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Abstract

Reinforcement learning (RL) is widely applied
to boost the performance of pretrained mod-
els, yet its training efficiency is severely con-
strained by rollout generation. While specu-
lative decoding based on multi-token predic-
tion (MTP) offers a potential acceleration path-
way, its widespread adoption is hindered by
the absence of MTP in vanilla pretrained mod-
els and the rapid degradation of the MTP ac-
ceptance length in RL training. To address
these issues, this paper proposes MTP-RL, a
two-stage framework that pioneers effective
training of MTPs in RL and accelerates the
rollout phase for diverse models. It involves
a pipeline to equip the multi-layer parameter-
sharing MTP for all models and an innovative
advantage-aware MTP optimization strategy to
facilitate policy-aligned training of MTPs. Ex-
periments demonstrate that our method not only
achieves stable growth of acceptance length
during RL training, but also accelerates RL
rollouts, achieving an average 23.1%—-55.3%
reduction in rollout time compared to baselines.

1 Introduction

Reinforcement learning (RL) has already been a
functional and powerful strategy to optimize large
language models (LLMs) by maximizing expected
rewards (Guo et al., 2025; Yang et al., 2025; Zeng
et al., 2025). In mainstream RL tasks for intensive
reasoning generation, we are increasingly requiring
models to generate lengthy chains of thought with
innumerable tokens to solve problems effectively
(Muennighoff et al., 2025; Shi et al., 2024). How-
ever, during the rollout phase of RL, the strictly
autoregressive generation of LLMs results in la-
tency that scales approximately quadratically with
sequence length, which consumes a substantial ma-
jority of total training time and severely limits the
efficiency of RL training.
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Figure 1: (a) Variation of the average acceptance length
between a frozen MTP module and MTP-RL during RL
training. In contrast to the collapse of acceptance length
in frozen MTP, MTP-RL achieves a continuous improve-
ment. (b) Comparison of rollout time on Qwen2.5-14B-
Instruct with GSPO. MTP-RL substantially reduces roll-
out time and achieves a maximum speedup of 3.15x
compared to vanilla RL.

To alleviate the overhead of rollout genera-
tion in RL training, efficiency-oriented approaches
can be broadly categorized into three orthogo-
nal paradigms: model-level, pipeline-level, and
algorithm-level. Model-level optimization meth-
ods such as quantization (Huang et al., 2025; Liu
et al., 2025) map high-precision weights and acti-
vations to lower precisions, compressing the model
parameter sizes to reduce memory bandwidth re-
quirements and computational cost during the roll-
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Figure 2: Overview of our two-stage framework. It encompasses the design of multi-layer, parameter-sharing MTP
modules at the MTP-equipped stage, the incorporation of MTP during RL rollouts, and the backpropagation of MTP

gradients in the advantage-aware RL optimization stage.

out phase. However, low-precision models often
produce rollouts that deviate from those generated
by full-precision models, making it challenging to
improve efficiency without degrading performance.
Pipeline-level optimization focuses on increasing
execution parallelism between training and rollout
phases to reduce pipeline bubbles triggered by wait-
ing for long-tail rollouts (Zhang et al., 2025). This
approach necessitates extensive modifications to
the RL framework, resulting in considerable engi-
neering complexity.

Speculative decoding (SD) has emerged as the
widely adopted algorithm-level paradigm for accel-
erating the rollout phase, encompassing prebuilt,
natively trained, and train-free approaches. Pre-
built methods (Chen et al., 2025) typically reuse
draft models directly adapted from EAGLE, which
limits their generalization across diverse LLM ar-
chitectures. In contrast, train-free SD approaches
(He et al., 2025) leverage n-gram matching to ex-
tract patterns from historical rollouts. Nevertheless,
their acceleration remains belated, yielding notice-
able speedups only in later training stages. Natively
trained SD is enabled by multi-token prediction
(MTP) (Cai et al., 2025; Liu et al., 2024), but its
application to RL remains non-trivial and faces
two significant obstacles. First, most open-source
pretrained models lack native MTP architectures,
rendering them incompatible with existing acceler-
ation techniques. More critically, as illustrated in
Figure 1 (a), existing RL training paradigms (Xi-
aomi et al., 2025) typically freeze MTP modules,
under which an “acceptance collapse” phenomenon
frequently emerges during training. Consequently,
the potential speedup achievable with MTP mod-

ules is severely diminished.

To address both the difficulty of training models
equipped with MTPs in RL and the inefficiency of
the RL rollout phase, we propose MTP-RL, a two-
stage framework that pioneers the viable training
of MTP in RL and accelerates RL rollouts for any
MTP-equipped LLM, as illustrated in Figure 2. In
the MTP-equipped stage, we train the MTP mod-
ule from scratch in a lightweight manner to en-
dow vanilla models with SD capability, adopting
a multi-layer parameter-sharing design to enhance
draft quality with minimal training parameters. In
the advantage-aware optimization stage, we intro-
duce an MTP training strategy that reformulates the
MTP optimization objective using an advantage-
weighted KL divergence combined with a cross-
entropy loss. By leveraging advantage signals to
filter low-reward trajectories and emphasize high-
reward samples, this strategy effectively suppresses
the occurrence of “acceptance collapse”. Moreover,
unlike train-free approaches, our method yields
models that retain native SD capability throughout
RL training, enabling faster decoding on down-
stream tasks without requiring additional adapta-
tion.

Our contributions are summarized as follows:

* We design MTP-RL, a two-stage framework
that pioneers policy-aligned MTP training
throughout RL and simultaneously leverages
MTPs to accelerate RL rollouts.

* Our framework incorporates two key tech-
niques: a lightweight training of multi-layer
parameter-sharing MTP that enhances initial
draft prediction quality and an advantage-
aware optimization strategy that prioritizes
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high-reward trajectories to prevent “accep-
tance collapse” effectively.

* We conduct experiments on math and code
tasks employing Qwen models of various
sizes under multiple RL algorithms. Empiri-
cal results demonstrate that our approach ac-
quires increasing acceptance lengths through-
out the training lifecycle. This enhancement
reduces average rollout time by 23.1% —
55.3% and delivers a maximum speedup of
3.15x during the total RL rollout.

2 Pilot Study on the Use of MTP in RL

In this section, we introduce the MTP module and
conduct an in-depth exploration of “acceptance
collapse” in the joint RL training of main mod-
els and MTP modules. Our investigation centers
on three progressive key questions: (1) Must MTP
be trained during RL to remain effective? (2) Is
cross-entropy loss sufficient for MTP training in
RL?(3) Can blocking the propagation of MTP gra-
dients into the main model overcome the limitation
of cross-entropy supervision?

2.1 Preliminaries of Multi-Token Prediction

Multi-token prediction (MTP) equips the main
LLM with an auxiliary prediction module that mir-
rors a transformer layer in the main model. During
training, we instantiate X' MTP modules. For the
k-th MTP module, the prediction of the (i+1)-th to-
ken if ', 1 18 decoded by a transformer layer, which
takes as input the concatenation of the final-layer
hidden states h*~! produced by the (k—1)-th MTP
and the corresponding input tokens z«;41. The in-
put sequence is then left-shifted by one token under
the teacher-forcing paradigm, and combined with
the final-layer hidden states h* from the k-th MTP
to produce the (i + 2)-th token prediction :f:ffrr;
through the (k + 1)-th MTP module. This pro-
cess propagates sequentially through all K’ MTP
modules, with K cross-entropy losses to optimize
predictions against the ground-truth sequence of
length S, as illustrated below.

K A S [
LMTP-CE = — E E
k=1 S—k i=1+k (1)

k k—1
log TP (5Uz | h<i—1 J xk:i—l)}

During inference, a single MTP module is se-
lected to predict several draft tokens, with a sub-
stantially lower computational cost compared to
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Figure 3: The evolution of the KL loss when training
with a frozen MTP, together with the trend in the average
acceptance length under training with CE loss and with
truncated MTP gradients in RL, respectively.

the main model. These draft tokens are jointly veri-
fied by the main model in a single verification step.
Upon encountering the first mismatched token, that
token and all remaining draft tokens are discarded.

2.2 Analysis of MTP Training in RL

(1) Must MTPs be trained during RL to remain ef-
Sective? A straightforward approach to accelerating
RL rollouts with MTP is to freeze its parameters
during training. However, as shown in Figure 1 (a),
this naive strategy leads to a rapid decline in accep-
tance length over training. We examine the training
dynamics of the main model under RL optimiza-
tion. As the main model is continuously updated
while the MTP module remains frozen, their output
distributions gradually diverge. This divergence
is reflected by the increasing KL loss, which coin-
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cides with the regions on both sides of the red lines
in Figure 3 (a), indicating a growing mismatch be-
tween the frozen MTP and the evolving main model
and ultimately leading to “acceptance collapse”.

(2) Is cross-entropy loss sufficient for MTP train-
ing in RL? As demonstrated in Section 2.1, the
optimization objective of MTP-equipped models
in supervised training is formulated from cross-
entropy (CE) loss, which is successfully applied
to pretrain models and further enhances their ca-
pacity (Liu et al., 2024). However, we realize that
this naive approach is insufficient in RL training.
Empirical evidence displays that merely utilizing
CE loss as the objective for MTPs fails to inhibit
the decay of the acceptance length, as illustrated
in Figure 3 (b). Moreover, this drawback is am-
plified as training progresses, leading to persistent
degradation of acceptance length in the mid-to-late
stage of training. We attribute this limitation to
the fundamental difference between reward-driven
optimization in RL and supervised training.

(3) Can blocking the propagation of MTP gradi-
ents into the main model overcome the limitations
of cross-entropy supervision? Another intuitive
alternative strategy is to decouple the optimization
objectives by truncating the gradient from the MTP
module, preventing its gradient from backpropa-
gating to the main model. However, as illustrated
in Figure 3 (c), the acceptance length continues to
decline under this decoupled training configuration.
We suggest that the main model remains unaware
of updates to the MTP module, leading to repeated
abrupt shifts in its output distribution, which in turn
hinder the MTP module from effectively tracking
the behavior of the main model.

Conclusion for pilot studies. We conduct pilot
studies on MTP-equipped models to answer the
three questions above. Specifically, for the first
question, we evaluate whether freezing MTP mod-
ules in RL training preserves acceptance length;
for the second, we train MTPs only with CE loss;
for the last, we block the gradient flow from MTPs
to the main model during RL. In all three settings,
we observe persistent “acceptance collapse” arising
from different underlying causes, which motivates
the design of a new joint optimization strategy in
RL for the main model and the MTP module.

3 MTP-RL Framework

To achieve reliable MTP training and efficient
acceleration in the RL rollout phase, we pro-

pose MTP-RL, a two-stage framework that equips
arbitrary LLMs with SD capability. As illus-
trated in Figure 2, the framework first trains MTP
modules from scratch for models lacking them.
It subsequently enters the advantage-aware opti-
mization stage for RL, where main models and
MTP modules are jointly optimized using our pro-
posed advantage-aware MTP optimization strategy.
Through this two-stage design, MTP-RL enables
reliable SD across diverse LLMs while eliminat-
ing “acceptance collapse” and delivering sustained
acceleration for RL rollout generation.

3.1 MTP-equipped Stage

To adapt SD for LLMs without native MTP sup-
port (e.g., vanilla models), we introduce an MTP-
equipped stage. This stage extends the architecture
with MTP modules and trains them for SD while
keeping the main model frozen. Specifically, for
vanilla models without MTP modules, we attach
a new MTP module and perform a preliminary
training process from scratch using self-distilled
data generated by vanilla models themselves. Con-
versely, models already equipped with MTP mod-
ules will be reused directly to ensure efficiency.
This stage pledges that the LLLM is architecturally
ready to employ MTP acceleration in RL.

Prior works (Guo et al., 2025) pretrain the main
model with multiple different MTP modules, sub-
stantially increasing the number of trainable param-
eters. In contrast, as displayed in the left part of Fig-
ure 2, we initialize the MTP module from scratch,
where the module consists of K layers that share
parameters across all layers, while the embedding
layer and the output head are also shared with the
main model. Our approach achieves a competitive
final average acceptance length while significantly
reducing the parameter footprint. When perform-
ing a K-layers forward, we employ the sum of K
CE losses to train the MTP module, with the hyper-
parameters A; to A\; of each layer loss defined in
Equation 1, in contrast to conventional pretraining
where all layer losses are treated equally.

3.2 Advantage-aware Optimization Stage

To remedy the “acceptance collapse” dilemma men-
tioned above, we propose an advantage-aware MTP
optimization strategy (Adv-Opt) for RL training.
This approach introduces the advantage-aware KL
divergence loss as a strict alignment objective, forc-
ing the distribution of MTP modules to maintain
tight consistency with the target distribution and
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continuously tracking the rapid evolution of the
main model. Additionally, unlike naive methods
that treat all samples equally, our strategy lever-
ages the advantage estimate A obtained from the
RL process to filter trajectories for MTP modules
dynamically. The core intuition is that RL seeks to
optimize the main model by maximizing the expec-
tation of advantages. Consequently, only utilizing
samples with positive advantages while disregard-
ing those with negative advantages can effectively
prevent MTP modules from excessively deviating
in undesirable directions.

Assuming that j indexes the sample, we define
an advantage-based indicator w(A;) as follows:

0, ifA; <0
W(Aj)Z{ ’

1, otherwise

2

This weighting function is applied to a KL di-
vergence loss, ensuring alignment only on positive
trajectories. We let 7 represent the distribution of
the MTP module, 7y represent the distribution of
the main model, S is the sample length and V is
the vocabulary size. The advantage-aware KL loss
in the j-th sample z; is defined as:

Lyvrp-kL(zj) = S

v )
mo(xj,;) log 77(1’(33;'},1’)]

where z7; denotes the probability of v-th vocab-
ulary entry at the i-th token in the j-th sample.
Simultaneously, we observe that CE loss can fur-
ther enhance the average acceptance length in RL
training. Therefore, we maintain a standard CE loss
in Equation 1, whose contribution is modulated by
a hyperparameter 3. The overall loss is computed
over trajectories  sampled from the main model.

Ladv-opt = Egrry [CvrpxL () + 6 Lurp-ce(z)] (4)

We employ a joint optimization strategy to train
the main model and the MTP module concurrently.
The MTP module adopts an advantage-aware opti-
mization strategy to minimize the deviation of its
prediction distribution from the main model, while
the total loss for the main model combines the RL
objective with the MTP auxiliary loss. Losses for
both the main model and the MTP module can be
expressed in the following form:

(&)

EMain-loss = ['RL-IOSS + ﬁAdv-Opt
EMTP-]OSS = £Adv-Opt

Ultimately, the model proceeds to the RL train-
ing under our proposed advantage-aware strategy.
The complete training procedure is formally de-
tailed in Appendix E, and this co-training strategy
guarantees that the MTP modules maintain syn-
chronization with the evolving main model, pre-
venting “acceptance collapse”.

4 Experiments

Models, Algorithms and Baselines. We conduct
experiments using the popular Qwen2.5 series as
our main models, explicitly focusing on Qwen2.5-
7B-Instruct and Qwen2.5-14B-Instruct. To eval-
uate robustness and universality of our proposed
method, we employ two distinct RL algorithms
(token-level and sequence-level): group relative
policy optimization (GRPO) and generalized specu-
lative policy optimization (GSPO). For comparison,
we include five baselines:

e Vanilla RL, which performs RL training without
any rollout acceleration.

* MTP w/o Training, where MTP modules are
frozen during RL.

e MTP w/ Naive CE, where MTP modules are
trained with CE loss during RL.

* MTP w/o Backprop, where MTP modules are
trained while preventing the gradients from back-
propagating to the main model.

¢ Lookahead (Zhao et al., 2024a), a train-free
SD method for rollout acceleration.

Evaluation Metrics. We evaluate the effects of our
method with respect to efficiency and performance
across different models and algorithms. When veri-
fying draft tokens, we employ strict acceptance cri-
teria rather than the more lenient conditions used
in Medusa (Cai et al., 2024) to provide a more
rigorous assessment of model performance.

* Average Acceptance Length (7): The average
number of tokens accepted by the main model at
each RL step, where each draft-verification cycle
comprises three draft forwards.

* Acceptance Rate («): The proportion of specula-
tive tokens that are ultimately accepted, averaged
across 20 RL steps to mitigate variance.

* Speedup: The acceleration of total rollout time
in RL compared to the vanilla RL baseline.

* Accuracy: Performance on benchmarks to assess
whether the MTP training strategy compromises
model capabilities.
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‘ Training: DAPO-Math, Testing: MATH-500 ‘ Training: KodCode-Light-RL, Testing: HumanEval

Model RL Algorithm
‘ Speedup 1 T 1 at Accuracy 1 ‘ Speedup 1 1 at Accuracy T

GRPO 1x 1.00 0.00% 76.8 1x 1.00 0.00% 82.9

+ MTP w/o Training 1.38x 2.32 39.99% - 1.29x 2.38 46.89% -

+ MTP w/ Naive CE 1.44 % 242 47.34% - 1.26% 2.39 48.21% -

+ MTP w/o Backprop 1.16x 2.31 42.76% - 1.21x 2.36 46.29% -
7B w/ Lookahead 1.42x 1.87 29.24% 76.0 1.14x 1.40 13.87% 82.3
< + MTP-RL 1.60x 2.55 (+0.31) 51.02% 76.2 1.42x 2.54 (+0.17) 50.29% 83.5
GSPO 1% 1.00 0.00% 77.0 1x 1.00 0.00% 81.1
w/ Lookahead 1.40% 1.85 28.84% 76.4 1.20x 1.79 26.33% 80.5
— + MTP-RL 1.51x 2.56 (+0.34) 52.64% 77.2 1.30% 2.58 (+0.20) 52.40% 81.1
GRPO 1x 1.00 0.00% 79.8 1x 1.00 0.00% 85.4
w/ Lookahead 1.97x 1.89 29.81% 77.4 1.14x 1.56 18.46% 85.3
14B — + MTP-RL 2.24x 2.46 (+0.57) 48.77% 79.2 1.50 % 2.66 (+0.22) 54.40% 84.2
GSPO 1x 1.00 0.00% 79.6 1x 1.00 0.00% 85.3
w/ Lookahead 2.03% 1.76 24.61% 79.2 1.17x 1.43 15.34% 84.1
— + MTP-RL 2.12x 247 (+0.57) 48.87% 79.2 1.59 % 2.64 (+0.23) 53.20% 84.2

Table 1: Rollout efficiency and effectiveness of optimization strategies are compared across different models and
RL algorithms. MTP-RL achieves an average 1.30x - 2.24x acceleration and an additional 0.17 — 0.57 increase in

7 during RL training, as reported in parentheses.
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Figure 4: Comparison of rollout time across different models and algorithms in the math task. The upper curve
shows the per-step rollout time without MTPs, while the lower curve shows the per-step rollout time under MTP-RL.

Implementation. Our experimental framework
integrates three high-performance libraries: Slime
(Zhu et al., 2025), SGLang (Zheng et al., 2024) and
Swift (Zhao et al., 2024b). We utilize SGLang for
both self-distilled data generation and efficient RL
rollouts. Specifically, the main model is employed
to synthesize trajectories, after which the MTP
module is trained from scratch using Swift. For the
RL stage, we adopt a prevalently used framework
that combines Slime and SGLang: Slime handles
RL training, and SGLang is responsible for roll-
out generation. To evaluate efficiency, we set the
number of parameter-shared MTP layers to 3 in the
MTP-equipped stage and perform three successive
MTP forwards, followed by a single verification of
the main model during RL. Other training hyperpa-
rameters are provided in Appendix A.

Datasets. We construct training responses gener-
ated by the main model and a composite prompt
corpus to cover general instruction following capa-

bilities, comprising 44K samples from ShareGPT,
25K samples from UltraChat200K (Ding et al.,
2023), 22K samples from OpenThoughts-114k-
math, and 22K samples from KodCode-V1-SFT-
R1 (Xu et al., 2025). We perform RL training on
the DAPO-Math-17K and KodCode-Light-RL-10K
datasets for math and code reasoning, respectively,
with evaluation on the MATH-500 (Lightman et al.,
2023) and HumanEval (Chen, 2021) benchmarks
for model capabilities.

4.1 Effectiveness

Efficiency. As presented in Table 1, we effec-
tively train MTP modules in RL, and MTP-RL
demonstrates consistent efficiency across different
model scales and RL algorithms. For the math task,
compared with native GRPO and GSPO, MTP-RL
achieves rollout speedups of 2.24x and 2.12x, re-
spectively, while the corresponding speedups on
the code task are 1.50x and 1.59x. Meanwhile, as
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displayed in the parentheses of 7, our method con-
sistently improves the average acceptance length
during RL, effectively preventing “acceptance col-
lapse” and achieving increases ranging from 0.17
to 0.57 compared to MTP-equipped models with-
out RL training on both math and code tasks. We
measure the speedup against baselines to further
validate the efficiency of our optimization strategy.
The experimental results indicate that our method
substantially outperforms the three strategies cor-
responding to the issues identified in Section 2,
achieving a 10% improvement over the strongest
alternative (from 1.38 x to 1.60x on math and from
1.29x to 1.42x on code). Additionally, compared
to lookahead, our approach delivers 4% — 44% im-
provements on both math and code tasks across
different model scales and RL algorithms.

Figure 1 (b) and Figure 4 report rollout times
per step, showing that our method can reach a
maximum acceleration of 3.15x during RL with
Qwen2.5-14B and GSPO. Notably, the accelera-
tion effect scales positively with model sizes, and
the Qwen2.5-14B series models experience even
higher acceleration, as the computational overhead
of the lightweight MTP module becomes increas-
ingly negligible relative to the main model.

Capacity Acquisition. A critical concern in SD
for RL is whether the auxiliary training objectives
interfere with the reasoning capabilities of the main
model. We evaluate model performance on Math-
500 and HumanEval benchmarks after RL train-
ing. As shown in the accuracy columns of Table 1,
our approach achieves lossless performance and in
some configurations even exceeds the original RL
method. These results confirm that our advantage-
aware strategy preserves training efficiency while
ensuring that the propagated gradient does not de-
grade model reasoning abilities.

4.2 Ablation Study

Ablation of Multi-layer MTP. We train MTP
modules in Qwen2.5-7B-Instruct with different
numbers of MTP layers and evaluate the initial 7
achieved by it during the first step of RL. As shown
in Table 2, we assume K denotes the number of
layers and empirically observe that consistently in-
creasing K enhances the initial 7 of MTP modules,
achieving a 27% improvement (from 1.76 to 2.25)
over training a single-layer MTP module. Mean-
while, our approach attains comparable acceptance
lengths to those of the unshared-parameter con-

3 + unshared
parameters

T 176 193 224 225 2.20

Table 2: Ablation studies in different layer numbers for
MTP-equipped training

K 1 2 3

MTP Optimization Strategy T
MTP w/ Advantage-aware KL 1.20
MTP w/ CE + Naive KL 2.38

MTP w/ CE + Advantage-aware KL.  2.49

Table 3: Ablation studies in different MTP optimization
strategies

figuration, revealing the potential of multi-layer
parameter sharing.

Ablation of MTP Optimization Strategy. We
evaluate the effect of different MTP training strate-
gies in the average acceptance length after 200 RL
steps. Compared with “CE + Naive KL, “CE +
Advantage-aware KL’ incorporates the selection
of positive-advantage samples into the KL diver-
gence loss. As shown in Table 3, introducing
the “Advantage-aware KL’ enables our method
to reach a higher average acceptance length more
rapidly than the variants. We also observe that us-
ing advantage-aware KL loss alone leads to a sharp
drop in the acceptance length, underscoring the
necessity of including the CE loss.

4.3 Acceptance Length Dynamics

As shown in Figure 5, we compared evolutions
of average acceptance lengths for MTP modules
with different initial 7 under varying numbers of K
layers and draft structures during RL training. Ex-
periments are conducted in Qwen2.5-7B-Instruct
to keep the same model size. Despite the signif-
icant disparity in their initial 7 values, all curves
exhibit a similar trend and the acceptance length
increases by approximately 0.3 to 0.4 after RL.
This phenomenon demonstrates that our training
method does not cause models with a high initial 7
to increase less or even stagnate during RL.

4.4 Analysis of Total Training Cost

We further analyze the overall training cost of in-
corporating the MTP-equipped stage versus the
savings in the RL rollout phase to provide a more
complete picture of the net benefit. Additionally,
we only conduct 0.4 RL epochs to demonstrate the
effectiveness of our method under short RL runtime
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MTP-equipped

Time reduction

Method stage time (min) Rollout time (min) Training time (min) Total time (min) ratio Accuracy
7B w/GRPO - 361.75 319.92 681.67 - 76.8
7B w/MTP-RL 50.74 223.93 295.47 570.14 16.36% 76.2
14B w/GRPO - 775.94 584.20 1360.14 - 79.8
14B w/MTP-RL 64.40 340.89 470.94 876.23 35.58% 79.2

Table 4: End-to-end training cost comparison of GRPO and MTP-RL. The evaluation accounts for the additional

overhead introduced by the MTP-equipped stage.
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Figure 6: The variation tendency of KL loss among
different MTP training strategy in RL

settings. We measure the actual training time re-
quired of Qwen2.5-7B-Instruct and Qwen2.5-14B-
Instruct with GRPO and our proposed MTP-RL on
the math task. As detailed in Table 4, despite the
relatively short RL training duration, our method
achieves a 16% - 35% reduction in total training
time, demonstrating a clear advantage in training
efficiency.

4.5 Analysis of KL Loss Trends

As shown in Figure 6, we compare trajectories of
KL divergence under different MTP training strate-
gies. Our method exhibits the most stable KL loss
curve between the main model and the MTP dur-
ing training, in contrast to baseline approaches that
carry fluctuating KL loss. This stability indicates

that the MTP module is able to closely track the
evolving distribution of the main model and main-
tain consistent alignment during RL, further pro-
viding indirect evidence that our method avoids the
“acceptance collapse” phenomenon.

5 Related Works

5.1 Efficient Reinforcement Learning

RL has become a central paradigm for align-
ing LLMs with expert preferences. Vanilla RL
pipelines for LLMs, such as PPO (Schulman et al.,
2017), typically consist of three stages: generation,
evaluation, and optimization. Improving end-to-
end training efficiency requires addressing bottle-
necks that arise across these stages.

The evaluation and optimization stages are pri-
marily constrained by synchronization delay and
memory overhead. In the optimization stage, main-
taining multiple models with distinct roles substan-
tially increases memory consumption. To alleviate
this issue, algorithmic innovations such as DPO
(Rafailov et al., 2023) and SPO (Lou et al., 2024)
eliminate explicit reward models, while GRPO
(Shao et al., 2024) and GSPO (Zheng et al., 2025)
further remove the critic model, performing token-
level and sequence-level optimization, respectively.
Meanwhile, evaluation efficiency is severely de-
graded by long-tail rollout trajectories, which is
commonly referred to as the bucket effect. System-
level solutions, including AgentRL (Zhang et al.,
2025) and Seer (Qin et al., 2025), address this issue
by decoupling generation from training via asyn-
chronous frameworks to execute in parallel.

5.2 Speculative Decoding

Speculative Decoding (SD) (Leviathan et al., 2023;
Xia et al., 2023) is a widely adopted inference
acceleration paradigm that leverages a draft-then-
verify mechanism to mitigate the memory bound
of serial decoding by increasing computations. Ex-
isting SD methods can be broadly categorized
into distillation-based and train-free approaches.
Distillation-based SD relies on a separate and small
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language model for drafting. The EAGLE (Lietal.,
2024b, 2025) series focus on enhancing the input
feature representation through the concatenation
of several hidden states extracted from different
layers of the target LLM. Eagle2 (Li et al., 2024a)
and Medusa (Cai et al., 2024) propose tree-shaped
attention mechanisms and dynamically adjust the
draft tree based on draft probabilities, further accel-
erating attention computation in SD and improving
the acceptance length. Train-free SD (Zhao et al.,
2024a; Luo et al., 2025; He et al., 2024) relies
on context retrieval and is particularly effective
for tasks that follow consistent generation patterns.
SAM-Decoding (Hu et al., 2025) leverages a suffix
automaton to retrieve relevant draft tokens, thereby
accelerating the construction of draft and improv-
ing overall decoding speed.

6 Conclusion

In this work, we successfully address the “accep-
tance collapse” issue of training MTP-equipped
models in RL and accelerate the rollout phase.
We propose a two-stage framework comprising
lightweight training of a multi-layer parameter-
sharing MTP, followed by an advantage-aware
MTP optimization objective to achieve policy-
aligned MTP training in RL. Extensive experi-
ments demonstrate the effectiveness of our frame-
work, achieving a maximum speedup of 3.15X%
while maintaining consistent performance across
various RL algorithms and model sizes. Further-
more, our method natively supports SD, accelerat-
ing downstream tasks without requiring any fine-
tuning. Building on these efficiency gains, our
future work will explore integrating this approach
with various sparse attention mechanisms to push
the limits of rollout acceleration in RL.

Limitations

While we adopt a lightweight approach to train
the MTP module from scratch, it nonetheless intro-
duces non-negligible engineering complexity and
computational overhead. Additionally, although
our experiments are conducted with a batch size
of 256, the achievable speedup still differs from
that observed under smaller batch sizes (e.g., batch
size = 1), where SD yields substantially higher ac-
celeration. Consequently, it remains an important
problem to realize comparable speedups in large-
batch settings.
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A Configurations for Training

Train-from-scratch configurations. The MTP
module is initialized and trained from scratch. Key
hyperparameters, including the optimizer, learn-
ing rate, batch size, training epochs and the loss-
weighting hyperparameters for each MTP layer are
summarized in Table 5.

Hyperparameter Value

Epoch 5

batch size 16
Temperature 0.8
Learning rate 5e-5
Optimizer(AdamW) (51, 52) = (0.9,0.95)
A1, A2, A3 0.6,0.3,0.1

Table 5: Train-from-Scratch hyperparameters for the
MTP module

RL configurations. During RL, the MTP module
is trained with settings summarized in Table 6. The
parameter 3 controls the scaling of the Lyitp.ce
loss, while a top-k value of 1 indicates that we
employ the draft sequence instead of the draft tree.

Hyperparameter Value
I6; 0.2
Top-k 1
Clip range 0.2-0.28
Learning rate le-6
Prompts per step 8
Sampling temperature 0.8
Candidate responses per prompt 32

Table 6: RL hyperparameters for the MTP modules

B Lightweight Train-from-scratch

During the train-from-scratch of MTP, only a se-
lected proportion of model parameters are updated,
reflecting a lightweight training strategy. This ap-
proach reduces the computational cost and memory
usage, as summarized in Table 7.

Models Total Size (M) Update Ratio
3B-Instruct 3171 2.69%
7B-Instruct 7874 3.29%
14B-Instruct 15098 2.17%

Table 7: Parameter update ratios for training the MTP
module from scratch across different model sizes
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Benchmark Model Accuracy Speedup Method Speedup T Accuracy
Math-500 GRPO 76.8 1.00x 7B w/GRPO 1.00x 1.00 439
+MTP-RL 76.2 1.59x 7B w/MTP-RL 1.33x 2.09 (+0.39) 439
14B w/GRPO 1.00x 1.00 55.5
GRPO 20.0 1.00x
AIME-2024 +MTP-RL 20.0 1.53% 14B w/MTP-RL 1.65x 1.91(+0.24) 56.0
Table 9: Comparison of training efficiency between
HumanEval GRPO 82.9 1.00x GRPO and MTP-RL on the GPQA dataset using
+MTP-RL 83.5 1.45 % Qwen?2.5 models.
GRPO 63.7 1.00x
MBPP +MTP-RL 63.4 1.44 x

Table 8: Accuracy and speedup of Qwen2.5-7B-Instruct
with GRPO in downstream math and code benchmarks.

C Comparison of Speedups and Capacity
in Downstream Tasks

As illustrated in Table 8, we compare the speedup
and performance of Qwen2.5-7B-Instruct, trained
with GRPO, and our proposed method across sev-
eral downstream math and code tasks. The results
demonstrate that MTP-RL consistently improves
inference efficiency, achieving speedups ranging
from 1.44x to 1.59 x, while maintaining compara-
ble performance across all tasks.

D Supplementary Evaluation on the
GPQA Dataset

To further demonstrate the acceleration capability
of MTP-RL on other reinforcement learning tasks
and its effectiveness in addressing the acceptance
collapse issue, we conduct experiments on the
GPQA dataset, which is authored and verified by
domain experts in biology, physics, and chemistry.
We apply the GRPO algorithm to perform RL train-
ing on Qwen2.5-7B-Instruct and Qwen2.5-14B-
Instruct. As shown in Table 9, MTP-RL achieves
a speedup of 1.33x—1.65x on this task, while ef-
fectively mitigating acceptance collapse, yielding
an increase of 0.24-0.39 in the average acceptance
length. Moreover, our method matches or even sur-
passes the performance of the baselines, indicating
that the proposed acceleration strategy does not
compromise model quality.

E Algorithm of MTP-RL in
Advantage-aware Optimization Stage

We describe the execution process of MTP-RL dur-
ing the advantage-aware optimization stage.

Algorithm 1 RL with MTP Optimization

1: Input: main model 7wy, MTP 74, Hyperparam-
eters 6 , IV, epochs
2: for epoch =1 to Nepochs do
3:  Generate trajectory data D using my (with
7 for acceleration).
4:  Compute advantage values A; for each sam-
ple in D.

5:  for minibatch in D do
6: Compute w(A;) =1[A; > 0].
7: Compute Lyrp.xL by Equation 3.
8: Compute Lyrp.ce by Equation 1.
9: Compute RL 1oss LR joss-

10: Compute Lmtp-loss and  Lwain-loss DY

Equation 5.

11: Update 0 via Vg Lyain-1oss-

12: Update ¢ via V 4 LMTP-loss-

13:  end for

14: end for

15: Output: Optimized policy my and MTP 7.

F Trends in Average Acceptance Length
across Models and RL Algorithms

In this section, we present the transformations in
average acceptance lengths across all test models
and algorithms during RL training on the math task,
exhibited in Figure 1 (a) and Figure 7 — Figure 10.
Across different model sizes ranging from 3B to
14B, and under two distinct training paradigms
of GRPO and GSPO (token-level and sequence-
level), our approach increases the average accep-
tance length by approximately 0.3 — 0.6, with the
improvement being particularly pronounced in the
Qwen-14B-Instruct model. These results demon-
strate that our approach effectively resolves the
“acceptance collapse” phenomenon and acquires
a measurable improvement of average acceptance
lengths with RL training.
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