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Abstract

Synthetic math data is widely used to scale
LLM training, but its correctness is not guaran-
teed. We introduce MATHDEBUGGER, the first
text-only, type-aware benchmark for jointly
detecting and classifying errors in synthetic
mathematical questions and answers. MATH-
DEBUGGER contains 2,000 correct questions,
2,000 erroneous questions (balanced across
four fine-grained error types), and 2,000 an-
notated answers (610 erroneous, across three
error types), each annotated with both a cor-
rectness label and an error-type label, with
per-error-type Fleiss’ κ ranging from 0.69 to
0.88. On 14 SOTA LLMs (6 closed-source,
8 open-source, 1.5B–72B) and 3 process re-
ward models, even advanced systems such as
GPT-o3 and DeepSeek-R1 remain far from sat-
urating the benchmark, particularly on fine-
grained error-type detection; we further surface
a solving-vs-verifying gap that causes math-
tuned and long-chain-reasoning models to trail
their general-purpose siblings. Error-type anno-
tations also provide actionable supervision for
correction, with gains that are significant un-
der paired bootstrap (p < 0.01). Code and
data: https://anonymous.4open.science/
r/MathDebugger-7C4A/README.md.

1 Introduction

LLMs have demonstrated exceptional performance
across a wide range of tasks (OpenAI, 2023; Tou-
vron et al., 2023). It has been established that
data quality plays a crucial role in the success of
LLMs (Yang et al., 2024; Bai et al., 2024; Abdin
et al., 2024). Recent efforts have explored data er-
ror detection techniques to improve LLM training
efficiency and effectiveness (Yan et al., 2024; Ma
et al., 2024; He et al., 2025).

Among the various types of data for LLMs, math-
ematical data is especially critical because it exer-
cises a model’s reasoning capability (Yang et al.,
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2024; Guo et al., 2025). Collecting it at scale,
however, is hard: high-quality Math QA pairs are
scarce and typically require generation (Zhou et al.,
2024a; Toshniwal et al., 2024), ensuring correct-
ness of synthetic data is non-trivial (Toshniwal
et al., 2024), and evaluating correctness remains
complex (Song et al., 2025; Zheng et al., 2024;
Zhou et al., 2024b). Output/process reward mod-
els (Zhang et al., 2024c; o1 Team, 2024; Wang
et al., 2024; Song et al., 2025) and specialized step-
verification benchmarks (Song et al., 2025; Zheng
et al., 2024; Zhou et al., 2024b) have been pro-
posed, but they focus on scoring reasoning steps,
not on auditing the training data itself. MATHDE-
BUGGER targets the complementary task of error
detection in synthetic mathematical training data,
which we operationalise through two objectives:

Questions and Answers Error Detection. Er-
rorRadar (Yan et al., 2024) primarily targets mul-
timodal data, while UMP (Ma et al., 2024) fo-
cuses on reasoning under unreasonable questions.
DeltaBench (He et al., 2025) examines errors in
long-chain CoT reasoning, such as step-level mis-
takes that may still yield correct answers. In con-
trast, none of these works address the task of de-
tecting correctness in textual math question–answer
pairs, which is the focus of our benchmark.

Diverse Error Types. To rigorously assess
whether LLMs truly understand the correctness
of QA, it is essential to include diverse error types.
A benchmark that categorizes errors can facilitate
fine-grained evaluation and guide targeted improve-
ments in synthetic data quality.

To address these challenges, we introduce
MATHDEBUGGER, a benchmark designed to eval-
uate LLMs’ ability to detect errors and identify
error types in synthetic mathematical data. To con-
struct the benchmark, we design 10 novel question-
rewriting prompts for generating erroneous data
and 16 rewriting prompts (11 more than those in
MuggleMath (Li et al., 2024)) to enhance the di-
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Question & Answer Error Detection Question & Answer Error Type

AnswerQuestion Answer

Unrealistic
against scientific 
principles, defies 
common sense...

Question

no solution exists, 
mutually exclusive 
conditions...

ContradictionsLack of Conditions
missing diagrams or 
charts, insufficient 
conditions...

Expression Error
grammar mistake, 
causes ambiguity, 
misuse terms...

unclear wording, 
grammatical errors, 
incomplete...(10%)

Expression Error

Logic Error

Computing Error

incorrect math method, faulty 
problem-solving logic, incomplete 
consideration of cases...(52%)

wrong program steps, 
faulty numerical 
approximation...(38%)Q: Rodney is guessing a secret number 

based on some clues. The number is ...

Q: ... larger rectangle has a perimeter of 
40 units. What is the area of the region 
that is not covered by the ...

Q: ... has 64 students, and they are to be 
divided into groups of 32.5 students 
each. How many groups will there be?

Q: How many triangles with positive ...
A: ... there are 10 lines (5 horizontal + 5 
vertical + 2 diagonals), the total number 
of sets of 3 collinear points is ...
Q: Given that r is a real number with r < 
2, and z is a complex number ...
A: To solve this problem, we need to 
follow these steps: 1. Understand ...

...

Figure 1: Overview of MATHDEBUGGER benchmark. MATHDEBUGGER proposed challenges in detecting errors in
mathematical Questions and Answers, as well as in identifying error types within these mathematical problems.

versity of synthesized questions. MATHDEBUG-
GER consists of 2,000 correct questions, 2,000
erroneous questions, and 2,000 correct or incor-
rect answers, each annotated with both correct-
ness and fine-grained error types to enable com-
prehensive evaluation. We further conduct large-
scale experiments on MATHDEBUGGER, covering
six widely used closed-source LLMs, eight open-
source LLMs (1.5B–72B), and three state-of-the-
art PRMs. Figure 1 illustrates the tasks of error
detection and error type identification in the bench-
mark.

The core contributions of this work are:

• MATHDEBUGGER Benchmark. We in-
troduce MATHDEBUGGER, the first text-
only, type-aware benchmark covering both
question- and answer-side errors with a fine-
grained typed taxonomy.

• Diverse and Controlled Data Synthesis. We
propose 10 novel question-rewriting prompts
for generating erroneous data and 16 rewriting
prompts (substantially extending prior work)
to enrich data diversity. All synthesized ques-
tions are carefully validated by human anno-
tators, with per-error-type Fleiss’ κ ranging
from 0.69 to 0.88.

• Comprehensive Evaluation. We benchmark
6 closed-source LLMs, 8 open-source LLMs
(1.5B–72B), and 3 PRMs. Our results show
that even strong current systems remain far
from saturating MATHDEBUGGER, highlight-
ing its difficulty and diagnostic value. We
further provide a random baseline, multi-seed
variance, bootstrap 95% CIs, prompt-format
ablations, and a 13-gram contamination audit.

• Error-Type-Aware Correction. We empiri-
cally demonstrate that fine-grained error-type
annotations not only support diagnostic eval-

uation, but also provide actionable supervi-
sion for correcting erroneous mathematical
questions and answers, consistently improv-
ing correction accuracy across models and
error categories.

2 Related Work

2.1 Mathematical Benchmarks

Recent research has achieved significant ad-
vancements in mathematical reasoning bench-
marks. GSM8K (Cobbe et al., 2021) and
MATH (Hendrycks et al., 2021) are the most math-
ematical classical benchmarks, focusing on com-
putational and competition-level questions, respec-
tively. Subsequent studies, such as SuperCLUE-
Math (Xu et al., 2024), MathBench (Liu et al.,
2024), Omni-MATH (Gao et al., 2024b), and Fron-
tierMath (Glazer et al., 2024), have further en-
riched and expanded the evaluation dimension of
LLMs’ mathematical capabilities by making break-
throughs in terms of multilingual support, scopes
of mathematical concepts, difficulty levels, and
data contamination. PRMBench (Song et al., 2025)
and ProcessBench (Zheng et al., 2024) cater to
the demand for step-by-step reasoning assessment,
evaluating the stepwise reasoning ability of LLMs.
Meanwhile, MathTrap (Zhao et al., 2024) intro-
duces a novel focus on detecting logical traps in
reasoning chains. However, there remains a notable
gap in benchmarks assessing LLMs’ ability to iden-
tify low-quality or incorrect mathematical data, a
critical capability for data filtering and cleaning.
This work aims to address this unmet need.

Table 1 summarizes how MATHDEBUGGER dif-
fers from the closest existing benchmarks. Process-
Bench and PRMBench operate at the reasoning-
step level and assume the underlying question is
valid; they cannot surface errors in the problem
statement itself. ErrorRadar targets multimodal
math problems and provides typed errors only on
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Benchmark Granularity Q-err A-err Typed Size

ProcessBench (Zheng et al., 2024) step ✗ ✓ ✗ 3,400
PRMBench (Song et al., 2025) step ✗ ✓ partial 6,216
ErrorRadar (Yan et al., 2024) solution (multimodal) ✗ ✓ ✓ 2,500
DeltaBench (He et al., 2025) CoT step ✗ ✓ ✗ 1,236
UMP (Ma et al., 2024) question (unreasonable) ✓ ✗ ✗ 582
MATH-Minos (Gao et al., 2024a) step ✗ ✓ ✗ –

MATHDEBUGGER (ours) question + solution (text) ✓ ✓ ✓ 6,000

Table 1: Positioning of MATHDEBUGGER relative to closely related error / step-verification benchmarks. Q-err:
errors in the question statement; A-err: errors in the answer/solution; Typed: fine-grained error-type labels.

the answer side. DeltaBench focuses on step-level
flaws in long CoT traces where the final answer
may still be correct. UMP evaluates whether mod-
els refuse unreasonable questions but does not
provide typed error labels and is limited to 582
items. MATH-Minos introduces step-wise natural-
language feedback but does not provide a fine-
grained error taxonomy. In contrast, MATHDE-
BUGGER is the first text-only benchmark that (i)
covers both question-side and answer-side errors,
(ii) provides a fine-grained four-class (question)
and three-class (answer) taxonomy, and (iii) reports
per-error-type inter-annotator agreement.

2.2 Mathematical Data Synthesis

The demand for high-quality data in the field of
LLMs has spurred the flourishing development of
the data synthesis domain. Existing data synthesis
approaches can be broadly categorized into two
types. The first approach employs LLM-based
distillation methods, which utilize prompt engi-
neering to facilitate LLMs in performing data syn-
thesis tasks such as question rewriting. Representa-
tive works in this paradigm include MetaMath (Yu
et al., 2023), KPDDS (Huang et al., 2024), and
JiuZhang3.0 (Huang et al., 2024). The second
approach leverages Monte Carlo Tree Search
(MCTS)-based synthesis, where Process Reward
Models guide the path construction of MCTS to
optimize synthetic data generation. Notable imple-
mentations of this method encompass OpenAI’s
o1 (OpenAI, 2023), ReST-MCTS* (Zhang et al.,
2024a), LLaMA-Berry (Zhang et al., 2024b), and
Mulberry (Yao et al., 2024). In this work, we pri-
marily adopt the first approach for data synthesis.
The synthesized data undergoes multiple rounds of
manual annotation to construct the MATHDEBUG-
GER benchmark, ensuring high-quality evaluation
standards for mathematical data processing.

3 MATHDEBUGGER Benchmark

3.1 Wrong Question Dataset Construction

We use GSM8K and MATH as seed data, generat-
ing math questions with various error types using
Qwen2.5-72B-Instruct, LLaMA-3.1-70B-Instruct,
and GPT-4o. GSM8K-based outputs are classified
as SIMPLE and MATH-based outputs as CHAL-
LENGING. Mathematical experts analyse classic
LLM errors and design prompts that guide the gen-
erators to produce target error types.

Many synthetic questions exhibit multiple er-
ror types; to ensure diversity, we first design
ten specific erroneous conditions (Appendix Fig-
ure 11), then consolidate them into four primary
error types: (1) Expression Error, covering lin-
guistic issues such as grammatical errors, ambigu-
ous references, or redundant content; (2) Lack of
Conditions, where information required for solu-
tion is missing; (3) Contradictions, where stated
conditions are mutually inconsistent; (4) Unreal-
istic, where solutions violate common sense or
real-world constraints. Full definitions and the
earliest-invalidating-error adjudication rule are in
Appendix A.

Dataset Error Correct Total

Simple 163 637 800
Challenging 447 753 1200

Both 610 1390 2000

Table 2: The correctness statistics of different difficulty
levels in the MathDebugger Answer dataset.

Annotation. Questions are labelled by 30 re-
cruited STEM graduate annotators and 10 review-
ers from top-tier universities, who pass a multi-
stage qualification screening. Annotators (i) solve
the question, (ii) flag correctness, and (iii) for in-
correct items, select the specific error type and pro-
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Erroneous Question
Reason for Question Error: 

Erroneous Answer
Reason for Answer Error:

Question: Sam and Jeff had a skipping competition at recess. The competition was split into four rounds. Sam 
completed 1.5 more skips than Jeff in the first round. Jeff skipped 2.5 fewer times than Sam in the second round. 
Jeff skipped 3.5 more times than Sam in the third round. Jeff got tired and only completed 0.75 the number of 
skips as Sam in the last round. If Sam skipped 16 times in each round, what is the average number of skips per 
round completed by Jeff?
Difficulty: simple; Error Type: unrealistic

Question: How many triangles with positive area are there whose vertices are points in the xy-plane whose 
coordinates are integers (x, y) satisfying 1 ≤ x ≤ 5 and 1 ≤ y ≤ 5?
Answer: To find the number of triangles with positive area whose vertices are points in the xy-plane with integer 
coordinates (x, y) satisfying 1 ≤ x ≤ 5 and 1 ≤ y ≤ 5, we first determine the total number of points in this range. 
There are 5 × 5 = 25 points. The number of ways to choose 3 points out of 25 is given by the combination 
formula: 𝐶(𝑛, 𝑘) = !!

#!(!%#)!
   . For n = 25 and k = 3, we have: 𝐶 25, 3 = '(!

)! '(%) !
= = 2300	.

However, this count includes sets of 3 collinear points, which do not form a triangle with positive area. We need 
to subtract the number of such sets. Collinear points can be found in horizontal lines, vertical lines, and diagonals. 
There are 5 horizontal lines, 5 vertical lines, and 2 sets of 5 points each for the diagonals running from the top-
left to the bottom-right and from the top-right to the bottom-left. For each line, the number of ways 
to choose 3 collinear points is: 𝐶 5, 3 = (!

)! (%) !
= 10	. Since there are 10 lines (5 horizontal + 5 

vertical + 2 diagonals), the total number of sets of 3 collinear points is: 10 × 10 = 100. Therefore, 
the number of triangles with positive area is: 2300 − 100 = 2200. The answer is: 2200.
Difficulty: challenging; Error Type: logic error

1. As shown above,  o1  
does not account for all 
cases of collinear points, 
and the number of correct 
answers should be less 
than 2200.
2. There is a calculation 
error. 5+5+2 should be 12. 
Therefore, this step should 
be 12 lines. 

3! 25 − 3 !
25!𝑛!

𝑘! 𝑛 − 𝑘 !
25×24×23
3×2×1

5!
3! 5 − 3 !

In the real world, the 
number of jumps must be 
an integer; fractional 
values such as 1.5, 2.5, or 
3.5 are not possible.

Figure 2: Two erroneous examples from MATHDEBUGGER: a SIMPLE question with an unrealistic error, and a
CHALLENGING question paired with an answer exhibiting a logic error.

vide a written justification. Every label undergoes
dual independent review; an annotator’s labels are
discarded entirely when consensus accuracy falls
below 90%. The two-month effort cost ∼ $50k.
Further details of the annotation protocol are in
Appendix B.

Target Difficulty #Inst. Fleiss’ κ

Question SIMPLE 1600 0.88
CHALLENGING 2400 0.72

Answer SIMPLE 800 0.87
CHALLENGING 1200 0.76

Table 3: Overall inter-annotator agreement (Fleiss’ κ)
at the correctness level for MATHDEBUGGER.

Error Type SIMPLE CHALLENGING

Lack of Conditions 0.88 0.75
Unrealistic 0.84 0.71
Expression Error 0.82 0.73
Contradictions 0.80 0.69

Table 4: Per-error-type inter-annotator agreement
(Fleiss’ κ) on the question dataset at both difficulty
levels. Complements the correctness-level κ in Table 3.

3.2 Wrong Answer Dataset Construction
To diversify the answer dataset we (i) synthe-
sise high-variation questions with 16 rewriting
prompts (Appendix Figure 12). Since all ques-
tions in MATHDEBUGGER come from new syn-
thesis, this also mitigates contamination. We then

(ii) regenerate answers using models of varying
capability: Qwen2.5-72B-Instruct (high-capacity),
LLaMA-3.1-8B-Instruct (medium), and Qwen2.5-
Math-1.5B-Instruct (lightweight), with both CoT
and PoT prompting.

Answers are then annotated by the same pool of
qualified annotators following a three-step protocol
(check question, check answer, label error type and
justify). Answer errors are categorised into three
types: Expression, Logic, and Computational
errors (definitions in Appendix A). After decon-
tamination we retain only items whose question is
correct and whose answer exhibits at most a single,
typical error type. Figure 2 shows representative
erroneous instances.

3.3 Annotation Quality and Inter-Annotator
Agreement

All questions and answers were independently an-
notated by two trained annotators, followed by ex-
pert review. We report Fleiss’ κ at both the correct-
ness level and the fine-grained error-type level.

Tables 3 and 4 report the overall and per-error-
type agreement. Binary correctness annotations
reach almost perfect agreement on SIMPLE (κ ≥
0.87) and substantial agreement on CHALLENG-
ING (κ ≥ 0.72). Per-error-type κ ranges from 0.88
(lack of conditions on SIMPLE) to 0.69 (contra-
dictions on CHALLENGING). We retain the low-
est κ as published; it reflects a genuine semantic
boundary ambiguity between contradictions and
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Models
Error Detection Error Type Detection

SIMPLE CHALLENGING SIMPLE CHALLENGING

Acc F1-Score Acc F1-Score Acc Macro-F1 Acc Macro-F1

Random Baseline 50.00 50.00 50.00 50.00 25.00 25.00 25.00 25.00

Closed-Source Large Language Models

GPT-4o 72.44 76.38 72.50 75.26 79.13 79.14 74.00 73.90
GPT-o1 73.19 75.39 76.38 77.91 76.38 76.14 72.83 72.38
GPT-o3 72.62 74.14 74.08 75.28 75.50 75.32 71.67 71.34

GPT-o4-mini 74.81 76.88 76.17 77.92 75.88 75.64 72.58 72.43
Claude-3-5-sonnet 76.31 78.33 75.91 78.25 74.88 74.90 70.67 70.85
Gemini-2.5-Flash 71.81 70.77 62.54 55.87 64.50 63.05 62.33 61.12

Open-Source Large Language Models

LLaMA-3.1-8B-Instruct 59.62 46.96 64.88 58.82 56.00 55.08 56.67 55.81
LLaMA-3.3-70B-Instruct 71.37 76.42 69.71 74.01 75.38 75.24 77.83 77.90
Qwen2.5-1.5B-Instruct 54.44 56.11 57.83 57.90 35.88 35.65 39.58 39.47
Qwen2.5-7B-Instruct 67.75 74.02 71.33 76.13 55.13 55.62 58.75 59.17

Qwen2.5-72B-Instruct 72.31 77.22 73.83 78.15 77.62 77.58 73.25 73.39
Qwen2.5-Math-72B-Instruct 68.00 74.01 68.87 73.78 67.37 67.35 65.58 65.36

QwQ-32B-Preview 57.81 40.53 55.50 34.88 67.00 66.85 64.00 63.78
DeepSeek-R1 71.25 72.46 74.50 75.94 70.37 70.21 70.75 70.50

Table 5: Error Detection and Error Type Detection in Questions: the best model for each task is highlighted in bold.
All reported numbers are the mean of 3 independent runs (std dev ≤ 0.5 on GPT-4o CHALLENGING: 72.50 / 72.83
/ 72.21); Gemini-2.5-Flash is a single run due to API-side rate constraints. Bootstrap 95% CIs (1,000 resamples) are
in Appendix D.

lack of conditions that we did not smooth over,
and all residual disagreements were adjudicated
by domain experts rather than re-labelled to inflate
agreement.

3.4 Statistics of MATHDEBUGGER

The question split comprises 2,000 correct and
2,000 incorrect questions; the incorrect half is
balanced across the four error types (500 per
class), split into 200 SIMPLE (GSM8K-seeded)
and 300 CHALLENGING (MATH-seeded) per
class. The answer split pairs 2,000 correct ques-
tions with their answers (40% SIMPLE, 60%
CHALLENGING; 30.5% of answers are incorrect).
Error counts over the 610 erroneous answers are
logic=317 (52%), computing=232 (38%), expres-
sion=61 (10%), matching the distributions reported
by MATH-Minos (Gao et al., 2024a) and Error-
Radar (Yan et al., 2024). Detailed composition
charts and the full breakdown by difficulty appear
in Appendix Figures 4–5 and Table 2.

4 Experiments

4.1 Experimental Setting

We evaluate four sub-tasks: question error detec-
tion, answer error detection, question error-type

detection, and answer error-type detection (abbre-
viated Q-Detect, A-Detect, Q-Type, A-Type in the
following tables). The first two are binary; the last
two are multi-class (4-way for questions, 3-way for
answers). We report Accuracy and F1 for binary
tasks and Accuracy and Macro-F1 for multi-class
tasks. The prompt template is in Figure 10.

4.2 Models

To comprehensively evaluate model performance
on the MATHDEBUGGER benchmark, we con-
sider three categories of models. Closed-source
LLMs: GPT-4o (gpt-4o-2024-11-20), o1, o3,
o4-mini (Achiam et al., 2023; OpenAI, 2023),
Claude-3-5-Sonnet (claude-3-5-sonnet-20241022),
and Gemini-2.5-Flash (Team et al., 2023). Open-
source LLMs: LLaMA-3.1/3.3 (8B–70B) (Dubey
et al., 2024), Qwen2.5-Instruct and Qwen2.5-Math
series (1.5B–72B) (Yang et al., 2024), QwQ-32B-
Preview (Team, 2024), and DeepSeek-R1 (Guo
et al., 2025). PRMs: Math-Shepherd-Mistral-
7B-PRM (Wang et al., 2024), Skywork-PRM-
7B (o1 Team, 2024), and Qwen2.5-Math-PRM-
7B (Zhang et al., 2025). PRMs target intermediate
reasoning steps and are thus applied only to answer
error detection; following Cui et al. (2025), we treat
the full reasoning trace as one step, score overall
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Models
Error Detection Error Type Detection

SIMPLE CHALLENGING SIMPLE CHALLENGING

Acc F1-Score Acc F1-Score Acc Macro-F1 Acc Macro-F1

Random Baseline 50.00 50.00 50.00 50.00 33.33 33.33 33.33 33.33

Closed-Source Large Language Models

GPT-4o 80.75 88.02 77.25 82.97 59.51 46.93 57.49 42.11
GPT-o1 76.62 84.66 78.58 82.24 62.58 48.17 60.40 41.52
GPT-o3 72.00 80.72 74.50 77.99 64.42 55.05 63.31 50.02

GPT-o4-mini 78.12 85.67 78.08 81.67 61.96 52.80 62.42 52.77
Claude-3-5-sonnet 73.12 81.98 73.83 78.84 60.12 48.17 56.38 38.21
Gemini-2.5-Flash 76.25 85.13 68.25 75.18 61.96 49.48 60.85 45.46

Open-Source Large Language Models

LLaMA-3.1-8B-Instruct 63.25 73.80 62.83 67.25 45.40 40.39 49.22 36.40
LLaMA-3.3-70B-Instruct 79.25 86.99 76.17 82.01 57.67 51.28 58.61 46.84
Qwen2.5-1.5B-Instruct 67.25 78.45 58.42 68.28 49.69 36.05 45.41 33.19
Qwen2.5-7B-Instruct 81.50 88.91 73.17 80.90 58.75 59.17 55.13 55.62
Qwen2.5-72B-Instruct 82.37 89.23 75.08 82.06 50.92 47.85 55.26 45.22

Qwen2.5-Math-72B-Instruct 79.13 87.18 71.67 79.09 44.79 37.44 50.78 42.45
QwQ-32B-Preview 49.75 58.39 53.00 51.63 52.76 41.31 54.59 45.29

DeepSeek-R1 76.75 84.78 76.33 80.76 57.06 36.36 57.72 43.37

Open-Source Process Reward Models

Math-Shepherd-PRM-7B 71.88 81.04 68.92 74.75 - - - -
Qwen2.5-Math-PRM-7B 76.38 84.79 75.00 79.76 - - - -

Skywork-PRM-7B 54.00 61.98 58.17 54.53 - - - -

Table 6: Error Detection and Error Type Detection in Answers: the best model for each task is highlighted in bold.
All reported numbers are the mean of 3 independent runs; Gemini-2.5-Flash is a single run due to API-side rate
constraints. Bootstrap 95% CIs (1,000 resamples) are in Appendix D. Per-class answer-error counts: logic = 317,
computing = 232, expression = 61.

correctness, and apply a threshold.

4.3 Error Detection for Questions
Table 5 shows that closed-source models (Claude-
3-5-Sonnet, GPT-o1) achieve the strongest results
on error detection, while GPT-4o leads error-type
detection on SIMPLE; LLaMA-3.3-70B-Instruct
surpasses all closed-source models on CHAL-
LENGING error-type detection. Bootstrap 95%
CIs (1,000 resamples) give non-overlapping in-
tervals between the strongest closed-source and
the weakest 70B+ open-source systems on SIM-
PLE Q-Type Accuracy (GPT-4o 79.13 [77.1, 81.2]
vs. DeepSeek-R1 70.37 [68.0, 72.7]). Error detec-
tion and error-type identification track each other
closely: both require understanding the problem
statement and its solution path.

Scaling with model size. On Qwen2.5 at 1.5B
/ 7B / 72B, Q-Type Macro-F1 scales monotoni-
cally (35.7 → 77.6 on SIMPLE; 39.5 → 73.4
on CHALLENGING), indicating that fine-grained

type understanding is capacity-sensitive.

Reasoning-oriented models lag on verifica-
tion. Reasoning-tuned models (Qwen2.5-Math,
QwQ-32B-Preview, DeepSeek-R1) do not top
their open-source siblings. Qwen2.5-72B-
Instruct (77.6 Macro-F1) > Qwen2.5-Math-72B-
Instruct (67.4) on SIMPLE Q-Type detection, and
DeepSeek-R1 (70.4) trails Qwen2.5-72B-Instruct
(77.6) despite being optimised for far harder rea-
soning benchmarks. The same pattern holds for
recently released closed-source systems: Gemini-
2.5-Flash reaches only 71.8/62.5 Q-Detect Accu-
racy on SIMPLE/CHALLENGING, well below
Claude-3-5-Sonnet (76.3/75.9) and the GPT-o se-
ries (all of GPT-o1, o3, and o4-mini sit in the 72–77
range on both splits). Two mechanisms explain this.
First, math-tuned models are optimised for solving,
not verifying, and tend to hallucinate a solution
path rather than flag a flawed problem. Second,
long-chain reasoning models fail to terminate with
a clear verdict: QwQ-32B-Preview yields 38.2%
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Task Split GPT-4o Claude-3-5-Sonnet Qwen2.5-72B-Instruct 95% CI (Acc)

Acc F1 Acc F1 Acc F1 (best model)

Q-Detect SIMPLE 72.2±1.5 75.6±1.0 74.8±2.6 75.8±2.3 70.0±2.2 75.8±1.2 [71.3, 78.2]
Q-Detect CHAL. 72.0±0.9 74.9±0.8 77.0±2.6 76.5±2.9 70.0±2.8 75.1±2.3 [73.8, 80.3]

A-Detect SIMPLE 78.8±2.8 87.3±1.9 75.7±1.6 83.9±1.2 81.3±0.8 88.7±0.4 [78.2, 84.3]
A-Detect CHAL. 74.2±1.8 84.2±0.9 79.7±1.9 86.2±1.4 78.8±1.2 87.3±0.4 [76.3, 83.0]

Q-Type SIMPLE 63.7±4.3 62.2±5.5 65.8±0.8 64.6±1.1 61.3±3.2 58.7±4.4 [62.0, 69.5]
Q-Type CHAL. 60.3±3.1 60.7±4.0 63.2±2.9 60.4±4.2 61.5±2.6 62.0±2.9 [59.2, 66.8]

A-Type SIMPLE 30.0±4.7 29.6±3.0 54.5±1.1 42.7±1.8 37.1±1.1 35.5±0.6 [49.8, 59.2]
A-Type CHAL. 21.5±1.9 25.1±2.4 50.1±1.8 44.7±1.5 28.9±1.6 38.2±2.4 [45.9, 54.7]

Table 7: Multi-seed variance and bootstrap 95% CIs, 3 models × 3 seeds on stratified subsets (n=200 for Q-Detect
and Q-Type; n=142/181 for A-Detect/A-Type). Values are mean± std (Acc / F1); 95% CIs on Acc are pooled
across seeds. Small std (≤ 3 pp on 20/24 cells) confirms that the main-table ranking is robust to re-sampling;
Claude-3-5-Sonnet’s A-Type lead is confirmed by non-overlapping CIs. Best in each row in bold.

unparseable outputs on SIMPLE versus < 5%
for other models. Together these indicate a solving-
vs-verifying gap: capability for producing a solu-
tion does not transfer to auditing one.

4.4 Error Detection for Answers
Answer error detection is easier than question-
level detection: most models clear 75% Acc
(Table 6). Qwen2.5-72B-Instruct leads SIM-
PLE (82.37/89.23 Acc/F1), GPT-4o leads CHAL-
LENGING F1 (82.97); Qwen2.5-7B matches much
larger models on SIMPLE. Answer type detection,
however, is much harder: even GPT-o3/o4-mini
reach only ∼ 64% Acc and ∼ 55% Macro-F1
on SIMPLE, dropping further on CHALLENG-
ING (best Macro-F1 52.77). The three answer-
error classes are highly imbalanced (logic = 317,
computing = 232, expression = 61). We there-
fore report Macro-F1, which weights every class
equally and thus prevents the majority logic class
from dominating the summary; the rarest expres-
sion class necessarily contributes high-variance
per-class F1, so we treat per-class F1 as a diag-
nostic only and discuss the dominant confusions
(logic↔computing) in §4.6.

4.5 Error-Type-Aware Correction
Beyond diagnostic evaluation, we test whether
error-type annotations aid correction. DeepSeek-
R1 and GPT-4o are asked to correct each erroneous
item, with and without access to the ground-truth
error type (prompts in Appendix H); Table 8 sum-
marises the result.

Adding error-type information consistently im-
proves correction. The largest gains occur on struc-
turally ambiguous errors: DeepSeek-R1 +2.1/ +
3.5 and GPT-4o +2.1/+4.7 on contradictions/lack

Question Correction Unreal. Contr. Lack Expr.

DeepSeek-R1 only 94.3 55.7 52.1 90.2
+ Error Type Info 95.0 57.8 55.6 91.6

GPT-4o only 94.9 53.1 49.2 93.1
+ Error Type Info 95.6 55.2 53.9 94.4

Answer Correction Logic Comp. Expr.

DeepSeek-R1 only 80.3 71.2 96.5
+ Error Type Info 81.9 73.0 97.5

GPT-4o only 82.4 66.4 98.5
+ Error Type Info 83.9 68.2 99.0

Table 8: Correction accuracy (%) with and without
error-type information. Paired bootstrap (B=10,000
resamples) confirms p < 0.01 on the largest gains (lack
of conditions, computing).

of conditions; answer-side computing errors im-
prove by +1.8 for both models. Paired bootstrap
(B=10,000 resamples) confirms the two largest
gains at p < 0.01. Error-type annotations thus
provide actionable supervision for correction, not
merely diagnostic labels.

4.6 Failure Analysis and Prompt Sensitivity

Confusion patterns. On the GPT-o1 SIM-
PLE Q-Type confusion matrix (Appendix Ta-
ble 10), the two dominant confusions are
Unrealistic→Contradictions (29, 14.5%) and
Lack→Expression (23, 11.5%). At the answer
level, Logic↔Computing bidirectional confusion
dominates (45 items). These align with our disam-
biguation rules (§3.3) and correspond to the low-
est per-type κ (0.69 for contradictions on CHAL-
LENGING). Appendix E reports the full answer-
level matrix and pooled Q-Type confusions across
all three representative models.

Prompt sensitivity. Across three prompt variants
(zero-shot / 3-shot / rephrased) applied to three rep-
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o1 Failed Reasoning MathDebugger
Question: In a convex quadrilateral ABCD, AB=8, BC=4, 
CD=DA=10, and ∠CDA=60°. If the area of ABCD can be 
written in the form √a+b√c where a and c have no perfect 
square factors (greater than 1), and the diagonal AC is such 
that ∠BAC is either 30° or 45°, what is a+b+c?
Detection: incorrect

Let’s evaluate the given math question step by step to determine its correctness.
Given: Convex quadrilateral ABCD, Sides: AB = 8, BC = 4, CD = DA = 10, Angle: ∠CDA = 60°, Diagonal 
AC such that ∠BAC is either 30° or 45°, Area of ABCD expressed as √a + b√c, where a and c have no 
perfect square factors greater than 1.
Step-by-Step Evaluation:
1. Triangle CDA: Given CD = DA = 10 and ∠CDA = 60°. Using the Law of Cosines: AC² = CD² + DA² - 
2 · CD · DA · cos(∠CDA) = 100 + 100 - 200 · 0.5 = 100. Thus, AC = 10. Triangle CDA is equilateral since 
all sides are equal and all angles are 60°.
2. Positioning Points: Place point D at the origin (0,0). Point C at (10,0). Point A at (5, 5√3).
3. Finding Point B: B must satisfy: AB = 8, BC = 4, This involves solving the intersection of two circles: 
Circle centered at A with radius 8. Circle centered at C with radius 4. Solving these equations yields 
valid coordinates for B, ensuring that ABCD is a convex quadrilateral.
4. Angle ∠BAC: Given the symmetry and the calculated positions, ∠BAC can indeed be either 30° or 
45° based on the specific location of B. This dual possibility is consistent with the construction of 
the quadrilateral.
5. Area Expression: The area can be calculated by summing the areas of triangles ABC and 
CDA. The form √a + b√c is achievable based on the side lengths and angles provided.
Conclusion: All the given conditions are consistent and solvable. The geometric 
configurations allow for the specified angles and area expression.
Answer: correct

Explanation
Reason for Question Error: As shown in 
the diagram, the shape of the convex 
quadrilateral ABCD is uniquely fixed, 
and the side lengths of ∆ABC are 4, 8, 
and 10. Therefore, ∠BAC = arc cos 
0.925 ≠ 30° or 60°. Thus, the conditions 
are contradictory.

A

B

CD

10

10

10

8

4

Reason for o1 Failure: In Step 4, the positions of A, B, C, 
and D are determined, and ∠BAC can be calculated. O1 
assumes the condition “∠BAC is either 30° or 45°” holds, 
without recognizing the contradiction with the other 
conditions.

Figure 3: Failure case of GPT-o1 in question-correctness detection on MATHDEBUGGER. The blue panel shows
the incorrect question; the orange panel, GPT-o1’s reasoning; the green panel, the expert-verified explanation of
the contradiction. GPT-o1 treats the “30◦ or 45◦” clause as a plausible alternative and verifies local consistency,
missing the global constraint check that uniquely determines ̸ BAC.

resentative models on a stratified n=200 CHAL-
LENGING slice, accuracy varies by at most ±4.5
points within a model; 3-shot does not uniformly
help (GPT-4o −4.5, Qwen −3.5). The model rank-
ing (Claude > GPT-4o > Qwen) is preserved across
all three variants, arguing that MATHDEBUGGER

probes capability rather than prompt wording. The
full 3×3 table is in Appendix C.

Multi-seed variance. To rule out seed effects, we
run a full 3 models×3 seeds×4 tasks×2 splits =
72 evaluation grid on stratified subsets and report
mean± std and pooled bootstrap 95% CIs in Ta-
ble 7. Across all 24 (model, task, split) cells, Acc
std is bounded: 20/24 cells have std ≤ 3 pp, and
the maximum is 4.7 pp. On A-Type (the hard-
est sub-task), Claude-3-5-Sonnet dominates with
non-overlapping 95% CIs against both GPT-4o and
Qwen2.5-72B-Instruct on both splits, reproducing
the main-table ranking.

4.7 Case Study
To illustrate the qualitative failure modes behind
the aggregate numbers above, we walk through
a representative case (Figure 3) in which GPT-o1
misjudges a CHALLENGING question as correct.

The blue panel presents the geometric set-up:
once the side lengths and positions of the quadri-
lateral are fixed by the other constraints, ̸ BAC
is uniquely determined, and that value is inconsis-
tent with the clause “̸ BAC is either 30◦ or 45◦.”
The question is therefore contradictory. The orange
panel shows GPT-o1’s step-by-step reasoning: the

model treats the disjunctive clause as a plausible
alternative, verifies local consistency within each
branch, and concludes the question is correct. The
green panel gives the expert explanation: the global
constraint network pins ̸ BAC, so the disjunctive
clause cannot hold. This case captures a recur-
rent failure pattern surfaced by MATHDEBUGGER:
strong LLMs may follow locally valid steps yet fail
to perform a global consistency check across all
stated constraints. Additional failure cases, includ-
ing answer-side logic/computing confusions, are
provided in Appendix I (Figures 6 to 9).

5 Conclusion

We presented MATHDEBUGGER, the first text-only,
type-aware benchmark jointly covering correct-
ness and fine-grained error types in synthetic math
Q&A (4,000 questions, 2,000 answers, two diffi-
culty tiers). On 14 LLMs and 3 PRMs we find that
(i) the strongest systems remain far from satura-
tion (best A-Type Macro-F1 = 55); (ii) capabil-
ity scales with size (Qwen2.5 Q-Type Macro-F1
35.7 → 77.6 from 1.5B to 72B); (iii) a solving-vs-
verifying gap makes reasoning-tuned models trail
general-purpose ones; (iv) error-type annotations
yield significant correction gains (+4.7 pp on lack
of conditions, p < 0.01). MATHDEBUGGER thus
serves both as a diagnostic benchmark and a practi-
cal tool for cleaning synthetic mathematical train-
ing data.
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6 Limitations

MATHDEBUGGER is an English- and text-only
benchmark focused on single-label error typing;
multilingual and multimodal extensions, and ex-
plicit multi-label scoring protocols, are natural di-
rections for future work. Our evaluation covers
14 representative LLMs and 3 PRMs spanning
1.5B–72B open-source and 6 closed-source fami-
lies; rapidly evolving new systems can be added
in future rounds without further annotation, as the
dataset is fixed. Because a subset of the question
corpus is synthesized with GPT-4o and Qwen2.5-
72B-Instruct (models that also appear in our evalu-
ation suite), we conduct a 13-gram contamination
audit and a generator-evaluator bias check (Ap-
pendix F); both argue against a systematic leakage
effect.
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A Full Error-Type Definitions and
Adjudication Rules

Question error types (four classes). (1) Expres-
sion Error captures linguistic-level issues and is
the most fundamental error type. It includes gram-
matical errors that prevent the problem from being
parsed; ambiguous pronouns or expressions that
admit multiple plausible semantic interpretations;
improper use of technical terms leading to seman-
tic misinterpretation; and excessive irrelevant or
redundant information that substantially increases
the cognitive burden. In the absence of these issues,
the statement is considered linguistically clear and
unambiguous.

(2) Lack of Conditions refers, under the as-
sumption of a linguistically well-formed statement,
to cases where information required for solution
is incomplete, rendering the problem unsolvable.
Typical instances include missing key figures or
diagrams and omission of necessary conditions or
constraints. If such issues are absent, the problem
provides sufficient information for solution.

(3) Contradictions covers problems that are lin-
guistically well-formed and appear informationally
complete, yet contain internal conflicts that prevent
a valid reasoning process. This includes explicit
contradictions between stated conditions and im-
plicit conflicts arising from mathematical domains,
geometric constraints, or the inherent structure of
the problem. In the absence of these issues, the
problem is theoretically self-consistent and solv-
able.

(4) Unrealistic applies to problems situated in
real-world contexts and evaluates whether the theo-
retically derived solution is meaningful in practice,
covering results that cannot be interpreted in reality
(e.g., a non-integer number of people) and scenario
settings that violate basic common sense or funda-
mental natural laws. When such issues are absent,
the problem is considered reasonable and solvable
both theoretically and in practice.

Answer error types (three classes). Expression
errors are surface-level issues that affect the clarity
or completeness of the answer without fundamen-
tally violating the underlying mathematical rea-
soning: incomplete answers, redundant or missing
steps, and grammatically incorrect or ambiguous
expressions. Logic errors arise when the reasoning
process itself is invalid: applying incorrect mathe-
matical methods, adopting flawed problem-solving
strategies, or failing to consider all necessary cases,

even if individual computational steps appear cor-
rect. Computational errors involve mistakes in
arithmetic or symbolic manipulation, including in-
correct numerical calculations, faulty program-of-
thought steps, or erroneous approximations, while
the overall reasoning strategy remains conceptually
sound.

Adjudication rule. When multiple error types
co-occur, annotators label each instance with the
earliest error that invalidates the problem or so-
lution, i.e., the first erroneous point encountered
along a correct reasoning process. For answer-side
disambiguation between logic and computing, if
the initially formulated equation or expression is
incorrect, the error is a logic error; if the formu-
lation is correct but mistakes occur in subsequent
arithmetic operations or numerical substitutions, it
is a computational error. An error is labelled an
expression error only when the underlying method
and calculations are correct but the expression is
non-standard or incomplete.

B Annotation Protocol Details

The annotator pool comprises 30 graduate students
majoring in science and engineering at top-tier uni-
versities, together with 10 reviewers. Candidates
are screened for strong English reading ability,
scores above a predefined threshold on university
entrance mathematics examinations, and comple-
tion of core undergraduate mathematics courses.
Annotators are permitted to use calculators and
reference materials strictly as auxiliary tools.

The final protocol, chosen after multiple rounds
of piloting, is: (step 1) solve the question to decide
correctness; (step 2) for incorrect questions, deter-
mine whether the item exhibits a single or multiple
error types; (step 3) assign a specific error type and
provide a written justification for review. Every la-
bel is dually and independently reviewed; any anno-
tator whose consensus-adjudicated accuracy drops
below 90% is dropped from the final corpus. For
the answer-side protocol we additionally require
annotators to first verify question correctness and
then, for incorrect answers, annotate the earliest
invalidating error. The complete annotation effort
spans two months and costs approximately $50k.
All participants were informed of the academic use
of the dataset and consented to participate.

Figures 4 and 5 summarise the resulting dataset
composition by difficulty and error type.
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QUESTION

Figure 4: Proportion of difficulty levels and error types
in the Question dataset of MATHDEBUGGER.

ANSWER

Figure 5: Proportion of difficulty levels and error types
in the Answer dataset of MATHDEBUGGER.

C Prompt-Format Ablation

Table 9 reports the full 3× 3 prompt-format abla-
tion (GPT-4o, Claude-3-5-Sonnet, Qwen2.5-72B-
Instruct) on CHALLENGING question detection
summarised in §4.6. Across three prompt variants
(zero-shot, 3-shot, rephrased) and three representa-
tive models, accuracy varies by at most ±4.5 points
within a single model and the overall model rank-
ing is preserved. 3-shot does not uniformly help
(GPT-4o −4.5 and Qwen −3.5 Acc); rephrasing
marginally helps Claude (+3.5 Acc) but leaves the
other two systems flat. We read this as evidence
that MATHDEBUGGER probes genuine capability
rather than prompt wording.

Model Zero-shot 3-shot Rephrased

Acc F1 Acc F1 Acc F1

GPT-4o 73.5 76.0 69.0 69.3 73.0 73.5
Claude-Sonnet 78.5 78.4 79.5 80.4 82.0 81.8
Qwen2.5-72B 68.0 74.4 64.5 69.0 68.5 71.0

Table 9: Prompt-format ablation on CHALLENGING
question detection (stratified subset of n=200).

First-error positioning. Since every erroneous
item is annotated with its earliest invalidating er-
ror, we examine whether models have position bias.
Dividing the question into early and late halves,
the first-error position distribution is 53.1%/46.9%
(SIMPLE), 49.6%/50.4% (CHALLENGING), and
overall 51.4%/48.6%, which is approximately uni-
form, indicating that MATHDEBUGGER does not
reward position-cue heuristics.

D Bootstrap 95% Confidence Intervals

All numbers reported in Tables 5 and 6 are means of
3 independent runs. For closed-source APIs we use
temperature=1; for open-source models served via
vLLM we use temperature=0.7, top_p=0.95. Multi-
run standard deviation is small: GPT-4o CHAL-
LENGING question detection over 3 runs gives
72.50/72.83/72.21 (mean = 72.51, std = 0.31).

We additionally compute bootstrap 95% CIs
(n=1000 resamples, each of size n items per diffi-
culty subset). Representative intervals:

• Claude-3.5 SIMPLE question detection:
76.3% [74.2, 78.5]

• GPT-o4-mini SIMPLE question detection:
74.8% [72.7, 76.9] (overlapping with Claude,
not significant)

• GPT-4o question type Accuracy (SIMPLE):
79.13% [77.1, 81.2]

• DeepSeek-R1 question type Accuracy (SIM-
PLE): 70.37% [68.0, 72.7] (non-overlapping
with GPT-4o, p < 0.01)

For the correction gains in Table 8, paired bootstrap
(n=10,000) confirms that the largest gains, lack of
conditions (+3.5%/+4.7%) and computing errors
(+1.8%), are significant at p < 0.01. The full
multi-seed variance study (3 models × 3 seeds ×
4 tasks×2 splits = 72 runs) is reported in the main
body Table 7.
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E Confusion Matrices

Tables 10 and 11 report the question-level and
answer-level confusion matrices of GPT-o1 on
SIMPLE referenced in §4.6. The question-level ma-
trix shows Unrealistic→Contradictions (29) and
Lack→Expression (23) as the most frequent confu-
sions; the answer-level matrix shows bidirectional
Logic↔Computing confusion (45 items in aggre-
gate).

Expr Lack Contr Unreal

Expression 160 18 14 8
Lack 23 152 10 15
Contradictions 10 18 147 25
Unrealistic 7 12 29 152

Table 10: Question-level confusion matrix of GPT-o1
on SIMPLE (rows: true; columns: predicted).

Logic Computing Expression

Logic 60 20 7
Computing 25 35 1
Expression 2 6 7

Table 11: Answer-level confusion matrix of GPT-o1 on
SIMPLE.

All-model question-type confusion matrices.
Table 12 pools Q-Type confusion matrices across
three seeds for all three representative mod-
els, complementing the single-seed GPT-o1 ma-
trix above. The same two dominant confu-
sions appear for every model: (i) Unrealis-
tic→Contradictions (44–62 items per model) and
(ii) Expression→Lack/Contradictions (cells at
roughly diagonal magnitude), independently vali-
dating the taxonomy-boundary discussion in §3.3.
Across all three models the per-class ordering is
Lack (highest recall, 133–142/150) > Contradic-
tions > Unrealistic > Expression.

F Contamination Audit

Because the question corpus is synthesized
with GPT-4o and Qwen2.5-72B-Instruct from
GSM8K/MATH seeds, we audit for verbatim over-
lap that could leak into evaluator training data. Us-
ing a 13-gram containment metric against the seeds,
we obtain mean = 0.08, max = 0.32, and only
1.8% of items exceeding 0.3 overlap. Within the
top-overlap bucket, no evaluated model shows sys-
tematically higher accuracy than on the rest of the
benchmark (within-model ∆ accuracy is within

True / Predicted Expr Lack Contr Unreal

GPT-4o
Expression 44 47 31 17
Lack 1 136 4 4
Contradictions 1 16 98 7
Unrealistic 9 6 44 84

Claude-Sonnet
Expression 47 52 39 12
Lack 0 142 5 3
Contradictions 4 22 123 1
Unrealistic 7 14 62 67

Qwen2.5-72B
Expression 47 28 35 27
Lack 5 133 5 5
Contradictions 0 17 105 5
Unrealistic 4 6 50 84

Table 12: Question-type confusion matrices on CHAL-
LENGING, pooled across 3 seeds (rows: true label;
columns: predicted). Row totals may fall below the
class size when a model emits an unrecognised label;
we exclude such predictions here. All three represen-
tative models exhibit the same dominant confusions,
validating the per-type IAA discussion in §3.3.

±2%), indicating that the reported performance
levels are not driven by contamination.

Additionally, model rankings argue against
generator-evaluator self-bias: Claude-3.5-Sonnet
(76.31%) outperforms the generator GPT-4o
(72.44%) on SIMPLE question detection, and
LLaMA-3.3-70B achieves the best Macro-F1
(77.90) on CHALLENGING question type detec-
tion, surpassing both synthesis models.

G Multi-Error Robustness

To probe single-label simplification, we manually
inject a second error (from a different taxonomy
class) into a random sample of 200 items, produc-
ing multi-error cases. Under the standard zero-shot
prompt, all evaluated models are scored correct if
they flag any of the ground-truth error types. De-
tection accuracy drops by ≈ 6–9 percentage points
relative to single-error instances (e.g., GPT-4o SIM-
PLE 72.4 → 66.1; Claude-3.5 76.3 → 68.9),
but models still substantially outperform random
baselines. This quantifies the cost of our single-
label simplification while confirming the taxonomy
remains diagnostically useful in the multi-error
regime.
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H Full Error-Type-Aware Correction
Results

The main-paper correction experiment (§4.5)
uses the prompt template (formatting omit-
ted): “Given the following mathematical
[question/answer], which is known to
contain a [ERROR_TYPE], please produce a
corrected version.” The without condition sim-
ply omits the “which is known to contain a
[ERROR_TYPE]” clause. Table 13 gives the full per-
error-type breakdown corresponding to the com-
pressed Table 8 in the main body.

Question Resolution Unreal. Contr. Lack Expr.

DeepSeek-R1 only 94.3 55.7 52.1 90.2
+ Error Type Info 95.0 57.8 55.6 91.6

GPT-4o only 94.9 53.1 49.2 93.1
+ Error Type Info 95.6 55.2 53.9 94.4

Answer Resolution Logic Comp. Expr.

DeepSeek-R1 only 80.3 71.2 96.5
+ Error Type Info 81.9 73.0 97.5

GPT-4o only 82.4 66.4 98.5
+ Error Type Info 83.9 68.2 99.0

Table 13: Resolution accuracy (%) for different error
types, with and without error-type information (full ap-
pendix version of Table 8).

I Additional Failure Cases

Figure 2 in the main body shows two representa-
tive erroneous instances; §4.7 and Figure 3 provide
a walk-through of a GPT-o1 question-level fail-
ure. Figures 6–9 supply additional cases spanning
both correctness and error-type detection, across
question-side and answer-side instances.

J Prompt Appendix

This section collects all prompts used throughout
the paper: data preparation (Figure 11), data syn-
thesis (Figure 12), and the evaluation protocol (Fig-
ure 10). All prompts were iteratively refined and
validated during pilot experiments and can serve as
references for future work on synthetic mathemati-
cal data quality.
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Failed Reasoning

MathDebugger

To evaluate the given answer, let’s break it down step by step: 1. The given solution correctly uses the periodicity 
and symmetry properties of the sine function. It reduces 724°	to an angle between 0°	and 360°	, which is 4°.
2. The solution then applies the symmetry property of the sine function, sin 𝑥 = sin	(180° − 𝑥), to find possible 
values of 𝑛 such sin	𝑛° = sin	4° and −180 ≤ 𝑛 ≤ 180	. 3. The possible values of	𝑛	found are: 𝑛 = 4°(since sin 4° =

)sin 4° , 𝑛	 = 180° − 4° = 176° since	 sin 4° = sin 176° 	, 𝑛	 = −4° since	 sin 4° = sin −4° .	4. The solution 
correctly discards −184°	because it’s outside the specified range of −180 ≤ 𝑛 ≤ 180. 5.The solution states that 
there are three possible values of  n  within the given range: 4°, 176°, and −4°, which correspond to the integers 
4 , 176, and -4. 6. The solution chooses the value of 𝑛 to be 4 for simplicity, stating that the problem does not 
specify which one to choose. The final answer provided in the solution is indeed correct because it follows the 
steps of using the periodicity and symmetry properties of the sine function, and it also correctly selects a value 
within the given range.
Answer: Correct.

Explanation
Reason for Answer Error: The first error 
arises from the incorrect assumption 
of sin 4° = sin(−4°). The second error 
stems from overlooking all aspects of the 
problem, as only one valid scenario was 
considered.
Reason for Failure: During model 
inference, the error in the sine function 
formula was not identified, and the 
incorrect approach of selecting one 
among multiple possibilities as the final 
answer was accepted.

Question: Find the integer 𝑛, −180 ≤ 𝑛 ≤ 180, such that sin	𝑛° = sin	724°.
Answer: To find the integer 𝑛	such that sin	𝑛° = sin	724° and −180 ≤ 𝑛 ≤ 180, we need to use the periodicity and symmetry properties of the sine function. 
The sine function is periodic with a period of 360°, meaning  sin 𝑥 = sin(	𝑥 + 360°𝑘) for any integer 𝑘. Additionally, sin 𝑥 = sin(180° − 𝑥) . First, we reduce 
724°	to an angle between 0°	and 360°: 724°	mod	360° = 724° − 2×360° = 724° − 720° = 4°. So, sin 724° = sin 4° . Now, we need to find an angle	𝑛 such 
that	sin	𝑛° = sin	724°	and −180 ≤ 𝑛 ≤ 180. The sine function is equal for angles that are coterminal or supplementary. Therefore, the possible values for	𝑛 
are: 𝑛 = 4° since	 sin 4° = sin 4° , 𝑛	 = 180° − 4° = 176° since	 sin 4° = sin 176° 	, 𝑛	 = −4° since	 sin 4° = sin(−4°) , 𝑛 = −180° − 4° = 184°	(

)
since

sin 4° = sin(−184°) , but 184° is not in the range −180 ≤ 𝑛 ≤ 180, so we discard it. Thus, the possible values of	𝑛 within the range are 4°, 176°, and −4°. 
Since we are asked to find the integer 𝑛 , the possible values are 4 , 176 , and -4. However, the problem does not specify which one to choose, so we can choose 
any one of them. For simplicity, we choose 4 . So the integer 𝑛	is 4.
Correctness Detection: incorrect

Figure 6: Failure Example 1.

Failed Reasoning MathDebugger
To identify the type of error in the given answer, let's go through the steps and code provided. 1. 
Step 1: Identify the first three prime numbers. The code correctly identifies the first three prime 
numbers as 2, 3, and 5. 2. Step 2: Calculate the product of these prime numbers. The code uses 
the sp.prod() function from the sympy library to calculate the product of the prime numbers, 
which is correct. 3. Step 3: Add 1821 to the product. The code adds 1821 to the product correctly. 
4. Step 4: Find the smallest prime factor of the resulting number. The code uses the 
sp.primefactors() function to find all prime factors of the resulting number and then selects the 
smallest one. However, let's analyze the code and result: The result obtained by adding 1821 to 
the product of the first three prime numbers is 1836. The prime factors of 1836 are 2, 2, 3, 3, 3, 
and 17. Among these, the smallest prime factor is indeed 2. But the smallest prime factor should 
be the smallest prime factor of the resulting number, not necessarily the smallest prime number 
among the factors. In this case, the smallest prime factor of 1836 is 2. However, this answer is 
incorrect because it does not give the correct result. 
Error Analysis: Upon further examination, let's consider an alternative approach. When adding 
1821 to the product of 2, 3, and 5 (which is 30), we get 1851. The prime factors of 1851 are 3, 617. 
In this case, the smallest prime factor of the resulting number is actually 3. Therefore, the 
smallest prime factor of the number obtained by adding 1821 to the product of the first three 
prime numbers is 3. This shows that the answer provided is incorrect. 
Error Type: Based on the analysis, the error in the given answer is a logic error. The logic of the 
steps and the interpretation of the problem were incorrect.

Explanation
Reason for Answer Error: The error in the answer arises from a computational issue when 
calling the PoT program. The expected output should be 3, but the program returned 2. The 
mathematical method and program design are both correct. According to the definition in the 
paper, this is classified as a competing error.
Reason for Failure: Although the model provided the correct answer, no specific error steps 
were identified during the error analysis. Therefore, it was broadly categorized as a logic error.

Question: What is the smallest prime factor of the 
number obtained by adding 1821 to the product of 
the first three prime numbers?
Answer: To find the smallest prime factor of the 
number obtained by adding 1821 to the product of 
the first three prime numbers, we can break down 
the problem into the following steps: 1. Identify the 
first three prime numbers, which are 2, 3, and 5. 2. 
Calculate the product of these prime numbers. 3. 
Add 1821 to the product obtained in step 2. 4. Find 
the smallest prime factor of the resulting number.
Let's implement this step-by-step in Python using the 
sympy library.

The smallest prime factor of the number obtained by 
adding 1821 to the product of the first three prime 
numbers is 2.
Error Type Detection: computing error

import sympy as sp
Step 1: Identify the first three prime numbers
prime_numbers = [2, 3, 5]
Step 2: Calculate the product of these prime numbers
product_of_primes = sp.prod(prime_numbers)
Step 3: Add 1821 to the product
result = product_of_primes + 1821
Step 4: Find the smallest prime factor of the resulting 
number
smallest_prime_factor = sp.primefactors(result)[0]
print(smallest_prime_factor)
Output 2

Figure 7: Failure Example 2.
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Failed Reasoning MathDebugger
To determine the type of error in the given answer, let's evaluate the math steps 
and Python code. Step 1: Initial Position. The initial height is 8 meters, and the 
ladder length is 10 meters. Using the Pythagorean theorem, we can calculate the 
initial base distance: base! + height! = ladder!, base!	+ 8! = 10!	, base!	+ 64 = 
100, base!	= 36, base= 36 = 6	meters. This step is correct. Step 2: After slipping. 
The ladder slips down 1 meter, so the new height is 7 meters. Using the 
Pythagorean theorem again: base!	+ 7! = 10!	, base!	+ 49 = 100, base!	= 51, base =
51	 meters. However, this calculation is incorrect. The correct calculation should be: 

base!	+ 7! = 10!	, base!	+ 49 = 100, base!	= 51, base = 51	 approx 7.14142842854285. 
This calculation is correct, but the final answer should be rounded to two decimal 
places. The Python code is correct in terms of logic, but it should round the final 
answer to two decimal 
places.Given the 
calculation error in the
 original answer, the 
type of error is: 
computing error: 
Calculation errors, 
including mistakes in program steps, numerical approximation issues, etc. However, 
the answer is incorrect due to a small calculation error. If you round the answer to 
two decimal places, the correct answer is approximately 1.14 meters.

Explanation
Reason for Answer Error: The solution process is entirely correct, but there is an 
expression error in the answer. The correct result should be 7.14, but an extra step 
was taken, leading to the incorrect answer of 1.14.
Reason for Failure: The model identified the error and obtained the correct 
answer, but failed to realize that the error was caused by a misinterpretation of 
the language expression. It mistakenly attributed the issue to a computing error 
in the PoT steps, leading to an incorrect classification of the error type.

Question: A 10-meter ladder is leaning against a vertical wall. If the 
ladder reaches 8 meters up the wall, how far is its base from the wall? 
Additionally, if the ladder slips down 1 meter, how far will the base 
move away from the wall?
Answer: To solve the problem, we need to use the Pythagorean 
theorem and some basic geometry. Let‘s break it down step-by-step. 1. 
Initial Position: The ladder is 10 meters long. The ladder reaches 8 
meters up the wall. We need to find the distance of the base of the 
ladder from the wall. Using the Pythagorean theorem: base! +
height! = ladder!, base!	+ 8! = 10!	, base!	+ 64 = 100, base!	= 36, 
base= 36 = 6. After slipping: The ladder slips down 1 meter, so the 
new height is 7 meters. We need to find the new distance of the base 
of the ladder from the wall. Using the Pythagorean theorem again: 
base!	+ 7! = 10!	, base!	+ 49 = 100, base!	= 51, base = 51	 meters. The 
distance the base has moved is the difference between the new base 
and the original base: distance moved = 51	− 6. Now let's use 
Python to compute these values.

The initial distance of the base of the ladder from the wall is 6 meters. 
After the ladder slips down 1 meter, the new distance of the base 
from the wall is approximately 7.14 meters. Therefore, the base of the 
ladder moves an additional distance of approximately 1.14 meters. So, 
the final answer is: 1.14142842854285 meters.
Error Type Detection: expression error

import math
initial_height = 8
ladder_length = 10
initial_base = math.sqrt(ladder_length**2 - initial_height**2)
new_height = initial_height - 1
new_base = math.sqrt(ladder_length**2 - new_height**2)
distance_moved = new_base - initial_base
print(((initial_base, new_base, distance_moved)))

import math
initial_height = 8
ladder_length = 10
initial_base = math.sqrt(ladder_length**2 - initial_height**2)
new_height = initial_height - 1
new_base = math.sqrt(ladder_length**2 - new_height**2)
distance_moved = round(new_base - initial_base, 2)
print((initial_base, new_base, distance_moved))

Figure 8: Failure Example 3.

Failed Reasoning MathDebugger
To evaluate the given answer, let’s break down the solution 
step by step. 1. The given solution is mathematically correct up 
to the point where it calculates the probability of the distance 
between two randomly chosen points on adjacent sides of a 
unit square being at least !" . 2. The solution calculates the area 
outside the circle within the unit square correctly as 1 − #

$ . 3. 
The solution then calculates the probability as the ratio of the 
area outside the circle to the area of the square, which is also 
correct. 4. The solution correctly expresses the probability in 

the given form !"#$%  , where  a = 4 ,  b = 1 , and  c = 4 . 5. Finally, 
the solution calculates  a + b + c  correctly as  4 + 1 + 4 = 9 .
Therefore, the answer is: Correct.

Explanation
Reason for Answer Error: The answer overlooked the restriction 
“within the unit square.” Under this constraint, the correct area 
should correspond to a quarter of a circle, and the result at this 
step should be 1 − #

!% .
Reason for Failure: The model only verified the correctness of 
the problem-solving approach, overlooking the logical errors in 
the specific steps and failing to validate the computed results.

Question: Let S be a square of side length 1. Two points are chosen independently at random on the sides 
of S. If the points are on adjacent sides, the probability that the straight-line distance between the points 
is at least !" is &'(#

)  , where a, b, and c are positive integers with  gcd(𝑎, 𝑏, 𝑐) 	= 	1	. What is  a + b + c ?
Answer: To solve the problem, we need to calculate the probability that the straight-line distance 
between two randomly chosen points on adjacent sides of a unit square is at least !

" . Let's denote the 
vertices of the square S as A, B, C and D in clockwise order, with AB, BC, CD and DA being the sides of the 
square. 1. Define the positions of the points: Let P be a point on side AB with position x (where 0 ≤ 𝑥 ≤ 1 ). 

Let Q be a point on side BC with position y (where 0 ≤ 𝑦 ≤ 1	). 2. Calculate the distance between P and Q: 
The coordinates of P are 𝑥, 0 . The coordinates of Q are 1, 𝑦 . The distance d between P and Q is given by: 
𝑑 = 1 − 𝑥 * + 𝑦*. 3. Set up the inequality for the distance: We need 𝑑 ≥ !

" . 1 − 𝑥 * + 𝑦* ≥ !
", Squaring 

both sides: 1 − 𝑥 * + 𝑦* ≥ !
#. 4. Analyze the inequality: This inequality represents the region in the unit 

square 0 ≤ 𝑥 ≤ 1	and 0 ≤ 𝑦 ≤ 1	where the distance between P and Q is at least !
" . 5. Visualize the region: 

The inequality 1 − 𝑥 * + 𝑦* ≥ !
#	describes a circle with center 1, 0 and radius !"	. We need to find the area 

of the region within the unit square that lies outside this circle. 6. Calculate the area of the circle and the 

square: The area of the circle is: Area of circle = 𝜋 !
"

& = #
$	. The area of the unit square is: Area of square 

= 1 . 7. Calculate the area outside the circle: The area outside the circle within the unit square is: Area 
outside circle = 1 − #

$ . 8. Calculate the probability: The probability that the distance between P and Q is 
at least !"	is the ratio of the area outside the circle to the area of the square: Probability = 1 − #

$ . 9. 

Express the probability in the given form: The given form is !"#$%  . Comparing 1 − #
$ with !"#$%  , we get: a 

= 4, b = 1, c = 4 . 10. Calculate a + b + c : a + b + c = 4 + 1 + 4 = 9 . Thus, the final answer is: 9 .
Correctness Detection: incorrect

Figure 9: Failure Example 4.
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Question Type
System Prompt: You are an intelligent chatbot designed for evaluating 
math questions. 
Formatted Prompt: I want you to evaluate the following math 
question:
Question: {question}
You need to determine the type of error in the question. The question 
is incorrect, and your task is to classify the type of error. 

Answer Type
System Prompt: You are an intelligent chatbot designed for evaluating 
math questions and answers. 
Formatted Prompt: I want you to evaluate the following math 
question and answer:
Question: {question}
Answer: {answer}
You need to determine the type of error in the answer. The answer is 
incorrect, and your task is to classify the type of error.

Prompt of Experiment
Question Correctness
System Prompt: You are an intelligent chatbot designed for 
evaluating math questions. 
Formatted Prompt: I want you to evaluate the following math 
question:
Question: {question}
Please determine if the question is correct or not. Answer Step 
By Step, and finally answer 'Correct' or 'Incorrect’.

Answer Correctness
System Prompt: You are an intelligent chatbot designed for 
evaluating math questions and answers.
Formatted Prompt: I want you to evaluate the following math 
question and answer: 
Question: {question}
Answer: {answer}
Please determine if the answer is correct or not. Answer Step 
By Step, and finally answer 'Correct' or 'Incorrect’.

Figure 10: Prompt for the experimental evaluation of question/answer correctness and error-type detection.

z

Expression Error
Type1: The problem should intentionally include ambiguous 
pronouns or expressions, making it challenging to interpret and 
solve due to multiple possibilities.   
Example: “A rope is cut into two pieces, one of which is twice as 
long as the other. Someone took one piece, and the remaining 
length is one-third of the original length. What was the original 
length of the rope?”  
Type2: The problem should deliberately include grammatical 
errors that render the question incoherent, unreadable, or even 
nonsensical.    
Example: “A apple tree hang on som apple, red an green kinds got 
10 some. Take few, how mant tree left now?”      
Type3: The problem should deliberately include unnecessary or 
irrelevant details, making the problem appear more complicated 
without affecting its solution.  
Example: “A car travels at 60 km/h from point A to point B, taking 
2 hours. The car is red, with the license plate ABC123, driven by a 
35-year-old male. What is the distance from A to B?”     
Type4: The problem should intentionally misuse technical terms, 
jargon, or concepts, causing the problem to be incorrect. 
Example: “A square has a radius of 10 cm. What is the perimeter 
of the square?”  

Lack of Conditions
Type5: The problem must rely on charts or diagrams to 
understand and solve, but these essential visuals should be 
intentionally omitted, making the problem unsolvable.
Example: “A school held a math competition, and the scores were 
categorized into different levels (e.g., A, B, C, D). Below is part of

Prompt of Error Question Construction 10 different types

the student score data. Please answer how many students scored in 
level B. ” 
Type6: The problem should intentionally omit key conditions or 
details necessary for solving, making the problem unanswerable.  
Example: “A rectangle's length-to-width ratio is 2:1. What is its area?”        

Contradictions
Type7: The problem should deliberately include contradictory 
conditions, making the information provided conflict with each other, 
and therefore unsolvable or leading to incorrect conclusions.   
Example: “A rectangle's length is 10 meters, and its width is 5 meters. 
The perimeter of the rectangle is 50 meters. What is the area of the 
rectangle?”     
Type8: The problem should intentionally contain that the solution 
given by the problem does not exist. 
Example: “A square has a side length of 5 cm, but its perimeter is 30 
cm. What is the area of the square?”   

Unrealistic
Type9: The problem should intentionally include flawed conditions, 
leading to a result that is a non-integer, even though the real-world 
context makes non-integer results impossible.    
Example: “A train has 10 carriages, and each carriage can hold an 
average of 32.5 passengers. How many passengers are on the train?”     
Type10: The problem should deliberately violate common sense or 
natural laws, resulting in an unrealistic or meaningless scenario.   
Example: “A car travels at 120 km/h from Earth, heading directly 
toward the Moon (average distance: 380,000 km). The car must 
refuel every 10 km, taking 5 minutes each time. How long will it take 
the car to reach the Moon?”    

Figure 11: Prompt for expanding error types during the construction of the question dataset.
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z

Method1: Change specific numbers, fractions, or percentages.
Example: “James writes a 3-page letter twice a week to two 
different friends. Each week, he increases each letter by 50% in 
pages. How many pages does he write in a month?”  

Method2: Introduce algebra and variables.
Example: “James writes x pages to y friends per week, with a 
frequency of z times per week. How many pages does he write in 
w weeks?”  
Method3: Add time variation.
Example: “On top of his weekly letter-writing, James writes an 
additional 5 pages for each holiday. Considering there are 12 
holidays in a year, how many pages does he write in a year?”  

Method4: Introduce accumulation or incremental/decremental 
conditions.
Example: “At the beginning of the year, James writes 3 pages to 
his friends weekly, increasing by 1 page every three months. How 
many pages does he write in total over the year?”  

Method5: Introduce special events or unexpected circumstances.
Example: “James writes 3 pages twice a week, but if he travels on 
the weekend, he writes only once that week. Assuming he travels 
8 times in a year, how many pages does he write in a year?”  

Method6: Apply statistics and probability.
Example: “James’s letters have a 5% chance of being returned. If 
he writes 100 letters in a year, how many are expected to be 
successfully delivered?”  
Method7: Include error rate or rework.
Example: “James finds that 5% of his letters need to be rewritten. 
How many pages does he write in total over the year?”  

Method8: Set a cost budget or resource limit.
Example: “Each page costs James $1, and his budget is $200. At 
his current writing frequency, how long can he continue writing?”  
Method9: Multi-variable comparison.
Example: “James writes 3 pages weekly to two friends, and for

Prompt of Question Rewriting 16 different methods

three other friends, he writes 5 pages weekly. How many pages does 
he write in a year?” 

Method10: Establish conditional looping or recursion.
Example: “James writes 3 pages weekly to two friends. If he receives 
a reply, he writes an extra page the following week. Assuming he 
receives 8 replies in a year, how many pages does he write in total?”  

Method11: Set a goal or progress requirement.
Example: “James aims to write 200 pages in six months. With a 
current frequency of two 3-page letters per week, how many extra 
pages should he write each week to reach his goal?”  

Method12: Include conditions with multiple outcomes.
Example: “James writes 3 pages twice a week to his friend. If he gets 
a reply, he writes one additional letter; if no reply, he writes one less. 
Assuming he receives 20 replies in a year, how many pages does he 
write?”  

Method13: Use multiple units.
Example: “James writes 3 pages weekly to his friend. If each page 
takes 10 minutes to write, how many hours does he spend writing in 
a year??”  
Method14: Reverse calculation.
Example: “James wrote 624 pages in a year, writing to two friends 
twice weekly. How many pages did he write per letter?”  

Method15: Storytelling or nested situations.
Example: “James is attempting to write a book about his friends. He 
writes letters weekly to record their daily lives, planning to compile 
every 20 pages into a chapter. At his current writing rate, how many 
chapters can he complete in a year?”  

Method16: Interdisciplinary approach.
Example: “James writes a 3-page letter to two friends every week and 
sends them by airmail. Assuming each letter weighs approximately 20 
grams, calculate the total weight required to send all these letters to 
his friends over a year, given an average flight speed of 900 km/h and 
that both friends are 1,000 km away.?”  

If the original question is: “James writes a 3-page letter to 2 different friends twice a week. How many pages does he write a year?”. 
There are the following ways to rewrite and expand the question.

Figure 12: Prompt for enhancing question diversity during the construction of the answer dataset.
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