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Abstract

Despite significant advancements in the general001
capability of large language models (LLMs),002
they continue to struggle with consistent and003
accurate reasoning. One key limitation is that004
LLMs are trained primarily on correct solu-005
tions, reducing their ability to detect and learn006
from errors, which hampers their ability to re-007
liably verify and rank outputs. To address this,008
we focus on inference-time verification for rea-009
soning, where verifiers assess and rank gener-010
ated outputs by correctness. To better under-011
stand different verifier training methods, we in-012
troduce a comprehensive dataset consisting of013
correct and incorrect solutions for math and pro-014
gramming tasks, generated by multiple LLMs.015
This diverse set of solutions enables verifiers016
to more effectively distinguish and rank correct017
answers from erroneous outputs. Moreover,018
to leverage the unique strengths of different019
reasoning strategies, we propose a novel collab-020
orative method integrating Chain-of-Thought021
(CoT) and Program-of-Thought (PoT) solu-022
tions for verification. Our verifier Math-Rev023
demonstrates substantial performance gains024
over existing LLMs, achieving state-of-the-art025
results on GSM8k and MATH.026

1 Introduction027

Large language models (Brown et al., 2020;028

Achiam et al., 2023; Touvron et al., 2023a,b; Jiang029

et al., 2023; Team et al., 2024) have demonstrated030

exceptional performance across various natural lan-031

guage tasks. However, even the most advanced032

LLMs still face challenges in complex multi-step033

reasoning problems (Zhang et al., 2024a; Shi et al.,034

2024; Trinh et al., 2024). To improve the perfor-035

mance of LLMs on reasoning, recent studies (Yu036

et al., 2024b; Yue et al., 2024a; Gou et al., 2024;037

Luo et al., 2023; Wei et al., 2024; Tang et al., 2024;038

Yue et al., 2024b) have mainly focused on gen-039

erating synthetic question-answering pairs from040

stronger LLMs like GPT-4 (Achiam et al., 2023)041

or utilizing human-annotated rationales (Toshniwal 042

et al., 2024) for supervised fine-tuning. These ap- 043

proaches have achieved outstanding performance 044

on reasoning benchmarks like GSM8k (Cobbe 045

et al., 2021), MATH (Hendrycks et al., 2021; Light- 046

man et al., 2023), MBPP (Austin et al., 2021), etc. 047

While these straightforward data generation 048

methods have proven effective, these LLMs are 049

primarily trained to produce outputs that align with 050

the correct reasoning steps they encountered during 051

training. They lack a fundamental understanding 052

of when and why a particular reasoning step might 053

be flawed. As a result, while LLMs can effectively 054

mimic the structure of correct reasoning paths, they 055

often struggle to ensure the accuracy of these paths 056

and may produce responses that seem correct at 057

first glance, but are flawed (Liang et al., 2024). 058

This limitation poses challenges for reliably gen- 059

erating the correct solution. As shown in Fig. 1, 060

many LLMs have low accuracy when attempting 061

to find a single solution using greedy decoding (i.e. 062

pass@1). However, when allowing each model to 063

generate 64 solutions (at different temperature set- 064

tings), the correct answer is often found among the 065

sampled solutions, with a pass@64 rate (i.e. recall) 066

exceeding 85%. A similar high pass@64 rate has 067

also been observed by (Li et al., 2024), where mod- 068

els like LLaMA2-7b-base (Touvron et al., 2023b), 069

despite not being particularly strong in complex 070

reasoning, demonstrate high pass@64 on solving 071

math problems. 072

This offers hope for addressing the reasoning 073

challenges of LLMs: inference-time verification 074

for reasoning has emerged as a promising approach 075

and recently garnered significant attention (Zhang 076

et al., 2024b; Brown et al., 2024; Bansal et al., 077

2024). Rather than relying solely on the greedy 078

decoding output, these methods involve generating 079

multiple solutions for a given problem by altering 080

the generation temperature or prompt, employing 081

verifiers to assess and rank each solution, and se- 082
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Figure 1: Comparison of greedy decoding accuracy and
pass@64 out of 64 sampled solutions on GSM8k dataset
with various LLMs.

lecting the most reliable one based on verification083

scores. Such verification-based strategies can sig-084

nificantly enhance both the accuracy and reliability085

of LLM outputs. However, prior studies often focus086

on specific datasets (e.g., MATH (Lightman et al.,087

2023; Wang et al., 2023)) or particular backbone088

generators (e.g., LLaMA (Hosseini et al., 2024) or089

Gemini (Luo et al., 2024)), which not only lead090

to the development of weak and ad-hoc verifiers091

tailored to certain cases (Snell et al., 2024), but also092

limit comprehensive comparisons and systematic093

benchmarking of different verifier training meth-094

ods.095

In this paper, aiming at building better verifiers096

for more effective inference-time verification, we097

introduce a comprehensive training dataset created098

by sampling outputs from multiple LLM reason-099

ers of varying sizes and purposes. We then cat-100

egorize them into correct and incorrect sets, and101

use them to build verifiers that learn from the di-102

verse solution patterns produced by different LLMs.103

Since the methods for training verifiers are so cru-104

cial, we conduct a thorough comparison of two105

key approaches: outcome reward models (ORMs)106

(Cobbe et al., 2021) and preference tuning (e.g.,107

DPO (Rafailov et al., 2024)). ORMs add extra108

computational heads with scalar outputs to the per-109

token logits of LLMs and train the model with a110

binary classification loss. In contrast, preference111

tuning methods like DPO teach LLMs to learn from112

pairwise data and generate outputs that align more113

closely with preferred responses. While preference-114

tuned LLMs cannot directly output scalar scores115

like ORMs, we can calculate the likelihood of gen-116

erating certain solutions given the input problem as117

the score of the solutions. Our experiments show 118

that reference-free preference tuning methods, such 119

as SimPO (Meng et al., 2024), are the most effec- 120

tive for training verifiers. The resulting verifiers 121

for math reasoning are named Math Reasoning 122

Ensembled Verifier (Math-Rev) in this paper. 123

Moreover, based on our observation, we locate 124

weakness of LLM-based verifiers, where they eas- 125

ily overlook the subtle calculation errors and in- 126

consistencies in math reasoning, and struggle to 127

verify highly abstractive and structured programs. 128

To address these limitations, we propose a novel 129

method named CoTnPoT to further make verifica- 130

tion more comprehensive and powerful. Our find- 131

ings indicate that CoT solutions, being more read- 132

able and interpretable by LLMs, enable verifiers 133

to achieve higher performance. On the other hand, 134

program-based solutions (e.g., Python), which are 135

executable and sensitive to errors, provide a critical 136

signal when assessing the correctness of language 137

solutions. 138

With CoTnPoT and Math-Rev, we achieve sig- 139

nificantly better math reasoning verification perfor- 140

mance than two baselines - Math-Shepard (Wang 141

et al., 2023) and Math-Minos (Gao et al., 2024). In 142

summary, our contributions are twofold: 143

• We investigate various verifier training methods 144

and establish that reference-free alignment meth- 145

ods are the most effective. Using SimPO, our 146

Math-Rev achieve state-of-the-art accuracy. 147

• We propose a novel method that combines lan- 148

guage and program answers for solution verifi- 149

cation, achieving promising synchronization and 150

further improving final accuracy. 151

2 Our Method 152

The workflow of our method is presented in Fig. 153

2. After collecting a diverse set of solutions, in- 154

cluding both correct and incorrect ones, we train 155

our verifiers, which can be implemented using any 156

open-weight auto-regressive LLM (e.g., Mistral- 157

7B). During the inference stage, the reasoner LLM 158

generates responses to an input question, and the 159

verifier is applied to score multiple sampled solu- 160

tions from the reasoner. 161

2.1 Data Collection for Training Verifiers 162

Math Reasoning We use the training sets 163

of GSM8k (Cobbe et al., 2021) and MATH 164

(Hendrycks et al., 2021) as seed datasets and 165
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Figure 2: The workflow of our method. We first sample solutions from multiple LLM reasoners and then train
verifiers using preference loss (Step 1). During inference, we sample multiple CoT solutions per question and use a
coder LLM to transform them into a PoT format. Then we filter out any CoT answers that do not match with their
corresponding PoT results and feed the remaining CoT solutions to the verifier.

sample model solutions from multiple backbone166

models: (1) general-purpose LLMs, including167

Mistral (Jiang et al., 2023) and Phi3 (Abdin168

et al., 2024); and (2) math-specialized models, in-169

cluding InternLM2-Math (Ying et al., 2024) and170

MAmmoTH2-plus (Yue et al., 2024b). For each171

question in GSM8k and MATH, we sample 10172

Chain-of-Thought (CoT) solutions and remove du-173

plicates. Using functions provided by (Ying et al.,174

2024), we extract answers from model predictions175

and compare them with ground truth, resulting in176

159,778 correct and 100,794 incorrect solutions for177

the training of Math-Rev, with an average of 10.67178

correct and 6.73 incorrect solutions per problem.179

For the evaluation on the MATH dataset, we fol-180

low (Lightman et al., 2023) and use the subset -181

MATH500, the same as previous work (Wang et al.,182

2023; Gao et al., 2024).183

2.2 Training Math-Rev184

The verifiers, implemented using LLMs (e.g., Mis-185

tral), need to be trained with appropriate training186

methods to ensure their effectiveness during infer-187

ence. We extensively investigate various usable188

methods that are introduced next.189

Reward-based: ORMs and PRMs. Following190

the widely accepted definition in (Uesato et al.,191

2022), there are two categories of reward-based192

methods for building verifiers: outcome-reward193

models (ORMs) (Cobbe et al., 2021) and process-194

reward models (PRMs) (Lightman et al., 2023).195

ORM, commonly used in RLHF (Ouyang et al.,196

2022), can produce scalar scores on model re-197

sponses, whereas PRM evaluates the reasoning198

path step-by-step. Despite better performance,199

PRMs need to collect process supervision data, re-200

lying on either human annotation (Lightman et al.,201

2023) or per-step Monte Carlo estimation (Wang202

et al., 2023), both of which are prohibitively expen- 203

sive to scale. Moreover, the PRM method requires 204

the solution to be formatted as step-by-step rea- 205

soning chains (Lightman et al., 2023; Wang et al., 206

2023; Luo et al., 2024), where steps need to be 207

clearly separated by special tokens or periods to be 208

scored, thereby limiting the application scenario of 209

PRM. Consequently, in this paper, we do not as- 210

sign per-step scores on reasoning paths, but instead 211

calculate a final score for the whole solution. 212

Preference-tuning: DPO and Beyond. Direct 213

Preference Optimization (DPO) (Rafailov et al., 214

2024) is one of the most popular offline preference 215

optimization methods. Unlike ORM or PRM which 216

rely on learning an explicit reward model, DPO 217

proposes a novel loss function based on preference 218

pairs, which reparameterizes the reward function 219

and applies it into the the Bradley-Terry (BT) rank- 220

ing objective. This innovation has inspired various 221

follow-up studies, such as IPO (Azar et al., 2024), 222

KTO (Ethayarajh et al., 2024), CPO (Xu et al., 223

2024), and R-DPO (Gallego, 2024). Besides them, 224

the reference-free variants including ORPO (Hong 225

et al., 2024) and SimPO (Meng et al., 2024) argue 226

that reference models in the above reward functions 227

would incur additional memory and computational 228

costs and create discrepancy between the reward 229

function and the generation metric during infer- 230

ence. 231

Our Verifiers Training. Although those 232

preference-tuning methods are primarily desig- 233

nated to align LLMs with human preferences, they 234

can also be adapted for training verifiers (Hosseini 235

et al., 2024). By feeding the backbone LLM of 236

the verifiers with pairs of correct and incorrect 237

solutions, designated as chosen and rejected 238

outputs, and applying the mentioned training 239
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methods, the verifier can be trained to assign240

higher generation probabilities to correct solutions241

over incorrect ones. Then the probability can be242

served as a score for ranking solutions. In our243

paper, Math-Rev and Code Reasoning Ensembled244

Verifier (Code-Rev) are trained separately by245

their respective training data with one of the246

preference-tuning methods - SimPO. We believe247

that such verifiers have a significant advantage over248

ORMs: it does not introduce additional training249

parameters and not change the goal of generation250

for LLMs, aligning better with the original usage251

of LLM.252

2.3 Inference Enhanced by Verification with253

CoTnPoT254

During the inference stage, after deploying our255

Math-Rev and Code-Rev verifiers, we identify dis-256

tinct challenges in verifying math and code rea-257

soning. For math reasoning, while model-based258

verifiers can effectively detect surface-level logical259

errors such as incorrect use of operators, numbers,260

and methods, they struggle to catch subtle mistakes261

such as calculation errors and small inconsisten-262

cies. For example, the verifier LLM always give263

high score to 3.5 + 2.5 + 4.5 + 1.5 = 13, where264

the left part of the equation is the correct solution265

and the result to it should be 12 instead of 13. In266

code reasoning, the structured and abstract nature267

of code makes it difficult to read and understand,268

leading verifiers to assign similar scores to different269

solutions, indicating their difficulty in accurately270

identifying errors within the code.271

To address these challenges, we propose a272

method called CoTnPoT, which enhances verifi-273

cation by leveraging the connection and comple-274

mentary strengths of the Chain of Thought (CoT)275

and Program of Thought (PoT) solution formats.276

For math reasoning, we use an external LLM,277

DeepseekV2-chat-Lite (Zhu et al., 2024) as coder278

LLM, to transform CoT solutions SCoT into PoT279

counterparts SPoT based on problem descriptions280

Q,281

SPoT = CoderLLM(Q,SCoT ). (1)282

We choose DeepseekV2-chat-Lite because it ob-283

tains both strong math reasoning and coding ca-284

pabilities and we need to apply them to translate285

CoT solutions into PoT programs for math prob-286

lems. We then verify whether the transformed fi-287

nal answer from the execution of SPoT matches288

the final answer from SCoT . Our motivation is289

that logical errors in SCoT would cause run-time 290

errors in SPoT , while calculation errors in SCoT 291

would result in mismatched answers between SCoT 292

and SPoT , as PoT solutions ensure calculation cor- 293

rectness by using the Python interpreter. This ap- 294

proach takes advantage of the executable nature of 295

program-based solutions. We extend this concept 296

to the code domain and demonstrate through exper- 297

iments that our method is effective for code-related 298

applications. For more details, please refer to the 299

Appendix A.1. 300

3 Experiments 301

3.1 Exploring Different Training Methods for 302

Verifiers 303

Experiment Setting. For all experiments in Fig- 304

ure 3, we use the latest Mistral-7B-instruct-v0.3 as 305

the backbone LLM for building the verifiers and 306

apply LoRA with a dropout rate of 0.1 to reduce the 307

computational load during verifier training. The 308

training batch size is set to 64, and the learning 309

rate to 0.00002 for all verifiers. For ORM, we 310

add an additional computational head on the per- 311

token logits from the backbone LLM, outputting a 312

scalar value for each token. We take the score of 313

the last token as the final score, which has shown 314

better performance than averaging them based on 315

our observations. For DPO and its variants, we 316

construct preference pairs by randomly selecting 317

correct-incorrect solutions for the same problem 318

from the training set. We use 8 A100-40G GPUs 319

for all the experiments and employ vLLM to op- 320

timize the inference speed. The training of the 321

verifiers takes 5 hours approximately. We first per- 322

form supervised fine-tuning on all correct solutions 323

and then apply preference loss on the preference 324

set. 325

LLM Reasoners in Evaluation. To evaluate the 326

reasoning performance on the GSM8k dataset, we 327

use LLaMA2-7B-base and Mistral-7B-v0.1, both 328

fine-tuned on GSM8k, along with Gemma-7B- 329

it, Phi-14B, InternLM2-Math-7B, and LLaMA3- 330

70B as our reasoners. For LLaMA2 and Mistral, 331

we sample 100 solutions per problem for voting 332

and verification, while 64 solutions are generated 333

for the rest. On the MATH dataset, which con- 334

tains much harder problems than GSM8k, we re- 335

place LLaMA2-7B-base and Mistral-7B-v0.1 with 336

LLaMA3-8B-instruct and Mistral-7B-v0.3 for their 337

superior reasoning ability, along with other four 338
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Figure 3: Performance of different verifiers (all better
than greedy decoding)

reasoners. For all problems in MATH500, we gen-339

erate 64 solutions individually. All LLM output340

sampling in our paper is based on a temperature of341

0.8 and top-p of 0.95.342

Experimental Results. The results are shown in343

Figure 3. We observe that the verifiers consistently344

improve the greedy decoding baseline, especially345

for weaker reasoners such as LLaMA2-7B. We also346

evaluate in-distribution (ID) LLMs, which are the347

source LLMs used to generate the training data for348

verifiers, such as Mistral, InternLM2-Math, and349

Phi, and out-of-distribution (OOD) LLMs, such as350

LLaMA2-7B and Gemma-7B. The results show no351

significant difference between ID and OOD perfor-352

mance improvement by verifiers, suggesting that353

our approach can extend to any LLM reasoners and354

is not limited to the LLMs that generate the train-355

ing data. Furthermore, preference-tuning-based356

verifiers, including DPO and SimPO, outperform357

ORM, similar to the findings in (Hosseini et al.,358

2024). The potential reason is that DPO and SimPO359

train LLMs without changing their structure, thus360

aligning better with their previous training goals361

of auto-regressive text generation. Additionally,362

ORPO and SimPO consistently outperform DPO,363

potentially because the regularization term on the364

reference model in the DPO loss might negatively365

impact verifier training. In other words, we do not366

need to control the divergence of the SFT model367

and the final verifier because it will not be used368

for text generation anymore. Therefore, we can369

conclude that the reference-free method is more370

suitable for verifier training.371

Additionally, preference-tuning methods such372

as DPO and SimPO theoretically enable auto- 373

regressive LLMs to generating solutions. However, 374

we observe that the generation ability of verifiers 375

trained with preference pairs degrades rapidly, ren- 376

dering them incapable of generating coherent sen- 377

tences. This observation is also consistent with the 378

findings in (Hosseini et al., 2024). We attribute 379

this degradation to that the verifier training process 380

involves more steps and larger learning rates than 381

typical alignment practices, which likely causes the 382

verifier’s weights to diverge significantly from the 383

fine-tuned checkpoint. Consequently, these veri- 384

fiers lose their generation capability and are instead 385

better suited for calculating the likelihood of pre- 386

generated solutions. 387

3.2 Evaluation of Verifiers with CoTnPoT 388

This section focuses on evaluating the inference 389

performance using the trained verifiers with the 390

designed CoTnPoT filtering. In this section, we up- 391

graded the backbone model of our verifier for math 392

reasoning from Mistral-7B to MAmmoTH-7B-plus 393

(Yue et al., 2024b). This change was motivated 394

by two key factors: (1) using a more advanced 395

model can enhance verification performance, and 396

(2) employing a different model demonstrates the 397

generalization capability of our training method. 398

We acknowledge that this adjustment may raise 399

questions, but we are confident that it does not 400

affect the overall conclusions of the paper. 401

We further enhance the inference process by 402

combining majority voting with verifier scores, 403

using the scores from verifiers as weights in the 404

voting process. Specifically, we apply Gumbel 405

Softmax (Gumbel, 1958; Jang et al., 2022) with 406

the hyperparameter τ to regulate the influence of 407

verifier-based scores, as shown in Equation 2. 408

yi =
exp

(
log(πi)

τ

)
∑k

j=1 exp
(
log(πj)

τ

) (2) 409

where πi represents the unnormalized log proba- 410

bilities for the i-th solution. Theoretically, if τ is 411

set to an infinitely large value, the weighted voting 412

will be equivalent to majority voting. If τ is close 413

to zero, the result will depend solely on the verifier 414

scores. We perform a grid search on τ values from 415

the set {0.1, 0.5, 1, 5, 10} for GSM8k and MATH 416

datasets separately, finding that 0.5 works best for 417

GSM8k and 10 works best for MATH. This implies 418

that for simpler problems like those in GSM8k, we 419
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Sampling +
CoTnPoT

Voting +
CoTnPoT

Pass@64 +
CoTnPoT SimPO SimPO +

CoTnPoT

Weighted
Voting +
CoTnPoT

GSM8k:
LLaMA2-7B-GSM8k 56.56 67.25 88.48 75.21 78.01 78.09

↑ 40.77% ↑ 24.93% ↓ 4.11% 0% ↑ 3.72% ↑ 3.66%
↑ 40.77% ↑ 67.37% ↑ 120.21% ↑ 87.18% ↑ 94.15% ↑ 94.35%

Mistral-7B-GSM8k 71.34 84.76 96.66 87.87 89.54 89.69
↑ 27.85% ↑ 10.80% ↓ 1.85% 0% ↑ 1.90% ↑ 1.94%
↑ 27.85% ↑ 51.90% ↑ 73.23% ↑ 57.47% ↑ 60.47% ↑ 60.73%

Gemma-7B-it 66.79 71.11 83.62 75.06 78.54 78.54
↑ 26.57% ↑ 23.41% ↓ 2.22% 0% ↑ 4.64% ↑ 4.58%
↑ 26.57% ↑ 34.75% ↑ 58.46% ↑ 42.24% ↑ 48.83% ↑ 48.83%

InternLM2-Math-7B 88.40 91.21 97.42 92.34 92.49 92.65
↑ 4.76% ↑ 2.39% ↓ 0.93% 0% ↑ 0.16% ↑ 0.23%
↑ 4.76% ↑ 8.09% ↑ 15.45% ↑ 9.43% ↑ 9.61% ↑ 9.80%

Phi3-14B 89.99 94.19 99.01 94.16 94.47 94.62
↑ 3.76% ↑ 0.67% ↓ 0.23% 0% ↑ 0.33% ↑ 0.45%
↑ 3.76% ↑ 8.60% ↑ 14.16% ↑ 8.57% ↑ 8.92% ↑ 9.10%

LLaMA3-70B-instruct 94.92 95.45 97.73 95.22 95.30 95.60
↑ 0.56% ↑ 0.24% ↓ 0.76% 0% ↑ 0.08% ↑ 0.33%
↑ 0.56% ↑ 1.12% ↑ 3.54% ↑ 0.88% ↑ 0.96% ↑ 1.28%

MATH500:
LLaMA3-8B-Instruct 40.20 41.60 63.60 45.00 45.80 46.00

↑ 34.00% ↑ 13.04% ↓ 8.88% 0% ↑ 1.78% ↑ 1.77%
↑ 34.00% ↑ 38.67% ↑ 112.00% ↑ 50.00% ↑ 52.67% ↑ 53.33%

Mistral-Instruct-v0.3 28.40 32.40 50.00 32.60 35.40 35.60
↑ 121.87% ↑ 54.29% ↓ 13.79% 0% ↑ 8.59% ↑ 7.88%
↑ 121.87% ↑ 153.12% ↑ 290.62% ↑ 154.69% ↑ 176.56% ↑ 178.12%

Gemma-7B-it 33.20 35.80 51.60 32.80 39.20 39.60
↑ 104.94% ↑ 50.42% ↓ 9.79% 0% ↑ 19.51% ↑ 18.56%
↑ 104.94% ↑ 120.99% ↑ 218.52% ↑ 102.47% ↑ 141.98% ↑ 144.44%

InternLM2-Math-7B 58.20 63.00 76.00 62.00 63.60 63.80
↑ 62.57% ↑ 12.90% ↓ 2.31% 0% ↑ 2.58% ↑ 2.24%
↑ 62.57% ↑ 75.98% ↑ 112.29% ↑ 73.18% ↑ 77.65% ↑ 78.21%

Phi3-14B 42.80 48.20 65.00 50.80 50.00 50.20
↑ 81.36% ↑ 4.78% ↓ 11.92% 0% ↓ 1.57% ↓ 1.18%
↑ 81.36% ↑ 104.24% ↑ 175.42% ↑ 115.25% ↑ 111.86% ↑ 112.71%

LLaMA3-70B-instruct 56.80 61.20 76.00 56.80 60.80 62.80
↑ 9.23% ↑ 3.38% ↓ 12.64% 0% ↑ 7.04% ↑ 8.28%
↑ 9.23% ↑ 17.69% ↑ 46.15% ↑ 9.23% ↑ 16.92% ↑ 20.77%

Table 1: Performance improvement brought by the proposed CoTnPoT. The best performance each row is highlighted.
Green arrow denotes the percentage improvement over greedy decoding, blue arrow indicates the improvement over
the baseline without CoTnPoT.

can rely more heavily on verifiers, while for more420

complex datasets like MATH, the original model421

outputs should be weighted more significantly.422

As shown in Table 1, blue percentages indi-423

cate performance improvements over the baseline424

without CoTnPoT, and green percentages indicate425

improvements over greedy decoding. Generally,426

we observe that the final column, Weighted Vot-427

ing + CoTnPoT, consistently outperforms all base-428

lines across all reasoners. CoTnPoT brings im-429

provements to most backbone reasoners and both430

datasets, demonstrating its effectiveness in filtering431

incorrect solutions. Notably, CoTnPoT provides a432

substantial performance boost for weaker reason-433

ers but is less impactful as the reasoners become 434

stronger. This is reasonable because verifying and 435

filtering solutions for strong LLMs is a more chal- 436

lenging task compared to for weaker ones. 437

3.3 Comparison with Verifier Baselines 438

We compare our math verifier, Math-Rev, with two 439

recent baselines, Math-Shepard and Math-Minos. 440

We follow their methodology and use a consistent 441

LLM reasoner, MetaMath-7B-Mistral. Although 442

there is a slight difference in that we sampled 443

64 solutions per problem whereas they sampled 444

256 solutions, our verifier Math-Rev still achieves 445

the best performance, as shown in Table 2. This 446

success is attributed to the more effective verifier 447
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Mistral-7B-MetaMath Results GSM8k MATH500

Major Voting @ 64 83.50 35.00
Major Voting @ 256 83.90 35.10
Math-Shepherd @ 256 (Wang et al., 2023) 87.10 37.30
Math-Shepherd + Voting @ 256 (Wang et al., 2023) 86.30 38.30
ORM + PPO + Voting @ 256 (Wang et al., 2023) 89.00 43.10
Math-Shepherd + PPO + Voting @ 256 (Wang et al., 2023) 89.10 43.50
Math-Minos (ORM) @ 256 (Gao et al., 2024) 87.30 37.40
Math-Minos (PRM) @ 256 (Gao et al., 2024) 87.60 37.80
Math-Minos (ORM) + Voting @ 256 (Gao et al., 2024) 88.20 38.30
Math-Minos (PRM) + Voting @ 256 (Gao et al., 2024) 87.80 38.60
Math-Rev (Ours) @ 64 90.37 46.60
Math-Rev + CoTnPoT (Ours) @ 64 90.75 46.40

Table 2: Our verifier Math-Rev outperforms two baselines with fewer solutions sampled per problem on both
GSM8k and Math500 datasets, demonstrating the effectiveness of our verifier training and CoTnPoT verification.

Model Best-of-N Best-of-2N Best-of-N + CoTnPoT

LLaMA2-7B-SFT (GSM8k) 75.21 76.75 78.01

Mistral-7B-SFT (GSM8k) 87.87 88.65 89.54

Gemma-7B-it (GSM8k) 75.06 77.02 78.54

InternLM2-Math-7B (GSM8k) 91.03 91.03 92.49

LLaMA3-8B-Instruct (MATH) 45.00 45.60 45.80

Mistral-Instruct-v0.3 (MATH) 32.60 35.20 35.40

Gemma-7B-it (MATH) 32.80 34.00 39.20

InternLM2-Math-7B (MATH) 62.00 63.60 63.60

Table 3: Comparison of performance for Best-of-N, Best-of-2N, and Best-of-N + CoTnPoT on GSM8k and MATH
datasets.

training method, SimPO, and the pairwise training448

data sampled from multiple LLM reasoners. An-449

other notable finding is that our CoTnPoT method450

poses a slightly negative impact on the MATH500451

dataset, the reason is that CoTnPoT is less helpful452

on stronger backbone reasoners, as also shown in453

Table 1. However, it does not hinder its general ap-454

plicability demonstrated in Table 1 and still has the455

potential to improve by switching the coder model456

that translates CoT to PoT to stronger ones.457

3.4 Comparison of CoTnPoT with Best-of-N458

and Best-of-2N459

Table 3 presents the comparison between Best-of-460

N, Best-of-2N, and Best-of-N + CoTnPoT across461

various backbone reasoners with N=64. The re-462

sults show that Best-of-2N consistently outper-463

forms Best-of-N, indicating the benefits of an464

increased sampling budget in improving perfor-465

mance. However, Best-of-N + CoTnPoT achieves466

even higher performance than Best-of-2N in most467

cases, demonstrating the effectiveness of CoTnPoT,468

which refines outputs by leveraging an additional469

coder LLM rather than merely doubling the sam-470

pling budget. These findings suggest that CoTnPoT 471

offers a computationally efficient yet impactful ap- 472

proach to improving performance compared to sim- 473

ply increasing the sampling budget. 474

3.5 Ablation Study on CoTnPoT 475

As Deepseek-Coder itself is strong for math prob- 476

lem solving, it may just ignore the errors in CoT 477

and generate a correct PoT. Therefore, in this sec- 478

tion, we compare our proposed CoTnPoT with two 479

ablated approaches: 480

A1. Prompting the same coder LLM to generate 481

the final answer directly through code, and filter- 482

ing out CoT solutions that do not match the code 483

solution. This ablation isolates the scenario where 484

the coder LLM relies solely on its inherent strong 485

math problem-solving ability, instead of analyzing 486

and transforming the CoT solution. 487

A2. Prompting the same coder LLM to generate 488

descriptions that analyze the CoT solutions and 489

assess their correctness. This approach intuitively 490

leverages LLMs as filters for verification. 491

We implement and compare CoTnPoT, A1, and 492

A2 across all settings and both datasets in Figure 493
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Figure 4: Ablation study on CoTnPoT.

4. The accuracy is averaged at the dataset level494

for better visibility. We observe that CoTnPoT495

consistently outperforms both A1 and A2. The496

potential reason is that the task of translating CoT497

solutions to PoT solutions is easier and requires498

less reasoning than the processes in A1 and A2.499

Therefore, although A1 and A2 are more direct500

methods to verify a solution, their performance is501

limited by the capability of the coder LLM. On502

the other hand, CoTnPoT relies less on complex503

reasoning, making it more effective overall.504

4 Related Work505

4.1 Inference-Time Verification506

(Cobbe et al., 2021) is the pioneering work that507

applies verifiers in mathematical reasoning, where508

they train token-level reward models to give scores509

on problem solutions. Then (Uesato et al., 2022;510

Lightman et al., 2023) dive into the application of511

PRM - process reward models, where scores are512

assigned to each intermediate step of solutions, pro-513

viding more fine-grained feedback. Math-Shepherd514

(Wang et al., 2023) and MiPS (Wang et al., 2024b)515

propose using Monte-Carlo Tree-Search (MCTS)516

to automate the data collection process instead of517

human labeling. OVM (Yu et al., 2024a) employs518

outcome supervision for training a value model,519

which prioritizes steps that lead to accurate con-520

clusions during inference. V-Star (Hosseini et al.,521

2024) presents an iterative framework in LLM train-522

ing, which collects both correct data for supervised523

fine-tuning and wrong data for verifier training.524

They also showed that DPO is stronger than ORMs525

in verification. Built on reranking strategies such526

as verifiers, multiple studies (Brown et al., 2024;527

Snell et al., 2024) found that scaling up inference-528

time computing is much more cost-effective than529

training. To achieve more effective and efficient530

inference-time verification, our approach samples531

solutions from various LLM reasoners and compre-532

hensively compares different verifier training meth-533

ods. Our best verifier Math-Rev achieves strong534

performance on math solution verification using535

only outcome-based labels in training and even 536

outperforms PRM baselines. 537

4.2 Connect between CoT and PoT 538

PAL (Gao et al., 2023) and PoT (Chen et al., 2023) 539

are two early studies that incorporate Python pro- 540

grams into LLM reasoning. MathCoder (Wang 541

et al., 2024a) proposes a method of generating 542

novel and high-quality datasets with math prob- 543

lems and their code-based solutions. As for the 544

code-based verification and feedback, (Zhou et al., 545

2024a) employs a zero-shot prompt on GPT-4 Code 546

Interpreter to encourage it to use code to self-verify 547

its answers. (Zhou et al., 2024b) autoformalizes 548

informal mathematical statements into formal Is- 549

abelle code to verify the internal consistency. ART 550

(Miao et al., 2024) introduces relation tuples into 551

the reasoning steps and verifies them with code 552

interpreter to provide feedback, finally improving 553

reasoning accuracy. Compared to existing work 554

(Zhou et al., 2024a,b), our method does not ask 555

the model to verify language solutions in code for- 556

mat. Instead, we ask the model to translate between 557

math and code, which is an easier task for LLMs 558

than verification, yet yields better performance. 559

5 Conclusion 560

In this paper, we address the challenge of improv- 561

ing reasoning verification in LLM by integrating 562

CoT and Program-of-Thought PoT. Firstly, we 563

collect a comprehensive binary dataset, derived 564

from multiple LLM reasoners for both math and 565

code reasoning tasks, providing a robust founda- 566

tion for training verifiers. Next, through an ex- 567

tensive comparison of outcome reward models 568

(ORMs) and preference-tuning methods, we iden- 569

tify that reference-free preference tuning, particu- 570

larly SimPO, offers superior performance. More- 571

over, we introduce techniques to generate CoT/PoT 572

based on their PoT/CoT counterparts for further 573

verification. Our resulting verifiers, Math-Rev 574

and Code-Rev, outperform existing baselines and 575

achieve state-of-the-art results on benchmarks such 576

as GSM8k and MATH. 577

8



Limitation While our approach demonstrates sig-578

nificant improvements in reasoning verification, it579

also comes with certain limitations. First, the sam-580

pling and re-ranking strategy introduces additional581

computational overhead compared to greedy de-582

coding, which can be resource-intensive, especially583

when applied to large-scale datasets or deployed584

in real-time applications. Secondly, our verifier is585

based on an outcome reward model (ORM) that586

provides feedback at the solution level rather than587

at the step level. This solution-level granularity,588

while effective in overall verification, lacks the finer589

granularity of process reward models (PRMs) that590

evaluate each step of the reasoning path. PRMs591

can potentially offer more detailed feedback and592

facilitate more precise corrections, particularly in593

complex multi-step reasoning tasks. However, im-594

plementing step-level verification would require595

extensive process supervision data, which is expen-596

sive and challenging to scale.597
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A Appendix865

A.1 CoTnPoT for Code Reasoning866

Program solutions, or program-of-thought (PoT)867

(Chen et al., 2023) format, are highly abstract and868

structured, allowing for direct execution to identify869

runtime errors, but they are more complex and diffi-870

cult to read. To address these challenges and lever-871

age the strengths of both formats, we propose a872

method named CoTnPoT that combines language873

and code answers during solution verification.874

For code reasoning, where CoT-style solutions875

do not exist, we add step-by-step comments to PoT876

solutions to aid LLM verifiers in understanding877

them. We find that adding comments that explain878

the step-by-step workflow of the PoT solution, and879

incorporating both code segments and comments880

into the verifier training, significantly improves ver-881

ification performance on coding benchmarks such882

as MBPP (Austin et al., 2021) and MBPP+. These883

comments enhance the readability and understand-884

ability of the abstract and structured code solutions.885

During initial experiments, we find that directly886

training verifiers on Python code alone leads to887

inferior performance. This may be due to the in-888

creased difficulty in reading and understanding889

code compared to human language, which can890

make it harder to detect reasoning errors. There-891

fore, we use the same LLM to generate both the892

code solution SPoT and the corresponding step-893

by-step description SDes that explains why the so-894

lution is correct. Because using the same LLMs895

for both code and description generation reduces896

over-reliance on external LLMs (we have to use897

external LLMs for some math LLMs because they898

cannot generate codes). During both training and899

inference and code verification, we concatenate the900

description and the code as an integrated input for901

the verifier, as shown in Equation 3. This method902

provides richer information in the code solutions,903

making the LLM-based verification process more904

effective.905

A.1.1 Code Reasoning Data Collection906

Similarly, we utilize general-purpose LLMs, in-907

cluding LLaMA-3-8B (Touvron et al., 2023b) and908

Phi3 (Abdin et al., 2024), and code-specialized909

models, including CodeGemma-7B-it (Team,910

2024a) and CodeQwen1.5 (Team, 2024b). We911

select the training sets of MBPP (Austin et al.,912

2021) and the Python subset of MagiCoder-75k913

(Wei et al., 2024) as seed datasets. In code gener-914

ation tasks, test cases are usually required to de- 915

termine the correctness of solutions. The original 916

MBPP training set includes test cases, but the Magi- 917

Coder does not. To address this, we use GPT-4o to 918

generate test cases for each problem in the Python 919

subset of MagiCoder-75k, retaining only test cases 920

that the reference solution passed. If no generated 921

test case matches the reference solution, we repeat 922

the process with a temperature of 0.8 up to three 923

times. This process results in 11,527 problems with 924

test cases in the MagiCoder-75k dataset. We then 925

generate 50 solutions for each seed problem in both 926

that subset and MBPP, resulting in 132,089 correct 927

and 145,345 incorrect solutions with an average 928

of 11.10 correct and 12.21 incorrect solutions per 929

problem, which are used for training our Code-Rev. 930

SDes = CoderLLM(Q,SPoT ) (3) 931

A.1.2 Results on Code Reasoning 932

As shown in Table 4, incorporating CoTnPoT de- 933

scriptions into the verification process leads to sig- 934

nificant improvements across all LLM reasoners. 935

We believe that the generated descriptions enrich 936

the information within the solution, enhancing the 937

verifier’s understanding of the solution. An abla- 938

tion study was conducted on the additional train- 939

ing set, i.e., MagiCoder-75k. The experiments 940

show that MagiCoder-75k serves as a valuable ad- 941

ditional training resource for coding benchmarks 942

like MBPP. Moreover, we observe that greedy de- 943

coding is already a strong baseline for coding tasks, 944

and our verifier-based approaches fall short, likely 945

due to the abstractness and obscureness of codes. 946

That is also the reason why our proposed CoTnPoT 947

is effective, i.e., we provide high-granularity expla- 948

nations to clarify the solutions. 949

A.2 Outline of CoTnPoT 950

We summarize the outline of CoTnPoT for Math 951

Reasoning: 952

• Sample multiple CoTs SCoT : Generate CoT 953

solutions for the given math problem. 954

• Translate SCoT into SPoT : Use DeepseekV2- 955

chat-Lite to transform each SCoT into a cor- 956

responding PoT solution SPoT based on the 957

problem description Q, as defined in Equation 958

1. 959

• Filter SCoT out if its answer does not match 960

SPoT : Check if the final answer from execut- 961
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Codegemma Phi LLaMA3 CodeQwen DeepseekCoder

MBPP
w/o CoTnPoT

64.2/53.9 72.2/58.3 60.4/51.2 75.7/65.7 72.0/60.8
↓ 8.81% / ↓ 5.27% ↑ 0.14% / ↑ 1.04% ↓ 13.84% / ↓ 13.66% ↓ 4.66% / ↓ 4.78% ↓ 4.26% / ↓ 2.25%

MBPP
w CoTnPoT

67.6/55.4 74.9/60.0 66.2/54.8 79.5/69.6 73.9/62.6
↓ 3.98% / ↓ 2.64% ↑ 3.88% / ↑ 3.99% ↓ 5.56% / ↓ 7.59% ↑ 0.13% / ↑ 0.87% ↓ 1.73% / ↑ 0.64%

MBPP + MagiCoder
w/o CoTnPoT

65.1/54.8 73.7/58.4 63.3/52.6 77.5/66.5 73.0/62.2
↓ 7.53% / ↓ 3.69% ↑ 2.22% / ↑ 1.21% ↓ 9.70% / ↓ 11.30% ↓ 2.39% / ↓ 3.62% ↓ 2.93% / 0.00%

MBPP + MagiCoder
w CoTnPoT

70.9/58.3 75.2/60.5 72.7/62.0 80.3/71.1 77.5/67.3
↑ 0.71% / ↑ 2.46% ↑ 4.30% / ↑ 4.85% ↑ 3.71% / ↑ 4.55% ↑ 1.13% / ↑ 3.04% ↑ 3.06% / ↑ 8.20%

Table 4: Performance of different verification strategies on Code-Rev. We compare the performance on using the
MBPP training set alone and incorporating MagiCoder, and the verification on code solution only and solution with
CoTnPoT comments. Left and right numbers are top-1 pass rates on MBPP and MBPP+, respectively. The green
arrows denote the percentage change compared to greedy decoding performance.

ing SPoT matches the answer of SCoT . Dis-962

card any SCoT where a mismatch occurs, as it963

likely contains calculation errors.964

• LLM-based Verifier on the remaining SCoT :965

Apply an LLM-based verifier on the filtered966

SCoT solutions to further assess logical consis-967

tency.968

Outline of CoTnPoT for code Reasoning:969

• Sample multiple PoTs SPoT : Generate PoT970

solutions for the coding problem.971

• Write Description SDes based on SPoT : Use972

coder LLM to generate a descriptive expla-973

nation SDes that justifies the correctness of974

SPoT .975

• Concatenate SPoT and SDes: Combine the976

code solution and its description into a single977

input for verification.978

• LLM-based Verifier on the concatenated979

input: Apply an LLM-based verifier to the980

concatenated SPoT and SDes to enhance error981

detection accuracy.982

A.3 Analysis on CoTnPoT983

Our method, CoTnPoT, for math reasoning is de-984

signed to filter out low-quality solutions by exam-985

ining the match between CoT and PoT solutions.986

This approach essentially functions as a binary clas-987

sification task. By defining the ground truth label988

of a correct CoT solution as 1 and an incorrect CoT989

solution as 0, the correspondence between CoT990

and PoT solutions is used as the prediction label,991

where a match is labeled as 1 and a mismatch as 0.992

The effectiveness of the CoTnPoT filter is directly993

correlated to the performance of this binary classi- 994

fier, aiming to retain all solutions labeled as 1 and 995

discard those labeled as 0. 996

To validate this method, we randomly selected 997

50,000 correct and 50,000 incorrect CoT solutions 998

from our verifier training set and applied the CoT- 999

nPoT filter. The performance of the classifier is 1000

summarized in the confusion matrix presented in 1001

Table 5. The results demonstrate that the CoTnPoT 1002

classifier effectively identifies correct solutions, as 1003

evidenced by high True Positive Rate (TPR) and 1004

False Negative Rate (FNR). While the False Posi- 1005

tive Rate (FPR) and True Negative Rate (TNR) are 1006

moderate, indicating some incorrect solutions are 1007

not filtered out, the majority of correct solutions 1008

are preserved for further verification. This exper- 1009

iment provides strong evidence of the significant 1010

performance improvement that the CoTnPoT-based 1011

filter brings to math reasoning. Figure 6 in the ap- 1012

pendix shows the examples of true positive, false 1013

negative, false negative, and true negatives of the 1014

above CoTnPoT classifier. 1015

A.4 Qualitative Analysis: Error Detection in 1016

Solutions 1017

In this experiment, we evaluated the performance 1018

of our Math-Rev verifier in identifying and high- 1019

lighting errors in mathematical solutions. Each 1020

column in the provided figure represents a math 1021

problem, including both a correct solution and a 1022

deliberately modified incorrect solution. We input 1023

both solutions into our Math-Rev verifier, and high- 1024

light tokens in the wrong solution with log prob- 1025

abilities less than -10 in red to indicate detected 1026

errors, as shown in Figure 5. 1027

For the first problem, Math-Rev successfully 1028

identified the incorrect use of the multiplication 1029
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Table 5: Confusion Matrix for the CoTnPoT-based filter.

Actually Positive:
Correct CoT Solution

Actually Negative:
Wrong CoT Solution

Predicted Positive:
CoTnPoT Match

True Positives (TPR): 90.09% False Positives (FPR): 20.30%

Predicted Negative:
CoTnPoT Mismatch

False Negatives (FNR): 9.91% True Negatives (TNR): 79.70

Question:

Tracy feeds each of her two dogs 1.5 cups of food per meal. She feeds 
her dogs thrice a day. How many pounds of food do her two dogs 
consume if 1 pound is equal to 2.25 cups?

Question:

Tonya has opened a lemonade stand selling lemonade in small, medium, and large cups 
at $1, $2 and $3 respectively. At the close of business she ended up making $50.  As she 
went back through her inventory she noticed that she sold $11 worth of small lemonades 
and $24 worth of medium lemonades. How many cups of large lemonade did Tonya sell?

Correct Solution:

Tracy feeds each dog 1.5 cups of food per meal, and she has two dogs, so 
they eat a total of 1.5 x 2 = 3 cups per meal.
She feeds her dogs three times a day, so in one day they eat a total of 3 x 
3 = 9 cups of food.
If 1 pound is equal to 2.25 cups, then the number of pounds their food 
consumption is 9 / 2.25 = 4 pounds.
So Tracy's dogs consume 4 pounds of food each day. The answer is: $4$

Correct Solution:

Tonya sold $11 worth of small lemonades, which means she sold $11/$1 = 11 small 
lemonades.
She also sold $24 worth of medium lemonades, which means she sold $24/$2 = 12 
medium lemonades.
Tonya made a total of $50, so the amount she made from selling large lemonades is $50 - 
$11 - $24 = $15.
Since each large lemonade costs $3, Tonya sold $15/$3 = 5 large lemonades.
The answer is 5. 

Wrong Solution:

Tracy feeds each dog 1.5 cups of food per meal, and she has two dogs, so 
they eat a total of 1.5 x 2 = 3 cups per meal.
She feeds her dogs three times a day, so in one day they eat a total of 3 x 
3 = 9 cups of food.
If 1 pound is equal to 2.25 cups, then the number of pounds their food 
consumption is 9 x 2.25 = 20.25 pounds.
So Tracy‘s dogs consume 20.25 pounds of food each day. The answer is: 
$20.25$

Wrong Solution:

Tonya sold $11 worth of small lemonades, which means she sold $11/$1 = 11 small 
lemonades.
She also sold $24 worth of medium lemonades, which means she sold $24/$2 = 12 
medium lemonades.
Tonya made a total of $50, so the amount she made from selling large lemonades is $50 - 
$11 - $24 = $15.
Since each large lemonade costs $3, Tonya sold $15/$2 = 7.5 large lemonades.
The answer is 7.5.

Figure 5: The figure illustrates two mathematical problems, each paired with a correct solution and an intentionally
incorrect solution. The Math-Rev verifier highlights errors in the incorrect solutions in red, effectively identifying
and marking the parts with low log probabilities.

operator and also recognized the incorrect final1030

answer, highlighting these segments in red. This1031

indicates the verifier’s sensitivity to mathematical1032

operations and the final conclusion drawn from1033

these operations. In the second problem, the veri-1034

fier detected the discrepancy in the calculations and1035

identified the deviation from the problem’s require-1036

ments, marking the erroneous parts accordingly.1037

This demonstrates Math-Rev’s effectiveness in pin-1038

pointing computational errors and inconsistencies1039

with problem statements.1040

A.5 Case Stuies on CoTnPoT1041
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Question:
Charlie wants to sell beeswax candles. For every 
pound of beeswax, he can make 10 tapered candles. 
One pound of beeswax and the wicks cost $10.00 in 
supplies. If he sells each candle for $2.00 each, what 
is his net profit if he makes and sells 20 candles?

True Positive (TP) Solution:
He can make 20/10=2 pounds of candles. So he spends 
10*2=$20.00 in supplies. He sells 20 candles at $2.00 
each so he makes 20*2=$40.00. So his profit is 40-
20=$20.00 #### 20

False Negative (FN) Solution:
He can make 20/10=2 pounds of candles. So he 
spends 10+10=$20.00 in supplies. He sells 
20*2=$40.00 in candles. So he makes a profit of 40-
20=$20.00. #### 20

False Positive (FP) Solution:
He makes 10 candles per pound of beeswax and he 
has 20 pounds of beeswax so he can make 10*20 = 
200 candles. He sells each candle for $2.00 and he 
makes 200 candles so he sells for 2*200 = $400.00. He 
makes $400.00 and spends $10.00 on supplies so his 
net profit is 400-10 = $390.00. #### 390

True Negative (TN) Solution:
He can make 20/10=2 pounds of candles. So he 
spends 10+10=$20.00 in supplies. That means he 
makes a profit of 20-20=$0.00 #### 0

def TP_solution():
    # Calculate the number of pounds of candles Charlie can make
    pounds_of_candles = 20 / 10
    
    # Calculate the cost of supplies
    cost_of_supplies = pounds_of_candles * 10
    
    # Calculate the total revenue from selling the candles
    total_revenue = 20 * 2
    
    # Calculate the net profit
    net_profit = total_revenue - cost_of_supplies
    return net_profit

Result: 20 Match!

def FN_solution():
    # Calculate the pounds of candles Charlie can make
    candles_made = 20 / 10
    
    # Calculate the total cost of supplies
    total_cost = 10 + 10
    
    # Calculate the total revenue from selling the candles
    total_revenue = candles_made * 20 * 2
    
    # Calculate the net profit
    net_profit = total_revenue - total_cost
    return net_profit

Result: 60 Unmatch!

def FP_solution():
    # Calculate the number of candles Charlie can make
    pounds_of_beeswax = 20
    candles_per_pound = 10
    total_candles = pounds_of_beeswax * candles_per_pound
    
    # Calculate the total revenue from selling the candles
    price_per_candle = 2.00
    total_revenue = total_candles * price_per_candle
    
    # Calculate the net profit
    cost_of_supplies = 10.00
    net_profit = total_revenue - cost_of_supplies
    
    return net_profit

Result: 390 Match!

def TN_solution():
    # Calculate the number of pounds of candles Charlie can 
make
    candles_made = 20 / 10
    
    # Calculate the total cost of supplies
    total_cost = 10 + 10
    
    # Calculate the total revenue from selling the candles
    total_revenue = candles_made * 2
    
    # Calculate the net profit
    net_profit = total_revenue - total_cost
    
    return net_profit

Result: -16 Unmatch!

Figure 6: Case study on CoTnPoT. We show four different matching cases under one problem in the GSM8k test set.
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