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ABSTRACT

Reinforcement Learning with Verifiable Rewards (RLVR) has improved the rea-
soning abilities of Large Language Models (LLMs) by using rule-based binary
feedback, helping to mitigate reward hacking. However, current RLVR methods
typically treat whole responses as single actions, assigning the same reward to
every token. This coarse-grained feedback hampers precise credit assignment,
making it hard for models to identify which reasoning steps lead to success or
failure, and often results in suboptimal policies. Methods like PPO provide credit
assignment by value estimation, but yield inaccurate and unverifiable signals due
to limited sampling. On the other hand, methods using Process Reward Models
can provide step-wise rewards but suffer from several key limitations: they require
high-quality process supervision labels, the feedback is unreliable due to proba-
bilistic reward modeling, and their application in online reinforcement learning
(RL) is time-consuming. To overcome these limitations, we introduce a simple
but efficient method—Credit Assignment Policy Optimization (CAPO). CAPO
avoids the complexities of prior approaches. Instead of training auxiliary models,
CAPO directly leverages an off-the-shelf, general-purpose LLM as a Generative
Process Reward Model (LLM-as-GenPRM) to generate all step-wise critique by
one pass only based on the correctness of the step itself, providing deterministic
token-level credits to refine the tokens that were originally assigned identical rule-
based rewards. This design choice not only simplifies the training pipeline but also
enhances its generality, as our experiments show it works effectively with various
powerful, widely accessible open-source models. The fine-grained feedback en-
ables a crucial shift from purely outcome-oriented to process-oriented learning;
our analysis of this dynamic leads to a reward structure that balances both objec-
tives. To further enhance the accuracy and robustness, we employ voting mech-
anisms that scale with the number of generated critiques. Extensive experiments
on various backbones like Llama and Qwen models show that CAPO consistently
outperforms supervised learning-based and RL-based fine-tuning methods across
four challenging mathematical benchmarks and three out-of-domain benchmarks.
Further analysis shows that CAPO can help the model to foster the learning of
correct reasoning pathways leading to correct answers.

1 INTRODUCTION

Reinforcement Learning with Verifiable Rewards (RLVR) has demonstrated significant success in
enhancing the reasoning capabilities of Large Language Models (LLMs) (Lambert et al., 2024} |Guo
et al., 2025). Particularly in the post-training phase, RLVR enhances models’ mathematical and
code reasoning abilities. Recently, a substantial body of work (Su et al., 2025} |Lu, 2025} |Sane}
2025} |Dao & Vu, 2025} [Tang et al., [2025b)) has extended the application of RLVR to diverse do-
mains beyond mathematics and code, achieving widespread validation and notable progress. RLVR
employs verifiable, rule-based reward functions to provide models with clear binary feedback dur-
ing reinforcement learning. This approach mitigates reward-hacking, often caused by reliance on
subjective human evaluations or complex reward models (Eisenstein et al.,|2023}; |Gao et al., 2023}
Dong et al.| [2023), thereby fostering a more transparent and efficient training process.

However, prevailing rule-based RLVR methods typically assign the binary reward of the entire re-
sponse as the raw return to all tokens. This approach leads to two significant issues: it fails to
provide differentiated feedback and entirely neglects the problem of credit assignment. Firstly, we
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(a) The coarse credit assignment problem in RLVR. P

RLVR assigns rewards based solely on the final out- (b) Training dynamics of CAPO on Qwen2.5-7B. The

come, failing to provide differentiated feedback. This growth in CAPO’s response length indicates effective

lack of granular feedback hinders the model’s ability exploration, where the model learns to produce more

to learn robust reasoning processes. meaningful, exploratory steps, leading to higher accu-
racy.

Figure 1: Addressing the coarse credit assignment problem with CAPO. (a) A schematic illustrating
the core limitation of RLVR, where a single final reward fails to provide granular feedback for the
reasoning process. (b) The training dynamics of our CAPO, on Qwen2.5-7B, demonstrating effec-
tive learning where increased exploration (longer responses) correlates with higher final accuracy.

use an example to illustrate the problem of lack of differentiated feedback in Figure[Ta] The qual-
ity of different responses to a single question can vary dramatically. A significant gap can exist
even among responses that are all correct or all incorrect. As shown in Figure[Ta] a response with
a correct answer might have a completely correct process or a few containing flawed steps. Simi-
larly, a response with an incorrect answer might have a process that is mostly wrong, or one where
only a few steps are erroneous. Therefore, merely assigning a binary reward is far from sufficient.
Secondly, the current rule-based RLVR methods simplified the RL problem to a contextual dueling
bandit setting (Dudik et al., 2015} [Zeng et al., 2024; |Yue et al., |2012)) where the entire response is
treated as a single action, thereby avoiding the need for a value model. And therefore it ignored the
credit assignment step, which is an important step in reinforcement learning.

On the other hand, existing methods providing fine-grained credit are prone to reward hacking. As
shown in Table[] in addition to PPO, to conduct fine-grained credit assignment, some works densify
the rewards by decomposing sequence-level rewards to token-level feedback, using attention-based
credit (Chan et al., [2024) or Shapley values (Cao et al., 2025)) (densification-based RL). However,
these methods rely on a reward model or other complicated external sources, causing potential re-
ward hacking. Another line of work employs process reward models (PRMs) (Lightman et al., 2023
Setlur et al.,[2024). While PRMs can provide step-wise rewards, they face significant practical chal-
lenges: they rely on high-quality, costly manual annotations and require multiple inference calls for
each step, reducing their efficiency in online RL. Beyond these practical issues, the core problem
with PRMs and estimation-based methods mentioned above still lies in the inaccuracy and unre-
liability of their credit assignment. The value model in PPO, for instance, is unreliable due to its
dual-optimization objective. Similarly, existing PRMs typically model process rewards as a form of
value estimation, predicting the future returns of a current state. However, this Monte Carlo-based
estimation is challenging due to limited sampling and the intricate interaction between the policy and
completion models. Worse still, optimizing PRMs on the Best-of-N evaluation metric often causes
an unintended process-to-outcome” shift (Zhang et al.,2025c)), where the model learns to prioritize
the final answer over a sound reasoning process, undermining the purpose of process supervision.

To address these challenges, we introduce Credit Assignment Policy Optimization (CAPO). In-
spired by GRPO’s simplicity, we discard the probabilistic value estimation of process rewards and
adopt a deterministic, binary evaluation. Our approach focuses solely on the intrinsic correctness of
each step—identifying objective errors like flawed calculations or logic—rather than predicting its
long-term value. This simpler, more straightforward approach reduces the risk of reward hacking.
Specifically, we use an off-the-shelf, general-purpose LLM as a Generative Process Reward Model
(LLM-as-GenPRM) to achieve this goal, prompting it to efficiently generate all step-wise critique(or
said judgment) in a single pass only based on the correctness of the step itself, thereby providing
step-wise credit feedback for each generated response during online RL. This makes our method
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Table 1: Comparison of existing methods to conduct credit assignment. Here NV is a number larger
than 1. CAPO is an efficient, simple, and general method that provides reliable credit assignment.

High-Quality Number of Providing Test-Time Fine-grained
Method Data Inference Calls  Reliable Rewards Scaling Credits
PPO X 1 X X v
Densification-based RL X 1 X X v
PRM v N X X v
CAPO X 1 v v v

remarkably simple to implement and broadly applicable, as it does not require specialized or finely-
tuned reward models. The use of publicly available, powerful LLMs as the GenPRM significantly
lowers the barrier for replication and further extension by the research community. We then apply a
penalty to the credits of their corresponding tokens that were originally assigned identical rule-based
rewards. This enables a shift from outcome- to process-oriented learning, but we find this introduces
a new challenge: a conflict between the two reward signals. We therefore analyze their dynamics
and utilize reward shaping to create a hierarchical reward structure, effectively balancing both ob-
jectives. To enhance robustness and accuracy, we scale up the number of critiques generated by
the LLM-as-GenPRM and use voting mechanisms to produce more accurate penalty assignments.
Finally, we use these credits to conduct policy optimization.

The extensive experiments show that CAPO consistently outperforms both supervised fine-tuning
and reinforcement learning-based methods. Furthermore, our analysis reveals the mechanism behind
this success: CAPO actively fosters the learning of correct reasoning pathways, guiding the model
to generate solution trajectories that lead to correct answers and promote more effective exploration.

We summary our main contributions as follow:

* We identify the critical challenge in RL-based LLM fine-tuning, where current methods fail
to achieve fine granularity, reliability, and efficiency simultaneously. We show that while
standard RLVR is reliable, it lacks granularity. Conversely, fine-grained methods often
become unreliable and susceptible to reward hacking due to their reliance on complex,
estimation-based signals.

* We propose Credit Assignment Policy Optimization (CAPO), an efficient and simple
method for the critical credit assignment problem in RLVR. We propose to focus back
on the correctness of the step itself and employ an LLM-as-GenPRM to assign reliable
step-wise rewards, enabling token-level fine-grained credit attribution.

* We conduct an in-depth analysis of the shift from outcome- to process-oriented learning
enabled by fine-grained rewards. We identify a critical conflict between these two signals
and, based on our empirical observations, propose an asymmetric reward shaping strategy.
Our approach creates a hierarchical learning objective that prioritizes correct outcomes
while secondarily encouraging sound reasoning, effectively balancing the two signals.

» Extensive experiments on four mathematical and three general reasoning benchmarks with
Llama3-1B/3B and Qwen2.5-1.5B/7B/14B show that CAPO consistently outperforms su-
pervised learning and other RL approaches lacking fine-grained credit assignment.

2 PROBLEM ANALYSES

Reinforcement Learning provides a robust paradigm for fine-tuning Large Language Models
(LLMs) beyond standard supervised objectives (Ziegler et al.| |2019; |[Ouyang et al., 2022)). In this
paradigm, the LLLM acts as a policy 7y that sequentially generates tokens a; (actions) given the pre-
ceding sequence s; (state), forming a trajectory 7 = (s, ag, . . . , ST, ar) where the state s; typically
represents the sequence of previously generated tokens (e.g., 0g, ..., 0;—1), and an action a, is the
selection of the next token o; from the vocabulary V. The goal is to optimize 7y to maximize the

expected cumulative reward J(0) = E. ., [ZZ;O Yire.

While the framework is well-defined, a critical and unresolved challenge lies in credit assignment:
determining which specific actions within a long trajectory are responsible for the final outcome and
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Process Credits Generation via LLM-as-GenPRM
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Figure 2: An overview of our method Credit Assignment Policy Optimization (CAPO). We utilize
a LLM as a GenPRM to identify all incorrect steps within a model’s generated rollout in a single
pass. During credit assignment, we then suppress these erroneous steps, which prevents the correct
portions of the sequence from being unfairly penalized, enabling the model to learn correct reasoning
pathways. We denote Wynole and Wi,ocess as C and P for short.

to what extent. Below, we analyze the limitations of prevailing credit assignment strategies, which
motivates our work.

The Coarse-Grained Feedback Dilemma in Outcome-Based RL. A typical strategy in RLVR,
exemplified by methods like Group Relative Policy Optimization (GRPO) 2024), ig to
R'—mean({R"};_

SR
for any token o4, t = {1,...,T}, where R is the response-level rule-based reward. The absence
of granular feedback in GRPO means the model cannot differentiate between partially correct and
entirely flawed reasoning. This makes it difficult to learn robust reasoning logic, as the model fails
to reinforce correct steps or penalize individual errors.

assign an identical reward to all tokens based solely on the final outcome as Ai =

The Vulnerability to Reward Hacking in Fine-Grained Approaches. We argue that the primary
challenge in achieving fine-grained credit assignment lies in providing reliable process credits while
avoiding reward hacking. A key factor in the success of methods like GRPO is their simple and
direct reward design, which minimizes dependence on external sources (such as auxiliary models
or complex rules) and is thus robust against reward hacking. In contrast, while methods utilizing
an auxiliary model—like a reward model (Chan et all 2024) or a value model
[2017)—can offer fine-grained credit assignment, they are inherently vulnerable to being hacked by
this very model. The policy can learn to exploit inaccuracies or biases in the auxiliary model to
maximize rewards, often at the expense of true performance. This vulnerability also extends to
approaches based on PRMs. Beyond suffering from the high costs of online RL application and
manual annotations, PRMs face a more fundamental issue. They typically function as predictive
estimators of a solution’s potential, often relying on Monte Carlo methods Such probabilistic mod-
eling can introduce substantial noise and unreliability into the process-level rewards
[2025¢), creating opportunities for the policy to find and exploit spurious correlations.

Therefore, a critical research question emerges: how can we design a credit assignment method that
is both simple and effective, providing the benefits of fine-grained feedback without introducing
complex dependencies that lead to reward hacking?

3 CAPO: THE PROPOSED APPROACH

The preceding analysis of existing methodologies reveals a critical gap in the current works of
RL-based LLM fine-tuning. We therefore propose our approach, called Credit Assignment Policy
Optimization (CAPO), which aims to achieve fine-grained and reliable credit assignment efficiently,
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with an overview in Figure 2] We first prompt the off-the-shelf LLM-as-GenPRM to obtain the
judgment for each step in a single pass. Then, we conduct credit assignment by setting asymmetric
penalty to tokens in wrong steps. Finally, we use these credits to conduct RL training.

3.1 PROCESS CREDITS GENERATION VIA LLM-AS-GENPRM

To avoid the complex modeling and dependencies of existing fine-grained approaches, we propose to
model the process credits in a deterministic manner. Our method focuses on the intrinsic correctness
of each step, rather than its estimated future returns. To achieve this, we introduce an LLM as a
GenPRM (LLM-as-GenPRM) to identify erroneous steps in the responses produced by the policy
model rollouts during RL. A key advantage of this framework is its immediate applicability using
existing open-source models without any domain-specific fine-tuning of the GenPRM itself. This
not only validates the general reasoning capabilities of modern LLMs but also opens up a promising
avenue for future work, where the GenPRM could be further fine-tuned on specific verification data
for even greater accuracy and efficiency. We use the LLM to generate the rewards in a single pass for
all steps efficiently. Given the training data (g, a) € D, we sample n rollouts from the policy model
Toua: Yitiey ~ T4 (- | @). Then for each rollout, we utilize LLM-as-GenPRM 71,1 M. as-GenPRM
to generate k critiques:

{e;}r_y ~ mrim—as—cenpran) (- | 1, @5 4i),
where [ is the critic prompt for LLM-as-GenPRM. Next, we extract the step indexs of wrong steps
from critiques: S, ; = ExtractIndices(c;),Vj € {1,...,k}, where S; ; represents the set of wrong
step indices identified by the j-th critique c; for the -th rollout ¥;. For each rollout y;, this process
yields  sets of indices, denoted as {S; ;}}_,.

These sets of indices are then aggregated through a voting mechanism to produce a final set S;* of
erroneous step indices for rollout y;. The voting process can employ various strategies, including:

* Intersection Vote: This conservative approach requires consistent agreement among all &

critiques. The final set contains only those step indices consistently identified as erroneous
by all k critiques: S = ﬂ§=1 S;,;. This method maximizes precision and is robust to
false positives, but it may miss genuine errors not caught by all critiques, leading to lower

recall.

* Majority Vote: A balanced strategy that declares a step as erroneous if it is flagged by at
least half of the critiques. Let count(s) be the number of times step index s appears across
all sets {S; ;}¥_,. The final setis S;"™ = {s | count(s) > k/2}. This offers a compromise
between intersection and union.

A single sampled response carries high randomness from the model’s stochastic decoding. By gen-
erating multiple critiques, we reduce the noise for robust and reliable identification of wrong steps.
We here only present the implementation of the most representative voting mechanism for limited
space. And the details of other voting mechanisms and discussion can be found in Appendix.

3.2 FINE-GRAINED CREDIT ASSIGNMENT
For a given rollout y; = (01,09,...,0r,), Where o, is the ¢-th token and L; = |y;| is the total
number of tokens in the response, we aim to assign credit more precisely.

Localizing Contributions with Token-level Rewards. We initialize all the tokens in y; with the
score of response-level reward r,, from the rule-based verifier, scaled by a factor Wino1e. Let S be
the set of identified erroneous step indices for response y;. We define 7., as the set of token indices
belonging to these erroneous steps:

Ti = U {t | token oy is part of step s}.

sES;"
The token reward Ri for token o, in response y; is then formulated as:
R?: =Ty thole - H(t € 7;3) . Wprocess, (1)

where I(¢ € 7..) is an indicator function that equals 1 if token o; is part of an erroneous step, and
0 otherwise. Wi, ocess 18 the factor controlling the magnitude of the penalty. Equation [I{integrates
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both process and outcome rewards into a single formulation. However, we empirically find that
these two signals can conflict, creating a challenging optimization dynamic. Therefore, we conduct
an analysis of their interaction and utilize reward shaping to balance their influence as below.

The Shift from Outcome-Oriented Learning to Process-Oriented Learning. The introduction of
a penalty for process errors, as formulated in Equation |1} transforms the optimization from a single-
objective setting into a multi-objective one. The model is no longer solely focused on the correctness
of the final answer, but must also learn to focus on its intermediate steps. This necessitates a careful
investigation into how these two reward signals interact and how their balance can be calibrated for
optimal performance.

To analyze this interaction, we first consider the mode where process-based rewards dominate. Em-
pirically, we observe that when the process penalty is too high, the response length and per-token
reward increase, while final answer accuracy declines. We find that the model will overfit to a cer-
tain behavior pattern, optimizing for easily attainable process-level rewards (e.g., generating long,
simple, but correct steps) at the expense of the ultimate goal. In contrast, a dominant outcome-based
reward acts as a crucial corrective force, anchoring the policy back to the primary objective. We
summarize our key insights about the mechanism of interaction of these two signals below, and the
detailed discussion and validation can be found in the experiments and Appendix.

Observation 1: Learning from the process is a more challenging objective. In the early
stages of optimization, accumulating correct process steps might not lead to a correct result,
and even slow down the training.

Observation 2: The process-oriented signal becomes critically important in the later stages
of optimization. It helps to differentiate and prioritize samples with better reasoning among
numerous responses that achieve the same outcome.

These observations leads to our reward shaping design, which can be framed in the context of Multi-
Objective Reinforcement Learning (MORL) (Mossalam et al., 2016;|Wu et al.,[2023). Our approach
employs a linear scalarization of the two objectives. Based on the observations of the learning
process, we adopt an asymmetric configuration (Wynole > Wprocess) in Equationto construct the
reward formulation. By setting Wiynole > Wprocess, We ensure that any trajectory leading to a correct
answer is always preferred over any trajectory leading to a wrong one, regardless of process errors.
Within this primary constraint, the model is then secondarily encouraged to refine its reasoning
process. For example, Wynhole = 2, Wprocess = 1 yields a spectrum of distinct rewards that provides
diverse, fine-grained feedback:

Correct Answer, Correct Process: R=2-1—1-0= +2
Correct Answer, Incorrect Process: R=2-1—-—1-1= +1
Incorrect Answer, Correct Process: R=2-0—1-0= 0

Incorrect Answer, Incorrect Process: R=2-0—1-1= —1

This structured hierarchy provides a robust and interpretable learning signal. More detailed analysis
of the weights Winhole and Wirocess 1 provided in our ablation study.

Group-Relative Per-Token Normalization. After obtaining the per-token reward R!, the advan-
tage A} for token o, in rollout y; is calculated by normalizing R;; using the mean and standard
deviation of all per-token rewards across a batch of n rollouts. Let {(y;, {RJ,}tL,j:l) =1 be the set
of rollouts and the per-token rewards in the batch. The fine-grained advantage estimate is:
Rfﬁ B mean({Rg/ }j=1,..‘,n, tl=1v'"LJ’)

std({R}/ }j=1,...n, /=1,....L;)
This formulation ensures that the advantage estimates directly reflect the reliable, fine-grained and
token-level feedback, guiding the policy update to specifically suppress the generation of erroneous
segments while appropriately rewarding correct ones. Then, we derive the final objective function
below and subsequently use this objective function to update the policy model:

Ai = )

JCAPO(G) :EQNQ« {yi iy ~mogq (0l9)

L
1 1 & itq, 0 A i tlq, 0i .
2T min{ molorla,ost) i oy ( moOutld0uet) g ) Az} — 8Dk [ mret]
ni3 Li =1 Tho1a (Ui,t|Q7 0i,<t) TBo1a (oi,tl(b Oi‘<t)
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4 EXPERIMENTS

4.1 EXPERIMENTS SETUPS

Implementation Details. To validate the effect of diversity generalization of our method, We con-
duct experiments on Llama-3-1B/3B-Instruct (Dubey et al., [2024), Qwen2.5-1.5B/7B-Base (Team)
2024) for mathematical reasoning tasks. For Llama-3-1B-Instruct and Llama-3-3B-Instruct, we di-
rectly perform RL on the MATH dataset (Hendrycks et al., 2021)) with 7.5k samples and the more
challenging DAPO-Math dataset (Yu et al., [2025)) with 9.8k samples, respectively. For Qwen2.5-
1.5B/7B-Base, We first conduct SFT using NuminaMath-CoT (LI et al.| |2024) with 860K samples.
Then for 1.5B model, we conduct RL using MATH dataset. And for 7B model, we train the model
using DAPO-Math dataset. As for the generative reward model, we utilize Qwen2.5-72B-Instruct
as LLM-as-GenPRM for Qwen series experiments and Llama-3-70B-Instruct for Llama series ex-
periments without fine-tuning for the step-wise verification task. For the voting mechanisms, in the
main experiments, we use N=4 critiques with different voting mechanisms to balance the trade-off
between efficiency and performance. All the hyperparameters of RL and SFT training could be
found in Table[TT] We also conduct experiments using the 8k difficulty-stratified dataset following
Zero RL setting in [Zeng et al.[(2025]) without cold start SFT and extend to the larger base model
like Qwen2.5-14B. The results are shown in Table[5] [fland[8] In this series of experiments, to fur-
ther verify the weak dependency of our method on the scale and capability of the GenPRM,
we employ Qwen2.5-14B/32B-Instruct as the GenPRM. We use \n \n as a delimiter following
the widely accepted convention in the Process Reward Model literature (Zhang et al.l |2025b; [Yang
et al.| 2024} Zheng et al.L[2025)). All the experiments are conducted on 96 NVIDIA A100 40G GPUs.

Evaluation Setups. We evaluate the performance on four mathematical reasoning benchmarks:
MATH (Hendrycks et al., 2021)), Olympiadbench (He et al.| [2024), AMC2023 (Mathematical As-
sociation of Americal 2023), AIME2024 (Mathematical Association of America, 2024). We also
include evaluation on three out-of-distribution benchmarks ARC-c (Clark et al.l 2018),MMLU-
Pro (Wang et al.l [2024),GPQA-diamond (Rein et al.| [2024), foucusing on open-domain, scientific
and general reasoning. To avoid contamination, we follow (Yan et al., 2025) to shuffle the multiple-
choice options. During evaluation, we use greedy decoding and the final results (pass@1) are aver-
aged over three runs.

Baselines. We compared our methods with Supervised Finetuning (SFT), GRPO (Guo et al., [2025)
with rule-based verifier, with generative outcome reward models (GenORM) as the verifier, Process
Reward Models based approaches (Cheng et al.|[2025)) and other RLVR approaches like RLOO |Ah-
madian et al.[(2024). We train the models to convergence and report the best performance. Since
our method can adapt on other RLVR methods like DAPO (Yu et al.| 2025), VAPO (Yue et al.,
2025)), Reinforce++ (Hu, 2025)) and so on, we mainly equip our methods upon GRPO to evaluate
the effectiveness of our method.

Table 2: Comparison of results (Pass@ 1) across different methods on Llama-3-3B and Qwen2.5-7B
for mathematical (In-Distribution) and general (Out-of-Distribution) reasoning tasks. N=4 critiques
for CAPO with voting.

General Reasoning Tasks (OOD) Math Reasoning Tasks (ID)

All

Method .

GPQA MMLU OOD MATH Olympiad Math Mean

Dian?ond ARCc Pro Mean 500 genlc)h AIME24  AMC23 Mean

Llama-3-3B
SET 19.7 56.1 21.0 323 432 12.7 6.7 10.8 18.4 24.3
GRPO-Rule 199 61.2 324 37.8 44.6 15.0 10.0 16.9 21.6 28.6
GRPO-GenORM 222 62.2 31.8 38.7 46.6 14.8 33 20.0 212 28.5
CAPO-Greedy 24.2 61.9 31.7 39.3 45.6 14.1 33 19.3 20.6 28.6
CAPO-Intersection 232 63.2 31.5 39.3 443 15.6 7.8 203 22.0 294
CAPO-MajorVote 20.9 624 31.5 383 44.6 16.7 6.7 26.8 23.7 (+2.1%) 30.4 (+1.8%)
QOwen-2.5-7B
SFT 23.7 67.7 325 41.3 60.7 28.1 33 33.0 313 347
GRPO-Rule 224 68.1 327 41.0 59.9 272 3.6 34.1 312 345
GRPO-GenORM 23.6 68.0 329 41.5 59.2 27.6 4.0 334 31.1 345
CAPO-Greedy 21.5 68.2 329 409 62.4 31.3 9.7 342 344 36.8
CAPO-Intersection 222 68.3 329 41.2 62.5 30.5 7.1 34.6 33.7 36.3
CAPO-MajorVote 22.7 67.0 32.8 40.8 63.4 31.0 10.8 34.1 34.8 (+3.5%) 37.0 (+2.3%)

4.2 MAIN RESULTS

As shown in Table E] and Table E} our proposed method, CAPO, consistently outperforms various
baselines across various backbone models and scales. The detailed statistical results like variance
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Table 3: Comparison of results (Pass@1) across different methods on Llama-3-1B and Qwen2.5-
1.5B for mathematical (In-Distribution) and general (Out-of-Distribution) reasoning tasks. N=4
critiques for CAPO with voting.

General Reasoning Tasks (OOD) Math Reasoning Tasks (ID) All

Method GPQA MMLU OOD MATH Olympiad Math Mean
Diamond 2'%-¢ Pro Mean 500 Bench AMC23 Mean

Llama-3-1B
SFT 13.1 19.1 10.1 14.1 22.0 6.7 8.8 12.5 13.3
GRPO-Rule 28.8 21.6 4.5 18.3 27.1 7.0 6.2 134 15.9
GRPO-GenORM 25.6 22.0 4.4 17.4 27.2 6.3 7.6 13.7 15.5
CAPO-Greedy 25.6 28.5 5.7 19.9 26.3 5.7 9.8 139 16.9
CAPO-Intersection 25.3 34.0 6.2 21.8 28.7 6.5 12.0 15.7 (+2.0%) 18.8 (+2.9%)
CAPO-MajorVote 21.9 323 57 200 264 6.0 9.2 139 169
Owen-2.5-1.5B
SFT 16.0 61.1 20.9 32.7 47.5 16.0 26.1 29.9 31.3
GRPO-Rule 204 60.6 20.7 33.9 48.9 17.0 20.4 28.8 31.3
GRPO-GenORM 18.2 60.8 20.9 333 49.2 17.4 20.2 28.9 31.1
CAPO-Greedy 14.8 59.8 21.9 322 49.3 18.1 224 29.9 31.1
CAPO-Intersection 20.5 60.0 21.8 34.1 48.7 18.8 24.0 30.5 (+0.6%) 32.3 (+1.0%)
CAPO-MajorVote 19.9 60.4 21.6 34.0 49.7 18.6 22.0 30.1 32.0

Table 4: Comparison of Step Error Ratio (SER) across different methods using Llama3.2-1B-
Instruct, Qwen2.5-Math-1.5B, and Qwen2.5-Math-7B. Lower is better. This table is newly added.

General Reasoning Tasks (OOD) Math Reasoning Tasks (ID)
Method i
MMLU OOD Olympiad . Math

GPQA ARC-C Pro Mean MATH Bench Minerva AIME AMC Mean
Llama3.2-1B-Instruct
GRPO 55.65 25.22 47.33 42,73  40.31 56.49 56.56 67.29 52.06 54.54
CAPO 49.02 23.06 45.73 39.27 3795 51.72 55.54 51.10 49.01 49.06
Owen2.5-Math-1.5B
GRPO 37.74 23.66 3343 31.61 10.93 22.62 19.96 27.62  19.64 20.15
CAPO 36.31 20.60 27.41 28.11 7.45 17.79 15.52 26.01 13.01 15.96
QOwen2.5-Math-7B
GRPO 29.55 12.94 30.86 24.45 4.96 15.24 15.10 32.83 1231 16.09
CAPO 24.76 7.44 20.29 17.49 5.98 13.93 10.72 20.16 10.46 12.25

can be found in Appendix. For Qwen-2.5-7B, CAPO delivers a remarkable +3.5 point gain on
math benchmarks among all the baselines and drives an overall average improvement of +2.5 points
in all the benchmarks. For Qwen-2.5-1.5B, CAPO achieves +1.7 points lead in math reasoning
tasks compared with GRPO without credit assignment. On the Llama series, CAPO also shows
clear improvements. For Llama-3-1B, we achieve a +3.5 points gain on OOD tasks among all the
baselines, also leading to a strong +2.9 points overall improvement. On the larger Llama-3-3B,
CAPO particularly excels in math reasoning, establishing a solid +2.1 points lead over the best
baseline and +1.8 points in all benchmarks.

A key observation is that across all backbones, CAPO and its variants consistently outperform GRPO
with varia which forgoes explicit credit assignment. This indicates that the integration of our credit
assignment mechanism is the primary driver of these improvements, with benefits realized regardless
of the specific voting mechanism employed. Crucially, these gains are not confined to mathematical
reasoning; the approach also enhances the model’s generalization capabilities on a wide range of
common reasoning tasks.

Robustness with Smaller GenPRMs  As shown in Tables 8] [6|and [5] CAPO consistently outper-
forms GRPO, RLOO, and the PRM-based method even when using these smaller, more efficient
GenPRMs. This demonstrates that CAPO does not require prohibitive compute to be effective; the
fine-grained signal provided by a moderately sized judge (e.g., 14B) is sufficient. This indicated that
our method can generalize to smaller judges and across various LLMs.

CAPO Indeed Improve the Reasoning Quality To rigorously quantify the quality of the reason-
ing process, we define two metrics: Step Error Ratio (SER): The percentage of reasoning steps
identified as incorrect and Token Error Ratio(TER): The percentage of total tokens belonging to
incorrect steps. Let dataset D contain N generated responses. For the ¢-th response Y;, let it consist
of K; steps (S;1,.-.,Si,K,;), Where |s; ;| denotes the token count of step s; , and I(s; ;) is the
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Table 5: Performance comparison across different methods using Qwen2.5-14B on Zero RL setting
without SFT. CAPO uses Qwen2.5-32B-Instruct as a judge. This table is newly added.

General Reasoning Tasks (OOD) Math Reasoning Tasks (ID)

All
Method N
GPQA ARC-c MMLU OOD , qpy Olympiad L 0 AIME24 AMC AIME2s Math  Mean
Pro Mean Bench Mean
Base 2576 7654 5489 5239 6160  29.19 2537 1000 3385 521 2753 3582
GRPO 3030 8618 6196 5948 8140 4459 3860 1667 5045 563  39.56 4620
CAPO 3081 9019 6206 6102 80.00 4296 4191 2281 5297 1344 4235 4857

Table 6: Performance comparison across different methods using Qwen2.5-Math-1.5B and
Qwen2.5-Math-7B on Zero RL setting without SFT. CAPO uses Qwen2.5-14B-Instruct as a judge.
This table is newly added.

General Reasoning Tasks (OOD) Math Reasoning Tasks (ID)

All

Method .

GPQA ARc-c MMLU - OOD -y ipyy Olmplad ypprve AME Amc M2 Mean

ro Mean Bench Mean

Qwen2.5-Math-1.5B
Base 5.05 18.20 10.30 11.18 63.13 29.43 12.25 9.97 41.57 31.27 2374
GRPO 14.65 50.09 23.48 2940  76.40 38.32 31.62 6.67 4231 39.06 3544
RLOO 13.47 39.11 21.60 2473  75.60 35.70 29.66 6.67 4975 3948 3394
PRM 10.61 45.88 22.99 26.49 76.00 38.81 32.35 1240 4330 40.57 3529
CAPO 13.13 43.34 24.28 26.92 76.80 40.20 32.23 18.19 4473 4243  36.61
CAPO_GenRM32B 13.64 41.81 20.46 25.30 74.70 38.00 28.86 23.18 49.85 4292 36.31
Owen2.5-Math-7B
Base 18.18 30.32 16.71 21.74  64.73 19.80 9.07 11.35 4228 2945 26.56
GRPO 25.76 64.11 44.62 44.83 81.13 44.10 36.76 30.00 56.78 49.75 47091
RLOO 2222 42.43 41.84 35.50 79.33 41.73 33.95 40.52 5946 51.00 45.19
PRM 20.03 70.73 42.08 4428  81.60 43.11 38.36 2434  61.02 49.69 47.66
CAPO 23.89 65.85 4320 4431  81.67 45.14 38.11 35.00 59.10 51.80 48.99

error indicator (1 if incorrect, 0 otherwise). We calculate the metrics by averaging the error rates per
K . K e )elss 1 .
response: SER = < ZZV:I Z’f—}g(é")) ,and TER = - Zf\[:l (W) . As shown in
v k=1 151,k

the Table[dand Table[I0}] CAPO demonstrates a significant reduction in process errors compared
to GRPO across both In-Domain (Math) and Out-Of-Domain benchmarks and achieves an average
reduce up to 7%. The lower Error Token Ratio confirms that CAPO generates reasoning chains with
fewer logic or calculation errors. These findings directly validate the motivation of CAPO.

Robustness to the Selection of LLM-as-GenPRM  We also highlight the robustness of our frame-
work with different LLMs as GenPRMs. We utilized off-the-shelf, open-source LLMs Qwen2.5-
14B/32B/72B-Instruct and Llama-3-70B-Instruct as the GenPRM without any further fine-tuning
for the step-wise verification task. The fact that our method proved effective in both settings demon-
strates low sensitivity to the LLMs choice, underscoring the versatility, generality, and broad ap-
plicability of our method. This successful application of different off-the-shelf models without any
GenPRM-specific fine-tuning is a strong testament to CAPQO’s simplicity and generality. It demon-
strates that our method is not reliant on a specific, proprietary verifier, but can effectively leverage
the general reasoning abilities of various publicly available LLMs. This significantly enhances the
method’s practical utility and makes it easily adoptable for the broader research community to build
upon.

Analysis of LLM-as-GenPRM Scaling We performed an analysis of the impact of the number of
generated critiques (V) from LLM-as-GenPRM on final performance. As shown in Figrue [3b]and
Figure [3a] we can observe a consistent scaling trend across both math and general reasoning tasks.
And when N reaches to 8, the overall performance is best across math and OOD reasoning tasks.
The results show that more critiques from LLM-as-GenPRM can help to obtain a more accurate
judgment of incorrect steps and therefore provide a more robust signal for credit assignment, leading
to better final performance. With a small N, the judgment can be easily skewed by a few noisy. By
increasing IV, we can use the voting mechanism to form a consensus, averaging out these outliers to
get a more accurate judgment and therefore leading to more accurate credit assignment.

Ablation Study on Reward Formulation Our key insight lies in the C/P balance: an asymmetric
setup where C > P is crucial for creating a clear learning hierarchy. Without this balance, the reward
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Performance Trend on Math Benchmarks

VPCA (N=2)

- VPCA (N=4) 0269
E VPCA (N=8) Model G]l))igA ARC_c ﬁ?a?l

CAPO (N=2) 17.5 60.4 332
CAPO (N=4)  20.5 60.0 34.1
CAPO (N=8) 221 61.1 35.0

024 0.233

Accuracy
.

0.206
-

0.188  0.189
0.179
0.18 i

(b) Performance on OOD benchmarks for
varying V.

OLYMPIAD BENCH AMC Average

(a) Effect of the number of critiques (/') on CAPO performance.

Figure 3: Performance analysis of CAPO with a varying number of critiques (N € {2,4,8}) gen-
erated by LLM-as-GenPRM on Qwen2.5-1.5B CAPO-Intersection. (a) Performance trend on the
math dataset. (b) Detailed performance on OOD benchmarks.

signal becomes ambiguous. For instance, a symmetric (C=P) setting can assign a zero reward to
both a “Answer Correct, Process Incorrect” (2 -1 — 2 = 0) and “Answer Incorrect, Process Correct”
(2 -0 = 0), confusing the model. An extreme process-focus (C<P) breaks the hierarchy entirely,
penalizing a single mistake in a correct answer more than a completely failed attempt. The results in
Table[7] are consistent with this analysis. The asymmetric (C=2, P=1) setup clearly outperforms all
others. The setting (C=2, P=0.1), with its weak process penalty, performs less well, demonstrating
the necessity of a meaningful process signal. The poor performance of the symmetric(C=2, P=2)
and extreme process-focused (C=2, P=5) settings confirms that a poorly calibrated reward signal
(imbalanced or ambiguous) can misguides the model.

Discussion of Per-Token Rewards and Response Length Figure [Ib] shows that CAPO consis-
tently generates longer responses than GRPO, suggesting the model is learning more elaborate and
effective reasoning strategies by exploring solution paths more thoroughly. Critically, this increased
length is coupled with higher quality, as the average token-level reward also rises. This trend is
significant. Longer responses could simply introduce more errors, but the parallel improvement in
rewards demonstrates that CAPO is not merely rewarding verbosity. Instead, it teaches the model to
maintain logical coherence and accuracy even within these extended reasoning trajectories.

5 ADDITIONAL EXPERIMENTS

Due to the limited space, we provide a detailed discussion and limitation about CAPO in Appendix|C]
and additional experiments in Appendix [E| about the detailed comparison of GPU hours of CAPO
and GRPO, discussion of process-reward and outcome-reward, discussion of different voting
mechanisms, the impact of incorporation of ground truth solution, the discussion and compar-
isons between GenORM and GenPRM, the case study of different methods, and the case study
of internal variations in rollout responses.

6 RELATED WORK

Our work is related to research on enhancing LLM reasoning with RL, credit assignment in RL and
generative reward modeling. Due to limited space, we offer a detailed discussion in Appendix [B]

7 CONCLUSION

In this work, we first identify the challenge to efficiently conduct precise credit assignment in RLVR.
Then, we propose an elegantly simple, and highly generalizable method—Credit Assignment Policy
Optimization (CAPO) to address the challenge. Our approach bypasses the need for complex auxil-
iary models by using an off-the-shelf, general-purpose LLM as a generative process reward model to
generate all step-wise critique in a single pass to obtain reliable credits. We further enhance reward
robustness by integrating multiple critiques through a voting mechanism. We also design an elabo-
rate reward formulation to balance the outcome and process reward signals. Extensive experiments
show that CAPO outperforms existing RLVR methods without accurate credit assignment on chal-
lenging math and general reasoning benchmarks. Further analysis shows that CAPO can guide the
model to foster the learning of correct reasoning pathways, promoting more effective exploration.
Crucially, the simplicity and generality of our framework make it a practical and accessible tool,
fostering reproducibility and paving the way for future innovations in LLM reasoning.

10
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8 ETHICS STATEMENT

The research presented in this paper is focused on fundamental advancements in the mathematical
and logical reasoning capabilities of large language models. Our goal is to improve the reliability
and correctness of the models’ internal thought processes, contributing to the development of more
robust and trustworthy Al systems. The scope of our work is confined to well-defined, objective rea-
soning tasks using publicly available, standard academic benchmarks. These datasets do not contain
sensitive personal information, and our research does not involve human subjects. Consequently,
our work does not directly engage with issues such as societal bias, fairness, or the generation of
harmful content, as the problem domain is primarily mathematical and abstract. We believe that
enhancing the foundational reasoning abilities of Al is a crucial and beneficial step for the field. We
have conducted our research in accordance with the ICLR Code of Ethics.

9 REPRODUCIBILITY STATEMENT

We are committed to ensuring the reproducibility of our research. Our implementation of
CAPO, including the scripts and code, is provided in the supplementary material and https:
//anonymous .4open.science/r/CAPO_Repo-45F1/, The core methodology of our pro-
posed approach is detailed in Section[3] Key implementation details, including the specific prompts
used for our LLM-as-GenPRM, are available in Appendix [F} Section {.1] describes our complete
experimental setup, including the datasets, model backbones, and evaluation benchmarks used. A
comprehensive list of all hyperparameters for both SFT and RL training stages is provided in Ta-
ble [TT] (Appendix [D). Further in-depth analyses of our design choices, such as the reward shaping
strategy (Appendix [E)) and the various voting mechanisms (Appendix [E)), are also included in the
appendix to support our claims and facilitate verification. Together, these resources provide a clear
and complete basis for replicating our results.
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APPENDIX

A STATEMENT ON LLM USAGE

In the preparation of our paper, Large Language Models (LLMs) were utilized in a limited and
supportive capacity. First, LLMs served as a writing aid to enhance the grammatical correctness
and clarity of the text. Suggestions for improving sentence structure and flow were considered,
but the authors retained full authority over the final composition, ensuring that all arguments and
scientific nuances accurately reflect our original intent. Second, LLMs were employed to assist in
formatting citations and references according to the journal’s specific style guidelines, which helped
streamline the manuscript preparation process. Importantly, LLMs were not involved in any core
aspect of the research process. This includes the formulation of the research question, the design of
the methodology, the collection and analysis of data, and the interpretation of results. All intellectual
contributions and substantive findings presented herein are solely the work of the authors.

B RELATED WORK

Improving LLM Reasoning Capabilities Using RL Reinforcement learning has been widely ap-
plied to enhance LLMs’ reasoning capabilities, but many challenges remain-such as optimization
difficulties introduced by long reasoning (Yuan et al.l 2025]), how to better balance and improve
the exploration—exploitation trade-off in the RL process (Yue et al., 2025), clipping-ratio issues (Yu
et al., |2025)), entropy decrease during RL (Wang et al.| [2025), and so on. A range of algorithms
aimed at improving RL have since emerged in the community, including GRPO (Shao et al., |[2024),
Reinforce++ (Hul, [2025)), VC-PPO (Yuan et al.| 2025), VAPO (Yue et al., 2025), DAPO (Yu et al.,
20235)). These works enhance existing RL algorithms from an algorithmic-optimization perspective,
and we address the problem of imprecise or non-verifiable credit assignment in current approaches.

Credit Assignment Credit assignment problem (Sutton et al., |[1998; | Arumugam et al., 2021} [Zhou
et al., [2020) is a fundamental RL challenge. A key challenge is how to conduct accurate credit as-
signment in RL finetuning of LLMs. Recent literature has focused on resolve this through several
key strategies. One approach is reward signal densification. This involves decomposing sequence-
level rewards to token-level feedback, leveraging reward model attention mechanisms (Chan et al.,
2024) or game-theoretic principles like Shapley values (Cao et al., [2025) for fair attribution. How-
ever, these methods are non-verifiable relying a reward model or other unverifiable reward signals,
posing potential reward-hacking problems. We call the method using process reward model (PRM)
to assign credit as PRM-based methods. Although both reward-densification-based and PRM-based
methods provide credit assignment, they suffer from significant limitations. Due to factors such as
unreliable labeled data (Zhang et al., 2025c) and mismatches in the completion model (Setlur et al.,
2024), PRMs are often inaccurate, which means that they can’t offer reliable or accurate rewards in
online-rl and ultimately leads to the training of a suboptimal policy. PRM-based methods also need
multiple inference calls to get the process rewards of each step which is costly especially for the
response with long reasoning. Reward-densification-based methods (Chan et al., |[2024; |Cao et al.|
2025) did not need the multiple inference calls and did not need high-quality data. However, these
methods still suffer from the problem of inaccurate estimations of the credits and they can’t offer
reliable process rewards. VinePPO (Kazemnejad et al., [2024) proposed to replace unreliable value
function learning with value-free Monte Carlo estimates, but with huge computational costs.

Generative Reward Model Recently, several works focused on using capabilities of language mod-
eling in LLMs to improve reward modeling (Mahan et al.,[2024;|Zhang et al.,2024)) and further scale
it with COT reasoning (Zhang et al., 2024; [Liu et al.l [2025). And this technique is similar to pre-
vious concept "LLM as a judge” (Zheng et al.l 2023) using LLMs to judge the response. Zhang
et al.| (2024)) propose Generative Verifiers, which recast reward modeling as a next-token prediction
task, thereby enabling integrated chain-of-thought reasoning and leveraging test-time majority vot-
ing for more robust ranking. Recently, Liu et al.[|(2025) introduced Generative Reward Modeling
for flexible, inference-time scalable reward estimation and propose a more sophisticated technique
Self-Principled Critique Tuning (SPCT) to further scale the performance of GenRM.
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Table 7: Performance comparison of CAPO with different reward configurations of Wy p016(C) and
Wrocess(P) on Qwen2.5-1.5B. The asymmetric setting leads to the best performance.

General Reasoning Tasks (OOD) Math Reasoning Tasks (ID) All
Method GPQA b MMLU OOD MATH Olympiad = .~ Math Mean
Diamond < Pro Mean 500 Bench Mean
CAPO (C=2,P=0.1) 18.9 59.3 22.0 33.4 47.8 17.6 22.5 254 28.8
CAPO (C=2, P=5) 15.7 62.2 21.1 33.0 46.8 15.1 16.6 232 27.4
CAPO (C=2,P=2) 16.2 61.1 21.3 32.8 51.1 17.5 19.9 252 28.5
CAPO (C=2, P=1) 20.7 59.9 21.6 34.1 47.6 19.1 239 259 294

Table 8: Performance Comparison across different methods using Llama3.2-1B-Instruct on Zero RL
setting without SFT. CAPO uses Qwen2.5-14B-Instruct as a judge. This table is newly added.

General Reasoning Tasks (OOD) Math Reasoning Tasks (ID) All

Method .

MMLU OOD Olympiad Math Mean

GPQA ARC-C Pro Mean MATH Bench AMC GSMSK Mean

Base 18.69 6.91 1.30 8.96 22.60 4.89 5.65 20.62 13.44 1152
GRPO 20.54 51.68 17.16 29.79  31.00 8.44 11.23 51.28 2549 2733
RLOO 24.41 32.99 16.39 24.60  30.13 5.63 14.48 48.42 24.67 24.64
PRM 14.98 52.59 16.58 28.05  31.87 7.01 12.58 51.07 25.63  26.67
CAPO 17.60 54.78 17.56 2998 33.13 8.30 17.41 51.55 27.60 28.62

Table 9: Performance comparison of different steps using Qwen2.5-Math-7B. CAPO uses Qwen2.5-
14B-Instruct as a judge. The table is newly added.

General Reasoning Tasks (OOD) Math Reasoning Tasks (ID) All
Method  Step MMLU OOD Olympiad Math
GPQA ARC-C MaTH ObmPlad o poeva AIME AMc  Math - Mean
Pro Mean Bench Mean
Base - 18.18 30.32 16.71 21.74 64.73 19.80 9.07 11.35 4228 2945 26.56
60 23.23 59.44 43.69 42.12 80.53 41.53 38.73 26.67 61.38 49.77 46.90
GRPO 90 22.90 65.22 44.70 44.27 79.33 40.89 38.85 28.96 50.62 4773 4643
120 24.75 60.75 44.69 43.40 81.93 43.56 34.56 24.17  60.17 48.88 46.82
176 25.76 64.11 44.62 44.83 81.13 44.10 36.76 30.00 56.78 49.75 47091
60 22.89 58.06 43.94 41.63 81.33 43.17 38.03 28.11 6049 50.23 47.00
CAPO 90 20.01 60.89 43.94 41.61 82.27 43.11 38.97 30.00 60.99 51.07 4752
120 23.89 65.85 43.20 4431 81.67 45.14 38.11 3500 59.10 51.80 48.99
176 23.74 69.23 39.57 44.18 80.33 40.30 37.38 26.56 5094 47.10 46.01

C DISCUSSION AND LIMITATIONS

The Reliability and the Capability of the LLM-as-a-GenPRM A key design choice in CAPO
is the use of a powerful, general-purpose LLM as the GenPRM. The success of this approach hinges
on the verifier’s ability to accurately identify reasoning errors. One might question the reliability
of such a model. However, we argue this design is robust for two primary reasons. Firstly, we
strategically employ a GenPRM that is more capable (but not necessarily extremely more capable)
than the policy model being trained (e.g., using a 14B+ model to guide a 1B-7B model). This
capability gap creates a natural “teacher-student” dynamic, where the stronger model’s reasoning
serves as a reliable guide for the smaller one (Yan et al.l [2025; |Dong et al.| |2023). Secondly, and
critically, our method provides the GenPRM with the ground-truth answer as a reference. This
transforms the task from abstract, ungrounded verification to a more constrained problem of error
localization. The GenPRM is not asked ”is this reasoning correct in a vacuum?”, but rather “given
the correct final answer, can you trace back and identify the step where the model’s logic diverged?”.
This grounded context dramatically simplifies the verification task and enhances its reliability, as the
model can cross-reference the intermediate steps with the known correct outcome.

Computational Considerations in Online RL. CAPO integrates an external LLM call into the
online RL loop, which naturally introduces computational overhead compared to methods relying
solely on a simple rule-based verifier. But we also offer some key insights to demonstrate the
relatively low or, in practice, lower cost introduced by CAPO and the efficiency of CAPO via faster
convergence and higher performance upper bound.
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Table 10: Comparison of Token Error Ratio (TER) across different methods using Llama3.2-1B-
Instruct, Qwen2.5-Math-1.5B, and Qwen2.5-Math-7B. Lower is better.

General Reasoning Tasks (OOD) Math Reasoning Tasks (ID)

Method i

GPQA ARC-c MMLU 00D . ppy Olympiad o va AIME Amc Math

Pro Mean Bench Mean

Llama3.2-1B-Instruct
GRPO 59.41 22.80 4530 42,50  38.40 56.63 57.73 67.66 5283 54.65
CAPO 49.43 21.19 41.59 3740 34.71 49.94 54.46 50.41 48.76 47.66
QOwen2.5-Math-1.5B
GRPO 48.01 23.74 33.03 34.93 11.12 26.34 24.94 41.11 2399 25.50
CAPO 44.55 20.16 28.32 31.01 8.06 18.39 19.18 3493 14.87 19.09
QOwen2.5-Math-7B
GRPO 34.01 12.23 30.09 25.44 5.49 16.47 15.84 3437 1482  17.40
CAPO 30.50 6.42 18.94 18.62 5.82 16.03 13.15 23.17 1238 14.11

(1) Reduce the dependency on the size of the GenPRM. We conducted additional experiments using
smaller models, such as Qwen2.5-14B/32B-Instruct, as the GenPRM. These results demonstrate that
CAPO does not rely on extremely large models (e.g., 72B), thereby significantly reducing inference
latency. As shown in Tables 8] [6} and [5] CAPO consistently outperforms GRPO, RLOO, and the
PRM-based method even when using these smaller, more efficient GenPRMs. This demonstrates
that CAPO does not require prohibitive compute to be effective; the fine-grained signal provided by
a moderately sized judge (e.g., 14B) is sufficient to surpass rule-based baselines.

(2) Quantified Computational Overhead: CAPO vs. GRPO: We provide and analyze the GPU
hours of training Qwen2.5-Math-7B using a locally deployed Qwen2.5-14B-Instruct judge via vllm
(the cost of deployment is also included in the compuatation of GPU hours below) and that using
GRPO.

* Rule-based Verification (GRPQO): While simpler, this is not cost-free due to the over-
head of external parsing libraries (e.g., math-verify) which lack thread safety. The average
reward evaluation is 4.5s, with a total per-step time of 47s.

* CAPO: The average reward evaluation is 12.1s, with a total per-step time of 55s.

» Total Cost: For a full training cycle, GRPO consumed 272 GPU hours, while CAPO
consumed 331.2 GPU hours. This represents a 21.7% increase, which we believe is a
manageable overhead given the performance gains and the reasons are as follows.

(3) Efficiency of CAPO via Faster Convergence and Higher Upperbound As detailed in Table 9]
we showed the performance of GRPO and CAPO in different steps. We found that GRPO con-
verge relatively slow and with limited gains on extended training. CAPO, however, achieve a high
performance in a very beginning (step 60 and step 90) compared to GRPO which is also higher
than the final training of GRPO and continue to improve. It is important to note that the 21.7%
increase of GPU hours is based on the entire training but we actually can reduce the training steps
for CAPO like using half steps (90 steps). In this situation, we still perform better than GRPO and
using comparable or less GPU hours to GRPO.

We also show the further potential of CAPO to accelerate convergence. In our Qwen2.5-Math-1.5B
experiments (Table[6)), using a stronger judge (32B) allowed the model to reach optimal performance
in just 1/3 of the training steps required by the baseline. By enabling early stopping or reduce the
total training steps, CAPO can, in practice, reduce the total GPU hours compared to rule-based
methods to convergence, effectively offsetting the per-step overhead.

This approach is also well-aligned with an established and growing trend in the literature
let all 2023}, [Zhang et al.l 20254} [Tang et al., [2025a; [Yang et al 2025): leveraging powerful, large-
scale models—such as 70B-scale models like Qwen and Llama, or even closed-source APIs from
Gemini, Grok, and OpenAl—to guide or refine policy models during training is a common and
effective practice. For instance, many works employ larger models for data augmentation

let al., 2025 [Yang et all [2025), trajectory refinement (Yan et al) 2025} Zhang et al. [2025a)), or
as sophisticated critics (Dong et all,[2023; [Tang et al., 2025a)). In this context, CAPO’s single-pass
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verification is a computationally efficient way to gain fine-grained process supervision. Furthermore,
the practical implementation of CAPO is flexible. For researchers seeking to minimize local memory
and computational costs, the GenPRM can be accessed via APIs, offloading the inference cost and
making the framework highly accessible.

Step Segmentation The current implementation of CAPO assigns credit at the step level, using \n
\n as a delimiter following the widely accepted convention in the Process Reward Model (PRM)
literature (Zhang et al.,2025b; [Yang et al.|, 2024} |Zheng et al.| [2025)). While most of the public open-
source models like Qwen-series use this to seperate the steps, we here still discuss the granularity and
the intrinsic advantage of our LLM-as-GenPRM approach: its inherent flexibility in handling task
segmentation. Unlike rigid, rule-based systems that require predefined step structures, our frame-
work can leverage the powerful multi-tasking and generalization capabilities of the LLMs (Brown
et al., |2020; Ouyang et al., 2022; (Chung et al.,[2024)). For our experiments, we wrapped the \n \n
-delimited segments in <step_i> tags to construct the prompt. This was a deliberate choice for
simplicity and reproducibility, especially since the Qwen models we used naturally structure their
reasoning with this delimiter. However, this is not a fundamental requirement of CAPO. It is im-
portant to clarify that CAPO is a general framework for credit assignment, and the use of \n \n
is merely a domain-specific implementation for mathematical reasoning. CAPO is agnostic to how
steps are defined and can be easily adapted to other scenarios. In an Agentic workflow, the natu-
ral segmentation might be a “’turn of interaction” or an ”API call” rather than a newline character.
CAPO can be directly applied to these segments without modification to the core algorithm.

The framework is powerful enough to support a more dynamic, end-to-end process. For instance,
one could design a prompt that instructs the LLM-as-a-GenPRM to first autonomously segment the
policy model’s response into logical reasoning steps, and then, in the same inference pass, evaluate
each of those self-identified steps. This would empower the GenPRM to adapt its segmentation
strategy based on the content and structure of the specific response, moving beyond fixed delimiters
to a more semantically meaningful division of logic. This potential for joint segmentation and
evaluation showcases the true flexibility of using a general-purpose LLM as a verifier for adaptable
credit assignment mechanism. It elegantly sidesteps the brittle nature of hard-coded parsing rules
and opens the door to applying CAPO to a much wider range of tasks where reasoning steps may
not be as cleanly formatted. The underlying framework readily accommodates future extensions
towards more sophisticated, context-aware step identification, further demonstrating its power and
versatility.

Prompt Sensitivity of the GenPRM A potential concern for any method leveraging large lan-
guage models is its sensitivity to the specific phrasing of the prompt. In CAPO, the GenPRM’s per-
formance could theoretically be influenced by the structure and wording of the verification prompt.
While we found our chosen prompt (as detailed in Appendix [F) to be effective and robust across
different models and tasks, we acknowledge that prompt engineering can play a role in optimiz-
ing performance. A well-designed and well-consdiered prompt for GenPRM can probably improve
the performance. We did not heavily tune the prompt used by LLM-as-a-GenPRM, but we indeed
include some intuitive designs into the prompt, like asking the LLLM to "verify each step of the so-
lution independently, without relying on the correctness of the context before. This means that the
current step cannot be considered as incorrect simply because it used the conclusion derived from
the previous erroneous reasoning. . We want the LLM to focus more on the quality or correctness
of the currently verified step itself, rather than being influenced by the previous step. Preliminary
experiments indicated that the model benefits from this design.

D IMPLEMENTATION DETAILS
As for the rule-based verifier, we use Math-verify to conduct an automatic judgment.

We follow [Kazemnejad et al.| for automatic step segmentation. Specifically, we partition the model-
generated response into steps using \n \n as the delimiter. We then enclose each step with the
markers <step_k> and </step_k> to denote the k-th step. Subsequently, we construct the prompt
for LLM-as-GenPRM following the structure shown in the Prompt Section. The Case Study section
provides a concrete example of a LLM-as-GenPRM generation.

All the hyperparameters during RL and SFT training could be found in Table [IT} We follow the
hyperparameters set in (Hugging Facel |[2025) as a widely accepted setting.
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Table 11: RL hyperparameter configurations for different models. Common settings are listed first,

followed by the model-specific learning rates.

Common Hyperparameter Value
SFT Stage

Learning Rate 1x107°
Batch Size 80

RL Stage

PPO Mini-Epoch 4

Format Reward 0.2

KL Beta (k1_beta) 1x 1072
Sampling Instances (sampling._num) 16
Global Batch Size 192
Rollout Micro Batch Size 4

LR Decay Style Cosine
Rollout Top-p 0.9
Rollout Temperature 0.7

Learning Rates during RL Stage
Model Qwen 1.5B Qwen7B Llama 1B Llama 3B
1x1077 2x107®% 5x107® 2x1078

Learning Rate

Table 12: Sampling Parameters for the LLM-as-a-GenPRM.

Model Temperature Top-p Max Tokens
Qwen2.5-72B-Instruct, Llama-3-70B-Instruct 0.7 0.9 2048

Accuracy Over Training Steps Response Length Over Training Steps

Per-Token Reward Mean Over Training Steps
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Figure 4: Training dynamics of CAPO (C=2,P=5) on Qwen2.5-1.5B. The figure plots the accuracy,
response length, and mean per-token reward over training steps.

E ADDITIONAL EXPERIMENTS

CAPO vs. Traditional PRMs A noteworthy finding from Llama-1B experiments in Table [§] is
that PRM-based baselines performed relatively poorly, even worse than GRPO. We hypothesize this
is due to distribution shift: open-source PRMs are typically trained on Qwen data, making them less
effective judges for Llama. CAPO, which relies on a general-purpose instruction-following judge
with GT, proved much more robust to this architecture shift, achieving superior performance.

Detailed Discussion about Process-Oriented and Outcome-Oriented reward signals We ex-
plain and validate the underlying mechanism of interaction of these two reward signals below. A
dominant outcome reward ensures rapid initial policy updates, enabling the model to acquire fun-
damental skills in the early stages. We posit that learning from the process is a more challenging
objective. Early on, when the model’s capability is limited, a correct process does not guarantee a
correct outcome, indicating a weak correlation between the two. This could be validated in Figure[d]
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Table 13: Comparison of results (Pass@1) across different methods and different voting mecha-
nisms on Llama-3-1B-Instruct for mathematical (In-Distribution) reasoning tasks and general (Out-
of-Distribution) reasoning tasks. N=4 critiques for CAPO with voting.

General Reasoning Tasks (OOD) Math Reasoning Tasks (ID) All

Method GPQA MMLU OOD MATH Olympiad Math Mean
Diamond T¢-¢ Pro Mean 500 Bench AMC23 Mean

Llama-3-1B-Instruct
SFT 13.1 19.1 10.1 14.1 22.0 6.7 8.8 12.5 13.3
GRPO-Rule 28.8 21.6 4.5 18.3 27.1 7.0 6.2 13.4 15.9
GRPO-GenORM 25.6 22.0 44 17.4 27.2 6.3 7.6 13.7 15.6
CAPO-Average 22.9 29.3 53 19.2 26.8 54 10.4 14.2 16.7
CAPO-Greedy 25.6 28.5 5.7 19.9 26.3 5.7 9.8 13.9 16.9
CAPO-Intersection 25.3 34.0 6.2 21.8 28.7 6.5 12.0 15.7 18.8
CAPO-Union 21.2 29.6 55 18.8 28.1 55 8.5 14.0 16.4
CAPO-MajorVote 21.9 323 5.7 20.0 26.4 6.0 9.2 13.9 17.0

Table 14: Comparison of results (Pass@1) across different methods and different voting mech-
anisms on Qwen2.5-7B for mathematical (In-Distribution) reasoning tasks and general (Out-of-
Distribution) reasoning tasks. N=4 critiques for CAPO with voting.

General Reasoning Tasks (OOD) Math Reasoning Tasks (ID) All

Method i
GPQA MMLU OOD MATH Olympiad Math Mean
Diamond ARC.c Pro Mean 500 Bench AIME24 - AMC23 Mean

Owen-2.5-7B
SFT 23.7 67.7 32.5 41.3 60.7 28.1 33 33.0 31.3 34.7
GRPO-Rule 224 68.1 32.7 41.0 59.9 27.2 3.6 34.1 31.2 34.5
GRPO-GenORM 23.6 68.0 329 41.5 59.2 27.6 4.0 334 31.1 34.5
CAPO-Average 232 66.9 32.8 41.0 62.6 32.0 8.3 339 34.2 36.7
CAPO-Greedy 21.5 68.2 329 40.9 62.4 313 9.7 34.2 34.4 36.8
CAPO-Intersection 222 68.3 329 41.2 62.5 30.5 7.1 34.6 33.7 36.3
CAPO-Union 21.4 67.2 32.7 40.4 62.4 313 9.1 371 35.0 36.8
CAPO-MajorVote 22.7 67.0 32.8 40.8 63.4 31.0 10.8 34.1 34.8 37.0

We could see that in this reward configuration focusing on process, the model learn to be verbose in-
stead of learning to improve the outcome. Therefore, overemphasizing the process while the model
is still weak is not meaningful; accumulating correct process steps might not lead to a correct result
and can even slow down the overall optimization which is stated in our first Finding in the Method
Section. However, the process reward becomes crucial in the later stages of optimization. Even a
small process reward can be beneficial as shown in Table[7] introducing a small fraction of process
signal(C=2,P=0.1) can lead to the second best performance. It helps to differentiate and prioritize
samples with better reasoning among a large pool of responses that all achieve the same outcome.
This improves sample efficiency and promotes more effective learning. When optimization based
on the outcome reward hits a plateau (i.e., with many samples receiving identical outcome rewards),
the process-oriented signal becomes critically important. It helps to differentiate and prioritize sam-
ples with better reasoning among numerous responses that achieve the same outcome and make
the model’s continued training more effective, which leads to our second Finding in the previous
section.

Discussion about Different Voting Mechanisms We have introduced the two most representative
voting mechanisms in the previous section. And here, we supplement the introduction of the rest
three voting mechanisms involved in our experiments below.

* Greedy: This is the simplest strategy, where we generate only a single critique (k = 1)
using greedy decoding. The final set of erroneous indices is simply S = S, ;. Itis
sensitive to noise and misjudgment.

» Union Vote: This approach maximizes recall by flagging any step identified as erroneous
by at least one critique: S;” = Ule S;,;. It is comprehensive in capturing potential errors
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Table 15: Performance comparison of Qwen-2.5-7B model variants based on the CAPO-Intersection
method. Results are presented in percentages (%). ‘w/o gt’ denotes the model trained without
ground truth, while ‘w gt’ indicates the model trained with ground truth.

General Reasoning Tasks (OOD) Math Reasoning Tasks (ID) All
Method .
GPQA MMLU OOD MATH Olympiad Math Mean
Diamond ARCc Pro Mean 500 Bench AIME24  AMC23 Mean
CAPO-w/o gt 24.4 69.9 36.0 43.5 62.1 30.6 4.0 32.8 324 37.9
CAPO-w gt 24.2 69.1 354 429 62.3 31.2 4.2 34.5 33.1 38.0

Table 16: Performance comparison of different GRPO-GenORM configurations on OOD bench-
marks. Scores are rounded to three decimal places. The highest score in each column is bolded.

GPQA MMLU OOD
Model Diamond ARC.c Pro Mean
GRPO-GenORM (N=2) 15.3 60.6 20.4 32.1
GRPO-GenORM (N=4) 16.7 61.5 20.8 33.0
GRPO-GenORM (N=8) 18.7 61.2 20.9 33.6

but is more susceptible to false positives, as a single faulty critique can introduce an error
into the final set.

* Average: Instead of a binary decision, this strategy assigns a continuous penalty weight to
each step based on frequency. The penalty weight for a step index s is calculated as w(s) =
count(s)/k. This allows for a more nuanced credit assignment where consistently flagged
errors receive a stronger penalty signal than those identified less frequently, avoiding hard
thresholds.

A key finding from our experiments, detailed in Table[T3]and Table[I4] is that all variants of CAPO
consistently outperform the GRPO baseline in mean scores. This result strongly validates our core
hypothesis: the integration of reliable, fine-grained credit assignment is the primary driver of per-
formance gains, enhancing both mathematical and general reasoning capabilities regardless of the
specific aggregation strategy. Beyond this, a deeper analysis of the different voting mechanisms
reveals a nuanced and insightful relationship between the strictness of the reward signal and the
capability of the backbone model.

We observe a distinct pattern: the optimal voting strategy appears to correlate with model scale.
For the smaller Qwen2.5-1.5B and Llama-3-1B-Instruct models, the Intersection voting mechanism
yields the best overall performance. This mechanism, which requires consistent agreement from all
critiques of GenPRM to assign a positive reward, provides the highest-precision learning signal. We
posit that for smaller, less capable models, this strict criterion acts as a powerful corrective pressure.
It forces the model to learn only the most robust and unequivocally correct reasoning steps, effec-
tively filtering out noisy or partially correct pathways that could otherwise be spuriously reinforced.
This high-precision guidance is particularly effective at building a solid reasoning foundation and
enhancing generalization, as evidenced by its top performance on OOD benchmarks for these mod-
els.

Conversely, on the larger and more capable Qwen2.5-7B backbone, the mechanisms with looser con-
straints—specifically majority-based voting and union-based voting—emerge as the top performers.
We hypothesize that for stronger models tackling more complex problems, an overly strict rule like
Intersection can be suboptimal. A single critique from GenPRM might incorrectly flag a valid or
complex reasoning step as faulty (a false negative), which would prevent exploration. Majority-
based or union-based voting strikes a more effective balance between precision and recall. These
mechanisms tolerate minor disagreements among the different critiques, leveraging the “wisdom of
the crowd” to reward trajectories that are directionally correct, even if they contain unexpected steps
that not all verifiers approve. This allows the model to explore a more diverse set of valid reasoning
strategies, which is critical for solving higher-difficulty problems.
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In summary, the choice of voting mechanism represents a tunable trade-off between signal precision
and exploratory freedom. While stricter mechanisms are beneficial for building foundational cor-
rectness in smaller models, more lenient, consensus-based approaches better facilitate the learning
of complex reasoning in larger models. This adaptability underscores the flexibility and robustness
of the CAPO framework.

Will the incorporation of Ground Truth Solution impact the performance of CAPO? In this
section, we investigate the impact of including ground-truth (GT) solutions on the discriminative
performance of the GenPRM. The empirical results, summarized in Table [T5] demonstrate that the
inclusion of ground-truth solutions does not always guarantee a notable advantage to our method. On
the contrary, we observe a slight degradation in general reasoning performance, suggesting that GT
solutions may not be inherently beneficial in this context. This phenomenon is acceptable, especially
when considering the potential for the gap of the model distribution between the GT data and the
policy model’s solution space. This is particularly true when a significant distributional discrepancy
exists between the GT solutions and the outputs generated by the policy model. Consequently,
instead of providing a clear learning signal, these GT solutions may introduce noise that confuses the
GenPRM and ultimately hinders its ability to make accurate and reliable discriminative judgments.

Performance Trend on Math Benchmarks
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Figure 5: Effect of the number of samples generated by GenORM on GRPO Performance. The
plot illustrates the performance of GRPO when using a varying number of samples, N € {2,4, 8}
from the GenORM. Increasing the sample size IV leads to unstable performance increase and the
performance increase is relatively small compared to using LLM-as-GenRRM in CAPO.

Statistical Validation and Variance Analysis To provide a more comprehensive analysis of the
results presented in Table[3|and Table 2] we now examine the variance and statistical stability of our
findings in Table [T8] and Table Presenting standard deviations or confidence intervals directly
within the main results table would compromise its readability due to the density of information.
Therefore, we present a detailed breakdown in a separate table for clarity. As can be seen in the ta-
bles, our proposed method not only achieves superior mean performance but also exhibits a relatively
low standard deviation across most tasks compared to the baselines. The small variance underscores
the robustness of our method, confirming that the observed improvements are statistically significant
and not due to random chance.

Discussion about GenORM and GenPRM As discussed in (2024), we combine the
rule-based verifier and generative outcome-based verifier using the reward shaping technique

let al.| [T999} [Wiewiora et al,2003)) as below:

R(ry,rm) =o(a-rm) + (B-15 — 1), (3)

where R(r,,r,,) be the final reward, and r,,, 7,,, € {1, 0}. Here, r, = 1 indicates a correct response
according to the rule-based verifier, and r,,, = 1 indicates a high-quality response according to the
GenPRM.

23



Under review as a conference paper at ICLR 2026

Table 17: Comparison of results (Pass@ 1) (with variance) across different methods on Llama-3-1B
and Qwen2.5-1.5B for mathematical (In-Distribution) and general (Out-of-Distribution) reasoning
tasks. N=4 critiques for CAPO with voting.

General Reasoning Tasks (OOD) Math Reasoning Tasks (ID) All

Method GPQA _ MMLU 00D  MATH Olympiad Math Mean

Diamond arec Pro Mean 500 Bench AMC23 Mean
Llama-3-1B
SFT 131£18 191+06 101+02 14108 220+17 67+00 88+£36 125+ 1.1 13.3+0.3
GRPO-Rule 288+00 21.6+0.1 45+01 183+0.1 271+04 7.0+£09 62108 13.4 £ 0.6 159 + 04
GRPO-GenORM 256+03 220+03 44+00 174+0.1 272+07 63+03 7.6 +09 13.7+0.2 155+0.2
CAPO-Greedy 256+21 285+0.1 57+0.1 199+07 263+08 57+02 98+0.6 139+ 04 169 +£ 0.3
CAPO-Intersection 253 +0.0 340+05 62+0.1 21.8+02 287+08 65+04 12.0+04 157 +0.1(+2.0%) 18.8+0.1(+2.9%)
CAPO-MajorVote  21.9+0.6 323+02 57+00 200+02 264+06 60+06 92+15 139+05 169+ 0.3
Owen-2.5-1.5B
SFT 160+03 61.1+05 209401 327+03 475+10 160+02 261+17 299 +04 313+0.1
GRPO-Rule 204+13 606406 207+02 339+06 489+04 170+0.7 204+0.6 288 +0.6 313+ 04
GRPO-GenORM 182+09 60.8+03 209+0.1 333+04 492+04 174+07 202+20 289+0.3 31.1 £ 0.1
CAPO-Greedy 148+06 598+04 219+02 322+00 493+06 181+08 224+03 299+03 31.1+£0.2
CAPO-Intersection 20.5+ 03 60.0+04 21.8+0.1 341+05 487+0.1 188+07 240408 30.5+04(+0.6%) 323+0.1(+1.0%)
CAPO-MajorVote 199+ 1.5 604+08 21.6+0.1 340+0.6 497+04 18.6+02 220+02 30.1 £ 0.0 320403

Table 18: Comparison of results (Pass@1) (with variance) across different methods on Llama-3-
3B and Qwen2.5-7B for mathematical (In-Distribution) and general (Out-of-Distribution) reasoning
tasks. N=4 critiques for CAPO with voting.

General Reasoning Tasks (OOD) Math Reasoning Tasks (ID)

All
Method .
GPQA ~ MMLU 00D MATH Olympiad ~ Math Mean
Diangmd ARC.c Pro Mean 500 ]{enlc)h AIME24 AMC23 Mean

Llama-3-3B
SFT 197+10 56.1+02 21.0+£01 323+07 432+08 127+04 67421 108+ 1.1+0.6 184404 243+ 06
GRPO-Rule 199+07 61.2+02 324+00 378+0.1 446+00 15.0+00 10.0 16.9 + 0.0 21.6 + 0.0 28.6 + 0.2
GRPO-GenORM 222+ 1.0 622+1.1 318+00.1 387+06 466+05 148+04 33+03 200+ 1.2 212+03 285+£04
CAPO-Greedy 242+£05 61.9+03 31.7+01 393+0.1 456+04 141£05 33 193+03 20.6 £ 0.1 28.6+0.2
CAPO-Intersection  23.2+1.0 632+ 12 31.5+0.1 393+06 443+06 156+0.5 18 203+ 1.2 220+ 04 294+ 04
CAPO-MajorVote 209 £ 1.0 624+0.1 315+00 383+07 446+00 16.7+0.1 6.7 26.8 +0.3 237 £ 0.1 (+2.1%) 304 £ 0.2 (+1.8%)
Qwen-2.5-7B
SET 237+26 67.7+02 325+00 41.3+08 607+08 281+08 33+1.1 33.0+0.2 31.3+0.1 347+ 04
GRPO-Rule 224+03 681+02 327+00 41.0£01 599409 272+0.1 3.6+0.6 341406 31.240.1 34540.1
GRPO-GenORM 236+06 680+02 329+02 41.5+03 592+04 276+05 40+07 334405 31.1+0.1 345+0.1

344+ 04 36.8 + 0.3

CAPO-Greedy 21.5+06 682+03 329+0.1 409+03 624+09 313+10 97+06 342403
3 41.2+£0.7 625408

CAPO-Intersection 222+ 1.3  68.3 +0.6 +
408 £03 63.4+0.0

CAPO-MajorVote 227+ 1.0 67.0 £ 0.4

7.1 +£0.5 34.6 £ 0.9 33.7+05 36.3+0.3
10.8 £ 0.5 34.1 £ 0.0 348 £ 0.0 (+3.5%) 37.0 £0.2(+2.3%)

As shown in Figure[5|and Table[T6] the GRPO using GenRM as outcome verifier exhibits a much less
stable and beneficial response to scaling N. While there is a slight overall improvement, the trend is
less evident. For instance, on Math benchmarks in Figure 5} performance on AMC is unstable, and
the gains on the Math Mean are marginal compared to CAPO. This suggests that simply increasing
the number of samples for an outcome-based method offers limited benefits, as it can’t offer fine-
grained credit assignment for model update.

Case Study of Different Methods The response generated by the model trained by CAPO demon-
strates a significant improvement in robustness, clarity, and efficiency over that of GRPO. The re-
sponse generated by GRPO attempts to solve the problem by converting the line equations into a
standard symmetric form, a process that unnecessarily introduces complex fractions. This strategy
not only increases the cognitive load but also elevates the risk of both conceptual and arithmetic
errors, ultimately leading to an incorrect and convoluted final expression.

In contrast, CAPO adopts a more fundamental and elegant strategy by determining the simplest
integer-based direction vector for each line. By treating the equations as a system of ratios and iden-
tifying a vector that satisfies them with integer components, CAPO circumvents fractional arithmetic
entirely. This simplification cascades through all subsequent steps, particularly the dot product cal-
culation, which becomes trivial and far less error-prone.

Consequently, our method’s superiority lies not merely in achieving the correct answer, but in its in-
herent efficiency and reduced susceptibility to common errors, reflecting a more direct and intuitive
application of vector principles.

Case Study of Internal Variations in Rollout Responses To concretely illustrate the inadequacy
of binary, outcome-based rewards, we present a case study comparing four distinct model-generated
responses during RL training to the same mathematical problem. These examples highlight how
trajectories with identical final outcomes can possess vastly different internal reasoning qualities, a
nuance that coarse-grained reward signals fail to capture.
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We first examine two responses that arrive at the correct answer of 20. The correct response in
Figure |[F demonstrates a flawless, direct, and correct reasoning process. In contrast, the response
in Figure [F] reaches the same correct answer through a spurious and convoluted line of reasoning,
as highlighted in red. Under a standard RLVR framework, both responses would receive an iden-
tical positive reward, rendering the model unable to distinguish between sound logic and fortunate
coincidence.

Next, we compare two responses that fail to produce the correct answer. The response in Figure [F
demonstrates a strong understanding of the core logic (i.e., that the numbers must be equal), and
its failure is isolated to a minor off-by-one calculation error at the end. Conversely, the response in
Figure [Fis fundamentally flawed, employing a completely incorrect and irrelevant problem-solving
strategy from the outset. A binary reward scheme would assign the same penalty to both, failing to
credit the largely correct reasoning in the third case while not sufficiently penalizing the complete
conceptual failure in the fourth.

This case study underscores that a single binary reward signal obscures critical, process-level in-
formation. This lack of differentiated feedback prevents the model from learning to favor robust
reasoning pathways over flawed or lucky ones, motivating the need for a more granular credit as-
signment mechanism.
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F PROMPT

Prompt for Generative Reward model. Below is the prompt for the generative reward model.

Prompt for Generative Reward Model

You are a math teacher. Use [Ground Truth Solution] to find any erroneous step in
[Solution To Judge]. And the solution to be checked is separated with steps like
7 <step_i>...</step_i>" where i is the index of the step. First, determine whether the
solution is correct based on [Ground Truth Solution] and write it in the form “Judgment:
Is the solution correct (Yes/No)? X, where X is either Yes or No. If the solution is
incorrect, review, analyze, and verify each step of the solution independently, without
relying on the correctness of the context before. This means that the current step cannot
be considered as incorrect simply because it used the conclusion derived from the previous
erroneous reasoning. Then provide the list of the indices of error steps separated by a
comma. And the format is as follows: <incorrect_steps>...(the index of the incorrect
steps)... </incorrect_steps>. Please give your answer directly.

Training Prompt. We use the following prompt to conduct SFT and RL training.

Training Prompt

System

Please reason step by step, and put your final answer within \boxed{}.
User

{Question Content}

Question
The set of points (z, y, z) that satisfy

20 =3y = —=2

is a line.
The set of points (z, y, z) that satisfy

6r = —y = —4z

is another line. Find the angle between these lines, in degrees.

26



Under review as a conference paper at ICLR 2026

Case Study of CAPO

For the first line, we can express the equations as:
20 =3y = —=z
This implies:

3
T =Y, z= -2z =3y

3

Thus, the direction vector of the first line is ( 2 ) .
-3

For the second line, we can express the equations as:

6r = —y = —4z

This implies:

1
Thus, the direction vector of the second line is (6) .
-3
To find the angle 6 between these lines, we use the dot product formula:

3 1
-3 -3
3 1
-3 -3
Calculating the dot product:

3-1+4+2-(—6)+(=3)-(-3)=3-12+9=0

cosf =

Calculating the magnitudes:

(3)

1
( 6) ' = /12 4+ (—6)2 + (—3)2 = V46
3

’zmzm

Thus,

0
cos) = — =0

V14 - 4/46
Therefore, 0 =

Case Study of GRPO (Failed Response)

For the first line, we can express the equation as:
T Yy oz
1 3/2 -1/2

1
Thus, a direction vector for this line is < 3/2 > .
—1/2
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For the second line, we can express the equation as:
% Y z

ST 1 A

1/6
Thus, a direction vector for this line is ( 1 > .
1/4
To find the angle 6 between these lines, we use the dot product formula:

_ @)
I

1 ~1/6
( 3/2 ) : ( 1 ) =1-(=1/6)+(3/2)-1+(—1/2)- (1/4) = —1/6+3/2—1/8 = 11/8.
~1/2 1/4

Calculating the dot product:

Calculating the magnitudes:

()
(i)

‘ V12 4+ (3/2)2 + (=1/2)2 = 4/1 + 9/4 + 1/4 = 4/11/2,

’ V(=1/6)2 + 12 + (1/4)2 = \/1/36 + 1 + 1/16 = 4/17/12.

Thus,
. 11/8 11/8 11/8 11-+/24
cosf = = .
VI1/2 \/17/12  \/187/24  /187/v/24  8-+/187
Solving for 6:
1 (11 : \/24>
0 = cos — .
8- +/187
Conclusion:

The response with correct answer and correct reasoning process.

User

Mary and Jenna are playing a game in which each girl rolls a twenty-sided die with
numbers from 1 to 20 on the faces. If the number on the die that Mary rolls is a factor of the
number on the die that Jenna rolls, Mary wins. If the number on the die that Jenna rolls is
a factor of the number on the die that Mary rolls, Jenna wins. For how many possible rolls
would both girls win?

Assistant

To solve this problem, we need to find the number of pairs (m,j) where m is the
number rolled by Mary and j is the number rolled by Jenna, such that m is a factor of j and
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7 is a factor of m. This implies that m and j must be equal, since m being a factor of j and
7 being a factor of m can only happen if m = j.

Given that both Mary and Jenna are rolling a twenty-sided die, the possible values for m and
7 range from 1 to 20. Therefore, there are 20 possible outcomes where both m and j are
equal.

Hence, the number of possible rolls where both girls win is

The response with correct answer and the incorrect reasoning process.

User

Mary and Jenna are playing a game in which each girl rolls a twenty-sided die with
numbers from 1 to 20 on the faces. If the number on the die that Mary rolls is a factor of the
number on the die that Jenna rolls, Mary wins. If the number on the die that Jenna rolls is
a factor of the number on the die that Mary rolls, Jenna wins. For how many possible rolls
would both girls win?

Assistant

To solve this problem, we first need to understand the conditions under which both
Mary and Jenna can win. For Mary to win, the number on her die must be a factor of the
number on Jenna’s die. Conversely, for Jenna to win, the number on her die must be a factor
of the number on Mary’s die. The only way both can win simultaneously is if the number
on both dice is the same, because a number is always a factor of itself.

Given that each die has numbers from 1 to 20, we need to find how many numbers
in this range have at least one other number in the same range that is a factor of them. This
means we are looking for numbers that have at least one other number in the range that
divides them without a remainder.
e The number 1 is a factor of every number, so it cannot be the number that both girls
roll to win because there is no other number in the range that is a factor of 1.
e The numbers 2, 3,4, 5,6,7,8,9, 10, 11, 12, 13, 14, 15, 16, 17, 18, 19, and 20 each
have at least one other number in the range that is a factor of them (for example, 2
is a factor of 4, 6, 8, 10, 12, 14, 16, 18, and 20; 3 is a factor of 6, 9, 12, 15, and 18;
and so on).
Therefore, there are 20 numbers in the range from 1 to 20 that have at least one other number
in the same range that is a factor of them. Since both girls can roll any of these numbers and

win, there are possible rolls where both girls would win.

The response with wrong answer and few incorrect reasoning process.

User

Mary and Jenna are playing a game in which each girl rolls a twenty-sided die with
numbers from 1 to 20 on the faces. If the number on the die that Mary rolls is a factor of the
number on the die that Jenna rolls, Mary wins. If the number on the die that Jenna rolls is
a factor of the number on the die that Mary rolls, Jenna wins. For how many possible rolls
would both girls win?

Assistant

To answer this question, we need to find the circumstances under which Mary and
Jenna both win. Let’s denote Mary’s roll as M and Jenna’s roll as J.
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The winning conditions are as follows: Mary wins if M is a factor of J (M — J).
Jenna wins if J is a factor of M (J — M).

For both girls to win, these two conditions must be met simultaneously. For positive
integers, if M is a factor of J and J is also a factor of M, the only possibility is that M = J.

Therefore, our task is to count how many pairs (M, J) satisfy the condition M = J.
That is, both girls roll the exact same number.

The faces of the die are numbered from 1 to 20. So, we need to calculate how many
possible numbers are in this range.

e The numbers on the die are from 1 to 20. This is a sequence of consecutive integers.
* To count the number of integers in this range, we can subtract the minimum value
from the maximum value.
 Therefore, the number of possible outcomes is: 20 — 1 = 19.
Since they can both win only when they roll the same number, and there are a total of 19
such possible numbers, there are 19 satisfying combinations. These combinations are (2,2),
(3,3), (4,4), ..., (20,20).

Therefore, the total number of possible rolls where both girls win is .

The response with wrong answer and totally wrong reasoning process.

User

Mary and Jenna are playing a game in which each girl rolls a twenty-sided die with
numbers from 1 to 20 on the faces. If the number on the die that Mary rolls is a factor of the
number on the die that Jenna rolls, Mary wins. If the number on the die that Jenna rolls is
a factor of the number on the die that Mary rolls, Jenna wins. For how many possible rolls
would both girls win?

Assistant

To solve this problem, we need to count the number of ways in which both Mary
and Jenna can win under the given conditions.

1. **Case 1: Jenna rolls a prime number.** - A prime number has exactly two fac-
tors: 1 and itself. - Since there are 8 prime numbers between 1 and 20 (2, 3, 5,7, 11, 13, 17,
19), and Mary can roll any number that is a factor of Jenna’s roll, Mary can only win if she
rolls a 1. - Therefore, there are 8 ways in this case where Mary wins.

2. **Case 2: Jenna rolls a composite number that is not a perfect square.** - Com-
posite numbers between 1 and 20 that are not perfect squares are 4, 6, 8, 10, 12, 14, 15, 18,
and 20. - For each of these numbers, there are two factors (other than 1 and the number
itself) that Mary can roll to win. For example, if Jenna rolls a 4, Mary can win by rolling
a 2; if Jenna rolls a 6, Mary can win by rolling a 2 or a 3, and so on. - There are 9 such
numbers, and for each, Mary has 2 choices, resulting in 9 x 2 = 18 ways.

3. **Case 3: Jenna rolls a perfect square.** - Perfect squares between 1 and 20 are
1, 4, 9, and 16. - If Jenna rolls a 1, Mary can win by rolling any number (20 choices),
but Jenna also wins if Mary rolls a 1, resulting in 20 — 1 = 19 ways. - If Jenna rolls a 4,
Mary can win by rolling a 1 or a 2 (2 choices), but Jenna wins if Mary rolls a 4, resulting in
2 — 1 = 1 way. - If Jenna rolls a 9, Mary can win by rolling a 1 or a 3 (2 choices), but Jenna
wins if Mary rolls a 9, resulting in 2 — 1 = 1 way. - If Jenna rolls a 16, Mary can win by
rolling a 1, 2, 4, or 8 (4 choices), but Jenna wins if Mary rolls a 16, resultingin4 — 1 = 3
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ways. - Adding these up, we get 19 + 1 + 1 + 3 = 24 ways.

4. **Total number of winning combinations:** - Adding the numbers from all cases,
we get 8 + 18 + 24 = 50 ways.

Therefore, the total number of possible rolls where both girls win is

Bl
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Case Study of LLM-as-GenPRM when Response is Correct

You are a math teacher. Use [Ground Truth Solution] to find any erroneous step in [So-
lution To Judge]. And the solution to be checked is separated with steps like ”<step-i
>...</step_i>" where i is the index of the step. First, determine whether the solution is
correct based on [Ground Truth Solution] and write it in the form ~’Judgment: Is the solution
correct (Yes/No)? X, where X is either Yes or No. If the solution is incorrect, review, ana-
lyze, and verify each step of the solution independently, without relying on the correctness
of the context before. This means that the current step cannot be considered as incorrect
simply because it used the conclusion derived from the previous erroneous reasoning. Then
provide the list of the indices of error steps separated by a comma. And the format is as
follows:

<incorrect_steps>

...(the index of the incorrect steps)...

</incorrect_steps>.

[Question]

If a is a constant such that 422 — 12z + a is the square of a binomial, then what is a? Please
reason step by step, and put your final answer within

boxed.

[Ground Truth Solution] If 422 — 12z + a is the square of a binomial, then the binomial
has the form 2z + b for some number b, since (2z)? = 422. So, we compare (2z + b)? to
4x? — 127 + a. Expanding (2 + b)? gives

(2x + b)? = 4x? + 4bx + b,

Equating the linear term of this to the linear term of 422 — 122 + a, we have 4bz = —12x,
sob= —3. Thus,a = b> =[9]

[Solution To Judge]

<step-0>

## Step 1: Recognize the form of a perfect square trinomial A perfect square trinomial can
be written in the form (pz + ¢)2, which expands to p?z? + 2pgz + ¢*. Here, we need to
match this form with 422 — 122 + a.

</step_0>

<step_1>

## Step 2: Identify the coefficients of the perfect square trinomial The coefficient of x2 in
the perfect square trinomial is p?, the coefficient of x is 2pg, and the constant term is ¢°.
</step-1>

<step-2>

## Step 3: Match coefficients of 22 and constant terms Since the coefficient of 22 in 422 —
12 + a is 4, which is p?, we have p? = 4. The coefficient of x is —12, so 2pg = —12. We
need to find a value of p that satisfies both equations.

</step_2>

<step_3>

## Step 4: Solve for p and ¢ From p? = 4, we get p = +2. We will test these values to see
if they satisfy 2pg = —12.

</step-3>

<step_4>

#t Step 5: Test p = 2 and p = —2 If p = 2, then 2¢(2) = —12, which simplifies to
4q = —12,s0 ¢ = —3. If p = —2, then 2¢(—2) = —12, which simplifies to —4g = —12, so
q=3.

</step_4>

<step_5>

## Step 6: Find the value of a Since ¢> = a, we have (—3)? = a and 3% = a. Both values
givea = 9.

</step-5>

<step_6>

The final answer is: @

</step-6>

Judgment: Is the solution correct (Yes/No)? Yes
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Since the solution is correct, there are no incorrect steps to list. The solution accurately fol-
lows the process of identifying the form of a perfect square trinomial, matching coefficients,
solving for p and ¢, and finding the value of a. The final answer of a = 9 is correct based on
the given problem and the steps provided.

However, to follow the format as requested but with the understanding that there are no
incorrect steps:

<incorrect_steps> </incorrect_steps >

Case Study of LLM-as-a-GenPRM when Response is Wrong

You are a math teacher. Use [Ground Truth Solution] to find any erroneous step
in [Solution To Judge]. And the solution to be checked is separated with steps like
”<step-i>...</step_i>" where i is the index of the step. First, determine whether the so-
lution is correct based on [Ground Truth Solution] and write it in the form ”Judgement: Is
the solution correct (Yes/No)? X”, where X is either Yes or No. If the solution is incorrect,
review, analyze, and verify each step of the solution independently, without relying on the
correctness of the context before. This means that the current step cannot be considered as
incorrect simply because it used the conclusion derived from the previous erroneous reason-
ing. Then provide the list of the indices of error steps separated by a comma. And the format
is as follows: <incorrect_steps>...(the index of the incorrect steps)... </incorrect_steps>.

[Question] For what real value of v is =21733% a root of 522 + 21z + v?

[Ground Truth Solution] We could substitute (—21 —4/301)/10 for  in the equation, but the
quadratic formula suggests a quicker approach. Substituting 5, 21, and v into the quadratic

formula gives
—(21) £4/(21)2 —4(5)(v) _ —21 + /441 — 20v
2(5) a 10 '
Setting (—21 + /441 — 20v)/10 and (—21 — /441 — 20v)/10 equal to (—21 — +/301)/10,

we find no solution in the first case and 441 — 20v = 301 in the second case. Solving yields
v = (301 — 441)/(—20) = (—140)/(—20) =[7].

[Solution To Judge] <step_-0>To find the real value of v for which _21;70 V301 js a root of

the quadratic equation 522 + 21z + v, we substitute z = =2.2Y3% into the equation. This
gives us:</step_0>
<step_1>
2
5( 21 \/301> +21< 21 \/301> Y0
10 10
</step-1>
<step_2>Simplifying the equation, we get: </step_2>
<step_3>
5(—21 —+/301)2  21(—21 —+/301) N 0
100 10 !
</step_3>
<step-4>Further simplification leads to: </step_4>
<step_5>
5(441 + 424/301 + 301) 441 + 214/301
+ +v=0
100 10
</step-5>
<step_6>
5(742 + 424/301) 441 + 214/301
+ +v=0
100 10
</step_6>
<step_7>
3710 + 210+/301 N 441 + 21+/301 P

100 10
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</step-7>
<step_8>
3710 + 210v/301 + 441 + 21+/301 P
100 v
</step_8>
<step_9>
4151 + 231+/301
———+v=0
100
</step-9>
<step_10>Solving for v, we find:</step_10>
<step_11>
4151 + 231+/301
a 100
</step-11>

<step_12>Therefore, the real value of v for which % V30L 5 a root of 5z2 + 21z + v is

4151 + 2314301
100
Judgement: Is the solution correct (Yes/No)? No

<incorrect_steps> <step_5>,<step_6>,<step_7>,<step_8>,<step_-9>,<step_10>,<step_11
21(—21—+/301)
10

. </step_12>

In step_5, the term should have a negative sign since the original expression
was 21 _21;70 V301 ) The error propagates through the subsequent steps, leading to an in-

correct final value for v.
The correct simplification should be:

5(441 + 424/301 + 301)  21(21 + +/301)

100 * 10 =0
Which then leads to:
5(742 + 424/301) 441 + 214/301
+ +v=0
100 10
And further simplifies to:
3710 + 210+/301 R 214/301 P
100 10 -
Combining the fractions:
3710 + 210+/301 + 4410 + 210+/301 P

100
Simplifying the numerator:

8120 + 420+/301 n
100

v=20
Dividing by 100:

81.2+4.24/301 +v =0

Finally, solving for v:

v = —81.2 — 4.2v301

This result does not match the ground truth solution, indicating that the method used in the
provided solution is unnecessarily complex and prone to errors. The ground truth solution
correctly uses the relationship between the roots and coefficients of the quadratic equation
to find v more efficiently.

</incorrect_steps>
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