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Abstract

Autoregressive decoding inherently limits the
inference throughput of Large Language Model
(LLM) due to its sequential dependency. Spec-
ulative decoding mitigates this by verifying
multiple predicted tokens in parallel, but its
efficiency remains constrained by what we
identify as verification heterogeneity—the un-
even difficulty of verifying different specula-
tive candidates. In practice, a small subset of
high-confidence predictions accounts for most
successful verifications, yet existing methods
treat all candidates uniformly, leading to redun-
dant computation. We present HeteroSpec,
a heterogeneity-adaptive speculative decod-
ing framework that allocates verification effort
in proportion to candidate uncertainty. Het-
eroSpec estimates verification complexity us-
ing a lightweight entropy-based quantifier, par-
titions candidates via a data-driven stratification
policy, and dynamically tunes speculative depth
and pruning thresholds through coordinated op-
timization. Across five benchmarks and four
LLMs, HeteroSpec delivers an average 4.24 X
decoding speedup over state-of-the-art meth-
ods such as EAGLE-3, while preserving exact
output distributions. Crucially, HeteroSpec re-
quires no model retraining and remains compat-
ible with other inference optimizations, making
it a practical direction for improving specula-
tive decoding efficiency.

1 Introduction

Autoregressive decoding serves as the foundation
for modern large language models (LLMs), en-
abling high-quality text generation across diverse
applications such as dialogue systems, summariza-
tion, and question answering (Brown et al., 2020;
Touvron et al., 2023; Vaswani et al., 2023; OpenAl
et al., 2024). However, this sequential generation
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paradigm introduces a significant computational
bottleneck, as each token requires a complete for-
ward pass through the target model (Kasai et al.,
2021; Shazeer, 2019). Developing inference accel-
eration techniques that preserve output quality and
distributional correctness is therefore essential for
scalable LLM deployment.

Speculative decoding has emerged as an effec-
tive approach to mitigate this sequential bottle-
neck (Chen et al., 2023; Leviathan et al., 2023).
This paradigm employs a smaller draft model to
propose candidate token sequences, which are sub-
sequently validated in parallel by the target model,
reducing sequential forward passes while maintain-
ing exact distributional guarantees through rejec-
tion sampling. Recent advances have explored di-
verse strategies: Medusa (Cai et al., 2024) uses par-
allel prediction heads, EAGLE-2 (Li et al., 2024)
introduces confidence-guided dynamic draft trees,
and EAGLE-3 (Li et al., 2025a) leverages multi-
layer feature aggregation with relaxed training con-
straints to improve draft quality.

Despite this progress, speculative decoding still
faces a fundamental challenge stemming from the
dynamic and heterogeneous nature of token pre-
diction. As characterized by Zipf’s Law (Zipf,
1949), natural language exhibits a highly skewed
distribution: a small set of high-frequency patterns
constitutes the bulk of text, while a long tail of com-
plex, low-frequency structures proves computation-
ally challenging. Consequently, text generation is
far from uniformly predictable; it constantly transi-
tions between highly frequent, easily anticipatable
patterns and complex, low-frequency structures,
leading to dynamically fluctuating "decoding diffi-
culty" during generation.

Current dynamic methods (Brown et al., 2024;
Zhang et al., 2024c; Huang et al., 2024; Zhang
et al., 2024b) recognize this need for adaptation,
employing confidence metrics or trained predic-
tors to control drafting length and stopping crite-
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ria. However, these approaches primarily focus on
optimizing draft generation while the verification
phase—which constitutes 67-90% of total compu-
tation—receives limited attention for fine-grained
adaptation. Moreover, static thresholds and pre-
trained predictors struggle with the context com-
plexity of language, making adaptive controls frag-
ile across diverse generation scenarios.

To understand this challenge, we empirically pro-
file the draft acceptance process in EAGLE-3 (§3).
Our analysis reveals a pronounced verification het-
erogeneity ' in draft acceptance outcomes: a small
fraction of high-confidence, top-ranked draft can-
didates are disproportionately responsible for ac-
cepted tokens and contribute significantly to ac-
celeration, while the majority yield minimal or no
accepted prefixes. This highlights the inefficiency
of uniformly processing all candidates and strongly
suggests that dynamically allocating computational
resources, particularly the computationally expen-
sive verification effort, based on predicted confi-
dence and linguistic complexity, can substantially
improve efficiency by prioritizing the most promis-
ing candidates.

Motivated by these empirical insights, we
introduce HeteroSpec (Heterogeneity-Adaptive
Speculative Decoding), a framework that addresses
the verification bottleneck through complexity-
aware adaptive optimization. HeteroSpec com-
prises three synergistic components that col-
lectively transform uniform speculation into
heterogeneity-adaptive resource allocation. First,
it introduces a contextual complexity quantifica-
tion module that assesses real-time generation pre-
dictability using a novel cumulative meta-path Top-
K entropy metric. Second, based on this complex-
ity score, an adaptive decision framework employs
data-driven entropy stratification to partition the
generation process into distinct, actionable regimes.
Finally, coordinated adaptive optimization mecha-
nisms leverage these regimes to dynamically adjust
speculative depth, prune unpromising candidates,
and select efficient computational graphs, thereby
allocating verification resources where they are
most effective.

Across five representative benchmarks span-
ning diverse task categories and four open-source

'We adopt the systems perspective of “heterogeneity,” de-
scribing variance in computational requirements and resource
efficiency across execution contexts. This differs from the
mathematical interpretation where concentrated outcomes rep-

resent homogeneity, and aligns with systems literature conven-
tions (e.g., “heterogeneous workloads”).

LLMs, HeteroSpec achieves a 4.24x average
speedup, consistently outperforming the state-of-
the-art EAGLE-3 across all scenarios while main-
taining exact distributional guarantees. This im-
provement costs less than 1% additional overhead,
yielding a net gain in overall inference speed. Het-
eroSpec is orthogonal to existing acceleration tech-
niques and requires no model retraining for deploy-
ment. Our main contributions are:

* Empirical Characterization of Heterogene-
ity: We demonstrate that a small fraction
of high-confidence candidates disproportion-
ately drive the majority of successful specula-
tion. We establish this heterogeneity as a criti-
cal, previously overlooked performance bot-
tleneck, thereby creating a new, data-driven
foundation for optimization. (§3)

* The HeteroSpec Framework: We design
and implement HeteroSpec, a novel adap-
tive decoding framework that integrates real-
time complexity quantification, data-driven
decision-making, and coordinated multi-level
optimizations to dynamically allocate compu-
tational resources. (§4)

* Comprehensive Empirical Validation: Ex-
periments show that HeteroSpec significantly
outperforms state-of-the-art methods across
diverse models and benchmarks, establishing
a new, more efficient standard for speculative
decoding while providing in-depth analyses
of its performance and robustness. (§5)

2 Preliminaries

2.1 Speculative Decoding

Speculative decoding (Chen et al., 2023; Leviathan
et al., 2023) accelerates autoregressive LLM in-
ference while preserving the exact target model
probability distribution. A lightweight draft model
proposes k candidate tokens Tj+1:j+k following
prefix T7.;, which the target model processes in
parallel. In the verification stage, tokens are val-
idated sequentially: ;; is accepted with proba-
bility Aj;; = min (1, M), where p and p
Dj+i(tj+i)

denote target and draft distributions. Upon rejec-
tion, a token is sampled from residual distribution
Dj+i — Pj+i to maintain fidelity, subsequent drafts
are discarded, and decoding resumes from j + <.
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2.2 EAGLEs and its Draft Tree Construction

Building on standard speculative decoding, the EA-
GLE family significantly advances LLM inference
acceleration. Its key innovation is dynamic draft
tree construction, introduced in EAGLE-2 (Li
et al., 2024). This approach moves beyond fixed-
length drafts by adaptively proposing candidate
sequences in tree structures through two stages: Ex-
pansion and Reranking. EAGLE-3 (Lietal., 2025a)
refines this framework, enhancing predictive power
by removing feature loss constraints and incorpo-
rating multi-layer information. The dynamic tree
construction process in EAGLE-2 consists of the
following two phases:

* Expansion: EAGLE-2 constructs preliminary
draft tree T} by expanding nodes with Top-k
tokens from draft model distribution p. Ex-
pansion prioritizes branches with high esti-
mated global acceptance values V;, defined
as the product of acceptance probabilities
along the path from root to node ¢. True
acceptance probability A; is approximated
by draft model confidence score c;, yielding
Vi = Htj EPath(root,7) Cj- EXpansion is limited
by maximum depth d.

* Reranking: All 77 nodes are re-evaluated by
global acceptance values V;. Top-/N nodes
with highest V; form pruned subtree 75, main-
taining validity since V; is bounded by ances-
tors. 15 undergoes parallel target model veri-
fication using tree-mask attention to compute
all token probabilities p simultaneously.

3 Observations

3.1 The Verification Bottleneck

The target model verification stage constitutes the
primary computational bottleneck in speculative
decoding. As illustrated in Figure 1(b), this stage
consumes a staggering 67-90% of the total run-
time across different model sizes. This substantial
cost stems from the large size and complexity of
target models. Consequently, improving overall
inference efficiency critically depends on optimiz-
ing this stage, which can be achieved through two
principles: (1) reducing the frequency of required
verifications, and (2) decreasing the computational
cost of each verification pass.

3.2 Characterizing Heterogeneity

To analyze successful draft acceptance dynamics,
we introduce the metric of Terminal Confidence
Rank (TCR). As depicted in Figure 1(a), TCR is
defined as the rank (among the Top-N candidate
sequences generated by the reranking phase) of
the longest prefix ultimately accepted by the target
model in a given decoding iteration.

Empirical analysis using EAGLE3-LLAMA3.1-
8B on MT Bench (Zheng et al., 2023) reveals sig-
nificant heterogeneity in the speculative decoding
process (we provide additional experimental evi-
dence of this heterogeneity across more models
and datasets in Appendix A.1). Figure 1(c) and
(e) show that Terminal Confidence Rank is heavily
concentrated among the top 25% of Top-NN can-
didates. Furthermore, Figure 1(d) shows a strong
correlation between lower TCRs and longer aver-
age accepted lengths, often approaching the max-
imum acceptance length. These findings indicate
that sequences originating from high-confidence,
top-ranked draft candidates are substantially more
likely to be accepted and yield greater length gains.

This observed heterogeneity aligns with the na-
ture of language and phenomena like Zipf’s Law,
whereby a small number of high-frequency patterns
(such as common words and punctuation) make up
the majority of natural language text. Simple, high-
frequency linguistic patterns are more accurately
predicted by the draft model, resulting in higher
confidence (lower TCR) and higher acceptance
probabilities leading to longer accepted prefixes.
Conversely, complex or low-frequency structures
are harder to predict, resulting in lower confidence
(higher TCR) and shorter accepted lengths. As
draft models improve, they expand the scope of
patterns that can be reliably predicted, effectively
reclassifying previously complex structures as sim-
ple, predictable patterns, thereby potentially ampli-
fying this heterogeneity effect.

3.3 Implications for Further Optimization

Our empirical analysis reveals a pronounced het-
erogeneity in the success of draft candidates. We
observe that a small fraction of high-confidence
paths generates the vast majority of successfully
accepted tokens, as shown in Figure 1(c-e). These
high-potential paths are often characterized by a
low TCR. Conversely, a large volume of draft can-
didates contributes little to no accepted sequence
length, representing a significant source of redun-
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Figure 1: Key empirical observations with EAGLE-3. (a) Illustration of the Terminal Confidence Rank (TCR).
(b) Breakdown of runtime overhead during single-turn speculative decoding for models of different sizes. (c)
Distribution of Terminal Confidence Rank within the Top- N draft candidates (with prominent values highlighted
in orange). (d) Correlation between Average Acceptance Length and Terminal Confidence Rank. The initial rise
reflects increasing maximum acceptance length as TCR grows, until reaching the maximum draft depth. (e) Quantile
analysis of the Terminal Confidence Rank distribution, showing concentration within the top percentiles of Top-IV.

dant computation during the expensive verification
stage. This clear asymmetry between a draft’s po-
tential and its final outcome is the central insight
for further optimization.

Leveraging this insight, a clear optimization
strategy emerges: dynamically allocate verifi-
cation resources by prioritizing high-potential
draft paths. Rather than treating all candidates
uniformly, this approach concentrates the target
model’s computational budget on the branches
most likely to yield long accepted sequences. This
alignment of verification effort with the empirical
likelihood of success directly maximizes the return
on investment for each verification call.

4 Methodology

HeteroSpec comprises three synergistic compo-
nents: Section 4.1 introduces contextual complex-
ity quantification for real-time predictability as-
sessment; Section 4.2 presents an adaptive deci-
sion framework that stratifies complexity patterns
through data-driven partitioning; Section 4.3 devel-
ops coordinated adaptive optimization mechanisms
that dynamically allocate computational resources
based on complexity assessment. Figure 2 illus-
trates the unified framework.

4.1 Contextual Complexity Quantification

The fundamental challenge in adaptive specula-
tive decoding lies in distinguishing between high-
predictability contexts that enable aggressive specu-
lation and complex contexts requiring conservative
approaches. To address this challenge, we intro-
duce the Cumulative Meta-Path Top- K Entropy
as our complexity oracle. For a candidate specula-
tion path P = (x1,xa, ..., x7), we define:

T
BP) = L(P)=-)

t=1 1i=1

Top-K

Dt logpss (1)

where Z,(P) captures the instantaneous uncer-
tainty at position ¢, and p; ; represents the normal-
ized probabilities of the Top-K tokens.

This design is motivated by two key principles:
(1) Empirical foundation—simple, well-structured
contexts exhibit highly skewed probability distri-
butions with low per-step entropy, making cumu-
lative entropy an effective discriminator for pre-
dictable generation patterns; (2) Computational ef-
ficiency—the Top-K approximation ensures O (K -
T') complexity suitable for real-time assessment.

For the operational metric, we focus on the can-
didate path P* with the highest final-token confi-
dence, i.e., P* = arg maxp Pg",PT‘gp-r We compute
®(P*) as the confidence indicator for the specula-
tion tree at that step. We provide additional experi-
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Figure 2: Illustration of the HeteroSpec framework, where @, ®, and @ represent our three unique modules. We
demonstrate the main differences between HeteroSpec and EAGLE-3 in the inference pipeline using an example of
an EAGLE drafting tree with Top-K=2, Top-IN=20, and Depth=5.

mental validation of this metric’s effectiveness in
Appendix A.2.

4.2 Adaptive Decision Framework

The continuous nature of contextual complexity
requires a principled method to discretize the
complexity space into actionable decision regions
that enable systematic resource allocation policies.
Manual threshold specification lacks adaptability
and fails to capture the nuanced relationships be-
tween complexity patterns and speculation out-
comes.

We establish a data-driven decision frame-
work that learns optimal complexity boundaries
from empirical speculation trajectories, leveraging
the interpretability and discretization strengths of
Classification and Regression Tree (CART) algo-
rithms (Breiman et al., 1984). We train a 3-layer
CART regression tree on a large corpus drawn from
the ShareGPT dataset, which was originally uti-
lized for draft model training. From this corpus,
we extract fully accepted draft paths to construct
our training dataset D = {(x®, y®)}¥ where
x() = ®(P*()) represents the cumulative meta-
path Top-K entropy and y*) denotes the Terminal
Confidence Rank for the path P*. For each po-
tential split threshold s, the framework minimizes
within-partition variance of success outcomes:

| D]
Z ﬁ Z (y— Nj)Q
j€{left,right} (x,y)€D;

where D; represents the resulting partitions and
p; denotes the average rank in each partition.

L(s) = @)

Through recursive application of this optimiza-
tion criterion, we construct a 3-layer decision
tree yielding 8 non-overlapping entropy bins
{Bo, B1, ..., B7}. We concentrate optimization ef-
forts on the low-entropy bins B; = U?:o B;, which
exhibit the highest potential for aggressive specu-
lation strategies and align with Zipf’s law observa-
tions about high-frequency pattern dominance in
natural language.

The shallow decision tree achieves 2.4s training
time on H20-3e GPU while maintaining computa-
tional efficiency. Once trained, the decision tree is
automatically integrated into the system and gen-
eralizes to all task types without task-specific
retraining or fine-tuning, enabling efficient and
fully automated deployment. This data-driven ap-
proach eliminates manual hyperparameter tuning
while ensuring theoretical consistency through em-
pirical risk minimization. Further analysis of de-
cision tree selection, configuration sensitivity, and
cross-domain generalization (Natural Questions,
SciQ, MedQA) is provided in Appendices A.3, A.4,
and A.S.

4.3 Coordinated Adaptive Optimization

Having established complexity quantification and
stratification, we implement three synergistic mech-
anisms that transform uniform speculation into
adaptive resource allocation. Figure 2 presents
an inference pipeline, highlighting the main differ-
ences between EAGLE-3 and HeteroSpec.
Dynamic Extended Drafting.: For contexts
assigned to low-entropy bins, we extend spec-
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ulation depth based on complexity assessment:
d'(B;) = dpase + A(B;) where A(B;) = a — i pro-
vides complexity-aware depth extension. Given the
persistent prevalence of high-frequency and struc-
turally simple patterns in natural language, when
the current draft path falls into a low-entropy bin,
subsequent speculative tokens are also likely to re-
main within low-entropy regions. In this scenario,
increasing the speculative depth extends expected
length of accepted segments, thereby reducing the
total number of verifications required. Even in rare
cases where the speculative extension departs from
the low-entropy regime, the verification cost is only
paid once for the entire segment, amortizing the
computational overhead.

Top-N Pruning: Rather than uniformly pro-
cessing all candidates, we dynamically adjust the
verification set size: N'(B;) = 7; - Ngefaure + A(B;)
where v; implements conservative upper bounds
(71 = 0.3, y2 = 0.6, v3 = 1.0) for the low-entropy
bins. This mapping avoids the brittleness and com-
plexity of manual hyperparameter tuning by adopt-
ing a conservative upper-bound policy: by retaining
a relatively large quantile of candidates for each
bin, we reliably capture the most likely accepted
branches while significantly reducing unnecessary
verification on unlikely candidates.

Dynamic Computational Adaptation: The
varying speculation configurations introduce per-
iteration variations in computation graph structure.
To maintain inference efficiency under such dy-
namic control flow, we employ just-in-time compi-
lation to generate and cache specialized computa-
tion graphs G(13;) for distinct complexity regions,
enabling effective operator fusion and computa-
tional reuse. This ensures that high-throughput
inference is preserved, even as speculative depth
and candidate set size dynamically change during
decoding.

Quantitative overhead analysis confirms that our
approach introduces negligible computational and
memory costs (see Appendix A.6).

5 Experiments

Tasks. To demonstrate the generality of Het-
eroSpec, we conduct a comprehensive evaluation
without task-specific fine-tuning across five repre-
sentative benchmarks spanning key task categories:
multi-turn dialogue (MT Bench Zheng et al., 2023),
code generation (HumanEval Chen et al., 2021),
mathematical reasoning (GSM8K Cobbe et al.,

2021), instruction following (Alpaca Taori et al.,
2023), and summarization (CNN/Daily Mail Nalla-
pati et al., 2016).

Models. We evaluate four representative LLMs
spanning diverse model scales: Vicuna 13B (Chi-
ang et al., 2023), LLaMA-Instruct 3.1 8B, LLaMA-
Instruct 3.3 70B (Grattafiori et al., 2024), and
DeepSeek-R1-Distill-LLaMA 8B (Guo et al.,
2025). Experiments on 8B/13B models utilize 1 x
NVIDIA H20-3e 141G GPU, while the 70B model
requires 2x H20-3e GPUs due to memory con-
straints. Additionally, experimental results on other
GPU types (A800 80G, L40 40G) are provided in
the Appendix A.7.

Metrics. HeteroSpec is intended to reduce the
verification cost of the target model; therefore, we
introduce two device-independent metrics: total
validation calls and total verification tokens. Het-
eroSpec preserves the target model architecture and
maintains strict acceptance conditions; therefore,
generation quality evaluation is unnecessary.

* Speedup Ratio: Actual acceleration com-
pared to vanilla autoregressive decoding.

* Average Acceptance Length (7): Mean to-
kens generated per drafting-verification cycle.

« Total Validation Calls (Calls) / Total Verifi-
cation Tokens(Tokens): The former counts
target model invocations during decoding,
while the latter quantifies cumulative tokens
processed across all validation steps. Together,
these metrics capture the computational over-
head of candidate verification.

Baseline. We benchmark against state-of-the-art
EAGLE-3 (Li et al., 2025a), adopting identical hy-
perparameters (Depth, Top-K, Top-N) from the
official implementation. We also compare with al-
ternative speculative decoding paradigms (Medusa,
Hydra) and adaptive-length strategies (AdaEDL)
in Appendix A.9 and A.10, demonstrating Het-
eroSpec’s complementary advantages. Since this
study does not involve training the draft model,
and to avoid the confounding effect of randomness
on the interpretation of our method’s effectiveness,
only the case of temperature=0 is considered by
default throughout the following analysis. Detailed
analysis of the temperature=1 case is provided in
Appendix A.8.
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MT-bench HumanEval GSMSK Alpaca CNN/DM Mean
Model Method Speedup T Speedup T Speedup T Speedup T Speedup T Speedup T
Calls Tokens Calls Tokens Calls Tokens Calls Tokens Calls Tokens Calls Tokens
EAGLE3 322X 6.56 3.78x 7.73 331x 6.40 331x 6.51 2.87x 6.54 3.30% 6.75
V138 - 6257 327026 3427 171598 2421 123480 2058 108192 1975 101185 3228 166296
HeteroSpec 333 7.10 4.45x 9.05 3.42x 6.67 3.45x 6.70 3.04x 7.07 3.58x 7.32
P 5937 278942 2948 119753 2321 109919 2011 101778 1860 86147 3015 139308
EAGLES 343 6.15 3.95x 6.83 3.69x 6.32 3.79% 6.84 2.92x 5.39 3.56x 6.31
L31 8B 8687 541384 4118 248272 2465 150568 2563 161660 4009 245204 4368 269418
HeteroS 3.74x 6.44 4.43x 7.46 3.81x 6.53 3.99x 7.08 311x 5.47 3.82x 6.60
CIETOSPEC 8357 489985 3799 196029 2379 141487 2462 151801 3878 232705 4175 242401
EAGLE3 333 5.64 6.49x 6.67 5.95x 6.22 5.89% 6.58 4.36x 5.01 5.60x 6.02
L33 70B - 10099 499187 4702 225788 2372 115996 2890 146264 4345 211970 4882 239841
HeteroSpec  5-38% 5.80 6.76x 7.02 6.06x 6.40 6.02x 6.82 4.43x 5.04 573x 6.22
p 9696 444761 4478 169249 2313 103342 2829 134361 4340 204626 4731 211268
EAGLES 350 5.88 3.87x 6.58 4.12x 7.09 3.25% 5.62 2.82x 5.02 3.51x 6.04
DSL SB 6965 425803 6331 387689 4809 295413 7086 434004 8139 499494 6666 408481
HeteroS 3.78x 6.12 4.19x 6.82 4.64x 7.89 3.56x 575 2.99x 5.07 3.83x 6.33
CleroSpec 6787 398080 6135 356517 4374 226139 6962 418119 8085 487250 6469 377221

Table 1: Speedup ratios, average acceptance lengths (7), total validation calls (Calls), and total verification tokens
(Tokens) of different methods. V represents Vicuna, L31 represents LLaMA-Instruct 3.1, L33 represents LLaMA-
Instruct 3.3, and DSL represents DeepSeek-R1-Distill-LLaMA.

5.1 Effectiveness

Table 1 demonstrates that HeteroSpec consistently
outperforms EAGLE-3 across all evaluated datasets
and LLMs on four key metrics: speedup ratio, av-
erage acceptance length, total validation calls, and
total verification tokens. Our method achieves an
average 4.24x speedup over autoregressive decod-
ing with an average acceptance length of 6.62.

In the code generation task (HumanEval), Het-
eroSpec demonstrates the most significant perfor-
mance gains. This superiority arises from the high
predictability of predominantly templated code
structures, with EAGLE-3 typically exhibiting high
confidence and being assigned to low-entropy bins.
Through dynamic extended drafting, HeteroSpec
facilitates extended token sequence acceptance,
achieving a 5.65% reduction in target model ver-
ifications. Additionally, Top-N pruning yields a
22.79% decrease in verification tokens while pre-
serving generation accuracy.

For the summarization task (CNN/DM), in-
creased output diversity and unpredictability dimin-
ish draft-target model alignment, leading to shorter
average accepted lengths for EAGLE-3, with more
frequent assignments to high-entropy bins. Conse-
quently, HeteroSpec’s performance gains in these
tasks are comparatively modest, and its behavior
partially converges towards EAGLE-3. Neverthe-
less, these results demonstrate HeteroSpec’s robust
adaptability and effectiveness across diverse mod-
els and tasks, consistently reducing target model
validation overhead.

HeteroSpec maintains orthogonality to exist-
ing draft model optimization techniques, achiev-
ing correspondingly greater performance gains
as draft models improve without any additional
cost. EAGLE-3 further enhances mathematical
reasoning capability by additionally training the
DeepSeekR1-Distill-LLaMA 8B model on the
OpenThoughts114k-math dataset, resulting in even
more pronounced improvements for HeteroSpec on
GSMS8K—demonstrating this scaling effect.

5.2 Ablation Study

To systematically assess each optimization, we con-
ducted ablation experiments progressively integrat-
ing our three adaptive mechanisms upon EAGLE-3.
Table 2 demonstrates that Dynamic Extended Draft-
ing yields the most substantial performance gains.
Its underlying mechanism is that, when cumulative
meta-path Top-K entropy is low, the probability
that an initially drafted token is accepted at all lay-
ers increases significantly. This enables subsequent
tokens’ verification costs to be amortized together
with the initial draft tokens, regardless of whether
these subsequent tokens fall into low-entropy bins.
Given the prevalence of simple patterns in natu-
ral language, subsequent tokens typically remain
within low-entropy regions, further amplifying this
cost-sharing benefit. This mechanism increases
average accepted length and reduces total verifi-
cations by 11.09%, substantially alleviating the
verification bottleneck.

Top-N Pruning achieves a 19.85% reduction
in verification tokens with minimal impact on ac-
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| LLaMA3.1-8B | Vicuna-13B | LLaMA3.3-70B
Method | Speedup 7  Calls Tokens | Speedup 7  Calls Tokens | Speedup 7  Calls Tokens
EAGLE-3 3.95% 6.83 4118 248272 3.78x 7.73 3427 171598 6.49 % 6.67 4702 225788
+DED 4.35x% 7.54 3757 226796 4.38x 9.13 2900 144893 6.71x 7.18 4367 209620
+TNP 4.31x 7.46 3799 196029 4.36 % 9.05 2948 119753 6.68 x 7.02 4428 169249
+DCA 4.43x 746 3799 196029 4.45% 9.05 2948 119753 6.76x 7.02 4428 169249

Table 2: Ablation study on HumanEval dataset across three models of different sizes. DED (Dynamic Extended
Drafting), TNP (Top-N Pruning), and DCA (Dynamic Computational Adaptation) are incrementally integrated;
each row represents the ablation result after adding the corresponding module to the previous configuration.

cepted length (0.11 decrease). This demonstrates
that the strategy can select, at key decision points,
the most likely-to-be-accepted critical paths dynam-
ically and at minimal cost. Notably, although there
is a slight 0.59% decrease in the speedup metric,
this reflects GPU underutilization in single-batch
H20-3e scenarios rather than algorithmic limita-
tions; In the discussion of complex multi-batch
scenarios (see Section A.11), this strategy reveals
greater potential for acceleration. Dynamic Com-
putational Adaptation mitigates performance degra-
dation from computational graph variations intro-
duced by the preceding optimizations. These three
mechanisms collectively demonstrate the synergis-
tic effectiveness of our contextual heterogeneity
exploitation framework.

5.3 Hyperparameter Study

To investigate the hyperparameter o in Dynamic
Extended Drafting, we conduct experiments with
varying « values (see Table 3). We find that the
speedup is maximized when « is set to [depth/2],
while both increasing or decreasing « leads to re-
duced acceleration. In essence, this hyperparameter
balances the additional drafting overhead against
the reduction in verification cost. If « is too low,
the draft model underutilizes its capacity in low-
entropy regions, missing opportunities to accept
longer token sequences. Conversely, if « is too
high, the additional drafting overhead outweighs
verification savings, leading to degraded perfor-
mance. These results indicate that optimal « scales
with draft model capability—as models improve, a
larger « can yield greater speedups.

6 Related Work

Speculative decoding (Chen et al., 2023; Leviathan
et al., 2023) adopts a "drafting with lightweight
model, verification with original model" paradigm
for lossless acceleration. Speclnfer (Miao et al.,
2024) introduced tree-based attention for efficient

parallel verification. REST (He et al., 2024) and
LLMA (Yang et al., 2023) employ retrieval-based
drafting. Lookahead Decoding (Fu et al., 2024) ac-
celerates inference via parallel n-gram generation.
GLIDE (Du et al., 2024) and MoA (Zimmer et al.,
2025) reuse target model KV cache. Medusa (Cai
et al., 2024), Hydra (Ankner et al., 2024), EA-
GLE (Li et al., 2025b), and EAGLE-3 (Li et al.,
2025a) reuse target model feature representations.
Other approaches (Zhang et al., 2024a; Yi et al.,
2024; Elhoushi et al., 2024; Liu et al., 2024a; Sun
et al., 2024; Svirschevski et al., 2024) reuse partial
target model weights. These approaches focus on
training stronger draft models, which is orthogonal
to our method and enables greater gains as draft
performance improves.

Another research line explores dynamic draft
structures. EAGLE-2 (Li et al., 2024) uses dy-
namic drafting trees with joint probability confi-
dence. BiLD (Kim et al., 2023), Kangaroo (Liu
et al., 2024a), DDD (Brown et al., 2024), and
SVIP (Zhang et al., 2024c) introduce stopping met-
rics. SpecDec++ (Huang et al., 2024) and AdaEA-
GLE (Zhang et al., 2024b) train modules for early
stopping or draft length prediction. C2T (Huo et al.,
2025) proposes classifier-based tree to correct joint
probability bias. However, these methods inade-
quately exploit linguistic heterogeneity for verifi-
cation optimization, limiting performance, applica-
bility, and timeliness. Our method adaptively opti-
mizes computational resource allocation, achieving
superior performance over existing approaches.

7 Conclusion

Based on the challenges posed by the heteroge-
neous computational requirements arising from nat-
ural language’s varying predictability, this work
presents HeteroSpec, a complexity-aware specu-
lative decoding framework that addresses the ver-
ification bottleneck through adaptive resource al-
location. Through cumulative meta-path Top-K
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‘ LLaMA3.1-8B ‘ Vicuna-13B ‘ LLaMA3.3-70B
a | Speedup 7  Calls Tokens | Speedup 7  Calls Tokens | Speedup 7  Calls Tokens
EAGLE-3 3.95% 6.83 4118 248272 3.78% 7.73 3427 171598 6.49x 6.67 4702 225788
[depth/2] — 1 4.36x 7.37 3846 198486 4.35x 8.71 3049 126859 6.68 X 7.00 4482 169351
[depth /2] 4.43% 746 3799 196029 4.45% 9.05 2948 119753 6.76 % 7.02 4478 169249
[depth/2] + 1 4.38x 7.51 3778 195053 4.44x 9.23 2906 118657 6.71x 7.01 4473 169151

Table 3: Hyperparameter study («) on HumanEval dataset across three models of different sizes.

entropy quantification and data-driven stratifica-
tion, HeteroSpec transforms uniform verification
into adaptive optimization that dynamically allo-
cates resources to high-confidence candidates. Ex-
tensive evaluation demonstrates that HeteroSpec
achieves greater speedups than the state-of-the-art
EAGLE-3, with negligible computational overhead,
establishing the value of leveraging linguistic het-
erogeneity for efficient LLM inference. Future
work is discussed in Appendix A.12.

Limitations

A limitation of HeteroSpec is its current implemen-
tation within the state-of-the-art EAGLE frame-
work, necessitating validation for generalizability
to other speculative decoding methods. However,
the core principle of dynamic resource allocation
guided by linguistic heterogeneity is fundamentally
orthogonal and broadly applicable.
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A Appendix

A.1 Additional Experiments on Heterogeneity

To further validate the heterogeneity observations
presented in Section 3, we conduct comprehensive
experiments across multiple models and datasets.
Figure 3 presents Terminal Confidence Rank (TCR)
analysis results for five additional model-dataset
combinations: LLaMA-Instruct 3.1-8B on Hu-
manEval, Vicuna-13B and LLaMA-Instruct 3.3-
70B on both MT Bench and HumanEval.

The left panels show that Terminal Confidence
Rank is heavily concentrated among the top 25%
of Top-N candidates across all model-dataset com-
binations. Furthermore, the right panels show a
strong correlation between lower TCRs and longer
average accepted lengths, often approaching the
maximum draft depth. These findings demonstrate
remarkable consistency in heterogeneity patterns
across different model scales (from 8B to 70B pa-
rameters) and task types, confirming that a small
fraction of high-confidence candidates drives the
majority of successful speculation. This indicates
that heterogeneity in draft acceptance is an intrin-
sic property of speculative decoding rather than an
artifact of specific model configurations.

Interestingly, the heterogeneity effect appears
more pronounced in code generation tasks (Hu-
manEval) compared to dialogue tasks (MT Bench).
This aligns with the structured and predictable na-
ture of code syntax patterns, which enables draft
models to achieve higher confidence and longer
acceptance sequences for well-formed code struc-
tures. These comprehensive results establish that
the heterogeneity phenomenon identified in our
main analysis is not limited to specific model-
dataset combinations but represents a fundamental
characteristic of speculative decoding across di-
verse settings. This broad validation strengthens
the motivation for our heterogeneity-adaptive opti-
mization approach and confirms that the observed
patterns provide a robust foundation for the Het-
eroSpec framework.

A.2 Contextual Complexity Oracle Validation

To empirically validate the effectiveness of the pro-
posed Cumulative Meta-Path Top-K Entropy as
a contextual complexity oracle, we conduct exten-
sive experiments on three models: LLaMA-Instruct
3.1 8B, Vicuna 13B, and LLaMA-Instruct 3.3 70B
using two representative datasets, MT Bench and
CNN/Daily Mail. Results are shown in Figure 4,

which plots average acceptance length and aver-
age Cumulative Meta-Path Top-K Entropy with
respect to Terminal Confidence Rank (TCR).

We find that low-entropy regions, corresponding
to simple and predictable contexts identified by our
metric, consistently yield substantially longer aver-
age acceptance lengths. This demonstrates that the
metric effectively isolates high-confidence contexts
amenable to aggressive speculation. In contrast,
higher entropy is associated with much greater vari-
ability in acceptance length, highlighting the unpre-
dictability of complex contexts.

Notably, as illustrated in Figure 1(a), high-
confidence, low-complexity contexts make up the
majority of cases, mirroring the dominance of sim-
ple linguistic patterns in natural language. By pro-
viding a reliable and actionable measure of con-
textual complexity, our metric reveals significant
optimization potential within these frequent low-
entropy regions. Accordingly, our adaptive op-
timization framework is specifically designed to
prioritize and exploit these regions for maximal
inference acceleration.

A.3 Rationale for Adopting CART Decision
Trees for Complexity Stratification

To systematically partition the contextual complex-
ity space, we adopt a data-driven CART decision
tree framework in lieu of neural networks or other
continuous models. This choice is theoretically
motivated by both the structural properties uncov-
ered by our contextual complexity oracle and the
operational requirements of efficient speculative
decoding.

Comprehensive experimental analysis of the cu-
mulative meta-path Top-K entropy metric (see
Appendix A.2) reveals a distinct asymmetry in
the complexity landscape: low-entropy regions
correspond to stable, highly predictable contexts
with consistently high draft acceptance, while high-
entropy regions lack discernible structure and ex-
hibit wide variability. Such step-like, non-smooth
transitions in system behavior are well-suited to
models with strong capacity for learning discrete
partition boundaries. Decision trees, particularly
the CART algorithm, are able to capture these sharp
entropy thresholds in a principled, data-driven man-
ner, directly optimizing for empirical risk mini-
mization on partitioned complexity outcomes. In
contrast, neural networks are fundamentally bi-
ased toward smooth function approximation, which
hinders their ability to sharply distinguish abrupt
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Figure 3: Terminal Confidence Rank analysis across multiple models and datasets. Left panels: Distribution of
Terminal Confidence Rank within Top-/V draft candidates (bar chart, with prominent values highlighted in orange),
with inset quantile analysis showing concentration within top percentiles. Right panels: Correlation between
Average Acceptance Length and Terminal Confidence Rank (bar chart). (a,b) LLaMA 3.1-8B on HumanEval; (c,d)
Vicuna-13B on MT-Bench; (e,f) Vicuna-13B on HumanEval; (g,h) LLaMA 3.3-70B on MT-Bench; (i,j) LLaMA
3.3-70B on HumanEval.
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Figure 4: Validation results of the proposed Cumulative Meta-Path Top- K Entropy metric across LLaMA 8B, Vicuna
13B, and LLaMA 70B models on MT-Bench and CNN/Daily Mail datasets. For each subplot, the x-axis shows
Terminal Confidence Rank (TCR), the left y-axis indicates average acceptance length (bar chart, with prominent
values highlighted in orange), and the right y-axis shows average Cumulative Meta-Path Top-K Entropy (line plot).

changes or encode actionable thresholding policies.

From a systems perspective, most state-of-the-
art draft models prioritize minimal inference la-
tency and computational cost—typically employ-
ing a single-layer transformer for maximal effi-
ciency. Introducing an additional neural network
for online complexity partitioning would incur sig-
nificant overhead, contradicting the primary goal
of fast speculative decoding. In comparison, eval-
uating a shallow decision tree imposes only a few
conditional checks per draft step, resulting in neg-
ligible runtime cost. As evidenced by our quanti-
tative analysis in Appendix A.6, this approach in-
troduces virtually no latency overhead in practice.
Moreover, decision tree training itself is highly ef-
ficient; constructing a shallow CART tree typically
completes within seconds.

A.4 Entropy Stratification Granularity
Analysis

To validate the robustness of our data-driven en-
tropy stratification module, we investigate the con-
sistency of low-entropy region identification across
different stratification granularities. We employ
the Jaccard similarity coefficient as our primary
evaluation metric, defined as:

_ |ANB|

JAB) = g

3)

where A and B represent the sets of samples
identified as low-entropy by different stratifica-
tion depths. Using our 3-layer stratification as the
reference baseline, we examine consistency with
deeper architectures by maintaining proportional
low-entropy region selection across all granular-
ities. Specifically, we compute J(S3r., Sqz,) for
d € {4,5,6}, where S;;, denotes the low-entropy
sample set identified by d-layer stratification with
equivalent proportional selection criteria. This co-
efficient ranges from O (no overlap) to 1 (perfect
agreement), providing a quantitative measure of
consistency across granularity variations.

Model ~ 3L-4L Overlap  3L-5L Overlap  3L-6L Overlap
L31 8B 1.00 0.89 0.98

V 13B 0.96 0.97 1.00
L33 70B 1.00 0.98 0.96

Table 4: Low-entropy region overlap consistency across
stratification granularities

As shown in Table 4, our analysis reveals re-
markably high overlap consistency across all model
configurations, with Jaccard coefficients consis-
tently exceeding 0.89. Notably, multiple configura-
tions achieve perfect agreement (coefficient = 1.00),
demonstrating that different stratification granulari-
ties often converge to identical low-entropy region
identification. This consistency indicates that criti-
cal complexity boundaries are intrinsic to model be-
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havioral patterns rather than stratification artifacts,
with deeper architectures providing minimal addi-
tional discriminative information for low-entropy
detection.

These findings establish the granularity insen-
sitivity of our entropy stratification framework,
demonstrating three key properties: (1) Structural
Stability: our method captures fundamental com-
plexity patterns that persist across granularity vari-
ations; (2) Computational Efficiency: deeper strati-
fication provides negligible gains while increasing
overhead, demonstrating that our 3-layer design
achieves an effective trade-off between accuracy
and computational cost; (3) Universal Applicabil-
ity: consistent patterns across model scales confirm
broad applicability of our approach. This empirical
evidence strongly justifies our architectural choice
and establishes the robustness of complexity-aware
speculative decoding.

A.5 Out-of-Domain Evaluation

To validate the cross-domain generalization of our
CART decision tree trained on ShareGPT, we con-
ducted evaluations on three out-of-domain datasets
that introduce specialized terminology and knowl-
edge contexts largely absent from the training data.
All experiments were conducted on NVIDIA H20-
3e GPUs under the same configuration as our main
experiments.

¢ RAG (Natural Questions) (Kwiatkowski
et al., 2019): Real user queries requiring fac-
tual knowledge retrieval

* SciQ (Welbl et al., 2017): Science exam ques-
tions with domain-specific scientific reason-
ing

e MedQA (Jin et al., 2020): USMLE medical
exam questions with highly specialized clini-
cal terminology

HeteroSpec maintains consistent improvements
(5.3%-10.8%) across all out-of-domain scenarios,
including the challenging MedQA with special-
ized medical vocabulary. These results provide
strong evidence that the ShareGPT-trained CART
has learned domain-agnostic complexity bound-
aries that generalize to unseen domains without
task-specific fine-tuning.

A.6 Runtime Overhead Profiling

To quantitatively assess the computational cost of
our proposed approach, we conduct comprehensive

runtime profiling experiments across MT Bench
and HumanEval datasets. Our analysis decom-
poses total inference time into three distinct com-
ponents: drafting overhead, verification overhead,
and additional computational cost introduced by
HeteroSpec’s complexity assessment and adaptive
optimization mechanisms. We evaluate this decom-
position across different model scales to capture
performance characteristics comprehensively.

The results in Table 6 demonstrate that Het-
eroSpec introduces minimal additional overhead,
ranging from 0.88 to 3.1 seconds across all configu-
rations. This represents only 0.26% to 0.87% of to-
tal inference time, confirming the efficiency of our
lightweight complexity quantification framework.
Runtime memory usage remains essentially iden-
tical across both methods, demonstrating that our
approach does not introduce significant memory
overhead. While drafting overhead increases mod-
estly due to dynamic depth extension, this is sub-
stantially offset by significant verification overhead
reductions of 4.6% to 15.9%. Since verification
constitutes 67.4% to 89.0% of total runtime—the
primary computational bottleneck in speculative de-
coding—these reductions drive meaningful system-
level gains.

Our profiling validates that HeteroSpec achieves
performance improvements through targeted opti-
mization with negligible additional overhead, con-
firming the efficiency of our data-driven complex-
ity assessment and adaptive resource allocation,
establishing that contextual heterogeneity can be
effectively leveraged for speculative decoding ac-
celeration.

A.7 More results on different GPUs

Since speedup ratio is a hardware-dependent met-
ric, we conducted comprehensive experiments on
A800 80G and L40 40G GPUs, beyond the H20-
3e 141G GPU, to demonstrate HeteroSpec’s ex-
cellent portability and hardware compatibility. As
shown in Table 7 and Table 8, HeteroSpec main-
tains consistent performance advantages across all
testing platforms, comprehensively outperforming
the state-of-the-art EAGLE-3 across key metrics,
demonstrating superior hardware generalization ca-
pabilities and cross-platform stability.

A.8 Discussion on Temperature = 1

For the temperature=1 setting, we adopt the
same experimental configuration and conduct ex-
periments on Vicuna 13B, LLaMA-Instruct 3.1
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Model Method RAG SciQ MedQA
EAGLE-3 3.72x /5.89 3.21x /5.58 278x /5.13

L31 8B HeteroSpec 4.01x /6.31 3.38x /5.84 3.05x /5.35
Improvement +7.8%/+7.1% +53% /+4.7% +9.7% / +4.3%
EAGLE-3 2.94x /6.33 2.39% /5.73 241x/5.79

V 13B  HeteroSpec 3.17x /6.74 2.53x /6.03 2.67x/6.32
Improvement +7.8% /+6.5% +5.9%/+52% +10.8% /+9.2%

Table 5: Out-of-domain evaluation results. Format: Speedup / Average Acceptance Length (7)

MT Bench
Model Method  Draft Verify Add. Total Mem
L31 8B EAGLE-3 98.1 2075 - 3056 189
HeteroSpec 103.1 1942 23 299.6 18.9
V 13B EAGLE-3 792 2079 - 287.1 2938
HeteroSpec 83.0 1905 1.8 2753 298
L33 70B EAGLE-3 1333 1080.7 - 1214.0 143.8
HeteroSpec 140.3 1030.6 3.1 1174.0 143.8
HumanEval
Model Method  Draft Verify Add. Total Mem
L31 8B EAGLE-3 453 937 - 1390 188
HeteroSpec 49.5 847 12 1354 188
V 13B EAGLE-3 41.7 108.7 - 1504 29.8
HeteroSpec 43.7 914 09 1360 29.8
EAGLE-3 60.0 477.8 - 537.8 1426
133708 HeteroSpec 68.9 4342 13 5044 142.6

Table 6: Runtime overhead and memory profiling across
benchmarks and models. Time values are reported in
seconds (s) as cumulative totals across all test cases in
each dataset. Memory usage is measured in GB and
represents average runtime memory. Draft, Verify, and
Add. represent drafting time, verification time, and addi-
tional overhead introduced by HeteroSpec’s complexity
assessment and adaptive optimization, respectively. V
represents Vicuna, L31 represents LLaMA-Instruct 3.1,
L33 represents LLaMA-Instruct 3.3.

8B, LLaMA-Instruct 3.3 70B, and DeepSeek-R1-
Distill-LLaMA. For the 8B/13B models, we em-
ploy a NVIDIA H20-3e 141G GPU. For the 70B
model, we use two H20-3e GPUs due to memory
limitations.

Under temperature=1, the flatter output distribu-
tion makes it significantly more challenging for
the draft model to accurately predict the target
model’s stochastic choices, typically resulting in
reduced acceleration gains from speculative de-
coding. Although more decoding instances fall
into high-entropy bins, HeteroSpec is still capable
of dynamically optimizing speculative extension

and re-pruning strategies based on "decoding dif-
ficulty," thereby maximizing the accepted token
length per expensive target model invocation. As
demonstrated in Table 9, HeteroSpec consistently
outperforms the state-of-the-art EAGLE-3 across
key performance metrics, including speedup ratio,
acceptance length, and verification overhead, show-
casing remarkable robustness.

A.9 Comparison with Alternative Speculative
Decoding Paradigms

Medusa and Hydra represent a different technical
paradigm for speculative decoding, attaching multi-
ple prediction heads to the target model for parallel
token generation. In contrast, the EAGLE fam-
ily employs autoregressive drafting with special-
ized lightweight draft models. We compare these
paradigms using Vicuna-13B on NVIDIA H20-3e
GPUs:

EAGLE-3’s autoregressive draft model achieves
1.4-2.0x higher speedup than Medusa/Hydra by
leveraging multi-layer feature aggregation for bet-
ter draft-target alignment. HeteroSpec further im-
proves upon EAGLE-3 with up to 17.7% additional
gains through adaptive verification resource allo-
cation—an optimization orthogonal to draft model
architecture.

A.10 Comparison with Adaptive-Length
Strategies (AdaEDL)

AdaEDL (Agrawal et al., 2024) employs entropy
thresholds to trigger early stopping during drafting.
While sharing the intuition of leveraging entropy,
HeteroSpec differs fundamentally in optimization
objective: AdaEDL minimizes drafting cost (the
cheap component), whereas HeteroSpec minimizes
verification cost (67-90% of total runtime). We
implemented AdaEDL’s early stopping logic on the
EAGLE-3 backbone and conducted experiments on
NVIDIA H20-3e GPUs for direct comparison:
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MT-bench HumanEval GSMSK Alpaca CNN/DM Mean
Model Method Speedup T Speedup T Speedup T Speedup T Speedup T Speedup T
Calls Tokens Calls Tokens Calls Tokens Calls Tokens Calls Tokens Calls Tokens
EAGLES  +01x 6.55 4.78x 7.74 3.95x 6.40 3.99x 6.50 3.60x 6.55 4.07x 6.75
V138 - 6267 327516 3424 171451 2433 124068 2064 108486 1983 101577 3234 166620
HeteroS 4.32x 7.09 5.41x 9.04 4.15x 6.67 4.14x 6.70 3.81x 7.05 4.37x 7.31
CIeroSpec 5935 281774 2971 119797 2322 110137 2013 101910 1840 84932 3014 139710
EAGLES 383 6.16 4.47x 6.83 3.92x 6.34 4.19x 6.83 3.18% 5.39 3.92x 6.31
L31 8B 8704 542387 4124 248626 2477 151276 2573 162604 3973 243080 4370 269595
HeteroS 4.04x 6.47 4.75x 7.36 4.11x 6.53 4.39x 7.04 3.37x 5.45 4.13x 6.57
CIeTOSPeC 8319 485731 3845 198391 2380 141658 2502 153617 3897 233771 4189 242634
EAGLE3  424x 5.66 5.10x 6.69 4.70x 6.23 4.80x 6.58 3.61x 5.01 4.49x 6.03
L33 708 - 10017 494910 4643 223015 2367 115761 2892 146358 4392 214179 4862 238845
HeteroSpec 435 5.80 5.39x 7.04 4.81x 6.39 4.88x 6.76 3.66x 5.03 4.62x 6.20
p 9747 447511 4449 168115 2320 103464 2838 134851 4362 205676 4743 211923
EAGLES 367 5.85 4.12x 6.57 4.67x 7.09 347x 5.64 3.09% 5.02 3.80x 6.03
DSL SB 7013 428458 6353 388987 4814 295708 7084 433001 8118 498255 6676 408882
HeteroS 3.88x 6.12 4.41x 6.82 5.08x 7.89 3.71x 575 3.25x 5.06 4.07x 6.33
CleroSpec 6797 398972 6132 356129 4381 228799 6924 415689 8079 485283 6463 376974
Table 7: Speedup ratios, average acceptance lengths (7), total validation calls (Calls), and total verification tokens

(Tokens) of different methods on A800 80G GPUs. V represents Vicuna, L31 represents LLaMA-Instruct 3.1, L33
represents LLaMA-Instruct 3.3, and DSL represents DeepSeek-R1-Distill-LLaMA.

MT-bench HumanEval GSMSK Alpaca CNN/DM Mean
Model Method Speedup T Speedup T Speedup T Speedup T Speedup T Speedup T
Calls Tokens Calls Tokens Calls Tokens Calls Tokens Calls Tokens Calls Tokens
EAGLE3  219% 6.53 2.56x 774 2.15x 6.39 2.14x 6.54 1.96x 6.54 2.20x 6.75
V138 6312 329721 3428 171647 2432 124019 2077 109123 1980 101430 3246 167188
HeteroS 2.45x 7.07 2.94x 9.05 2.31x 6.68 2.25x 670  2.14x 7.05 242 7.31
CIETOSPEC 5922 278261 2988 119741 2327 111170 2012 102442 1877 87072 3025 139737
EAGLES  267x 6.15 3.06x 6.83 2.85x 6.34 2.97x 6.84 2.20x 5.38 2.75x 6.31
L31 8B 8687 541384 4129 249275 2446 149447 2586 163017 3996 244437 4369 269512
HeteroS 2.79x 648  331x 7.46 2.92x 6.54 3.16x 708  231x 5.49 2,90 6.61
CIETOSPEC  g344 488135 3832 198173 2386 141866 2492 153535 3907 234268 4192 243195
EAGLES ~ 265% 5.88 2.97x 6.59 3.18% 7.09 2.54x 5.62 2.15x 5.03 2.70x 6.04
DSL 8B : 6994 426983 6327 387276 4810 295472 7066 432824 8133 499140 6666 408339
HeteroS 2.92x 614  328x 6.83 3.69x 7.88 2.79x 576  2.29x 5.08 2.99x 6.34
CIeTOSPEC 6775 396712 6133 353382 4341 218875 6942 416289 8076 484295 6453 373911
Table 8: Speedup ratios, average acceptance lengths (7), total validation calls (Calls), and total verification tokens

(Tokens) of different methods on L40 40G GPUs. V represents Vicuna, L31 represents LLaMA-Instruct 3.1, and
DSL represents DeepSeek-R1-Distill-LLaMA.

MT-bench HumanEval GSMSK Alpaca CNN/DM Mean
Model Method Speedup T Speedup T Speedup T Speedup T Speedup T Speedup T
Calls Tokens Calls Tokens Calls Tokens Calls Tokens Calls Tokens Calls Tokens
EAGLES ~ 2:36% 556 2.81x 642  2.36x 566  237x 548 2.12x 558  240x 574
V138 g 7637 393862 4602 231721 2131 110544 2718 137837 2207 112553 3859 197303
HeteroSpec 230 590  3.08x 725  248x 578  249x 578  2.34x 6.18  2.58x 6.18
P 7392 363224 4154 182479 1853 95514 2508 127051 1943 92877 3570 172229
EAGLES  247x 447 3.42x 604  3.11x 5.57 3.13x 567  238x 444 290x 5.24
L31 8B 14912 917450 5414 326152 3290 199951 3451 213993 4746 289631 6363 389435
HeteroS 2.67x 484  371x 661  320x 562  3.26x 578  2.44x 454  3.06x 5.48
CIeTOSPEC 13798 820799 4992 265759 3607 213785 3103 190052 4573 278893 5915 353858
EAGLE3  12x 550  5.89x 6.14  5.63x 5.98 5.69% 649  421x 490  53Ix 5.80
133 708 10375 514086 5250 252578 2552 123939 2946 147345 4355 210372 5096 249664
HeteroSpec 521X 563  6.15x 6.54  5.78x 616  5.78x 6.68  4.35x 505  545x 6.01
P 9973 458586 4857 190939 2454 108569 2925 137289 4258 200804 4893 219237
EAGLES  277% 496  3.07x 542 3.82x 6.67 2.65x 450  23Ix 433 2.92x 5.18
DSL 8B 2 8408 519731 7680 470112 4861 298481 8865 542741 9280 570589 7819 480331
HeteroS 2.98x 517  3.18x 554  421x 753 271x 454  2.39x 439 3.09x 5.43
CleTOSPEC 8191 501969 7560 456374 4427 238975 8480 516930 9029 553813 7537 453612
Table 9: Speedup ratios, average acceptance lengths (7), total validation calls (Calls), and total verification tokens

(Tokens) of different methods on H20-3e GPUs with Temperature=1. V represents Vicuna, L31 represents LLaMA-
Instruct 3.1, L33 represents LLaMA-Instruct 3.3, and DSL represents DeepSeek-R1-Distill-LLaMA.
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Method Paradigm Alpaca GSM8K  HumanEval MT-Bench CNN/DM
Medusa Multi-head 1.74%x/3.57 1.78x/3.60 1.91x/3.80 1.75%x/3.55 1.41x/3.09
Hydra Multi-head 220%x/4.64 2.22x/4.66 2.38x/4.88 2.17x/4.58 1.68x/3.83
EAGLE-3  Auto-regressive 331x/6.51 3.31x/6.40 3.78x/7.73  3.22x/6.56 2.87x/6.54
HeteroSpec  Auto-reg.+adaptive  3.45x/6.70 3.42x/6.67 4.45x/9.05 3.53x/7.10 3.04x/7.07

Table 10: Comparison across speculative decoding paradigms (Vicuna-13B). Format: Speedup / Average Acceptance

Length (7)
Model Method MT-Bench HumanEval GSMS8K Alpaca CNN/DM
EAGLE-3  3.43x/6.15 3.95%x/6.83 3.69x/6.32 3.79x/6.84 2.92x/5.39
L318B AdaEDL 331x/5.39 3.92x/6.47 3.59x/5.57 3.64x/5.62 2.87x/4.65
HeteroSpec  3.74x/6.44 4.43x/7.46 3.81x/6.53 3.99x/7.08 3.11x/5.47
EAGLE-3  3.22x/6.56 3.78x/7.73 3.31x/6.40 3.31x/6.51 2.87x/6.54
V13B AdaEDL 3.11x/5.84 3.64x/7.14 3.21x/5.87 3.07x/5.68 2.76x/5.92
HeteroSpec  3.53x/7.10  4.45x/9.05 3.42x/6.67 3.45x/6.70 3.04x/7.07

Table 11: Comparison with AdaEDL on EAGLE-3 backbone. Format: Speedup / Average Acceptance Length (1)

AdaEDL’s early stopping frequently leads to per-
formance degradation on tree-based structures be-
cause: (1) it optimizes the drafting phase which
accounts for minimal latency, and (2) early exit pre-
maturely prunes “recovery” branches where sub-
sequent children might be highly confident. In
contrast, HeteroSpec’s dynamic extension exploits
stable branches, maximizing accepted length per
verification call.

A.11 More Discussion on HeteroSpec

HeteroSpec demonstrates strong potential for large-
scale LLLM service systems using speculative de-
coding (Liu et al., 2024b; Sadhukhan et al., 2025;
Li et al., 2025¢). Different applications impose di-
verse service-level objectives (SLOs) on inference
latency: chatbots tolerate 200 ~ 500 ms response
times, while web search and autonomous driving
require stricter constraints of 20 ~ 100 ms (Brys-
baert, 2019; Zhong et al., 2024; Lin et al., 2024).
SLO-customized LLM service systems are thus de-
signed to dynamically select tokens to meet these
individualized latency requirements while optimiz-
ing overall throughput.

Such problems are modeled using a hardware
budget—the maximum tokens processed per for-
ward pass (Li et al., 2025¢). Given a hardware bud-
get and a batch of requests, the SLO-customized
system aims to (1) satisfy diverse SLO require-
ments—typically measured by TPOT (Time Per
Output Token)—and (2) maximize token accep-
tance during verification. HeteroSpec’s Dynamic
Extended Drafting increases acceptance for low-

entropy requests, while Top-/N Pruning reduces
their budget requirements without sacrificing ac-
ceptance rates. This enables budget reallocation
to stricter SLO requests, improving overall SLO
satisfaction. As an orthogonal strategy to existing
schedulers, HeteroSpec can significantly enhance
throughput in SLO-customized systems, with fu-
ture integration planned for inference services.

A.12 Future Work

Future work includes extending HeteroSpec to sup-
port additional orthogonal speculative decoding
strategies, such as asynchronous draft-and-target,
for enhanced computational efficiency through
overlapping execution. We will also explore its
application to ultra-long sequence generation, ad-
dressing pronounced resource and verification over-
heads to further demonstrate universality and scal-
ability. Another key direction is integrating Het-
eroSpec into SLO-aware inference service systems.
We envision it as an auxiliary module alongside ex-
isting scheduling and batching strategies. By lever-
aging its orthogonality, HeteroSpec can enhance
system performance, provide flexible resource man-
agement, and maximize overall throughput and
SLO satisfaction in real-world LLM service de-
ployments.
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