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Abstract

While large language models (LLMs) have sig-
nificantly advanced mathematical reasoning,
Process Reward Models (PRMs) have been
developed to evaluate the logical validity of
reasoning steps. However, PRMs still strug-
gle with out-of-distribution (OOD) challenges.
This paper identifies key OOD issues, including
step OOD—caused by differences in reason-
ing patterns across model types and sizes—and
question OOD, which arises from dataset shifts
between training data and real-world problems.
To address these issues, we introduce Retrieval-
Augmented Process Reward Model (Retrieval-
PRM), a novel framework designed to tackle
these OOD issues. By utilizing a two-stage
retrieval-enhanced mechanism, RetrievalPRM
retrieves semantically similar questions and
steps as a warmup, enhancing PRM’s ability
to evaluate target steps and improving general-
ization and reasoning consistency across differ-
ent models and problem types. Our extensive
experiments demonstrate that RetrievalPRM
outperforms existing baselines across multiple
real-world datasets. Our open-source contri-
butions include a retrieval-enhanced dataset, a
tuning framework for PRM training, and the
RetrievalPRM model, establishing a new stan-
dard for PRM performance.

1 Introduction

While large language models (LLMs) have ad-
vanced mathematical reasoning (OpenAl, 2023;
Dubey et al., 2024; Zhu et al., 2024; Shao et al.,
2024; Yang et al., 2024b), they remain prone to
critical flaws: explicit errors (e.g., miscalculations,
logical inconsistencies) and implicit risks where
correct answers mask flawed intermediate steps.
Even when final results are accurate, LLMs often
generate plausible-but-incorrect reasoning chains,
eroding trust in their problem-solving processes
(Lightman et al., 2023). To address this, Process
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Figure 1: The distribution differences across three
datasets: GSMS8K, MATH and Olympiad. We use
sentence-bert to encode these questions and perform
t-sne visualization.

Reward Models (PRMs) (Lightman et al., 2023;
Wang et al., 2024b) have been developed to rigor-
ously evaluate the logical validity of intermediate
steps (Cobbe et al., 2021), mirroring human peda-
gogical practices that prioritize reasoning quality
OVer answer correctness.

Existing works (Wang et al., 2024a; ol Team,
2024; Zheng et al., 2024) frame PRM as a bi-
nary classification problem. They train PRM on
open-source base LLMs such as Qwen (Yang et al.,
2024b) or Llama (Dubey et al., 2024) using human-
annotated dataset (Lightman et al., 2023) or auto-
mated process supervision method (Wang et al.,
2024b; Luo et al., 2024; Qin et al., 2024). Al-
though these approaches show great performance
and empirical success, they still face kinds of out-
of-distribution challenges. We believe the out-of-
distribution (OOD) problem can be viewed from
the following perspectives:

Firstly, Step OOD may occur because of differ-
ent processes generated by different models. Due
to the high cost of manual annotation, there are
very few accurately labeled PRM expert datasets,
such as PRM80OK and ProcessBench, with pro-
cesses generated by GPT (OpenAl, 2023) and
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109, 111. Which is the largest of the five numbers?

W Question: Five different numbers are added together in pairs, and the results are 101, 102, 103, 104, 105, 106, 107, 108,

f( 7\ (f

ChatGPT-40 Process:

Let's denote the five numbers as
a,b,c,d,e with a<b<c<d<e

Step 1: Sum of all pairwise sums.
The total of all ten pairwise sums

This is equivalent to:4(a+b+c+d+e)
Let S=a+b+c+d+e. Then, the total Model
sum of all pairwise sums is 4S. Type

Step 2: Find the sum of the g:
ifference|

Qwen2.5-Math-72B-instruct Process:
To solve this problem,Let's denote the five
numbers as a,b,c,d and e

such that a<b<c<d<e.

Step 1:First, we note that the smallest sum

isi.... a+b=101 and the largest sum

d+e=111. The next smallest sum is a+c=102

and the next largest sum is

c+e=109. The third smallest sum is a+d=103 Size
and the third largest sum is

1 e A

(1 Qwen2.5-Math-1.5B-instruct
Process:

Step 1: To determine which xnumber
is the largest among the five

given sums:
101,102,103,104,105,106,107,108,
109,111,

we need to identify the pair that
produces the highest sum when
each number is added to itself.

Model

pairwise sums b+e=108. ) Difference| Step 2: First, let's list all possible
Now, calculate the total sum of the Step 25 We can solve thfese equayons step by pairs:
pairwise sums given in the step. First, subtract the first equation from the (101,101), (101,102), (101,103)
problem:...Thus, we have:4S=1066 second: (a+c)-(a+b)=102-101 = c-b=1 = (101,104), (101,105), (101,106)...
s0 $=1066/4=266.5 c=b+1 -
(e e v,
&) A A
Chain Length: 6 steps Chain Length: 10 steps ) ;:hlah'l Le;ngtlhf 3E steps
Solution Style: Analyze, Calculate Solution Style: Solve Equations olution Style: Enumerate
Answer: 56 X Answer: 57 +/ Answer: 56 X
- J . )
. 7 I 7
L =~ J L J

Figure 2: Processes and problem-solving ideas for the same question vary from different models with the perspectives
of model types and model sizes. GPT tends to analyze and calculate, while Qwen-72B tends to solve equations.
Qwen-1.5B is small and relatively weak. It can only enumerate, and its thinking chain is short, so its answers are

also very wrong.

Qwen (Yang et al., 2024b), respectively. How-
ever, different model types (e.g., GPT, Qwen,
Llama(Dubey et al., 2024)) approach problem-
solving differently. As is shown in Figure 2, when
facing the same question, GPT-40 tends to analyze
and calculate, while Qwen-72B tends to solve ques-
tions directly. They have different solution styles.
Therefore, using process data generated by one
model to train a PRM and then applying it to guide
another model leads to an OOD issue. Moreover,
models of different sizes also exhibit different rea-
soning processes. Larger models, like exceptional
students, tend to have clearer and more accurate
reasoning steps, while smaller models tend to have
very short reasoning chains, as shown in Figure 2.

Secondly, Question OOD emerges because of
dataset shift. Current PRM datasets contain only a
limited number of problems. For example, Math
Shepherd and PRM80OK cover problems from the
GSMSK and MATH datasets, with GSMS8K be-
ing at the elementary to middle school level and
MATH at the high school to university level. How-
ever, real-world problems are far more diverse,
such as those in the Olympic math competition
dataset (He et al., 2024), leading to OOD issues in
other datasets. As shown in the Figure 1, we used
Sentence-BERT (Reimers, 2019) to encode all the
problems from the three datasets and visualized
the distribution with t-SNE. It is evident that the
distributions differ, and since both Olympic and
MATH problems are typically from high school-
level exams, they are semantically closer to each
other than to GSM8K.

To address this issue, we propose a new frame-
work, Retrieval Augmented Process Reward Model
(RetrievalPRM), which leverages a Two-stage
Retrieval-enhanced Mechanism to help PRMs
solve the OOD problem. we retrieve relevant ques-
tions and steps in these two stages to address the
issues of question OOD and step OOD, respec-
tively. Specifically, when predicting a step for a
given question, we select semantically similar ques-
tions based on their embeddings, placing them at
the beginning of the entire prompt. Additionally,
we select more fine-grained, similar steps and use
them as references when predicting the correctness
of the step. These retrieved questions and steps
serve as a kind of warm-up for PRM, acting as ex-
ample problems for reference. They not only help
stimulate PRM’s potential by warming up but also
allow the system to handle more difficult problems
by identifying similarities, thus alleviating OOD
issues.

Our main contributions are summarized as follows:

* To the best of our knowledge, we are the first
to highlight the key OOD problems in Process
Reward Models (PRMs), particularly the ques-
tion OOD and step OOD, which arise due to
differences in reasoning patterns across model
types (e.g., GPT, Qwen), model sizes (1.5B, 72B)
and varying problem difficulties in real-world
datasets.

* We introduce the Retrieval-Augmented Process
Reward Model (RetrievalPRM) framework,
which utilizes a Two-stage Retrieval-enhanced
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Mechanism to address OOD issues by incorporat-
ing both Question-level Retrieval and Step-level
Retrieval, thereby enhancing PRM’s ability to
generalize across diverse problem-solving sce-
narios.

* We build a Retrieval-enhanced dataset for train-
ing PRM using RetrievalPRM framework. We
have made our code publicly available.! Our
dataset® and model® are open-sourced.

* Extensive experiments on the Process-
Bench (Zheng et al., 2024) on four public
real-world datasets demonstrate that Retrieval-
PRM outperforms strong baselines and that the
Out-of-distribution issue has been alleviated due
to our retrieval approach.

2 Preliminary

In this section, we formulate the whole prob-
lem and introduce PRM as a binary classification
model.

2.1 Problem Formulation

We denote the Math dataset as D =
{(gi,si,y:)},, where N is the number of
data instances. The input ¢; is the " Math
question. s; = {s},s?,...,s"} are the solution
steps, where n; is the step number of solution s;.
vi = {y},v?,...,y"} and the label y/ indicates
the correctness from the 1°¢ step to the j* step.

()

o 7 94
Y, =

j 1, (s,... sj) is correct for g;;
0, otherwise.

2.2 ORM vs. PRM

Outcome-supervised Reward Models are intro-
duced (ORM) by (Cobbe et al., 2021), where veri-
fiers are trained for judging the final correctness of
generated solutions. ORM only predicts the final
label ¢}, which can be formulated as
Vi, 9" = ORM(q;, 81, . .., 51%). )
Building on this, the concept of process reward
models (PRM) is introduced as a more granular and

transparent approach. Not only does PRM evaluate
the final solutions but it also assesses intermediate

"https://github.com/Gebro13/PRM_research

Zhttps://huggingface.co/datasets/gebro13/Retrieval PRM_
Dataset

3https://huggingface.co/gebrol3/RetrievalPRM

processes, where g){ represents the predicted label
for the j*" step by PRM.
Vi.j,§] = PRM(qs},....s]). ()

154
2.3 Large Language Model for PRM scoring

When directly adopting LLMs as the PRM for scor-
ing, we need to convert the data (g¢;, s;,y;) with a
hard prompt template. The whole template exam-
ple is illustrated in Appendix B.2.

The textual input consists of the question g; and
steps s;, followed by a binary question about the
correctness of these steps.

To obtain the floating-point correctness estima-
tion g)i € [0,1] instead of discrete word tokens
+> or ’-’, we apply bidimensional softmax over
the corresponding logits of the binary key answer
tokens (ie., + & -) from LLMs to accomplish the
correctness estimation during evaluation:

N exp(li+)
" exp(li+) +exp(li-)

€(0,1). @&

where [; ;. and [; _ are the logits of token + and - in
the i instance, respectively.

It is important to note that the estimated PRM
scoring ¢/ is used solely for evaluation on the test-
ing set. If training is involved, we maintain the
standard instruction tuning and causal language
modeling paradigm for LLMs. In this way, we
don’t need to replace the language model head with
binary classification head which is the last layer of
LLM.

3 Methodology

In this section, we introduce our proposed Re-
trieval PRM framework in detail.

3.1 Overview of Retrieval PRM

The RetrievalPRM is developed to address the prob-
lem of out-of-distribution (OOD) scenarios in math-
ematical problem-solving, specifically focusing on
both question OOD and step OOD. According to
Figure 3, traditional PRM models are constrained
by predefined solution steps and are unable to han-
dle unseen questions or steps effectively, especially
when the problem context shifts or the solution
process deviates from previously seen examples.
RetrievalPRM overcomes this challenge by incor-
porating a Two-stage Retrieval-enhanced Mecha-
nism that dynamically fetches relevant questions
and steps from a large pool of questions and their
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Traditional PRM

| | Two-stage Retrieval-enhanced Mechanism

Retrieval PRM Framework

System
Prompt

Target
Question

Solution

I want you to act as a math teacher. I will
provide a mathematical question and several
solution steps, and it will be your job to judge
whether these steps are correct or not.

I

How many seconds are in 5.5
minutes?

I

Step 1: 5.5 minutes is the same as 5
minutes and 0.5 minutes.

Target
Question Q Reference Question 1:
1 ‘What is the equivalent number of
seconds in 7.8 minutes?
Question Process:

Pool Since there are 60 seconds in a
minute, we can find the number of
seconds by multiplying the number
of minutes by 60. (+) So, 7.8

minutes is equal to 7.8 * 60 = 46
seconds.The answer is: 46 (-)
Reference Question 2:

Process:

I'want you to act as a math teacher. I will ... judge whether these steps are
correct or not. First I will give you some similar questions and their steps
for reference. For each step, if the step is correct, the step is labeled as +. If
the step is wrong, the step is labeled as -. If there is no relevant or helpful
information in the provided questions and steps, try to answer yourself.

| Reference Question 1 |——| Reference Question 2 |

How many seconds
are in 5.5 minutes?

Step 1: 5.5 minutes is
the same as 5 minutes
and 0.5 minutes.

T v

Steps

= -

Target

Step S -

seconds in 5 minutes.

Step 2 : Since there are 60 seconds
in a minute, then there are 300

New Step
Pool

7

l v

Step 3 : And since there are 60
Target seconds in a minute, there are 50
Step seconds in 0.5 minutes.
L4

Is that step correct?

Reference Step 1:
0.3 hours equal to 0.3
*60 = 18 minutes.
This reference step is

Reference Step 2:

Step 2 : Since there are Step 3 : And since there
60 seconds in a minute, are 60 seconds in a
then there are 300 minute, there are 50
seconds in 5 minutes. seconds in 0.5 minutes.
(4

I will give you some steps for reference

Reference
Stepl

Reference
Step2

correct.

Is the target
step correct?

LN ]
0.8 -

Figure 3: The model structure of our proposed RetrievalPRM framework and its difference with traditional PRM.
We design a Two-stage Retrieval Module to retrieve reference questions and steps in each stage.

solutions. These retrieved questions and steps serve
as a kind of warm-up for PRM, acting as example
problems for reference. They not only help stimu-
late PRM’s potential by warming up but also allow
the system to handle more difficult problems by
identifying similarities.

3.2 Two-stage Retrieval-enhanced Mechanism

The core of RetrievalPRM is the Two-stage
Retrieval-enhanced Mechanism, which consists of
two key phases: Question-level Retrieval and Step-
level Retrieval.

3.2.1 Question-level Retrieval

The first stage of retrieval tackles the question OOD
issue. As is shown in Figure 3, the retrieval pool
is the question database D, = {¢;}}¥,. During
retrieval process, we treat:

* Query: the target question ¢;.
* Key: all g; in the retrieval pool.

* Value: all the (g;, s;) pair in the retrieval pool.

We calculate their similarities < g;, ¢;: > to match
the most similar n questions. Specifically, all
questions will first pass through a Sentence-BERT
model to encode questions and obtain their seman-
tic representations.

{eq}N| = SentenceBERT({¢;}Y.,)  (5)

where ¢,, € RP is the embedding vector of the
question g;.

And then all the embeddings undergo Princi-
ple Component Analysis (PCA) (Kurita, 2021) for
dimensionality reduction to extract the most impor-
tant dimensions.

{e) 3, = PCA({eg, 1)) 6)

where eﬁh € R? is the embedding after dimension
reduction.

Finally, we compute the cosine similarity be-
tween the target question and the entire question
pool, selecting the top-k most similar questions and
inputting them into the text.

/ /
€q " Cqi

AR

(gi,qe) = (7

Now we sort the vector {(g;,q)}¥.; of simi-
larity and choose top-k (g;, s;) pairs as reference
questions ¢, and put them in RetrievalPRM’s input
together with the target question. Furthermore, we
store all the solutions {s;}*, of top-m (m > k)
questions in a new database to conduct a further
step-level retrieval.

3.2.2 Step-level Retrieval

We place step-level retrieval in the second stage
of the two-stage retrieval process, rather than as a
separate module, for two key reasons:

Firstly, for a solution to be meaningful, both the
question and the steps must be similar. For exam-
ple, two different types of questions might both
use the letter "p" to represent an unknown variable,
but in some problems, "p" represents a prime num-
ber, while in others, it represents probability. This
results in steps that may appear similar but have
entirely different meanings, rendering the retrieved
steps potentially unhelpful.

Secondly, since there are many possible solu-
tions to a question, this leads to a large number of
steps. If the majority of these steps are irrelevant,
the time spent calculating similarities becomes inef-
ficient. By placing step-level retrieval in the second
stage, we can save both time and computational re-
sources.
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Therefore, after retrieving the top-m most similar
questions, we inject all their solutions into a new
steps database DD;. Then, we use the target step
as the query to retrieve reference steps from this
new database. The similarity for retrieval is still
calculated using Sentence-BERT, PCA, and cosine
similarity, as mentioned in 3.2.1.

3.3 Retrieval-based System Prompt

In RetrievalPRM, The system prompt serves as the
instruction set for the model, framing the problem
and directing it to evaluate each step of the solu-
tion. Besides the traditional system prompt for
PRM, the Retrieval-based System Prompt (RetSP)
is extended with additional instructions, as shown
in the red sentence in Figure 3, which encourages
the model to leverage knowledge from reference
questions. For example, we inform PRM that step
labels "+" and "-" represent correct and incorrect
steps, respectively. At the same time, to avoid
noise, we specify that if the reference question or
step contains no relevant or helpful information, it
should not be considered. These retrieval-based
system prompts give PRM a more flexible thinking
process, enabling it to actively decide whether to
use retrieval-based knowledge.

We define reference questions of ¢; as q; and
reference steps as s;. The whole input xf: of pre-
dicting the j;, step of ¢; in RetrievalPRM can be
formulated as:

xg = (RetSP,q;,qi, sil, e sg_l,sf,sz,yf),
3] =PRM(x])
| (8)
where sf is the 7, step of solution s;.

According to the input template above, it is
worth noting that when predicting step n, we as-
sume that steps 1 through n-1 are correct (Luo
et al., 2024; Zheng et al., 2024). At this point, the
most important task for PRM is to predict step n,
so PRM can only access the reference steps for
step n and cannot see the reference steps for steps
l~n—1.

4 Experiments

In this section, we present the experimental settings
and results. Our implementation code of Retrieval-
PRM is publicly available.

4.1 Experiment Setup

4.1.1 Datasets

Datasets are categorized into two kinds: Math rea-
soning datasets, and prm training datasets.
Math Reasoning Datasets

We conduct experiments on four public and
widely used datasets in mathematical reasoning
tasks: GSMSK (Cobbe et al., 2021) which con-
tains math problems from elementary to middle
school, MATH (Hendrycks et al., 2021) which con-
tains math problems from basic to university level,
OlympiadBench (He et al., 2024) which involves
questions from the Mathematical Olympiad, Omni-
MATH (Gao et al., 2024b) which covers multi-
domain high-difficulty problems. Further details
are provided in Appendix C.

Except for GSMS8K, which focuses on grade
school math problems, the other three datasets fea-
ture problems of competition or Olympiad-level
difficulty.

PRM training datasets

We conduct experiments on two publicly avail-
able datasets for PRM:

PRMS800K (Lightman et al., 2023): Based on
the MATH dataset, it contains 800,000 manually
annotated step-level correctness labels for training
the Process Reward Model. It relies on expensive
manual annotations.

Math-Shepherd (Wang et al., 2024b): It gener-
ates 400,000 machine-annotated step-level labels
(covering MATH and GSMS8K datasets) by auto-
matically building process supervision data, with-
out manual annotation.

4.1.2 Evaluation Metrics

We evaluate our model in a public PRM benchmark
ProcessBench (Zheng et al., 2024). The aim is to
judge whether PRM can find the first wrong step. It
divides data into two parts: samples with incorrect
and correct final answers and then conducts har-
monic mean on the accuracy of these two parts to
get the final F1-score. Moreover, we think since the
sample number of each part isn’t balanced, We add
an additional metric: weighted arithmetic mean
of these two parts, which is shown in Table 1 as
ArithACC.

4.1.3 Baselines

Following (Zheng et al., 2024), we divide all base-
lines into two parts:

(1) Open-source PRM, including Sky-
work (ol Team, 2024), Qwen2.5-PRM (Zheng
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Table 1: The performance of different models on ProcessBench. The best result is given in bold, and the second-best
value is underlined. See Table 6 in Appendix D for breakdown of evaluation results.

Model GSMS8k MATH OlympiadBench OmniMATH AveFl
ArithACC  FI  ArithACC  FI  ArithACC FI  ArithACC  F1
Retrieval PRM-7B(Ours) 76.0 74.6 70.6 71.1 59.1 60.2 55.2 57.33 658
Qwen2.5-Math-7B-PRM800K 735 68.2 65.1 62.6 532 50.7 434 443  56.5
Skywork-PRM-7B 71.6 70.8 54.5 53.6 25.6 229 23.7 21.0 42.1
Open-source
PRM Skywork-PRM-1.5B 59.9 59.0 49.1 48.0 20.5 19.3 19.7 19.2 36.4
Math-Shepherd-PRM-7B 58.3 47.9 45.1 29.5 39.7 24.8 34.8 23.8 31.5
RLHFlow-PRM-Mistral-8B 62.3 50.4 42.1 334 22.3 13.8 19.1 15.8 28.4
RLHFlow-PRM-Deepseck-8B 56.9 38.8 45.1 33.8 26.5 16.9 232 16.9 26.6
QwQ-32B-Preview 87.9 88.0 78.5 78.7 59.2 57.8 61.1 61.3 71.5
GPT-40 80.2 79.2 63.4 63.6 50.1 51.4 50.1 535 619
Qwen2.5-72B-Instruct 77.9 76.2 654 61.8 59.8 54.6 55.1 522 61.2
Llama-3.3-70B-Instruct 83.7 82.9 63.7 59.4 54.3 46.7 51.0 43.0 58.0
Qwen2.5-Coder-32B-Instruct 72.0 68.9 64.5 60.1 57.0 48.9 52.5 46.3 56.1
Llama-3.1-70B-Instruct 75.3 74.9 52.6 48.2 50.0 46.7 432 41.0 52.7
Qwen2.5-14B-Instruct 72.3 69.3 59.2 533 50.2 45.0 435 41.3 522
Language | Qwen2-72B-Instruct 67.8 67.6 523 49.2 43.3 42.1 393 40.2 49.8
Models Qwen2.5-32B-Instruct 70.6 65.6 61.9 53.1 53.5 40.0 47.7 38.3 49.3
as Critic Qwen2.5-Math-72B-Instruct 70.3 65.8 59.6 52.1 56.1 325 55.1 31.7 455
Qwen2.5-Coder-14B-Instruct 61.9 50.1 54.2 39.9 51.4 34.0 55.6 273 37.8
Qwen2.5-7B-Instruct 37.8 36.5 36.9 36.6 29.9 29.7 27.3 27.4 32.6
Meta-Llama-3-70B-Instruct 62.4 522 48.3 22.8 46.2 21.2 44.8 20.0 29.1
Qwen2.5-Math-7B-Instruct 54.4 26.8 50.3 25.7 43.1 14.2 41.6 12.7 19.9
Qwen2-7B-Instruct 25.1 8.4 20.4 19.0 16.1 14.7 13.8 12.1 13.6
Meta-Llama-3-8B-Instruct 27.1 13.1 17.3 13.8 14.2 4.8 19.7 12.6 11.1
Qwen2.5-Coder-7B-Instruct 49.1 14.3 46.3 6.5 472 4.1 48.9 1.8 6.7
Llama-3.1-8B-Instruct 27.3 10.9 20.5 5.1 16.0 2.8 15.0 1.6 5.1

Table 2: The performance of different variants of RetrievalPRM on ProcessBench. We remove different components
of RetrievalPRM to evaluate the contribution of each part to the model. The best result is given in bold, and the
second-best value is underlined. See Table 7 in Appendix D for breakdown of evaluation results.

Retrieval Components GSM8k MATH OlympiadBench OmniMATH AveFl
Question-level Step-level ArithACC F1  ArithACC F1  ArithACC Fl1  ArithACC Fl
v v 76.0 74.6 70.6 71.1 59.1 60.2 55.2 573 658
v X 77.8 74.9 70.7 71.2 584 59.8 50.5 544  65.0
X v 73.8 67.5 69.5 69.2 58.2 58.9 52.2 563 63.0
X X 71.0 65.6 67.3 67.5 54.3 55.8 472 509 599

et al., 2024), Math-Shepherd (Wang et al., 2024b)
and RLHFlow (Xiong et al., 2024). These models
are binary classification PRMs.

(2) Language Models as Critic, including
Llama (Dubey et al.,, 2024), Qwen2 (Yang
et al., 2024b), Qwen2.5 (Team, 2024), Qwen2.5-
MATH (Yang et al., 2024a), Qwen2.5-Coder (Hui
et al., 2024), GPT-40 (OpenAl et al., 2024). These
models are promoted to judge the steps with the
help of majority voting.

Further details of these baselines are provided in
Appendix A due to article length limitations.

4.1.4 Implementation Details

Details like base models, hyperparameters,
prompts, and training sizes are provided in Ap-
pendix B due to the article length limitations.

4.2 Overall Performance

We evaluate RetrievalPRM against existing base-
lines on ProcessBench, and the results are pre-
sented in Table 1. The findings are as follows:

» RetrievalPRM-7B surpasses all open-source
PRM baselines, achieving the highest perfor-
mance. Notably, the most significant improve-
ment is observed on OmniMATH, the most chal-
lenging dataset, with performance gains increas-
ing as dataset difficulty rises. This phenomenon
may stem from the fact that most baseline PRMs
are trained on human- or machine-annotated
datasets such as PRM800K or Math-Shepherd,
which primarily focus on GSM8K or MATH and
exhibit OOD issues when applied to more com-
plex datasets. In contrast, our RetrievalPRM ef-
fectively mitigates the OOD problem through its
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Dataset
GSM8k
75 MATH
OlympiadBench
OmniMATH
70  -@= Average F1
67.50
65.60

72.60
70.50

F1 Score

60 { 2

56.90
55.80

55

50.90
50

Top-0 Top-1

65 - —————

74.90

71.20 7230 71.60

5730 5570

54.40

Top-2 Top-3

Number of Retrieval Questions

Figure 4: We show the F1 scores of Retrieval-PRM on four datasets and their average, as the number of retrieval
questions varies. Specifically, Top-0 means no retrieval questions.

retrieval-based approach, demonstrating the effi-
cacy of our Two-stage Retrieval-enhanced Mech-
anism.

* When comparing models of different scales,
RetrievalPRM outperforms all evaluated lan-
guage models, including Qwen2.5-72B-Instruct
and Llama3.3-70B-Instruct, with the sole excep-
tion of QwQ-32B-Preview. Remarkably, Re-
trievalPRM achieves this with a model size
of just 7B. This highlights that PRMs, being
both lightweight and task-specific, maintain
strong competitiveness and potential compared
to LLMs as critics.

4.3 Ablation Study

We analyze two main components in the Two-stage
Retrieval-enhanced Mechanism: Question-level Re-
trieval and Step-level Retrieval—through the fol-
lowing ablations:
RetrievalPRM (Ours): The complete version of
our proposed method.
Retrieval PRM (w/o Step-level Retrieval): This
variant retains only the Question-level Retrieval,
removing Step-level Retrieval during both training
and inference.
RetrievalPRM (w/o Question-level Retrieval):
This variant retains only the Step-level Retrieval, re-
moving Question-level Retrieval during both train-
ing and inference.
Retrieval PRM (w/0o Question-level and Step-
level Retrieval): In this variant, both Question-
level and Step-level Retrieval are removed during
training and inference.

The performance of these variants is presented
in Table 2, from which we can draw the following
observations:

* The performance of RetrievalPRM (w/o Step-
level Retrieval) remains almost identical to that

of RetrievalPRM on GSM8K and MATH but ex-
hibits a slight decline on OlympiadBench and
OmniMATH. This can be attributed to the fact
that Step-level Retrieval information is partially
absorbed by Question-level Retrieval. As a re-
sult, Question-level Retrieval alone may be suf-
ficiently effective for relatively easy datasets,
as the reference steps it provides contain ade-
quate knowledge for step prediction. However,
for more challenging datasets, Step-level Re-
trieval becomes significantly more crucial, as
it offers finer-grained guidance essential for han-
dling complex problem-solving processes.

¢ RetrievalPRM (w/o Question-level Retrieval)
shows lower performance, as it relies solely on
Step-level Retrieval. The model lacks knowl-
edge of reference questions, which is useful to
alleviate question OOD, restricting its overall
performance.

 RetrievalPRM (w/o both Retrieval) performs the
worst, which is expected, demonstrating the ef-
fectiveness of both question-level and Step-level
Retrieval.

4.4 Hyperparameter Study

Figure 4 illustrates the impact of the number of re-
trieval questions on the model’s performance. The
findings are as follows:

Compared to Top-0, where no retrieval questions
are used, models that incorporate retrieval ques-
tions show improved performance, highlighting the
importance of Question-level Retrieval. It inspires
us that Reference questions are important for PRM
to get warmup, no matter how many reference ques-
tions there are.

The performance of Top-3 exhibits a slight de-
cline, potentially due to two factors: (1) An ex-
cessive number of reference questions may lead
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to an overly long input prompt, making it difficult
for PRMs to comprehend or extract key informa-
tion effectively. (2) A limited retrieval pool might
result in later reference questions being less rele-
vant than earlier ones, increasing the likelihood of
misjudgments in the model’s predictions.

Table 3: Performance across Different Step Numbers

step GSMS8K MATH Olympiad- Omni-
num Bench MATH
0 74.9 71.2 59.8 54.4
1 74.6 71.1 60.2 57.3
2 73.0 70.7 59.6 56.7
3 74.7 69.7 58.2 56.9

We have conducted additional experiments on
the hyperparameter: step number. And the results
are shown in Table 3. From the experimental re-
sults, we observe that changes in the number of
steps have little impact on performance. These re-
sults suggest that our retrievalPRM exhibits strong
robustness with respect to the number of reasoning
steps.

4.5 Retrieval Strategy

Regarding the retrieval strategy, we experimented
with simple information retrieval methods such as
random selection and TF-IDF, and we also explored
replacing Sentence-BERT with a larger language
model like Qwen-1.5B to get question or step em-
beddings. The corresponding experimental results
are presented in Table 4. From the experimental
results, we have the following observations:

* As we move from no retrieval to increas-
ingly advanced retrieval strategies—ranging
from random selection to TF-IDF to Sentence-
BERT—we observe that the model is better able
to retrieve similar questions and steps. This leads
to improved prediction accuracy of retrieval-
enhanced PRM, demonstrating that the choice
of retrieval strategy significantly impacts perfor-
mance.

* Once the retrieval method reaches a certain
level of quality, the performance of Sentence-
BERT and Qwen-1.5B becomes comparable. We
believe that, given the current retrieval pool,
Sentence-BERT is already capable of retrieving
highly relevant items, which explains the similar
performance to Qwen-1.5B.

e However, as retrieval methods become more
sophisticated, their computational cost also in-
creases. Therefore, choosing a retrieval strategy
involves a trade-off between efficiency and ef-
fectiveness. Under the current setting, Sentence-
BERT offers a good balance, making it the prefer-
able choice.

4.6 Results of Other Benchmarks

In order to evaluate the performances of retrieval-
PRM completely, we conducted additional ex-
periments employing two mainstream evaluation
benchmarks: PRMBench and Best-of-N. Details
are shown in Appendix E

4.7 Retrieval Pool Diversity

In this paper, our retrieval pool comprises both
the MathShepherd and PRM80OK datasets. To
empirically examine the effect of the retrieval pool,
we conducted supplementary experiments in which
the retrieval pool was augmented with the recently
released OpenReason dataset (OpenReason, 2024).
From the results in Table 5. Detailed explanations
are provided in Appendix F.

5 Related Works
5.1 Process Reward Models

Process reward models (PRMs) have demonstrated
significant advantages over traditional outcome re-
ward models (ORMSs) (Cobbe et al., 2021) in en-
hancing process-level reasoning accuracy and im-
proving long-process reasoning abilities in model
training (Lightman et al., 2023; Uesato et al., 2022).
A growing number of PRMs have been proposed
for application in process-level reinforcement learn-
ing with human feedback (RLHF) (Wang et al.,
2024b; Qin et al., 2024; Xia et al., 2025; ol Team,
2024). For instance, Lightman et al. (2023) made
a substantial contribution by releasing a large set
of human-annotated data at the process level, open-
ing up new research opportunities for multi-step
reasoning.

Additionally, Wang et al. (2024b) introduces an
automatic, self-supervised pipeline for generating
process-level labels and training PRMs, enabling
efficient data generation. Xia et al. (2025) employs
PRMs as automatic evaluators to assess the accu-
racy of multi-step reasoning in language models
(LMs). With the surge in PRM-focused research
and data curation, numerous PRMs (ol Team,
2024; Xiong et al., 2024; Sun et al., 2024; Gao et al.,

8460



Table 4: Performance Comparison of Different Retrieval Strategies. Time consumption refers to the time required to
retrieve 400 questions along with their corresponding steps.

Retrieval Strategy GSM8K MATH OlympiadBench OmniMATH Time Consumption

Random Select 73.9 70.7
Tf-idf 74.1 70.2
Sentence-Bert 74.6 71.1
Qwen-1.5B 73.1 71.7

57.7
583
60.2
58.9

55.3 3s
56.7 70s
57.3 50min
57.3 12h

2024a; Wang et al., 2024a) have been proposed.
Additionally, several studies focus on leveraging
natural language feedback from large language
models (LLMs) as rewards, which are termed critic
models (McAleese et al., 2024; Zhang et al., 2024;
Gao et al., 2024a).

However, most existing PRMs trained on math
datasets such as GSM8K and MATH inevitably en-
counter Out-of-distribution issues, which can be
divided into two categories: question OOD, where
PRMs trained on simpler or medium-difficulty
datasets lack understanding of questions from more
challenging datasets, and step OOD, where differ-
ent base models and model sizes in LLMs lead
to different step distributions for the same ques-
tion. This is reflected in differences in chain length,
problem-solving approaches, and methods. To ad-
dress these issues, we propose the RetrievalPRM
framework to tackle the OOD problems encoun-
tered in the current PRM field, achieving promising
results.

5.2 Retrieval-Augmented Generation

Retrieval-augmented generation (RAG) enhances
language models by dynamically integrating ex-
ternal knowledge, pioneered by (Lewis et al.,
2021) through their joint retrieval-generation ar-
chitecture. Subsequent advances refined this
paradigm. Guu et al. (2020) introduced REALM
to co-train retrieval and generation modules via
masked language modeling, while Izacard and
Grave (2021) proposed Fusion-in-Decoder (FiD)
to process multi-document contexts efficiently. Re-
search further optimized retrieval precision through
dense passage embeddings (Karpukhin et al., 2020)
and scaled retrieval to web-level corpora (Borgeaud
etal., 2022).

6 Conclusion

In this paper, we have addressed the significant
out-of-distribution (OOD) challenges faced by Pro-
cess Reward Models (PRMs), particularly step

OOD and question OOD. By introducing the Re-
trieval Augmented Process Reward Model (Re-
trievalPRM), we propose an effective solution that
leverages a Two-stage Retrieval-enhanced Mecha-
nism to improve the generalization of PRMs across
diverse models and problems. Extensive experi-
ments on multiple real-world datasets have shown
that RetrievalPRM consistently outperforms exist-
ing methods, highlighting its effectiveness in tack-
ling OOD issues.

7 Limitation

RetrievalPRM has two main limitations. Firstly, the
retrieval pool is only constructed from PRM800K
and Math-Shepherd at present, which is relatively
small and limits the diversity and breadth of the
mathematical problems. Second, using Sentence-
BERT to embed questions and steps struggles to
capture the full complexity of mathematical prob-
lems as semantic similarity doesn’t mean knowl-
edge similarity in Math problems. As a result, the
naive cosine similarity calculated through embed-
dings may fail to accurately reflect the true similar-
ity between two questions.
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System:

I want you to act as a math teacher. I will provide a mathematical question and several solution
steps, and it will be your job to judge whether these steps are correct or not.

Input:

Question:

How many seconds are in 5.5 minutes?
Process:

Step 1 : 5.5 minutes is the same as 5 minutes and 0.5 minutes.

Step 2 : Since there are 60 seconds in a minute, then there are 300 seconds in 5 minutes.
Step 3 : And since there are 60 seconds in a minute, there are 30 seconds in 0.5 minutes.
Is that Step Correct? You should ONLY tell me + or -.

Output:
+.

Figure 5: The illustration of PRM input template.

e Qwen2.5-Coder (Hui et al., 2024) is a
programming-oriented model trained on 5.5 tril-
lion code-related tokens, excelling in code gener-
ation, debugging, and multilingual programming
tasks.

* GPT-40 (OpenAl et al., 2024) is a multimodal Al
model developed by OpenAl that processes and
generates text, audio, and images in real-time,
with enhanced speed and natural interaction ca-
pabilities.

B Implementation Details

B.1 Basemodel and Training
hyperparameters

We selected Qwen-2.5-Math-7b-instruct(Team,
2024) as the foundational large language model
(LLM) for our experiments. All computations were
performed using H100 GPUs. To enhance train-
ing resource efficiency, we employed Parameter-
Efficient Fine-tuning techniques LoRA. The LoRA
configuration was set with a rank of 32, an alpha
value of 64, and dropout set to 0.1. LoRA up-
date matrices were specifically applied to the query
and value projection matrices within the attention
blocks.

We use PRM80OK as our training data and both
PRMS80OK and Math-Shepherd as our retrieval
pool. The training process was carried out with
batch sizes chosen from {64, 128,256,512} and

initial learning rates selected from {1 x 1073, 1 x
1074,3x 1074,1 x 1075,3 x 10~°} using a linear
scheduler.

B.2 Prompts

In this section, we show our training prompts for
PRM in details as is shown in Figure 5 and Figure 6.

C Datasets

GSMS8K (Cobbe et al., 2021): Grade School Math
is a dataset for basic to intermediate math problems,
covering arithmetic, algebra, geometry and other
fields. Its difficulty is suitable for math problems
in elementary to middle school.

MATH (Hendrycks et al., 2021): The MATH
dataset contains a variety of math problems from
basic to university level, covering multiple mathe-
matical fields such as algebra, geometry, calculus,
number theory, etc.

OlympiadBench (He et al., 2024): The
Olympiadbench dataset contains questions from
the Mathematical Olympiad. The questions are of
high difficulty and involve complex combinatorial
mathematics, number theory, geometry and other
advanced mathematical fields.

Omni-MATH (Gao et al., 2024b): Omni-MATH
is a general Olympiad-level mathematics bench-
mark dataset for large language models, cover-
ing multi-domain and high-difficulty mathematics
problems, and is designed to evaluate the reasoning
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System:

I want you to act as a math teacher. I will provide a mathematical question and several solution
steps, and it will be your job to judge whether these steps are correct or not. First [ will give you
some similar questions and their steps for reference. For each step, if the step is correct, the
step is labeled as +. If the step is wrong, the step is labeled as -. If there is no relevant or
helpful information in the provided questions and steps, try to answer yourself.

Input:

Reference Question 1:

What is the equivalent number of seconds in 7.8 minutes?

Process:

Since there are 60 seconds in a minute, we can find the number of seconds by multiplying the
number of minutes by 60. (+) So, 7.8 minutes is equal to 7.8 * 60 = 46 seconds.The answer is: 46

¢)

Reference Question 2:

Process:

Target Question:

How many seconds are in 5.5 minutes?

Process:

Step 1 : 5.5 minutes is the same as 5 minutes and 0.5 minutes.

Step 2 : Since there are 60 seconds in a minute, then there are 300 seconds in 5 minutes.

Reference Step1:
0.3 hours equal to 0.3 * 60 = 18 minutes. This reference step is correct.
Reference Step2:

Target Step 3 :
And since there are 60 seconds in a minute, there are 30 seconds in 0.5 minutes.
Is the Step Correct? You should ONLY tell me + or -.

Output:
+.

Figure 6: The illustration of RetrievalPRM input template.
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ability of models in various mathematical fields.

Except for GSM8K, which focuses on grade
school math problems, the other three datasets fea-
ture problems of competition or Olympiad-level
difficulty.

D Supplementary Evaluation Results

In this section, we show the breakdown of our main
results in Table 6 and ablation results in Table 7

E Results of Other Benchmarks

In order to evaluate the performances of retrieval-
PRM completely, we conducted additional ex-
periments employing two mainstream evaluation
benchmarks: PRMBench and Best-of-N.

PRMBench is a comprehensive benchmark de-
signed to assess process-level reward models across
multiple dimensions, including simplicity, sound-
ness, and sensitivity (Song et al., 2025). It consists
of 6,216 carefully curated problems and 83,456
step-level labels, enabling fine-grained evaluation
of model robustness and generalization. Exper-
imental results demonstrate that RetrievalPRM
achieves the highest overall performance on PRM-
Bench, outperforming significantly larger models
such as O1-mini and Qwen-72B. Furthermore, Re-
trievalPRM excels in individual metrics, including
soundness and simplicity, further underscoring the
robustness and comprehensive effectiveness of our
approach.

To further assess practical utility, we adopted
the Best-of-N evaluation (Li and Li, 2025). In this
setting, a policy model generates n candidate solu-
tions for each problem, and the PRM assigns scores
to each step within the candidate solutions. The fi-
nal answer is selected by identifying the candidate
with the highest trajectory score, which is com-
puted using one of several aggregation strategies:
man (using the minimal step score), mean (average
score), or last (final step score). For each policy
and PRM pair, we report the results using the best
aggregation method. Our experiments leverage the
publicly available solution steps released in the
PQM paper to perform the Best-of-N assessment.
RetrievalPRM consistently outperforms existing
open-source PRMs across various policy models,
providing further evidence that retrieval-augmented
approaches can effectively mitigate the step-level
out-of-distribution (Step-OOD) challenges arising
from policy model variations.

These additional experiments in Table 8 and Ta-
ble 9 further validate the effectiveness of Retrieval-
PRM and demonstrate its practical advantages.

F Retrieval Pool Diversity

In this paper, our retrieval pool comprises both the
MathShepherd and PRM800K datasets. To empir-
ically examine the effect of the retrieval pool, we
conducted supplementary experiments in which the
retrieval pool was augmented with the recently re-
leased OpenReason dataset (OpenReason, 2024).
From the results in Table 5. Specifically, we ob-
serve that

* Compared to the original retrieval pool, expand-
ing the pool leads to a noticeable improvement
in overall performance. This supports our initial
hypothesis that the composition of the retrieval
pool has a significant impact on the results.

* The OpenReason dataset includes the challeng-
ing AIME benchmark. Adding solutions from
this dataset into the retrieval pool results in larger
performance gains on difficult test sets. This pro-
vides further evidence that the diversity of the
retrieval pool plays a crucial role in enhancing
model performance.

* Additionally, we conducted further experi-
ments where the model was trained using only
MathShepherd and PRMS80OK as the retrieval
pool. At test time, however, we expanded the
pool by including OpenReason. Even without
retraining, the model achieved improved perfor-
mance, which indicates: (1) RetrievalPRM has
learned to effectively utilize retrieved knowledge
in a generalizable way - even when the retrieval
pool at test time differs from that at training time.
(2) Leveraging this property, we can support re-
trievalPRM in solving harder or unseen problems
simply by expanding the retrieval pool, without
needing to retrain the model. This greatly en-
hances the reusability and scalability of retrieval-
PRM.
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Table 5: Performance on Different Retrieval Pool

Train Ret-Pool Test Ret-Pool GSMS8K MATH OlympiadBench OmniMATH
MathShepherd+ MathShepherd+ 74.6 71.14 60.23 57.33
PRM800K PRM800K
MathShepherd+ MathShepherd+ 73.0 72.80 61.71 58.78
PRM800K PRMSO00K+

OpenReason
MathShepherd+ MathShepherd+ 72.0 72.94 61.75 59.53
PRMSO00K+ PRMSO00K+
OpenReason OpenReason

Table 6: Breakdown of evaluation results of different models on ProcessBench. The best result is given in bold, and
the second-best value is underlined.

Model GSMS8k MATH OlympiadBench OmniMATH

error correct  F1 error  correct  F1 - error correct  F1 error  correct F1
RetrievalPRM-7B(Ours) 64.7  88.1 746 672 756 711 56.0 652 60.2 528 62.65 57.33
Qwen2.5-Math-7B-PRM800K  53.1 953 682 480 90.1 626 357 873 507 2983 863 44.3
Skywork-PRM-7B 61.8 82.9 70.8 43.8 69.2 53.6 179 31.9 229 140 41.9 21.0
Ope;;f/l“rce RLHFlow-PRM-Mistral- 8B 33.8  99.0 504 217 722 334 82 431 138 96 452 158
RLHFlow-PRM-Deepseek-8B 242 984 388 214 80.0 33.8 10.1 510 16.9 10.1 51.9 16.9
Skywork-PRM-1.5B 502 715  59.0 379 653 480 154 260 193 136 328 19.2
Math-Shepherd-PRM-7B 32.4 91.7 479 180 82.0 295 150 71.1 248 142 73.0 23.8
QwQ-32B-Preview 81.6 95.3 88.0 78.1 79.3 78.7 614 54.6 578 55.7 68.0 61.3

GPT-40 70.0 91.2 79.2 544 76.6  63.6 45.8 58.4 514 452 53.5 619
Qwen?2.5-72B-Instruct 62.8 969 762 463 931 618 387 926 546 366 909 522
Llama-3.3-70B-Instruct 725 969 829 433 946 594 310 94.1 467 282  90.5 43.0
Qwen2.5-32B-Instruct 49.3 97.9 65.6  36.7 95.8 53.1 253 95.9 40.0 24.1 92.5 38.3
Qwen2.5-14B-Instruct 54.6 94.8 69.3 384 87.4 533 315 78.8 45.0 283 76.3 41.3
Qwen2.5-Coder-32B-Instruct ~ 54.1 948 689 449 90.6 60.1 334 912 489 315 876 46.3

Language Qwen2.5-Coder-14B-Instruct ~ 33.8 964  50.1 254 924 399 20.7 94.1 340 159 942 27.3
Models Qwen2.5-Coder-7B-Instruct 7.7 100.0 143 34 98.3 6.5 21 99.1 4.1 0.9 98.3 1.8
Qwen2.5-Math-72B-Instruct 49.8 96.9 65.8 36.0 94.3 52.1 19.5 97.3 325 19.0 96.3 31.7
Qwen2.5-Math-7B-Instruct 15.5 100.0 268 14.8 96.8 257 7.7 91.7 142 69 88.0 12.7
Llama-3.1-70B-Instruct 643 89.6 749 354 756 482 351 699 467 30.7 618 41.0
Meta-Llama-3-70B-Instruct 357 969 522 130 933 228 120 920 212 112 917 20.0
Qwen2-72B-Instruct 57.0 82.9 67.6 37.7 70.9 49.2  34.0 55.2 42.1 323 53.1 40.2
Qwen2.5-7B-Instruct 40.6 332 36.5 30.8 45.1 36.6 26.5 339 29.7 262 28.6 27.4
Qwen2-7B-Instruct 40.6 4.7 84 305 138 19.0 224 109 14.7  20.0 8.7 12.1
Llama-3.1-8B-Instruct 44.4 6.2 109 419 2.7 51 324 1.5 28 320 0.8 1.6
Meta-Llama-3-8B-Instruct 42.5 7.8 13.1  28.6 9.1 13.8 27.1 2.7 48  26.1 8.3 12.6

Table 7: Breakdown of evaluation results of different variants of RetrievalPRM on ProcessBench. We remove
different components of RetrievalPRM to evaluate the contribution of each part to the model. The best result is
given in bold, and the second-best value is underlined.

Retrieval Components GSMS8k MATH OlympiadBench OmniMATH AveFl
Question-level  Step-level error correct F1  error correct F1  error correct F1  error correct  Fl
v v 647 8.1 746 672 756 71.1 560 652 60.2 528 6265 5733 658
v X 61.8 948 749 621 833 712 487 713 598 432 734 54.4 65.0
X v 517 974 675 572 874 692 460 820 589 439 784 563 63.0
X X 50.7 927 656 579 81.0 675 469 687 558 397 710 50.9 59.9
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Table 8: Results of PRMBench

Model Overall NR. NCL. S1 ES. SC. DC. CI. S2 PS. DR. MS. S3
RetrievalPRM(Ours) 68.9 519 586 553 762 748 695 795 750 623 73.0 992 782
ol-mini 68.8 65.6 637 646 745 677 738 723 721 61.8 648 1000 75.5
Qwen2.5-Math-PRM-72B 68.2 504 588 546 737 711 722 786 739 603 712 994 77.0
GPT-40 66.8 570 624 597 720 69.7 70.7 71.1 709 625 657 992 758
Qwen2.5-Math-PRM-7B 65.5 490 551 521 718 673 663 785 710 576 69.1 99.7 U55
Skywork-PRM-7B 65.1 564 628 59.6 694 671 677 699 685 609 658 932 733
QwQ-Preview-32B 63.6 572 556 564 674 723 662 669 682 57.8 627 1000 73.5
RLHFlow-PRM-Mistral-8B 544 46.1 473 467 56.6 551 544 638 575 515 562 979 685
Llemma-PRM800k-7B 52.0 493 534 514 564 471 467 533 509 510 535 93.6 66.0
MathShepherd-Mistral-7B 47.0 440 503 47.1 494 445 413 477 457 472 486 86.1 60.7

Table 9: Results of Best-of-n Search with different PRMs

Dataset Policy Model RetrievalPRM (Ours) RLHFlow-PRM Skywork-PRM MathShepherd-Mistral

MATH Llama-3-70B-Instruct 48.8 42.0 38.0 46.2

MATH MetaMath-Mistral-7B 37.4 29.8 24.0 32.6

MATH Muggle-Math-13B 33.8 23.6 19.0 28.4
GSM-Plus Llama-3-70B-Instruct 74.5 70.8 67.7 72.6
GSM-Plus MetaMath-Mistral-7B 63.7 53.5 48.0 60.3
GSM-Plus Muggle-Math-13B 62.4 50.8 43.2 59.5
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