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ABSTRACT
Speculative decoding enhances the inference efficiency of large
language models by employing a lightweight draft model to gen-
erate candidate tokens, which are then verified in parallel by the
target model. However, existing approaches typically use fixed
speculative configurations—such as the draft model and speculative
length—across similar requests, neglecting semantic and structural
differences. This limits acceleration potential and reduces adapt-
ability to diverse, dynamic real-world scenarios. To address this,
we propose a reinforcement learning-based method called Request-
Adaptive Configuration selection (RAC). By formulating speculative
configuration selection as a Markov decision process, RAC dynam-
ically determines the optimal draft model and speculative length
for each incoming request. It integrates static request features with
historical execution feedback to enable fine-grained, request-level
inference optimization. Experiments on various text generation
benchmarks demonstrate that RAC achieves maximum speedups
of 2.02× and 1.37× over autoregressive decoding and vanilla spec-
ulative decoding, respectively.
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1 INTRODUCTION
In recent years, large language models (LLMs) such as GPT-4 [1],
LLaMA [17], and Claude [2] have achieved impressive performance
across a wide range of applications. However, as model sizes and
parameter counts continue to grow, inference faces increasing chal-
lenges, including high latency and low throughput. To address this,
speculative decoding (SD) [14] has emerged as an effective solution.
SD employs a lightweight draft model to rapidly generate multiple
candidate tokens, which are then verified in parallel by the tar-
get model. This approach reduces inference latency and improves
computational efficiency.

However, most existing SDmethods [8, 15, 20] adopt fixed config-
urations—such as predefined draft models and speculative lengths
regardless of request variability. In real-world applications, different
requests often require different optimal configurations, highlighting
the need for more adaptive inference strategies. Several adaptive SD
approaches have been proposed, including SpecDec++ [12], MetaSD
[13], and SWIFT [18]. While these methods introduce a degree of
adaptability, their mechanisms are inherently static, relying solely
on features of the current request and neglecting the temporal cor-
relation across user requests. In practice, user requests often exhibit
historical dependencies, and leveraging execution feedback from
past interactions can significantly enhance SD efficiency.

Motivated by this, we propose a dynamic request-adaptive con-
figuration selection method (RAC) based on reinforcement learning
(RL) [3]. RAC jointly considers the characteristics of the current
request and historical execution feedback to enable fine-grained,
request-level control over speculative configurations, including
draft model and speculative length. We evaluate RAC on diverse
text generation benchmarks, where it consistently outperforms
existing baselines in inference speedup.

2 METHODOLOGY
We formulate the adaptive speculative configuration problem as a
Markov decision process (MDP), as selecting the optimal configura-
tion for each request in SD is a dynamic, state-dependent process
with temporal feedback. The MDP framework offers a structured
approach by defining states, actions, and rewards, and optimizing
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Table 1: Experimental results on the HumanEval, GSM8K, and Hybrid datasets with Vicuna series models. The best and
second-best results are marked in bold and underlined, respectively. The symbol “-” denote that the methods do not support
current model configuration.

Model Method HumanEval GSM8K Hybrid Avg.
Token/s Speedup Token/s Speedup Token/s Speedup

Vicuna Series

Autoregressive 29.369 1.000× 29.938 1.000× 29.522 1.000× 1.000×
Speculative Decoding 45.287 1.542× 42.977 1.435× 40.274 1.364× 1.432×
Lookahead Decoding 40.487 1.378× 45.527 1.521× 36.991 1.252× 1.384×

PLD 42.058 1.432× 44.036 1.470× 40.676 1.377× 1.426×
SAM-Decoding 46.382 1.579× 46.612 1.556× 43.721 1.481× 1.539×

Assisted Generation 45.205 1.539× 45.843 1.531× 37.972 1.286× 1.452×
SWIFT 30.648 1.044× 25.874 0.864× 23.392 0.792× 0.9×

RAC (ours) 59.343 2.021× 54.472 1.819× 50.030 1.695× 1.845×

a policy to maximize long-term performance. Our method is built
on the following key components.

State. The state 𝑠𝑡 at 𝑡-th step consists of the current request
feature 𝑓𝑡 and historical feedback ℎ𝑡 :

𝑠𝑡 = [𝑓𝑡 , ℎ𝑡 ], (1)

where the current request feature 𝑓𝑡 = [𝑒𝑡 , 𝑦𝑡 , 𝑙𝑡 , 𝑝𝑡 ] includes the
semantic embedding 𝑒𝑡 , task type 𝑦𝑡 , input length 𝑙𝑡 , and perplexity
𝑝𝑡 under different draft models. These features reflect the complex-
ity of the current request. The historical feedback ℎ𝑡 summarizes
the configurations and performance statistics of the past 𝑘 requests.

Action. In each decision step, the agent must select the optimal
configuration for the current request, i.e., the draft model and the
speculative length. Each action 𝑎𝑡 in the action space A is defined
as a combination of two components:

𝑎𝑡 =
[
𝑀

𝑞

𝑡 ,𝑤𝑡 | 𝑀𝑞

𝑡 ∈ M𝑞,𝑤𝑡 ∈ W
]
, (2)

whereM𝑞 represents the set of draft models andW represents the
set of speculative lengths.

Reward. The reward function plays a critical role in RL, as it
directly influences both the convergence behavior and the final
performance of the learned policy. In our setting, the primary ob-
jective is to improve inference speed. To this end, we define the
reward as the normalized token generation speed relative to the
autoregressive (AR) decoding. For each request, the reward under
a given speculative configuration is computed as:

𝑟 =
𝑆RAC
𝑆AR

, (3)

where 𝑆RAC denotes the token generation speed under RAC and
𝑆AR denotes the average speed achieved by AR.

To model the complex relationship between request character-
istics and optimal configurations, RAC employs a diffusion-based
policy integrated with a soft actor-critic (SAC) [10] framework.
This design enables stable learning and expressive policy modeling.

3 EXPERIMENTS
We evaluate RAC on diverse benchmarks [4, 6, 7, 19], and compare
it against representative baselines such as Speculative Decoding
[5, 14], Lookahead Decoding [8], PLD [16], SAM-Decoding [11],
Assisted Generation [9], and SWIFT [18].

The main results are shown in Table 1, we evaluate diverse
datasets using Vicuna-33B-v1.3 as target model. For adaptive draft
model selection, RAC utilizes a model pool consisting of Vicuna-
160M and Vicuna-68M for evaluation. For speculative length selec-
tion, RAC adaptively chooses from candidate lengths ranging from
3 to 10. In Vicuna-based evaluation, RAC consistently outperforms
Speculative Decoding, Lookahead, PLD, SAM-Decoding, Assisted
Generation, and SWIFT across all datasets, achieving speedups of
2.021×, 1.819×, and 1.695×, respectively. These results highlight
the limitations of fixed speculative configurations and demonstrate
the effectiveness of our adaptive approach.

4 CONCLUSIONS
In this paper, we proposed an RL-based request adaptive specu-
lative configuration method RAC. The algorithm used the static
characteristics of the request and historical execution feedback to
dynamically adjust the speculation configuration, thereby improv-
ing the inference efficiency of LLM. RAC could also select draft
models and adjust the speculative length. It can achieve refined
optimization at the requested granularity and effectively overcome
the performance bottleneck brought by fixed configuration. Many
experimental results showed that RAC significantly outperforms
existing baseline methods in multiple text generation benchmark
tasks, showing good versatility and performance advantages.
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