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Abstract

Reinforcement learning has become a central
paradigm for improving LLM reasoning. How-
ever, existing methods use a single policy to
produce both inference responses and training
optimization trajectories. The objective conflict
between generating stable inference responses
and diverse training trajectories leads to in-
sufficient exploration, which harms reasoning
capability. In this paper, to address the prob-
lem, we propose R?PO (Residual Rollout Policy
Optimization), which introduces a lightweight
Residual Rollout-Head atop the policy to de-
couple training trajectories from inference re-
sponses, enabling controlled trajectory diversi-
fication during training while keeping inference
generation stable. Experiments across multiple
benchmarks show that R?PO consistently out-
performs baselines, achieving average accuracy
gains of 3.1% on MATH-500 and 2.4% on
APPS, while also reducing formatting errors
and mitigating length bias for stable optimiza-
tion. Our code is publicly available at this link.

1 Introduction

In recent years, Large Language Models (LLMs)
Reinforcement learning (RL) has become a cen-
tral paradigm for improving the reasoning capabil-
ities of large language models (LLMs), underpin-
ning approaches such as Reinforcement Learning
from Human Feedback (RLHF) (Christiano et al.,
2017; Ouyang et al., 2022) and Verifiable-Reward-
based fine-tuning (RLVR) (Lambert et al., 2024;
DeepSeek-Al et al., 2025), and have achieved re-
markable success in complex reasoning tasks, in-
cluding mathematical problem solving, code gener-
ation, and multi-step decision making (DeepSeek-
Al et al., 2025; Wan et al., 2025; Ouyang et al.,
2022; DeepSeek-Al et al., 2025; Yu et al., 2025).
By optimizing models directly against task-specific
or preference-based reward signals, RL enables
LLMs to move beyond pure imitation and ex-

hibit stronger performance on complex reasoning
tasks (Stiennon et al., 2020; Shinn et al., 2023).

In existing RL methods such as PPO (Schul-
man et al., 2017) and GRPO (Shao et al., 2024),
a single policy network generates responses at in-
ference time and optimization trajectories during
training. However, an inherent gap exists between
the ideal response for inference and the ideal op-
timization trajectories required for training. The
former emphasizes accuracy and consistency, and
thus tolerates homogeneous outputs, whereas the
latter requires high diversity and broad solution-
space coverage that even includes informative er-
roneous paths to provide effective gradient signals.
However, since both objectives are enforced within
the same parameter space, the optimization process
is dominated by response-level correctness, which
suppresses exploration for diversity. As a result, the
model often falls into self-repetition during training
(Moalla et al., 2024; Cui et al., 2025).

To overcome this issue, we propose R2PO (Resid-
ual Rollout Policy Optimization). Unlike tradi-
tional paradigms that compress the two conflict-
ing objectives into a single policy, we introduce
a lightweight residual module integrated atop the
frozen backbone to decouple inference responses
and training trajectories. The Residual Rollout-
Head learns to make controlled adjustments to the
base distribution, exploring candidate trajectories
that the main policy would otherwise downweight.
This architectural decoupling keeps the primary
policy stable and high-quality at inference time,
while simultaneously ensuring diverse trajectory
exploration during training via the independent
residual Rollout-Head. The residual Rollout-Head
can be discarded at inference time, ensuring effi-
cient and consistent generation during deployment.

We investigate the effectiveness of R?PO across
mathematical reasoning and code generation tasks
on Qwen2.5-3B and Qwen3-8B. Experimental re-
sults underscore that R?PO significantly outper-
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Figure 1: Decoupling Ideal Responses and Optimization Trajectories. Left: The mismatch between ideal
inference responses and ideal training trajectories. Right: Single-head policy optimization versus R?PO with a

decoupled Rollout-Head for stable exploration.

forms the standard GRPO baseline, achieving an
average accuracy increment of 3.1% on MATH-
500 and 2.4% on APPS. We further reveal that
our framework effectively mitigates formatting er-
rors and length bias, maintaining a stable reasoning
trajectory even in the late stages of optimization.
The contributions of this work are as follows:

* We introduce the Rollout-Head, optimized
with a Group Inverse-Frequency reward, to
achieve decoupling between exploration and
exploitation, supporting structured explo-
ration while maintaining stable exploitation.

* We elucidate the Regularization Effect of this
design, which shields the primary policy from
destructive gradient noise and enhances over-
all training stability in GRPO.

* We show that R?PO consistently enhances
reasoning performance and training stability
across multiple benchmarks with negligible
computational overhead.

2 Related Works

We review related works from three comple-
mentary perspectives: (1) reinforcement learn-
ing for reasoning-oriented LLMs, (2) explo-
ration—exploitation mechanisms in LLM reinforce-
ment learning, and (3) decoupled or auxiliary ar-
chitectural designs.

RL for Reasoning LLMs Large Language Mod-
els (LLMs) have demonstrated significant reason-
ing improvements through Reinforcement Learn-
ing from Human Feedback (RLHF) (Ouyang et al.,
2022). While traditional PPO-based frameworks

(Schulman et al., 2017) rely on separate value mod-
els, recent paradigms like Reinforcement Learn-
ing with Verifiable Rewards (RLVR) (Lambert
et al., 2025; DeepSeek-Al et al., 2025) have gained
prominence in deterministic domains like mathe-
matical problems and coding. However, these ver-
ifiable reward landscapes are often sparse and un-
forgiving, exacerbating the instability of the single-
head policy architecture.

Exploration-Exploitation Dilemma The gap
between the ideal response and the ideal opti-
mization trajectories also reflects the exploration-
exploitation dilemma. Balancing exploration and
exploitation is a fundamental challenge in rein-
forcement learning (RL) (Sutton and Barto, 2018).
Traditional approaches like Soft Actor-Critic (SAC)
(Haarnoja et al., 2018), typically employ entropy
regularization to sustain exploration and prevent
premature convergence. In LLM fine-tuning, most
paradigms (Stiennon et al., 2020; DeepSeek-Al
et al., 2025) rely on KL-divergence penalties to im-
plicitly preserve diversity. However, such soft reg-
ularization is often insufficient, as policy entropy
can still collapse rapidly, leading to suboptimal
solutions (Moalla et al., 2024; Cui et al., 2025).
To better understand and mitigate this issue, sev-
eral works have investigated the role of entropy in
LLM RL. (Park et al., 2025) and (Lehman and
Stanley, 2011) analyze the interaction between
PPO clipping mechanisms and entropy dynamics.
(Cheng et al., 2025) examines how exploration that
characterized by entropy, affects the depth and di-
versity of reasoning trajectories from a reasoning-
centric perspective. Other studies further incor-
porate entropy-related signals into the optimiza-



tion objective, such as entropy-regularized policy
optimization (Xu et al., 2025) or entropy-aware
token-level updates (Wen et al., 2024), in order to
encourage broader exploration during generation.

Decoupled and Auxiliary Architectures The
idea of using auxiliary heads or decoupled struc-
tures has been explored in various domains. In
computer vision, residual connections (Xu et al.,
2024a) allowed for deeper training by isolating
residual mappings. In RL, some architectures sep-
arate the advantage and value streams to stabi-
lize learning. Closest to our work are efforts in
Parameter-Efficient Fine-Tuning (PEFT (Xu et al.,
2024b)) and auxiliary learning, where lightweight
modules (like Adapters or LoRA) are used to ex-
pand model capabilities.

3 Method

The core idea of R%PO is to isolate exploratory be-
haviors from the primary policy optimization pro-
cess while maintaining a shared backbone repre-
sentation, which is achieved by augmenting the
standard language modeling architecture with a
lightweight Rollout-Head.

Training proceeds through iterative optimization
cycles, where each cycle consists of two coordi-
nated stages. In the first stage, the Rollout-Head
is optimized to generate diverse exploratory trajec-
tories, while the backbone and LM-Head remain
fixed to preserve representational stability. In the
second stage, the Rollout-Head is frozen and serves
exclusively as a behavioral sampler, providing high-
quality trajectories to guide the optimization of the
base policy. This iterative circle scheme allows
the exploration module and the base policy to co-
evolve without directly interfering with each other.
Figure 2 illustrates the overall framework and the
interaction between the two stages.

3.1 Motivation

Figure 1 provides an intuitive view of a structural
limitation in existing single-head policy optimiza-
tion. During RL fine-tuning, the same output head
is simultaneously required to serve two conflict-
ing distinct roles: producing reliable and concise
responses for evaluation, and generating diverse tra-
jectories that expose informative gradient signals
for learning. While correct and stable responses are
sufficient at inference time, effective optimization
often relies on trajectories that are heterogeneous,
exploratory, and occasionally incorrect.
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Figure 2: Overview of R?P0. An iterative loop of two
alternating stages: Stage 1 (top) optimizes the Rollout-
Head using GIF reward with a frozen backbone; Stage 2
(bottom) updates the base policy on task rewards using
the Rollout-Head as a fixed behavioral sampler.

In single-head architectures, these two roles are
implicitly coupled. Gradients induced by response-
level correctness dominate the shared output space,
progressively suppressing deviations that could oth-
erwise reveal alternative reasoning paths. As a re-
sult, the policy tends to reinforce a narrow subset
of “safe” trajectories, even when broader explo-
ration would be beneficial for optimization. This
coupling manifests as conservative trajectory reuse
and limits the model’s ability to discover rare but
informative reasoning behaviors.

These observations motivate an architectural sep-
aration between response generation and trajectory
optimization. Rather than forcing a single output
head to reconcile these competing requirements,
we seek a mechanism that preserves a stable pri-
mary policy while allowing controlled, structured
perturbations during rollout generation. This de-
sign principle directly leads to the Rollout-Head
architecture introduced in the following section.

3.2 Overall Architecture

To separate response generation and trajectory ex-
ploration, we introduce the Rollout-Head as a
residual branch integrated atop the transformer
backbone. This module is implemented as a two-
layer Multi-Layer Perceptron (MLP), taking the
backbone hidden states H € R? as input, and
producing a logit-level offset over the vocabulary
space RV, where d denotes the hidden dimension
of the transformer and V is the vocabulary size. Let
frm denote the original LM-Head and fro denote
the Rollout-Head. Based on a shared backbone
representation, we define two policies that differ



only in their output heads: the main policy (mg) pro-
duced by the original LM-Head and is responsible
for stable exploitation, and the exploration policy
() that incorporated the residual perturbation in-
troduced by the Rollout-Head.

7o = Softmax(frm(H)),
Ty = Softmax(fro(H) + fum(H)).

To ensure stability during the cold-start phase,
we employ Zero-initialization for the Rollout-Head,
making the initial exploration policy identical to the
base policy at the beginning of training. By model-
ing exploration as a residual logit perturbation, the
Rollout-Head learns to modify the base distribution
in a controlled manner, enabling diverse trajectory
generation without catastrophic interference with
the base policy parameters.

()

3.3 Reward Design

Correctness and Formatting Reward. Follow-
ing recent advancements in large-scale reasoning
model training(Le et al., 2022; Shinn et al., 2023;
Gehring et al., 2025), we utilize a rule-based re-
ward system rather than a neural reward model to
provide dense and reliable feedback. For a given
query x and a generated response ¥;, the total re-
ward r(x, y;) is typically decomposed into:

T(I, yz) - J’%correct (yz) : Racc +“éformat(yi) : Rfmt (2)

where ¥ orrect and W iormat are indicator func-
tions checking for numerical correctness and ad-
herence to specific formatting templates (e.g., en-
closing the final answer between <answer> and
</answer>). This deterministic reward mechanism
ensures that the optimization signal remains con-
sistent throughout the iterative training process.

Group Inverse-Frequency Reward. To encour-
age unconventional behaviors, we prioritize trajec-
tories with lower group-relative frequencies, re-
gardless of whether their immediate task-specific
rewards are optimal. This is consistent with prior
work on Intrinsic Motivation literature (Bellemare
etal., 2016) and Novelty Search (Lehman and Stan-
ley, 2011), which suggest that rewarding surprise
or uniqueness can prevent premature convergence
in sparse reward environments.

To formally define the Group Inverse-Frequency
(GIF) Reward, let G = {y1,...,yg} be a group of
G sampled trajectories. Each trajectory y; is asso-
ciated with a standard verifiable reward r;. We
partition the group into K distinct reward bins

Bi,...,Bx,where B, = {y; € G| r; = v} and
v 1S a unique reward value present in the group.
The raw GIF score s; for trajectory y; € By is
defined as the inverse of the bin’s cardinality:

B 1 B 1
Bil S5 W[rj = il
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To ensure training stability and prevent gradi-
ent explosion, we apply Z-score Standardization
to the scores within the group to derive the final
exploration reward RqF.

3.4 Iterative Training

R2PO adopts a two-stage alternating optimization
scheme to separate the update signals for explo-
ration and exploitation. Both stages utilize the stan-
dard Group Relative Policy Optimization (GRPO)
(Shao et al., 2024) objective:
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where G is the number of generated responses

per query z. The importance ratio r; ;(6) and the
advantage A;; of token y; ; are given by:

mo(Yit | T, Yi<t)
TOo1a (yi,t | xayi,<t)

Ti,t ((9) =

A=A, = r(z,yi) — mean({r(a?,yi)}le)’

std({r(z, i) }1)
respectively, where all the tokens in y; share the
same advantage as Ai. Tref typically refers to the
initial SFT model used for KL regularization, while
To1q denotes the policy from the previous iteration
used for importance sampling.

3.4.1 Rollout-Head Optimization

In Rollout-Head optimization stage, we only opti-
mize the parameters of the Rollout-Head (¢) while
keeping the backbone and the primary LM-Head
frozen. Here, 7y serves as both the trajectory gen-
erator and the optimization target. Let y denote
the trajectories sampled from 7y, the optimization
objective for Stage 1 is formulated as:

min Jorro(9), ¥~ Ty &)



In our primary experiments, we employ the
Group Inverse-Frequency Reward as the default
exploration signal, as it explicitly encourages diver-
sity in optimization trajectories. A detailed compar-
ative analysis between this reward and alternative
designs is provided in Section 4.3.3.

3.4.2 Main Policy Optimization

In the main policy optimization stage, we freeze
the Rollout-Head and update the backbone and LM-
Head (). Crucially, the frozen Rollout-Head acts
exclusively as a behavioral sampler to provide
diverse trajectories that the base policy might not
otherwise discover. The optimization objective fo-
cuses on the base policy:

min Jorpo(#), vy~ 7y (6)

By alternating between these two stages, the ex-
ploration module continuously adapts to the evolv-
ing base policy, while the base policy gradually
absorbs high-quality exploratory behaviors under a
more stabilized training signal.

3.5 Discussion

Approaches that address the exploration-
exploitation dilemma discussed in Section 2 still
operate within the same parameter space for
exploration and exploitation, relying on modified
objectives, clipping strategies, or additional
sampling procedures. As a result, the gradients
that promote exploration and those that drive
reward maximization remain entangled. In
contrast, our proposed Rollout-Head introduces
a structural solution by explicitly decoupling
the exploration signal from the policy update
parameters. This architectural separation alleviates
gradient interference between training objectives
and inference objectives, yielding a more stable
and scalable exploration mechanism for LLM
reinforcement learning.

Moreover, our method is not merely a parameter-
efficient extension where PEFT typically prioritizes
parameter savings. Instead, R>PO serves as a dedi-
cated explorer designed to shield the primary policy
from the destructive noise of high-variance reason-
ing paths, allowing the backbone to remain focused
on learning stable, high-reward reasoning patterns
while the auxiliary head absorbs the volatility in-
herent in deep-space exploration.

4 Experiments

In this section, we conduct extensive experiments
to evaluate the effectiveness of R2P0 in enhancing
reasoning capabilities and training stability. We
begin by comparing R?P0 against the competitive
GRPO baseline across two representative domains:
mathematical reasoning and code generation. Sub-
sequently, we provide a series of diagnostic analy-
ses to examine the mechanistic drivers of R?PO. Fi-
nally, we discuss the computational efficiency and
parameter overhead of the proposed framework to
demonstrate its practical scalability.

4.1 Experimental Setup

We evaluate the performance of R?P0 across diverse
reasoning tasks. This section details our base mod-
els, benchmark datasets, and evaluation protocol.

Base Models We utilize Qwen2.5-3B (Qwen
et al., 2025) and the reasoning-enhanced Qwen3-
8B (Yang et al., 2025) as backbones to evaluate the
scalability of our method across different scales.

Datasets Our evaluation spans two representative
domains: Mathematical Reasoning and Code Gen-
eration. In the tasks of mathematical reasoning, we
use GSMB8K (Cobbe et al., 2021) for training and in-
distribution testing, and MATH-500 (Zhang et al.,
2025) as an out-of-distribution benchmark to assess
generalization in sophisticated logical deduction.
For programming tasks, we employ MBPP (Tao
etal., 2024) for optimization, while evaluating func-
tional synthesis capabilities on HumanEval (Yadav
and Mondal, 2025) and the multi-level algorithmic
challenges in APPS (Hendrycks et al., 2021).

Metrics For all benchmarks, we primarily report
the Pass@1 accuracy. During training, we adopt
a rule-based parser to extract numerical answers
from <answer> tags for mathematical tasks, while
for coding tasks, generated programs are validated
through a standard execution sandbox to verify
functional correctness. During inference time, all
benchmarks are evaluated following the protocol
described in the Evaluation Protocol paragraph.

Evaluation Protocol All benchmarks are evalu-
ated using the OpenCompass framework (Contrib-
utors, 2023). To ensure a fair comparison and elim-
inate potential performance discrepancies caused
by prompt sensitivity, we further customized the
evaluation configurations to maintain strict con-
sistency between the inference prompts and the



Table 1: Benchmark results comparison. Our proposed R2P0 framework significantly outperforms the standard
GRPO baseline across both mathematical and programming reasoning tasks.

Math (Pass@1)

Code (Pass@1)

Backbone Method Avg.
GSMS8K  MATHS500 MBPP  HumanEval  APPS
Base (SFT) 76.12 36.00 54.20 64.63 9.02 47.99
Qwen2.5-3B + GRPO 80.74 42.20 58.60 68.90 8.22 51.73
+R?PO (Ours) 83.17 45.60 59.00 68.90 9.52 53.24
Base (SFT) 80.74 51.00 58.80 66.46 12.84 53.97
Qwen3-8B + GRPO 88.55 54.40 66.60 86.59 15.38 62.30
+R?PO (Ours) 88.48 57.20 67.20 87.80 15.56 63.25

training templates. It should be noted that, as the
rule-based metric provided by OpenCompass for
the MATHS500 dataset is not fully compatible with
the output format generated during our training, we
therefore evaluate on this specific dataset using our
own tailored metric.

4.2 Main Results

The comparative results presented in Table 1 show
that our proposed R2PO framework consistently out-
performs the vanilla GRPO baseline across both
the 3B and 8B model scales.

Superiority in Complex Reasoning A key ob-
servation is that the performance gains of R%PO
are more pronounced on challenging, out-of-
distribution benchmarks. For instance, on the
MATH-500 dataset, the Qwen2.5-3B model with our
method achieves an absolute improvement of 3.4 %
over the standard GRPO (45.6% vs. 42.2%), and
the Qwen3-8B model sees a similar gain of 2.8%.
Similarly, in the APPS coding benchmark, which
requires sophisticated algorithmic synthesis, RZPO
achieves the highest Pass@1 scores across both
backbones. This suggests that the decoupling pro-
vided by the Rollout-Head allows the model to ex-
plore more diverse and advanced reasoning paths,
which are critical for solving complex problems
that require multi-step logical deduction.

Decoupling as a Stability Buffer While stan-
dard GRPO shows a performance decline in some
coding tasks (e.g., Qwen2.5-3B on APPS dropping
from 9.02 to 8.22), our R?PO maintains or even
enhances the base model’s performance. This sup-
ports our hypothesis regarding the representational
conflict. In vanilla GRPO, the destructive gradient
noise from high-variance exploration may prob-
ably destabilizes the learned patterns in the pri-
mary head. In contrast, the Rollout-Head acts as

a structural buffer. This architectural isolation en-
sures that the core policy can exploit stable reason-
ing paradigms while the rollout branch probes the
fringes of the solution space.

Scalability and Generalization Even when the
base policy is already strong, the Rollout-Head con-
tinues to provide incremental gains. The fact that
the base policy (my) reaches higher accuracy after
being trained with trajectories sampled from the ex-
ploration policy (74) confirms the effectiveness of
our Two-Stage Iterative Training. The exploration
head successfully discovers rare but correct rea-
soning paths that effectively expand the cognitive
boundaries of the primary backbone.

4.3 Stability and Robustness Analysis

In this section, we analyze the stability and robust-
ness of R?PO from three perspectives: (1) reward
dynamics and stability, (2) robustness to reward
misspecification, (3) length bias and verbosity.

4.3.1 Reward Dynamics and Stability

We monitor the mean and variance of rewards dur-
ing the training process on GSM8K. Specifically, we
distinguish between the global reward mean of all
generated trajectories and the subset of Informative
Rollouts defined as groups where reward variance
exists, thereby providing non-zero advantage sig-
nals for policy updates. As illustrated in Figure
3, our model consistently achieves a higher mean
reward with a more pronounced upward trajectory
compared to the baseline GRPO. Our model, on
the other hand, keeps the reward variance essen-
tially the same as the baseline model. This suggests
that the decoupled architecture facilitates a more
thorough search of the solution space before con-
verging to a stable, high-performing policy.
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Figure 3: The mean and variance of rewards during the
training process on GSM8K. The upper row shows the
mean reward, while the lower row displays the variance
of the mean reward. “Info” refers to Informative Roll-
outs, which contain varying rewards and thus supply
non-zero advantage signals for policy updates.

4.3.2 Robustness to Reward Misspecification

A critical challenge in rule-based reinforcement
learning is the gap between the training reward
function and the actual evaluation criteria. We
encountered a case of Reward Misspecification:
during training, the format reward was loosely
defined (requiring only the presence of <think>
and <answer> tags), whereas the evaluation script
strictly enforced a single occurrence of these tags.
In the baseline GRPO, we observed a sudden
spike in reward variance on the test set between
steps 2500 and 3000, exceeding even the initial
exploration phase. As shown in A.4, diagnostic
analysis revealed that the model learned to output
redundant <think> blocks, which is a behavior that
was not penalized during training but caused catas-
trophic failures during evaluation. According to
the error evolution trends in Table 2, this noise or
sub-optimal behavior is an emergent artifact of pro-
longed training. We utilize the GRPO model at step
100 as a baseline, as it represents the stage where
the model has fundamentally mastered the neces-
sary formatting requirements to obtain rewards.

Table 2: Evolution of Format Error Rate in Baseline
GRPO. The noise (redundant <think> tags) emerges
and accelerates during the late stages of training due
to reward misspecification. Measured on the first 100
samples of the GSMS8K test set.

100 2000 2500 3000
Error Rate (%) 0.125 2.750 6.875 46.625

Training Steps

To test whether our model’s resilience to this
issue was coincidental, we conducted a Perturba-
tion Experiment. After 2000 steps, we manually
injected redundant tags into successful trajectories
for 10 steps to simulate a "noise trap." We then
measured the probability of the model adopting this
erroneous behavior in the subsequent 100 steps.

Table 3: Results of the Perturbation Experiment. Mea-
sured on the first 100 samples of the GSM8K test set.

Steps GRPO  R’PO

2000 (Start) 0.125% 0.000 %
2050 0.375% 0.000%
2100 0.875% 0.000%

The baseline GRPO quickly succumbed to the
perturbation, with the error rate rising to 0.875%,
whereas our model maintained a 0% error rate. This
clearly demonstrates that our decoupled head archi-
tecture provides significantly higher perturbation
immunity, likely because the primary policy is
effectively shielded from the high-variance explo-
ration noise by the Rollout-Head.

4.3.3 Length Bias and Verbosity

Standard GRPO often suffers from a "ver-
bosity bias" where incorrect answers tend to in-
crease in length to minimize token-level penalties
(DeepSeek-Al et al., 2025). In contrast, our model
produces more concise responses. We compare the
average length of correct and incorrect answers
against a baseline GRPO model from the early
training phase (100 steps) to serve as a reference
point, as its outputs are sufficiently standardized
to avoid evaluation bias under our metrics. Our
results indicate that by decoupling exploration, the
model avoids the trap of using excessive tokens
as a buffer for negative gradients, leading to more
efficient reasoning paths.



Table 4: Average Response Length (tokens) Compari-
son. Our model suppresses the "length explosion" ob-
served in late-stage GRPO, particularly for incorrect
trajectories. Measured on the first 100 samples of the
GSMBSK test set.

Base GRPO R2PO

211.61 211.95 204.12
281.22  295.28 281.59

Response Type

Correct Answers
Incorrect Answers

4.4 Ablation Study

To identify what truly drives the gains of R?PO: the
decoupled architecture, the reward design, or the
freeze—update schedule, we isolate these factors in
two additional ablations that test (i) the role of the
Group Inverse-Frequency Reward signal, and (ii)
the necessity of the Rollout-Head.

Reward Signal Instead of the Group Inverse-
Frequency (GIF) Reward, we train the Rollout-
Head using the main reward, i.e., the same accu-
racy and formatting rewards as the primary policy
used. This ablation study evaluate whether the im-
provements come mainly from the architectural
decoupling itself rather than the Group Inverse-
Frequency Reward signal. As shown in Table 5, the
Correctness and Formatting Reward configuration
achieved the highest overall performance, slightly
exceeding the Group Inverse-Frequency Reward
variant. This suggests that the structural separa-
tion of exploration is the primary driver of success,
providing a stable sandbox for the model to refine
reasoning paths. This is an encouraging finding, as
it implies that R?PO can be successfully deployed
without complex reward engineering.

Residual Branch To evaluate if the gains simply
result from the staggered frozen training sched-
ule, we implemented a version without the Rollout-
Head, where we periodically froze the LM-Head
while updating the backbone, and vice-versa. As
also shown in Table 5, the optimization without
the Rollout-Head outperformed vanilla GRPO but
lagged behind the full R2PO, confirming that the ad-
ditional parameter capacity of the residual branch
is essential for effective decoupling.

4.5 Efficiency and Parameter Discussion

To evaluate the computational efficieancy of RZPO,
we analyze the parameter overhead and its impact
on both training and inference phases. As shown
in Table 6, although R?PO introduces a set of aux-

Table 5: Ablation Study on GSM8K using Qwen2.5-3B

Configuration GSMSK (Math)
Vanilla GRPO 80.74
R2PO (w/o Rollout-Head) 82.18
R2PO (w/ GIF Reward) 83.17
R2PO (w/ Main Reward) 83.55

iliary parameters (ranging from 7.8% to 10.2%),
this growth is confined to the training stage. In
the inference phase, the Rollout-Head is detached,
resulting in zero additional latency.

Table 6: Parameter overhead across model scales.

Model Base Full Added (A) Growth (%)
Qwen2.5-3B 3.09B 340B 31536 M ~10.2%
Qwen3-8B 8.19B 8.83B 639.11 M ~7.8%

Beyond parameter count, we further examine the
peak GPU memory usage during training. Com-
pared to vanilla GRPO, which requires 58,519 MB
of GPU memory, R2PO exhibits a markedly differ-
ent memory profile across its two stages. In Stage 1,
where only the Rollout-Head is optimized and the
backbone is frozen, the peak memory usage drops
significantly to 26,343 MB, representing a reduc-
tion of over 55%. In Stage 2, where the backbone
and LM-Head are updated while the Rollout-Head
is frozen, the memory usage (60,563 MB) is com-
parable to that of vanilla GRPO. The proposed
framework therefore incurs no additional inference
cost and only marginal training overhead, making
it suitable for large-scale deployment.

5 Conclusion

To bridge the gap between response generation and
trajectory optimization, we introduce the Rollout-
Head, an architectural refinement that decouples
policy functions by isolating exploration into a
residual branch. This approach mitigates the rep-
resentational conflicts and training instabilities in-
herent in standard reinforcement learning, with ex-
periments showing significant gains in robustness
against reward misspecification and length bias
compared to GRPO. Ultimately, such structural
decoupling proves essential for building stable and
efficient large-scale reasoning models in complex
reward landscapes.



Limitation

R?PO is evaluated only on models of 3B and 8B pa-
rameters. Its behavior on substantially larger mod-
els (e.g., 70B+) or smaller-scale models remains to
be explored. For large-scale models, it is unclear
whether the Rollout-Head can continue to yield
meaningful gains with a relatively small number
of additional parameters. Conversely, for smaller
models, the parameter increase introduced by the
Rollout-Head, although minimized, may still con-
stitute a non-negligible overhead given their limited
capacity and vocabulary size. Moreover, our exper-
iments focus exclusively on single-turn reasoning.
Extending this decoupled exploration framework to
multi-turn dialogue settings or long-horizon agent
tasks may introduce additional challenges, which
we leave for future investigation.

Ethics Statement

While R?PO enhances the reasoning and problem-
solving capabilities of LLMs, we recognize po-
tential risks associated with its deployment. Im-
proved reasoning could theoretically be misused
for generating sophisticated malicious code or au-
tomated misinformation. To mitigate such risks,
our experiments rely solely on publicly available
datasets, and the training follows standard RLHF
safety alignment practices. Moreover, the structural
decoupling introduced in R2PO improves optimiza-
tion transparency and model interpretability, which
can help in auditing model behavior and reducing
unintended outputs. We emphasize that the deploy-
ment of R2PO should consider these risks and be
accompanied by appropriate monitoring and access
control.

Use of AI Assistants

Al assistants (specifically ChatGPT and Gemini)
were used in this research primarily for language
polishing, improving grammatical structures, and
refining the clarity of the manuscript. All original
methodology, experimental design, and data analy-
sis were conducted solely by the human authors.
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A Appendices
A.1 The Details of Datasets

We evaluate the performance of R2PO across sev-
eral high-quality reasoning and coding benchmarks.
The statistics of these datasets are summarized in
Table 7.

GSMSK (Cobbe et al., 2021) The Grade School
Math 8K dataset consists of 8.5K high-quality
grade school math word problems. We use the
training set for reinforcement learning and the test
set for in-distribution evaluation. This benchmark
tests basic multi-step arithmetic reasoning.

MATH-500 (Zhang et al., 2025) A subset of the
original MATH dataset, containing 500 challenging
problems across several subjects like algebra and
geometry. We use this as an out-of-distribution
(OOD) test set to evaluate the generalization of
models trained on GSM8K.

MBPP (Tao et al., 2024) The Mostly Basic
Python Problems dataset contains around 1,000
entry-level Python programming problems. It is

11

used to fine-tune the model’s basic code generation
capabilities through verifiable rewards.

HumanEval (Yadav and Mondal, 2025) A stan-
dard benchmark consisting of 164 handwritten
Python programming problems. It evaluates the
model’s ability to solve functional programming
tasks based on docstrings.

APPS (Hendrycks et al., 2021) The Automated
Programming Progress Standard contains 10,000
coding challenges ranging from introductory to
competition level. It assesses sophisticated algo-
rithmic synthesis and is a key metric for reasoning-
intensive coding tasks.

Table 7: Statistics of the datasets used for R2PO training
and evaluation.

Dataset Domain Train Size Test Size
GSMS8K Math 7,473 1,319
MATH-500 Math - 500
MBPP Code 374 500
HumanEval Code - 164
APPS Code - 5,000

A.2 The Details of Baselines

We select two models from the Qwen series to
evaluate R2PO across different parameter scales and
capability levels:

Qwen2.5-3B (Qwen et al., 2025) A highly effi-
cient language model with 3.09 billion parameters.
It serves as our primary testbed for analyzing train-
ing dynamics and performing ablation studies due
to its balanced performance and computational ef-
ficiency.

Qwen3-8B (Yang et al., 2025) The latest
reasoning-enhanced backbone with 8.19 billion pa-
rameters. This model features a deeper understand-
ing of complex logical structures and improved
long-context reasoning capabilities. We use this
model to verify the scalability of R2PO and its ef-
fectiveness when applied to stronger base policies.

A.3 Training Hyperparameters

All experiments are conducted on a cluster of
NVIDIA A800-SXM4-80GB GPUs. For both the
Qwen2.5-3B and Qwen3-8B backbones, we em-
ploy the AdamW optimizer with a constant learn-
ing rate of 1 x 1075 and a cosine decay schedule.
To ensure a fair comparison, GRPO and R?PO share
identical RL configurations: a group size (G) of
8, a KL-divergence coefficient (3) of 0.04, and a
PPO clip range (¢) of 0.2. The maximum sequence


https://openreview.net/forum?id=WvFoJccpo8
https://openreview.net/forum?id=WvFoJccpo8
https://openreview.net/forum?id=WvFoJccpo8
https://doi.org/10.1016/J.JSS.2025.112543
https://doi.org/10.1016/J.JSS.2025.112543
https://doi.org/10.1016/J.JSS.2025.112543
https://doi.org/10.1016/J.JSS.2025.112543
https://doi.org/10.1016/J.JSS.2025.112543
https://arxiv.org/abs/2505.09388
https://doi.org/10.48550/ARXIV.2503.14476
https://doi.org/10.48550/ARXIV.2503.14476
https://doi.org/10.48550/ARXIV.2503.14476
https://doi.org/10.1109/CVPR52734.2025.02669
https://doi.org/10.1109/CVPR52734.2025.02669
https://doi.org/10.1109/CVPR52734.2025.02669

length is set to 512 for 3B models and 768 for 8B
models.

A.4 Case Study: Redundant Reasoning
Patterns in GRPO

As shown in the example, the standard GRPO
model frequently produces redundant <think> tags
and repetitive logic cycles. This behavior indicates
that without the structural decoupling provided by
R2PO, the single-head policy are more susceptible
to undesirable reward noise.

Table 8: Case Study on Formatting and Verbosity. The baseline GRPO model produces an over-optimized response
with repetitive <think> </think> tags, which often leads to parsing failures in strict evaluation environments.
R2PO effectively suppresses this formatting noise through its decoupled architecture, yielding a significantly shorter
response (one <think> </think> block) without compromising mathematical accuracy.

Case 1

Question: Toulouse has twice as many sheep as Charleston. Charleston has 4 times as many sheep as Seattle.
How many sheep do Toulouse, Charleston, and Seattle have together if Seattle has 20 sheep?

Ground Truth: 260

GRPO:

<think> First, let’s find out how many sheep Charleston has. Since Toulouse has twice as many sheep as
Charleston, and Charleston has 4 times as many sheep as Seattle, we can start by finding out how many
sheep Charleston has: Charleston sheep = 20 (Seattle’s sheep) * 4 = 80 sheep </think>

<think> Now, to find the number of sheep in Toulouse, we multiply Charleston’s number of sheep by 2:
Toulouse sheep = 80 (Charleston’s sheep) * 2 = 160 sheep. </think>

<think> Now, let’s sum up the total number of sheep in Toulouse, Charleston, and Seattle: Total sheep =
Toulouse sheep + Charleston sheep + Seattle sheep = 160 + 80 + 20 = 260 sheep. </think>

<answer> The total number of sheep in Toulouse, Charleston, and Seattle is 260. </answer>

RZPO:

<think> Let’s start by figuring out how many sheep each city has based on the information provided. If
Seattle has 20 sheep, and Charleston has 4 times as many sheep as Seattle, then Charleston has 4 * 20 = 80
sheep. Toulouse has twice as many sheep as Charleston, so Toulouse has 2 * 80 = 160 sheep. To find the
total number of sheep in Toulouse, Charleston, and Seattle together, we add the number of sheep in each city:
20 + 80 + 160 = 260 sheep </think>

<answer> 260 sheep </answer>

Case 2

Question: Kylar went to the store to buy glasses for his new apartment. One glass costs $3, but every second
glass costs only 60% of the price. Kylar wants to buy 16 glasses. How much does he need to pay for them?
Ground Truth: 64

GRPO:

<think> First, let’s calculate the cost of one glass, which is $5. </think>

<think> For every second glass, Kylar will pay 60% of $5, which is 0.6 * $5 = $3. </think>

<think> Kyle wants to buy 16 glasses. In this case, he will buy 8 glasses for the first price and 8 glasses for
the second price (60% of the price). </think>

<think> So, the total cost for the first 8 glasses is 8 * $5 = $40. </think>

<think> The total cost for the second 8 glasses is 8 * $3 = $24. </think>

<think> Therefore, the total cost for Kylar’s glasses is $40 + $24 = $64. </think>

<answer> $64 </answer>

R*PO:

<think> First, Kylar needs to buy 16 glasses. The price for the first glass is $5. For every second glass, he
pays 60% of $5, which is 0.60 * $5 = $3. So, for every pair of glasses (one original and one discounted), he
pays $5 + $3 = $8. Since he wants to buy 16 glasses, half of them (8 pairs) are original, and the other half (8
pairs) are discounted. Therefore, the total cost is 8 * $5 + 8 * $3 = $40 + $24 = $64. </think>

<answer> $64 </answer>
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