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Abstract

Despite the remarkable progress of Large Lan-
guage Models (LLMs) in abstract reasoning
tasks, they continue to struggle with physics
problem solving due to difficulties in decoding
implicit constraints and maintaining physical
consistency. To address these challenges, Pro-
cess Reward Models (PRMs) have emerged
as a promising approach to verify intermediate
reasoning steps. Existing PRMs attempt to miti-
gate reasoning errors but typically rely on scalar
scoring, which lacks the explanatory power nec-
essary to diagnose complex physical miscon-
ceptions. In this work, we introduce PhysPRM,
a Generative PRM that treats evaluation as a
generative task to produce fine-grained diag-
noses comprising critiques, final judgments,
and specific error types. To facilitate this, we
develop an automated data synthesis pipeline
to construct PhysPRM30K, a comprehensive
training dataset, and PhysProcessBench, a rig-
orously human-verified benchmark. By em-
ploying a two-stage training paradigm that in-
tegrates Supervised Fine-Tuning with Group
Relative Policy Optimization, PhysPRM signif-
icantly enhances the physics reasoning capabil-
ities of various LLMs. Extensive experiments
demonstrate that PhysPRM boosts performance
by up to 8.9 and 10.3 points in Best-of-N and
critique refinement strategies, respectively. 1

1 Introduction

With the remarkable success of Large Language
Models (LLMs) in natural language processing
(NLP), they have also achieved significant advance-
ments across reasoning-intensive domains, such as
mathematics (Yan et al., 2025b; Lightman et al.,
2024) and logic (Xu et al., 2025a). Despite their
strong performance in these abstract tasks, a large
gap remains in physics-based reasoning. Physics
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Figure 1: Comparison between discriminative PRMs
and our proposed generative PRM (PhysPRM) for as-
sisting LLMs in physics problem solving.

problem solving inherently demands the tight in-
tegration of domain knowledge with real-world
constraints. Specifically, a robust physics solver
is required to: (1) decode implicit physical con-
straints embedded in natural language descriptions,
e.g., interpreting “smooth circular track” in the
question as a frictionless constraint that implies en-
ergy conservation, as illustrated in Figure 1 (a); (2)
maintain physical consistency because the laws of
physics remain invariant across different scenarios
and reasoning trajectories. However, LLMs often
exhibit unstable performance in these core capabil-
ities, particularly when generating long reasoning
chains where physics errors stemming from these
fundamental deficits frequently occur.

The unstable performance of LLMs in physics
problem solving often leads to low success rates
in single-pass attempts. However, given that cor-
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rect solutions often exist within multiple sampled
trajectories, Process Reward Models (PRMs) have
emerged as a promising approach. These mod-
els evaluate each reasoning step to select the best
solution from a set of candidates generated by
LLMs. Currently, most methods in other reason-
ing domains are discriminative PRMs (Wang et al.,
2025b; Rizvi et al., 2025; Sun et al., 2025; Pala
et al., 2025) that typically produce scalar scores
or simple labels, as shown in Figure 1 (b). Conse-
quently, these approaches suffer from a lack of ex-
planatory power (Zhao et al., 2025). In the physics
domain, where errors arise from diverse sources, in-
cluding the misapplication of physical mechanisms,
incorrect state or process analysis, and calculation
errors, a simple scalar score or “incorrect” label is
insufficient for effective diagnosis.

In this work, we introduce PhysPRM, a gener-
ative PRM designed for physics problem solving.
Unlike discriminative PRMs, PhysPRM treats pro-
cess supervision as a generative task rather than
mere scalar scoring. It integrates Chain-of-Thought
(CoT) (Wei et al., 2022) to produce fine-grained
diagnoses, comprising detailed critiques, final judg-
ments, and specific error types, while also leverag-
ing token-level probabilities to quantify confidence
in its judgment, as shown in Figure 1 (c). Based on
this diagnosis, PhysPRM not only evaluates each
reasoning step to select the optimal solution, but
also provides actionable guidance for reasoning
refinement, enabling the LLM to correct the first
erroneous step encountered in a reasoning chain.

To facilitate model development, we design
an automated data synthesis pipeline that lever-
ages LLMs to generate high-quality data. Specif-
ically, this pipeline proceeds through four se-
quential stages: Diverse Solution Generation,
Automated Process Annotation, Data Filtering,
and Curriculum-based Organization. Using this
pipeline, we construct PhysPRM30K, a compre-
hensive training dataset containing approximately
30,000 samples, and PhysProcessBench, a human-
verified benchmark designed to evaluate the ability
of models to detect and classify erroneous steps.

Building upon the dataset and benchmark, we
train PhysPRM through Supervised Fine-Tuning
(SFT) for initialization and Group Relative Pol-
icy Optimization (GRPO) for refinement. Experi-
mental results demonstrate that PhysPRM signif-
icantly enhances LLMs’ physics reasoning capa-
bilities across different model families and scales.
Specifically, PhysPRM improves the overall per-

formance of Llama3.1-8B, Qwen2.5-7B-Instruct,
and Qwen2.5-32B-Instruct by 5.9, 8.9, and 7.0
points, respectively, across seven physics bench-
marks under the Best-of-8 setting. In the critique re-
finement strategy, PhysPRM surpasses Gemini-2.5-
Flash with an average 10.3-point gain over three
turns. Our main contributions are as follows:

(1) We propose an automated data synthesis
pipeline to construct PhysPRM30K, a comprehen-
sive training dataset, and PhysProcessBench, a rig-
orously human-verified benchmark.

(2) We develop PhysPRM, a generative PRM
designed for physics problem solving that offers
fine-grained diagnoses and serves as a plug-and-
play module to enhance LLMs through both Best-
of-N and critique refinement strategies.

(3) Extensive experiments across seven physics
benchmarks demonstrate that PhysPRM boosts
LLMs’ performance by up to 8.9 and 10.3 points
in Best-of-N and critique refinement, respectively.

2 Related Work

Process Reward Models (PRMs). PRMs have
emerged as a key technique for complex reason-
ing, providing process supervision through step-
by-step evaluation (Lightman et al., 2024; Zhang
et al., 2025c). Existing approaches are broadly
categorized into two streams: discriminative and
generative. Discriminative PRMs function as clas-
sifiers, encoding the context to predict a scalar cor-
rectness score for each step (Wang et al., 2024;
Luo et al., 2024; Pala et al., 2025; Chen et al.,
2025a). Although straightforward, they often lack
interpretability. In contrast, generative PRMs lever-
age LLMs’ capabilities not only to evaluate reason-
ing steps but also to explain rationales and guide
corrections. Emerging works (Zhang et al., 2025a;
Khalifa et al., 2025; Zhao et al., 2025) incorporate
generative analysis into the evaluation process.
Physics Problem Solving. To improve physics
problem solving, research has evolved from ba-
sic CoT prompting (Kojima et al., 2022) to tool-
augmented frameworks that utilize external APIs
for formula retrieval and calculations (Pang et al.,
2025; Ma et al., 2024; Zhang et al., 2026a; Zhu
et al., 2025; Zhang et al., 2026b). More recently,
specialized training and reinforcement learning
have further enhanced the reasoning capabilities
of LLMs (Dan et al., 2025; Chen et al., 2025b).
Despite these advancements, most existing meth-
ods still struggle with error cascading in complex
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reasoning chains due to the absence of step-level su-
pervision. PhysPRM addresses this gap by provid-
ing fine-grained diagnoses to guide LLMs through
the physics reasoning process.

3 Methodology

We introduce PhysPRM, a generative PRM de-
signed to evaluate step-by-step reasoning in physics
problems. Given a context C and a question Q, an
LLM π generates a solution S = {s1, . . . , sn} via
S = π(C ∥ Q). Unlike discriminative models
that assign scalar scores, PhysPRM generates a
sequence of fine-grained diagnoses for each step:

fPhysPRM : (Q,S) 7→ (d1, d2, . . . , dn) (1)

where fPhysPRM denotes the inference of PhysPRM
and di represents the diagnosis for step si. Specif-
ically, each diagnosis di is defined as a tuple
(ti, ji, ei) that encapsulates the full assessment of
the step. Here, ti is the detailed critique providing
the rationale for judgment ji and error type ei.

3.1 How to Synthesize Data for PhysPRM?

To address the data requirements of PhysPRM, we
propose our pipeline for high-quality data synthesis.
As illustrated in Figure 2 (a), the pipeline consists
of four key stages: Diverse Solution Generation,
Automated Process Annotation, Data Filtering,
and Curriculum-based Organization.

Diverse Solution Generation. We aggregate
problems from various physics datasets. To in-
duce diversity in reasoning paths, we employ an
ensemble of distinct LLMs to generate multiple
solutions per problem. We then implement a strict
retention strategy: all incorrect solutions are pre-
served to maximize error exposure, while correct
solutions are down-sampled to balance the dataset.
The selected solutions are subsequently split into
individual steps using the “\n\n” separator. To re-
duce data construction costs, we merge adjacent
steps if the total step count exceeds 10.

Automated Process Annotation. We utilize
the advanced LLM Gemini-2.5-Flash (Comanici
et al., 2025) as an automated judge to conduct fine-
grained evaluations. Specifically, each reasoning
step si is verified sequentially against the ground
truth (S∗, a∗) and the history of previously gen-
erated diagnoses d1:i−1. This process continues
until either the first error is detected or the entire
sequence is confirmed as correct. For each step

under evaluation, the judge first generates a textual
critique tji and a step judgment ji:

fJudge : (Q,S∗, a∗, s1:i, d1:i−1) 7→ (tji , ji) (2)

Subsequently, if a step is judged as correct, the
error type is set to None. Conversely, if the step
is deemed incorrect, the judge performs an Error
Type Analysis to generate a classification rationale
tei and determine the corresponding error type ei:

fJudge : (Q,S∗, a∗, s1:i, tji , ji) 7→ (tei , ei) (3)

The identified error ei is classified into one of
four categories2: Physical Mechanism Applica-
tion Error(PMAE), Physical State Analysis Er-
ror(PSAE), Physical Process Understanding Er-
ror(PPUE), or Calculation Process Error(CPE).
This taxonomy is inspired by prior research Zhang
et al. (2025b) and refined through our statisti-
cal analysis of common physics reasoning fail-
ures. The final diagnosis is constructed as di =
(ti, ji, ei), where ti concatenates the critique tji
and the rationale tei . Ultimately, the sequence of
diagnoses, encompassing steps from the start up to
the first error or the entire sequence if correct, is
structured into a multi-turn dialogue format.

Data Filtering. To mitigate false negatives in
error annotation, we employ Monte Carlo (MC) es-
timation (Wang et al., 2024). For a step si initially
labeled incorrect, we generate K = 4 rollouts. The
MC estimation mci is then calculated as:

mci =
1

K

K∑

k=1

I(ak = a∗) (4)

where I(·) is the indicator function. The step is
confirmed as incorrect only if none of the rollouts
reach the correct answer a∗ (i.e., mci = 0). We re-
tain only those samples where the initial annotation
and MC estimation are consistent.

Curriculum-based Organization. Inspired by
cognitive learning patterns, we employ a hierarchi-
cal curriculum (Yan et al., 2025a) to enhance model
generalization. To stratify difficulty, samples are
organized across three quantitative dimensions:

1. Reasoning Depth: Reflects the contextual
depth required to identify an error. We calculate
this simply using the step index: Ddep = i/10,
where i denotes the index of the erroneous step.

2Full definitions and examples are detailed in Appendix A.
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Figure 2: The overall framework of PhysPRM comprises three parts: (a) Data Construction, (b) PhysPRM Training,
and (c) PhysPRM Utilization. Specifically, Data Construction involves four stages: Diverse Solution Generation,
Automated Process Annotation, Data Filtering, and Curriculum-based Organization. PhysPRM Training proceeds
in two stages: SFT for initialization and RL via GRPO for refinement. Finally, PhysPRM Utilization demonstrates
the application of the model in both Best-of-N and Critique Refinement strategies.

2. Error Deceptiveness: Quantifies the decep-
tiveness of an error in inducing consistent incor-
rect answers. Obvious errors lead to divergent out-
comes, while deceptive errors induce consistent but
incorrect results. Using the MC rollouts from the
Data Filtering phase, we calculate this metric as:

Ddec =
1

K

K∑

k=1

I(ak = amost) (5)

where amost is the most frequent incorrect answer.
3. Problem Difficulty: Measures the difficulty

inherent to the problem. This metric is derived
from the pass rate (Rpass) in the Diverse Solution
Generation phase: Ddiff = 1−Rpass.

We normalize these metrics to [0, 1] using Min-
Max scaling and compute an equal-weighted score:

D = D̂dep + D̂dec + D̂diff (6)

where D̂ denotes normalized values. Incorrect sam-
ples are sorted in ascending order of D, guiding
the model from detecting simple, obvious to hard,
deceptive errors, while correct samples (sorted by
steps) are distributed uniformly to ensure stability.

Based on our pipeline, we construct the
PhysPRM30K training dataset and the PhysPro-
cessBench evaluation benchmark. PhysPRM30K

aggregates 12K problems from eight sources, with
diverse solutions generated by an ensemble of five
LLMs. PhysProcessBench, derived from five test
sets, serves as a gold-standard benchmark where
every reasoning step has been rigorously verified
by human experts. The task involves a step-level
correctness assessment conditioned on the problem
and the history. Comprehensive details on data
sources, model configurations, and statistics are
provided in Appendix B.1, B.3 and B.4.

3.2 How to Train PhysPRM?

The training of PhysPRM proceeds in two stages:
Supervised Fine-Tuning (SFT) for initialization
and Reinforcement Learning (RL) via Group Rel-
ative Policy Optimization (GRPO) (DeepSeek-AI,
2025) for refinement, as shown in Figure 2 (b).

Stage 1: Supervised Fine-Tuning. We first em-
ploy SFT on a uniformly sampled 60% subset of
PhysPRM30K to provide the model with a high-
quality initialization, serving as the cold start stage.
This process equips the model with structured rea-
soning capabilities from the outset, laying a solid
foundation for the subsequent RL stage.

Stage 2: Reinforcement Learning. To fur-
ther refine the accuracy of step judgment and er-
ror type, while ensuring format adherence of the
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diagnosis, we adopt GRPO on the remaining por-
tion of PhysPRM30K. By estimating the baseline
directly from the average reward of multiple out-
puts sampled per query, this mechanism optimizes
PhysPRM based on relative performance within
each group. To incentivize the generation of high-
quality diagnoses, we formulate a composite re-
ward function ri consisting of three components:

1. Step Judgment Reward: Measures the accu-
racy of the predicted judgment (predjudge) against
the ground truth judgment (gtjudge) for a step.

rjudge = I(predjudge = gtjudge) (7)

2. Error Type Reward: Evaluates the consis-
tency between the predicted error type (predtype)
and the ground truth error type (gttype) for a step.

rtype = I(predtype = gttype) (8)

3. Reasoning Format Reward: Verifies struc-
tural adherence to the expected reasoning format.

rform = I{<reasoning>,<correct>,<error_type>}⊆output (9)

The final reward ri is defined as:

ri = rjudge + rtype + rform (10)

3.3 How to Utilize PhysPRM?
When applying Test-time Scaling (TTS) (Snell
et al., 2024) for LLMs, PhysPRM serves as both a
verifier and a critic to enhance the performance of
LLMs in solving physics problems. Specifically, it
supports the Best-of-N (BoN) strategy when acting
as a verifier and critique refinement strategy when
acting as a critic, as shown in Figure 2 (c).

BoN. In the BoN strategy, an LLM generates
N candidate solutions. PhysPRM evaluates each
step by extracting the probability of the correctness
token from the corresponding diagnosis. Among
the N candidates, if solutions exist where all rea-
soning steps are judged correct, we calculate the
average step score for these solutions and select the
one with the highest value. Conversely, if all N
solutions contain incorrect steps, we calculate the
average score of all steps for each candidate and
select the solution with the highest overall score.

Critique Refinement. In the critique refinement
strategy, an LLM generates a single initial solution.
PhysPRM evaluates each step to identify the first
erroneous step. By providing error analysis within
the diagnosis as feedback, the LLM is prompted to
refine and correct the solution. Finally, we verify
the correctness of the newly generated solution.

4 Experiments

4.1 Setup

Benchmarks. We evaluate the training perfor-
mance of PhysPRM on PhysProcessBench. Fur-
thermore, we assess the capability of PhysPRM
in BoN and critique refinement across nine di-
verse datasets, including PhysReason (Zhang et al.,
2025b), PHYSICS (Pang et al., 2025), CMPhys-
Bench (Wang et al., 2025a), PhysicsEval (Siddique
et al., 2025), UGPhysics (Xu et al., 2025b), For-
mulaReasoning (Li et al., 2024), agieval-gaokao-
physics (Zhong et al., 2023), MVPBench (Dong
et al., 2025), and Phyx (Shen et al., 2025). These
benchmarks cover difficulty levels ranging from
junior high to university curricula. Notably, MVP-
Bench and Phyx are multimodal datasets. For Phys-
Reason, we substitute images with the provided
captions to evaluate it as a text-only benchmark.
Settings. We employ PhysPRM as the verifier for
BoN evaluation and set N to 8 by default. The
policy model is required to generate N distinct so-
lutions with a temperature of 0.7. For comparison,
we use the average accuracy of N sets of answers
generated by policy models as baselines.
Training Details. To train PhysPRM, we im-
plement a sequential strategy on two NVIDIA
A800 GPUs using LoRA. We first perform SFT on
Qwen2.5-7B-Instruct (Team, 2024) for 2 epochs
with a learning rate of 5e-6 as a cold start. The
LoRA configuration includes a rank of 8 and alpha
of 32. Following this, we refine the model through
GRPO for 3 epochs. In this stage, we set the KL
divergence coefficient beta to 0.04 and generate 8
completions per prompt with a temperature of 0.7.

4.2 Performance and Capability of PhysPRM

Results on PhysProcessBench. As shown in Ta-
ble 2, most existing LLMs struggle to verify the
correctness of individual steps. Many open-source
models achieve F1 scores around 50.0, comparable
to random guessing. This is because these models
have a significant positive bias and tend to label
most steps as correct. For example, in PhysReason
subset of PhysProcessBench, Qwen2.5-7B-Instruct
achieves an F1 score of 71.6 for positive steps but
only 14.2 for negative ones. The large gap indicates
that the model rarely identifies errors. In contrast,
PhysPRM performs much better with an average
F1 score of 89.0, outperforming proprietary models
like Gemini-2.0-Flash and o3-mini.

Since no specialized physics PRMs existed prior
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Model PhysReason PHYSICS CMPhys-
Bench

Physics-
Eval

UGPhy-
sics

Formula-
Reasoning

agieval-gaokao-
physics Avg.

InternLM2.5-7B 14.4 15.0 6.0 21.6 12.5 26.4 37.5 19.1
+ PhysPRM 17.9 19.7 10.0 26.2 14.1 31.6 44.5 23.4
Improvement +3.5 +4.7 +4.0 +4.6 +1.6 +5.2 +7.0 +4.4
Llama3.1-8B 15.6 17.5 17.5 30.5 15.3 46.8 30.5 24.8
+ PhysPRM 20.4 23.7 25.0 36.6 18.6 53.9 37.0 30.7
Improvement +4.8 +6.2 +7.5 +6.1 +3.3 +7.1 +6.5 +5.9
Qwen2.5-7B-instruct 34.5 20.6 13.3 45.3 20.4 69.2 59.2 37.5
+ PhysPRM 45.2 28.9 23.0 54.2 22.8 77.9 73.0 46.0
Improvement +10.7 +8.3 +9.7 +8.9 +2.4 +8.7 +13.8 +8.9
Qwen3-8B 39.9 26.8 25.3 57.1 31.6 74.7 71.3 46.7
+ PhysPRM 48.4 36.2 36.0 63.5 35.7 84.3 81.0 55.0
Improvement +8.5 +9.4 +10.7 +6.4 +4.1 +9.6 +9.7 +8.3
Qwen2.5-32B-instruct 40.4 32.4 38.0 60.3 37.9 78.8 77.1 52.1
+ PhysPRM 47.0 38.5 46.0 67.5 43.7 86.9 84.0 59.1
Improvement +6.6 +6.1 +8.0 +7.2 +5.8 +8.1 +6.9 +7.0
Qwen2.5-72B-instruct 43.5 35.6 42.3 62.8 41.3 80.4 79.3 55.0
+ PhysPRM 47.8 40.1 48.0 67.6 46.8 84.8 84.5 59.9
Improvement +4.3 +4.5 +5.7 +4.8 +5.5 +4.4 +5.2 +4.9
Deepseek-V3.1 43.9 42.8 56.5 63.1 45.3 79.9 58.0 55.6
+ PhysPRM 48.2 45.7 62.0 68.5 50.2 84.6 69.5 61.2
Improvement +4.3 +2.9 +5.5 +5.4 +4.9 +4.7 +11.5 +5.6
Gemini-2.0-Flash 53.9 51.2 59.0 68.9 51.8 86.4 75.6 63.8
+ PhysPRM 59.1 56.6 66.0 72.6 58.9 89.1 81.0 68.9
Improvement +5.2 +5.4 +7.0 +3.7 +7.1 +2.7 +5.4 +5.2

Table 1: Results with BoN evaluation. Percentage accuracy (%) of multiple LLMs across seven physics datasets. By
using PhysPRM as a verifier, existing LLMs achieve significant improvements in reasoning performance under the
Best-of-8 setting. Only positive improvements are bold. All values are rounded to one decimal place.

to this work, we adapted a high-performing and
established mathematical PRM, Qwen2.5-Math-
PRM-7B (Zhang et al., 2025d), to serve as a strong
baseline for our physics tasks. In direct verification,
PhysPRM achieves an average F1 score of 89.0,
which is 12.2 points higher than the 76.8 achieved
by Qwen2.5-Math-PRM-7B, demonstrating that
PhysPRM significantly outperforms the capable
mathematical PRM across the board.

Results with BoN evaluation. As shown in Ta-
ble 1, PhysPRM significantly boosts reasoning per-
formance across various model scales and fam-
ilies. Specifically, for models with fewer than
10 billion parameters, including InternLM2.5-7B,
Llama3.1-8B, Qwen2.5-7B-Instruct, and Qwen3-
8B, the average performance improves by 4.4,
5.9, 8.9, and 8.3 points, respectively. Larger
open-source models like Qwen2.5-32B-Instruct
and Qwen2.5-72B-Instruct achieve gains of 7.0 and
4.9 points, while proprietary models like DeepSeek-
V3.1 and Gemini-2.0-Flash improve by 5.6 and 5.2
points. These results further validate the capability
of PhysPRM for TTS across different model sizes.

Results of critique refinement. As shown in Table
3, PhysPRM demonstrates superior critique capa-
bilities compared to both the generator itself and
Gemini-2.5-Flash, significantly boosting the per-
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Figure 3: Confusion matrix of predicted error types
versus ground truth on PhysProcessBench.

formance of the generators. Notably, these gains
scale with the number of refinement turns. Specifi-
cally, guided by PhysPRM, the generators achieve
average improvements of 6.1, 8.8, and 10.3 points
across the three refinement turns, respectively.

4.3 Analysis on PhysPRM Performance

Effects of diagnosis components. We analyze the
impact of components by training PhysPRM under
four settings ranging from judgment labels only to
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Model PhysicalEval PHYBench PHYSICS PhysReason UGPhysics Overall
Random Guessing 50.0 50.0 50.0 50.0 50.0 50.0

Proprietary LLMs

Deepseek-v3-1 59.6 53.2 55.4 58.9 52.6 55.9
Gemini-2.0-Flash 63.8 57.8 60.8 62.6 58.6 60.7
o3-mini 67.2 64.2 63.3 67.2 62.8 64.9

Open-source LLMs

Qwen2.5-7B-Instruct 46.4 46.8 40.4 42.9 41.6 43.6
Qwen2.5-32B-Instruct 52.8 50.7 48.6 50.4 49.5 50.4
Qwen2.5-72B-Instruct 57.2 55.8 54.2 56.5 53.3 55.4

PRMs

Qwen2.5-Math-PRM-7B 75.8 72.1 76.7 79.2 75.2 76.8
PhysPRM 91.1 89.7 89.0 90.4 84.8 89.0

Table 2: Results on PhysProcessBench. We report the F1 scores of the correct and incorrect steps. The overall score
is the average of the scores from five different data sources. The results of PhysPRM are shaded .

Critic Model Qwen2.5-7B-Instruct as Generator Gemini-2.0-Flash as Generator Avg.
PhysReason PHYSICS CMPhysBench Avg. PhysReason PHYSICS CMPhysBench Avg.

Zero-shot 34.7 20.4 13.0 22.7 53.8 49.0 56.0 52.9 37.8

Turn 1

Generator 35.5 22.7 17.0 25.1 53.8 51.0 57.0 53.9 39.5
Gemini-2.5-Flash 39.1 24.3 19.0 27.5 54.4 53.3 58.0 55.2 41.4
PhysPRM 43.9 25.7 20.0 29.9 57.7 55.9 60.0 57.9 43.9

Turn 2

Generator 36.1 24.0 19.0 26.4 54.0 52.6 58.0 54.9 40.7
Gemini-2.5-Flash 42.5 25.4 22.0 30.0 56.3 56.3 60.0 57.5 43.8
PhysPRM 46.8 27.3 24.0 32.7 60.3 58.2 63.0 60.5 46.6

Turn 3

Generator 36.5 23.4 19.0 26.3 54.2 52.0 57.0 54.4 40.4
Gemini-2.5-Flash 43.7 26.6 25.0 31.8 57.9 57.6 60.0 58.5 45.2
PhysPRM 48.2 29.9 27.0 35.0 61.5 58.9 63.0 61.1 48.1

Table 3: Results of critique refinement. Accuracy (%) of the two generator models across each refinement turn using
different critics: the generator itself, Gemini-2.5-Flash, and PhysPRM. The results of PhysPRM are shaded .

Training Physics-
Eval

Phys-
Reason PHYSICS

CoT Error type

✗ ✗ 62.1 69.1 64.8
✗ ✓ 61.3 68.9 60.4
✓ ✗ 85.4 83.6 83.1
✓ ✓ 91.1 90.4 89.0

Table 4: Ablation results on PhysProcessBench of
PhysPRM with different diagnosis components. The
best results are shown in bold.

the full diagnosis. As shown in Table 4, our eval-
uation on PhysProcessBench highlights that CoT
is the primary contributor to performance improve-
ment. Furthermore, although generating error types
enhances process verification, it requires the pres-
ence of CoT. Incorporating error types in isolation
actually reduces model performance.

To better understand the role of error types,
we evaluate the classification performance of

11.8%

27.9%

51.5%

8.8%

(a) Qwen2.5-7B-Instruct

25.6%

38.5%

30.8%
5.1%

(b) Gemini-2.0-Flash

Physical State Analysis Error
Physical Process Understanding Error

Physical Mechanism Application Error
Calculation Process Error

Figure 4: Distribution of successfully refined error cate-
gories across three successive turns on the PhysReason
dataset, with PhysPRM acting as the critic for genera-
tors (a) Qwen2.5-7B-Instruct and (b) Gemini-2.0-Flash.

PhysPRM on PhysProcessBench, as shown in Fig-
ure 3. The accuracy for all categories exceeds 86%.
Notably, the model demonstrates high recall for
correct steps and high precision for incorrect steps.
This indicates that while the model might miss
some subtle errors, the errors it identifies are highly
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Figure 5: Results on PhysProcessBench of PhysPRM
with different training strategies.

Model Phyx MVPBench Avg.
Large Language Models

Qwen2.5-7B 35.2 20.9 28.1
+PhysPRM 39.4 28.0 33.7
Improvement +4.2 +7.1 +5.6
Qwen2.5-32B 67.2 31.5 49.4
+PhysPRM 70.0 35.4 52.7
Improvement +2.8 +3.9 +3.3
Qwen2.5-72B 66.4 33.1 49.8
+PhysPRM 68.8 37.3 53.1
Improvement +2.4 +4.2 +3.3

Multimodal Large Language Models

Qwen2.5-7B-VL 30.0 16.7 23.4
+PhysPRM 35.4 22.2 28.8
Improvement +5.4 +5.5 +5.4
Qwen2.5-32B-VL 43.4 33.4 38.4
+PhysPRM 46.8 37.3 42.1
Improvement +3.4 +3.9 +3.7
Qwen2.5-72B-VL 46.8 37.0 41.9
+PhysPRM 49.4 43.1 46.3
Improvement +2.6 +6.1 +4.4

Table 5: Results on visual physics benchmarks. Under
Best-of-8 evaluation, PhysPRM enhances visual reason-
ing performance across both LLMs and MLLMs.

reliable. This characteristic aligns well with our
core design objective for the PRM.

Figure 4 shows the distribution of error types
resolved during three-turn refinement on PhysRea-
son. For Qwen2.5-7B-Instruct, PhysPRM primar-
ily addresses Physical Mechanism Application Er-
ror (fundamental errors). Conversely, Gemini-2.0-
Flash shows balanced improvements, notably in
Physical Process Understanding and State Analysis
Errors, reflecting corrections in complex reasoning.
Effects of training strategies. We analyze the im-
pact of various training strategies, including differ-
ent combinations of SFT, GRPO, and curriculum.
As shown in Figure 5, combining SFT with GRPO
yields the best results, validating the effectiveness
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Figure 6: BoN results on the PhysReason and CM-
PhysBench benchmarks across different policy models
and verifiers. PhysPRM consistently enhances reason-
ing performance as N increases, outperforming the im-
provements achieved by the Gemini-2.5-Flash verifier.

of this training paradigm. Moreover, applying cur-
riculum learning to organize the data boosts perfor-
mance, resulting in an average gain of 3.9 points
on the three subsets in PhysProcessBench.

4.4 Analysis on PhysPRM Capability

Effects of BoN. Following the TTS technique, we
vary the number of solutions N in the BoN strategy
to evaluate PhysPRM against Qwen2.5-7B-Instruct
and Gemini-2.5-Flash as verifiers. As shown in Fig-
ure 6, increasing N consistently boosts the reason-
ing performance of both Qwen2.5-7B and Qwen3-
8B policy models. Specifically, on PhysReason,
PhysPRM outperforms Gemini-2.5-Flash verifier
by 1.6, 3.2, 4.7, and 5.5 points across the Best-of-2,
4, 6, and 8 settings, respectively. These results indi-
cate that the performance gap between PhysPRM
and other verifiers widens as N increases.
Results on visual physics problems. As shown in
Table 5, we evaluate the Qwen2.5 series on Phyx
and MVPBench under the Best-of-8 setting, finding
that PhysPRM consistently improves visual reason-
ing performance. Specifically, for the Qwen2.5-
Instruct series of 7B, 32B, and 72B, the average
performance improves by 5.6, 3.3, and 3.3 points,
respectively. Similarly, multimodal large language
models including the Qwen2.5-VL series of 7B,
32B, and 72B achieve average gains of 5.4, 3.7,
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and 4.4 points. These results validate the effective-
ness of PhysPRM in visual scenarios.

5 Conclusion

We introduce PhysPRM, a generative PRM that
transforms simple process scoring into fine-grained
diagnoses containing detailed critiques, step judg-
ments, and specific error types. To facilitate this,
we design an automated synthesis pipeline to con-
struct the PhysPRM30K dataset and PhysProcess-
Bench benchmark. By employing a two-stage
training paradigm that integrates SFT with GRPO,
we demonstrate that PhysPRM significantly en-
hances the capabilities of various LLMs across
seven datasets in both Best-of-N and critique re-
finement. Ultimately, our findings highlight the
effectiveness of fine-grained supervision in address-
ing complex physical constraints, offering a robust
path toward more reliable physics problem solving.
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7 Limitations

Despite the strong performance of PhysPRM across
various benchmarks, we identify two primary limi-
tations regarding inference efficiency and optimiza-
tion strategies. First, the reliance on generative
feedback introduces additional computational over-
head during inference. Unlike simple scoring mod-
els, PhysPRM generates a fine-grained diagnosis
for each step, which requires more resources. Sec-
ond, our current framework exclusively employs
the Group Relative Policy Optimization algorithm
for the reinforcement learning stage. We have
not yet fully explored how other advanced algo-
rithms might further benefit our approach. In future
work, we aim to investigate methods to dynami-
cally prune the reasoning process to improve speed

and explore alternative optimization strategies to
enhance robustness.

8 Ethical Statement

In developing PhysPRM, we have carefully consid-
ered the ethical implications of our research, partic-
ularly regarding data compliance and responsible
AI usage. Our experiments use publicly available
physics datasets and models (including the Qwen
series and Gemini), and we strictly follow their
licensing agreements and usage policies. To sup-
port future research, we will publicly release the
complete datasets, models, and scripts under appro-
priate licenses (MIT and CC BY-NC-SA). Addi-
tionally, we used LLMs to help check grammarand
improve the code structure of this submission.
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A Error Type Details

We categorize reasoning errors into four distinct
types, with detailed definitions and examples pro-
vided below.

Physical Mechanism Application Error occurs
when physical laws, principles, or formulas
are applied incorrectly. This represents a
misunderstanding of why a principle applies.
The solver might recall the law but use it in
conditions where it is invalid.

• Applying Newton’s Laws in a non-
inertial reference frame without consid-
ering fictitious forces.

• Using conservation of energy in systems
where friction does work.

• Using formulas outside their valid range
(e.g., using small-angle approximations
for large angles).

• Misremembering the specific conditions
required for a law to hold true.

Physical State Analysis Error relates to the ini-
tial setup and analysis of the system. This
error type reflects a misunderstanding of what
exists in the scenario. It involves incorrect
assessments of system boundaries, forces, or
objects.

• Neglecting significant forces, such as
friction in a non-ideal system.

• Incorrectly defining the system boundary,
leading to errors in conservation laws.

• Failing to distinguish between isolated
and open systems.

• Missing or adding non-existent forces
acting on an object.

Physical Process Understanding Error stems
from a misunderstanding of how the phe-
nomenon evolves over time. Unlike state
analysis, this error concerns the dynamic
behavior and cause-and-effect relationships.

• Misunderstanding projectile motion (e.g.,
thinking horizontal and vertical motions
affect each other).

• Confusing different forms of energy
transformation.

• Mispredicting the direction of motion
based on forces.

• Holding misconceptions, such as believ-
ing a continuous force is needed to main-
tain constant velocity.

Calculation Process Error is purely mathemati-
cal mistakes that happen during the execution
phase. These errors are independent of the
physical reasoning logic.

• Making algebraic errors when rearrang-
ing equations.

• Incorrect unit conversions (e.g., mixing
meters and centimeters).

• Simple arithmetic mistakes in addition
or multiplication.

• Copying numbers incorrectly or calcula-
tor usage errors.

B Dataset Details

B.1 Sources of Training Data

As shown in Table 6, the initial training data con-
sists of 12,508 samples collected from eight differ-
ent datasets. These problems cover various diffi-
culty levels, including middle-school, high-school,
and university physics. Specifically, for the Phys-
Reason dataset, we decompose multi-part questions
into separate samples, ensuring that each entry con-
tains only a single question.

Benchmark Split Strategy # Samples

high-school-physics Full 400
pocket-physics Full 1,000
FormulaReasoning Train 1,000
PhysReason Non-test Samples 2,608
UGPhysics Non-test Samples 1,600
PHYSICS Non-test Samples 1,400
PhysicsEval Non-test Samples 2,500
Phyx Non-test Samples 2,000

Table 6: Detailed statistics and split strategies for the
initial training data sources.

B.2 PhysPRM30K

As summarized in Table 7, PhysPRM30K com-
prises 30,679 samples. The dataset is constructed
by aggregating physics problems from eight dis-
tinct sources, as detailed in Table 6. To generate
process annotations, we leverage our automated
data synthesis pipeline incorporating seven mod-
els: Qwen3-8B, Qwen2.5-32B-Instruct, Qwen2.5-
72B-Instruct, GPT-4o, DeepSeek-V3-1, Gemini-
2.0-Flash, and o3-mini.

9421



Statistics # Samples
Total Samples 30,679

- PhysReason 10,800
- PhysicsEval 6,407
- Phyx 4,402
- UGPhysics 3,241
- PHYSICS 2,332
- FormulaReasoning 1,584
- pocket-physics 1,349
- high-school-physics 564

Error Type Distribution 30,679
- Physical Mechanism Application 6,304
- Physical State Analysis 4,674
- Physical Process Understanding 4,620
- Calculation Process 4,149
- None 10,932

Step Count Distribution 30,679
- Short (1-4 steps) 6,640
- Medium (5-7 steps) 10,544
- Long (8-10 steps) 13,495

Table 7: Statistics of PhysPRM30K.

B.3 Benchmark
Table 8 provides more details regarding the BoN
and critique refinement test benchmarks.

Benchmark Split Strategy # Samples

agieval-gaokao-physics Full 200
FormulaReasoning Test 421
PhysReason Test-mini 504
CMPhysBench With Answers 100
PHYBench With Answers 100
PHYSICS Random Selection 304
PhysicsEval Random Selection 587
UGPhysics Random Selection 263
MVPBench Physics Subset 311
Phyx Random Selection 500

Table 8: Detailed statistics of the evaluation benchmarks
used for BoN and critique refinement testing. “Random
Selection” indicates that a subset of samples is randomly
chosen from the original dataset to serve as the test set.

B.4 PhysProcessBench
As summarized in Table 9, PhysProcessBench con-
sists of 1,962 samples. To construct this bench-
mark, we collect problems from five datasets listed
in Table 8: PhysicsEval, PHYBench, PHYSICS,
PhysReason, and UGPhysics. We use our auto-
mated data synthesis pipeline along with three mod-
els, including Qwen3-32B, Qwen2.5-72B-Instruct,
and DeepSeek-V3-1, to generate process annota-
tion samples. The final samples are then manually
checked and filtered to ensure high quality.

C Experimental Details

C.1 Prompt in Data Synthesis
We describe the prompts used in our automated
data synthesis pipeline to generate reasoning pro-

Statistics # Samples
Total Samples 1962

- PhysicsEval 472
- PHYBench 154
- PHYSICS 265
- PhysReason 760
- UGPhysics 311

Error Type Distribution 1962
- Physical Mechanism Application 529
- Physical State Analysis 342
- Physical Process Understanding 306
- Calculation Process 169
- None 616

Source Solutions 1962
- Qwen3-32B 744
- Qwen2.5-72B-Instruct 610
- Deepseek-v3.1 608

Table 9: Statistics of PhysProcessBench.

cesses and error type analyses. The prompt used to
guide Gemini-2.5-Flash in evaluating step correct-
ness and its reasoning process is shown in Figure
7. Additionally, the prompt for generating detailed
error type analysis is presented in Figure 8.

C.2 Prompt in Experiments
We present the prompts used in the critique refine-
ment experiment to guide Gemini-2.5-Flash and
Qwen2.5-7B-Instruct in generating critiques, as
shown in Figure 9.

D Efficiency Analysis

In terms of computational efficiency, PhysPRM ex-
hibits a trade-off compared to discriminative PRM
models. Specifically, compared to the Qwen2.5-
Math-PRM-7B discriminative model, PhysPRM
incurs higher inference latency, requiring approxi-
mately 15.6 seconds per step versus 0.5 seconds for
the discriminative model. Additionally, PhysPRM
generates an average of 238 tokens per step to pro-
duce detailed diagnostic feedback. However, this
increase in computational cost is accompanied by
significant improvements in diagnostic capability.

E Cases

To provide a comprehensive understanding of
PhysPRM, we present two representative cases
from the critique refinement process in Figures 10
and 11. The outputs generated by PhysPRM com-
prise both reflections on errors. By systematically
organizing accumulated correction experiences ac-
cording to error types, we can efficiently retrieve
and apply the most relevant successful modifica-
tions when encountering similar errors in subse-
quent tasks.
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Prompt for Step Judgement

[System]:
You are a physics teacher. Your task is to reason whether a single step in a solution is correct.

[User]:
The materials you will need are provided below.

### Context and Question:
{context}

### The steps of a correct solution:
{gt_steps}

### Previous correct steps:
{llm_steps}

### Current step to evaluate:
{cur_step}

[Your Task]:
For the current step only:

1. Understand the overall correct solution path and the logic of the correct approach. Keep in mind that this may not
be the only valid solution.

2. Break down what the current step is trying to accomplish. Identify the physical principles and mathematical
reasoning involved. If needed, refer to previous steps to gain a better understanding of the current step. If the
current step doesn’t involve any calculation or reasoning but simply restates the problem, judge it as "correct" and
provide simple reasoning indicating that the step is a restatement of the problem.

3. Decide whether this step is correct or incorrect based on your reasoning process, not merely by matching it to the
reference solution. If incorrect, provide the correct step in reasoning process.

4. Provide a reasoning process, then conclude with a verdict ("correct" or "incorrect") in JSON format.

[Response Format]:
Output the following JSON:
{

"reasoning": "Your reasoning process here, based on physical and mathematical reasoning. Escape all quotes and
special characters as needed.",

"correct_verdict": "correct | incorrect"
}

Figure 7: Prompt for step-level correctness evaluation. This prompts used to guide the model to evaluate the
correctness of each reasoning step and provide a detailed critique.
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Prompt for Error Analysis

[System]:
You are a physics teacher. Your task is to determine the type of error in a current solution step.

[User]:
The materials you will need are provided below.

### Context and Question:
{context}

### The steps of a correct solution:
{gt_steps}

### Previous correct steps:
{llm_steps}

### Current step to evaluate:
{cur_step}

### Correctness verdict:
The step is {correct_verdict}.

### Explanation:
{correct_explanation}

[Your Task]:
For the current step only:

1. Understand the "Error Type Categories" provided below.
2. Reason which error type applies to the current step.
3. Identify the error type for the current step from the following categories in JSON format.

### Error Type Categories
1. Physical State Analysis Errors: Errors related to the incorrect assessment of the physics system’s boundaries,

the forces acting on it, or its constituent components. Identifying incomplete, excessive, or incorrect components
such as forces and energy within the system. This involves a misunderstanding of ’what’ is happening in the system.
Examples include neglecting significant friction, incorrectly defining system boundaries leading to errors in conservation
laws, misjudging whether a system is isolated, failing to account for all relevant forces on an object, or misidentifying
interacting components.

2. Physical Process Understanding Errors: Errors stemming from a misunderstanding of how a physics phe-
nomenon develops, how states change, or the causal relationships between events. Identifying incorrect target states
or erroneous motion processes. This involves a misunderstanding of ’how’ things are happening. Examples include
misunderstanding the motion of a projectile, confusing energy transformation mechanisms, mispredicting motion
direction based on forces, or having misconceptions about the nature of a physics process (e.g., believing a continuous
force is needed for constant velocity).

3. Physical Theorem Application Errors: Errors arising from the incorrect application of physics theorems,
principles, laws, concepts, formulas or using them in situations where they are not valid. This includes both misre-
membering the law itself and misapplying a correctly remembered law. This involves a misunderstanding of ’why’
a principle applies. Examples include applying Newton’s Laws of Motion to a non-inertial reference frame without
considering fictitious forces, using the conservation of energy in systems with significant non-conservative forces like
friction, applying formulas outside their valid range (e.g., using small-angle approximations for large angles), and
misunderstanding the conditions under which a law applies.

4. Calculation Process Errors: Errors occurring during the mathematical manipulation of equations, the derivation
of formulas, or the substitution of numerical values. These are purely mathematical mistakes. Examples include
making algebraic errors when rearranging equations, performing incorrect unit conversions (e.g., mixing meters with
centimeters), making arithmetic mistakes (e.g., addition or multiplication errors), incorrectly substituting values into
formulas, and errors when using a calculator.

[Response Format]:
Output the following JSON:
{

"error_analysis": "Reason the useful cause of the error briefly, pointing out what the step misunderstood or did
incorrectly.",

"error_type": "State the specific type of error (choose from the provided categories)"
}

Figure 8: Prompt for error type classification. This prompt is used to guide the model in identifying and categorizing
specific physical reasoning errors based on the provided categories.
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Prompt for Critique Generation

[System]:
You are a physics teacher. Your task is to review and critique a current solution step by step. Pay attention that you
should not solve the problem or give the final answer. All of your task is to critique.

[User]:
The materials you will need are provided below.

### Question:
{question}

### Solution:
<step_1> {solution_step_1} </step_1>
<step_2> {solution_step_2} </step_2>
. . .
<step_n> {solution_step_n} </step_n>

[Your Task]:
For each step of the solution:

1. Review the reasoning and calculation.
2. Identify any errors, omissions, or conceptual misunderstandings.
3. Provide a critique, focusing on the physical reasoning, mathematical modeling, or conceptual correctness.
4. At the end of each step’s critique, output your judgment in the following format: "Yes" if the step is correct, or

"No" if it contains errors.

[Response Format]:
Output the following JSON:
{

"step_index": "step_idx",
"critique": "Your critique here.",
"verdict": "Yes|No"

}

Figure 9: Prompt for critique generation. This prompt is used to guide the model in reviewing and critiquing a
solution step by step based on physical reasoning.
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An inextensible, soft, and light rope passes over a smooth fixed pulley, with 

small spheres a and b attached to each end of the rope. Sphere a has a mass of 

1 kg and is at rest on the ground; sphere b has a mass of 3 kg and is held by a 

hand at a height of h = 2.5m, at which point the rope is just taut. Starting from 

rest, sphere b is released. Neglecting air resistance and the size of the pulley, 

and taking the gravitational acceleration g as 10m/s^2, determine: What is the 

maximum height that the ball a can reach?

Original Solution

Step 1: Sphere a: Mass = 1 kg, initially at rest. Sphere b: Mass = 3 kg, initial height = 2.5 m. 

Gravity force: Fa = 10 N down, Fb = 30 N down. 

Step 2: Using Newton's second law: For sphere a: T - 10 = a. For sphere b: 30 - T = 3a. 

Solving gives system acceleration a = 5 m/s^2.

Step 3: When sphere b reaches the 

ground, all of its initial potential energy 

will have been converted into kinetic 

energy and then into the potential energy 

of sphere a...

Step 3: Balls a and b start from rest with ac

celeration a = 5 m/s^2 over s = h = 2.5 m. 

Kinematics: v^2 = v_0^2 + 2as, v_0 = 0. v

^2 = 0 + 2 ×5 × 2.5 = 25, v = 5 m/s. At thi

s instant, ball a is at height 2.5 m with upw

ard velocity 5 m/s.

Step 4: After ball b lands, rope slackens; 

ball a becomes an upward projectile with 

initial velocity v = 5 m/s. Additional height 

h' from energy conservation or kinematics: 

0^2 = 5^2 + 2 ×(-10) × h', 0 = 25 - 20h’, h' 

= 25 / 20 = 1.25 m.

Step 5: Maximum total height H of ball a is 

sum: H = h + h' = 2.5 m + 1.25 m = 3.75 m.

Final answer: 3.75m.

Corrected Solution

visual demo

co
rr
ec
t

PhysPRM Fine-grained Diagnosis:

<reasoning>Step incorrectly assumes all 

of sphere b's lost potential energy 

converts to sphere a's potential energy, 

ignoring kinetic energy of both spheres at 

the moment b hits ground...</reasoning>

<correct>

The step is \boxed{false}.

</correct>

<error_type>

Physical Process Understanding Error

</error_type>

Figure 10: The first case of PhysPRM.
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A small cup with a mass of $0.5\\mathrm{kg}$ contains $1.5\\mathrm{kg}$ 

of water. The cup is tied with a rope and performs a \"water meteor\" 

performance in a vertical plane, with a rotation radius of $1\\mathrm{m}$. 

The speed of the cup at the highest point is $4\\mathrm{m/s}$, and ${\\bf g}$ 

is taken as $10\\mathrm{m}/\\mathrm{s}^{2}$. What is the pressure of the 

water on the bottom of the small cup at the highest point?

Step 1: Determine the water's weight. Given: water mass = 1.5 kg, gravity = 10 m/s². Water 

weight = 1.5 kg × 10 m/s² = 15 N. 

Step 2: Determine the total force exerted on 

the bottom of the cup by the water, which is 

stated as the sum of the weight of the water 

and the calculated centripetal force.. F_{total} 

= W_{water} + F_{centripetal}...

Step 2: Determine the total force exerted o

n the bottom of the cup by the water, F_N 

+ W_{water}=F_{centripetal}$.

Step 3: The centripetal force required for 

the water's circular motion at the top point 

is: F{centripetal} = m_w \frac{v^2}{R} = 

1.5×\frac{4^2}{1} = 1.5×16 = 24 N. This 

centripetal force is directed downward, 

toward the center of the circle.

Step 4: F_N = F_{centripetal}$ - W_{wat

er}=24 – 15 = 9 N.  

visual demo

co
rr

ec
t

Step 5: According to Newton's third law, t

he pressure exerted by the water on the bott

om of the cup is $9 \\mathrm{N}$, directe

d vertically upward.  

PhysPRM Fine-grained Diagnosis:

<reasoning>Step incorrectly attempts to find 

the normal force (F_N) by adding the weight 

of the water (W_{water}) to the total 

centripetal force for the system. The correct 

approach requires analyzing the water alone: 

the net force on the water provides its 

centripetal acceleration, meaning one must 

apply F_N + W_{water}=F_{centripetal}... 

</reasoning>

<correct>The step is \boxed{false}.

</correct>

<error_type>

Physical State Analysis Error

</error_type>

Original Solution Corrected Solution

Figure 11: The second case of PhysPRM.
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