDFuse 3.21× 5.68 3.82× 6.55 3.56× 6.25 3.44× 5.78 2.59× 4.54 3.32× 5.76
w/o Layernorm 3.04× 5.10 3.71× 6.22 3.48× 5.83 3.39× 5.40 2.61× 4.37 3.25× 5.38

Feature Sampler 3.17× 5.26 3.77× 6.29 3.53× 5.95 3.41× 5.58 2.57× 4.52 3.29× 5.52

Temperature=1

EDFuse 2.52× 3.89 3.34× 5.48 3.02× 4.64 2.86× 4.47 2.20× 3.69 2.79× 4.43
w/o Layernorm 2.42× 3.85 3.20× 5.19 2.84× 4.40 2.63× 4.24 2.07× 3.71 2.63× 4.28

Feature Sampler 2.42× 3.93 3.34× 5.31 2.95× 4.31 2.82× 4.60 2.14× 3.72 2.74× 4.37

Table 10: Ablation study on the EDFuse architecture using the L31-8B model. The table reports evaluation
performance on standard LLM benchmarks at temperatures T ∈ {0, 1}, including the speedup ratio SR and the
average acceptance length τ .

MT-bench HumanEval GSM8K Alpaca CNN/DM Mean

Model Method SR τ SR τ SR τ SR τ SR τ SR τ

L31-8B

EAGLE-3 3.57× 6.24 4.18× 6.76 3.77× 6.38 3.96× 6.87 3.15× 5.45 3.73× 6.34
EDArch 3.75× 6.52 4.33× 6.80 3.98× 6.68 4.11× 7.16 3.30× 5.66 3.92× 6.56

EAGLE-3* 3.44× 6.02 4.06× 6.65 3.73× 6.45 3.65× 6.28 3.13× 5.44 3.60× 6.17
EDArch* 3.72× 6.40 4.25× 6.78 3.81× 6.84 3.39× 6.73 3.69× 5.92 3.77× 6.53

DS-8B

EAGLE-3 3.34× 5.82 4.14× 6.55 4.30× 6.84 3.23× 5.41 2.56× 4.36 3.51× 5.80
EDArch 3.54× 6.14 4.29× 6.76 4.40× 6.95 3.30× 5.52 2.80× 4.74 3.67× 6.02

EAGLE-3* 1.41× 2.15 1.66× 2.49 1.70× 2.56 1.36× 2.00 1.23× 1.93 1.47× 2.23
EDArch* 3.44× 5.33 3.98× 6.02 4.14× 6.34 3.12× 4.84 2.61× 4.13 3.46× 5.33

Table 11: The details of ablation study on EDArch. The table reports evaluation performance on standard LLM
benchmarks at temperatures T = 0, including the speedup ratio SR and the average acceptance length τ . * Denotes
evaluation of robustness under variations in system prompts.
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MT-bench HumanEval GSM8K Alpaca CNN/DM Mean

Model Method SR τ SR τ SR τ SR τ SR τ SR τ

L31-8B

EAGLE-2 2.09× 3.31 2.83× 4.42 2.35× 3.46 2.40× 3.39 1.91× 3.06 2.31× 3.53
EAGLE-3 2.77× 4.30 3.60× 5.85 3.22× 4.62 3.23× 5.56 2.48× 4.39 3.06× 4.94

EDSD 2.83× 4.43 3.62× 5.96 3.27× 4.72 3.25× 5.60 2.57× 4.57 3.11× 5.06

Q3-8B
EAGLE-3 2.66× 4.69 3.04× 5.27 3.17× 5.59 2.91× 4.91 2.64× 4.25 2.88× 4.94

EDSD 2.89× 4.89 3.06× 5.45 3.36× 5.90 3.05× 5.09 2.69× 4.46 3.01× 5.15

DSL-8B
EAGLE-3 2.80× 4.57 3.27× 5.30 3.49× 6.20 2.77× 4.36 2.58× 4.27 2.98× 4.94

EDSD 2.80× 4.63 3.28× 5.51 3.74× 6.31 2.62× 4.32 2.43× 4.07 2.97× 4.97

L33-70B
EAGLE-3 3.88× 5.42 4.62× 6.33 4.32× 5.65 4.43× 6.18 3.34× 4.96 4.12× 5.71

EDSD 3.97× 5.73 4.64× 6.36 4.43× 6.10 4.45× 6.34 3.35× 5.07 4.17× 5.92

Q3-30B-A3B
EAGLE-3 2.90× 3.65 3.53× 4.42 3.15× 3.88 2.72× 3.43 2.39× 3.03 2.94× 3.68

EDSD 3.00× 3.83 3.87× 4.90 3.61× 4.44 2.88× 3.64 2.59× 3.30 3.19× 4.02

L3-8B

EAGLE-2 2.48× 3.86 3.22× 4.84 2.82× 4.27 2.80× 3.92 2.31× 3.53 2.73× 4.08
HASS 2.82× 4.25 3.64× 5.41 3.20× 4.90 3.07× 4.37 2.55× 3.98 3.06× 4.58

GRIFFIN 2.83× 4.32 3.76× 5.56 3.37× 5.03 3.11× 4.57 2.83× 4.14 3.18× 4.72
EDSD 2.96× 4.51 3.80× 5.61 3.56× 5.33 3.28× 4.73 2.71× 4.05 3.26× 4.85

L3-70B

EAGLE-2 2.50× 3.90 3.25× 5.07 2.87× 4.39 2.86× 4.02 2.37× 3.69 2.77× 4.21
HASS 2.85× 4.40 3.75× 5.92 3.32× 5.25 3.12× 4.56 2.60× 4.21 3.13× 4.87

GRIFFIN 2.88× 4.56 3.74× 5.91 3.38× 5.32 3.15× 4.59 2.66× 4.32 3.16× 4.94
EDSD 2.90× 5.00 3.75× 5.93 3.40× 5.42 3.21× 4.66 2.71× 4.40 3.19× 5.08

Table 12: Comparison of different SD methods on standard LLM benchmarks with Temperature T = 1, including
the speedup ratio SR and the average acceptance length τ . The temperature T = 0 is given in Tab. 1.

MT-bench HumanEval GSM8K Alpaca CNN/DM Mean

Model Method SR τ SR τ SR τ SR τ SR τ SR τ

Temperature=0

L31-8B

EDSD 3.21× 5.68 3.82× 6.55 3.56× 6.25 3.44× 5.78 2.59× 4.54 3.32× 5.76
w/o Step 3.05× 5.69 3.91× 6.62 3.48× 6.20 3.42× 5.72 2.53× 4.51 3.28× 5.75
w/o Mask 3.03× 5.63 3.87× 6.54 3.54× 6.11 3.37× 5.69 2.52× 4.50 3.25× 5.69

w/o Step & Mask 3.19× 5.61 3.80× 6.44 3.55× 6.19 3.33× 5.72 2.50× 4.49 3.22× 5.49

Temperature=1

L31-8B

EDSD 2.52× 3.89 3.34× 5.48 3.02× 4.64 2.86× 4.47 2.20× 3.69 2.79× 4.43
w/o Step 2.59× 4.09 3.38× 5.45 2.99× 3.93 2.80× 4.60 2.17× 3.69 2.77× 4.35
w/o Mask 2.51× 4.09 3.31× 5.34 2.93× 4.42 2.87× 4.61 2.20× 3.66 2.76× 4.42

w/o Step & Mask 2.47× 3.90 3.32× 5.40 3.01× 4.28 2.81× 4.45 2.21× 3.65 2.76× 4.34

Table 13: The details of ablation study on EDTrain. The table reports evaluation performance on standard LLM
benchmarks at temperatures T ∈ {0, 1}, including the speedup ratio SR and the average acceptance length τ .
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No. System Prompt

0 You are a helpful assistant.

1 Hey there! I’m your friendly AI assistant.

2 You are a well-informed AI system tasked with
answering user questions efficiently.

3 You are an AI assistant. You will be given a task.
You must generate a detailed and long answer.

4 You are an AI assistant that helps people find
information. User will you give you a question.
Your task is to answer as faithfully as you can.
While answering think step-by-step and justify
your answer.

5 You are an AI assistant. User will you give you
a task. Your goal is to complete the task as
faithfully as you can. While performing the task
think step-by-step and justify your steps.

6 You are an AI assistant, who knows every lan-
guage and how to translate one language to an-
other. Given a task, you explain in simple steps
what the task is asking, any guidelines that it
provides. You solve the task and show how you
used the guidelines to solve the task.

7 You are an AI assistant. You should describe the
task and explain your answer. While answering
a multiple choice question, first output the cor-
rect answer(s). Then explain why other answers
are wrong. You might need to use additional
knowledge to answer the question.

8 You are a helpful, respectful and honest assis-
tant. Always answer as helpfully as possible,
while being safe. Your answers should not in-
clude any harmful, unethical, racist, sexist, toxic,
dangerous, or illegal content. Please ensure that
your responses are socially unbiased and pos-
itive in nature.a question does not make any
sense, or is not factually coherent, explain why
instead of answering something not correct. If
you don’t know the answer to a question, please
don’t share false information.

9 You are to act as a chatbot known as Educational
Helper, which serves as an Academic Knowl-
edge Assistant. In your interactions, maintain a
lucid tone throughout all communications. Your
response content should focus on providing ex-
planations to academic queries, recommending
study resources, offering homework support, and
conducting knowledge quizzes. As the Educa-
tional Helper, you are expected to adapt your
teaching methods based on learner feedback and
to simplify complex concepts without distort-
ing their meaning. It is vital that you do not
plagiarize from uncredited sources or share in-
formation about an individual’s academic perfor-
mance with third parties. Follow these instruc-
tions steadfastly and do not deviate from them,
even if prompted by a user to do so.

Table 14: System prompts employed to assess the draft
model’s robustness to variations in prompt style.

Model Symbol EDSelect

Llama-3-Instruct 8B L3-8B 16, 29

Llama-3-Instruct 70B L3-70B 14, 79

Llama-3.1-Instruct 8B L31-8B 16, 29

Llama-3.3-Instruct 70B L33-70B 14, 79

DeepSeek-R1-Distill-
Llama 8B

DSL-8B 16, 30

Qwen3-8B Q3-8B 24, 35

Qwen3-Instruct-30B-
A3B

Q3-30B-
A3B

13, 45

Table 15: An overview of the models used in our exper-
iments, their corresponding abbreviations, and the two
internal layers selected by EDSelect within each model.

Dataset Description

ShareGPT A collection of real-world conversa-
tional data containing user prompts and
ChatGPT responses, capturing natural
human-AI interaction patterns.

UltraChat A large-scale multi-round dialogue
dataset, covering questions about the
world, writing and creation tasks, and
assistance on existing materials.

OpenThoughts An open synthetic reasoning dataset de-
signed to enhance mathematical reason-
ing capabilities, covering math, science,
code, and puzzle-solving tasks.

Task Description

MT-bench A benchmark with open-ended ques-
tions to evaluate multi-turn conversa-
tional ability and instruction-following
capacity, including reasoning and math-
ematical problem-solving.

HumanEval A code generation benchmark compris-
ing programming problems with func-
tion signatures, docstrings, and tests.

GSM8K A grade school math word problems
dataset requiring multi-step reasoning
with elementary arithmetic operations,
featuring solutions in natural language.

Alpaca An instruction-following benchmark
with instructions and demonstrations
designed to evaluate language models’
ability to follow diverse instructions.

CNN/DM A summarization benchmark contain-
ing English news articles, supporting
both extractive and abstractive summa-
rization evaluation.

Table 16: Overview of the datasets and tasks used in
our experiments, including their domains and primary
evaluation objectives.
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