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ABSTRACT

Process reward models (PRMs) offer step-level supervision for reasoning LLMs,
but in practice they often overcredit incorrect steps, inducing high false positive
rates that distort decoding and compound over long chains. We show analyti-
cally that in Best-of-N selection, false positives impose an asymptotic alignment
ceiling (set by the PRM’s precision), whereas false negatives primarily increase
sample complexity and slow convergence. Motivated by this asymmetry, we in-
troduce a label-efficient training recipe that requires no new human annotation:
we convert existing step labels into matched positive-negative comparisons, op-
timize a novel Overcredit Contrastive (OC) objective, and rebalance supervision
using lightweight negative augmentation and a simple difficulty curriculum. On
PRMBench (Song et al., 2025), our method sharply reduces false positives and
improves macro F1 over strong discriminative and generative PRMs. When de-
ployed for guided beam search and Best-of-N selection, the resulting PRMs yield
higher downstream task accuracy and improved robustness. Overall, our results
suggest that comparison-centered training with balanced step data provides a prac-
tical path to trustworthy process supervision without additional human labels.

1 INTRODUCTION

Large Reasoning models (LRMs) (Guo et al., 2025; Shao et al., 2024; Jaech et al., 2024) have
achieved tremendous recent progress, demonstrating strong performance across mathematics, pro-
gram synthesis, and planning tasks. However, they are typically trained using final-answer verifi-
cation rewards (RLVR) (Lambert et al., 2024), which are inherently sparse. This sparsity leads to
slow and inefficient convergence (Sun et al., 2025b), hard exploration challenges (Yue et al., 2025),
and the emergence of incorrect reasoning behaviors Zhang et al. (2025a). Thus they can tolerate
logically flawed traces that land on the correct outcome (Barkur et al., 2025; Sun et al., 2025a).
Process reward models (PRMs) are capable of training a better LRM by scoring intermediate steps,
offering dense supervision intended to shape safer, more faithful reasoning (Lightman et al., 2023;
Chen et al., 2024; Zhang et al., 2024). However, current PRMs (Zhang et al., 2025b; Wang et al.,
2023; Khalifa et al., 2025; Zhao et al., 2025), both discriminative and generative suffer from several
inherent limitations.

Why process supervision via PRMs is vulnerable. In practice, many PRMs overcredit incorrect
intermediate steps, producing high false positive rates (Table 1). A false positive is especially dam-
aging at inference time: if an incorrect step is scored as “good,” it can steer decoding toward a flawed
branch, and repeated overcredit across a long chain systematically biases search. In downstream use,
this manifests as reward hacking by the guided policy. We trace this vulnerability to two compound-
ing factors. (1) Data imbalance: step-annotated corpora are often heavily imbalanced: correct steps
are overrepresented even when most full solutions are incorrect (e.g., PRM800k; Table 2) (Lightman
et al., 2023). (2) Pointwise training: most PRMs are trained with pointwise cross-entropy on step
labels. Under imbalance and label noise, pointwise objectives encourage majority-class bias, inflat-
ing false positives precisely. Consequently, these PRMs become unreliable rankers when used for
policy selection or search—e.g., Best-of-N and guided beam search—where the key requirement is
to prefer correct traces over plausible but incorrect ones, not merely to achieve high average step
accuracy (Song et al., 2025).
From PRM accuracy to downstream alignment. The objective is not to maximize average PRM
accuracy, but to improve reasoning behavior when the PRM guides decoding (guided beam) or se-
lection (Best-of-N ). We therefore analyze how PRM errors translate into downstream outcomes and
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Pos-Acc Neg-Acc PRMScore
Qwen-PRM-7B (Discriminative PRM) 95.36 30.66 65.5
ReasonEval-7B* (Discriminative PRM) 95.5 21.2 60.0
ThinkPRM-7B (Generative PRM) 83.29 50.89 64.3
GenPRM-7B (Generative PRM) 52.25 73.92 50.5
GPT-4o* 82.9 58.2 66.8

Table 1: Here we show the positive and negative accuracy for SOTA PRM models. We also report
PRMScore from Song et al. (2025) where we can also find these metrics for other PRM models.
(*numbers are taken from Song et al. (2025))
uncover a sharp asymmetry: in Best-of-N , a false positive rate α induces an asymptotic performance
ceiling determined by the PRM’s precision, while false negatives β primarily slow convergence by
increasing the number of samples required to find and recognize a correct solution. This implies a
“precision-first” principle: reducing false positives is strictly more important for trustworthy process
supervision than improving recall in isolation. Since PRMs are ultimately deployed to improve poli-
cies under sparse reward settings, their utility should be evaluated through downstream decoding,
selection, and ranking performance, not just step-level metrics.
This work: OC-PRM, comparison-centered and label-efficient PRMs. We introduce OC-PRM
(Overcredit-Contrastive Process Reward Modeling), an architecture-agnostic training recipe that re-
quires no new human labels. (i) We convert existing step annotations into matched positive–negative
pairs and train PRMs with an Overcredit Contrastive (pairwise) objective that directly optimizes the
relative score of correct versus incorrect steps; we provide theoretical motivation and empirical
evidence that this comparison-based training better supports ranking. (ii) We apply lightweight neg-
ative augmentation by treating future steps as negatives for earlier contexts, creating diverse and
hard comparisons that specifically counter overcredit. (iii) We stabilize optimization with a simple
curriculum over pair difficulty. Together, OC-PRM shifts learning from pointwise label fitting to
calibrated preference margins, explicitly targeting reductions in false-positive overcredit.

Empirical scope. On PRMBench (Song et al., 2025), our method substantially lowers false positive
rates and improves macro F1 for both discriminative and generative PRMs. When deployed to guide
decoding (guided beam search) and selection (Best-of-N ), the improved PRMs produce consistently
higher downstream accuracy and robustness. Together with the Best-of-N analysis, these results
close the gap between reward model metrics and alignment.
Contributions.

• Precision-first analysis. We formalize how step-level overcredit compounds across trajectories
and prove a sharp asymmetry for Best-of-N : the false positive rate sets an asymptotic alignment
ceiling (via precision), whereas false negatives primarily increase sample complexity.

• OC-PRM. We introduce OC-PRM (Overcredit-Contrastive Process Reward Modeling), a label-
efficient, architecture-agnostic recipe that converts step labels into matched positive–negative
pairs, optimizes an Overcredit Contrastive (pairwise) objective, and uses lightweight negative
augmentation with a simple curriculum to reduce false-positive overcredit. We provide theoretical
motivation and empirical evidence that comparison-based objectives better support downstream
decoding and selection than pointwise training.

• Downstream-aligned gains. On PRMBench and in guided decoding/Best-of-N , OC-PRM sub-
stantially reduces false positives, improves macro F1 (especially on negative steps), and yields
stronger policy alignment. The approach integrates cleanly with existing PRM pipelines (Light-
man et al., 2023; Chen et al., 2024; Zhang et al., 2024) without new human labels.

Broader impact. Reducing PRM false positives decreases the risk that systems select fluent but
incorrect chains, advancing safer, more trustworthy reasoning. Our findings argue for precision first
process supervision: train to compare and calibrate, not merely to classify.

2 ISSUE OF REWARD HACKING IN LRMS

Reward hacking is an important issue for learning correct reasoning trajectories by the LLM policy
since the policy model is trained using feedback from the reward model. It has been extensively
studied for ORMs (Bukharin et al., 2025; Yan et al., 2024; Yang et al., 2024; Liu et al., 2024) but
there are no works for PRMs which are used to train reasoning LLMs (Chen et al., 2025; Li et al.,
2025). We now describe reward hacking for both ORM and PRM.
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69.38 4.27

31.11 29.63

FPR          FNR 

Baseline

OursTrue 
Reward

After-Training, Rewards shift 
closer to 0 for label = 0 

Figure 1: In this figure, we highlight the problem of reward hacking. Reward hacking arises from
the reward model’s bias toward predicting false positives, a bias that our trained model substantially
reduces, as reflected in the lower FPR values (top-right) compared to the baseline. This effect is
further illustrated in the reward distribution plot for label = 0 (top-left). For negative labels (dark
blue), the baseline model assigns disproportionately high rewards. In contrast, our trained model
shifts this distribution downward (silver), closer to the true reward of 0. This shift demonstrates that
the trained PRM more accurately aligns negative labels with their intended reward, thereby reducing
false-positive bias and alleviating reward hacking. Furthermore, when the trained PRM is used for
downstream decoding in the LLM policy, it leads to significant performance improvements (bottom-
right).

2.1 REWARD HACKING

Let the true (ideal) global reward be denoted by R(x, y), where x is the prompt and y =
(y1, y2, . . . , yT ) represents a full response (or reasoning chain) consisting of T steps. The proxy
(or process) reward model, R̂, supplies feedback either at the trajectory level or at individual rea-
soning steps during policy training. Reward hacking (Bukharin et al., 2025; Yan et al., 2024; Yang
et al., 2024; Liu et al., 2024) occurs when optimizing with respect to R̂ yields high proxy reward
but fails to improve or even degrades the true reward. It is more pronounced in out-of-distribution
(OOD) prompts or reasoning paths.
Reward Hacking due to Process Reward Models. In PRMs, which provide step-level feedback,
reward hacking occurs when the estimated step reward r̂θ(x, y<t, yt), where t is step number, or
its aggregated trajectory reward R̂θ fails to align with the true step reward rθ(x, y<t, yt) or the true
trajectory reward R(x, y):

r̂θ(x, y<t, yt) ̸= rθ(x, y<t, yt), or R̂θ ̸= Rθ

Trajectory-level rewards in PRMs can be computed using one of the following schemes:

• Minimum: R̂(x, y) = minTt=1 r̂θ(x, y<t, yt), the worst step controls credit, discouraging short-
cuts.

• Product: R̂(x, y) =
∏T

t=1 r̂θ(x, y<t, yt) , where multiplication biases credit by the number of
steps.

• Sum: R̂(x, y) =
∑T

t=1 r̂θ(x, y<t, yt), where small false positives accumulate, rewarding many
easy steps over fewer correct ones.

In Figure 1, we illustrate reward hacking by showing a distribution plot in which the base Qwen-
PRM model makes positive predictions to a substantial fraction of negatively labeled examples.
These high false-positive predictions cause the policy to treat incorrect reasoning trajectories as
correct, leading it to learn spurious shortcuts. This over-optimization of reward is called reward
hacking(Song et al., 2025). In the next section 2.3, we theoretically understand how false-positive
predictions in PRMs affect downstream LLM policy alignment.

2.2 PRMS IS MORE VULNERABLE THAN ORM.

Error compounding effect in PRMs. Unlike ORMs, which evaluate trajectories only once at the
output level, PRMs are applied repeatedly at each reasoning step. As a result, reward hacking in
PRMs is more severe and has greater downstream impact. More specifically, the different aggrega-
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tion strategies applied over individually overcredited steps can cause compounding effects, where
small step-level errors accumulate across the trajectory. This accumulation leads disproportionately
high rewards for incorrect chains, with the total misalignment potentially scaling linearly with total
steps, T .

PRM800k
% end in correct solution 14.2
% correct steps 73.1

Table 2: Step- and solution-level correct-
ness in PRM800k.

Loss and Data-Imbalance problem in PRM training.
PRMs are commonly trained using pointwise, step-level
losses, unlike ORMs trained using pairwise losses. Point-
wise losses are particularly susceptible to bias when the
training data is imbalanced or contains noisy labels. For
example, the PRM800k dataset (Lightman et al., 2023), a
widely used open-source process supervision dataset, contains a substantially higher proportion of
correct steps than incorrect steps, despite having a larger fraction of incorrect trajectories overall.
Stats shown in Table 2. We further summarize SOTA PRMs in Table 1 and observe a consistent
imbalance between positive and negative accuracy. These models also exhibit bias towards false-
positive predictions. As discussed earlier, such high false-positive rates directly contribute to reward
hacking, since they assign high reward to incorrect reasoning trajectories.

2.3 THE ASYMMETRIC IMPACT OF FALSE POSITIVES VS. FALSE NEGATIVES IN REWARD
HACKING

Now we will theoretically analyze how false positives (FP) and false negatives (FN) prediction by
the reward model affect downstream policy alignment, particularly Best-of-N (BoN) alignment.
Theorem 1 (Asymmetric Effect of False Positives and False Negatives in Best-of-N Selection).
Consider BoN selection using an imperfect binary reward model T̂ (y) ∈ {0, 1} to select from N
i.i.d. samples yi ∼ π(· | x). Let T (y) ∈ {0, 1} be the true label, with base rate p = P(T = 1). Let
α = P(T̂ = 1 | T = 0) and β = P(T̂ = 0 | T = 1) denote the false positive and false negative
rates. Define P (N) as the probability that BoN selects a response with T = 1. Then:

Asymmetry I: False positives induce a hard ceiling If α > 0 and β = 0, then

lim
N→∞

P (N) =
p

p+ (1− p)α
< 1.

Moreover, this ceiling is strictly decreasing in α.

Asymmetry II: False negatives only slow convergence If α = 0 and β < 1, then

lim
N→∞

P (N) = 1.

In this case, false negatives reduce the rate at which P (N) approaches 1, but do not induce asymp-
totic bias. Thus, false positives fundamentally limit alignment under BoN selection, while false
negatives merely delay it. Detailed proof is provided in appendix section
Assumption: We focus on the practically relevant regime where N is moderate to large and the
marginal predicted-positive rate q = P(T̂ = 1) is not vanishing. In this setting, BoN selects from
the predicted-positive set with high probability, and the dominant contribution to P (N) arises from
selection among predicted positives; the contribution from the event where no predicted positive is
present becomes negligible. B.1.

We simulate Best-of-N accuracy under two error conditions: high false positives (FP) vs. high false
negatives (FN) where the BoN accuracy is measured as the probability that the selected response
is correct. Check figure 2 to see the plot. The results show that FP causes accuracy to saturate
at a biased ceiling, even as N increases while FN only slows convergence without limiting final
performance. This highlights that reducing false positives is critical for reliable alignment under
reward-based selection.
Key Insight: Prioritize reducing false positives. For PRMs that guide decoding at every step,
small overcredits compound along long chains, making the precision ceiling especially consequen-
tial. Its high FPR causes policy misalignment further learning spurious incorrect behavior which
is called reward hacking. Objectives and data curation should therefore (i) compare correct vs. in-
correct steps in matched contexts, (ii) rebalance step label distributions, and (iii) emphasize hard
negatives, all aimed at minimizing α to lift the ceiling on alignment.
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Figure 2: Left plot shows effect of False Positives vs False Negatives on BoN Accuracy. Right
plot shows distribution of rewards for negative labels across QwenPRM variants. Compared to the
baseline (green) and cross-entropy–trained PRM (red), our pairwise-trained model (silver) assigns
consistently lower rewards to negative steps, indicating reduced overcrediting and improved dis-
crimination.

3 MITIGATING REWARD HACKING: MAKING PRMS ROBUST BY REDUCING
FALSE POSITIVE PREDICTION

PRMs, which provide granular step-level reward signals, are fundamentally more capable of driving
correct reasoning paths (Zhang et al., 2025a). However, obtaining a high-quality PRM is restricted
by availability of high-quality step-level training data. Existing methods rely on human annotations
(Lightman et al., 2023) or MCTS-generated scores (Zhang et al., 2024; Chen et al., 2024) to assign
a score for each step. These scores serve as training targets, in loss such as mean-square-error loss
(Chen et al., 2024) or point-wise loss (Wang et al., 2023; Luo et al., 2024; Zhang et al., 2024).
Thus the precision of these annotated step-level reward scores directly determines the quality of
the PRM. Unfortunately, precise per-step scoring remains a unsolved challenge. Another problem
observed is the data imbalance between positive-negative labels as shown in Table 2 for PRM800k
dataset (Lightman et al., 2023), an open-source process supervision dataset. This label imbalance
significantly impacts false-positives in PRMs. Thus, to mitigate these challenges we propose a
pairwise loss (Overcredit Contrastive Loss) and introduce simple data generation and augmentation
strategy to generate process supervision data without any additional labeling cost. Note that, the
goal of this work is not to design a perfect reward model but to highlight, and mitigate, systematic
PRM failure modes that undermine alignment.

3.1 OVERCREDIT CONTRASTIVE LOSS FOR PRMS

Here, we introduce a novel loss function to fine-tune a pre-trained process reward model (PRM)
in order to mitigate its bias toward the majority class. Since existing PRMs, both discriminative
and generative, exhibit high false-positive rates and are trained on imbalanced class-label data, our
proposed loss is broadly applicable to both.

Why compare, not classify. Pointwise cross entropy on imbalanced step labels makes PRMs over-
credit the majority class, inflating false positives. To counter this bias without new annotations, we
fine tune the PRM with a pairwise objective that ranks a correct step above an incorrect one under
the same partial context.

How we get step-scores. Conventional PRM output reward, rθ(·) ∈ R2×1, corresponding to scores
for positive and negative labels. We use reward score with respect to positive class and call it rθ(.).

Overcredit Contrastive (OC) loss. We optimize a preference based objective, inspired from pair-
wise preference loss Ouyang et al. (2022), that pushes the positive above the negative:

LPRM(θ) = −E(x, ypos
t , yneg

t )∈D

[
log

(
σ
(
rθ(x, y<t, y

pos
t )− rθ(x, y<t, y

neg
t )

))]
, (1)

where t ≤ T can be any step uptil total steps T . Here rθ(x, y<t, yt) is the PRM output for step yt
given problem x and prefix y<t. Note, each pair (ypos

t , yneg
t ) share the same prefix (x, y<t).
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What this buys us. Because (x, y<t) is shared, the model learns a relative preference within the
same context. The objective places the largest penalty when an incorrect step outranks, or nearly
ties, a correct step—directly reducing overcredit on negatives. It is architecture agnostic and uses
only existing step labels.

3.1.1 PAIRWISE VS POINTWISE LOSS

Distribution Plot comparing Pairwise vs Pointwise loss. Class rebalancing can be applied to both
pointwise (cross-entropy) and pairwise training. However, pointwise loss trains a binary classifier
that predicts the absolute correctness of an individual step (“is this step correct or not?”), whereas
our pairwise loss trains a model to learn relative preference between two steps (“is step A better
than step B?”). The latter directly optimizes ranking quality which matters more than individual
correctness scores on downstream alignment. The margin induced by the pairwise loss also leads to
a clearer separation between positive and negative steps, which is crucial for reducing false positives.

To demonstrate this, we fine-tune the same Qwen-PRM using both pairwise and pointwise losses
on identical positive and negative data. We report the false-positive rate (FPR) comparison for both
models in Appendix Table 4. We additionally present a reward distribution comparison between
pointwise and pairwise losses for PRM training in figure 5.

We now provide a theoretical justification for why pairwise loss reduces false positives compared to
pointwise loss.
Theorem 2 (ROC dominance =⇒ lower FPR). Assumption: Suppose pairwise training produces
scores whose positive distribution dominates the negative distribution more than CE does. This
assumption has been validated from distribution plots of Figure 5. Concretely, assume there exists
δ > 0 such that

rθpair(y
pos)

d
= rθce(y

pos) + δ, rθpair(y
neg)

d
= rθce(y

neg)− δ

where rθpair(y) is reward, rθ(x, y<t, yt) from the PRM trained using pairwise loss and rθce(y) is the
reward from the PRM trained using pointwise loss (cross-entropy loss).

Then for every recall/TPR level ρ ∈ (0, 1), the FPR of the Pairwise-trained model is no larger:

FPRθpair(τpair(ρ)) ≤ FPRθce(τce(ρ)),

where τpair(ρ) and τce(ρ) are thresholds chosen to achieve TPR = ρ under each model.

Detailed proof regarding this theorem is provide in Appendix Section B.2.

3.2 TRAINING PRM USING CURRICULUM AND LABEL EFFICIENT PAIRWISE DATA

Since high-quality step-level annotations are difficult to obtain, we construct paired posi-
tive–negative training examples from existing labeled data, particularly the PRM800K dataset
(Lightman et al., 2023). PRM800K provides positive, negative, and neutral annotations for inter-
mediate reasoning steps. We leverage these multiple labels by generating explicit positive–negative
pairs at each step, yielding about 26k training pairs. To further expand the dataset, we apply an
augmentation strategy: every future step in a trajectory is treated as a negative sample relative to the
current step. This augmentation not only increases diversity but also encourages the model to learn
how to correct partial reasoning trajectories, rather than just focusing on producing a correct final
answer. It also produces challenging pairs, since the “negative” step may be correct in isolation but
becomes incorrect when positioned prematurely. For example, in solving a quadratic equation, writ-
ing down the final root before showing intermediate simplifications is mathematically valid, but as a
reasoning step it is incorrect because it appears in the wrong place in the chain. After augmentation,
we obtain roughly 220k high-quality training pairs without requiring additional labeling.

Pairwise losses are known to struggle on overly difficult comparisons (Gao et al., 2025; Wu et al.,
2024a). To stabilize training, we employ curriculum learning (Bengio et al., 2009) by dividing the
dataset into bins of increasing difficulty. We define a continuous difficulty score as the difference
between the reward assigned to the positive and negative step. Letting this be DHard, we categorize
training pairs as:

DHard = rθ(x, y<t, y
pos
t )− rθ(x, y<t, y

neg
t )

where 0 ≤ rθ(x, y<t, yt) ≤ 1. Thus DHard ∈ [−1, 1]. We retain pairs with DHard ≥ 0 and discard
the rest, as negative values typically correspond to comparisons that are too difficult for the model
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FPR ↓ FNR ↓ Precision ↑ Pos-Acc ↑ Neg-Acc ↑ PRMScore ↑ % Improvement in FPR ↑
Qwen-PRM-7B.

Baseline 69.34 4.27 89.4 95.36 30.66 65.5 -

Qwen-PRM-7B trained on 26k paired data.

Without Curriculum 61.13 7.10 88.96 92.41 38.86 67.0 11.84%
With Curriculum (Best Round 4) 37.99 27.15 92.19 72.50 62.12 67.3 45.22%

Qwen-PRM-7B trained on 220k paired data.

With Curriculum (Best Round 4) 31.11 29.63 93.30 70.00 69.00 67.8 55.11%

Table 3: This table reports FPR, FNR, precision, positive and negative accuracy, PRMScore, and
FPR improvement for different PRMs. Higher values (↑) indicate better performance. Note that
total accuracy is not a reliable metric due to heavy class imbalance. Therefore, we report the indi-
vidual values of FPR, FNR, and precision. Our trained models progressively reduce FPR through
curriculum learning, while also improving overall precision. We also note that a 1–2% improvement
in PRMScore can lead to a significant improvement in model capability, as discussed and demon-
strated in proprietary models in Song et al. (2025).

to learn from reliably. The retained pairs are divided into four bins (number of samples in each
bin is reported in Appendix C.1). We also show comparison between with and without curriculum
learning on the same set of training examples in Tables 6 and 3.

4 RESULTS AND EXPERIMENTAL SETUP

Models and Baselines. We use SOTA PRM Qwen2.5-Math-PRM-7B (Zhang et al., 2025b) as our
baseline model. We train it using our proposed method and call the resulting model Balanced-PRM
in the remaining sections. Since Qwen-PRM is discriminative PRM and recent work has shown
strong performance gains from generative PRMs, we additionally compare against ThinkPRM
(Khalifa et al., 2025), a SOTA generative PRM.

PRM Evaluation Benchmark. We evaluate PRMs using PRMBench (Song et al., 2025), a widely
used benchmark suite that measures step-level reasoning quality. PRMBench scores correctness,
faithfulness, and robustness of intermediate chain-of-thought across diverse tasks, and also reports
step-level positive accuracy, negative accuracy and confusion matrix details.

Policy Evaluation. To assess alignment ability, we perform best-of-N and guided beam-search
alignment experiments using both in-distribution (ID) and out-of-distribution (OOD) policies. Eval-
uations are conducted on MATH-500 (Hendrycks et al., 2021), American Invitational Mathematics
Examination (AIME) problems for 2024 and LiveCodeBench (Jain et al., 2024) dataset. Follow-
ing Khalifa et al. (2025), we evaluate on 100 MATH-500 problems spanning all difficulty levels.
For ID policies, we use models from the Qwen family: Qwen2.5-Math-1.5B-Instruct for MATH-
500, Qwen2.5-Math-7B-Instruct for AIME’24 and Qwen2.5-Coder-7B-Instruct (Hui et al., 2024)
for coding task. For OOD policies, we use Llama-3.2-3B-Instruct (MATH-500).

4.1 PRMBENCH: BALANCED-PRM IMPROVES NEGATIVE ACCURACY, FPR AND PRECISION

Figure 3: This plot shows how FPR and Precision
change with different curriculum learning rounds.

Table 6 presents the PRMBench results for
our trained PRM. In addition, Table 3 re-
ports step-level metrics, including positive
accuracy, negative accuracy, false-positive
rate (FPR), false-negative rate (FNR), and
precision, to assess whether false positives
are reduced.

We observe that negative accuracy, sub-
stantially lower than positive accuracy, in-
creases consistently with each round of
curriculum learning. Although this im-
provement is accompanied by a modest
drop in positive accuracy, the gain in neg-
ative accuracy is more pronounced. We also find a significant reduction in FPR along with a slight
increase in precision. This indicates that the model is becoming more conservative in making pos-
itive predictions, primarily by reducing false positives. However, we also observe a rise in FNR.
Ideally, we would like FNR to remain stable while FPR improves, but in practice this is difficult to
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Figure 4: This figure show Comparison of Best-of-N and guided beam search alignment on MATH-
500, AIME’24, and LiveCodeBench. Top: Guided beam search results on AIME’24 (left), MATH-
500 (middle), and LiveCodeBench (right). Across all settings, our trained PRM (in blue) consistently
outperforms the baseline (in orange), highlighting its effectiveness in guided beam search decoding,
where the PRM plays a critical role. Bottom: Best-of-N results on MATH-500 using two generator
policies, LLaMA for OOD (left) and Qwen for ID setting (middle), and on LiveCodeBench using
the Qwen2.5-Coder generator (right). ThinkPRM is in gray. Our trained PRM achieves clear per-
formance gains across all settings, with large improvements in the OOD regime.

achieve. Importantly, the degradation in FNR is smaller than the improvement in FPR, and unlike
FPR, FNR does not directly affect policy alignment.

Overall, the PRM model exhibits consistent gains in performance, as reflected by the PRMScores
reported in Table 3, with detailed score distributions provided in Appendix Table 6. Although the
numerical improvement in PRMScore appears modest, it translates to substantial gains in model
capability under the PRMBench scoring framework (Song et al., 2025). We further report ablation
results across different curriculum learning bins in Appendix Section C.7, where the same trend is
consistently observed.

4.2 ALIGNMENT PERFORMANCE OF THE POLICY

To evaluate whether improvements in the PRM translate into better policy alignment, we test both
in-distribution (ID) and out-of-distribution (OOD) policies (generators) using two alignment algo-
rithms: guided beam-search and best-of-N. For both methods, we adopt a verifier-weighted ma-
jority rule to select the final answer, where answers are scored based on the sum of verifier scores
across their supporting solutions (Wu et al., 2024b; Uesato et al., 2022). A detailed description of
this selection strategy is provided in Appendix C.2. We report results using two generator model
families: Qwen (ID) and LLaMA (OOD). Using multiple policy models is important because reward
hacking arises when either the prompt or the response distribution is OOD relative to the PRM. OOD
policies are especially likely to produce OOD responses, making them a strong testbed for alignment
performance. Evaluating across different generators also ensures that our findings are not tied to a
particular model family or size.
Guided Beam-Search. This is an extension of standard beam search. It incorporates verifier (PRM)
scores when ranking partial reasoning chains. Instead of relying solely on model likelihoods, the
search is guided toward trajectories that both the model and the verifier find promising, improving
alignment with correct reasoning.
Best-of-N. samples N candidate solutions from the policy and then uses the PRM (or verifier) to
score each solution.
Improvement in Alignment Performance. Figures 4 and 6a, show alignment performance for both
guided beam search and best-of-N strategies on MATH-500, AIME and LiveCodeBench tasks. We
observe consistent and significant improvements across all settings. Notably, guided beam search
exhibits substantially larger gains with our trained PRM compared to the baseline, indicating a much
stronger alignment signal and providing evidence that Balanced-PRM is genuinely more effective.
To understand this better, BoN relies on random sampling from the policy, after which the PRM
selects the best solution from a fixed set. In contrast, guided beam search actively shapes generation
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by incorporating PRM feedback at each decoding step. This forces the PRM to reliably distinguish
promising partial trajectories, providing a stronger and more realistic evaluation of whether the PRM
captures true step-level reasoning quality rather than simply identifying winners post hoc.
Improvement in Alignment for both ID and OOD policy. Evaluating OOD policies is particu-
larly important for studying reward hacking, since reward models are most vulnerable when they
encounter data outside their training distribution. In such cases, the model may assign high rewards
to spurious or incorrect reasoning. OOD policies naturally produce more OOD responses, making
them an effective stress test for alignment robustness. Our results in Figure 4 and 6a show that
Balanced-PRM reduces reward hacking (improves alignment) for both ID and OOD policies, con-
firming its stronger generalization.
Improvement in Alignment across diverse datasets and tasks: We evaluate our method on MATH
and coding tasks. For MATH, we evaluate on MATH-500 and AIME’24 where MATH-500 is
closer in difficulty to our paired training data while AIME’24 is more challenging. Improvements
on MATH-500 confirm Balanced-PRM strengthens alignment within distribution, while gains on
AIME’24 demonstrate generalization to more difficult, out-of-distribution problems. For coding
task, we evaluate on LiveCodeBench (Jain et al., 2024). These results (as shown in Figure 4) indicate
that our approach improves the model’s underlying reasoning ability, rather than simply overfitting
to training-like distributions.

5 RELATED WORKS

Reward Hacking Reward hacking is a well-studied issue in reinforcement learning (Skalse et al.,
2022), and has also been explored extensively in the context of ORMs for LLMs. However, little
to no work has addressed this problem for PRMs. Prior works have used reward model uncertainty
as a training signal to guide policy learning, which in turn generates OOD samples for improving
the reward model Bukharin et al. (2025). Their approach, however, relies on the strong assumption
that all OOD samples correspond to incorrect outputs. Other lines of work have similarly proposed
reward ensembles and Bayesian methods to improve robustness and reduce vulnerability to reward
hacking (Yan et al., 2024; Yang et al., 2024). Beyond Bayesian approaches, Liu et al. (2024) employ
counterfactual augmentations to create paired data, explicitly breaking label-specific artifacts that
might otherwise mislead the reward model. Even though reward hacking is not yet studied for
PRMs, shortcut behaviors—essentially reward hacking—are pervasive in reasoning LLMs (Baker
et al., 2025; Denison et al., 2024), which are often trained with process supervision. This highlights
the importance of explicitly investigating and addressing reward hacking in PRMs.

Process Reward Models. There are two kinds of PRM: Discriminative PRMs and Generative
PRMs. Discriminative PRMs are typically framed as classification tasks, where the model assigns
a correctness score to each reasoning step. These models require step-level supervision (Uesato
et al., 2022; Lightman et al., 2023; Zhang et al., 2025b). For a given solution prefix, the text is
encoded and passed through a classification head that outputs step-level correctness probabilities,
commonly trained using binary cross-entropy loss. To evaluate a full solution, the step-level scores
are aggregated into an overall correctness measure (Beeching et al.; Snell et al., 2024; Wu et al.,
2024b). Generative process reward models (PRMs) (Khalifa et al., 2025; Zhao et al., 2025; Zheng
et al., 2023; Zhu et al., 2023) treat verification as a sequence generation problem, where the model
outputs natural language tokens such as “correct” or “incorrect” at each reasoning step. Instead of
relying solely on binary labels, they are trained with the standard language modeling objective using
explanatory rationales.

6 CONCLUSION AND LIMITATION

In sum, we show that the alignment ceiling in process supervision is set not by recall but by precision,
making false positives the central obstacle to safe reasoning. Our pairwise, augmentation-driven
training recipe directly tackles this issue, reducing overcredit without additional human labels. By
bridging PRM metrics with downstream alignment outcomes, our results suggest a clear design
principle: precision-first process supervision for more trustworthy reasoning systems.

However, our method still has limitations. In practice, reducing false negatives without inflating
false positives remains challenging. Achieving this balance—maintaining a low false-positive rate
while also lowering false negatives—would be a significant step toward making PRMs far more
capable and reliable.
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7 REPRODUCIBILITY STATEMENT

We have provided code with readme describing how to train and evaluate the model to generate
the results of this paper. Details on the experimental setup, open source evaluation benchmarks is
provided in section 4 of this paper. Installation packages and details is provided in the readme with
the code.
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A A SOFTWARE AND HARDWARE

We run all experiments on four Nvidia RTX A6000 GPUs.

B THEORETICAL RESULTS AND INSIGHTS

B.1 ASYMMETRIC IMPACT OF FALSE POSITIVES VS. FALSE NEGATIVES PREDICTION BY
THE REWARD MODEL ON REWARD HACKING

We analyze how reward model errors (false-positive and false-negative prediction) affect Best-of-N
(BoN) selection.

B.1.1 SETUP: BEST-OF-N WITH AN IMPERFECT REWARD MODEL

Let y1, . . . , yN ∼ π(· | x) be i.i.d. samples. Let T (y) ∈ {0, 1} be the true binary label and
T̂ (y) ∈ {0, 1} the reward model prediction. Best-of-N (BoN) selects

y∗ = arg max
i∈{1,...,N}

T̂ (yi). (2)

Define

p = P(T = 1), (3)

α = P(T̂ = 1 | T = 0) (false positive rate), (4)

β = P(T̂ = 0 | T = 1) (false negative rate). (5)

The marginal probability that a sample is predicted positive is

q = (1− p)α+ p(1− β). (6)

Hence, the probability that at least one of the N samples is predicted positive is

p̂N = 1− (1− q)N . (7)

Conditioned on T̂ = 1, the precision of the reward model is

P(T = 1 | T̂ = 1) =
p(1− β)

q
. (8)

Therefore, the BoN accuracy is

P (N) =
[
1− (1− q)N

]
P(T = 1 | T̂ = 1)︸ ︷︷ ︸

predicted-positive event

+ (1− q)NP(T = 1 | T̂ = 0)︸ ︷︷ ︸
all-negative event

(9)

=
[
1− (1− q)N

]p(1− β)

q
+ (1− q)N

pβ

(1− p)(1− α) + pβ
. (10)

In the regime of interest where N is moderate to large and the predicted-positive rate q is not van-
ishing, the probability of the all-negative event, (1−q)N , decays exponentially in N . Consequently,
the second term in equation 10 contributes only a lower-order correction to P (N). For clarity of ex-
position, and to isolate the dominant mechanism governing BoN behavior, we focus on the leading
term and approximate

P (N) = p̂N · P(T = 1 | T̂ = 1) =
[
1− (1− q)N

]p(1− β)

q
. (11)
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B.1.2 ASYMMETRY I: FALSE POSITIVES CREATE A PRECISION CEILING

If β ≈ 0, then q = p+ (1− p)α and

P (N) =
[
1− (1− q)N

] p

p+ (1− p)α
. (12)

Taking the limit N → ∞ yields,

lim
N→∞

P (N) =
p

p+ (1− p)α
< 1 (α > 0). (13)

Thus, nonzero false positives impose a permanent precision ceiling. Moreover,

∂

∂α

(
p

p+ (1− p)α

)
= − p(1− p)

(p+ (1− p)α)2
< 0, (14)

showing that the ceiling degrades monotonically with α. This can also be visualized in Figure 2.

B.1.3 ASYMMETRY II: FALSE NEGATIVES SLOW BUT DO NOT CAP ALIGNMENT

If α ≈ 0, then q = p(1− β) and

P (N) = 1−
(
1− p(1− β)

)N
. (15)

Taking the limit N → ∞ yields,

lim
N→∞

P (N) = 1. (16)

Thus, false negatives reduce the effective success probability per sample but do not induce asymp-
totic bias; increasing N fully compensates for false negatives.

B.2 PAIRWISE VS POINTWISE LOSS

Setup. Let a process reward model (PRM) produce a scalar score rθ(yt) ∈ R for a step yt. Let
ypos ∼ D+ denote correct steps and yneg ∼ D− denote incorrect steps.

• Decision rule (thresholding): predict “correct” iff rθ(yt) ≥ τ .

• False positive rate (FPR) at threshold τ :

FPRθ(τ) = Pr
[
rθ(y

neg) ≥ τ
]
.

• True positive rate (TPR) at threshold τ :

TPRθ(τ) = Pr
[
rθ(y

pos) ≥ τ
]
.

We now compare two training objectives that produce scores rθpair (pairwise BT) and rθce (pointwise
CE).

Bradley–Terry objective. The BT loss on pairs (ypos, yneg) is the logistic loss on score differ-
ences:

LBT(θ) = Eypos,yneg

[
log

(
1 + exp(−(rθ(y

pos)− rθ(y
neg)))

)]
.

Equivalently, it maximizes the likelihood that ypos outranks yneg:

Pr(ypos ≻ yneg) = σ
(
rθ(y

pos)− rθ(y
neg)

)
.

Gradients are largest when a negative outranks a positive or the scores are too close, so BT explicitly
pushes negatives down and positives up, widening margins.
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Table 4: False-positive rate (FPR) comparison for pointwise- and pairwise-trained models.

Model False Positives False-Positive Rate (%)
Baseline 9109 69.34
SFT (Pointwise Loss) 8836 67.26
Our Method (Pairwise Loss) 8112 61.75

Figure 5: In this figure, we compare the reward for negative labels for the different QwenPRM
models. In green, is the baseline QwenPRM. In red is the model trained using default cross-entropy
loss and in silver is our method trained using pairwise loss. We observe that for our method the
distribution around the negative reward increases as compared to the default PRM training method.
Thus, showing that our method is better.

Cross-entropy objective. With binary labels yGT ∈ {0, 1} and pθ(yt) = σ(rθ(yt)), the CE loss
is

LCE(θ) = EY [− log rθ(Y )] + EY [− log(1− rθ(Y ))].

Gradients act independently, per example so there is no explicit coupling between positives and
negatives, and CE does not directly optimize margins.

B.2.1 DISTRIBUTION PLOT COMPARING PAIRWISE VS POINTWISE LOSS

Data Imbalance in Pointwise vs. Pairwise Loss. Class rebalancing can also be applied to pointwise
(cross-entropy) training. However, pointwise loss trains a binary classifier that predicts the absolute
correctness of an individual step (“is this step correct or not?”), whereas our pairwise loss trains a
model to learn relative preference between two steps (“is step A better than step B?”). The latter
directly optimizes ranking quality, which downstream alignment methods rely on, as reflected in the
BON scores. The margin induced by the pairwise loss also leads to a clearer separation between
positive and negative steps, which is crucial for reducing false positives.

To demonstrate this, we fine-tune the same Qwen-PRM using both pairwise and pointwise losses
on identical positive and negative data. We report the false-positive rate (FPR) comparison for both
models in Table 4.

Takeaway. We observe that our method reduces false positives more effectively than pointwise loss,
which is the default training objective. We additionally present a reward distribution comparison
between pointwise and pairwise losses for PRM training in figure 5.

B.2.2 MAIN CLAIM (PAIRWISE REDUCES FPS AT FIXED TPR).

Theorem 3 (ROC dominance =⇒ lower FPR). Assumption: Suppose pairwise training produces
scores whose positive distribution dominates the negative distribution more than CE does. This
assumption has been validated from distribution plots of Figure 5. Concretely, assume there exists
δ > 0 such that

rθpair(y
pos)

d
= rθce(y

pos) + δ, rθpair(y
neg)

d
= rθce(y

neg)− δ.
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where rθpair(y) is reward, rθ(x, y<t, yt) from the PRM trained using pairwise loss and rθce(y) is the
reward from the PRM trained using pointwise loss (cross-entropy loss).

Then for every recall/TPR level ρ ∈ (0, 1), the FPR of the Pairwise-trained model is no larger:

FPRθpair(τpair(ρ)) ≤ FPRθce(τce(ρ)),

where τpair(ρ) and τce(ρ) are thresholds chosen to achieve TPR = ρ under each model.

Proof (sketch). Under the additive shift assumption, for any τ ,

Pr[rθpair(y
pos) ≥ τ ] = Pr[rθce(y

pos) ≥ τ − δ],

Pr[rθpair(y
neg) ≥ τ ] = Pr[rθce(y

neg) ≥ τ + δ].

Additive shift assumption is valid after looking at the distribution plot of Figure 5.

To attain the same TPR ρ, the BT model uses a higher threshold: τpair(ρ) = τce(ρ) + δ. Plugging
into FPR:

FPRθpair(τpair(ρ)) = Pr[rθpair(y
neg) ≥ τpair(ρ)] (17)

= Pr[rθce(y
neg) ≥ τpair(ρ) + δ] (18)

= Pr[rθce(y
neg) ≥ τce(ρ) + 2 ∗ δ] (19)

≤ Pr[rθce(y
neg) ≥ τce(ρ)] = FPRθce(τce(ρ)). (20)

Thus, at any fixed recall/TPR, the BT model yields weakly smaller FPR.

Interpretation. The pairwise objective enlarges the score margin ∆ = s(X+) − s(X−), which
uniformly lifts the ROC curve. ROC dominance implies lower FPR for any desired TPR, i.e., fewer
false positives.
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C EXPERIMENTAL SETUP AND ADDITIONAL RESULTS

C.1 NUMBER OF SAMPLES IN EACH CURRICULUM

Number of Samples.
Qwen-PRM-7B trained on 26k paired data.

CL1 (0.5-1) 7.0k
CL2 (0.3-0.5) 2.0k
CL3 (0.1-0.3) 3.0k
CL4 (0.0-0.1) 6.0k

Qwen-PRM-7B trained on 220k paired data.

CL1 (0.5-1) 75.0k
CL2 (0.3-0.5) 23.5k
CL3 (0.1-0.3) 33.5k
CL4 (0.0-0.1) 53.0k

Table 5: Number of samples in each curriculum learning round.

C.2 ANSWER SELECTION METHODS

The Setup: We consider N candidate solutions sampled from a model for the same problem. Each
solution consists of:

1. A final answer, e.g., a number in GSM8K or an option in ARC.

2. A verifier score, assigned by a process reward model or external verifier, indicating how
plausible or correct the reasoning chain appears.

Simple Majority Voting: In plain majority voting, we group completions by their final answer.

• Count how many completions lead to each distinct answer.

• Select the answer with the largest count.

Formally, if c(a) is the number of completions yielding answer a, then the majority-vote answer is:

a∗ = argmax
a

c(a).

Verifier-Weighted Majority Voting: Instead of giving each completion equal weight, we weight
votes by their verifier scores. Let answer a appear in solutions {s1, s2, . . . , sk}, where each solution
si has verifier score v(si). The total verifier-weighted score for answer a is:

V (a) =
∑

si: final(si)=a

v(si).

We then select the answer with the largest weighted score:

a∗ = argmax
a

V (a).

This approach discounts low-scoring (less credible) reasoning chains and prefers answers supported
by higher-quality solutions.

17



918
919
920
921
922
923
924
925
926
927
928
929
930
931
932
933
934
935
936
937
938
939
940
941
942
943
944
945
946
947
948
949
950
951
952
953
954
955
956
957
958
959
960
961
962
963
964
965
966
967
968
969
970
971

C.3 DETAILED PRMBENCH RESULTS

Model Overall Simplicity Soundness Sensitivity
NR. NCL. Avg. ES SC. DC. CI Avg. PS DR. MS. Avg.

Qwen-PRM-7B

Baseline 65.5 49.1 55.0 52.1 71.7 67.4 66.3 78.5 71.0 57.7 69.1 99.7 75.5

Qwen-PRM-7B trained on 26k paired data.

Without Curriculum 67.0 50.6 59.3 54.9 73.2 68.4 66.9 78.0 71.6 59.0 70.7 99.6 76.5

Curriculum-1 66.7 50.5 58.6 54.5 72.8 68.1 67.3 77.8 71.5 58.8 70.4 99.6 76.3
Curriculum-2 67.2 51.4 60.2 55.8 73.3 68.0 67.7 76.4 71.4 60.4 70.4 99.3 76.7
Curriculum-3 67.3 52.5 63.2 57.8 73.2 67.2 67.5 75.0 70.7 61.9 69.8 98.9 76.9

Qwen-PRM-7B trained on 220k paired data.

Curriculum-1 67.4 50.9 60.1 55.5 73.4 69.1 67.8 78.6 72.2 59.2 70.6 99.6 76.5
Curriculum-2 67.9 51.3 62.5 56.9 73.9 68.9 68.0 77.8 72.2 60.1 70.9 99.5 76.8
Curriculum-3 67.8 53.7 65.7 59.7 73.4 67.5 66.5 75.3 70.7 62.4 69.9 98.8 77.0

Table 6: PRMBench results of Qwen2.5-Math-PRM-7B (Basline) and its variants (Our trained mod-
els) across different metrics. Columns are grouped into Simplicity, Soundness, and Sensitivity. Bold
indicates the best score within each sub-metric with PRMScore as the final number for comparison.

C.4 GUIDED BEAM SEARCH-OOD RESULTS

(a) In this figure, we compare guided beam search align-
ment on MATH-500 using the OOD policy, with the
baseline PRM shown in orange and our trained PRM in
blue. Our trained PRM achieves a substantial perfor-
mance improvement over the baseline.
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C.5 STATISTICAL PLOTS

Figure 7: In this figure, we show the error plot which compare best-of-N alignment on MATH-500
using two different generator policies: LLaMA for the OOD policy (left) and Qwen for the ID policy
(right). The baseline PRM is shown in orange and our trained PRM in blue. Across both settings,
our trained PRM delivers a clear performance boost over the baseline, with the improvement being
especially pronounced for the OOD policy.

C.6 RESULTS ON REASONEVAL-7B PRM

Please see below results on another PRM model (ReasonEval-7B) to show generalizability of our
approach. We see similar observations. As we move up in the curriculum learning round, our FPR
decreases a lot with a slight increase in FNR. We also see continuous improvement in the PRMScore.
This model was also reported in the Table 1 previously.

Threshold / Curriculum PRM Score FPR FNR
CL1 (0.5 – 1.0) 61.0 78.79 4.21
CL2 (0.3 – 0.5) 61.8 69.76 8.05
CL3 (0.1 – 0.3) 62.3 66.8 9.9
CL4 (0.0 – 0.1) 62.3 61.7 13.6

Table 7: Performance of ReasonEval-7B PRM using our method to show generalizability of our
approach.

C.7 ABLATIONS ON CURRICULUM LEARNING BINS

We experimented with multiple threshold settings for curriculum learning and report the results in
Table 8 and 9. The final performance remains consistent across different bin configurations, which is
expected given the gradual progression toward more confusing or difficult regions. Across all three
curriculum-learning bin configurations, we observe a substantial decrease in the false-positive rate
and only a small increase in the false-negative rate as we advance through the curriculum rounds.

Threshold / Curriculum PRM Score FPR FNR
CL1 (0.7 – 1.0) 66.4 65.58 5.4
CL2 (0.5 – 0.7) 67.2 62.4 6.29
CL3 (0.3 – 0.5) 68.0 56.6 8.24
CL4 (0.1 – 0.3) 68.2 49.0 11.0

Table 8: Results on Qwen-PRM-7B training using our method with different curriculum learning
bin.
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Threshold / Curriculum PRM Score FPR FNR
CL1 (0.5 – 1.0) 67.0 63.0 6.12
CL2 (0.3 – 0.5) 67.8 57.46 8.1
CL3 (0.2 – 0.3) 68.0 53.5 9.7
CL4 (0.1 – 0.2) 68.0 47.0 12.0

Table 9: Results on Qwen-PRM-7B training using our method with different curriculum learning
bin.

C.8 TRAINING CURVES

Figure 8: In this figure, we compare the loss curves for our data-augmented PRM training (220k
datapoints) with baseline PRM training (26k datapoints). For the easier curriculum bins, both the
baseline and our augmented method converge to similar loss values. However, as we move to the
more difficult curriculum stages, our augmented method continues to reduce the loss as compared to
the baseline. This indicates that in the easy regions, additional data offers limited benefit, whereas
in the harder regions, our method benefits because of extra data.
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