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ABSTRACT

Speculative decoding has emerged as a widely adopted paradigm for accelerating
large language model inference, where a lightweight draft model rapidly gener-
ates candidate tokens that are then verified in parallel by a larger target model.
However, due to limited model capacity, drafts often struggle to approximate
the target distribution, resulting in shorter acceptance lengths and diminished
speedup. A key yet under-explored observation is that speculative decoding in-
herently provides verification feedback that quantifies the deviation between the
draft and target models at no additional cost. This process naturally forms an
iterative “draft commits–feedback provides–draft adapts” evolving loop, which
precisely matches the online learning paradigm. Motivated by this connection, we
propose OnlineSPEC, a unified framework that systematically leverages interac-
tive feedback to continuously evolve draft models. Grounded in dynamic regret
minimization, we establish a formal link between online learning performance and
speculative system’s acceleration rate, and develop novel algorithms via modern
online learning techniques, including optimistic online learning that adaptively
reuses historical gradients as predictive update hints, and online ensemble learning
that dynamically maintains multiple draft models. Our algorithms are equipped
with theoretical justifications and improved acceleration rates, achieving up to 24%
speedup over seven benchmarks and three foundation models.

1 INTRODUCTION

Large language models (LLMs) have achieved remarkable success across a wide range of tasks (Brown
et al., 2020; Radford et al., 2021; Ouyang et al., 2022). Recent advances in test-time scaling
further extend the inference length for enhanced capabilities, enabling techniques such as chain-of-
thought (Wei et al., 2022), LLM reasoning (Guo et al., 2025), and agent systems (Xi et al., 2025).
However, this trend also increases the inference burden due to sequential dependency inherent in
autoregressive models: each token can only be generated after its predecessor has been produced.

To reduce the inference latency of LLMs, speculative decoding (Leviathan et al., 2023; Chen et al.,
2023) has emerged as a widely adopted paradigm. It can be viewed as a representative instance of
the broader generation-refinement framework (Hu et al., 2025), in which a lightweight draft model
generates a draft sequence that is then verified by a larger target model. Related approaches in this
framework include cascade decoding (Varshney & Baral, 2022) and multi-token prediction (Cai et al.,
2024). Most existing methods typically focus on offline training to obtain a strong draft model and
keep it fixed during deployment. However, due to the capacity gap between the draft and target
models, a fixed draft model cannot fully capture all knowledge domains of the target. As a result, it
may fail to approximate the target distribution for diverse user inputs, leading to shorter acceptance
lengths and degraded speedup.

To address this limitation, a critical observation is that the verification process inherently provides
interactive feedback: each time the target model verifies a draft, it reveals precisely where the draft
diverges from the target distribution. By further leveraging this feedback to refine the draft model, it
naturally forms a “draft commits–feedback provides–draft adapts” evolving loop, enabling the draft
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Figure 1: Illustration of Generation-refinement framework. A draft sequence is first generated rapidly by a small
draft model, and then verified by the target model, which naturally forms an iterative “draft commits–feedback
provides–draft adapts” evolving loop.

model to continuously adapt and improve. Recent advances (Wang et al., 2025; Bhansali & Heck,
2025) start to explore such feedback. For example, OSD (Liu et al., 2024b) periodically updates
the draft model at inference time using gradient descent based on the draft’s error tokens. However,
existing approaches mainly focus on the basic form of token-level feedback and employ ad-hoc
algorithms designed for specific tasks or models, making it challenging to apply in broader scenarios.
Overall, there still lacks a principled way to exploit interactive feedback in an online manner.

In this work, we propose a unified framework to systematically exploit the interactive feedback. Our
key insight is that the generation-refinement framework can be formulated as online learning (Hazan,
2016), a well-established problem where a player iteratively makes decisions and observes feedback
from the environment. Building on this observation, we propose OnlineSPEC (Speculative Decoding
via Online Learning), a unified framework to formulate draft-target interaction grounded in online
learning: at each round, the draft model (player) generates a draft sequence, the target model
(environment) verifies it and provides feedback, and the draft model updates accordingly. More
importantly, for the first time, we establish a theoretical connection between the speculative system’s
acceleration rate and the online algorithm’s dynamic regret (Zhang et al., 2018), i.e., the performance
gap against time-varying comparators.

Our OnlineSPEC framework enables principled algorithm design by leveraging the rich toolkit from
online learning, offering both systematic methodology and theoretical justifications. We demonstrate
its generality through three instantiations that integrate with existing methods: (i) Online-LR, which
applies online gradient descent with DPO-style loss for LR (Fu et al., 2025) in reasoning tasks;
(ii) Opt-Hydra, which incorporates optimistic online learning (Rakhlin & Sridharan, 2013) into
Hydra (Ankner et al., 2024) by reusing historical gradients as predictive hints; and (iii) Ens-Eagle,
which employs online ensemble learning (Zhao et al., 2024) to adaptively combine multiple draft
heads from EAGLE (Li et al., 2024b; 2025) for robust performance improvements. Experiments
across seven benchmarks and three foundation models demonstrate the effectiveness of OnlineSPEC:
our methods consistently outperform both offline baselines and naive online adaptations, achieving
up to 24% speedup over previous SOTA methods while maintaining output quality.

2 A UNIFIED VIEW FROM ONLINE LEARNING

In this section, we first introduce problem formulation, then propose a unified view in online learning.

2.1 PROBLEM FORMULATION

This part presents the problem formulation. Speculative decoding and related acceleration methods,
including cascade decoding and multi-token prediction, can be unified under generation-refinement
framework (Hu et al., 2025): a draft model first generates a candidate sequence, which is then verified
or refined by a larger target model. These methods share a common challenge: due to limited capacity,
the draft model often fails to approximate the target distribution, leading to degraded speedup.

Importantly, a key observation is that the interactive feedback is available at no additional cost, i.e.,
the verification process inherently reveals where drafts diverge from the target. If we leverage this
feedback to evolve the draft models, which naturally forms a “draft commits–feedback provides–draft
adapts” evolving loop. This iterative process precisely matches the online learning paradigm (Hazan,
2016), an iterative game between a player and an environment: at each round, the player commits to
a decision, observes feedback from the environment, and uses this feedback to update its strategy.

2



Published as a workshop paper in Lifelong Agent @ ICLR 2026

Algorithm 1: OnlineSPEC Framework
Input: Initial draft model parameter w0 ∈ W with its predicted distribution qw0(· | x), target

model v ∈ V with distribution pv(· | x), total steps T , candidate length k, prompt x0.
Initialize: Input sequence x = x0, draft model wt = w0.
for t = 1, . . . , T do

▷ Generate the draft sequence:
for i = 1 to k do

xi ∼ qwt
(x | x<i), where x<i={x, x1,. . . , xi−1}.

▷ Verify by target model: Compute {pv(x1|x<1), . . . , pv(xk|x<k)} in parallel.
▷ Determine the accepted token length nt:
Sample r1 ∼ U(0, 1), . . . , rk ∼ U(0, 1) uniformly;
nt←min({j − 1 | 1 ≤ j ≤ k, rj > pv(xj |x<j)

qwt (xj |x<j)
} ∪ {k}).

▷ Verify and update the draft sequence:
if nt < k then

p′(x) ∝ max
(
0, pv(x |x<nt+1)− qwt

(x |x<nt+1)
)
;

else
p′(x)← pv(x | x<k+1).

xnt+1 ∼ p′(x); x← x+ [x1, . . . , xnt
, xnt+1].

▷ Receive interactive feedback: observe loss function ft :W 7→ R from the target model v.
▷ Update draft model:wt+1←Update(ft;wt) as Section 3.

Output: Token sequence x̂ ≜ [x1, x2, . . .].

This connection allows us to use established tools from online learning to systematically understand
and improve generation-refinement methods. Based on this insight, as detailed in Algorithm 1, we
define our OnlineSPEC framework as the following two stages:
• Offline Initialization: Get good initial draft model(s) w0 ∈ W , which aims to predict the output

distribution of the target model v ∈ V . Target model’s parameter space is much larger than draft
model’s, i.e., |V| ≫ |W|.

• Online Adaptation: At each step, the draft model produces a candidate sequence for verification by
the target model. Tokens are accepted based on the likelihood ratio between the target and draft
distributions. The draft model is then updated utilizing this verification feedback.

The key observation is that, the acceptance rate, i.e., expected probability of accepting a draft token,

Acct ≜ Ex∼qwt

[
min

{
1,
pv(x | x)
qwt

(x | x)

}]
, (1)

directly determines the accepted length and speedup ratio. Therefore, the goal is to continuously
evolve the draft model to improve the acceptance rate during deployment.

2.2 FORMULATED AS AN ONLINE LEARNING PROBLEM

We now formulate the online adaptation stage as an online learning problem. Let T denote the total
number of generation steps, k the candidate (draft) length, and A, a the expected inference time of
the target and draft model, respectively. At each round t, the draft model wt generates a candidate
sequence, which is verified by the target model v. The draft model then receives feedback in the form
of a loss function ft(wt) and updates itself to wt+1. We adopt dynamic regret (Zhang et al., 2018) as
the performance measure, defined as the cumulative gap between the algorithm and a sequence of
time-varying comparators {w⋆

t }Tt=1:

RegT ≜
T∑

t=1

ft(wt)−
T∑

t=1

ft(w
⋆
t ), (2)

where ft is cross-entropy loss obtained from target model v.

One of our contributions is establishing a formal connection between regret minimization and the
acceleration rate. Below, we derive this relationship, adopting assumptions following Leviathan et al.
(2023) to facilitate analysis.
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Assumption 1. Following Leviathan et al. (2023), we assume that the conditional distributions
qwt

(x | x<i) are i.i.d. across all positions i ∈ {1, . . . , k} at step t, and similarly for pv(x | x<i). We
adopt the cross-entropy loss, i.e., ft(w) = −Ex∼pv(·|x)[log qw(x | x)].

Under this assumption, we establish the following lemma regarding the expected accepted length.
Lemma 1 (Accepted Length). Under Assumption 1, for Algorithm 1 with T steps, the expected
length of the draft sequence E[|x̂|] =

∑T
t=1 E[nt] is bounded by

Ω̃

((
1− 1

1 + k

) T 3/2√
RegT

+ T

)
≤ E[|x̂|] ≤ k · T ,

where Ω̃(·) hides the logarithmic factor.

We are now ready to derive relationship between acceleration rate γ and dynamic regret RegT .
Theorem 1 (Acceleration Rate). Under Assumption 1, for our OnlineSPEC with a total of T steps,
candidate length k, and inference times A and a for the target and draft models, respectively, the
acceleration rate γ is bounded by

γ=
A · E[|x̂|]
akT+AT

≥ Ω̃

(
1− 1/k

(αk+1)
√
RegT /T

)
, and γ≤ k

αk+1
,

where α ≜ a
A ≪ 1 is the ratio of the inference times between the draft model and the target model.

Theorem 1 demonstrates that the acceleration rate γ depends on three factors: the algorithm’s regret,
the candidate length k, and the inference time ratio α: a high acceleration rate can be achieved
by using a fast and accurate draft model and selecting an appropriate candidate length k. It also
highlights the importance of incorporating interactive feedback to continuously evolve the draft model,
as this reduces the regret over time. We defer the proof to Appendix D.

3 ONLINESPEC WITH INSTANTIATIONS

In this section, we demonstrate how our OnlineSPEC framework can guide the design of new
algorithms. As summarized in Figure 2, prior work has focused primarily on three aspects: (i) the
draft level, which aims to improve the accepted length by ensembling multiple draft models or draft
sequences; (ii) the token level, which aims to improve token-level prediction by employing more
powerful models or incorporating additional contextual information; and (iii) the interactive feedback
perspective, which aims to exploit verification feedback from the target model.

OnlineSPEC provides a unified perspective that systematically integrates interactive feedback into
existing speculative methods. By leveraging the rich toolkit from online learning, it enables principled
algorithm design. We demonstrate its generality through the following three instantiations:

1. Online-LR: Applying online gradient descent with DPO-style loss to LR (Fu et al., 2025).
2. Opt-Hydra: Optimistic learning in Hydra (Ankner et al., 2024) using historical gradients as hints.
3. Ens-Eagle: Online ensemble learning to combine multiple drafts from EAGLE (Li et al., 2024b).

3.1 ONLINE UPDATE WITH GRADIENT DESCENT

We start with a classic algorithm in online learning, online gradient descent (OGD) (Zinkevich,
2003), which updates the model by moving alongside the negative gradient of the loss function.
Specifically, at time step t, the update form is wt+1 = ΠW [wt − η∇ft(wt)], where ΠW [w] =
arg minw′∈W∥w′ −w∥2 denotes the projection operator,∇ft(wt) is the gradient at time t, and η
is learning rate. This simple update rule is effective for adapting the draft model with interactive
feedback and has been explored by the OSD (Liu et al., 2024b). Specifically, OSD tracks the token
positions where the draft model generates incorrect predictions along with the corresponding target
logits, and periodically updates the draft model by minimizing a distillation loss on these errors using
the target logits as supervision. Although achieving notable success, OSD is specially designed for
token-level error feedback in speculative decoding scenarios, and may fail to generalize to broader
cases, for example, reasoning tasks, as shown in Table 2.
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Figure 2: A comprehensive 3D-visualization illustrates generation-refinement approaches across three dimen-
sions: draft level, token level, and incorporating interactive feedback. Our OnlineSPEC framework provides a
unified perspective for integrating interactive feedback and can be seamlessly combined with existing methods
to further enhance the acceleration rate.

In contrast to task-specific designs, a key advantage of OnlineSPEC is its flexibility. While theoretical
justifications are established under cross-entropy loss, the framework itself is flexible to the choice
of loss function—by appropriately specifying ft(·), it naturally extends to diverse scenarios, e.g.,
reasoning tasks (Fu et al., 2025) with a DPO-style loss (Rafailov et al., 2023), where feedback takes
the form of preference pairs rather than token-level errors:

ft(wt) = −
∑

(x,yw,yl)∼St

log σ

(
βL(yw)− βL(yl)

)
,

where (x, yw, yl) denotes a tuple of prompt x, preferred response yw, and dispreferred response yl
obtained from the feedback set St. Here σ(·) is the sigmoid function, L(y) ≜ log πwt (y|x)/πref (y|x) is
the log-likelihood ratio between the draft policy πwt

and the reference policy πref , and β controls
the deviation from the reference policy. This instantiation yields the Online Lookahead Reasoning
(Online-LR) algorithm, demonstrating how the unified framework accommodates different feedback
structures. To facilitate the regret analysis, we introduce the following standard assumption in online
convex optimization (Hazan, 2016):
Assumption 2. The domainW is bounded by ∥w∥2 ≤ D, and ∥∇ft(w)∥2 ≤ G, ∀w ∈ W .

Under this assumption, we provide theoretical justification for the OGD-based approach as follows.

Corollary 1. Under Assumptions 1 and 2, when employing OGD with a learning rate η = O(1/
√
T ),

the regret satisfies RegT ≤ O(
√
T (1 + PT )), where PT ≜

∑T
t=1 ∥w⋆

t+1 −w⋆
t ∥2 is the path length,

and the acceleration rate γ satisfies γ ≥ Ω̃
(

(1−1/k)·T 1/4

(αk+1)
√
1+PT

)
.

Assumption 2 is commonly adopted in the online learning literature. While such convexity-based
conditions may not strictly hold for neural network optimization, the resulting analysis still provides
valuable justifications for the key factors governing the acceleration rate. Specifically, Corollary 1
demonstrates that OGD achieves good performance (sublinear regret) when the path length PT is
small, i.e., when the change of the environment is smooth during deployment. In the context of the
generation-refinement framework, this allows the draft model to gradually improve its prediction
accuracy through timely feedback from the target model, thereby increasing the acceptance rate and
overall efficiency in relatively smooth environments.
Remark 1 (Comparison with OSD (Liu et al., 2024b)). OSD provides an initial exploration of
leveraging interactive feedback in speculative decoding. However, OSD is specifically designed for
token-level error feedback, which limits its applicability when the feedback structure differs. As
shown in Table 2, directly adapting OSD to more diverse tasks such as reasoning, where feedback
takes the form of preference pairs rather than token-level errors, leads to degradation in speed. In
contrast, our OnlineSPEC framework offers a unified perspective grounded in online learning. By
appropriately specifying the loss function and update scheme, our framework naturally extends to
diverse feedback structures and enables systematic algorithm design with theoretical justifications.
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3.2 ONLINE UPDATE WITH OPTIMISM

The previous OGD method evolves the draft model using only the current verification feedback.
Can we further improve performance by reusing historical gradient information to predictively adapt
to the environment? This leads us to optimistic online learning (Rakhlin & Sridharan, 2013), a
well-established technique in the online learning literature that has drawn considerable attention in
the online learning community, especially for challenging problems (Wei & Luo, 2018; Zhao et al.,
2024). This technique introduces predictive hints to guide model updates proactively. The motivation
is that if we can accurately predict the update direction, we can adapt the draft model more effectively.
Specifically, optimistic online learning performs the following two-step update procedure:

wt = ΠW [ŵt − ηht]; ŵt+1 = ΠW [ŵt − η∇ft(wt)], (3)

where ∇ft(wt) is ground-truth gradient from verification feedback, ŵt is an intermediate model,
and ht ∈ W is a hint (or optimism) that serves as a guess of upcoming gradient.

It remains to construct the hint ht. In principle, hints can be constructed in various ways, especially
if we have certain prior on evolving patterns of the gradients. A simple yet effective choice is to
use the last-round gradient ∇ft−1(wt−1) as the hint. The intuition is that nearby user queries often
exhibit temporal locality and similarity, so the gradient from the previous round serves as a reasonable
approximation of the current one. Based on this design, we instantiate Opt-Hydra, which augments
the Hydra (Ankner et al., 2024) using the last round’s gradient as a hint. We provide the corresponding
theoretical justification as follows.

Corollary 2. Under Assumptions 1 and 2, employing optimistic online learning in Eq. (3), if the
hint approximates the true gradient with

∑T
t=1 ∥ht − ∇ft(wt)∥22 ≤ δT , regret satisfies RegT ≤

O
(√

1 + δT · (1 + PT )
)
, and γ satisfies γ ≥ Ω̃

(
(1−1/k)·

√
T

(αk+1)(1+δT )1/4
√
1+PT

)
.

Corollary 2 demonstrates that optimistic online learning can substantially improve performance when
accurate hints are available. In the best case, when δT = O(1), i.e., hints are sufficiently accurate on
average, the dynamic regret becomes O(1 + PT ), improving upon standard OGD. This highlights
importance of exploiting historical information to further enhance the performance of the draft model.

3.3 ONLINE UPDATE WITH ENSEMBLE

The OGD-based methods discussed above achieve good performance when the environment is
relatively stable. However, in open-world deployment scenarios (Zhou, 2022), user inputs may
span diverse domains and shift over time. In this case, a fundamental limitation of OGD is that its
performance depends heavily on the learning rate: a small learning rate adapts slowly but stably,
while a large one reacts quickly but may overshoot. Since the optimal learning rate depends on the
unknown shifts of environment, a single learning rate cannot perform well across all scenarios.

To address this limitation, we draw inspiration from online ensemble paradigm (Zhao et al., 2024),
which maintains a pool of base learners to handle different environments, and employs a meta learner
to adaptively combine their outputs:

Construct base learners with multiple step sizes. We maintain N base learners (draft models) with a
set of learning rates H = {ηi}Ni=1. At round t, each base learner wi

t is updated independently via
OGD: wi

t+1 = ΠW
[
wi

t − ηi∇ft(wi
t)
]
, where ∇ft(wi

t) is the gradient of the loss function for the
i-th base model. This yields a pool of different draft models {wi

t}Ni=1.

Combine the outputs by meta learner. We employ a meta learner that combines the outputs of base
learners through weighted averaging to obtain the final drafts: wt =

∑N
i=1 p

i
t ·wi

t, where weights
pit ∈ [0, 1] satisfy

∑N
i=1 p

i
t = 1. The weights are updated following exponential weighting scheme

pit ∝ exp(−ε
∑t−1

s=1 ft(w
i
s)), where ε > 0 controls the sensitivity to performance. Intuitively, the

meta learner assigns higher weights to the base with smaller cumulative loss, thereby adaptively
tracking the optimal one. The motivation is that different base learners excel at handling different
environments, and the meta learner can adaptively track the best-performing one.

Building on this paradigm, we instantiate Ens-Eagle and Ens-Eagle-3 by applying the online ensemble
to EAGLE (Li et al., 2024b) and EAGLE-3 (Li et al., 2025), respectively. Specifically, we maintain
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multiple draft heads with different learning rates as base learners, and use hedge (Freund & Schapire,
1997) as meta learner to adaptively combine outputs. We now provide the theoretical justification:

Corollary 3. Under Assumptions 1 and 2, using online ensemble of a total of N = O(log T ) draft
models with geometrically spaced learning rates, regret satisfies RegT ≤ Õ

(√
T (1 + PT )

)
, and the

acceleration rate satisfies γ ≥ Ω̃
(

(1−1/k)·T 1/4

(αk+1)(1+PT )1/4

)
.

Corollary 3 demonstrates that the online ensemble achieves a regret bound of O(
√
T (1 + PT )),

which improves upon previous OGD’s O(
√
T (1 + PT )) especially when the path length is large,

i.e., when the domains of user input changes dramatically. This leads to a better acceleration rate,
particularly in non-stationary environments where user inputs span diverse domains and shift over
time. The ensemble approach adapts to such complicated environments by maintaining multiple
drafts with different adaptation rates, and the meta learner adaptively tracks the best one on the fly.

4 EXPERIMENTS

This section provides the experimental results of our approach. To comprehensively evaluate the
effectiveness and efficiency of our OnlineSPEC framework and proposed approaches, we conduct
experiments across seven benchmark datasets and three target models.1 Our experimental evaluation
aims to answer the following three research questions:

Q1: Do offline methods degrade during deployment? Is interactive feedback necessary?
Q2: Can our OnlineSPEC be integrated with previous SOTA methods to achieve better speedup?
Q3: How do the hyperparameter choices affect the performance of the methods?

4.1 EXPERIMENTAL SETUP

We first introduce the experimental setup, including contenders, implementation details, and datasets.

Datasets. We conduct experiments on seven benchmark datasets, including three math reasoning
tasks GMS8K (Cobbe et al., 2021), MATH (Lewkowycz et al., 2022), and mathematically related
subset of MMLU (Hendrycks et al., 2021); three code generation tasks Code-Search-Python (Husain
et al., 2020), Spider (Yu et al., 2019), and MBPP (Austin et al., 2021); and a financial question
answering dataset Alpaca-finance (Taori et al., 2023). These datasets span diverse domains and
problem types and are widely used in the research community. We evaluate the performance of
different methods using the following metrics: (i) performance metric (solve rate / pass@1 accuracy
depending on the benchmark), (ii) average accepted length, i.e., how many tokens of the draft
sequence are accepted by the target model on average, to measure the effectiveness of the draft
models. (iii) TPS (tokens per second), which measures the wall-clock efficiency of the methods.

Contenders. We compare our proposed approach with the following state-of-the-art contenders: (i)
vanilla speculative decoding (Leviathan et al., 2023; Chen et al., 2023). (ii) OSD (Liu et al., 2024b)
which periodically updates the draft model using observed feedback via knowledge distillation.
(iii) Hydra (Ankner et al., 2024) which improves draft head speculation by introducing sequential
dependency among draft tokens. (iv) EAGLE (Li et al., 2024b) and EAGLE-3 (Li et al., 2025) which
predicts second-to-top-layer features using a lightweight draft head and creates a tree-structured draft
sequence. (v) LR (Lookahead Reasoning) (Fu et al., 2025) which exploits step-level parallelism by
proposing multiple future reasoning steps and verifying their semantic correctness. Besides, we also
design a naive combination of using OSD together with existing methods, including Hydra, EAGLE,
EAGLE-3, and LR, and obtain OSD-Hydra, OSD-EAGLE, OSD-EAGLE-3, and OSD-LR.

Implementation Details. We use Vicuna-7B Chiang et al. (2023), Llama-2-7b (Touvron et al.,
2023), and Qwen3-8B (Yang et al., 2025) as target models. The online evaluation is conducted in
a streaming fashion with chunk sizes of 40 for vanilla-SD, EAGLE, and EAGLE-3; 80 for Hydra;
and 25 for Lookahead Reasoning. The offline phase uses approximately 1000 samples for warm-up,
followed by around 4000 additional samples in the online phase.

1Code is available at GitHub https://github.com/ZinYY/OnlineSPEC
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Table 1: Comparison of generation-refinement acceleration methods across different benchmark datasets. For
each method, we report the average accepted length (AVGLEN ↑) and wall-clock speedup ratio (SPEEDUP ↑).
Results are averaged over three runs with standard deviations. The best results are highlighted in bold.

GSM8K Spider Code-Search Alpaca-Finance
AVGLEN ↑ SPEEDUP ↑ AVGLEN ↑ SPEEDUP ↑ AVGLEN ↑ SPEEDUP ↑ AVGLEN ↑ SPEEDUP ↑

Target model: lmsys / Vicuna-7B-v1.3

Vanilla SD 1.25±0.01 1.00× 1.20±0.03 1.00× 1.22±0.02 1.00× 1.20±0.01 1.00×
OSD 1.52±0.03 1.23× 1.36±0.02 1.12× 1.37±0.02 1.09× 1.30±0.01 1.08×

Hydra 2.14±0.05 1.00× 2.65±0.31 1.00× 1.82±0.04 1.00× 1.78±0.01 1.00×
OSD-Hydra 2.56±0.06 1.19× 3.11±0.31 1.11× 2.11±0.05 1.16× 2.19±0.03 1.25×

(OnlineSPEC) Opt-Hydra 2.69±0.08 1.26× 3.27±0.32 1.18× 2.37±0.07 1.31× 2.70±0.03 1.55×
EAGLE 1.48±0.03 1.00× 1.31±0.03 1.00× 1.41±0.03 1.00× 1.39±0.01 1.00×

OSD-EAGLE 1.92±0.04 1.28× 1.53±0.03 1.21× 1.54±0.04 1.07× 1.51±0.02 1.09×
(OnlineSPEC) Ens-EAGLE 2.01±0.05 1.41× 1.60±0.03 1.32× 1.58±0.04 1.15× 1.61±0.04 1.14×

EAGLE-3 1.78±0.03 1.00× 1.85±0.07 1.00× 1.67±0.04 1.00× 1.62±0.01 1.00×
OSD-EAGLE-3 2.07±0.04 1.20× 2.10±0.05 1.07× 1.97±0.04 1.13× 2.00±0.04 1.16×

(OnlineSPEC) Ens-EAGLE-3 2.16±0.03 1.26× 2.24±0.07 1.12× 2.01±0.07 1.18× 2.07±0.04 1.27×
Target model: meta-llama / Llama-2-7B-Chat

Vanilla SD 1.25±0.01 1.00× 1.07±0.01 1.00× 1.09±0.01 1.00× 1.20±0.01 1.00×
OSD 1.40±0.03 1.06× 1.47±0.05 1.22× 1.34±0.02 1.26× 1.31±0.01 1.12×

Hydra 1.52±0.02 1.00× 1.48±0.08 1.00× 1.66±0.01 1.00× 1.64±0.01 1.00×
OSD-Hydra 2.55±0.03 1.67× 3.10±0.18 1.91× 2.39±0.04 1.43× 2.25±0.03 1.36×

(OnlineSPEC) Opt-Hydra 2.94±0.03 1.90× 3.28±0.16 2.03× 2.71±0.05 1.61× 2.78±0.05 1.68×
EAGLE 1.19±0.01 1.00× 1.15±0.03 1.00× 1.17±0.01 1.00× 1.14±0.01 1.00×

OSD-EAGLE 1.45±0.01 1.18× 1.72±0.06 1.46× 1.47±0.02 1.28× 1.43±0.01 1.20×
(OnlineSPEC) Ens-EAGLE 1.58±0.01 1.33× 1.82±0.08 1.61× 1.62±0.01 1.46× 1.56±0.02 1.41×

EAGLE-3 1.82±0.03 1.00× 1.61±0.03 1.00× 1.69±0.04 1.00× 1.70±0.02 1.00×
OSD-EAGLE-3 2.25±0.02 1.23× 2.42±0.12 1.43× 2.09±0.10 1.27× 2.13±0.02 1.23×

(OnlineSPEC) Ens-EAGLE-3 2.33±0.02 1.27× 2.54±0.14 1.57× 2.18±0.10 1.33× 2.15±0.03 1.26×

Table 2: Evaluation of online learning-based generation-refinement methods on reasoning benchmarks. We pair
each target model with a corresponding smaller draft model and report the average accepted length (AVGLEN ↑)
with wall-clock speedup ratio in parentheses, and the accuracy (ACC (%) ↑). Results are averaged over three
runs with standard deviations. The best results are highlighted in bold.

GSM8K MBPP MATH MMLU
AVGLEN ↑ ACC (%) ↑ AVGLEN ↑ ACC (%) ↑ AVGLEN ↑ ACC (%) ↑ AVGLEN ↑ ACC (%) ↑

Target model: Qwen / Qwen3-8B, Draft model: Qwen / Qwen3-0.6B-Base
Target Model 1.00 (1.00×) 94.32 1.00 (1.00×) 53.56 1.00 (1.00×) 91.54 1.00 (1.00×) 83.81
Draft Model 1.00 (3.60×) 53.84 1.00 (3.56×) 14.15 1.00 (3.54×) 60.66 1.00 (3.56×) 55.71

LR 13.25 (1.26×) 91.04 5.76 (1.09×) 50.65 9.56 (1.20×) 92.84 9.40 (1.21×) 82.86
OSD-LR 12.57 (1.20×) 93.84 5.66 (1.09×) 50.54 6.21 (1.10×) 89.87 6.67 (1.14×) 82.14

(OnlineSPEC) Online-LR 14.71 (1.41×) 92.88 7.16 (1.14×) 51.19 10.63 (1.24×) 91.37 10.62 (1.26×) 84.52

4.2 EVALUATION OF OUR APPROACH

In this part, to answer Q1 and Q2, we evaluate OnlineSPEC on different datasets and target models.

Update with Gradient Descent. We evaluate the online learning approach in both regular inference
tasks and reasoning tasks. As shown in Table 1, previous SOTA, OSD, achieves a better performance
than the vanilla speculative decoding methods, indicating that the online update is effective for
continuously improving the draft model and the inference efficiency. In our work, we further extend
this idea to the reasoning tasks, as shown in Table 2, the Online-LR method, which conducts online
update using DPO-based optimization, achieves a better performance than the offline baseline LR
method. Note that the naive combination, OSD-LR, achieves a lower performance than the offline
baseline LR method, indicating that considering token-level feedback is not suitable for reasoning
tasks, further emphasizing the flexibility of our OnlineSPEC framework.

Update with Optimistic Online Learning. Furthermore, we evaluated the online learning approach
in the Hydra framework (Ankner et al., 2024). As shown in Table 1 and Figure 3, the Opt-Hydra
method, which conducts online update using optimistic online learning, achieves better performance
than the offline baseline Hydra method and the contender OSD-Hydra method, indicating that
optimistic online learning is effective for continuously improving the draft model and reasoning
efficiency due to its ability to predict the future gradient and further update the draft model.

Update with Online Ensemble. We also evaluate our proposed online learning approaches in the
EAGLE framework (Li et al., 2024b). As demonstrated in Table 1 and Figure 3, the Ens-EAGLE
method, inspired by the online ensemble paradigm that employs multiple draft models with different
learning rates with a hedge algorithm to combine the output, achieves better performance than the
offline baseline EAGLE method and the contender OSD-EAGLE method, indicating that online
ensemble is effective to robustly improve the draft model during deployment.

8



Published as a workshop paper in Lifelong Agent @ ICLR 2026

0 10 20 30 40 50
t

80

90

100

110

To
ke

ns
 p

er
 S

ec
on

d

GSM8K
Hydra
OSD-Hydra
Opt-Hydra

(a)

0 20 40 60 80 100
t

50

55

60

65

70

75

To
ke

ns
 p

er
 S

ec
on

d

GSM8K
EAGLE
OSD-EAGLE
Ens-EAGLE

(b)

0 20 40 60 80 100
t

55

60

65

70

75

To
ke

ns
 p

er
 S

ec
on

d

GSM8K
EAGLE-3
OSD-EAGLE-3
Ens-EAGLE-3

(c)

0 20 40 60 80
t

80

85

90

95

To
ke

ns
 p

er
 S

ec
on

d

GSM8K
LR
OSD-LR
Online-LR

(d)
Figure 3: Evolution of tokens per second (TPS) on the GSM8K dataset: (a) Opt-Hydra with lmsys/Vicuna-
7B-v1.3, (b) Ens-EAGLE with lmsys/Vicuna-7B-v1.3, (c) Ens-EAGLE-3 with lmsys/Vicuna-7B-v1.3, and (d)
Online-LR with Qwen/Qwen3-8B. This demonstrates consistent performance improvements via online learning,
validating the effectiveness of our ONLINESPEC during deployment.

4.3 HYPERPARAMETER ANALYSIS

Table 3: Hyperparameter analysis on GSM8K. We re-
port average accepted length (AVGLEN ↑), and wall-clock
speedup ratio (SPEEDUP ↑). (i) Varying learning rate on
OSD-Hydra vs. Opt-Hydra. (ii) Varying learning rate on
OSD-EAGLE vs Ens-EAGLE. (iii) Varying total steps T .

Method AVGLEN ↑ SPEEDUP ↑
(i) Hydra: Varying Learning Rate vs. Opt-Hydra

OSD-Hydra (η=0.5) 2.53±0.05 1.17±0.02
OSD-Hydra (η=0.8) 2.56±0.06 1.19±0.02
OSD-Hydra (η=1.0) 2.51±0.05 1.16±0.02
OSD-Hydra (η=1.5) 2.27±0.03 1.05±0.01
Opt-Hydra 2.69±0.08 1.26±0.03

(ii) EAGLE: Varying Learning Rate vs. Ens-EAGLE
OSD-EAGLE (η=5×10−4) 1.57±0.03 1.03±0.02
OSD-EAGLE (η=1×10−3) 1.63±0.04 1.07±0.03
OSD-EAGLE (η=1×10−2) 1.92±0.04 1.28±0.05
OSD-EAGLE (η=1×10−1) 1.85±0.03 1.22±0.04
Ens-EAGLE 2.01±0.05 1.41±0.05

(iii) Opt-Hydra: Varying Total Online Steps T
Opt-Hydra (T =1000) 2.33±0.02 1.10±0.01
Opt-Hydra (T =2000) 2.52±0.05 1.19±0.01
Opt-Hydra (T =3000) 2.55±0.04 1.20±0.02
Opt-Hydra (T =4000) 2.69±0.08 1.26±0.03

To answer Q3, as summarized in Table 3, we
conduct a hyperparameter analysis to investi-
gate the impact of key hyperparameters on the
performance of our approaches.

Effect of Learning Rate. We first examine
the impact of the learning rate η. As shown
in Table 3 (i) and (ii), using a single fixed
learning rate yields inconsistent performance
across different settings. Specifically, a small
learning rate (e.g., η = 5 × 10−4) leads to
slow adaptation, while a large learning rate
(e.g., η = 10−1) may cause unstable updates.
Importantly, no single learning rate consis-
tently outperforms Opt-Hydra or Ens-EAGLE,
which demonstrates the effectiveness of our
optimistic online learning and online ensem-
ble approaches. This aligns with our theoret-
ical analysis in Section 3: optimistic online
learning leverages predictive hints to guide
more effective updates, and ensemble learn-
ing adaptively tracks the best-performing base
learner on the fly.

Effect of Total Online Steps T . We further investigate how the total number of online steps
T affects the performance of Opt-Hydra. As shown in Table 3 (iii), the performance consistently
improves as T increases from 1000 to 4000. This observation is consistent with our theoretical
justification in Theorem 1, where the acceleration rate γ increases as T increases. This demonstrates
that OnlineSPEC can continuously leverage interactive feedback to evolve the draft model, thereby
achieving better acceleration over time.

5 CONCLUSION

In this paper, we propose OnlineSPEC, a unified framework that systematically leverages interac-
tive verification feedback to continuously evolve draft models during deployment. Different from
previous advances that rely on fixed offline-trained draft models or employ task-specific design for
online adaptation, we establish a principled connection between speculative decoding and online
learning, and formally characterize how the algorithm’s dynamic regret governs the acceleration rate,
enabling systematic algorithm design by leveraging the rich toolkit from online learning. Building on
OnlineSPEC, we develop three instantiations: (i) Online-LR with DPO-style optimization for reason-
ing tasks, (ii) Opt-Hydra with optimistic updates guided by historical gradients, and (iii) Ens-Eagle
with an adaptive ensemble of multiple draft heads, each equipped with theoretical justifications and
improved performance. Experiments on seven benchmarks and three foundation models demonstrate
improvements over previous SOTA methods.
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A RELATED WORK

In the following, we discuss the related topics.

A.1 GENERATION-REFINEMENT FRAMEWORK

This section reviews the generation-refinement framework (Hu et al., 2025), a broad class of LLM
acceleration methods that share a common structure: a lightweight model first generates a draft
sequence, which is then refined or verified by a larger target model. In the following, we introduce
three typical methods within the generation-refinement paradigm: speculative decoding, cascade
decoding, and multi-token prediction.

Speculative decoding. Speculative decoding accelerates inference in large target language models
by leveraging a smaller draft model. The draft model generates a block of tokens—referred to as a
draft sequence—using standard autoregressive decoding. These tokens are then verified in parallel by
the larger model. All tokens up to the first rejected one are accepted, after which the generation reverts
to that point. EAGLE (Li et al., 2024b) introduces feature-level autoregression with token-conditioned
drafting to enable efficient speculative sampling. EAGLE-2 (Li et al., 2024a) builds upon EAGLE by
employing a context-aware dynamic draft tree. EAGLE-3 (Li et al., 2025) further advances EAGLE-2
by replacing feature prediction with direct token prediction and leveraging multi-layer feature fusion
to improve scalability. Lookahead decoding (Fu et al., 2024) accelerates LLM inference without
auxiliary models by maintaining n-gram pools from the Jacobi decoding trajectory, which are used to
generate candidate tokens for parallel verification.

On the other hand, SpecTR (Sun et al., 2023) formulates draft selection as an optimal transport
problem with membership cost and proposes an algorithm for multi-candidate token-level speculation.
MCSD (Yang et al., 2024) samples multiple candidate draft sequences from the draft model and
organizes them into batches for parallel verification, thereby improving the acceptance rate. Ban-
ditSpec (Hou et al., 2025) casts hyperparameter selection in speculative decoding as a multi-armed
bandit problem. HedgeSpec (Liu et al., 2025b) avoids the bandit formulation by introducing an
additional verification step that evaluates all draft models without requiring extra target model queries.
For reasoning tasks, beyond token-level speculative decoding, Lookahead Reasoning (Fu et al., 2025)
exploits step-level parallelism by having a draft model propose multiple future reasoning steps, which
are then expanded in parallel by the target model and semantically verified.

However, in previous speculative decoding methods, the draft model is typically trained offline
via knowledge distillation (Hinton et al., 2015). DistillSpec (Zhou et al., 2024) improves draft-
target alignment through knowledge distillation by leveraging on-policy data generation and task-
specific divergence functions. More recently, OSD (Liu et al., 2024b) proposes online speculative
decoding, which continuously updates the draft model using observed verification feedback during
deployment. ATLAS (Wang et al., 2025) further adapts to evolving workload distributions by learning
from both historical patterns and live traffic, employing a dual-speculator architecture coordinated
by a confidence-aware controller. DVI (Bhansali & Heck, 2025) introduces a self-speculative
framework that converts verifier decisions into supervision signals for online draft model updates
using reinforcement learning.

Cascade decoding. Cascade decoding employs a deferral policy to identify “hard” inputs, deferring
them to a larger model only when necessary, while using a smaller model by default. In a typical
two-model cascade, the smaller model is invoked first, and its output confidence (e.g., the probability
of the generated token) is used to decide whether to defer to the larger model. Wang et al. (2022)
demonstrate that cascades constructed from pre-trained models can match or exceed state-of-the-art
accuracy while achieving significant speedups. Varshney & Baral (2022) introduce model cascading
to jointly improve efficiency and accuracy by selectively invoking larger models based on input
difficulty. FrugalGPT (Chen et al., 2024) learns an adaptive routing strategy that determines which
LLMs to invoke for different queries. Narasimhan et al. (2025) combine cascade decoding with
speculative execution to achieve improved cost-quality trade-offs.

Multi-token Prediction. Another line of research focuses on outputting multiple tokens at a time
(rather than one token at a time in traditional autoregressive models), namely, multi-token prediction
(MTP). These methods augment the model with additional prediction heads or modules to generate
multiple candidate tokens simultaneously, which are then verified in parallel by the target model. Raj
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et al. (2025) apply MTP to Speech-LLaMA and reduce the number of decoder calls while maintaining
recognition accuracy. Medusa (Cai et al., 2024) augments LLMs with extra decoding heads that
predict multiple subsequent tokens in parallel, and employs tree-based attention to construct and
verify multiple candidate continuations simultaneously. Hydra (Ankner et al., 2024) extends Medusa
by introducing sequentially dependent draft heads, where each head conditions its prediction on
preceding draft tokens rather than solely on verified hidden states. CLLM (Kou et al., 2024) leverages
Jacobi decoding (Song et al., 2021) and trains the model to consistently predict the fixed point from
any intermediate state. Recently, DeepSeek-V3 (Liu et al., 2024a) employs sequential MTP modules
that maintain a complete causal chain at each prediction depth; while primarily designed to improve
training performance, these modules can be employed for speculative decoding during inference to
further accelerate the inference speed.

Comparison with existing methods. Although previous advances that explore interactive feedback
have achieved notable empirical improvements (Liu et al., 2024b; Wang et al., 2025; Bhansali &
Heck, 2025), they still have several limitations. First, they rely on ad hoc algorithmic designs without
principled theoretical foundations connecting their update strategies to acceleration performance.
Second, they are tailored to specific scenarios: DistillSpec focuses on offline distillation with on-policy
data; OSD targets token-level verification feedback; DVI explores reinforcement learning schedules
for evolving draft heads; and ATLAS emphasizes system-level traffic adaptation. Consequently,
they do not provide a unified framework applicable to the broader generation-refinement paradigm.
In contrast, our OnlineSPEC framework addresses these gaps by formulating general generation-
refinement methods as an online learning problem, for the first time, establishing a theoretical
connection between algorithmic regret and acceleration rate in Theorem 1, and providing a systematic
way to incorporate advanced online learning techniques within a unified formulation.

A.2 ONLINE LEARNING

In this section, we introduce the related topics of online learning.

Online Convex Optimization. Online learning is a powerful paradigm for timely adjusting
the decision on-the-fly, which is deemed as a T -round iterative game between a player and an
environment. At iteration t ∈ {1, . . . , T}, the player selects a decision wt, and the environment
simultaneously selects an online function ft. Subsequently, the learner will suffer a loss and observe
certain gradient information as the feedback. The classical measure for online learning is the static
regret (Cesa-Bianchi & Lugosi, 2006),

RegT

(
{ft,w}Tt=1

)
≜

T∑
t=1

ft(wt)− min
w∈W

T∑
t=1

ft(w),

which compares the online learner’s performance against the best fixed decision in hindsight. The
theoretical foundations of online convex optimization are well-established (Hazan, 2016). The most
classical algorithm is online gradient descent (OGD) (Zinkevich, 2003), which updates the decision
by moving along the negative gradient of the loss function. OGD achieves an O(

√
T ) static regret

for convex functions, which is known to be minimax optimal. Subsequent work demonstrates that
OGD is a special case of online mirror descent (OMD) (Orabona, 2019), which generalizes gradient
descent to non-Euclidean geometries by replacing the squared Euclidean norm with a more general
Bregman divergence.

With the growing interest of the community, notable progress in modern online learning has emerged
along two main directions: adaptive online learning, which exploits environmental structure for
improved performance; and non-stationary online learning, which handles distribution shifts in
dynamic environments.

Adaptive Online Learning. Adaptive online learning aims to achieve better performance by
exploiting predictable patterns in the environment, which reuses historical information for a better
regret rate. A prominent technique is optimistic online learning (Rakhlin & Sridharan, 2013), which
reuses historical information to construct predictive hints for future gradients. At each round, the
learner performs a two-step update: one with the predicted gradient (hint) and one with the actual
gradient. When the hints are accurate, this approach achieves tighter regret bounds that depend on the
cumulative hint error rather than the time horizon T . Optimistic online learning has been successfully
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applied to various challenging settings, including adversarial bandits (Wei & Luo, 2018) and dynamic
regret minimization (Zhao et al., 2024).

Non-stationary Online Learning. Non-stationary online learning has received considerable
attention due to its theoretical and practical significance (Besbes et al., 2015; Zhao et al., 2025). The
goal is to design algorithms capable of adapting to distribution shifts in dynamic environments. A
theoretically grounded approach is dynamic regret minimization (Zhang et al., 2018), which evaluates
performance relative to a sequence of time-varying comparators as in Eq. (2). However, optimizing
the dynamic regret is challenging, since the level of environmental non-stationarity is unknown a
prior, and the comparator sequence in Eq. (2) can be arbitrary.

To tackle this challenge, a principled approach is the online ensemble framework (Zhao et al.,
2024), which employs a meta-base two-layer structure: a pool of diverse base learners with different
learning rates is maintained, and a meta-algorithm adaptively combines their outputs to track the best-
performing one on the fly. Alternatively, Cutkosky (2020) and Zhang et al. (2022) employ sequential
ensemble methods, in which a series of base learners are sequentially initialized and their outputs
are aggregated to produce the final prediction. The online ensemble framework achieves optimal
dynamic regret without prior knowledge of environmental non-stationarity. Several algorithms have
emerged from this framework to handle various types of distribution shift.

Remark 2 (Why Dynamic Regret?). We adopt dynamic regret rather than the standard static
regret (Cesa-Bianchi & Lugosi, 2006) due to the inherent capacity gap between the draft and target
models. Specifically, the draft model has significantly lower capacity and thus cannot globally match
the target distribution pv(· | x) across all possible contexts x. However, for any specific context
sampled from step t, it is more reasonable to assume the existence of a local optimum w⋆

t such
that the draft distribution aligns with the target on this particular context. This motivates the use of
dynamic regret, which compares against a time-varying sequence {w⋆

t }Tt=1 of locally optimal draft
models, rather than requiring a single fixed comparator across all steps.

B ADDITIONAL EXPERIMENTAL RESULTS

In this section, we provide additional experimental results.

B.1 DETAILED RESULTS

In this section, we provide detailed experimental results by presenting temporal evolution plots for all
methods across different benchmark datasets. Each figure group compares the baseline method with
its OSD-enhanced variant and our proposed OnlineSPEC approach, demonstrating the performance
improvements in terms of both average accepted length and wall-clock speedup ratio as inference
progresses.
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Figure 4: Performance comparison of Hydra, OSD-Hydra, and Opt-Hydra on (a) GSM8K, (b) Spider, (c)
Code-Search, and (d) Alpaca-Finance using lmsys/Vicuna-7B-v1.3 as the foundation model. We report the
average accepted length (AVGLEN, top row) and tokens per second (TPS, bottom row) over time.
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Figure 5: Performance comparison of EAGLE, OSD-EAGLE, and Ens-EAGLE on (a) GSM8K, (b) Spider, (c)
Code-Search, and (d) Alpaca-Finance using lmsys/Vicuna-7B-v1.3 as the foundation model. We report the
average accepted length (AVGLEN, top row) and tokens per second (TPS, bottom row) over time.
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Figure 6: Performance comparison of EAGLE-3, OSD-EAGLE-3, and Ens-EAGLE-3 on (a) GSM8K, (b) Spider,
(c) Code-Search, and (d) Alpaca-Finance using lmsys/Vicuna-7B-v1.3 as the foundation model. We report the
average accepted length (AVGLEN, top row) and tokens per second (TPS, bottom row) over time.
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Figure 7: Performance comparison of Hydra, OSD-Hydra, and Opt-Hydra on (a) GSM8K, (b) Spider, (c)
Code-Search, and (d) Alpaca-Finance using meta-llama/Llama-2-7B-Chat as the foundation model. We report
the average accepted length (AVGLEN, top row) and tokens per second (TPS, bottom row) over time.
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Figure 8: Performance comparison of EAGLE, OSD-EAGLE, and Ens-EAGLE on (a) GSM8K, (b) Spider, (c)
Code-Search, and (d) Alpaca-Finance using meta-llama/Llama-2-7B-Chat as the foundation model. We report
the average accepted length (AVGLEN, top row) and tokens per second (TPS, bottom row) over time.
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Figure 9: Performance comparison of EAGLE-3, OSD-EAGLE-3, and Ens-EAGLE-3 on (a) GSM8K, (b) Spider,
(c) Code-Search, and (d) Alpaca-Finance using meta-llama/Llama-2-7B-Chat as the foundation model. We
report the average accepted length (AVGLEN, top row) and tokens per second (TPS, bottom row) over time.
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Figure 10: Performance comparison of LR, OSD-LR, and Online-LR on (a) GSM8K, (b) MBPP, (c) MATH, and
(d) MMLU using Qwen/Qwen3-8B paired with Qwen3-0.6B-Base as the draft model. We report the average
accepted length (AVGLEN, top row) and tokens per second (TPS, bottom row) over time.

B.2 CONSIDERING TRAINING OVERHEAD

Table 4: Comparison of inference time vs. our online training
+ inference time. Our methods (Opt-Hydra and Ens-EAGLE-3)
achieve better speedup even when accounting for training overhead.

Method Code-Search Alpaca-Finance
TIME (s) ↓ SPEEDUP ↑ TIME (s) ↓ SPEEDUP ↑

EAGLE-3 300.83 1.00 347.57 1.00
Ens-EAGLE-3 (+train) 280.23 1.07 306.31 1.13
Hydra 527.46 1.00 393.18 1.00
Opt-Hydra (+train) 515.00 1.02 371.37 1.05

A natural concern regarding online up-
dates in the OnlineSPEC framework is
the additional computational cost in-
troduced by training updates. In prac-
tice, however, this overhead can be
effectively mitigated. Specifically, the
online update of the draft model can
be performed asynchronously on sepa-
rate devices (e.g., using separate train-
ing GPUs), decoupled from the infer-
ence pipeline. Under such a deployment, the training process runs in parallel without blocking or
slowing down the inference service, and the updated draft model parameters can be periodically
synchronized to the inference server.

To further quantify the practical impact, we conduct an additional experiment where we measure
the total wall-clock time, including both training and inference. As shown in Table 4, even when
accounting for the training overhead, our methods still achieve notable speedups over the baselines.
For instance, Ens-EAGLE-3 achieves speedup on Code-Search and Alpaca-Finance datasets, re-
spectively, demonstrating that the efficiency gains from improved draft model quality outweigh the
additional training cost. These results suggest that the training overhead is not a practical bottleneck
for deploying our online learning framework.

B.3 DETAILS OF CONTENDERS

In this part, we provide more details about the contenders used in our experiments.
• Vanilla speculative decoding (Leviathan et al., 2023; Chen et al., 2023) uses a small draft model

to propose candidate token continuations, which are then verified in parallel by the target model.
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This approach accelerates inference by reducing the number of sequential decoding steps while
preserving the output distribution of the target model.

• OSD (Liu et al., 2024b) extends vanilla speculative decoding by periodically updating the draft
model using observed feedback via knowledge distillation. This online adaptation allows the draft
model to better align with the target model’s distribution over time.

• Hydra (Ankner et al., 2024) improves draft head-based speculation by introducing sequential de-
pendency among draft tokens. Unlike standard draft heads that predict tokens independently, Hydra
heads condition each speculation on preceding tokens in the candidate continuation, significantly
improving draft accuracy.

• EAGLE (Li et al., 2024b) performs autoregression at the feature level, predicting second-to-top-
layer features with a lightweight draft head to enable efficient token speculation.

• EAGLE-3 (Li et al., 2025) further improves EAGLE by replacing feature prediction with di-
rect token prediction and employing multi-layer feature fusion, enabling better scalability and
performance.

• LR (Lookahead Reasoning) (Fu et al., 2025) exploits step-level parallelism for reasoning models
by proposing multiple future reasoning steps simultaneously. A lightweight draft model generates
step proposals, the target model expands each proposal in one batched pass, and a verifier retains
semantically correct steps. This approach combines with token-level speculative decoding to
achieve multiplicative speedups.

• OSD-Hydra, OSD-EAGLE, OSD-EAGLE-3, and OSD-LR are naive combinations that apply the
online distillation mechanism from OSD to the Hydra, EAGLE, and LR frameworks, respectively.
These baselines serve to evaluate whether simple online adaptation can improve the performance
of existing speculative decoding methods.

B.4 DETAILS OF DATASETS

We evaluate our proposed approach on the following widely-used benchmark datasets:
• GSM8K (Cobbe et al., 2021) is a dataset of 8.5K high-quality, linguistically diverse grade school

math word problems. Each problem requires 2 to 8 steps of multi-step reasoning using basic
arithmetic operations to derive the final answer, with solutions provided in natural language.

• Spider (Yu et al., 2019) is a large-scale, cross-domain semantic parsing and text-to-SQL dataset
containing 10,181 questions and 5,693 unique complex SQL queries across 200 databases.

• Code-search-Python (Husain et al., 2020) is a subset of the CodeSearchNet corpus that focuses on
Python code retrieval using natural language queries. It provides paired data of natural language
descriptions and corresponding Python code snippets, enabling evaluation of semantic code search.

• Alpaca-finance (Taori et al., 2023) is a domain-specific instruction-following dataset derived from
the Stanford Alpaca framework, tailored for financial applications. It contains instruction-response
pairs designed to evaluate model performance on finance-related tasks.

• MBPP (Austin et al., 2021) (Mostly Basic Programming Problems) is a dataset of 974 Python
programming problems designed to evaluate the problem-solving capabilities of language models.
Each problem includes a natural language description, a reference solution, and test cases.

• MATH (Lewkowycz et al., 2022) is a dataset of 12,500 challenging competition-level mathematics
problems covering a wide range of topics such as algebra, geometry, calculus, and number theory.
Each problem is accompanied by a detailed solution written in natural language and LaTeX.

• MMLU (Hendrycks et al., 2021) (Massive Multitask Language Understanding) is a benchmark de-
signed to evaluate a model’s multitask accuracy across 57 tasks spanning STEM, humanities, social
sciences, and other professional fields. It tests both in-domain and out-of-domain generalization.

B.5 PROMPT TEMPLATES

We provide the prompt templates used in our experiments. For the reasoning framework (Online-LR),
we employ Qwen2.5-7B-Instruct (Qwen et al., 2025) as the judge model to verify semantic alignment
between the draft model’s predictions and the target model’s outputs. The judge model evaluates
whether two reasoning steps convey the same meaning, focusing on semantic similarity rather than
exact wording. Table 5 presents the prompt template used for the alignment verification.
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Table 5: Prompt template used for semantic alignment verification in reasoning. We use Qwen2.5-7B-Instruct
as judge (temperature=0.0).

System Prompt:
You are Qwen, created by Alibaba Cloud. You are a helpful assistant.

User Prompt:
Evaluate whether the following two reasoning steps (s1 and s2) convey exactly the same meaning.
Focus on semantic similarity rather than exact wording.
Compare the main ideas, key points, overall message, logical structure, and numerical calcula-
tions/results of both reasoning steps.
If the reasoning steps convey essentially the same meaning and generate same calculation
results, respond with [aligned]. If the reasoning steps express different meanings, respond with
[unaligned]. If it is too hard to determine, respond with [unaligned]
Please directly provide the final result in [aligned] or [unaligned].
Reasoning step 1 (s1):
<start_s1>
{draft_output}
<end_s1>
Reasoning step 2 (s2):
<start_s2>
{target_output}
<end_s2>

For the problem-solving prompt in reasoning, we use the prompt template shown in Table 6 to instruct
the reasoning model.

Table 6: Problem-solving prompt template for math reasoning tasks.

User Prompt:
{question}
Please reason step by step, and put your final answer within \boxed{}. Once a full round of
reasoning is completed, do not check again, immediately cease reasoning, and output the answer.

To prevent excessive reasoning behavior, we inject a transition instruction into the context when the
token count reaches the predefined limit of 1024 tokens, as shown in Table 7:

Table 7: Thinking-to-Output mode transition instruction.

Context: {preceding prompt and reasoning trace}
Instruction: Considering the limited time by the user, I have to give the solution based on the
thinking directly now.
</think>

B.6 MORE IMPLEMENTATION DETAILS

Throughout experiments, we utilize three foundation models as the target model in the generation-
refinement framework, including Vicuna-7B Chiang et al. (2023), Llama-2-7b (Touvron et al., 2023),
and Qwen3-8B (Yang et al., 2025). The online evaluation is conducted in a streaming fashion: we
partition the evaluation dataset into chunks of size T = 40 for the EAGLE framework, T = 80
for Hydra, and T = 25 for reasoning tasks, with total iterations ranging from 16 to 120 depending
on the dataset size. The maximum sequence length is set to 2048 tokens. We use Flash Attention
to accelerate attention computation. The offline training phase uses approximately 1000 samples
per domain for warm-up, and the online phase processes approximately 4000 additional samples
in a streaming manner. We employ mixed-precision training with bfloat16 (bf16) to accelerate
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computation and reduce memory footprint. All experiments were performed using four NVIDIA
A800 (80 GB) GPUs with two Intel(R) Xeon(R) Gold 6430 CPUs.

For the online gradient descent experiments (Online-LR), we use the AdamW optimizer with β1 = 0.9,
β2 = 0.95, and gradient clipping set to 1.0. DPO-based updates are performed with a learning rate of
5 × 10−7, a preference scaling parameter β = 0.1, and are trained for 3 epochs per online update
round. SFT-based updates use the same learning rate of 5× 10−7 with a constant warmup schedule
for one epoch. The global batch size is set to 16, with a micro-batch size of 2 per GPU. During
inference-time sampling, the temperature is fixed at t = 0.6, and a repetition penalty of 1.2 is applied
to mitigate repetitive outputs, which could otherwise degrade the quality of the collected training
data. To prevent excessive reasoning behavior, we restrict the thinking budget to 1024 tokens; once
this limit is reached, the model terminates the thinking process and switches to output generation.

For the EAGLE experiments, we employ the Adam optimizer with β1 = 0.9 and β2 = 0.95, using
a learning rate of 3× 10−5. Training is conducted for 5 epochs per online iteration, with gradient
clipping applied at a threshold of 0.5. In the online ensemble setting, we maintain N = 3 base
learners (draft models) with geometrically spaced learning rates {3× 10−5, 6× 10−5, 1.2× 10−4}.
All draft models can be updated in parallel within each iteration, incurring no additional training
overhead compared to a single draft model update. The meta-learner is formed via an exponentially
weighted sum of the base learners. The new weights of meta learner is updated as wt =

∑3
i=1 p

i
t ·wi

t,
where pit ∝ exp(−ε

∑t−1
s=1 ft(w

i
s)), ft(·) is the training loss of iteration t. The parameter ε is set as

10. The EAGLE-3 configuration follows the same setup as EAGLE, except that the number of training
epochs per iteration is reduced to 2, and the learning rates for the online ensemble are adjusted to
{1× 10−4, 2× 10−4, 4× 10−4}. For the Hydra framework, we use SGD with a momentum of 0.9,
a learning rate of 0.1, and a dropout rate of 0.1. Across all experiments, greedy decoding is adopted
during inference.

The pairing of optimistic learning with Hydra, and ensemble learning with EAGLE is motivated by
similarity between these methods and the corresponding online learning techniques. Hydra (Ankner
et al., 2024) employs sequentially dependent draft heads, where each head conditions its prediction
on preceding draft tokens, which is analogous to how optimistic learning exploits historical gradient
information. Our Opt-Hydra leverages this principle to the online setting by incorporating gradient-
based hints for parameter updates. EAGLE (Li et al., 2024b) maintains tree-based drafts with multiple
candidate branches, similar to an ensemble of diverse drafts. This naturally aligns with ensemble
learning, where multiple base learners are maintained and adaptively combined.

C OTHER APPLICATIONS

In this section, we further showcase the other applications of our framework.

C.1 DYNAMICALLY DETERMINE THE CANDIDATE LENGTH

We further remark that OnlineSPEC can be used to determine candidate length k of the draft model.
Corollary 4. For a draft model with average accepted rate Acct and inference time ratio α relative to
the target model, the optimal candidate length for the time step t is k = Θ

(
1

α(1−Acct)

)
.

Proof of Corollary 4. As demonstrated in Theorem 1,

E[nt] =
1−Acckt
1−Acct

Therefore, we have γt =
1−Acckt

(1−Acct)(αk+1) . Since the original equation has the term Acckt , we can not
solve it directly as it is a transcendental equation. Instead, by Taylor expansion, we have

Acckt ≈ Acckt ≤ 1 + k(Acct − 1) +
k(k − 1)

2
(Acct − 1)2.

where the error term is bounded by O
(
|1−Acct|3

)
. Therefore, by solving the optimal value of k

∂kγt ≈
k −Acctk − 1

2 (1−Acct)
2(−1 + k)k

(1−Acct)(1 + αk)
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By solving the equation ∂kγt = 0, we have

k =
C

α(1−Acct)

where C ≜ −1 + Acct +
√

1− 2Acct +Acc2t + 3α− 4Acctα+Acc2tα ∈ [0, 1] is a scale factor.

Therefore, the optimal candidate length is k = Θ
(

1
α(1−Acct)

)
.

This corollary provides a principled approach to determining the optimal candidate length following
theoretical guidance. It demonstrates that the candidate length should be adjusted based on both
the draft model’s accuracy (reflected in Acct) and the computational efficiency ratio between the
draft and target models (reflected in α). When the draft model is highly accurate (small Acct) or
computationally efficient relative to the target model (small α), a larger candidate length can be used
to maximize acceleration rate.

C.2 BANDIT ONLINE LEARNING

In the main text, we focus on the full-information online learning setting, where the player can
observe the complete loss function, including its gradients. However, in certain scenarios, the learner
may only have access to partial feedback, such as the player can only observe loss value at a certain
queried draft model. This motivates the study of bandit online learning.

Bandit Techniques in Speculative Decoding. Recent work has explored bandit techniques to
improve speculative decoding. BanditSpec (Hou et al., 2025) formulates the hyperparameter selection
problem (e.g., candidate length, draft model choice) as a multi-armed bandit problem. Specifically,
it treats each hyperparameter configuration as an arm and uses the acceptance rate as the reward
signal. Two bandit-based algorithms, UCBSpec and EXP3Spec, are proposed to adaptively select
hyperparameters during text generation, achieving near-optimal stopping time regret under both
stochastic and adversarial reward settings. MetaSD (Kim et al., 2025) tackles the limitation of single-
drafter approaches by incorporating multiple draft models into the speculative decoding process. It
employs multi-armed bandit sampling to allocate computational resources across different drafters
based on their observed acceptance rates, thereby improving overall generation performance.

Incorporating Bandit Techniques into the OnlineSPEC Framework. We remark that our
OnlineSPEC framework can naturally incorporate bandit online learning techniques to continuously
improve the draft sequence quality during deployment. In the deployment scenario, the verification
outcome (accept/reject) from the target model serves as a natural reward signal that can be exploited
by bandit algorithms, i.e., modify the update step in Algorithm 1 to use bandit feedback. Specifically,
one can maintain a pool of candidate draft models (or hyperparameter configurations) and use bandit
algorithms such as UCB or EXP3 to adaptively select the best-performing option at each step based
on the observed acceptance rates. As more queries are processed, the bandit algorithm accumulates
feedback and progressively identifies the optimal draft model, leading to continuous performance
improvement over time. We leave this extension as future work.

C.3 COMBINING OPTIMISTIC ONLINE LEARNING AND ENSEMBLE LEARNING

In Section 3.2 and Section 3.3, we have demonstrated that our OnlineSPEC framework can be instan-
tiated with optimistic online learning and ensemble learning, respectively. Specifically, optimistic
learning exploits predictive hints (e.g., historical gradients) to achieve improved regret when hints
are accurate (Corollary 2), while ensemble learning hedges against non-stationarity by maintaining
multiple base learners with different adaptation rates (Corollary 3). For simplicity and clarity, we
consider each technique in isolation in the main paper.

It is worth noting that these two approaches can be combined together to leverage the benefits of
both. Recent advances in online learning, Sword++ (Zhao et al., 2024), demonstrate that integrating
optimistic updates into the ensemble framework where both the meta-algorithm and base learners
employ optimistic mirror descent. Such a combination would enable the draft model to both exploit
temporal locality via optimism and hedge against abrupt distribution shifts via ensemble, potentially
leading to further performance improvements. Nevertheless, incorporating both techniques into the
OnlineSPEC framework may bring additional algorithm complexity, we leave this as future work.
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C.4 SPECULATIVE DECODING IN ON-POLICY REINFORCEMENT LEARNING

Recent works begin to explore the application of speculative decoding in reinforcement learning (Chen
et al., 2025; Liu et al., 2025a; Chang et al., 2026). Specifically, in RL training, the rollout phase, in
which the policy generates trajectories for learning, constitutes a major computational bottleneck.
Speculative decoding offers a promising approach to accelerate this phase by accelerating the generate
speed. However, a key challenge arises in on-policy settings: the policy model continuously evolves
during training, causing a static draft model to become increasingly misaligned with the target policy
over time. This distribution drift leads to lower acceptance rates and diminished speedup as training
progresses. Our OnlineSPEC framework is naturally suited to address this challenge, as it enables the
draft model to continuously adapt to the evolving target policy through interactive feedback.

D PROOFS

This section provides the omitted proofs for the theoretical justifications presented in Section 2 and 3.

D.1 PROOF OF LEMMA 1

Proof. We first consider the expected length of accepted tokens at step t. Following Leviathan et al.
(2023), we make the simplifying assumption of Assumption 1 that the conditional distributions
qwt

(x | x<i) follow an i.i.d. distribution for any i ∈ {1, . . . , k}, and similarly for pv(x | x<i).
Recall that in Algorithm 1, the draft model wt generates the draft sequence from the distribution
{qwt(x | x<i)}ki=1, and the target model v verifies them using the distribution {pv(x | x<i)}ki=1,
where x denotes the context sequence. At time step t, according to the rejection sampling criterion as
in Algorithm 1 (accept the token only when rj ≤ pv(xj |x<j)

qwt (xj |x<j)
), the expected acceptance rate of the

draft model is given by:

Acct ≜ Ex∼qwt (·|x)

[
min

{
1,
pv(x | x)
qwt

(x | x)

}]
=
∑
x

min {pv(x | x), qwt
(x | x)}

= 1− 1

2

∑
x

|pv(x | x)− qwt
(x | x)| = 1− TV

(
pv(· | x), qwt

(· | x)
)
,

where the third equality follows from the identity min(a, b) = 1
2 (a+ b− |a− b|) and the assumption

that both pv(· | x) and qwt(· | x) are probability distributions summing to one. Here, TV(·, ·) :
D × D 7→ R denotes the total variation distance. Additionally, since we choose the cross-entropy
loss, i.e.,

ft(wt) ≜ −Ex∼pv(·|x) [log qwt
(x | x)] ,

and compare with optimal draft model w⋆
t that perfectly matches the target distribution, i.e., qw⋆

t
(· |

x) = pv(· | x), we have

ft(wt)− ft(w⋆
t ) = Ex∼pv(·|x) log

pv(x | x)
qwt

(x | x)
= KL

(
pv(· | x) ∥ qwt

(· | x)
)
. (4)

Following Leviathan et al. (2023), the expected number of accepted tokens at step t is:

E[nt] =
1−Acck+1

t

1−Acct
.

To derive a lower bound, we use the following inequality: for any a ∈ (0, 1) and k > 0, ak+1 ≤
1

(k+1)(− ln a) . Applying this inequality with a = Acct, we obtain

E[nt] ≥
(
1− 1

(k + 1)(− lnAcct)

)
1

1−Acct
= Ω̃

(
1− 1

k + 1

)
1

TVt
,

where TVt ≜ TV(pv(· | x), qwt
(· | x)). Furthermore, Pinsker’s inequality gives

TV (pv(· | x), qwt(· | x)) ≤
√

1

2
KL (pv(· | x) ∥ qwt(· | x)).
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By the Cauchy-Schwarz inequality, we have
∑T

t=1
1
at
≥ T 2∑T

t=1 at
. Applying this with at =

√
KLt /2

yields
T∑

t=1

1

TVt
≥

T∑
t=1

1√
KLt /2

≥ T 2∑T
t=1

√
KLt /2

, (5)

where KLt ≜ KL(pv(· | x) ∥ qwt(· | x)). Furthermore, by another application of the Cauchy-
Schwarz inequality, we have

T∑
t=1

√
KLt ≤

√√√√T

T∑
t=1

KLt =
√
T ·RegT , (6)

where the last equality follows from Eq. (4) and the definition of dynamic regret in Eq. (2). Combining
Eq. (5) and Eq. (6),

E[|x̂|] ≥ Ω̃

((
1− 1

1 + k

)
T 3/2√
RegT

+ T

)
.

Here, Ω̃(·) hides the logarithmic factor. On the other hand, the generation-refinement framework
generates at most k tokens at each step t, and thus E[|x̂|] ≤ k · T , which completes the proof.

D.2 PROOF OF THEOREM 1

Proof. By definition, the acceleration rate γ is the speedup ratio of generation-refinement frameworks
compared to standard autoregressive decoding. Without acceleration, generating E[|x̂|] tokens
requires A · E[|x̂|]. With the generation-refinement framework, each of the T steps involves: (i)
drafting k candidate tokens with the draft model, incurring cost a · k, and (ii) parallel verification by
the target model, incurring cost A. Thus, the total cost is (a · k +A) · T , yielding

γ =
A · E[|x̂|]

a · k · T +A · T
=

E[|x̂|]
T (αk + 1)

, (7)

where α = a/A denotes the inference time ratio.

Upper bound. By Lemma 1, we have E[|x̂|] ≤ k · T . Substituting into (7) gives

γ ≤ k · T
T (αk + 1)

=
k

αk + 1
≤ k. (8)

Lower bound. By Lemma 1, we also have

E[|x̂|] ≥ Ω̃

((
1− 1

k + 1

)
T 3/2√
RegT

+ T

)
.

Substituting into (7) yields

γ ≥ Ω̃

(
(1− 1/(k + 1)) · T 3/2/

√
RegT + T

T (αk + 1)

)

= Ω̃

(
1− 1/(k + 1)

(αk + 1) ·
√
RegT /T

+
1

αk + 1

)
.

Since α≪ 1, the term 1
αk+1 is bounded below by a constant. The dominant contribution to the lower

bound is thus

γ ≥ Ω̃

(
1− 1/k

(αk + 1) ·
√
RegT /T

)
. (9)

Therefore, combining (8) and (9), the acceleration rate satisfies

Ω̃

(
1− 1/k

(αk + 1) ·
√
RegT /T

)
≤ γ ≤ k

αk + 1
,

This completes the proof.
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Remark 3 (Special Cases of Theorem 1). Two special cases of Theorem 1 are of interest. (i) When
RegT = 0, meaning all draft tokens are accepted, the acceleration rate achieves its maximum γ ≈ k.
(ii) In contrast, when RegT = T , i.e., all tokens are rejected, then the lower bound reduces to Ω̃(1),
indicating that no significant speedup is guaranteed.
Remark 4 (Importance of Exploiting Interactive Feedback). If interactive feedback is not employed
in the generation-refinement framework, which will cause RegT /T to be a constant throughout the
inference process, then the acceleration rate γ converges to a constant. In contrast, if interactive
feedback is exploited and RegT /T is optimized to be sublinear, acceleration rate γ will increase
during the deployment, highlighting the necessity of leveraging interactive feedback to continuously
evolve the draft model.

D.3 PROOF OF COROLLARY 1

Proof. We prove the dynamic regret bound for OGD and then derive the corresponding acceleration
rate.

Step 1: Dynamic regret bound. We apply Theorem 1 in (Zhao et al., 2024). For OGD with a
constant learning rate η, the per-round regret satisfies

ft(wt)− ft(w⋆
t ) ≤

1

2η

(
∥w⋆

t −wt∥22 − ∥w⋆
t −wt+1∥22

)
+
η

2
∥∇ft(wt)∥22.

Summing over t = 1, . . . , T , we obtain

RegT =

T∑
t=1

(ft(wt)− ft(w⋆
t )) ≤

T∑
t=1

1

2η

(
∥w⋆

t −wt∥22 − ∥w⋆
t −wt+1∥22

)
+

T∑
t=1

η

2
∥∇ft(wt)∥22.

(10)

We now bound the first term on the right-hand side. By rearranging and adding intermediate terms,
we have

T∑
t=1

(
∥w⋆

t −wt∥22 − ∥w⋆
t −wt+1∥22

)
=∥w⋆

1 −w1∥22 − ∥w⋆
T −wT+1∥22 +

T∑
t=2

(
∥w⋆

t −wt∥22 − ∥w⋆
t−1 −wt∥22

)
.

The first two terms are bounded by the diameter of the constraint set. For the summation term, we
use the identity ∥a∥2 − ∥b∥2 = ⟨a− b, a+ b⟩ to obtain

∥w⋆
t −wt∥22 − ∥w⋆

t−1 −wt∥22 = ⟨w⋆
t −w⋆

t−1,w
⋆
t +w⋆

t−1 − 2wt⟩
≤ ∥w⋆

t −w⋆
t−1∥2 · ∥w⋆

t +w⋆
t−1 − 2wt∥2

≤ 2D∥w⋆
t −w⋆

t−1∥2,

where D denotes the diameter of the constraint setW . Summing over t = 2, . . . , T , we get

T∑
t=2

(
∥w⋆

t −wt∥22 − ∥w⋆
t−1 −wt∥22

)
≤ 2D

T∑
t=2

∥w⋆
t −w⋆

t−1∥2 = 2DPT ,

where PT =
∑T

t=1 ∥w⋆
t+1 −w⋆

t ∥2 is the path length of the comparator sequence.

Under Assumption 2, ∥∇ft(wt)∥2 ≤ G for all t, substituting this into (10) yields

RegT ≤
D2

η
+
DPT

η
+
ηG2T

2
.

Setting η = O(1/
√
T ), specifically η = D

G
√
T

, we obtain

RegT ≤ DG
√
T +DG

√
T · PT +

DG
√
T

2
= O

(√
T (1 + PT )

)
.
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Step 2: Acceleration rate. By Theorem 1, the acceleration rate satisfies

γ ≥ Ω̃

(
1− 1/k

(αk + 1) ·
√
RegT /T

)
.

Substituting the regret bound RegT = O(
√
T (1 + PT )) into the above expression, we have√

RegT

T
= O

(√
1 + PT

T 1/4

)
.

Therefore, the acceleration rate satisfies

γ ≥ Ω̃

(
(1− 1/k) · T 1/4

(αk + 1)
√
1 + PT

)
,

which completes the proof.

D.4 PROOF OF COROLLARY 2

Proof. We prove the regret bound for optimistic online learning and the acceleration rate as follows.

Step 1: Dynamic regret bound. Recall that the two-step update in optimistic online learning in
Eq. (3) is given by

wt = ΠW [ŵt − ηht] ; ŵt+1 = ΠW [ŵt − η∇ft(wt)] ,

where ΠW [·] denotes the projection onto the domain W , ht is the hint (optimistic gradient), and
∇ft(wt) is the true gradient. We consider the regularizer ψ(w) = 1

2∥w∥
2
2, which is 1-strongly

convex with respect to ∥ · ∥2.

We again apply Theorem 1 in (Zhao et al., 2024). Summing over t = 1, . . . , T , we have

RegT =

T∑
t=1

(ft(wt)− ft(w⋆
t )) ≤ ηδT +

T∑
t=1

1

2η

(
∥w⋆

t − ŵt∥22 − ∥w⋆
t − ŵt+1∥22

)
. (11)

Following the same telescoping argument as in the proof of Corollary 1, we have

T∑
t=1

(
∥w⋆

t − ŵt∥22 − ∥w⋆
t − ŵt+1∥22

)
=∥w⋆

1 − ŵ1∥22 − ∥w⋆
T − ŵT+1∥22 +

T∑
t=2

(
∥w⋆

t − ŵt∥22 − ∥w⋆
t−1 − ŵt∥22

)
.

Under Assumption 1, the first two terms are bounded by the diameter D of the constraint set. For the
summation term, using the identity ∥a∥2−∥b∥2 = ⟨a− b, a+ b⟩ and the Cauchy-Schwarz inequality,
we obtain ∥w⋆

t − ŵt∥22−∥w⋆
t−1− ŵt∥22 ≤ 2D∥w⋆

t −w⋆
t−1∥2. Summing over t = 2, . . . , T , we get

T∑
t=2

(
∥w⋆

t − ŵt∥22 − ∥w⋆
t−1 − ŵt∥22

)
≤ 2DPT ,

where PT =
∑T

t=1 ∥w⋆
t+1 − w⋆

t ∥2 is the path length. Substituting into (11), we obtain RegT ≤
ηδT + D2+2DPT

2η . Setting the learning rate as η = D√
1+δT

, we obtain

RegT ≤ O
(√

1 + δT · (1 + PT )
)
.

Step 2: Acceleration rate. By Theorem 1, the acceleration rate satisfies

γ ≥ Ω̃

(
1− 1/k

(αk + 1) ·
√
RegT /T

)
.
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Substituting the regret bound RegT = O
(√

1 + δT · (1 + PT )
)

into the above expression, we have√
RegT

T
= O

(
(1 + δT )

1/4
√
1 + PT√

T

)
.

Therefore, the acceleration rate satisfies

γ ≥ Ω̃

(
(1− 1/k) ·

√
T

(αk + 1)(1 + δT )1/4
√
1 + PT

)
,

which completes the proof.

D.5 PROOF OF COROLLARY 3

Proof. We prove the dynamic regret bound for the online ensemble learning and derive the corre-
sponding acceleration rate.

Step 1: Dynamic regret bound. Following the online ensemble framework (Zhao et al., 2024), we
maintain N base learners with geometrically spaced learning rates:

ηi =
2i−1D

G

√
1

T
, i = 1, . . . , N,

where D denotes the diameter of the constraint setW , G is the gradient bound, and the number of
base learners is set to N =

⌈
1
2 log2(1 + T )

⌉
+ 1 = O(log T ). Each base learner wi

t is updated via
OGD with learning rate ηi:

wi
t+1 = ΠW

[
wi

t − ηi∇ft(wi
t)
]
.

The meta learner combines the outputs of base learners using the Hedge algorithm with probability
weights pit ∝ exp

(
−ε
∑t−1

s=1 fs(w
i
s)
)

, where ε > 0 is the step size. The final output is wt =∑N
i=1 p

i
t ·wi

t. Following Zhao et al. (2024), the geometric spacing of learning rates ensures that at
least one base learner achieves near-optimal performance for any path length PT . Specifically, there
exists an index i⋆ such that the base learner with learning rate ηi⋆ achieves

min
i∈[N ]

T∑
t=1

(
ft(w

i
t)− ft(w⋆

t )
)
≤ O

(√
T (1 + PT )

)
.

Further apply Theorem 1 in (Zhao et al., 2024), the overall dynamic regret of the online ensemble is

RegT ≤ O
(√

T (1 + PT ) +
√
T log log T

)
= O

(√
T (1 + PT )

)
.

Step 2: Acceleration rate. By Theorem 1, the acceleration rate satisfies

γ ≥ Ω̃

(
1− 1/k

(αk + 1) ·
√
RegT /T

)
.

Substituting the regret bound RegT = O(
√
T (1 + PT )) into the above expression, we have√

RegT

T
= O

(
(1 + PT )

1/4

T 1/4

)
.

Therefore, the acceleration rate satisfies

γ ≥ Ω̃

(
(1− 1/k) · T 1/4

(αk + 1)(1 + PT )1/4

)
,

which completes the proof.

E LIMITATION

Our experiments train initial draft models from scratch on offline data, rather than directly adopting
publicly released checkpoints. This design enables a controlled evaluation of whether online adapta-
tion can continuously improve draft quality under diverse user inputs starting from the same offline
dataset. Overall, we emphasize that our primary contribution lies in the OnlineSPEC framework:
establishing a formal connection between speculative decoding and online learning, and enabling
systematic algorithm design via the rich online learning toolkit, rather than benchmark-specific
performance gains.
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