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Abstract

Speculative decoding accelerates autoregres-
sive LLM generation with a lightweight draft
model, yet existing distillation methods treat all
historical tokens equally despite their divergent
contributions to next-token prediction. We dis-
cover that attention in draft models is extremely
concentrated: the top-3 historical tokens cap-
ture 80% of attention weight, while over 90%
of tokens contribute negligibly. This uniform
training paradigm forces the draft model to
learn from noisy, low-importance tokens, dilut-
ing the learning signal from informative posi-
tions and limiting the alignment between draft
and target distributions. To address this, we
propose DarterSD, a dynamic token-weighted
distillation framework for efficient speculative
decoding. DarterSD employs a learnable sig-
moid gate in self-attention to compute per-
token importance scores, and designs a multi-
objective distillation loss comprising distribu-
tion alignment, logit matching, and gate regu-
larization to focus training on high-informative
tokens. We further introduce a lightweight
Boolean-mask denoising strategy at inference
to suppress contextual noise, without modify-
ing the target model’s verification pipeline. Ex-
periments show DarterSD delivers a lossless
speedup up to 5.52 %, outperforming EAGLE3
(4.67x), and boosts the average accepted token
length by 12.9%.

1 Introduction

Large Language Models (LLMs) have achieved
remarkable success across diverse tasks, yet their
autoregressive decoding generate one token per
forward pass remains a fundamental efficiency bot-
tleneck. Speculative decoding (Leviathan et al.,
2023; Chen et al., 2023) mitigates this by employ-
ing a lightweight draft model to propose candidate
tokens that a target model verifies in parallel, sub-
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Figure 1: Top-k attention concentration at the first gen-
eration step. Top-k denotes the cumulative attention
mass assigned to the & most attended historical tokens.

stantially reducing inference latency while preserv-
ing output fidelity.

Recent work has advanced speculative decod-
ing along several axes: draft architecture (feature-
level prediction and dynamic draft trees, multi-
head drafting) (Li et al., 2024b, 2025; Cai et al.,
2024), draft-free approaches (self-speculative de-
coding) (Zhang et al., 2024; Elhoushi et al., 2024;
Xia et al., 2025), speculation strategy (adaptive
speculation length) (Huang et al., 2025; Liu et al.,
2025), and training efficiency (fast draft-model
training) (Zafrir et al., 2025). However, none of
these methods explicitly models the varying im-
portance of individual historical tokens. While
H20 (Zhang et al., 2023), StreaminglLLM (Xiao
et al., 2024), Rhea (Hong et al., 2025), etc. identifie
attention sparsity in the target model and proposes
KV-cache eviction, we systematically quantify this
phenomenon in the draft model of a speculative
decoding pipeline and to exploit it for both training
and inference optimization.These findings suggest
that different historical tokens or context segments
contribute unevenly to the generation process. In-
spired by these observations, our analysis reveals
striking attention concentration in draft-model self-
attention: as shown in Figure 1, the top-3 historical

15773

Findings of the Association for Computational Linguistics: EMNLP 2026, pages 15773—-15788
October 24-29, 2026 ©2026 Association for Computational Linguistics



Top-1 Attention Ratio

[

Generation Step

Figure 2: Distribution of Top-1 attention ratios across
decoding steps.

tokens account for 80% of the attention mass at
a representative generation step, while Figure 3
shows that across decoding steps, over 90% of
historical tokens receive attention weights below
0.003, confirming that the vast majority of tokens
contribute negligibly to draft generation. This in-
dicates that draft generation is dominated by a
small subset of informative tokens, while the major-
ity—receiving negligible attention—activateion as
contextual noise that degrades candidate generation
quality.

This token-importance imbalance primarily
raises a critical challenge for draft model distil-
lation: treating all tokens equally during training
prevents the lightweight draft model from focusing
its limited capacity on the most informative tokens.
As a result, the learning signal of high-value
positions is diluted, and the draft model fails
to align well with the target model’s output dis-
tribution, reducing the average accepted length.
Besides, during inference, retaining all cached
tokens without distinction allows low-importance
historical tokens to introduce contextual noise into
draft generation, which further limits acceleration
performance.

We propose DarterSD, a dynamic token-
weighted distillation framework built upon a
unified token importance scoring mechanism.
Centered on training-side distillation optimiza-
tion, our framework enhances the distribution
alignment between the draft model and the target
model. During training, we embed a learnable
sigmoid gating unit into the self-attention mod-
ule of the draft model to generate per-token
importance scores. Based on these scores, we
construct a multi-objective distillation loss com-
prising distribution alignment, logit matching,
and sparsity-inducing gate regularization, paired
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Figure 3: Proportion of low-importance tokens across
decoding steps.

with adaptive loss weight averaging to balance all
optimization objectives. This design directs the
limited modeling capacity of the lightweight draft
model toward high-informative tokens. During
inference, these pre-computed scores can be reused
to derive a Boolean mask via an adaptive threshold,
which mitigates interference from low-importance
tokens in attention computation. The original
output distribution is fully preserved as we leave
the target model’s verification pipeline intact.

We evaluate DarterSD on Vicuna-13B-v1.3 (Chi-
ang et al., 2023), Llama-3.1-8B-Instruct (Llama
Team, 2024) and DeepSeek-R1-Distill-LLaMA-
8B (DeepSeek-Al, 2025), across benchmarks in-
cluding MT-Bench and GSMS8K. For example,
on Vicuna-13B-v1.3, DarterSD achieves up to
speedup of 5.52x, improving over EAGLE3’s
4.67x. Meanwhile, the average accepted length
increases from 6.74 to 7.61, corresponding to a
relative improvement of 12.9%.

Our main contributions are summarized as fol-
lows:

* We conduct systematic analysis of attention
concentration in the draft model of speculative
decoding, revealing that over 90% of histori-
cal tokens receive negligible attention weight,
and quantifying its impact on both distillation
quality and inference efficiency.

* We propose a token-weighted distillation
method with learnable sigmoid gated atten-
tion for draft models. It focuses distillation on
informative tokens during training, and reuses
learned token-importance scores to construct
an adaptive Boolean mask for inference-time
contextual denoising.
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Figure 4: Heatmap of token-importance scores produced
by the gated attention mechanism on MT-bench. Rows
denote samples, columns denote generated token posi-
tions, and warmer colors indicate higher learned impor-
tance scores.

2 Motivation

This section provides the empirical motivation for
DarterSD. We first analyze the self-attention dis-
tribution of the draft model and show that draft
generation relies on a highly selective subset of
historical tokens. We then verify whether such
token-importance differences can be explicitly cap-
tured by a lightweight learnable gating mechanism.
These two observations motivate the design of
token-importance-aware training and inference in
DarterSD.

2.1 Self-Attention Distribution Analysis

To examine whether draft generation depends uni-
formly on all historical tokens, we record the at-
tention weights of the draft model during multiple
forward steps before target-model verification. We
define the Top-k attention concentration as the ratio
between the sum of the largest £ attention weights
and the total attention mass:

k ~
Zj:l aq,j
o=l 0 (1)
Zj:l q,j

where a, ; denotes the normalized attention weight
from query position ¢ to key position j, a;, =
lag,1,aq2,-..,aq 1] is the full attention vector, and
agq,j s the j-th element after sorting a, in descend-
ing order. A larger value of C,(k) indicates that
the attention distribution is more concentrated on
the top-k£ historical tokens.

Figure 2 shows that the Top-1 attention ratio can
be very high in several decoding steps, indicating
that a single historical token may dominate the at-
tention distribution. Figure 3 further shows that

Cq(k) =

the median proportion of low-importance tokens
is above 0.90 across decoding steps. These results
demonstrate a clear token-importance imbalance:
draft generation does not uniformly depend on all
historical tokens, but instead selectively focuses on
a small number of informative positions. This ob-
servation is consistent with prior studies (Liu et al.,
2023; Zhang et al., 2023; Yuan et al., 2025) on
attention sparsity and contextual sparsity in Trans-
former inference.

2.2 Learnable Token Importance Verification

The above analysis reveals the existence of
token-importance imbalance. We further examine
whether such differences can be explicitly captured
by a lightweight learnable mechanism. We use
the gated attention module in DarterSD to record
token-importance scores during forward passes on
MT-bench. As shown in Figure 4, the learned gate
scores are not uniformly distributed: tokens with
clearer semantic meanings tend to receive higher
scores, while function words and low-information
subword tokens receive lower scores. This verifies
that token-importance differences are not only
observable from attention distributions, but can
also be explicitly modeled by a learnable gating
mechanism. A visualization of the learned gate
scores is provided in Appendix C.

3 Method

This section presents the proposed DarterSD
framework. DarterSD introduces token-importance
awareness into speculative decoding from two
aspects: dynamic token-weighted distillation
during training and Boolean-mask-based dynamic
denoising during inference.

3.1 Overall Framework

We study speculative decoding with a lightweight
draft model Mg,af; and a target model Miarget-
Given a context x4, the draft model proposes can-
didate tokens, which are then verified by the target
model in parallel. The target-model verification
procedure is kept unchanged, so the final output dis-
tribution remains consistent with the target model.

Figure 5 compares the draft-model structures
of EAGLE3 and DarterSD. Compared with EA-
GLE3, DarterSD introduces a gated attention mod-
ule to estimate token-level importance and applies
importance-aware denoising during draft genera-
tion. This design allows the draft model to suppress
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Figure 5: Comparison between EAGLE3 and DarterSD. Compared with EAGLE3, DarterSD introduces gated
attention for token-importance estimation and applies importance-aware denoising during draft generation, while

keeping target-model verification unchanged.

low-importance contextual tokens while keeping
the target-model verification procedure unchanged.

3.2 Dynamic Token-Weighted Distillation

Dynamic token-weighted distillation aims to im-
prove the alignment between the draft model and
the target model by modeling the importance dif-
ferences among tokens. This module consists of
three components: a gated attention layer, a multi-
objective distillation loss, and Dynamic Weight Av-
eraging (DWA). These components work together
to encourage the draft model to better learn in-
formative token features while aligning its output
distribution with that of the target model.

3.2.1 Gated Attention Layer

The gated attention layer is designed to estimate
fine-grained token importance. Given fused hid-
den states X € REXL*D we expand the query
projection to produce both query and gate represen-
tations:

(Q, G| = split(Lineary(X)). (2)

Here, Q is used for standard attention computa-
tion, while G is used to generate token-importance
scores.

Let O,y denote the standard multi-head atten-
tion output. We apply a sigmoid function to the
gate representation and modulate the attention out-
put by element-wise multiplication:

Oout = Oattn © 0(G). 3)

The gate scores o(G) are dynamically computed
from the input context and can be interpreted as
token-, head-, and dimension-level importance esti-
mates. This design allows the draft model to sup-
press low-importance features while preserving in-
formative contextual signals.

3.2.2 Dynamic Weight Averaging Based
Multi-Objective Distillation

The draft model should approximate the target
model well enough to produce candidates that are
likely to be accepted. However, because the draft
model is much smaller or shallower than the tar-
get model, uniform distillation over all contextual
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features may dilute important signals. DarterSD
therefore combines target-model alignment with
gate-based token-importance modeling.

Let p! and pld denote the probability distribu-
tions produced by the target and draft models at
position 4, respectively. Let z! and zf denote their
corresponding logits. We use three complementary
objectives.

First, the KL divergence loss aligns the output
distribution of the draft model with that of the target
model:

N
1 thd
Lxr = & '2—1 Dxr, (Pi [ Pz') , 4)

where N = B x L is the number of training tokens
in a batch.

Second, the logits alignment loss directly
matches the unnormalized output representations:

1 N
Elogits = N Z
=1

While the KL loss aligns normalized probability
distributions, the logits loss preserves fine-grained
preference information before softmax normaliza-
tion. These two losses jointly encourage the draft
model to approximate the target model at both dis-
tribution and representation levels.

Third, the gate regularization loss encourages
the gated attention layer to form a sparse and dis-
criminative importance pattern:

2
t d
Zi_zi

&)

) .

1
Leare = 7 D o(97)] ©)
g j=1

where IV, is the total number of gate elements and
g; 1s an element of the gate representation. This reg-
ularization does not aim to remove tokens blindly.
Instead, it encourages the model to avoid uniformly
high gate scores, so that informative contextual fea-
tures can be distinguished from low-importance
features.

The three objectives have different optimization
dynamics. Distribution and logits alignment may
converge at different speeds from gate regulariza-
tion. To avoid manually tuning fixed loss weights,
we adopt Dynamic Weight Averaging (DWA). Let
Ly, (e) denote the average value of the k-th loss at
epoch e, where k € {KL, logits, gate}. The rel-
ative training rate of each objective is computed

as
Li(e)

:Ek(e—l)ﬂ—e7 ™

ri(e)

where € is a small constant for numerical stability.
The dynamic weight for each loss is

 exp(nile)/T)
S exp (ry(e)/T)

where m = 3 is the number of objectives and T is
a temperature parameter. The final training loss is

(®)

wg(e) =m

Liotal = wKL(e)»CKL + wlogits(e)»clogits

+ Wgate (6) Egate .

©)

Through this objective, DarterSD learns a draft
model that is aligned with the target model while
also acquiring an explicit notion of token impor-
tance.

3.3 Boolean-Mask-Based Dynamic Denoising

During speculative decoding, attention masks are
used to constrain token dependencies and control
the attention range. Standard self-attention usually
relies on a fixed causal mask and treats all historical
tokens equally. Although tree-based, phrase-based,
and cascade-style speculative decoding methods
(Li et al., 2024b; Cai et al., 2024; Miao et al., 2024,
Zhao et al., 2024; Chen et al., 2024) introduce struc-
tured masks or longer drafts for parallel verification,
they still lack an explicit distinction between high-
importance and low-importance historical tokens.
As many low-importance tokens contribute little
to the current prediction, retaining all historical to-
kens without distinction may introduce contextual
noise and degrade draft quality.

To further complement the training-side token-
weighted distillation optimization and mitigate the
contextual interference from trivial tokens during
inference, DarterSD introduces a Boolean-mask-
based dynamic denoising strategy. The strategy
uses token-importance scores learned by the gated
attention layer to construct a dynamic Boolean
mask, which suppresses low-importance histori-
cal tokens in the attention computation of the draft
model. Unlike methods that physically reorganize,
page, or compress the KV cache (Kwon et al., 2023;
Liu et al., 2024), Boolean masking only modifies
the attention visibility pattern and does not change
the tensor layout of the cache, thereby avoiding
additional tensor reorganization and memory frag-
mentation.

In speculative decoding, the inference process
of the draft model can be divided into two stages.
The first stage is global history encoding, where the
draft model encodes the prompt and the previously
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generated context and stores the global historical
features. The second stage is tree-based candi-
date generation, where the draft model expands
candidate tokens based on the global historical fea-
tures. Since the tree-based generation stage is usu-
ally shallow and its local dependencies are strong,
DarterSD applies dynamic denoising only to the
global history encoding stage. This design reduces
historical contextual noise without breaking the
local dependency structure of the draft tree.

Specifically, for each historical token 7, we first
aggregate its gate vector o (g;) € (0,1)"*?into a
scalar importance score:

s; = Mean(o(g;)). (10)

Given an importance threshold 6, we construct a
dynamic Boolean mask. For query position ¢ and
historical key position j, the mask is defined as

M?Eep _ {(1)7 sj Z 07

A value of 1 indicates that the historical token is
kept visible in draft attention, while O indicates that
it is masked out.

The dynamic Boolean mask is then combined
with the original causal mask to constrain the at-
tention range of the draft model. If the importance
score of a historical token is lower than the thresh-
old, the corresponding attention position is masked
out, reducing its interference with draft generation.

In the overall pipeline, the draft model first en-
codes the global contextual history and calculates
token importance scores to construct the Boolean
keep mask. During candidate token generation, this
mask works jointly with the causal mask and tree
mask, after which the target model performs paral-
lel verification over all candidate outputs. Paired
with the training-side token-importance distillation,
our inference denoising mechanism further helps
the lightweight draft model concentrate on informa-
tive historical tokens and reduce redundant contex-
tual interference. Unlike approaches that physically
prune the KV cache, our method realizes denois-
ing via attention mask adjustment and incurs no
extra overhead from tensor reorganization. As the
proposed strategy only acts on the candidate gen-
eration phase of the draft model while keeping the
verification pipeline of the target model intact, it
fully preserves the original output distribution and
generation fidelity of speculative decoding.

11
8j<9. (i

4 Experiments

4.1 Experimental Setup

Models and Implementation. We evaluate
DarterSD on three target models: Vicuna-
13B-v1.3 (Chiang et al.,, 2023), Llama-3.1-
8B-Instruct (Llama Team, 2024), and DeepSeek-
R1-Distill-LLaMA-8B (DeepSeek-Al, 2025).
All models are loaded and evaluated using Py-
Torch (Paszke et al., 2019) and the Hugging Face
Transformers library (Wolf et al., 2020). During
training, we use one H800 GPU and optimize the
draft model with AdamW (Loshchilov and Hutter,
2017). The learning rate is set to 5 x 107>, the
weight decay is 0.01, the batch size is 8, and the
model is trained for 30 epochs. During inference,
we use four RTX 3090 GPUs. All methods are
evaluated under the same decoding configuration,
including greedy decoding, a tree depth of §,
10 branches per layer, a maximum of 60 tokens
in the draft tree, and an active set capacity of
Kax = 1024,

Datasets. We train the draft model using
ShareGPT, UltraChat (Ding et al., 2023), and
OpenThoughts-114k-math ~ (Open-R1  Team,
2025). We use the full ShareGPT dataset and
randomly sample 10,000 instances from Ultra-
Chat and 10,000 instances from OpenThoughts-
114k-math for gated draft-model fine-tuning.
For evaluation, we use GSM8K (Cobbe et al.,
2021), CNN/DM (Nallapati et al., 2016), Hu-
manEval (Chen et al., 2021), Alpaca (Taori et al.,
2023), and MT-bench (Zheng et al., 2023), cover-
ing mathematical reasoning, summarization, code
generation, instruction following, and multi-turn
dialogue. For each benchmark, we randomly
sample 80 examples to measure inference latency
and draft-token acceptance. All methods are
evaluated on the same sampled instances.

Evaluation Metrics. We use two main metrics
to evaluate speculative decoding performance.

Speedup (sp) measures the ratio between the
latency of target-only autoregressive decoding and
that of speculative decoding when generating the
same output sequence:

o Ticarget

; (12)
Tspec

Sp

where Ttarger denotes the generation time of the tar-
get model under standard autoregressive decoding,
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Table 1: Main results across benchmarks. V 13B denotes Vicuna-13B-v1.3, L31 8B denotes Llama-3.1-8B-Instruct,
and DSL 8B denotes DeepSeek-R1-Distill-LLaMA-8B. (SP denotes speedup and AAL denotes average accepted

length.)

Model Method GSMSK CNN/DM HumanEval Alpaca MT-bench Average
SP AAL SP AAL AAL SP AAL SP AAL SP AAL
EAGLE2 2.75x 458 197x 348 4.25x 576 269x 434 356x 504 3.04x 4.64
V 13B HASS 3.88x 538 298x 4.65 441x 6.09 3.75x 528 3.68x 526 3.74x 533
EAGLE3 4.60x 6.29 387x 6.52 580x 736 444x 693 4.65x 660 4.67x 674
DarterSD 5.99x 7.09 4.85x 7.32 642x 859 513x 7.69 5.19x 735 5.52x 7.61
EAGLE2 2.75x 4.58 197x 348 279x 471 269x 434 251x 432 254x 429
L31 8B HASS 3.69x 511 2.76x 435 4.00x 570 3.60x 541 336x 4.80 3.48x 5.07
EAGLE3 4.09x 6.18 339x 532 4.66x 642 421x 656 4.04x 6.02 4.08x 6.10
DarterSD 4.41x 6.77 3.61x 5.62 6.23x 735 4.68x 7.81 4.28x 6.66 4.64x 6.84
DSL 8B EAGLE3 4.01x 6.71 332x 492 4.09x 6.24 345x 532 3.05x 547 358x 5.73
DarterSD 4.85x 7.56 3.53x 510 445x 6.77 3.72x 559 398x 6.01 4.06x 6.21

Table 2: Ablation results on Llama-3.1-8B-Instruct. Here, SP denotes speedup and AAL denotes average accepted

length.

Method GSMSK CNN/DM HumanEval Alpaca MT-bench Average
SP AAL SP AAL SP AAL SP AAL SP AAL SP AAL

DarterSD 441x 6.77 3.61x 562 623x 735 4.68x 7.81 4.28x 6.66 4.64x 6.84

DarterSD w/o FlashAttn  4.31x 6.77 3.29x 5.62 585x 7.35 457x 7.81 424x 6.66 449x 6.84

DarterSD w/o Denoising 4.23x  6.57 3.07x 551 6.19x 699 426x 754 4.17x 638 435x 6.60

DarterSD Gate only 3.92x  6.57 290x 551 5.60x 699 354x 7.54 4.13x 638 4.05x 6.60

DarterSD Base distill 393x 593 296x 458 476x 647 2.83x 6.62 3.56x 539 3.61x 5.80

and Tgpec denotes the end-to-end generation time
of speculative decoding.

Average Accepted Length (AAL) denotes the
average number of draft tokens accepted by the
target model in each speculative decoding round.
A higher AAL indicates that the draft model pro-
duces candidates that better match the target model,
thereby reducing the number of target-model de-
coding steps.

Baselines. We compare DarterSD with three rep-
resentative speculative decoding baselines: EA-
GLE2 (Li et al., 2024b), HASS (Zhang et al.,
2025a), and EAGLE3 (Li et al., 2025). EAGLE2
uses a context-aware dynamic draft tree for can-
didate generation. HASS reduces the training-
inference mismatch by exposing the draft model
to its own generated contextual features and intro-
ducing a Top-K distillation objective. EAGLE3
is a strong baseline that removes explicit feature
prediction, adopts multi-layer feature fusion, and
supports dynamic tree decoding during verification.
Further details of these baselines are provided in
Appendix G.

4.2 Main Results

Table 1 reports the speedup and average accepted
length (AAL) of different speculative decoding
methods on Vicuna-13B-v1.3, Llama-3.1-8B-
Instruct, and DeepSeek-R1-Distill-LLaMA-8B.

From the average results, DarterSD consistently
outperforms the strongest baseline EAGLE3. On
Vicuna-13B-v1.3, DarterSD improves the aver-
age speedup from 4.67x to 5.52x and increases
AAL from 6.74 to 7.61. On Llama-3.1-8B-Instruct
and DeepSeek-R1-Distill-LLaMA-8B, DarterSD
also improves the average speedup from 4.08x to
4.64x and from 3.58 x to 4.06 x, respectively.

The improvement is more pronounced on struc-
tured tasks such as GSM8K and HumanEval, where
draft generation benefits from focusing on informa-
tive historical tokens. On more open-ended tasks
such as CNN/DM, the absolute speedup is rela-
tively lower, likely due to the more diverse output
space, but DarterSD still outperforms EAGLE3.
These results suggest that token-importance-aware
distillation and inference-time denoising improve
draft quality across different target models and
tasks. Additional model-level and benchmark-level
visualizations are provided in Appendix C.
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Figure 6: Effect of the importance threshold 6 on aver-
age accepted length and end-to-end speedup on GSM8K
with Vicuna-13B-v1.3.

4.3 Ablation Study

Component-wise Ablation. We conduct com-
prehensive ablation experiments on Llama-3.1-8B-
Instruct to validate the effectiveness of each core
component in DarterSD, as shown in Table 2. We
remove key modules sequentially and directly sum-
marize the functional conclusions of each compo-
nent.

e DarterSD w/o FlashAttn: Removing
FlashAttention only reduces the average
speedup from 4.64x to 4.49x, while the
average accepted length (AAL) remains
unchanged. Conclusion: FlashAttention only
optimizes computational efficiency and mem-
ory access, and does not affect the quality of
draft candidate tokens.

* DarterSD w/o Denoising: Removing the
Boolean-mask dynamic denoising module
leads to clear drops in both speedup (4.35 %)
and AAL (6.60). Conclusion: The inference-
time dynamic denoising strategy serves as
an effective auxiliary optimization module of
DarterSD. It can filter redundant contextual
noise and further polish draft token quality,
bringing steady performance gains on the ba-
sis of training-side distillation optimization.

* DarterSD Gate only: Removing both
FlashAttention and dynamic denoising results
in a further performance decline. Conclusion:
The gated attention mechanism alone can
improve draft-target alignment, but is insuf-
ficient to achieve full acceleration benefits
without inference denoising.

* DarterSD Base distill: Removing gate reg-
ularization and Dynamic Weight Averaging

(DWA) causes the largest performance drop,
with speedup decreasing to 3.61 x and AAL
dropping to 5.80. Conclusion: The gated at-
tention and DWA-based multi-objective dis-
tillation are indispensable core designs for
DarterSD, which determine the draft model’s
ability to learn informative token features and
align with the target model.

The ablation also shows that gated distilla-
tion already yields substantial gains even without
inference-time masking; Boolean-mask denoising
brings further complementary improvement.

Overall, the superior performance of DarterSD
stems from the dominant training-side optimiza-
tion, which includes gated attention token impor-
tance modeling and DWA-based multi-objective
distillation, assisted by inference-side denoising
refinement. The three designs work synergistically,
where the distillation framework lays the founda-
tion for high draft-target alignment, and denoising
further eliminates inference-time contextual noise
to boost final performance. We provide further
discussion on training dynamics in Appendix E.

Threshold Sensitivity Analysis. Since DDS uses
the importance threshold 6 to control which histor-
ical tokens are retained in draft-model attention,
we further examine its sensitivity. As shown in
Figure 6, a moderate threshold improves both AAL
and end-to-end speedup, suggesting that filtering
out low-importance historical tokens can reduce
contextual noise and improve draft quality. How-
ever, when the threshold becomes too large, perfor-
mance decreases, indicating that excessive mask-
ing may also remove useful contextual information.
These results show that DDS is effective when it
maintains a proper balance between denoising and
information preservation.

5 Conclusion

We proposed DarterSD, a dynamic token-weighted
distillation framework with auxiliary inference
denoising for high-efficiency speculative decod-
ing. DarterSD augments the draft model’s self-
attention with a learnable sigmoid gate and adopts
DWA-based multi-objective distillation to enhance
the draft-target distribution alignment by focus-
ing training on informative tokens. At inference
time, the learned token importance scores are fur-
ther binarized into an adaptive Boolean mask to
prune low-importance tokens and reduce redun-
dant contextual noise, which further improves the
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generation quality and acceleration effect on the
basis of well-trained draft model, without altering
the target model’s verification pipeline. Experi-
ments on multiple models and benchmarks show
that DarterSD improves both speedup and average
accepted length over strong baselines, and ablation
studies confirm the contribution of gated attention,
adaptive loss-weight averaging, and inference-time
denoising. We believe token-importance-aware
draft modeling will become a general paradigm
for efficient speculative decoding.

Limitations

The Boolean-mask denoising strategy relies on an
importance threshold to determine which tokens
are retained or suppressed. Although sensitivity
analysis shows that moderate suppression consis-
tently improves performance, the optimal threshold
may vary across model architectures, task types,
and decoding configurations. Future work could
explore fully adaptive threshold selection or task-
aware denoising strategies.
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A Related Work

Speculative decoding and draft-model training.
Speculative decoding (Leviathan et al., 2023; Chen
et al., 2023; Zhang et al., 2025b, 2026) accelerates
autoregressive generation by using a lightweight
draft model to propose candidate tokens and a
larger target model to verify them in parallel. Re-
cent methods mainly improve draft quality or draft-
target alignment. EAGLE (Li et al., 2024c) per-
forms autoregression over second-to-top-layer fea-
tures to reduce feature uncertainty, EAGLE-2 (Li
et al., 2024b) introduces context-aware dynamic
draft trees, and EAGLE-3 (Li et al., 2025) further
uses multi-layer feature fusion and training-time
test simulation to better match inference dynam-
ics. HASS (Zhang et al., 2025a) addresses the
mismatch between training and decoding through
harmonized objective distillation and context align-
ment, while FastDraft (Zafrir et al., 2025) stud-
ies efficient training and alignment of compact
draft models. These methods improve speculative
decoding from the perspective of feature predic-
tion, context alignment, or draft-model training.
In contrast, DarterSD focuses on the overlooked
token-importance imbalance inside draft-model at-
tention and uses learned importance scores for both
training-time distillation and inference-time denois-
ing.1

Candidate construction and verification. An-
other line of work improves speculative decoding
by designing stronger candidate structures or veri-
fication strategies. Medusa (Cai et al., 2024) pre-
dicts multiple future tokens with parallel decoding
heads, Speclnfer (Miao et al., 2024) organizes can-
didates into token trees for efficient serving, and
Ouroboross (Zhao et al., 2024) generates longer
phrase-level draft. Adaptive and self-speculative
methods further reduce decoding cost by adjust-
ing candidate length or reusing partial layers, such
as SpecDec++, Draft & Verify, LayerSkip, and
SWIFT (Huang et al., 2025; Zhang et al., 2024;
Elhoushi et al., 2024; Xia et al., 2025). These meth-
ods mainly optimize how draft candidates are gen-
erated or verified. DarterSD is complementary to
them: it keeps target-model verification unchanged
and improves draft generation by suppressing low-
importance historical tokens inside the draft model.

Token importance and attention sparsity. The
motivation of DarterSD is related to recent obser-
vations that Transformer inference exhibits non-

uniform token contribution and structured sparsity.
DejaVu (Liu et al., 2023) reveals contextual spar-
sity in attention heads and MLP parameters during
inference, while H20 (Zhang et al., 2023) identi-
fies heavy-hitter tokens that contribute dispropor-
tionately to attention and KV-cache utility. Native
Sparse Attention studies (Yuan et al., 2025) train-
able sparse attention for efficient long-context mod-
eling. KV-cache methods such as Quest, SnapKV,
and PyramidKV also exploit token or layer-wise
importance to select, compress, or allocate cached
states (Tang et al., 2024; Li et al., 2024a; Cai et al.,
2025). Unlike these methods, which mainly target
target-model inference or KV-cache compression,
DarterSD applies token-importance modeling to
the speculative draft model. It constructs Boolean
attention masks from learned gate scores rather
than physically pruning or reorganizing the KV
cache, thereby reducing contextual noise while pre-
serving the target-model verification process.

B Dataset Details

Table B.1 summarizes the evaluation datasets used
in our experiments and complements the dataset
description in Section 4.1. These datasets cover
mathematical reasoning, text summarization, code
generation, instruction following, and multi-turn
dialogue evaluation. For each benchmark, we ran-
domly sample 80 examples for measuring inference
latency and draft-token acceptance.

C Additional Result Visualizations

This section provides additional visualizations
of the main experimental results and token-
importance modeling behavior. The corresponding
numerical results are reported in Table 1 in the
main text.

Figure C.1 provides a model-level overview of
the main results. It shows that DarterSD consis-
tently improves both average speedup and average
accepted length across different target models, in-
dicating that the proposed token-importance-aware
mechanism is not tied to a single model architec-
ture.

Figures C.2 and C.3 further break down the re-
sults by benchmark. The speedup gains are more
pronounced on structured tasks such as GSM8K
and HumanEval, while DarterSD still maintains
consistent advantages on more open-ended tasks.
The accepted-length results show a similar trend,
suggesting that the speedup improvements mainly
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Table B.1: Core information of the evaluation datasets.

Dataset Scale Task

Evaluation Focus

GSMS8K 8.5K grade-school math problems

CNN/DM  Approx.

pairs

300K news-summary

HumanEval
ming problems
Alpaca
logue examples

MT-bench 80 multi-turn dialogue scenarios

Mathematical reasoning
Text summarization

164 handwritten Python program- Code generation

52K instruction-following dia- Instruction following

Multi-turn dialogue

Numerical computation and logi-
cal reasoning ability

Document summarization and in-
formation compression ability
Programming ability and code
correctness verification
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Figure C.1: Average speedup and average accepted
length across target models.

come from higher-quality draft candidates.

Figure C.4 complements Figure 4 in the main
text by providing the complete visualization of
learned gate scores. The upper panel shows that
the learned importance scores vary across samples
and generation positions, while the lower panel il-
lustrates token-level importance scores for a repre-
sentative prompt. These patterns support the claim
that token-importance differences can be explicitly
captured by the gated attention mechanism.

D Threshold Sensitivity

This section provides additional interpretation of
the threshold sensitivity results shown in Figure 6
in the main text. The importance threshold 6 con-
trols which historical tokens are retained in draft-
model attention. A smaller threshold keeps more
contextual tokens, while a larger threshold filters
out more low-importance tokens.

When 6 = 0, all historical tokens are retained in
the attention computation of the draft model. This
setting preserves complete contextual information,
but low-importance tokens are also kept, which
may introduce additional noise into draft genera-
tion. As 6 gradually increases from 0 to around
0.08, both average accepted length and speedup
improve, suggesting that moderately suppressing
low-importance tokens helps improve draft-token
quality.

However, when 6 continues to increase beyond
0.10, both metrics start to decrease. When 6
reaches 0.15, the performance drops clearly com-
pared with the best setting. This indicates that
an overly large threshold may lead to excessive
masking, where the model not only filters out noisy
tokens but also removes useful contextual infor-
mation. Overall, the results reveal a trade-off be-
tween denoising and information preservation, and
show that an appropriate threshold is important for
achieving better speculative decoding performance.

E Training Dynamics

We further analyze the training stability of dy-
namic token-weighted distillation on Llama-3.1-
8B-Instruct. Specifically, we record the changes
in different loss terms, dynamic loss weights, val-
idation metrics, and validation losses at different
draft-tree depths.

Figure E.1 is used to examine whether the multi-
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objective distillation process remains stable when
the logits alignment loss, KL divergence loss, and
gate regularization loss are optimized jointly.

As shown in Figure E.1, the logits alignment
loss decreases rapidly in the early stage, while
the KL divergence loss and the gate regularization
loss decrease more gradually. This indicates that
different training objectives have different conver-
gence rates. On the validation set, the total loss
decreases steadily as training proceeds, and the
average generation accuracy gradually improves.
These trends suggest that the draft model progres-
sively approaches the output distribution of the
target model without showing obvious training in-
stability.

Dynamic Weight Averaging (DWA) helps allevi-
ate the optimization imbalance among different ob-
jectives. At the beginning of training, the weights
of different losses remain close to their initial val-
ues. As training proceeds, the weight of the rapidly
converging logits alignment loss is reduced, while
the weight of the more slowly converging gate reg-
ularization loss is increased. In the middle and later
stages of training, the convergence rates of differ-
ent losses become closer, and the dynamic weights
gradually return to a more balanced state. This be-
havior shows that DWA can adaptively adjust the
optimization focus according to the convergence
speed of each objective.

The validation losses at different draft-tree

depths also exhibit similar decreasing trends. Here,
the depth denotes the number of consecutive
autoregressive draft steps performed by the draft
model based on the context verified by the target
model. The losses at different depths decrease
smoothly, suggesting that the draft model can not
only align effectively on shallow candidate tokens
but also maintain stable prediction ability along
deeper draft generation paths.

F Training and Inference Algorithms

Algorithm F.1 summarizes the training procedure
of DarterSD. The draft model is trained with
multi-objective distillation, where Dynamic Weight
Averaging (DWA) balances the KL divergence
loss, logits alignment loss, and gate regularization
loss. Algorithm E.2 presents the inference proce-
dure with Boolean-mask-based dynamic denoising.
The target-model verification process remains un-
changed during inference.

Algorithm F.1 makes explicit how the draft
model is optimized. The key point is that the
draft model is not only trained to match the tar-
get distribution, but is also regularized to learn dis-
criminative token-importance patterns through the
gate scores. DWA dynamically adjusts the relative
weights of the three objectives, reducing the need
for manual loss-weight tuning.

Algorithm F.2 describes how the learned token-
importance scores are used at inference time. The

15786



o

l-0,35
-0.30

|
- -0.25
|
]

w

=)

ml III
1

020 o

Sample

3
-0.15 4

7

-0.10

-0.05

56 7 8 9 10 11 12
Generated Position

()
w
'S

0.30-
e~ Draft Model

0.25-

0.20-

Importance
(=]
O

o
=)

0.05-
0.00-

3 O ol Q N o ° S
o TGS O @ ;’;ﬁ\\a\‘\\ o W

Generated Tokens

Figure C.4: Visualization of token-importance scores
produced by the gated attention mechanism on MT-
bench. The heatmap shows importance distributions
across samples and generation positions, while the curve
illustrates token-level importance scores for a represen-
tative prompt.

draft model first computes gate-based importance
scores over the global history and converts them
into a Boolean keep mask. This mask is combined
with the causal mask and tree mask to suppress
low-importance historical tokens during candidate
generation. The target model then verifies the can-
didates in parallel, so the final target-model verifi-
cation procedure remains unchanged.

G Baseline Details

This section provides additional details about the
speculative decoding baselines used in our experi-
ments. These descriptions clarify what each base-
line changes in the draft-generation process and
how it differs from the proposed DarterSD frame-
work.

EAGLE2. EAGLE?2 follows the EAGLE frame-
work (Li et al., 2024¢) and constructs the input
to the draft model by concatenating the current
hidden-state feature with the embedding of the to-
ken generated in the previous step. It further intro-
duces a context-aware dynamic draft tree, where
the tree structure is adjusted according to the confi-
dence scores produced by the draft model. Candi-
date sequences are then verified in parallel through
tree attention.

Algorithm F.1 Training Procedure of DarterSD

Require: Miarget, D, Dval, E, K, learning rate n
Ensure: Trained draft model Mg,ast
1: Initialize Ma,af; and the gating projections
2: Initialize loss histories for Liogits, LxL, and Lgate
3: fore =1to E do
4: Update loss weights with DWA based on previous loss

histories

5: for each batch in D do

6: Extract and fuse hidden states from the first three

layers of Miarget

7. fork=0to K — 1do

8: Compute queries and gate scores [Q, G]

9: Compute gated attention output Oattn @0 (G)
10: Obtain draft logits through FEN and LM head
11: Compute L:f“ogits, Ly, and Cgate
12: Compute £F .1 = wilE; + wgﬁﬁ)gits +

w3£gate
13: end for
14: Backpropagate and update trainable parameters
15: end for
16: Evaluate on D,,) and save loss histories
17: end for

18: return Mg, ast

HASS. HASS aims to reduce the discrepancy
between training and decoding contexts. During
training, the draft model is exposed to contextual
features generated by itself, which may contain
prediction errors, rather than only relying on the
correct contextual features produced by the target
model. It also introduces a Top-K distillation loss
to improve the prediction quality of tokens that are
more important for decoding.

EAGLE3. EAGLE3 is a strong speculative de-
coding baseline. It removes the explicit feature
prediction constraint and adopts multi-layer fea-
ture fusion to enhance the representation ability
of the draft model. It also simulates multi-step
draft generation during training, making the train-
ing process closer to inference. During verification,
EAGLES3 is compatible with the dynamic tree de-
coding mechanism of EAGLE2.
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Figure E.1: Training dynamics of DarterSD on Llama-3.1-8B-Instruct. The figure shows training losses, dynamic
loss weights, validation metrics, and validation losses at different draft-tree depths.

Algorithm F.2 Inference Procedure of DarterSD
with Boolean-Mask-Based Dynamic Denoising

Require: Target model Marget, draft model Myage, prompt
x, importance threshold 6, tree depth K, branching factor
b, maximum length Ly ax

Ensure: Generated sequence y

¢ x < Tokenize(x)

: H « FuseHidden(Mzarget (X))

s + ComputeGateScore(Mgrag, H)

M¥*eeP (s > 6)

Meausal o CausalMask(|x])

Mglobal — Mcausal A EXpaI’ld(Mkeep)

TR S

: while |y| < Lax do

M < TreeMask (K, b)

10: Mattn — Mglobal A Mtree

11: X, % < Marass.Generate(H, M*"*™ | K b)

12: Xace $— Miarget. Verify (X, z)

13: y < Concat(y, Xacc)

14: if [Xacc| > 0 then

R AN A I e

15: H,.w < FuseHidden(M;arget (Xacc))

16: H <« Concat(H, Hpew)

17: Snew < ComputeGateScore(Maratt, Hnew)
18: s < Concat(s, Snew)

19: Recompute M¥eeP| Meausal gpg vyslobal

20: end if

21: end while
22: return y
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