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Abstract

Large Language Models (LLMs) have achieved
remarkable performance across a wide range
of mathematical benchmarks. However,
concerns remain as to whether these successes
reflect genuine reasoning or superficial pattern
recognition.  Existing evaluation methods,
which typically focus either on the final
answer or on the intermediate reasoning steps,
reduce mathematical reasoning to a shallow in-
put—output mapping, overlooking its inherently
multi-stage and multi-dimensional cognitive
nature. Inspired by Pélya’s problem-solving
theory, we propose SMART, a benchmark that
decomposes mathematical problem-solving
into four cognitive dimensions: Semantic
Understanding, Mathematical Reasoning,
Arithmetic Computation, and Reflection &
Refinement, and introduces dimension-specific
tasks to measure the corresponding cognitive
processes of LLMs. We apply SMART to
22 state-of-the-art open- and closed-source
LLMs and uncover substantial discrepancies
in their capabilities across dimensions. Our
findings reveal genuine weaknesses in current
models and motivate a new metric, the
All-Pass Score, designed to better capture true
problem-solving capability. Data is available at
https://huggingface.co/datasets/ewdfd/SMART.

1 Introduction

Large language models (LLMs) (Achiam et al.,
2023; Wei et al., 2022) have demonstrated impres-
sive performance and are being increasingly in-
tegrated into real-world applications e.g., educa-
tion (Wang et al., 2024), scientific computing (Ma
et al., 2025), and decision support (OpenAl, 2024;
Guo et al., 2025). With this widespread adoption,
assessing their capability boundaries has become
essential. The mathematical reasoning, a key indi-
cator of higher-order cognition, serves as a critical
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Seed Question: Caroline is three times older than Ben. Ben is two times older
than Chris. If Chris is 4, how old is Caroline?
Final Answer: 24

(a) Final answer-based benchmark

Seed Question: Caroline is three times older than Ben. Ben is two times older
than Chris. If Chris is 4, how old is Caroline?

CoT Answer:

1. Ben is 4*2 = <<4*2=8>>8 years old. @
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(c) Our human cognition-based benchmark (SMART)

X Refinement
Looking Back

Figure 1: Comparison of evaluation paradigms for LLM
mathematical reasoning. Final-answer-based bench-
marks evaluate only the final outcome, process-based
benchmarks detect errors in reasoning steps, while
SMART builds on Pdlya’s problem-solving theory to
evaluate four cognitive dimensions.

benchmark to evaluate the logical thinking and sys-
tematic problem-solving of models.

However, existing LLM mathematical bench-
marks are misaligned with the human multi-
dimensional cognitive process of mathematical
problem-solving. Pdlya’s problem-solving the-
ory (Polya, 2014) formalizes this cognitive pro-
cess into four progressive dimensions: under-
standing the problem, devising a plan, execut-
ing the plan, and looking back on the solu-
tion. Unfortunately, mainstream evaluation ap-

35426

Proceedings of the 64th Annual Meeting of the Association for Computational Linguistics (Volume 1: Long Papers), pages 35426-35452

July 2-7, 2026 ©2026 Association for Computational Linguistics


https://huggingface.co/datasets/ewdfd/SMART

proaches, such as GSM8K (Cobbe et al., 2021)
and MATH (Hendrycks et al., 2021), reduce this
process to simple end-to-end matching, assess-
ing LLMs solely based on final answer correct-
ness (Fig.1a). While recent benchmarks, MR-
GSMB8K (Zeng et al., 2025) and ProcessBench
(Zheng et al., 2025), have begun incorporating step-
by-step solution verification, they still fall short
of comprehensively evaluating the distinct cogni-
tive stages that underlie mathematical reasoning
(Fig.1b). These two approaches fail to capture the
subtle cognitive processes at each problem-solving
phase, making it impossible to pinpoint where mod-
els struggle in the reasoning processes and, there-
fore limiting guidance for targeted improvements.
To address these limitations, we propose the
first benchmark, called SMART, to systematically
evaluate the complete cognitive process of LLMs
in mathematical reasoning (Fig.1c). Guided by
Pdlya’s problem-solving theory, SMART system-
atically decomposes each mathematical problem
along the reasoning pipeline into four cognitive
dimensions, corresponding to Semantic Under-
standing (Understanding), Mathematical Reason-
ing (Reasoning), Arithmetic Computation (Arith-
metic), and Reflection & Refinement (R&R). This
decomposition enables an independent assessment
of LLM capabilities in each cognitive dimension,
allowing a fine-grained diagnosis of model perfor-
mance in distinct problem-solving stages. More-
over, we introduce a new metric, the All-Pass Score,
which measures model accuracy only when all four
dimension-specific tasks are correctly solved.
Creating a comprehensive, multi-task bench-
mark at scale presents a fundamental challenge:
each problem requires carefully designed sub-
questions that target the specific cognitive pro-
cess, demanding extensive human annotation. To
make this approach both scalable and cost-effective,
we further introduce an automated generation
pipeline that transforms seed problems into four-
dimensional assessment tasks, incorporating neuro-
symbolic (Barrett et al., 2010; De Moura and
Bjgrner, 2008) and human verification to enable
iterative quality validation. Furthermore, these
dimension-specific tasks are novel for LLMs and
thus contribute to mitigating data contamination.
We evaluate 22 recently released open- and
closed-source LLMs on SMART. Experimental
results demonstrate that even the most advanced
models perform poorly under the All-Pass Score
metric, underscoring the challenging nature of our

benchmark. In addition, SMART serves as a diag-
nostic tool, identifying which cognitive dimensions
emerge as the primary bottlenecks in mathematical
problem-solving. Furthermore, we find that tar-
geted improvements in specific weak dimensions
can lead to substantial overall gains in mathemat-
ical capability—for example, increasing the final
answer accuracy of Qwen2.5-72B by 11.77%. Our
main contributions are as follows:

e To evaluate the true mathematical reasoning
capability of LLMs, we propose the SMART
benchmark that consists of 10,000 questions
across distinct cognitive dimensions, and the
new All-Pass Score, enabling comprehensive
evaluation of the problem-solving process.

e Of equal importance to the SMART bench-
mark, we introduce a novel data curation and
quality control framework that automates the
construction of dimension-specific sub-tasks
from seed questions and validates the bench-
mark via rigorous correctness assessment.

e Based on SMART, we reveal substantial dis-
parities in LLMs’ mathematical capabilities
and offer dimension-specific, interpretable di-
agnostics that pinpoint weaknesses. Targeting
the weakest dimension with a reflection-and-
refinement prompt boosts Qwen2.5-72B’s
final-answer accuracy by 11.77%.

2 Related Work

Mathematical Benchmark. Numerous mathe-
matical benchmarks with varying levels of dif-
ficulty have been developed to explore the up-
per bound of LLMs’ mathematical capabilities.
These benchmarks range from grade-school-level
datasets (Cobbe et al., 2021), to high-school-level
datasets (Hendrycks et al., 2021), and extend to
expert-level datasets (Glazer et al., 2024). Their
scope covers a broad range of mathematical do-
mains, including geometry, number theory, and
real analysis. However, despite their increasing
difficulty, these benchmarks primarily adopt a fi-
nal answer-based evaluation approach, making
it unclear whether LLMs genuinely understand
mathematical concepts or simply rely on pattern-
matching to produce correct answers (Mirzadeh
et al., 2025). To address this, ProcessBench (Zheng
et al., 2025) and PRMBench (Song et al., 2025)
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Figure 2: Overview of SMART benchmark construction. First, we collect seed questions from datasets of varying
difficulty and filter out those that do not meet our requirements. Second, the seed questions are used to generate
dimension-specific tasks along with their corresponding ground-truths. Finally, the generated data are validated
through a neuro-symbolic and human verification when needed to ensure data quality.

have been innovatively proposed to enable process-
based evaluation by identifying erroneous steps in
the model’s mathematical reasoning. Nevertheless,
these process-based benchmarks still fall short of
capturing human thinking, since they do not evalu-
ate the fine-grained cognitive processes across the
stages of problem-solving.

Dynamic evaluation. The widespread use of
benchmarks increases the risk of data contami-
nation, potentially inflating performance evalua-
tions (Li et al., 2024a). Recent studies address
these concerns with dynamic evaluation (Zhu et al.,
2023, 2024) that generate adaptive test data via
predefined rules. GSM-Plus (Li et al., 2024b) and
GSM-Symbolic (Mirzadeh et al., 2025) similarly
generate variants from seed questions. These ap-
proaches have shown encouraging progress in mit-
igating data leakage and improving robustness in
evaluations. However, manually annotating newly
generated questions is labor-intensive and costly,
motivating the need for automated, scalable data
generation and verification.

Despite these recent advances in mathematical
benchmarks and dynamic evaluation, persistent
limitations underscore the need for a benchmark
that comprehensively assesses the entire problem-
solving process, provides fine-grained and inter-
pretable analyses, and reduces the cost of construct-
ing benchmarks. To address this gap, SMART is
designed to systematically evaluate the mathemati-
cal reasoning capabilities of LLMs.

3 The SMART Benchmark

3.1 Overview

SMART is a fine-grained multi-task benchmark
for evaluating the problem-solving capabilities of
LLMs. Its four sub-tasks are derived from Pdlya’s
problem-solving theory. In How to Solve It (Pélya
and Conway, 1957), Pélya conceptualized mathe-
matical problem-solving as a four-step cognitive
process: (1) Understanding the problem, (2) De-
vising a plan, (3) Carrying out the plan, and (4)
Looking back. Adopting Pdlya’s problem-solving
theory can clarify where LLMs succeed or fail by
separating cognitive dimensions. Therefore, build-
ing on this cognitive framework, SMART evaluates
LLMs along four corresponding cognitive dimen-
sions: Semantic Understanding (Understanding),
Mathematical Reasoning (Reasoning), Arithmetic
Computation (Arithmetic), and Reflection & Re-
finement (R&R). The evaluation settings for the
four dimension tasks are summarized in Tab. 1.

3.2 Evaluation Sub-Tasks

Understanding. The Understanding task evalu-
ates a model’s semantic understanding capability
by extracting and organizing key information from
the question. In this task, the input question is a
seed question, and the model identifies and cat-
egorizes essential components into a predefined
template. The template comprises five categories:
problem scenario, goal, known and unknown quan-
tities, relationships and constraints, and irrelevant
information.
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Task Question (Verification) Answer Evaluator Ground-truth (Verification)
Understanding SQ (X) SKI LLM-as-a-Judge SKI (GPT + Human)
Reasoning SQ (X) SMT-LIB 7.3 Solver + Rule-match Final answer of SQ (X)
Arithmetic NQ (GPT + Human) Answer of NQ Rule-match Final answer of SQ (X)
Reflection CoT with Errors (X)  Error Categories Rule-match Error Categories (X)
Refinement CoT with Errors (X) Refined CoT Rule-match Final answer of SQ (X)

Table 1: Overview of question, answer, evaluator, and ground-truth of each dimension task in SMART. SQ means
seed question. NQ means notation-based arithmetic question. SKI means structured key information. (X) means no

verification.

We adopt this design to evaluate not only
the model’s capacity to summarize and highlight
salient information but also its depth of compre-
hension. By requiring the model to distinguish
the roles of different elements and their intercon-
nections, the task provides a nuanced measure of
problem understanding.

Reasoning. The Reasoning task evaluates the math-
ematical reasoning capability by requiring LLMs
to produce a symbolic formalization of the solution.
Given a seed question, the model is prompted to
solve it using symbolic formalization in the SMT-
LIB format (Barrett et al., 2010).

This task compels the model to capture the un-
derlying logical structure of the problem and the
intricate relationships among its components. With
few-shot prompting, LLMs easily learn to produce
SMT-LIB—formatted answers.

Arithmetic. The Arithmetic task evaluates an
LLM’s capability to perform arithmetic computa-
tion by requiring it to solve notation-based ques-
tions containing only numerical values and vari-
ables. These notation-based questions are simpli-
fied from the seed questions, expressed purely in
terms of numbers and variables, and require the
execution of basic arithmetic operations.

We design this task to isolate arithmetic skills
from other cognitive demands—such as language
comprehension or complex reasoning—thereby
providing a focused and precise assessment of a
model’s arithmetic capabilities.

R & R. The Reflection & Refinement task evaluates
the LLM’s capacity for self-critique. The model is
presented with a question and its chain-of-thought
(CoT) solution, and is tasked with identifying po-
tential errors in CoT (Reflection). It then revises
the errors and produces a refined CoT (Refinement).
Importantly, if the model fails to detect all errors
during the Reflection stage, it is not allowed to
proceed to Refinement.

3.3 Benchmark Construction

As shown in Fig. 2, SMART is constructed in
three stages: data collection, data curation, and
quality control. Through this deliberately de-
signed pipeline, we can automatically generate
four dimension-specific tasks with corresponding
ground truths, while requiring significantly less
human verification compared to traditional bench-
marks that rely heavily on manual annotation.

3.3.1 Data Collection

We begin by collecting a diverse set of seed
questions from seven widely used mathematical
problem datasets spanning three difficulty levels.
Easy questions are drawn from MAWPS (Koncel-
Kedziorski et al., 2016) and ASDiv (Miao et al.,
2020); medium questions from GSM8K (Cobbe
et al., 2021) and SVAMP (Patel et al., 2021);
and hard questions from AQuA (Ling et al.,
2017), MATH (Hendrycks et al., 2021), and AIME
2024 (Huggingface, 2024).

To ensure verifiability and sufficient reasoning
complexity, we filter questions that can be formal-
ized in SMT-LIB format (so their solutions can be
validated using the Z3 solver) and require at least
two reasoning steps, preventing the SMART bench-
mark from being overly trivial. After filtering, we
obtain 2,000 seed questions, which serve as the
foundation for constructing the dimension-specific
evaluation tasks.

3.3.2 Data Curation

As shown in Tab.1, the questions used in the Un-
derstanding and Reasoning tasks, as well as the
ground truths for the Reasoning, Arithmetic, and
Refinement tasks, are directly derived from the
original seed questions and therefore do not require
additional verification. This design significantly
reduces the cost of human annotation while main-
taining high data quality. Below, we describe the
curation process for the remaining dimensions.
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Model Understanding Reasoning  Arithmetic R&R Reflection Refinement | Final Answer All-Pass Score
LLM@Un ACC@Re ACC@Ar ACC@RR | ACC@R-t ACC@R-m ACC@Fi ACC@AIl
Open-source models
Phi4-14B 93.41 64.12 96.45 22.06 26.75 82.34 89.55 20.77
Gemma3-27B 94.31 40.81 39.94 24.23 32.55 74.35 54.62 11.96
GLM4-32B 94.11 55.92 36.62 22.85 28.50 88.57 54.13 11.56
Qwen2.5-72B 95.86 62.53 35.55 33.85 35.75 94.69 41.05 13.95
Qwen3-32B 93.32 86.14 98.50 54.75 56.70 96.52 93.75 50.72
Qwen3-30B-A3B 93.14 85.20 98.15 43.89 58.25 75.36 92.85 44.11
Llama3.1-8B 88.58 9.05 62.15 3.30 8.80 37.46 45.15 2.74
Llama3.3-70B 94.74 49.26 94.72 40.30 41.75 96.53 88.95 37.25
Llama4-Scout-17B-16E 94.85 62.65 97.11 29.04 49.50 58.67 91.24 29.54
Mistral-Small-3.1-24B 94.65 28.96 49.55 24.55 36.65 66.98 77.55 16.87
Mistral-Large-123B 94.85 48.95 43.74 43.12 50.61 81.62 62.25 21.85
DeepSeek-V3 95.12 65.25 98.35 68.65 71.10 96.55 93.43 45.74
DeepSeek-R1 94.92 93.61 98.15 62.50 69.80 89.54 97.92 57.14
Closed-source models
GPT-40 95.22 64.45 45.64 42.60 45.30 94.04 57.65 24.87
GPT-4.1 95.30 73.29 45.71 59.90 63.80 93.89 59.31 31.74
04-mini 95.25 90.72 98.25 55.05 64.61 85.22 93.75 56.23
o3 95.02 89.12 98.45 71.51 78.62 90.97 91.44 64.87
GPT-5 95.18 93.40 98.52 66.85 71.65 93.30 94.45 61.24
Claude3.5-Sonnet 94.75 80.85 97.61 33.05 65.85 50.19 92.61 33.04
Claude3.7-Sonnet 94.85 74.18 98.11 57.43 66.35 86.51 93.53 5791
Gemini2.5-Flash-Preview 94.69 89.72 98.12 35.85 50.35 71.20 93.33 38.69
Gemini2.5-Pro-Preview 94.86 91.45 97.95 54.80 76.90 71.26 94.15 56.25

Table 2: The performance of open and closed-source models on the SMART benchmark.

Structured Key Information. The ground-truth
for the Understanding task is the structured key
information, which is generated by GPT-4.1.

Notation-based Questions. For the Arithmetic
task, the input questions are notation-based ques-
tions. Directly converting a seed question into a
notation problem is non-trivial, as it requires sim-
plifying natural language into structured mathemat-
ical operations while preserving logical relation-
ships among variables. To address this challenge,
we adopt a two-stage process: seed questions are
first formalized into SMT-LIB representations us-
ing GPT-4.1 to capture their underlying logic, and
these formal expressions are subsequently trans-
lated into notation-based arithmetic questions also
with GPT-4.1.

R&R. For the Reflection & Refinement (R&R)
task, the input question consists of the seed ques-
tion paired with a chain-of-thought (CoT) solution
containing deliberately injected errors. The out-
puts are the error categories and the corrected CoT.
We define six error categories: arithmetic inaccu-
racies, omitted steps, hallucinated content, logical
disorder, redundancy, and operator misuse. Error
CoTs and their error types are generated according
to predefined rules, so no additional verification is
required. Detailed descriptions of these error types
are provided in the Appendix Fig.10.

3.3.3 Quality Control

In Fig. 2, only the ground-truth for Understanding
task and the questions for Arithmetic task are gen-
erated by LLMs, and thus require additional verifi-
cation. To ensure the quality of the SMART bench-
mark, we implement a combined neuro-symbolic
method and human verification procedure. This
mechanism identifies and filters out low-quality
samples and iteratively regenerates new data until
the required quality standards are met.
Neuro-symbolic Verification. We employ neuro-
symbolic verification to ensure the correctness of
the SMT-LIB expressions used in the Arithmetic
dimension. Directly comparing the generated SM'T-
LIB with ground-truth expressions is challenging.
Instead, we leverage the Z3 Solver (De Moura and
Bjgrner, 2008) to automatically compute the result
of a symbolic formula and compare it against the
ground-truth answer from the original seed ques-
tion, as a correct SMT-LIB expression should yield
the same answer as its seed question. This genera-
tion—validation process is repeated until the SMT-
LIB expression produces the correct answer.
Human Verification. The notation-base questions
as question for the Arithmetic task and the struc-
tured key information as ground-truth for the Un-
derstanding task are both performed using GPT-
4.1 and cannot be validated by the neuro-symbolic
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method. Thus, we follow the human verification
protocol proposed by (Chen et al., 2024) to en-
sure the reliability of these generated data. Specifi-
cally, a randomly selected 10% subset is manually
reviewed by human annotators. If the sampled
data fail to meet quality standards, the low-quality
portions are regenerated, then re-sampled and re-
verified until they pass inspection.

As a result, SMART benchmark comprises
10,000 test instances, including 2,000 original
seed questions and 8,000 carefully curated, task-
specific variants. Through a combination of neuro-
symbolic methods and human verification, we en-
sure that each instance meets quality standards.
The main differences to existing benchmarks are
discussed in the Append. A.5

4 Experiments

4.1 Models

We evaluate 22 recent open- and closed-source
LLMs using our SMART framework, covering both
general-purpose and reasoning-specialized models.
To ensure deterministic outputs, the temperature
is set to 0. For each dimension-specific task, we
employ a three-shot prompting strategy.

4.2 Evaluation Metrics

Understanding. We adopt the LL.M-as-a-Judge
evaluation approach (Zheng et al., 2023), introduc-
ing the metric LLM @ Un to evaluate the quality of
generated structured information. To mitigate po-
tential preference bias (Li et al.) inherent in LLM-
based judging, we independently employ GPT-4.1
and DeepSeek-V3 as two judging models. Each
judge evaluates the semantic similarity between the
model-generated context and the reference ground-
truth, assigning a similarity score ranging from 1
to 100. The final LLM@Un score is the average of
the scores from GPT-4.1 and DeepSeek-V3.
Reasoning. We do not evaluate the correctness of
the generated SMT-LIB expressions, since multi-
ple logically equivalent solutions can exist for a
problem. Instead, we validate these symbolic ex-
pressions by executing them with the Z3 Solver and
evaluating the solver’s output with the ground-truth
answer of the seed question via rule-matching. The
metric for the Arithmetic task is accuracy and is
computed as ACCQRe = %, which means
the percentage of accurately answered questions.
Arithmetic. We evaluate answers of notation-
based questions by comparing them with the

ground-truth of the seed questions using rule match-
ing, and use accuracy-based metrics ACC@Ar.
R&R. For the Reflection task, models are required
to identify error categories within a given CoT. The
outputs are compared with the ground-truth cate-
gories, and the accuracy-based metric is ACC@R-t.
For the Refinement task, the final answer is ex-
tracted from the refined CoT using rules. The re-
fined solution is considered correct if the extracted
answer matches the ground-truth of the seed ques-
tion, and use accuracy-based metric ACC@R-m.
All-Pass Score. The All-Pass Score is an inte-
grated metric (ACC@All) that combines perfor-
mance across all evaluation dimensions. Specif-
ically, a model achieves an All-Pass success if it
simultaneously meets the following criteria: (1)
obtaining a score of at least 90% on the Under-
standing task; (2) correctly solving the Reason-
ing task; (3) correctly solving the Arithmetic task;
and (4) successfully completing the entire R&R
task. We require at least 90% on Understanding
to demand near-exact semantic extraction while
allowing minimal lexical variation, which stabi-
lizes LLM-as-a-Judge scoring and keeps All-Pass
difficulty comparable across dimensions.

4.3 Performance on the SMART benchmark

The performance of the 22 evaluated LLMs on the
SMART benchmark is detailed in Tab. 2, which
reports the scores for all evaluation dimensions,
All-Pass Score, and final answer accuracy.

4.3.1 Dimension specific-task results

Our results indicate that the LLMs generally
demonstrate a strong capacity for problem under-
standing, with most LLM @Un scores exceeding
90%. This suggests a general proficiency in grasp-
ing relevant information and interpreting problem
statements. However, significant performance dis-
parities emerge in the Reasoning dimension, where
ACC@Re scores range widely from 9.05% to
93.61%. A similar divergence is observed in the
Reflection task, with the highest score (78.62%)
being nearly nine times greater than the lowest
(8.80%). These findings suggest that symbolic rea-
soning and error reflection capabilities represent
critical bottlenecks, particularly for smaller mod-
els. In contrast, the Arithmetic and Refinement
tasks appear relatively less challenging, with lead-
ing LLMs achieving near-perfect performance. For
example, 03 attains an ACC@Ar of 98.45%, while
DeepSeek-V3 reaches an ACC@R-m of 96.55%,
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Figure 3: The performance across the varying difficulty settings for each SMART dimension.
E . Final Answer Understanding Reasoning Arithmetic R&R
3 | Perturbation
b= ACC@An PD LLM@Un PD ACC@Reason PD ACC@Ar PD ACC@RR PD
_. | Seed question 59.31 / 95.41 / 73.29 / 45.71 / 59.90 /
;.': + Noise insertion 41.23 18.08] 88.52 6.89]) 46.54 26.75] 39.40 6.31]) 45.67 14.23]
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Table 3: The performance degradation of evaluation dimensions when three types of perturbations are added to the
seed questions. PD refers to the performance drop. The most affected dimension in each case is highlighted in bold.

Method Refined )\ vc@p  ACCOH
Dimension with self-refine
Llama3.1-8B Reasoning 45.15 43.85 (] 1.30)
Mistral-Small-24B | Reasoning 77.55 78.15 (1 0.61)
GLM-24B Arithmetic 54.13 56.28 (1 2.15)
Qwen2.5-72B Arithmetic 41.05 52.82 (1 11.77)

Table 4: Self-Refine prompting on a specific dimension.

demonstrating their strength in computational and
corrective capabilities.

4.3.2 Granular insights

The SMART benchmark framework uncovers nu-
anced performance differences among LLMs that
are obscured by final answer metrics alone. For
example, while 04-mini and Claude3.7-Sonnet

exhibit similar final answer accuracies (93.75%
and 93.53%, respectively), o4-mini demonstrates
markedly higher proficiency in the Reasoning di-
mension (90.72%) compared to Claude3.7-Sonnet
(74.18%). A similar trend is observed when com-
paring o4-mini and DeepSeek-V3, further illustrat-
ing SMART benchmark’s capability to reveal fine-
grained gaps that traditional outcome-based metrics
miss. Additionally, although 04-mini and GPT-4.1
perform similarly on the Understanding and Re-
flection & Refinement dimensions, o4-mini’s final
answer accuracy (93.75%) is markedly higher than
GPT-4.1’s (59.31%). Our framework attributes this
disparity primarily to GPT-4.1’s lower capability in
two key dimensions—Reasoning, where it scored
73.29% compared to o4-mini’s 90.72%, and Arith-
metic, where it achieved only 45.71% in contrast to
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04-mini’s 98.25%. Thus, the SMART framework
facilitates a deeper analysis and interpretation of
the underlying causes for performance differences.

4.3.3 All-Pass Score remains a challenge

The All-Pass Score serves as a rigorous discrimina-
tor of model capability. The top-performing model,
03, achieves only 64.87% on this metric, signifi-
cantly lagging behind its final answer accuracy of
91.44%. This disparity reveals that models often
fail in specific cognitive dimensions even when the
final answer is correct. The All-Pass Score con-
firms that SMART remains a challenging bench-
mark with substantial room for improvement.

4.4 How Does Task Difficulty Impact
Different Dimensions of SMART?

To investigate how task difficulty affects model
performance across different SMART dimensions,
we construct new sets of dimension-specific ques-
tions with varied difficulty levels and evaluate five
leading closed-source LLMs on this dynamic test
set. Task difficulty is manipulated in the following
ways: for the Understanding dimension, by varying
the number of added irrelevant sentences; for the
Reasoning dimension, by grouping questions ac-
cording to the number of required reasoning steps;
for the Arithmetic dimension, by changing the num-
ber of digits (referring to digit length in scientific
notation, not the number of operands); and for the
R&R dimension, by altering the mistakes intro-
duced into the CoT.

It is important to note that modifying the num-
ber of digits in arithmetic questions changes the
ground-truth answer. To ensure correctness, we
simultaneously update both the numerical values
in the arithmetic questions and their corresponding
SMT-LIB representations, subsequently employing
the Z3 Solver to generate new ground-truth an-
swers. For the other dimensions, the ground-truth
answers remain unchanged.

As shown in Fig. 3, increasing task complex-
ity generally leads to notable performance degra-
dation across all dimensions. Notably, GPT-4.1
and Claude3.7-Sonnet show pronounced sensitiv-
ity in the Reasoning dimension, with ACC@Re
scores dropping sharply from approximately 90%
to below 60% as the number of reasoning steps
increases. In contrast, the remaining models main-
tain ACC@Re scores above 80% even with more
than six reasoning steps. In the Arithmetic di-
mension, 04-mini demonstrates robust performance

even with nine-digit numbers, whereas GPT-4.1’s
accuracy falls below 10%. For Reflection tasks, in-
troducing just two error types into the CoT results
in a steep decline in detection accuracy for all mod-
els, with none able to reliably detect all errors when
four or more distinct mistake types are present.

4.5 How Do Fine-grained Dimensions
Influence the Performance of Final
Answer Accuracy?

Prior work has shown that LLMs experience signifi-
cant drops in final answer accuracy when evaluated
on perturbed versions of questions (Li et al., 2024b;
Zhu et al., 2023; Li et al., 2024a). However, the
underlying reasons for this degradation remain in-
sufficiently explored. To address this gap, we adapt
three perturbation strategies from (Li et al., 2024b)
and apply them to both the seed questions and their
corresponding dimension-specific variants, aiming
to identify which dimensions are most susceptible
to performance loss under these perturbations.

As shown in Tab. 3, all evaluated dimensions
exhibit substantial performance drops (PD) under
perturbations. When noise is introduced, the rea-
soning dimension is most affected for both GPT-4.1
(26.75%) and Claude 3.7-Sonnet (8.37%). Con-
versely, additional operations or numerical modifi-
cations lead to the greatest drops in the Arithmetic
dimension. These results suggest that irrelevant
information primarily undermines reasoning capa-
bilities, while changes to operations or numeric val-
ues predominantly impact arithmetic proficiency.
Ultimately, vulnerabilities across all dimensions
collectively reduce final answer accuracy.

4.6 Improving LLMs via Self-Refine
Prompting on Weak Dimensions

To enhance the mathematical capabilities of LLMs,
we apply self-refinement prompting specifically to
the weakest step identified in SMART. The specific
prompts are provided in the Appendix. As shown
in Tab. 4, targeting the reasoning or arithmetic di-
mension leads to notable performance gains for
Gemma3-27B, Mistral-Small, and Qwen2.5-72B.
In contrast, Llama3.1-8B experiences a slight per-
formance drop, likely due to its limited capacity
for self-reflection. These results demonstrate that
the SMART framework is an effective diagnostic
tool for pinpointing a model’s weakest dimension
and that targeted intervention on this dimension
can improve mathematical performance.
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5 Conclusion

We present SMART, a benchmark designed to
evaluate the mathematical problem-solving ca-
pabilities of LLMs. Inspired by Pélya’s the-
ory of problem solving, SMART decomposes
the reasoning process into four cognitive dimen-
sions—Understanding, Reasoning, Arithmetic, and
Reflection & Refinement—and introduces a novel
All-Pass Score metric for comprehensive evalua-
tion. We also propose a data curation and quality
control framework that iteratively verifies gener-
ated test data to ensure reliability. Experiments
on 22 open- and closed-source LLMs reveal that
Reasoning and Reflection remain key bottlenecks,
while targeted improvements on weak dimensions
can enhance overall mathematical capability. We
hope SMART provides a foundation for more sys-
tematic and interpretable evaluation of LLMs’ rea-
soning processes in future research.

6 Limitation

While our proposed framework provides a com-
prehensive evaluation platform, it is important
to acknowledge its scope limitations. In partic-
ular, although Z3 and SMT-LIB effectively han-
dle linear, integer, and some nonlinear constraints,
their problem-solving capabilities are restricted.
They are unsuitable for highly complex nonlinear
problems and certain NP-complete combinatorial
tasks. Whether SMART targets algebraic questions
or more advanced domains is determined by the
choice of formal language and prover, rather than
by the SMART framework itself. To overcome
these limitations, future work will investigate us-
ing Lean (Moura and Ullrich, 2021) to formalize
and prove complex mathematical theorems involv-
ing higher-order logic and intricate proof structures
beyond SMT solvers’ scope.
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A Appendix
A.1 Poélya’s Problem-Solving Theory

Pdya’s four-step problem-solving framework, pro-
posed in the mid-20th century, has become a canon-
ical model and is widely used to analyze students’
strategies and error patterns in mathematics edu-
cation. Newman’s Error Analysis (NEA) (White,
2010) decomposes students’ performance on math-
ematical word problems into sequential skills that
closely mirror Pélya’s stages, and is widely used
to diagnose where in the problem-solving process
students fail.

Following this line of work, the four evaluation
dimensions in SMART are designed as an LLM-
oriented realization of Pdlya’s theory and are di-
rectly aligned with human mathematical problem-
solving processes.

Specifically, the Understanding task evaluates
a model’s ability to extract and organize key in-
formation from the question. The Reasoning task
evaluates the ability to devise a solution plan by
producing a symbolic formalization. The Arith-
metic task assesses the ability to carry out that plan
by solving notation-based arithmetic questions. Fi-
nally, the Reflection & Refinement task presents the
model with a question and its CoT solution, asks it
to identify potential errors, and then revise the solu-
tion into a refined CoT. In summary, SMART trans-
fers these classic, empirically grounded cognitive
frameworks to the LLM setting, providing a cog-
nitively motivated basis for our four-dimensional
evaluation.

A.2 Seed Question Collection and Filtering

The foundation of the SMART benchmark is a seed
dataset comprising 2,000 problem instances. These
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Cognitive Stages

Dataset Final Answer Source Size
Understanding Reasoning  Arithmetic R&R
GSMB8k (Cobbe et al., 2021) v Human 8,792
GSMI1k (Zhang et al., 2024) v GSM8K 1,205
MATH (Hendrycks et al., 2021) v 2 datasets 12,500
MINIF2F (Zheng et al., 2022) v v 4 datasets 488
FIMO (Liu et al., 2023) v v IMO 149
MR-GSM8k (Zeng et al., 2025) v GSMS8k 1,428
MR-Ben (Zeng et al., 2024) v 3 datasets 5,975
ProcessBench (Zheng et al., 2025) v 4 datasets 3,400
SMART (ours) v N v v v 7 datasets 10,000

Table 5: Compression between our SMART and other benchmarks.

were curated from seven widely-used mathemati-
cal problem datasets: GSM8K (Cobbe et al., 2021),
SVAMP (Patel et al., 2021), ASDiv (Miao et al.,
2020), AQuA (Ling et al., 2017), MAWPS (Koncel-
Kedziorski et al., 2016), MATH (Hendrycks et al.,
2021), and problems from the AIME 2024 com-
petition (Huggingface, 2024). These initial 2,000
seed questions, along with their subsequently gen-
erated dimension-specific variations (four per seed
question), form the complete SMART benchmark,
totaling 10,000 test instances.

Several criteria were applied during the selec-
tion and processing of these seed questions. To
ensure consistency in question format, problems
from the AQuA dataset, originally multiple-choice,
were converted into an open-ended format; the tex-
tual content of the correct option was adopted as
the ground-truth for these transformed questions.
Furthermore, we excluded problems whose solu-
tions fundamentally rely on operations not read-
ily expressible or automatically verifiable using
SMT-LIB, such as calculations involving the great-
est common divisor (GCD), the least common
multiple (LCM), or the determination of maxi-
mum/minimum values within a set. Questions re-
quiring multiple distinct numerical values in their
answers were also omitted. To maintain a baseline
level of difficulty and focus on multi-step problem-
solving, we filtered out mathematical problems that
could be solved in a single reasoning step. The
frequency distribution of reasoning steps for the
selected 2,000 seed questions is depicted in Fig. 4,
which illustrates that the majority of problems in
the SMART benchmark involve multiple reasoning
steps, with a notable concentration in the 2 to 7
step range.

A.3 Data Annotation

The ground truth for the majority of generated
data in SMART is derived from highly reliable
sources, either inherited from established bench-
marks or validated through neuro-symbolic sys-
tems. Consequently, human verification efforts
were strategically focused on components gener-
ated by LLMs—specifically, the structured key in-
formation for question understanding and notation-
based arithmetic questions—where automatic guar-
antees are unavailable. Following standard prac-
tices in recent literature, we conducted manual in-
spections on a random subset of this data. No-
tably, our sampling rate of 10% is considerably
more conservative than prevalent methodologies.
For instance, (Chen et al., 2024) validated Dr.
Academy by manually inspecting only ~ 1% of
questions; (Zhang et al., 2025) utilized a sample
of 100 Q&A pairs per round for their OCR-RAG
benchmark; and (Yang et al., 2025b) inspected a
random sample of 50 questions to verify unhelpful
thoughts. By comparison, our 10% re-verification
protocol—under which all inspected instances were
confirmed correct—provides a statistically stronger
guarantee of data quality. We believe this rigorous
annotation process ensures that SMART is built on
a credible and sound foundation.

A4 Data Examples of SMART

Fig. 5 presents a data sample of SMART, which
contains the seed question, the extracted context,
the SMT-LIB expression, the arithmetic notation
question, the CoT, and the final answer.

Fig.6 illustrates a seed question and its four-
dimensional tasks. In the Understanding task, the
model extracts key information from the seed ques-
tion. In the Reasoning task, it solves the problem by
producing an SMT-LIB formulation. In the Arith-
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metic task, it answers the corresponding notation-
based arithmetic question. In the Reflection & Re-
finement task, it first identifies error categories in
the provided CoT (Reflection) and then generates a
corrected CoT (Refinement).

A.5 Differences to Existing Benchmarks

In Tab. 5, we have summarized how SMART dif-
fers from existing datasets. SMART is the first
benchmark whose design is aligned with the multi-
dimensional human cognitive process of mathemat-
ical problem solving. Guided by Pdlya’s problem-
solving theory, SMART systematically decom-
poses each problem along the thinking pipeline
into four cognitive dimensions—Understanding,
Reasoning, Arithmetic, and Reflection & Refine-
ment. In contrast, prior fine-grained benchmarks
lack theoretical guidance and typically cover only
one or two dimensions. GSM8K, GSM 1k, and
MATH assess LLMs solely by final-answer correct-
ness. MINIF2F and FIMO evaluate the reasoning
ability by producing formal proofs. MR-GSMS8K,
MR-Ben, and ProcessBench evaluate step-by-step
solution verification.

A.6 Prompts and Rules for SMART Data
Curation

For each seed question, SMART generates dis-
tinct variants to evaluate the four targeted problem-
solving dimensions. The generation and ground-
truth creation for each dimensional task are de-
scribed below.

A.6.1 Understanding

To generate ground-truth for the understanding di-
mension, we utilize GPT-4.1 to perform context
extraction. The extracted context is structured into
the following components: Problem Scenario (de-
scribing the overall context of the problem), Goal
(specifying what needs to be solved), Known Quan-
tities (listing explicitly provided numerical values
or facts), Unknown Quantities (identifying vari-
ables or values to be determined), Relationships
and Constraints (detailing connections and limita-
tions between pieces of information), and Irrele-
vant Information (pinpointing details not pertinent
to the solution). The prompt employed to guide
GPT-4.1 in extracting this contextual information
for ground-truth generation is presented in Fig. 7.

A.6.2 Arithmetic

The arithmetic capability of LLMs is measured
by their performance on notation-based arithmetic
questions that share the same reasoning logic and
final answer as the seed question. Directly con-
verting a seed question into an arithmetic notation
problem is challenging for LLMs. This difficulty
arises because it requires simplifying complex nat-
ural language into structured mathematical oper-
ations while preserving the logical relationships
between variables. Such a transformation is non-
trivial, as the model must accurately interpret the
problem’s intent, handle ambiguous phrasing, and
correctly map linguistic constructs to arithmetic op-
erations. Therefore, to address this, we first gener-
ate an SMT-LIB representation of the seed question,
which simplifies the reasoning logic among vari-
ables. Subsequently, we utilize GPT-4.1 to convert
this SMT-LIB representation into the arithmetic
notation problem, and then manually checked by
human annotators. The prompt for that process is
shown in Fig. 8 and Fig. 9.

A.6.3 Reflection & Refinement

For the Reflection & Refinement dimension, we
first generate CoT solutions containing deliberate
errors. To create these erroneous CoTs, one of the
six error types defined in Fig. 10 (e.g., arithmetic
number error and skipped step) is uniformly sam-
pled and injected into a correct CoT.

For the Refinement task, direct verification of
the LLM-corrected CoT is complex. Instead, we
evaluate the refined CoT by extracting the final
answer of the refined CoT. The LLM is considered
to have successfully passed the Refinement task if
the extracted final answer matches the ground-truth
of the original seed question.

A.7 Experiment Setting

We evaluate 22 recent open-source and closed-
source LLMs using our SMART evaluation frame-
work. The open-source models include Phi4 (Ab-
din et al., 2024), Gemma3 (Team et al., 2025),
GLM4 (GLM et al., 2024), Qwen2.5 (Team, 2024),
Qwen3 (Yang et al., 2025a), Llama3 (AI@Meta,
2024), Llama4 (Meta, 2025), and Mistral (Mis-
tralAlTeam, 2024). The closed-source models as-
sessed are GPT-40 (Achiam et al., 2023), GPT-
4.1 (OpenAl, 2025a), o4-mini, 03, GPT-5 (Ope-
nAl, 2025b), DeepSeek-V3 (Liu et al., 2024),
DeepSeek-R1 (Guo et al., 2025), Claude3.5 (an-
thropic, 2024), Claude3.7 (anthropic, 2025), and
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Model Final Answer Understanding Reasoning Arithmetic R&R

Zero-shot  Three-shot | Zero-shot Three-shot | Zero-shot Three-shot | Zero-shot Three-shot | Zero-shot Three-shot
GPT-4.1 43.25 59.34 90.25 95.41 59.52 73.29 38.65 45.71 37.05 59.90
04-mini 92.25 93.75 93.58 95.22 85.63 90.72 97.12 98.25 51.20 55.05
Gemini2.5 90.65 93.33 91.12 94.25 81.47 89.72 95.41 98.18 30.74 35.85
-Flash-Preview

Table 6: Zero-shot and three-shot prompt engineer strategy comparison in SMART.

Method CoT to SMT-LIB  Question to SMT-LIB
GPT-4.1 92.58 73.29
O4-mini 95.68 90.72
DeepSeek-R1 97.54 93.61
Claude3.7-Sonnet 96.25 74.18
Gemini2.5-Pro 97.24 91.45

Table 7: Accuracy for transferring CoT and Seed ques-
tion to SMT-LIB formula

o o I
o w IS

Frequency of Questions

o
=

0.0

2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18
Number of Reasoning Steps

Figure 4: The reasoning step statistics of the seed ques-
tion dataset.

Gemini2.5 (Google, 2024).

All experiments were conducted on a Linux
server equipped with two NVIDIA H800 GPUs
(80GB). The GPUs were used for deploying and
performing inference on open-source models. The
Python version used was 3.9.20, and the version of
the Transformers package was 4.46.0.

A.8 Prompts for Evaluation in SMART

A.8.1 Understanding

We evaluate the generated structured key informa-
tion by comparing it with the ground-truth struc-
tured key information and then use LLMs as the
judge model to give the similarity score. The eval-
uation prompt is presented in the Fig. 11.

A.8.2 Reasoning

For the reasoning dimension, we introduce a sym-
bolic formalization task to evaluate the symbolic
reasoning capability of LLMs. The question for
this task is the seed question, and LL.Ms are asked
to generate the SMT-LIB expression of the ques-
tion, without solving the problem. The prompt for
this task is shown in Fig. 8. Subsequently, the Z3
Solver is used to compute the results of the gener-
ated SMT-LIB expression. Finally, we compare the
results of SMT-LIM expression to the ground-truth
of seed questions.

A.8.3 Arithmetic

For the arithmetic dimension, we introduce a nu-
meric calculation task to evaluate the arithmetic
capability of LLMs. The question for this task is a
notation-based arithmetic problem, and LLMs are
asked to solve it using the prompt shown in Fig. 12.
Then, we compare the results of the notation-based
questions to the ground-truth of seed questions.

A.8.4 Reflection & Refinement

For the reflection & refinement dimension, we pro-
pose an error correction task that requires LLMs
to detect mistakes in the chain-of-thought (CoT) of
seed questions, correct these mistakes, and gener-
ate a new answer for the seed question. The first
step involves detecting errors in the CoT, given
the question and CoT, with the answer being the
specific name of the introduced error type. The
evaluation prompt is shown in Fig. 13 and prompt
for more errors in Fig. 14. If LLMs fail to detect all
mistakes, they do not need to attend the following
refinement task. The second step is to fix errors in
CoT and generate a refined CoT with the prompt
shown in Fig.15. The final step is to extract the new
final answer of the refined CoT with rule-matching.
If LLMs successfully detect all mistakes and gener-
ate the correct final answer based on the corrected
CoT, we consider the model to have passed the
error correction task.
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A.9 The Self-Refine Prompting

We apply self-refinement prompting specifically to
the weakest step identified in the problem-solving
process to improve the mathematical capability of
LLMs. The prompts used for self-refinement on
the reasoning and arithmetic dimensions are shown
in Fig.16 and Fig.17.

A.10 Difficulty setting for Dimension-specific
Task

To generate dimension-specific questions with vary-
ing difficulty, we employ the following strategies:
For the understanding dimension, difficulty is
controlled by progressively introducing irrelevant
sentences, sourced from other problems, as "noise’
within the seed question’s text. The number of
such noise sentences dictates the complexity of
the context extraction task. The ground-truth for
these modified questions is updated by incorporat-
ing these noise sentences into the ’Irrelevant Infor-
mation’ category of the context extraction template.

For the reasoning dimension, question complex-
ity is defined by the number of distinct mathemati-
cal operations (e.g., +, —, X, +—, mod) required to
formulate the solution. Problems are then catego-
rized into multiple difficulty levels based on this
operational count.

In the arithmetic dimension, complexity is varied
by altering the number of digits in the numerical
values involved (e.g., changing *12’ to a five-digit
number like *34.823”), rather than solely their mag-
nitude, as precision with more digits presents a
distinct challenge. The ground-truth for these mod-
ified arithmetic problems is obtained through our
quality control method.

In the reflection & refinement dimension, dif-
ficulty is modulated by the number and types of
mistakes deliberately injected into the Chain-of-
Thought solutions. We randomly introduce a vary-
ing number of distinct error types (from the cat-
egories listed in Fig. 10) into the CoT to create
different levels of challenge for the error detection
and correction tasks.

Each seed question undergoes a two-stage trans-
formation process. In the first stage, it is decom-
posed into four distinct, dimension-specific tasks
that enable fine-grained evaluation of individual
capabilities. In the second stage, these tasks are fur-
ther rewritten using validated augmentation strate-
gies to generate diverse variants that test the robust-
ness and adaptability of LLMs. This hierarchical,

two-phase generation framework enhances relia-
bility and scalability by enabling comprehensive
and granular evaluation while mitigating risks of
overfitting and data contamination.

A.11 Examples for questions with different
difficulty settings

Fig.18 shows examples of different difficulty set-
tings for the understanding dimension evaluation.
The sentences with a red background in the image
represent irrelevant noise sentences, and the more
noise sentences there are, the harder the task of
extracting the effective context becomes.

Fig.19 shows examples of questions with differ-
ent reasoning steps, which indicate different rea-
soning difficulties.

Fig.20 presents arithmetic questions with num-
bers in different digits. Numbers with more digits
are more difficult for the arithmetic evaluation task.

Fig.10 presents CoT with different types of er-
rors. CoT with more mistakes is more difficult for
the reflection and refinement evaluation task.

A.12

We conducted additional comparative experiments
evaluating model performance with and without
three-shot examples across all stages. The results
are presented in the Tab.6. As shown in the table,
removing the three-shot examples leads to a signifi-
cant performance drop across all models for dimen-
sions. This confirms the substantial positive impact
of including a few-shot example for these more
complex reasoning stages. Our comparative results
show that adding a few-shot example provides an
improvement in all dimension scores across.

Zero-shot vs. three-shot

A.13 Ablation Study for Reasoning Task

LLMs demonstrate strong capabilities in translat-
ing natural language into formal language, and
the formal translation process itself is not the pri-
mary cause of poor performance on the Reasoning
task. To verify this, we conducted an ablation study
(’CoT-to-SMT-LIB’) where models converted cor-
rect natural language CoT into SMT-LIB formulas
in Tab.7. Accuracy was verified via Z3 execution
against ground-truth answers. All evaluated mod-
els achieved over 90% accuracy, indicating that the
main challenge lies in generating correct reasoning
paths—mnot in the formal translation. This supports
our claim that the Reasoning dimension effectively
captures a model’s core mathematical Reasoning
capability.
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A.14 Analysis of Potential Circularity Bias in
Evaluation

We address the concern regarding potential cir-
cularity—specifically, the risk of self-preference
bias—arising from the use of GPT-4.1 for both
ground-truth generation and evaluation in the Un-
derstanding task. To rigorously quantify this effect,
we conducted a sensitivity analysis using an inde-
pendent set of judges.

We introduced a new judge ensemble consisting
of DeepSeek-V3 and Claude 3.5 Sonnet. This en-
semble is distinct from the primary setup (GPT-4.1
+ DeepSeek-V3) used in the main paper. We re-
evaluated the top-performing models and compared
the scores averaged from the new independent en-
semble against the original scores.

As shown in Table 8, the scoring remains highly
consistent across different judge configurations.
The absolute difference between the scores yielded
by the independent ensemble (DeepSeek-V3 +
Claude) and the original ensemble (GPT-4.1 +
DeepSeek-V3) is at most 0.08.

This negligible deviation demonstrates that the
Understanding scores reported in SMART are ro-
bust to the choice of judge models. The inclusion of
GPT-4.1 in the evaluation loop does not introduce
statistically significant circularity bias, ensuring the
validity of our leaderboard rankings.

A.15 Analysis of Dimensional Independence

To validate the empirical difference of tasks in
SMART, we conduct an empirical analysis to deter-
mine whether the four evaluation dimensions (Un-
derstanding, Reasoning, Arithmetic, R&R) provide
distinct signals or collapse into a single capability
metric. We analyze the performance of 22 mod-
els using both quantitative correlation matrices and
qualitative ranking discrepancies.

We compute the Spearman correlation coeffi-
cient (p) and associated p-values between all pairs
of dimensions. As shown in Table 9, the results
indicate that the dimensions capture relatively in-
dependent capabilities:

¢ Understanding is Distinct: The Understand-
ing dimension exhibits a near-zero correlation
with Arithmetic (p = 0.06,p = 0.79) and
only a moderate, statistically non-significant
correlation with Reasoning (p = 0.36,p =
0.10). This suggests that the ability to parse
and structurally comprehend a problem is

functionally distinct from the ability to ex-
ecute symbolic operations.

* Coupling of Execution Capabilities: The
Reasoning, Arithmetic, and R&R dimensions
show moderate correlations. This is expected,
as successful reasoning often relies on correct
arithmetic execution, and reflection (R&R) re-
quires re-evaluating both reasoning and calcu-
lation. However, the correlations are far from
perfect, implying that they still measure dis-
tinguishable aspects of the problem-solving
process.

The independence of these dimensions is further
evidenced by substantial shifts in model rankings
across different tasks. Discrepancies in rankings
allow for a fine-grained diagnosis of model-specific
bottlenecks:

e Case Study 1: Qwen2.5-72B. This model
ranks 1st in Understanding but drops to 22nd
in Arithmetic. This highlights a "semantic-
strong but computation-weak" profile, where
the model excels at interpreting questions but
fails at basic execution.

* Case Study 2: DeepSeek-V3. Conversely,
this model ranks 4th in Arithmetic and 2nd in
R&R, yet places 12th in Reasoning. This sug-
gests robust computational and self-correction
mechanisms, with mathematical reasoning
planning being the primary bottleneck.

These findings confirm that SMART’s multi-
dimensional framework provides a holistic and
granular view of model capabilities, avoiding the
oversimplification of a single aggregate score.

A.16 Is the Final Answer Accuracy Reliable
for Measuring Mathematical
Capability?

Given the impressive performance of LLMs and the
potential for data contamination, there is a concern
that models might solve problems correctly without
possessing genuine underlying mathematical capa-
bility. To investigate this, we conduct experiments
to compute confusion matrices comparing final an-
swer correctness with performance on our SMART
dimensions, as illustrated in Fig. 21. We posit that
true mathematical capability is more accurately re-
flected by instances where LL.Ms correctly solve
not only the original seed question but also simul-
taneously succeed in the corresponding reasoning
and arithmetic dimension tasks.
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Model DeepSeek-V3  Claude 3.5 Avg (DS, Claude) Avg (GPT-4.1,DS) A
GPT-4.1 95.19 95.25 95.22 95.3 0.08
04-mini 95.28 95.14 95.21 95.25 0.04
GPT-5 95.17 95.32 95.25 95.18 0.07
DeepSeek-V3 95.12 95.15 95.14 95.12 0.02
Claude 3.5 Sonnet 94.81 94.65 94.73 94.75 0.02
Gemini 2.5-Flash 95.04 94.45 94.75 94.69 0.06
Qwen2.5-72B 95.58 95.89 95.74 95.86 0.08
Table 8: The performance of the Understanding task with different LLMs as the judge models.

Dimension Understanding  Reasoning Arithmetic R&R
Understanding 1.00 0.361 (0.0986) 0.059 (0.7949) 0.611 (0.0025)
Reasoning - 1.00 0.669 (0.0003) 0.605 (0.0002)
Arithmetic - - 1.00 0.664 (0.0008)
R&R - - - 1.00

Table 9: Spearman correlation coefficients (p) between the four evaluation dimensions across 22 models. P-values
are shown in parentheses. Bold indicates statistical significance (p < 0.05).

Across all confusion matrices, the False Nega-
tive (FN) values are consistently non-zero. This
indicates that LLMs can sometimes arrive at correct
final answers through heuristic shortcuts or other
opaque mechanisms, even when their intermediate
reasoning or calculation processes are flawed. For
example, GPT-4.1 exhibits a notable FN rate of
11.90% in the final answer and arithmetic confu-
sion matrix. Similarly, Claude3.7-Sonnet shows an
FN rate of 22.95% in the final answer and reason-
ing confusion matrix. These FN cases represent in-
stances where final answer accuracy overestimates
the model’s grasp of the intermediate steps.

Conversely, False Positive (FP) scores denote
cases where a model successfully completes an in-
termediate task but ultimately yields an incorrect
final answer. Except for GPT-4.1, most evaluated
LLMs exhibit relatively low FP rates across various
confusion matrices, indicating that accurate inter-
mediate reasoning generally correlates with correct
final outputs.

True Positive (TP) scores capture instances
where a model not only produces the correct fi-
nal answer but also performs intermediate reason-
ing and arithmetic correctly. We regard this TP
metric as a more reliable indicator of genuine math-
ematical problem-solving capability. For high-
performing models such as o4-mini, DeepSeek-
R1, and Gemini2.5-Pro-Preview, TP scores in the

reasoning & arithmetic confusion matrix closely
match their ACC@Fi values. In contrast, GPT-4.1
and Claude3.7-Sonnet exhibit significantly lower
TP scores relative to their ACC@Fi, suggesting
that their final answer accuracy may overestimate
their true reasoning capabilities.
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The Seed Question:

A container ship left from Dania Pier and traveled north. An aircraft carrier left 4 hours later traveling at 30
miles per hour in an effort to catch up to the container ship. After traveling for 8 hours the aircraft carrier
finally caught up . What was the container ship 's average speed in miles per hour ?

The Extracted Context:
{problem scenario: A container ship and an aircraft carrier are traveling with the latter attempting to catch
up
to the former.
goal: Determine the average speed of the container ship in miles per hour.
quantities: known: [ Aircraft carrier speed: 30 miles per hour,
Aircraft carrier travel time: 8 hours,
Time after which aircraft carrier left: 4 hours ],
unknown: [ Container ship's average speed (in miles per hour) ],
relationships and constraints: [ Aircraft carrier and container ship meet after aircraft carrier travels for 8
hours,
Container ship travels for 4 hours longer than the aircraft carrier. ],
Irrelevant information: [ The ships left from Dania Pier, Direction of travel is north 1}

The SMT-LIB Expression:

(set-logic QF_NRA) (assert (= a 30))
(declare-fun a () Real) (assert (= b 8))
(declare-fun b () Real) (assert (= c 4))
(declare-fun ¢ () Real) (assert (=d (+ b c)))
(declare-fun d () Real) (assert (=e (/ (*ab) d)))
(declare-fun e () Real) (check-sat) (get-value (e))

The Arithmetic Notation Question:
a=30, b=8, c=4, d=b+c, e=(ab)/d, e?

The Chian-of-Thought:

To find the average speed of the container ship, we need to analyze the information given about both the
container ship and the aircraft carrier. First, we note that the aircraft carrier left 4 hours after the container
ship. This means that by the time the aircraft carrier started its journey, the container ship had already been
traveling for 4 hours. Next, we know that the aircraft carrier traveled for 8 hours before catching up to the
container ship. Therefore, the total time the container ship was traveling when it was caught up is: 4 hours
(before the aircraft carrier left)+8 hours (while the aircraft carrier was traveling)=12 hours. Now, we need to
calculate the distance the aircraft carrier traveled during its 8 hours of travel. The speed of the aircraft
carrier is given as 30 miles per hour. Thus, the distance traveled by the aircraft carrier is:
Distance=SpeedxTime=30 miles/hourx8 hours=240 miles. Since the aircraft carrier caught up to the
container ship, this means that the container ship also traveled the same distance of 240 miles in the 12
hours it was traveling. Now, we can find the average speed of the container ship using the formula: Average
Speed=Total Distance/Total Time. Substituting the values we have: Average Speed=240 miles/12 hours=20
miles per hour. Thus, the average speed of the container ship is 20.0 miles per hour. #### 20.0

The Final Answer:
20.0

Figure 5: A data sample in the SMART benchmark.
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Seed Question: Among the 900 residents of Aimeville, there are 195 who own a diamond ring, 367 who own a set of golf clubs, and
562 who own a garden spade. The town square features a large statue of a rabbit wearing sunglasses. In addition, each of the 900
residents owns a bag of candy hearts. There are 437 residents who own exactly two of these things, and 234 residents who own
exactly three of these things. Find the number of residents of Aimeville who own all four of these things.

Answer: 73.0

Dimension 1: Understanding

Question 1: Extract key information of the seed question
Answer 1: {"Problem Scenario": "Residents of Aimeville own various items.",
“Goal": "Find the number of residents who own all four specified items." },
“Quantities": {“Known": ["Total number of residents: 900",
"Residents with diamond ring: 195", "Residents with golf clubs: 367",
"Residents with garden spade: 562", "Residents with candy hearts: 900",
"Residents with exactly two items: 437", "Residents with exactly three items: 234" ],
“Unknown": [ "Number of residents owning all four items" ] },
“Relationships and Constraints": ["Each resident owns a bag of candy hearts.",
"Some residents own more than one specified items." ],
“Irrelevant Information": ["The town square features a large statue of a rabbit wearing sunglasses. "]}

Dimension 2: Reasoning

Question 2: Solve the seed question with SMT-LIB formula

Answer 2: (set-logic QF NRA) (declare-fun count, () Real) (declare-fun count, () Real) (declare-fun count () Real)
(declare-fun s1g,,, () Real) (declare-fun nl,,,.: () Real) (declare-fun n2,,4. () Real) (declare-fun n3,,,.+() Real)
(assert (= count, 195)) (assert (= count, 367)) (assert (= countg 562)) (assert (= nlgyqcr 437)) (assert (= n2gxqcr 234))
(assert (= s1gym(+ count, count, county)))
(@ssert (= S1gp (+ N e (* 202,00) (*303.0))
(check-sat) (get-value (n3¢xqct)) i

Dimension 3: Arithmetic

Question 3: r=195, c=367, s=562, n0=900, n1=437, n2=234, s1=r+c+s, s=n1+2n2+3n3, n3? Solve this expression-based problem.
Answer 3: 73

Dimension 4: Reflection & Refinement

Question 4: CoT: Let w, x, y, z denote the number of residents who own 1,2,3 and 4 of these items, respectively. We know w + x +
y + z = 900, since there are 900 residents in total....... Plugging in x and y once more, we get i Solving w + z = 229 and
w + 4z = 448, we get z = 73 #### 73. Please carefully review each step in the CoT and determine error types.

Answer 4: Arithmetic error [1].

Question 5: Provide corrected CoT solution with error fixed

Answer S: ...... Plugging in x and y once more, we get - Solvingw + z = 229 and w + 4z = 448, we get z = 73 #### 73.

Figure 6: An overview of the SMART framework for evaluating the mathematical problem-solving process. The
SMART contains four distinct dimensions. Each dimension is evaluated using dimension-specific tasks and metrics,
ensuring a comprehensive assessment of the model’s problem-solving capabilities. The yellow-highlighted symbolic
assertion illustrates an inferred condition that is not explicitly stated in the original problem.

System Prompt:
You are a helpful assistant and good at following instructions.

User Prompt:
You are an expert analyst specializing in breaking down math word problems into their core components to facilitate
understanding and solving. Below is a structured key information template. Do not add notes in the response.
Template:
{""problem description": {
"problem scenario™: "Provide a brief, one-sentence description of the overall situation or context.”,
"goal": "State clearly what needs to be calculated or found."},
"quantities": {
"known": [ // List of explicitly stated numerical values or key quantities],
"unknown": [ // List of quantities that need to be found (usually corresponds to the goal)},
"relationships and constraints": [ // List of statements describing how quantities/entities relate, or rules governing the scenario],
“irrelevant information™: [ // List of information present in the text but likely not needed for calculation]}

Three-shot Examples
[Examples]

The Given Question:
[Question]

Now, analyze the next math problem. Generate the context of the question. Strictly following the steps and formatting provided.
Be precise, logical, and concise in your responses.

The Answer of Task:
[Answer]

Figure 7: The prompt for LLMs to extract context from a seed question.
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System Prompt:
You are a helpful assistant and good at following instructions.

User Prompt:

You are a highly skilled mathematician, NLP expert, and reasoning analyzer. Your task is to convert a

Math word problem into an SMT-LIB expression. Follow these instructions:

1. Define Variables: Use abstract variable names (e.g., a, b, c) that do not reflect the actual meaning of
the variables in the problem.

2. Formulate Constraints: Use mathematical relationships from the problem to establish constraints for
the SMT-LIB formula.

3. SMT-LIB Syntax: Use proper SMT-LIB syntax. The logic should be set to QF NRA or QF _NIA as
appropriate. Include (check-sat) and (get-value ...) commands to verify satisfiability and extract the result.

4. Check: Ensure all the variables in SMT-LIB formula are declared.

5. Do not write comments.

Three-shot Examples
[Examples]

The Given Question:
[Seed question]

Now, analyze the next math problem. Generate the symbolic expression of the math word problem. Strictly
following the steps and formatting provided. Be precise, logical, and concise in your responses.

The Answer of Task:
[SMT-LIB]

Figure 8: The prompt for LLMs to convert the seed question to a symbolic expression.

System Prompt:
You are a helpful assistant and good at following instructions.

User Prompt:

You are a highly skilled mathematician. You will be given a math problem, and your task is to convert the
original SMT-LIB formula into a pure arithmetic notation problem, accurately reflecting the relationships and
modified values without adding any additional background information. I will also give you the answer of the
SMT-LIB formula, and you have to check that the answer of the math problem is same to the SMT-LIB' answer.
Do not mention answer in the new generated question.

Three-shot Examples
[Examples]

The Given Symbolic Expression :
[SMT-LIB]

The Given Answer:
[Final answer]

Now, analyze the next SMT-LIB expression. Generate arithmetic notation problem of the SMT-LIB expression.
Strictly following the steps and formatting provided. Be precise, logical, and concise in your responses.

The Answer of Task:
[Answer]

Figure 9: The prompt for LLMs to convert the SMT-LIB expression to an arithmetic notation problem.
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1. Arithmetic Number Error

Definition: Randomly selects a number in the CoT and replaces it with a different, randomly generated number.

Example: The number of downloads of the program in the second month increased to 3*60 = <<3*60=180>>180. In the first two months, the total number of downloads
of the program was 180+60 = <<180+60=280>>280. In the third month, the number of downloads of the program reduced by 30/100*180 = <<30/100*180=54>>54. There
were 104-54 = <<180-54=126>>126 downloads in the third month. In the three months, the total number of downloads of the program was 126+240 =
<<126+240=366>>366. #### 366.

2. Skipped Step Error

Definition: Randomly removes one sentence (a segment delimited by a period) from the CoT.

Example: The number of downloads of the program in the second month increased to 3*60 = <<3*60=180>>180. In the first two months, the total number of downloads
of the program was 180+60 = <<180+60=240>>240. In the third month, the number of downloads of the program reduced by 30/100*180 = <<30/100*180=54>>54.
There were 180-54 = <<180-54=126>>126 downloads in the third month. #### 366.

3. Hallucinatory Insertion Error
Definition: Randomly selects a s from another CoT and inserts it into a random position in the primary CoT.

Example: The number of downloads of the program in the second month increased to 3*60 = <<3*60=180>>180. In the first two months, the total number of downloads
of the program was 180+60 = <<180+60=240>>240. In the third month, the number of downloads of the program reduced by 30/100*180 = <<30/100*180=54>>54. The
total amount of fabric is 24+2=<<2+2=4>>4 bolt of fabric. There were 180-54 = <<180-54=126>>126 downloads in the third month. In the three months, the total number

of downloads of the program was 126+240 = <<126+240=366>>366. ##i# 366.

4. Logical Order Error

Definition: Randomly selects two sentences in the CoT and swaps their positions.

Example: In the first two months, the total number of downloads of the program was 180+60 = <<180+60=240>>240. The number of downloads of the program in the
second month increased to 3*60 = <<3*60=180>>180. In the third month, the number of downloads of the program reduced by 30/100*180 = <<30/100*180=54>>54.
There were 180-54 = <<180-54=126>>126 downloads in the third month. In the three months, the total number of downloads of the program was 126+240 =
<<126+240=366>>366. #### 366.

5. Redundant Output Error

Definition: Randomly selects a in the CoT, duplicates it, and inserts the copy into a random position.

Example: The number of downloads of the program in the second month increased to 3*60 = <<3*60=180>>180. In the first two months, the total number of downloads
of the program was 180+60 = <<180+60=240>>240. In the third month, the number of downloads of the program reduced by 30/100*180 = <<30/100*180=54>>54. In the
third month, the number of downloads of the program reduced by 30/100*180 = <<30/100*180=54>>54. There were 180-54 = <<180-54=126>>126 downloads in the
third month. In the three months, the total number of downloads of the program was 126+240 = <<126+240=366>>366. ### 366.

6. Incorrect Operator Error

Definition: Replaces a matk ical operator (+, -, X, +) in the CoT with a different, randomly selected operator.

Example: The number of downloads of the program in the second month increased to 3*60 = <<3*60=180>>180. In the first two months, the total number of downloads

of the program was 180+60 = <<180+60=240>>240. In the third month, the number of downloads of the program reduced by 30/100*1 80 = <<30/100*180=54>>54. There
were 180-54 = <<180/54=126>>126 downloads in the third month. In the three months, the total number of downloads of the program was 126+240 =
<<126+240=366>>366. #### 366.

Figure 10: Example of CoT with different errors.

System Prompt:
You are an expert evaluator tasked with assessing the semantic similarity between a reference answer and a
model-generated answer.

User Prompt:

Your goal is to determine how closely the model-generated answer aligns with the reference answer in terms
of meaning, content. Instructions:

Read both answers carefully: Understand the core information, details, and intent conveyed in each answer.
Evaluate semantic similarity: Compare the model-generated answer to the reference answer based on content
and completeness.

Score the similarity: Provide a score between 1 and 100, where 100.0 indicates nearly identical meaning,
structure, and content, and 1.0 indicates no relation. Scores can be fractional (e.g., 85.5).

Output Format:[Score]This prompt ensures that only the score is output, allowing for fractional values to
reflect nuanced differences in similarity.

The Ground-truth Structed Key Information:
[GT SKI]

The LLM Generated Structed Key Information :
[SKI]

The Answer of Task:
[Score]

Figure 11: The prompt for LLM-as-a-Judge for evaluating the Understanding task.
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System Prompt:
You are a helpful assistant and good at following instructions.

User Prompt:

You are a helpful assistant that solves notation-based arithmetic problem. You will be given a notation-based
arithmetic problem, and your task is to provide the final answer which is enclosed in []. The final answer
should not include any units or formulas. Additionally, ensure that your answer is rounded to five decimal
places.

Three-shot Examples
[Examples]

The Given Question:
[Question]

Now, analyze the next math problem. Generate answer of the math problem. Strictly following the steps
and formatting provided. Be precise, logical, and concise in your responses.

The Answer of Task:
[Answer]

Figure 12: The prompt for LLMs to solve the arithmetic notation problem.

System Prompt:
You are a helpful assistant and good at following instructions.

User Prompt:

I will provide a math problem with its corresponding CoT (Chain-of-Thought) reasoning. We have

deliberately introduced one of the following six types of errors into the CoT:

1. Change Number: Randomly selects a number in the CoT and replaces it with a different, randomly
generated number.

2. Delete Segment: Randomly removes one sentence (a segment delimited by a period) from the CoT.

3. Insert Segment: Randomly selects a sentence from another CoT (cot2) and inserts it into a random
position in the primary CoT.

4. Swap Segments: Randomly selects two sentences in the CoT and swaps their positions.

5. Duplicate Segment: Randomly selects a sentence in the CoT, duplicates it, and inserts the copy into a
random position.

6. Modify Operator: Replaces a mathematical operator (+, -, x, <) in the CoT with a different, randomly
selected operator.

Please carefully review each step in the CoT and determine whether any of the above types of errors are

present. If you find errors, output the corresponding error type name and numbers.

Three-shot Examples
[Examples]

The Given Question:
[Seed question]

The Given CoT:
[CoT]

Now, analyze the next math word problem and its CoT. Find the errors in the CoT. Strictly following the
steps and formatting provided. Be precise, logical, and concise in your responses.

The Answer of Task:
[Answer]

Figure 13: The prompt for LLMs to detect mistakes in the CoT.
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System Prompt:
You are a helpful assistant and good at following instructions.

User Prompt:

I will provide a math problem with its corresponding CoT (Chain-of-Thought) reasoning. We have

deliberately introduced one of the following six types of errors into the CoT:

1. Change Number: Randomly selects a number in the CoT and replaces it with a different, randomly
generated number.

2. Delete Segment: Randomly removes one sentence (a segment delimited by a period) from the CoT.

3. Insert Segment: Randomly selects a sentence from another CoT (cot2) and inserts it into a random
position in the primary CoT.

4. Swap Segments: Randomly selects two sentences in the CoT and swaps their positions.

5. Duplicate Segment: Randomly selects a sentence in the CoT, duplicates it, and inserts the copy into a
random position.

6. Modify Operator: Replaces a mathematical operator (+, -, x, +) in the CoT with a different, randomly
selected operator.

Please carefully review each step in the CoT and determine whether any of the above types of errors are

present. More than one errors are in the CoT. Output all the corresponding error type namse and numbers.

Three-shot Examples
[Examples]

The Given Question:
[Seed question]

The Given CoT:
[CoT]

Now, analyze the next math word problem and its CoT. Find all errors in the CoT. Strictly following the
steps and formatting provided. Be precise, logical, and concise in your responses.

The Answer of Task:
[Answer]

Figure 14: The prompt for LLMs to detect more than one mistake in the CoT.
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System Prompt:
You are a helpful assistant and good at following instructions.

User Prompt:

You are a highly skilled mathematician. I will provide you with an math word problem, and its
corresponding solution steps (CoT) with error. Your task is to provide the corrected CoT (solution steps)
with the error fixed.

Three-shot Examples
[Examples]

The Given Question:
[Seed question]

The Given CoT:
[CoT]

Now, analyze the next math problem and its CoT. Generate fixed CoT of the math problem. Strictly
following the steps and formatting provided. Be precise, logical, and concise in your responses.

The Answer of Task:
[Answer]

Figure 15: The prompt for LLMs to correct the mistakes in the CoT.

System Prompt:
You are a helpful assistant and good at following instructions.

User Prompt:

Your task is to solve the problem and then refine the **Reasoning** aspect of your solution.
STEP 1 — Initial Solution

« Solve the problem.

* Present a concise chain of reasoning steps (R1, R2, ...) followed by your boxed final answer.

STEP 2 — Reasoning Check

* Re-read your own reasoning steps.

» Mark the single step whose logical justification is the weakest or most doubtful. Label it “Weak-R”.
* Briefly explain in one sentence why this step might be fragile.

STEP 3 — Reasoning Refinement

» Rewrite only the Weak-R step, providing clearer logic or the missing justification.
» Update any downstream reasoning if necessary.

* Re-state the boxed final answer (change it if the refinement alters the result).

* End with the line: “Refinement complete — reasoning strengthened.”

The Given Question:
[Question]

Now, analyze the next math problem. Generate the answer of the question. Strictly following the steps and formatting provided.
Be precise, logical, and concise in your responses.

The Answer of Task:
[Answer]

Figure 16: The prompt for LLMs to self-refine the Reasoning dimension.
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System Prompt:
You are a helpful assistant and good at following instructions.

User Prompt:
Your task is to solve the problem and then refine the ** Arithmetic** aspect of your solution.

STEP 1 — Initial Solution

« Solve the problem.

* Present your reasoning steps (R1, R2, ...) and arithmetic calculations (A1, A2, ...).
* End with a boxed final answer.

STEP 2 — Arithmetic Check

* Re-examine each arithmetic step (A k).

« Identify the single calculation that is most error-prone or uncertain. Label it “Weak-A”.

« In one sentence, explain why this calculation might be unreliable (e.g., multi-digit operation, fraction simplification).

STEP 3 — Arithmetic Refinement

* Recompute only the Weak-A step carefully, showing the detailed calculation and a quick sanity check.
* Propagate any changes to later steps if needed.

* Re-state the boxed final answer (update if the refinement changes it).

* End with: “Refinement complete — arithmetic strengthened.”

The Given Question:
[Question]

Now, analyze the next math problem. Generate the answer of the question. Strictly following the steps and formatting provided.
Be precise, logical, and concise in your responses.

The Answer of Task:
[Answer]

Figure 17: The prompt for LLMs to self-refine the Arithmetic dimension.

The Seed Question:
Adam bought 13 boxes of chocolate candy and gave 7 to his little brother . If each box has 6 pieces inside
it , how many pieces did Adam still have ?

The Question with one noise sentence:
Adam bought 13 boxes of chocolate candy and gave 7 to his little brother. If each box has 6 pieces inside
it , how many pieces did Adam still have ? Mary is baking a cake. She already put in 12 cups of flour.

The Question with three noise sentences:

Adam bought 13 boxes of chocolate candy and gave 7 to his little brother. If each of them had the same
number of cookies. Anna is able to buy 5 more articles for $300 after the price of each article decreased
by 15%. If each box has 6 pieces inside it , how many pieces did Adam still have ? Mary is baking a cake.
She already put in 12 cups of flour.

The Question with five noise sentences:

He has a total of 40 cannolis in his house. Adam bought 13 boxes of chocolate candy and gave 7 to his
little brother. If each of them had the same number of cookies. At Allan's house, there is twice as much
corn as cannolis. Anna is able to buy 5 more articles for $300 after the price of each article decreased
by 15%. Sam 's dog had puppies and 8 had spots. If each box has 6 pieces inside it , how many pieces
did Adam still have?

Figure 18: Example of questions with a different number of noise sentences.
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The Question with One or Two Reasoning Steps:
James decides to run 3 sprints 3 times a week. He runs 60 meters each sprint. How many total meters
does he run a week?

The Question with Three or Four Reasoning Steps:
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?

The Question with Five or Six Reasoning Steps:

John drives for 3 hours at a speed of 60 mph and then turns around because he realizes he forgot
something very important at home. He tries to get home in 4 hours but spends the first 2 hours in
standstill traffic. He spends the next half-hour driving at a speed of 30mph, before being able to drive
the remaining time of the 4 hours going at 80 mph. How far is he from home at the end of those 4 hours?

The Question with more than Six Reasoning Steps:

Adrien's total salary was 30 percent higher than Lylah's. Four years later, his salary had increased, and
he was earning 40% more than what he was making four years ago. If Adrien's and Lylah's salary
increased simultaneously, and Adrien earned $40000 four years ago, calculate the total salary the two
were receiving four years later?

Figure 19: Example of questions with different reasoning steps.

The Arithmetic Question:
What is the value of d if a is equal to 36, b is equal to 13, ¢ is equal to 49, and d is the sum of a, b, and ¢?

The Arithmetic Question with Numbers in Three digits:
What is the value of d if a is equal to -29.6, b is equal to -6.34, c is equal to 976, and d is the sum of a, b,
and ¢?

The Arithmetic Question with Numbers in Five digits:
What is the value of d if a is equal to 7938.7, b is equal to 74.180, ¢ is equal to -21327, and d is the sum of
a, b, and c¢?

The Arithmetic Question with Numbers in Seven digits:

What is the value of d if a is equal to 1,323,984, b is equal to 1,823,649, c is equal to 3.683971, and d is
the sum of a, b, and ¢?

The Arithmetic Question with Numbers in Nine digits:

What is the value of d if a is equal to -732716160, b is equal to 2330874.42, c is equal to -340169802, and
d is the sum of a, b, and ¢?

Figure 20: Example of arithmetic questions with numbers in different digits.
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Figure 21: The confusion matrix of the final answer and other dimensions. P means Positive, and N means Negative.
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