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Abstract

Large Language Models (LLMs) have demon-001
strated formidable capabilities in solving math-002
ematical problems, yet they may still make log-003
ical reasoning and computational errors during004
the problem-solving process. Using Process005
Reward Models (PRMs) to evaluate the cor-006
rectness of each step in solutions generated by007
large models is an important approach. How-008
ever, existing PRMs still suffer from some prob-009
lems, such as a lack of generalization. There-010
fore, this paper proposes a novel framework,011
Formal-PRM, which includes a Formalizer and012
a Checker, to formally verify the correctness013
of solutions generated by large language mod-014
els. We empirically investigate the effective-015
ness of Formal-PRM in two scenarios: 1) Ver-016
ification: Formal-PRM is used to determine017
whether a solution to a given problem is cor-018
rect. 2) Test-time scaling: When Formal-PRM019
identifies errors in a solution generated by an020
LLM-based solution generator, it provides cor-021
rective suggestions from the Checker to the022
generator to re-generate the solution. We eval-023
uate our framework on the widely used PRM024
benchmark: ProcessBench, demonstrating the025
superiority of our approach over existing meth-026
ods. Moreover, our method outperforms exist-027
ing approaches in test-time scaling.028

1 Introduction029

Utilizing LLMs for mathematical reasoning is a030

research area of significant importance, and recent031

efforts have achieved remarkable progress (Guo032

et al., 2025; Chervonyi et al., 2025). However,033

even the most advanced LLMs are still prone to034

making errors when solving mathematical prob-035

lems (Mirzadeh et al., 2024; Zhou et al., 2024; Sun036

et al., 2025), particularly when the process involves037

complex logical reasoning and calculations. An038

effective remedy is test-time scaling, which uses a039

verifier to verify the correctness of solutions gen-040

erated by LLMs. Furthermore, such a verifier may041

also provide feedback on incorrect answers to help 042

LLM-based solution generators produce correct 043

responses. 044

Process Reward Models (PRMs) (Lightman 045

et al., 2023; Khalifa et al., 2023; Wang et al., 2024a; 046

Zhao et al., 2025; She et al., 2025), which can pro- 047

vide a reward for each individual reasoning step, 048

become a research focus in test-time scaling. Com- 049

pared with other reward models (e.g., Outcome 050

Reward Models), PRMs exhibit better overall per- 051

formance, stronger generalization, and a specific 052

capability to identify and address procedural errors 053

during reasoning (Wang et al., 2024a) . 054

In general, existing PRMs in this context can be 055

divided into two main categories: Discriminative 056

PRMs (Lightman et al., 2023; Wang et al., 2024a; 057

Khalifa et al., 2023) and Generative PRMs (Zhao 058

et al., 2025; She et al., 2025). 059

• Discriminative PRMs. Given a mathematical 060

problem-solving process, A Discriminative PRM 061

assigns a score (usually within the interval [0,1]) 062

to each step of the solution. For a given step, 063

the higher the PRM score is, the more likely the 064

model considers this step correct. The advantage 065

of Discriminative PRMs is that they can determine 066

whether a step is correct using a single token, thus 067

achieving a fast scoring speed. 068

• Generative PRMs. A Generative PRM provides 069

an evaluation of the correctness of each step in the 070

reasoning process in textual form. By introducing 071

a Chain of Thought (CoT), the judgment of the 072

correctness of each step by a Generative PRM is 073

usually more accurate than that by a Discriminative 074

PRM. 075

However, neither existing Discriminative PRMs 076

nor existing Generative PRMs can well avoid the 077

weakness of large language models in handling 078

complex mathematical reasoning (Zheng et al., 079

2025). That is, their assessment of the correct- 080

ness of each step in a solution turns out to be 081

unreliable frequently. For example, recent stud- 082
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Figure 1: On the left side of the picture is the verification
process of the previous PRM, and on the right side is
our method.

ies (Song et al., 2025) have shown that PRMs often083

struggle to detect fine-grained errors in reasoning084

processes, and their performance is only slightly085

better than random guessing. In addition, exist-086

ing PRMs generally suffer from a lack of robust-087

ness. For example, a model that performs well088

on simple problems in lower grades may perform089

poorly on difficult problems in higher grades. A090

potentially viable alternative to PRM is integrat-091

ing large language models with interactive theorem092

provers(Ranta, 2004; Schaefer and Kohlhase, 2020;093

Pathak, 2024): the large language model generates094

a formal solution, and then an ITP is used to verify095

the correctness of the formal solution. However,096

this approach currently faces significant difficul-097

ties(Chen et al., 2025).Interactive theorem provers098

impose extremely stringent requirements on the for-099

mal correctness of proofs—even a non-canonical100

expression can cause verification to fail (despite the 101

correctness of its expressed meaning). Addition- 102

ally, completing a formal proof often demands a 103

deep familiarity with the relevant knowledge. This 104

sometimes forces general large models to gener- 105

ate thousands of formal proofs before one finally 106

passes verification, making the process highly inef- 107

ficient. 108

By analyzing the limitations of existing methods, 109

we propose a novel approach: having a large lan- 110

guage model convert natural-language solutions 111

into formal-language proofs, and then utilizing 112

the large model—instead of an interactive theo- 113

rem prover (ITP)—to determine the correctness of 114

the formalized answers. 115

As illustrated in Figure 2 : our approach offers 116

the following advantages: 1) It is challenging to 117

explicitly define fine-grained steps in natural lan- 118

guage reasoning, whereas this is straightforward 119

in formal language responses. 2) Due to the preva- 120

lence of leaps in training data, there are more or 121

less gaps between premises and conclusions in cer- 122

tain steps of LLM-generated solutions. During for- 123

malization, the large language model fills in these 124

reasoning gaps, thereby facilitating subsequent ver- 125

ification of the correctness of each step. 3) Em- 126

ploying an LLM instead of an ITP as a checker 127

can fully exploit the model’s comprehension capa- 128

bility, allowing verification to succeed even when 129

the formal solution contains minor yet correctness- 130

preserving non-canonical expressions. 131

In summary, we propose a novel framework, 132

Formal-PRM, to verify solutions generated by 133

LLMs. This method decomposes the verification 134

of solution correctness into two stages. First, using 135

LLM to converts a solution expressed by natural 136

language into a solution expressed by formal lan- 137

guage, limiting the rules for each derivation step 138

to a finite set of patterns, thus obtaining standard- 139

ized, fine-grained solutions. Then, useing another 140

language model as a checker to verify the solution 141

in the formal language. Our experiments show that 142

our approach (i.e., Formal-PRM) clearly outper- 143

forms directly verifying natural language solutions 144

with large language models. 145

Our main contributions: 146

1) We propose a formal language (named Sim- 147

pleMath) based on the predicate logic. The sig- 148

nificance of proposing this language is that the 149

context constructed by SimpleMath closely resem- 150

bles the extensive natural language-based mathe- 151

matical texts that LLMs have learned during their 152

2



pre-training phase, thus making the formalization153

easier.154

2) We propose a novel PRM via verifying so-155

lutions expressed in SimpleMath with the help of156

LLMs.157

3) We empirically evaluate our approach on158

a widely used PRM benchmark, i.e., Process-159

Bench (Song et al., 2025), and our empirical results160

demonstrate the superiority of our approach over161

existing approaches.162

4) We empirically investigate the application of163

our approach in Test-Time Scaling and our empir-164

ical results demonstrate that our approach outper-165

forms existing approaches.166

2 Methodology167

As shown in Figure 3, we input the problem and an168

LLM-generated (partial) solution , in which there169

may be leaps between the premises and the con-170

clusions, into the Solution Formalizer to obtain an171

equivalent formal (partial) solution. Then, we use172

the Checker to determine whether each conclusion173

is true under its premises.174

2.1 Solution Formalizer175

The task of the Solution Formalizer is to transform176

a solution expressed in natural language into one177

expressed in a formal language. Therefore, con-178

structing such a Formalizer involves the following179

steps:180

• Define a formal language for expressing solu-181

tions;182

• Construct a dataset containing mathematical183

problems, natural language solutions, and184

corresponding formal language solutions for185

training a formalizer ;186

• Fine-tune a large language model using this187

dataset.188

SimpleMath Language.189

Existing mainstream formal languages for prov-190

ing mathematical theorems, such as Lean and Coq,191

are based on type theory. Such formal languages192

significantly differ from what is used in the mathe-193

matical community when expressing mathematical194

concepts. To make the formalization process eas-195

ier, we first define a formal language called Sim-196

pleMath, which is closer to a natural mathematical197

language. We provide an example in Appendix198

A to illustrate the convenience of SimpleMath in 199

expressing mathematical concepts. 200

[th!] 201

Our SimpleMath language is an extension of the 202

language of predicate logic, achieved by introduc- 203

ing additional constants and syntactic sugars. For 204

example : 205

definition(f) : N → N 206

f(n) := f(n− 1) + f(n− 2), if n ≥ 3 ; 207

| 1, if n = 2 ; 208

| 1, if n = 1 ; 209

This definition in SimpleMath has roughly the same 210

effect as the following formular in first order lan- 211

guage: 212

forall n, n ∈ N → (P1(n) ∧ P2(n)) 213

where, 214

P1(n) : (n = 1 ∨ n = 2) → f(n) = 1 215

P2(n) : (n ≥ 3 → f(n) = f(n− 1) + f(n− 2)) 216

Context. As illustrated in Figure 2, our context 217

is of Fitch Style (Genesereth and Kao, 2022). In the 218

context, statements can be categorized into these 219

types: 220

• Goals. A goal represents a mathematical prob- 221

lem to be solved. 222

• Facts. A Fact refers to a known condition 223

or piece of information within a problem that is 224

accepted as true without requiring proof. 225

• Assumptions. An Assumption represents a 226

mathematical proposition assumed to be true. In 227

SimpleMath, the implication elimination rule is 228

applied to assumptions to derive new propositions. 229

• Theorems. A Theorem refers to a statement 230

that has been proven to be true based on previously 231

established definitions, facts, and other theorems. 232

• Definitions. A Definitions refers to a precise 233

statement that clearly explains the meaning of a 234

mathematical concept. 235

• Conclusions. A Conclusion refers to a state- 236

ment derived from known facts, definitions, theo- 237

rems and previously established conclusions within 238

a problem-solving process. In SimpleMath, every 239

conclusion must explicitly state its premises and 240

the logical inference rules used. 241

In the context, each statement contains global 242

information: an assumption_list, which records un- 243

der which assumptions the statement was derived. 244

The information in the assumption_list is crucial, 245
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Figure 2: Examle of different languages. The first solution is in natural language, while the second solution is a
formal solution based on SimpleMath.

Figure 3: The overview framework of Formal-PRM in-
cluding a Solution Formalizer and a Checker . First, the
problem and solution are input into the solution formal-
izer, resulting in a context of the formal solution, which
can be decomposed into several judgements. And then,
we obtain the results through Checker which determines
the validity of judgments by reasoning.

as it determines which logical inference rules are246

applicable at each step of the reasoning process.247

Judgement. The format of a judgement is248

P1, P2, . . . , Pn ⊢ Q, where each Pi (for i =249

1, . . . , n) and Q are statements. It denotes that the250

proposition Q can be derived under the premises251

P1, . . . , Pn.252

Solution Graphs253

We use a Solution Graph to represent the re-254

lationships between different statements within a255

context, and each context can be transformed into256

its corresponding Solution Graph. 257

Given a context, its corresponding Solution 258

Graph is defined as a tuple (V,E), where: 259

• V is the node set, where each element vi, i = 260

0, 1... corresponds to the the i-th statement within 261

the context. 262

• E is the edge set, where e0,n, e1,n, ..., en−1,n ∈ 263

E if and only if v0, ..., vn ∈ V and vn is a direct 264

conclusion of v0, v1, ..., vn−1. 265

One of the most significant observations is that 266

Solution Graphs are often sparse (as illustrated in 267

Figure 4), implying that when a Checker model is 268

verifying the correctness of a particular conclusion, 269

it only needs to input the few statements that are 270

relevant to that conclusion. 271

Decompose the formal solution 272

By utilizing the information in the Solution
Graph, we can obtain a series of judgments of the
following form:

Pi1 , . . . , Pik ⊢ Conclusion.

We use the example in Figure 2 to illustrate the
process of obtaining the judgement from the formal
solution. Statements [3] to [10] are conclusions.
Therefore, we can derive 8 judgements from the
formal solution. The first judgement is

Definition0, Assumption2 ⊢ Conclusion3 ,

where 273

274
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Figure 4: The figure is a SolutionGraph of formalsolution , where each statement is direct conclusion of some
previous step’s statements.

Definition0 :

D = {x|∃x, y ∈ R, x2 + y2 = 1 ∧ z = x+ y} ;

Assumption2 :

a ∈ D ;

Conclusion3 :

∃x, y ∈ R, x2 + y2 = 1 ∧ a = x+ y .

This judgement can be abbreviated as [0], [2] ⊢275

[3]. Using the same method, we can derive 8 such276

judgements. Since the Solution Graph can repre-277

sent dependency relationships between different278

statements, we can simplify judgments.279

For example, In the example above, If we do280

not consider the information in the SolutionGraph281

that expressing the dependencies between different282

statements represented by the SolutionGraph, the283

judgement should be :284

Definition0, Goal1,285

Assumption2 ⊢ Conclusion3.286

rather than :

Definition0, Assumption2,⊢ Conclusion3.

Leveraging the information from the Solution-287

Graph can often reduce the number of premises288

in the Judgement. The reason lies in the fact that,289

given a formal context P of length L (i.e., contain-290

ing L statements) and a conclusion c, the number n291

of premises in P that are directly logically related 292

to c is often much smaller than L. The reason lies 293

in the fact that the number of premises in logical 294

inference rules is typically less than 4. 295

Data Generation & Training 296

The data we use to train the Solution Formalizer 297

is generated through the following pipeline: 298

1. Initial Dataset Construction: We collect
1,000 mathematical problems and engage hu-
man experts to write corresponding solutions
in our formal language (i.e., SimpleMath).
This yields an initial dataset

Dinitial = {( problemi , formal_solutioni )} .

2. Initial Model Training: Using dataset 299

Dinitial, we perform supervised fine-tuning on 300

Qwen3-32B to obtain a large language model 301

ϕinitial capable of generating formalized solu- 302

tions. 303

3. Formalization Data Expansion: We select
12k mathematical problems drawn from math-
ematical competitions and standard textbooks.
For each mathematical problem, we first use
the large language model ϕinitial to generate a
formalized solution in SimpleMath. We then
filter out those solutions that are incorrect and,
through prompt engineering, instruct ϕinitial

to convert the formalized solutions into their
natural-language counterparts, thereby con-
structing an expanded dataset Dformalize :

{(problemi, solutioni, formal_solutioni)} .
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The dataset Dformalize will be used for super-304

vised fine-tuning of the large language model305

to obtain the formalizer: ϕformal.306

2.2 Checker307

After the formulator parses the problem P and the308

solution S into formal representations P̂ and Ŝ ,we309

obtained a series of judgements: T1 ⊢ Q1, ...,Ti ⊢310

Qi. Here Ti is the context that includes all useful311

primises, and Qi is the conclusion to verify. Our312

Checker model is prompted to evaluate the correct-313

ness of these judgments and, when a judgment is314

erroneous, to provide the reasons for the error. The315

formal solution derived by the Formalizer exhibits316

a finer granularity of reasoning compared to the317

solution, which significantly reduces the difficulty318

for the Checker in assessing the correctness of the319

judgement. The prompt for the Checker is available320

at the anonymous website https://anonymous.321

4open.science/r/Formal-PRM-7381.322

We summarize the procedure for using F-PRM323

to evaluate the correctness of a solution as follows:324

• Step 1: Use the formalizer to formalize the325

given solution, obtaining a formal solution.326

After obtaining the formal solution, derive the327

SolutionGraph from it.328

• Step 2: Decompose the formal solution into329

multiple judgement of the form T ⊢ P , and330

reduce T to a set of premises relevant to P ,331

according to the solution graph.332

• Step 3: Use the checker to verify the correct-333

ness of all judgments. If all judgments are334

correct, the solution is deemed correct.335

3 Experiments336

We conducted a series of experiments to compare337

Formal-PRM with existing PRMs on the following338

tasks: 1) Evaluate the correctness of each step in a339

solution. 2) Test-time scaling.340

For complex problems, generating the correct341

reasoning may become a challenge for large lan-342

guage models (LLMs), and it often requires multi-343

ple attempts. There are two common scenarios for344

enhancing the capabilities of large models during345

the test-time:346

• Best-of-N (Ichihara et al., 2025) : select the347

solution with the highest score among N can-348

didate solutions using a PRM as the evaluator.349

• Solution-Refine (Madaan et al., 2024): assess 350

the correctness of each step in the generated 351

solution with a PRM; if a step is judged to 352

be incorrect, this information is passed to the 353

generator LLM to produce a new solution. the 354

solution. 355

3.1 Experimental Setup 356

Benchmarks: 357

• To assess the efficacy of the PRMs for process- 358

level rewarding, we test it on a demanding 359

benchmark: ProcessBench (Song et al., 2025). 360

• We evaluate the performance of PRM for test- 361

time scaling on four datasets (i.e., MATH, 362

AMC23, AIME24, and Minerva Math). 363

Baselines: 364

• Math-Shepherd (Wang et al., 2024a) : Auto- 365

matically assigning step labels that represent 366

the probability of reaching the correct solu- 367

tion, based on Monte Carlo Tree Search. 368

• RLHFlow-DeepSeek (Wang et al., 2024b): 369

Similar to Math-Shepherd, but trained with 370

iterative DPO. 371

• Qwen2.5-Math-PRMs (Zhang et al., 2025) : 372

Employing LLM-as-Judge for consistency fil- 373

tering yields a 1.8 M-sample training dataset 374

that gives rise to two discriminative PRMs : 375

Qwen2.5-Math-PRM-7B and Qwen2.5-Math- 376

PRM-72B. 377

• Gen-PRM (Zhao et al., 2025):A generative 378

process reward model that performs explicit 379

Chain-of-Thought (CoT) reasoning before 380

providing judgment for each reasoning step. 381

• For task two, we compare Formal-PRM to Self- 382

Consistency (Wang et al.) , GenPRM(Zhao et al., 383

2025) and RLHFlow-DeepSeek-8B. 384

• For task three, we compare Formal-PRM with 385

the GenPRM (Zhao et al., 2025) . 386

387

Implement details: Our base models are from 388

DeepSeek-R1-Distill-Qwen-7B and the Qwen3 389

series (including Qwen3-8B, Qwen3-14B, and 390

Qwen3-32B). We fine-tune the large language 391

model using the LoRA algorithm with a learning 392

rate of 3 × 10−4 and a batch size of 24. More in- 393

formation about the experiment is available on the 394

anonymous website https://anonymous.4open. 395

science/r/Formal-PRM-7381. 396
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3.2 Main Results397

Task one: Determining the correctness of a solu-398

tion399

We report the results of Formal-PRM and the400

baselines in Table 1. We have the following obser-401

vations:402

1) With the same parameter count, a generative403

PRM performs better than adiscriminative PRM,404

and both GenPRM and Formal-PRM significantly405

outperform the Qwen2.5-Math-PRM series.406

2) Formal-PRM exhibits better robustness. The407

questions in ProcessBench are sourced from408

GSM8K, Math, OlympiadBench, and Omni-409

MATH. Among these, GSM8K and Math are rel-410

atively simple, while OlympiadBench and Omni-411

MATH are more difficult. As shown in table 1, The412

correctness of our Formal-PRM is more stable and413

does not show significant decline as the difficulty414

of the questions increases. We believe the reason415

that our Formal-PRM is more stable is that, dur-416

ing the formalization process, we break down the417

answers into finer-grained derivations. Therefore,418

the difficulty of judging each step in the problem-419

solving process does not increase with the overall420

difficulty of process rewarding.421

Task two and three: Applying PRM to guide422

the test-time scaling of the Best-of-N(Ichihara423

et al., 2025) and Solution Refine(Madaan424

et al., 2024) Table 2 and Table 3 show that425

Formal-PRM outperforms the baselines on MATH,426

MC23,AIME24, and MinervaMath with Qwen2.5-427

Math-7B-Instruct and Qwen2.5-7B-Instruct as the428

generation model.429

• Best-of-8 : We generate eight candidate solu-430

tions for each problem. For self-consistency,431

we select the answer with the highest consis-432

tency score among the candidate answers as433

the final answer. For Formal-PRM, we choose434

the solution in which every step is evaluated435

as correct as the final answer. If more than436

one solution is evaluated as correct, we select437

the one with the fewest number of statements.438

Table 2 presents that compared to baselines,439

the solutions identified by Formal-PRM are440

more likely to be correct.441

• SolutionRefine : In the solution-refine experi-442

ment, we set the maximum number of refine-443

ments allowed per step to 3. Table 3 presents444

that compared with the baseline, Formal-PRM445

consistently performs better than GenPRM.446

In both experiments where PRM is applied to 447

test-time scaling, our method significantly out- 448

performs the baselines. Both GenPRM-7B and 449

Formal-PRM-7B are fine-tuned from the same base 450

model. Using the same base model, our Formal- 451

PRM achieves superior performance compared to 452

the baseline. Moreover, the performance of Formal- 453

PRM-8B, fine-tuned based on Qwen3-8b, is signif- 454

icantly higher than that of Formal-PRM-7B. This 455

demonstrates that when the capability of the base 456

model improves, the performance of the PRM ob- 457

tained through our framework can also be signifi- 458

cantly enhanced. 459

4 Related Work 460

4.1 Auto Formalization 461

There are two types of autoformalization ap- 462

proaches: rule-based approaches and LLM-based 463

approaches. Rule-based approaches (Ranta, 2004; 464

Schaefer and Kohlhase, 2020; Pathak, 2024) are 465

deterministic and transparent, making them eas- 466

ier to debug and understand. However, rule-based 467

approaches often struggle with the diversity and 468

complexity of natural languages, leading to limi- 469

tations in handling edge cases and generalizing to 470

new problem descriptions. 471

LLM-based autoformalization leverages large 472

language models (LLMs) to translate mathemati- 473

cal statements from natural languages into formal 474

languages. (Wu et al., 2022) demonstrated that 475

through few-shot learning (Wang et al., 2020; Par- 476

nami and Lee, 2022), LLMs can effectively trans- 477

late informal mathematical statements into formal 478

specifications in Isabelle/HOL, achieving an accu- 479

racy of 25.3%. Other works(Xin et al., 2024a,b) 480

for transforming an informal solution into code 481

that can be verified by interactive theorem provers 482

achieve higher accuracy. However, these works 483

require fine-tuning LLMs on datasets containing a 484

large amount of formalized knowledge and intro- 485

ducing search algorithms, such as BFS and MCTS 486

(Browne et al., 2012; Świechowski et al., 2023), in 487

the formalization process. 488

4.2 Process Supervision 489

Process supervision is designed to evaluate and 490

improve the reasoning capabilities of LLMs by fo- 491

cusing on the intermediate steps of the reasoning 492

process, rather than just the final output. There are 493

two types of Process Supervised Models: Discrimi- 494

native PRMs. and Generative PRMs. 495
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Model GSM8k MATH OlympiadBench OmniMATH Avg.

RLHFlow-DeepSeek-8B 38.8 33.8 16.9 16.9 26.6
Math-Shepherd-7B 47.9 29.5 24.8 23.8 31.5
Qwen2.5-Math-PRM-7B 68.2 62.6 50.7 44.3 56.5
Qwen2.5-Math-PRM-72B 87.3 80.6 74.3 71.1 78.3
GenPRM-7B 81.0 80.3 72.2 69.8 75.8
GenPRM-32B 83.1 81.7 72.8 72.8 77.6

Formal-PRM-7B 80.2 81.4 78.9 76.5 79.2
Formal-PRM-8B 90.4 95.4 93.8 92.6 93.1
Formal-PRM-14B 96.6 97.9 94.7 94.0 95.8
Formal-PRM-32B 97.5 98.6 96.3 96.7 97.3

Table 1: Performance comparison on ProcessBench. The “Avg.” column represents the average score across the
four datasets. The best results in each category are highlighted in bold.

PRM Model MATH AMC23 AIME24 MinervaMATH

Pass@1 84.5 70.0 6.1 33.6
Cons@8 87.1 75.3 7.6 35.9
PRM800k 86.5 73.8 9.4 36.2
GenPRM-7B 87.9 75.2 10.5 36.7

Formal-PRM-7B 88.3 75.6 10.8 37.1
Formal-PRM-8B 89.2 84.5 13.7 40.2

Table 2: Test-Time Scaling: Performance compari-
son on the Best-of-8 strategy of the generation model
Qwen2.5-Math-7B-Instruct. The best results are high-
lighted in bold.

Refine Model MATH AIME24 AMC23 Minerva

None 76.2 7.1 51.6 34.5

GenPRM-7B 82.9 9.3 62.7 34.9
Formal-PRM-7B 83.6 9.3 63.1 35.3
Formal-PRM-8B 87.5 10.4 68.2 39.8

Table 3: Test-Time Scaling performance on Solution-
Refine that using Qwen2.5-7B-Instruct as generator.
”None” indicates the baseline performance without re-
finement. The best results are highlighted in bold.

• Discriminative PRMs.A discriminative PRM as-496

signs a score to each individual step in the reason-497

ing process (Lightman et al., 2023). This approach498

offers notable advantages, particularly in speed and499

computational efficiency. By directly optimizing500

the relationship between input features and out-501

put labels, discriminative PRMs avoid the com-502

plexity of generating intermediate reasoning steps,503

enabling rapid inference. However, this efficiency504

comes at a cost. Poor generalization is a critical lim-505

itation of discriminative PRMs (Song et al., 2025).506

Since they prioritize learning task-specific patterns507

from training data, they often struggle with out-of-508

distribution scenarios or novel tasks that deviate509

from the training distribution.510

• Generative PRMs. The core idea of generative511

PRM (Kamoi et al., 2024) is to use an LLM as512

"Checker" to evaluate the correctness of the reason- 513

ing process. A step-level generative PRM dataset 514

MathChecker-76k was proposed to fine-tune a gen- 515

erative PRM model (Xi et al., 2024). Recent find- 516

ings by (Zheng et al., 2024) show that while prompt 517

methods can effectively enable Large Language 518

Models (LLMs) to generate step-wise rewards, they 519

fail to generalize to more challenging math prob- 520

lems beyond GSM8K and MATH, and perform 521

unsatisfactorily compared to generative PRMs. 522

5 Conclusion 523

Previously, all generative and discriminative Pro- 524

cess Reward Models (PRMs) were designed to as- 525

sess the correctness of natural language solutions. 526

In this paper, we introduced Formal-PRM, a novel 527

framework designed to verify mathematical reason- 528

ing by decomposing the verification process into 529

a Solution Formalizer and a Checker. By trans- 530

forming natural language solutions into the struc- 531

tured SimpleMath language, our approach effec- 532

tively bridges the gap between informal reasoning 533

and formal verification. 534

We empirically evaluated Formal-PRM on the 535

ProcessBench and multiple reasoning datasets (e.g. 536

MATH, AIME24). Compared to previous works, 537

the primary advantages of Formal-PRM on the Pro- 538

cessBench benchmark are that our method main- 539

tains consistent performance across varying diffi- 540

culty levels by filling reasoning gaps through for- 541

malization. The results of our experiments demon- 542

strate that our approach significantly outperforms 543

existing state-of-the-art methods, including both 544

discriminative and generative PRMs. Similarly, 545

in the test-time scaling task, our approach also 546

demonstrates superior performance compared to 547

the baselines. 548

8



Limitations549

This paper has the following limitations:550

1) Our experiments on test-time scaling do not551

incorporate tree search methods, such as MCTS.552

We plan to integrate tree search techniques in future553

work.554

2) An important application of PRM is to provide555

reward signals for reinforcement learning training;556

however, this paper does not explore this direction.557

In future work, we will investigate using Formal-558

PRM for reinforcement learning—particularly by559

leveraging information from Formal-PRM to re-560

ward solutions that contain fewer and less redun-561

dant conclusions.562

3) Formal-PRM is a type of generative PRM.563

Although it achieves higher accuracy compared to564

discriminative PRM, it also requires significantly565

more computational resources. In future research,566

we will explore building more efficient generative567

PRMs.568
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A SimpleMath VS Lean725

The complex type C differs from the real type R,
but in type theory, every expression must have a
unique type. Therefore, the mathematical statement∮

s

ez

i (z2 + 1)
dz ≥ 11

2
,

(Here, s denotes the circular contour in the com-
plex plane with diameter 2) cannot be directly rep-
resented in Lean 4, even though it is mathemati-
cally correct.However, in SimpleMath, it can be
expressed as:

integral(s,
ez

i (z2 + 1)
) ≥ 11

2
.

Under the framework of type theory, the treatment726

of subsets differs significantly from classical set-727

theoretic approaches, whereas the majority of exist-728

ing mathematical literature is based on set theory.729

Consequently, deriving a formal_solution in Sim-730

pleMath language from a natural language solution731

is comparatively easier.732
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