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Abstract

Mathematical reasoning has been playing a
crucial role in assessing the capabilities of
Large Language Models (LLMs). Recent find-
ings show that LLMs perform well in deriving
the correct answers from inaccurate reasoning
steps. This suggests that solution annotations
in existing datasets are limited, while hinting at
the overly simple or excessively difficult nature
of these benchmarks. To address this, we intro-
duce CUMath, a benchmark of 2,100 real prob-
lems from undergraduate courses with step-by-
step solutions to enable evaluation of both fi-
nal answers and intermediate reasoning. More-
over, current evaluations treat accuracy and rea-
soning separately, overlooking their joint role
in problem-solving. We therefore evaluate 15
LLMs across various prompting strategies un-
der a step-aware evaluation framework. Our
results show that even advanced models often
misuse symbolic methods and rely on short-
cuts, leading to polished but flawed solutions.
These findings highlight persistent inconsisten-
cies in mathematical reasoning and underscore
the need for improved benchmarks, evaluation
frameworks, and models with stronger reason-
ing consistency.

1 Introduction

With the rapid development of Large Language
Models (LLMs) in solving high-complex mathe-
matical problems, investigating LLMs’ mathemati-
cal reasoning has been increasingly important (Ahn
et al., 2024; Liu et al., 2025). Various techniques
(e.g., prompting (Wei et al., 2022; Yao et al., 2023;
Wang et al., 2023a), reinforcement learning (Wang
et al., 2025a,c; Hubert et al., 2025), test-time scal-
ing (Wu et al., 2024; Snell et al., 2024)) have been
explored to enchance the reasoning capabilities.
The results showed that LLMs have the abilities to
perform sequential deduction to reach the correct fi-
nal answer (Wang et al., 2025b). However, despite
the correct answers, these step-by-step solutions

could be erroneous and hallucinating, which hinder
the users with limited mathematical knowledge of
the refined writings (Boye and Moell, 2025).

This shortcoming potentially comes from the
lack of annotation in step-by-step reasoning. The
majority of recent benchmarks (e.g., MATH
(Hendrycks et al., 2021b) and UGMath (Xu et al.,
2025)) focus heavily on evaluating the final an-
swers rather than assessing and quantifying the in-
termediate steps. Similarly, GSM8k (Cobbe et al.,
2021) only represented high-level of free-form in-
termediate steps-by-steps rather than detailed an-
notation on the inherent logic sequence of mathe-
matics. In addition, evaluating complex free-form
responses poses a challenge to LLMs (Hendrycks
et al., 2021a), resulting in LLMs’ inconsistency in
constructing correct logical order in deriving the
correct answers (Zhou et al., 2023).

To address these issues, we introduce CUMath
benchmarks:

1. A new benchmark for undergraduate-level
mathematical reasoning with step-by-step
annotation. We introduce CUMath, a dataset
of 2,100 problems evenly distributed across
seven core subjects. A key feature of CUMath
is that each problem consistently includes
expert-manual step-by-step solutions to quan-
titatively and qualitatively evaluate the mathe-
matical reasoning capabilities of LLMs.

2. Multi-metric Evaluation on Step-by-step
Mathematical Reasonings. We combine
multiple automatic metrics to evaluate LLM
performance on mathematical reasoning, in-
cluding Exact Match, F1, Stepwise Reasoning
Score, and Validity–Redundancy Score. This
combined evaluation provides a more com-
prehensive assessment of both final-answer
correctness and the quality of intermediate
reasoning steps.

3. An empirical analysis of LLM reasoning
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Dataset Source Levels %CU #Types #Subj. #Test %FR Steps

GSM8k (Cobbe et al., 2021) Crowdsourced E 0 1 – 1k 0 No
MATH (Hendrycks et al., 2021b) Competition H,O 0 3 7 5k 100 Yes
MiniF2F (Zheng et al., 2022) Olympiad E,H,O 0 3 – 244 100 Yes
MathVerse (Zhang et al., 2024) Public Sources H 0 3 – 4.7k 45 No
MathVista (Lu et al., 2024) Mixed Benchmarks E,H,O 0 3 – 5k 46 No

MathOdyssey (Fang et al., 2024) Expert-written H,O,U ∼10 1 – 387 100 No
MMMUMath (Yue et al., 2024) Mixed Benchmarks E,H,U 0 1 – 505 0 No
We-Math (Qiao et al., 2024) Publicly sources H,U ∼20 3 – 1.7k 100 No

OCWCourses (Lewkowycz et al., 2022) Public Sources U ∼18 1 – 272 100 No
UGMathBench (Xu et al., 2025) Course Website U ∼50 10 16 5.5k 0 No

CUMath Course Materials/
AMS Textbooks U 100 3 7 2.1k ∼75 Yes

Table 1: Comparison of math datasets by level (E: Elementary–Middle School, H: High School, O: Olympiad,
U: Undergraduate), computational undergraduate coverage (%CU), number of task types, subjects, test size, free-
response (FR) proportion, and availability of step-by-step solutions.

gaps. Using CUMath and our framework,
we show that LLMs continue to exhibit sys-
tematic errors in symbolic manipulation and
procedural reasoning, even when producing
correct final answers. These findings under-
score the importance of evaluating reasoning
validity in conjunction with correctness.

2 Related Work

Mathematical Reasoning Datasets. Table 1
shows the variety of datasets in evaluating mathe-
matical reasoning across diverse topics with dif-
ferent difficulty levels. Prior benchmarks were
primarily collected from various public sources,
raising the possibility of data contamination or
hinting at the overlap of data used in the mod-
els’ training process (Deng et al., 2024). Ear-
lier benchmarks, GSM8K (Cobbe et al., 2021)
and MATH (Hendrycks et al., 2021b), focused
heavily on elementary or high-school mathemat-
ics. MiniF2F (Zheng et al., 2022) targeted at more
challenging competition, such as Olympiad-level
problems. Multimodal reasoning tasks and diverse
problem formats were introduced in recent bench-
marks (e.g., MathVista (Lu et al., 2024), Math-
Verse (Zhang et al., 2024), and MMMU (Yue et al.,
2024)). Interestingly, a very limited number of
benchmarks address undergraduate-level mathe-
matics, notably, UGMathBench (Xu et al., 2025)
and MathOdyssey (Fang et al., 2024). However,
these datasets concentrated on elementary prob-
lems (e.g., arithmetic and basic algebra) that have
been well-covered in the majority of prior datasets
(e.g., MATH and GSM8K).

Additionally, most existing datasets focus solely

on the final correct answers while overlooking
step-by-step reasoning, which offer insufficient ev-
idence to evaluate the quality and correctness of
a model’s reasoning process. Even though some
existing works, such as MATH (Hendrycks et al.,
2021b), provide step-by-step solutions, these anno-
tations are often represented at a high level and fail
to explicitly capture the logical dependencies be-
tween intermediate steps. This creates challenges
in assessing the logical consistency and factuality
in LLMs’ answers, despite the correct answers.

Evaluate Mathematical Reasoning. Under-
standing the mathematical reasoning of LLMs is es-
sential to further evaluate and improve the capabili-
ties of LLMs (Lee and Hockenmaier, 2025). Prece-
dent works on mathematical reasoning primarily
focuses on final-answer accuracy (Hendrycks et al.,
2021a; Cobbe et al., 2021); however, the correct-
ness of the final answer does not necessarily imply
that the intermediate reasoning is faithful, valid, or
logically sound (Li et al., 2024; Farquhar et al.,
2024; Shojaee et al., 2025). To better capture
the reasoning process, step-by-step reasoning has
emerged as an alternative evaluation paradigm, in
which LLMs generate a sequence of intermediate
natural-language steps before producing the final
answer (Wei et al., 2022).

To evaluate intermediate reasoning more di-
rectly, prior work has constructed meta-evaluation
datasets with annotated reasoning errors (Song
et al., 2025) and developed automatic frameworks
for scoring reasoning traces at scale (Golovneva
et al., 2023; Xia et al., 2025). Common evalua-
tion criteria can be grouped into four main types:
factuality, validity, coherence, and utility (Lee and
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Figure 1: Overview of the CUMath dataset construction pipeline, topic distribution, and data example entry.

Hockenmaier, 2025). To operationalize these crite-
ria, existing approaches employ various evaluators,
including rule-based or symbolic checkers (Nguyen
et al., 2024; Saparov and He, 2023), natural lan-
guage inference (NLI) models (Golovneva et al.,
2023), and LLM-as-value-function (Cui et al.,
2025). Nevertheless, the reliability of these met-
rics for evaluating reasoning traces remains lim-
ited (Lee and Hockenmaier, 2025).

Human annotation has also been used to assess
reasoning quality (Cobbe et al., 2021). These meth-
ods can provide reliable, high-quality judgments
about the correctness of reasoning, but large-scale
annotation of intermediate reasoning is costly and
requires substantial domain expertise (Lightman
et al., 2024). Thus, existing resources either fo-
cus on final-answer correctness or contain limited
expert-verified intermediate steps.

3 CUMath Dataset

3.1 CUMath Overview

We present CUMath, a benchmark for evaluat-
ing undergraduate mathematical reasoning step-by-
step. Unlike existing datasets that focus on arti-
ficial or competition-style problems, CUMath is

collected from real undergraduate course materi-
als, providing more authentic representations of the
challenges students encounter.

The dataset contains 2,100 problems evenly dis-
tributed across seven core areas of undergradu-
ate mathematics: Calculus, Differential Equations,
Discrete Mathematics, Linear Algebra, Multivari-
able Calculus, Precalculus, and Trigonometry, with
exactly 300 problems per subject. Unlike previous
datasets that often overrepresented certain domains,
this uniform distribution prevents topic-specific bi-
ases, enabling fairer comparisons of model per-
formance and supporting a more comprehensive
assessment of mathematical reasoning. Problems
are categorized into three answer formats: Free Re-
sponse (FR), Short Answer (SA), and True/False
(TF). Each problem also includes detailed step-by-
step solutions, enabling a comprehensive evalua-
tion of understanding that extends beyond simply
checking for the final answer’s accuracy.

3.2 CUMath Creation

CUMath was constructed through 3 phases: Data
Collection, Data Cleaning, and Data Labeling.

Data Collection. CUMath problems are col-
lected from two primary sources: (i) [anonymized]
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university quizzes, exams, and problem sets, and
(ii) open-access textbooks recommended by (Amer-
ican Institute of Mathematics) and released un-
der Creative Commons licenses. Closed materials
were included through instructors’ agreements (Ap-
pendix A). Although we cannot guarantee exclu-
sion from LLM training data, licensing restrictions
and the private nature of course materials reduce
this likelihood. All problems were reviewed by
mathematics educators for clarity and correctness
while preserving the original wording and notation.

Data Cleaning. Each problem was converted
into a structured JSON format for consistent access
and downstream use. Text was cleaned to correct
typographical and formatting errors, while math-
ematical expressions were encoded in LaTeX for
compatibility with language model inputs. We also
performed deduplication to remove redundant prob-
lems and ensure that each item was self-contained.

Data Labeling. Each problem was annotated
with metadata including a unique identifier, topic
and subtopic labels, question text, source attri-
bution, response format, final answer, and step-
by-step solution to support both final-answer and
intermediate-reasoning evaluation. Problems are
categorized into three response types: FR, SA, and
TF, reflecting common assessment styles in math-
ematics courses. We also assigned each problem
a difficulty level based on the typical stage of un-
dergraduate coursework in which the required con-
cepts are taught: Introductory, Freshman-level, and
Sophomore/Junior-level.

4 Evaluation Metrics

4.1 Automatic Metrics

To comprehensively evaluate final-answer correct-
ness and step-by-step reasoning quality, we assess
model performance by integrating four automatic
metrics: Accuracy, Semantic F1, Stepwise Reason-
ing Score, and Validity–Redundancy Score.

Let D = {(qi, ai, Si)}Ni=1 denote the dataset,
where qi is a problem, ai its ground-truth answer,
and Si its reference reasoning steps. Given a model
M , let âi and Ŝi denote the predicted answer and
reasoning steps.

Accuracy. We evaluate final-answer correctness
using symbolic equivalence. Let ϕ(·) denote a
SymPy-based symbolic parser and I[·] the indica-
tor function. If symbolic parsing fails, exact string

matching is used. Accuracy is computed as:

Accuracy(M) =
1

N

N∑︂
i=1

I[ϕ(âi) ≡ ϕ(ai)] .

Semantic F1. To evaluate semantic alignment
between generated and reference reasoning steps,
we encode each step using a pretrained sentence
encoder and compute pairwise cosine similarity.
Following prior embedding-based matching meth-
ods (Zhang* et al., 2020; Mohamed and Oussalah,
2020), we construct a greedy one-to-one alignment
using a similarity threshold of 0.7. Let Mi denote
the number of matched step pairs. Dataset-level
precision, recall, and F1 are computed as:

P =

∑︁
iMi∑︁
i |Ŝi|

, R =

∑︁
iMi∑︁
i |Si|

,

F1(M) =
2PR

P +R
.

Stepwise Reasoning Score (SRS). Following
ROSCOE (Golovneva et al., 2023), we assess rea-
soning quality using six normalized metrics: Faith-
fulness, Informativeness (Step), Informativeness
(Chain), Coherence, Discourse Representation, and
Repetition. For reasoning trace ei, the overall score
is:

SRS(ei) =
1

6

6∑︂
k=1

mk(ei),

and the final dataset score is averaged across all
examples.

Validity–Redundancy (VR). We adapt Rea-
sonEval (Xia et al., 2025), which scores each rea-
soning step using an NLI model. For step ŝji , valid-
ity is defined as the sum of entailment and neutral
probabilities, while redundancy corresponds to the
neutral probability. The final score is:

VR(ei) = min
j

S
validity
j −max

j
S

redundancy
j ,

with dataset-level scores computed by averaging
across examples.

4.2 LLM as a grader

We design an automatic grading pipeline that as-
sesses both the correctness of final answers and
the quality of the written solution (Figure 2). This
matters because two solutions with the same final
answer can come from very different reasoning.
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Figure 2: Overview of our grading pipeline. MathBERT encodes expressions, LLM gives step-level feedback, and
an external Computer Algebra System (CAS) verifies correctness.

Our pipeline takes as input both AI-generated solu-
tions and reference solutions, so each step can be
compared against a trusted path.

Step 1 (Input). The pipeline begins with both
AI-generated and reference solutions, which to-
gether provide a basis for comparison against a
trusted path.

Step 2 (Math Segmentation). To process a stu-
dent or AI-generated solution, we first perform a
step segmentation procedure. Since mathematical
solutions are written in free-form text, the pipeline
needs a consistent way to isolate units of reason-
ing. If the solution is explicitly structured with
steps labeled such as "step k", we use those as nat-
ural boundaries. In cases without explicit markers,
we default to line-based segmentation, where each
line is treated as a candidate reasoning step. Each
extracted step is then encoded using MathBERT
(Peng et al., 2021), which preserves the structure
of equations, improving the accuracy in comparing
generated and reference steps.

Step 3 (LLM Feedback). The encoded steps,
along with a textual representation of their embed-
dings, are provided to an LLM prompted to act as
a mathematical instructor (see Appendix E). The
LLM uses this information to deliver step-level
feedback by identifying errors, reasoning gaps, and
partial correctness. In addition to qualitative com-
ments, the LLM assigns a preliminary score on a
0–5 scale reflecting the validity and clarity of each
step.

Step 4 (Verification Loops). To improve relia-
bility, we integrate verification loops with external
CAS (i.e, Wolfram Alpha). Whenever the pipeline
detects that a reasoning step contains a mathemat-
ical expression, that expression is extracted, nor-
malized, and sent as a query to the CAS. The CAS
then returns the mathematically validated result,

such as the simplified form of an equation, the
solved solution set, or confirmation of equivalence
between two expressions. The pipeline compares
the LLM’s judgment of the step with the CAS’s
authoritative output. If the CAS verifies the equiv-
alence, the LLM’s proposed assessment is main-
tained. If a discrepancy arises, for example, when
the LLM accepts an invalid manipulation or fails
to recognize an equivalence, the CAS result takes
priority, and the LLM is prompted to revise its as-
sessment based on the verified computation. This
proposer–verifier loop reduces hallucinations, arith-
metic mistakes, and symbolic misinterpretations,
while ensuring that the grader remains consistent
with formal mathematics.

Step 5 (Output). The final output is step-level
feedback and a numerical score, combining the
LLM’s reasoning-based assessment with CAS veri-
fication to ensure mathematical validity.

4.3 Human Validation

We conducted human evaluations on subsets of the
benchmark to validate both the automatic metrics
and the LLM-as-a-grader to assess the reliability
of our evaluation framework. Three annotators
with sufficient mathematical background evaluated
undergraduate-level multi-step reasoning solutions.
Annotators independently assessed each solution
without access to model identities or automatic
metric scores. Because the automatic metrics and
the LLM-as-a-grader evaluate reasoning differently,
we used two different human-evaluation protocols.

4.3.1 Validation of Automatic Metrics
For the automatic metrics, annotators followed de-
tailed evaluation guidelines that guided them in
breaking down each solution and assessing the in-
termediate reasoning according to the same struc-

5



tured criteria used by the automatic evaluation
pipeline. This provides a controlled comparison
between human judgments and the step-level rea-
soning signals measured by SRS and VR.

We randomly sampled 5 problems from each
of the 7 topics, resulting in 35 evaluation prob-
lems. For each problem, we collected solu-
tions from four LLMs: GPT-5.2, together with
the highest-performing open-source model, the
highest-performing math-specialized model, and
the highest-performing closed-source model ex-
cluding GPT-5.2 within each topic. All solutions
were generated using Chain-of-Thought (CoT)
prompting, which achieved the strongest overall
performance across Accuracy, Semantic F1, SRS,
and VR metrics (Section 7.2). In total, annota-
tors evaluated 140 solutions. We measured inter-
annotator agreement using Krippendorff’s α and
additionally treated the automatic metrics as ad-
ditional annotators to measure alignment between
automatic and human judgments.

4.3.2 Validation of LLM-as-a-Grader
We separately evaluated the reliability of the LLM-
as-a-grader using a more free-form human evalu-
ation protocol. In this setting, annotators did not
explicitly decompose the solution into individual
automatic metric components. Instead, they as-
signed a score from 1 to 5 for each reasoning step
based on correctness, logical flow, and clarity.

We used the same sampling strategy of five prob-
lems from each of the seven topics. For each prob-
lem, we used solutions from three representative
model families (closed-source, open-source, and
math-specialized). For each topic, we selected the
highest-performing model from each family with
GPT-5.2 excluded. This resulted in 105 evaluated
solutions. We first measured agreement among the
three human annotators using Krippendorff’s α and
pairwise quadratic-weighted Cohen’s κ. We then
treated the LLM-as-a-grader as an additional anno-
tator and computed the same agreement measures
to evaluate how closely its judgments aligned with
human evaluations.

5 Experiments

5.1 Models

Our evaluation covers 3 categories of LLMs to
provide a comprehensive analysis of mathemati-
cal reasoning. Closed-source models demonstrate
proprietary advancements, open-source models em-

phasize transparency and community collabora-
tion, and math-specialized models are optimized
for symbolic reasoning in targeted assessments.
Closed-source models include GPT-5.2, GPT-4.1,
OpenAI o3, Claude Sonnet 3.7. Open-source
models include DeepSeek-R1-Distill-Qwen-32B,
Gemma 2 9B IT, LLaMA 3 8B Instruct, LLaMA
3 70B Instruct, LLaMA 4 Scout 17B Instruct,
Qwen2.5 7B Instruct, Mistral 7B Instruct v0.3.
Math-specialized models include Qwen2.5-Math-
7B Instruct, Qwen2.5-Math-1.5B Instruct, Llemma-
7B, LLaMA-3.2-1B Instruct (ft). Detailed model
specifications are provided in Appendix C.

5.2 Evaluation Strategies

We evaluate four prompting techniques commonly
used to enhance reasoning in LLMs—Zero-shot,
Chain-of-Thought (CoT), Self-Consistency (SC),
and Tree-of-Thoughts (ToT)—to study their effects
on final-answer accuracy and intermediate reason-
ing. The full set of prompt templates used in our
experiments is provided in Appendix D.

To ensure consistency and reproducibility, we
standardize decoding parameters across all mod-
els. Specifically, we employ greedy decoding with
temperature set to 0 for both Zero-Shot and CoT
prompting, as lower temperatures produce more de-
terministic outputs and prior work has shown that
temperatures in the range 0.0–1.0 do not signifi-
cantly affect problem-solving performance (Renze,
2024). For SC, we sample 5 reasoning chains at
temperature 0.9 and select the final answer by ma-
jority vote, using the best-performing SC configu-
ration (Wang et al., 2023b). For ToT, we generate
3 distinct reasoning paths at temperature 0.7, fol-
lowing the best-performing ToT configuration (Yao
et al., 2023), to encourage exploratory reasoning.

All outputs are constrained to a maximum length
of 2,048 tokens. This limit is sufficient to capture
the complete reasoning process and final answers
for all problems in our dataset, while fitting within
the context window of all evaluated models. We
evaluate model performance using 4 automatic met-
rics described in Section 4, namely Accuracy, Se-
mantic F1, SRS, and VR.

6 Main Results

6.1 Overall Performance

Across the evaluated models, GPT-5.2 consis-
tently outperforms the other LLMs in both final-
answer accuracy and reasoning-oriented metrics.
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As shown in Figure 3, GPT-5.2 achieves the high-
est Accuracy (0.293), Semantic F1 (0.330), and
SRS (0.330). It also obtains the best average VR
score (−0.121), substantially closer to zero than all
other models, indicating fewer reasoning violations
and less redundant intermediate reasoning. Even
with these relative improvements, performance on
CUMath remains substantially below the results
reported on common mathematics benchmarks.

Figure 3: Multi-metric summary of CUMath results.
(a) Average scores on Acc, F1, and SRS across models.
(b) Average VR scores across models.

Figure 4: Pearson correlation heatmap among evalua-
tion metrics (Accuracy, F1, SRS, and VR) with p-value

Despite recent claims that LLMs (e.g., GPT-5)
are increasingly approaching expert-level reason-
ing capabilities (OpenAI, 2025), their performance
on CUMath remains far below that expected of

undergraduate students in the corresponding sub-
ject areas. Even when models arrive at correct
final answers, their reasoning traces frequently di-
verge from human reference solutions and often
fail to maintain logically valid intermediate reason-
ing. This behavior is reflected in the relatively low
Semantic F1 and consistently negative VR scores
across models, suggesting unreliable intermediate
reasoning despite correct final answers.

More importantly, higher answer accuracy does
not necessarily imply reliable reasoning. As shown
in Figure 4, accuracy shows only a moderate and
statistically non-significant correlation with SRS
(r = 0.46, p = 0.086) and a weak correlation with
VR (r = 0.28, p = 0.306). In contrast, F1 strongly
correlates with Accuracy (r = 0.76, p = 0.001)
and VR (r = 0.72, p = 0.003), suggesting that
models with higher accuracy primarily produce rea-
soning traces that are semantically closer to human-
written solutions. However, correct answers can
still arise from flawed or weakly justified interme-
diate reasoning, while incorrect solutions often di-
verge substantially from human solution processes,
as further examined through representative failure
cases in Section 8.

These results suggest that benchmark accuracy
alone may overestimate reasoning competence in
modern LLMs. Since users increasingly interact
with generated reasoning traces for trust calibra-
tion and solution verification (Chen et al., 2026),
the reliability of intermediate reasoning becomes
as important as final-answer correctness. This
poses an important challenge for current LLMs:
models must provide not only correct answers but
also reliable, logically consistent reasoning traces.
However, our step-level evaluation shows that cur-
rent LLMs frequently fail to maintain logically
grounded reasoning across solution chains.

6.2 LLM-as-a-Grader Evaluation
We evaluate model-generated solutions using our
LLM-as-a-grader pipeline (Figure 5). GPT-5.2 is
excluded because it was not evaluated by the LLM-
as-a-grader.

Across models, the LLM-as-a-grader generally
assigns higher scores to stronger closed-source
and larger open-source models. Claude Sonnet
3.7 achieves the highest average score (3.40/5),
while math-specialized models receive substan-
tially lower scores (e.g., 0.89/5 for Llemma-7B).
This gap suggests that model differences extend
beyond final-answer correctness: stronger models
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tend to produce intermediate reasoning that is more
logically coherent, better justified, and clearer. At
the same time, the variation in grader scores across
models provides an additional signal of reasoning
quality that is not captured by final-answer accu-
racy or any individual automatic metric.

Figure 5: LLM-as-a-grader evaluation across models.

6.3 Human Agreement and Evaluation
Reliability

6.3.1 Automatic Metric Reliability

Figure 6: Krippendorff’s α agreement scores across
mathematics domains for SRS and VR.

Figure 6 shows that the automatic metrics are rea-
sonably aligned with human judgments. Both met-
rics (e.g, SRS and VR) demonstrated substantial
agreement with human annotators across most top-
ics. Lower agreement was observed in Differential
Equations and Discrete Mathematics, which these
domains often involve more open-ended reasoning
and multiple valid solution strategies. The agree-
ment scores remain relatively consistent across do-
mains for both SRS and VR, indicating that the
automatic metrics arguably induce grading behav-
ior that remains reasonably close to that of human
annotators under structured evaluation criteria.

6.3.2 LLM-as-a-Grader Reliability
To evaluate the reliability of our human evaluation
setup and the alignment of the LLM-as-a-grader
with human graders, we report inter-rater agree-
ment across human–human and human–LLM com-
parisons (Figure 7).

Figure 7: Krippendorff’s α for human–human and
human–LLM comparisons across topics.

Across all solutions, the three human annotators
achieve an overall Krippendorff’s α of 0.829, in-
dicating strong reliability (Figure 7). Topic-level
agreement is consistently high, with α values rang-
ing from 0.60 to 0.93 across domains. Pairwise
Cohen’s κ follows the same pattern, ranging be-
tween 0.42–0.93 (Figure 8).

Figure 8: Human–human quadratic Cohen’s κ across
topics.
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We evaluate the alignment between human anno-
tators and the LLM using the same reliability met-
rics (Figures 7 and 9). The overall Krippendorff’s
α remains nearly unchanged at 0.832, indicating
that the LLM preserves dataset-level reliability and
aligns well with human judgments. Topic-level
agreement ranges from 0.62 to 0.88, with κ values
comparable to human–human variability. These
results suggest that the LLM-as-a-grader produces
judgments that are broadly consistent with human
evaluations and remain within the variability ob-
served among human annotators.

Figure 9: Human–LLM quadratic Cohen’s κ across
topics.

7 Implications for Reasoning Evaluation

7.1 Undergraduate Mathematics as a
Benchmark for Reasoning

Figure 10: Average Acc, F1, SRS, VR by subjects.

Our results highlight that strong final-answer ac-
curacy in lower-level mathematics does not nec-
essarily translate into reliable reasoning on prob-

lems, especially the ones that require sustained
symbolic manipulation and multi-step derivations.
Figure 10 shows models perform noticeably worse
on sophomore- and junior-level subjects (e.g., Dif-
ferential Equations, Multivariable Calculus, and
Linear Algebra) than on introductory topics (e.g.,
Trigonometry and Precalculus). Subjects requir-
ing more abstract or multi-step reasoning, such as
Differential Equations, Linear Algebra, and Dis-
crete Mathematics, also exhibit lower Semantic
F1 and VR scores, suggesting weaker alignment
with human-written reasoning processes and less
reliable intermediate reasoning.

These findings indicate that outcome-based eval-
uation alone may overestimate reasoning reliability,
as models can still produce mathematically plausi-
ble explanations that diverge from standard human
solution procedures. Such behaviors are partic-
ularly concerning in educational and human-AI
problem-solving settings, where users may rely on
intermediate reasoning steps for verification and
trust calibration. Representative failure cases are
further discussed in Section 8.

7.2 Prompting and Process-Level Reasoning

Figure 11: Average Acc, F1, SRS, VR by prompting.

Different prompting strategies substantially affect
reasoning quality, consistent with prior findings on
prompt sensitivity in LLMs (Zhuo et al., 2024). As
shown in Figure 11, CoT achieves the strongest
overall performance in Accuracy, Semantic F1, and
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SRS across model categories, while obtaining VR
scores comparable to Zero-shot prompting. How-
ever, CoT provides only limited improvement over
Zero-shot prompting, suggesting that generating
step-by-step explanations alone is insufficient to
improve process-level reasoning reliability.

Similarly, ToT and SC do not substantially im-
prove accuracy and consistently reduce F1, SRS,
and VR scores. These results suggest that prompt-
ing strategies encouraging broader exploration or
multiple reasoning paths do not necessarily im-
prove process-level reasoning quality. Although
ToT and SC generate more diverse reasoning traces,
these solutions frequently diverge from standard
human solution procedures and often lack sufficient
logical support for the final answer. These findings
suggest that prompting strategies primarily influ-
ence the structure and style of generated reasoning
rather than substantially improving reasoning re-
liability. Future work should therefore focus less
on generating longer reasoning traces and more
on improving the consistency and verifiability of
intermediate reasoning.

8 A Case Study

Despite recent advances in LLMs, our analysis
shows that they continue to make basic yet sys-
tematic errors on undergraduate-level mathematics.
An example is the following pair of integrals:∫︂

1− sinx

x+ cosx
dx and

∫︂ π/6

−π/6

1− sinx

x+ cosx
dx.

Most students who have studied introductory
calculus would immediately recognize that the two
problems are closely related. In particular, once
the indefinite integral is solved, the definite inte-
gral follows directly by evaluating the same an-
tiderivative at the endpoints. Using the substitution
u = x+cosx, we have du = (1−sinx) dx, giving∫︂

1− sinx

x+ cosx
dx = ln |x+ cosx|+ C,

and therefore∫︂ π/6

−π/6

1− sinx

x+ cosx
dx = [ln |x+ cosx|]π/6−π/6 ≈ 1.4.

The model responses did not show the same con-
sistency. When asked for the indefinite integral,
most models correctly applied the substitution and
obtained the correct antiderivative. However, when

asked for the corresponding definite integral, many
models failed to reuse the antiderivative and in-
stead switched to unrelated arguments or incorrect
shortcuts. For example, GPT-4.1 abandoned the
substitution and incorrectly argued that the inte-
grand is odd, concluding that the integral over the
symmetric interval [−π/6, π/6] must be zero (see
Solution 2 in Appendix H). This reasoning is in-
valid, since f(x) = (1−sinx)/(x+cosx) is not an
odd function. Interestingly, the model had already
demonstrated knowledge of the correct antideriva-
tive in the indefinite case, suggesting a breakdown
in reasoning consistency rather than a failure to
identify the appropriate substitution.

A different failure mode appears in models that
produced values close to the correct result through
incorrect reasoning. For example, OpenAI-o3 and
Mistral 7B Instruct returned values close to the
true answer only after incorrectly claiming that no
closed-form antiderivative exists and switching to
numerical approximation (see Solution 4 and So-
lution 5 in Appendix H). Although the numerical
results were close to the correct value, the underly-
ing reasoning process remained flawed.

A different type of reasoning behavior appears
in GPT-5.2. Unlike OpenAI-o3 and Mistral 7B
Instruct, which switched directly to numerical
approximation, GPT-5.2 pursued a substantially
longer and more non-standard symbolic derivation
before eventually returning to the correct result
(see Solution 3 in Appendix H). Rather than di-
rectly reusing the substitution from the indefinite
integral case, the model introduced additional sym-
metry arguments and intermediate transformations,
unnecessarily complicating the solution process
compared to standard human solution procedures.

These examples illustrate several recurring weak-
nesses in LLM mathematical reasoning, including
inconsistent symbolic reasoning, reliance on un-
justified shortcuts, and unnecessarily complicated
reasoning paths that diverge from standard human
approaches. Importantly, many of these solutions
can still appear coherent and mathematically con-
vincing despite containing flawed or inefficient in-
termediate reasoning. This poses a challenge for
educational and human–AI problem-solving set-
tings, where users may rely on intermediate reason-
ing steps for verification and trust calibration. As
a result, evaluations based solely on final-answer
accuracy may substantially overestimate the true
reasoning reliability of current LLMs.
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9 Conclusion

We introduced CUMath, a benchmark for eval-
uating undergraduate-level mathematical reason-
ing with detailed step-by-step solutions. Using a
multi-metric evaluation framework, we evaluated
15 LLMs across multiple prompting strategies and
analyzed both final-answer correctness and inter-
mediate reasoning quality. Our results show that
final-answer accuracy alone is insufficient to eval-
uate reasoning reliability, and that undergraduate
mathematics remains a challenging benchmark for
evaluating LLMs’ performance and process-level
reasoning. These findings highlight the importance
of moving beyond outcome-based evaluation to-
ward assessing the validity and consistency of in-
termediate reasoning, particularly in educational
and human-AI problem-solving settings.

Limitations

Although CUMath provides a reasoning-focused
benchmark for undergraduate mathematics, our
work has several limitations. First, our eval-
uation does not include some of the most re-
cently released LLMs, and future evaluations using
CUMath should incorporate newer models to re-
flect evolving capabilities. Second, step-by-step
evaluation relies on predefined automatic metrics,
which may not fully capture undergraduate mathe-
matical validity; although we conducted human val-
idation to assess metric reliability, automatic evalu-
ation still cannot fully replace expert mathematical
judgment. Third, step-level analysis depends on
heuristic segmentation of model-generated solu-
tions (e.g., by newlines or explicit step markers),
which may not align with the true logical structure
of reasoning, and developing more principled seg-
mentation methods remains an important direction
for future work.

Ethical Consideration

CUMath is constructed from real instructional ma-
terials (university quizzes, exams, problem sets)
and open-access textbooks (Appendix A). Text-
book items are released under their respective Cre-
ative Commons licenses; closed instructional mate-
rials were included under explicit agreements with
instructors. The dataset contains no personally
identifiable information, human-subject data, or
sensitive attributes; problems were reviewed by
mathematics educators for clarity and curricular
alignment.

Potential risks include (i) inadvertent training set
overlap with future models and (ii) misuse of the
benchmark for assessing general reasoning ability.
To mitigate these risks, we (a) release provenance
metadata and licensing information and (b) dis-
tribute CUMath for non-commercial research use.
We comply with the ACL Code of Ethics and the le-
gal terms of all sources, and we utilize Grammarly
to enhance the paper’s grammar and clarity.
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Domain Textbook Source Author(s) License

Calculus APEX Calculus Gregory Hartman CC BY 4.0
Differential Equations Elementary Differential

Equations (with BVP)
William F. Trench CC BY-SA 4.0

Discrete Mathematics Discrete Mathematics: An
Open Introduction

Oscar Levin CC BY-SA 4.0

Linear Algebra A First Course in Linear
Algebra

Rob Beezer CC BY-SA 4.0

Multivariable Calculus APEX Calculus Gregory Hartman CC BY 4.0
Pre-calculus Precalculus / College Al-

gebra / Trigonometry
Carl Stitz, Jeff Zeager CC BY-NC-SA 3.0

Trigonometry Precalculus / College Al-
gebra / Trigonometry

Carl Stitz, Jeff Zeager CC BY-NC-SA 3.0

Table 2: Mapping of dataset domains to textbook sources and associated licenses.

B Sub-topic Distribution

Table 3: Distribution of problems across sub-topics in
Calculus.

Sub-topic Count

Definite Integral 53
Limit 52
Derivative 44
Indefinite Integral 42
Function Analysis 30
Sequence/Series 30
Real-world Problems (Opti-
mization)

21

Continuity 17
Improper Integral 11

Table 4: Distribution of problems across sub-topics in
Differential Equations.

Sub-topic Count

Linear Second Order Equa-
tions

135

Laplace Transform 56
Linear First Order Equations 37
Exact Equations 22
Separable Equations 17
Transformation of Nonlinear
Equations into Separable
Equations

20

Existence and Uniqueness of
Solutions of Nonlinear Equa-
tions

13

Table 5: Distribution of problems across sub-topics in
Discrete Mathematics.

Sub-topic Count

Sequences 106
Recurrences 81
Generating Functions 34
Number Theory 32
Sums & Products 27
Combinatorics 18
Logic 2

14



Table 6: Distribution of problems across sub-topics in
Linear Algebra.

Sub-topic Count

Linear Transformations 45
Linear Independence / Depen-
dence

44

Eigenvalues, Eigenvectors &
Characteristic Polynomial

36

Matrix Operations 34
Systems of Linear Equations 31
Spanning Sets, Rank & Di-
mension

27

Determinants 23
Matrix Properties & Opera-
tions

14

Vector Spaces / Subspaces 14
Vector Operations & Represen-
tations

10

Linear Transformations &
Representations

9

Orthogonality / Inner Product 8
Null Space & Nullity 5

Table 7: Distribution of problems across sub-topics in
Multivariable Calculus.

Sub-topic Count

Vector Calculus 80
Multiple Integrals 74
Geometry of Space 49
Partial Derivatives 46
Limit 20
Function Analysis 19
Vector-valued Function 6
Real-world Problem (Opti-
mization)

6

Table 8: Distribution of problems across sub-topics in
Pre-calculus.

Sub-topic Count

Functions 162
Applications 46
Equations 34
Polynomials 33
Log/Exponential 13
Inequalities 12

Table 9: Distribution of problems across sub-topics in
Trigonometry.

Sub-topic Count

Evaluating Trigonometric
Functions

70

Inverse Trigonometric Func-
tions

62

Trigonometric Equations 49
Exact Values 39
Trigonometric Identities 30
Solving Triangles 19
Angle Conversion 16
Unit Circle & Reference An-
gles

12

Trigonometric Inequalities 3

C Evaluated LLMs
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Model Type Size Release Date Specialization

GPT-5.2 Closed-source N/A 2025 General
GPT-4.1 Closed-source N/A 2025 General
OpenAI o3 Closed-source N/A 2024 General
Claude Sonnet 3.7 Closed-source N/A 2025 General

DeepSeek-R1-
Distill-Qwen-32B

Open-source 32B 2025 General

Gemma 2 9B IT Open-source 9B 2024 General
LLaMA 3 8B In-
struct

Open-source 8B 2024 General

LLaMA 3 70B In-
struct

Open-source 70B 2024 General

LLaMA 4 Scout
17B Instruct

Open-source 17B 2025 General

Qwen2.5 7B In-
struct

Open-source 7B 2025 General

Mistral 7B Instruct
v0.3

Open-source 7B 2024 General

Qwen2.5-Math-7B
Instruct

Math-specialized 7B 2024 Mathematical reasoning

Qwen2.5-Math-
1.5B Instruct

Math-specialized 1.5B 2024 Mathematical reasoning

Llemma-7B Math-specialized 7B 2024 Mathematical reasoning
LLaMA-3.2-1B In-
struct (ai-nexuz ft.)

Math-specialized 1B 2024 Mathematical reasoning

Table 10: Detailed specifications of evaluated LLMs.

D Solution Generation Prompts

Zero-Shot Prompt

System Prompt: Conclude the final
answer in the form:
\boxed{your final answer here}.
User: Solve the following math problem:
{problem}

Chain-of-Thoughts Prompt

System Prompt: You are a highly skilled
mathematics expert. Solve the problem
step by step. Conclude with your final
answer in the form:
\boxed{your final answer here}.
User: Q: {example-question-1}
A: {example-solution-steps}
Q: {example-question-2}
A: {example-solution-steps}
...
Q: {problem}
A:

Tree-of-Thoughts Prompt

System: You are a highly skilled mathe-
matics expert. Solve the problem using
a Tree-of-Thoughts style approach: Pro-
pose exactly{TOT_PATHS} distinct inter-
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mediate solution paths. Select the most
promising path. Continue developing only
the selected path, revising if needed. Ar-
rive at a final verified solution. At the
end, state the final answer in the form:
\boxed{your final answer here}.
{problem}

Self-Consistency Prompt

System: You are a highly skilled math-
ematics expert. Solve the problem with
clear, step-by-step reasoning. At the end,
clearly state the final answer in the form:
\boxed{your final answer here}.
{problem}
A (Sample 1): {reasoning}
A (Sample 2): {reasoning}
...
\boxed{\{final-answer\}}

E Evaluation Prompts
(LLM-as-a-Grader)

Pass 1: Step Feedback + Score (No CAS)

System Prompt: You are a meticulous and
fair mathematics instructor.
Given a problem, its correct reference steps,
and a proposed step-by-step solution,
evaluate each proposed step independently.
Score each step on a 1–5 scale (1 = very
poor, 5 = excellent) based on: Correctness,
Logic/Flow, Justification, and Clarity.
Important:

• Do not reference or claim any CAS
results in this pass.

• If a step is prose (no explicit equality),
still give feedback and a score.

• Judge each step as written; do not
merge or rewrite steps.

Problem: {problem}
Reference Solution Steps:
Ref Step 1: {ref_step_1}
Ref Step 2: {ref_step_2}
...
Proposed Solution Steps:
Step 1: {model_step_1}
Step 2: {model_step_2}

...
Respond exactly in this format (one line
per proposed step):
Step 1: [1–2 sentences of feedback] Score:
[X]/5
Step 2: [1–2 sentences of feedback] Score:
[Y]/5
...

Pass 2: CAS-Based Score Revision

System Prompt: You revise scores for
mathematical reasoning steps using CAS
results.
If CAS shows an incorrect transformation,
lower the score; if it confirms the
transformation, consider raising the score.
If both CAS statuses are unknown, keep the
score unchanged and note CAS unknown.
Return a strict JSON list in the following
format:
[{"idx": int, "revised": int (1..5),
"note": str}]

F Detailed Computation of Stepwise
Reasoning Score

We follow the ROSCOE framework (Golovneva
et al., 2023) to evaluate the quality of reason-
ing chains produced by M . This section pro-
vides the exact computation of the six metrics we
use: Faithfulness, Informativeness (Step), Infor-
mativeness (Chain), Repetition (Step), Discourse
Representation, and Coherence (Step vs. Step).
We implement faithfulness/informativeness via to-
ken/sentence–step cosine alignment and use an
NLI model to penalize contradictions for Dis-
course/Coherence.

We represent each problem statement qi as a
sequence of tokens: qi = {qi,1, qi,2, . . . , qi,|qi|},
where qi,t denotes the embedding of the t-th token
in qi.

Faithfulness (ei → qi). Measures whether each
generated step is grounded in the problem state-
ment:

Faithfulness(ei) =
1

n̂i

n̂i∑︂
j=1

r-align(eji → qi),

r-align(eji → qi) =
1 +maxt=1..|qi| cos(e

j
i , qi,t)

2
.
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Informativeness (Step) (ei ↔ qi). Captures
how well information in the problem statement is
reflected in the generated reasoning:

Info-Step(ei) =
1

2

(︄
1

|qi|

|qi|∑︂
t=1

r-align(qi,t → ei)

+
1

n̂i

n̂i∑︂
j=1

r-align(eji → qi)

)︄
.

Informativeness (Chain) (ei =⇒ qi). Mea-
sures agreement between the reasoning chain and
the problem statement as a whole:

Info-Chain(ei) =
1 + cos(ei, qi)

2
.

Repetition (Step) (ŝji ↔ ŝki ). To identify re-
peated or paraphrased reasoning steps, we measure
similarity between embeddings of different steps
in the reasoning chain. Each step ŝji is represented
as a single embedding, and repetition is computed
via cosine similarity between step embeddings:

Repetition-Step(ei) =
1

2

[︄
1−

max
j=2..n̂i

max
k=1..j−1

cos(ŝji , ŝ
k
i )

]︄
.

Discourse Representation (ei ⇔ qi). Assesses
whether any generated step contradicts the problem
statement:

Discourse(ei) = 1− max
j=1..n̂i, t=1..|qi|

pcontr(ŝ
j
i , qi,t),

where pcontr is the contradiction probability pre-
dicted by a natural language inference (NLI)
model.

Coherence (Step vs. Step). Checks for contra-
dictions between generated steps:

Coherence(ei) = 1− max
j=2..n̂i, k<j

pcontr(ŝ
j
i , ŝ

k
i ).

G Detailed Results
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Table 11: Main Results on CUMath. Evaluation of LLMs across four prompting strategies and four metrics:
Accuracy (Acc), Semantic F1, SRS, and VR. The highest value in each column is bold and underlined.

Model Zero-shot CoT ToT SC

Acc F1 SRS VR Acc F1 SRS VR Acc F1 SRS VR Acc F1 SRS VR

Closed-source Models

GPT-5.2 0.28 0.44 0.45 0.01 0.31 0.42 0.44 -0.06 0.29 0.29 0.36 -0.23 0.29 0.17 0.33 -0.20
GPT-4.1 0.20 0.11 0.40 -0.50 0.19 0.10 0.42 -0.45 0.19 0.03 0.42 -0.67 0.18 0.02 0.42 -0.63
OpenAI o3 0.18 0.20 0.45 -0.21 0.16 0.16 0.45 -0.22 0.17 0.04 0.42 -0.46 0.17 0.05 0.43 -0.40
Claude Sonnet 3.7 0.20 0.16 0.44 -0.51 0.19 0.15 0.44 -0.52 0.19 0.07 0.43 -0.64 0.17 0.10 0.44 -0.60

Open-source Models

DeepSeek-R1-
Distill-Qwen-32B

0.18 0.09 0.43 -0.59 0.17 0.07 0.42 -0.58 0.18 0.03 0.43 -0.76 0.16 0.01 0.43 -0.77

Gemma 2 9B IT 0.16 0.13 0.43 -0.37 0.16 0.18 0.44 -0.33 0.14 0.06 0.41 -0.61 0.08 0.04 0.42 -0.59
LLaMA 3 8B In-
struct

0.18 0.13 0.42 -0.51 0.17 0.18 0.42 -0.51 0.18 0.05 0.42 -0.71 0.15 0.04 0.43 -0.74

LLaMA 3 70B In-
struct

0.20 0.26 0.45 -0.28 0.18 0.25 0.44 -0.40 0.19 0.07 0.41 -0.67 0.16 0.07 0.42 -0.70

LLaMA 4 Scout
17B Instruct

0.22 0.15 0.42 -0.58 0.21 0.17 0.42 -0.55 0.21 0.08 0.41 -0.71 0.20 0.04 0.42 -0.72

Qwen2.5 7B Instruct 0.18 0.12 0.41 -0.56 0.18 0.13 0.42 -0.52 0.16 0.03 0.40 -0.69 0.16 0.03 0.42 -0.71
Mistral 7B Instruct
v0.3

0.12 0.16 0.45 -0.17 0.12 0.20 0.43 -0.35 0.12 0.05 0.40 -0.71 0.10 0.04 0.41 -0.73

Math-specialized Models

Qwen2.5-Math-7B
Instruct

0.10 0.12 0.40 -0.58 0.08 0.07 0.40 -0.48 0.09 0.03 0.38 -0.70 0.09 0.02 0.38 -0.74

Llemma-7B 0.03 0.02 0.36 -0.39 0.03 0.02 0.36 -0.36 0.02 0.01 0.37 -0.69 0.02 0.01 0.35 -0.80
Qwen2.5-Math-
1.5B Instruct

0.06 0.10 0.42 -0.38 0.07 0.06 0.39 -0.39 0.08 0.02 0.41 -0.46 0.07 0.01 0.41 -0.50

LLaMA-3.2-1B In-
struct (ft)

0.07 0.15 0.41 -0.47 0.05 0.08 0.40 -0.37 0.06 0.03 0.41 -0.45 0.05 0.02 0.40 -0.51

Table 12: Main Results on Calculus. Evaluation of LLMs across four prompting strategies and four metrics:
Accuracy (Acc), Semantic F1, SRS, and VR. The highest value in each column is bold and underlined.

Model Zero-shot CoT ToT SC

Acc F1 SRS VR Acc F1 SRS VR Acc F1 SRS VR Acc F1 SRS VR

Closed-source Models

GPT-5.2 0.30 0.57 0.45 0.08 0.40 0.47 0.45 0.05 0.33 0.33 0.37 -0.11 0.31 0.19 0.34 -0.13
GPT-4.1 0.24 0.22 0.35 -0.93 0.12 0.09 0.38 -0.61 0.24 0.05 0.35 -0.92 0.12 0.02 0.37 -0.77
OpenAI o3 0.25 0.24 0.39 -0.64 0.11 0.14 0.45 -0.33 0.21 0.07 0.36 -0.92 0.11 0.05 0.41 -0.53
Claude Sonnet 3.7 0.26 0.29 0.40 -0.53 0.11 0.19 0.41 -0.71 0.24 0.15 0.40 -0.83 0.11 0.16 0.41 -0.75

Open-source Models

DeepSeek-R1-
Distill-Qwen-32B

0.29 0.17 0.38 -0.95 0.12 0.08 0.40 -0.72 0.32 0.06 0.38 -0.96 0.12 0.02 0.37 -0.92

Gemma 2 9B IT 0.18 0.10 0.39 -0.65 0.09 0.12 0.42 -0.49 0.21 0.13 0.37 -0.94 0.03 0.04 0.39 -0.74
LLaMA 3 8B In-
struct

0.21 0.08 0.41 -0.77 0.08 0.15 0.41 -0.68 0.21 0.08 0.39 -0.94 0.06 0.04 0.39 -0.91

LLaMA 3 70B In-
struct

0.26 0.40 0.39 -0.52 0.09 0.22 0.41 -0.66 0.29 0.12 0.37 -0.70 0.06 0.08 0.38 -0.90

LLaMA 4 Scout
17B Instruct

0.26 0.18 0.40 -0.77 0.13 0.18 0.39 -0.75 0.26 0.20 0.38 -0.98 0.13 0.05 0.38 -0.91

Qwen2.5 7B Instruct 0.26 0.14 0.35 -0.89 0.12 0.12 0.39 -0.69 0.11 0.03 0.36 -0.81 0.11 0.03 0.37 -0.87
Mistral 7B Instruct
v0.3

0.09 0.29 0.38 -0.15 0.04 0.15 0.43 -0.62 0.21 0.06 0.38 -0.92 0.01 0.05 0.39 -0.89

Math-specialized Models

Qwen2.5-Math-7B
Instruct

0.15 0.24 0.35 -0.93 0.05 0.13 0.38 -0.71 0.07 0.03 0.35 -0.86 0.06 0.02 0.34 -0.90

Llemma-7B 0.00 0.03 0.34 -0.53 0.01 0.02 0.39 -0.44 0.01 0.01 0.36 -0.83 0.01 0.01 0.33 -0.95
Qwen2.5-Math-
1.5B Instruct

0.09 0.36 0.36 -0.92 0.06 0.10 0.38 -0.66 0.07 0.02 0.38 -0.40 0.03 0.01 0.38 -0.38

LLaMA-3.2-1B In-
struct (ft)

0.17 0.38 0.38 -0.67 0.03 0.11 0.42 -0.62 0.01 0.02 0.38 -0.30 0.01 0.01 0.38 -0.40
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Table 13: Main Results on Differential Equations. Evaluation of LLMs across four prompting strategies and four
metrics: Accuracy (Acc), Semantic F1, SRS, and VR. The highest value in each column is bold and underlined.

Model Zero-shot CoT ToT SC

Acc F1 SRS VR Acc F1 SRS VR Acc F1 SRS VR Acc F1 SRS VR

Closed-source Models

GPT-5.2 0.08 0.45 0.36 -0.29 0.11 0.45 0.34 -0.36 0.10 0.33 0.30 -0.49 0.11 0.20 0.29 -0.47
GPT-4.1 0.08 0.08 0.37 -0.55 0.09 0.09 0.37 -0.53 0.07 0.03 0.36 -0.71 0.10 0.02 0.36 -0.74
OpenAI o3 0.09 0.16 0.46 -0.20 0.10 0.13 0.46 -0.24 0.08 0.05 0.45 -0.27 0.09 0.06 0.41 -0.38
Claude Sonnet 3.7 0.07 0.18 0.40 -0.71 0.08 0.17 0.40 -0.64 0.07 0.12 0.39 -0.74 0.07 0.17 0.40 -0.68

Open-source Models

DeepSeek-R1-
Distill-Qwen-32B

0.05 0.09 0.39 -0.65 0.06 0.09 0.38 -0.67 0.04 0.04 0.37 -0.86 0.05 0.02 0.37 -0.90

Gemma 2 9B IT 0.04 0.13 0.41 -0.45 0.05 0.18 0.42 -0.44 0.03 0.07 0.38 -0.67 0.04 0.05 0.38 -0.73
LLaMA 3 8B In-
struct

0.04 0.14 0.40 -0.62 0.05 0.20 0.40 -0.60 0.04 0.05 0.38 -0.85 0.05 0.04 0.38 -0.90

LLaMA 3 70B In-
struct

0.08 0.18 0.45 -0.37 0.09 0.30 0.42 -0.47 0.07 0.09 0.38 -0.81 0.08 0.09 0.38 -0.84

LLaMA 4 Scout
17B Instruct

0.05 0.17 0.39 -0.71 0.06 0.22 0.39 -0.63 0.04 0.09 0.37 -0.85 0.05 0.05 0.37 -0.90

Qwen2.5 7B Instruct 0.04 0.12 0.38 -0.62 0.05 0.14 0.39 -0.57 0.03 0.04 0.36 -0.79 0.04 0.03 0.37 -0.82
Mistral 7B Instruct
v0.3

0.03 0.10 0.43 -0.47 0.04 0.20 0.42 -0.48 0.03 0.05 0.38 -0.82 0.04 0.04 0.39 -0.87

Math-specialized Models

Qwen2.5-Math-7B
Instruct

0.02 0.10 0.38 -0.62 0.03 0.05 0.39 -0.49 0.02 0.03 0.34 -0.79 0.03 0.02 0.34 -0.83

Llemma-7B 0.01 0.03 0.40 -0.38 0.02 0.03 0.38 -0.41 0.01 0.01 0.35 -0.80 0.01 0.01 0.33 -0.94
Qwen2.5-Math-
1.5B Instruct

0.02 0.08 0.39 -0.56 0.02 0.09 0.38 -0.58 0.01 0.04 0.37 -0.74 0.01 0.03 0.37 -0.79

LLaMA-3.2-1B In-
struct (ft)

0.02 0.05 0.41 -0.50 0.02 0.06 0.41 -0.51 0.01 0.03 0.39 -0.76 0.01 0.02 0.38 -0.83

Table 14: Main Results on Discrete Mathematics. Evaluation of LLMs across four prompting strategies and four
metrics: Accuracy (Acc), Semantic F1, SRS, and VR. The highest value in each column is bold and underlined.

Model Zero-shot CoT ToT SC

Acc F1 SRS VR Acc F1 SRS VR Acc F1 SRS VR Acc F1 SRS VR

Closed-source Models

GPT-5.2 0.34 0.31 0.46 -0.01 0.35 0.36 0.47 -0.10 0.36 0.24 0.38 -0.30 0.34 0.14 0.34 -0.25
GPT-4.1 0.17 0.08 0.40 -0.66 0.15 0.09 0.41 -0.63 0.16 0.02 0.37 -0.87 0.16 0.02 0.37 -0.85
OpenAI o3 0.11 0.13 0.52 -0.38 0.11 0.10 0.48 -0.47 0.11 0.03 0.41 -0.71 0.12 0.04 0.41 -0.71
Claude Sonnet 3.7 0.16 0.10 0.43 -0.73 0.24 0.10 0.43 -0.70 0.16 0.05 0.41 -0.78 0.15 0.07 0.43 -0.75

Open-source Models

DeepSeek-R1-
Distill-Qwen-32B

0.15 0.06 0.40 -0.87 0.16 0.06 0.39 -0.88 0.15 0.02 0.38 -0.96 0.16 0.01 0.38 -0.96

Gemma 2 9B IT 0.15 0.10 0.46 -0.58 0.16 0.13 0.50 -0.48 0.11 0.04 0.41 -0.76 0.10 0.03 0.41 -0.77
LLaMA 3 8B In-
struct

0.14 0.09 0.44 -0.71 0.16 0.11 0.43 -0.73 0.23 0.03 0.40 -0.87 0.11 0.03 0.40 -0.91

LLaMA 3 70B In-
struct

0.18 0.14 0.53 -0.41 0.18 0.14 0.46 -0.58 0.19 0.04 0.40 -0.84 0.16 0.04 0.40 -0.86

LLaMA 4 Scout
17B Instruct

0.21 0.10 0.42 -0.82 0.21 0.11 0.43 -0.79 0.19 0.04 0.40 -0.88 0.20 0.03 0.40 -0.91

Qwen2.5 7B Instruct 0.17 0.09 0.40 -0.76 0.18 0.11 0.40 -0.74 0.17 0.03 0.37 -0.89 0.17 0.02 0.38 -0.91
Mistral 7B Instruct
v0.3

0.08 0.09 0.51 -0.42 0.05 0.14 0.43 -0.44 0.10 0.04 0.41 -0.86 0.05 0.03 0.40 -0.87

Math-specialized Models

Qwen2.5-Math-7B
Instruct

0.07 0.08 0.39 -0.79 0.05 0.02 0.40 -0.61 0.06 0.02 0.35 -0.90 0.06 0.01 0.35 -0.93

Llemma-7B 0.00 0.01 0.43 -0.49 0.02 0.02 0.42 -0.45 0.01 0.00 0.38 -0.86 0.00 0.00 0.34 -0.96
Qwen2.5-Math-
1.5B Instruct

0.01 0.04 0.45 -0.40 0.05 0.06 0.39 -0.77 0.07 0.02 0.38 -0.86 0.06 0.01 0.37 -0.91

LLaMA-3.2-1B In-
struct (ft)

0.02 0.06 0.44 -0.68 0.01 0.07 0.44 -0.67 0.05 0.03 0.40 -0.84 0.04 0.02 0.40 -0.88
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Table 15: Main Results on Multivariable Calculus. Evaluation of LLMs across four prompting strategies and four
metrics: Accuracy (Acc), Semantic F1, SRS, and VR. The highest value in each column is bold and underlined.

Model Zero-shot CoT ToT SC

Acc F1 SRS VR Acc F1 SRS VR Acc F1 SRS VR Acc F1 SRS VR

Closed-source Models

GPT-5.2 0.35 0.36 0.41 0.05 0.35 0.36 0.43 0.03 0.34 0.25 0.37 -0.12 0.34 0.13 0.33 -0.12
GPT-4.1 0.07 0.06 0.53 0.10 0.07 0.06 0.57 0.10 0.07 0.01 0.76 0.02 0.08 0.01 0.73 0.02
OpenAI o3 0.08 0.24 0.23 0.10 0.07 0.23 0.30 0.10 0.08 0.01 0.46 0.03 0.08 0.02 0.50 0.03
Claude Sonnet 3.7 0.08 0.07 0.54 0.12 0.05 0.06 0.55 0.10 0.09 0.03 0.61 0.06 0.08 0.05 0.59 0.09

Open-source Models

DeepSeek-R1-
Distill-Qwen-32B

0.08 0.03 0.58 0.06 0.07 0.03 0.54 0.06 0.07 0.01 0.70 0.02 0.07 0.01 0.75 0.01

Gemma 2 9B IT 0.04 0.07 0.34 0.10 0.03 0.06 0.28 0.09 0.04 0.02 0.51 0.04 0.01 0.01 0.57 0.03
LLaMA 3 8B In-
struct

0.05 0.07 0.41 0.11 0.03 0.05 0.39 0.09 0.02 0.01 0.57 0.03 0.04 0.01 0.65 0.02

LLaMA 3 70B In-
struct

0.09 0.09 0.23 0.12 0.04 0.07 0.38 0.12 0.04 0.02 0.56 0.04 0.03 0.02 0.64 0.04

LLaMA 4 Scout
17B Instruct

0.13 0.06 0.49 0.11 0.11 0.06 0.49 0.11 0.10 0.02 0.57 0.04 0.13 0.01 0.64 0.03

Qwen2.5 7B Instruct 0.10 0.07 0.51 0.11 0.08 0.04 0.55 0.07 0.09 0.01 0.61 0.02 0.07 0.01 0.68 0.02
Mistral 7B Instruct
v0.3

0.03 0.12 0.28 0.15 0.01 0.08 0.32 0.12 0.00 0.02 0.46 0.03 0.01 0.01 0.50 0.03

Math-specialized Models

Qwen2.5-Math-7B
Instruct

0.01 0.03 0.47 0.06 0.01 0.03 0.41 0.05 0.02 0.01 0.57 0.02 0.01 0.01 0.60 0.01

Llemma-7B 0.01 0.00 0.15 0.01 0.01 0.00 0.15 0.01 0.00 0.00 0.35 0.00 0.00 0.00 0.45 0.00
Qwen2.5-Math-
1.5B Instruct

0.04 0.02 0.42 0.04 0.03 0.02 0.39 0.04 0.05 0.01 0.55 0.02 0.04 0.01 0.59 0.01

LLaMA-3.2-1B In-
struct (ft)

0.01 0.04 0.29 0.06 0.01 0.04 0.27 0.06 0.01 0.01 0.47 0.02 0.01 0.01 0.47 0.01

Table 16: Main Results on Linear Algebra. Evaluation of LLMs across four prompting strategies and four metrics:
Accuracy (Acc), Semantic F1, SRS, and VR. The highest value in each column is bold and underlined.

Model Zero-shot CoT ToT SC

Acc F1 SRS VR Acc F1 SRS VR Acc F1 SRS VR Acc F1 SRS VR

Closed-source Models

GPT-5.2 0.16 0.31 0.43 0.05 0.17 0.29 0.39 -0.00 0.17 0.20 0.35 -0.10 0.14 0.13 0.33 -0.10
GPT-4.1 0.09 0.06 0.38 -0.43 0.12 0.06 0.38 -0.44 0.08 0.02 0.37 -0.64 0.10 0.01 0.37 -0.63
OpenAI o3 0.08 0.07 0.47 -0.06 0.08 0.05 0.45 -0.08 0.07 0.02 0.43 -0.24 0.08 0.03 0.41 -0.23
Claude Sonnet 3.7 0.09 0.11 0.41 -0.52 0.09 0.11 0.41 -0.52 0.08 0.06 0.40 -0.54 0.09 0.09 0.41 -0.50

Open-source Models

DeepSeek-R1-
Distill-Qwen-32B

0.05 0.04 0.39 -0.57 0.11 0.04 0.39 -0.57 0.06 0.02 0.38 -0.77 0.10 0.01 0.37 -0.82

Gemma 2 9B IT 0.10 0.10 0.42 -0.34 0.14 0.18 0.44 -0.30 0.08 0.04 0.40 -0.55 0.05 0.04 0.39 -0.62
LLaMA 3 8B In-
struct

0.19 0.13 0.42 -0.46 0.20 0.19 0.41 -0.50 0.19 0.04 0.39 -0.68 0.21 0.03 0.38 -0.76

LLaMA 3 70B In-
struct

0.12 0.17 0.44 -0.37 0.15 0.26 0.44 -0.43 0.11 0.05 0.39 -0.75 0.10 0.05 0.39 -0.72

LLaMA 4 Scout
17B Instruct

0.21 0.10 0.40 -0.57 0.22 0.14 0.40 -0.53 0.21 0.04 0.38 -0.71 0.21 0.03 0.38 -0.74

Qwen2.5 7B Instruct 0.09 0.10 0.39 -0.56 0.12 0.10 0.39 -0.56 0.09 0.03 0.37 -0.71 0.10 0.03 0.37 -0.75
Mistral 7B Instruct
v0.3

0.10 0.12 0.43 -0.38 0.15 0.22 0.45 -0.34 0.06 0.05 0.39 -0.73 0.08 0.04 0.39 -0.78

Math-specialized Models

Qwen2.5-Math-7B
Instruct

0.02 0.07 0.38 -0.62 0.04 0.04 0.41 -0.46 0.03 0.02 0.34 -0.80 0.02 0.01 0.34 -0.84

Llemma-7B 0.01 0.03 0.39 -0.34 0.03 0.03 0.39 -0.35 0.01 0.01 0.36 -0.69 0.01 0.01 0.34 -0.85
Qwen2.5-Math-
1.5B Instruct

0.01 0.02 0.46 -0.04 0.01 0.04 0.41 -0.36 0.02 0.02 0.37 -0.71 0.02 0.01 0.36 -0.76

LLaMA-3.2-1B In-
struct (ft)

0.01 0.10 0.42 -0.41 0.05 0.08 0.40 -0.49 0.05 0.04 0.39 -0.66 0.04 0.03 0.38 -0.75

21



Table 17: Main Results on Pre-calculus. Evaluation of LLMs across four prompting strategies and four metrics:
Accuracy (Acc), Semantic F1, SRS, and VR. The highest value in each column is bold and underlined.

Model Zero-shot CoT ToT SC

Acc F1 SRS VR Acc F1 SRS VR Acc F1 SRS VR Acc F1 SRS VR

Closed-source Models

GPT-5.2 0.47 0.51 0.53 0.09 0.51 0.51 0.53 -0.03 0.48 0.29 0.37 -0.25 0.49 0.20 0.35 -0.15
GPT-4.1 0.38 0.13 0.41 -0.51 0.40 0.15 0.41 -0.53 0.36 0.03 0.37 -0.79 0.38 0.03 0.38 -0.70
OpenAI o3 0.32 0.29 0.55 -0.25 0.33 0.24 0.51 -0.36 0.30 0.05 0.42 -0.61 0.34 0.07 0.43 -0.55
Claude Sonnet 3.7 0.38 0.21 0.43 -0.73 0.41 0.23 0.44 -0.66 0.36 0.06 0.41 -0.83 0.38 0.12 0.42 -0.79

Open-source Models

DeepSeek-R1-
Distill-Qwen-32B

0.39 0.10 0.41 -0.71 0.44 0.10 0.40 -0.70 0.39 0.03 0.38 -0.90 0.36 0.02 0.38 -0.87

Gemma 2 9B IT 0.34 0.19 0.48 -0.43 0.37 0.36 0.52 -0.42 0.23 0.07 0.40 -0.77 0.08 0.05 0.42 -0.69
LLaMA 3 8B In-
struct

0.39 0.22 0.44 -0.64 0.40 0.27 0.45 -0.64 0.36 0.06 0.40 -0.86 0.36 0.05 0.40 -0.87

LLaMA 3 70B In-
struct

0.38 0.33 0.54 -0.32 0.41 0.40 0.51 -0.44 0.38 0.08 0.39 -0.83 0.39 0.08 0.40 -0.82

LLaMA 4 Scout
17B Instruct

0.42 0.20 0.43 -0.70 0.44 0.23 0.43 -0.69 0.43 0.08 0.40 -0.82 0.40 0.05 0.40 -0.80

Qwen2.5 7B Instruct 0.39 0.15 0.42 -0.63 0.44 0.21 0.42 -0.63 0.40 0.04 0.37 -0.83 0.40 0.04 0.38 -0.84
Mistral 7B Instruct
v0.3

0.20 0.19 0.54 -0.16 0.30 0.33 0.50 -0.39 0.18 0.06 0.41 -0.81 0.24 0.07 0.40 -0.86

Math-specialized Models

Qwen2.5-Math-7B
Instruct

0.25 0.13 0.40 -0.64 0.24 0.10 0.40 -0.64 0.25 0.04 0.38 -0.77 0.27 0.03 0.37 -0.83

Llemma-7B 0.05 0.02 0.41 -0.58 0.04 0.02 0.41 -0.56 0.03 0.01 0.38 -0.84 0.03 0.01 0.34 -0.95
Qwen2.5-Math-
1.5B Instruct

0.10 0.07 0.46 -0.39 0.22 0.10 0.41 -0.60 0.22 0.04 0.39 -0.76 0.22 0.03 0.38 -0.81

LLaMA-3.2-1B In-
struct (ft)

0.12 0.20 0.45 -0.59 0.11 0.21 0.45 -0.62 0.14 0.06 0.41 -0.83 0.12 0.05 0.41 -0.85

Table 18: Main Results on Trigonometry. Evaluation of LLMs across four prompting strategies and four metrics:
Accuracy (Acc), Semantic F1, SRS, and VR. The highest value in each column is bold and underlined.

Model Zero-shot CoT ToT SC

Acc F1 SRS VR Acc F1 SRS VR Acc F1 SRS VR Acc F1 SRS VR

Closed-source Models

GPT-5.2 0.28 0.57 0.51 0.12 0.29 0.52 0.49 -0.02 0.28 0.35 0.37 -0.23 0.28 0.22 0.34 -0.21
GPT-4.1 0.35 0.12 0.39 -0.53 0.35 0.13 0.40 -0.53 0.34 0.02 0.37 -0.76 0.34 0.02 0.37 -0.73
OpenAI o3 0.36 0.24 0.52 -0.02 0.35 0.20 0.48 -0.17 0.34 0.04 0.43 -0.48 0.34 0.06 0.43 -0.41
Claude Sonnet 3.7 0.33 0.18 0.44 -0.50 0.33 0.18 0.44 -0.49 0.31 0.05 0.40 -0.80 0.31 0.06 0.40 -0.79

Open-source Models

DeepSeek-R1-
Distill-Qwen-32B

0.26 0.14 0.44 -0.45 0.25 0.10 0.42 -0.61 0.24 0.03 0.40 -0.89 0.24 0.01 0.39 -0.92

Gemma 2 9B IT 0.27 0.19 0.48 -0.24 0.28 0.26 0.47 -0.30 0.25 0.06 0.41 -0.65 0.24 0.04 0.41 -0.62
LLaMA 3 8B In-
struct

0.26 0.21 0.43 -0.45 0.25 0.26 0.43 -0.49 0.24 0.05 0.40 -0.83 0.25 0.05 0.40 -0.83

LLaMA 3 70B In-
struct

0.29 0.50 0.54 -0.11 0.28 0.38 0.47 -0.33 0.27 0.09 0.38 -0.81 0.28 0.10 0.38 -0.80

LLaMA 4 Scout
17B Instruct

0.27 0.21 0.42 -0.59 0.27 0.24 0.42 -0.58 0.26 0.08 0.39 -0.79 0.26 0.05 0.39 -0.84

Qwen2.5 7B Instruct 0.24 0.19 0.41 -0.57 0.24 0.18 0.42 -0.54 0.23 0.03 0.38 -0.80 0.23 0.04 0.38 -0.82
Mistral 7B Instruct
v0.3

0.28 0.19 0.57 0.21 0.27 0.30 0.47 -0.32 0.25 0.06 0.40 -0.86 0.25 0.06 0.40 -0.86

Math-specialized Models

Qwen2.5-Math-7B
Instruct

0.18 0.18 0.41 -0.55 0.17 0.09 0.41 -0.52 0.16 0.05 0.36 -0.80 0.15 0.02 0.35 -0.86

Llemma-7B 0.12 0.03 0.40 -0.41 0.11 0.02 0.40 -0.29 0.10 0.01 0.38 -0.81 0.10 0.01 0.35 -0.93
Qwen2.5-Math-
1.5B Instruct

0.12 0.11 0.43 -0.38 0.10 0.00 0.40 0.23 0.10 0.00 0.40 0.23 0.10 0.00 0.40 0.15

LLaMA-3.2-1B In-
struct (ft)

0.14 0.20 0.45 -0.51 0.13 0.00 0.40 0.23 0.12 0.00 0.40 0.23 0.11 0.00 0.40 0.15
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H LLM Solutions

In the following solution transcripts, any text high-
lighted in red indicates a step or claim where the
model’s reasoning is incorrect.

Solution 1: GPT-4.1 Solution (Indefinite
Integral)

We are given the integral:∫︂
1− sinx

x+ cosx
dx

### Step 1: Use substitution Let:

u = x+ cosx

Then:

du

dx
= 1−sinx ⇒ du = (1−sinx) dx

This matches the numerator exactly, so we
can rewrite the integral as:∫︂

1− sinx

x+ cosx
dx =

∫︂
1

u
du

### Step 2: Integrate∫︂
1

u
du = ln |u|+C = ln |x+cosx|+C

### Final Answer∫︂
1− sinx

x+ cosx
dx = ln |x+ cosx|+ C

Solution 2: GPT-4.1 Solution (Definite In-
tegral)

We are given the definite integral:

I =

∫︂ π/6

−π/6

1− sinx

x+ cosx
dx.

—
### Step 1: Consider symmetry
The interval is symmetric about 0: from −π

6
to π

6 . Let’s define the integrand:

f(x) =
1− sinx

x+ cosx
.

To evaluate this, let’s analyze its symmetry
by examining f(−x):

f(−x) =
1− sin(−x)

−x+ cos(−x)
=

1 + sinx

−x+ cosx
.

So,

f(−x) =
1 + sinx

−x+ cosx
.

This doesn’t look like an even or odd func-
tion directly. But we add f(x) and f(−x)
to explore further:
—
### Step 2: Add f(x) + f(−x)

f(x)+f(−x) =
1− sinx

x+ cosx
+

1 + sinx

−x+ cosx
.

Let’s write it as a single expression:
Let’s denote:

A =
1− sinx

x+ cosx
, B =

1 + sinx

−x+ cosx
.

Common denominator is:

(x+ cosx)(−x+ cosx) = cos2 x− x2.

So we get:
A+B

=
(1− sinx)(−x+ cosx) + (1 + sinx)(x+ cosx)

cos2 x− x2
.

Now expand numerator:

• (1 − sinx)(−x + cosx) = −x(1 −
sinx) + cosx(1 − sinx) = −x +
x sinx+ cosx− cosx sinx

• (1+sinx)(x+cosx) = x(1+sinx)+
cosx(1+sinx) = x+x sinx+cosx+
cosx sinx

Add both:
Numerator

= (−x+ x sinx+ cosx− cosx sinx)

+ (x+ x sinx+ cosx+ cosx sinx)

Simplify:

• −x+ x = 0

• x sinx+ x sinx = 2x sinx
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• cosx+ cosx = 2 cosx

• − cosx sinx+ cosx sinx = 0

So total numerator is:

2x sinx+ 2 cosx = 2(x sinx+ cosx).

Therefore,

f(x) + f(−x) =
2(x sinx+ cosx)

cos2 x− x2
.

—
### Step 3: Now integrate f(x) + f(−x)
over −π/6 to π/6
From integral properties over symmetric in-
tervals:

∫︂ a

−a
f(x) dx =

∫︂ a

−a

1

2
[f(x) + f(−x)] dx.

So:

I =

∫︂ π/6

−π/6
f(x) dx

=
1

2

∫︂ π/6

−π/6

(︁
f(x) + f(−x)

)︁
dx

=
1

2

∫︂ π/6

−π/6

2(x sinx+ cosx)

cos2 x− x2
dx

Simplify:

I =

∫︂ π/6

−π/6

x sinx+ cosx

cos2 x− x2
dx.

—
### Step 4: Check whether the integrand is
odd
Let:

g(x) =
x sinx+ cosx

cos2 x− x2
.

Compute g(−x):

• Numerator: −x sinx+ cosx

• Denominator: cos2 x− x2 (even func-
tion)

So,

g(−x)=
−x sinx+ cosx

cos2 x− x2

= −x sinx+ cosx

cos2 x− x2

= −g(x)

Thus, g(x) is an odd function.
—
### Step 5: Integral of an odd function over
symmetric interval
Since g(x) is odd and the limits are sym-
metric: ∫︂ a

−a
g(x) dx = 0

So,

I =

∫︂ π/6

−π/6
f(x) dx =

∫︂ π/6

−π/6
g(x) dx = 0

—
### Final Answer:

0

Solution 3: GPT-5.2 Solution (Definite In-
tegral)

Let I =

∫︂ π/6

−π/6

1− sinx

x+ cosx
dx.

Use the substitution x ↦→ −x:

I =

∫︂ π/6

−π/6

1− sin(−x)

−x+ cos(−x)
dx

=

∫︂ π/6

−π/6

1 + sinx

cosx− x
dx.

Add the two expressions for I:

2I =

∫︂ π/6

−π/6

(︄
1− sinx

x+ cosx

+
1 + sinx

cosx− x

)︄
dx.

With common denominator

(x+ cosx)(cosx− x) = cos2 x− x2,
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the numerator is

(1− sinx)(cosx− x)

+ (1 + sinx)(x+ cosx)

= 2 cosx+ 2x sinx.

Hence

2I =

∫︂ π/6

−π/6

2(cosx+ x sinx)

cos2 x− x2
dx

=

∫︂ π/6

−π/6

cosx+ x sinx

cos2 x− x2
dx.

Note

d

dx
(cos2 x− x2) = −2(cosx sinx+ x),

so

d

dx
ln(cos2 x−x2) =

−2(cosx sinx+ x)

cos2 x− x2
.

Also,

cosx+ x sinx

cos2 x− x2
= −1

2

d

dx
ln(cos2 x− x2)

· 1

sinx
(not convenient),

but observe instead that

d

dx
ln

(︃
cosx+ x

cosx− x

)︃
=

− sinx+ 1

cosx+ x
− − sinx− 1

cosx− x

=
1− sinx

x+ cosx
+

1 + sinx

cosx− x
.

Therefore,

2I =

[︃
ln

(︃
cosx+ x

cosx− x

)︃]︃π/6
−π/6

.

Compute endpoints. Since

cos(π/6) = cos(−π/6) =

√
3

2
,

we get

2I = ln

(︄ √
3
2 + π

6√
3
2 − π

6

)︄

− ln

(︄ √
3
2 − π

6√
3
2 + π

6

)︄

= 2 ln

(︄ √
3
2 + π

6√
3
2 − π

6

)︄
.

Thus

I = ln

(︄ √
3
2 + π

6√
3
2 − π

6

)︄

= ln

(︄
3
√
3 + π

3
√
3− π

)︄
.

ln

(︄
3
√
3 + π

3
√
3− π

)︄

Solution 4: OpenAI-o3 Solution (Definite
Integral)

We are asked to evaluate the definite integral∫︂ π/6

−π/6

1− sin(x)

x+ cos(x)
dx.

First, observe that this integrand does not
have a standard elementary antiderivative
due to the complexity of the expression and
the interaction between the trigonometric
and algebraic terms. Therefore, symbolic
integration is not practical.
Next, we examine the symmetry of the inte-
grand. Define

f(x) =
1− sin(x)

x+ cos(x)
.

Evaluating f(−x) gives:

f(−x) =
1 + sin(x)

−x+ cos(x)
,

which is not equal to f(x) or −f(x), so
the function is neither even nor odd. Thus,
no symmetry can be used to simplify the
computation.
Since an analytical solution is unavailable,
we use a numerical method. Specifically,
we apply the Trapezoidal Rule with n = 6
subintervals over the interval [−π/6, π/6].
The width of each subinterval is

h =
π/3

6
=

π

18
.

Using the Trapezoidal Rule:∫︂ b

a
f(x) dx ≈ h

2

[︂
f(x0) + 2f(x1) + 2f(x2)

+ · · ·+ 2f(xn−1) + f(xn)
]︂
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After performing the calculation, we find
the approximate value of the integral to be:∫︂ π/6

−π/6

1− sin(x)

x+ cos(x)
dx ≈ 1.4511.

Therefore, the final answer is approximately

1.4511 .

Solution 5: Mistral 7B Instruct v0.3 Solu-
tion (Definite Integral)

To solve this integral, we can’t use a simple
substitution or integration by parts, so we’ll
use numerical methods to approximate the
value. We’ll use the trapezoidal rule, which
is a numerical integration method that pro-
vides a good approximation for definite in-
tegrals.
The trapezoidal rule formula is:

T = h ∗ [f(a) + 2 ∗ Σ(f(xi)

for i = 1 to n) + f(b)]/n

where h = (b − a)/n, n is the number of
subintervals, and f(x) is the function we’re
integrating.
Let’s choose n = 1000 for a good approxi-
mation.
First, let’s find h:

h = (π/6− (−π/6))/1000

= π/(3000 ∗ 2) = π/6000

Now, let’s find the subintervals’ endpoints:

xi = −π/6 + i ∗ h for i = 0 to 1000

Next, we’ll calculate the function values for
each subinterval:

f(xi) = (1− sin(xi))/(xi + cos(xi))

for i = 0 to 1000

Finally, we’ll sum up the function values
and add the endpoints’ values:

T = h ∗ [f(−π/6) + 2 ∗ Σ(f(xi)

for i = 1 to 1000) + f(π/6)]

After calculating the sum and multiplying
by h, we get the approximate value of the
integral:

T ≈ 1.400731

This is the approximate value of the definite
integral

∫︁ π/6
−π/6

1−sinx
x+cosx dx using the trape-

zoidal rule with n = 1000.
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