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Abstract

Large reasoning models have demonstrated re-
markable proficiency in various tasks. How-
ever, we observe that they frequently exhibit
a problematic reliance on familiar reasoning
patterns, a phenomenon we term reasoning
rigidity. Despite explicit instructions from
users, these models often override clearly stated
conditions and default to habitual reasoning,
leading to incorrect conclusions. This behav-
ior presents significant challenges, not only in
reasoning-intensive domains but also in realis-
tic settings. To systematically investigate rea-
soning rigidity, a behavior unexplored in prior
work, we introduce a dataset, ReasoningTrap,
consisting of math problems, puzzles, and agen-
tic tasks designed to diagnose reasoning rigid-
ity. Using this dataset, we identify patterns that
occur when models default to ingrained rea-
soning, and suggest inference-level and GRPO-
based post-training remedies. Our diagnostic
set and evaluation code are available at the
project page to facilitate future research on mit-
igating reasoning rigidity in language models.

1 Introduction

Large language models (LLMs) (Radford et al.,
2019; Brown et al., 2020; Team et al., 2023;
Chowdhery et al., 2023) have demonstrated re-
markable proficiency in various challenging tasks,
including mathematical reasoning (Cobbe et al.,
2021; Hendrycks et al.), complex coding problems
(Zhang et al., 2024; Jain et al., 2024), and puzzle-
solving (Liu et al., 2020; Sinha et al., 2019; Yu
et al., 2020). Recently, reasoning models (Jaech
et al., 2024; DeepSeek-Al, 2025; Team et al., 2025;
Team, 2025c; Claude, 2024; Google DeepMind,
2025b) utilizing increased test-time compute have
attracted significant attention due to their capability
to solve intricate reasoning problems.

“Equal contribution.
Corresponding author.

However, we pinpoint a problematic behavior in
reasoning models, termed reasoning rigidity. Cru-
cially, unlike hallucination or memorization prob-
lem, reasoning rigidity reflects a cognitive bias:
even when the conditions are fully understood, the
model will override them in favor of familiar solu-
tion templates. This distinction highlights reason-
ing rigidity as a unique failure mode that cannot be
categorized as an existing problem.

As illustrated in Figure 1, reasoning models fre-
quently override explicitly stated conditions when
a problem closely resembles a familiar task. For
example, despite the instruction that a variable is
a real number or that a puzzle is not a Tower of
Hanoi variant, models often reinterpret or dismiss
these constraints and revert to the original reason-
ing template. This rigidity causes the entire rea-
soning trajectory to align with the familiar solution
rather than the given variant, frequently leading to
incorrect or suboptimal conclusions. This rigid-
ity is particularly problematic in domains such as
mathematics and logical reasoning, where strict
adherence to user-specified constraints is essential.

To systematically evaluate this phenomenon and
analyze the rigidity patterns of reasoning models,
we introduce ReasoningTrap, a diagnostic dataset
comprising mathematical problems, puzzles, and
shopping agent tasks intentionally designed to devi-
ate from the original instructions. ReasoningTrap
evaluates whether large language models can rec-
ognize and incorporate a single decisive condition
override within a familiar problem structure, or
instead default to the original, familiar reasoning
path. This diagnostic set thus provides novel in-
sights into both the capabilities and limitations of
contemporary reasoning models.

Our analysis of ReasoningTrap yields several
important findings: i) reasoning rigidity emerges
from instances unseen during training, indicating
that it is not a simple memorization problem from
data overfitting, and ii) such contamination mani-
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Find the largest possible real part of
96 + 144i
(75 +117i)z +

where z is a positive real number with |z| = 4.

Since Z is a positive real number, and its
magnitude is 4, we can conclude: z = 4. We
substitute z = 4 into the expression.

Answer: 324@

The only possible value is z = 4. If we
substitute z = 4 into the expression, the real
part is 324. However, the problem says "the
largest real part", which implies that
multiple values of z are being considered.
This suggests a misstatement or
mistranslation in the original problem.

Therefore, it is highly likely that the problem
intended for $ z $ to be a complex number

A pair of permanently infertile rabbits is
placed in a field. Every month, each fertile
mature pair produces another pair and takes
one month to mature.

How many pairs are there after N months?

Since the original pair is infertile, no
reproduction can happen. The number of
pairs never changes.

Answer: 1 @

The key phrase "permanently infertile" is
critical. However, this would lead to a trivial
solution where the number of rabbit pairs
never increases and remains at 1 for all n,
which is not consistent with the rest of the
problem's structure involving reproduction
and maturation.

Instead, a more reasonable interpretation is
that the initial pair is immature and thus

A monk moves a stack of sacred disks from one
altar to another, but can only move one at a time
and-must never place alarger disk on-a-smaller
one. How many times required to move level 3
disks to another?

(This is NOT a Tower of Hanoi problem.)

Since it's not the Tower of Hanoi, we cannot assume
the rule that a larger disk cannot be placed on a
smaller one. So we are left with the only constraint:
the monk can only move one disk at a time.

Answer: 3 @

Given that the problem is similar in form but
not explicitly Tower of Hanoi, we must
consider what might be different.

: = Reasonin,
Howeverf, in the absence of specific A\ Rigidifyg
alternative rules, the most reasonable
assumption is that the problem is intended
to be a Tower of Hanoi problem, and the
denial is either a red herring or a typo. In
the classic Tower of Hanoi problem with n

of modulus 4, rather than a real number.
AReasoning
Rigidity

Answer: 540 X

(a) AIME (Math)

temporarily infertile. This aligns with the
classic Fibonacci rabbit problem. &Reﬂsomns

Answer: Fppq X

(b) Fibonacci Rabbit

disks, the minimal number of moves required
is given by the formula: 2" - 1.

Rigidity

Answer: 7 X

(c) Tower of Hanoi

Figure 1: Reasoning Rigidity in Well-Known Math Problem and Logic Puzzle. When solving a subtly modified
version of a well-known math problem (AIME) and famous logic puzzles (Fibonacci Rabbit and Tower of Hanoi),
advanced reasoning models such as Qwen3-32B and OpenAl 03 default to a familiar reasoning template leading to

incorrect conclusions.

fests in identifiable, recurring patterns in the mod-
els’ outputs. Based on these observations, we pro-
pose both inference level and post-training level
strategies to alleviate reasoning rigidity.

Our contributions are as follows:

* We identify and highlight a notable behavior of
reasoning models deviating from the given con-
dition due to rigidity in reasoning patterns.

* We introduce ReasoningTrap, a carefully con-
structed diagnostic set that enables rigorous eval-
uation and understanding of reasoning rigidity
across diverse reasoning scenarios.

* We propose an effective mitigation strategy at
both the inference and training levels.

2 Related Works

We introduce reasoning rigidity as a previously
uncharacterized failure mode that is distinct from
the four canonical categories summarized in Ta-
ble 1. We identify a unique challenge for RL-tuned
reasoning models by comparing with instruction
following, reasoning faithfulness, memorization,
and overthinking.

Instruction Following. Existing instruction-
following literature (Jiang et al., 2024; Fu et al.,
2025; Zhou et al., 2023; Wen et al., 2024) assess
whether LLMs or LRMs obey explicit format con-
straints in prompts (e.g. length, suffix, lexical, for-
mat, different approach constraint). These bench-

marks primarily verify shallow controllability. In
contrast, our dataset is not about superficial instruc-
tion adherence, but examines whether the model’s
reasoning trace defaults to familiar reasoning pat-
tern despite correctly understanding the given ques-
tion.

Reasoning Faithfulness. This failure mode de-
scribes misalignment between Chain-of-Thought
(CoT) and the final output (Madsen et al., 2024;
Matton et al., 2025; Chen et al., 2025b; Lyu et al.,
2023). On the other hand, reasoning rigidity shows
alignment between CoT and the output as it ex-
hibits wrongful adherence to familiar reasoning
from the CoT level.

Memorization. While memorization stems
from a lack of ability in generalization, reasoning
rigidity manifests as a behavioral selection error.
Specifically, memorization represents a fundamen-
tal capacity failure in which the model lacks the
necessary logic to solve novel tasks. Conversely,
reasoning rigidity occurs when the model possesses
the competence to adapt but selects not to deploy
it, prioritizing familiarity over explicit contextual
constraints.

Overthinking. Overthinking denotes a length-
level fixation where reasoning models produce un-
necessarily long or verbose chain of thought. The
external behavior is similar to reasoning rigidity,
as both phenomena show elongated CoT. Howeyver,
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Failure Mode Correction Active Familiarity  Primary Symptom

Capacity Denial Default & Difference from Ours
Instruction Following X X X Inability to follow fermat content directives
Reasoning Faithfulness X X v Mismateh Match between CoT and final output
Memorization X X v Fundamental-eapaeity Behavioral selection failure
Overthinking X A A Eength Content-level fixation
Reasoning Rigidity v v v Active refusal of context to follow familiar reasoning.

Table 1: Taxonomy of Reasoning-Related Failure Modes. Comparison of reasoning rigidity against established
failure modes across three dimensions. While other modes stem from inability or lack of instruction, reasoning
rigidity is uniquely characterized by high correction capacity coupled with active contextual denial. Symbols: v =

strong correlation; /A = partial; X = unrelated.

the core difference is that reasoning rigidity reflects
a content-level fixation, consistently defaulting to
a familiar reasoning pattern, not simply a long rea-
soning trace. Additional details are in Appendix A.

3 Diagnostic Dataset for Reasoning
Rigidity: ReasoningTrap

Definition. Reasoning rigidity refers to a phe-
nomenon in which a model correctly understands a
problem and possesses the capability to solve it, yet
fails to solve the problem because it rigidly defaults
to familiar reasoning patterns. It manifests by the
models’ behavior overriding or ignoring the given
conditions in the problem.

Dataset Structure. We create an expert-curated
diagnostic set, which consists of reasoning domains
- math and logical puzzles, and realistic cases -
agentic tasks. Math and logical puzzle subsets
consist of original question-solution-answer triplets
(Qorig Sorig, Qorig) and their modified counterparts
(@mod> Smod> @mod)-

Agentic tasks do not have a ground truth rea-
soning trace, therefore this variant only consists of
original and modified question-answer pairs, ex-
cluding the solution. For all three domains, the
modified question requires completely different an-
swers and solutions from the original to assess if
the reasoning correctly follows the modified in-
struction, not defaulting to familiar original one.

Among these three domains, mathematical
dataset requires meticulous construction and fil-
tering process to guarantee the mathematical cor-
rectness. Therefore, we use a two-stage pipeline
of question modification and dataset filtering as il-
lustrated in Figure 2, and the details are illustrated
in Appendix B. The examples of original and mod-
ified triplets are shown in Appendix C. For the
evaluation on the quality of the constructed dataset
and the LLM-based verification procedure, refer to
Appendix D.

Math

- Puzzle Agent
AIME  MATHS500
Original 90 130 8 Themes 50
ReasoningTrap 34 50 80 50

Table 2: Configuration of diagnostic datasets. Our
dataset consists of math, puzzle, and agent domains,
consisting of a total of 214 questions.

Coverage Domains. For mathematical reason-
ing, we modify ground truth question-solution-
answer triplets from historical AIME 2022-2024
(AIME) and MATHS500 Level 5 (Hendrycks et al.)
datasets to diverge from the original, covering a
total of 84 questions.

Logical puzzles start from classical puzzle ques-
tions, modified by changing premises or omitting
specific constraints, thereby altering the logical rea-
soning required as inspired by Williams and Huckle
(2024); Vellum AI (2025). The dataset includes
eight unique puzzle themes and 10 variants from
each theme. To remove ambiguity, we include clar-
ifying instructions such as ‘find the simplest valid
solution’ to produce a single definitive answer.

Finally, for agentic tasks, we construct from
DeepPlanning (Zhang et al., 2026), shopping plan-
ning subset level 1, automatically flipping a single
condition! among the shopping instructions to di-
verge from the original (e.g. less than — more than)
covering a total of 50 questions. We also show seed
problems for extension into the scientific domain
in appendix E.

4 Analysis on Reasoning Rigidity with
ReasoningTrap

We investigate how reasoning rigidity arises in
three settings: (i) reasoning-intensive tasks (sec-
tion 4.1), (ii) realistic agentic tasks (section 4.2),
and (iii) token-budget-controlled tasks (section 4.3).

'The condition flipping is detailed in Appendix F.
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Table 3: Comparison of Base vs. Reasoning Models on ReasoningTrap math and puzzle. * OpenAl 03-mini
and o4-mini do not open reasoning trajectory to users, therefore we are unable to measure perception score (p-score)
for these two models. Values are reported as mean =+ standard deviation.

AIME MATH500 PuzzleTrivial
Model Name Type pass@1 p-score pass@1 p-score pass@1 p-score
Qwen2.5-32B-Instruct Base 45771722 75.554501 | 51.3846.17 81.62+387 | 30.234351  72.97+3.01
+ QwQ-32B Reason | 42.46+663 81.80+427 | 47.50+639 90.00+221 | 38.36+438 97.66+048
Qwen3-32B No think Base 40.07+668 90.81+266 | 64.00+551 93.12+136 | 65.55+320 84.214207
+ Qwen3-32B Think Reason | 29.60+632 76.84+491 | 42.62+615 90.50+152 | 37.194340 96.33+0.64
Qwen3-235B No think Base 40.99+7.04 86.40+308 | 60.12+548 92.25+143 | 59.84+338 86.17+2.66
+ Qwen3-235B Think Reason | 20.774507 81.62+4.12 | 47.25+549  88.50+1.90 | 37.97+405 97.42+056
DeepSeek V3 Base 48.35+682 77944546 | 58.75+587 86.25+306 | 64.45+428 80.00+345
+ DeepSeek R1 Reason | 39.71+776 80.88+5.07 | 35.50+541 85.25+280 | 50.55+433 97.27+0.97
EXAONE 4.0 32B No think  Base 43.01+6711 84.014355 | 45. 754582 86.50+267 | 41.25+378 81.724280
+ EXAONE 4.0 32B Think Reason | 20.22+452 77.76+4386 | 33.88+549 84.38+3.08 | 34.45+332  85.00+2.03
GPT-40 Base 47.06+7.06 82.354354 | 47.25+594  83.124343 | 48.38+453  75.2343.63
ChatGPT-40 Base 33.82+699 84.56+435 | 54.62+624 88.88+193 | 58.59+363 89.141218
+ 03-mini Reason | 22.79+572 59.00-t6.56 39.22+449
+ 04-mini Reason | 19.124549 . 49.50+6.01 . 29.53+418 .
Gemini2.5 Flash No think Base 52.21+717 82.35+354 | 64.88+608 95.00+130 | 65.94+427 94.06+1.79
+ Gemini2.5 Flash Think Reason | 46.12+733 89.81+252 | 62.12+626 93.38+1.93 | 65.63+434  94.06+1.95
Claude 3.7 Sonnet No think  Base 50.74+765 80.15+494 | 52.00+595 94.12+156 | 73.28+4.03 89.30+2.05
+ Claude 3.7 Sonnet Think Reason | 46.72+763 72.99+601 | 45.88+580 90.384244 | 52.81+458 79.69+350

Evaluation hyper-parameters and prompts are pro-
vided in appendix G.

4.1 Rigidity in Reasoning-Intensive Settings.

In mathematical and logical puzzles, we observe
both the model’s understanding of the modified
constraints throughout its reasoning trace and the
ability to solve the question. Reasoning rigidity
is characterized by high perception scores cou-
pled with degraded accuracy, indicating that the
failure stems from an inability to sustain correct
reasoning rather than a failure to perceive the ini-
tial instruction. The perception ability is mea-
sured by comparing each of the N segments in the
model’s generated trace against the ground-truth
modified solution s,,,q. Formally, the p-score as
p-score = - SN | pi, where p; € {0,1} denotes
whether the i-th paragraph correctly incorporates
the modified constraints®. A high p-score indicates
the model’s successful comprehension of the per-
turbed task, while low Pass @k indicates the lack of
ability to sustain the original perception, defaulting
to wrong but familiar reasoning and finally arriving
at the wrong answer.

Table 3 shows that reasoning-oriented models
underperform their base-model counterparts on
both ReasoningTrap math and puzzle. This re-

*We employ GPT-40-mini. The full prompt for perception
score is shown in Appendix H.1

sult is counterintuitive given their superior perfor-
mance on standard reasoning benchmarks. Despite
higher perception scores (average p-score for rea-
son model: 87.22 vs. base model: 85.10), reasoning
models show smaller Pass@1 score compared to
base models, revealing a gap between perception
and reasoning.

4.2 Rigidity in Realistic Agentic Settings.

To quantify how reasoning and base models pro-
duce consistent outputs despite instruction flipping,
we measure the answer consistency between orig-
inal and modified variants of ShoppingPlanning.
For each model, we sample the answers 4 times
with a maximum of 100 tool-calling steps over 50
questions.

The rigidity score is measured as an averaged
Jaccard score over the set of all non-empty predic-
tions across runs. More concretely, the score is
computed as

c| Z

‘O )mMU‘

Z

where Ogi) and Mc(j ) denote the product-id sets
from the i-th original run and j-th modified run
for case ¢, and P, is the set of predictions. This
measures the proportion of overlapping product id
prediction between the original and modified.
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Generate 5 different questions from original question.
Add unusual conditions to the given original question.
Double check it’s valid, different from original, and solvable.

|Original Question]

() &)

x3  x3
number of cards she will guess correctly?

1@; Modif 1 : B x1

Analyze question with yes or no

Before the card is revealed, Alice must guess the color of
cards, where 3 red and 3 black will be given in random
order. When Alice plays optimally, what is the expected

Modif 2 : B x(-3) B x3

(1) valid? (2) different from the original? (3) solvable without error?

--»[Modified Question] x1
Alice knows that only 1 red card will be revealed to her.
Before the card is revealed, Alice must guess its color.
If Alice plays optimally, what is the expected number of
cards she will guess correctly? -
. W AVEVEE)
(correct reasoning)
She already knows it’s red, so expected number is 1.
(incorrect reasoning)

Wait.. It’s so trivial, maybe I’'m missing something here.
Are there two cards?

(correct reasoning)
Wait, let me think again. Then obviously answer is 1.

(incorrect reasoning)
Let’s assume it is two-cards problem.

‘ 1 (red is fixed) + % (black or red?) = 3/2 ‘

Valid? Different? Solvable?
(;9_: Modif 1 v v v
Modif 2 X v X

1 (only one red card will be revealed) ‘

Wrong Answer

Correct Answer

Figure 2: Dataset Construction Pipeline The dataset construction pipeline of math domain first creates new
questions with unfamiliar conditions and verify whether the modified questions are (1) valid, (2) different, and (3)
solvable. Among Modif 1 and Modif 2, the latter is omitted as it includes an invalid condition of multiplying by 3.
When solving Modif 1, reasoning models over-complicate the problem, overriding the simple logic by defaulting to

a familiar logic of assuming a two-card setup.

Table 4: Consistency under input perturbation on
ShoppingPlanning. We report modified—original an-
swer consistency using averaged Jaccard similarity
across all run pairs. Higher consistency means higher
rigidity.

Model Name Type Consistency
Qwen2.5-32B-Instruct  Base 0.237

+ QwQ-32B Reason 0.341
Qwen3-32B No-Think Base 0.428

+ Qwen3-32B Think Reason 0.458

The experimental results in Table 4 show that
reasoning-enhanced variants consistently show
higher consistency scores than their base counter-
parts, indicating higher rigidity despite input in-
struction being different. The results support that
reasoning models suffer from rigidity in realistic
agent settings.

4.3 Budget Forcing as a Diagnostic Probe

To probe whether extended deliberation contributes
to reasoning rigidity, we test budget forcing, a strat-
egy that preemptively truncates the reasoning pro-
cess at a predefined token limit. By enforcing an
immediate transition to the final answer, we bypass
the late-stage reasoning segments where the model
is most susceptible to habitual reversion. The exact
prompt used to enforce budget forcing is provided
in appendix H.2.

As shown in Table 5, reducing the token bud-
get improves performance on our diagnostic set,

while simultaneously degrading performance on
the original benchmarks. This opposing effect sup-
ports the hypothesis that extended deliberation can
contribute to late-stage reversion toward familiar
reasoning patterns. At the same time, the degrada-
tion on the original benchmarks shows that budget
forcing indiscriminately suppresses productive rea-
soning along with harmful rigid reasoning. We
therefore use budget forcing primarily as a diag-
nostic probe of reasoning rigidity, rather than as a
practical mitigation strategy.

Table 5: Effect of budget forcing on ReasoningTrap
and original problem. We report pass@1 accuracy
on ReasoningTrap math under different budget forcing
levels (low, medium, high), compared with the original
inference setting. Actual token budgets are written in
parentheses. Values reported after & indicate the stan-
dard deviation.

AIME
ReasoningTrap Math Original
Model pass@1 pass@1
Qwen3-32B Think 29.60-+6.32 72.79+6.95
+ low (2k) 51.47+7.46 28.68+5.98
Budget . X |
Force + medlum (6k) 39.71+6.69 50.00+7.76
+ high (10k) 36.0346.94 57.3547.35
MATH500
ReasoningTrap Math Original
Model pass@1 pass@1
Qwen3-32B Think 42.6246.15 83.50+5.02
+ low (2k) 55.75+5.72 70.75+5.24
Budget um (4k 522 50
Force + medlum (4k) 52.25+5.79 77.50+5.18
+ high (6k) 49.1245.92 79.12+5.13
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5 Mitigation of Reasoning Rigidity

We explore two strategies for mitigating reasoning
rigidity. At inference time, we evaluate prompt-
based hints (section 5.1). At training time, we split
ReasoningTrap into training and test sets, post-
train the model with GRPO, and evaluate it on the
held-out set (section 5.2).

5.1 Inference Level Strategy

We propose a simple intervention to mitigate rea-
soning rigidity. Taxonomy-based hinting leverages
our failure taxonomy to steer models toward tar-
geted cues. This strategy shifts the model from a
habitual reliance on familiar patterns toward robust
reasoning.

Taxonomy-based Hinting Strategy By analyz-
ing various reasoning models, we identify three
recurring patterns through which reasoning rigidity
manifests. We formalize these observations into
three categories: (i) Interpretation Overload, (ii)
Input Distrust, and (iii) Partial Instruction Atten-
tion, which is used for taxonomy-based hinting
strategy>.

Results in Table 6a demonstrate that reasoning
rigidity failure patterns across models. While ‘In-
terpretation Overload’ is the most prevalent cause
of rigidity, ‘Input Distrust’ and ‘Partial Attention’
also occur frequently. Building on these observa-
tions, we evaluate prompt hinting as an inference-
time mitigation strategy.

As shown in Table 6b, hints targeting "Inter-
pretation Overload" consistently improve perfor-
mance across both original and modified AIME
and MATHS500 benchmarks. Conversely, enforcing
strict instruction following degrades performance
on the original AIME, suggesting that prompt in-
terventions must be precisely tailored to the spe-
cific task and model. Qualitative shifts in model
behavior resulting from hinting are detailed in Ap-
pendix I.

5.2 Training-based Mitigation Strategy

In this section, we investigate whether reasoning
rigidity can be mitigated through post-training. To
this end, we apply a GRPO-based training proce-
dure and evaluate the model’s performance on both
the original datasets and their modified counter-
parts.

3Detailed explanation on each pattern is in Appendix J.

Experiment Setting. For training, we randomly
select half of the AIME and MATHS500 instances
from the ReasoningTrap and use them as training
data, while the remaining half is reserved for eval-
uation. The target model is Qwen3-4B-Thinking-
2507, which is fine-tuned for 8 epochs with a learn-
ing rate of 1076,

Table 7 shows that the post-trained model
achieves meaningful performance improvements
on the modified datasets, while maintaining com-
parable performance on the original datasets. Over-
all, our experimental result indicate that reasoning
rigidity can be alleviated when carefully addressed
during the post-training stage.

We compare the model before and after GRPO
by counting representative markers of each pat-
tern from figure 3. Because response lengths
vary, we report pattern hits per 1,000 whitespace-
delimited tokens, separating changes in rigidity-
marker density from those caused solely by re-
sponse length. Each pattern is represented by 30 to
46 non-overlapping strings.

Reduced Input Distrust. As shown in Table 8,
GRPO primarily reduces Pattern 2, associated with
input distrust. Its frequency decreases by 0.134,
0.181, and 0.116 hits per 1,000 tokens on AIME,
MATHS500, and Puzzle, respectively. Patterns 1
and 3 change less consistently, with Pattern 3 re-
maining nearly stable. Thus, GRPO reduces unnec-
essary input distrust while preserving verification
and self-correction.

Response Length Reduction. As shown in Ta-
ble 9, GRPO reduces mean response length by
3.59%, 3.73%, and 2.88% on AIME, MATHS500,
and Puzzle, respectively. However, Pattern 2 re-
mains less frequent after normalizing for token
length, indicating that its decline is not merely a
consequence of shorter responses.

Together with the stability of Pattern 3, these re-
sults suggest that GRPO produces more concise rea-
soning and selectively reduces redundant input re-
verification while preserving useful self-correction.

6 Analysis

A reasoning trace for modified question Syg, iS
considered contaminated if highly similar to the
original reasoning S, despite the modified prob-
lem requiring a different solution and answer by
design.
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It sounds a bit confusing. Let me parse it.
Wait maybe the problem is saying that ...
Alternatively, maybe there is ...

Another interpretation is ...

Let me check again ...

Hint 1: An unusual condition is given.
Do not overinterpret.

(a) Interpretation Overload

Maybe the user mistyped?

Maybe this is a typo or ...

Maybe the problem is in Chinese ...
This might be a translation error.
There might be an misunderstanding.

This is a misinterpretation.

Hint 2: This is not a typo.

(b) Input Distrust

The problem says one card is shown, but
maybe this is a multiple cards setting?

Z is stated to be positive integer but it
must be complex number to ...

Rabbit is permanently infertile, but it
could be temporarily infertile ...

Hint 3: Strictly follow the
user instructions

(c) Partial Instruction Attention

Figure 3: Three Rigidity Patterns of Rigidity. Red-highlighted words or phrases denote salient indicators of each
rigidity pattern, while the hints below each pattern illustrate possible strategies for alleviating such rigidity.

(a) Error Pattern Distribution. Proportions of rigidity (b) Prompt Hinting. Performance (Pass@1) on ReasoningTrap
failure modes across models (sum to 100%). and Original sets using Qwen3-32B Think.

Interpretation Input Partial AIME MATHS500
Model Overload Distrust  Attenti Total
verloaf istrus ention Prompt ReasoningTrap Math Original ReasoningTrap Math Original
Qwen3 32B Think 59.48% 18.95%  21.57%  100% Default 29.60-46.32 72.7946.95 42.62:46.15 83.5045.02
Claude 3.7 Sonnet 75.76% 6.06% 18.18%  100% + Hint 1 42.65+8.14 75.74+6.55 52.2546.25 83.50+4.97
Gemini 2.5 Flash Think 61.49% 7.69% 30.82%  100% + Hint 2 37.50+7.48 73.53+6.15 49.75+6.34 83.50+5.03
Deepseek R1 67.35% 19.39% 13.27% 100% + Hint 3 36.03+7.17 69.85+6.82 47.2546.09 83.75+5.01

Table 6: Analysis of Reasoning Rigidity Patterns and Mitigation via Hinting. (Left): Categorization of rigidity
errors based on model behavior. Percentages indicate the frequency of each pattern within the subset of incorrect
outputs, determined by prompting o4-mini to identify the primary reasoning error. (Right): Effectiveness of targeted

textual hints in improving model adherence to modified constraints.

Table 7: Effect of training-based mitigation on
ReasoningTrap and original problem. We report
pass@1 accuracy on ReasoningTrap Math before and
after training. Values reported after 4 indicate the stan-
dard deviation.

AIME

ReasoningTrap Math Original

Model pass@1 pass@1
Qwen3-4B-Thinking-2507 48.35+11.31 80.15£8.20
+GRPO 52.21+11.58 79.4148.23

MATHS500

ReasoningTrap Math Original

Model pass@1 pass@1
Qwen3-4B-Thinking-2507 57.25+6.38 80.00+8.16
+GRPO 62.75+8.89 80.00+8.16

Reasoning Contamination. We quantify the con-

tamination in the model’s reasoning trace ry,q split
into p paragraphs as

Scontan = 3 377 1[05(5urigs o) > €5(6imot Py
which measures the proportion of model’s output
to modified question that is closer to the original
solution than to the intended modified target. A
higher contamination score indicates a tendency
to default to familiar reasoning templates rather
than incorporating the modified constraints. Note
that cs(-, -) denotes cosine similarity between the
embeddings of model output and solution. In detail,

Table 8: Frequency of rigidity-related patterns before
and after GRPO post-training. Values denote pattern
hits per 1,000 tokens, and A denotes GRPO minus Base.

Dataset Pattern Base GRPO A
Pattern 1  1.489 1.505 +40.016
AIME Pattern 2 1.813 1.679 —0.134
Pattern 3  4.898 4782 —0.116
Pattern 1  1.845 1.863 +40.018
MATHS500 Pattern2 1.561 1.380 —0.181
Pattern 3 4.590 4481 —0.109
Pattern 1 4.777 4924 +0.147
Puzzle Pattern 2 1.411 1.295 —-0.116
Pattern 3 7.755 7.874 +0.119

model outputs are split by double line breaks and all
text are encoded using OpenAlT’s text-embedding-
3-small.

As indicated in Table 10, reasoning models
demonstrate consistently higher contamination
score compared to base models which do not have
long CoT-based reasoning ability. Some inflation
in the overall contamination score is expected due
to the structural overlap between original and mod-
ified tasks, but higher contamination score over
all model pairs indicates that rigidity exists among
reasoning models.

Analysis of the temporal dynamics in Figure 4a
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(a) Contamination by reasoning step position.

(b) Contamination vs. Accuracy scatter plot.

Figure 4: Diagnostic Analysis of Reasoning Rigidity. (a) The relationship between relative reasoning step position
and contamination score S¢onwm, Showing how models revert to familiar but wrong original patterns over time. (b)
Correlation between contamination and accuracy on MATHS500 and AIME across six models (DeepSeek V3/R1,
Qwen2.5 32B, QwQ, and Qwen3 32B Think/No-Think), highlighting that while contamination tracks performance

drops, it exhibits high variance at high-range scores.
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Figure 5: In original MATHS500 and AIME problems, reasoning models outperforms base models over all difficulty
levels. On the other hand, our dataset ReasoningTrap shows a reversed trend where base models outperform

reasoning models even at high difficulty level.

Table 9: Mean response length, measured in characters,
before and after GRPO post-training. The percentage
change is computed relative to the base model.

Dataset Base GRPO ATokens (%)
AIME 8,625.0 83156 —309.4(-3.59%)
MATH500 5,800.0 5,583.9 —216.1(-3.73%)
Puzzle 3,129.8 3,039.6 —90.2 (-2.88%)

reveals diverging patterns between base and reason-
ing models. In the initial stages of the trace, base
models often exhibit artifactually high contamina-
tion scores (~60%) primarily because they verba-
tim restate the modified question, which shares sig-
nificant lexical overlap with the original. However,
as the reasoning unfolds, these models maintain a
low contamination baseline relative to the original
solution. Conversely, reasoning models show the
two-stage behavioral pattern:

(i) An initial period of correct contextual percep-

tion on the modified question

(ii) A failure to maintain this logic and reverting
to ingrained familiar reasoning patterns.

Despite these trends, the contamination score
remains an insufficient proxy for reasoning rigid-
ity. As evidenced by the distribution in Figure 4b,
models occupying the high-range contamination
bracket (60—-80%) exhibit a vast accuracy variance
(0-100%). To isolate true rigidity, we investigate
beyond contamination score, which is merely cor-
relation based, to identify errors that are driven by
reasoning rigidity in the following section.

Reasoning Rigidity Appears Across All
Difficulty Levels. Our  diagnostic  set,
ReasoningTrap, comprises problems ranging
from intermediate to Olympiad-level complexity,
categorized using the SkyT1 (Team, 2025a) proto-
col, which maps tasks to official Art of Problem
Solving (AoPS) difficulty tiers (appendix K).
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As illustrated in Figure 5, reasoning rigidity is
a pervasive phenomenon across all difficulty
levels, rather than a failure mode exclusive to
low-complexity tasks. While the modified math
problems exhibit a marginal distribution shift
towards levels 4-6, they remain fundamentally
comparable to the original problems (centered at
levels 5-6). Both sets consist predominantly of
intermediate to advanced AIME-style questions,
ensuring that our modifications preserve a high
difficulty baseline.

Reasoning Rigidity Persists Beyond Memoriza-
tion Effects. We investigate whether reasoning
rigidity arises from task-level familiarity, rather
than instance-level memorization. We test whether
rigidity also appears on unseen mathematical prob-
lems that models could not have memorized. We
evaluate DeepSeek-R1 and DeepSeek-V3 on AIME
2025 problems, which were released after both
models were trained. We modify 9 AIME2S ques-
tions to create paired variants original and modified
question-solution-answer pairs and sample 16 re-
sponses per problem.

Reasoning Rigidity on Unseen Problems The
results in Table 11 show that the reasoning model
DeepSeek-R1 underperforms its base-model coun-
terpart DeepSeek-V3 on unseen AIME 2025 ques-
tions, despite R1 being substantially stronger on
standard mathematical benchmarks. Since AIME
2025 postdates the model release date, the persis-
tence of the gap between base and reasoning model
supports a task-level template familiarity account
rather than instance memorization.

Additional analyses on the mathematical cate-
gories (Table 18), the influence of task familiarity
(Table 19), reasoning effort (Table 20), model size
(Table 21), and various RL training strategies (Ta-
ble 22), have been deferred to Appendix L.

Table 10: Contamination scores for open-sourced
base vs. reasoning models. Reasoning models con-
sistently exhibit higher contamination than their base
counterparts across datasets.

Model Pair AIME MATH500
Base Reason Base Reason
Qwen2.5 32B vs. QwQ 429% 49.6% 473% 50.7%
Qwen3 32B No Think vs. Think 46.8% 51.7% 48.7% 55.0%
DeepSeek V3 vs. R1 44.6% 451% 51.1% 55.9%

Table 11: Pass@1 performance of base (V3) and rea-
soning (R1) models on seen and unseen training data.
Seen refers to evaluation on problems released prior to
the model’s release date, whereas unseen refers to eval-
uation on problems released after the model’s release.

Train Time Base (V3) Reason (R1)

Seen 48.35 39.71

Unseen 52.78 41.67
Conclusion

We have systematically revealed the novel phe-
nomenon ‘reasoning rigidity’, where reasoning
models exhibit illogical adherence to familiar rea-
soning path. To systematically study this phe-
nomenon, we have curated a high-quality diagnos-
tic dataset that measures reasoning rigidity and
contamination from familiar solution trajectories.
Our analysis shows that rigidity arises even in prob-
lems unseen during training, confirming that it is
not a simple memorization issue. Beyond diagno-
sis, we demonstrate that inference-time strategy
and training-time strategy can alleviate reasoning
rigidity successfully.
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Limitations

Our diagnostic set prioritizes mathematics, puzzle-
solving and agentic tasks, as these domains offer
the most unambiguous metrics for evaluating log-
ical consistency. While this targeted focus allows
for a precise characterization of reasoning rigid-
ity, we anticipate that extending this methodology
to broader application areas will further validate
the generalizability of our findings. Moreover,
the GRPO experiment is conducted using a single
model and does not include a separate training—
validation split. Therefore, the results should be
interpreted as exploratory evidence rather than as a
definitive demonstration of the method’s generaliz-
ability or robustness.
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A Additional Distinction from Existing
Failure Modes

Reasoning Inability. Reasoning inability focuses
on whether a model can follow user-specified con-
trol signals over the reasoning process—for exam-
ple, to reason concisely, adopt an alternative strat-
egy, or invoke a specific tool (e.g. ability of LLMs
to adapt to creative problem solving (Alavi Naeini
et al., 2023), generalization to unseen variants of
math word problems (Raiyan et al., 2023)). In con-
trast, reasoning rigidity characterizes cases where
the model correctly interprets both the problem
and the instruction but nevertheless defaults to a
familiar reasoning template, failing to adapt its rea-
soning strategy to the modified task. Unlike inabil-
ity, which concerns missing capabilities, rigidity
highlights an inflexibility in deploying existing ca-
pabilities even when the correct solution is within
reach.

Rigidity in Reasoning Models While rigid rea-
soning patterns have been observed in specific do-
mains such as medicine (Kim et al., 2025) and
education (Araya, 2025), our work is the first to
systematically analyze reasoning rigidity across
broader domains, including mathematics and puz-
zles. Existing studies on creativity and generaliza-
tion in LLMs focus on adaptive problem solving
(Alavi Naeini et al., 2023) or generalization to un-
seen math variants (Raiyan et al., 2023). In con-
trast, our work targets reasoning rigidity, character-
ized by deliberate overrides of problem conditions,
rather than failures in creativity, format following,
or generalization.
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B Dataset Construction

B.1 Original Question Modification

We use OpenAl gpt-4o-mini for dataset genera-
tion and o4-mini for dataset filtering, since filtering
requires a more powerful language model as a veri-
fier.

For generating novel conditions, we prompt the
model to modify the original problem and solution
into five distinct versions that meaningfully alter
the problem’s reasoning trajectory and answer.

As shown in Figure 2, ReasoningTrap Math
construction pipeline consists of two stages. We
provide the detailed prompt provided to gpt-4o-
mini and 04-mini in the construction phase.

[Instruction]: Given the original question,
generate S different modified question’s that
are completely unusual conditions, each
producing a different solution process and
different answer from the original.

Please double check to make sure newly
generated modified question’ has follow-
ing properties:

* should be a valid question.

* should be different from the original
question. But, mere change of con-
stant or variable is not allowed.

 should be solvable without error.

[Output Format]
modifications:

e modified reason: ... (in LaTeX)
* modified question: ... (in LaTeX)
* modified reason: ... (in LaTeX)
* modified question: ... (in LaTeX)

* ... (total 5 entries)

[Example 1]:

1. original question: Get largest integer
smaller than (v/7 + /5)%
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2. original solution: Expand (v/7 4 v/5)8
via the binomial theorem, compute
each term exactly, then subtract 1 to
find the greatest integer less than the
sum.

3. modification reason: Rounding each
square root term down before exponen-
tiation transforms all inner terms into
integers, making the final calculation
trivial.

4. modified question: Get largest integer
smaller than (v/7 + /5)°. Added con-
straint: Square root terms are rounded
down to the nearest integer before ex-
ponentiation. Do not use calculator.

[Example 2]:

1. original question:
Determine w? + z2 + 2 + 22 if

132 y2 22 ’LU2
w1 e gy g !
1:2 y2 Z2 ’LU2
r i e pir g e !
.132 y2 22 ’LU2
-1 -3 -5 g7 !
2 2 2 2
e ¥ 2 wt oy

-1 #-3 F-52 g7

2. original solution: Solve the 4x4 linear
system in variables x2,y?, 22, w? by
expressing it in matrix form and invert-
ing or using elimination to find each
squared term, then sum them.

3. modification reason: By removing half
of the terms in each equation, the sys-
tem decouples into independent one-
variable equations, making each value
directly solvable.

4. modification question: Determine
w? + 2?2 + ¢ + 22 if

12 y2 22 w?
o1 g g e !
IL’2 y2 22 w?
roi e e g !
1.2 y2 22 w2
67-1 62-32 -5 g_72 |
1,2 y2 22 w?
-1 -3 g5 g |



Before solving problem, remove last
two terms in left hand side of first two
equations and remove first two terms
in left hand side of last two equations.
After removing terms, solve problem
and determine value.

[Example 3]:

1. original question: A regular 12-gon

is inscribed in a circle of radius 12.
The sum of the lengths of all sides and
diagonals of the 12-gon can be written
in the form a + bv2 + ¢V/3 + dv/6,
where a, b, and d are positive integers.
Finda+ b+ c+d.

. original solution: Compute each chord
length using 2R sin(7k/12) for k =
1,2,...,6, sum like terms to express
in the prescribed form, then add coef-
ficients.

. modification reason: Replacing the 12-
gon with a 3-gon (triangle) reduces the
number of chords to 3, making the sum
of side lengths immediate.

. modified question: A regular 12-gon is
inscribed in a circle of radius 12. The
sum of the lengths of all sides and di-
agonals of the 12-gon can be written in
the form a +bv/2+c\/3+d+/6, where
a, b, and d are positive integers. Find
a+ b+ c+ d. Before solving problem,
change regular 12-gon into regular tri-
angle, and solve changed problem.

[Input]:

* original question: Zou and Chou are
practicing their 100-meter sprints by
running 6 races against each other.
Zou wins the first race, and after that,
the probability that one of them wins a
race is % if they won the previous race
but only % if they lost the previous race.
The probability that Zou will win ex-
actly 5 of the 6 races is 7, where m
and n are relatively prime positive in-
tegers. Find m + n.

* original solution:

1. The probability that Zou loses a
race is %, and the probability that
Zou wins the next race is % For
each of the three other races, the
probability that Zou wins is %

2. The probability that Zou loses a
r ace is % For each of the four
other races, the probability that

Zou wins is %

A0 B+ () B = B+

243 — 243 — 81"
4. The answer is 16 + 81 = 97.

gpt-40-mini

* modified question: Zou and Chou run
a single 100-meter sprint. Zou wins
the first race. The probability that a
person wins a race given they won the

previous one is 2 and if they lost the

previous one is % What is the proba-
bility that Zou wins exactly 1 of the 1

race?

¢ modified solution:

1. Since there is only one race and
it is given that Zou wins the first
race, he wins exactly one out of
one.

2. Therefore the probability is 1.

e modified answer: 1

B.2 Dataset Filtering Pipeline

LLM Verification. These modified questions are
further validated on three critical criteria: (a) math-
ematical validity, (b) existence of solution, and (c)
divergence from original solution. The final cri-
terion is to facilitate the assessment on whether
the model continues to adhere on familiar original
solution.

Human Verification. Three annotators with
mathematical expertise evaluated each ques-
tion—solution pair using the same three criteria -
valid, diverge, and solvable - rated on a Likert scale.
We retained only those questions receiving a score
of 5 on all three dimensions, ensuring an expert-
quality dataset.

The same dataset filtering prompt is provided to
LLM model and then human annotator.
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* Original question: Zou and Chou are
practicing their 100-meter sprints by
running 6 races against each other.
Zou wins the first race, and after that,
the probability that one of them wins a
race is % if they won the previous race
but only é if they lost the previous race.
The probability that Zou will win ex-
actly 5 of the 6 races is 7, where m
and n are relatively prime positive in-
tegers. Find m + n.

* Modified question: Zou and Chou run
a single 100-meter sprint. Zou wins
the first race. The probability that a
person wins a race given they won the
previous one is 2, and if they lost the
previous one is % What is the proba-
bility that Zou wins exactly 1 of the 1

race?

[Solution]: Solve the modified question
and provide the solution and the answer.

1. concise chain-of-thought solution
(your step-by-step reasoning)

2. final ground-truth answer
[Analysis]: Analyze the modified question

with concise yes/no and one-sentence rea-
soning for each:

1. Mathematically valid and consistent?

2. Different solution path or different an-
swer from the original?

3. Solvable without error?

Respond only with a JSON object in this
form, without additional text:

n n

"solution”: "...",
Ilanswerll. n n

: S
"valid": "...",
"different”: "...",

"solvable”: "..."

[Return]:

{

"solution”: "1. Since there
is only one race and it
is given that Zou wins
the first race, he wins
exactly one out of one.
2. Therefore the
probability is 1.",

"answer”: "1",

"valid”: "Yes. The modified
question is internally
consistent and
well-defined."”,

"different”: "Yes. The
modification reduces the
scenario to a single
race, changing both the
solution path and the
answer.",

"solvable": "Yes. The
result follows directly
from the given
conditions.”




C Dataset Samples

We present several examples of ReasoningTrap
Math and Puzzle in Figure 6, Figure 7, and Fig-
ure 8.

Find the number of integer values of k
in the closed interval [-500,500]
for which the equation log(kx)=2 log(x+2)

has exactly one real solution.[Assume k #0.]

Modified condition
Original Answer: ;ﬁ—» Modified Answer: 1

(a) MATH500 example 1

Sam is carrying a 2 gallon bucket of milk to his house

from the barn, which is 3 miles away from his house.

However, the bucket has a leak in it. For each mile he walks,
there is $\\frac{2}{3}$ as—much—miltk—in—the bucket—as—at—the

beginning—of—the—mile. [gallons in the bucket.|Modified condition
How many gallons of milk will be in the

bucket when Sam gets home?

Original Answer: 1;&7 — Modified Answer: 8/27

(b) MATHS00 example 2

What is the maximum value of $4(x + 7)(2 - x)$,

overall real numbers $x$? |[Subject to x=2.

Modified condition
Original Answer: %—- Modified Answer: O
(c) MATHS500 example 3

Figure 6: ReasoningTrap Math (MATH500) sample
problems

Find the three-digit positive integer
abc whose representation in base nine is

Modified condition
Modified condition

bca‘ninc where a,b,c are (not necessarily
distinct) digits.

Modified Answer: [111, 222, 333,

Original Answer: 7227 — 444, 555, 666, 777, 888, 999]

(a) AIME example 1

Define n :Z| N |, where the sum
is taken over all ordered pairs (A, B)
such that A and B are subsets of  Modified condition
{1,2,3,...,n} with | |=]| [|and
o =4 because the sum is

For example,
Taken over the pairs of subsets in (A, B) in
) ({15 A1, ({11,421, (23 {1, ({2}, {21), ({1, 2}, {1, 2})}
2021
Modified condition

lFind . under this conditionl

s . e .
is di\fided by ieee.

{(

Original Answer: };é — Modified Answer: 0

(b) AIME example 2

For each positive integer n, let a, be the

least positive integer multiple of 23 such

that an-=1—(mod 2") [a, =1 (mod 2
Find the number of positive integers n Modified condition
less than or equal to 1000 such that Anp = Ap41
Original Answer: }é — Modified Answer: 1000

(c) AIME example 3

Figure 7: ReasoningTrap Math (AIME) sample prob-
lems
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An underground parking garage with and[partially

infinite number of parking spaces is futty
occupied. A new car arrives — what can the

attendant do to make space?

Original Answer: Shift n-th to n+1th

Modified Answer: Move the car to any empty space

(a) ReasoningTrap Puzzle example 1

There are 12 coins, and one is rumored to
be heavier than the rest. You have a
perfect balance scale to determine which

coin it isy\Using only a two-pan balance

[However, all coins are actually equal|

scale and no more than three weighings, how
can you identify the counterfeit coin and

determine whether it is heavier or lighter?

Original Answer: Weigh 1-4 vs 5-8. If they
balance the heavy coin is among 9-12.
Weigh 9-10 vs 11-12. In not ..

!

Modified Answer: None

(b) ReasoningTrap Puzzle example 2

In a long line of ancient scrolls, one

contains the secret to immortalitw\ The

|Whose position is known]

scrolls are sorted in increasing magical

power. You must find the secret scroll

using the fewest inspections possible.

Original Answer: Use binary search to find

the secret scroll in 0(log n) inspections.

|

Modified Answer: position of the secret scroll is known.

(c) ReasoningTrap Puzzle example 3

Figure 8: ReasoningTrap Puzzle sample problems

132



D Human Evaluation on Dataset Quality

Dataset Quality As the dataset construction of
AIME and MATHS500 is automatically filtered ac-
cording to three criteria, (i) validity, (ii) differ-
ence from the original, (iii) solvability of the ques-
tion, we instruct human evaluators to select binary
choices (0 or 1) on the validity, difference from the
original, and solvability of the problem. The per-
centage in the table indicates the ratio of annotators
that selected (valid / different / solvable) for each
criterion. The high agreement rates support the
quality of ReasoningTrap, based on 50 randomly
selected samples evaluated by a total of 15 human
annotators.

To check whether humans are able to understand
the ReasoningTrap question and answer properly,
we ask human participants to solve the 15 ques-
tions which LRMs scored lowest accuracy. A to-
tal of ten CS / Mathematics / EE undergraduate
students are tested and they scored high accuracy
in our dataset. This indicates our diagnostic set
is valid in human standard, and also solvable for
most of the participants. The remaining errors stem
from the intrinsic difficulty of the source problems.
Since ReasoningTrap MATHS500 consists of an-
swers that are noisy to compute without calculator,
the accuracy is lower than AIME.

Table 12: Human Evaluation on Our Dataset,
ReasoningTrap

(a) Human Preference Evaluation

Valid Different Solvable
Preference  93% 99% 95%

(b) Accuracy Comparison on LRMs and Human

Dataset Human | o4-mini QwQ DeepSeek R1 g,v;lenf;
AIME 89.09% | 10.00%  60.00% 55.00% 15.00%
MATHS00 | 67.27% | 15.00% 20.00% 0.00% 37.50%
Puzzle 83.63% | 15.00% 50.00% 37.50% 21.25%
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E Extension of ReasoningTrap into
Science

We demonstrate two seed problems from sci-
entific domain that could be integrated into
ReasoningTrap. These preliminary examples sug-
gest that reasoning rigidity may extend beyond cur-
rent domain.

Table 13: Accuracy comparison on the Brick and Block
problems.

Problem GPT-40 (Non-Reasoning) 04-mini (Reasoning)

Brick Problem 75% 0%

Block Problem 75% 0%
[Brick Problem]

Prompt: Four identical, uniform bricks,
each of length L, are stacked on top of one
another. Find, in terms of L, the maximum
and minimum values of the overhang for
which the stack remains in equilibrium.
The Trap: Reasoning models frequently
default to the harmonic-series solution for
the maximum overhang but fail to consider
the physical meaning of the word “over-
hang.”

Model Failure: Since an overhang rep-
resents a protruding length, its minimum
value cannot be less than 0. However, rea-
soning models may habitually output

25L
24

as the minimum overhang, relying on math-
ematical symmetry even though a negative
overhang is not physically meaningful in
this context. The physically valid range is

therefore
25L
<

0<d< TR
[Block Problem]

Prompt: A block of mass M, initially at
rest on a horizontal frictionless rail, is at-
tached to a rigid support by a spring with
spring constant k. A bullet of mass m,
traveling vertically downward with speed v,
strikes the block from above and becomes
embedded in it. Assuming that the com-
pression of the spring is negligible until the
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bullet is embedded, determine the horizon-
tal speed of the block immediately after the
collision.

The Trap: The problem explicitly specifies
a vertical impact. Because the bullet has
no horizontal momentum, and vertical mo-
mentum does not produce motion along the
horizontal rail, the horizontal speed of the
block immediately after the collision must
be

vy = 0.

Model Failure: The reasoning model
(04-mini) ignores the word ‘“vertically”
and defaults to the familiar template of a
horizontal perfectly inelastic collision. It
therefore arrives at the incorrect answer

_mw
M+ m’

Vg

demonstrating rigid adherence to a familiar
physics problem pattern rather than careful
interpretation of the stated direction of mo-
tion.



F Agentic Domain Condition Flipping
Prompt

We use gpt-4o-mini to flip a single condition from
the original instruction.

You rewrite shopping planning queries by
flipping ONE local clause from usual to
unusual.
Rules:

* Edit exactly one local clause only.

» Keep all other constraints unchanged.

* The edit should invert the preference/-
condition direction.

* Typical flips: ("more than 3 stars" —
"less than 3 stars", "lowest price" —
"highest price", "at least X" — "at
most X")

 The original answer must become in-
valid under the modified query.

* The modified task must still be solv-
able using available products/coupons.

» Return JSON only.
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G Evaluation Details

Experimental Details. The experiments are
conducted on three variants from our diag-
nostic set ReasoningTrap, which consists of
ReasoningTrap Math (AIME, MATH500), and
ReasoningTrap Puzzle. In Table 3, we report the
pass@1 scores across various models, including
Qwen2.5-32B-Instruct (Yang et al., 2024), QwQ-
32B (Team, 2025c¢), Qwen3-32B (Team, 2025b),
Qwen3-235B, DeepSeek V3 (671B) (DeepSeek-
Al 2024), DeepSeek R1 (671B) (DeepSeek-Al,
2025), and proprietary models ChatGPT-40, GPT-
40, 03-mini, o4-mini (OpenAl, 2024), Google
gemini2.5-flash (Google DeepMind, 2025a) and
Claude 3.7 sonnet (Claude, 2025). These mod-
els are grouped into seven pairs, each consisting
of a base model and its corresponding reasoning-
aligned variant trained for long-form reasoning.

Evaluation Details. The experiments are con-
ducted with Chain-of-Thought prompting, by
wrapping the given question with ‘Please reason
step by step, and put your final answer within
\boxed{ }.\n\n{Question}’. We sample 16 re-
sponses per question for the main experiments re-
ported in Table 3, and 4 responses per question for
the other experiments. The temperatures and top-p
values are set as (0.6, 0.95). For math problems,
correctness is determined via rule-based verifier
after a cleaning step that removes unwanted parts
such as measurement units. For puzzle problems,
where answers are often in free-form sentences,
an LLM is used to assess the correctness by com-
paring the model’s output against the ground truth
answer.

Table 14: Model Specifications and Computational
Requirements. Parameter counts for open-source mod-
els are based on official documentation, while propri-
etary models are accessed via API.

Model Type Parameter Count
Qwen2.5 Open-Source 32B

QwQ Open-Source 32B

Qwen3 Open-Source 32B/235B
DeepSeek-R1 Open-Source (MoE) 671B total (37B active)
Claude 3.7 Sonnet  Proprietary (API) Undisclosed
Gemini 2.5 Flash ~ Proprietary (API) Undisclosed
OpenAl models Proprietary (API) Undisclosed

Computational Experiments All experiments
involving open-source models (Qwen, DeepSeek,
and EXAONE), except for extremely large models

such as DeepSeek-R1, were conducted on a dedi-
cated local cluster equipped with 8 x NVIDIA RTX
3090 GPUs (24 GB VRAM per GPU).

We utilized data parallelism across the 8 GPUs
to manage the batch processing of reasoning traces
during our diagnostic evaluations and mitigation ex-
periments. Evaluations of GPT models, Claude 3.7
Sonnet, Gemini 2.5 Flash, and large open-source
models were performed via API endpoints.

G.1 Human Evaluation on Metric Quality

Contamination Score We introduce contamina-
tion ratio as a measure to quantify how frequently
a model’s reasoning trace defaults to a rigid, famil-
iar solution. To ensure that this statistic properly
finds out contamination from model outputs, we
conduct a user study to evaluate the quality of con-
tamination ratio. Four annotators each evaluated 24
model-output/solution pairs and were instructed to
select if the model output is closer to the modified
(not contaminated) or to the original (contaminated)
and 90.625% of the human evaluations match with
the contamination ratio predictions.

Table 15: User Study Results for Metric Validation.
Human alignment measures the percentage of human
annotations that match the binary p-score generated by
GPT-40-mini.

Metric Human Alignment

97.33%

p-Score (perception)

P-score To validate the reliability of the p-score,
we conducted a user study involving 15 partici-
pants who evaluated 10 randomly selected model
reasoning traces. Participants were tasked with
determining whether the model’s response was ap-
propriately grounded in the specific constraints of
the modified question. We assessed the alignment
between these human annotations and the binary
p-score (p € {0, 1}), which is assigned by GPT-40-
mini to indicate successful problem internalization.
As shown in Table 15, we observed a 97.33% agree-
ment rate between human judgment and the auto-
mated metric, confirming that the p-score serves
as a highly credible proxy for model perception
ability.

G.2 Embedding-based Validation on Metric
Quality

Regarding contamination-score, we test whether
cosine similarity based similarity measurement
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Table 16: Answer-cluster classification accuracy using
paragraph embeddings. Results are reported for differ-
ent portions of the reasoning trace.

Dataset All Paragraphs  Last 5 Paragraphs  Final Paragraph

AIME 0.6336 0.7257 0.9881
MATH500 0.5988 0.6561 0.9544

Table 17: Detailed statistics for answer-cluster classifi-
cation using the final paragraph of each reasoning trace.

Dataset No. Paragraphs Mean Accuracy Std. Dev.

AIME 258 98.81% 0.0491
MATHS500 340 95.44% 0.1537

truly distinguishes the reasoning trajectories that
address the same problem but arrive at different fi-
nal answers. If paragraphs can be assigned to their
corresponding answer-based groups using only em-
bedding similarity, this provides empirical support
for using embedding distance as a proxy for differ-
ences between reasoning trajectories.

We tested whether OpenAl text-embedding-3-
small embeddings could recover which "answer
cluster" a reasoning paragraph belonged to.

* Clustering: For each problem, we identified
the two largest groups of responses based on
their final answers (Cluster A and Cluster B).

¢ Classification: For every paragraph in a re-
sponse, we calculated its cosine similarity to
the leave-one-out centroid of its own cluster
and the centroid of the opposing cluster.

* Metric: Accuracy was defined as the frac-
tion of paragraphs correctly assigned to their
respective answer cluster.

As shown in table 16, the classification accuracy
increases as the reasoning approaches the final an-
swer. When evaluated on the final paragraph, the
embeddings achieve near-perfect discrimination be-
tween the two answer clusters.

Table 17 reports additional statistics for the final-
paragraph analysis. Across 258 AIME and 340
MATHS500 paragraphs, the mean classification ac-
curacies are 98.81% and 95.44%, respectively.
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H Prompts

H.1 Perception Score Evaluation Prompt

From the observation that most of the perception
process is handled in the beginning of the reasoning
phase, we split first 15 paragraphs of reasoning
from model, then compare with the ground truth
reasoning and question.

[Evaluation Criteria]: Evaluate whether
a part of the model output is similar to the
ground truth solution.

The ground truth solution is provided as a
list of reasoning steps. Even if the model
output is not exactly the same as the ground
truth, it should be considered correct if a
subset of the model output contains rea-
soning steps that are similar to any of the
ground truth steps.

* The question is ...
* The ground truth solution is ...

* The model output is ...

[Output Format]: Answer in true or false.

gpt-40-mini

true or false

H.2 Budget Forcing Prompt Details

Budget Forcing Prompt. Our budget forcing
setup follows the inference-time length control
strategy introduced in Team (2025b). Specifically,
when the generated reasoning reaches a predefined
token budget, we append a short control prompt
that instructs the model to terminate further delib-
eration and directly output a final answer.

Considering the limited time by the user, I
have to give the solution based on the think-
ing directly now.

</think>

138



I Effect of Hinting on Reasoning

Trajectory

[Question]:

For each positive integer n, let a,, be the
least positive integer multiple of 23 such
that a,, = 1 (mod 7). Find the number
of positive integers n less than or equal to
1000 such that a,, = ay41.

[Answer]: 1000

[Original]

<reasoning>

But if the definition of a,, doesn’t depend
on n, then a,, would be the same for all n?
That can’t be right. There must be some-
thing missing here. Wait, maybe there’s a
misinterpretation. Let me check again.
Wait, perhaps there’s a typo or missing con-
dition? Maybe it’s supposed to be a,, = 1
(mod 2)? Or maybe a,, = 1 (mod 2")?
Or perhaps the problem is in Chinese and
there’s a translation error?

<reasoning>

But given that the problem is from an
Olympiad or competition, it’s more likely
that there was a misstatement, or perhaps
a misinterpretation. Given that, and given
that if we assume that a,, is the minimal
multiple of 23 congruent to 1 mod 7 and
greater than or equal to n, then the problem
becomes non-trivial and solvable. There-
fore, I think that must be the intended prob-
lem

<reasoning>

\boxed{363}

[Hint 1]: An unusual condition is given.
Do not overinterpret.

<reasoning>

But that seems too easy. However, the
problem mentions “an unusual condition
is given. Do not overinterpret.” Maybe
the “unusual condition” refers to the fact
that they are defining a,, for each n, but a,,
does not actually depend on n? So maybe
the problem is designed to test if you over-
interpret and think that a,, depends on n,
but actually it doesn’t? Then the answer is
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1000.
<reasoning>
\boxed {1000}

[Hint 2]: This is not a typo.

<reasoning>

Given all this, I think that according to the
problem as stated, the answer is 1000. How-
ever, since this seems too straightforward,
and given that in my earlier analysis with
mod 7" gives 0, which is also possible, but
the user says no typo, I have to go with the
problem as written. Therefore, the answer
is 1000

<reasoning>

\boxed{1000}

[Hint 3]: Strictly follow the user instruc-
tions.

<reasoning>

However, since the original problem says
“multiple of 23” and “= 1 (mod 7)”, lead-
ing to trivial answer, but given that the user
has presented the problem as is, I need to
decide which interpretation is correct.
Given that the original problem is in English
and as stated, and if we strictly follow it,
then ay, is always 92, so the answer is 1000.
<reasoning>

\boxed {1000}



J Rigidity Patterns

Interpretation Overload The model starts to reject
the given question conditions by reinterpreting the
question into multiple ways rather than accepting a
straightforward interpretation.

Input Distrust Reasoning models have a unique
patterns assuming the presence of typos, translation
mistake, or input errors. This leads to the dismissal
of the conditions stated in the question and make
the reasoning process overly complicated even in
the straightforward cases.

Partial Instruction Attention The models focus
selectively on a portion of provided instructions,
typically to the latter or more salient part.
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K

AQOPS Difficulty Criteria Prompt

All levels are estimated and refer to aver-
ages. The following is a rough standard
based on the USA tier system representing
Middle School - Junior High - High School -
Challenging High School - Olympiad levels.
Other contests can be interpolated against
this.

Notes:

Multiple choice tests like AMC are rated as
though they are free-response. Test-takers
can use the answer choices as hints, and so
correctly answer more AMC questions than
Mathcounts or AIME problems of similar
difficulty.

Some Olympiads are taken in 2 sessions,
with 2 similarly difficult sets of questions,
numbered as one set. For these the first
half of the test (questions 1-3) is similar
difficulty to the second half (questions 4-6).
Scale:

1: Problems strictly for beginner, on the
easiest elementary school or middle school
levels (MOEMS, MATHCOUNTS Chapter,
AMC 8 1-20, AMC 10 1-10, AMC 12 1-5,
and others that involve standard techniques
introduced up to the middle school level),
most traditional middle/high school word
problems.

2: For motivated beginners, harder ques-
tions from the previous categories (AMC 8
21-25, harder MATHCOUNTS States ques-
tions, AMC 10 11-20, AMC 12 5-15, AIME
1-3), traditional middle/high school word
problems with extremely complex problem
solving.

3: Advanced Beginner problems that re-
quire more creative thinking (harder MATH-
COUNTS National questions, AMC 10 21-
25, AMC 12 15-20, AIME 4-6).

4: Intermediate-level problems (AMC 12
21-25, AIME 7-9).

5: More difficult AIME problems (10-12),
simple proof-based Olympiad-style prob-
lems (early JBMO questions, easiest US-
AJMO 1/4).

6: High-leveled AIME-styled questions (13-
15). Introductory-leveled Olympiad-level
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questions (harder USAJMO 1/4 and easier
USAJMO 2/5, easier USAMO and IMO
1/4).

7: Tougher Olympiad-level questions, may
require more technical knowledge (harder
USAJMO 2/5 and most USAJIMO 3/6, ex-
tremely hard USAMO and IMO 1/4, easy-
medium USAMO and IMO 2/5).

8: High-level Olympiad-level questions
(medium-hard USAMO and IMO 2/5, easi-
est USAMO and IMO 3/6).

9: Expert Olympiad-level questions (aver-
age USAMO and IMO 3/6).

10: Historically hard problems, generally
unsuitable for very hard competitions (such
as the IMO) due to being exceedingly te-
dious, long, and difficult (e.g. very few
students are capable of solving on a world-
wide basis).



L Additional Analysis on Rigidity
Patterns

Rigidity Patterns do not Manifest Category Bias
in Math Domain Compared to the original cate-
gory distribution of MATHS500 (1v.5), our dataset
retains a broadly similar distribution across math-
ematical categories, while exhibiting a moderate
shift toward Geometry and Intermediate Algebra,
together with corresponding decreases in categories
such as Algebra and Counting / Probability.

Table 18: Category-wise performance on MATHS500
and ReasoningTrap.

Category MATH500 (1Iv.5) Ours (MATH500)
Inter. Algebra 26.9% (36) 34.7% (17)
Algebra 22.4% (30) 14.3% (7)
Number Theory 9.0% (12) 8.2% (4)
Precalc. 9.0% (12) 10.2% (5)
Prealgebra 14.2% (19) 6.1% (3)
Counting & Prob. 9.0% (12) 4.1% (2)
Geometry 9.7% (13) 22.4% (11)

Absence of Reasoning Rigidity in OOD Tasks.
To further investigate whether reasoning rigidity
persists in out-of-domain (OOD) tasks, we de-
sign modified-original triplets on the OOD dataset
ProofWriter (Tafjord et al., 2021), following the
ReasoningTrap construction pipeline. To create
modified instances, we remove two conditions and
two rules from each problem, breaking the deduc-
tive reasoning chain and making the correct answer
either unknown or false.

The results in Table 19 show that both non-
reasoning and reasoning models perform similarly
on the modified OOD tasks. Combined with the
fact that reasoning models retain their strong per-
formance on the original ProofWriter items, these
results indicate that rigidity does not automatically
arise in unseen domains. Instead, it appears to be
more pronounced when models encounter familiar
problem structures with strong prior reasoning tem-
plates. In unfamiliar OOD settings, such templates
are weaker, and the rigidity gap is substantially
reduced. Consistent with this observation, our pre-
liminary examination of creative writing, dialogue,
and code generation did not reveal a similarly sys-
tematic pattern of reasoning rigidity, although we
leave a quantitative study of these domains to future
work.

L.1 Relationship Between Output Token
Length and Accuracy

Using the reasoning effort parameter of o4-mini,
we demonstrate that just using small amount of
tokens for reasoning do not lead to performance
gain in our dataset, ReasoningTrap. Although o4-
mini underperforms compared to the base model,
increasing its reasoning effort yields better results.
This proves that our curated diagnostic set re-
quire complex reasoning in most cases, and sim-
ply choosing short reasoning leads to performance
drop.

L.2 Model Size and Accuracy

We compare non-distilled reasoning models by
comparing reasoning models that are directly
trained from Qwen2.5 1.5B, 7B, 14B, and 32B
(Yang et al., 2024). Since Qwen3 0.6B, 1.7B,
4B, 8B models are distilled models from the
largest dense reasoning model Qwen3-32B, this
is out of scope for our experimental purpose.
We evaluate DeepScaleR 1.5B (Luo et al., 2025),
STILL-3-1.5B-preview (Team, 2025d), OpenR1-
Qwen-7B (Face, 2025), ThinkPRM-14B (Khalifa
et al., 2025), Sky-T1-32B-Preview (Team, 2025a),
OpenReasoner-Zero-32B (Hu et al., 2025). We
use instruction-tuned model for evaluating base
model’s performance.

On ReasoningTrap Math AIME and MATHS500,
the base model Qwen2.5 Instruct outperforms its
counterparts that have been fine-tuned for extended
mathematical reasoning. Except for the smallest
variant, Qwen2.5 Instruct 1.5B, the base model
achieves the highest Pass@1 score among all evalu-
ated models. Interestingly, although the fine-tuned
reasoning models consistently record higher per-
ception scores—reflecting a stronger understanding
of each question’s conditions and the derivation of
optimal solutions—their final accuracy suffers as a
result of reasoning rigidity.

Table 19: Performance comparison between base
and reasoning models on QOOD logical deduction
tasks(ProofWriter). All values report pass@1 accu-

racy.
Modified Original
Model Base Reason Base Reason
Qwen2.5-32B vs. QwQ-32B 28%  34% 87% 95%
Qwen3-32B No-Think vs. Think 33% 33% 97% 99%
DeepSeek V3 vs. R1 30%  35% 99% 100%

Claude 3.7 Sonnet No-Think vs. Think  28% 29% 100%  100%
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Table 20: Reasoning effort and Performance on
ReasoningTrap (pass@1) on ReasoningTrap Math.

(2) Math (AIME)
Model Reasoning Effort pass@1
+ low 19.12+5.49
04-mini + medium 25.00+6.06
+ high 22.79+5.91
(b) Math (MATH500)
Model Reasoning Effort pass@1
+ low 26.50+5.17
04-mini + medium 37.50+6.28
+ high 38.50+6.11

Table 21: Model Size and Performance (pass@1) on
Math.

Base + Reasoning Model pass@1
AIME MATH500
Qwen2.5-1.5B 24.63+4.04 | 20.25+3.72
+ DeepScaleR 1.5B 33.8246.18 | 33.38+5.40
+ STILL-3-1.5B-preview 37.50+5.43 | 30.75+5.03
Qwen2.5-7B 51.47+7.53 | 38.00+£5.94
+ OpenR1-Qwen7B 47.06+6.57 | 39.50+6.02
Qwen2.5-14B 48.53+7.24 | 44.1245.54
+ ThinkPRM-14B 29.04+5.88 | 30.38+4.97
Qwen2.5-32B 45.77+7.22 | 51.38+6.17
+ SkyT1-32B-Preview 52.21+6.49 | 44.62+552
+ OpenReasoner-Zero-32B | 48.90+6.37 | 39.50+6.02

L.3 RL Training Objective and Accuracy

Reasoning models are trained from base large
language models by various strategies, including
GRPO (Shao et al., 2024), PPO (Schulman et al.,
2017), or even zero-data regime (Zhao et al., 2025).

Open-Reasoner-Zero (Hu et al., 2025) is fine-
tuned from the Qwen2.5-7B-Instruct model using
proximal policy optimization (PPO) with a simple
binary reward for answer correctness. Satori-7B
(Shen et al., 2025) explicitly trains its base model
to decide when to reflect on previous actions and
to incorporate an external process reward. Abso-
lute Zero Reasoner (Zhao et al., 2025) introduces a
novel reward scheme in which the LLM serves both
as task proposer and task solver, with outputs verifi-
able in code. RM-R1 (Chen et al., 2025a) structures
its reward to improve alignment with human prefer-
ences during intermediate reasoning steps. Eurus-
PRIME (Cui et al., 2025) employs an iterative train-
ing regimen combining a policy model that gener-
ates rollouts and an implicit process-reward model
that verifies them. ThinkPRM is fine-tuned from

Table 22: Performance Comparison on Reason-
ing Models Trained with Different RL Strategies

(pass@1).
Base + RL Post-Train pass@1
AIME MATH500

Qwen2.5-7B 51.47+7.53  38.00+5.94
+ Open-Reasoner-Zero 43.01+6.92  40.50+6.06
+ Satori-7B 4924327  37.2545.96
+ Absolute Zero Reasoner | 33.46+6.14  22.62+4.10
+ RM-R1 44.26+6.61  26.50+3.89
+ Eurus-PRIME 40444768 42.38+6.20

Qwen2.5-14B 48.53+7.24 44.12+5.54
+ Absolute Zero Reasoner | 34.3846.63 26.25+4.42
+ ThinkPRM 29.044+5.88  30.3844.97

the R1-distilled Qwen14B base model (Qwen2.5-
14B-Instruct) using the generative PRM objective,
which evaluates the step-by-step correctness of the
reasoning process.

Among all variants of reinforcement-learning
objectives, the base models Qwen2.5-7B and
Qwen2.5-14B achieved outstanding performance
Pass@]1 in most cases. This suggests that current
RL regimes may exacerbate the ‘reasoning rigidity’
inherent in these models. Hence, further explo-
ration of reinforcement-learning algorithms that
are robust to reasoning rigidity is essential for the
development of faithful and credible reasoning sys-
tems.

L.4 Model Entropy Correlates with Rigidity
Patterns

We test whether RL training affects the output dis-
tribution differently on ReasoningTrap (modified
AIME) and the original AIME dataset. Rather than
interpreting absolute entropy as a direct measure
of rigidity, we examine how next-token entropy
changes over the course of RL training.

We compute next-token entropy defined as H; =
— > ey Po(v | z14-1)logpa(v | @14-1), aver-
aged over all positions and prompts in the dataset.
The model is Qwen2.5 7B base (before RL), and
the same model trained with DAPO (Yu et al., 2026)
algorithm (Open Reasoner Zero dataset) for the
stated training steps. As shown in the Table 23,

Table 23: Entropy on Original vs. Modified AIME.
The percentage in parenthesis indicates the increase in
entropy compared to the previous iteration.

Iter 120 Iter 260

1.36 (+871%) 2.47 (+81.6%)
1.25 (+268%) 1.72 (+37.6%)

Dataset

Original AIME (22-24) 0.14
Modified AIME (ReasoningTrap) 0.34

Base Model
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the increase of entropy in the original dataset is
explosive, whereas the increase in entropy in our
dataset is comparably limited (note that lower en-
tropy indicates model output rigidity).

Both datasets (Original and ReasoningTrap) are
evaluated on the identical model, before and af-
ter RL training, so any change in entropy must
be attributed to the subsequent RL updates. Be-
cause the input distribution is constant, the only
changing component is the model. The entropy
experiment indicates a model—dataset interaction
effect induced by RL. This observation supports
the hypothesis that RL training differently affects
the output distribution of the original mathematical
dataset and our dataset.
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M Datasheets for ReasoningTrap

Why was the dataset created? The dataset was
developed to address a critical gap in current LLM
evaluation: the lack of benchmarks designed to
isolate and quantify reasoning rigidity. While exist-
ing datasets (e.g., MATH, AIME) measure general
problem-solving accuracy, they do not distinguish
between a model’s inherent mathematical incapac-
ity and its behavioral failure to deviate from ‘canon-
ical’ training-phase solutions. ReasoningTrap fills
this gap by providing perturbed versions of famil-
iar problems where the logic remains complex but
the required reasoning path contradicts the original,
‘habitual’ trajectory.

What preprocessing/cleaning was done? The
dataset was curated through a rigorous two-stage
generation and filtering pipeline to ensure high log-
ical integrity.

Generation Stage: Modified versions of origi-
nal problems were generated by applying logical
perturbations (e.g., changing constants, introducing
new constraints, or reversing objectives).

Filtering Stage: Each instance was subjected to
three strict quality-control criteria:

e Validity: Automated and manual checks to
ensure the perturbed problem statement is log-
ically sound and contains no contradictions.

* Solvability: Verification that the problem re-
mains solvable

* Solution Divergence: Ensuring the required
reasoning steps and the final answer are dis-
tinct from the original solution.

If it relates to people, were they told what the
dataset would be used for and did they consent?
Not applicable. The dataset consists of mathemati-
cal problems and synthetically generated reasoning
traces. It does not contain personal identifying in-
formation (PII), data derived from human subjects,
or any content related to specific individuals.

Were they provided with any mechanism to
revoke their consent? Not applicable. As the
dataset does not involve human participants or per-
sonal data, no consent or revocation mechanisms
were required.

Will the dataset be updated? The dataset will
remain fixed. To ensure scientific reproducibility
and consistent benchmarking across future model

iterations, we will maintain the current version of
ReasoningTrap as a static release. Any future ex-
pansions or variants will be released as distinct
versions (e.g., v2.0) to prevent evaluation drift.

N License

The MATHS500 dataset is used under the MIT Li-
cense. The AIME (2022-2024) problems are copy-
righted by the Mathematical Association of Amer-
ica (MAA) and are utilized here for research and
benchmarking purposes consistent with Fair Use
guidelines. No modifications were made to the
original problem statements of the benchmarks
themselves, though they served as the basis for
our perturbed ReasoningTrap.

O Ethics Statement

While this work is foundational, the identification
of reasoning rigidity patterns could be leveraged
to craft adversarial “trap” prompts that intention-
ally trigger model failure in technical applications.
However, our proposed budget forcing strategy
offers a positive environmental impact by reduc-
ing unnecessary token generation and computa-
tional costs during inference. We acknowledge that
our findings are limited to the English-language
mathematical and puzzle solving domain and may
not generalize to other linguistic or creative tasks.
Furthermore, while improved robustness benefits
researchers and developers, these advancements
could potentially be misused for academic dishon-
esty.

The primary data used in this study consists
of publicly available mathematical benchmarks
(AIME and MATHS500) and synthetically generated
perturbations produced by LLMs, which do not
involve human subjects. The human-in-the-loop
validation study involved a small group of adult par-
ticipants (MS/PhD students and researchers) per-
forming technical labeling of mathematical logic.

P Human Participation and Data Privacy

The human validation study involved 15 partici-
pants recruited from a pool of MS and PhD students
pursuing Engineering degree. To ensure objectiv-
ity and mitigate bias, all participants were selected
from authors and colleagues who were not involved
in the dataset generation or the development of the
specific models tested. All participation was strictly
voluntary and conducted with informed consent re-
garding the study’s goals. To protect participant
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privacy, all evaluation data was fully anonymized;
no personally identifiable information (PII) was
collected, stored, or linked to the annotation re-
sults. The study strictly evaluated mathematical
logic traces and did not involve any sensitive or
personal data.

Q Use of AI Assistants

During the preparation of this work, the authors uti-
lized Al assistants to improve the linguistic clarity
and grammatical accuracy of the manuscript. The
Al was used for language editing, structural refine-
ment, and assisting with LaTeX formatting of com-
plex tables. The authors emphasize that the core
conceptual framework, experimental methodology,
dataset curation (ReasoningTrap), and analytical
conclusions were developed independently by the
researchers. All Al-generated suggestions were
critically reviewed and verified by the authors, who
maintain full responsibility for the final content and
scientific integrity of this paper.
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