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Abstract

Speculative decoding (SD) accelerates large
language model (LLM) inference by using a
lightweight draft model to propose tokens and
a stronger target model to verify them. How-
ever, standard SD is mainly designed for ac-
celeration, and its output quality is typically
constrained by the target model. In this work,
we propose Entropy-Aware Speculative Decod-
ing (EASD), a lightweight and training-free ex-
tension of SD that improves reasoning quality
through token-level entropy-guided rejection.
EASD detects cases where both draft and target
models exhibit high uncertainty while strongly
overlapping in their top predictions. In such
uncertain-agreement cases, EASD rejects the
aligned token and resamples from the target
distribution, preventing low-confidence errors
from propagating. Experiments on challeng-
ing reasoning benchmarks show that EASD
consistently improves accuracy over standard
SD and reward-guided variants while main-
taining comparable inference efficiency. No-
tably, EASD can surpass the standalone per-
formance of the target model, suggesting that
speculative decoding can serve not only as
an acceleration method but also as an effec-
tive mechanism for improving reasoning qual-
ity. The code is available at https://github.
com/ECNU-Text-Computing/EASD.

1 Introduction

Large language models (LLMs), such as ChatGPT
(Achiam et al., 2023), Qwen (Bai et al., 2023),
and LLaMA (Touvron et al., 2023), have achieved
strong performance across a wide range of natural
language processing tasks. However, their autore-
gressive decoding process requires a full forward
pass for each generated token, leading to high la-
tency and computational cost, especially for long-
form reasoning and large-scale deployment (Pat-
terson et al., 2021; Frantar et al., 2022; Lin et al.,
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Figure 1: Standard speculative decoding (SD) verifies
tokens against the target model and thus tends to treat
verified outputs as reliable. For same-family draft/target
pairs, high entropy with strong top-k overlap can in-
dicate "uncertain agreement"; EASD detects this case,
rejects the aligned token, and resamples from the tar-
get to prevent error propagation: e.g., replacing "an" in
"should be an . . . " with "a", shifting "an alcohol" to the
correct "a diol."

2024). Speculative decoding (SD) (Chen et al.,
2023) addresses this problem by using a smaller
draft model to generate candidate tokens, which
are then verified in parallel by a stronger target
model. This reduces the number of target-model in-
vocations while largely preserving generation qual-
ity. Subsequent methods, including Fast Inference
(Leviathan et al., 2023), Medusa (Cai et al., 2024),
Hydra (Ankner et al., 2024), and EAGLE (Li et al.,
2024b,a, 2026), further improve SD through multi-
token verification, parallel decoding heads, and
adaptive candidate generation.

Despite its efficiency, standard SD remains pri-
marily constrained by the target model, since ac-
cepted tokens are ultimately judged according to
the target distribution. This makes SD effective
for acceleration, but less capable of correcting un-
certain target-model decisions. To improve output
quality beyond acceleration, recent studies intro-
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duce reward models into SD-style decoding (Li
et al., 2025; Liao et al., 2025). These methods can
guide token or sequence selection using preference
or correctness signals, but they require additional
model inference and often depend on task-specific
training data (Gao et al., 2023; Lambert et al.,
2025). This increases computational overhead and
limits generalization across tasks, datasets, and
model pairs.

In this work, we propose Entropy-Aware Specu-
lative Decoding (EASD), a training-free enhance-
ment to SD. EASD is motivated by the observation
that errors often arise when both the draft and target
models are uncertain but still agree on a plausible
token. Such cases may reflect not confident correct-
ness, but uncertain agreement. This phenomenon
is especially important in reasoning tasks, where
an early token-level mistake can redirect the en-
tire subsequent solution path. EASD detects this
pattern using two signals: the entropy of the draft
and target distributions, and the overlap between
their top candidate tokens. When both models have
high entropy and strong top-N overlap, EASD re-
jects the aligned token and resamples from the tar-
get distribution. This simple intervention reduces
the propagation of low-confidence tokens and im-
proves reasoning reliability without introducing
additional reward models or training procedures.

We evaluate EASD on challenging reasoning
benchmarks, including Olympia (He et al., 2024),
MATH500 (Hendrycks et al., 2021), and GPQA-
Diamond (Rein et al., 2024). The results show
that EASD improves generation accuracy over stan-
dard SD and reward-guided baselines while pre-
serving comparable inference efficiency. More im-
portantly, EASD often outperforms the standalone
target model, demonstrating that speculative decod-
ing can be used not only for acceleration but also
for quality improvement. This suggests that draft-
target interaction can provide useful uncertainty
signals beyond simple verification.

Our main contributions are summarized as fol-
lows:

• We propose EASD, a lightweight and training-
free extension of speculative decoding based
on token-level entropy signals.

• We introduce an entropy-guided rejection
mechanism that targets high-uncertainty
agreement between draft and target models
to reduce error propagation.

• Experiments on multiple reasoning bench-
marks show that EASD improves accuracy
over existing SD variants and can surpass the
standalone target model.

2 Related Work

2.1 Collaboration Between Large and Small
Language Models

Collaboration between large and small language
models has become an important direction for bal-
ancing inference efficiency and generation qual-
ity. Existing approaches often use small models
as lightweight assistants for query reformulation,
intermediate annotation, or task routing before in-
voking larger models (Chen et al., 2025; Shen et al.,
2024; Yang et al., 2025; Pan et al., 2026). While
effective, these methods usually connect models at
a coarse-grained level and rely on prompt-based
information transfer, limiting deeper collaboration
during decoding.

Recent work explores finer-grained interaction
by interleaving or fusing token distributions from
multiple models (Hao et al., 2025; Bian et al.,
2025). Such methods allow models to participate
jointly in token-level generation, but efficient and
stable integration remains challenging. In contrast,
EASD focuses on a simple decoding-level collabo-
ration mechanism: the draft model does not merely
accelerate generation, but also provides uncertainty
signals that help identify unreliable target-model
decisions.

2.2 Speculative Decoding

Speculative decoding accelerates LLM inference
by allowing a draft model to propose candidate to-
kens and a target model to verify them (Chen et al.,
2023). Many follow-up studies improve candidate
generation, verification efficiency, and acceptance
strategies (Sun et al., 2024; Ankner et al., 2024; Cai
et al., 2024; Li et al., 2026, 2025). These methods
mainly aim to reduce target-model computation
while maintaining the target model’s output distri-
bution.

Recent studies further suggest that speculative
decoding can be extended beyond acceleration. For
example, partially aligned or deliberately biased
draft models may introduce useful preferences or
task-specific signals, enabling the system to im-
prove generation quality under certain conditions
(Bachmann et al., 2025; Liao et al., 2025). How-
ever, many such approaches rely on trained reward
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or evaluation models, which increases cost and re-
duces portability. EASD instead uses entropy and
top-candidate overlap as training-free signals, mak-
ing it easier to integrate into existing SD pipelines.

2.3 Entropy-Based Inference

Entropy is widely used as an uncertainty measure in
language generation (Wang et al., 2026). Prior stud-
ies have used entropy to adjust sampling temper-
ature, guide beam search, set adaptive thresholds,
or dynamically route computation across models
(Simonds, 2025; Yang et al., 2026; Zhang et al.,
2024; Qiu et al., 2025). These methods show that
entropy can help balance efficiency, exploration,
and reliability during inference.

Recent studies have also incorporated uncer-
tainty or confidence into speculative decoding. Het-
eroSpec allocates verification effort according to
candidate uncertainty to improve decoding effi-
ciency (Liu et al., 2026). SpecGuard performs step-
level verification using attention-based grounding
and log-probability-based confidence signals (Puro-
hit et al., 2026), while MARS introduces margin-
aware speculative verification based on the target
model’s decision stability (Song et al., 2026). In
contrast, EASD combines entropy with draft–target
top-n overlap to identify uncertain agreement and
improve reasoning accuracy.

3 Entropy-Aware Speculative Decoding

In this section, we present Entropy-Aware Spec-
ulative Decoding (EASD), a novel, training-free
extension of standard speculative decoding. EASD
enhances the reliability and quality of generated
outputs by leveraging entropy-based signals from
both the draft and target models. It dynamically ad-
justs the target model’s token selection under high
uncertainty and distributional similarity, using a tar-
geted penalty mechanism. This approach mitigates
error propagation from the draft model, improving
decoding efficiency and output coherence without
additional training.

3.1 Formulation

The key idea of speculative decoding is to generate
a draft sequence speculatively and then accept as
many prefix tokens as possible based on a verifica-
tion step. This method leverages the fact that draft
models can often predict correctly for several steps,
especially when they approximate the target model
well.

Let pt(· | x) denote the conditional probability
distribution of the target model given a prefix x,
and pd(· | x) denote that of the draft model. The
draft model generates a speculative sequence of
candidates c1, c2, . . . , ck, where each ci is sampled
as: ci ∼ pd(· | x, c1, . . . , ci−1). Here, i is the spec-
ulation length, typically chosen based on model
sizes and desired speedup.

During the verification phase, the target model
computes probabilities for all drafted tokens in par-
allel. Each candidate ci is either accepted or re-
jected based on the agreement between the two
models. Formally, token ci is accepted only if all
previous candidates are also accepted and

ϵi ≤
pt(ci | x, c1, . . . , ci−1)

pd(ci | x, c1, . . . , ci−1)
, ϵi ∼ U(0, 1).

(1)
Specifically, ϵi is sampled uniformly from (0, 1).
If the probability of token ci under the target model
exceeds that under the draft model, the token is
accepted. Otherwise, it is accepted with a prob-
ability that decreases as the gap between the two
probabilities increases. If the token is rejected,
the procedure resorts to direct sampling from the
target model, drawing a correction token from
pt(· | x, c1, . . . , ci−1).

3.2 Overview

Speculative decoding accelerates LLM inference
by using a smaller draft model to propose candi-
date tokens, which the larger target model verifies
through a single forward pass. At step t, the draft
model samples a token from its distribution P

(t)
d

over V , and the target model accepts or rejects the
token based on agreement. This reduces computa-
tion but risks potential errors. The risk is amplified
when both the draft and target models are uncertain,
as they may align in their uncertainty and lead the
verification step to accept suboptimal tokens.

EASD improves this by integrating entropy-
based uncertainty and distributional overlap. It
monitors entropy in both models and overlap in
their top-n tokens. When uncertainty is high and
overlap is significant, EASD penalizes the target
model’s probability for the draft’s top token, pro-
moting alternative selections. This enhances ro-
bustness without altering model training.
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3.3 Entropy Computation
To measure uncertainty at step t, we use Shannon
entropy for the draft model’s distribution P

(t)
d :

H
(t)
d = −

∑

i∈V
P

(t)
d (i) logP

(t)
d (i), (2)

and similarly for the target model:

H
(t)
t = −

∑

i∈V
P

(t)
t (i) logP

(t)
t (i). (3)

High entropy reflects greater uncertainty, corre-
sponding to a flatter distribution, whereas low
entropy indicates higher confidence with a more
peaked distribution.

3.4 Triggering Conditions for Dynamic
Penalty

EASD applies a penalty only when two specific
conditions are met: high entropy and top-n overlap.
This combination identifies scenarios where the
draft model is likely to mislead the target model.
The rationale is that when models from the same
family exhibit high uncertainty yet similar token
distributions, it often indicates ambiguous decision
points where errors are prone to propagate.

(a) High-Entropy Condition: Both models show
high uncertainty if:

H
(t)
d > τH and H

(t)
t > τH , (4)

where τH is a tunable threshold. High en-
tropy indicates a flat probability distribution,
meaning the model lacks a clear preference,
which makes its decision susceptible to minor
perturbations.

(b) Top-n Overlap Condition: The overlap ratio
between top-n token sets Tn

d (draft) and Tn
t

(target) is:

Overlap(Tn
d , T

n
t ) =

|Tn
d ∩ Tn

t |
n

, (5)

(e.g., n = 5). The condition triggers if
Overlap ≥ τO, where τO ∈ [0, 1]. This as-
sesses distributional similarity, highlighting
potential alignment issues.

3.5 Application of the Dynamic Penalty
If both conditions are met, EASD rejects the draft’s
proposed token td by setting:

P
(t)
t (td) = 0, (6)

and renormalizing:

P
(t)
t (i) =

P
(t)
t (i)

∑
j ̸=td

P
(t)
t (j)

, ∀i ̸= td. (7)

This forces the target model to sample alterna-
tives, reducing error risks and improving coher-
ence.

As illustrated in Figure 2, standard speculative
decoding accepts a drafted token whenever it is
sufficiently supported by the target model under
the acceptance test in Eq. 1. In the upper panel,
the drafted token "an" receives a higher probability
under the target model than under the draft model,
so it is accepted and the decoding continues along
that branch. In the lower panel, EASD detects that
both models are in a high-entropy regime (Eq. 4)
while their top-n predictions exhibit high overlap
(Eq. 5). Under these conditions, EASD applies the
dynamic penalty in Eq. 6 by setting P

(t)
t (td) = 0

and renormalizing Eq. 7, which forces sampling
from the remaining target distribution instead of
committing to the aligned draft token.

an an the a a the some some any another
0.0

0.2

0.4
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ob
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ty Draft Model
Target Model

an an the a a the some some any another
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Figure 2: In the upper panel, standard speculative de-
coding accepts the draft token "an" at step i because the
target model assigns it higher probability. In the lower
panel, EASD detects a high-entropy and high-overlap
regime, rejects the aligned "an" as a likely error, and
resamples from the remaining target distribution.

3.6 Threshold Selection
Proper selection of the thresholds τH (entropy) and
τO (top-n overlap) is critical for the performance
of EASD, as they directly determine when the dy-
namic penalty is applied. We adopt a systematic,
data-driven procedure to set these thresholds with-
out introducing additional training.

Entropy Threshold τH . For each valida-
tion sample s ∈ Dval and decoding step t ∈
{1, . . . , Ts}, the target model produces a probabil-
ity distribution Ps,t(·) over the vocabulary V . The
Shannon entropy is defined as

Hs,t = −
∑

v∈V
Ps,t(v) logPs,t(v). (8)
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We collect all entropy values across the validation
set into

E = {Hs,t : s ∈ Dval, t = 1, . . . , Ts}. (9)

Let p ∈ (0, 1) denote the proportion of high-
entropy steps considered (p = 0.05). We iden-
tify the subset Sp ⊆ E corresponding to the top
p fraction of entropy values, i.e., |Sp| = ⌈p · |E|⌉.
The entropy threshold is then defined as the mean
entropy of these uncertain steps:

τH =
1

|Sp|
∑

Hs,t∈Sp

Hs,t. (10)

To ensure comparability with recent methods un-
der a consistent hyperparameter selection protocol,
the resulting value is further mapped to its near-
est candidate in {0.5, 1.0, 1.5, 2.0} and used as the
final entropy threshold τH .

This construction ensures that τH reflects a rep-
resentative level of uncertainty by focusing on the
most ambiguous decoding steps, while maintaining
sufficient statistical robustness.

Top-n Overlap Threshold τO. Complementary
to the entropy-based criterion, the overlap thresh-
old τO regulates cases where the draft and target
models produce highly similar candidate distribu-
tions. We fix τO = 0.8, meaning that when at least
four out of the top-5 tokens coincide between the
two models, the dynamic penalty is triggered. This
setting reflects the intuition that excessive align-
ment between the draft and target models reduces
the diversity and corrective potential of speculative
decoding, and thus requires additional penalization
to prevent redundant acceptance.

4 Experiments

4.1 Experimental Settings

LLMs. To assess the performance of EASD,
we employ Qwen2.5-7B-Instruct, Qwen2.5-32B-
Instruct, and Qwen2.5-72B-Instruct models as our
draft and target models. For experiments involv-
ing PRM, we select the Skywork-o1-Open-PRM-
Qwen-2.5-1.5B model.

Datasets. We evaluate our method on a diverse
set of reasoning tasks, including OlympiadBench
(He et al., 2024), MATH500 (Hendrycks et al.,
2021), AIME24 , AMC23 , GPQA-Diamond (Rein
et al., 2024), and Minerva Math (Lewkowycz et al.,
2022).

Baselines. We categorize the baselines into five
groups: (1) Target model only. This baseline ex-
ecutes the target model independently, which typ-
ically results in higher computational cost com-
pared to EASD. (2) Draft model. This category
consists of common test-time scaling techniques
built upon the draft model, including draft model
only, direct generation, majority voting, and beam
search. For majority voting and beam search, we
employ a large number of samples, even exceeding
the cost of using the target model alone, to approxi-
mate their converged performance. (3) Speculative
Decoding (SD). We further consider speculative
decoding, a method proposed for accelerating in-
ference (Chen et al., 2023). (4) Reward-Guided
Speculative Decoding (RSD). RSD integrates a
process reward model to score intermediate decod-
ing steps and adaptively determine whether the
target model should be invoked, thus striking a bal-
ance between efficiency and output quality (Liao
et al., 2025). (5) Minimal Test-Time Intervention
(MTI). MTI is a training-free test-time interven-
tion method that only applies additional guidance
at a small subset of high-uncertainty (high-entropy)
decoding positions, aiming to improve reasoning
accuracy with minimal extra computation (Yang
et al., 2026).

Implement Details. All experiments are con-
ducted on 8 NVIDIA A800 GPUs. For majority
voting, beam search, and direct generation, we set
the temperature to 0.7 and top−p to 0.8, while the
remaining methods are configured with tempera-
ture = 0 and top–p = 1. Specifically, for RSD, we
define a generation terminated by \n\n as a reason-
ing step, which is then evaluated by a PRM with a
threshold of 0.7. For MTI, we follow the original
setup and conduct hyperparameter search over the
intervention scale β ∈ {0.5, 1.0, 1.5, 2.0}, and re-
port the best result for comparison. For EASD, to
ensure a fair comparison under a comparable hy-
perparameter selection protocol, we first calculate
the average entropy of the top 5% highest-entropy
tokens on the LIMO (Ye et al., 2025) dataset, and
then map the resulting value to its nearest candidate
in {0.5, 1.0, 1.5, 2.0}, which is used as the entropy
threshold.

4.2 Main Results
Table 1 reports accuracy and decoding speed on
six challenging reasoning benchmarks under two
target-model scales. We evaluate standard single-
model inference, draft-only test-time scaling meth-
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Table 1: Accuracy and decoding speed on benchmark datasets. TM denotes the target model, DM denotes the draft
model, and PRM denotes the process reward model. TPS denotes the number of generated tokens per second.

Method TM DM PRM Olympiad Minerva Math500 AMC23 Aime24 GPQA Avg↑ TPS↑
Single Model 32B - - 46.81 44.49 82.2 60 16.67 45.96 49.35 14.13
Single Model - 7B - 35.70 37.13 73.2 50 10 36.36 40.39 36.75
Majority Voting (N=16) - 7B - 45.33 43.01 81 67.5 16.67 41.41 49.15 36.75
Beam Search (N=16) - 7B - 40.15 39.34 78 62.5 10 42.42 45.40 28.53
SD 32B 7B - 45.33 45.22 80.8 57.5 13.33 49.49 48.61 18.23
RSD (Liao et al., 2025) 32B 7B 1.5B 46.5 46.32 83.8 67.5 16.67 50.50 51.88 16.89
MTI (Yang et al., 2026) 32B - - 46.81 44.85 83 67.5 16.67 50 51.47 13.66

EASD 32B 7B - 48.15 47.06 80.8 62.5 23.33 55.55 52.89 17.10

Method TM DM PRM Olympiad Minerva Math500 AMC23 Aime24 GPQA Avg↑ TPS↑
Single Model 72B - - 44.59 44.85 84 65 16.67 46.96 50.34 6.93
Single Model - 7B - 35.70 37.13 73.2 50 10 36.36 40.39 36.75
Majority Voting (N=16) - 7B - 45.33 43.01 81 67.5 16.67 41.41 49.15 36.75
Beam Search (N=16) - 7B - 40.15 39.34 78 62.5 10 42.42 45.40 28.53
SD 72B 7B - 44.15 44.12 83.8 60 13.33 50.50 49.31 18.22
RSD (Liao et al., 2025) 72B 7B 1.5B 45.62 46.32 83.8 65 16.67 47.48 50.81 17.35
MTI (Yang et al., 2026) 72B - - 45.77 44.49 83.4 62.5 20 52.02 51.36 6.81

EASD 72B 7B - 44.74 44.85 83.6 67.5 20 52.02 52.12 17.86

ods, speculative decoding baselines, and guided
or intervention-based approaches. Across both set-
tings, EASD consistently delivers the best overall
accuracy while preserving the efficiency advan-
tages of speculative decoding. Three findings are
most notable.

First, EASD achieves the highest average ac-
curacy in both regimes. When using Qwen2.5-
32B as the target model, EASD reaches an aver-
age accuracy of 52.89. This improves over single-
model 32B decoding by 3.54 percentage points and
also surpasses the strongest draft-only scaling base-
line, majority voting with N = 16, by 3.74 points.
When scaling the target model to Qwen2.5-72B,
EASD remains the top method with 52.12 average
accuracy, exceeding single-model 72B decoding by
1.78 points. The fact that EASD ranks first under
both target sizes indicates that the improvement is
not an artifact of a particular model scale, but rather
reflects a systematic benefit from entropy-aware to-
ken rejection during decoding.

Second, EASD outperforms guided specula-
tive decoding and sparse intervention baselines
without relying on auxiliary models. In particu-
lar, EASD consistently improves upon RSD (Liao
et al., 2025), even though RSD introduces a process
reward model to score intermediate steps. EASD
exceeds RSD by 1.01 points in the 32B setting and
by 1.31 points in the 72B setting. EASD also out-
performs MTI (Yang et al., 2026) in both regimes,
with gains of 1.42 points for the 32B target and
0.76 points for the 72B target. These comparisons

suggest that token-level uncertainty gating can be
more effective than reward-guided verification or
occasional intervention, while keeping the overall
pipeline lightweight and training-free.

Third, EASD provides a stronger accuracy–
throughput trade-off than RSD and MTI,
achieving both higher speed and higher accu-
racy. In the 32B regime, EASD runs at 17.10
tokens per second, which is faster than RSD at
16.89 tokens per second and substantially faster
than MTI at 13.66 tokens per second. Importantly,
this speed advantage does not come at the expense
of quality, since EASD also attains the best aver-
age accuracy among all methods in this regime.
The same pattern holds in the 72B regime. EASD
achieves 17.86 tokens per second, exceeding RSD
at 17.35 tokens per second and far surpassing MTI
at 6.81 tokens per second, while still achieving the
highest average accuracy overall. This indicates
that EASD preserves most of the efficiency bene-
fit of speculative decoding, and that its selective
rejection-and-resampling mechanism improves re-
liability with minimal throughput loss.

Overall, these results show that EASD is not only
a consistent accuracy improvement over standard
speculative decoding, but also a practical alterna-
tive to reward-guided and intervention-based test-
time methods. It delivers the best average accuracy
across both target-model scales and simultaneously
maintains strong decoding speed, making it an ap-
pealing drop-in decoding strategy for reasoning-
focused workloads.
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4.3 Ablation Experiments

To quantify the impact of each design choice in
EASD, we conduct ablation experiments by se-
lectively removing the two core signals used to
trigger entropy-aware rejection, namely the draft-
model entropy and the top-n overlap regulation.
Concretely, we evaluate four variants: (1) EASD,
the full method; (2) EASD w/o Overlap, which
disables the overlap regulation so the decision no
longer depends on token-level agreement between
the draft and target distributions; (3) EASD w/o Hd,
which removes the draft-model entropy signal and
relies only on the target model’s uncertainty; and
(4) EASD w/o (Hd + Overlap), which removes
both signals and thus yields the most simplified gat-
ing rule. These variants allow us to isolate whether
EASD’s improvements primarily come from incor-
porating the draft model’s uncertainty, from explic-
itly modeling draft–target agreement, or from their
interaction.

Table 2 shows that the full EASD configuration
is the most reliable across benchmarks and tar-
get scales. For both the 32B and 72B target models,
EASD attains the highest average accuracy, indi-
cating that the combination of draft entropy and
overlap regulation produces the most robust rejec-
tion decisions. This trend supports the central mo-
tivation of EASD: a token should be reconsidered
not only when the target model is uncertain, but
also when the draft model is uncertain in a com-
patible way, since such cases often correspond to
shared confusion where speculative decoding may
otherwise lock in an error.

Draft-model entropy is the dominant contrib-
utor to accuracy gains. Removing Hd causes the
largest average degradation in both regimes. With
the 32B target, average accuracy drops from 52.89
to 50.85, and with the 72B target it drops from
52.12 to 50.86. The declines are particularly visible
on the reasoning-intensive datasets, suggesting that
Hd provides a crucial early-warning signal about
low-confidence draft proposals. Intuitively, even
if the target model’s entropy is moderately high,
the draft model may reveal additional uncertainty
about the same decision boundary, and this joint
uncertainty is exactly where resampling is most
beneficial. Without Hd, the method degenerates
toward a target-only uncertainty rule, which ap-
pears insufficient to consistently detect and correct
speculative errors.

Overlap regulation further improves stability

and complements entropy-based gating. Remov-
ing overlap typically reduces average accuracy, al-
though the effect is more moderate than removing
Hd. In the 32B regime, the average decreases from
52.89 to 51.77, and in the 72B regime it decreases
from 52.12 to 51.93. This behavior is consistent
with the role of overlap as a disambiguation sig-
nal: high overlap indicates that the two models are
concentrating probability mass on a similar can-
didate set, so an aligned token is more likely to
reflect a shared but potentially brittle decision. By
conditioning rejection on overlap, EASD avoids
unnecessary resampling when the draft and target
disagree sharply, a scenario where forcing rejec-
tion can be either redundant or harmful. The over-
lap term therefore acts as a stabilizer that makes
entropy-based rejection more selective.

Removing both signals produces the weak-
est variant, confirming their complementarity.
When both Hd and overlap regulation are disabled,
the average accuracy drops further to 49.36 in the
32B setting and to 49.53 in the 72B setting, yield-
ing the largest overall degradation among the vari-
ants. Beyond lowering the average, this variant is
also less consistent across datasets, with notable
drops on benchmarks that require long-horizon rea-
soning. This suggests that draft entropy and overlap
regulation play complementary roles: Hd supplies
a strong uncertainty cue, while overlap constrains
the cue to cases where the two distributions exhibit
meaningful agreement, producing more reliable
intervention points.

Overall, the ablation study confirms that EASD’s
gains are not attributable to a single heuristic,
but rather to the joint use of (i) uncertainty from the
draft model and (ii) an agreement-based filter be-
tween the two models. Together, these components
yield more accurate and better-calibrated rejection
decisions, which in turn translate into consistent
improvements over simplified variants across both
target-model scales.

4.4 Hyperparameter Sensitivity Study
We conduct a hyperparameter sensitivity study to
characterize how the entropy threshold τH and the
top-n overlap threshold τO shape the behavior of
EASD. These thresholds jointly gate the penalty
mechanism, and therefore directly control (a) how
often EASD intervenes and (b) how much those in-
terventions translate into accuracy gains. We sweep
τH ∈ 1, 1.5, 2 and τO ∈ 0.2, 0.4, 0.6, 0.8, 1, and
report in a single figure (Figure 3) both (i) average
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Table 2: Ablation Study on the Effects of Draft Model Entropy and Overlap Regulation.

Method TM DM Olympiad Minerva Math500 AMC23 Aime24 GPQA Avg

EASD 32B 7B 48.15 47.06 80.8 62.5 23.33 55.55 52.89
w/o Overlap 32B 7B 47.41 44.85 80.8 65 20 52.53 51.77
w/o Hd 32B 7B 46.52 44.85 80.2 62.5 20 51.01 50.85
w/o (Hd + Overlap) 32B 7B 47.41 46.32 80.6 60 13.33 48.48 49.36

Method TM DM Olympiad Minerva Math500 AMC23 Aime24 GPQA Avg

EASD 72B 7B 44.74 44.85 83.6 67.5 20 52.02 52.12
w/o Overlap 72B 7B 44.59 44.49 82.8 70 16.67 53.03 51.93
w/o Hd 72B 7B 43.85 44.12 83.0 67.5 16.67 50 50.86
w/o (Hd + Overlap) 72B 7B 44.15 44.49 82.4 62.5 16.67 46.97 49.53

accuracy over six reasoning benchmarks and (ii)
intervention strength measured by the penalized-
token frequency.

The intervention rate varies monotonically with
both thresholds. Because penalization is activated
only when both conditions are satisfied (high en-
tropy and high top-n overlap), increasing either
τH or τO makes the trigger condition stricter and
reduces the fraction of penalized tokens. The
penalized-token frequency panel in Fig. 3 there-
fore forms a smooth, monotone surface over the
grid: smaller thresholds correspond to more fre-
quent interventions, while larger thresholds yield
increasingly sparse interventions. This behavior
is important in practice because it means τH and
τO act as predictable dials for intervention sparsity,
rather than inducing qualitatively different decod-
ing regimes or unstable dynamics.

Accuracy remains robust across a wide portion
of the grid. The accuracy panel in Fig. 3 shows
that EASD outperforms the target-only baseline
for essentially all configurations, with only a sin-
gle degraded point at (τH = 1, τO = 0.4). More
broadly, accuracy changes smoothly as thresholds
vary: we do not observe sharp performance cliffs,
which indicates EASD does not rely on a narrowly
tuned operating point. Notably, multiple thresh-
old pairs reach or exceed the accuracy of RSD and
MTI while using no process reward model, suggest-
ing that the entropy-and-overlap gate can provide
competitive test-time guidance without auxiliary
supervision.

Reading the two panels together highlights a
clear selectivity principle: the best results arise
when intervention is rare but well-targeted. In
the high-intervention regime (penalized-token fre-
quency above roughly 1%), tightening either thresh-
old typically reduces the penalization rate and im-

Figure 3: EASD performance under different entropy
and top-n threshold settings (%): the left panel shows
accuracy, and the right panel shows the penalized-token
rate.

proves accuracy. This pattern suggests that overly
frequent rejection can dilute the effectiveness of re-
sampling, likely because it perturbs many steps that
are uncertain yet not truly error-inducing, thereby
injecting unnecessary stochasticity. By contrast, as
the thresholds increase and intervention becomes
sparse, accuracy remains consistently strong and
often near its peak. These results indicate that
EASD’s gains are driven by correcting a small sub-
set of high-uncertainty, high-overlap steps rather
than by pervasive rejection. In other words, the
overlap condition is not merely permissive; it helps
concentrate interventions on "suspicious agree-
ment" events where both models are uncertain but
still propose highly similar top candidates, a sig-
nature that can coincide with systematic mistakes
shared across related models.

Overall, the sweep identifies a broad robust oper-
ating region where EASD achieves strong accuracy
with low penalized-token frequency, supporting the
practicality of threshold selection.

5 Conclusion

In this work, we propose Entropy-Aware Specula-
tive Decoding (EASD), a training-free extension of
speculative decoding that leverages entropy signals
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from both draft and target models to prevent low-
confidence tokens from propagating errors. EASD
retains the efficiency advantages of standard spec-
ulative decoding while achieving substantial im-
provements in token-level accuracy across chal-
lenging reasoning benchmarks. Our results show
that EASD outperforms recent speculative decod-
ing variants and can even surpass the inherent per-
formance of the target model in certain settings.
These findings suggest that speculative decoding
can provide useful uncertainty signals beyond ac-
celeration. Overall, EASD offers a lightweight,
effective, and broadly applicable enhancement to
efficient LLM inference, and can be integrated into
existing speculative decoding pipelines with mini-
mal implementation changes.

6 Limitations

Although EASD shows consistent improvements
over recent speculative decoding methods, our
study has several limitations. First, the evaluation
has not yet been extended to broader real-world rea-
soning scenarios, which may involve more diverse
tasks, domains, and deployment constraints. Sec-
ond, our experiments primarily focus on medium-
to large-scale LLMs, leaving the effectiveness of
EASD on smaller, larger, and domain-specific mod-
els for future investigation. Finally, while EASD
is training-free, its interaction with advanced align-
ment techniques and domain-adapted fine-tuning
remains underexplored. Future work may further
investigate adaptive threshold selection to improve
robustness across different tasks and model set-
tings.
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A Pseudocode for Entropy-Aware
Speculative Decoding (EASD)

The following pseudocode summarizes the work-
flow of Entropy-Aware Speculative Decoding
(EASD), an extension of standard speculative de-
coding (SD). EASD retains the core two-model
structure of SD, where a draft model proposes can-
didate tokens and a target model verifies them. The
key innovation of EASD is the dynamic penalty
mechanism, which is applied when both models ex-
hibit high entropy and their top-n token predictions
significantly overlap. This mechanism suppresses
the draft model’s top token and renormalizes the
target distribution, encouraging alternative selec-
tions and reducing error propagation.

Algorithm 1 Entropy-Aware Speculative Decoding
(EASD)

Require: Context s; target model LLMtarg; draft model
LLMdraft

Require: Draft length M ; top-n size n; thresholds τH , τO
Ensure: Generated sequence y
1: y ← []
2: while EOS /∈ y do
3: x← s⊕ y

4: (ci, P
(i)
d )Mi=1 ← LLM

(M)
draft(x)

5: (P
(i)
t )M+1

i=1 ← LLMtarg(c1, . . . , cM ;x)
6: allAccepted← true
7: for i = 1 to M do
8: Compute H

(i)
d , H(i)

t , and O(i) = |Tn
d,i ∩ Tn

t,i|/n
9: if H(i)

d > τH and H
(i)
t > τH and O(i) ≥ τO

then
10: P̃

(i)
t (ci)← 0

11: P̃
(i)
t (v)← P

(i)
t (v)

1− P
(i)
t (ci)

, ∀v ̸= ci

12: ri ← Decode(P̃
(i)
t )

13: y ← y ⊕ ri; allAccepted← false
14: break
15: else if Verify(ci, P (i)

d , P
(i)
t ) then

16: y ← y ⊕ ci
17: else
18: ri ← Decode(P

(i)
t )

19: y ← y ⊕ ri; allAccepted← false
20: break
21: end if
22: end for
23: if allAccepted then
24: y ← y ⊕Decode(P

(M+1)
t )

25: end if
26: end while
27: return y

B Generalization to Non-Reasoning
Generation Tasks

Although EASD is mainly motivated by reasoning-
oriented generation, it is also important to exam-
ine whether the proposed entropy-aware rejection
mechanism introduces undesirable side effects on
more general text generation tasks. Reasoning
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benchmarks often involve highly structured multi-
step inference, where an early uncertain token may
substantially change the subsequent reasoning tra-
jectory. In contrast, non-reasoning generation tasks
such as summarization and translation usually al-
low a wider range of acceptable token choices, as
long as the generated output preserves the source
information and remains fluent. Therefore, these
tasks provide a useful testbed for evaluating the
stability and generality of EASD beyond mathe-
matical or scientific reasoning scenarios.

To this end, we evaluate EASD on two
representative non-reasoning generation tasks:
CNN/DailyMail summarization and IWSLT trans-
lation. CNN/DailyMail is used to assess the quality
of long-form abstractive summarization, where the
model is expected to preserve salient information
from the source document. IWSLT translation is
used to evaluate sequence-to-sequence generation
under a different linguistic transformation setting.
For summarization, we report ROUGE scores, in-
cluding CNN R-1, R-2, and R-3. For translation,
we report BLEU. We compare EASD with stan-
dalone target-model decoding and standard specu-
lative decoding (SD) under the same target model
setting.

Table 3 presents the results for Qwen-2.5 (7B–
32B) and Qwen-2.5 (7B–72B). Overall, EASD re-
mains stable and performs comparably to both the
target model and standard SD on non-reasoning
tasks. On CNN/DailyMail summarization, EASD
achieves ROUGE scores that are very close to the
corresponding target-model and SD baselines. For
Qwen-2.5 (7B–32B), EASD obtains 33.68 on CNN
R-1, 11.24 on CNN R-2, and 4.54 on CNN R-3,
which are comparable to the target and SD results.
For Qwen-2.5 (7B–72B), EASD achieves the high-
est CNN R-1 score among the three decoding meth-
ods, while maintaining similar R-2 and R-3 scores.
These results indicate that entropy-aware token re-
jection does not substantially disrupt summariza-
tion quality.

On IWSLT translation, EASD also maintains
comparable BLEU scores. With Qwen-2.5 (7B–
32B), EASD slightly improves BLEU over both the
standalone target model and SD. With Qwen-2.5
(7B–72B), the BLEU scores of the three methods
remain very close. This suggests that EASD can
preserve translation quality even though its inter-
vention mechanism is designed around token-level
uncertainty rather than task-specific translation ob-
jectives.

These findings provide two useful observations.
First, EASD is not narrowly restricted to reasoning
benchmarks: when applied to non-reasoning gen-
eration tasks, it generally maintains output quality
rather than causing systematic degradation. Sec-
ond, the improvements on summarization and trans-
lation are relatively modest compared with those
observed on reasoning benchmarks. This pattern
is consistent with the design motivation of EASD.
Entropy-aware rejection is most beneficial when
an uncertain token can strongly affect the subse-
quent reasoning path, which is more common in
mathematical and scientific reasoning tasks. For
summarization and translation, where several alter-
native continuations may be similarly acceptable,
EASD mainly acts as a stable decoding modifica-
tion rather than a strong performance-enhancing
mechanism.

Overall, the non-reasoning results suggest that
EASD provides a favorable trade-off: it improves
reasoning-oriented generation in settings where
token-level uncertainty is highly consequential,
while remaining stable on broader generation tasks
such as summarization and translation.

Table 3: Generalization results on non-reasoning gen-
eration tasks. CNN R-1, R-2, and R-3 denote ROUGE
scores on CNN/DailyMail summarization, while IWSLT
BLEU reports translation performance.

Method CNN R-1 CNN R-2 CNN R-3 IWSLT BLEU

Qwen-2.5 (7B–32B)
Target 33.72 11.31 4.59 30.81
SD 33.65 11.34 4.65 30.93
EASD 33.68 11.24 4.54 30.99

Qwen-2.5 (7B–72B)
Target 34.71 12.05 5.03 32.89
SD 34.71 12.05 5.03 32.87
EASD 34.75 12.00 4.99 32.88

C Safety on Code and Structured Outputs

The entropy-aware intervention in EASD deliber-
ately suppresses an uncertain agreed token and redi-
rects generation toward an alternative continuation.
While this behavior is useful for exploring differ-
ent reasoning trajectories, it is important to verify
that it does not introduce additional degradation on
syntax-sensitive tasks, where even a small token-
level change may invalidate the entire output. We
therefore evaluate EASD on LiveCodeBench-V6
for code generation and StructEval-T for structured
generation. StructEval-T covers five commonly
used formats: JSON, XML, YAML, CSV, and
TOML. We compare EASD with standalone target-

5858



model decoding and standard speculative decoding
(SD) using two Qwen-2.5 draft–target pairs.

As shown in Table 4, EASD does not cause
additional degradation relative to SD. With
the 7B–32B pair, EASD matches SD on both
LiveCodeBench-V6 and StructEval-T. With the
7B–72B pair, EASD improves over SD by 1.14
points on LiveCodeBench-V6 and by 0.41 points
on StructEval-T. It also exceeds standalone target
decoding by 0.57 points on LiveCodeBench-V6.
These results indicate that the selective intervention
used by EASD remains safe on outputs governed
by strict syntactic and structural constraints.

Table 4: Results on syntax-sensitive generation tasks.
LiveCodeBench-V6 evaluates code generation, while
StructEval-T evaluates structured outputs in JSON,
XML, YAML, CSV, and TOML.

Method LiveCodeBench-V6 StructEval-T

Qwen-2.5 (7B–32B)
Target 17.71 78.74
SD 17.14 77.46
EASD 17.14 77.46

Qwen-2.5 (7B–72B)
Target 20.00 84.79
SD 19.43 83.37
EASD 20.57 83.78

D Robustness under Alternative
Decoding Settings

The main experiments compare decoding methods
under a fixed inference configuration. We conduct
two additional evaluations to determine whether
the improvements of EASD can be explained by
stochastic variation or by the use of a particular de-
coding paradigm. First, we compare EASD against
repeated target-only sampling on all six original
reasoning benchmarks. Second, we evaluate EASD
under greedy decoding, independent sampling, and
majority voting on AIME25.

D.1 Comparison with Repeated Target-Only
Sampling

We sample from the standalone target model at
temperature 0.7 using three independent runs per
prompt. Table 5 reports both the mean of the three
runs and an optimistic per-dataset best score ob-
tained by selecting the strongest of the three runs
separately for each benchmark. The latter is in-
cluded as a deliberately favorable reference for
target-only sampling rather than as a deployable
single-run configuration.

For Qwen-2.5 (7B–32B), EASD achieves an av-
erage score of 52.89, exceeding both the three-run
sampling mean of 49.20 and the per-dataset best
score of 51.29. The same overall pattern holds for
Qwen-2.5 (7B–72B): EASD achieves 52.12, com-
pared with 50.01 for the sampling mean and 51.88
for the per-dataset best result. Thus, the average im-
provement of EASD is not reproduced by repeated
target-only sampling, even when the target baseline
is allowed to select its best run independently on
each dataset.

Table 5: Comparison with target-only sampling at tem-
perature 0.7 using three independent runs per prompt.
“Per-dataset best” selects the best of the three runs sep-
arately for each benchmark and therefore serves as an
optimistic reference.

Setting Oly. Min. M500 AMC AIME GPQA Avg.

Qwen-2.5 (7B–32B)
3-run mean 44.84 44.49 80.60 60.00 12.22 53.03 49.20
Per-dataset best 45.93 45.59 81.00 65.00 16.67 53.54 51.29
EASD 48.15 47.06 80.80 62.50 23.33 55.55 52.89

Qwen-2.5 (7B–72B)
3-run mean 45.33 42.40 82.73 60.83 17.78 51.01 50.01
Per-dataset best 45.63 43.38 83.20 65.00 20.00 54.04 51.88
EASD 44.74 44.85 83.60 67.50 20.00 52.02 52.12

D.2 Evaluation under Greedy Decoding,
Sampling, and Majority Voting

We further evaluate all 30 AIME25 problems un-
der three inference paradigms. Greedy decoding
evaluates whether EASD can improve a single de-
terministic reasoning trajectory. For sampling, we
generate eight responses per problem and report
the mean accuracy and standard deviation across
the eight responses. For majority voting, we ag-
gregate the same eight responses and evaluate the
resulting voted answer. This evaluation includes
both Qwen-2.5 model pairs and a DeepSeek-R1
1.5B–7B pair, allowing us to test robustness across
decoding settings and applicability to a modern
reasoning-model family.

Table 6 shows that EASD consistently improves
over standalone target decoding in all nine compar-
isons. For Qwen-2.5 (7B–32B), EASD improves
majority-voting accuracy from 16.67 to 23.33, av-
erage sampling accuracy from 12.50 ± 3.45 to
14.17± 4.63, and greedy accuracy from 16.67 to
23.33. For Qwen-2.5 (7B–72B), the corresponding
improvements are from 16.67 to 20.00 under major-
ity voting, from 12.08±3.54 to 14.58±4.69 under
sampling, and from 13.33 to 20.00 under greedy
decoding. These consistent gains provide evidence
that the improvements of EASD are not tied to
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a particular decoding paradigm. In particular, the
greedy results show that EASD can redirect an indi-
vidual reasoning trajectory, while the sampling re-
sults indicate an improvement in the overall quality
of alternative trajectories. The majority-voting re-
sults further demonstrate that these improvements
remain useful after answer aggregation.

The DeepSeek-R1 results provide an additional
evaluation on models explicitly optimized for rea-
soning. Using a 1.5B draft model and a 7B tar-
get model, EASD improves majority-voting accu-
racy from 40.00 to 56.67, average sampling ac-
curacy from 32.50 ± 4.96 to 40.83 ± 4.27, and
greedy accuracy from 23.33 to 33.33. The improve-
ments across all three inference paradigms demon-
strate that EASD is also applicable to a modern
reasoning-model family and is not limited to con-
ventional instruction-tuned models. Overall, the re-
sults across the three model pairs show that EASD
consistently improves reasoning accuracy under
deterministic generation, stochastic sampling, and
answer aggregation.

Table 6: Accuracy on all 30 AIME25 problems under
greedy decoding, sampling with eight responses per
problem, and majority voting over eight responses (%).
Sampling results are reported as mean ± standard devi-
ation across the eight responses.

Method Majority Vote Sampling Greedy

Qwen-2.5 (7B–32B)
Target 16.67 12.50 ± 3.45 16.67
EASD 23.33 14.17 ± 4.63 23.33

Qwen-2.5 (7B–72B)
Target 16.67 12.08 ± 3.54 13.33
EASD 20.00 14.58 ± 4.69 20.00

DeepSeek-R1 (1.5B–7B)
Target 40.00 32.50 ± 4.96 23.33
EASD 56.67 40.83 ± 4.27 33.33

E Empirical Analysis of High-Entropy
Token Distribution

To further understand how EASD affects uncer-
tain token decisions, we compare the distributions
of high-entropy tokens before and after applying
EASD using the Qwen2.5 model pairs. Table 7
reports the most frequent tokens occurring at high-
entropy positions under standalone target decoding
and EASD. The original distribution is relatively
dispersed. Among the identified tokens, “Given”
has the highest proportion at 2.34%, followed by

“will” and “Let” at 1.55%, “need” at 1.53%, and
“Thus” at 1.50%. Other tokens, including “calcu-
late”, “Now”, “consider”, and “determine”, occur

with lower proportions. Overall, these tokens cover
multiple stages of mathematical reasoning, includ-
ing the introduction of premises, formulation of
assumptions, intermediate calculations, and deriva-
tion of conclusions.

After applying EASD, the composition of high-
entropy tokens changes noticeably. The proportion
of “Given” increases from 2.34% to 2.64%, while

“Thus” rises from 1.50% to 2.27% and “consider”
increases from 1.01% to 1.77%. These changes
indicate that high-entropy positions under EASD
become more concentrated around premise identifi-
cation, analytical transitions, and conclusion forma-
tion. In contrast, “will” decreases from 1.55% to
1.00%, and “Let” decreases from 1.55% to 1.33%.
Tokens such as “need”, “Now”, and “determine”
no longer appear among the most frequent high-
entropy tokens, while “understand”, “Using”, and

“use” emerge after applying EASD. This replace-
ment pattern further suggests that EASD shifts un-
certain positions from generic planning expressions
toward tokens that more explicitly organize reason-
ing operations.

Overall, EASD systematically redistributes high-
entropy token occurrences rather than merely re-
ducing or uniformly shifting token uncertainty.
The increased presence of tokens associated with
premises, analytical transitions, and conclusions is
consistent with the intended role of EASD: inter-
vening at uncertain reasoning positions and redi-
recting generation toward more structured reason-
ing decisions. Together with the consistent ac-
curacy improvements under repeated sampling,
greedy decoding, and majority voting, this analysis
provides additional empirical evidence that EASD
affects the reasoning process rather than obtaining
improvements solely from stochastic variation.

Table 7: Distribution of frequently occurring high-
entropy tokens before and after applying EASD.

Token Original (%) EASD (%) Change

Given 2.34 2.64 ↑ Premise focus
Thus 1.50 2.27 ↑ Conclusion focus
consider 1.01 1.77 ↑ Analytical reasoning
Let 1.55 1.33 ↓ Hypothetical usage
will 1.55 1.00 ↓ Speculative usage
need 1.53 – Removed
Now 1.08 – Removed
determine 0.87 – Removed
understand – 0.97 Newly introduced
Using – 0.92 Method application
use – 0.91 Method application
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To solve this problem, we need to identify the reactants (A and B) 
for each reaction given the products. For the first reaction:

𝐴+𝐻2𝑆𝑂4→2,8−dimethylspiro[4.5]decan−6one

The product is a spiro compound, which suggests that the 
reactant A could be an alcohol that undergoes dehydration to 
form the ketone. The structure of the product indicates that the 
reactant A should be a diol that forms a spiro ring upon 
dehydration. Among the options provided, 2,7-
dimethyloctahydronaphthalene-4a,8a-diol can form a spiro 
compound upon dehydration, making it a plausible candidate for 
A. For the second reaction:

𝐵+𝐵𝑢𝐿𝑖+𝐻+→4−methyl−1−phenylpent−3en−1ol

This reaction involves the use of butyllithium (BuLi), which is 
often used in organic synthesis to form carbon-carbon bonds,
particularly in Wittig-like reactions or in the formation of 
alkenes from carbonyl compounds. The product is an alcohol 
with a double bond, suggesting that B might be a carbonyl 
compound that reacts with BuLi to form an alkoxide intermediate, 
which then protonates to form the alcohol. The structure of the 
product suggests that B could be a ketone or an ester that can 
form the alcohol upon reduction. Among the options provided, 4-
methyl-1-phenylpent-3-en-1-one is a ketone that can form the 
alcohol upon reduction, making it a plausible candidate for B. 
Thus, the correct choice is: \boxed{A}

To solve this problem, we need to identify the reactants (A and B) 
for each reaction given the products. For the first reaction:

𝐴+𝐻2𝑆𝑂4→2,8−dimethylspiro[4.5]decan−6one

The product is a spiro compound, which suggests that the 
reactant A could be an alcohol that undergoes dehydration to 
form the ketone. The structure of the product indicates that the 
reactant A should be an alcohol with a similar backbone but with 
an -OH group instead of the ketone. Therefore, the most likely 
candidate for A is  2,8−dimethylspiro[4.5]decan−6ol
. For the second reaction:

𝐵+𝐵𝑢𝐿𝑖+𝐻+→4−methyl−1−phenylpent−3en−1ol

This reaction involves the use of a strong base (BuLi) followed by 
protonation (H+). This sequence of steps is typical for the 
formation of alkenes from alcohols or ethers through elimination 
reactions. Given the product is an alcohol, it suggests that B might 
be an ether or an alcohol that can undergo such a transformation. 
The structure of the product suggests that B could be an ether 
with a similar backbone, specifically  
((3−methylbut−2en−1−yl)oxy)methylbenzene
. Therefore, the correct choice is: \boxed{C}

Figure 4: Success Case: Answer comparison on a GPQA reasoning problem, illustrating the difference between the
original output and the EASD-enhanced output.

F Case Study

F.1 Success Case
The discrepancy between the original answer and
the EASD-enhanced answer can be traced back to
the first decisive token used to identify the initial
reactant. For the first reaction,

A+H2SO4 → 2, 8-dimethylspiro[4.5]decan−6one,

the original answer begins with the phrase an
alcohol, whereas the EASD-enhanced answer
starts with a diol. Although this difference may
appear minor at the token level, it substantially
changes the chemical hypothesis adopted by the
model. In particular, the choice between an and
a constrains the noun that follows and therefore
commits the generation process to different classes
of candidate reactants.

In the original answer, the phrase an alcohol
frames the subsequent reasoning around a mono-
hydroxyl precursor. Once this assumption is in-
troduced, the model begins to explore compounds
containing only a single hydroxyl group and at-
tempts to explain the formation of the target prod-
uct through transformations of such structures.
However, these candidates do not naturally support
the dehydration and cyclization pathway required
to construct the spirocyclic ketone. Consequently,
the initial incorrect assumption narrows the search
space in an unfavorable direction and causes the
following reasoning steps to remain internally con-
sistent but chemically inappropriate.

By contrast, the EASD-enhanced generation be-
gins with a diol, emphasizing a precursor con-
taining two hydroxyl groups. This provides a more
suitable structural basis for the subsequent acid-
catalyzed transformation. Under the action of sul-
furic acid, an appropriately positioned diol can un-
dergo dehydration and rearrangement or cycliza-
tion, thereby enabling the formation of the required
spiro ring and ketone functionality. The revised
token therefore directs the model toward a class of
reactants that is substantially more compatible with
the structural characteristics of the target product.

In summary, the success of EASD in this case
can be attributed to generating the more appropriate
initial phrase, a diol. This modification not only
guides the model toward chemically viable candi-
dates but also prevents the initial misconception
from influencing the remainder of the reasoning
process. The case thus provides a concrete illustra-
tion of how token-level intervention at an early and
uncertain decoding position can produce a mean-
ingful improvement in the final answer.

F.2 Bad Case

Nevertheless, EASD does not improve every gener-
ation. In this bad case, the EASD-enhanced model
produced an incorrect answer because of subtle in-
teractions between several locally generated tokens.
In particular, the consecutive appearance of the to-
kens since and only altered the logical structure
of the explanation and directed the model toward an
incomplete counting procedure. Although neither
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To solve this problem, we will use the principle of inclusion-
exclusion and then subtract the numbers that are multiples of 10 
or 15. **Step 1: Counting Multiples of 3 and 5** First, let's count 
how many numbers up to 300 are multiples of 3 or 5. - The number 
of multiples of 3 up to 300 is ⌊300/3⌋=100
. - The number of multiples of 5 up to 300 is ⌊300/5⌋=60
. - The number of multiples of both 3 and 5 (i.e., multiples of 15) up 
to 300 is ⌊300/15⌋=20
. Using the principle of inclusion-exclusion, the total number of 
multiples of 3 or 5 up to 300 is:
100+60−20=140
**Step 2: Subtracting Multiples of 10 and 15** Next, we need to 
exclude the numbers that are multiples of 10 or 15. - The number 
of multiples of 10 up to 300 is  ⌊300/10⌋=30
. - The number of multiples of 15 up to 300 is already calculated as 
20. Since every multiple of 15 is also a multiple of 5, we only need 
to subtract the multiples of 10 from our previous count because 
they are not already excluded in the initial calculation. Thus, the 
number of multiples of 10 that are also multiples of 3 or 5 is 30. 
Therefore, the number of positive integers less than or equal to 
300 that are multiples of 3 or 5 but are not multiples of 10 or 15 is:
140−30=110

So, the final answer is:110.

To solve this problem, we will use the principle of inclusion-
exclusion and then subtract the numbers that are multiples of 10 
or 15. **Step 1: Counting Multiples of 3 and 5** First, let's count 
how many numbers up to 300 are multiples of 3 or 5. - The 
number of multiples of 3 up to 300 is ⌊300/3⌋=100
. - The number of multiples of 5 up to 300 is ⌊300/5⌋=60
. - The number of multiples of both 3 and 5 (i.e., multiples of 15) 
up to 300 is ⌊300/15⌋=20
. Using the principle of inclusion-exclusion, the total number of 
multiples of 3 or 5 up to 300 is:
100+60−20=140
**Step 2: Subtracting Multiples of 10 and 15** Next, we need to 
exclude the numbers that are multiples of 10 or 15 from our 
previous count. - The number of multiples of 10 up to 300 is 
⌊300/10⌋=30
. - The number of multiples of 15 up to 300 is already calculated 
as 20. However, we must be careful not to double-count the 
multiples of 30 (since they are counted in both multiples of 10 
and 15). - The number of multiples of 30 up to 300 is 
⌊300/30⌋=10. So, the number of multiples of 10 or 15 up to 300 is:
30+20−10=40
**Step 3: Final Calculation** Subtract the multiples of 10 or 15 
from the total multiples of 3 or 5:
140−40=100
Therefore, the number of positive integers less than or equal to 
300 that are multiples of 3 or 5, but are not multiples of 10 or 15 
is 100.

Figure 5: Bad Case: Answer comparison on a Math reasoning problem, illustrating the difference between the
original output and the EASD-output.

token is inherently problematic, their combination
encouraged the model to introduce an overly re-
strictive justification for which elements should be
excluded from the count.

The problem requires the inclusion-exclusion
principle to be applied carefully, with explicit con-
sideration of the overlap between multiples of 10
and multiples of 15. Instead of accounting for all
relevant sets and their intersections, the EASD-
enhanced model mistakenly treated the exclusion
step as if only the multiples of 10 needed to be
subtracted from the total number of multiples of 3
or 5. In doing so, it failed to handle the overlapping
elements correctly. This incomplete application
of inclusion-exclusion caused some integers to be
counted more than once, producing an overcount
and leading to the final answer 110 rather than the
correct answer 100.

Importantly, the resulting reasoning may still ap-
pear fluent and locally coherent. The word since
introduces what seems to be a causal explanation,
while only presents the subsequent restriction as
justified and exhaustive. Together, these tokens
make the flawed counting step sound more defini-
tive than it actually is. Once this incorrect restric-
tion is established, the later arithmetic follows nat-
urally from it, meaning that the model does not
revisit the underlying set relationships or verify
whether every intersection has been handled appro-
priately.

This failure highlights a limitation of token-level
intervention. EASD modifies tokens according to

uncertainty-related signals during decoding, but a
locally preferable token does not necessarily cor-
respond to a globally correct reasoning trajectory.
In highly structured tasks such as combinatorial
counting, correctness depends on maintaining sev-
eral logical constraints simultaneously. A token
that appears reasonable in its immediate context
may still encourage the model to omit a necessary
case, mishandle an overlap, or prematurely simplify
the problem.

Therefore, while EASD can reduce certain forms
of early error propagation, it cannot guarantee error-
free reasoning in every instance. The method is
most effective when replacing an uncertain token
redirects the model toward a more appropriate se-
mantic or conceptual path. However, when cor-
rectness depends on a precise sequence of interde-
pendent operations, modifying one or more tokens
may introduce a different but equally plausible rea-
soning error. This bad case consequently illustrates
both the effectiveness and the boundary of EASD:
token-level correction can improve the probability
of reaching a valid reasoning path, but it cannot
fully replace explicit verification of global logical
consistency.

G Hyperparameter Sensitivity Study

We conduct a hyperparameter sensitivity study to
examine how the entropy threshold and the overlap
threshold affect the performance of EASD. These
two thresholds jointly determine when the entropy-
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aware rejection mechanism is activated. The en-
tropy threshold controls whether both the draft and
target models are sufficiently uncertain at a given
decoding step, while the overlap threshold mea-
sures whether the two models are uncertain in a
similar region of the token space. Therefore, differ-
ent threshold combinations directly influence how
frequently EASD intervenes during generation.

Table 8 reports the accuracy results across six
reasoning datasets under entropy thresholds of 1,
1.5, and 2, and overlap thresholds of 0.2, 0.4, 0.6,
0.8, and 1. Overall, the results show that EASD is
reasonably robust across a wide range of threshold
settings. Although the absolute performance varies
across datasets, most configurations remain com-
petitive, indicating that the method is not overly
dependent on a single carefully tuned hyperparam-
eter choice.

Several trends can be observed. First, increasing
the entropy threshold generally reduces the number
of intervention points, because only highly uncer-
tain decoding steps satisfy the rejection condition.
This often leads to stronger average performance,
suggesting that EASD benefits from focusing on
more selective and high-risk tokens rather than
modifying generation too aggressively. Second,
the overlap threshold also plays an important role.
A higher overlap threshold requires stronger agree-
ment between the uncertain regions of the draft and
target distributions, which further restricts interven-
tion to cases where both models appear uncertain
in a similar way.

The best average performance is achieved when
the entropy threshold is 2 and the overlap threshold
is 0.8. This setting also performs particularly well
on AIME24 and GPQA, two challenging reasoning
benchmarks where early token choices can strongly
influence the subsequent reasoning trajectory. In
contrast, AMC23 obtains its best result under a
stricter overlap threshold of 1, suggesting that the
optimal degree of intervention can vary slightly
across datasets.

Overall, these results indicate that the default set-
ting used in our experiments, namely τH = 2 and
τO = 0.8, provides a strong trade-off between inter-
vention frequency and output quality. It is selective
enough to avoid excessive perturbation, while still
allowing EASD to correct uncertain token choices
that may otherwise lead to downstream reasoning
errors.

Table 8: EASD accuracy under different entropy thresh-
olds τH and overlap thresholds τO (%).

τH τO Oly. Min. M500 AMC AIME GPQA Avg

1
0.2

45.33 46.69 80.40 67.50 13.33 43.94 49.53
1.5 46.22 44.85 82.40 62.50 13.33 49.49 49.80
2 47.41 44.85 80.80 65.00 20.00 52.53 51.77

1
0.4

45.33 47.06 80.20 65.00 13.33 44.44 49.23
1.5 46.22 44.85 82.40 62.50 13.33 50.51 49.97
2 47.41 44.12 80.60 65.00 20.00 54.04 51.86

1
0.6

45.04 48.16 79.20 67.50 13.33 45.45 49.78
1.5 46.37 45.59 82.00 62.50 13.33 52.02 50.30
2 48.30 45.59 80.80 65.00 20.00 50.51 51.70

1
0.8

44.89 47.06 81.60 67.50 16.67 46.46 50.70
1.5 45.33 48.16 82.00 62.50 20.00 51.52 51.59
2 48.15 47.06 80.80 62.50 23.33 55.55 52.89

1
1.0

46.52 44.85 79.20 77.50 16.67 46.47 51.87
1.5 47.41 43.75 81.40 67.50 16.67 47.48 50.70
2 46.81 46.32 81.20 62.50 20.00 49.49 51.05

G.1 Sensitivity to the Top-n Candidate Set
Size

The preceding analysis varies the overlap thresh-
old τO while fixing the size of the candidate sets
used to compute overlap. We separately study this
candidate-set size, denoted by n, because it deter-
mines how much of the high-probability region is
used to measure draft–target agreement. A very
small n may omit plausible alternatives, whereas
a large n may include low-probability tail tokens
and make the overlap signal less selective. We eval-
uate n ∈ {5, 20, 40} using Qwen-2.5 (7B–32B),
while keeping the remaining EASD configuration
unchanged.

Table 9 shows that EASD outperforms SD for
all three candidate-set sizes. The average score
increases slightly from 52.89 at n = 5 to 53.16
at n = 20, before decreasing to 51.42 at n = 40.
The result at n = 20 indicates that the default
n = 5 is not selected solely because it maximizes
the reported average. More importantly, the con-
sistent gains over SD show that the effectiveness
of EASD does not depend on one carefully chosen
value of n. We retain n = 5 as the compact de-
fault used throughout the main experiments, since
it focuses the agreement measure on the highest-
probability region and avoids introducing addi-
tional low-probability candidates.

Table 9: Sensitivity to the top-n candidate-set size using
Qwen-2.5 (7B–32B). This parameter is distinct from the
overlap threshold τO evaluated in Table 8.

Method Oly. Min. M500 AMC AIME GPQA Avg.

SD 45.33 45.22 80.80 57.50 13.33 49.49 48.61
EASD (n = 5) 48.15 47.06 80.80 62.50 23.33 55.55 52.89
EASD (n = 20) 47.56 46.32 82.60 72.50 20.00 50.00 53.16
EASD (n = 40) 46.52 45.59 81.40 65.00 20.00 50.00 51.42
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H Penalized Token Frequency Analysis

To better understand how the entropy-aware rejec-
tion mechanism behaves under different hyperpa-
rameter settings, we further analyze the frequency
of penalized tokens. Table 10 reports the propor-
tion of tokens affected by the penalty mechanism
across the same combinations of entropy and over-
lap thresholds used in the hyperparameter sensitiv-
ity study. This analysis complements the accuracy
results in Table 8, since it reveals how aggressively
EASD intervenes during decoding.

The results show a clear and consistent pattern.
As the entropy threshold increases, the frequency
of penalized tokens decreases substantially. This is
expected because a higher entropy threshold only
allows intervention at decoding steps where both
the draft and target models are highly uncertain.
Similarly, increasing the overlap threshold also re-
duces the penalty frequency, because the mech-
anism requires stronger overlap between the top
predictions of the two models. In other words, both
thresholds serve as filters that control the selectivity
of EASD.

This selectivity is important for maintaining sta-
ble generation quality. If the penalty mechanism
is activated too frequently, it may disturb tokens
that are already reasonably reliable, introducing
unnecessary noise into the decoding process. Con-
versely, if the mechanism is activated too rarely, it
may miss uncertain tokens that could trigger incor-
rect reasoning trajectories. The results suggest that
EASD works best when it intervenes on a small
but meaningful subset of tokens rather than broadly
modifying the generation distribution.

The setting τH = 2 and τO = 0.8 penalizes
only 1.34% of tokens on average, yet it achieves
the best average accuracy in Table 8. This observa-
tion supports the central design principle of EASD:
effective improvement does not require frequent
intervention. Instead, targeted rejection at a lim-
ited number of high-uncertainty positions can be
sufficient to alter the reasoning path and prevent
error propagation. The much lower penalty fre-
quency under stricter thresholds also explains why
EASD can preserve efficiency and avoid substan-
tial disruption to the standard speculative decoding
process.

Overall, the penalty frequency analysis shows
that EASD provides a controllable mechanism for
token-level intervention. By adjusting the entropy
and overlap thresholds, one can trade off between

more aggressive exploration and more conservative
decoding, while the default setting offers a practical
balance between correction strength, stability, and
efficiency.

Table 10: Frequency of penalized tokens under different
entropy thresholds τH and overlap thresholds τO (%).

τH τO Oly. Min. M500 AMC AIME GPQA Avg

1
0.2

7.69 8.98 6.97 8.05 9.85 26.34 11.31
1.5 3.05 4.18 2.70 3.38 4.91 15.10 5.55
2 1.11 1.71 0.91 1.30 1.57 8.47 2.51

1
0.4

7.65 8.85 6.99 7.98 9.97 25.87 11.22
1.5 3.03 4.14 2.70 3.37 4.91 15.03 5.53
2 1.10 1.67 0.91 1.29 1.57 8.73 2.55

1
0.6

7.42 8.61 6.66 7.69 9.32 22.96 10.44
1.5 2.89 3.83 2.62 3.14 4.37 13.51 5.06
2 1.01 1.49 0.87 1.18 1.43 6.94 2.15

1
0.8

5.79 6.73 5.67 6.13 7.53 14.28 7.69
1.5 2.16 3.00 2.02 2.34 3.05 8.11 3.45
2 0.70 0.97 0.63 0.77 0.97 3.97 1.34

1
1.0

1.98 2.40 2.13 1.94 2.61 3.38 2.41
1.5 0.70 0.94 0.77 0.73 0.87 1.81 0.97
2 0.18 0.26 0.19 0.19 0.22 0.72 0.29
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