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Abstract

Generative process reward models (PRMs) im-
prove step-level verification of mathematical
reasoning, yet their effectiveness is limited by
the quality of process supervision. The dom-
inant Monte Carlo (MC) estimation derives
step labels from final-answer accuracy rather
than semantic correctness, producing system-
atic label noise, while standard pipelines dis-
card the implicit tree structure of rollout data
that encodes informative failure patterns. We
propose CePRM, which addresses both limita-
tions through Step-Cognitive MC Value Scal-
ing, calibrating raw MC scores with step-level
semantic signals via multiplicative adjustment,
and pivot-step-directed repair mining, which
exploits value cliffs in failed trajectories to con-
struct same-prefix contrastive correction pairs
via Sibling Advantage filtering. Experiments
on ProcessBench and PRMBench show that
CePRM, with a 4B backbone, achieves compet-
itive or superior error localization and process
verification against 7B-scale baselines, with no-
tably strong error-side recognition.

1 Introduction

Large language models (LLMs) have made sub-
stantial progress in mathematical reasoning. Re-
cent work has shifted from single-pass generation
toward test-time scaling (TTS), where sampling
multiple reasoning paths and evaluating intermedi-
ate steps, rather than only final answers, improves
solution quality (OpenAl, 2024, 2025; Guo et al.,
2025; Snell et al., 2025). Process reward models
(PRMs) enable this paradigm by assigning step-
level feedback to reasoning trajectories (Lightman
et al., 2024; Snell et al., 2025). Generative PRMs
further produce explanatory rationales before each
judgment (Zhang et al., 2026; Zhao et al., 2026),
supporting interpretable verification, but their ef-
fectiveness hinges on the quality of process super-
vision used for training.
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The dominant supervision strategy derives step-
level labels from Monte Carlo (MC) estimation:
from each reasoning prefix, multiple continuations
are sampled, and final-answer accuracy serves as
the step value (Wang et al., 2024). This value mea-
sures the probability that a prefix eventually yields
the correct answer (Ding et al., 2025), not whether
the current step is itself semantically correct. The
mismatch creates two systematic biases: incorrect
steps are overestimated when later rollouts happen
to recover the answer, and correct steps are under-
estimated when subsequent continuations fail (Xie
et al., 2026). Such label noise propagates directly
into the verification rationales synthesized from
these scores.

A complementary limitation is that flattening
rollout data into independent sequences preserves
within-trajectory order but obscures which trajec-
tories share a parent and where their branches
diverge (Yao et al., 2023; Zhang et al., 2024).
CePRM retains this topology to select candidate
pivots and sample replacement siblings from a
shared prefix (Section 3.2). In some failed solu-
tions, the step value drops sharply along the trajec-
tory; we call this pattern a value cliff (Luo et al.,
2024; Yang et al., 2025b). Empirically, value cliffs
appear in 32.6% of problems with a mean drop of
(0.86 and are concentrated in the first few reasoning
steps (Figure 1). We use the earliest qualifying dis-
continuity as a repair candidate; we do not evaluate
its agreement with human first-error annotations.

Motivated by these observations, we propose
CePRM, a generative PRM whose training super-
vision addresses both MC label noise and under-
exploited rollout topology through two comple-
mentary mechanisms. Step-Cognitive MC Value
Scaling calibrates raw MC scores by incorporating
step-level semantic signals through a multiplicative
adjustment anchored to the original estimate, reduc-
ing noise where rollout variance is highest. Pivot-
step-directed repair mining locates the first value
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Figure 1: Value cliffs in MC rollout trees. (a) In our rollout pool, 32.6% of questions (3,475/10,645) and 10.9%
of paths (4,625/42,580) exhibit a value cliff, with a mean (median) severity of 0.858 (0.938). (b) Cliff positions
concentrate early: 79.3% occur by step index 3 and 93.0% by step index 5, making the first few reasoning steps the

primary target for pivot-step-directed repair mining.

cliff in each failed trajectory, then samples and
verifies corrective continuations under the same re-
liable prefix. Together, these mechanisms produce
structured supervision spanning correct, erroneous,
and repair-aware verification instances.

Our contributions are as follows:

* We present CePRM, a generative PRM trained
from MC-anchored, semantically informed
process values and repair-aware supervision.

* CePRM selects the earliest qualifying value
discontinuity as a candidate pivot, samples
replacement siblings from its parent prefix,
and retains repairs that satisfy absolute-value
and Sibling Advantage constraints.

* Within the evaluated Qwen-based pipeline,
CePRM-4B achieves first-error localization
and fine-grained process verification competi-
tive with representative 7B-scale PRM base-
lines on ProcessBench and PRMBench, with
particularly strong error-side recognition.

2 Related Work

Discriminative Process Reward Models. PRMs
assign step-level feedback to reasoning trajecto-
ries, supporting reranking, search, and error local-
ization (Lightman et al., 2024; Snell et al., 2025;
Ma et al., 2023; Zhang et al., 2024; Zheng et al.,
2025). Early discriminative PRMs predict a scalar
score or binary label per step (Uesato et al., 2022).
PRMS8O0OOK (Lightman et al., 2024) demonstrates
the value of high-quality human-annotated process
supervision, but step-wise annotation is difficult to

scale. Later methods therefore derive automatic la-
bels from Monte Carlo rollouts (Wang et al., 2024;
Luo et al., 2024), and improve label construction
with first-error localization, tree search, or con-
sensus filtering (He et al., 2024; Luo et al., 2024;
Zhang et al., 2025). SCAN (Ding et al., 2025) mit-
igates MC noise through learned self-denoising,
without leveraging step-level semantic signals or
same-prefix repair contrasts. Despite their effec-
tiveness, these methods still depend on final-answer
correctness, making reward value sensitive to roll-
out bias and label noise.

From Discriminative to Generative PRMs.
Because discriminative PRMs yield only scalar
scores without explanatory judgments, recent work
introduces generative PRMs that output verifica-
tion rationales before a correctness decision (Xiong
et al., 2024; Wei et al., 2022). GenPRM (Zhao
et al., 2026) casts process supervision as a genera-
tive verification task with code-execution feedback.
Related approaches explore reasoning-driven, mul-
timodal, and general-purpose generative reward
modeling (She et al., 2025; Zhang et al., 2026;
Wang et al., 2026), while rStar-Math develops self-
evolved process preference modeling (Guan et al.,
2025). CePRM instead focuses on supervision con-
struction: it adjusts MC values with step-level se-
mantic signals and mines same-prefix repair pairs
from rollout trees. First-error annotation provides
an error position, while PRM-guided tree search
collects or ranks trajectories. CePRM retains an
outcome-verified failed/repaired path pair with a
shared parent prefix and converts the pair into gen-
erative supervision.
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Figure 2: Overview of the CePRM pipeline. Step-Cognitive Value Scaling adjusts raw MC scores using rule checks
and LLM-based adjudication. Pivot localization and targeted repair identify value cliffs in failed trajectories and
construct same-prefix correction pairs through Sibling Advantage filtering. Please refer to Section 3 for details.

3 Methodology

3.1 Step-Cognitive MC Value Scaling

Process Reward Models (PRMs) rely on step-
level supervision to evaluate intermediate reason-
ing. In the absence of large-scale human annota-
tions, Monte Carlo (MC) estimation is the dom-
inant strategy for constructing step-level process
labels (Wang et al., 2024). Given a problem =,
ground-truth answer y*, and reasoning trajectory
~v = (ay,...,ar), we denote the prefix state after
step t as s; = [z, a1, ..., a;] and compute the raw
MC score by sampling K continuations:

K
MCy*™ = %Z]I (Ans(pgk)) = y*> , (D
k=1

where pgk) is the k-th complete solution sampled

from s; and Ans(-) extracts the final answer.
Because M C]*" measures the probability that
a prefix eventually yields the correct answer rather
than whether the current step is itself correct (Ding
et al., 2025), it systematically overestimates incor-
rect steps that are later repaired and underestimates
correct steps followed by failed continuations. We
define local mathematical correctness as the va-
lidity of the current inference or transformation
given the problem and the preceding valid prefix.

Relevance, variable consistency, coherence, and
expression well-formedness are auxiliary signals,
not separate definitions of correctness.

Step-Cognitive MC Value Scaling adjusts
MC7* using step-level semantic signals. The
resulting value V; is used for pivot localization,
sample selection, and filtering; it is not interpreted
as a calibrated probability or a ground-truth cor-
rectness label.

Semantic Assessment: Value adjustment has
two components. Four rules check every step for
problem relevance, variable-reference consistency,
safely evaluable numeric/equation validity, and ex-
plicit expression anomalies. Each rule indepen-
dently returns +0.1 for directly verified positive
evidence, —0.1 for an explicit violation, or 0 for
abstention/not-applicable; multiple nonzero out-
puts may co-occur and are summed, while merely
failing to detect a violation is neutral. QwQ-32B is
invoked only for steps in the ambiguous raw-MC
range, steps flagged by a rule, and steps with a large
adjacent raw-score drop. For each selected step,
QwQ assigns a signed weight for at most one dom-
inant cognitive dimension and returns O when local
evidence is insufficient; the five dimensions are
not accumulated. For unselected steps, wélm =0.
Details are provided in Appendix B.2.

Cognitive Scaling Function: Given these sig-
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nals, the calibrated step value is

V; = Clip (Mcg“aw (LA wpue
J (2)
+wlm), 0, 1),

where A controls calibration strength and
Clip(+,0,1) constrains the output to [0, 1].

The multiplicative form ensures two properties
absent from an additive alternative (V = M C™% +
d): zero-preservation, so that unanimous rollout
failure cannot be overridden by semantic signals,
and proportional scaling, so that adjustment mag-
nitude is governed by M Cy*" itself rather than ap-
plied uniformly. V; thus serves as an MC-anchored
process value for downstream pivot-step localiza-
tion, repair mining, and supervision filtering, not
as a standalone semantic correctness label.

3.2 Pivot-Step-Directed Repair Mining

Calibrated step values indicate where reasoning
fails but not how to correct it. Richer supervision
can be obtained by pairing an erroneous step with
an outcome-verified correction under the same reli-
able prefix, producing a same-context contrastive
signal. CePRM extracts such pairs through pivot-
step-directed repair mining: it locates the first step
that triggers a value cliff and mines corrective sib-
lings from the shared parent context.

Rollout Tree and Value Cliff: Multiple rollouts
from the same problem share common prefixes and
naturally form a tree 7. Many failed trajectories
in this tree are not erroneous from the outset: they
maintain high calibrated value until a single step,
caused by a logical shift, condition misuse, or con-
ceptual error, triggers a sharp value collapse. We
term this collapse a value cliff and the first step
that triggers it the pivot step. In the rollout pool,
value cliffs appear in 32.6% of problems and are
concentrated in early reasoning steps (Figure 1).
We do not evaluate their agreement with human
first-error annotations.

Pivot-Step Localization: We now formalize
cliff detection. Let P, denote the rollout pool for
problem z. CePRM searches for pivot steps only
in trajectories with incorrect final answers. For a
failed trajectory v = (ay,...,ar), we define the
adjacent value drop A; = V;_1 — V; and select the
pivot step by

t* =min {¢ | Vi=1 > Thign,

3)
(V;f < Tow V A > 6dr0p)}-

The threshold 7.1, ensures a reliable parent pre-
fix; the disjunction captures both absolute value
collapse (V; < Tow) and sharp relative drops
(At > ddrop) that may not reach 74y, but still indi-
cate a critical error. The minimization selects the
earliest step satisfying these conditions. We treat
it as a candidate pivot, not a verified first-error an-
notation. Trajectories with no qualifying step are
discarded for lacking a reliable prefix.

Sibling Repair and Verification: After locat-
ing t*, CePRM fixes the reliable parent prefix
¢ = sy»—1 and samples candidate replacement steps
from the rollout model py:

~(m)

Qyx ™~ p@(' | C), m=1,... aNrepair' (4)

Each candidate forms a sibling prefix §§1n) =

[c,a\™] of the prefix s+ = [c,ass]. Every sib-
ling prefix is independently extended via rollout
and scored with calibrated values (Eq. 2); budgets
are detailed in Appendix B.3.

Sibling Advantage: Absolute candidate value
can be confounded by problem difficulty or pre-
fix quality. Following advantage-based reason-
ing (Zhao et al., 2026; Shao et al., 2024), we com-

pare siblings under the same parent:
Adv (§§T), st*> =VE™) —V(sp). ©)

This difference isolates the local value gain from
replacing the pivot step. We use subtraction rather
than division to avoid instability when V' (s4+) ~ 0.
A candidate is accepted only if it satisfies both a
stability and an advantage constraint:

V(égin)) Z Tpos; Adv <§1(51n)7 3t*) Z 5adv- (6)

The first condition ensures absolute reliability of
the repaired prefix; the second requires a signifi-
cant improvement over the erroneous step. Among
accepted candidates, CePRM selects the one with
the largest advantage:

m* = arg max Adv <§§T), st*) ) @)

Path-level definitions of the resulting correction
pairs appear in Appendix B.5. The dual filtering en-
sures each accepted pair provides not only a correct
final answer but also a verified local value gain over
the erroneous step, yielding same-prefix contrastive
supervision for generative PRM training.
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3.3 Consensus Synthesis and Training

The preceding components yield calibrated step
values (Section 3.1) and same-prefix contrastive
repair pairs (Section 3.2); converting these hetero-
geneous signals into training supervision requires
structured rationale synthesis and quality filtering.
For a trajectory v = (a1, ..., ar), we identify the
first step whose calibrated value falls below a nega-
tive threshold:

e(y) = min{t | Vi < Tneg}, 3)

setting e(y) = —1 when no such step exists. Let
G denote the set of accepted path-level correction
pairs, each comprising a shared reliable prefix, the
original failed branch, an outcome-verified repaired
continuation, and the pivot index t* (formal defini-
tion in Appendix B.5).

Rationale Synthesis: Prior work improves syn-
thesized reasoning supervision through program-
based error checking, while generative PRMs use
explicit rationales and code verification for step-
level judgments (Zhu et al., 2024; Zhao et al.,
2026). We use the same QwQ-32B model (Qwen
Team, 2025) to generate a structured rationale z; =
(analyze, fix, output) for each step a;, condi-
tioned on the problem x and prefix (a1, ..., a;—1).
The analyze field provides step-level verification
reasoning; fix supplies a revision suggestion di-
rectly leveraging the contrastive repair pairs from
Section 3.2; output predicts a binary correctness
judgment.

Consensus Filtering: Teacher-generated ra-
tionales may be inconsistent with process la-
bels (Zheng et al., 2023; Zhao et al., 2026). Con-
sensus filtering uses deterministic parsing, not an-
other QwQ call, to discard samples whose gener-
ated fields disagree with the process label or repair
target. After generating all step-level rationales
for a trajectory, the teacher outputs its predicted
first-error position € (or € = —1 if the trajectory
is judged fully correct). A sample is retained only
when this prediction agrees with the process labels:
¢ = —1 for positive samples; é = e(~y) for nega-
tive samples; and for repair-aware samples from
G, € = t*, with the additional requirement that the
suggested fix reaches the correct final answer from
the shared prefix.

Training: The filtered supervision comprises
three partitions:

D= Dpos U Dneg U Drep- (9)

CePRM is fine-tuned with standard autoregressive
cross-entropy to generate z; and a step-level judg-
ment given the prefix state s; = [z, a1, ..., .

4 Experiment

4.1 Experimental Setup

Benchmarks and baselines: We evaluate on Pro-
cessBench (Zheng et al., 2025), which tests first-
error localization in step-by-step solutions, and
PRMBench (Song et al., 2025), which measures
fine-grained process verification across multiple
dimensions; further details are provided in Ap-
pendix A. For ProcessBench, err. and corr. are ac-
curacies on erroneous and fully correct trajectories,
and F1 is their harmonic mean. Baselines span both
discriminative PRMs (Math-Shepherd (Wang et al.,
2024), RLHFlow (Xiong et al., 2024), Skywork-
PRM (He et al., 2024), ReasonEval-7B (Xia et al.,
2025), Owen2.5-Math-PRM (Zheng et al., 2025;
Zhang et al., 2025)) and generative PRMs (R-
PRM (She et al., 2025), GenPRM (Zhao et al.,
2026)). Entries marked with * in Tables 1-2 are
published values; the unmarked GenPRM-7B and
CePRM-4B entries are author-evaluated. These
cross-source comparisons do not imply identical
evaluation budgets.

Data construction: Rollouts are sampled from
Qwen2.5-Math-7B-Instruct (Yang et al., 2024) on
the MATH training split (Hendrycks et al., 2021)
with difficulty-adaptive sampling (Appendix B.1),
retaining at most four paths per problem and draw-
ing 25 conditional continuations per prefix to com-
pute M C"**. Before synthesis, the pool contains
22,812 positive and 3,690 negative trajectories plus
3,541 path-level repair pairs; these heterogeneous
source units are not final SFT instances. QwQ-
32B (Qwen Team, 2025) performs adjudication
and rationale synthesis; deterministic parsing and
consensus filtering yield 21,421 training and 1,000
validation SFT conversations. Construction hy-
perparameters are listed in Appendix B, and the
prompts are provided in Appendix E.

Training: CePRM is fine-tuned from Qwen3-
4B (Yang et al., 2025a) to generate structured
<analyze>, <fix>, and <output> fields for each
reasoning step; full optimization settings are pro-
vided in Appendix B.6. Training data are drawn ex-
clusively from the MATH training split and do not
overlap with the ProcessBench/PRMBench evalua-
tion sets.
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GSMSK MATH OLYMPIADBENCH OMNIMATH
Model vg. F1
err. corr. F1 err. corr. F1 err. corr F1 err. corr. F1

LLM-as-judge, proprietary models

GPT-40* 70.0 912 79.2 544 76.6 63.6 458 584 514 452 65.6 535 619
ol-mini* 88.9 97.9 93.2 83.5 95.1 88.9 80.2 95.6 872 748 91.7 824 879
LLM-as-judge, open-source models

Qwen2.5-Math-72B-Instruct* 498 969 65.8 360 943 52.1 195 973 32.5 19.0 96.3 31.7 455
Qwen2.5-72B-Instruct* 62.8 969 76.2 46.3 93.1 61.8 38.7 92.6 54.6 36.6 909 522 612
PRMs

Math-Shepherd-7B* 324 91.7 479 18.0 82.0 29.5 15.0 71.1 24.8 142 73.0 23.8 31.5
RLHFlow-Mistral-8B* 33.8 99.0 504 21.7 722 334 82 431 13.8 9.6 452 158 284
RLHFlow-DeepSeek-8B* 242 984 388 21.4 80.0 33.8 10.1 51.0 16.9 10.9 519 169 26.6
Skywork-PRM-7B* 61.8 829 70.8 43.8 622 53.6 179 319 22.9 14.0 419 21.0 42.1
ReasonEval-7B* 26.1 953 41.0 357 77.6 489 27.5 552 36.7 27.0 60.6 374 41.0
Qwen2.5-Math-7B-PRM800K* 53.1 953 68.2 48.0 90.1 62.6 35.7 873 50.7 29.8 86.1 443 585
Qwen2.5-Math-PRM-7B* 72.0 964 824 68.0 904 77.6 557 855 67.5 55.2 83.0 663 735
R-PRM-7B* 72.0 91.7 80.7 71.2 83.5 769 60.2 67.8 63.8 55.5 65.6 60.1 704
GenPRM-7B 67.7 94.0 78.7 74.6 87.0 80.3 68.3 76.6 722 635 774 698 75.2
CePRM-4B 75.0 88.8 81.3 76.0 78.4 772 71.2 67.1 69.1 72.0 63.1 672 73.7

Table 1: Performance on ProcessBench. err. and corr. denote accuracy on erroneous and fully correct trajectories,
respectively; F1 is their harmonic mean. Results marked with * are published values from She et al. 2025; the
unmarked GenPRM-7B and CePRM-4B values are author-evaluated. Bold marks the best PRM result.

Simplicity

Soundness

Sensitivity

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

LLM-as-judge, proprietary models

GPT-40* 570 624 59.7 72.0 69.7 70.7 71.1 70.9 62.5 65.7 99.2 758 66.8
ol-mini* 65.6 6377 646 745 6777 73.8 72.3 72.1 61.8 64.8 100.0 755 68.8
PRMs

Math-Shepherd-7B* 44.0 503 47.1 494 445 413 4777 457 472 48.6 86.1 60.7 47.0
RLHFlow-Mistral-8B* 46.1 473 46.7 56.6 55.1 54.4 63.8 57.5 51.5 562 979 685 544
RLHFlow-DeepSeek-8B* 464 489 47.6 557 55.0 532 662 57.5 49.0 554 99.8 68.1 542
Skywork-PRM-7B* 35.7 412 384 36.7 29.1 30.6 34.4 32.7 36.8 374 88.8 543 362
ReasonEval-7B* 61.0 50.1 55.5 62.1 659 61.5 66.0 639 55.6 58.0 99.5 71.0 60.0
Qwen2.5-Math-7B-PRM800K * 48.6 47.8 482 62.1 59.4 58.7 68.5 622 529 64.0 99.8 722 583
Qwen2.5-Math-PRM-7B* 49.0 551 52.1 71.8 67.3 66.3 785 71.0 57.6 69.1 99.7 755 65.5
R-PRM-7B* 52.2 582 552 721 69.1 689 750 71.2 61.2 69.5 99.1 76.6 66.8
GenPRM-7B 50.8 58.7 54.8 64.7 71.5 703 67.4 68.5 60.7 66.6 993 754 659
CePRM-4B 50.2 60.1 552 69.0 71.9 70.5 74.6 71.5 59.5 65.6 99.5 749 68.2

Table 2: Performance on PRMBench. Metric abbreviations are defined in Appendix A. Results marked with * are
published values from She et al. 2025; the unmarked GenPRM-7B and CePRM-4B values are author-evaluated.

Bold marks the best PRM result.

4.2 Main Results

CePRM achieves strong error localization with
a smaller backbone. Table 1 shows that CePRM-
4B achieves an average F1 of 73.7 on Process-
Bench, matching Qwen2.5-Math-PRM-7B (73.5)
and surpassing R-PRM-7B (70.4) with a 4B back-
bone against 7B-scale baselines, while approaching
GenPRM-7B (75.2). CePRM-4B has the highest
error-side accuracy among the PRMs on all four

subsets: 75.0 on GSMS8K, 76.0 on MATH, 71.2
on OlympiadBench, and 72.0 on OmniMath. This
strength comes at the cost of lower correct-side
scores, reflecting more selective step acceptance
consistent with the effect of repair-oriented super-
vision (Section 4.4).

CePRM yields balanced gains across verification
dimensions. On PRMBench (Table 2), CePRM-
4B obtains the highest overall score among PRMs
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(68.2), surpassing R-PRM-7B (66.8), GenPRM-
7B (65.9), and Qwen2.5-Math-PRM-7B (65.5).
The gain is most pronounced in soundness, where
CePRM-4B achieves the best SC and DC scores
(71.9, 70.5), and in simplicity, with the highest
NCL score (60.1). Its sensitivity is slightly below
R-PRM-7B, consistent with conservative calibra-
tion of Step-Cognitive MC Value Scaling, which
refines MC-derived estimates rather than overrid-
ing them with unconstrained semantic signals. On
a held-out Best-of-8 evaluation, CePRM improves
macro accuracy over majority voting from 35.59 to
37.72 (Appendix C).

4.3 Effect of Value Scaling on Label Quality

Beyond downstream benchmark gains, we verify
that value scaling directly improves supervision
quality. We measure label noise as the disagree-
ment rate between threshold-discretized MC labels
and reference step-level annotations on the train-
ing data. Figure 3 shows that scaling reduces total
label noise by 11.0% relative to raw MC labels,
with a larger reduction for false-positive noise (in-
valid steps labeled correct; 11.4%) than for false-
negative noise (valid steps labeled incorrect; 4.0%).
Because Eq. 2 preserves M Cy*" = 0, semantic
calibration cannot promote zero-valued prefixes;
excluded outcome-correct paths are withheld from
positive supervision, not mislabeled (Appendix D).

The improvement is robust to threshold choice.
Figure 4 sweeps Tneg € [0, 0.4] with 705 =
1 — Theg. Noise increases for both raw and scaled
labels as 7, grows, but the scaled curve remains
below the raw curve at every tested threshold. Scal-
ing further reduces near-threshold cases by 24.0%,
indicating that calibration shifts ambiguous pre-
fixes away from the decision boundary, a property
expected to benefit downstream pivot localization
and Sibling Advantage filtering.

Components F1

CoT VS DR GSMSK MATH OLY. OMNI. Avg.

Par.

Disc. x X X 59.4 60.5 538 535 568
Disc. x v X 69.3 65.7 53.6 521 60.2
Gen. v/ X X 72.8 71.1 614 57.0 65.6
Gen. Vv v 761 720 635 620 684
Gen. v v v 813 772 69.1 672 737

Table 3: Component-wise ablation on ProcessBench.
Par.: verification paradigm (Disc. = discriminative, Gen.
= generative); VS: Step-Cognitive MC Value Scaling;
DR: pivot-step-directed repair mining.

Total label
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Figure 3: Effect of Step-Cognitive MC Value Scaling
on MC label noise.
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Figure 4: Sensitivity of label noise to the bad-step
threshold ¢, with 7y = 1 — ¢.

4.4 Ablation Study

Table 3 compares matched CePRM configurations
using generative verification rationales (CoT), Step-
Cognitive MC Value Scaling (VS), and pivot-step-
directed repair mining (DR).

Generative rationales establish a strong base-
line. The generative CoT configuration obtains
an average F1 of 65.6, compared with 56.8 for the
discriminative baseline (+8.8). We treat this gener-
ative CoT setting as the reference baseline for all
subsequent comparisons. The generative configura-
tions use the same QwQ-32B teacher, Qwen3-4B
backbone, and SFT optimization; only their super-
vision composition differs.

Value scaling yields limited gains in isolation.
Under the discriminative paradigm, VS improves
average F1 by 3.4 points, with clear gains on
GSMSK (+9.9) and MATH (+5.2) but slight de-
creases on OlympiadBench and OmniMath. This
asymmetry is consistent with the multiplicative
form of Eq. 2: calibration can suppress MC noise
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Problem: The perimeter of equilateral APQR is 12. The perimeter of regular hexagon STUV W X is also 12.
What is the ratio of the area of APQR to the area of STUVW X?

Path:...

Step 7: ... We already calculated the area of one equilateral triangle in the previous step; now we multiply that

by 6: Areanexagon = 6 X 4v/3 = 244/3. ...

Qwen2.5-Math-PRM-7B: prediction = -1, match = False, judgement = Yes

GenPRM-7B: prediction = 5, match = False, judgement = No

CePRM: prediction = 6, match = True, judgement = No

<analyze> Incorrectly states that the regular hexagon’s area is 6 times the area of one equilateral triangle. The
regular hexagon’s area is not 6 times the area of an equilateral triangle with side length 2.. . . <analyze> <fix>The
calculation is wrong. Correct step: To find the area of the regular hexagon, we use the formula for the area of a

. . 2./2 < - . . . 20/ ‘
regular hexagon with side length ¢: Areapcxagon = (%) x t2. Substituting t = 2: Aréanexagon = (\‘;}—,“) x 22 =

(/3) % 4 = 61/3.<fix> <output>: No <output>

Figure 5: Case study of CePRM as a generative critic. The model identifies the first erroneous step, explains the

reasoning error, and provides an actionable correction.

where rollout estimates are relatively stable, but
scalar value adjustment alone does not address the
harder benchmarks’ core supervision bottleneck,
locating and repairing local reasoning failures.

Value scaling and repair mining are complemen-
tary. The CoT+DR configuration obtains an aver-
age F1 of 68.4, with its largest difference from CoT
on OmniMath (+5.0). Combining all three com-
ponents yields an average F1 of 73.7, an 8.1-point
gain over the CoT baseline, with consistent im-
provements across all four subsets and particularly
large margins on OlympiadBench (+7.7) and Omn-
iMath (+10.2). The difference associated with VS
is +5.3 between CoT+DR and CoT+VS+DR, com-
pared with +3.4 between the two discriminative
configurations. These configuration comparisons
do not isolate teacher strength, data filtering, or
model-family effects.

4.5 Case Study

As shown in Figure 5, the path incorrectly reused
the area of APQR when computing the area of
the regular hexagon, leading to an erroneous re-
sult of 24v/3. Qwen2.5-Math-PRM-7B failed to
detect this mistake and judged the step as correct,
while GenPRM-7B detected an error but failed to
locate the correct pivot step. In contrast, CePRM
accurately identified the erroneous step and further
explained that the hexagon should be computed
using side length 2, yielding the correct area 6+/3.
This case demonstrates that CePRM can not only
detect incorrect reasoning steps, but also provide

faithful error localization and correction-oriented
analysis.

5 Conclusion

We propose CePRM, a generative process reward
model trained on step-cognitive and correction-
oriented process supervision. To address noisy
reward labels in conventional Monte Carlo estima-
tion and the lack of repair-oriented supervision for
erroneous steps, CePRM introduces step-cognitive
semantic calibration to refine raw MC scores under
step-level semantic constraints. It further exploits
value cliffs in the rollout tree to locate critical rea-
soning failures, and constructs locally contrastive
correction supervision through targeted repair and
Sibling Advantage filtering. The resulting genera-
tive PRM can not only identify erroneous reasoning
steps, but also provide revision-oriented analysis
and feedback. Experiments demonstrate the effec-
tiveness of CePRM in process-level error localiza-
tion and fine-grained process verification. These
results suggest that combining semantic calibration,
rollout-level topology, and correction-oriented su-
pervision is a promising direction for improving
process supervision in mathematical reasoning.

Limitations

Computational constraints prevented controlled
teacher-size ablations and broader cross-family
evaluation. Our cognitive adjudication and ratio-
nale synthesis use a fixed QwQ-32B teacher within
a Qwen-based pipeline, so the current results can-
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not fully disentangle the supervision design from
teacher strength. In addition, value cliffs are con-
centrated in early reasoning steps, while localiza-
tion degrades for later errors. CePRM may there-
fore be less reliable on long trajectories or late-
stage failures.
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A Benchmarks

* ProcessBench (Zheng et al., 2025) evaluates
error localization in mathematical reasoning
processes. It contains 3,400 test examples
drawn from multiple mathematical reasoning
datasets. Each example consists of a prob-
lem, a step-by-step solution, and a human-
annotated error position. If the solution is
incorrect, the annotation marks the earliest
erroneous step; otherwise, the trajectory is la-
beled as fully correct. During evaluation, the
model must judge whether the full trajectory
is correct and, when an error exists, identify
the first erroneous step.
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* PRMBench (Song et al., 2025) is a fine-
grained benchmark for evaluating process re-
ward models. It contains 6,216 problems
and 83,456 step-level labels, covering diverse
process-level judgment dimensions. Unlike
benchmarks focused only on first-error local-
ization, PRMBench evaluates process verifica-
tion from multiple aspects, including concise-
ness, reliability, and sensitivity. Its submet-
rics are Non-Redundancy (NR), Non-Circular
Logic (NCL), Empirical Soundness (ES), Step
Consistency (SC), Domain Consistency (DC),
Confidence Invariance (CI), Prerequisite Sen-
sitivity (PS), Deception Resistance (DR), and
Multi-Solution Consistency (MS). It includes
both synthetic and human-verified data, with
annotation quality controlled by human in-
spection. We use its official metrics, where
PRMScore combines F1 performance on pos-
itive and negative samples to provide a bal-
anced measure of correct and erroneous step
recognition.

B Implementation Details

B.1 Difficulty-Adaptive Rollout Sampling

To control the global rollout budget, we first use a
teacher model to classify problems in the MATH
dataset into three difficulty levels: hard, medium,
and easy. We then assign different sampling bud-
gets and early-stopping criteria to each group. For
hard problems, we sample up to 32 trajectories and
stop once at least one trajectory reaches the correct
final answer. For easy problems, we sample up to
16 trajectories and stop once at least one trajectory
produces an incorrect final answer. For medium
problems, we sample up to 64 trajectories and stop
once at least two correct and two incorrect trajec-
tories are obtained. For each problem, we retain
at most four reasoning paths, preferably balanced
as two correct and two incorrect trajectories. This
strategy avoids redundant rollouts on overly easy
or overly difficult problems while ensuring that the
resulting process supervision covers both positive
verification and first-error localization scenarios.

B.2 Cognitive Scaling Hyperparameters

During cognitive scaling, we apply four rule checks
to all steps and invoke QwQ-32B only for steps in
the ambiguous MC range, steps flagged by a rule,
and candidate pivot steps. The ambiguous range
is MC™™" € [0.2,0.8]. The checks cover problem

Check Operational output and representative trig-

ger

Problem rele- —0.1 for an explicit off-topic cue; 0 when top-

vance ical wording alone does not establish correct-
ness. This conservative check does not award
+0.1 from lexical overlap.

Variable- —0.1 for an unintroduced variable; O for pre-

reference viously introduced variables, generic template

consistency  variables, variable-free steps, or malformed
text that cannot be assessed reliably.

Numeric/ +0.1 for a safely evaluable equality that holds,

equation —0.1 when it is false, and O for symbolic or

validity unsupported expressions that cannot be evalu-
ated safely.

Expression ~ —0.1 for explicit malformed text, unmatched

anomaly delimiters, or literal division by zero; 0 when

no such anomaly is detected. Absence of an
anomaly is not positive evidence.

Table 4: Operational outputs of the four rule checks.
Not every check emits all three values; unverifiable or
merely non-violating cases remain neutral.

relevance, variable-reference consistency, safely
evaluable numeric/equation validity, and explicit
expression anomalies; a check abstains when its
condition cannot be evaluated reliably.

Each rule returns 4-0.1 only for directly veri-
fied positive evidence, —0.1 for an explicit vio-
lation, and O for abstention or non-applicability.
Multiple rules may fire and are summed; failure
to detect an error is neutral rather than positive ev-
idence. QwQ-32B selects at most one dominant
cognitive dimension—information faithfulness and
relevance, logical inference, concept application,
step coherence, or expression construction—with
signed magnitude 1.0, 0.8, 0.6, 0.4, or 0.2, re-
spectively, and returns 0 when local evidence is
insufficient. The five dimensions are not accumu-
lated. The total semantic signal therefore lies in
[—1.4,1.4]; with A = 0.5, the pre-clipping multi-
plier in Eq. 2 lies in [0.3, 1.7].

Operational order. For each step, the four checks
are evaluated independently and their signed out-
puts are summed. QwQ-32B is then queried only
when the routing criteria above are met; it returns
one dominant signed cognitive weight, or 0 upon
abstention. The rule sum and this single QwQ
weight are combined in Eq. 2, multiplied by A,
and clipped to [0, 1]. Thus, neither an absent rule
violation nor an unselected cognitive dimension
contributes positive evidence.
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Pseudocode: Step-Cognitive MC Value Scaling

1 Imput: x, s<¢, at, MC{™, and A
2 rule_sum < 0
3 for each

r € {relevance, variable, equation, anomaly} do
4w r(z,s<t,a) (w e {-0.1,0,+0.1})
5 rule_sum < rule_sum + w
6 route < (MC;* € [0.2,0.8]) or any nonzero rule
output or candidate_pivot(t)
if route then wim <+ QwQ(z, s<¢, ar, MCF*Y)

Wim 18 one dominant signed weight, or O on abstention
else wyy, <+ 0
Vi < clip(MC*™[1 4+ A(rule_sum + wim)], 0, 1)
return V;

— O O 0

1
1

B.3 Pivot-Step-Directed Repair and Filtering
Hyperparameters

Pivot step localization uses the calibrated step val-
ues V;. We set the reliable-prefix threshold to
Thigh = 0.6, the low-value threshold to 714, = 0.1,
and the significant-drop threshold to dgyo, = 0.5.
For each trajectory with an incorrect final answer,
we select the first step satisfying the pivot condi-
tion. For candidate repairs, we require both the
stability constraint V(§§T)) > 0.5 and the Sibling

Advantage constraint Adv(égn), sp+) > 0.5. Only
candidates satisfying both constraints are retained
as golden correction pairs.

The repair and verification budgets are allocated
according to the global pass rate

1
Pyiobal = W Z I(Ans(y) = y). (10)
r YEPx

When Pyopar < 0.2, we set Niepair = 128 and
Kerity = 128; when 0.2 < Pyjopa < 0.8, we set
Nrepair = 64 and Kverify = 64; when Pglobal >
0.8, we set Nyepair = 32 and Kieriry = 32. This
allocation gives harder problems larger repair and
verification budgets, while using smaller budgets
for easier problems where high-confidence filtering
is sufficient.

B.4 Stage-wise Threshold Sensitivity

For A = 0.25/0.5/0.75/1.0, relative label noise
falls by 10.2/11.0/10.6/6.7%, and hard-label cov-
erage is 90.10/89.88/89.94/90.10%. The largest
reduction among these settings occurs at A =
0.5. Narrowing the raw-MC routing interval from
[0.1,0.9] to [0.4, 0.6] changes score-triggered adju-
dication coverage from 16.89% to 3.79% (11.52%
at the default); these percentages measure cost and
coverage, not label quality. Varying the positive-
path threshold from 0.4 to 0.9 changes outcome-

correct path retention from 86.9% to 68.8%, with
85.8% retained at the default 0.5.

Setting Locations/Pairs Overlap/Share
Pivot localization

Default (.6, .1, .5) 4,112 1.000
Thigh = .D 4,708 .873
Thigh = .7 3,396 .825
Tlow = .2 4,158 .988
Odrop = 4 4,336 938
ddrop = .6 3,791 914
Sibling acceptance (Tstable, Oadv)

(.5,.5) 3,541 100.0%
(.5,.6) 3,396 95.9%
(.5,.8) 2,990 84.4%
(.8,.5) 3,377 95.4%
(.8,.6) 3,293 93.0%
(.9,.8) 2,817 79.6%

Table 5: Stage-wise threshold sensitivity. Pivot rows
report Jaccard overlap with the default locations; sibling
rows post-filter stored default candidates and report the
retained share of the default 3,541 pairs.

Across the full 27-setting pivot grid, the step-1-3
share is 47.1-50.4%. The sibling rows use post-
filtering rather than end-to-end resampling, and no
human repair-quality labels are available. Rule and
cognitive weights remain fixed.

B.5 Training Sample Selection

Path-Level Golden Correction Pair. Targeted
repair rollout produces path-level golden correction
pairs rather than isolated step pairs. Let the original
failed trajectory and the repaired trajectory be

:(al,.. ,a;,)
7a;+)

= (al,..

o Y P ,
(1D
At .,a;t,... ,

where a;. is the original pivot step, and azi =
&gin ") is the accepted repaired sibling step. The
two trajectories share the reliable prefix Cyx_1 =
[x,a1,...,a—1] and first diverge at step t*. We
define the path-level golden correction pair as

g: (Zﬁ,y*,Ct*fl,B_,B-’_,t*), (12)

where B~ = (az,...,a5_), BT = (af,...,
a;+), and the pair satisfies Ans(y~) # y* and
Ans(y") =y~

The two paths share Cy«_1 and first differ at ¢*.
The pair (a;., a. ) records the replacement under
fixed context, while (B~, BT) records the down-
stream outcomes. Acceptance is based on the final
outcome and does not certify every later step.

Sample Selection. For each golden correction

pair G, we construct repair-aware samples from its
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shared reliable prefix, original branch, and repaired
branch. For a trajectory v = (a1, ...,ar) with
a correct final answer, we include it as a positive
verification sample if all steps satisfy V; > 7.
For a failed trajectory, we define the first low-value
step as

6(7) - min{t ’ Vi < Tneg}y (13)
and require all preceding steps to satisfy V; > 7p0s.
Trajectories satisfying this condition are used as
negative verification samples. Repair-aware sam-
ples are retained only when the repaired branch is
accepted by the stability and Sibling Advantage
filters in Eq. 6.

B.6 Training Configuration

CePRM is fine-tuned with LoRA rank 32 and alpha
64 for three epochs. We use a maximum sequence
length of 6,144, a per-device batch size of 1, gra-
dient accumulation over 32 steps, and a learning
rate of 1 x 10~4 with cosine decay and a warmup
ratio of 0.03. The weight decay is 0.01. Training
uses BF16, gradient checkpointing, ZeRO-2, and
random seed 42. The experiments were run on four
NVIDIA GeForce RTX 4090 GPUs.

B.7 Generation and Parsing Settings

Stage Model Decoding or budget

QwQ-32B T = 0.7, top-p = 0.9; max
3,072 tokens

ProcessBench CePRM-4B T = 0, top-p = 1; max 2,048
new tokens

CePRM-4B M = 1; max 1,024 new tokens

Synthesis

Best-of-8

Table 6: Generation settings used for rationale synthesis
and author-evaluated inference. 1" denotes temperature.

Rationale  synthesis  returns  nonempty
<analyze> and <fix> fields, a boxed Yes/No
judgment per step, and a 1-based first-error
index. Deterministic filtering removes malformed
outputs, label disagreements, and repair samples
without the required repair field. ProcessBench
retains prior verification turns; Best-of-8 uses the
minimum step reward per path (Appendix C).

C Best-of-8 Reranking

Table 7 evaluates downstream reranking on 959
questions across six math benchmarks. A Qwen3-
4B policy generates a shared K = 8 pool (temper-
ature 1.0, top-p 1.0, 2,048 tokens, seed 20260710).
Pass@1 averages correctness across sampling po-
sitions, and Pass@8 is oracle coverage. Maj@8

Policy CePRM Oracle
Benchmark Pass@1 Maj@8 4B Pass@8
AIME24 833 1333 16.67  20.00
AMC23 41.25 50.00 52,50  60.00
MATH500-clean 3796 4424  47.00 58.06
OlympiadBench 33.69 40.50 42.00 47.50
College Math 30.13  32.00 3250 33.00
Minerva Math 29.18 33.46 35.66  44.85
Macro average 30.09 3559  37.72  43.90

Table 7: Best-of-8 reranking accuracy (%) on a shared
Qwen3-4B candidate pool. Pass@8 is oracle candidate-
pool coverage. MATHS500-clean excludes 283 exact
question matches found against the 21,421/1,000 SFT
train/validation conversations, leaving no exact question
overlap with the evaluation set.

votes over normalized nonempty answers, retains
duplicates, and breaks ties by first occurrence; all-
empty pools default to the first candidate. CePRM
selects the first path with maximal minimum step
reward and assigns 0.5 to a missing verifier output.
No paired confidence interval was computed.

D Error-Position, Length, and
Repair-Scope Diagnostics

On ProcessBench, first-error accuracy is
79.1/73.3/68.3% for positions 1-3/4-6/7+. For
lengths < 5/6-10/11+, error-side accuracy is
75.9/74.8/69.9%, and correct-side accuracy is
85.3/76.7/61.0%; these results therefore do not
establish deep-step or long-chain generalization.

E Prompt Templates and Deterministic
Filtering

The following tables reproduce the prompts used
in data construction and evaluation. Braced fields
are replaced at runtime.
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Component

Prompt or runtime content

Difficulty system

You are a helpful assistant that evaluates math problem difficulty.

Difficulty user

You are an expert math teacher. Evaluate the difficulty of the following math problem for a high
school or undergraduate student.

Problem:

{problem}

Determine the difficulty level from these three categories:

1. Easy: Basic application of concepts, single-step or simple multi-step.

2. Medium: Requires combining multiple concepts, non-trivial logic, or moderate calculation.

3. Hard: Competition level (e.g., AIME, USAMO), complex proofs, or very tricky logic.

Provide a JSON response with a single field: “difficulty” (Easy, Medium, or Hard).

Example: {“difficulty”: “Medium”}

Rollout/continuation
system

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

User

{problem}

Initial assistant prefix

Step 1:

Prefix-MC assistant pre-
fix

{Step 1: a_1}

{Step t: a_t}
Step {t+1}:

Gold-answer access

The gold answer is not provided during generation; it is used only afterward by the answer extractor to
determine terminal correctness. The historical template contains no additional instruction prohibiting
revision of the supplied prefix.

Table 8: Difficulty-classification and rollout/prefix-continuation prompts used in data construction.

Component

Cognitive-adjudication prompt

Task and inputs

You are a mathematical-process adjudicator. Assess only the current step under the supplied problem
and prefix. Do not solve the entire problem, use the gold answer, reward style, or infer correctness
solely from a correct final answer.

Problem: {problem}

Reliable prefix (possibly empty): {prefix}

Current step: {step}

Raw MC value (selection metadata; do not treat as mathematical evidence): {raw_mc?}

Dimension selection

Choose at most one dominant dimension, only when there is explicit evidence. The selected dimension
fixes the absolute weight; do not choose or combine magnitudes independently:

1. information_faithfulness_and_relevance: 1.0

logical_inference: 0.8

concept_application: 0.6

step_coherence: 0.4

expression_construction: 0.2

g~ wN

Sign and abstention

Use the positive sign when the current step explicitly demonstrates the selected capability and the
negative sign when it explicitly violates it. Use dimension none and weight 0.0 when local evidence
is insufficient. Never return more than one dimension or sum dimension weights. The weight is an
impact-coded adjustment, not a probability. Do not issue a positive weight merely because the wording
is fluent or the prefix is plausible.

JSON-only output

{

“dominant_dimension”: “one of the five names above, or none”,
“signed_weight”: 9.0,

“evidence_span”: “a short exact span from the current step”,
“reason”: “one concise local mathematical justification”,
“abstained”: true

}

Table 9: Cognitive-adjudication prompt. Raw MC is routing metadata rather than mathematical evidence, and the
adjudicator returns at most one signed dimension weight.
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Component

Prompt or acceptance rule

Diagnosis system

You are a helpful assistant that outputs JSON.

Diagnosis user

You are a professional math teacher. Please evaluate the student’s problem-solving process.
Question: {problem}

Previous Correct Steps: {context_steps_or_None}

Current Incorrect Step: {current_step}

Instructions:

1. Analyze why the ‘Current Incorrect Step’ is wrong based on the ‘Question’ and ‘Previous Correct
Steps’.

2. Classify the error into EXACTLY ONE of the following types:

- Logical Error: The logical reasoning or deduction is incorrect.

- Expression Error: The mathematical expression is written incorrectly, or symbols are misused.

- Calculation Error: The arithmetic calculation is wrong.

- Concept Error: A mathematical concept, theorem, or formula is misunderstood or misapplied.

- Missing Step: A crucial intermediate step is skipped, making the transition invalid.

3. Output your response STRICTLY in the following JSON format:

{“teacher_analysis”: “<analyze>Your detailed explanation of the error.</analyze>”,
“error_type”: “One of the 5 exact types listed above”}

Directed-repair user

You are a mathematical problem solver. Please continue solving the problem.

Question: {problem}

Previous Correct Steps: {context_steps_or_None}

We previously attempted the following step: {error_step}

However, this step contains a {error_type}. Teacher’s analysis: {teacher_analysis}

Please provide ONE corrected step to replace it, and then continue solving the rest of the problem until
you reach the final answer.

Directed-repair context

The directed-repair call uses the rollout system instruction in Table 8 and supplies the reliable prefix as
the assistant prefix.

Candidate acceptance

A candidate is retained only if its terminal answer is correct, its replacement step differs from the
original erroneous step, it passes the stability and Sibling Advantage gates, and it has the maximum
advantage under Eq. 6.

Table 10: Error-type diagnosis and directed-repair prompts, followed by the deterministic candidate-acceptance

conditions.

41005



Prompt Component

Content

System You are a math teacher. Your task is to review and critique the solution step by step.
Role and Task You are a Math Teacher. Review the following complete solution path step by step. For each step i,
judge correctness, explain the reason, and provide correction instructions in the <fix> tag.
Problem Input [Problem]
{problem}
Full Solution Path [Full Solution Steps]

Step 1: {step_1}
Step 2: {step_2}

Step n: {step_n}

Optional Reference Re-
pair Pair

If a repair pair is available, we additionally provide the shared context, the incorrect step, and its
repaired counterpart:

[Reference Repair Pair | Step k]
[Context]
Step 1: {context_1}

[Incorrect Step]
{bad_step}
[Correct Step]
{good_step}

Correction Rules

Correct step: output <fix>No correction needed.</fix>.

Incorrect step with reference repair: use the provided [Correct Step] to give a concrete rewritten
mathematical step.

Example: <fix>The calculation is wrong. Correct step: [Insert content from
referencel</fix>

Incorrect step without reference repair: do not rewrite the math; describe the error type and state
that the branch should be discarded.

Example: <fix>This step contains a logical/calculation error. Since no valid
repair path is available, this branch should be discarded.</fix>

Cascading Failure Rule

If the immediately preceding step was judged No, all subsequent steps must follow:
<analyze>State that since the previous step [Index] was incorrect, the current
step derives from a wrong premise and cannot be validated.</analyze>

<fix>Stop correction. This path is invalid due to prior errors.</fix>
<output>**Judgement**x: $\boxed{No}$</output>

Required Output For-
mat

For each step ¢, strictly output:

Step i

<analyze>...</analyze>

<fix>...</fix>

<output>x*Judgement**x: $\boxed{Yes/No}$</output>

After all steps, output the earliest wrong step index, or —1 if no error exists:
<output>$\boxed{INDEX}$</output>
The index is 1-based rather than O-based.

Table 11: Rationale-synthesis prompt used to construct generative process-supervision data. The source-code typo
“subgequent” is corrected to “subsequent” without changing the instruction.
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Component

Rule or prompt content

Consensus filtering

There is no independent consensus-filtering prompt or second QwQ call. The deterministic parser
requires nonempty <analyze> and <fix> fields; positive verification must yield Yes, while negative
or critique samples must yield No. For a repair critique with a reference step, the repair field must also
be nonempty and pass the corresponding check. Any format, label, or repair-consistency failure is
discarded.

ProcessBench/BoN sys-
tem

You are a math teacher. Your task is to review and critique the solution step by step. For the current
step, respond in the following format:

<analyze>...</analyze>

<fix>...</fix>

<output>*xJudgementx*: \boxed{Yes|No}</output>

Use \boxed{Yes} if the step is correct, otherwise \boxed{No}.

First user turn

Question:
{problem}
{current_step_or_Step_1_prefix}

Conversation construc-
tion

Each later step is appended as a new user turn while all prior user/assistant verification turns are
retained. ProcessBench uses temperature 0, top-p = 1, and at most 2,048 new tokens. Best-of-8
applies the same verifier step by step with M = 1.

Table 12: Deterministic consensus filtering and the shared ProcessBench/Best-of-8 verifier prompt.

Component

PRMBench verifier content

System

You are a math teacher. Your task is to verify the logic and correctness of the Current Step based on
the Question and Previous Steps.

Perform an independent calculation and analysis. Do not look for or assume the existence of a
reference solution.

You must respond in this exact format:

<analyze>...</analyze>

<fix>...</fix>

<output>*xJudgement**: $\boxed{Yes/No}$</output>

If the step is correct, use <fix>No correction needed.</fix>.

First user turn

Question:
{question}
Step 1: {step_1}

Later user turn

Step {k}: {step_k}

Fixed prior assistant his-
tory

<analyze>The step is logically sound and the calculation is correct. No errors
detected.</analyze>

<fix>No correction needed.</fix>

<output>**Judgement*x: $\boxed{Yes}$</output>

Reference access

When step k is evaluated, the fixed positive assistant history is inserted for the preceding k — 1 steps.
No reference solution is supplied to the model.

Table 13: CePRM system prompt and multi-turn input template used for PRMBench evaluation.
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