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Abstract

Large Language Models (LLMs) have demon-
strated remarkable capabilities across various
domains. Math Word Problems (MWPs) serve
as a crucial benchmark for evaluating LLMs’
reasoning abilities. While most research pri-
marily focuses on improving accuracy, it of-
ten neglects understanding and addressing the
underlying patterns of errors. Current error
classification methods rely on static and pre-
defined categories, which limit their ability to
capture the full spectrum of error patterns in
mathematical reasoning. To enable systematic
error analysis, we collect error samples from
15 different LLMs of varying sizes across four
distinct MWP datasets using multiple sampling
strategies. Based on this extensive collection,
we introduce MWPES-300K, a comprehensive
dataset containing 304,865 error samples that
cover diverse error patterns and reasoning paths.
To reduce human bias and enable fine-grained
analysis of error patterns, we propose a novel
framework for automated dynamic error classi-
fication in mathematical reasoning. Experimen-
tal results demonstrate that dataset character-
istics significantly shape error patterns, which
evolve from basic to complex manifestations
as model capabilities increase. With deeper
insights into error patterns, we propose Error-
Aware Prompting (EAP) that incorporates com-
mon error patterns as explicit guidance, leading
to significant improvements in mathematical
reasoning performance.

1 Introduction

Large Language Models (LLMs) have showcased
remarkable capabilities across various domains, yet
mathematical reasoning remains a notable chal-
lenge (Brown et al., 2020; Achiam et al., 2023;
Team et al., 2023; Dubey et al., 2024; Jaech et al.,
2024a, inter alia). Mathematical Word Problems
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Input:

You are an excellent classifier, tasked with classifying
errors in the solution of a given math word problem from
the following 9 categories:

1. Hallucination: Error involves adding fictitious unrelated
statements contradictory to the question

2. Calculation Error: Error appears during the calculation
process when the formula is entirely correct.

9. Contradictory Step: Error manifests inconsistency
between preceding and subsequent reasoning steps.

Question: {}
Error Solution: {}
\ Your Classification: {}

I think categories
provided in prompt
are too board for me!

Repeat
5 Times

A1: Context Value Error

A2: Calculation Error

A4: Calculation Error

Cohen's Kappa Coefficient:
Shannon Entropy: H(x) = 0.52

[ A3: Formula Confusion Error

XXX

A5: Hallucination

Figure 1: LLMs struggle to categorize errors into prede-
fined, broad and ambiguous categories, resulting in low
consistency and accuracy.

(MWPs) serve as a critical benchmark for evalu-
ating LL.Ms’ mathematical reasoning abilities, as
they demand both natural language understand-
ing and mathematical computation skills. Recent
advancements, such as Chain-of-Thought (CoT)
prompting (Wei et al., 2022) and specialized math-
ematical training (Yang et al., 2024; Shao et al.,
2024), have shown promising progress in this do-
main. However, these improvements primarily fo-
cus on accuracy metrics while overlooking the crit-
ical aspect of understanding and addressing the
underlying patterns of errors.

The analysis of LLM errors in mathematical
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reasoning has emerged as a vital research direc-
tion. Lightman et al. (2024) introduces PRMS00K,
a dataset featuring manually annotated solution
steps to enhance model performance through pre-
training. Building on this foundation, Zeng et al.
(2023b) develops MR-GSMS8K, which incorporates
potentially erroneous reasoning paths and requires
models to both evaluate solution correctness and
pinpoint error locations. This approach aligns with
Li et al. (2024)’s work, which requires models to
not only identify but also correct errors.

However, current approaches to error analysis in
mathematical reasoning face several fundamental
deficiencies. Traditional error classification meth-
ods rely heavily on static, predefined categories
that are based on human observation and empirical
judgment. This approach proves inadequate for
capturing the diverse and evolving nature of LLM
errors, particularly when scaling to large datasets.
The challenge is further complicated by the obser-
vation that different LLMs often generate distinct
types of errors when solving the same problem,
making static classification frameworks increas-
ingly obsolete. For instance, GPT-3.5 and LLaMA-
3.1-70B may produce entirely different types of
errors when solving the same MWP, necessitating
a more flexible classification approach.

Moreover, as illustrated in Figure 1, predefined
error taxonomies often employ broad, ambiguous
categories such as "Hallucination" or "Calculation
Error" that lack the granularity needed for meaning-
ful analysis. This oversimplification obscures the
root causes of errors and hampers the development
of targeted improvements. Additionally, current
methodologies typically focus solely on identify-
ing the first error in a solution path, overlooking the
potential cascade of subsequent errors that could
provide valuable insights into model behavior.

To facilitate systematic error analysis, we in-
troduce MWPES-300K (Math Word Problem Er-
ror Solutions), a comprehensive dataset containing
304,865 erroneous MWP solutions. Unlike existing
error analysis datasets that focus on single dataset
or synthetic errors, MWPES-300K captures real er-
ror patterns by collecting model outputs across four
diverse MWP datasets. Furthermore, we propose a
novel framework for automated dynamic error clas-
sification in mathematical reasoning. Our approach
adaptively evolves error categories based on ob-
served model outputs, enabling fine-grained analy-
sis of error patterns while reducing human bias and
intervention. Moreover, we introduce an innova-

tive Error-Aware Prompting (EAP) mechanism that
explicitly guides models to avoid potential errors
during problem-solving, substantially enhancing
mathematical reasoning performance. Our main
contributions are as follows:

* Development of the first automated frame-
work for dynamic error classification in
MWPs, adapting to diverse error patterns
across different LLMs and problem types.

* Introduction of MWPES-300K, a comprehen-
sive dataset containing 304,865 error samples
collected from 15 different LLMs across 4
MWP datasets of varying difficulty levels us-
ing multiple sampling strategy, enabling ro-
bust analysis of error patterns and distribution.

* Implementation of an Error-Aware Prompting
(EAP) mechanism that significantly improves
mathematical reasoning performance by ex-
plicitly guiding models to avoid relevant error
patterns through our framework.

2 Related Work

MATH Capabilities Enhancement. Research
on enhancing LL.Ms’ mathematical capabilities
divides into prompting-based and scaling-based
approaches. Prompting techniques like Chain-of-
Thought (CoT) (Wei et al., 2022), Tree-of-Thought
(ToT) (Yao et al., 2023), and Graph-of-Thought
(GoT) (Besta et al., 2024) structure reasoning
paths, while Program-of-Thought (PoT) (Chen
et al., 2023) and Program-Aided Language Models
(PAL) (Gao et al., 2023) transform reasoning into
executable code. Self-Consistency (Wang et al.,
2023) improves performance through sampling
and probability-based selection. Scaling-based
approaches focus on larger models and extensive
training data (Azerbayev et al., 2023), exemplified
by Minerva’s 540B parameter model (Lewkowycz
et al., 2022). OpenAlI’s ol model (Jaech et al.,
2024b) extends scaling to test-time with exter-
nal supervision (Setlur et al., 2024; Wang et al.,
2024), demonstrating how scaling principles en-
hance mathematical reasoning during both training
and inference (Snell et al., 2024; Wu et al., 2024).

Math Word Problems. The development of
math word problem datasets has played a pivotal

role in assessing the mathematical capabilities of
LLMs (Lu et al., 2023). The evolution of these
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Dataset Dataset Size Injected Error Models Dataset
Errors Categories Covered Count
PRM800K 98,732 X 7 1 1
MathCritique-76k 76,000 v Unspecified 1 2
MathCheck-GSM 516 v 4 1 1
MR-GSM8K 3,000 v Unspecified 1 1
EIC-Math 1,800 v 9 1 2
MWPES-300k(ours) 304,865 X Dynamic 15 4

Table 1: Comparison of MWP Datasets involving Error Analysis

datasets reflects the progressive advancement in
problem complexity and diversity. Addsub (Hos-
seini et al., 2014) establishes a foundation with
a collection of elementary addition and subtrac-
tion problems, which is subsequently expanded
by Roy and Roth (2015) to encompass multiplica-
tion and division operations. Miao et al. (2020)
further enriches the landscape by introducing a
broader spectrum of text patterns and problem
types, while SVAMP (Patel et al., 2021) inno-
vatively applies systematic variations to existing
problems to test model robustness. As model
capabilities continue to advance, researchers re-
spond by developing increasingly sophisticated
datasets (Ahn et al., 2024a). GSMS8K (Cobbe et al.,
2021) marks a significant step forward with its
introduction of 8,500 linguistically diverse grade
school math word problems. MATH (Hendrycks
et al., 2021) substantially elevates the complex-
ity threshold by presenting 12,500 competition-
level mathematics problems that span multiple do-
mains, including algebra, probability, calculus, and
geometry. TAL-SCQS5K (TAL Education Group,
2023) contributes to this progression by construct-
ing multiple-choice questions at both junior and
senior high school levels. For advanced mathemati-
cal reasoning assessment, AQuA (Ling et al., 2017)
and MathQA (Amini et al., 2019) extend the fron-
tier to college-level mathematics by incorporating
GRE questions into their collections.

MATH Error Analysis. Recent research has in-
creasingly focused on analyzing and classifying
errors in math word problems. Several datasets
have emerged to facilitate this analysis, each em-
ploying distinct approaches to error generation and
classification. MathCritique-76k (Xi et al., 2024)
and EIC-MATH (Li et al., 2024) utilize LLM-based
approaches to generate erroneous solutions, with

the latter specifically employing GPT-4 to trans-
form correct solutions into incorrect ones. REA-
SONEVAL (Xia et al., 2024) takes a more struc-
tured approach, introducing errors through six spe-
cific perturbation strategies, including step repe-
tition, removal, swapping, and random modifica-
tions. PRM800OK (Lightman et al., 2024) provides
a comprehensive process supervision dataset with
800,000 step-level correctness labels for model-
generated solutions. MR-GSMS8K (Zeng et al.,
2023a) and MathCheck-GSM (Zhou et al., 2024)
focus on fine-grained step-by-step error annotation,
with the former incorporating specialized data aug-
mentation strategies (PoT and REVERSED) vali-
dated through human verification.

However, these existing approaches face several
critical deficiencies. First, the relatively small scale
of most datasets and their limited number of error
generators restrict their generalizability. Second,
the synthetic nature of error construction, often in-
volving manual injection of errors into correct solu-
tions, may not accurately reflect the natural failure
modes of LLLMs. Third, current error classifica-
tion schemes typically lack granularity and precise
criteria, leading to ambiguous categorizations that
may not effectively capture the nuanced ways in
which LLMs fail at mathematical tasks. To address
these limitations, we introduce MWPES-300k. As
shown in Table 1, compared to other error analysis
datasets, MWPES-300k features the most compre-
hensive data scale, encompasses a broader range
of models and datasets, samples from naturally oc-
curring model errors, and employs dynamic error
typing that does not rely on manual categorization.

3 Data Construction

To address these deficiencies, we introduce
MWPES-300K (Math Word Problem Error Solu-
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Figure 2: Distribution of sample source datasets and
model sources. The pie chart illustrates the relative pro-
portion of samples from each dataset, while the bar chart
depicts the sample distribution across source models.

tions), a systematically constructed dataset con-
taining 304,865 erroneous MWP solutions. Fig-
ure 2 presents a detailed statistical analysis of the
dataset’s composition and distribution. By har-
nessing real model outputs rather than manually
injecting synthetic errors, MWPES-300K more ac-
curately mirrors the organic failure modes of LLMs
and offers a broader coverage of error types. While
existing error analysis datasets like PRM80OK and
MR-GSMSK focus on single datasets, MWPES-
300K spans four diverse MWP datasets, enabling
more comprehensive analysis of error patterns
across different problem types and difficulty levels.
The overview of the dataset construction process is
shown in Appendix A.1.

Generation Method. To efficiently construct a
large-scale error sample dataset, we leverage a key
property of MWPs: a solution deviating from the
standard answer often indicates flaws in the reason-
ing process (Lightman et al., 2024). Therefore, in
generating error data, we focus on the incorrect out-
comes of model solutions rather than meticulously
labeling errors at each step. By avoiding manual
annotation of each reasoning step, we enhance the
efficiency of data generation.

We select four widely used MWP datasets:
SVAMP (Patel et al., 2021), GSM8K (Cobbe
et al., 2021), MATH (Hendrycks et al., 2021) and
AQuA (Ling et al., 2017), which cover elemen-
tary, middle school, high school, and college levels
questions (Ahn et al., 2024b) as the data sources for
MWPES-300K. We employ 15 LLMs as solution
generators. These LLMs possess notable natural

language understanding and generation capabili-
ties, enabling them to simulate potential errors in
the problem-solving process. For each problem,
we implement a multiple sampling approach where
each LLM generates 10 distinct solutions. By com-
paring these solutions against ground truth answers,
we identify erroneous solutions that capture various
mistake types, including logical errors, computa-
tional mistakes, and methodological flaws.

Data Filtering. After the initial generation of the
error sample set, we observe instances of misidenti-
fication. Some solutions with formatting deviations
have correct reasoning and calculations. For exam-
ple, an LLM might generate solutions like "Since
he can only plant 6 and 3 rows respectively, then
6 * 8 blue tulips and need 3 * 6 red tulips." While
the LLM accurately represents the computational
steps, it fails to simplify "3 * 6" to "18," leading
to its misclassification as an incorrect solution in
the initial screening. These format-related devia-
tions do not represent genuine errors and therefore
require removal from the error dataset.

To address this issue, we employ an auto-
mated checker, as detailed in Appendix A.2, to
screen all solutions initially flagged as incorrect.
This checker analyzes LLM outputs to determine
whether the reasoning and calculations are correct,
even if the format deviates slightly from the stan-
dard answer. If the checker confirms the solution’s
logical validity, the corresponding sample is re-
moved from the error sample candidate set.

Given the scale of MWPES-300K, exhaustive
manual verification is impractical. To validate our
automated screening method, we conduct 10 ran-
dom samplings, each examining 3% of the dataset
through rigorous manual review. The average mis-
classification rate across these samplings remains
consistently below 1%, validating the reliability
of our automated approach. After applying all fil-
tering stages described above, we obtain our final
dataset MWPES-300K.

4 Error Classification Framework

To address the limitations of static error catego-
rization, we develop the first automated framework
for adaptive mathematical error classification. Our
framework dynamically adapts to diverse error pat-
terns while effectively maintaining classification
consistency across different LLMs and problem
types. The architecture of this framework is illus-
trated in Figure 3.
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Question: Heather’s razors come 4 to a pack and cost $4.00 a pack.
They are currently on sale for buy one get one free. She also has a
$2.00 coupon. How much will each individual razor cost, in cents,
after the discount if she buys 2 packs of razors?
Correct Answer: 25 cents

Error Analyzer

l

versus the actual total quantity received.

Analysis:
1. The calculation confused the concept of the quantity paid for
Discount used a secondary value, not the original price.

2.

az, [ 0056 [ 005 [ 013 |

Embedding Model

Error Solution:
Step1: Heather buys 2 packs of razors, and with the buy-one-get-one-
free deal, she gets a total of 2 * 2 = 4 packs.

Step6: To find the cost of each individual razor, we divide the total cost
by the number of razors: 14 / 8 = 1.75 dollars.

Step7: Each individual razor will cost $1.75, which is 1.75 * 100 = 175

cents.

LLM

.. | o028 }\
az,| 0025 [ 027 [ oss [ .. | 089 }/;

Error-Aware Prompting

o

lustering Algorithm  Classification Result

Figure 3: An illustrative example of the automated framework for dynamic error classification.

Data Source: The dataset consists of a collection
D = {(qi,a;, i) }}_,, where for each index i: g;
denotes the ¢-th question from the problem set, a;
represents its corresponding correct answer, and s;
denotes the erroneous solution.

Error Analyzer: The error analyzer takes a
triplet (g;, a;, s;) as input and outputs z;, where
zi = [e1, €2, ..., €] is a list structure containing m
error analyses of error solution s;, when providing
question ¢; and standard answer a;.

Embedding Model: The embedding model takes
the list z; = [ey, ea, ..., €] as input, and for each
error analyses e;, it outputs a corresponding vector
v; € R where d is the dimension of each vector.

Clustering Algorithm: The clustering algorithm
takes a set of vectors V' = {v1, v, ..., v, } as input
and outputs a set of k clusters, denoted as C' =
{c1,¢a,...,c}. Each cluster ¢; contains a set of
similar error analysis vectors.

By dynamically mapping model errors into dif-
ferent clusters, our framework achieves adaptive
error classification. Since models often exhibit mul-
tiple error types simultaneously, solutions may be
mapped to several error clusters. Through com-
prehensive analysis of each cluster, we can derive
the corresponding error typology, enabling fine-
grained understanding of model failure modes.

S Error-Aware Prompting

The Error-Aware Prompting algorithm aims to en-
hance the LLM’s ability by incorporating relevant
errors of the question. This algorithm involves two
main steps: Knowledge Point Labeling and Rele-
vant Error Summary Retrieval.

Algorithm 1 Error-Aware Prompting

1:

Input: Question g, Cluster centroids C, error
analysis z, similarity threshold 6, similarity
function F.

Use LLM to generate knowledge point labels
K for q.

Initialize relevant error summary set R = ().
forall £ € K do
Embed £ into vector vy,.
for all c € C' do
for all v, € c.summaries do
Calculate F (vg, ve).
if F(vk, ve) > 6 then
Addeto R.
end if
end for
end for
: end for

: Construct prompt p by appending R to q.
: Generate response using p with LLM.
: Output: LLM response.
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* Knowledge Point Labeling: Given a ques-
tion ¢, an LLLM is employed to generate a set
of knowledge point labels K. These labels
represent the relevant concepts or topics in-
volved in the question.

Relevant Error Summary Retrieval: For
each knowledge point label £ € K, we first
embed k into a vector vy. We then iterate
through the clustering results C, where each
cluster ¢; € C contains embedded error sum-
maries. A similarity function F(vg,v.) is



used to determine the relevance between the
knowledge point k£ and the error summary e.
If F(vk,vs) > 6, where 6 is a predefined sim-
ilarity threshold, the error summary s is added
to a set of relevant summaries R.

An error-aware prompt p is constructed by ap-
pending the relevant summaries I? to the original
question ¢g. This prompt is then fed into the LLM
to generate a response. The detail of the algorithm
is shown in Algorithm 1.

6 Experiment

6.1 Experiment Setup

Data Source: We utilize the novel MWPES-
300K dataset developed in this research.

Error Analyzer: We employ GPT-40 to analyze
the causes of errors in each solution path. The input
is the error sample, and the output is a description
and analysis of the error type. The prompt template
used is detailed in the Appendix Table 20. We also
investigate the framework’s adaptability to open-
source models, as demonstrated in Appendix A.7.

Text Embedding: To convert textual error de-
scriptions into numerical vectors, we use OpenAl’s
text-embedding-3-large (OpenAl, 2024).

Clustering Algorithm: We apply K-means as
the clustering algorithm. We conduct an ablation
study for the selection (See Appendix A.8). To de-
termine the optimal number of clusters k, we adopt
3 methods: the Davies-Bouldin Index (Davies and
Bouldin, 1979), Gap Statistic (Tibshirani et al.,
2001), and the Elbow Method. Through this multi-
stage validation process, we identify k£ = 39 as the
optimal number of error categories. The detailed
selection procedure is presented in Appendix A.3.

6.2 Main Results

We conduct extensive experiments to address the
following research questions:

RQ1: How do different MWP datasets impact
error patterns for a given model? As presented
in Figure 4, our analysis of error patterns across
GPT-40 on MATH, GSMS8K, AQuA, and SVAMP
datasets reveals two key findings. First, dataset
difficulty strongly correlates with error type di-
versity, with the more challenging MATH dataset
consistently eliciting both higher error counts and
more diverse error types compared to the simpler
SVAMP and GSMS8K datasets. Second, certain
common error patterns transcend specific problem

types across all datasets, including "misinterpreta-
tion of problem requirements", "algebraic manipu-
lation errors", and "incomplete constraint consid-
eration". Notably, errors in the SVAMP dataset
frequently stem from ambiguous problem descrip-

tions rather than model weaknesses.

RQ2: How do error patterns change as model
capabilities improve? In Figure 5, analysis
across model generations reveals a significant
evolution in mathematical reasoning capabilities.
Within the GPT series, we observe a consistent re-
duction in fundamental mathematical errors, with
"Misunderstanding of problem requirements” de-
creasing from 11.93% (10,907 errors) in GPT-3.5-
turbo to 4.83% (1,699 errors) in ol-mini. Similar
improvements appear in algebraic manipulation er-
rors. Interestingly, as models advance, their error
patterns shift from basic computational mistakes
to more sophisticated reasoning failures. This is
exemplified by the emergence of "Lacks thorough
analysis of boundary conditions" errors, which are
absent in GPT-3.5-turbo but appear at a rate of
2.33% in GPT-40, suggesting an evolution toward
more nuanced mathematical reasoning.

RQ3: How do error patterns change as the pa-
rameter size of LLM increases? As illustrated
in Figure 5, horizontal comparison across Llama,
Gemma-2, and Qwen2.5 families reveals a consis-
tent trend: total error counts decrease as model size
increases, indicating a direct correlation between
scale and performance. For instance, within the
Llama series, Llama-3.1-405b (65,401 total errors)
significantly outperforms Llama-3.1-8b (127,696
errors), with "Misunderstanding of problem re-
quirements" errors decreasing from 13.56% to
8.58%. Additionally, certain error types like "In-
consistent Variable Substitutions" become almost
non-existent in larger models. Furthermore, larger
models exhibit more balanced error distributions,
suggesting fewer prominent weaknesses compared
to their smaller counterparts.

RQ4: Can dynamic error classification effec-
tively enhance model output consistency and
accuracy? In Table 2, we analyze the accuracy
and consistency of error classification using both
our dynamic framework and static typologies. We
measure consistency using 1 — H(x), where H (z)
represents the entropy of prediction results across
multiple samples. Using 10 samples to calculate
entropy and average accuracy, along with a stan-
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Figure 4: The error pattern distributions of GPT-40 across 4 MWP datasets. Each solution may make more than one
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Error Pattern Distribution Across 15 LLMs

100%
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O Misunderstanding of problem requirements
I Lack of verification for final answer.

01 Miscalculation during the algebraic manipulation.

1 Insufficient understanding/consideration of problem constraints.

I Ambiguous problem parameters.

3 Misinterpreted conditions led to incorrect assumptions,

3 Incorrect application of mathematical formulas/concepts.

B Inconsistent application of formulas.

1 Lack of logical reasoning in arriving at the answer.

B Inconsistent Variable Substitutions

B Misinterpretation of what the problem is asking for.

B Lack of Simplification.

[ Incorrect equation setup due to misinterpreted conditions.

B Lacks thorough analysis of boundary conditions

B Overcomplication by introducing irrelevant elements resulted in the wrong expression.
B The notation used led to confusion in mathematical operations.

B Misplaced focus on solving an unnecessary/unsolvable variable.

B Miscalculation during the equation solving process.

B Unit Error.

B Misinterpretation of rounding rules.

B Irrelevant Content

B Failure to consider all possible solutions.

B Overreliance on assumptions instead of analysis.

t factorization/Confusion between different forms of number factorizations.

250000
£ 200000
& 150000
2 100000

50000

o

t calculation during simplification steps.
h

186773

Failure to accurately apply speed formulas and conversions.
Misinterpretation of geometric relationships in the problem context
Misapplication of perimeter and area formulas for rectangles.
Misinterpretation of scaling language led to errors in calculations

Models

Figure 5: The figure depicts error pattern distributions for 15 LLMs. The top stacked bar chart shows the distribution
of error types per model, while the bottom bar chart shows the total error counts. A color-coded legend to the right
shows error types descriptions.

ssumed equivalence of different algebraic expressions.

M Failure to distinguish between selling price and cost price.
' Incorrect application of trigonometric functions.
m Misapplication of modular reasoning

Model Accuracy Consistency Model CoT EAP

GPT-40 (Stastic) 35.65% 18.27% GPT-40 76.60%  79.22% . 5 g2
GPT-40 (Adaptive) 83.33% 82.21% Claude-3.5 71.10%  80.02% . 5 959
Claude-3.5 (Stastic) 27.45% 12.63% Llama-3.1-70b  68.0%  78.48% . 10.45%
Claude-3.5 (Adaptive)  74.57% 76.51% Llama-3.1-8b  51.90% 78.23% , 96.33%

Table 2: Models using the adaptive framework demon-
strate significant improvements in both classification
accuracy and consistency compared to static categories.

dardized set of 9 error types for fair comparison,
we observe that predefined static templates yield
lower accuracy and consistency due to ambiguous
and overly broad error type definitions. In contrast,
our adaptive error classification framework lever-
ages the model’s inherent analytical and compre-
hension capabilities to significantly enhance both
the accuracy and consistency of error classification.
Detailed analysis of this phenomenon is presented
in Appendix A.4.

6.3 Performance of EAP

We evaluate the effectiveness of Error-Aware
Prompting (EAP) on both in-distribution and

Table 3: Performance comparison between commercial
and open-source models using CoT baseline and Error-
Aware Prompting on the MATH dataset.

out-of-distribution MWPs to investigate whether
problem-specific error feedback could enhance
LLM performance. Our experiments focuses on
two challenging datasets: MATH (Hendrycks et al.,
2021) and TAL-SCQ5K (TAL Education Group,
2023). For each problem, we employ the approach
detailed in Algorithm 1 to retrieve relevant error
summaries. These summaries, generated by the
error analyzer, detail the mistakes observed and
are appended to the original prompt to guide the
model’s reasoning process.

In-Distribution Analysis We evaluate 4 LLMs
on the MATH dataset. As shown in Table 3, Error-
Aware Prompting significantly improved the accu-
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Accuracy Comparison of Prompting Methods (Highlighting Error-Aware Prompting vs CoT)
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Language Model
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Claude-3.5 sonnet

GPT-40

Figure 6: Performance comparison of prompting meth-
ods on 4 LLMs, highlighting Error-Aware Prompting’s
(EAP) improvement over CoT.

racy across all models. For instance, Llama-3.1-
8b demonstrated a performance increase of over
25%, surpassing the CoT performance of GPT-4o.
These findings highlight that EAP effectively helps
LLMs avoid potential errors, leading to substan-
tial improvements in performance. Crucially, as
demonstrated in Appendix A.10, this improvement
stems from our dynamic error selection mecha-
nism rather than merely exposing models to error
examples—static error baselines actually degrade
performance compared to standard CoT.

Out-of-Distribution Analysis To comprehen-
sively validate the generalization capability of
Error-Aware Prompting, we conduct two types of
out-of-distribution (OOD) experiments: dataset-
level OOD to test cross-dataset transfer and model-
level OOD to verify applicability to unseen models.

Dataset-Level OOD. We first evaluate EAP on
TAL-SCQ5K (TAL Education Group, 2023), a
dataset entirely disjoint from our MWPES-300K
training corpus. TAL-SCQS5K consists of multiple-
choice questions spanning primary to high school
mathematics, providing a distinct problem format
from the free-response datasets (MATH, GSMS8K,
SVAMP) used in MWPES-300K construction. For
each problem, we extract its knowledge point route
field representing the hierarchical structure of math-
ematical concepts. We employ TF-IDF for knowl-
edge point embedding, followed by cosine similar-
ity matching to retrieve relevant error summaries.
As shown in Figure 6, EAP demonstrates
substantial performance improvements over CoT
across all models on TAL-SCQ5K. GPT-40 ex-
hibits more than 7% improvement, surpassing even
CoT with self-consistency (Wang et al., 2023). This
strong performance on an entirely unseen dataset
format indicates that the error patterns captured by

Model CoT EAP
Qwen3-4B  81.8% 87.7%. 599
Qwen3-8B  84.2% 88.1% 399

Qwen3-14B  87.5% 91.2%_ 5+,

Table 4: Performance of Error-Aware Prompting on
unseen Qwen3 models. These models did not contribute
to MWPES-300K construction.

our framework transfer effectively across different
problem types and difficulty levels.

Model-Level OOD. To verify that our error pat-
terns generalize beyond the 15 source models used
in MWPES-300K construction, we evaluate EAP
on the Qwen3 model family (Yang et al., 2025).
Qwen3 models contributed no error samples to our
MWPES-300K dataset. As shown in Table 4, EAP
consistently improves performance across all three
Qwen3 variants on the MATH dataset.

The results reveal that smaller models benefit
most from error guidance, with Qwen3-4B achiev-
ing a 5.9% improvement. This suggests that mod-
els more prone to common reasoning errors gain
greater value from explicit error patterns. Even the
largest Qwen3-14B model shows meaningful gains
(+3.7%), indicating that our framework captures
fundamental error patterns that transcend specific
model architectures.

These OOD experiments, spanning both unseen
datasets and unseen models—demonstrate that the
error patterns identified through our dynamic clas-
sification framework represent genuine, transfer-
able insights into mathematical reasoning failures
rather than dataset-specific or model-specific arti-
facts. Further detailed analyses are presented in
Appendix A.6, and we analyze EAP’s impact on
specific error categories in Appendix A.9.

Impact of EAP on Reasoning Strategies To
investigate how EAP influences LLMs’ reason-
ing strategies, we conducted a qualitative analysis
using 100 randomly selected problems from the
MATH dataset. We compared the problem-solving
approaches of GPT-40 and Llama-3.1-70b under
CoT prompting versus our EAP method.

As presented in Table 5, our analysis revealed
that EAP effectively induces self-reflection (Ku-
mar et al., 2025), enabling models to exhibit self-
assessment and self-correction behaviors during so-
lution generation. For GPT-40, compared to CoT,
the likelihood of model self-reflection increased by

345



Model Self-Reflection Rate
GPT-40 (CoT) 0.0%
GPT-40 (EAP) 73.0%
Llama-3.1-70b (CoT) 2.0%
Llama-3.1-70b (EAP) 54.0%

Table 5: Observed Self-Reflection Rates in Reasoning
Steps for CoT vs. Error-Aware Prompting (EAP) on a
subset of 100 MATH dataset samples.

73.0%. In the open-source Llama-3.1-70b model,
the rate of reflection rose dramatically from 2.0% to
54.0%. Further observations indicated that through
EAP, models become cognizant of potential biases
or errors in their initial or intermediate reasoning
steps (as indicated by the error summaries) and
subsequently attempt to rectify these issues in the
ensuing solution steps. This aligns with our earlier
findings regarding error pattern evolution across
model capabilities, where more advanced models
demonstrate greater capacity for nuanced reason-
ing. Interestingly, when models are highly confi-
dent in their outputs, introducing EAP does not lead
to significant divergence from CoT baseline reason-
ing paths. This selective intervention suggests that
EAP acts as an adaptive mechanism, providing
guidance primarily when needed.

7 Conclusion

We introduce a dynamically adaptive framework
for error classification in MWP solving. It automat-
ically updates error categories based on observed
outputs, rather than using static categories. We pro-
pose the MWPES-300K dataset, with 304,865 er-
ror samples across 15 LLMs and 4 MWP datasets,
enabling a thorough error analysis. Specifically,
dataset complexity positively correlates with error
diversity. As LLMs enhance their core mathemati-
cal skills, the errors they make tend to become more
complex, reflecting challenges in advanced reason-
ing. Increased model parameter size correlates with
reduced overall errors and more balanced distribu-
tions. We propose Error-Aware Prompting (EAP),
which leverages categorized errors to significantly
improve both in-distribution and out-of-distribution
performance on MATH and TAL-SCQS5K datasets.
We suggest that a focus on error analysis can serve
as a good way to develop more robust and reliable
LLMs for mathematical reasoning tasks.

Limitations

Process-Answer Inconsistency Our analysis fo-
cuses solely on solutions where both the final an-
swer and solution process are incorrect, which ig-
nores the phenomenon where LLLMs arrive at cor-
rect answers through flawed reasoning processes.
We leave the investigation of this type of error for
future research.

Domain Specificity Although we demonstrate
the effectiveness of our framework in the mathe-
matical domain, its applicability to other domains
remains unexplored. Our dynamic error classifi-
cation approach could be adapted for tasks such
as logical reasoning, scientific problem-solving,
or code debugging. Future work will extend our
framework and error-aware prompting algorithm to
additional domains to analyze LLMs’ error patterns
across different fields more comprehensively.

Ethics Statement

The MWPES-300K dataset comprises error sam-
ples collected from 15 language models across four
established mathematical word problem datasets.
We strictly adhere to all dataset licenses (Table 6)
and data collection protocols. To ensure quality,
three mathematical experts with advanced degrees
reviewed the automated classifications at standard
academic rates. We prioritized gender equality and
regional diversity in recruitment, with detailed an-
notation instructions provided in Table 22.

All experiments with commercial LLMs are con-
ducted in full compliance with their respective
providers’ terms of service and API usage poli-
cies. For open-source models, we carefully follow
the associated model licenses and usage restric-
tions. The four source MWP datasets are utilized
in accordance with their original licenses, and all
derived error samples maintain proper attribution to
their source problems. Our automated error classi-
fication framework is designed with careful consid-
eration of potential biases. We implement rigorous
testing procedures to ensure that the dynamic cate-
gorization system does not inadvertently perpetuate
or amplify existing biases in model outputs. During
our development process, we utilized GPT-4o for
automated data annotation and GitHub Copilot for
code writing assistance.

The MWPES-300K dataset will be released un-
der CC-BY-SA-4.0 for research purposes only.
While our work aims to improve mathematical rea-
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A Appendix

A.1 Details of data construction

Figure 7 illustrates the data construction process.
We curate a dataset by selecting 4 Math Word Prob-
lem (MWP) datasets (SVAMP, GSMS8K, AQuA,
and MATH) as our source. Table 6 provides com-
prehensive statistics for each dataset along with
their respective licenses. Throughout the process,
we strictly adhered to these licenses, ensuring use
consistent with their intended purposes. 15 LLMs
from various vendors generated 10 solutions for
each problem. These solutions are filtered based on
consistency with expected answers, with inconsis-
tent yet semantically correct data being discarded.
We adopt GPT-4 as the automated checker. The
remaining data are manually reviewed to create the
final MWPES-300k dataset. The MWPES-300k
dataset consists of English math word problems
with corresponding solutions and analyses. Fol-
lowing our rigorous review process, we ensure the
dataset is free of any personally identifying infor-
mation or offensive content.

We obtain the LLM’s outputs for MWP through
API calls, using the default settings for each
model. Specifically, the max_tokens parameter,
limiting the maximum length of the generated re-
sponse (including the prompt), is set to 2048. The
temperature parameter, controlling the random-
ness and creativity of the generated text, is set to
0.7. The top_p parameter is set to 1.0. Both
frequency_penalty and presence_penalty, de-
signed to penalize token repetition and the intro-
duction of new topics respectively, are set to @. 0.

A.2 Automated Checker

Within the data filtering process, an automated
checker plays a crucial role in refining the initially
identified error sample set. This checker can take
the form of any model designed to assess the va-
lidity of a MWP solving process. However, for
simplicity and efficiency in this study, we utilize
GPT-40 as our automated checker. The checker
is prompted to evaluate only the final step of the
solution, determining if it aligns semantically with
the standard answer. Critically, the checker is in-
structed to disregard minor format or presentation
differences, recognizing as correct those solutions
that achieve the proper meaning despite such varia-
tions. This approach enables us to effectively filter
out samples flagged due to superficial deviation.

A.3 Details of k Selection Process

Elbow Method for Initial Range Identification
To determine the optimal number of clusters k for
our error categorization framework, we employ
a three-stage validation process. The first stage
utilizes the Elbow Method to rapidly narrow down
the search space. We compute the Within-Cluster
Sum of Squares (WCSS) for & values ranging from
1 to 50:

k
WCSS(k) =) > lle—wl? 1)

i=1 zeC;

where C; represents the i-th cluster, ; is the cen-
troid of cluster C;, and x represents data points
within the cluster. By plotting the k-WCSS curve
and identifying the elbow point where the rate of
WCSS decrease significantly diminishes, we iden-
tify a candidate range of k € [35,45]. This initial
screening efficiently reduces the computational bur-
den for subsequent validation stages.

Gap Statistic for Statistical Validation Within
the candidate range identified by the Elbow
Method, we apply the Gap Statistic to provide rig-
orous statistical validation. This method compares
the observed WCSS with the expected WCSS un-
der a null reference distribution:

Gap(k) = E; [log(WCSSk)] — log(WCSS)

2
where E [log(WWCSSy)] is the expected value un-
der the null hypothesis of uniform reference distri-
bution. To assess the stability of our selection, we
compute the standard error S E}, across B = 100
reference datasets using the sample standard devi-
ation of log(WC'SS}) multiplied by /1 + 1/B.
We apply the one standard error rule, selecting the
smallest k such that Gap(k) > Gap(k + 1) —
SEyy1. This analysis indicates k¥ = 38 as the
statistically optimal choice within our candidate
range.

Davies-Bouldin Index for Final Optimization
For final refinement, we evaluate clustering qual-
ity using the Davies-Bouldin Index (DBI) in the
neighborhood of the Gap Statistic suggestion. The
DBI measures the average similarity ratio between
clusters:

k
1 o+ o
DBI = = max [ ——L 3
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Figure 7: The overview of the dataset construction workflow.
DATASET | ANSWER FORMAT | NUMBER | LICENSE
GSMS8K (Cobbe et al., 2021) Number 1,319 MIT License
MultiArith (Roy and Roth, 2015) Number 600 Unspecified
SVAMP (Patel et al., 2021) Number 1,000 MIT License
MATH (Hendrycks et al., 2021) Number 5,000 MIT license
AQUA (Ling et al., 2017) Multi-choice 254 Apache-2.0
TAL-SCQS5K (TAL Education Group, 2023) Multi-choice 2,000 MIT license

Table 6: Statistical overview of datasets used in data construction and experimental analysis.

where o; = ﬁ > zcc, ||z — cil| represents the
average within-cluster distance and d(c;, ¢j) =
||c; — ¢;|| denotes the distance between cluster cen-
troids. Lower DBI values indicate better clustering
quality with more compact and well-separated clus-
ters. Evaluating k values in the range [36, 42], we
find that k¥ = 39 yields the minimum DBI value.
We verify this selection’s stability through 10 inde-
pendent runs with different random initializations,
confirming k£ = 39 as our final choice for the num-
ber of error categories in the MWPES-300K dataset
analysis.

A4 Details of Static Error Categorization

We design an experiment where an LLM performs
repeated 9-class classifications on solutions con-
taining only one error. These error types, as pro-
posed by Li et al. (2024), are distilled from previ-
ous research, including numerical errors such as
calculation errors (CA), counting errors (CO), and
unit conversion errors (UC); contextual errors like
context value errors (CV) and hallucinations (HA);

and reasoning errors such as operator errors (OP),
formula confusion errors (FC), missing steps (MS),
and contradictory steps (CS).

To investigate the consistency and accuracy of
LLMs in error classification, we choose two high-
performance models, GPT-40 and Claude-3.5 son-
net, as error classifiers. We randomly sample 1,000
questions from the GSM8K, AQuA, and MATH
datasets. And for each problem, we sample 10 so-
lutions to examine output consistency. The experi-
ment utilizes a consistent prompt shown in Table 21.
The results in Table 2 indicate that LLM outputs
are not invariably uniform for identical problem
instances. Furthermore, accuracy in categorizing
errors is low, especially when the distinctions be-
tween different error types lack clear demarcation.
The detailed experimental result is shown in Fig-
ure 8 and 9.

We argue that this phenomenon is due to am-
biguous error definitions. Vague and overly broad
definitions of error types hinder consistent classifi-
cation. The lack of clear, context-specific criteria
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leads to variable model judgments due to differ-
ences in training data and biases.

We observe that while LLLMs perform inconsis-
tently in direct classification tasks, their capability
for error analysis is notably strong and highly accu-
rate when explicitly informed that a solution path
is incorrect and provided with the correct answer.
This finding suggests that although LLMs may ex-
hibit uncertainty and inconsistency in classification
tasks, they can accurately identify and explain prob-
lems in specific error analysis scenarios.

To enable effective error identification and anal-
ysis, we employ GPT-40 as our error analyzer. An
input template, as shown in Figure 20, guided GPT-
40 to not only pinpoint errors but also to provide
concise explanations. To validate its performance,
we conducted an experiment, sampling 1,000 data
points from the MWPES-300k dataset for each
(model, dataset) pair. We then manually evaluate
GPT-40’s error analysis accuracy, focusing on its
error identification precision.

As detailed in Table 19, experimental results
show that as model performance increases, it be-
comes more challenging for models to analyze com-
plex errors. While high-performance models such
as GPT-40 excel in overall accuracy, they some-
times struggle with complex or subtle errors, fail-
ing to provide correct analyses. Furthermore, as the
dataset difficulty increases, the correction accuracy
also tends to decrease, because error correction re-
lies on a thorough analysis of the problem, which
may be challenging for high-performance models
on some problems. However, it is important to
note that the overall error analysis accuracy of the
models remains significantly high, suggesting their
considerable potential and application value in er-
ror analysis tasks.

A.5 Details of the Experiment Result

In our experiments, we utilize the MWPES-300k
dataset, as detailed in Section A.1. Tables 12 to 18
show the error pattern distribution of 15 LLMs
across 39 error types. The error types and their ab-
breviations are shown in Table 11. The results pre-
sented in Table 12 to 18 are based on a single run of
the experiment. The text-embedding-3-large
model is invoked with default parameter values.
Specifically, the encoding_format parameter is
set to float, and the dimensions parameter is set to
3072.

The KMeans algorithm is applied using the
scikit-learn implementation. The following param-

eter settings are used: n_clusters is set to a value
determined empirically based on the input (e.g.,
using the elbow method or silhouette analysis);
init defaults to k-means++, which intelligently
initializes the centroids to accelerate convergence.
The n_init parameter, controlling the number of
times the algorithm runs with different centroid
seeds, also defaults to 10. The maximum number
of iterations for each run (max_iter) defaults to
300, and the tolerance for convergence (tol) de-
faults to Te-4. The random_state parameter, for
reproducibility of the initialization, is set to None
(allowing for different results on each run unless
a specific seed is desired for consistent behavior).
The algorithm parameter implicitly defaults to
1loyd. Data is copied using copy_x=True to allow
for safe memory access.

A.6 Details of Out-of-Distribution Analysis

The experiments in OOD analysis utilize the TAL-
SCQSK dataset, which is available in both English
(TAL-SCQS5K-EN) and Chinese (TAL-SCQS5K-
CN) versions. We use the English test set for our
experiments. Developed by TAL Education Group,
each language version of TAL-SCQ5K comprises
5,000 multiple-choice math questions, divided into
3,000 training examples and 2,000 test examples.
The questions span a wide range of mathemati-
cal topics, covering primary, junior high, and high
school levels. This ensures a diverse and chal-
lenging benchmark for evaluating the performance
of LLMs on mathematical reasoning tasks. The
multiple-choice format allows for straightforward
evaluation and comparison of model predictions.

An example of TAL-SCQS5K dataset is shown
in Figure 10. Each example within the
TAL-SCQS5K dataset includes a field named
knowledge-point-routes. This field provides a
concise description of the specific mathematical
concepts and topics relevant to the question. This
explicit representation of the knowledge hierarchy
is critical for error summary retrieval.

In retrieving relevant error summaries, we em-
ploy a cosine similarity algorithm to identify the
most related summaries based on the knowledge
point route field. The cosine similarity score is a
continuous value between 0 and 1, where 1 indi-
cates perfect similarity. In our retrieval process, we
have set a similarity threshold of 0.3. This means
that only error summaries with a cosine similarity
of 0.3 or higher, compared to the input problem’s
knowledge points, are considered for inclusion in
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Metric

GPT-40 Llama-3.1-8B A

Clustering Quality

Silhouette Score 0.71 0.64 -9.9%
Davies-Bouldin Index* 0.82 1.05 +28.0%
Calinski-Harabasz Index 1650.23 1412.78 -14.4%
Downstream EAP Accuracy (MATH)

GPT-40 79.22% 77.15% -2.07%
Claude-3.5 80.02% 76.98% -3.04%
Llama-3.1-70b 78.48% 75.23% -3.25%
Llama-3.1-8b 78.23% 74.01% -4.22%

Table 7: Impact of error analyzer quality on clustering metrics and downstream EAP performance. *Lower is better;

for all other metrics, higher is better.

the error-aware prompt.

To ensure the quality of the information and pre-
vent repetition, we implement a deduplication step:
If an error summary has already been added to the
prompt, it will not be added again. Furthermore,
to avoid overwhelming the model with excessive
information and to mitigate potential interference,
we restrict the maximum number of included error
summaries to 5. This threshold helps to filter out
irrelevant error summaries, focusing on the most
relevant and helpful error information, while avoid-
ing redundant information and keeping the prompt
within reasonable length.

To ensure reliability, the presented results are the
average of 5 independent runs.

A.7 Impact of Alternative Error Analyzers

While our main experiments employ GPT-40 as the
error analyzer, we investigate how using alternative
models affects the framework’s performance. This
ablation study quantifies the relationship between
analyzer quality and downstream task performance.

Experimental Setup We select Llama-3.1-8B as
an alternative error analyzer to represent a more
accessible but potentially noisier annotator. Using
this model, we regenerate error explanations for
1,000 randomly sampled instances from MWPES-
300K and rerun our complete framework pipeline.

Results and Analysis Table 7 presents the com-
parative analysis between GPT-40 and Llama-3.1-
8B as error analyzers. While using the open-
source Llama-3.1-8B as an error analyzer does
result in performance degradation, the impact re-
mains within acceptable bounds for practical de-
ployment. Clustering metrics show moderate dete-

rioration: the Silhouette Score decreases by 9.9%,
the Davies-Bouldin Index increases by 28%, and
the Calinski-Harabasz Index drops by 14.4%. De-
spite these changes, the clustering still maintains
sufficient coherence to generate meaningful error
categories. More importantly, downstream EAP
performance demonstrates remarkable resilience,
with accuracy reductions limited to 2%-4% across
all tested models. Even with Llama-3.1-8B as the
analyzer, EAP continues to deliver substantial im-
provements over baseline methods. This demon-
strates that our framework successfully adapts to
open-source analyzers, offering a practical pathway
for resource-constrained deployments.

A.8 Ablation Study on Clustering Algorithms
for Error Embeddings

To evaluate the influence of different clustering
algorithms, we conduct an ablation study. The
following clustering algorithms are evaluated:

* K-Means: A partition-based algorithm.

¢ K-Medoids(Kaufman and Rousseeuw, 2009):
A partition-based algorithm, often more ro-
bust to noise and outliers than K-Means.

* Hierarchical Clustering(Johnson, 1967): An
agglomerative hierarchy-based algorithm.

* DBSCAN (Density-Based Spatial Cluster-
ing of Applications with Noise)(Ester et al.,
1996): A density-based algorithm.

All algorithms are applied using their default pa-
rameter settings from common library implemen-
tations (e.g., scikit-learn) to ensure a standardized
comparison. The performance of these algorithms
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Algorithm Silhouette Davies-Bouldin Calinski-Harabasz Clu. Num Calc. Time
K-Means 0.71 0.82 1650.23 39 Fast
K-Medoids 0.73 0.90 1590.59 38 Slow
Hierarchical Clustering 0.59 0.95 1510.92 26 Very Slow
DBSCAN 0.64 1.40 1480.01 28 Medium

Table 8: Comparison of Clustering Algorithm Performance on the MWPES-300k Dataset.

is evaluated on the MWPES-300k dataset using
three internal clustering validation metrics:

¢ Silhouette Coefficient: Measures how similar
an object is to its own cluster (cohesion) com-
pared to other clusters (separation). Ranges
from -1 to 1; a higher value indicates better-
defined clusters.

* Davies-Bouldin Index (DBI): Computes the
average similarity ratio of each cluster with its
most similar cluster. Ranges from 0 to +o0;
a lower value indicates better clustering, with
clusters being more separated and compact.

¢ Calinski-Harabasz Index (CHI): Also
known as the Variance Ratio Criterion, it is
the ratio of the sum of between-cluster disper-
sion to within-cluster dispersion. Ranges from
0 to +o0; a higher value generally indicates
better-defined clusters.

The experimental results are shown in Table 8.
The results indicate that K-Medoids achieves the
highest Silhouette Coefficient (0.73), suggesting
well-separated clusters according to this metric.
However, K-Means demonstrates superior perfor-
mance on both the Davies-Bouldin Index (0.82,
lower is better) and the Calinski-Harabasz Index
(1650.23, higher is better) compared to K-Medoids
(0.90 and 1590.59, respectively). Hierarchical Clus-
tering and DBSCAN generally yield lower scores
across these internal validation metrics for this
dataset.

A critical factor is computational efficiency. K-
Means is notably fast, whereas K-Medoids exhibits
a significantly higher computational cost (‘slow*).
Hierarchical Clustering is ‘very slow’, making it
less practical for large datasets like MWPES-300k
without specific optimizations. DBSCAN’s compu-
tation time is moderate.

Considering the balance between clustering qual-
ity across multiple intrinsic metrics and computa-
tional feasibility, K-Means presents a strong profile.

While K-Medoids offers a slight improvement in
the Silhouette Coefficient, K-Means performs bet-
ter on the other two metrics and is considerably
more efficient.

This ablation study reinforces the rationale for
using K-Means in our primary analysis due to its
favorable trade-off between performance and speed
for the scale of our dataset, while also acknowledg-
ing K-Medoids as a viable, though more computa-
tionally intensive.

A.9 Per-Error Type Impact of Error-Aware
Prompting

To gain a more granular understanding of the effi-
cacy of Error-Aware Prompting, beyond overall ac-
curacy metrics, we analyze its impact on specific er-
ror types. This investigation aims to identify which
categories of errors are more readily corrected by
the error summary feedback and, conversely, which
types might persist or even be exacerbated.

Experimental Setup For this detailed analysis,
we select a representative set of error types from
the 39 distinct categories identified in our study.
For each chosen error type, 500 samples exhibiting
that specific error are subjected to both the baseline
model and the Error-Aware Prompting approach.
The accuracy, defined as the percentage of correctly
resolved instances, is then compared.

Results and Discussion The results reveal dis-
tinct patterns in how Error-Aware Prompting af-
fects different error categories:

* Limited Improvement or Worsening for
Deep Comprehension Errors: For error
types that stem from a fundamental misun-
derstanding of the problem’s requirements
or complex constraints, Error-Aware Prompt-
ing shows minimal positive impact. Notably,
for "Misunderstanding of problem require-
ments (MOP)," a slight decrease in accuracy
(-1.40%) is observed. Similarly, "Insufficient
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understanding/consideration of problem con-
straints (IUC)" sees only a modest improve-
ment (3.70%). This suggests that high-level
conceptual errors are less amenable to correc-
tion through the algorithm.

Significant Improvement for Specific Op-
erational Errors: In contrast, Error-Aware
Prompting yields substantial accuracy gains
for errors related to specific calculation pro-
cedures or the direct application of formulas.
For instance, remarkable improvements are
seen for "Failure to accurately apply speed
formulas and conversions (FAC)" (+13.50 %)
and "Incorrect calculation of the least com-
mon multiple (LCM)" (+14.50 %). Other op-
erational errors like "Miscalculation during
the algebraic manipulation (MAM)" (+5.35
%) and "Unit Error (UNE)" (+6.50 %) also
benefites significantly.

Table 10 presents the accuracy changes for a se-
lection of error types. Due to the extensive number
of error categories (39 in total), this table show-
cases a representative subset to illustrate the ob-
served results.

A.10 Comparison with Static Error Example
Baseline

To further validate the effectiveness of our dynamic
error-aware approach, we implement and evaluate
a static few-shot baseline that incorporates error
examples directly into the prompt. This baseline
addresses whether simply exposing models to com-
mon error patterns through static examples could
achieve similar benefits to our dynamic retrieval
mechanism.

Question: [Example Problem 1]
Correct: [Proper reasoning and solution]
Incorrect: [Erroneous reasoning with

common mistake]
[... additional examples ...]

Question: [Test Problem]

Correct:

Experimental Design We construct a static few-
shot prompt (CoT-Error) that provides the model
with paired examples of correct and incorrect rea-
soning paths. Each example triplet consists of: (1)
a mathematical problem, (2) its correct solution
with proper reasoning, and (3) an erroneous solu-
tion demonstrating a common error type identified

Method Accuracy (%)
CoT (Baseline) 75.76
CoT-Error (Static Examples) 71.25
PoT 73.43
Complex-CoT 81.34
CoT (Self-Consistency) 83.87
EAP (Dynamic Retrieval) 80.23

Table 9: Performance comparison of static error exam-
ples versus dynamic error-aware prompting on MATH
dataset with Llama-3.1-8B.

in our analysis. We select five representative er-
ror types from our 39 categories, focusing on the
most frequent errors: misunderstanding problem
requirements, algebraic manipulation errors, unit
conversion mistakes, incomplete constraint consid-
eration, and calculation errors.

Results and Analysis Table 9 presents the com-
parative performance on the MATH dataset using
Llama-3.1-8B. Surprisingly, the static error exam-
ple baseline (CoT-Error) not only fails to improve
upon standard CoT but actually degrades perfor-
mance by 4.51 percentage points.

This counterintuitive result reveals a fundamen-
tal limitation of static error guidance: the lack of
contextual relevance. Static examples, regardless
of their quality, cannot adapt to the specific math-
ematical concepts, problem structure, or potential
pitfalls of each individual question. In contrast,
our dynamic EAP approach retrieves error patterns
specifically relevant to each problem’s knowledge
requirements, achieving 80.23% accuracy—an im-
provement of 4.47% over standard CoT and 8.98%
over the static error baseline.

The performance degradation in CoT-Error
likely stems from cognitive interference: irrele-
vant error examples may prime the model toward
mistakes it would not naturally make, while fail-
ing to address the actual challenges present in the
test problem. This finding underscores the critical
importance of our dynamic retrieval mechanism
and validates our design choice to adaptively select
error guidance based on problem-specific charac-
teristics rather than relying on fixed examples.
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Table 10: Accuracy Comparison by Error Type for Baseline vs. Error-Aware Prompting (EAP). Accuracies are
percentages. Accuracy Change is the absolute percentage point difference.

Error Acronym Description Baseline Acc. (%) EAP Acc. (%) Acc. Change (% pts)
MOP Misunderstanding of problem requirements 55.20 53.80 -1.40
LOV Lack of verification for final answer 62.50 63.10 0.60
MAM Miscalculation during the algebraic manipulation 70.15 75.50 5.35
uc Insufficient understanding/consideration of constraints 68.30 72.00 3.70
LAB Lacks thorough analysis of boundary conditions 75.80 81.20 5.40
UNE Unit Error 82.00 88.50 6.50
AIO Assumed independence of overlapping events 78.90 85.00 6.10
MPI Misapplication of probability formula (independent events) 85.60 92.10 6.50
FAC Failure to accurately apply speed formulas/conversions 72.40 85.90 13.50
LCM Incorrect calculation of the least common multiple (LCM) 65.70 80.20 14.50
IAF Inconsistent application of formulas 73.50 78.10 4.60
LOS Lack of Simplification 80.00 86.20 6.20
ID Problem Description Error Solution Path Kappa Acc
1 AtAllan's house, there is twi...nnolis Allan has in the house? Charisma meditates for 15 minu...\nThe answer is: 2040 minutes 0.53 0.7
2 Three friends: Mike, Jim, and ...a points had been distributed? After 3 rounds:\n\n- Mike has ...64 = 104\n\nThe answeris: 104  0.62 0.8
3 Anice cream truck is travelin...n are now following the truck? Initially, there are 5 childre...ckis 15.\n\nThe answer is: 15 0.86 0.9
4 The power goes out in Brianna'... using when the lights go out? To find out how many candles a...nswer is:\n\nthe answer is: 40 0.2 04
5 It takes 20 minutes for the oi... oil to having cooked chicken? First, let's calculate the tim...n\nThe answer is:\n51 minutes. 0.14 0.3
6 A bakery produces 60 loaves of...ead are sold in the afternoon? To find out how many loaves of... conclude:\n\nThe answeris:5  0.86 0.9
7 Josh decides to take up juggli... on stage with how many balls? Josh starts with 3 balls in th...h 3 balls.\n\nthe answer is: 3 0.52 0.7
8 The girls are trying to raise ..., did they all raise in total? First, we calculate how much e...80. \\]\n\nThe answeris: 2180 0.86 0.9
9 Mike paid $\\$1.25$ for a stam...e be offered in 12 more years? Mike originally paid \\(\\$1....ered:\n\n\\[\n\\boxed{20\n\\] 0.02 0.1
10 If $\\pi=3.1415926...$, what i...r answer as a common fraction. To find the exact value of \\(...{14238028571000000000}\n\\] ~ 0.04 0.1
11 Square A and Square B are both... of a $2009$ by $2009$ square?  To solve this problem, we begi... square is \\(\\boxed{503}\\). 004 0
12 Solve the inequality $$-13(r+5...r answer in interval notation. Let's solve the inequality ste...\\infty, \\frac{40{17})\n\\] 0 0
13 Solve for the positive value 0..\\sqrt[3}{x"2 - 4x + 4} = 168$. We start with the equation:\n\... is:\n\n\\[\n\\boxed{46}.\n\\] 0 0
14 $a$ and $b$ are real numbers a...nd $a”2b=135$. Compute $a+5b$.Let's tackle the given equatio... is:\n\n\\[\n\\boxed{136\n\\] 0 0
15 Two positive numbers $p$ and $...e as a factor. Find $a+b+c+d$.  Given the conditions that \\(p...r is:\n\\[\n\\boxed{117}.\n\\] 0 0.1
16 A man nearing retirement wants...answer to the nearest dollar.) To determine how much money th...s:\n\n\\[\n\\boxed{74409\n\ 0.02 0
17 The sum of a 15-term arithmeti...What is the common difference?  To find the common difference ...r is:\n\n\\[\n\\boxed{-3\n\\] 0 0
18 Simplify $\\frac{3{\\sqrt[5X...is the value of the sum $a+b$? To simplify the given expressi...9\\).\n\n\\[\n\\boxed{19}\n\\] 004 0
19 If $x$ and $y$ are positive in... = 115$, then what is $x + y$? To solve the problem, we begin...) is:\n\n\\[\n\\boxed{16\n\\] 0.01 0.1
20 What is the sum of all integer... and less than $\\frac{3H{4}$? We are given the inequalities:...m is:\n\n\\[\n\\boxed{-3\n\\] 0 0
21 Without looking at the labels,...r answer as a common fraction. To solve this problem, we must...es is \n\n\\[\n\\boxed{O}\n\\] 0 0.1
22 Mike draws five cards from a s...swer as a simplified fraction. To determine the probability t...oxed{\\frac{334631{36096}}\\). 0 0
23 Three points are chosen random...than the radius of the circle? To find the probability that a...s \\(\\boxed{\\frac{1K4}}\\). 0.03 0
24 A deli sandwich consists of on...l suffer an allergic reaction? To solve this problem, we need...\n\\boxed{\\frac{11H12}}\n\\] 0 0.1
25 Let $S$ be a set containing di...verage of the elements in $S.$ To find the smallest possible ....\n\n\\[\n\\boxed{1007.5\n\\] 0.02 0.2
26 Find the number of ordered tri..."4 +y*4 + z*4 - 4xyz =-1.\\] To solve the problem, we need ... equation is \\(\\boxed{2}\\). 0.05 0.1
27 Let $S$ be a set containing di...verage of the elements in $S.$ To find the smallest possible ... is:\n\n\\[\n\\boxed{672\n\\] 0.01 0.1
28 6 birds were sitting on the fe...irds are sitting on the fence? Initially, there are 6 birds s... 18 birds\n\nThe answer is: 18 0.19 0.4
29 He then went to see the orange...each sack contains 50 oranges? To find out how many oranges t...wer is:\n\nthe answer is: 3800 0.3 0.5
30 By himself, Jack can cleanay...)4 (B) 8 (C) 22 (D) 50 (E) 20 Jack can clean the whole yacht...work is:\n\nthe answer is: (D) 003 0

Figure 8: A breakdown example of GPT-40’s performance in classifying 9 distinct error types (CA, CO, UC, CV,
HA, OP, FC, MS, CS) for 30 MWP.
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ID Problem Description Error Solution Path Kappa Acc.
1 AtAllan's house, there is twi...nnolis Allan has in the house? Charisma meditates for 15 minu...\nThe answer is: 2040 minutes. 1 1
2 Three friends: Mike, Jim, and ...a points had been distributed? After 3 rounds:\n\n- Mike has ...64 = 104\n\nThe answer is: 104 0.68 0.8
3 Anice cream truck is travelin...n are now following the truck? Initially, there are 5 childre...ck is 15.\n\nThe answer is: 15 0.48 0.67
4 The power goes out in Brianna'... using when the lights go out? To find out how many candles a...nswer is:\n\nthe answer is: 40 0.01 0.13
5 It takes 20 minutes for the oi... oil to having cooked chicken? First, let's calculate the tim...n\nThe answer is:\n51 minutes. 0.12 0.2
6 A bakery produces 60 loaves of...ead are sold in the afternoon? To find out how many loaves of... conclude:\n\nThe answer is: 5 0.72 0.9
7 Josh decides to take up juggli... on stage with how many balls? Josh starts with 3 balls in th...h 3 balls.\n\nthe answer is: 3 0.01 0
8 The girls are trying to raise ..., did they all raise in total? First, we calculate how much e...80. \\]\n\nThe answer is: 2180 0 0
9 Mike paid $\\$1.25$ for a stam...e be offered in 12 more years? Mike originally paid \\(\\$1....ered:\n\n\\[\n\\boxed{20\n\\] 0.04 0

10 If $\\pi=3.1415926...$, what i...r answer as a common fraction. To find the exact value of \\(...{1423802857}1000000000}}\n\\] 0.02 0.07

11 Square A and Square B are both... of a $2009$ by $2009$ square?  To solve this problem, we begi... square is \\(\\boxed{503]\\). 0.01 0.03

12 Solve the inequality $$-13(r+5...r answer in interval notation. Let's solve the inequality ste...\\infty, \\frac{40{17})\n\\] 0.02 0

13 Solve for the positive value o...\\sqrt[3{x"2 - 4x + 4} = 16$. We start with the equation:\n\... is:\n\n\\[\n\\boxed{46}.\n\\] 0 0

14 $a$ and $b$ are real numbers a...nd $a"2b=135$. Compute $a+5b$. Let's tackle the given equatio... is:\n\n\\[\n\\boxed{136\n\\] 0.02 0.03

15 Two positive numbers $p$ and $...e as a factor. Find $a+b+c+d$. Given the conditions that \\(p...r is:\n\\[\n\\boxed{117}.\n\\] 0 0.03

16 A man nearing retirement wants...answer to the nearest dollar.) To determine how much money th...s:\n\n\\[\n\\boxed{744091\n\\] 0 0

17 The sum of a 15-term arithmeti...What is the common difference?  To find the common difference ...r is:\n\n\\[\n\\boxed{-3\\n\\] 0 0.07

18 Simplify $\\frac{S8{\\sqrt[5]{...is the value of the sum $a+b$? To simplify the given expressi...9\\).\n\n\\[\n\\boxed{19}\n\\] 0.02 0

19 If $x$ and $y$ are positive in... = 115$, then what is $x + y$? To solve the problem, we begin...) is:\n\n\\[\n\\boxed{16\n\\] 0 0

20 What is the sum of all integer... and less than $\\frac{3}{4}$? We are given the inequalities:...m is:\n\n\\[\n\\boxed{-3\n\\] 0 0

21 Without looking at the labels,...r answer as a common fraction. To solve this problem, we must...es is \n\n\\[\n\\boxed{O\n\\] 0.02 0

22 Mike draws five cards from a s...swer as a simplified fraction. To determine the probability t...oxed{\\frac{33463{36096}}\\). 0 0

23 Three points are chosen random...than the radius of the circle? To find the probability that a...s \\(\\boxed{\\frac{1H{4}}\\). 0.03 0.03

24 A deli sandwich consists of on...l suffer an allergic reaction? To solve this problem, we need...\n\\boxed{\\frac{11{12}}\n\\] 0 0

25 Let $S$ be a set containing di...verage of the elements in $S.$ To find the smallest possible ....\n\n\\[\n\\boxed{1007.5\n\\] 0.01 0

26 Find the number of ordered tri..."4 + y*4 + z*4 - 4xyz = -1.\\] To solve the problem, we need ... equation is \\(\\boxed{2}\\). 0 0

27 Let $S$ be a set containing di...verage of the elements in $S.$ To find the smallest possible ... is:\n\n\\[\n\\boxed{672\n\\] 0 0

28 6 birds were sitting on the fe...irds are sitting on the fence? Initially, there are 6 birds s... 18 birds\n\nThe answer is: 18 0.32 0.5

29 He then went to see the orange...each sack contains 50 oranges? To find out how many oranges t...wer is:\n\nthe answer is: 3800 0.11 0.3

30 By himself, Jackcancleanay...) 4 (B) 8 (C) 22 (D) 50 (E) 20 Jack can clean the whole yacht...work is:\n\nthe answer is: (D) 0 0

Figure 9: A breakdown example of Claude-3.5-sonnet’s performance in classifying 9 distinct error types (CA, CO,

UC, CV, HA, OP, FC, MS, CS) for 30 MWP.
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Error Type Code
Misunderstanding of problem requirements MOP
Lack of verification for final answer. LOV
Miscalculation during the algebraic manipulation. MAM
Insufficient understanding/consideration of problem constraints. Iuc
Ambiguous problem parameters. APP
Misinterpreted conditions led to incorrect assumptions. MCI
Incorrect application of mathematical formulas/concepts. IAM
Inconsistent application of formulas. IAF
Lack of logical reasoning in arriving at the answer. LLR
Inconsistent Variable Substitutions IVS
Misinterpretation of what the problem is asking for. MWP
Lack of Simplification. LOS
Incorrect equation setup due to misinterpreted conditions. IES
Lacks thorough analysis of boundary conditions LAB
Overcomplication by introducing irrelevant elements resulted in the wrong expression. ORI
The notation used led to confusion in mathematical operations. NCM
Misplaced focus on solving an unnecessary/unsolvable variable. MEFS
Miscalculation during the equation solving process. MES
Unit Error. UNE
Misinterpretation of rounding rules. MRR
Irrelevant Content. IC
Failure to consider all possible solutions. FCS
Overreliance on assumptions instead of analysis. ORA
Incorrect factorization/Confusion between different forms of number factorizations. IFC
Incorrect calculation during simplification steps. ICS
Improper application of multiplication relationships IMR
Incorrect application of combinatorial principles. ICP
Assumed independence of overlapping events. AIO
Misapplication of the probability formula for independent events. MPI
Failure to accurately apply speed formulas and conversions. FAC
Misinterpretation of geometric relationships in the problem context. MGR
Misapplication of perimeter and area formulas for rectangles. MPA
Misinterpretation of scaling language led to errors in calculations. MSC
Incorrectly assumed equivalence of different algebraic expressions. IAE
Incorrect calculation of the least common multiple (LCM). ILC
Misunderstanding of expected answer format. MEF
Failure to distinguish between selling price and cost price. FSP
Incorrect application of trigonometric functions. ITF
Misapplication of modular reasoning. MMR

Table 11: Error Types and Their Abbreviations
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Model MOP LOV MAM IuC APP MCI
gpt-ol-mini 1699[4.83%] 2368[6.73%] 1769[5.03%] 2535[7.20%] 0[0.00%] 1630[4.63%]
gpt-do 5976[10.31%]  5781[9.97%]  3970[6.85%]  4026[6.94%]  0[0.00%]  3482[6.01%]
gpt-3.5 turbo 10907[11.93%] 10643[11.64%] 8121[8.88%] 5656[6.19%] 0[0.00%] 5335[5.83%]
gemma-2-27b-it 7258[10.56%] 7843[11.41%] 7996[11.63%]  5697[8.29%]  0[0.00%]  4054[5.90%]
gemma-2-9b-it 12063[13.57%] 10893[12.25%] 8818[9.92%] 8316[9.35%]  933[1.05%] 4959[5.58%]
claude-3.5-sonnet 6366[9.99%]  5391[8.46%]  3789[5.95%]  4541[7.13%]  0[0.00%]  4040[6.34%]
claude-3.5-haiku 11353[11.29%]  8483[8.44%] T717[7.67%] 7884[7.84%] 1908[1.90%] 4151[4.13%]
llama-3.1-405b 5614[8.58%]  8024[12.27%]  3928[6.01%]  6171[9.44%]  0[0.00%]  3664[5.60%]
Ilama-3.1-70b 12105[12.22%] 11339[11.45%] 8901[8.99%] 10378[10.48%] 1100[1.11%] 7550[7.62%]
llama-3.1-8b 17315[13.56%] 13944[10.92%] 10489[8.21%]  8929[6.99%] 4792[3.75%] 10517[8.24%]
Qwen2.5-72b-Instruct ~ 5600[8.06%]  7174[10.32%]  6756[9.72%] 5461[7.86%] 0[0.00%] 4137[5.95%]
Qwen2.5-7b-Instruct ~ 9375[10.91%]  5544[6.45%]  7397[8.61%]  3106[3.62%] 1212[1.41%] 7076[8.24%]
Qwen2-7b-Instruct 16995[14.57%] 10559[9.05%] 13178[11.30%] 9890[8.48%] 3789[3.25%] 7982[6.84%]
glm-4-9b-chat 21160[14.20%] 13707[9.20%] 11673[7.83%] 8985[6.03%] 3984[2.67%] 11311[7.59%)]
chatglm3-6b 27261[14.60%] 21508[11.52%] 18555[9.93%] 8957[4.80%] 5293[2.83%] 10838[5.80%]
Table 12: Error Metrics (Part 1)
Model 1AM IAF LLR VS MWP LOS
gpt-ol-mini 3232[9.18%] 0[0.00%] 0[0.00%] 0[0.00%] 0[0.00%] 0[0.00%]
gpt-do 5266[9.08%]  0[0.00%] 0[0.00%] 0[0.00%] 0[0.00%]  1212[2.09%]
gpt-3.5 turbo 4848[5.30%] 0[0.00%] 0[0.00%] 0[0.00%] 836[0.91%] 1059[1.16%]
gemma-2-27b-it 5558[8.08%]  0[0.00%] 0[0.00%] 0[0.00%] 0[0.00%]  947[1.38%]
gemma-2-9b-it 8929[10.04%]  0[0.00%] 599[0.67%]  432[0.49%] 1059[1.19%] 2285[2.57%]
claude-3.5-sonnet 4611[7.23%]  0[0.00%)] 0[0.00%] 0[0.00%] 0[0.00%] 0[0.00%]
claude-3.5-haiku 6951[6.91%] 0[0.00%] 780[0.78%] 0[0.00%] 2647[2.63%] 2967(2.95%]
llama-3.1-405b 3789[5.79%]  0[0.00%] 0[0.00%] 0[0.00%] 0[0.00%]  641[0.98%]
Ilama-3.1-70b 8609[8.69%]  404[0.41%] 0[0.00%] 0[0.00%] 1546[1.56%] 975[0.98%]
Ilama-3.1-8b 6965[5.45%] 1351[1.06%] 2647[2.07%] 850[0.67%] 3566[2.79%]  0[0.00%]
Qwen2.5-72b-Instruct  3900[5.61%] 0[0.00%] 0[0.00%] 0[0.00%] 0[0.00%] 1156[1.66%]
Qwen2.5-7b-Instruct ~ 7355[8.56%] 933[1.09%]  933[1.09%] 961[1.12%] 2897[3.37%] 390[0.45%]
Qwen?2-7b-Instruct 6213[5.33%] 1867[1.60%] 2507[2.15%] 1351[1.16%] 1894[1.62%] 1407[1.21%]
glm-4-9b-chat 8525[5.72%] 2786[1.87%] 5753[3.86%] 2048[1.37%] 8274[5.55%]  0[0.00%]
chatglm3-6b 12189[6.53%] 3106[1.66%] 11687[6.26%] 4736[2.54%] 8832[4.73%] 1379[0.74%]
Table 13: Error Metrics (Part 2)
Model IES LAB ORI NCM MEFS MES
gpt-ol-mini 1686[4.79%] 2326[6.61%] 1867[5.30%] 0[0.00%] 460[1.31%] 557[1.58%]
gpt-do 2675[4.61%] 1351[2.33%] 1323[2.28%]  0[0.00%] 0[0.00%]  1073[1.85%]
gpt-3.5 turbo 5544[6.06%] 1087[1.19%] 905[0.99%] 0[0.00%] 766[0.84%] 5878[6.43%]
gemma-2-27b-it 3775[5.49%] 1365[1.99%] 780[1.13%] 0[0.00%] 0[0.00%] 1142[1.66%]
gemma-2-9b-it 5447[6.13%]  0[0.00%] 0[0.00%] 0[0.00%] 1226[1.38%] 1894[2.13%)]
claude-3.5-sonnet 3371[5.29%] 1616[2.54%] 1546[2.43%]  0[0.00%] 0[0.00%]  3274[5.14%]
claude-3.5-haiku 5112[5.08%]  0[0.00%] 0[0.00%] 0[0.00%]  2326[2.31%] 4764[4.74%]
llama-3.1-405b 3524[5.39%] 1867[2.85%] 1240[1.90%] 0[0.00%] 0[0.00%] 2187[3.34%]
Ilama-3.1-70b 4402[4.45%])  0[0.00%] 0[0.00%] 696[0.70%] 0[0.00%] 3287[3.32%)]
llama-3.1-8b 4876[3.82%]  0[0.00%]  1170[0.92%] 1644[1.29%] 1867[1.46%] 4555[3.57%)
Qwen2.5-72b-Instruct  2800[4.03%] 892[1.28%] 1630[2.34%] 0[0.00%] 0[0.00%] 1240[1.78%)]
Qwen2.5-7b-Instruct  2856[3.32%]  0[0.00%] 209[0.24%] 0[0.00%] 1546[1.80%] 2090[2.43%]
Qwen2-7b-Instruct 4499(3.86%]  0[0.00%] 0[0.00%] 1073[0.92%] 1184[1.02%] 1393[1.19%]
glm-4-9b-chat 4876[3.27%]  0[0.00%] 0[0.00%] 1365[0.92%]  0[0.00%]  7411[4.97%]
chatglm3-6b 5224[2.80%]  0[0.00%] 0[0.00%] 1811[0.97%]  0[0.00%] 3552[1.90%]

Table 14: Error Metrics (Part 3)
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Model UNE MRR IC FCS ORA IFC
gpt-ol-mini 0[0.00%] 320[0.91%] 0[0.00%] 1992[5.66%] 557[1.58%] 404[1.15%]
gpt-do 0[0.00%]  1365[2.35%]  0[0.00%]  1351[2.33%] 3552[6.13%] 1574[2.71%)]
gpt-3.5 turbo 822[0.90%] 2758[3.02%]  0[0.00%] 2563[2.80%] 3204[3.50%] 1031[1.13%]
gemma-2-27b-it 0[0.00%]  989[1.44%]  0[0.00%]  1853[2.69%] 2326[3.38%] 446[0.65%]
gemma-2-9b-it 0[0.00%] 794[0.89%] 0[0.00%] 0[0.00%] 2995[3.37%] 1379[1.55%]
claude-3.5-sonnet 0[0.00%]  2006[3.15%]  0[0.00%]  1964[3.08%] 975[1.53%] 1114[1.75%]
claude-3.5-haiku 1853[1.84%] 1337[1.33%]  0[0.00%] 878[0.87%] 2034[2.02%]  0[0.00%]
llama-3.1-405b 0[0.00%]  3831[5.86%] 1240[1.90%] 2076[3.17%] 2048[3.13%] 599[0.92%]
Ilama-3.1-70b 0[0.00%] 2507[2.53%] 1867[1.88%] 975[0.98%] 1059[1.07%]  0[0.00%]
llama-3.1-8b 1240[0.97%] 3733[2.92%] 5558[4.35%]  0[0.00%]  2298[1.80%]  0[0.00%]
Qwen2.5-72b-Instruct  460[0.66%] 2382[3.43%]  0[0.00%] 2368[3.41%] 1797[2.59%]  0[0.00%]
Qwen2.5-7b-Instruct ~ 1059[1.23%] 2382[2.77%]  0[0.00%]  474[0.55%]  0[0.00%]  752[0.88%]
Qwen2-7b-Instruct 1853[1.59%] 3106[2.66%] 2382[2.04%] 0[0.00%] 1825[1.56%]  0[0.00%]
glm-4-9b-chat 2145[1.44%) 2716[1.82%] 6101[4.09%]  0[0.00%] 0[0.00%] 0[0.00%]
chatglm3-6b 2257[1.21%]  0[0.00%] 7968[4.27%] 0[0.00%] 0[0.00%] 0[0.00%]
Table 15: Error Metrics (Part 4)
Model ICS IMR ICP AIO MPI FAC
gpt-ol-mini 850[2.41%] 0[0.00%] 1532[4.35%] 2076[5.90%] 1365[3.88%]  0[0.00%]
gpt-do 1630[2.81%]  0[0.00%] 2688[4.64%] 2466[4.25%] 1811[3.12%]  0[0.00%)]
gpt-3.5 turbo 3775[4.13%]  0[0.00%] 2173[2.38%] 2020[2.21%] 947[1.04%] 1087[1.19%]
gemma-2-27b-it 543[0.79%]  0[0.00%]  3873[5.63%] 1309[1.90%] 836[1.22%] 1295[1.88%]
gemma-2-9b-it 1073[1.21%]  0[0.00%]  4430[4.98%] 1950[2.19%] 515[0.58%] 683[0.77%]
claude-3.5-sonnet 1811[2.84%]  0[0.00%]  1908[2.99%] 1003[1.57%] 1240[1.95%] 1170[1.84%]
claude-3.5-haiku 2897[2.88%]  0[0.00%]  4290[4.27%] 1073[1.07%] 599[0.60%] 4806[4.78%]
llama-3.1-405b 1087[1.66%]  0[0.00%]  2549[3.90%] 752[1.15%] 1212[1.85%] 1254[1.92%]
Ilama-3.1-70b 1532[1.55%]  0[0.00%]  4597[4.64%] 864[0.87%] 613[0.62%] 1699[1.72%]
llama-3.1-8b 1365[1.07%] 1867[1.46%]  0[0.00%] 0[0.00%] 0[0.00%] 3120[2.44%)]
Qwen2.5-72b-Instruct  1435[2.06%]  0[0.00%] 3399[4.89%] 1114[1.60%] 1254[1.80%] 1588[2.28%]
Qwen2.5-7b-Instruct ~ 1908[2.22%] 724[0.84%] 6631[7.72%] 0[0.00%] 0[0.00%] 3761[4.38%]
Qwen2-7b-Instruct 1811[1.55%] 1588[1.36%] 2967[2.54%] 0[0.00%] 0[0.00%] 947[0.81%]
glm-4-9b-chat 2549[1.71%] 4040[2.71%] 1532[1.03%]  0[0.00%] 0[0.00%]  4862[3.26%]
chatglm3-6b 1825[0.98%] 4764[2.55%] 1087[0.58%] 0[0.00%] 0[0.00%]  4569[2.45%)]
Table 16: Error Metrics (Part 5)
Model MGR MPA MSC IAE ILC MEF
gpt-ol-mini 1853[5.26%]  0[0.00%] 0[0.00%] 0[0.00%] 515[1.46%] 0[0.00%]
gpt-4o 1727[2.98%] 0[0.00%] 0[0.00%] 0[0.00%] 878[1.51%] 0[0.00%]
gpt-3.5 turbo 2647[2.89%]  0[0.00%] 947[1.04%]  599[0.66%] 1532[1.68%] 1379[1.51%]
gemma-2-27b-it 2493[3.63%] 794[1.15%] 557[0.81%] 933[1.36%] 961[1.40%] 0[0.00%]
gemma-2-9b-it 2410[2.71%] 1686[1.90%] 1365[1.54%] 0[0.00%] 432[0.49%)] 0[0.00%]
claude-3.5-sonnet 3371[5.29%]  0[0.00%] 0[0.00%] 2145[3.37%] 1713[2.69%] 2076[3.26%]
claude-3.5-haiku 2424[2.41%] 2173[2.16%] 2702[2.69%] 0[0.00%] 1867[1.86%] 1532[1.52%)]
llama-3.1-405b 2716[4.15%] 710[1.09%] 0[0.00%] 460[0.70%]  975[1.49%]  683[1.04%]
Ilama-3.1-70b 1797(1.81%] 1825[1.84%] 1727[1.74%] 0[0.00%]  2939[2.97%] 334[0.34%]
llama-3.1-8b 975[0.76%] 2981[2.33%] 3970[3.11%] 0[0.00%] 738[0.58%] 1686[1.32%]
Qwen2.5-72b-Instruct  1309[1.88%] 1045[1.50%] 1114[1.60%] 1393[2.00%] 1672[2.40%]  0[0.00%]
Qwen2.5-7b-Instruct  2159[2.51%] 3134[3.65%] 1727[2.01%] 1797[2.09%] 850[0.99%] 1658[1.93%]
Qwen2-7b-Instruct 3232[2.77%] 3343[2.87%] 2535[2.17%)] 0[0.00%] 696[0.60%] 1295[1.11%]
glm-4-9b-chat 1128[0.76%]  0[0.00%] 5015[3.36%] 0[0.00%] 306[0.21%] 4499[3.02%]
chatglm3-6b 794[0.43%] 5084[2.72%] 3343[1.79%] 0[0.00%] 446[0.24%] 6854[3.67%]

Table 17: Error Metrics (Part 6)
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Model FSP ITF MMR
gpt-ol-mini 0[0.00%]  2034[5.78%] 1574[4.47%]
gpt-4o 0[0.00%] 1658[2.86%] 1156[1.99%]
gpt-3.5 turbo 0[0.00%] 1128[1.23%] 1240[1.36%]
gemma-2-27b-it 961[1.40%] 1240[1.80%] 933[1.36%]
gemma-2-9b-it 1351[1.52%]  0[0.00%] 0[0.00%]
claude-3.5-sonnet 0[0.00%] 1755[2.75%] 933[1.46%]
claude-3.5-haiku 3051[3.03%]  0[0.00%] 0[0.00%]
Ilama-3.1-405b 0[0.00%] 1435[2.19%] 1128[1.73%]
llama-3.1-70b 2856[2.88%] 543[0.55%] 0[0.00%]
Ilama-3.1-8b 2688[2.11%]  0[0.00%] 0[0.00%]
Qwen2.5-72b-Instruct  3873[5.57%] 1783[2.57%] 780[1.12%]
Qwen2.5-7b-Instruct  2382[2.77%] 627[0.73%] 0[0.00%]
Qwen2-7b-Instruct 3274[2.81%] 0[0.00%] 0[0.00%]
glm-4-9b-chat 2285[1.53%]  0[0.00%] 0[0.00%]
chatglm3-6b 2856[1.53%]  0[0.00%] 0[0.00%]

Table 18: Error Metrics (Part 7)

Model Name Launch Parameters MATH AQuA SVAMP GSMSK
GPT-40 2024 / 88% 92% 98% 96%
ol-mini 2024 / 85% 89% 97% 99%
GPT-3.5-turbo 2022 / 91% 93% 96% 97%
Llama-3.1-8B 2024 8B / / 97% 96%
Llama-3.1-70B 2024 70B 93% 94% 98% 95%
Llama-3.1-405B 2024 405B 89% 92% 97% 97%
glm-4-9b-chat 2024 9B / / 96% 98%
Chatglm3-6b 2024 6B / / 97% 98%
Qwen2-7B-Instruct 2024 7B / / 98% 96%
Qwen2.5-7B-Instruct 2024 7B / / 97% 97%
Qwen2.5-72B-Instruct 2024 72B 91% 90% 98% 96%
Gemma-2-9b-it 2024 9B 94% 95% 97% 97%
Gemma-2-27b-it 2024 27B 88% 91% 97% 98%
Claude-3.5 Sonnet 2024 / 91% 90% 98% 97%
Claude-3 Haiku 2024 / 93% 95% 98% 96%

Table 19: Error Analysis Accuracy of Various Models on Different Datasets
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Instruction: You are an expert in reviewing math problem-solving steps. Your specialty is identifying errors in provided solution
steps and summarizing them into abstract categories.You will receive information containing the original question, the solution
steps and the correct answer.

1. Provide a concise explanation of the errors in the problem-solving process. If the response correctly solves the problem, output
"Solution is right."

2. After the detailed explanation, please briefly summarize the core reasons for the mistake into abstract categories, avoiding
details related to the specific problem. The abstract reasons should be listed with numbered points, and each line should not
exceed 15 words. Try to minimize the number of reasons (less than 4).

The output should clearly separate the detailed error analysis from the summarized reasons.

Q: Uriah’s book bag is getting too heavy for him. He needs to remove 15 pounds from it. His comic books weigh 1/4 pound each
and his toys weigh 1/2 pound each. If he removes 30 comic books, how many toys does he need to remove?

R: Each comic book weighs 1/4 pound and Uriah needs to remove 15 pounds in total. So the number of comic books he needs to
remove is 15/ (1/4) = 15 * 4 = 60 comic books. Since each toy weighs 1/2 pound, the number of toys you need to remove is 60
toys / (1/2) = 60 * 2 = 120 toys. So the answer is 120.

A: 15

Analysis: The solution contains errors in the problem-solving process:

1. Misinterpretation of the Problem: The response incorrectly calculates the number of comic books to be removed. The problem
states that Uriah removes 30 comic books, not that he needs to calculate how many to remove.

2. Incorrect Calculation for Toys: The response incorrectly calculates the number of toys to remove. After removing 30 comic
books, the weight removed is (30 x i = 7.5) pounds. Uriah still needs to remove

(15 — 7.5 = 7.5) pounds.

3. Correct Calculation for Toys: To remove the remaining 7.5 pounds using toys that weigh 1/2 pound each, the number of toys
to remove is (7.5 +— % = 15) toys.

The correct answer is 15 toys, not 120.

Q: I'have 10 liters of orange drink that are two-thirds water and I wish to add it to 15 liters of pineapple drink that is three-fifths
water. But as I pour it, I spill one liter of the orange drink. How much water is in the remaining 24 liters?

R: Each comic book weighs 1/4 pound and Uriah needs to remove 15 pounds in total. So the number of comic books he needs to
remove is 15/ (1/4) = 15 * 4 = 60 comic books. Since each toy weighs 1/2 pound, the number of toys you need to remove is 60
toys / (1/2) = 60 * 2 = 120 toys. So the answer is 120. The shore was 64 seconds away, so Julia rowed towards shore for a total
of 64/0.8 = 80 units of 10 feet. For every 10 feet she rowed towards shore, the boat took on 2 liters of water. Therefore, the boat
took on a total of 80*2 = 160 liters of water by the time Julia reached shore.

A: 15

Analysis: The solution contains multiple errors in its calculations:

1. Misinterpretation of the spill: When 1 liter of orange drink is spilled, it affects the amount of water contributed by the orange
drink proportionately. The solution incorrectly subtracts 1 directly from the total water content, rather than calculating the water
in the spilled 1 liter of orange drink and adjusting accordingly.

2. Incorrect total water computation: The orange drink is two-thirds water, so spilling 1 liter of it means ( % X 1= %) liters of
water is lost. The correct adjustment requires subtracting ( %) liters of water from the total, not 1 liter as stated in the response.
3. Final calculation discrepancy: The total water content in the remaining mixture should be accurately recomputed after taking
the spill into account. The response’s claim of % liters of water is incorrect. The correct approach follows these steps:- Before

the spill: - Water in orange drink: ( % x 10 = 23—0) liters. - Water in pineapple drink: % x 15 = 9 liters. - Total water in drinks:

% +9= % liters.- After the spill: - Water lost from the spill: ( % ) liters. - Remaining water: 27 — 2 = 45 — 15 liters. Thus,

3 7 3 3
there is 15 liters of water in the remaining 24 liters of the mixture.
The provided solution has calculation errors in considering the impact of the spill and in the final total. The correct answer is 15
liters, not ( 3%).

’ 3

Q: Simplify —3(1 + 4¢) +i(—2 — 7).

R: Step 1: Simplify the first term of the expression. The first term is —3(1 + 44). Using the distributive property, we multiply —3
by both 1 and 44, giving —3 — 124. Step 2: Simplify the second term of the expression. The second term is i(—2 — 7). Again
using the distributive property, we multiply i by both —2 and —i, giving —2i + 2. Since i*> = —1, this simplifies to —2i — 1.
Step 3: Combine the two simplified terms. We now combine the simplified terms from steps 1 and 2: —3 — 127 — 2¢ — 1.
Combining like terms, we get —4 — 14¢. The final answer is: —4 — 144.

A =2 — 144

Analysis: The solution contains multiple errors in its simplification and combination of terms:

1. Inaccurate combination of terms during final simplification: When combining all terms —3 — 12¢ — 27 — 1, the correct
grouping and simplification should be (—3 — 1) + (—12¢ — 2¢), resulting in —4 — 144. The solution claims the correct answer
is —2 — 144, which indicates an error in the way the terms were initially evaluated or combined. This shows a discrepancy in the
simplification, where a constant term is incorrectly calculated.

2. Lack of careful evaluation of intermediate results: The error doesn’t arise from just one step but rather from an incorrect final
result. The intermediate calculations are correctly executed in part, leading up to step 2, but then incorrectly combined in step 3.
This indicates a failure to carefully evaluate and correctly combine the terms for the final answer, particularly in the grouping of
the real number constants.

In conclusion, the error lies in the misinterpretation of how to properly combine all the terms, which leads to an incorrect result.

Q:[Question]
R:[Error Response]
A:[Answer]
Analysis:

Table 20: Prompt for Mathematical Error Analysis and Summarization.
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Instruction: You are an expert in identifying errors in mathematical problem-solving. Your task is to classify the type of error
present in a given solution. Here are the 9 error types you need to choose from:

Calculation Errors (CA): Errors in arithmetic operations.

Counting Errors (CO): Errors in counting or enumeration.

Unit Conversion Errors (UC): Errors involving unit conversions.

Context Value Errors (CV): Errors using incorrect or missing context values.

Hallucinations (HA): Errors where the model invents false information.

Operator Errors (OP): Errors in selecting the correct mathematical operators.

Formula Confusion Errors (FC): Errors using the wrong formula or procedure.

Missing Steps (MS): Errors where necessary steps are missing in the solution.

Contradictory Steps (CS): Errors where the solution has contradictory statements.

For each solution I provide, identify the ONE error type that is present in it. Do not provide any other information.

Q: Josh decides to try flipping a house. He buys a house for $80,000 and then puts in $50,000 in repairs. This increased the value
of the house by 150%. How much profit did he make?

A: Josh bought the house for $80,000 and spent $50,000 on repairs. Therefore, his total cost was $80,000 + $50,000 = $130,000.
The repairs increased the value of the house by 150%. To find how much the value increased, we calculate 150% of the original
value by multiplying $80,000 by 1.5:

$80,000 * 1.5 = $120,000

So, the value of the house after the repairs is $120,000.

To calculate the profit, we subtract the total cost from the value after the repairs:

$120,000 - $130,000 = -$10,000

The result is negative, which means Josh did not make a profit. In fact, he had a loss of $10,000.

Classification: Context Value Errors (CV).

Q: Julia’s boat sprang a leak while she was out on the lake. The boat was taking on two liters of water for every ten feet she
rowed back towards shore. It took her sixteen seconds to row twenty feet. The shore was 64 seconds away. How much water had
the boat taken on by the time Julia reached shore?

A: To figure out how much water the boat took on, we need to determine how many times Julia rowed 10 feet towards shore.
We know that it took her 16 seconds to row 20 feet, so it would take her 16/20 = 0.8 seconds to row 10 feet.

The shore was 64 seconds away, so Julia rowed towards shore for a total of 64/0.8 = 80 units of 10 feet.

For every 10 feet she rowed towards shore, the boat took on 2 liters of water.

Therefore, the boat took on a total of 80%2 = 160 liters of water by the time Julia reached shore.

Classification: Unit Conversion Errors (UC).

Q: Melanie is a door-to-door saleswoman. She sold a third of her vacuum cleaners at the green house, 2 more to the red house,
and half of what was left at the orange house. If Melanie has 5 vacuum cleaners left, how many did she start with?
A: Let’s work backwards to find the answer. If Melanie has 5 vacuum cleaners left, that means she sold a certain number of
vacuum cleaners. Let’s call that number x.

If she sold a third of her vacuum cleaners at the green house, that means she sold x/3 vacuum cleaners.

Then she sold 2 more to the red house, which means she sold x/3 + 2 vacuum cleaners.

After selling to the red house, she had x - (x/3 + 2) vacuum cleaners left.

Then she sold half of what was left at the orange house, which means she sold (x - (x/3 + 2))/2 vacuum cleaners.
After selling to the orange house, she had 5 vacuum cleaners left, so we can set up an equation:
X-(x/3+2)-(x-x/3+2))/2=5.

Now we can solve for x:

Multiplying both sides of the equation by 6 to eliminate the fractions, we get:

6x - 2(x/3 +2) - 3(x - (x/3 + 2)) =30.

Simplifying the equation, we get:

6x - 2x/3 -4 - 3x + 3(x/3 +2) = 30.

Multiplying through by 3 to eliminate the fractions, we get:

18x-2x-12-9x + 9(x + 6) = 90.

Expanding and simplifying the equation, we get:

18x - 2x - 12-9x + 9x + 54 =90.

Combining like terms, we get:

16x + 42 =90.

Subtracting 42 from both sides of the equation, we get:

16x = 48.

Dividing both sides of the equation by 16, we get:

x =3.

So Melanie started with 3 vacuum cleaners. Answer: 3.

Classification: Hallucinations (HA).

Q:[Question]
A:[Error Solution]
Classification:

Table 21: The prompt provided to the LLM for the 9-class error classification task.
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Instruction:

1. Background: We will provide you with entries in the MWPES-300k dataset. Each entry includes:
* The original math word problem.
¢ The LLM-generated solution.
¢ The ground truth answer to the MWP.

* A flag indicating whether the automated checker identified the solution as incorrect.

2. Review Solution: Carefully examine the LLM-generated solution, paying close attention to the following:

* Logical Flow: Does the solution follow a logical and coherent approach to solving the problem? Are the steps reasonable
and interconnected?

» Calculations: Are the mathematical operations performed correctly? Verify all calculations to ensure accuracy.

* Format deviations: Please be aware of the format deviations. Format deviations with correct reasoning and calculations
should be considered misidentification.

3. Determine Correctness: Based on your review, determine whether the LLM’s solution is ultimately correct or incorrect. A
solution is considered correct if it arrives at the correct answer through valid reasoning and accurate calculations.

4. Assess Automated Checker Accuracy: Compare your assessment of the solution’s correctness with the automated checker’s
flag.

 If you agree with the automated checker’s assessment (i.e., both you and the checker identify the solution as incorrect),
record this as a correct identification.

* If you disagree with the automated checker’s assessment (i.e., you believe the solution is correct, but the checker flagged
it as incorrect), record this as a misclassification.

5. Record Results: For each solution, record the following information:
¢ Solution ID (if available)
* Your Assessment (Correct or Incorrect)
* Automated Checker Assessment (Correct or Incorrect, based on the flag)

¢ Classification (Correct Identification or Misclassification)

Important Considerations:
» Focus on identifying genuine errors in reasoning and calculation, rather than superficial formatting issues.

* If you are unsure about the correctness of a solution, mark it for further review by a senior reviewer.

Table 22: Instruction for manual reviewing in data construction process.
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"dataset_name": "prime_math_competition_en_single_choice_8K_dev",
"dataset_version": "2023-07-07",
"gid": "18",

"queId": "0553053821bd4614aad7145eab4a8f0a",

"competition_source_list": [],

"difficulty": "0",

"gqtype": "single_choice",

"problem": "what is the value of the digit $7$ in the number $32.679%7 ",
"answer_option_list": [

[
{
"aoval": "A",
"content": "seven hundred "
}
i
[
{
"aoval": "B",
"content": "\\emph{seventy} "
}
i
[
{
"aoval": "c",
"content": "seven tenths "
}
i
[
{
"aoval": "D",
"content": "seven hundredths "
}
s
[
{
"aoval": "E",
"content": "seven thousandths "
}
]

1,

"knowledge_point_routes": [
"Overseas Competition->Knowledge Point->Number Theory Modules->Place
value and Number Bases->Numbers->Understanding Numbers and Digits"

[P
"answer_analysis": null,
"answer_value": "D"

Figure 10: TAL-SCQS5K example
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