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Abstract

Speculative decoding accelerates large lan-
guage model (LLM) inference by allowing
a lightweight draft model to propose candi-
date tokens for verification by a target model.
In real-world deployments, however, shifts in
input distributions and updates to the target
model can weaken draft–target alignment, re-
ducing token acceptance and acceleration. Re-
peatedly retraining the draft model is costly,
delays deployment, and may impair perfor-
mance on previously encountered distributions.
Achieving online alignment therefore requires
rapid and stable adaptation while incorporat-
ing real-time feedback within a limited com-
pute budget. To this end, we propose Dy-
namic Speculative Decoding (DySD), a frame-
work that aligns the draft model with the tar-
get model during inference without offline re-
training. DySD combines hierarchical feature
alignment with distribution-level matching and
uses divergence-triggered dynamic distillation
to selectively update the draft model. Experi-
ments across multiple datasets show that DySD
achieves 1.6×–2.0× speedups and boosts token
acceptance rates by 10%–30% under distribu-
tion shifts, enabling speculative decoding to re-
main fast, stable, and adaptive in ever-changing
environments.

1 Introduction

Large Language Models (LLMs) (Chang et al.,
2024; Bai et al., 2023; Wei et al., 2022; OpenAI,
2023; DeepSeek-AI, 2025; Touvron et al., 2023)
have achieved remarkable success, demonstrating
strong reasoning capabilities, broad knowledge
coverage, and adaptability across diverse domains.
Their high inference accuracy and versatility have
driven widespread deployment in online services,
ranging from e-commerce assistants to enterprise
knowledge systems (Li et al., 2024b; An et al.,
2024; Peng et al., 2024; Carta et al., 2023). While
the one token at a time nature of classical LLMs

creates a speed bottleneck for latency-sensitive ap-
plications, particularly in real-time systems, lead-
ing to the development of Speculative Decoding
(Leviathan et al., 2023; Chen et al., 2023), where a
smaller draft model proposes multiple candidate to-
kens that the larger target model verifies in parallel,
thereby accelerating inference without sacrificing
quality (Xia et al., 2024).

In real-world scenarios, LLM deployment is in-
herently dynamic. As illustrated in Figure 1(b),
to integrate new domain knowledge and align
with shifting preferences, practitioners increasingly
adopt Continual Learning for high-frequency target
model updates (Shi et al., 2025a). In parallel, as
shown in Figure 1(a), live online serving faces rapid
concept drift and data shifts; real-world systems
frequently encounter severe performance degrada-
tion due to unpredictable distributional shifts in the
underlying data generating process (Rauba et al.,
2024). Either phenomenon creates a moving target:
the draft model, trained offline on a static dataset,
inevitably becomes misaligned with the evolving
target model and the inputs it serves. When this
misalignment grows, speculative decoding’s bene-
fits erode, token acceptance rates drop, inference
efficiency declines, and in the worst cases, infer-
ence latency becomes unstable.

A straightforward response is to retrain the draft
model whenever the data distribution changes. Yet,
this retraining-centric strategy faces fundamental
drawbacks. First, retraining incurs prohibitive com-
putational and operational costs, particularly at the
cadence required to keep pace with real-world up-
dates. Second, frequent retraining may cause the
draft model to overfit to recent data, potentially
degrading its performance on previously encoun-
tered distributions and compromising long-term
stability. Together, these limitations make static
retraining unsustainable for online LLM systems,
highlighting the need for a fundamentally different
approach: dynamic alignment.
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Figure 1: Speculative decoding challenges in dynamic
serving environments. (a) Input distributions shift due
to evolving user intents (e.g., varying task domains),
causing draft model degradation. (b) Target model up-
dates (e.g., version iterations) lead to misalignment as
the draft model fails to match the new behavior.

Designing such dynamic alignment is far from
trivial and presents three major challenges. ❶ How
can we create alignment strategies that quickly and
precisely align draft and target models without ex-
cessive latency? ❷ How can we dynamically syn-
chronize the behaviors of draft and target models
without destabilizing inference? ❸ How can we
incorporate real-time feedback efficiently, avoiding
prohibitive computational overhead?

To address these challenges, we propose
Dynamic Speculative Decoding (DySD), a novel
framework that enables real-time draft model align-
ment without offline retraining. DySD introduces
a multi-objective alignment strategy combining hi-
erarchical feature alignment and target alignment.
The hierarchical feature alignment leverages the
observation that different layers encode distinct lin-
guistic abstractions, establishing correspondence
between draft and target models based on relative
depth rather than absolute layer matching. The
target alignment emphasizes distribution matching
over hard label concordance, capturing nuanced
decision boundaries. DySD also designs a selective
learning mechanism that performs gradient updates
solely on incorrect predictions, thereby minimizing
computational overhead and resource consumption
during online adaptation. Furthermore, DySD in-
corporates dynamic distillation mechanisms that
monitor the output divergence between draft and
target models in real-time. Upon detecting signifi-

cant distributional shifts, the system automatically
initiates adaptive fine-tuning, seamlessly maintain-
ing alignment throughout the target model’s evolu-
tionary trajectory without requiring computation-
ally expensive offline retraining.

We conducted comprehensive experiments on
three widely-used benchmark datasets and one het-
erogeneous mixed dataset. To thoroughly evalu-
ate DySD’s performance under realistic dynamic
conditions, we simulated two prevalent dynamic
scenarios commonly encountered in applications:
iterative target model updates and continuous input
distribution shifts. Experimental results demon-
strate that in static scenarios, DySD achieves a
remarkable 1.6× to 2.0× speedup in target model
decoding compared to static speculative decoding
baselines, while significantly improving the token
acceptance rate by 10% to 30%. In dynamic sce-
narios, DySD exhibits rapid alignment capabilities,
seamlessly achieving and even surpassing the to-
ken acceptance rates of static alignment strategies
within a short time window. Furthermore, ablation
studies validate the effectiveness of our hierarchical
feature alignment and dynamic monitoring strategy.
Consequently, DySD proves to be a scalable specu-
lative decoding solution for rapidly evolving envi-
ronments, ensuring efficient, stable, and adaptable
LLM inference.

Our key contributions are as follows:

• We identify the challenge of speculative de-
coding under dynamic deployment conditions.
We analyze how input distribution shifts and
target model drift cause draft model misalign-
ment, degrading speed and stability in real-
world LLM deployment scenarios.

• We propose DySD, a framework for real-time
draft model alignment without offline retrain-
ing. DySD enables the draft model to adapt
on the fly, avoiding repeated offline retraining
while enabling continual adaptation to chang-
ing distributions.

• We design a multi-objective alignment strat-
egy with hierarchical feature alignment and
distribution matching. This strategy aligns
draft and target model representations at mul-
tiple abstraction levels while ensuring stable
behavior across evolving distributions.

• Through comprehensive experiments across
diverse tasks and model architectures, we
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demonstrate that DySD achieves substantial
inference speedups (up to 1.6×) compared to
existing speculative decoding methods par-
ticularly in scenarios where data distribution
shift over time.

2 Related Work

2.1 Speculative Decoding

Research on speculative decoding (Leviathan et al.,
2023) mainly advances three aspects: drafting, ver-
ification, and alignment. Drafting methods include
learned architectures, such as multi-head predic-
tion in Medusa (Cai et al., 2024) and feature-level
autoregression in EAGLE (Li et al., 2024c); multi-
token prediction (MTP) (Gloeckle et al., 2024), as
subsequently adopted by DeepSeek-V3 (DeepSeek-
AI, 2024); retrieval-based drafting, such as NEST
(Li et al., 2024a); target-assisted drafting, such
as GliDe with CaPE (Du et al., 2024); and self-
speculative early exiting, as in Kangaroo (Liu et al.,
2024a) and LayerSkip (Elhoushi et al., 2024). Veri-
fication methods improve candidate-tree construc-
tion and parallel verification, as in Sequoia (Chen
et al., 2024) and SpecExec (Svirschevski et al.,
2024), or extend speculative verification to beam
decoding (Qin et al., 2025). Regarding online
alignment, OSD (Liu et al., 2024b) and indus-
trial systems such as ATLAS (Wang et al., 2025)
explore runtime draft adaptation. Unlike target-
integrated MTP modules, DySD employs an ex-
ternal draft model without modifying the target
model and combines hierarchical feature alignment
with divergence-triggered selective updates under
evolving distributions.

2.2 Knowledge Distillation for LLMs

Knowledge distillation (KD) (Buciluǎ et al., 2006;
Gu et al., 2024) has garnered significant attention
as an effective technique for reducing computa-
tional demands of LLMs (Gu et al., 2025; Hou
et al., 2025; Takrouri et al., 2025; Qiao et al.,
2024). MCKD distills student models from few-
shot prompted LLMs, achieving superior general-
ization in semi-supervised tasks (Zhao et al., 2024);
GKD (Tan et al., 2023) framework enables various
distillation methods for extremely large models
(exceeding 10B parameters) on limited GPU re-
sources; MiniLLM (Gu et al., 2024) introduced
Reverse Kullback-Leibler divergence to replace
forward divergence, preventing overestimation of
low-probability regions; In speculative decoding,

DistillSpec (Zhou et al., 2024) pioneered the inte-
gration of KD techniques and explored different
alignment strategies, while OSD (Liu et al., 2024b)
proposes online distillation to update draft models.
Existing KD methods for Speculative Decoding
primarily focus on output-level alignment without
deeply exploring hidden layer features. Building
on this foundation, this paper proposes a multi-
objective distillation approach to align target and
draft models in speculative decoding.

3 Problem Formulation

Speculative decoding addresses computational in-
efficiencies in autoregressive LLMs by overcoming
sequential token generation limitations. This tech-
nique employs a smaller draft model to predict
multiple candidate tokens that the target LLM ver-
ifies in parallel, significantly improving inference
speed without compromising output quality. The
speculative decoding process can be formalized as
follows: Given a target large language model Q
and a smaller draft model Pθ, the process begins
with an input prompt x of dataset X . The draft
model generates a set of candidate tokens of length
K, T = {t1, t2, . . . , tK} = Pθ (x) based on x.
These tokens are then passed to the target model Q
for parallel verification, determining which tokens
should be retained in the final output. This process
is iteratively repeated until a complete response is
generated. Since speculative decoding relies on a
small draft model for efficient token generation, we
formulate the optimization objective as:

θ⋆ = argmin
θ

Ex∼X

[︄
K∑︂

i=1

Pr
(︂
tQi ̸= tPθ

i | x<i

)︂]︄
.

(1)
where K represents the length of the candidate
token sequence. The draft model optimized accord-
ing to the aforementioned objective can efficiently
align with the target model’s outputs. However, the
speculative decoding procedure described above as-
sumes that the target model remains static, whereas
in practical scenarios, the parameters and input dis-
tribution of the target model may vary in response
to changing inputs. Consequently, under the as-
sumption that the target model Q updates at time
step j, the optimization objective for speculative
decoding can be formulated as:

θ⋆j = argmin
θ

Ex∼Xj

[︄
K∑︂

i=1

Pr
(︂
t
Qj

i ̸= tPθ
i | x<i

)︂]︄
.

(2)
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where Qj and Xj denote the target-model state
and input distribution at time step j, respectively.
Developing innovative speculative decoding ap-
proaches to handle dynamic state transitions in tar-
get models remains a critical and underexplored
research challenge that warrants deeper investiga-
tion.

4 Dynamic Speculative Decoding

As illustrated in Figure 2, DySD is built upon three
core design principles: Logits Distillation, Hierar-
chical Feature Alignment, and Dynamic Knowl-
edge Distillation. Specifically, the logits-based
loss focuses on ensuring consistency between the
output probability distributions of the target and
draft models; the hidden layer feature alignment
aims to align the intermediate representations be-
tween the target and draft models; and the dynamic
knowledge distillation strategy dynamically moni-
tors the distributional divergence between the target
and draft model outputs to regulate the update fre-
quency of the draft model.

4.1 Target Alignment via Logits Distillation
To enhance the alignment between the draft
model’s output and the target model, improve the
token acceptance rate of the draft model. We
leverage a teacher–student learning framework
grounded in knowledge distillation to enable knowl-
edge transfer. Yet, conventional distillation in spec-
ulative decoding remains constrained by its reliance
on hard-label alignment, which overlooks the nu-
anced probabilistic reasoning embedded in the tar-
get model. DySD overcomes this limitation with
a distribution-centric soft alignment strategy, re-
defining how draft models internalize and adapt the
knowledge of their target counterparts.

Our key insight is that speculative decoding’s ef-
fectiveness hinges not on exact token matching, but
on the draft model’s ability to faithfully reproduce
the target’s decision boundaries and uncertainty
patterns. Thus, rather than utilizing the teacher
model’s final outputs as hard targets for training
the draft model, we opt to use the teacher model’s
logits as soft training targets. Specifically, we de-
fine the logits loss function as follows:

Llogits = D
(︁
σ(zQ; τ), σ(zPθ ; τ)

)︁
. (3)

where zPθ and zQ denote the logits of the draft
and target models respectively, σ (·) represents the
softmax function, and τ is a non-negative tempera-
ture hyperparameter, D (·, ·) denotes a divergence

measure function that quantifies the discrepancy
between two class distributions. As evidenced by
the formulation, the value range characteristics of
the loss function are primarily determined by the
choice of probability distribution divergence metric
D. We detail various divergence metric strategies
in Appendix A.1.

The logits-based distillation strategy provides an
effective foundation for aligning draft and target
models through distribution matching, it primarily
focuses on the final output layer representations.
However, to achieve efficient alignment, the draft
model must accurately emulate not just the target’s
outputs but also its underlying reasoning process,
which is introduced in Section 4.2.

4.2 Hierarchical Feature Alignment Strategy

To improve alignment efficiency beyond merely
matching final outputs, DySD builds on the ob-
servation that intermediate representations contain
rich and transferable knowledge beyond output
logits (Shi et al., 2025b). Hidden-state alignment
has also been explored in knowledge distillation
through stage-wise matching across teacher and stu-
dent models of different scales. As documented by
(Liu et al., 2023), this methodology systematically
explores the alignment of distinct hierarchical lay-
ers across teacher-student models of varying scales.
Similarly, we employ a feature alignment strategy
through layer-wise feature matching to align the
hidden layer features between the target model and
the draft model:

Lfeat = Dfeat

(︂
ϕl
Q (x) , ϕl

Pθ
(x)

)︂
, (4)

where ϕl
Q and ϕl

Pθ
represent the features of the l-th

layer of the target model and the draft model, re-
spectively. Direct feature alignment in speculative
decoding is hindered by architectural discrepan-
cies between the compact draft and extensive tar-
get models, where fixed layer correspondences fail
to capture equivalent semantic depth. To resolve
this, we propose a parametric hierarchical align-
ment strategy. Instead of assuming a rigid layer-to-
layer correspondence, we partition the model depth
into three functional stages: representing lexical,
syntactic, and semantic/reasoning processing. For-
mally, we employ a parametric mapping function
M(l; d1, d2) that assigns each layer l with relative
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Figure 2: Overview of Dynamic Speculative Decoding: Draft model first predicts K candidate tokens (set to 3 in the
figure), followed by parallel verification from the target large language model. When the draft model’s predictions
are incorrect and the divergence between the output distributions of both models exceeds a predetermined threshold,
our dynamic knowledge distillation mechanism is triggered to update the draft model. Through optimization of
a multi-objective loss function comprising logits loss and feature alignment loss, we achieve dynamic alignment
between the draft and target models, thereby enhancing the efficiency of speculative decoding.

depth rl to a semantic stage:

M(l) =

⎧
⎪⎨
⎪⎩

Shallow Layer, if rl ≤ d1

Middle Layer, if d1 < rl ≤ d2

Deep Layer, if rl > d2

(5)

To align the intermediate representations, we first
resolve the dimensional mismatch between the tar-
get and draft models. Since their feature dimen-
sions dQ and dPθ

generally differ, we project the
draft features into the target feature space using a
learnable linear transformation:

ϕ̂i
Pθ
(x) = Wϕi

Pθ
(x) + b, (6)

where ϕi
Pθ
(x) is the i-th layer feature of the draft

model, and W ∈ RdQ×dPθ and b ∈ RdQ are learn-
able projection parameters. Rather than being fixed,
W and b are jointly optimized with the draft model
during online distillation, while the target model
remains frozen. This allows the projection to adapt
to changes in the target model or input distribu-
tion. The complete set of trainable parameters is

therefore
Θ = {θ,W, b}. (7)

We then quantify the discrepancy between the cor-
responding layers using the squared L2 norm:

Lsim(j, i) =
⃦⃦
⃦ϕj

Q(x)− ϕ̂i
Pθ
(x)

⃦⃦
⃦
2

2
, (8)

where ϕj
Q(x) is the feature of the j-th layer of the

target model. Finally, the total hierarchical fea-
ture alignment loss is computed by averaging the
similarity losses over the set of aligned layer pairs
H:

Lhidfeat =
1

|H|
∑︂

(j,i)∈H
Lsim(j, i), (9)

where,H = {(j, i)} represents the set of matched
layer pairs determined by our relative depth map-
ping strategy. Finally, we integrate logits distilla-
tion loss with feature alignment loss to develop a
multi-objective knowledge distillation strategy that
optimizes the draft model for speculative decoding:

L = Llogits + λLhidfeat, (10)
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where λ is feature alignment loss weight hyperpa-
rameter. By optimizing this multi-objective loss
function, DySD facilitates more efficient alignment
between draft model and target model, thereby en-
hancing the efficiency of speculative decoding.

Through multi-level feature matching and
output-layer knowledge distillation, more efficient
knowledge transfer is achieved compared to tra-
ditional approaches, offering an effective solution
for model alignment in static scenarios. However,
the current method is still limited by the assump-
tion of static target models and cannot handle the
challenges of continuously evolving target models
and dynamic data distribution shifts in practical
applications. Therefore, extending existing multi-
objective alignment strategies to dynamic environ-
ments, enabling them to adapt to model updates
and distribution drift.

4.3 Dynamic Knowledge Distillation
Although static knowledge distillation effectively
aligns target and draft models in speculative decod-
ing, enhancing efficiency, this alignment deterio-
rates under data distribution shifts or target model
update, degrading performance. To address the
prohibitive computational costs of continuous re-
training, we propose a dynamic speculative decod-
ing framework implementing conditional dynamic
knowledge distillation during decoding.

DySD’s dynamic distillation relies on two criti-
cal components: the erroneous tokens setR and
update threshold η. DySD monitors the diver-
gence between target and draft models; when it
exceeds η, distillation is triggered. This process
computes losses specifically for rejected tokens,
creating a focused learning signal. These elements
jointly enable real-time adaptation without compro-
mising efficiency.

Erroneous Tokens Set: DySD focuses compu-
tational resources exclusively on prediction errors.
Crucially, the error buffer size (|R|) is not a fixed
hyperparameter but a dynamic variable. Because
the set is only cleared following a complete param-
eter update cycle, this design creates an adaptive
batching mechanism inversely proportional to the
update frequency. During mild distributional drift,
updates are relatively sparse, allowing the buffer to
naturally accumulate a richer error history; this ef-
fectively increases the update batch size, enabling
robust optimization and preventing overfitting to
noise. Conversely, under severe drift, updates are
triggered immediately for low-latency rapid correc-

tion, optimizing the adaptation rate dynamically to
the current context.

Update Threshold: Dynamic knowledge distil-
lation monitors the discrepancy between the target
and draft models using a configurable distributional
divergence:

di = D (Q(· | xi), Pθ(· | xi)) , (11)

where D(·, ·) can be instantiated as KL diver-
gence, reverse KL divergence, Jensen–Shannon
divergence, or total variation distance. When di ex-
ceeds a predetermined threshold η, DySD triggers
knowledge distillation to align the output distri-
butions and intermediate representations of both
models according to Equation 10. This mecha-
nism enables timely adaptation to changes in the
target model or input distribution while avoiding
unnecessary updates. Since different divergence
measures have different numerical ranges, η is se-
lected according to the chosen metric. Smaller
thresholds trigger more frequent updates and faster
adaptation, whereas larger thresholds reduce com-
putational overhead at the cost of slower recovery.
The theoretical relationship between η, update fre-
quency, and divergence reduction is analyzed in
Appendix A.2.

Output Distribution Preservation. Although
online distillation changes the draft-model param-
eters, it does not alter the distribution of the final
generated output. DySD preserves the standard
speculative decoding procedure: the frozen target
model verifies every proposed token, and rejected
tokens are corrected through the corresponding
rejection-sampling mechanism. Therefore, under
the standard verification rule, the resulting output
distribution remains identical to that of the target
model. Dynamic adaptation affects the quality of
the draft proposals and the token acceptance rate,
but it does not modify the target distribution. The
draft-model parameters remain fixed throughout
each proposal–verification block and are updated
only after the current verification step is completed.

5 Experiments

Model, Datasets and Metrics: We conduct ex-
tensive experiments on Vicuna (Chiang et al.,
2023) with 7B and 13B parameters as target mod-
els, while employing LLaMA-160M (Miao et al.,
2023) as the draft model. Its lightweight archi-
tecture ensures substantially lower drafting costs
than target-model verification, preserving the effi-
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Figure 3: Experimental results of target model updates across different datasets. α is calculated as the average value
over 50/100 prompts.

ciency benefits of speculative decoding. To eval-
uate DySD’s performance across diverse task do-
mains, we utilize established benchmark datasets:
Spider (Yu et al., 2018) (complex text-to-SQL
tasks), GSM8K (Cobbe et al., 2021) (mathematical
reasoning problems), and Alpaca (Bharti, 2023) (fi-
nancial instruction-following tasks). We employ
two evaluation metrics (Leviathan et al., 2023):
(1) Model speedup ratio, which quantifies infer-
ence acceleration compared to conventional autore-
gressive decoding; and (2) Token acceptance rate
α, which measures the percentage of draft model-
generated tokens accepted by the target model. We
employ DistillSpec (Zhou et al., 2024) as the static
distillation baseline and OSD (Liu et al., 2024b)
as the dynamic scenario baseline. Additional com-
parisons with Token Recycling (Luo et al., 2025)
under dynamic distribution shifts and EAGLE (Li
et al., 2024c) under matched full-data pretraining
are reported in Appendices A.6 and A.7, respec-
tively.

Experimental Setup: We freeze the active
target-model checkpoint within each evaluation
stage and optimize only the draft-side parameters
Θ = {θ,W, b}. The LLaMA-160M draft model is
initialized from its original pretrained checkpoint
without task-specific fine-tuning and updated con-
tinuously throughout each dynamic evaluation se-
quence. Dynamic scenario updates are trained for
a single epoch. We set depth partition hyperpa-
rameters d1 = 0.25, d2 = 0.75, and maintain a
decoding temperature of 1.0. Detailed configura-
tions and hardware specifications are provided in
Appendix A.4.

Spider AlpacaGSM8K

Figure 4: Experimental results on Mix Dataset

v1.1 v1.5v1.3

Figure 5: Feature alignment weights analysis on Spider.

5.1 DySD’s Dynamic Adaptation Capabilities

In this subsection, we experimentally validate the
performance of DySD under dynamic conditions.
We design experiments to simulate two distinct
types of distribution shift scenarios commonly ob-
served in real-world platforms: 1) Target Model
Update 2) Input Distribution Shifts.

❶ Target Model Update. We simulate model
update using Vicuna-7B v1.1/v1.3/v1.5 across Spi-
der, GSM8K, and Alpaca. As shown in Figure
3, target model updates induce immediate Alpha
value drops during online adaptation, revealing
draft models’ adaptation struggles. This triggers
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DySD’s dynamic distillation to initiate fine-tuning.
Within limited iterations, draft models achieve tar-
get model alignment, α value rapidly surpassed the
baseline algorithm that uses 10% of training data
for static knowledge distillation.

❷ Input Distribution Shift. Figure 4 presents
the results of our data distribution shift experiment.
To simulate a realistic dynamic stream where user
intent shifts over time, we construct a heteroge-
neous stream where requests transition from Cod-
ing (Spider) to Reasoning (GSM8K) and then to
Financial Instruction-Following (Alpaca). This
mimics a multi-purpose LLM agent serving di-
verse user needs sequentially. Experimental results
show that while distribution shifts initially degrade
draft model efficiency, DySD mitigates this via
dynamic continuous optimization. Consequently,
DySD gradually recovers and eventually matches
or exceeds static distillation benchmarks.

5.2 Feature Alignment Experiments

To evaluate the effectiveness of our proposed fea-
ture alignment strategy, we conducted experiments
under both dynamic and static scenarios. The dy-
namic scenario used the same experimental setup
as the target model update study. For the static
scenario, we performed static distillation using a
fixed 25% of the training data.

❶ Dynamic Scenario Analysis. Figure 5 con-
firms the efficacy of the proposed feature alignment
loss, which consistently outperforms the baseline.
Notably, λ = 0.25 yields superior results compared
to λ = 0.5, suggesting that excessive weights in-
duce overfitting to the current target, thereby hin-
dering adaptability to subsequent updates.

❷ Static Scenario Analysis. As shown in Fig-
ure 7, feature alignment loss consistently improves
performance in static settings. However, due to
scale discrepancies between feature metrics and
KL-divergence, efficacy does not increase mono-
tonically with weight magnitude. While dispro-
portionately high weights risk prioritizing feature
matching over target alignment, the method demon-
strates robust stability and effectiveness across
most calibrations.

Spider GSM8K Alpaca
0.6

0.7

0.8

0.9

A
lp

ha

 λ=0   λ=0.2   λ=0.5   λ=0.8

(a) Vicuna-7B

Spider GSM8K Alpaca
0.6

0.7

0.8

0.9

A
lp

ha

 λ=0   λ=0.2   λ=0.5   λ=0.8

(b) Vicuna-13B

Figure 7: Feature alignment weight analysis.

5.3 Acceleration Performance Experiments

Method
Spider GSM8K Alpaca

α Speedup α Speedup α Speedup

V7B-10% 0.807 1.35 0.746 1.25 0.839 1.35
V7B-25% 0.816 1.52 0.754 1.32 0.822 1.46
V13B-10% 0.834 1.42 0.789 1.34 0.831 1.42
V13B-25% 0.847 1.56 0.792 1.47 0.824 1.57

DySD + V7B-25% 0.845 1.89 0.803 1.72 0.833 1.67
DySD + V13B-25% 0.858 2.01 0.794 1.59 0.852 1.68

Table 1: Experimental results on static scenario. Per-
centages indicate the proportion of training data used
for static distillation.

❶ Dynamic Scenario Analysis: Figure 6 com-
pares DySD against static and OSD baselines on a
continuous data stream. DySD outperforms OSD
with significantly faster convergence and superior
stability. This advantage stems from our multi-
objective strategy, which integrates hierarchical
feature alignment to learn target representations
more efficiently than OSD’s logit-only approach.
Furthermore, DySD’s threshold-controlled mecha-
nism minimizes computational overhead by avoid-
ing continuous updates.

❷ Static Scenario Analysis. Table 1 shows that
DySD outperforms the single-objective baseline in
static scenarios. This highlights two advantages: 1)
By training only on error tokens when divergence
exceeds the threshold, DySD matches full-batch
performance with reduced computational cost; and
2) The results validate the effectiveness of our dual-
objective distillation strategy.

5.4 Update Threshold Analysis
The update threshold η controls the frequency
of online distillation, determining the trade-off
between adaptation responsiveness and computa-
tional overhead. To examine its influence, we eval-
uate η ∈ {0.07, 0.08, 0.09} across different tasks
and target-model scales. In this sensitivity analysis,
we instantiate the configurable divergence measure
D as Jensen–Shannon divergence.
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Figure 6: Experimental results under dynamic scenario. α is calculated as the average value over 50/100 prompts.
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Figure 8: Dynamic adaptation performance under dif-
ferent update thresholds on Alpaca.

Figure 8 presents the dynamic adaptation re-
sults on Alpaca. Larger thresholds reduce up-
date frequency, allowing discrepancies between
the draft and target models to persist and result-
ing in greater fluctuations in token acceptance.
Conversely, smaller thresholds enable more timely
adaptation and maintain a more stable acceptance
rate under distribution shifts.

Table 2: Average token acceptance rate α under different
update thresholds across tasks and target-model scales.

η Spider GSM8K Alpaca
LLaMA-160M / Vicuna-7B

0.07 0.834 0.799 0.835
0.08 0.839 0.786 0.836
0.09 0.837 0.783 0.823

LLaMA-160M / Vicuna-13B
0.07 0.831 0.802 0.827
0.08 0.833 0.788 0.822
0.09 0.798 0.779 0.808

Table 2 further reports the average token ac-
ceptance rate across three tasks and two target-
model scales. For both Vicuna-7B and Vicuna-13B,
η = 0.07 yields the highest average acceptance
rate, although η = 0.08 performs slightly better on
Spider and on Alpaca with Vicuna-7B. This sug-
gests that the optimal threshold varies with the task
distribution.

Increasing the threshold to 0.09 generally re-
duces performance, with a more pronounced de-
cline for Vicuna-13B. For example, its acceptance
rate on Spider drops from 0.831 to 0.798, indicat-
ing that delayed updates can substantially weaken
adaptation under distribution shifts. Overall, rela-
tively small thresholds improve alignment stability,
whereas larger thresholds reduce update frequency
at the cost of slower recovery.

6 Conclusion

We propose Dynamic Speculative Decoding
(DySD) to sustain inference efficiency in dynamic
deployment environments characterized by shift-
ing user intents and frequent model updates. By
integrating hierarchical feature alignment with
dynamic on-the-fly distillation, DySD reduces
the need for repeated offline retraining and sup-
ports adaptation under distribution shifts. Exper-
iments across diverse shift scenarios demonstrate
1.6×–2.0× speedups and 10%–30% improvements
in token acceptance rates, validating DySD as a
robust solution for low-latency LLM inference in
evolving domains.
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Limitations

DySD introduces additional computation and mem-
ory for online adaptation, although the lightweight
draft model and divergence-triggered sparse up-
dates keep the measured overhead modest, as re-
ported in Appendix A.5. Since energy consump-
tion depends strongly on hardware, workload, and
update frequency, we leave direct energy and lifecy-
cle carbon evaluation to future work. Under abrupt
or persistent distribution shifts, the token accep-
tance rate may temporarily decrease and trigger
more frequent updates before the draft model is
realigned; nevertheless, target-model verification
preserves the correctness of the final output dis-
tribution. In addition, the current fixed threshold
provides predictable control over adaptation cost
but may require calibration across tasks and di-
vergence measures. Adaptive threshold selection
based on recent divergence statistics and serving
budgets is therefore a promising extension. Finally,
our normalized-depth partition provides a simple
architecture-agnostic default across the evaluated
model scales, while soft or learnable layer corre-
spondence may further improve alignment between
more heterogeneous architectures.

Ethical Considerations

DySD accelerates inference without modifying the
target model or bypassing its verification proce-
dure. Because online adaptation may process user
traffic, practical deployments should protect sen-
sitive data and monitor biased or adversarial in-
puts. Under standard speculative verification, such
inputs may affect drafting efficiency but not the
target model’s output distribution. DySD does not
eliminate biases or safety risks inherited from the
target model; therefore, existing safeguards should
remain in place.
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A Appendix

A.1 Knowledge Distillation
Knowledge distillation has emerged as a prominent
paradigm for model compression and knowledge
transfer, finding extensive applications across ma-
chine learning domains. The fundamental objective
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is to transfer knowledge from a computationally in-
tensive teacher model to a compact student model,
thereby substantially reducing computational and
memory requirements while preserving model per-
formance. Traditional knowledge distillation meth-
ods align the logit distributions between teacher
and student models, enabling the student to learn
the predictive behavior of the teacher through the
following loss function:

LlogitsKD = D
(︁
σ(zT ; τ), σ(zS ; τ)

)︁
. (12)

where zS and zT denote the logits of the stu-
dent and teacher models respectively, σ (·) repre-
sents the softmax function that transforms the out-
put logits into probability distributions, and τ is a
non-negative temperature hyperparameter that con-
trols the smoothness of the predicted distributions.
D (·, ·) denotes a divergence measure function that
quantifies the discrepancy between two class dis-
tributions, with Kullback-Leibler (KL) divergence
being a commonly adopted choice. Beyond logit-
based distillation, feature-level distillation methods
focus on minimizing the discrepancy between in-
termediate feature representations of teacher and
student models, thereby enabling the student to
acquire the internal representations of the teacher.
This approach can be formally expressed as:

LKDfeat = Dfeat (T (ϕT ) , T (ϕS)) (13)

where ϕT and ϕS represent the features of the
teacher model and the student model, respectively,
T (·) denotes the alignment module that maps the
feature spaces of teacher and student models to
the same dimensionality, ensuring comparability at
the feature level, Dfeat (·, ·) denotes the function
which can compute the distance between two fea-
ture maps, such as L1− or L2−norm. By jointly
leveraging both logits-based and feature-based dis-
tillation strategies, we can achieve effective knowl-
edge transfer from the teacher to the student model.
Building upon this foundation, we proceed to in-
vestigate the integration of knowledge distillation
mechanisms with the speculative decoding frame-
work, with particular emphasis on enabling dy-
namic adaptation to target model updates.

DySD does not require a specific divergence
measure. DySD uses a shared configurable diver-
gence measure D for both logits-level alignment
and update monitoring. In each deployment, D
is instantiated as one of four alternatives: KL di-
vergence, reverse KL divergence, Jensen–Shannon

divergence, or total variation distance. Unless oth-
erwise specified, the same choice of D is used
throughout the corresponding experiment:

DKL (p ∥ q) =
∑︂

i

pi log
pi
qi

(14)

DRKL(p ∥ q) = DKL(q ∥ p) =
∑︂

i

qi log
qi
pi
.

(15)

DJSD (p ∥ q) = 1

2
DKL

(︃
p ∥ p+ q

2

)︃

+
1

2
DKL

(︃
q ∥ p+ q

2

)︃ (16)

DTV D (p ∥ q) = 1

2

∑︂

i

|pi − qi| (17)

These measures provide interchangeable choices
for distribution alignment and update triggering.
KL and reverse KL capture directional discrepan-
cies, while JSD and TVD offer symmetric alterna-
tives. Because their numerical ranges differ, the
update threshold should be calibrated for the se-
lected divergence measure.

A.2 Theoretical Analysis of
Threshold-Controlled Updates

To characterize the trade-off between adaptation
quality and computational overhead, we analyze
the relationship among the update threshold η, the
update frequency, and the reduction in draft–target
divergence. Let

dt = D(Qt(· | xt), Pθt(· | xt)) , (18)

denote the divergence between the target and draft
distributions at decoding step t, where D(·∥·) rep-
resents the divergence metric adopted by the update
mechanism. The update indicator is defined as

ut(η) = I[dt > η], (19)

and the empirical update frequency over T decod-
ing steps is

FT (η) =
1

T

T∑︂

t=1

ut(η). (20)

For any fixed divergence sequence {dt}Tt=1,
FT (η) is monotonically non-increasing with re-
spect to η. Consequently, a smaller threshold acti-
vates online distillation more frequently, whereas a
larger threshold reduces the number of parameter
updates.
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To further examine the benefit of each update,
let d−t and d+t denote the divergences immediately
before and after an update, respectively. Assume
that the update satisfies the following contraction
condition:

d+t ≤ ρd−t + ϵ, 0 ≤ ρ < 1, (21)

where ρ characterizes the alignment effectiveness
and ϵ accounts for optimization error. Because an
update is triggered only when d−t > η, the resulting
divergence reduction satisfies

d−t − d+t ≥ (1− ρ)d−t − ϵ

> (1− ρ)η − ϵ. (22)

Therefore, whenever

η >
ϵ

1− ρ
, (23)

each triggered update yields a positive lower bound
on divergence reduction. This result clarifies that
the threshold determines not only how often adap-
tation occurs but also the minimum discrepancy
associated with a triggered update.

Under the additional assumption that the diver-
gence drift between consecutive decoding steps is
bounded by ν,

dt+1 ≤ dt + ν, (24)

a larger threshold generally increases the interval
between effective updates. Accordingly, the update
frequency scales approximately with

FT (η) = O
(︃

ν

(1− ρ)η − ϵ

)︃
, (25)

provided that each update returns the divergence
below the triggering threshold and the associated
threshold overshoot remains bounded.

This analysis explains the empirical behavior ob-
served in our experiments: smaller thresholds en-
able faster recovery under distribution shifts, while
larger thresholds reduce optimization overhead at
the cost of slower adaptation.

A.3 DySD Detailed Algorithm

Algorithm 1 presents the detailed procedure of
DySD. For each draft block, the divergence-based
update condition is evaluated over all verified token
positions, whereas rejected proposals are collected
as training samples for online distillation.

Algorithm 1 Dynamic Speculative Decoding

Require: Target model Q, draft model Pθ, input
prompt x, draft length K, update threshold η,
temperature τ , feature-alignment weight λ

Ensure: Generated sequence T
1: T ← x
2: R ← ∅
3: while EOS /∈ T do
4: (ŷ1:K ,p1:K)← DRAFT(Pθ, T,K)
5: (q1:K , Iver, Irej, yemit) ←

VERIFY(Q,T, ŷ1:K)
6: T ← T ⊕ yemit

7: update← false
8: for i ∈ Iver do
9: di ← D(qi,pi) ▷ Monitor every

verified token
10: if di > η then
11: update← true
12: end if
13: if i ∈ Irej then
14: R ← R∪ {(qi,pi, T<i)}
15: end if
16: end for
17: if update andR ̸= ∅ then
18: H ← SAMPLELAYERPAIRS(Q,Pθ)
19: Update the draft-side parameters Θ =
{θ,W,b} on R by minimizing L in Equa-
tion 10

20: R ← ∅
21: end if
22: end while
23: return T

A.4 Detailed Experimental Setup

To comprehensively evaluate the proposed Dy-
namic Speculative Decoding (DySD) framework,
we establish a rigorous experimental setup de-
signed to simulate real-world deployment con-
straints. Throughout all experiments, the active
target-model checkpoint remains frozen within
each evaluation stage, while online optimiza-
tion updates only the draft-side parameters Θ =
{θ,W,b}. This design choice guarantees that any
observed improvements in inference speed and to-
ken acceptance rates are solely attributable to our
dynamic alignment strategy, while also reflecting
practical scenarios where target LLMs are compu-
tationally prohibitive to update frequently.

For dynamic environment simulations, we uni-
formly set the training epoch to 1. This constraint
is critical to accurately simulate real-time online
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adaptation, forcing the draft model to learn from
continuous data streams in a single pass without re-
lying on repetitive offline training cycles that would
introduce unacceptable deployment latency. And
the draft length K = 5, learning rate is 1e-4.

Regarding the hierarchical feature alignment, the
relative depth partition hyperparameters are set to
d1 = 0.25 and d2 = 0.75. The objective here is
to effectively partition the model layers into shal-
low, middle, and deep stages, enabling the draft
model to structurally capture lexical, syntactic,
and abstract semantic representations progressively.
While these values are fully tunable, our empirical
validation demonstrated that this specific configura-
tion yields robust and consistent alignment across
the entire Vicuna model family, minimizing the
need for exhaustive hyperparameter searches when
swapping target models.

Furthermore, to ensure fair and rigorous com-
parisons against baseline methods, the decoding
temperature is permanently fixed at 1.0. Because
temperature scaling artificially alters the entropy of
the output probability distributions, it significantly
impacts both language model generation behavior
and the resulting token acceptance rates. Maintain-
ing a uniform temperature of 1.0 preserves the true
confidence levels and original reasoning patterns of
the target model. Finally, to ensure reproducibility
and uniform latency measurements, all experiments
were conducted using a single NVIDIA L40 48GB
GPU.

A.5 End-to-End Latency and Overhead
Analysis

To evaluate the practical overhead of online adap-
tation, we profile DySD using Vicuna-13B as the
target model and LLaMA-160M as the draft model
on a single NVIDIA L40 GPU. Draft generation,
target verification, and parameter updates are exe-
cuted synchronously.

Latency Overhead. DySD performs online up-
dates only when the draft–target divergence ex-
ceeds the specified threshold, restricting optimiza-
tion to the erroneous token set R. As shown
in Table 3, a single draft-model update requires
96.23 ms, while the observed update frequency is
approximately 10%. The resulting amortized up-
date cost is therefore 9.62 ms per decoding itera-
tion, corresponding to approximately 6.0% of the
target-model verification time.

Although individual updates introduce tempo-

Component Latency / Value

Target verification (Vicuna-13B) 159.78 ms
Draft forward (LLaMA-160M) 15.96 ms
Draft update (LLaMA-160M) 96.23 ms
Update frequency 10.0%
Amortized update cost 9.62 ms

Table 3: Latency breakdown of DySD with synchronous
online updates.

Component Memory

Target model weights 25,025.81 MB
Draft model and optimizer states 981.10 MB
Forward KV cache and activations 30.78 MB
Additional backward overhead 629.31 MB

Total peak memory 26,667.00 MB

Table 4: Peak GPU memory breakdown for Vicuna-13B
and LLaMA-160M.

rary latency increases, their low frequency sub-
stantially reduces the average computational over-
head. Asynchronous updates or double-buffered
draft models could further mitigate latency spikes
in future deployment scenarios.

Memory Overhead. Table 4 reports the peak
GPU memory consumption. The target-model
weights account for 25,025.81 MB, while the draft
model and optimizer states require 981.10 MB.
Online optimization introduces an additional
629.31 MB of backward-related memory, and for-
ward activations contribute 30.78 MB.

Together, the draft model, optimizer states, and
backward overhead account for 1,610.41 MB, ap-
proximately 6.44% of the target-model weight foot-
print. Including forward activations, the total addi-
tional memory is 1,641.19 MB, or approximately
6.56%. These results indicate that DySD maintains
a modest memory overhead relative to the frozen
target model while supporting online adaptation.

A.6 Comparison with Training-Free Baselines
To further demonstrate the robustness of our dy-
namic update mechanism against domain shifts,
we extend our evaluation to include strong training-
free speculative decoding baselines. Training-free
methods, dynamically adjust generation strategies
without modifying draft model parameters. For
instance, Token Recycling (Luo et al., 2025) it-
eratively adjusts its adjacency matrix after each
decoding step, making it naturally adaptable to
continuous data streams.

To provide a rigorous comparison, we evaluate
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DySD against Token Recycling using the same
heterogeneous mixed-dataset stream (comprising
Spider, GSM8K, and Alpaca) as described in Fig-
ure 4. The primary evaluation metric is the average
speedup ratio across these diverse domains.

Table 5: Comparison of average speedup ratios on con-
tinuous data streams between Token Recycling and
DySD.

Method Spider GSM8K Alpaca

Token Recycling 1.72× 1.68× 1.55×
DySD (Ours) 1.78× 1.72× 1.59×

As detailed in Table 5, DySD consistently outper-
forms Token Recycling across all evaluated tasks.
While Token Recycling effectively handles local
structural adjustments via its dynamic adjacency
matrix, it fundamentally operates on the surface
level of token generation. In contrast, DySD bene-
fits from its hierarchical feature alignment module.
By continuously aligning both the output logits
and the deep internal representations between the
draft and target models, DySD captures the evolv-
ing, underlying reasoning processes of the target
model more comprehensively. This deeper struc-
tural synchronization ensures higher token accep-
tance rates and, consequently, superior acceleration
performance under rapid distributional shifts.

A.7 Comparison with EAGLE under
Sufficient Pretraining

To complement the dynamic comparison with To-
ken Recycling, we further evaluate DySD against
EAGLE(Li et al., 2024c) in a static setting. Because
EAGLE relies on sufficient task-specific training,
we pretrain the LLaMA-160M draft model used
by DySD on the complete training set rather than
the partial-data settings adopted in the main ex-
periments. This configuration ensures that both
methods are compared under a sufficiently trained
setting.

We report the mean accepted length (MAL),
which measures the average number of draft tokens
accepted during each speculative verification step.
Larger values indicate better alignment between
the proposal mechanism and the target model.

As shown in Table 6, DySD achieves higher
mean accepted length across all evaluated task–
model combinations. The improvements are es-
pecially pronounced on Spider, where the target
and draft models must align more closely on struc-
tured text-to-SQL generation.

Table 6: Comparison between DySD and EAGLE in
terms of mean accepted length under sufficient pretrain-
ing. Both methods are evaluated with Vicuna-7B and
Vicuna-13B as target models.

Method Spider GSM8K Alpaca

7B 13B 7B 13B 7B 13B

EAGLE 1.430 1.421 2.010 2.010 1.640 1.690
DySD 1.820 1.827 2.230 2.220 1.650 1.710

These results indicate that combining output-
distribution matching with hierarchical feature
alignment improves draft–target correspondence
even when both approaches are provided with suf-
ficient training data. The comparison complements
the dynamic results by showing that the proposed
multi-objective alignment strategy is also beneficial
under static deployment conditions.
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