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ABSTRACT

Speculative decoding accelerates large language model (LLM) inference by using
a small draft model to generate candidate tokens for a larger target model to
verify. The efficacy of this technique hinges on the trade-off between the time
spent on drafting candidates and verifying them. However, current state-of-the-
art methods rely on a static time allocation, while recent dynamic approaches
optimize for proxy metrics like acceptance length, often neglecting the true time
cost and treating the drafting and verification phases in isolation. To address these
limitations, we introduce Learning to Draft (LTD), a novel method that directly
optimizes for throughput of each draft-and-verify cycle. We formulate the problem
as a reinforcement learning environment and train two co-adaptive policies to
dynamically coordinate the draft and verification phases. This encourages the
policies to adapt to each other and explicitly maximize decoding efficiency. We
conducted extensive evaluations on five diverse LLMs and four distinct tasks.
Our results show that LTD achieves speedup ratios ranging from 2.24 x to 4.32x,
outperforming the state-of-the-art method Eagle3 up to 36.4%.

1 INTRODUCTION

Modern large language models (LLMs) are increasingly employed to perform deliberate, multi-step
reasoning to solve complex tasks, a paradigm that extends their performance capabilities at inference
time (Guo et al., [2025; [Team, 2025b; |Agarwal et al., 2025)). However, the complexity of these
reasoning processes leads to significant latency, which has prompted a growing research focus on
accelerating inference while preserving high-quality output (Sui et al.,[2025). Among these efforts,
speculative decoding stands out as a highly effective solution, using a smaller, faster draft model to
generate token sequences that are then verified in parallel by the larger target model. This approach
ensures both accelerated inference and a preserved output distribution (Leviathan et al., [2023]).

The quality and structure of the draft token sequences (‘““drafts” for short) are crucial to the overall
performance of speculative decoding. Early methods primarily employ simple chain-structured
drafts (Chen et al.,[2023;; |Leviathan et al.| [2023). In contrast, recent studies have demonstrated that
tree-structured drafts can significantly increase the number of accepted tokens (acceptance length) per
draft—and-verify cycle (Miao et al.|[2023} L1 et al.;, 2024} |Cai et al.| [2024). State-of-the-art methods,
such as Eagle3 (Li et al.l 2025a)), employs a static, one-size-fits-all strategy, configured through
manual tuning, to define the size of the draft trees. While some works have attempted to dynamically
adjust the size of the draft tree (Brown et al., 2024; Zhang et al.| 2024c; Huo et al., 2025; Huang
et al.,2025a), their approaches typically rely on simple heuristics or train models to optimize for the
metric of acceptance length—the average number of tokens guessed correctly per verification step.
However, maximizing acceptance length does not necessarily lead to faster overall generation speed,
as it completely ignores the critical time cost of the drafting and verification processes themselves.
The true objective should be maximizing the model’s throughput. Otherwise, the pursuit of a longer

* Contribution during Jiebin’s internship at MSR Asia. Sujian Li is the corresponding author.


https://github.com/zhzihao/Learning-to-Draft

Published as a conference paper at ICLR 2026

Draft Time Verification Time I\
[ [

(t@0) ) (Gs6) ] (a0:36)) (has(0:2)) (the(o.18)
+

O

Reorganize

( Tree Mask )

Target Model

Verification Size=5
Draft Model

Generate Draft Tree

(ls08)) (a036)) (new ) (Thas ) (e )

Acceptance Length=3
[ Reward=3/(Draft Time + Verify Time)

Continue or Stop

Select Candidate Tokens

e
IS
=
T
©
ot
(©)
=)
c
<
2
g

Depth Policy Size Policy )

—(
K I I Update Policy Using Throughput Reward /

Figure 1: The overview of LTD method. We formulate the interaction between draft model and
target model as an RL environment. We employ two policies to dynamically manage the allocation
between draft generation and target verification by controlling the draft tree’s depth and verification
size. These policies are optimized together using the reward signal based on the throughput of each
draft-and-verify cycle.

acceptance length can result in a large draft tree whose generation and verification consume more time
than is saved, ultimately slowing down the process. At the same time, one key limitation identified in
existing methods is the isolated optimization of drafting and verifying draft trees.

In this paper, we argue that drafting and verification are interdependent and should be co-optimized.
A truly optimal strategy must be both time-aware and adaptive to the interplay between the two
stages. For example, in a simple text generation scenario, if only the drafting stage is optimized
while the verification stage remains fixed, a suboptimal outcome occurs. Even if the draft model can
easily generate a long and correct sequence, it is forced to truncate its output to accommodate the
limited verification cost. This leads to a waste of drafting capacity, preventing it from reaching its full
potential for speedup. In an ideal joint optimization, the draft stage would produce a longer and more
complete sequence, aware that the verification stage will dynamically adjust its resources. In turn,
informed of the long drafts, the verification stage would allocate sufficient computational capacity to
validate these tokens efficiently.

Based the idea above, we propose LTD (learning to draft), a novel method that synergistically
optimizes both phases by using throughput as the direct optimization objective. Specifically, we
formulate the interaction between the draft and target models as a reinforcement learning (RL)
environment. As shown in Figure[I] we train two distinct, co-adaptive policies: a depth policy to
control draft cost by determining the draft tree’s depth, and a size policy that manages verification cost
by selecting the optimal number of candidate tokens for the target model. Crucially, these policies are
trained using the throughput of each draft-and-verify cycle as a direct reward signal. Furthermore, we
train these two policies iteratively, which allows them to co-adapt to each other’s evolving strategies.
These enable them to learn how to adaptively manage the trade-off between acceptance length and
time cost, and dynamically coordinate the two phases to maximize inference efficiency.

We build our method upon the state-of-the-art Eagle3 framework, training our policies to replace
its static heuristics with a dynamic, context-aware decision-making process. As demonstrated
through extensive evaluations under five distinct LLMs across four benchmarks, our method achieves
significant performance gains. During greedy decoding, our method yields substantial throughput
improvements over the highly optimized Eagle3 baseline: 36.4% on Qwen3-32B, 9.5% on Deepseek-
Distilled-Llama-8B, 6.5% on Llama-3-8B, 5% on Vicuna-1.3-13B, and 4% on Qwen3-14B. Notably,
our approach demonstrates robustness in high-temperature scenarios, delivering an approximate 5%
throughput gain where most other dynamic speculative methods become ineffective. Our contributions
can be summarized as follows:
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* Direct throughput optimization: We propose a time-aware optimization approach by formulating
the speculative decoding process as an RL environment. By maximizing throughput of each draft-
and-verify cycle as a direct reward, our method learns to manage the trade-off between acceptance
length and time cost.

* Co-adaptive policy framework: Instead of treating the drafting and verification phases as indepen-
dent problems, we propose a jointly trained, co-adaptive policy framework where two policies learn
to dynamically coordinate to each phase.

* SOTA performance and robustness: Our method achieves significant performance gains (up to
36.4%) over strong Eagle3 baseline in greedy decoding. Compared to prior work, it maintains its
effectiveness in high-temperature sampling scenarios.

2 RELATED WORK

2.1 SPECULATIVE DECODING

Vanilla Speculative Decoding uses a chain-like structure to generate token candidate tokens (Stern
et al., 2018} Chen et al., 2023} Leviathan et al.,|2023)). Moving beyond these initial chain-structured
approaches, Speclnfer (Miao et al.}[2023) introduced a tree-based drafting architecture. By incorporat-
ing a tree attention mechanism, this method facilitates the parallel verification of multiple candidate
sequences, establishing a highly efficient paradigm that has since been widely adopted (Cai et al.,
2024; [Li et al.,|2024). Subsequent research has predominantly focused on refining the draft model
through several key strategies, such as leveraging knowledge distillation (Liu et al., 2023} |[Zhou
et al.,[2023)), utilizing more effective features for draft token prediction (Cai et al., 2024; Li et al.|
2025a; |/Ankner et al., 2024} Zhang et al.,[2024a} |Li et al., 2025b; Du et al.| 2024), and employing
self-speculation, wherein components of the target model are repurposed for drafting (Zhang et al.,
2023} |[Elhoushi et al., |2024; [Hooper et al., [2025)).

2.2 ADAPTIVE ADJUSTMENTS FOR SPECULATIVE DECODING

While tree-based verification significantly enhances throughput, most methods adopt a static schedule
for each draft-and-verify cycle (Cai et al., 2024 L1 et al.| 2025a), failing to dynamically adapt to the
varying complexities of input contexts. Recognizing this limitation, recent efforts have increasingly
focused on dynamic methods that adapt the speculative strategy based on the generation context.
These works can be broadly categorized into two main streams: dynamically adjusting the draft time
by controlling generation length or draft depth (Brown et al.l 2024; Mamou et al.| 2024; Zhang et al.}
2024c:b; |Huang et al.l 20254} |Gautam et al., 2025)), or dynamically adjusting the verification time by
selecting candidate tokens for target models (Zhong et al., 2024} Wang et al.| |2025; |Huo et al.l [2025)).
These approaches typically leverage contextual information such as token probabilities (Brown et al.|
2024), entropy (Mamou et al., [2024), or hidden states (Zhang et al., [2024bj; |Huang et al., 2024) to
adjust speculative decoding with the goal of maximizing the expected acceptance length. Further
research explored other dimensions for optimization. Some methods focus on adjusting the width
of the draft tree (Qin et al., 2025} Xiong et al., [2025). Other works explore dynamic methods for
Self-Speculative Decoding (Zarch et al.,[2025). Research has also targeted the improvement of overall
Service Level Objectives (Huang et al.l 2025b)) or the optimization of parallel execution between the
drafting and verification stages (Liu et al., 2025)).

3 MODEL OVERVIEW

3.1 PRELIMINARY STUDY: TIME COST AND ACCEPTANCE LENGTH

We conducted preliminary experiments on the Llama and Vicuna models to validate our idea: that
dynamic adjustment of the key parameters (draft depth and verification size) is necessary in draft-
and-verify inference to achieve optimal acceleration by maximizing throughput. Here, the throughput
for each draft-and-verify cycle (\.) is defined as the number of accepted tokens (L 4) divided by the
total wall-clock time of the draft-and-verify cycle (Zio):

>\c = LA/Ttotal (1)
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Figure 2: Analysis of Draft Time and Verification Time. Left: The average draft and verification
latency of Vicuna-13B as a function of draft depth D and verification size V on benchmarks. Right:
The composition of the total inference time for Eagle3 and LTD on the benchmarks, with Eagle3’s
total time normalized to 100% as baselines.

Tiotal can be decomposed into the draft time, Ty, and the verification time, Tyerify:

Tiotat = Trase + Tverify (2)

The draft time Ty, is primarily determined by the draft depth (D), which refers to the number of
forward passes performed sequentially by the draft model (i.e., the steps of generating candidate
tokens). A larger D leads to more candidate tokens being generated, but it also results in a linear
increase in the required time, as illustrated by the red bars in Figure [2| (Left). Conversely, the
verification time is mainly governed by the verification size (V'), which is the total number of
candidate tokens processed in one forward pass of the large target model. Due to the model’s
computational cost and the long input sequence, the verification time exhibits a step-wise increase
as V' grows, as shown by the blue bars in Figure 2 (Left). V' can be substantial (e.g., up to 1000
tokens when D = 10), making it a critical factor for verification time. With our LTD strategy, the
verification time can be significantly reduced, as shown Figure 2] (Right).

Besides time latency, Figure [5]also indicates that draft depth and verification size critically affect the
average acceptance length, given a fixed draft model and target model (see Appendix). Increasing both
draft depth (D) and verification size (V') can generate more candidate tokens, which has the potential
to raise acceptance length per cycle (L 4, the numerator in the throughput equation). However,
increasing D and V inevitably leads to a rise in both draft time and verification time (i.e., an increase
in the denominator, Tio). Therefore, our goal is not to blindly maximize D and V/, but rather to find
an optimal balance that maximizes the overall throughput, defined as A\, = L4 /T otal-

3.2 DRAFT-AND-VERIFY CYCLE

Our work builds upon the state-of-the-art tree-based approach, namely Eagle3 (Li et al.,|2025a). In
this section, we formally define the mechanics of a single draft-and-verify cycle and the role of our
policies in guiding this process. As shown in Figure[I] the draft-and-verify cycle can be divided into
three parts: Draft Tree Generation, Candidate Token Selection and Draft Tree Verification.

Draft Tree Generation The drafting process begins after the target model has output the token
following the last accepted one; this token serves as the root for a new draft tree. The tree is
constructed through an iterative, beam-search-like expansion process governed by two key hyper-
parameters: the beam width, W, and the draft depth, D. The construction process commences
with an initial expansion from the root token. In this first step, the draft model performs a forward
pass to generate a probability distribution over the subsequent tokens, and the top-1 most probable
candidate tokens are selected to form the first level of leaf nodes in the tree. Following this, the tree
undergoes iterative growth for D — 2 subsequent rounds. In each round, the draft model takes the W
leaf nodes from the previous level as inputs. For each of these W nodes, it generates W new child
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candidates, creating a combined pool of W2 new nodes. A beam selection is then performed on this
pool, where the top-W candidates with the highest predicted cumulative path probabilities are chosen
to become the new leaves of the tree, poised for the next round of expansion. The draft depth for
Eagle3 is set default to 8, while in LTD our depth policy will decide whether to continue or stop after
each draft model’s forward pass. Once the depth policy decide to stop the expansion, the whole draft
tree will pass to the size policy for candidate token selection.

Candidate Token Selection With a draft depth of D, the final draft tree contains a total of
Vi =1+ W + (D — 2) - W2 candidate tokens, each with an associated predicted probability. Once
the draft tree is generated, a subset of V' candidate tokens with the highest overall probabilities is
selected for verification. While Eagle3 employs a fixed verification size V', LTD utilizes a size policy
to dynamically determine this value based on the properties of the generated draft tree. These V'
selected tokens are then flattened into a single sequence, along with a corresponding tree attention
mask, is passed to the target model.

Draft Tree Verification The target model performs a single forward pass to validate these V'
tokens in parallel. It accepts the sequence of tokens up to the first point of mismatch between its
own prediction and the candidate tokens. At the position of this first error, target model discards
the remainder of the candidate tokens, computes the correct token, and appends it to the sequence
of accepted tokens. This newly confirmed token then becomes the root of draft tree for the next
draft-and-verify cycle. Finally, the number of accepted tokens L 4 in a cycle (termed acceptance
length) is divided by the sum of draft time and verification time to calculate the throughput for this
cycle. This throughput is used as the reward signal to optimize our depth policy and size policy.

4 METHOD

We frame the interaction between draft and target models within a Reinforcement Learning (RL)
framework, employing two co-adaptive policies to navigate the inherent trade-off between acceptance
length and latency: a depth policy, 7p, which determines the draft depth, and a size policy, 7y,
which determines the verification size. The action space for the depth policy is binary, A, = {0,1},
determining whether to continue drafting after each forward pass, while the action space for the
size policy, A, € [20,240], is a discrete range of verification sizes. To inform their decisions, the
policies observe a state vector s; € S at each time step ¢, defined as

St:[D;LaPI;“‘;PVnu] 3)

where D is the current draft depth, L is the context length, and Pi,..., Py, are the predicted
probabilities for all tokens in the draft tree. This state representation is designed to be highly
informative, as token probabilities are strong predictors of acceptance length (Li et al.,|2025a), while
draft depth and sequence length are the important determinants of latency (Figure[2). To optimize
decision latency, the size policy my observes the entire state, whereas the depth policy 7p utilizes
a minimal subset: the probability of tokens at the last layer of the draft tree, along with D and
L. Both policies are implemented as lightweight Multi-Layer Perceptrons (MLPs) to ensure the
decision-making process introduces negligible computational overhead. More details about the two
policies can be found in Appendix

These policies are jointly optimized using the Proximal Policy Optimization (PPO) algorithm (Schul{
man et al., 2017) to maximize a reward signal, R;, which represents the throughput for each cycle:

R, = LA/(Tdraft + Tverify) @
This reward function directly incentivizes the policies to master the complex trade-off between

generating more potentially correct tokens and the time cost incurred. We update the policy network
my through the following objective function:

J(0) = &, [mm (HA clip (<|> el ) A)] , 5)
T 001 (a’t|st) TO 014 (at |8t)

where 7, is the behavioral policy and A, is the advantage estimate (Schulman et al., 2017).
Following each optimization step, the old policy parameters are updated with the new (6,1q < 6),
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Figure 3: We report the training reward curves for the Size Policy and Depth Policy of the Vicuna-13B
model, as well as the evolution of the speedup ratio on the validation set.

and the process of data collection and optimization is repeated. To ensure stable convergence, we
employ a two-stage training procedure. The first stage involves training the initial depth and size
policies independently. In the second stage, we use these initial policies as a starting point for iterative
training, allowing them to co-adapt and converge on a coordinated strategy.

Initial Policy Training. We leverage the HumanEval dataset (Chen et al.,[2021) for training, as
its diverse and complex code snippets provide a rich environment for the policies to develop a wide
range of adaptive strategies. This initial phase involves training each policy independently while its
counterpart operates on a fixed, heuristic-based strategy. Specifically, the size policy, 7y, is trained
for 100k steps with draft depths randomly sampled from the range [1,12]. Conversely, the depth
policy, mp, is trained for 1M steps using a constant verification size of 60, mirroring the heuristic
used in the Eagle3 baseline. This initial training establishes robust, standalone policies that serve as a
stable foundation for the subsequent co-adaptation phase. We present the evolution of the reward for
the Vicuna-13B policies during training in Figure 3] alongside the speedup ratios observed on the
validation set. The checkpoint yielding the highest performance on the validation set was selected
as the basis for subsequent training. As illustrated in the figure, the number of training steps was
sufficient to ensure model convergence. The training curves of the other models exhibit patterns
similar to those of Vicuna-13B.

Iterative Optimizing for Policy Co-Adaptation. Although the policies are trained independently,
achieving optimal performance at inference hinges on their synergistic operation. To address this
co-adaptation challenge, we introduce an iterative optimization procedure. This process alternates
between refining each policy while holding the other fixed. First, we freeze the parameters of the size
policy () and optimize the depth policy (7p) with respect to the dynamic verification sizes 7y
proposes. Subsequently, the newly updated depth policy (7p) is frozen, and the size policy (7y) is
optimized based on the dynamic draft depths determined by 7. This alternating optimization cycle
allows the two policies to progressively co-adapt to each other’s evolving strategies. Empirically, we
found that only two rounds of this iterative process yield a highly synergistic strategy and substantial
performance gains.

5 EXPERIMENTS

5.1 SETUPS

Models We conduct experiments with state-of-the-art open source chat and reasoning models,
including Llama-3.1-8B-Instruct (Dubey et al.l [2024), Vicuna-13B-v1.3 (Chiang et al.| [2023)),
DeepSeek-R1-Distill-LLaMA 8B (DeepSeek-All [2025), Qwen3-14B (Team, 2025al) and Qwen3-
32B (Teaml [2025a). The Eagle3 models for the Qwen3 series are from AngelSlim (Contributors,
2025)), as the official implementation had not been released. For all other models, we used the official
public releases of Eagle3 (Li et al., 2025al).



Published as a conference paper at ICLR 2026

Tasks Following EAGLE (L1 et al) [2024) and Spec-Bench (Xia et al.| [2024), we evaluate on
four common tasks, using the same policy weights for all tasks. For multi-turn conversation,
mathematical reasoning, instruction following, and QA, we chose the MT-bench (Zheng et al.| [2023),
GSMSK (Cobbe et al.}[2021)), Alpaca (Taori et al.| 2023) and Natural Questions (Kwiatkowski et al.|
2019)) datasets, respectively.

Metrics Speculative decoding will not change the output distribution for target model. Therefore,we
do not evaluate the generation quality and instead use the following common used metrics (Li et al.,
2025a)) to assess acceleration performance:

* Speedup: The actual test speedup ratio relative to vanilla auto-regressive decoding.

* Average Acceptance Length 7: The average number of tokens generated per draft-and-
verify cycle on the benchmark dataset.

Implementation Details We implement the Proximal Policy Optimization (PPO) algorithm us-
ing the Stable-Baselines3 library (Raffin et al., 2021)) and train our policies on the HumanEval
dataset (Chen et al.,[2021). The size and depth policies are trained for 100k and 1M steps, respec-
tively. Further analysis regarding the choice of training steps can be found in the Appendix [C.1]
The PPO is configured with a rollout buffer of 2048 steps and a minibatch size of 256. Due to the
lightweight nature of the two policies, the RL training phase is highly efficient, detailed can be found
in Appendix A comprehensive list of all hyperparameters can be found in Appendix[A.3]

Comparison We use vanilla auto-regressive decoding as the baseline, which serves as the bench-
mark for speedup ratios (1.00x). We apply our methods to current SOTA Speculative Decoding method
Eagle3 and compare with recent representative dynamic depth methods, including DDD (Brown et al.|
2024), SVIP (Zhang et al., 2024c), Gammatune (Gautam et al., [2025), Disco (Mamou et al., [2024)
and SpecDec++ (Huang et al.|[2025a) and dynamic size methods C2T (Huo et al.|[2025). We set the
default parameters for dynamic depth methods with a verification size 60 and a maximum depth of
12, dynamic size methods with a depth of 8. For the Eagle3 baseline, we set the verification size to
60, 50 for 8B, 13B original LLMs respectively, with a draft depth of 8, and select 10 nodes during the
expansion phase as provided by the original implements (Li et al.}|2025a). We also employed Grid
Search(GS) to find the optimal hyper-parameters for Eagle3, as a strong baseline. More details can
be seen in Appendix [A.T]

5.2 EFFECTIVENESS

The performance of our method is detailed in Table [T] and Table [5} The experimental results
demonstrate that our proposed method consistently outperforms all competing approaches across the
evaluated models, datasets, and sampling temperatures. The stable speedup observed across diverse
configurations highlights the strong capability of our framework.

Our method accelerates inference by an average of 6.5% on Llama-3 and 5.1% on Vicuna compared
to the default Eagle3 configuration. In long thinking model like Deepseek-R1-Distll-LLaMA 8B, our
method can yield 10% accelerate, which is quite useful as the long generation time for these models.
For Qwen3 series, as no default parameters were provided, we report the results of grid search as our
baseline. Our method shows significantly greater improvement on the 32B model compared to the
14B model. This demonstrates the reliability of our method at larger scales. Notably, our method
maintains the highest average speedup at a temperature of 1.0 as shown in Table[5} despite being
trained exclusively at greedy decoding. In contrast, other dynamic methods that adjust draft depth or
verification size, while effective at greedy decoding, exhibit significant performance degradation at
the higher temperature. This highlights the strong robustness of our method.

Our method does not necessarily yield the longest acceptance length; its T is often shorter than
that of the Grid Search-optimized baseline. Nevertheless, it achieves the highest overall speedup.
This outcome reveals the core mechanism of our approach: the reinforcement learning framework
makes policies learn to optimize directly for decoding efficiency. It strategically forgoes candidate
tokens that, while potentially correct, would incur a disproportionately high time cost. By directly
optimizing for the reward signal of throughput, our method achieves a superior speedup ratio by
adaptively balancing acceptance length against time cost.
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Table 1: Speedup ratios and average acceptance lengths 7 of different methods during greedy
decoding. L31 8B represents Llama-3.1-8B-Instruct, V 3B represents Vicuna-13B-v1.3, Dpsk 8B
represents DeepSeek-R1-Distill-LLaMA 8B. For the Qwen3-14B and Qwen3-32B models, their
corresponding Eagle3 models lack default settings. Therefore, only the results from Grid Search are
presented. GT, Spec++, and Gs stand for Gammatune, SpecDec++, and Grid Search, respectively.
The results of Temperature=1 are presented in Table E}

MT-bench Gsm8k Alpaca Qa Mean
Model Method Speedup T Speedup T Speedup T Speedup T Speedup T
Temperature=0
Eagle3 3.70 6.39 3.58 6.44 4.26 6.93 3.17 5.35 3.68 6.28
Eagle3+DDD 3.67 5.41 3.55 5.48 3.97 5.58 3.07 421 3.57 5.17
Eagle3+Svip 3.65 6.21 3.47 6.21 4.04 6.73 3.12 4.78 3.57 5.98
Eagle3+GT 3.79 5.86 3.64 5.71 4.37 6.49 3.38 4.92 3.80 5.76
131 8B Eagle3+C2T 3.80 6.39 3.57 6.44 4.19 6.93 3.25 5.36 3.70 6.28
Eagle3+Disco 3.70 6.11 3.56 6.18 4.14 6.51 3.22 5.05 3.66 5.96
Eagle3+Spec++ 3.82 6.09 3.65 6.08 429 6.70 3.28 5.23 3.76 6.03
Eagle3+GS 3.83 6.75 3.78 6.91 4.38 7.42 3.33 5.67 3.83 6.69
Eagle3+LTD 3.96 6.74 3.79 6.73 4.53 7.31 341 5.44 3.92 6.56
Eagle3 4.48 7.22 4.36 6.58 4.16 6.47 343 5.12 4.11 6.35
Eagle3+DDD 4.15 6.69 4.25 6.22 3.98 5.50 322 4.34 3.90 5.69
Eagle3+Svip 4.02 7.74 3.86 6.79 3.77 6.53 3.02 4.96 3.67 6.51
Eagle3+GT 4.15 6.85 4.07 6.00 3.94 6.09 3.35 4.81 3.88 5.94
VI3B Eagle3+C2T 433 7.22 3.97 6.58 3.93 6.47 3.23 5.12 3.87 6.35
Eagle3+Disco 4.48 7.08 4.13 6.49 4.02 6.29 3.31 5.05 3.99 6.23
Eagle3+Spec++ 4.25 6.78 4.09 6.16 4.00 6.27 321 5.03 3.89 6.06
Eagle3+GS 453 7.99 447 7.27 4.38 7.16 3.51 5.48 422 6.98
Eagle3+LTD 4.64 8.24 4.59 7.38 4.40 7.01 3.66 5.37 4.32 7.00
Eagle3 3.67 5.82 4.73 7.39 3.65 5.63 3.14 5.02 3.80 5.53
Dpsk 8B Eagle3+GS 3.69 6.42 4.83 8.37 3.54 6.24 3.20 5.55 3.82 6.08
Eagle3+LTD 4.05 6.32 4.98 8.53 3.98 6.00 3.62 5.37 4.16 6.08
Owen3 14B Eagle3+GS 2.34 3.40 2.75 3.95 2.15 2.90 1.86 2.65 2.28 3.23
Eagle3+LTD 2.44 3.34 2.82 3.92 2.24 2.87 1.98 2.62 2.37 3.19
Owen3 32B Eagle3+GS 1.76 3.30 2.26 4.10 1.75 2.96 1.45 2.67 1.81 3.26
Eagle3+LTD 242 3.17 3.02 3.90 2.38 2.85 2.06 2.60 247 3.13

To better verify generalization, we evaluated our method on MMLU, which consists of 57 subtasks
across diverse domains (results detailed in Appendix [B] and Figure[7). Our method outperforms
Eagle3 on 54 out of 57 subtasks, achieving an average speedup improvement of 5%. The top-10
performing categories vary widely, including not only Math, Logic, but also Human Aging, and
Government Politics. These results strongly support the cross-domain generalization of our approach.

5.3 DRAFT TIME AND VERIFICATION TIME

To provide a granular analysis of our performance gains, we present the relative composition of the
total inference time, breaking it down into its draft and verification components in Figure 2] Right.
It reveals that our method’s speedup stems from improvements in both drafting and verification.
Universally, draft time is reduced due to our dynamic depth policy, which curtails speculation in
low-confidence scenarios to save computation. Notably, our method can also reduce the verification
time, implying a lower token verification load. Paradoxically, this lower overhead corresponds to
a higher average acceptance length for Llama,Vicuna and Dpsk models as shown in Table[I]} This
outcome highlights that our method’s strength lies not just in reducing the size of draft trees, but in
strategically allocating candidate tokens to contexts where they are most likely to be accepted, which
validate the efficacy of our approach. For the Qwen series models, while our method exhibits a lower
acceptance length compared to the baselines, it significantly reduces verification time, especially for
the Qwen3-32B model, thereby achieving a substantially higher speedup ratio.

6 ABLATION STUDY

In this section, we aim to validate the effectiveness of LTD method through a series of analyses.
We begin in Section [6.1] demonstrate the effectiveness of the iterative optimizing process. Then we
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Figure 4: Left: The effectiveness of our iterative training strategy on Llama3-8B and Dpsk-8B models.
Right: The contribution of each component on Vicuna-13B model.

conduct an ablation study that isolates the contributions of the depth and size policies in Section[6.2]
To justify our reinforcement learning design, we further experiment with other reward signals in
Section [6.3]and observation spaces in Appendix [A.4] Taken together, these experiments underscore
the effectiveness of each component within our LTD method.

6.1 ANALYSIS OF ITERATIVE OPTIMIZING

We investigated the effectiveness of our iterative optimization strategy on the Llama3-8B and Dpsk-
8B models. The results are presented in Figure ] (Left), with comprehensive data available in Table
and Table 8]in Appendix The process begins at Iteration 0 (IterQ) with a naive combination of
the initially trained policies. Subsequently, we apply the alternating optimization schedule described
in Section[d] Specifically, we first optimize the size policy (Iterl), then the depth policy (Iter2), and
finally the size policy again (Iter3). During each stage, the parameters of the other policy are held
frozen. The results affirm the benefits of this iterative approach.

Each optimization step yields progressive improvements in both mean speedup and acceptance
length, confirming that the policy co-adaptation leads to a more synergistic system. While the most
significant gains occur in the initial transition from IterO to Iter1, the impact of subsequent iterations
is model-dependent. For Llama3-8B, performance saturates after Iter2, with Iter3 offering only
negligible benefits. In contrast, the Dpsk-8B model continues to show substantial improvement
through Iter3. These findings validate the effectiveness of our iterative optimizing strategy.

6.2 IMPACT OF KEY COMPONENTS

To analyze the contribution of key components in our proposed method, we conducted a compre-
hensive ablation study on the Vicuna-13B model presented in Figure [4] (Right). The detailed results
are presented in Table d]in Appendix [A.5] We evaluated three primary variants: 1) —Size: The size
policy was ablated, relying solely on the depth policy. 2) —Depth: The depth policy was ablated,
relying solely on the size policy. 3) —Iterative Training: The initial token and depth policies from
Section 4] were directly combined without our proposed iterative optimizing.

The results clearly demonstrate that the depth policy plays an important role to the overall acceleration.
While the size policy also yields a speedup over the baseline, its impact is less pronounced. Fur-
thermore, a naive combination of the two policies leads to suboptimal performance. This highlights
the efficacy of our iterative training scheme, which allows the policies to co-adapt and achieve a
synergistic acceleration. In summary, these results validate the individual contributions of both
policies and the essential role of the co-adaptive process that unites them.

6.3 EFFECTIVENESS OF THE REWARD SIGNAL

To validate the effectiveness of using throughput as the reward signal, we designed and compared
three distinct reward functions to optimize our size policy alone on Vicuna model: 1) the acceptance
length per cycle, 2) the time cost per cycle, and 3) throughput per cycle. Our results in Table 2]
demonstrate that employing throughput as the reward yields the highest speedup across all datasets.
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Table 2: The effectiveness of reward signal on size policy, evaluated on Vicuna-13B model.

MT-bench Gsm8k Alpaca Qa Mean
Speedup T Speedup T Speedup T Speedup T Speedup T

Acceptance Length 3.77 7.70 3.81 7.20 3.71 7.05 3.06 5.61 3.59 6.89
Time Cost 3.89 6.49 3.54 5.80 3.48 5.79 2.87 4.54 3.45 5.66
Throughput 4.40 7.68 4.43 7.10 4.23 7.00 3.47 5.56 4.13 6.84

Reward

While using acceptance length as the reward achieves the maximum 7, its average speedup is
substantially lower. This discrepancy occurs because this size policy proposes an excessive number of
tokens for verification, leading to a significant increase in verification time that outweighs the benefits
of a higher acceptance length. Conversely, using time cost as the reward leads to a lowest acceptance
length, as the policy is encouraged to propose too few tokens, which cannot benefit form the parallel
verification from the target model, ultimately resulting in the lowest overall speedup. These findings
confirm that throughput is a superior reward signal as it inherently balances the competing objectives
of maximizing acceptance length and minimizing time cost.

7 CONCLUSION

In this paper, we introduce LTD, a novel speculative decoding method that directly optimizes
the throughput of each draft-and-verify cycle using reinforcement learning. By employing two co-
adaptive policies to dynamically coordinate the drafting and verification phases, LTD learns to manage
the trade-off between acceptance length and time cost, achieving a synergistic acceleration. Extensive
experiments on five distinct LLMs across four benchmarks demonstrate that LTD consistently
achieves state-of-the-art acceleration for both greedy decoding and high-temperature sampling. This
superior performance underscores the effectiveness and robustness of our approach, positioning LTD
as a powerful solution for accelerating LLM inference.

REPRODUCIBILITY STATEMENT

In Section 4] and Appendix we provide a detailed description of our method and the training
process; in Section[5.T]and Appendix[A.3] we present the complete training parameters and evaluation
datasets; and in Appendix[A.T] we document the hyperparameters used for baseline methods. Together,
these details support the reproducibility of our work.
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A DETAILED SETTINGS

A.1 BASELINES SETTINGS

Table 3| summarizes the key difference between our methods and various dynamic draft tree methods.
For DDD, cumulative log-probabilities were monitored after the 5th, 7th, and 9th layers, with a
minimum threshold of —0.3. In Gammatune, v,;, was half the default depth, yax Was 1.5 times the
default depth, and the adaptation rate 7 was 0.2. For SVIP, we followed the original paper, using
an entropy factor of 0.15 and a minimum entropy of 0.3. For DDD and SVIP, we directly adopted
the hyperparameters provided by the original authors, while we determined the hyperparameters
ourselves based on experiments as the original paper did not specify them.

For FFN-based methods, samples from HumanEval generated by default Eagle3 were used to extract
hidden states, token scores, entropy, and a binary flag indicating whether a draft token was accepted
by the target model. Equal numbers of positive and negative samples were used for training. C2T was
trained with a hidden size of 64 for 50 epochs, while Disco used a hidden size of 128 with the same
training epochs; SpecDec++ employed a ResNet with hidden size 1024 for 5 epochs. All models
were trained with AdamW (Ir = le—4). Interestingly, we observed that including entropy in the
observation space can sometimes reduce speedup. This is due to a tradeoff between the overhead
of frequent entropy computation and the accuracy of the FFN decision. Based on our validation
experiments, we used entropy as an observation feature for Disco, while omitting it for C2T.

We also performed a grid search to determine the optimal hyperparameters for the Eagle3 model on
the HumanEval benchmark as a strong baseline. Our search space included draft depths ranging from
4 to 12 and verification sizes from 40 to 240. The configuration that yielded the best performance
was then selected for subsequent experiments.

A.2 LTD
A.2.1 Size PoLICY

The Size Policy governs the selection of the verification size, VV—the number of candidate tokens
from the speculative tree that are passed to the target model. Its objective is to assess the aggregate
quality of the draft tree and select a value for V' that optimally balances the computational cost of
verification against the potential number of accepted tokens.

* Architecture: Both the policy and value networks are implemented as two-layer feed-
forward networks (FFNs) with hidden layer dimensions of [1024, 256].

* Training: To promote robustness to varying draft tree structures, the policy is trained
on episodes where the generation depth is randomized, sampled uniformly from integers
between 1 and 12.

» Observation Space: The state representation provided to the agent is designed to include
the key outcome of the drafting phase. It is a fixed-size vector primarily composed of the
log-probability scores of all candidate tokens from the generated tree. For a tree of depth
D, this includes scores for up to 1 + W + (D — 2) x W? tokens, with padding applied to
ensure a consistent vector length. This score vector is then concatenated with scalar features
representing the final draft depth (D) and the total length of the input sequence(L).

* Action Space: The agent’s action space is discrete, comprising 12 actions that map linearly
to a verification size V ranging from 20 to 240.

A.2.2 DEPTH PoLICY

The Depth Policy executes a sequential policy, deciding at each depth level whether to continue
expanding the draft tree (CONTINUE) or to terminate the drafting phase and proceed to verification
(STOP). Given that this policy is executed multiple times within a single generation step, its inference
latency is a critical performance factor.

* Architecture: To minimize this latency, we utilize a lightweight architecture. We find that a
single-layer FFN(with hidden layer dimensions 1024) achieves an effective balance between
predictive performance and inference speed.
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Table 3: Comparison of Different Dynamic Draft Tree Methods

Method Name Predict Policy Observation Space Dynamic Size or Depth  Training Methods ~ Objective
DDD (Brown et al.[[2024) Heuristic Probability Depth - La
SVIP (Zhang et al.[[2024c) Heuristic Entropy Depth - La
Gammatune (Gautam et al.|2025) Heuristic Token Acceptance Rate Depth - La
Disco (Mamou et al.[[2024) FFN Probability, Entropy, Draft Depth Depth FT Ly
SpecDec++ (Huang et al.|[2025a) FFN Hidden States Depth FT L
C2T (Huo et al.[|2025) FFN Probability, Entropy, Draft Depth Size FT Ly
LTD FFN Probability, Total Length, Draft Depth Both RL Throughput

* Observation Space: The state for this sequential decision-making process is updated at
each depth level. The observation vector is primarily composed of the log-probabilities of
the candidate tokens generated at the current expansion frontier. For a beam search of width
W, this comprises W2 candidate scores. This probability vector is then concatenated with
two scalar features: the current draft depth (D) and the total length of the input sequence(L).

* Training Strategy: To establish a stable training curriculum, we first trained an initial depth
policy against a fixed verification size of V' = 60 tokens, which mirrors the heuristic used in
the Eagle3 baseline.

* Action and Reward: The agent outputs a binary action at each step. A numerical reward,
based on the final throughput of the episode, is dispensed only upon selecting the STOP
action. Intermediate CONTINUE actions yield zero reward. To counteract the policy’s
potential bias towards premature termination, we employ a high discount factor (y = 0.999),
thereby encouraging the exploration of deeper draft trees to get more rewards potentially.

Table 4: Contribution of each components of LTD, evaluated on Vicuna-13B.

MT-bench Gsm8k Alpaca QA Mean
Method Speedup T Speedup T Speedup T Speedup T Speedup T
Eagle3 4.48 7.22 4.36 6.58 4.16 6.47 3.43 5.12 4.11 6.35
-Depth 4.40 7.68 4.43 7.10 4.23 7.00 3.47 5.56 4.13 6.84
-Size 4.77 7.75 4.46 6.82 4.36 6.59 3.55 5.12 4.29 6.57
-Iterative Training 4.54 8.29 4.48 7.41 4.28 7.08 3.51 5.45 4.20 7.06
LTD 4.64 8.24 4.59 7.38 4.40 7.01 3.66 5.37 4.32 7.00

A.3 TRAINING DETAILS FOR LTD

The policy (actor) and value (critic) functions are both implemented as Multi-Layer Perceptrons
(MLPs).

Size Policy () The policy and value networks for the size part share an architecture consisting of
two hidden layers with 1024 and 256 units respectively, using ReL.U activation functions. This policy
is trained with a standard discount factor of v = 0.9.

Depth Policy (7p) To minimize decision latency, the depth policy utilizes a more lightweight
architecture with a single hidden layer of 1024 units, while the value networks remains same to the
size part. A key distinction is the use of a high discount factor (v = 0.999). This value is chosen
specifically to mitigate the policy’s potential bias towards premature termination, thereby encouraging
the exploration of deeper draft trees by prioritizing long-term rewards.

Shared Parameters For both policies, the PPO surrogate loss is optimized for 20 epochs per update
cycle, and an entropy coefficient of 0.01 is applied to foster exploration. We use a learning rate of
le-3, which decays linearly to zero following a warm-up phase over the initial 1% of training steps.
All other hyperparameters were kept at their default values as provided by the Stable-Baselines3
library.
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Table 5: Speedup ratios and average acceptance lengths 7 of different methods during Temperature=1.
L31 8B represents Llama-3.1-8B-Instruct, V 13B represents Vicuna-13B-v1.3, Dpsk 8B represents
DeepSeek-R1-Distill-LLaMA 8B. For the Qwen3-14B and Qwen3-32B models, their corresponding
Eagle3 models lack default settings. Therefore, only the results from Grid Search are presented. GT,
Spec++, and Gs stand for Gammatune, SpecDec++, and Grid Search, respectively.

MT-bench Gsm8k Alpaca Qa Mean
Model Method Speedup T Speedup T Speedup T Speedup T Speedup T
Temperature=1
Eagle3 285 411 343 524 338 547 227 306 298 447
Eagle3+DDD 280 340 335 409 338 459 236 295 300 3.76
Eagle3+Svip 274 341 321 492 319 495 231 320 286 412
Eagle3+GT 275 354 328 427 351 512 246 324 300 404
131 8B Eagle3+C2T 278 411 328 524 324 547 227 306 289 447
Eagle3+Disco 28 382 326 508 330 518 220 288 290 424
Eagle3+Spec++ 292 420 333 474 342 551 235 328 301 443
Eagle3+GS 279 408 336 550 346 579 231 340 298  4.69
Eagle3+LTD 285 402 335 509 343 568 239 326 301 451
Eagle3 360 555 368 564 340 549 308 464 344 533
Eagle3+DDD 340 505 358 546 343 500 296 411 334 4091
V138 Eagle3+Svip 318 573 326 578 321 539 261 444 307 534
Eagle3+GT 343 536 332 526 339 495 299 444 328 500
Eagle3+C2T 338 566 341 563 327 554 283 465 322 537
Eagle3+Disco 348 555 367 574 336 551 288 459 335 535
Eagle3+Spec++  3.61 558 364 563 334 539 302 455 340 529
Eagle3+GS 358 630 381 639 361 601 300 493 350 591
Eagle3+LTD 382 640 375 638 365 620 326 497 362 599
Eagle3 307 474 397 689 279 453 244 406 307  4.66
Dpsk 8B Eagle3+GS 305 519 414 764 276 483 233 444 307 503
Eagle3+LTD 318 520 402 795 283 476 257 439 315  5.09
Owen3 14 EAg1e3+GS 205 313 262 383 204 278 168 257 210  3.08
wen Eagle3+LTD 216 311 273 385 211 276 182 255 221  3.07
Owen3 32 EAgle3+GS 156 289 210 395 163 273 133 246 166  3.01
wen Eagle3+LTD 217 278 283 376 216 259 188 241 226 289

Table 6: Ablation Study for Observation Space on size policy evaluated on Vicuna-13B.

Reward MT-bench Gsm8k Alpaca Qa Mean
Speedup T Speedup T Speedup T Speedup T Speedup T
P+L 4.35 7.68 4.30 7.10 4.18 7.00 3.35 5.55 4.05 6.83
P+D 431 7.68 4.35 7.10 4.22 7.00 341 5.56 4.07 6.84
P+D+L (LTD) 4.40 7.68 4.43 7.10 4.23 7.00 347 5.56 4.13 6.84
P+D+L+H 4.40 7.53 4.32 6.97 4.22 6.94 3.44 5.51 4.10 6.74
P+D+L+E 4.36 7.68 4.36 7.10 4.28 7.00 343 5.56 4.11 6.84

A.4 ABLATION STUDY FOR OBSERVATION SPACE

We conducted an ablation study to determine the optimal composition of the observation state for
our policy. While prior methods have incorporated variables such as predicted probabilities (P),
hidden states (H), entropy (E), input length (L), and draft depth (D) into their state representation, the
inclusion of such computationally expensive features is only justified if the resulting accuracy gains
outweigh the associated latency cost.

Our results in Table[6]indicate that our proposed observation space configuration achieves the highest
average speedup across these four benchmarks. Notably, we observe that many competing methods
yield similar acceptance lengths. This suggests that while their proposed verification sizes are
sufficient to capture the ground-truth token sequence, this often comes at the cost of excessive
verification time. The superiority of our method stems from two key advantages. First, compared to
approaches that rely on computationally intensive inputs like entropy or full hidden states, our method
incurs significantly lower overhead when constructing its observation state. Second, in contrast
to baselines that omit draft depth or total length information, our model learns to propose a more
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Figure 5: The average acceptance length for Llama-3.1-8B-Instruct using Eagle3 on HumanEval
dataset. Left: Change the draft depth with verification size fixed to 60. Right: Change the verification
size with draft depth fixed to 8.

conservative number of candidate tokens. This cautious strategy is crucial for reducing verification
latency.

A.5 DETAILED RESULTS FOR ABLATION STUDIES

The detailed results for ablation studies are shown in the section. It contains the results for contribution
of each components of LTD in Table[] and the results for iterative optimizing in Table[7)and Table|[8]

Table 7: Llama3.1-8B Iterative Optimizing

MT-bench Gsm8k Alpaca Qa Mean
Method Speedup T Speedup T Speedup T Speedup T Speedup T
Eagle3 3.70 6.39 3.58 6.44 4.26 6.93 3.17 5.35 3.68 6.28
Iter0 3.88 6.46 3.76 6.40 4.34 6.82 3.50 5.12 3.87 6.20
Iterl 3.95 6.50 3.80 6.47 4.36 6.89 3.50 5.18 3.90 6.26
Iter2 3.96 6.74 3.79 6.73 4.53 7.31 3.41 5.44 3.92 6.56
Iter3 393 6.74 3.73 6.73 4.57 7.31 3.44 5.44 3.92 6.56

Table 8: Dpsk-8B Iterative Optimizing

MT-bench Gsm8k Alpaca Qa Mean
Method Speedup T Speedup T Speedup T Speedup T Speedup T
Eagle3 3.67 5.82 4.73 7.39 3.65 5.63 3.14 5.02 3.80 5.53
IterO 3.88 5.95 4.69 8.03 3.68 5.63 3.37 5.07 391 5.72
Iterl 3.96 5.98 4.92 8.14 3.86 5.67 3.46 5.08 4.05 5.78
Tter2 4.02 6.22 4.94 8.36 371 591 3.52 5.29 4.05 5.97
Tter3 4.05 6.32 4.98 8.53 3.98 6.00 3.62 5.37 4.16 6.08

A.6 INTERACTION BETWEEN THE DEPTH AND SIZE POLICIES

To validate the effectiveness of our iterative training, we analyzed the test set distributions of the
initial separately trained policies (’Iter0’) and the final iteratively trained LTD policies, as shown in
Figure[6] Specifically, we examined the relationship between the number of candidate tokens and
the draft depth conditioned on the acceptance length. As observed, IterO exhibits a static pattern
regardless of acceptance length, predominantly clustering in the region where the draft depth is < 6
and the token count is < 60. Instances with a shallow depth (< 6) but a large token budget (> 60) are
negligible. In contrast, LTD demonstrates superior adaptability across different acceptance lengths.
For large acceptance lengths, a significant proportion (43%) of cases utilize both a large token budget
and a deeper tree (both > 60). Furthermore, when the acceptance length is small—indicating higher
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Figure 6: We report the interaction between depth policy and size policy on Llama3-8B for Iter0Q and
LTD.

generation difficulty—LTD frequently adopts a ’shallow but wide’ strategy (depth < 6, tokens > 60).
This strategy of deploying more candidate tokens effectively mitigates the reduction in acceptance
length caused by increased difficulty.

A.7 LATENCY OF DEPTH AND SIZE POLICIES

We analyzed the latency overhead of our depth and size policies on both Llama-3.1-8B-Instruct and
Vicuna-13B-v1.3. TableQreports the average generation time per sample, along with the proportional
time costs of the size and depth policies. The results demonstrate that the computational overhead
introduced by our policies is minimal: the total overhead is less than 1.5% on Llama and even lower
(1.2%) on the larger Vicuna model. Notably, the latency of the depth policy is approximately twice
that of the size policy. Although we utilize a lightweight single-layer network, the depth policy incurs
a higher total cost due to its more frequent invocation compared to the size policy.

A.8 SIZE SELECTION FOR MLP POLICIES

There is an inherent trade-off in MLP design: we aim for the accuracy gains from a larger MLP to
outweigh the increased inference cost. To validate our design choice, we conducted an ablation study
on Llama-3.1-8B-Instruct comparing three architecture sizes for the Size Policy (Hidden dimensions:
[1024], [1024, 256], and [1024, 512, 256]), the results are reported in Table@ The results show a
significant performance jump when increasing from 1 to 2 layers. However, the marginal gain from 2
to 3 layers is minimal. Therefore, we selected the 2-layer architecture ([1024, 256]) for size policy to
strike the optimal balance between training simplicity and inference efficiency.

B TRAINING DATA GENERALIZATION

To evaluate the generalization capabilities of our model across diverse domains, we employed the
MMLU (Hendrycks et al.,|2020) benchmark, a widely adopted dataset covering 57 tasks ranging from
elementary mathematics and US history to computer science and law. We compared the speedup
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Table 9: Latency and overhead analysis of dynamic policies on Vicuna-13B and Llama31-8B. Policy
latency is measured in milliseconds (ms), total generation latency in seconds (s), and overhead in
percentage (%).

Time per Sample MT-bench Alpaca Qa Gsm8K Mean
Llama-3.1-8B-Instruct
Size Policy Latency (ms) 214 6.22 6.36 5.83 9.96
Depth Policy Latency (ms) 40.8 12.4 10.2 11.9 18.8
Total Latency per Sample (s) 4.48 1.28 1.27 1.24 2.07
Size Policy Overhead (%) 0.478 0485 0500 0.469  0.483
Depth Policy Overhead (%) 0.910 0969 0.803  0.955 0.909
Total Overhead (%) 1.39 1.45 1.30 1.42 1.39
Vicuna-13B-v1.3
Size Policy Latency (ms) 13.7 492 4.90 5.56 7.26
Depth Policy Latency (ms) 279 9.61 8.39 12.0 14.5
Total Latency per Sample (s) 3.59 1.16 1.10 1.37 1.81
Size Policy Overhead (%) 0.381 0423 0444 0406 0414
Depth Policy Overhead (%) 0.777 0.826 0.761 0.874 0.810
Total Overhead (%) 1.16 1.25 1.20 1.28 1.22

Table 10: Speedup of the Size Policy across three architecture configurations on Llama-3.1-8B-
Instruct.

Configuration MT-bench Gsm8k Alpaca Qa Mean

[1024] 3.84 3.99 439 322 386
[1024, 256] 3.95 4.03 444 324 392
[1024, 512, 256] 3.96 4.07 4.43 325 393

ratios of our proposed method, LTD, against the Eagle3 baseline on the Llama-3.1-8B-Instruct
model, as illustrated in Figure[/| The results demonstrate that LTD outperforms Eagle3 in 54 out
of the 57 domains, underscoring the robust generalization of our approach across different fields.
In particular, LTD achieves a speedup improvement of over 10% in mathematics and logic-related
tasks. It is worth noting that among the top five domains where LTD achieves the most significant
gains over Eagle3, the baseline exhibits below-average speedup performance. This indicates that our
method effectively compensates for the deficiencies of Eagle3 in specific domains. Furthermore, the
efficacy of our approach is not limited to scenarios where Eagle3 underperforms; LTD maintains
superior acceleration even in domains such as Human Aging and Astronomy, where Eagle3 already
demonstrates performance significantly above its average.

C DETAILS OF REINFORCEMENT LEARNING

C.1 ANALYSIS OF TRAINING STEPS

To validate the appropriateness of our training budget, we analyze the relationship between the
total training timesteps and the coverage of the dataset (HumanEval). Taking the Llama model as
an example, the HumanEval dataset contains a total of approximately Ny = 27829 new tokens
(ground truth).

C.1.1 STEPS FOR DEPTH POLICY

For the depth policy, the total training budget is set to Bgepn = 1, 000, 000 steps. In our reinforcement
learning (RL) formulation, one step corresponds to a single draft action or a verification action.

However, speculative decoding is stochastic; not all drafted tokens are accepted. To estimate the
effective number of dataset traversals (epochs), we must account for the acceptance rate . Assuming
a moderate acceptance rate (e.g., « ~ 0.7), the number of draft steps required to generate the full
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Figure 7: Speedup comparison between LTD and Eagle3 on the Llama-3.1-8B-Instruct model. We
evaluated performance across 57 subtasks from MMLU(e.g., mathematics, history, law), using 80
sampled examples per subtask. Domain levels are abbreviated as H (High School), C (College), and
P (Professional). Left: The relative speedup of LTD normalized against Eagle3; values greater than
100% indicate LTD outperforms Eagle3. Right: The absolute speedup ratio of the Eagle3 baseline
across different subtasks.

dataset is greater than the number of accepted tokens:

Niotr 27,829

Stepepoch ~ T = T

Consequently, the number of dataset traversals Kgepn is calculated as:

Bgepn 1,000,000
StePepocn 39,756

In an ideal scenario where o — 1 (or assuming 1 step = 1 new token as a lower bound estimate for

steps), the coverage would be approximately 1,000, 000/27, 829 ~ 35.9 passes. Thus, our setting of

1M steps corresponds to roughly 25-40 traversals of the dataset.

~ 39, 756 steps (6)

Kaeptn = ~ 25.1 passes @)
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Given that the depth policy must learn to identify optimal termination points across varying contexts,
and considering that PPO is an on-policy algorithm requiring repeated sampling of trajectories, this
magnitude of exploration is standard and necessary for convergence, rather than excessive.

C.1.2 STEPS FOR SI1ZE POLICY

For the size policy, the budget is set to Bioken = 100, 000 steps. This policy determines the total draft
budget (action space size: 12 configurations, ranging from 20 to 240 tokens). A decision is made
only once per speculative cycle.

Assuming an average acceptance length of 5 tokens per cycle, the policy is invoked once every 5
generated tokens. The steps required to traverse the dataset once are:
 Nuow _ 27,829

Stepepoch ~ p = T ~ 5,566 steps )

The total dataset traversals K oxen 1S:

Bioken 100,000
StePepocn 5,566
This results in approximately 18-20 traversals. Considering the policy must explore a discrete action

space of 12 distinct configurations to optimize the trade-off between latency and generation length,
this sampling volume is conservative and efficient for stabilizing the policy gradient.

K token —

~ 18.0 passes O]

C.2 CONVERGENCE OF THE THROUGHPUT-BASED REWARD

To explicitly illustrate the dynamics of our throughput-based reward during training, we report the
reward curves and validation speedup ratios for the Vicuna-13B size and depth policies, as shown
in Figure 3| As observed, the rewards for both policies increase steadily as the number of training
steps increases, and our allocated training budget is sufficient to ensure convergence. Regarding
performance on the validation set, we observe an initial improvement followed by a declining trend.
To prevent overfitting to the training set, we select the checkpoint that achieves the highest speedup
on the validation set as our final model.

C.3 TRAINING TIME COST

Due to the lightweight nature of the two policies, the RL training phase is highly efficient. For
instance, training the Size Policy (100k steps) requires only 2.0, 2.5, and 3.5 hours for Llama3-8B,
Vicuna-13B, and Qwen3-32B, respectively. Similarly, the Depth Policy (1M steps) takes 5, 5, and
7 hours on the same models. All experiments were conducted on a single NVIDIA A100 GPU.
Even with three iterations of training, the total computational cost remains below 30 GPU hours.
In practice, these policies are trained once, whereas decoding dominates the runtime in real-world
deployments; thus, the marginal training overhead is effectively amortized by the improved inference
efficiency. Given that LTD improves the speedup ratio by up to 36.4% over Eagle-3, this additional
training cost represents a highly favorable trade-off for latency-sensitive applications.

C.4 PPO SELECTION

We deliberately select PPO since it can be integrated naturally into the online speculative decoding
process, allowing us to record rewards during standard inference steps. Other RL methods, such
as the currently popular GRPO, are not suitable for our task. We know GRPO requires repeated
sampling from the same state to calculate baselines. In the context of speculative decoding, this would
necessitate either repeatedly reconstructing the KV cache for different samples (computationally
expensive) or generating multiple continuations sequentially (which introduces timing mismatches
with the real inference environment). Therefore, we select PPO to train our policies.

D LTD EFFECTIVENESS ON GRIFFIN

To further validate the effectiveness of our approach across different speculative decoding methods,
we selected Griffin (Hu et al.,|2025)), another method based on the dynamic tree framework. Griffin
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Table 11: Speedup ratios and average acceptance lengths 7 of different methods on Griffin using
Meta-Llama-3-8B-Instruct during greedy decoding.

MT-bench Gsm8k Alpaca Qa Mean
Method Speedup T Speedup T Speedup T Speedup T Speedup T
Griffin 1.83 4.82 3.18 5.16 2.98 4.79 2.20 3.96 2.55 4.68
Griffin+GS 2.81 5.11 3.19 5.47 2.95 5.04 2.18 4.10 2.78 4.93

Griffin+LTD 2.88 4.98 3.13 5.45 2.98 5.01 2.23 4.10 2.81 4.89

features a distinct training loss and draft model architecture compared to Eagle3, but with a slightly
inferior speedup. Using Meta-Llama-3-8B-Instruct (Dubey et al.,2024), we compared the speedup
ratios of the default setting of GRIFFIN against our LTD method. The results in Table[IT|demonstrate
that our method achieves the state-of-the-art speedup on Griffin as well.

E STATEMENTS

USE OF LARGE LANGUAGE MODELS (LLMS)

The use of LLMs were strictly limited to language polishing, such as improving grammar, refining
sentence structure, and enhancing the overall readability of the text. All suggestions and modifications
proposed by the LLMs were critically reviewed and manually edited by the authors. This process
ensured that the final text accurately and faithfully represents authors’ original ideas, arguments,
and findings. The core intellectual contributions of this work—including the research ideation,
experimental design, data collection, analysis, and interpretation of results—are exclusively the work
of the human authors. The LLM played no role in these critical research activities. The authors take
full responsibility for all content presented in this paper, including the accuracy of the data and the
validity of the conclusions.
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