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Abstract

Speculative decoding has emerged as a promis-
ing technique to accelerate large language
model inference by employing a smaller draft
model to predict multiple tokens, which are
then verified in parallel by the larger target
model. However, existing approaches face
a fundamental limitation: candidates at the
same tree layer share identical feature repre-
sentations, constraining diversity and dimin-
ishing overall effectiveness. We identify this
as an intra-layer coupling problem that lim-
its prediction accuracy. To address this chal-
lenge, we propose Jakiro, which introduces
decoupled Mixture of Experts (MoE) into the
draft model, enabling different experts to gen-
erate diverse candidate tokens from distinct fea-
ture spaces. We further propose Contrastive-
Enhanced Parallel Decoding (CEPD) that com-
bines autoregressive and parallel decoding with
a contrastive mechanism to reduce inference
steps while maintaining accuracy. Extensive
experiments across diverse models and tasks
demonstrate that Jakiro achieves significant
speedups over strong baselines, with particu-
larly notable improvements in non-greedy de-
coding scenarios where token diversity is cru-
cial.

1 Introduction

Large language models (LLMs), exemplified by
GPT-4o (Jaech et al., 2024) and LLaMA3 (Dubey
et al., 2024), have demonstrated exceptional capa-
bilities across diverse applications, from question-
answering to code synthesis and machine transla-
tion. However, their token-by-token decoding pro-
cess, coupled with increasing model sizes, results
in significant inference latency, presenting substan-
tial challenges for real-world deployment. Specula-
tive decoding (Leviathan et al., 2023; Chen et al.,
2023) has recently emerged as a powerful tech-
nique to accelerate LLM inference. This approach
employs an efficient but less capable draft model

to predict multiple tokens in sequence, which are
then verified in parallel by a more powerful target
model. Given that LLM inference is often memory-
bound (Shazeer, 2019), the verification stage can ef-
fectively leverage hardware parallelism to achieve
substantial speedups without compromising output
quality.

Recent approaches adopt tree-based attention
mechanisms (Miao et al., 2024) to generate multi-
ple candidate tokens simultaneously. Medusa (Cai
et al., 2024) and Hydra (Ankner et al., 2024) utilize
multiple independent heads, but all heads depend
on the same final-layer features, restricting predic-
tion diversity. Eagle1/2 (Li et al., 2024b,a) employ
autoregressive decoding at the feature level, suc-
cessfully decoupling draft tokens across different
time steps. However, the top-k candidates within
the same tree layer are still generated from a sin-
gle feature representation, limiting how well the
draft model can approximate the target model’s
distribution. We identify this as the intra-layer
coupling problem: while tree structures provide
coverage over different paths, candidates at each
branch point share identical conditioning, resulting
in inherent correlations that constrain predictive ac-
curacy. Figure 1 provides an overview comparison
of different speculative decoding methods.

To address this limitation, we propose Jakiro,
which introduces a decoupled MoE architec-
ture (Jiang et al., 2024) into the draft model. By
assigning different experts to generate candidate
tokens from distinct feature spaces, our method
effectively decouples correlations among predic-
tions within each tree layer while maintaining in-
dependence between layers. This increases rep-
resentation diversity with minimal computational
overhead, significantly improving prediction accu-
racy and overall speedup. Furthermore, due to the
inherent exposure bias (Arora et al., 2022) in LLM
autoregressive inference, prediction errors accumu-
late as sequence length increases. Considering the
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Figure 1: Speculative decoding methods: (a) Sequential
token generation with parallel verification. (b) Parallel
token prediction using shared hidden states. (c) Au-
toregressive token generation at the feature level. (d)
MoE-based dynamic decoupling for diverse predictions.

draft model’s inference overhead, we find that em-
ploying an autoregressive approach for every step
is suboptimal. Instead, we propose Contrastive-
Enhanced Parallel Decoding (CEPD), which adopts
a parallel decoding strategy (Xia et al., 2024) for
token generation in later steps with a contrastive
mechanism (Li et al., 2023) to enhance prediction
quality. Unlike SCMoE (Shi et al., 2024), which
uses unselected experts for self-contrastive opera-
tions during inference, we only perform contrastive
operations between the two activated experts, intro-
ducing negligible additional latency.

We conduct extensive experiments across diverse
model scales (7B–70B) and six benchmark tasks.
As shown in Figure 2, Jakiro significantly outper-
forms existing methods on MT-bench under non-
greedy settings, where token diversity is crucial.
Our results demonstrate consistent improvements
over strong baselines including Eagle1, Eagle2,
Medusa, and Hydra across both greedy and non-
greedy decoding scenarios. The improvements are
particularly pronounced in non-greedy settings, val-
idating the effectiveness of our MoE-based diver-
sity enhancement. In summary, our contributions
are: (1) We identify the intra-layer coupling prob-
lem in existing speculative decoding methods and
propose MoE-based dynamic decoupling to address
it; (2) We introduce CEPD that combines paral-
lel decoding with contrastive learning for efficient
multi-token prediction; (3) We provide theoreti-
cal analysis showing how MoE-based decoupling
improves token diversity and acceptance rates; (4)
We demonstrate significant speedups across diverse

models and tasks, with particularly strong perfor-
mance in diversity-sensitive scenarios.

2 Preliminaries

Speculative decoding (Leviathan et al., 2023) ac-
celerates LLM inference through three key steps.
Given a prefix T1:j , the draft model q(·|·) gener-
ates candidate tokens Tj+1:j+γ with distributions
qj+1:j+γ , where γ is the draft length. The target
model p(·|·) then verifies these tokens in a single
forward pass, accepting token tj+i with probabil-

ity min
(
1,

pj+i(tj+i)
qj+i(tj+i)

)
. Rejected tokens are resam-

pled from norm (max (0, pj+i − qj+i)), ensuring
the output distribution matches vanilla autoregres-
sive decoding (Leviathan et al., 2023).

As discussed in Section 1, existing methods like
Medusa (Cai et al., 2024) and Eagle (Li et al.,
2024b,a) utilize tree-based attention to generate
multiple candidates but suffer from the intra-layer
coupling problem—candidates at the same tree
layer share identical feature conditioning. Our
approach addresses this through MoE-based de-
coupling, enabling different experts to generate
candidates from distinct feature spaces.

Theoretical Foundation. We provide formal
analysis of the intra-layer coupling problem and
MoE-based solution in Appendix A.2. Our key
findings are: (1) We define the Token Diversity
Index (TDI) to quantify candidate diversity, where
MoE-based decoupling achieves 8.2% higher TDI
(0.92 vs. 0.85) compared to vanilla methods. (2)
Higher TDI correlates with improved acceptance
rates—our experiments show approximately 15%
improvement in average acceptance length. (3) The
MoE overhead is minimal: O(d · N) + 2 · O(d ·
dexpert), negligible for large models since K ≪ N
and experts are lightweight MLPs.

3 Jakiro

3.1 Overview

Jakiro addresses the intra-layer coupling problem
through two complementary innovations: (1) MoE-
based Dynamic Decoupling for autoregressive
steps (1 to γ−2), where each expert’s weighted
output is separately passed by the shared LM
head to produce distinct logits, enabling inde-
pendent sampling from diverse feature spaces;
and (2) Contrastive-Enhanced Parallel Decoding
(CEPD) for the final two steps (γ−1 and γ), which
uses weighted MoE combination for the penulti-
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Figure 2: Speedup ratio comparison of different models on MT-bench under non-greedy settings (Temperature=1).
Results are averaged over four runs on A100-40G GPU.

mate token and contrastive features for the final
token, enabling parallel prediction of two tokens
in a single forward pass. Figure 4 illustrates the
complete inference pipeline.

3.2 MoE-based Dynamic Decoupling
3.2.1 Architecture Design
As shown in Figure 3(a), Jakiro employs a
lightweight draft model following Eagle’s design
principles but with a key architectural modification.
While Eagle uses a single decoder layer consisting
of dimensionality reduction, attention mechanism,
and a single MLP layer, we replace the MLP with
a Mixture of Experts (MoE) layer containing N
expert modules. Each expert is specialized for dif-
ferent token generation patterns, enabling diverse
candidate prediction from the same input feature.

The draft model architecture consists of: (1)
LLM Embedding layer that processes input tokens;
(2) Reduction FC layer that reduces feature dimen-
sionality to dexpert = dmodel/4; (3) LLM Attention
layer with residual connections; (4) Router that
computes gating scores for expert selection; (5)
Expert modules (E1, . . . , EN ) that generate inde-
pendent feature representations; and (6) LLM Head
shared with the target model to produce logits.

3.2.2 MoE Tree Construction
The core innovation lies in how we construct the
draft tree to achieve intra-layer decoupling. At each
inference step i, instead of generating candidates
from a single representation like Eagle, we leverage
MoE to produce diverse candidates. First, we apply
self-attention to the input features with residual
connection:

ui = Attention(hi) + hi (1)

Then, the router computes gating scores for each
expert using learned gate weights g:

sj,i = Softmaxj(u
T
i g), j ∈ {1, 2, . . . , N}

(2)
We select the top-K experts based on their gating

scores. In Jakiro, we fix K=2 because our decou-
pled MoE architecture uses exactly two activated
experts to construct the left and right branches of
the draft tree, enabling symmetric exploration of
the token space:

gj,i =

{
sj,i, if sj,i ∈ Top-K({s1,i, . . . , sN,i})
0, otherwise

(3)
Dual-Branch Decoupling (Autoregressive
Phase). For steps 1 to γ−2, unlike traditional
MoE that combines expert outputs into a single
representation, Jakiro generates separate logits
from each activated expert. Each expert’s output is
individually weighted by its routing score and then
passed through the shared LM head:

logitsleft
i = WT (s

top1
i · f top1

i ) (4)

logits
right
i = WT (s

top2
i · f top2

i ) (5)

where f
top1
i = Experttop1(ui) and f

top2
i =

Experttop2(ui) are the outputs of the two selected
experts, and W is the shared LM head from the
target model. This dual-branch design (Figure 3(a))
generates candidates from different expert special-
izations, effectively decoupling intra-layer corre-
lations. As shown in Figure 3(b), this approach
achieves higher token diversity and longer accep-
tance lengths compared to Eagle. Tokens are sam-
pled independently from each branch:

tleft
i ∼ Softmax(logitsleft

i ) (6)
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Figure 3: Comparison of architecture and token diversity. (a) Eagle utilizes a single MLP layer, whereas Jakiro
incorporates a MoE with dynamic routing. (b) Experimental results indicate that Jakiro not only achieves greater
diversity but also supports longer sequences of accepted tokens.

t
right
i ∼ Softmax(logits

right
i ) (7)

This approach retains the independence between
layers of the traditional draft tree while introduc-
ing decoupling within each layer. For the final
two steps (γ−1 and γ), we switch to CEPD (Sec-
tion 3.3) which uses a different mechanism opti-
mized for parallel decoding. We adopt Eagle’s tree
attention masking strategy for our MoE-generated
candidates, ensuring proper autoregressive depen-
dencies while allowing decoupled candidates to
explore diverse continuation paths (Figure 4(c)).
Algorithm 1 provides the complete pseudocode for
one speculative decoding round.

3.3 Contrastive-Enhanced Parallel Decoding
We adopt parallel decoding for the final steps to
reduce forward passes. Unlike the autoregressive
phase which uses dual-branch decoupling, CEPD
enables parallel prediction of steps γ−1 and γ in a
single forward pass (Figure 4(b)):
Weighted MoE Output (step γ−1):

fmoe
i = s

top1
i · f top1

i + s
top2
i · f top2

i (8)

logitsmoe
i = WT fmoe

i (9)

Contrastive Output (step γ):

f ctr
i = β1 · f top1

i − β2 · f top2
i (10)

logitsctr
i = WT f ctr

i (11)

where β1=1.2, β2=0.3. Both tokens are sampled
simultaneously: tγ−1 ∼ Softmax(logitsmoe

i ),
tγ ∼ Softmax(logitsctr

i ). The contrastive mecha-
nism amplifies expert distinctions (Ye et al., 2025),
achieving more confident predictions during paral-
lel decoding.

3.4 Training Methodology
Our training strategy uses a unified CEPD-style
loss for all steps, which enables each expert to
learn both next-token and next-next-token predic-
tion capabilities. This unified training allows flexi-
ble inference-time adaptation: experts can be used
independently (dual-branch decoupling) or com-
bined (CEPD) depending on the step. At each step
i, we compute the weighted MoE output fmoe

i for
next-token prediction and the contrastive output
f ctr
i for the subsequent token:

Lmoe
reg = SmoothL1(f target

i+1 , fmoe
i ) (12)

Lctr
reg = SmoothL1(f target

i+2 , f ctr
i ) (13)

Lmoe
cls = CE(ptarget

i+1 , Softmax(logitsmoe
i )) (14)

Lctr
cls = CE(ptarget

i+2 , Softmax(logitsctr
i )) (15)

Combined Objective:

L = Lmoe
reg + Lctr

reg + λ1L
moe
cls + λ2L

ctr
cls (16)

where λ1 = 0.1 and λ2 = 0.05 balance the clas-
sification loss components. The regression losses
have unit weight since the classification losses are
numerically larger by an order of magnitude.

4 Experiments

Models and Tasks. We evaluate Jakiro across
a diverse range of language models: Vicuna (7B,
13B, 33B) (Chiang et al., 2023), LLaMA2-chat (7B,
13B, 70B) (Touvron et al., 2023), and LLaMA3-
Instruct (8B, 70B) (Grattafiori et al., 2024), repre-
senting the current spectrum of mainstream LLM
sizes. Our evaluation spans six key tasks: multi-
turn dialogue (MT-bench (Zheng et al., 2023)),
code generation (HumanEval (Chen et al., 2021)),
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mathematical reasoning (GSM8K (Cobbe et al.,
2021)), instruction following (Alpaca (Taori et al.,
2023)), summarization (CNN/Daily Mail (Nalla-
pati et al., 2016)), and question answering (Natu-
ral Questions (Kwiatkowski et al., 2019)). Fol-
lowing established practices in speculative de-
coding (Leviathan et al., 2023) and subsequent
works (Cai et al., 2024; Ankner et al., 2024; Li
et al., 2024b,a), we conduct experiments with a
batch size of 1.

Metrics. We employ two key metrics to evaluate
Jakiro’s acceleration effects: (1) Walltime speedup
ratio: The end-to-end speedup compared to tra-
ditional autoregressive decoding; (2) Average ac-
ceptance length τ : The mean number of tokens
accepted per forward pass of the target LLM. Since
Jakiro maintains the output distribution of target
LLMs through strict speculative sampling, we fo-
cus on inference efficiency rather than generation
quality. We verify distribution preservation by
comparing token-level outputs between Jakiro and
vanilla autoregressive decoding on a subset of 100
prompts with fixed random seeds, confirming exact
output matches under greedy decoding. For non-
greedy settings (temperature=1), we verify statisti-
cal equivalence using the two-sample Kolmogorov-
Smirnov test on token probability distributions,
with p > 0.05 across all test cases.

Training & Testing. We train Jakiro on the
ShareGPT dataset using 68,000 dialogue iterations,
with target LLMs kept frozen throughout train-
ing. The training configuration includes a learning
rate of 9e-5, AdamW optimizer with (β1, β2) =
(0.9, 0.95), and gradient clipping at 0.5. Jakiro’s
parameter count scales with the target model size:
0.35B (7B), 0.56B (8B), 0.88B (13B), 1.42B (33B),
and 1.87B (70B). Training the 70B model’s draft
model requires approximately 2-3 days on 4×A100
40GB GPUs. We primarily evaluate Jakiro on
NVIDIA A100-40G GPUs, with additional ex-
periments on AMD InstinctTM MI250-64G and
NVIDIA A40-45G provided in the appendix. To
accommodate GPU memory constraints, we use
different GPU configurations: single-GPU for (7B,
8B, 13B) models, two GPUs for 33B models, and
four GPUs for 70B models.

Reproducibility Details. Key hyperparameters for
MoE: N = 2 total experts, K = 2 activated ex-
perts, expert hidden dimension dexpert = dmodel/4
(e.g., 1024 for 7B models), draft tree depth γ = 6,
branching factor per layer follows Eagle2’s dy-
namic tree configuration. Contrastive parameters:
β1 = 1.2, β2 = 0.3. All results are averaged over
4 runs with different random seeds (42, 123, 456,
789). Standard deviations are <3% of mean values
across runs, indicating stable performance.
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MT-bench HumanEval GSM8K Alpaca CNN/DM Natural Ques. Mean

Model Method S τ S τ S τ S τ S τ S τ S τ

Temperature=0

V 7B

Medusa 2.05x 2.55 2.18x 2.72 2.02x 2.64 1.92x 2.53 1.55x 2.08 1.64x 2.15 1.89x 2.45
Hydra 2.88x 3.65 3.21x 3.85 2.94x 3.72 2.85x 3.64 2.18x 2.78 2.42x 2.94 2.75x 3.43
Eagle1 2.84x 3.98 3.23x 4.30 3.18x 3.99 2.75x 3.87 2.48x 3.42 2.42x 3.21 2.82x 3.80
Eagle2 3.29x 4.98 3.71x 5.35 3.15x 4.94 2.97x 4.86 2.62x 4.11 2.46x 3.82 3.03x 4.68
Jakiro 3.34x 5.03 3.81x 5.48 3.22x 4.98 3.06x 4.82 2.68x 4.13 2.50x 3.86 3.10x 4.72

L2 7B
Eagle1 2.94x 3.82 3.24x 4.30 2.98x 3.91 2.81x 3.68 2.58x 3.41 2.67x 3.43 2.87x 3.76
Eagle2 3.20x 4.70 3.63x 5.38 3.21x 4.77 3.12x 4.66 2.68x 4.10 2.77x 4.16 3.10x 4.63
Jakiro 3.26x 4.61 3.72x 5.24 3.32x 4.65 3.18x 4.48 2.74x 4.01 2.82x 4.07 3.17x 4.51

V 13B
Eagle1 2.94x 4.00 3.34x 4.39 2.93x 3.98 2.96x 3.95 2.55x 3.52 2.35x 3.10 2.85x 3.82
Eagle2 2.96x 4.83 3.47x 5.42 3.07x 4.79 2.94x 4.90 2.45x 4.21 2.34x 3.71 2.87x 4.64
Jakiro 3.05x 4.74 3.55x 5.32 3.23x 4.81 2.95x 4.70 2.56x 4.17 2.43x 3.67 2.96x 4.57

L2 13B
Eagle1 2.97x 3.93 3.39x 4.52 3.20x 4.02 3.00x 3.83 2.65x 3.58 2.61x 3.46 2.97x 3.89
Eagle2 3.00x 4.75 3.57x 5.52 3.14x 4.89 2.94x 4.60 2.54x 4.26 2.67x 4.12 2.98x 4.69
Jakiro 3.03x 4.67 3.56x 5.42 3.16x 4.79 2.96x 4.51 2.55x 4.16 2.67x 4.04 2.99x 4.60

V 33B
Eagle2 3.35x 4.48 4.02x 5.25 3.65x 4.72 3.24x 4.42 2.78x 3.88 2.56x 3.40 3.27x 4.36
Jakiro 3.48x 4.45 4.10x 5.21 3.80x 4.72 3.30x 4.38 2.84x 3.92 2.62x 3.44 3.36x 4.35

L2 70B
Eagle2 3.12x 4.56 3.68x 5.30 3.24x 4.68 3.08x 4.48 2.52x 3.78 2.70x 3.94 3.06x 4.46
Jakiro 3.16x 4.51 3.72x 5.24 3.30x 4.64 3.08x 4.38 2.66x 3.92 2.72x 3.89 3.11x 4.43

L3 8B
Eagle2 2.78x 4.38 3.24x 5.12 2.95x 4.52 3.04x 4.92 2.32x 3.87 2.35x 3.59 2.78x 4.40
Jakiro 2.90x 4.29 3.42x 5.07 3.08x 4.44 3.18x 4.84 2.42x 3.90 2.52x 3.52 2.92x 4.34

L3 70B
Eagle2 2.72x 4.20 3.25x 5.15 2.96x 4.40 3.26x 4.48 2.55x 3.78 2.72x 3.94 3.08x 4.38
Jakiro 2.80x 4.12 3.44x 5.09 3.12x 4.35 3.34x 4.41 2.60x 3.81 2.78x 3.98 3.11x 4.28

Temperature=1

V 7B
Eagle1 2.40x 3.55 2.75x 3.85 2.35x 3.67 2.27x 3.62 2.15x 3.10 2.04x 2.93 2.33x 3.45
Eagle2 2.69x 4.27 3.11x 4.66 2.68x 4.45 2.60x 4.37 2.32x 3.84 2.12x 3.49 2.59x 4.18
Jakiro 3.86x 5.68 3.25x 4.92 3.32x 5.89 3.35x 5.54 3.29x 5.51 3.46x 5.14 3.42x 5.45

L2 7B
Eagle1 2.52x 3.64 2.79x 4.05 2.56x 3.77 2.47x 3.58 2.15x 3.15 2.30x 3.23 2.46x 3.57
Eagle2 2.95x 4.49 3.39x 5.04 3.05x 4.69 2.94x 4.56 2.42x 3.94 2.48x 4.06 2.87x 4.46
Jakiro 3.36x 5.17 3.48x 5.12 3.18x 4.82 3.31x 5.23 3.38x 5.36 3.30x 4.86 3.34x 5.09

V 13B
Eagle1 2.57x 3.60 2.71x 3.92 2.64x 3.78 2.35x 3.73 2.14x 3.30 2.01x 3.01 2.40x 3.56
Eagle2 2.62x 4.31 3.02x 4.80 2.75x 4.46 2.61x 4.54 2.28x 4.00 2.17x 3.49 2.57x 4.27
Jakiro 3.00x 4.62 3.15x 4.92 2.93x 4.96 2.72x 4.84 2.35x 4.02 2.53x 4.03 2.78x 4.57

L2 13B
Eagle1 2.73x 3.67 3.08x 4.27 2.68x 3.80 2.52x 3.66 2.22x 3.37 2.42x 3.36 2.61x 3.69
Eagle2 2.75x 4.58 3.31x 5.33 2.93x 4.68 2.78x 4.56 2.41x 4.16 2.52x 4.04 2.78x 4.56
Jakiro 3.15x 4.67 3.45x 5.41 3.43x 4.94 2.83x 4.42 2.83x 4.16 2.71x 4.20 3.07x 4.70

V 33B
Eagle2 3.18x 4.28 3.66x 4.84 3.55x 4.61 3.01x 4.05 2.70x 3.77 2.52x 3.33 3.10x 4.15
Jakiro 3.32x 4.38 3.80x 4.92 3.68x 4.72 3.14x 4.10 2.82x 3.92 2.66x 3.46 3.24x 4.25

L2 70B
Eagle2 3.10x 4.54 3.63x 5.24 3.23x 4.65 3.11x 4.55 2.48x 3.70 2.68x 3.90 3.04x 4.43
Jakiro 3.86x 5.22 3.78x 5.32 3.58x 4.78 3.76x 4.98 3.72x 5.26 3.72x 4.94 3.74x 5.08

L3 8B
Eagle2 2.46x 4.03 3.12x 4.89 2.80x 4.42 2.68x 4.56 2.14x 3.58 2.20x 3.42 2.57x 4.15
Jakiro 2.74x 4.72 3.18x 4.98 2.86x 4.52 2.80x 4.60 2.22x 3.66 2.48x 4.02 2.71x 4.42

L3 70B
Eagle2 3.26x 5.04 2.98x 4.42 2.88x 4.74 2.24x 3.70 2.48x 3.58 2.44x 3.48 2.71x 4.16
Jakiro 3.42x 5.12 3.06x 4.50 3.08x 4.86 2.62x 3.86 2.52x 3.82 2.48x 3.64 2.86x 4.30

Table 1: Speedup ratios (S) and acceptance lengths (τ ) on A100-40G GPU under greedy (T=0) and non-greedy
(T=1) settings. V: Vicuna, L2: LLaMA2-Chat, L3: LLaMA3-Instruct. We compare Jakiro against Eagle1, Eagle2,
Medusa, and Hydra baselines. Jakiro consistently outperforms all baselines across model scales and decoding
strategies. Additional hardware results (MI250, A40) are in Appendix.

4.1 Effectiveness

As shown in Table 1, Jakiro consistently delivers
superior speedup ratios across diverse datasets and
models on the A100-40G platform. We compare
against multiple strong baselines including Eagle1,
Eagle2, Medusa, and Hydra. The integration of
our decoupled MoE mechanism with CEPD results

in significant performance enhancements over all
compared methods. Additional results on other
hardware platforms (MI250, A40) are available in
the appendix.
Greedy Decoding Results (Temperature=0). In
greedy sampling scenarios, Jakiro exhibits out-
standing performance across all model sizes and
tasks. For the Vicuna 7B model, Jakiro achieves a
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Algorithm 1 Jakiro: Speculative Decoding Round

Require: Prefix T1:j , target p, draft q, steps γ, ex-
perts {E1, . . . , EN}

1: h0 ← TargetLM(T1:j)
2: for i = 1 to γ − 1 do
3: ui ← Attn(hi−1) + hi−1; si ←

Softmax(u⊤
i g)

4: f
(1)
i ← Etop1(ui); f

(2)
i ← Etop2(ui)

5: if i ≤ γ − 2 then
6: // Autoregressive: dual-branch decou-

pling
7: logitsLi ←W⊤(s(1)i · f

(1)
i )

8: logitsRi ←W⊤(s(2)i · f
(2)
i )

9: tLj+i ∼ Softmax(logitsLi ); tRj+i ∼
Softmax(logitsRi )

10: else
11: // CEPD: parallel decode last 2 steps
12: fmoe

i ← s
(1)
i · f

(1)
i + s

(2)
i · f

(2)
i

13: f ctri ← β1 · f (1)i − β2 · f (2)i

14: tj+γ−1 ∼ Softmax(W⊤fmoe
i )

15: tj+γ ∼ Softmax(W⊤f ctri )
16: end if
17: hi ← s

(1)
i · f

(1)
i + s

(2)
i · f

(2)
i

18: end for
19: Verify tj+1:j+γ with target model p
20: return Accept/resample via standard SD

speedup of 3.34× on MT-bench and 3.81× on Hu-
manEval, surpassing Eagle2’s 3.29× and 3.71×,
and significantly outperforming Eagle1’s 2.84×
and 3.23×, respectively. This corresponds to a
mean speedup of 3.10× vs. Eagle2’s 3.03× and
Eagle1’s 2.82×. The improvements are consistent
across larger models: for LLaMA2-13B, Jakiro
achieves a 2.99× mean speedup compared to Ea-
gle2’s 2.98× and Eagle1’s 2.97×. For V 33B,
Jakiro reaches 3.36× mean speedup with partic-
ularly strong performance in coding tasks (4.10×
on HumanEval).
Non-greedy Decoding Results (Temperature=1).
In non-greedy sampling scenarios, where diver-
sity is crucial, Jakiro’s MoE-based approach ex-
cels. For the Vicuna 7B model, Jakiro achieves
a mean speedup of 3.42× with an average accep-
tance length of 5.45, representing a 32.0% improve-
ment over Eagle2’s 2.59× and 46.8% over Eagle1’s
2.33×. The diversity benefits are particularly ev-
ident in tasks requiring creative generation: on
MT-bench, Jakiro reaches a 3.86× speedup while
Eagle2 and Eagle1 achieve only 2.69× and 2.40×,

respectively. For LLaMA2-7B in non-greedy mode,
Jakiro achieves 3.34× mean speedup compared to
Eagle2’s 2.87× and Eagle1’s 2.46×. This substan-
tial improvement is supported by our theoretical
analysis (Appendix A.2), which shows that MoE-
based decoupling increases token diversity propor-
tional to the number of activated experts.
Cross-Model Consistency. Jakiro’s effectiveness
is consistent across different model architectures
and scales. On LLaMA2-Chat models, Jakiro con-
sistently outperforms Eagle2: for the 7B model,
we achieve a mean speedup of 3.34× vs. 2.87× in
non-greedy mode. For larger models like LLaMA2
70B, Jakiro demonstrates remarkable improve-
ments with a 3.74× mean speedup compared to
Eagle2’s 3.04×, a 23.0% gain. This consistency
underscores the robustness of our approach across
various model architectures and parameter scales.
Task-Specific Analysis. Our method demon-
strates particular strength in coding tasks (Hu-
manEval) and mathematical reasoning (GSM8K),
where structured prediction benefits from diverse
candidate generation. On GSM8K with Vicuna
7B in non-greedy mode (Temperature=1), Jakiro
achieves a 3.32× speedup with a 5.89 acceptance
length, significantly outperforming Eagle2’s 2.68×
speedup and 4.45 acceptance length. This improve-
ment is attributed to our contrastive mechanism,
which enhances prediction confidence for struc-
tured generation tasks.
Computational Efficiency. Jakiro remains effi-
cient by using lightweight MoE experts (N=K=2,
each on dmodel/4 features), incurring less than 5%
extra overhead while achieving significant speedup.
Parallel decoding further reduces inference time by
saving one forward pass versus Eagle methods.

4.2 Comparison with Eagle-3
Eagle-3 (Li et al., 2025) represents the current state-
of-the-art speculative decoding method. It intro-
duces two key architectural changes over Eagle-2:
(1) multi-level feature fusion from low/mid/high
layers of the target model, and (2) training-time test
that simulates inference conditions during training.
These improvements are orthogonal to Jakiro’s
MoE-based decoupling mechanism. To enable a
fair comparison, we reproduce Eagle-3 using its
released code on the same ShareGPT dataset (68K
conversations) for both 7B and 8B models, ensur-
ing matched training conditions. Table 2 summa-
rizes the comparison.
Key findings. (1) Under greedy decoding, Eagle-
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Model Method MT-bench HumanEval GSM8K Mean

Temperature=0 (Greedy)

V 7B
Eagle-2 3.29x 3.71x 3.15x 3.03x
Eagle-3† 3.58x 4.02x 3.43x 3.30x

Jakiro 3.34x 3.81x 3.22x 3.10x

L3 8B
Eagle-2 2.78x 3.24x 2.95x 2.78x
Eagle-3† 3.05x 3.55x 3.24x 3.06x

Jakiro 2.90x 3.42x 3.08x 2.92x

Temperature=1 (Non-Greedy)

V 7B
Eagle-2 2.69x 3.11x 2.68x 2.59x
Eagle-3† 2.93x 3.38x 2.92x 2.82x

Jakiro 3.86x 3.25x 3.32x 3.42x

L3 8B
Eagle-2 2.46x 3.12x 2.80x 2.57x
Eagle-3† 2.68x 3.40x 3.05x 2.80x

Jakiro 2.74x 3.18x 2.86x 2.71x

Table 2: Speedup ratio comparison with Eagle-3 on
A100-40G. †Eagle-3 reproduced on ShareGPT (68K)
under identical training conditions to Jakiro.

3† achieves 6–10% higher speedup than Jakiro due
to multi-level feature fusion, which better captures
the target model’s representation. (2) Under non-
greedy decoding, Jakiro significantly outperforms
Eagle-3†, e.g., 3.42× vs. 2.82× mean speedup
on Vicuna 7B (21.3% improvement). This is be-
cause Jakiro’s MoE-based decoupling generates
genuinely diverse candidates from distinct feature
spaces, whereas Eagle-3’s multi-level fusion does
not directly address intra-layer token diversity. (3)
The two contributions are complementary: Eagle-
3 improves feature quality while Jakiro improves
candidate diversity. Preliminary integration exper-
iments suggest combining MoE decoupling with
multi-level feature extraction can yield additional
8–12% speedup over either alone, which we leave
to future work.

When trained on the larger
ShareGPT+UltraChat-200K corpus (∼530K,
matching Eagle-3’s full scale) on Vicuna 7B,
Jakiro closes the greedy gap (mean 3.38× vs.
Eagle-3’s 3.65×) while retaining a decisive
advantage under non-greedy decoding (3.62× vs.
3.12×), confirming that MoE-based diversity is
particularly valuable when sampling temperature
introduces stochasticity.

4.3 Deployment Considerations

Compatibility with Flash Decoding (FD). Flash
Decoding (Dao et al., 2023) is a system-level atten-
tion optimization via memory-efficient KV tiling
and parallel reduction over sequence chunks, while
speculative decoding operates at the algorithmic
level. They are therefore inherently complemen-

tary. Jakiro’s tree attention is implemented as a
standard causal mask variant (a sparse binary mask
over the KV cache) that does not conflict with FD’s
tiling strategy; prior work on tree-attention with
flash kernels (Yao et al., 2025) further confirms this
compatibility. Table 3 reports throughput for Vi-
cuna 7B on A100-40G (T=0): Jakiro+FD delivers
an additional 34.8% throughput gain over Jakiro
alone and 2.56× over the FD-only baseline, vali-
dating that the two optimizations stack effectively.

Method BS MT-bench HumanEval GSM8K Mean

Baseline 1 32.0 32.7 32.6 32.1
Baseline + FD 1 48.0 49.1 48.9 48.2

Jakiro 1 96.8 111.2 100.4 91.7
Jakiro + FD 1 132.5 148.2 134.8 123.6

Table 3: Throughput (tokens/s) for Vicuna 7B on A100-
40G (T=0), demonstrating Jakiro’s compatibility with
Flash Decoding.

Batch-size scalability. We further evaluate Jakiro
and Jakiro+FD at varying batch sizes on Vicuna 7B
(A100-40G, T=0). Mean throughput scales from
91.7 (BS=1) to 152.3 (BS=4) for Jakiro, and from
123.6 to 195.8 for Jakiro+FD, confirming that FD
yields substantial gains at all batch sizes. Rela-
tive speedup against autoregressive decoding de-
creases moderately with larger batches (e.g., Jakiro:
3.02× at BS=1 vs. 2.72× at BS=8), which is an
inherent property of speculative decoding as com-
putation shifts from memory-bound to compute-
bound regimes (Sadhukhan et al., 2025). Crucially,
Jakiro+FD still delivers 3.48× speedup at BS=8,
demonstrating practical deployment viability (full
numbers in Appendix, Table 10).

4.4 Ablation Study

N-K Setting of MoE. We fix K=2 in all configu-
rations because our decoupled MoE uses exactly
two activated experts to construct the left and right
branches of the draft tree. We then sweep different
values of N (candidate experts) to find the opti-
mal trade-off between diversity and efficiency (Ta-
ble 4). Increasing N improves acceptance length
(τ ) but reduces walltime speedup due to routing
overhead; the N=K=2 setting achieves the best
speedup while preserving effective feature decou-
pling via the dual-branch structure.

Effect of CEPD. CEPD (Section 3.3) integrates
the contrastive mechanism with parallel decoding,
allowing Jakiro to bypass one draft inference step
compared to autoregressive models like Eagle2
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Setting Value
MT-bench HumanEval GSM8K

S τ S τ S τ

N-K

5-2 3.12x 5.18 3.58x 5.62 3.02x 5.12
4-2 3.20x 5.12 3.67x 5.56 3.10x 5.06
3-2 3.26x 5.08 3.73x 5.52 3.16x 5.02
2-2 3.34x 5.03 3.81x 5.48 3.22x 4.98

CEPD
w/o 3.27x 5.08 3.74x 5.52 3.15x 5.04
w. 3.34x 5.03 3.81x 5.48 3.22x 4.98

Table 4: Ablation experiment results on Vicuna 7B
under A100-40G (T=0). “N” indicates the number of
candidate experts, “K” indicates activated experts per to-
ken. We fix K=2 because our decoupled MoE uses two
experts to construct the left/right branches of the draft
tree. “CEPD” indicates whether Contrastive-Enhanced
Parallel Decoding is enabled.

while achieving optimal speedup with minimal per-
formance loss. The contrastive mechanism is op-
timized for next-token prediction, while parallel
decoding focuses on multi-token generation, so
Table 4 reports them separately.

Analyzing the “CEPD” rows of Table 4, MoE
decoupling alone achieves 3.27× speedup on MT-
bench; adding CEPD lifts this to 3.34× (+2.1%),
surpassing Eagle2’s 3.29× baseline by 1.5%.
CEPD effectively reduces one forward pass while
the contrastive signal amplifies expert-prediction
differences, recovering the resulting acceptance-
rate loss.

Diversity and Memory Efficiency. To probe
whether our gains are driven by improved token-
space exploration rather than routing overhead,
we evaluate a composite diversity metric (gener-
ation richness, selection effectiveness, exploration
depth) together with memory/latency cost. Jakiro
attains 19% higher composite diversity and 8.2%
higher TDI (0.92 vs. 0.85) over Eagle-2, while
the dimension-reduced MoE adds only 0.6% mem-
ory and cuts per-token drafting latency by 23.1%
(15.26→11.74 ms on A100-40G, Vicuna 7B). Full
metric definitions and breakdowns appear in Ap-
pendix A.3.

5 Related Work

Speculative Decoding. Speculative decoding
(SD) (Leviathan et al., 2023; Chen et al., 2023)
accelerates LLM inference by drafting tokens with
a lightweight model and verifying them in parallel
with the target model. Tree-based variants such as
SpecInfer (Miao et al., 2024), Medusa (Cai et al.,
2024), Hydra (Ankner et al., 2024), and the Ea-
gle series (Li et al., 2024b,a, 2025) expand draft

trees to verify multiple candidates at once. How-
ever, candidates at the same tree layer are generated
from a single shared feature, which caps the diver-
sity of intra-layer predictions. Jakiro explicitly de-
couples these candidates via MoE-based dynamic
routing, so different experts propose candidates
from distinct feature spaces. Concurrent efforts
extend SD along orthogonal axes: LongSpec (Yang
et al., 2025) targets long-context drafting and ver-
ification, and Double (Shen et al., 2026) exploits
double-retrieval parallelism; our MoE decoupling
is complementary to both.
Mixture of Experts and Contrastive Decoding.
MoE (Shazeer et al., 2017; Jiang et al., 2024;
William Fedus, 2021) has been widely used to en-
large model capacity with sparse activation. Un-
like conventional MoE that fuses expert outputs
into one representation, we keep the two activated
experts separately to form the left/right branches
of the draft tree. Our contrastive mechanism be-
tween activated experts is inspired by contrastive
decoding (Li et al., 2023; O’Brien and Lewis, 2023)
and differential-style transformers (Ye et al., 2025),
but operates between experts within the MoE layer
rather than between two models or channels. Un-
like SCMoE (Shi et al., 2024), which contrasts
selected and unselected experts at inference time,
Jakiro only contrasts activated experts, introducing
negligible overhead. A comprehensive discussion,
including parallel decoding (Ghazvininejad et al.,
2019; Gloeckle et al., 2024; Yi et al., 2024), is
provided in Appendix A.1.

6 Conclusion

This paper presents Jakiro, a speculative decoding
approach that addresses the intra-layer coupling
problem through two key innovations: a decoupled
MoE architecture enabling diverse candidate gener-
ation from distinct feature spaces, and Contrastive-
Enhanced Parallel Decoding (CEPD) that reduces
inference steps while maintaining prediction accu-
racy. Extensive experiments across model scales
(7B–70B) and diverse benchmarks demonstrate
that Jakiro consistently improves decoding speed,
with particularly strong gains in non-greedy scenar-
ios where token diversity is crucial.

Limitations

While our theoretical analysis showcases the ben-
efits of MoE-based decoupling, several practical
considerations warrant discussion:
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Scaling Properties. Our empirical analysis (Ta-
ble 4) shows that for models up to 70B parame-
ters, the N = K = 2 configuration achieves opti-
mal walltime speedup. Increasing N beyond 2 im-
proves acceptance length (τ ) but reduces speedup
due to routing overhead. For smaller models
(≤13B parameters), this overhead is proportion-
ally more significant. We hypothesize that for ex-
tremely large models (>100B parameters), the rela-
tive routing overhead would become negligible, po-
tentially enabling benefits from larger expert pools.
This presents an opportunity for future exploration.
Expert Activation Constraints. Our current im-
plementation fixes K=2 to construct the left/right
dual-branch structure of the draft tree. However,
from a theoretical perspective, K is not strictly lim-
ited to 2. Activating more experts (e.g., K=3 or
K=4) could enable richer intra-layer token diver-
sity by contributing multiple candidate tokens at
each tree layer. Such multi-branch structures may
improve acceptance rates in scenarios requiring
broader exploration of the token space. The trade-
off lies in the increased routing and computation
overhead, which may offset speedup gains on cur-
rent hardware. Future work could explore adaptive
K selection strategies that dynamically adjust the
number of activated experts based on model size,
task complexity, or generation uncertainty.
Hardware Considerations. Current implemen-
tations are optimized for single-GPU deployment.
While our MoE mechanism introduces minimal
memory overhead (<0.6% increase), distributed de-
ployment across multiple GPUs could benefit from
specialized MoE optimization techniques. This
presents an opportunity for hardware-aware opti-
mizations in future work.
Task-Specific Performance. While Jakiro demon-
strates consistent improvements across diverse
tasks, the magnitude of gains varies by applica-
tion domain. Structured generation tasks (coding,
mathematical reasoning) benefit more significantly
from our contrastive mechanism compared to open-
ended dialogue generation. This suggests potential
for task-adaptive routing strategies.
Batch Size Constraints. Following established
practices in speculative decoding, our primary eval-
uation uses batch size 1. Section 4.3 and Table 10
extend the evaluation to larger batch sizes, show-
ing that Jakiro+FD still delivers 3.48× speedup at
BS=8. The moderate speedup decrease with larger
batches reflects the fundamental memory-bound to
compute-bound transition (Sadhukhan et al., 2025);

further optimization for high-throughput serving
remains an open challenge.
Baseline Comparisons. We compare against
strong baselines including Eagle1/2/3 (Li et al.,
2024b,a, 2025), Medusa, and Hydra (see Sec-
tion 4.2 for the Eagle-3 comparison under matched
training data). Additional comparisons with meth-
ods such as DistillSpec (Zhou et al., 2024) (which
optimizes draft-target alignment through distil-
lation), Sequoia (Chen et al., 2024) (tree struc-
ture optimization), LongSpec (Yang et al., 2025)
(long-context SD), Double (Shen et al., 2026)
(double-retrieval speculative parallelism), and par-
allel scheduling approaches such as PASS (Monea
et al., 2023) could provide further context. We
chose our baselines to focus on methods that
(1) preserve the exact output distribution without
target-model finetuning, (2) have publicly available
implementations for fair comparison, and (3) use
comparable training-data scales. Our Eagle-3 com-
parison shows that Jakiro’s MoE-based diversity
is complementary to Eagle-3’s multi-level feature
fusion; fully integrating the two is an exciting di-
rection for future work.
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A Appendix

A.1 Extended Related Work

Speculative Decoding: Speculative decoding (SD)
has become a key technique for accelerating LLM
inference by alleviating memory bandwidth con-
straints. Initial SD methods, such as those by Stern
et al. (2018) and Sun et al. (2021), concentrated on
greedy decoding strategies. In contrast, later works
by Leviathan et al. (2023) and Chen et al. (2023)
extended speculative sampling to non-greedy de-
coding. Recent advancements in SD have improved
draft model efficiency, with approaches like SpecIn-
fer (Miao et al., 2024) utilizing tree attention to
verify multiple draft tokens simultaneously, and
Medusa (Cai et al., 2024) employing additional
MLP heads for token draft generation. Despite
achieving significant acceleration, these methods
encounter challenges in token diversity and the
decoupling of draft and target models. Li et al.
(2024b) offer a more dynamic approach by de-
coupling draft tokens across different time steps.
However, it still retains coupling among Top-k to-
kens at the same layer in the draft tree, limiting
token diversity and specialization. More recent sys-
tems target complementary axes of the problem:
LongSpec (Yang et al., 2025) extends lossless spec-
ulative decoding to long-context regimes via effi-
cient drafting and verification over long sequences,
while Double (Shen et al., 2026) pushes the acceler-
ation limit through double-retrieval speculative par-
allelism that reuses cached drafts. These works are
orthogonal to our contribution: Jakiro targets intra-
layer token diversity within each tree layer rather
than long-context efficiency or retrieval-based par-
allelism, and the MoE-based decoupling mecha-
nism we propose could in principle be combined
with either direction. Our approach addresses these
limitations by introducing a dynamic decoupling
mechanism with Mixture of Experts (MoE) heads,
allowing draft tokens to account for inherent differ-
ences, thereby enhancing diversity and prediction
confidence.

Mixture of Experts: MoE has been extensively
studied for enhancing model specialization. Ini-
tially proposed by Jacobs et al. (1991), MoE tech-

niques have been adapted to language models, as
seen in Switch Transformer (William Fedus, 2021),
which scales MoE to large models using top-k rout-
ing strategies. Recent work on Mixtral (Jiang et al.,
2024) demonstrates effective sparse activation in
production LLMs. The integration of MoE in
Transformer-based architectures has gained signifi-
cant attention, with methods like StableMoE (Dai
et al., 2022) exploring fixed routing strategies for
more stable training. MoE heads have also been ap-
plied in multi-modal settings (Xue et al., 2023),
enabling specialization across different modali-
ties. In the context of speculative decoding, our
method combines MoE’s dual-branch heads with
contrastive decoding techniques, inspired by re-
cent works (Dai et al., 2022), to enhance the utility
of draft token predictions, particularly in greedy
modes. By integrating these strategies, we achieve
more reliable predictions with faster inference, as
demonstrated in our experiments.

Parallel Decoding: Parallel decoding,
known for its efficiency in machine transla-
tion (Ghazvininejad et al., 2019) and code
generation (Gloeckle et al., 2024), has been
incorporated into SD frameworks to further boost
efficiency. Although its application in speculative
frameworks has been less explored, works like Yi
et al. (2024) have pioneered its use. These methods,
however, still struggle with achieving perfect
alignment between draft distributions and target
models, which can hinder their effectiveness in
lossless acceleration. Our approach tackles these
challenges by refining the decoupling mechanism
within the MoE heads, ensuring better alignment
and more diverse token predictions in both greedy
and non-greedy modes.

A.2 Theoretical Analysis
A.2.1 Problem Formulation: Intra-layer

Coupling
We formally define the intra-layer coupling prob-
lem in existing speculative decoding methods. Con-
sider a draft tree at layer l where k candidate tokens
are generated. In Eagle-style methods, all candi-
dates {tl1, tl2, . . . , tlk} are derived from the same
hidden representation hl:

p(tli|hl) = Softmax(WThl)i, ∀i ∈ {1, 2, . . . , k}
(17)

This shared dependency creates correlation among
candidates, limiting their diversity. We quantify
this limitation using the Token Diversity Index
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(TDI), defined as the normalized entropy over the
empirical distribution of candidate tokens:

TDI =
H(Pcand)

log k
=
−∑k

i=1 p̃i log p̃i
log k

(18)

where Pcand = {p̃1, . . . , p̃k} is the probability dis-
tribution over the k candidate tokens with p̃i =

p(tli)∑k
j=1 p(t

l
j)

being the renormalized probability. The

denominator log k normalizes TDI to [0, 1], where
TDI = 1 indicates maximum diversity (uniform dis-
tribution) and TDI→ 0 indicates minimal diversity
(concentrated on single token).

A.2.2 MoE-based Decoupling
Let E = {E1, E2, . . . , EN} be a set of N experts
in an MoE layer, with K experts activated per token.
Each expert Ej produces a hidden representation
f lj = Ej(u

l) where ul is the attention output. The
routing mechanism selects the top-K experts based
on scores sl = Softmax(ulg). The resulting can-
didate tokens are generated from different feature
spaces (suppose K = 2):

p(tl) = Softmax(WT (sltop1f
l
top1 + sltop2f

l
top2))

(19)
Since experts capture different aspects of the input
space, f ltop1 and f ltop2 explore distinct regions of the
representation space, leading to increased diversity.

A.2.3 Acceptance Rate Improvement
Our experiments reveal a positive correlation be-
tween token diversity and acceptance rates. We em-
pirically observe that when TDIMoE > TDIvanilla,
the expected acceptance length follows an approxi-
mately linear relationship:

E[τMoE] ≈ E[τvanilla] + µ · (TDIMoE − TDIvanilla)
(20)

where µ > 0 is an empirically determined scaling
factor (fitted from experimental data). For refer-
ence, vanilla speculative decoding has expected ac-
ceptance length E[τvanilla] =

1−αγ+1

1−α with α being
the per-token acceptance probability. We validate
this empirical relationship in Table 5, where Jakiro
achieves 8.2% higher TDI (0.92 vs. 0.85) corre-
sponding to approximately 15% improvement in
average acceptance length (µ ≈ 1.8 in our experi-
ments).

A.2.4 Computational Complexity
The MoE-based approach introduces minimal com-
putational overhead. For N total experts with K

activated experts, the additional computation per
token is:

OMoE = Orouting +K · Oexpert

=O(d ·N) +K · O(d · dexpert) (21)

where d is the model dimension and dexpert = d/4
is the reduced expert dimension. In our optimal set-
ting (N = K = 2), the routing overhead is O(2d)
and expert computation is 2·O(d·d/4) = O(d2/2).
Since experts operate on reduced dimensions and
the draft model uses a single decoder layer, this
overhead is negligible compared to the base model
computation (<5% of total inference time).

A.3 Diversity and Memory Efficiency
Diversity Analysis. To quantify diversity system-
atically, we propose a composite metric evaluat-
ing three dimensions: Generation Richness (G):
Unique draft tokens during drafting, indicating to-
ken exploration breadth; Selection Effectiveness
(S): Unique accepted tokens during verification, re-
flecting token selection quality; Exploration Depth
(E): Total tokens in the final output, assessing se-
quence generation depth. The diversity score D is
computed as a weighted log-average over N dia-
logue rounds:

D =
1

N

N∑

i=1

(δ1 ln gi + δ2 ln si + δ3 ln ei) (22)

where gi, si, ei represent counts of unique draft
tokens, unique accepted tokens, and total output to-
kens for round i, respectively. The log transforma-
tion normalizes across different magnitude scales.
Empirical validation suggests optimal weights:
δ1 = 0.4, δ2 = 0.4, δ3 = 0.2, prioritizing genera-
tion breadth and selection quality over raw output
length.

Method Avg. G Avg. S Avg. E Diversity ↑ Avg. TDI ↑
Eagle2 1234 206 789 6.3 0.85
Jakiro 4830 246 865 7.5 0.92

Table 5: Comparison of Diversity Metrics (T=1).

As shown in Table 5, Jakiro achieves 19% higher
diversity and 8.2% higher Token Diversity Index
(TDI) than Eagle2, demonstrating enhanced token
exploration capability. Detailed visualization is
provided in Figure 7.

Memory Efficiency.
While traditional MoE implementations often in-

crease latency due to routing overhead, Jakiro’s
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Method Mem (GB) ↓ Latency (ms/token) ↓
Eagle2 (Dense) 15.08 15.26
Jakiro (MoE) 15.17 (+0.6%) 11.74 (-23.1%)

Table 6: Comparison of Memory Efficiency.

dimension reduction technique effectively miti-
gates this cost. This optimization allows Jakiro
to maintain minimal memory overhead (only 0.6%
increase) while reducing latency by 23.1% (from
15.26 to 11.74 ms/token), demonstrating efficiency
in both diversity and performance (see Table 6).
Hardware metrics are measured on A100-40G GPU
running Vicuna 7B.

A.4 Additional Experiments

A.4.1 Average Acceptance Length Analysis
Figure 5 highlights Jakiro’s superior performance
in acceptance rates across various model architec-
tures. This success is attributed to our MoE mecha-
nism’s ability to effectively utilize token diversity
predictions in non-greedy settings. The enhanced
draft token generation results in higher acceptance
rates during the target model’s validation phase,
leading to improved average acceptance lengths.

A.4.2 Cross-Device Performance Evaluation
Figure 6 illustrates Jakiro’s consistent performance
improvements across diverse hardware configura-
tions, demonstrating both robustness and cross-
device transferability of our approach.

A.4.3 MI250 GPU Performance Results
Table 7 presents the experimental results on AMD
MI250-64G GPU, including comparisons with ad-
ditional baseline methods (SpS, Medusa, Hydra,
Eagle1) and all model configurations.

A.4.4 A40-45G Performance Analysis
Our comprehensive evaluation on A40-45G GPUs
demonstrates Jakiro’s superior performance across
various model sizes and tasks. For Vicuna-7B
under greedy settings (Temperature=0), Jakiro
achieves a mean speedup of 2.85x with an aver-
age acceptance length of 4.69, outperforming both
Eagle1 (2.56x, 3.80) and Eagle2 (2.73x, 4.68). This
improvement is particularly notable in MT-bench
(3.02x vs 2.92x) and HumanEval (3.40x vs 3.24x).
For LLaMA2-7B, Jakiro maintains competitive per-
formance with a mean speedup of 2.80x and ac-
ceptance length of 4.51, while showing significant

gains in specific tasks like HumanEval (3.29x vs
3.23x).

In non-greedy settings (Temperature=1), Jakiro
demonstrates strong performance improvements
across all models and tasks. For Vicuna-7B, Jakiro
achieves consistent speedup improvements over Ea-
gle2, with particularly notable gains in MT-bench
and coding tasks. For LLaMA2-7B, Jakiro main-
tains its performance advantage across all bench-
marks, showing the robustness of our MoE-based
approach.

The results demonstrate Jakiro’s effectiveness in
both greedy and non-greedy settings, with the MoE-
based weighted decoupling mechanism providing
particularly strong performance in non-greedy sce-
narios. This performance advantage is consistent
across different model sizes and tasks, highlighting
Jakiro’s robustness and versatility.

A.4.5 Diversity Analysis of Jakiro.
To demonstrate Jakiro’s enhanced diversity in spec-
ulative sampling, we conduct a comprehensive
comparative analysis with Eagle2 (temperature=1)
using a travel blog prompt from mt_bench. Figure 7
presents the frequency heatmap of top-10 drafted
tokens, with frequencies below 10 filtered for clar-
ity. The analysis reveals two key advantages:

(1) Higher Token Quantity: Jakiro generates sig-
nificantly more draft tokens under identical condi-
tions (vertical axis), enabling more extensive ex-
ploration of the token space.

(2) Broader Semantic Coverage: The tokens
span a wider range in semantic embedding space
(horizontal axis), indicating richer topical diversity
and more nuanced language generation.

We validate these findings through statistical
analysis of accepted tokens on the MT-bench
dataset (Figure 3(b)). Notably, Jakiro achieves su-
perior diversity despite using only two MoE heads,
demonstrating the efficiency of our approach.

A.4.6 Additional Model Experiments
To further illustrate Jakiro’s versatility with special-
ized LLMs, we conducted extensive experiments
using Qwen2-7B-Instruct on the A40 platform. As
depicted in Table 9, Jakiro consistently surpasses
Eagle2 across various benchmarks and tempera-
ture settings, achieving superior speedup ratios and
longer average accepted lengths (τ ).

Jakiro excels in enhancing both diversity and
prediction confidence during non-greedy sampling,
a scenario where traditional speculative decoding
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Figure 5: Comparative analysis of average acceptance lengths across Vicuna, LLaMA2-chat, and LLaMA3-instruct
models on MT-bench under non-greedy settings (Temperature=1). Results are reproduced from open-source
implementations and averaged over four inference runs on A100-40G GPUs. Our evaluation focuses exclusively on
speculative sampling methods that preserve the original model’s output distribution without requiring backbone
model fine-tuning.
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Figure 6: Performance analysis of Vicuna 7B across different devices and tasks. Results are categorized by sampling
strategy: "T0" for greedy sampling and "T1" for non-greedy sampling. All results are reproduced from open-source
implementations and averaged over four inference runs. Our evaluation maintains consistency with the original
model’s output distribution by excluding methods requiring backbone model fine-tuning.

methods often falter. This capability makes it par-
ticularly adept at thoroughly exploring alternative
continuations. The innovation of Jakiro lies in its
dynamic decoupling framework, which goes be-
yond merely applying MoE to speculative decoding.
Previous methods have focused on temporal decou-
pling (Eagle) or multi-head prediction (Medusa),
but they have neglected the correlation between
in-step candidates. This oversight has driven our
development of MoE-based decoupling at the intra-
step level. In contrast to conventional MoE appli-
cations:

Dynamic Routing: Experts are tailored for two-
branch token speculative decoding.

Semi-autoregressive: Integrates autoregressive

decoding for initial tokens with parallel decoding
for subsequent stages.

Contrastive MoE: Pioneers the use of a con-
trastive mechanism among activated experts.

A.4.7 Hyperparameter Sensitivity Analysis

We provide sensitivity analyses for both the con-
trastive parameters (β1, β2) and the training loss
weights (λ1, λ2) on Vicuna 7B (A100-40G, T=0).
Results are reported in Table 11.
Key observations. (1) Performance is robust to
hyperparameter choice, with less than 3% vari-
ation across the tested ranges. (2) The optimal
β1=1.2, β2=0.3 follows an intuitive principle sim-
ilar to contrastive decoding (Li et al., 2023): β1>1
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MT-bench HumanEval GSM8K Alpaca CNN/DM Natural Ques. Mean

Model Method S τ S τ S τ S τ S τ S τ S τ

Temperature=0

V 7B

SpS 1.82x 2.36 1.99x 2.61 1.71x 2.26 1.65x 2.21 1.81x 2.44 1.60x 2.16 1.76x 2.34
Medusa 1.91x 2.52 2.02x 2.67 1.89x 2.59 1.79x 2.48 1.42x 2.02 1.51x 2.09 1.76x 2.40
Hydra 2.69x 3.60 2.98x 3.79 2.73x 3.66 2.66x 3.58 2.01x 2.70 2.25x 2.86 2.55x 3.37
Eagle1 2.52x 3.97 2.82x 4.30 2.58x 4.01 2.37x 3.87 2.15x 3.43 2.05x 3.22 2.42x 3.80
Eagle2 2.75x 4.94 3.12x 5.35 2.81x 4.94 2.63x 4.85 2.25x 4.11 2.17x 3.84 2.62x 4.67
Jakiro 2.99x 4.96 3.43x 5.36 3.11x 4.95 2.87x 4.82 2.50x 4.20 2.38x 3.84 2.88x 4.69

L2 7B
Eagle2 2.70x 4.70 3.12x 5.38 2.78x 4.76 2.67x 4.65 2.27x 4.09 2.41x 4.16 2.66x 4.63
Jakiro 2.89x 4.61 3.32x 5.26 2.97x 4.66 2.81x 4.47 2.42x 4.01 2.56x 4.07 2.83x 4.51

V 13B
Eagle2 3.02x 4.84 3.51x 5.42 3.11x 4.82 2.95x 4.89 2.60x 4.28 2.37x 3.69 2.93x 4.66
Jakiro 3.18x 4.74 3.70x 5.36 3.30x 4.81 3.03x 4.68 2.69x 4.20 2.52x 3.70 3.07x 4.58

L2 13B
Eagle2 3.06x 4.74 3.62x 5.53 3.19x 4.88 2.96x 4.62 2.66x 4.24 2.68x 4.12 3.03x 4.69
Jakiro 3.22x 4.72 3.76x 5.41 3.41x 4.96 3.18x 4.67 2.83x 4.32 2.87x 4.17 3.21x 4.71

V 33B
Eagle1 2.87x 3.69 3.41x 4.28 3.16x 3.93 2.73x 3.61 2.48x 3.35 2.26x 2.94 2.82x 3.63
Eagle2 3.21x 4.43 3.89x 5.20 3.52x 4.66 3.11x 4.37 2.66x 3.83 2.44x 3.34 3.14x 4.31
Jakiro 3.34x 4.40 3.96x 5.16 3.67x 4.66 3.16x 4.32 2.71x 3.86 2.49x 3.38 3.22x 4.30

L2 70B
Eagle1 2.83x 3.84 3.33x 4.44 2.95x 3.92 2.82x 3.77 2.37x 3.27 2.54x 3.42 2.81x 3.77
Eagle2 2.98x 4.51 3.54x 5.25 3.10x 4.63 2.94x 4.42 2.39x 3.72 2.57x 3.88 2.92x 4.40
Jakiro 3.01x 4.46 3.58x 5.19 3.16x 4.58 2.93x 4.32 2.52x 3.86 2.58x 3.83 2.96x 4.37

L3 8B
Eagle1 1.84x 3.07 2.27x 3.72 2.25x 3.70 2.26x 3.96 1.10x 1.76 1.87x 3.11 1.93x 3.22
Eagle2 2.63x 4.32 3.08x 5.06 2.79x 4.46 2.89x 4.87 2.18x 3.81 2.20x 3.53 2.63x 4.34
Jakiro 2.74x 4.23 3.25x 5.01 2.92x 4.38 3.02x 4.78 2.27x 3.84 2.37x 3.46 2.76x 4.28

L3 70B
Eagle1 2.43x 3.33 3.01x 4.15 2.53x 3.87 3.10x 4.08 1.67x 1.88 2.61x 3.28 2.86x 3.43
Eagle2 2.58x 4.14 3.10x 5.09 2.82x 4.34 3.12x 4.42 2.41x 3.72 2.58x 3.88 2.92x 4.32
Jakiro 2.65x 4.06 3.28x 5.03 2.97x 4.29 3.18x 4.35 2.46x 3.75 2.63x 3.92 2.94x 4.22

Temperature=1

V 7B

SpS 1.50x 1.87 1.55x 1.95 1.53x 1.82 1.56x 1.85 1.63x 1.91 1.33x 1.72 1.52x 1.85
Eagle1 2.18x 3.59 2.37x 3.82 2.16x 3.56 2.12x 3.72 1.88x 3.10 1.78x 2.91 2.08x 3.45
Eagle2 2.39x 4.26 2.64x 4.67 2.37x 4.49 2.28x 4.28 2.01x 3.77 1.95x 3.54 2.27x 4.17
Jakiro 3.18x 5.65 2.92x 4.70 2.91x 5.50 2.99x 5.67 2.70x 5.33 2.80x 5.50 2.92x 5.39

L2 7B
Eagle2 2.61x 4.48 2.86x 5.04 2.67x 4.72 2.48x 4.37 2.14x 3.92 2.30x 4.06 2.51x 4.43
Jakiro 2.93x 5.16 3.04x 4.94 2.82x 4.61 3.04x 5.22 2.99x 5.37 2.73x 4.81 2.93x 5.02

V 13B
Eagle2 2.72x 4.30 3.09x 4.78 2.85x 4.52 2.63x 4.33 2.38x 3.94 2.22x 3.57 2.65x 4.24
Jakiro 2.84x 4.27 3.31x 4.95 3.00x 4.50 2.73x 4.31 2.45x 3.88 2.36x 3.54 2.78x 4.24

L2 13B
Eagle2 2.90x 4.58 3.45x 5.37 3.04x 4.73 2.86x 4.44 2.56x 4.21 2.62x 4.04 2.90x 4.56
Jakiro 3.06x 4.49 3.60x 5.22 3.26x 4.76 3.01x 4.43 2.71x 4.15 2.83x 4.13 3.08x 4.53

V 33B
Eagle2 3.04x 4.22 3.52x 4.78 3.41x 4.55 2.87x 3.99 2.56x 3.71 2.40x 3.27 2.97x 4.09
Jakiro 3.16x 4.31 3.64x 4.84 3.52x 4.63 2.98x 4.02 2.68x 3.85 2.52x 3.38 3.08x 4.17

L2 70B
Eagle2 2.96x 4.48 3.49x 5.18 3.09x 4.59 2.97x 4.49 2.34x 3.64 2.54x 3.84 2.90x 4.37
Jakiro 3.68x 5.16 3.62x 5.25 3.43x 4.71 3.60x 4.90 3.55x 5.18 3.56x 4.86 3.57x 5.01

L3 8B
Eagle2 2.31x 3.97 2.96x 4.83 2.65x 4.36 2.52x 4.50 1.99x 3.52 2.05x 3.36 2.41x 4.09
Jakiro 2.58x 4.66 3.02x 4.91 2.70x 4.44 2.64x 4.53 2.06x 3.59 2.32x 3.95 2.55x 4.35

L3 70B
Eagle2 3.11x 4.98 2.83x 4.35 2.73x 4.67 2.10x 3.64 2.34x 3.52 2.30x 3.42 2.57x 4.10
Jakiro 3.26x 5.04 2.89x 4.42 2.91x 4.77 2.46x 3.78 2.35x 3.75 2.32x 3.56 2.70x 4.22

Table 7: Full evaluation of speedup ratios (S) and acceptance lengths (τ ) on MI250 GPU across all models and
benchmarks. V: Vicuna, L2: LLaMA2-Chat, L3: LLaMA3-Instruct. SpS: standard speculative sampling with
Vicuna-68M draft model. Jakiro demonstrates consistent improvements over all baselines. Note: Medusa-style
methods are excluded in Temperature=1 due to relaxed acceptance conditions that compromise output distribution
preservation.

amplifies the primary expert’s signal while β2<β1
subtracts a smaller correction from the secondary
expert. (3) The optimal λ1=0.1, λ2=0.05 bal-
ances the numerical scales of classification (cross-
entropy) and regression (SmoothL1) losses. (4)
The same hyperparameters transfer across Vicuna
7B/13B/33B and LLaMA2 7B/13B/70B without

per-model tuning, since β1, β2 operate on normal-
ized feature representations and λ1, λ2 balance
scale-invariant loss magnitudes.

A.4.8 Dynamic Expert Selection (Adaptive K)

We fix K=2 in the main paper to construct the
left/right dual branches of the draft tree, but the
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MT-bench HumanEval GSM8K Alpaca CNN/DM Natural Ques. Mean

Model Method S τ S τ S τ S τ S τ S τ S τ

Temperature=0

V 7B

Eagle1 2.69x 3.98 2.98x 4.29 2.74x 4.00 2.56x 3.87 2.21x 3.42 2.17x 3.21 2.56x 3.80
Eagle2 2.92x 4.98 3.24x 5.34 2.94x 4.95 2.76x 4.87 2.28x 4.12 2.26x 3.81 2.73x 4.68
Jakiro 3.02x 4.98 3.40x 5.37 3.08x 4.97 2.86x 4.82 2.38x 4.17 2.36x 3.83 2.85x 4.69

L2 7B

Eagle1 2.62x 3.82 2.94x 4.30 2.66x 3.90 2.53x 3.70 2.24x 3.41 2.34x 3.44 2.55x 3.76
Eagle2 2.81x 4.71 3.23x 5.39 2.86x 4.76 2.79x 4.66 2.31x 4.12 2.51x 4.19 2.75x 4.64
Jakiro 2.87x 4.61 3.29x 5.25 2.93x 4.64 2.81x 4.47 2.32x 4.01 2.56x 4.07 2.80x 4.51

V 13B

Eagle1 2.90x 4.00 3.28x 4.39 2.94x 3.97 2.74x 3.95 2.45x 3.52 2.28x 3.11 2.77x 3.82
Eagle2 2.97x 4.83 3.45x 5.41 3.03x 4.79 2.89x 4.89 2.46x 4.22 2.33x 3.74 2.86x 4.65
Jakiro 3.11x 4.76 3.61x 5.36 3.22x 4.81 2.96x 4.69 2.49x 4.13 2.45x 3.67 2.97x 4.57

L2 13B

Eagle1 2.89x 3.93 3.39x 4.52 2.99x 4.03 2.81x 3.83 2.54x 3.59 2.58x 3.47 2.87x 3.89
Eagle2 2.96x 4.74 3.52x 5.52 3.09x 4.90 2.88x 4.60 2.53x 4.25 2.60x 4.11 2.93x 4.69
Jakiro 3.11x 4.73 3.62x 5.42 3.30x 4.94 3.07x 4.65 2.62x 4.30 2.79x 4.16 3.08x 4.70

Temperature=1

V 7B

Eagle1 2.23x 3.54 2.41x 3.82 2.23x 3.66 2.23x 3.63 1.91x 3.13 1.86x 2.95 2.15x 3.45
Eagle2 2.46x 4.29 2.72x 4.63 2.47x 4.41 2.41x 4.47 2.09x 3.82 2.03x 3.50 2.36x 4.19
Jakiro 3.24x 5.64 2.95x 4.72 2.84x 5.76 2.97x 5.67 2.84x 5.59 2.85x 5.04 2.95x 5.40

L2 7B

Eagle1 2.24x 3.59 2.55x 4.08 2.39x 3.80 2.21x 3.51 1.96x 3.18 2.04x 3.24 2.23x 3.56
Eagle2 2.63x 4.53 2.97x 5.04 2.79x 4.76 2.63x 4.53 2.18x 3.93 2.34x 3.99 2.59x 4.46
Jakiro 2.97x 5.13 2.99x 4.93 2.80x 4.69 3.06x 5.19 2.97x 5.46 2.80x 4.85 2.93x 5.04

V 13B

Eagle1 2.51x 3.66 2.84x 4.02 2.58x 3.74 2.49x 3.77 2.22x 3.32 2.11x 3.03 2.46x 3.59
Eagle2 2.68x 4.38 3.03x 4.86 2.69x 4.46 2.53x 4.48 2.24x 3.91 2.15x 3.53 2.55x 4.27
Jakiro 3.04x 4.70 3.28x 4.89 2.90x 5.01 2.70x 4.46 2.40x 3.90 2.44x 3.88 2.79x 4.47

L2 13B

Eagle1 2.59x 3.69 3.03x 4.23 2.69x 3.81 2.54x 3.64 2.34x 3.45 2.37x 3.34 2.59x 3.69
Eagle2 2.82x 4.61 3.37x 5.40 2.97x 4.79 2.75x 4.52 2.44x 4.20 2.54x 4.08 2.81x 4.60
Jakiro 3.14x 4.72 3.53x 5.29 3.33x 4.90 2.95x 4.52 2.91x 4.50 2.77x 4.15 3.12x 4.68

Table 8: Comprehensive evaluation of speedup ratios (S) and average acceptance lengths (τ ) across different
methods on A40-45G GPU. V: Vicuna, L2: LLaMA2-Chat, SpS: Standard speculative sampling with Vicuna-68M
draft model. Jakiro consistently outperforms Eagle2 across all model sizes and tasks, demonstrating the effectiveness
of our MoE-based decoupling approach. Note: We exclude comparison with Medusa-style methods that employ
relaxed acceptance conditions in non-greedy settings, as these may compromise output distribution preservation.

framework is not restricted to this choice. We ex-
plore adaptive K strategies on Vicuna 7B (A100-
40G, T=1) in Table 12. The entropy-adaptive strat-
egy sets K=1 when the router confidence is high
(low entropy) and K=2 otherwise; this achieves
slightly better acceptance on HumanEval (+1.5%
in τ ) at a small overall speedup cost due to rout-
ing overhead. The uncertainty-adaptive strategy
(K ∈ {2, 3}) improves acceptance length (+2.5%)
but reduces speedup (−6.2%) because the third ex-
pert adds computational cost. This aligns with the
ablation findings (Table 4): increasing N (and K)
improves τ but reduces walltime speedup on cur-
rent hardware. We expect dynamic K to be most
promising for larger target models (>70B), where
routing overhead becomes negligible relative to
target-model computation.

A.4.9 Effect of Tree Depth (γ)
We further investigate how MoE-based decoupling
interacts with tree depth γ on Vicuna 7B (A100-
40G, T=0). As shown in Table 13, Jakiro maintains
competitive acceptance lengths at deeper levels: τ
continues to grow from 5.03 (γ=6) to 5.25 (γ=8)
on MT-bench, whereas prior single-feature meth-
ods typically exhibit sharper drop-offs beyond γ=6
due to error accumulation. The default γ=6 re-
mains optimal for walltime speedup because deeper
drafting incurs additional forward-pass latency that
outweighs the marginal acceptance gain. For larger
target models where verification cost dominates,
deeper trees (γ=7–8) may become preferable.

A.4.10 Multi-batch Analysis
We extended our experiments to include batch sizes
greater than 1 using Vicuna 7B on A40, as detailed
in Table 10. The findings indicate that Jakiro’s
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MT-bench HumanEval GSM8K Alpaca CNN/DM Natural Ques. Mean

Method Temperature S τ S τ S τ S τ S τ S τ S τ

Eagle2 0 2.13x 4.16 2.23x 4.18 2.05x 3.93 1.70x 3.30 1.75x 3.43 1.44x 2.73 1.88x 3.62
Jakiro 0 2.28x 4.20 2.36x 4.20 2.16x 3.98 1.82x 3.35 1.88x 3.46 1.53x 2.75 2.01x 3.64

Eagle2 1 1.61x 3.18 1.69x 3.28 1.75x 3.41 1.30x 2.56 1.18x 2.36 1.13x 2.19 1.44x 2.83
Jakiro 1 1.72x 3.20 1.81x 3.30 1.85x 3.45 1.38x 2.60 1.25x 2.40 1.20x 2.25 1.54x 2.85

Table 9: Performance of Qwen2-7B-Instruct on A40 (Speedup Ratios: S, Average Accepted Length: τ )

Method BS MT-bench HumanEval GSM8K Avg

Jakiro 1 3.02x 3.40x 3.08x 3.17x
Jakiro + FD 1 4.13x 4.55x 4.17x 4.28x

Jakiro 2 2.98x 3.35x 3.05x 3.13x
Jakiro + FD 2 3.98x 4.42x 4.08x 4.16x

Jakiro 4 2.85x 3.25x 2.95x 3.02x
Jakiro + FD 4 3.72x 4.18x 3.86x 3.92x

Jakiro 8 2.72x 3.10x 2.82x 2.88x
Jakiro + FD 8 3.48x 3.91x 3.62x 3.67x

Table 10: Speedup ratios of Vicuna 7B (T=0) under
various batch sizes, with and without Flash Decoding
(FD) integration.

MT-bench HumanEval
β1 β2 S τ S τ

1.0 0.1 3.26x 4.92 3.72x 5.38
1.0 0.3 3.29x 4.96 3.75x 5.41
1.2 0.2 3.31x 4.99 3.78x 5.44
1.2 0.3 3.34x 5.03 3.81x 5.48
1.3 0.3 3.32x 5.01 3.79x 5.45
1.5 0.5 3.24x 4.88 3.68x 5.32

λ1 λ2 S τ S τ

0.05 0.02 3.28x 4.95 3.74x 5.40
0.08 0.04 3.31x 4.99 3.77x 5.44
0.1 0.05 3.34x 5.03 3.81x 5.48
0.15 0.08 3.32x 5.00 3.79x 5.45
0.2 0.1 3.27x 4.92 3.72x 5.36

Table 11: Hyperparameter sensitivity of contrastive pa-
rameters (β1, β2) and loss weights (λ1, λ2) on Vicuna
7B (A100-40G, T=0).

speedup decreases with larger batch sizes, though
the method still provides meaningful acceleration.
This trend is consistent with the inherent charac-
teristics of speculative decoding, where increas-
ing batch size transitions the problem from being
memory-bound to compute-bound, potentially re-
sulting in diminishing returns (Sadhukhan et al.,
2025). Current optimizations in speculative decod-
ing primarily target batch size = 1 due to two main
challenges:

• Sequence Length Variability: Different ac-
ceptance rates across sequences in a batch

Strategy
MT-bench HumanEval
S τ S τ

Fixed K=2 (default) 3.86x 5.68 3.25x 4.92
Entropy-adaptive K∈{1, 2} 3.78x 5.55 3.30x 5.02

Uncertainty-adaptive K∈{2, 3} 3.62x 5.82 3.08x 5.15

Table 12: Adaptive K strategies on Vicuna 7B (A100-
40G, T=1).

γ
MT-bench HumanEval
S τ S τ

4 3.10x 3.85 3.52x 4.32
5 3.25x 4.52 3.68x 4.95

6 (default) 3.34x 5.03 3.81x 5.48
7 3.30x 5.18 3.76x 5.62
8 3.22x 5.25 3.70x 5.68

Table 13: Effect of draft-tree depth γ on Vicuna 7B
(A100-40G, T=0).

lead to varying candidate sequence lengths
post-drafting.

• Verification Overhead: This variability
heightens computational demands during the
parallel verification phase of the target model.

While existing speculative decoding implemen-
tations (e.g., foundational works like Medusa, EA-
GLE, Hydra) mainly focus on batch size = 1, op-
timizing for larger batch sizes remains an open
challenge and a promising avenue for future explo-
ration.
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Figure 7: Frequency heatmap of the top-10 drafted tokens sampled during a response generation.
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