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Abstract

Ill-defined problems (IDPs) are pervasive in science and engineering, where
solutions may fail to exist, be non-unique, or lack a meaningful interpreta-
tion. Despite recent advances in large language models (LLMs) in mathe-
matical reasoning, their ability to reason about IDPs remains poorly under-
stood. To address this gap, we introduce Ill-Defined Math (IDM), a bench-
mark of 1,300 mathematically ill-defined problems whose ill-definedness
stems from fundamental mathematical flaws. IDM consists of a test set of
300 expert-constructed and verified problems, along with a larger training
set generated via a verified multi-agent pipeline. We further propose a fine-
grained, three-stage LLM judge that evaluates responses from three com-
plementary perspectives: final answer statements, issue recognition, and
issue fixing. Evaluations on recent LLMs expose clear performance gaps be-
tween well-defined and ill-defined problems. Moreover, models frequently
recognize ill-definedness during reasoning yet still produce definitive final
answers, revealing a systematic disconnect between issue recognition and
faithful response behavior. Project page: |https://idmath.github.io

1 Introduction

Ill-defined problems (IDPs) are ubiquitous across mathematics, science, and engineering.
From inverse problems in medical imaging to under-determined systems in mechanics
and economics, whether a problem is well-defined fundamentally determines whether
a solution exists, is unique, or admits meaningful interpretations. Compared with well-
defined problems, reasoning about ill-defined ones often requires additional abilities such
as detecting contradictions, ambiguity, or missing conditions, placing qualitatively different
demands on a model than standard well-defined problem solving.

Most reasoning benchmarks assume that every problem is well-defined and admits a
valid solution path. Yet robust reasoning also requires the ability to recognize when a
problem is under-specified, internally inconsistent, or unsolvable as stated. A system that
cannot recognize ambiguity, contradiction, or missing conditions may still perform well
on conventional benchmarks, yet fail in precisely the situations where reliable reasoning
matters most. In this sense, reasoning about ill-defined problems is a core component of
robust and trustworthy intelligence.

This regime poses several challenges for large language models (LLMs). First, most math
training data consists of well-defined problems |Ioshniwal et al.|(2024); Du et al.|(2025), mak-
ing IDPs underrepresented in typical math training data. Second, reinforcement learning
from human feedback (RLHF) may introduce sycophancy |[Sharma et al.| (2024), discour-
aging models from questioning problem premises. Third, when solutions do not exist,
models often generate long chains of thought (CoTs), which may increase opportunities
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Figure 1: Left: Example of an ill-defined problem created by modifying ‘sum’ to ‘addition
and subtraction’, leading to an unbounded number of terms. Right: Performance compar-
ison of representative LLMs in terms of accuracy on well-defined problems and overall
and final-answer (refusal) accuracy on ill-defined problems in the IDM benchmark. Overall
accuracy, where the response clearly states the ill-definedness in the final answer or fixes
the issues in the middle steps, is substantially lower than the accuracy on well-defined
problems. Moreover, accuracy measured by explicit statements of ill-posedness in final
answers substantially lower than overall accuracy.

for compounding errors and unsupported reasoning. Despite strong performance on well-
posed mathematics Huang & Yang|(2025); OpenAll (2025); Guo et al.|(2025), IDPs remain an
underexplored challenge for current LLMs.

Systematic study of these challenges requires both suitable benchmarks and evaluation
protocols, yet existing work falls short on both. Current benchmarks for ill-defined or
unsolvable problems mainly focus on superficial flaws or wording ambiguity rather than
deep mathematical ill-definedness|Zhao et al.|(2024); Tian et al.|(2024); Ma et al.|(2025); |Sun
et al[(2024);|Song et al.| (2025); Kirichenko et al.|(2025);|Fan et al. (2025). Evaluation protocols
are often rigid, relying on string matching or single binary judgments [Xue et al.|(2025);|Song
et al| (2025); Sun et al.|(2024); Ma et al.| (2025); |Zhao et al.[(2024); Kirichenko et al.|(2025).
When superficial benchmarks are paired with binary evaluation, the resulting metric largely
reduces to whether the model outputs a refusal keyword: superficial flaws are easy to detect,
so the main discriminator becomes whether the model explicitly says “unsolvable” rather
than how deeply it reasons about the underlying issue. Meanwhile, other logically sound
behaviors, such as identifying the flaw and proposing a well-founded fix, are penalized
under such schemes. Table[l|summarizes these limitations; a detailed overview of related
work is deferred to Section |5l To evaluate reasoning over IDPs rather than refusal, two
conditions are therefore essential: (1) challenging problems whose ill-definedness requires
nontrivial reasoning; and (2) evaluation protocols that recognize diverse correct behaviors,
including well-founded fixes.

To simultaneously satisfy these two conditions, we construct Ill-Defined Math (IDM), a
benchmark of 1,300 mathematically ill-defined problems, each derived by modifying its
well-defined counterpart. An example is shown in the left part of Figure|l| The test set
contains 300 problems, each crafted by a PhD-level expert and independently verified by
another, with the goal of introducing deep, inherent mathematical ill-definedness. Building
on this hand-crafted dataset, we develop a multi-agent pipeline to generate 1,000 problems
for use as training data. Unlike prior work Xue et al. (2025); [Song et al.|(2025); Fan et al.
(2025)), our pipeline directly generates ill-defined problems from well-defined ones using
tew-shot examples, employs a verification agent to filter out problems that remain solv-
able and further removes problems that do not confuse a strong model (GPT-40 OpenAlI
(2024)). This design is intended to address a common failure mode in previous benchmarks,
where automatically generated problems are often still well-defined, and helps ensure that
ill-definedness more often arises from intrinsic mathematical flaws rather than superfi-
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cial issues. Compared to existing datasets, IDM is designed to provide greater difficulty,
stronger quality control, and scalability. Each problem is additionally annotated with a short
explanation, summarizing its ill-definedness.

Evaluating responses to IDPs poses its own challenges, as correct behavior may take diverse
forms, including explicitly stating ill-definedness, identifying missing or contradictory
conditions, or proposing well-founded fixes. Instead of using binary judges Ma et al.[(2025);
Zhao et al.|(2024); Kirichenko et al|(2025), we propose a fine-grained, three-stage LLM-as-
judge framework that separately evaluates (i) the final answer statement, (ii) recognition
of ill-definedness, and (iii) attempts to fix or reformulate the problem. Responses that are
judged correct under either (i) or (iii) are considered correct. This design distinguishes
reasoning capability from abstention behavior in the final answer, and reveals failure modes
that prior evaluation schemes tend to conflate.

Using IDM and our judge framework, we evaluate 27 state-of-the-art LLMs. Representative
results can be found in the right part of Figure[T] Our results reveal a substantial performance
gap between well-defined and ill-defined problems, even for the strongest models. We
further observe a large gap between accuracy measured by explicit abstention in final
answers and overall accuracy, indicating that refusal-based metrics fail to fully capture
reasoning capability on ill-defined problems.

In summary, we make four key contributions: (1) IDM, a large-scale benchmark with expert-
verified test problems and a high-quality training corpus; (2) a fine-grained, three-stage
LLM judge that evaluates reasoning beyond simple refusal; (3) a multi-agent framework
with verification and filtering for reliable generation of ill-defined mathematical problems;
and (4) a systematic evaluation of 27 recent LLMs that provides new empirical insights
into failures under ill-definedness. Together, these contributions provide a benchmark and
evaluation framework for studying LLM reasoning on ill-defined problems.

Table 1: Comparison with previous work on ill-defined problems. IDM features an expert-
curated and rigorously verified test set with deep, mathematically grounded ill-definedness,
together with a scalable training set constructed via a multi-agent generation pipeline with
explicit verification. Unlike prior benchmarks that focus on shallow inconsistencies or rely
on rigid refusal-based evaluation, IDM pairs the dataset with a multi-stage LLM judge,
enabling systematic analysis of diverse reasoning behaviors. Abbreviations: MathTrap [Zhao
et al.|(2024), UMWP Sun et al.| (2024), SUM |Song et al.[(2025), PMC Tian et al.|(2024), UMP
Ma et al.|(2025), ReliableMath Xue et al.| (2025), AbstentionBench (Ab.Bench in the table)
Kirichenko et al.|(2025), MiP [Fan et al.[(2025), and RoRBench Yan et al.| (2025).

Datasets Source Data Curation Methods Flaw Type Evaluation
Difficulty Train Test
UMWP Low X Hand crafted Superficial Text similarity
SUM Hard  Auto w/o verif. X Superficial String match
ReliableMath ~ Hard X Auto w/o verif.  Still well-defined String match
MathTrap Medium  Hand crafted  Hand crafted = Mostly superficial Single judge
UMP Low X Auto w/ verif. Superficial Single judge
Ab.Bench Low X Collect & auto Superficial Single judge
RoRBench Low Auto w/ verif. Auto w/ verif. Superficial Single judge
PMC Low X Auto w/o verif. Superficial Formal lang,.
MiP Low X Auto w/ verif. Superficial Two-stage judge

IDM (Ours) Hard Auto w/ verif Hand crafted Deep, mathematical Three-stage judge

2 The Ill-Defined Math Dataset

2.1 Task Formalization

Let D be the domain of unknowns (e.g., D = R"” or D = Z"). A problem is represented by
a finite set of constraints C = {Cy, ..., Cy } where each C; is a predicate on D. Define the

solutionset S(C) = {x € D: Cy(x) A+ - ACp(x)}.
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Our notion of ill-definedness is adapted from the classical concept of ill-posedness in the sense
of Hadamard |Hadamard)| (1902;[1923)), which holds that for a problem to be well-posed it
should satisfy (i) existence of a solution, (ii) uniqueness of the solution, and (iii) continuous
dependence on the data. When these criteria fail, a problem is considered ill-posed. In
this work, we focus on existence and uniqueness as they directly affect LLM reasoning and
evaluation; stability is outside the scope of our benchmark.

Definition 2.1 (Ill-defined). A problem is ill-defined if the stated constraints are either

* contradictory (infeasible): the solution set is empty, i.e., S(C) = @. Or

* missing-condition: the solution set contains uncountably many solutions under
the intended interpretation (i.e., a continuum), indicating that the constraints are
insufficient to determine a unique solution or a countable solution set.

For the missing-condition type, we restrict to cases where the solution set contains a contin-
uum (i.e., uncountably many solutions); problems with finitely or countably many solutions
are treated as well-defined. This operational distinction is detailed in Appendix

2.2 Dataset Overview

In this subsection, we describe the curation and statistics of Ill-Defined Math (IDM), a novel
collection of ill-defined math problems. IDM consists of 1,300 mathematically ill-defined
problems, whose ill-definedness arises from deep, fundamental flaws. To ensure reliable,
rigorous benchmarking as well as scalability, we separate the dataset into a manually curated
and verified test set and an automatically generated training set.

Test data curation. The test set contains 300 problems that were manually modified from
original, well-defined problems. The original problems are from diverse sources, including
MATH, AIME, AMC, as well as original problems created by the authors. To improve
discriminative power, we also adapted 37 questions from MathTrap [Zhao et al.| (2024).
We consider only well-stated problems with unambiguous wording before modification,
excluding instances whose sole issue is vagueness or poor phrasing. Modified problems
are transformed so that the resultant question meets Definition 2.1] The modification was
performed by PhD researchers and Math Olympiad participants. Each problem is also
independently checked by another member of our group to ensure quality. We include
only problems that Hunyuan-T1 [Tencent Hunyuan Team| (2025) fails to solve, ensuring
sufficient challenge. Manual adaptation is critical because it ensures that contradictory
constraints and missing conditions are genuinely present, rather than artifacts of superficial
text perturbations. This high-quality test set serves as a reliable and accurate benchmark to
evaluate whether models can truly recognize and reason about ill-definedness.

Training set curation. We developed an automated generation pipeline for the training
set, designed to scale while preserving the deep, rigorous ill-definedness.

Naively generating ill-defined problems, however, is prone to failure—it often yields in-
stances that remain well-defined or introduce only superficial artifacts rather than deep
mathematical issues. To address these challenges, we develop a multi-agent automatic
generation pipeline with verification and filtering stages. The details are described in
Section2.3

Using this pipeline, we construct a training set of 1,000 ill-defined problems derived from
well-defined source questions from Nemotron-Math-v2|Du et al.| (2025), which has already
filtered out simple problems, helping ensure that the resulting problems are sufficiently
difficult. Each training instance is accompanied by a short annotation describing its ill-
definedness. Together, the training and test sets support both scalable model training and
systematic evaluation.

Comparison with existing datasets. Compared with nine prior benchmarks (see Table[T),
IlI-Defined Math stands out for (1) providing an expert-curated and rigorously verified
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test set whose ill-definedness arises from deep mathematical flaws rather than superficial
issues, (2) constructing a training set via a scalable multi-agent generation pipeline with
explicit verification paired with annotation, and (3) a fine-grained, multi-stage LLM-as-
judge framework that enables the systematic evaluation of diverse model behaviors beyond
simple abstention.

2.3 Multi-Agent Pipeline for Problem Generation

We design a multi-agent pipeline that systematically generates, verifies, and filters ill-defined
instances at scale, addressing the common failure modes of naive modification (producing
still-solvable problems) and superficial perturbation (introducing ambiguity rather than
mathematical flaws). A schematic is shown in Figure

At a high level, the pipeline comprises three classes of agents: (i) a generation agent that
produces candidate ill-defined problems from well-defined originals, (ii) a verification agent
that checks whether generated candidates meet the formal ill-definedness criteria established
in Section 2.1, and (iii) a filtering block that ensures the resulting instances are both challenging
and non-trivial for strong LLMs.

Generation agent Given a well-

defined source problem and a

set of hand-crafted few-shot ex- Few-shot exemplars  — & Commdicion:S©) =0 —y paeyenithy,CRbdy
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lem, the ill-defined problem, and Figure 2: Multi-agent pipeline for generating ill-defined

a brief rationale for why it is ill- problems. A generation agent (Grok-4) produces can-
defined. A truncated version of didate ill-defined variants from well-defined sources
the prompt, containing only 2 ex- using few-shot exemplars. A verification agent (Gem-
emplars, is shown in Appendix[G} ini 2.5 Pro) checks whether each candidate satisfies the
If after three trials for the same formalill-definedness criteria. A filtering block then re-
well-defined problem no candi- tains only problems that cause GPT-4o to fail, ensuring
date passes the verification agent the resulting instances are both genuinely ill-defined

or the filtering block, we skip that and non-trivial.
question.

l

Does GPT-40

Verification agent Each candidate and its annotation about ill-definedness are passed to a
verification agent powered by Gemini 2.5 Pro|Google DeepMind, (2025), which determines
whether the candidate satisfies the ill-definedness criteria. The prompt can be found in
Appendix |H| Specifically, the agent checks that the constraint set either yields an empty
solution set (contradiction) or a continuum of solutions (missing condition), per the formal
definitions in Section 2.1. Candidates failing verification are discarded.

Filtering block To further guarantee challenge and eliminate trivial cases, we evaluate
each verified candidate using GPT-40 OpenAl|(2024). The resulting response from GPT-4o is
evaluated using the multi-stage LLM judge, which is described in detail in Section Only
those instances that cause GPT-40 to produce incorrect responses are retained. This step
helps ensure that the benchmark contains problems that are not only formally ill-defined
but also non-trivial for a strong contemporary LLM.
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The overall pipeline is designed to mitigate several common failure modes of prior auto-
matic generation approaches, producing a large set of mathematically rigorous ill-defined
problems suitable for modern LLMs.

3 Evaluation Methods

To evaluate accuracy on the original problems, we directly compare the answers generated
by LLMs with the ground-truth answers. We first use the symbolic comparison library
adopted from Shao et al.|(2024). To handle answers that cannot be recognized by symbolic
comparison, those judged incorrect by symbolic comparison are then fed into an LLM to
assess equivalence. We use Kimi K2 for this step; the prompt is shown in Appendix

3.1 Three-stage LLM Judge

Correct behavior under ill-definedness may take diverse forms, from explicitly stating
insolvability to proposing principled modifications. Rigid evaluation schemes such as
refusal-keyword matching or binary judgments fail to capture these nuanced behaviors.

To address this challenge, we propose a fine-grained, multi-stage LLM-as-judge framework
that decomposes model responses into complementary dimensions of correctness. All stages
are powered by GPT-5.6 Luna OpenAl| (2026), and the prompts can be found in Appendix [}
Rather than conflating reasoning ability with refusal behavior, our framework separately
evaluates what a model states, what it recognizes, and how it handles ill-definedness:

Stage I: Final-Answer Statement Judge The final-answer statement judge evaluates
whether the model’s final response explicitly asserts that the problem is ill-defined, unsolv-
able, or cannot be uniquely determined. This stage captures overt refusal or abstention
behavior and corresponds most closely to evaluation schemes used in prior benchmarks
Kirichenko et al.|(2025);|Yan et al.| (2025);|Ma et al.|(2025). Importantly, the final statement
must match the ill-posedness of the problem, so a naive, overly conservative refusal at this
stage is not counted as correct. Conversely, some answers, such as “the maximum does not
exist but the upper bound is b,” are valid final answers in our judge framework, but may
not be considered refusal in previous work. The question, the ill-posedness annotation, and
the response are provided to the judge.

Stage II: Issue Fixing Judge The issue fixing judge evaluates whether the model attempts
to repair the ill-definedness in a principled manner. Valid fixes include introducing explicit
assumptions, constraining free variables, or reformulating the problem so that the solution
becomes well-defined under clearly stated conditions. Responses that correctly fix the ill-
definedness and reason consistently from the modified problem are credited as correct. This
design choice captures a realistic scenario that is often not explicitly modeled in prior work
on ill-defined math problems. The model does not exhibit refusal or abstention behavior,
but “fixing and answering” is logically sound and reasonable.

Stage III: Issue Recognition Judge The issue recognition judge assesses whether the model
correctly identifies the source of ill-definedness, such as contradictory constraints or missing
conditions, regardless of whether this recognition appears in the final answer or intermediate
reasoning. This stage captures a model’s ability to recognize issues during the reasoning
steps. For example, a model that identifies a missing condition but nonetheless proceeds
to output a definitive answer without fixing the issue would be credited at this stage but
penalized elsewhere. This separation enables us to distinguish a model’s realization of
anomalies from its ability to correctly handle the issues (explicitly stating the issues in the
final answer or fixing them).

The judges are invoked sequentially: stage I first examines the last 100 characters of the
response. If it returns true, the process stops, and for reporting purposes issue recognition
is treated as true, since success at this stage presupposes recognition of the ill-definedness.
Otherwise, stage Il is called. If stage Il returns true, the process stops again, and for reporting
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purposes issue recognition is treated as true, since this outcome also presupposes recognition
of the ill-definedness. If stage II returns false, stage III is then called. We define overall
correctness as success in either stage I or stage II, since both represent reasonable ways
of responding to ill-definedness. Stage III is reported separately as a diagnostic metric to
quantify whether the model realizes the issue, even if it ultimately cannot make reasonable
responses.

We tune prompts on 84 responses from Table
four representative models, and then val-
idate them on 96 responses from 23 other
models. We evaluated the three judges

2: Consistency between LLM judge and
human annotation on 96 test responses.

(final-answer, midway-identification, and Model Acc. Prec. Recall Fl-score
problem-modification) with human an-  Final Answer 1.00 1.00 1.00  1.00
notations as ground truth on the 96 re- Issue Fixing 093 0.89 1.00 0.94

sponses from 24 other models mentioned  Issue Recognition 0.94 0.94 098  0.96
above. Their performance is summarized  Overall Assessment 0.95 0.92 1.00  0.96
in Table[2| All three judges demonstrate
strong agreement with human annotations, achieving F1 scores of 0.94 or higher, with near
perfect recall. The precision for issue fixing is slightly lower, which is expected given that
these behavioral categories are manually defined and issue fixing often involves subtle or
borderline cases. Nevertheless, perfect agreement between LLM judges and human anno-
tators is usually hard Sheng et al.| (2025), and the resulting precision remains sufficiently
high to support evaluation. We also present the confusion matrix for each metric, along
with the performance of other two judge models with the same prompts, in Appendix
Although the prompts are not specifically tuned for the other two models, they still achieve
reasonably good performance.

4 Experimental Results

4.1 Performance of LLMs

We evaluated 27 modern LLMs on IDM in a zero-shot setting using the following instruction:
“You are a math expert. Please reason step by step and show your step-by-step reasoning
first, and then put your final answer within “\boxed{} ””, using the generation parameters
in Table On non-empty responses, we report three metrics in Table 3} final answer
accuracy (insolvability declared in the final response), identification accuracy (insolvability
flagged during reasoning), and overall accuracy (problem recognized as insolvable if stage I
or stage II succeeds).

From the benchmarking results, we find that ill-defined problems substantially degrade
performance across nearly all evaluated LLMs. Accuracy on ill-defined instances is consis-
tently lower than on well-defined ones, even for the strongest models. For some models,
such as GPT-40 and phi-4-reasoning-plus, performance degradation can reach around 40%.
A small number of models show near-zero or slightly negative accuracy drops, which we
attribute to two factors: the Issue Fixing judge’s tendency toward false positives (Figure
B3), which inflates overall accuracy on IDPs, and variance from the moderate test set size
of 300 problems, where a few percentage points fall within the noise floor. Even for these
models, final answer accuracy remains far below well-defined accuracy, confirming that
the abstention gap persists regardless. Since the ill-defined counterparts require similar
knowledge and skills to the original ones, these gaps indicate that ill-definedness reveals
failure modes that standard mathematical benchmarks may not fully capture, and that
progress on well-posed problems does not directly translate to robustness under ill-defined
conditions.

Beyond aggregate accuracy drops, the fine-grained metrics reveal two systematic behavioral
gaps that characterize LLM reasoning under ill-definedness. First, we observe a large
Abstention Gap: the average overall correctness on ill-defined problems is 61.7%, whereas
the average final-answer accuracy is only 14.5%, yielding a gap of 47.3%. This indicates
that models frequently generate reasonable responses by correcting the issues, such as
introducing new assumptions or modifying constraints, yet they fail to explicitly state that
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Model Ill-defined problem acc Well-defined Acc Drop Handling Gap Abstention Gap
Final Answer Recog. Overall Acc
Open Chat Models
DeepSeek-V3.1 10.0 82.7 77.7 84.7 7.0 5.0 67.7
Kimi-K2-Instruct-0905 20.7 71.7 61.7 82.0 20.3 10.0 41.0
Llama3.3-70B-Instruct 0.7 32.0 133 67.3 54.0 18.7 12.7
Llama4-Maverick-Instruct 4. 51.7 30.3 77.0 46.7 21.3 26.3
Llama4-Scout-Instruct 2.3 41.3 20.7 76.7 56.0 20.7 18.3
Qwen2.5-72B-Instruct 3.3 36.3 19.3 67.7 484 17.0 16.0
Qwen3-235B-A22B-Instruct-2507 9.7 93.0 88.3 88.0 -0.3 47 78.7
Qwen3-30B-A3B-Instruct-2507 8.0 90.0 86.0 86.3 0.3 4.0 78.0
Open-source Reasoning LLMs
DeepSeek-V3.1-Think 11.0 95.7 89.7 94.7 5.0 6.0 78.7
GPT-0ss-120b 27.3 91.7 87.3 87.7 0.4 43 60.0
GPT-0ss-20b 30.7 90.0 84.7 87.3 2.6 5.3 54.0
Phi-4-reasoning-plus 4.0 343 18.3 64.3 46.0 16.0 14.3
Qwen3-235B-A22B-Thinking-2507 7.3 94.0 71.0 91.0 20.0 23.0 63.7
Qwen3-30B-A3B-Thinking-2507 8.3 94.3 84.0 92.0 8.0 10.3 75.7
Qwen3-8B (Thinking) 5.0 92.3 82.3 80.7 -1.6 10.0 77.3
Qwen2.5-Math-72B-Instruct 5.3 36.0 22.0 70.0 48.0 14.0 16.7
Proprietary Chat LLMs
Gemini 2.5 Flash (no thinking) 227 88.7 81.0 89.3 8.3 7.7 58.3
Claude Sonnet 4 (no thinking) 7.7 65.7 53.0 78.7 25.7 12.7 453
GPT-40-2024-11-20 18.0 30.0 22.3 61.7 39.4 7.7 43
GPT-4.1-2025-04-14 257 73.0 59.7 76.7 17.0 13.3 34.0
Proprietary Reasoning LLMs
Claude Sonnet 4 (extended thinking) 13.3 86.0 76.0 86.3 10.3 10.0 62.7
Gemini 2.5 Flash (with thinking) 26.0 91.3 83.0 87.3 43 8.3 57.0
Gemini 2.5 Pro 19.0 90.7 79.7 91.3 11.6 11.0 60.7
Grok—4E] 195 64.9 58.4 95.9 37.5 6.5 39.0
Grok-3-mini-beta 5.3 923 81.7 88.7 7.0 10.7 763
04-mini-2025-04-16 30.0 58.7 54.7 90.0 35.3 4.0 247
GPT-5-2025-08-07 45.5 84.6 80.6 90.7 10.1 4.0 35.1
Average Acc 145 72.3 61.7 82.7 21.0 10.6 47.3

Table 3: Evaluation performance of 27 LLMs on the IlI-Defined Math (IDM) benchmark test
set. We report accuracy on well-defined problems (Well-defined Acc) and three metrics for
ill-defined problems: Final Answer Accuracy, Issue Recognition (Recog.) Accuracy, and
Overall Accuracy. We further report the Handling Gap (Recog. Acc. - Overall Acc.), which
measures failures to properly handle recognized issues, and the Abstention Gap (Overall
Acc. - Final Answer Acc.), which measures the discrepancy between correct reasoning and
the explicit final-answer claim. Underlining denotes the highest value within each model
category, while boldface highlights the highest value across all models.

the problems are ill-defined in their final answers. Second, we identify a Handling Gap
between issue recognition and overall correctness (10.6% on average). This gap shows that
recognizing ill-definedness does not guarantee correct handling: many models correctly
identify missing or contradictory conditions but nevertheless proceed to produce definitive
answers without resolving the underlying issues.

Finally, performance patterns differ systematically across model families and reasoning
modes. Reasoning models generally achieve higher recognition and overall accuracies than
their chat counterparts, confirming that reasoning capability (although generally measured
by well-defined problems) helps identify and handle ill-definedness. However, these
same models often exhibit large Handling and Abstention Gaps, suggesting that improved
reasoning alone is insufficient for faithful behavior under ill-definedness.

The evaluation should be interpreted with several caveats. First, patterns such as issue
recognition and issue fixing do not always admit strict boundaries, and some cases remain
inherently ambiguous even to human annotators. Second, LLM judges often struggle to
recognize subtle differences between these patterns, making it difficult to simultaneously
reduce false positives and false negatives through prompt tuning; our test-set analysis
suggests that the reported accuracy on ill-defined problems is somewhat overestimated.
Third, for many proprietary models, the full chain-of-thought is unavailable, so issue
recognition or fixing may occur internally without being reflected in the observable response.

1For Grok-4, there are 69 responses with empty outputs among the 300 problems. This likely indi-
cates that the chain-of-thought generation exhausted the 20,000-token budget, leaving no remaining
tokens for the final answer. Consequently, the reported results for Grok-4 may be substantially biased.
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Therefore, the benchmark results are best viewed as a qualitative characterization of model
behavior and an estimate of broad capability ranges, rather than a precise ranking of model
accuracies.

4.2 Failure Mode Analysis

We identify three common failure modes, illustrated with examples in Figure The
corresponding annotation for ill-definedness is in Figure

(1) Guessing. In this case, the model shows signs of detecting contradictions or anomalies
and then attempts different methods or values. After realizing none of them work, it
nevertheless produces a definitive final answer without justification (see Figure [E1} Case 1).
This behavior likely reflects an inherent bias toward providing a definite answer rather than
admitting impossibility.

(2) Hallucination. In this case, the model produces intermediate steps containing spurious
claims that patch missing conditions or reconcile contradictions. Typical patterns include
fabricated identities, arbitrary substitutions, or even basic arithmetic errors, leading to a
meaningless final answer (see Figure |[E1|Case 2).

(3) Condition Neglect. In this failure mode, the model follows an apparently rigorous
reasoning path but overlooks an implicit condition, producing an answer that violates it
(see Figure Case 3). This pattern often arises in problems where even humans must
carefully verify solutions to avoid mistakes, such as checking domain requirements for
periodic functions in Case 3 of Figure

Across the three failure modes, models also exhibit two recurring fallback behaviors when
confronted with difficult instances. First, they often resort to brute-force enumeration or
exhaustive case checking rather than delivering a concise analytical diagnosis. Second,
they expand reasoning into long chains of low-level arithmetic computations, which inflate
verbosity and increase the risk of simple mistakes. A similar phenomenon is also observed
in|Fan et al.| (2025).

4.3 Discussion

The results show that performance on ill-defined problems drops substantially compared
with well-defined counterparts, and that LLMs often produce definitive answers even when
they detect ill-definedness. Based on our observed patterns, we hypothesize that these
failures originate from two factors.

One possible factor is that ill-defined problems are underrepresented in typical math train-
ing data. Most math training corpora consist primarily of well-defined problems with
definitive final answers, which may bias models toward treating answer production as the
default objective of reasoning. As a result, under ill-defined settings, models may recog-
nize anomalies during reasoning but still output a concrete answer by implicitly assuming
additional constraints or hallucinating, rather than questioning the problem’s premises.

Another plausible explanation relates to sycophantic tendencies introduced during RLHF.
Prior work suggests that RLHF encourages models to trade off truthfulness for user agree-
ment|Sharma et al[(2024). In ill-defined settings, this may discourage explicit rejection or
premise questioning, leading models to guess even when no valid solution can be found,
consistent with our observed failure patterns.

5 Related Work

5.1 Benchmarks for Math Reasoning

To evaluate LLMs’ reasoning capability, numerous math reasoning benchmarks have been
proposed. Representative ones include GSM8K, MATH, Minerva, OlympiadBench, AMC,
and AIME Cobbe et al.| (2021); Hendrycks et al.| (2021); Lewkowycz et al.|(2022); |He et al.
(2024). As LLM reasoning improves, the community increasingly calls for higher-difficulty
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math benchmarks to avoid saturation. Indeed, some recently released models, such as
Grok-4 and GPT-5, already exceed 90% accuracy on AIME.

5.2 Variants of Math Benchmarks

In addition to proposing more challenging math benchmarks, another line of work focuses
on constructing variants of existing benchmarks to assess data contamination, memorization,
and robustness. Common approaches include introducing irrelevant information |Shi et al.
(2023)); Rajeev et al.|(2025)), converting static benchmarks into dynamic or functional formats
Srivastava et al.[(2024); Mirzadeh et al.|(2024), mutating existing problems to create more
challenging variants Shah et al.|(2024), and applying minimal edits to test memorization,
where even small perturbations can substantially alter the underlying logic Huang et al.
(2025).

5.3 Benchmarks of Insolvable Math Problems

Research on insoluble or unanswerable math problems constitutes another closely related
direction. We compare IDM with prior benchmarks in Table |1} MathTrap |Zhao et al. (2024),
UMP Ma et al|(2025), and UMWP [Sun et al.| (2024) are pioneering efforts in this area, but
their datasets are primarily derived from elementary-level problems and often center on
commonsense inconsistencies or ambiguous wording, with limited mathematical depth.
In addition, their evaluation relies on a binary, single LLM-based judge. PMC [Tian et al.
(2024) scales problem generation by LLMs, but many are relatively simple, and automatic
transformations can introduce only superficial forms of insolvability or solvable cases.
ReliableMath [Xue et al.| (2025) extends this direction to competition-level mathematics, but
its automatic generation pipeline can still produce “pseudo-insoluble” instances, while
its string-matching evaluation may underestimate model performance. RoRBench |Yan
et al| (2025) studies recitation versus reasoning by introducing subtle perturbations to
relatively simple problems, with many perturbations focusing on commonsense changes.
MiP |Fan et al.| (2025) focuses on missing-condition problems, with most instances drawn
from elementary mathematics. The math subset of AbstentionBench Kirichenko et al.
(2025)) is likewise primarily elementary. SUM |Song et al.| (2025) studies refusal behavior
through reinforcement learning, but the forms of insolvability are generally superficial
and less mathematical. As discussed above, without fine-grained evaluation and problems
exhibiting deep, rigorous forms of ill-definedness, benchmark results may be unreliable or
may primarily measure refusal behavior rather than reasoning ability.

6 Conclusion

We introduced Ill-Defined Math (IDM), a benchmark of 1,300 mathematically ill-defined
problems with an expert-verified test set and a scalable training set generated via a multi-
agent pipeline. We also proposed a multi-stage LLM-as-judge framework that distinguishes
issue recognition, issue fixing, and final-answer statement. Our evaluation shows a clear
performance gap between ill-defined and well-defined problems, and a discrepancy between
sound reasoning and direct claims in final answers. These findings highlight ill-defined
problems as a challenging frontier for faithful LLM reasoning.

10
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A Disclosure of LLM Usage

pipeline for automated generation and verification of ill-defined problems (Section [2.3),
and (2) as the three-stage LLM judge for evaluating model responses (Section . 1
LLM-generated data were subject to expert human verification. LLMs evaluated in the
benchmark serve as test subjects. Minor LLM assistance was used during paper writing for
grammar checking.

This work uses large language models in two central capacities: (1) as part of a multi-agent
A

B Judge Verification
B.1 Confusion Matrix with Human Annotation

The confusion matrix of our judge with human annotation as ground truth is shown in
Figure[B3| As is shown in the figure, for most samples the prediction of judge aligns with
human annotation, with only a few wrong ones, mainly false positive. This indicates that
the judge can overestimate the issue fixing, issue recognition, and overall accuracy.

B.2 Sensitivity to Different Judge Models

We also show the accuracy (with human annotation as ground truth) on the 92 test samples
of different judge models with the same prompt. As shown in Table|B4] replacing the judge
model while keeping the evaluation prompt fixed still yields strong agreement with human
annotations, with overall F1 scores of 0.915 and 0.959 for Claude Opus 4.8 and Grok 4.5,
respectively. Nevertheless, we argue that cross-model consistency is not a prerequisite for
a reliable LLM judge, as judging behavior is inherently sensitive to the choice of model.
JudgeSense Bellibatlu et al.|(2026) reports substantial variation in prompt sensitivity across
judge models and finds that model scale does not predict judging consistency, while Judging
the Judges/Soumik| (2026) shows that the effectiveness of bias-mitigation strategies is strongly
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Figure B3: Confusion matrix of 92 test samples.

Table B4: Agreement between human annotations and different LLM judges using the same
evaluation prompt.

Judge Model Criterion Acc. Prec. Rec. F1

Final Answer 0.957 0.905 0.905 0.905
Issue Recognition 0.930 0.933 0.955 0.944
Issue Fixing 0.873 0.892 0.868 0.880
Overall 0.891 0.931 0.900 0.915

Final Answer 0.957 0.947 0.857 0.900
Issue Recognition 0.918 0.913 0.955 0.933
Issue Fixing 0.918 0.881 0.974 0.925
Overall 0.946 0.951 0.967 0.959

Claude Opus 4.8

Grok 4.5

model-dependent. These findings suggest that the judge model and its prompt should be
treated jointly as an evaluator configuration rather than requiring a universal prompt that
behaves identically across models. Therefore, it is sufficient to tune the prompt for a fixed
judge model on a development set and validate the resulting evaluator on an independent
human-annotated test set.

C Sampling Parameters for Benchmarking

The sampling parameters used for each model are shown in Table

D Annotation of Ill-Definedness for Failure Pattern Analysis

See Figure
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Table C1: List of LLMs with their default parameters

. Reasonin

Model Size (B) | Temp. Top_p Top_k Max_tokens offort &
Open Chat Models
DeepSeek-V3.1 671 0 N/A N/A 20000
Kimi-K2-Instruct-0905 1000 06 095 N/A 20000
Llama3.3-70B-Instruct 70 06 095 20 20000
Llama4-Maverick-Instruct 402 0 N/A N/A 20000
Llama4-Scout-Instruct 109 0 N/A N/A 20000
Qwen2.5-72B-Instruct 72 06 095 20 20000
Qwen3-235B-A22B-Instruct-2507 238 07 08 20 20000
Qwen3-30B-A3B-Instruct-2507 30 07 08 20 20000
Open-source Reasoning LLMs
DeepSeek-V3.1-Think 671 0 N/A N/A 20000
GPT-0ss-120b 120 1 1 N/A 20000
GPT-o0ss-20b 20 1 1 N/A 20000
Phi-4-reasoning-plus 14.7 08 095 50 20000
Qwen3-235B-A22B-Thinking-2507 238 06 095 20 20000 18000
Qwen3-30B-A3B-Thinking-2507 30 06 095 20 20000 18000
Qwen3-8B (Thinking) 8 06 095 20 20000 18000
Qwen2.5-Math-72B-Instruct 72 0 N/A N/A 4096
Proprietary Chat LLMs
Gemini 2.5 Flash (no thinking) - 1 095 64 20000
claude-sonnet-4-20250514 (no thinking) - 1 095 N/A 20000
GPT-40-2024-11-20 - 06 095 N/A 16384
GPT-4.1-2025-04-14 - 06 095 N/A 20000
Proprietary Reasoning LLMs

claude-sonnet-4-20250514 (extended thinking) |- 1 095 N/A 20000 18000
Gemini 2.5 Flash (with thinking) - 1 095 64 20000 18000
Gemini 2.5 Pro - 1 095 64 20000 18000
grok-4 - 06 095 N/A 20000
grok-3-mini-beta - 0.6 095 N/A 20000 high
04-mini-2025-04-16 - N/A N/A N/A 20000 medium
GPT-5-2025-08-07 - N/A N/A N/A 20000 medium
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Insolvable Problem 1: Matrix Determinant

Insolvable Problem

Missing Condition Consider real
numbers x, y, z, u, v, w such that the
determinant of the matrix with elements
(u, y, z) in first row, (x, v, z) in second
row, and (x, y, w) in third row is 1. Given
that x # u, y # v, z# w, determine the
value of u/(u - x) +v/(v-y) + w/(w-2z).

Annotation

We are given that the determinant equals uvw - uyz - vxz - wxy + 2xyz = 1. We fix x =
0,y =0, z= 1. Then the determinant reduces to uvw = 1. The desired sum becomes
w/(u-0)+v/(v-0)+w/w-1)=u+v+w/w-1)=3+1/w-1). You can choose any w
other than 0 and 1 to change the value of the desired formula, and you always can
find valid «, v that can satisfy the given constraints.

Insolvable Problem

Missing Condition h(x) and k(x) satisfy
h(k(x)) = x? and k(h(x)) = x*forall x > 1.
Given that k(16) = 16, what is the value
of [k(8)]%?

Insolvable Problem 2: Functional Equations

Annotation

Applying k() to the first condition, and substituting x = k(x) into the second condition,

we can obtain | k(x?) (X)I® | From k(16) = 16 = [k(4)]° we get k(4) = V16. Similarly,
we get k(2) = 16"(1/9). However, 8 is not a perfect square, so the value k(8) (and
hence [k(8)]? = k(64)) is not determined.

Insolvable Problem 3: Periodic Function

Insolvable Problem

The smallest positive
period of the function f{x) = 2tan x/(I -
k-tan*) is n/2, find the value of the
positive number .

Annotation

The domain of fexcludes x = n/2 + nz, n € Z, where tan x blows up. Since f'is
invariant under a shift of 772, one must also make x = nz, n € Z out of domain.
However, no matter how we choose &, we cannot make x = nz, n € Z out of domain.

Figure D1: Failure Pattern Analysis Trap Problem Annotation

17




Published as a conference paper at COLM 2026

E Failure Mode Examples

See Figure [ET]

Case 1: Guessing "+ \Hll Qwen3-30B-A3B-Instruct

Insolvable Problem

Missing Condition Consider real numbers x, y, z, u, v, w such that the determinant of the
matrix with (u, y, z) in first row, (x, v, z) in second row, and (x, y, w) in third row is 1. Given that
X #u, y#v, z#w, determine the value of w/(u -x) + v/(v-y) + w/w - z).

Response

Let the desired sum be S... In this case, S = 3, in other case, S = -0.5, so unless the problem
has additional constraints, the expression is not unique... Given the time | spent, | think the

answer is 3. So I'll go with

It was aware that the expression is not unique but was uncertain about its decision and
ultimately just picked a possible value

Case 2: Hallucination Model: [R5 b8
Insolvable Problem

Missing Condifion h(k(x)) = x* and k(h(x)) = x> for x > 1. Given k(16) = 16, find [k(8)]*?

Response

Define X = In x, K(X) = log(k(¢*)). Apply doubling-of-log trick to find 4(8). From functional
equation K(2Y) = 3K(Y), solve for K(In 8) given K(In 4). Since In 8 =2 -In 4...

Actually itisIn 16 =2 - In 4 since 4= 16

Case 3: Condition Neglect 'L \H deepSeek-V3.1-Think

Insolvable Problem

N

Smallest positive period of f{x) = 2tan x / (I - k'tan’x) is z/2. Find positive k.

Response

ftx + 7/2) =fix). We have: 2 tan x / (I - k tan*) = 2 tan x / (k - tan’). Cancel 2 tan x: k - tan’x =
1 - k tan’xc. Rewriting: (k - 1)(I1 + tan’x) = 0. Since 1 + tan’c # 0, we get k = 1

When k = 1, domain issues ignored (e.g. x = 0 valid but 0 + =/2 not)

Figure E1: Sample problems for Failure Pattern Analysis. Case 1: Guessing, Case 2: Halluci-
nation, Case 3: Condition Neglect.

F Task Formalization Details

We distinguish underdetermined cases as follows:

1. Discrete underdetermined: If S(C) is finite or countably infinite (typical when
D = Z"), we treat the problem as well-defined in the usual sense, since solutions
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can, in principle, be enumerated; such instances are not labeled missing-condition
in our dataset.

2. Continuous underdetermined: If S(C) contains a continuum (typical when D =
IR"), often parameterized by free variables, then the instance is labeled missing-
condition under our intended uniqueness assumption.

This distinction reflects pragmatic considerations for dataset design and evaluation, rather
than a fundamental mathematical dichotomy: in general mathematics, other aspects of
ill-posedness (e.g., stability) may fail even when existence and uniqueness conditions are
satisfied |Hadamard|(1902;|1923). Instances with a finite or countably infinite set of solutions
(e.g., x =km,k=1,2,3,...) are not labeled as ill-defined in our dataset.

G Prompt for Generation Agent

You are a Generation Agent for creating ill-defined math problems from well-defined source
problems. Your goal is to produce an ill-defined variant via minimal edits that introduce an
intrinsic mathematical flaw, not superficial rewording.

Input:
Source Problem: a well-defined math problem.

Output (a triplet):

¢ Source Problem: repeat the original problem verbatim (or with only formatting normaliza-
tion).

¢ Ill-defined Variant: a minimally edited version of the source that becomes ill-defined.

* Annotation: a short, rigorous explanation of why the variant is ill-defined under the intended
interpretation.

Ill-definedness types you may target (choose exactly one per output):

¢ Contradictory (infeasible): the constraints force an impossibility so that no solution exists.

* Missing condition: the constraints are insufficient so the answer is not uniquely determined,
typically yielding uncountably many valid solutions (a continuum), or making a required
sub-expression undefined.

Hard constraints (must follow):

1. Minimal edit rule. Edit budget: make at most 1-3 localized changes (e.g., change one
condition, add one extra constraint, or alter one case in a definition). Keep the topic, symbols,
and target question the same.

2. No superficial perturbations. Do not rewrite for style, add distractor sentences, or change
vocabulary substantially. The source and variant should be nearly identical in wording and
structure.

3. Intrinsic flaw rule. The variant must be ill-defined due to a genuine mathematical issue: con-
tradiction (no solution) or missing condition (continuum of solutions), not due to ambiguity
of language.

4. Annotation must be checkable. Provide a concise argument/construction witnessing the flaw
(derive a contradiction, show a free real parameter, or show non-termination/undefinedness).

5. Do not fix. Do not propose repaired assumptions; only generate the ill-defined variant and
explain the flaw.

Few-shot exemplar A (Missing condition).

Source Problem:
Define the function
y+z ify>0andz >0,

g(y,z) =<y —2z ify<0andz <0,
3y +z otherwise.
Determine the value of q(g(1, —1), g(—5, —2)).
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Il1-defined Variant:
Define the function
y+z ify >0andz >0,

q(y,z) ={y—2z  ify>0andz <0,
q(y, —2z) otherwise.

Suppose that g(—1,1) = 1. Determine the value of g(q(1, —1), (=5, =2)).

Annotation:

q(=5,-2) = q(=5,4) = q(~5,-8) = q(-5,16) = - --
The recursion never changes the sign of y (it stays —5), so no terminating case is ever reached.
Hence q(—5, —2) is undefined, so the requested value is not determined.

Key pattern: a minimal rule change introduces a non-terminating definition, making a required
subvalue undefined.

Few-shot exemplar B (Contradictory / Infeasible).

Source Problem:
Assume there is an angle y such that the expression cosy — 4siny equals 1. Determine the
possible outcomes for siny 4 4 cos y, express the results separated by commas.

Ill-defined Variant:
Assume there is an angle y such that cosy — 4siny = 1 and siny - cosy = 0.5. Determine the
possible outcomes for siny + 4 cos y, express the results separated by commas.

Annotation:

There is an implicit constraint sin? y+ cos? y = 1. The two added equations force values of
sin i and cos y that violate this identity, so no real angle y satisfies all constraints. Therefore the
solution set is empty.

Key pattern: add one extra constraint that conflicts with an implicit mathematical invariant,
making the system infeasible.

Now generate:

Given the Source Problem below, produce one output triplet:

1. Source Problem: (verbatim copy of the input)

2. Ill-defined Variant: (minimal edits; introduce exactly one intrinsic flaw; choose either
contradictory or missing_condition)

3. Annotation: (1-5 sentences; rigorous and checkable; show why ill-defined)

Generation tips (choose one mechanism):

¢ Contradictory: add a single extra equation/inequality /range condition that makes the con-
straints mutually inconsistent, possibly via an implicit identity (e.g., geometric existence,
Pythagorean identity, domain restrictions like log(-) > 0, denominator # 0, triangle inequal-
ity).

. N},issing condition: remove or relax one uniqueness-determining constraint so that a free real
parameter remains (continuum of solutions), or introduce a definition that becomes undefined
/ non-terminating on a required input.

Do not: solve the original problem, add lengthy rewording, change the domain/topic, or “repair”
the ill-defined variant.

H Prompt for Verification Agent

You are a meticulous mathematical verification agent. Your job is to decide whether a Candidate
Problem is ill-defined under a strict formal criterion, and to reject any candidate that is actually
well-defined.
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You will be given:
Source Problem (Well-defined): a well-defined original problem (for reference only).
Candidate Problem: a modified problem statement that is claimed to be ill-defined.

Formal definition (must follow exactly).
Let D be the intended domain of unknowns (e.g., R", Z"). A problem corresponds to a finite
constraint set C = {Cy,...,Cy,} over D with solution set

S(C)={xeD:Ci(x) A ACu(x)}

The candidate is ill-defined iff it falls into exactly one of the two cases:
¢ Contradictory (infeasible): S(C) = @.
¢ Missing condition: S(C) contains uncountably many solutions (a continuum) under the

intended interpretation.

Important clarification (dataset rule). If S(C) is finite or countably infinite (e.g., x = k7, k € Z),
then the candidate is NOT labeled ill-defined here, even if it is “underdetermined” in a colloquial
sense.

Your task: Given the Candidate Problem, determine whether it satisfies the ill-definedness
criteria above. Do not fix, repair, or reinterpret the problem beyond standard mathematical
conventions.

Verification procedure (follow strictly):
1.

Infer the intended domain D. Use what is explicitly stated (“real numbers”, “integers”,
“positive reals”, “triangles”, “polynomials with real coefficients”, etc.). If the domain is
ambiguous, use the most standard interpretation in competition-style math, and state your

assumption explicitly.

. Extract the effective constraints. List the actual constraints implied by the Candidate Prob-

lem, including implicit well-formedness constraints (e.g., denominators nonzero, logarithm
arguments positive, existence/non-degeneracy of geometric objects, parameter ranges).

. Contradiction check (feasibility). Decide whether the constraints force S(C) = @.

e If yes: classify as contradictory.
¢ Provide a short witness of contradiction (e.g., derive an impossibility such as 0 = 1, violate
triangle inequality, force a negative quantity to equal a positive one, etc.).

. Missing-condition check (cardinality). If feasible, decide the size/type of S(C) under the

intended domain:

* Uncountably infinite (continuum) (typically free real parameters) — classify as
missing_condition.

¢ Finite or countably infinite — classify as not_ill_defined.

* Unique — classify as not_ill_defined.

Reject superficial cases. If the candidate merely looks vague but still has a unique solution

under standard interpretation, classify as not_ill_defined. If it only removes constraints yet

leaves a discrete (finite/countable) solution set, also classify as not_ill_defined.

No repair rule. Do not add assumptions, patch missing conditions, correct typos, or propose

a “reasonable” alternative problem. Judge the candidate as written.

Output format (JSON only):
{"is_ill_defined"”: true/false,

"type": "contradictory” | "missing_condition” | "not_ill_defined”,
"domain_assumption”: "...",

"key_reason”: "One-to-three sentences justifying the decision.”,
"solution_set_cardinality”: "empty” | "unique” | "finite" |

"countably_infinite" |
"uncountably_infinite"}

Cardinality guidance (examples only):

“x?> =1 over R” — finite — not_ill_defined.

“sinx = 0 over R” — countably_infinite — not_ill_defined.

“x 4y = 1 over R>” — uncountably_infinite — missing_condition.
“A triangle with side lengths 1,2,10” — empty — contradictory.
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I Prompt for Equivalence Check

You are an expert at verifying mathematical expression equivalence. You will be given:
Question: the original problem statement (to infer the required answer form).

Ground truth: the correct final answer (canonical form).

Prediction: the answer provided by a language model.

Your task is to decide whether the Prediction is exactly equivalent to the Ground truth under

the strict rules below.

What to consider (in order)

1. Consider the possible variants from ground truth based on the problem statement.

2. Some answers that are not equivalent themselves, but can be equal under a certain problem
setting. For example, 2003_6 is not equal to 2003, but if the question is asking for a result in
base 6 notation, then they are equivalent.

3. Numerical expressions:
¢ Direct equality (e.g., 2 = 2) — True
¢ Different representations of same value (e.g., % =05,V1= 1) — True
¢ Decimal approximations vs exact values (e.g., 27t # 6.28318) — False

4. For algebraic expressions:

e Must have clear, valid transformation path between forms

¢ If transformation requires multiple non-obvious steps — False

¢ Verify equivalence through algebraic proof when possible

* For complex expressions, use techniques like squaring or substitution to verify

5. Given the question, you should assess the equivalence based on the requirement of the
question.
¢ If the required output is ordered pair, then changing the order will cause inequivalence.

e If the required output is a set (such as “list all the possible values”), then changing the
order of each elements still leads to the same answer.
e If the question is asking for a range, then interval format and inequality format are the
same (e.g., [1,3] issame as 1 < x < 3).
6. Other requirements:
* Must have exactly the same deterministic value.
¢ Any separation or space sign in LaTeX, such as “\,” or “,”, should not be considered as
different.

Must be provably equivalent through valid mathematical operations.

Different notations of same exact value are equivalent.

Decimal approximations are NOT equivalent to exact expressions.

No rounding or approximations allowed.

e If equivalence cannot be conclusively proven — False.
¢ If the prediction is empty, then always return False.

Notes on interpreting the question

1. Consider allowable variants implied by the problem statement (e.g., specified base, required
form).

2. Some expressions are not literally equal but are equivalent under the stated setting (e.g.,
2003_6 equals 2003 if the question requires base-6).

Ground truth: C =1.5
Prediction: C =

Analysis: 1.5 = —.

NI W) w

Equivalent: True

Ground truth: C = 27

Prediction: C = 6.2831530718

Analysis: The prediction is a decimal approximation; not symbolically exact.
Equivalent: False

Ground truth: C = \/g
N

Prediction: C = ~—

=
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Analysis: Equivalent for a,b > 0 by \/% = Z

%

Equivalent: True

Ground truth: x2 — 10x +41 =0

Prediction: x> — 10x + 41

Analysis: If the question asks for the quadratic equation itself, including or omitting “= 0" is an
equivalent presentation.

Equivalent: True

Ground truth: C = \/g
3

Prediction: C = ——

2V2
2 2
Analysis: Squaring shows ( %) = % #* % = (2—\3’5) .

Equivalent: False

Ground truth: (761 0>

6
Analysis: The same numerical result is reported; added context is acceptable.
Equivalent: True

Ground truth: [1,2,3]

Prediction: [3,1,2]

Analysis: Ordered list—order differs.
Equivalent: False

Ground truth: {1,2,3}

Prediction: {3,1,2}

Analysis: Sets are unordered; same elements.
Equivalent: True

Prediction: proj,a =

01
10

01

Analysis: Identical 2 x 2 identity matrices.
Equivalent: True

Ground truth: F O}

Prediction:

1 2
Ground truth: {3 4}

1 3

2 4
Analysis: Prediction is the transpose; not equal to the ground truth.
Equivalent: False

Ground truth: {a,b,c}

Prediction: {c,a,b}

Analysis: Same set, order irrelevant.
Equivalent: True

Ground truth: (1,2,3)

Prediction: (3,1,2)

Analysis: Ordered tuple—order differs.
Equivalent: False

Ground truth: E

Prediction: E

Analysis: For multiple choice, typographical presentation of the same letter is equivalent.
Equivalent: True

Prediction:

Now analyze these expressions:
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Question: {question}
Ground truth: {ground_truth}
Prediction: {prediction}

Provide your analysis following the format above and conclude with:
Equivalent: True/False

J Prompts for Judge Pipelines

J.1 Prompt for Final-answer Judge

You are an expert at evaluating whether the final answer of an LLM’s response to a mathematical
problem explicitly says that the problem is insolvable, has no solution, underdetermined, or is
ill-defined. You will be given:

Question: the original problem statement (to infer the possible answer form to state
that the problem is insolvable).

Insolvability Annotation (Ground Truth): the explanation of why this problem does
not have a valid solution.

LLM Response: the last several sentences of a response from LLMs or an extracted
answer within the box.

Instruction:
1.

Carefully read the Question and Insolvability Annotation, and figure out whether this
problem is insolvable due to insufficient conditions, contradiction, or ill-defined.

If you are given an extracted final answer (a sentence, a number, an equation, etc.), just
assess the answer itself. If you are given several sentences, locate the final answer or
A

conclusion part; some possible keywords are \boxed{}, “final answer”, “conclusion”,
etc. Ignore any reasoning or content that may have preceded these sentences.

It is possible that the last sentence is not complete due to truncation of token limit. If
you cannot extract any final answer: — says_insolvable: false

Only assess the final answer (e.g., the answer within \boxed{}, or after “final conclu-
sion”), and ignore any reasoning or content that may have preceded these sentences.

Please check in the final answer or conclusion part, whether:

e it provides a specific numeric value or lists several numeric values —
says_insolvable: false

e it provides an (or several) equation(s) or expression(s), given that the ques-
tion is asking for an equation or expression (instead of a numeric value) —
says_insolvable: false

e it provides any other format that meets what the question is asking, without any
signal that the conclusion indicates the problem is flawed — says_insolvable: false

¢ the question is asking for an area or a volume, and the final answer explicitly
argues that the required figure cannot exist or is degenerate (e.g., triangle inequal-
ity fails/equality, points are collinear/coincident, radius/height is 0), thereby
concluding the area/volume is 0 or “undefined /does not exist” — says_insolvable:
true

e it explicitly states that the answer is not uniquely determined — says_insolvable:
true

e it explicitly states that the current information is not enough to solve the problem
— says_insolvable: true

* it explicitly states that the answer can be unfixed or flexible, such as “the an-
swer can be any real number” or “the answer can be any positive number” —
says_insolvable: true

® the question is asking for a numeric value, but the final answer provides an
expression or formula including unknowns — says_insolvable: true
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e it explicitly states the answer depends on parameter choices — says_insolvable:
true

¢ the question is asking for a numeric value, but the final answer provides an interval
or range of desired values — says_insolvable: true

e it explicitly states that the problem contains contradictory conditions —
says_insolvable: true

e it explicitly states that there is no solution that satisfies the given conditions —
says_insolvable: true

¢ the maximum or minimum that the question asks is unbounded, or cannot be
attained, or can be arbitrarily large, or is not finite — says_insolvable: true

— example: “Actually the maximum should be —co” — says_insolvable: true

¢ the problem is asking for something that does not exist, and the final answer is
“None” or “does not exist” — says_insolvable: true

¢ the response says that the problem is flawed, but in the final answer (within
\boxed{}, or after “final conclusion”, etc.), the response still provides an answer
after modifying the question or random guess — says_insolvable: false

- example: “Even though the problem says “multiplication”, it must be a typo.
So final answer: ” — says_insolvable: false

e it provides the final answer, and before that introduces an assumption or changes
the problem to make it lead to the answer (without saying that it is problematic).
— says_insolvable: false

— example: “Let’s assume that the weight of Ben is 110. Then A =150, C =135,
D =135. All reasonable. Or B = 120, A = 140, C = 125, D = 145. Also reasonable.
So no way to know. I think the problem might have been intended to have

Alex and Chloe together as 270. So I'll box 142.5. | 142.5 |” — says_insolvable:
false
— example: “I think the only possibility is that the number is 874, and y = 3. So I

will box | 3 | as the answer, assuming a typo in the constant. Final Answer ”
— says_insolvable: false

* it suspects there is a problem / typo, but does not conclude that. — says_insolvable:
false

- example: “Perhaps the minimum of g(u) is at u = ¢, and if the value at g is
2003, then one solution, but if less, two solutions, but only if the function is

not monotonic. But it is. I give up. ” — says_insolvable: false

Note:

* Consider phrases like “no solution”, “None”, “impossible”, “contradiction”, “ill-
. ” ‘" 7 “" : ” “ . ” ‘“
7 7 7 7
defined”, “cannot be solved”, “cannot be determined”, “underdetermined”, “more
information is needed”, or other words with similar meaning.

* Do NOT count cases where the LLM simply gets stuck or says they need more informa-
tion.

* Do NOT count cases where the LLM attempts a solution but gets it wrong.
* Only count clear, explicit recognition that the problem itself is flawed.

¢ Use the Insolvability Annotation to understand what the correct identification should
be.

¢ Listing several values that all satisfy the problem cannot be considered as underdeter-
mined cases.

More Examples:
® “This problem has no solution because...” — says_insolvable: true

¢ “The problem is ill-defined since...” — says_insolvable: true

¢ “I cannot solve this problem” — says_insolvable: false (lacks clarity about WHY)

25



Published as a conference paper at COLM 2026

¢ “The answer is 42” — says_insolvable: false

Now analyze the response:

Question: {question}

Insolvability Annotation (Ground Truth): {trap_annotation}
LLM Response: {response}

Output Format:
Show your step-by-step thinking first, and then present the result in the following format:

reasoning: [Your explanation for the judgment, comparing to the ground truth Insolvability
Annotation]
says_insolvable: [true/false]

J.2 Prompt for Issue Fixing Judge

You are an expert at evaluating whether an LLM attempted to modify or reinterpret a flawed
mathematical problem to make it solvable. You will be given:
* Question: the original problem statement.

¢ Insolvability Annotation (Ground Truth): the explanation of why this problem does
not have a valid solution.

¢ LLM Response: the response from LLMs.
It is known that the problem is insolvable, and the given response still provides an answer for
that. Do not assume that a modification occurred. Your job is to decide whether the response (a)
merely proceeds despite the issues, or (b) deliberately changes the problem and uses the new
version to compute the final answer.

Default stance: attempted_modification: false. The burden of proof is on finding a clear,
deliberate change. Vague hedging (“perhaps”, “maybe”, “I think”) does NOT qualify on its own
unless it is paired with a concrete, identifiable change to the problem. When in doubt, output

false.

Instructions:

1. Carefully read the Question and Insolvability Annotation, and identify whether the
problem is insolvable due to insufficient conditions, contradiction, or ill-defined setup.

2. Follow the logic of the LLM’s response and check whether it arrives at the final answer
by changing the original problem into a new one.

3. The response must show both (a) awareness of the issue described in the Insolvability
Annotation and (b) a deliberate change to resolve it. Awareness alone is not enough. A
change without awareness is not enough.

4. Determine whether the LLM attempted to:

voou

¢ Use explicit modification phrases (“let me modify”, “if we interpret this as”,
“instead let’s consider”, “let me reinterpret”) paired with a concrete changed problem
— attempted_modification: true
¢ Modify the problem statement to remove a contradiction or add a missing condi-
tion, with explicit acknowledgment — attempted_modification: true
— example: the problem asks for a solution in the integer domain, the response
finds no integer solution, and explicitly changes to the real domain. — at-
tempted_modification: true
- example: “Given that the left seems to be always about twice the right for most
«, perhaps the intended identity is actually that the left is twice the right, i.e.,
L = 2R, instead of L = R.” — attempted_modification: true
- example: “So perhaps a typo, and it should be 20, not 21. Otherwise, no
solution.” — attempted_modification: true
¢ Reinterpret an ambiguous part of the problem in a way that resolves the insolv-
ability — attempted_modification: true
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- example: “I think ‘value of solutions’ may mean the number of possible
solutions. Let’s go with that ...” — attempted_modification: true
¢ After identifying the insolvability described in the Annotation, show reluctant
compliance: explicitly acknowledge that the problem is flawed but provide an
answer anyway — attempted_modification: true
- example: “Although the conditions are inconsistent, the only possible answer
is ...” — attempted_modification: true
— example: “If one insists on writing 0 in the form x + 4, thena = 0.” —
attempted_modification: true
— example: “The problem is a mathematical construct, and even though |a
cannot be negative in reality, the system uniquely determines |a|?> = —1.” —
attempted_modification: true
— example: “... the result is 1g(0) + e®. But 1g(0) is undefined. But since we

can’t represent —co in a box, perhaps the final answer is: 1g(0) +¢8.” —
attempted_modification: true

| 2

“

* Provide an alternative quantity (infimum for an unattainable minimum, supre-
mum for an unattainable maximum) with explicit acknowledgment that the re-
quested quantity does not exist — attempted_modification: true

¢ Use quotation marks or “so-called” to signal awareness that a term is being used
loosely — attempted_modification: true

— example: the problem asks for an ellipse but the computation yields a cir-
cle; the response writes “The equation of the desired ‘ellipse’ is ...” — at-
tempted_modification: true

5. The following cases are NOT problem modification — output attempted_modification:
false:

¢ Directly solving the problem and arriving at a final answer without any realization
of the insolvability described in the Annotation.

- example: a 5-degree polynomial is requested but six roots are given, and the
response builds a 6-degree polynomial without noticing the degree violation.
— attempted_modification: false

¢ Using “assuming” as a standard mathematical preamble that is unrelated to the
flaw (e.g., “assuming the parabola opens upward”, “assuming standard orienta-
tion”).

¢ Saying “I'll assume X” and then solving correctly, where X is not related to the
insolvability in the Annotation.

¢ Directly ignoring a condition without acknowledgment or explanation.

® Proceeding with calculations while completely unaware of the contradiction.

* Making computational errors due to not understanding the problem structure.

¢ Proposing an alternative interpretation but finding that it is also impossible.

¢ Providing the infimum as the minimum without saying that it is an infimum or
that no minimum exists.

¢ Identifying an insolvability that is different from the one described in the Annota-
tion, and modifying the problem to avoid that different issue.

- example: the annotation says the sum of all slopes is infinitely large, but the
response treats the problem as having no valid slope and modifies accordingly.
— attempted_modification: false

¢ Random guessing without justification after failing to find an answer.

— example: “Perhaps the answer is 72. Irecall that in some problems the total area
removed is half the square’s area. 144/2 = 72.” — attempted_modification:
false

¢ Showing reluctant-compliance language but without any awareness of the specific
insolvability described in the Annotation.

* A pattern that seems to match a positive example above but simultaneously
matches a negative example above.

6. Key Indicators (all three should be present for attempted_modification: true):

27



Published as a conference paper at COLM 2026

¢ Awareness: Does the LLM show recognition of the specific issue described in the
Annotation?

¢ Intentionality: Is the change deliberate rather than accidental or silent?

¢ Acknowledgment: Does the LLM indicate it is working with something different
from what was originally stated?

Now analyze the response:

Question: {question}

Insolvability Annotation (Ground Truth): {trap_annotation}
LLM Response: {response}

Output Format:
Show your step-by-step thinking first, and then present the result in the following format:

reasoning: [Your explanation for the judgment, including which specific condition from the
instructions is satisfied or violated, and quoting the phrase from the response that is most
relevant]

attempted_modification: [true/false]

J.3 Prompt for Issue Recognition Judge

You are an expert at evaluating whether the response of an LLM identified the insolvability or

flaw in a mathematical problem, or notice something abnormal in the intermediate reasoning

steps. You will be given:

* Question: the original problem statement.

¢ Insolvability Annotation (Ground Truth): the explanation of why this problem does not have
a valid solution.

* LLM Response: the response from LLMs.

Default stance: identified_trap: false. The issue identified by the LLM must correspond to the
same root cause described in the Insolvability Annotation. A generic “something is wrong” that
does not relate to the specific flaw is not enough. When in doubt, output false.

Instruction:

1. Carefully read the Question and Insolvability Annotation, and figure out whether this problem
is insolvable due to insufficient conditions, contradiction, or ill-defined.

2. Follow the logic of the LLM's response, and check whether it explicitly says or indicates any
statement like “there is something wrong” or “there is a contradiction” or “there is a typo in
the problem” or “the given conditions cannot determine the answer” or “no solution”.
¢ example: “I notice there’s a contradiction between...” — identified_trap: true

example: “This seems impossible because...” — identified_trap: true

example: “Wait, this doesn’t make sense since...” — identified_trap: true

example: “The conditions seem conflicting but I'll assume...” — identified_trap: true

example: “So the only possibility for the GP condition to hold with the given that adjacent

vertices are 120 is that actually S and G are also 120. But they are given as 130 and 110. So
there is an inconsistency.” — identified_trap: true
e example: “Given that this is an olympiad problem, the result likely is independent
of the other conditions. So I will go with QR?/(Area(Q)) = ((2r/v/3)?)/(nr?) =
(4r2/3)/(rtr?) = 4/(37).” — identified_trap: true

3. Determine whether the LLM recognized, mentioned, or identified any of the following issues
with the problem:
¢ Logical inconsistencies or contradictions — identified_trap: true
¢ Missing or conflicting conditions — identified_trap: true

— example: “Maybe there’s something missing here?... Wait, maybe the problem is missing
some information.” — identified_trap: true

Impossible constraints — identified_trap: true

Mathematical impossibilities — identified_trap: true

I1l-defined terms or conditions — identified_trap: true

Suspect that there is no solution — identified_trap: true

- example: “After careful analysis, it appears that no such number exists.
fied_trap: true

”

— identi-

28



Published as a conference paper at COLM 2026

¢ Typos in the problems. It can be in numeric values, definitions, shapes, or other parts in the
description of the question — identified_trap: true
¢ Any other fundamental flaw that makes the problem unsolvable — identified_trap: true
4. The response does not need to explicitly show where the contradiction, flaws, or inconsistency
are. It only needs to show that there is something wrong:
¢ Try different methods to get an answer but still cannot find one that satisfies all the
conditions, or always arrives at a contradiction — identified_trap: true
— example: “Every attempt to assign integer values forces a parity clash later; I can’t make
all equations hold simultaneously.” — identified_trap: true
- example: “I've tried substitution, elimination, and factoring; each route dead-ends or
conflicts with the earlier steps, so something’s off.” — identified_trap: true
¢ Try different methods to get an answer but always cannot solve the result — identified_trap:
true
— example: “The system keeps circling back to x needing to be both positive and negative;
every path collapses. Something’s wrong.” — identified_trap: true
5. The identified problem, or the situation that the response is trapped in, should match the
inconsistency /contradiction described in the Insolvability Annotation. If they are not the
same, — identified_trap: false. Be strict: a superficially similar observation that stems from a
different root cause does not count.
¢ example: The annotation says that there is a missing condition, but the response claims that
there is a contradiction, which is different from what the annotation says. — identified_trap:
false
¢ example: “But then the sum a would be infinite. But the problem asks us to compute
log(—a? + 2a + 2025), which is only defined if the expression inside the log is positive, and
a must be finite. So this is a contradiction.” The annotation says that the contradiction is ex-
actly that a can be infinity, so the log of a negative number is undefined. — identified_trap:
true
¢ example: The problem is asking for the area of a certain shape, and the annotation says that
the insolvability lies in a missing condition, but the response argues that it is impossible to
form such a shape. — identified_trap: false
¢ example: The problem’s insolvability lies in seeking the simplified fraction form of the sum
of all possible slopes, which is infinite, while the response identifies the insolvability as
there being no slope satisfying the given conditions. — identified_trap: false
¢ example: The response notices that “something feels off” or “this is strange” but never
identifies what is wrong. — identified_trap: false
6. If the response tries to change the problem to avoid the insolvability, we consider it as a signal
of insolvability identification:
¢ Tries to introduce new conditions/assumptions to make the problem solvable — identi-
fied_trap: true
e Tries to remove a certain constraint to resolve the contradiction — identified_trap: true
¢ Any other modification to the problem, such as changing a numeric value, changing the
shapes of a geometric problem, etc. — identified_trap: true
— example: “So perhaps a typo, and it should be 20, not 21. Otherwise, no solution.” —
identified_trap: true
¢ Tries to reinterpret the problem so that it becomes solvable — identified_trap: true
— example: “So impossible. Unless we have a different setup. Perhaps the ‘another solution’
means that there is a solution that is the product of the other two, but not necessarily
different from the sum solution.” — identified_trap: true
Note:
¢ Look for any mention of problems, issues, contradictions, or impossibilities in the question.
¢ Consider phrases like “contradiction”, “impossible”, “inconsistent”, “doesn’t make sense”,
“conflicting conditions”.
The LLM doesn’t need to conclude the problem is insolvable; it just needs to identify an issue.
Look throughout the entire response, not just the final answer.
Even partial recognition of problems counts as identification.
Compare the LLM’s identification with the ground truth trap annotation to assess accuracy.
Credit the LLM if they identify the same type of trap described in the annotation, even with
different wording.

Now analyze the response:

Question: {question}

Insolvability Annotation (Ground Truth): {trap_annotation}
LLM Response: {response}
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Output Format:
Show your step-by-step thinking first, and then present the result in the following format:

reasoning: [Your explanation for the judgment; include what specific trap or flaw the LLM
identified, if any]
identified_trap: [true/false]
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