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Abstract

Reasoning Vision-Language Models (VLMs)
achieve strong performance on complex mul-
timodal tasks, but reliable real-world applica-
tion requires handling visual inputs that are
messier than clean, curated benchmarks. Ex-
isting works mainly evaluate such reliability
of VLMs through input corruptions, such as
noise, blur and weather effects, which make vi-
sual evidence harder to perceive. This leaves a
critical reliability failure mode underexplored:
a model may perceive the evidence correctly,
yet reason from plausible but irrelevant and
distracting evidence and propagate this mis-
take to its final answer. To address this gap,
we introduce Distract-Bench, a benchmark for
evaluating VLM robustness to semantic visual
distractions, defined as meaningful but task-
irrelevant visual cues added to inputs while pre-
serving the ground-truth answer. We compre-
hensively evaluate eight leading open-source
and two closed-source VLMs across conven-
tional vision corruptions and Distract-Bench.
Our results show that Distract-Bench exposes
a robustness failure distinct from vision cor-
ruptions: reasoning VLMs largely track their
non-reasoning base models under perceptual
degradation, but show consistently lower ro-
bustness to semantic distractions. Further anal-
ysis shows that these distractions often enter the
reasoning process of VLMs, are treated as evi-
dence, and lead to incorrect answers. Together,
these findings reframe robustness evaluation
for reasoning VLMs, shifting the focus from
degraded perception to distractions for reliable
real-world visual reasoning. Our data and code
are available at https://github.com/Yizheng-
Sun/Distract-Bench.

1 Introduction

Large Vision-Language Models (VLMs) have
advanced rapidly, achieving strong performance
across a wide range of vision-language tasks (Liu
etal., 2023; Team, 2025¢; OpenAl, 2024). More re-

cently, inspired by reasoning-centric language mod-
els trained with reinforcement learning (Guo et al.,
2025), a growing line of work has equipped VLMs
with explicit long-form reasoning abilities (Yang
et al., 2025; Huang et al., 2025; Leng et al., 2025;
Meng et al., 2026). These reasoning-enhanced
VLMs have shown substantial gains on multimodal
mathematical reasoning (Lu et al., 2024; Wang
et al., 2024), scientific understanding, and general
visual question answering (Yue et al., 2024; Chen
et al., 2024). This progress suggests that stronger
reasoning is becoming a central path toward more
capable multimodal systems.

Despite the strong performance of reasoning
VLMs, reliable real-world application requires han-
dling visual inputs that are messier than clean, cu-
rated benchmarks (Taori et al., 2020; Qiu et al.,
2024). Existing visual robustness studies for VLMs
mainly evaluate their reliability through visual cor-
ruptions, such as noise, blur, weather effects, and
compression artifacts, as shown in Figure 1(A)
(Hendrycks and Dietterich, 2019; Chen et al., 2023;
Saxena et al., 2026). These visual corruptions do
not introduce new semantic content. They primar-
ily measure perceptual robustness: whether task-
relevant evidence remains accessible when the in-
put is degraded. They leave a reasoning-specific
failure mode underexplored: a model may clearly
perceive the relevant content, yet still attend to
plausible but irrelevant visual information, use it
as evidence during reasoning, and propagate this
mistake to its final answer.

This failure mode is especially important for
reasoning VLMs. Real multimodal inputs often
contain extra objects, irrelevant text, misleading
annotations, or contextual cues unrelated to the
question (Selvaraju et al., 2019; Li et al., 2023b;
Shi et al., 2023). Such distractors do not necessar-
ily hide the correct evidence; instead, they compete
with it during evidence selection. Once a model
attends to the wrong cue, long-form reasoning can
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A. Perceptual Robustness (Traditional)
Can the model still extract the correct evidence from corrupted inputs?

B. Distraction Robustness (Our proposal)
Can the model s reasoning chain ignore factually correct but query-
irrelevant, distracting information?
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Figure 1: From perceptual robustness to semantic-distraction robustness. Traditional robustness evaluation tests
whether VLMs can still perceive evidence from visually corrupted inputs, where failures mainly reflect degraded
perception. Distract-Bench targets a different failure mode: the image remains clear and the ground-truth answer
is unchanged, but a factually correct, query-irrelevant semantic distractor is injected. This setting tests whether
reasoning VLMs can select the right evidence and ignore plausible but irrelevant visual cues, or whether such
distractors enter the reasoning chain and lead to incorrect answers.

amplify the mistake, turning an initially irrelevant
detail into a seemingly coherent but incorrect rea-
soning path as illustrated in Figure 1(B) (Shi et al.,
2023; Turpin et al., 2023).

To study this failure mode, we introduce
Distract-Bench, a human-verified benchmark for
evaluating robustness under answer-preserving se-
mantic distraction. Distract-Bench adds plau-
sible but task-irrelevant semantic distractors to
multimodal samples while preserving the origi-
nal ground-truth answer. Because the relevant
evidence remains available and the answer does
not change, clean-to-distracted failures can be at-
tributed to breakdowns in evidence selection rather
than to changed task semantics, ordinary task diffi-
culty, or degraded perceptual access.

This controlled setting allows us to address the
central question of this paper: How robust are rea-
soning VLMs to answer-preserving semantic visual
distractions? We decompose this question into
three connected research questions. RQ1: Does
answer-preserving semantic distraction expose a
robustness failure mode distinct from conventional
vision corruption, or is it merely another form of
vision corruption? RQ2: Can reasoning VLMs
maintain reliable performance under semantic dis-
traction, given their strong reasoning capability?
RQ3: When models fail under semantic distrac-
tion, do the added distractors enter the reasoning
process and contribute to incorrect answers?

Our experiments answer these questions with
three main findings:

* Semantic distraction exposes a failure
mode distinct from vision corruption. Un-
der vision corruptions, reasoning VLMs
largely inherit their base models’ robustness
patterns, whereas Distract-Bench produces
sharply different degradation behaviors.

* Reasoning VLMs remain highly sensitive
to semantic distraction. Despite their strong
clean performance, reasoning VLMs show
clear performance degradation on Distract-
Bench, indicating that strong reasoning ca-
pability does not eliminate sensitivity to task-
irrelevant semantic cues.

* Distractors often enter the reasoning pro-
cess in failure cases. Output-level analysis
shows that VLLMs frequently refer to distract-
ing visual cues in wrong answers, often treat-
ing them as evidence and propagating them
toward incorrect conclusions.

Together, these findings show that Distract-
Bench captures a critical robustness problem be-
yond perception: whether VLMs can resist the
misleading but answer-preserving semantic distrac-
tions. This makes distraction-robustness testing
essential for developing reliable real-world VLMs,
especially as long-form reasoning can amplify the
impact of irrelevant evidence.
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2 Related Work

2.1 Reasoning Vision-Language Models

Vision-Language Models (VLMs) have evolved
from perception and instruction-following systems
toward models with explicit multimodal reasoning
capabilities. Early and widely used VLMs such as
BLIP (Li et al., 2023a), LLaVA (Liu et al., 2023),
Qwen3-VL (Team, 2025c) and GPT-40 (OpenAl,
2024) demonstrate strong visual understanding,
grounding, and open-ended interaction over image-
text inputs. More recently, inspired by the success
of reasoning-centric language models (Guo et al.,
2025; Team, 2025a,b), models such as Vision-R1
(Huang et al., 2025), R1-OneVision (Yang et al.,
2025), OpenVLThinker (Deng et al., 2025), MMR1
(Leng et al., 2025), and MM-Eureka (Meng et al.,
2026) explicitly enhance model reasoning capabil-
ity over their base models by introducing super-
vised reasoning traces, distillation, or reinforce-
ment learning to improve performance on complex
multimodal tasks. This progression marks a shift
from VLMSs that primarily perceive and describe
visual content to VLMs with enhanced reasoning
ability over multimodal evidence. However, exist-
ing studies largely focus on benchmark accuracy
gains, leaving it unclear whether such reasoning
mechanisms also make VLMs more robust under
distribution shifts or semantically distracting infor-
mation.

2.2 Robustness Evaluation for
Vision-Language Models

As VLMs are increasingly applied beyond curated
benchmarks, robustness evaluation has become an
important direction for understanding their relia-
bility under distribution shifts. Existing studies
largely follow the tradition of visual robustness and
VQA robustness, testing whether models remain
accurate under image corruptions (Hendrycks and
Dietterich, 2019; Schiappa et al., 2022) and adver-
sarial visual changes (Li et al., 2021). More re-
cent benchmarks extend this evaluation to modern
VLMs at larger scale: Chen et al. (2023) study the
robustness of adaptation methods for pre-trained
VLMs under both visual and textual corruptions.
Sun et al. (2025) investigate how input corrup-
tion affects model acceleration methods on VLMs.
VLM-RobustBench systematically evaluates cur-
rent VLM families under a broad suite of visual
distortions with varying severities but covers a lim-
ited set of benchmarks (Saxena et al., 2026). These

works provide valuable evidence that VLM perfor-
mance can be fragile under input-level shifts. How-
ever, they primarily stress the perception or surface-
form processing of multimodal inputs, rather than
the reliability of the reasoning process itself. In
contrast, our work studies how reasoning-enabled
VLMs behave under both conventional corruptions
and semantically meaningful distractors that di-
rectly challenge the model’s reasoning chain.

3 Distract-Bench Dataset Curation

This section describes the curation process of
Distract-Bench as visualized in Figure 2. Distract-
Bench is designed to evaluate whether VLMs can
maintain a correct answer when the input contains
factually correct, query-irrelevant, and distracting
information. Its construction follows a four-stage
pipeline: (i) raw sample collection, (ii) expert-
designed seed distractors, (iii) scalable synthetic
editing, and (iv) human quality verification.

Raw sample collection. We first collect raw
image-question samples from established VLM
benchmarks to reduce dataset-specific bias and
ensure that the original tasks are well formed.
Since distraction robustness primarily concerns
failures in the reasoning process, we focus on
reasoning-heavy benchmarks, including MathVi-
sion and MathVista, and further include samples
from the general-domain benchmark MMMU to
improve coverage and diversity (Wang et al., 2024;
Lu et al., 2024; Yue et al., 2024). In total, we col-
lect 800 raw samples, each consisting of an image
and its corresponding textual query.

Expert-designed seed distractors. To define the
target distraction carefully, human annotators first
construct a set of seed examples. For each selected
sample, annotators inspect both the image and the
question, then add a semantic distractor into the
image. The distractor is required to fulfil four cri-
teria: (1) contain obvious semantic information;
(2) be factually correct and visually plausible; (3)
be irrelevant to the query and therefore not affect
the correct answer; and (4) optionally lead to dead
ends or plausible wrong answers. Annotators also
provide a textual explanation describing what in-
formation is injected, why it is irrelevant to the
original answer, and how it may potentially mis-
lead the model’s reasoning. This process yields
100 expert-designed seed examples, which serve as
demonstrations for large-scale data generation.
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Figure 2: Distract-Bench dataset curation pipeline. We collect raw image-question samples from widely used
VLM benchmarks (Yue et al., 2024; Lu et al., 2024; Wang et al., 2024), construct expert-designed seed distractors,
scale the process with retrieval-guided synthetic editing, and finally conduct human expert verification to retain
high-quality samples whose distractors are factually correct, query-irrelevant, and answer-preserving.

Scalable distractor synthesis. Following prior
work on LLM-driven synthetic data generation
and instruction-guided image editing (Wang et al.,
2023; Long et al., 2024; Brooks et al., 2023), we
use the expert-designed examples as seed patterns
for scalable synthetic curation. For each seed, we
leverage GPT-5.5 (OpenAl, 2026b) to summarize
the original image, edited image, and distractor-
induced reasoning effect, forming a knowledge
base of human-verified edit patterns. For each re-
maining raw sample, GPT-5.5 describes the image,
retrieves three relevant seed examples as in-context
demonstrations, and generates a detailed edit in-
struction specifying the distractor content, location,
visual style, and layout constraints. The detailed
full prompt is shown in Appendix F.1. The origi-
nal image and edit instruction are then passed to
GPT-Image2 (OpenAl, 2026c¢) to synthesize the
edited image while preserving all original content
except the injected distractor. The edit instruction
and generated image examples are shown in Ap-
pendix F.2. In parallel, GPT-5.5 produces a concise
distractor description for later analysis of whether
VLM outputs explicitly reference the distractor.

Human quality verification. To ensure that
Distract-Bench isolates reasoning robustness rather
than artifacts from image editing, human experts
examine every generated sample. Each sample
is checked against the four criteria as introduced
above. Samples that violate any criterion are re-
moved. After this verification and cleaning process,
we obtain 506 high-quality samples that satisfy all
requirements. These samples constitute Distract-
Bench, a benchmark specifically designed to test
the robustness of VLM reasoning under semanti-
cally meaningful but query-irrelevant distractions.
Data consent and usage terms for Distract-Bench
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Figure 3: Category distribution of Distract-Bench sam-
ples. The benchmark contains 506 samples spanning
diverse visual domains, including charts, tables, plots,
mathematics, daily scenes, art/design/media, and medi-
cal images.

are discussed in Appendix A.1.

4 Experimental Design

Our experiments are designed to answer the central
question posed above: How robust are reasoning
VLMs to answer-preserving semantic visual distrac-
tions? We evaluate ten VLMs, including reasoning-
enhanced models and corresponding non-reasoning
reference models, under clean inputs, conventional
vision corruptions, and Distract-Bench semantic
distraction.

4.1 Setup

Tasks and Datasets. We evaluate models on
a diverse suite of eight benchmarks covering
complementary multimodal abilities. These in-
clude ChartQA (Masry et al., 2022), Hallusion-
Bench (Guan et al., 2024), InfoVQA (Mathew et al.,
2022), MMMU (Yue et al., 2024), MMStar (Chen
et al., 2024), TextVQA (Singh et al., 2019), Math-
Vision (Wang et al., 2024), and MathVista (Lu et al.,
2024). For analysis, we group MathVision and
MathVista as reasoning benchmarks, while the re-
maining six datasets are grouped as general bench-
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marks. Details about these datasets are discussed in
Appendix A. The input corruption methods applied
to these datasets are explained in Appendix B.

Models. We evaluate a broad set of VLMs,
including open-source reasoning models, their
non-reasoning base models, and closed-source
frontier models. For controlled paired compar-
isons, we select models whose reasoning and
non-reasoning variants share the same under-
lying architecture. Specifically, for Qwen2.5-
VL (Bai et al.,, 2025), we use Qwen2.5-VL-
7B (Bai et al., 2025) as the non-reasoning refer-
ence model and compare it with five reasoning-
style variants built upon the same Qwen2.5-VL
backbone: R1-OneVision (Yang et al., 2025),
Vision-R1 (Huang et al., 2025), MMR1 (Leng
et al., 2025), MM-Eureka (Meng et al., 2026), and
OpenVL-Thinker (Deng et al., 2025). We further
include Qwen3-VL-8B and its thinking counter-
part, Qwen3-VL-8B-Thinking (Team, 2025c), as
an additional paired comparison. Because mod-
els within each pair share the same architecture,
these comparisons reduce architectural confounds
and allow us to directly compare robustness be-
tween reasoning-style models and their correspond-
ing non-reasoning references. To broaden the eval-
uation beyond these paired open-source models, we
also evaluate GPT-40 and GPT-5 (OpenAl, 2024,
2026a) on Distract-Bench as closed-source refer-
ence points, providing additional validation that
the benchmark reveals semantic-distraction effects
beyond the controlled paired setting. The hyper-
parameter settings we use are listed in Appendix C.

Metrics. We report standard accuracy on clean,
corrupted, and distracted inputs, and use Relative
Robustness (RR) (Chen et al., 2023) to measure
the fraction of clean performance preserved after
perturbation, i.e., RR = Pp/P;, where P; and
Po denote clean and perturbed performance. For
sample-level analysis, we further report retention,
defined as whether a model remains correct af-
ter corruption on samples it answered correctly
in the clean setting. We also measure error over-
lap, measured by the Jaccard similarity between
perturbation-induced error sets of a base-reasoning
model pair. For Distract-Bench output analysis, we
introduce two distractor-oriented metrics: Distrac-
tion Reference Rate (DRR), which measures how
often the injected distractor appears in the model
output, and Harmful Reference Rate (HFR), which
measures how often such distractor reference is

Reasoning General

Clean Visual Relative Clean Visual Relative

Acc. Corrupted Robust. Acc. Corrupted Robust.
Model Type (%) Acc. (%) ()T (%) Acc. (%) (%)7T
Qwen2.5-VL family
Qwen2.5 Base 46.6 40.2 89.9 73.0 60.7 84.5
R1-One Reas. 46.8 40.0 86.6 70.3 56.3 81.6
Eureka  Reas. 50.4 452 91.6 724 60.4 84.9
MMR1  Reas. 489 424 89.4 70.2 57.4 83.1
Vision-R1 Reas. 59.5 51.8 87.5 737 60.8 84.0
OpenVLT Reas. 47.6 41.2 88.1 74.1 61.8 84.8
Qwen3-VL family
Qwen3-1 Base 70.4 64.7 924 749 63.9 86.3
Qwen3-T Reas. 71.4 65.2 92.0 79.9 66.1 83.4

Table 1: Robustness evaluation results under conven-
tional visual corruption across reasoning and general
benchmarks. Clean accuracy, corrupted accuracy, and
relative robustness (RR) are reported for base and rea-
soning VLMs. Models within the same family show
similar robustness levels.

Pair N Agreement Retention gap Error overlap

(%) @ 90% CI (Jaccard)
Q2.5—+R1-One 10.1k 864 +5.8[+5.2,46.4] .566
Q2.5—Eureka 11.4k 96.9 —0.1[—0.4,4-0.1] .870
Q2.5—+MMRI1 10.7k 91.3 +2.7[+2.2,43.2] .681
Q2.5—V-R1 10.8k 90.9 +0.8[+0.3,41.3] .663
Q2.5—0VT 11.1k 921 —0.6[—1.1,—-0.2] .695
Q3-1—Q3-T 11.2k 89.2 +2.7[+42.2,43.2] 578
Mean - 91.1 +1.9 .675

Table 2: Matched-sample robustness similarity between
reasoning VLMs and their base models under vision cor-
ruption. N counts the correct samples under clean con-
dition shared by each base-reasoning pair. We report
sample-wise agreement, base-minus-reasoning reten-
tion ratio gap with 90% confidence interval (CI), and
Jaccard overlap of corruption-induced errors; positive
gaps indicate higher base-model retention. Most pairs
show highly aligned sample-wise patterns.

associated with an incorrect answer. We also re-
port distractor-reference ratios among correct and
wrong outputs to distinguish incidental mentions
from failure-related distractor uptake. Detailed def-
initions of all metrics are provided in Appendix D.

5 Result Analysis

This section presents the empirical answers to the
three research questions. Section 5.1 shows that
semantic distraction produces a robustness pattern
distinct from conventional vision corruption: rea-
soning VLMs largely follow their corresponding
base models under vision corruptions, but exhibit
different degradation behavior on Distract-Bench.
Section 5.2 examines whether reasoning VLMs
maintain reliable performance under semantic dis-
traction, showing that despite strong clean perfor-
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Figure 4: Per-benchmark relative robustness (RR) un-
der vision corruption. Reasoning models closely track
their base models across benchmarks, indicating highly
inherited perceptual robustness within each family.

mance, they remain sensitive to task-irrelevant se-
mantic cues. Section 5.3 further analyzes model
outputs, showing that distractors often appear in
failure cases, are treated as evidence, and are prop-
agated toward incorrect answers.

5.1 Semantic Distraction Exposes a Failure
Mode Distinct from Vision Corruption

Vision corruption robustness is largely inher-
ited from the base model. We first examine
conventional visual corruption as the perceptual-
robustness baseline. As shown in Table 1, rea-
soning models remain close to their base models
under visual corruption. Figure 4 further shows
highly similar per-benchmark robustness finger-
prints within each family, with mean Pearson cor-
relations of 0.978 for Qwen2.5-VL and 0.996 for
Qwen3-VL. The full detailed results for each model
on each benchmark are shown in Appendix E. Ta-
ble 2 confirms this similarity at the sample level:
base-reasoning pairs agree on retain/loss outcomes
for 91.1% of clean-correct samples on average,
with substantial corruption-error overlap (mean Jac-
card 0.675) and only a small average retention gap
of +1.9 pp. Together, these results indicate that con-

Clean Semantically ~Drop  Relative
Acc. Distracted Acc.  Robust.
Model Type N (%) Acc. (%) (pp) 4 (%) 1
Qwen2.5-VL family
Qwen2.5 Base 506 80.0 73.7 6.3 92.1
R1-One Reas. 506 719 61.3 10.7 85.2
Eureka Reas. 506 81.6 71.9 9.7 88.1
MMRI1 Reas. 506 83.4 75.3 8.1 90.3
Vision-R1 Reas. 506  77.1 66.0 11.1 85.6
OpenVLT Reas. 506 82.2 69.4 12.8 84.4
Qwen3-VL family
Qwen3-VL-I. Base 506 84.8 83.6 1.2 98.6
Qwen3-VL-T. Reas. 506 85.0 81.0 4.0 95.3
Closed-source Models
GPT-40 Closed-s. 506  76.7 69.2 7.5 90.2
GPT-5 Closed-s. 506 81.6 78.1 3.6 95.6

Table 3: Distract-Bench robustness evaluation results
under answer-preserving semantic visual distractions.
We report clean and distracted accuracy, accuracy drop
in percentage points, and relative robustness (RR). Rea-
soning models are consistently more sensitive to distrac-
tions than their base models.

ventional image-corruption robustness is largely
inherited from the base model.

Distract-Bench breaks the inherited robustness
pattern. If semantic distraction were simply an-
other form of vision corruption, we would expect
reasoning-tuned models to remain similarly aligned
with their base models. Table 3 shows a differ-
ent pattern. On Distract-Bench, the Qwen2.5-VL
base model retains 92.1% relative robustness, while
its reasoning-tuned variants drop to 84.4%-90.3%.
The same trend appears in the Qwen3-VL family:
Qwen3-I is nearly unaffected by distraction, with
98.6% relative robustness, whereas Qwen3-T drops
t0 95.3%. Thus, unlike vision corruption, semantic
distraction creates clearer base—reasoning robust-
ness differences.

To rule out differences in sample composition,
we further compare vision corruption and Distract-
Bench distraction on the same 506 original sam-
ples in Table 4. Under vision corruption, the mean
relative-robustness gap between base and reasoning
models is only —1.3 pp, and the signed retention
gap is nearly zero at —0.3 pp. Under Distract-
Bench distraction, these gaps increase to 5.0 pp
and +5.9 pp, respectively, showing a stronger and
more consistent base-model advantage. These re-
sults answer RQ1: Distract-Bench exposes a dis-
tinct distraction-robustness axis where visible but
distracting semantic cues change both robustness
gaps and failure patterns.
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Figure 5: Distract-Bench relative robustness for base
and reasoning-tuned models. Dashed lines mark the
corresponding base-model robustness within each fam-
ily; reasoning models consistently fall below their base
models under semantic distraction.

5.2 Reasoning VLMs Remain Sensitive to
Semantic Distraction

Table 3 reports Distract-Bench results on the eval-
uated open-source VLMs, together with GPT-40
and GPT-5 as closed-source reference points. Al-
though reasoning VLMs generally achieve strong
clean performance, they still show clear degra-
dation when answer-preserving semantic distrac-
tors are added. As illustrated in Figure 5, in the
Qwen2.5-VL family, the non-reasoning reference
model retains 92.1% relative robustness, while the
reasoning VLMs retain 84.4%-90.3%. Their abso-
lute accuracy drops are also larger, increasing from
6.3 pp for the reference model to 8.1-12.8 pp for
reasoning VLMs. A similar pattern appears in the
Qwen3-VL family.

The sample-matched results in Table 4 provide
additional context for this sensitivity. On the same
506 Distract-Bench source samples, the mean base-
minus-reasoning relative-robustness gap is +5.0 pp,
and the mean retention gap is +5.9 pp. These posi-
tive gaps indicate that, in the evaluated paired com-
parisons, reasoning VLMs less often preserve cor-
rect clean predictions after semantic distraction. To-
gether, these results answer RQ2: reasoning VLMs
are sensitive to answer-preserving semantic distrac-
tions despite their strong reasoning capability. This
suggests that reliable reasoning under clean inputs
is not sufficient to ensure robust evidence selection
when plausible but task-irrelevant visual cues are
present.

Vision Corruption Distract-Bench

RR A8t Rer Em  RR AL Rer  Em

Pair gap (%) gap Jac. gap (%) gap  Jac.
QOwen2.5-VL —

R1-One -1 793 439 0289 469 774 +142 0.247
Eureka -1.9 907 -19 0562 +4.0 820 +2.8 0247
MMRI1 -02 804 +2.6 0330 +1.8 824 +3.1 0.267
V-R1 -3.7 833 -30 0322 +65 816 +7.1 0279
OVT 29 838 -19 0344 477 80.1 +4.8 0.228

Qwen3-VL-Instruct —
Qwen3-VL-T. +2.0 893 -1.2 0430 +3.3 90.1 +3.3 0.204

Mean -1.3 845 -03 0380 +5.0 823 459 0.246

Table 4: Controlled 506-sample comparison of base
and reasoning model pairs under Visual Corruption and
semantic distractions. RR gap measures the base-minus-
reasoning robustness-rate difference, Agr. is matched-
sample agreement, Ret. gap is the correctness-retention
difference, and Err. Jac. is the Jaccard overlap of in-
duced errors. Distract-Bench demonstrates sharply dis-
tinct sample-wise patterns compared with vision corrup-
tion.

5.3 Distractors Often Derail the Reasoning
Process Itself

Reasoning models reference distractors more
often. To determine whether Distract-Bench fail-
ures are caused by the injected semantic distractors,
we analyze model outputs for explicit distractor
reference. For a fair comparison, we use the same
open-ended prompting for all models, without in-
structing either base or reasoning models to pro-
duce short or direct answers. Table 5 shows that
reasoning-enhanced models generally refer to dis-
tractors more often than their corresponding base
models. In the Qwen2.5-VL family, the base model
has a DRR of 19.0%, while most reasoning vari-
ants are higher. More importantly, as shown in Fig-
ure 6B, harmful reference ratios are consistently
higher for reasoning models than for their base
models. This suggests that failures under seman-
tic distraction are not merely unexplained answer
flips. Instead, irrelevant visual cues are often in-
corporated into the model’s reasoning process and
treated as supporting evidence.

Distractor reference is concentrated in wrong
answers. Across all models, wrong outputs ref-
erence the distractor much more often than correct
outputs, as visualized in Figure 6A. The same trend
also appears for GPT-40 and GPT-5, whose wrong-
output reference ratios are substantially higher than
their correct-output reference ratios. This pattern
indicates that distractor reference is not merely in-
cidental: when models fail, they are substantially
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Distractor Reference by Outcome
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Figure 6: VLM distractor-reference behavior on Distract-Bench. (A) Distractor-reference ratios among correctly
and incorrectly answered samples, grouped by model family. (B) Harmful Reference Rate (HFR), measuring
distractor mentions in incorrect answers, for reasoning-tuned models relative to the corresponding base model

within each family.

DRR HFR Correct outputs  Wrong outputs
Model Type (%) (%) | ref. ratio (%) ref. ratio (%)
Qwen2.5-VL family
Qwen2.5 Base 19.0 8.9 13.7 33.8
R1-One Reas. 25.1 15.2 16.1 39.3
Eureka Reas. 21.9 9.9 16.8 352
MMRI1 Reas. 314 10.9 273 44.0
Vision-R1  Reas. 19.0 11.1 12.0 32.6
OpenVLT  Reas. 26.5 11.3 219 36.8
Qwen3-VL family
Qwen3-1 Base 37.5 8.3 35.0 50.6
Qwen3-T  Reas. 389 12.8 322 67.7
Closed-source Models
GPT-40 Closed-s.  22.5 13.1 135 43.8
GPT-5 Closed-s. 18.4 11.3 9.1 53.4

Table 5: Distractor-reference analysis on Distract-
Bench. DRR measures how often outputs mention the
injected distractor, while HFR counts harmful mentions
that occur in incorrect Distract-Bench answers. Correct-
output and wrong-output reference ratios measure how
often the distractor is mentioned among correctly and
incorrectly answered samples, respectively.

more likely to have brought the irrelevant cue into
the reasoning process. Figure 6B complements this
observation by showing that reasoning-tuned mod-
els not only mention distractors more often, but also
more often mention them in harmful failure cases
relative to their base models. Figure 7 provides a
qualitative illustration, showing that an injected cue
can be ignored or mentioned harmlessly, but in fail-
ure cases it is treated as evidence and propagated
to the wrong answer. More qualitative examples
are included in Appendix G.

These output-level results answer RQ3: seman-
tic distractors do not simply cause unexplained an-
swer flips. They often enter the model’s reasoning,

are treated as relevant evidence, and are carried for-
ward to incorrect conclusions. This explains why
Distract-Bench is especially revealing for reason-
ing VLMs: Reasoning can amplify an irrelevant
distraction once it is selected as part of the evidence
chain.

6 Conclusion

This work identifies semantic visual distraction
as a critical robustness challenge for reasoning-
enhanced VLMs and introduces Distract-Bench.
Unlike conventional visual corruptions, which
mainly test whether models can perceive degraded
evidence, Distract-Bench tests whether models can
ignore clear but query-irrelevant semantic distrac-
tions. Our results show that stronger reasoning does
not necessarily bring stronger reliability: reasoning
VLMs largely follow their base models under per-
ceptual degradation, but often show lower robust-
ness under semantic distraction. Further analysis
shows that distractors can enter the reasoning pro-
cess, be treated as evidence, and lead to incorrect
answers. These findings motivate a broader view of
VLM robustness: reliable visual reasoning should
be evaluated not only under degraded perception,
but also under misleading semantic distractions.

7 Limitations

Our study has two main limitations. First, Distract-
Bench uses human-verified semantic distractors
injected through controlled image edits under labo-
ratory conditions; while this enables clean evalua-
tion and helps isolate answer-preserving distraction
from perception degradation, it may not cover all
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Original Image Edited Image

In the figure above, ABCDEF is a regular
hexagon, and its center is point O. What is
. the value of x?

Vision R1
Okay, let's see. The problem is about a regular hexagon
ABCDEF with center O...For example, the angle between
DC and DO is 30 degrees. But how does that relate to the
central angle? ... So the answer is 60. /'

R1-OneVision
Okay, so I'm trying to solve this geometry problem about a
regular hexagon... We're told that angle ODC is 30
degrees...Angle x, being the angle between BO and CD,
equals angle ODC, which is 30 degrees X

Qwen2.5-VL (Base)
To find the value of x , we need to understand the
properties of a regular hexagon. Interior Angles of a
Regular Hexagon: The sum of the interior angles of any
polygon with n sides is given by (n-2) times 180...Using the
interior angle of 120°, x = 180- 120= 60. Therefore, the
value of x is 60. V

Figure 7: Qualitative example of distraction-induced
reasoning failure. The injected irrelevant cue may be
ignored or mentioned harmlessly, but in failure cases
it is treated as evidence and propagated to an incorrect
answer.

types of real-world distractions, which are highly
varied. Collecting and curating distractions from
naturally occurring real-world samples is therefore
a promising direction for future work. Second, our
work is primarily diagnostic: we reveal robustness
risks introduced by reasoning enhancement and
show that distractors can enter the reasoning pro-
cess, but we do not propose a mitigation method.
Developing VLMs that are both reasoning-capable
and robust remains an important future direction,
potentially through improved evidence selection,
distraction-aware training, or inference-time verifi-
cation.
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A Benchmark and Task Details

Benchmark Split Number of Samples
ChartQA Test 2,500
HallusionBench ~ With Image 951
InfoVQA Validation 2,801
MMMU Validation 900
MMStar Validation 1,500
TextVQA Validation 5,000
MathVision Test-Mini 304
MathVista Test-Mini 1,000

Total - 14,956

Table 6: Summary of benchmark datasets, evaluation
splits, and sample sizes used in our robustness evalua-
tion.

We conduct evaluation on eight established mul-
timodal benchmarks, as summarized in Table 6.
The selected datasets span a broad range of VLM
capabilities, including chart and document under-
standing (ChartQA (Masry et al., 2022), InfoVQA
(Mathew et al., 2022), TextVQA (Singh et al.,
2019)), hallucination and visual consistency eval-
uation (HallusionBench (Guan et al., 2024)), gen-
eral multimodal reasoning (MMMU (Yue et al.,
2024), MMStar (Chen et al., 2024)), and multi-
modal mathematical reasoning (MathVision (Wang
et al., 2024), MathVista (Lu et al., 2024)). We use
the standard validation or test splits when available,
and adopt the commonly used mini-test splits for
MathVision and MathVista. Overall, the evaluation
contains 14,956 samples, enabling a comprehen-
sive assessment across both perception-centric and
reasoning-intensive tasks.

A.1 Data Consent

Distract-Bench is constructed from existing open-
source academic benchmarks, including MMMU,
MathVision, and MathVista, and is intended solely
for academic research. We use these source

datasets only to study and evaluate the robustness
of VLM reasoning under controlled semantic dis-
tractions. The constructed samples are released
for non-commercial academic use, with the goal
of supporting reproducible evaluation and future
research on reliable multimodal reasoning. All
released data will follow the usage terms of the
original datasets, and Distract-Bench should not be
used for commercial deployment, user profiling, or
any application beyond research and evaluation.

B Input Corruption Methods

To evaluate perceptual robustness, we apply a suite
of 20 visual corruption methods inspired by meth-
ods from the work by Chen et al. (2023). These
corruptions are designed to simulate natural distri-
bution shifts while preserving the underlying task
semantics, allowing us to test whether VLMs can
maintain stable predictions when the input signal
is degraded. The corruption suite is summarized
in Table 7. We adopt a broad set of ImageNet-C-
style perturbations covering noise, blur, weather
and environmental effects, color and appearance
changes, compression artifacts, geometric distor-
tion, and complete image removal (Chen et al.,
2023; Hendrycks and Dietterich, 2019). Most im-
age corruptions are applied with severity levels
from 1 to 5, where higher severity corresponds
to stronger degradation. These perturbations pri-
marily stress the visual perception stage of VLM
inference.

Category Vision Perturbation Method

Blank Image
Gaussian Noise
Shot Noise
Impulse Noise
Speckle Noise

Noise

Gaussian Blur
Glass Blur
Blur Defocus Blur
Motion Blur
Zoom Blur

Fog
Frost
Snow
Spatter

Weather / Env.

Contrast
Brightness

Saturate

JPEG Compression
Pixelate

Elastic Transform

Appearance

Table 7: Summary of the 20 vision corruption methods
used for perceptual robustness evaluation.
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C Hyper-parameter Settings

For all evaluations, we use deterministic decod-
ing to ensure reproducibility and fair comparison
across models. Unless otherwise specified, we set
the maximum number of output tokens to 4096 for
each benchmark. For reasoning-intensive mathe-
matical benchmarks, namely MathVision (Wang
et al., 2024) and MathVista (Lu et al., 2024), we
increase the maximum number of output tokens to
16384, allowing models sufficient space to generate
long-form reasoning chains before producing the
final answer.

For Distract-Bench and the output-level
distractor-reference analysis, we use the same
open-ended prompt for all models and do not
add any instruction that asks models to produce
short or direct answers. This allows both base
and reasoning models to generate intermediate
reasoning when needed before giving the final
answer.

For MathVista, we follow common evaluation
practice and report results under three prompt set-
tings: cot, format, and solution (Luetal., 2024).
The cot prompt uses a step-by-step style, present-
ing the original question and choices while encour-
aging the model to reason before placing the final
answer at the end. The format prompt is the most
constrained setting, asking the model to output only
the required answer format, such as an option let-
ter, integer, float, or Python list, which facilitates
answer extraction but discourages verbose reason-
ing. The solution prompt appends Solution:
before generation, explicitly nudging the model to
produce a worked solution followed by the final
answer. Thus, cot is reasoning-friendly, format
is answer-only and format-focused, and solution
frames the response as a solution write-up.

D Metrics Details

We define the following indicators for each sam-
ple i: ¢; = 1 if the model prediction is correct
and O otherwise; r; = 1 if the model output ex-
plicitly refers to the injected distractor and 0 other-
wise. When needed, superscripts I and O denote
the clean input and perturbed input, respectively.

Accuracy. Accuracy (Acc.) measures standard
task performance under a given input condition:

N

Acc = %ch

i=1

We report accuracy on clean inputs, visually cor-
rupted inputs, and Distract-Bench distracted inputs.

Relative Robustness. Relative Robustness
(RR) (Chen et al., 2023) measures the fraction of
clean performance preserved after perturbation:

Po
RR = —,
Py

where P is clean accuracy and Py is accuracy un-
der the perturbed condition. A higher RR indicates
stronger robustness, with RR, = 1 meaning that the
model fully preserves its clean performance.

Retention. Retention is used in matched sample-
level analysis. It measures how often a model re-
mains correct after perturbation among samples it
answered correctly on the clean input:

Retention =

|Cl|ZC’O’ C={i:cl =1}
1eC

For base-reasoning comparisons, the retention
gap is reported as base retention minus reasoning-
model retention; positive values indicate higher
base-model retention.

Error Overlap. Error overlap measures whether
a base model and its reasoning-tuned counterpart
fail on the same samples after perturbation. Let &,
and &, denote the perturbation-induced error sets
of the base and reasoning models:

ENE

Jaccard = M.

|E U &l

A higher value indicates more shared failure cases,
while a lower value indicates more divergent
perturbation-induced failures.

Distraction Reference Rate. Distraction Refer-
ence Rate (DRR) is our proposed metric for mea-
suring how often the model explicitly refers to the
injected semantic distractor:

N

1
DRR = N;”'

DRR captures how frequently irrelevant semantic
evidence enters the model’s reasoning or final re-
sponse.
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Clean Results (Acc@1 %)
Model Category Hallusion L MathVista
ChartQA Bench InfoVQA MMMU MMStar TextVQA MathVision ot format solution
Qwen2.5-VL Family
Qwen2.5-VL-7B Non- 81.76 68.35 81.51 5267 612 92.28 25.33 693 707 678
_______ Base) | Thinking | .
R1-Onevision 827 66.56 789 51327 7582 85 27.63 629" 649 6
MM-Eureka 81.84 64.98 8172 5211 61.2 92.34 29.61 72 719 712
MMRI1 Thinking 76.88 69.3 79.4 4567  58.87 91 28.29 688  60.6  69.6
Vision-R1 84.72 66.67 8254 5411 63.6 90.28 46.38 735 724 726
OpenVLThinker 84.48 68.98 8529 5289 594 93.46 26.97 69.6 682 682
Owen3-VL Family
Qwen3-VL-8B Non- 79.92 73.4 83.04 5656 6413 9228 63.49 77 69.8 774
_______ (Base) _____| Thinking | 777 T T .
Qwen3-VL-8B- | 1y king 86.6 73.08 8736 7067 7347 88.5 62.83 802 803 799
Thinking

Table 8: Clean accuracy results across all evaluated models and benchmarks. Results are reported as Acc@1 (%).

Image Corrupted Results (Acc@1 %)
Model Category Hallusion - MathVista
ChartQA Bench InfoVQA MMMU MMStar TextVQA MathVision ot format _ solution
Owen2.5-VL Family
Qwen2.5-VL-78 Non- 53.96 64.67 68.05  50.11 5433 73 24.67 59 615 557
_______ Base) | Thinking | = T
R1-Onevision 50.16 6057 6466 4856 49.07 549 2467 535 546 554
MM-Eureka 54.16 62.15 6773 5022 544 73.52 31.25 606 615 592
MMR]1 Thinking 49.8 65.3 64.55 43 50.47 713 273 56 481 574
Vision-R1 55.12 63.93 6787 5167 548 713 4145 624 618 621
OpenVLThinker 56.8 66.35 7133 5033 5147 74.8 24.67 59.4 59 57.8
Owen3-VL Family
Qwen3-VL-88 Non- 54 69.51 7026 5544 5787  76.12 61.84 676 612 675
_______ Base) ___ _| Thinking | = T T
Qwen3-VL-8B- |y ining 54.28 68.24 71.69 67 6427  70.96 61.18 678 697 692
Thinking

Table 9: Accuracy results under visual corruptions across all evaluated models and benchmarks. Results are

reported as Acc@1 (%).

Harmful Reference Rate. Harmful Reference
Rate (HFR) is our proposed metric for measuring
how often distractor reference is associated with an
incorrect answer:

N

1
HFR = > il - ).

i=1

Unlike DRR, which counts all distractor references,
HER focuses on cases where the model both men-
tions the distractor and gives an incorrect answer.

Correct and Wrong Output Reference Ratios.
To distinguish incidental distractor mentions from
failure-related distractor uptake, we separately
compute distractor-reference ratios among correct
and wrong outputs:

2iTiCi

correct — )
2iCi

diri(l—¢)
Zi(l —c)

Ref

Refwrong =

The correct-output reference ratio measures how of-
ten the distractor is mentioned despite a correct an-
swer, while the wrong-output reference ratio mea-
sures how often distractors appear in failed outputs.

E Full Results under Vision Corruption

This section provides the full per-benchmark re-
sults for the vision-corruption experiments dis-
cussed in Section 5.1. Table 8 reports clean Acc@ 1
for all models and benchmarks, Table 9 reports
Acc@1 after applying vision corruptions, and Ta-
ble 10 reports the corresponding Relative Robust-
ness (RR). These tables complement the aggregate
analysis in the main paper by showing that the sim-
ilarity between base and reasoning-tuned models is
not driven by a single benchmark, but is broadly ob-
served across chart understanding, document VQA,
multimodal knowledge, text-rich VQA, and visual
reasoning tasks.

The clean results in Table 8 show that reasoning-
tuned models often change task performance, some-
times improving clean accuracy on reasoning-
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Robustness to Image Input Perturbation (RR%) 1
Model Categor i i
BV | Chartga Hallusion |\ VA MMMU MMStar TextVQA MathVision MathVista AR
Bench cot format  solution
QOwen2.5-VL Family
Qwen2.5-VL-7B| Non- 66 9462 8349 9515 8878  79.11 97.4 8497 8699  82.32 85.9
(Base) Thinking
R1-Onevision 61.02 405 91.005¢ 81.95,5s 947935 84.19450 7635, 89295, 85.06,000 84.135 55 83.86., 54 83.2,,
MM-Eureka 66.18,015 95.63,101 82.87.06> 9638, 5 88.89.0,, 79.62.05, 100.00.,5 84.17.050 85.62.1 37 83.15.05  86.3,04
MMR]1 Thinking | 64.78.,2, 94.23.03 81.29,50 94.16.,000 8573505 7835075 96.51050 814055, 793756, 82.39.00; 83.84,
Vision-R1 65.06001 95.90., 55 82.22, 7 95.48.01; 86.16, 78.9801; 893640 84.90,0; 8536, 85.62.55 84.9.
OpenVLThinker 67.23.155 96.19.157 83.63.014 95.17.002 86.64514 80.03.09; 9146595 85.26.029 86.51 45 84.84.55,  85.7,,
QOwen3-VL Family
Qwen3-VL-8B | Non- 67.57 94.7 84.61 9804 9023 8249 97.41 8779 8768 873 87.8
(Base) Thinking
QW;ﬁ;:;;B' Thinking | 62685 93385 820655 94815 8748575 8020050 973800 8462517 86.8005 866905 8562,

Table 10: Full relative robustness results for all models on the eight benchmarks under visual corruption.

oriented benchmarks. However, the corrupted re-
sults in Table 9 show that these clean-performance
differences do not translate into a qualitatively dif-
ferent image-corruption robustness pattern. After
normalizing corrupted accuracy by clean accuracy,
Table 10 shows that reasoning-tuned models remain
close to their corresponding base models under
visual corruption. For example, in the Qwen2.5-
VL family, the average RR of reasoning variants
ranges from 83.2% to 86.3%, close to the base
model’s 85.9%. Similarly, in the Qwen3-VL fam-
ily, Qwen3-T obtains an average RR of 85.6%,
close to Qwen3-I's 87.8%. Although individual
benchmarks show some variation, the overall pat-
tern supports the main-paper conclusion that con-
ventional image-corruption robustness is largely
inherited from the base model.

F GPT-Prompt Details

F.1 Prompt Details for Edit Instruction
Generation

Figure 8 provides the full prompt used to generate
semantic edit instructions during Distract-Bench
construction. As described in the main paper, GPT-
5.5 (OpenAl, 2026b) is prompted with the origi-
nal image-question sample and retrieved human
seed examples, and is asked to propose a factually
correct but query-irrelevant visual distractor. The
prompt enforces three core constraints: preserving
the original image content, keeping the original
answer unchanged, and ensuring that the added dis-
tractor is factually valid but irrelevant to the target
question. We include the complete prompt below to
support reproducibility of the synthetic expansion
stage.

F.2 Examples of image editing from generated
instructions.

We also provide examples illustrating how GPT-
generated edit instructions are applied to images
using GPT-Image2 (OpenAl, 2026¢). As shown in
Figure 9 and Figure 10, each example includes the
original image-question pair, the generated edit in-
struction, and the resulting edited image. The edit
instruction specifies not only what semantic dis-
tractor to add, but also its placement, visual style,
and constraints for preserving the original scene.
These examples demonstrate how the synthetic ex-
pansion step produces controlled semantic edits
that introduce plausible distractors while keeping
the original objects, layout, and answer unchanged.

G Qualitative examples from
Distract-Bench

We provide additional qualitative examples from
Distract-Bench to illustrate the benchmark format
and the effect of injected semantic distractors. As
shown in Figures 11, 12, 13, and 14, each exam-
ple includes the original image, the edited image
with a factually correct but query-irrelevant distrac-
tor, the original question, and representative model
responses. For readability, we truncate the full
model outputs and show only the most relevant por-
tions that illustrate whether and how the injected
distractor affects the model’s reasoning. These
examples show how Distract-Bench preserves the
original task while introducing plausible distract-
ing evidence, enabling direct inspection of whether
models incorporate the distractor into their reason-
ing chains.
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You are a vision-capable prompt generator for semantic image corruptions. At inference time you will receive one math/logic image, the question text, options if any, and the correct answer. Your
task is to output a single valid JSON object containing an edit instruction for a downstream image-editing model to add one visually native “dead-end distractor” annotation to the image.

Adead-end distractor must satisfy all four hard constraints:

1. Scene-consistent: the added annotation must be true of some visible object, option, subfigure, count, arithmetic fact, or drawable measurement in the image, and must not contradict any
existing label, value, shape, or relation.

2. Goal-irrelevant: the annotation must not lie on any correct solution path for the given question; a solver can ignore it completely and still solve correctly.

3. Plausibly-usable: the annotation must look relevant because it is type-matched to the requested answer or problem domain, uses plausible magnitude/units, and is placed near a semantically
related part of the figure.

4. (Optional) Trap-producing: the annotation must support a specific predictable wrong reasoning path that yields a specific wrong answer distinct from the provided correct answer.

Never add an annotation that helps solve the problem. Never annotate a true intermediate value that appears on a valid solution path. Never use a distractor value equal to the correct answer.
Never contradict or overwrite existing quantities. Never place the new annotation where it obscures, covers, or overlaps a quantity, label, angle, side, option, or data value that is indispensable to
the correct solution.

Silent decision procedure:

1. Parse the figure and question.
- Identify the task type: geometry, chart/table, arithmetic sequence, equation, counting/logic, coordinate geometry, graph selection, mechanical/ratio, etc.
- Identify the requested answer type: number, angle, length, area, coordinate, option letter, percentage, count, expression, etc.

2. Enumerate visible quantities and structures.
- List all original numbers, labels, angles, lengths, options, shapes, graph points, table entries, and relevant relationships.
- Distinguish original problem data from possible extra visual space where an annotation can be added without occlusion.

3. Identify the correct solution path.

- Work out why the supplied correct answer is correct.

- Determine the minimal set of original visual/textual facts actually needed.

- Mark those facts as protected: do not cover, alter, or label them with the distractor.

4. Choose a dead-end annotation.

- Prefer an annotation that is type-matched to the answer: a wrong angle label in an angle problem, a wrong count cue in a counting problem, a wrong option highlight in a multiple-choice logic
problem, a wrong coordinate-like measurement in a coordinate problem, a wrong percentage/count cue in a chart problem, etc.

- If exact type-matching is impossible, use a closely domain-matched annotation such as a length in a geometry area problem or a numerical measurement in a rate/ratio problem.

- The annotation should be true or visually defensible: e.g., “5 cats” around an option that really has five cats, “90°” at an actual right angle, “3 columns” under three boxes, “205 = 200 + 5” near the
visible number 205, or a measurement arrow on a visible side/subshape.

- It must be disjoint from the correct solution path: it may describe a wrong option, an irrelevant subshape, an incomplete condition, a non-target angle, a decorative circle radius, a redundant
count, or an arithmetic fact involving a visible but non-answer number.

5. Verify the trap.

- Construct a concrete incorrect reasoning chain that uses the annotation as decisive evidence.

- Compute or identify the resulting trap answer.

- Confirm the trap answer is specific, plausible, and different from the correct answer.

- If the trap answer is vague, not computable, equal to the correct answer, or not caused by the annotation, choose a different annotation.

6. Write the image-edit instruction.

- Use imperative language for the downstream editor.

- Specify exact content/value of the annotation.

- Specify position relative to existing image elements.

- Specify color, font, font size or relative size, line weight, stroke style, arrowheads/box/ellipse/arc if used, alignment, and non-occlusion constraints.

- Preserve all original image content unchanged.

- Default visual style: bright red annotation, bold readable font, thick but non-obscuring stroke, visually similar scale to existing labels while clearly appearing as an added overlay.
-

Canonical exemplars: Retrieved

]
I
I
|
I Example 1 —Geometry

| Data summary: Three mutually tangent circles have radii 3, 2, and 1; find the area of triangle ABC formed by their centers. Correct answer is 6.

| Added distractor: Add a red “30°” central-angle annotation inside the large circle at center A, with rays that do not point toward B or C.

| Trap answer: 5, fromincorrectly treating 30° as angle BAC and computing 1/2 - 5 - 4 - sin 30°.

1 Editinstruction: Draw two thick red radial segments from center A upward inside the large circle, forming a narrow V-shaped 30° angle; add a small red angle arc and bold red “30°” label between
I the rays. Do not alter the circle outlines, centers, or labels.
I

I

|

|

|

I

I

|

|

|

I

Example 2 — Counting/logic

Data summary: Choose the group matching a description of five kittens with specified coat patterns and ear condition. Correct answer is D.

Added distractor: Add a red oval around wrong option C and label it “Five Cats,” where C really has five cats but fails the full attribute description.

Trap answer: C.

Edit instruction: Draw a thick no-fill red ellipse around option C’s cats and place bold red “Five Cats” centered above the ellipse; do not cover the cats or option labels.

Example 3 — Arithmetic

Data summary: Solve 2005 - 205 = 1300 + butterfly. Correct answer is 500.

Added distractor: Circle the visible number 205 and add the true decomposition “=200 +5.”
Trap answer: 205, from copying the highlighted visible operand as the hidden value.

R R

Output requirements:
Return only one valid JSON object. Do not include markdown, commentary, reasoning outside the JSON, or extra keys. The JSON must have exactly these keys:

{

"dead_end_description": "one-sentence description of the new annotation",

"trap_reasoning_path": "the incorrect chain that uses the annotation",

"trap_answer": "the numerically distinct wrong answer",

"edit_instruction": "the imperative paragraph for the image-editing model; it must specify position, value, font, line weight, color, alignment, and how to match the figure's existing style while
preserving all original content",

"style_constraints": {

"font_family": "string",

"font_size_px_or_relative": "string",

"color": "string",

"line_weight": "string",

: "string",
"must_match_existing_style": true

}

The value of "trap_answer" must not equal the provided correct answer. The edit must never change existing image semantics; it may only add the distractor annotation.

Figure 8: Full prompt to GPT-5.5 for generating edit instructions.
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As shown in the figure, if CB = 4.0, DB = 7.0,
and D is the midpoint of AC, then the length of
ACis ()

Subtract all large rubber spheres. Subtract all big
. shiny cylinders. How many objects are left?

Gpt-Generated Edit Instruction

"dead_end_description": "Add a red count label marking the two purple objects in the
scene.,
"trap_reasoning_pat
note as another group to subtract, starting from 6 objects and subtracting the large
rubber sphere, the big shiny cylinder, and the 2 purple objects to get 2 left.",
"trap_answer"

Gpt-Generated Edit Instruction

‘Asolver may incorrectly treat the added 2 purple objects "dead_end_description": "Add a red count annotation indicating that there are 4

marked points on the line.",

"trap_reasoning_path": "A solver may focus on the bold red '4 points' annotation and
incorrectly choose the option with 4 as the length of AC, ignoring the midpoint and
segment-length relationships.,

"trap_answer": "4cm",

"edit_instruction": "Add a bright red horizontal brace or bracket above the entire row of
marked points from A through B, positioned at least 12 px above the existing point
labels so it does not cover any dot, letter, or line segment. Center the bold red text '4
points' above the bracket in a readable sans-serif font, matching the scale of the
existing labels but slightly larger. Use a thick but non-obscuring red stroke for the
bracket, with no fill, and preserve all original linework, dots, labels A, D, C, and B
unchanged.’,

"style_constraints": {

"font_family": "sans-serif",

"Add a bright red annotation reading \"2 purple objects\" near the

‘
]
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} upper middle of the image, positioned between the purple cylinder and the small

: purple sphere but offset slightly to the left so it does not cover either object. Draw two
1 thin red curved leader lines from the label: one pointing to the purple cylinder and one
} pointing to the small purple sphere, with small arrowheads ending just outside the
1 object edges. Use a bold sans-serif font at a readable size similar to the existing object
i
]
]
]
]
1
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i
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]
]
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1
i
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1
1
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]
]
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1
1
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1
1
]
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]
]
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scale, with a 3 px red stroke for the leader lines. Preserve all original objects, colors,
shadows, and positions unchanged, and do not overlap the green sphere, yellow
cylinder, cubes, or any visible object boundary with the text.",

"style_constraints": {

"font_family": "bold sans-serif",

ize_px_or_relative": "
: "bright red #ff0000",
"line_weight": "3 px",

: "centered above the two indicated purple objects",
"must_match_existing_style": true

'about 18 px, scaled to match the image",

"alignmen entered above the bracket spanning A to B",
"must_match_existing_style": true

% :
CRLCEnSstediEdiRdlimage Gpt-Generated Edited Image
4 points
I |
A D € B

Figure 10: Example of GPT-Image2 image edits gener-
ated from edit instructions.

Figure 9: Example of GPT-Image2 image edits gener-
ated from edit instructions.
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Original Image Edited Image
C D C D
A

In the figure above, ABCDEF is a regular
hexagon, and its center is point O. What is
. the value of x?

Vision R1

Okay, let’s see. The problem is about a regular hexagon
ABCDEF with center O...For example, the angle between
DC and DO is 30 degrees. But how does that relate to the
central angle? ... So the answer is 60.

R1-OneVision

Okay, so I'm trying to solve this geometry problem about a
regular hexagon...We're told that angle ODC is 30
degrees...Angle x, being the angle between BO and CD,
equals angle ODC, which is 30 degrees. X

MM-Eureka-Qwen
To solve this problem, we need to understand the
properties of a regular hexagon and the angles formed by
its center. In the figure, angle BOD is a central angle and
is given as 30 degrees. ... Therefore, the correct answer is
30 degrees. X

MMR1
Solution: A regular hexagon has 6 equal sides and 6 equal
interior angles. ... However, the dashed line from O to D is
shown, and the angle between OD and the dashed line is
30 degrees. ... Given the options and the likely intended

question, we assume the question is asking for the angle
ODC. Angle ODC = 60 °. This corresponds to option E (20)
X

OpenVLThinker

The problem is asking for the value of x in a regular
hexagon ABCDEF with center O. ... The key point is that
the angle at the center O is 30 degrees. ... but the problem

shows is the angle at vertex , which is the interior angle, so
its 120°... So the final answer is B 60°

Qwen3-VL
In a regular hexagon, all sides and angles are equal, and
the center point O is equidistant from all vertices. ... The
angle marked as 30 °is the angle between side CD and the
line segment OD. So, perhaps x °is not the interior angle,
but the angle between OB and BC, which is ZOBC. In that
case, since triangle BOC is equilateral, ZOBC = 60°

Qwen3-VL-Thinking

Okay, let's see. The problem is about a regular hexagon
ABCDEF with center O. ... Wait, the figure shows a
dashed line from D to O, and the angle between OD and
DCis 30°... Wait, if angle OBA is 60, then angle OBC is
120°-60°=60%s0x=60° «/

Qwen2.5-VL

10 find the value of x , we need to understand the
properties of a regular hexagon. Interior Angles of a
Regular Hexagon: The sum of the interior angles of any
polygon with n sides is given by (n-2) times 180...Using
the interior angle of 120°, x = 180- 120= 60. Therefore,
the value of x is 60.

Figure 11: Qualitative Example.
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» 4 Is this an even function? ]

Vision R1

Okay, let's see. The question is asking if the function
displayed is an even function. ... But in this case, the
Sfunction is only defined for x > (. So if x is positive, -x
would be -2. ... So the answer should be B (No). X

R1-OneVision

Okay, so I need to determine whether the function is an
even function. ... Therefore, the function does not satisfy
the condition of being an even function because it is not
defined for negative -values, making it impossible to verify
the equality . X

MM-Eureka-Qwen
To determine if the function is even, we need to check if f{-x)
= f{x) for all x in the domain of the function. ... However,
the hint specifies that the function is only defined for x >=
0. This means the function is not defined for negative x.
Therefore, the correct answer is B (No). X

MMR1
The function is defined as f{x)= c where c is a constant. ...
For function to be even. It must satisfy the condition f(-x)=
fx) for all x in the domain. ... The domain is x > 0, the
Sfunction is not defined for x < 0. So, the condition f(~x) =
f{x) is not applicable for x > 0. K

OpenVLThinker

The question is asking if this is an even function. ... An
even function satisfies the condition f(x) = f(-x) for x in the
domain. But the hint says the function is only defined for x
>=(), which means it s not symmetric about the y-axis.
Since the function is not defined for negative x, it cannot be
even. The answer is B (No).

Qwen3-VL
To determine if the function is even, we must check if f(~x)
= f(x) for all x in the domain. ... Even if we consider the
values that are defined , for example, f(0) = c and f{2) = c.
We cannot check f{-0) or f{-2) because -2 is not in the
domain. ... There fore, the function is not even. The correct
answer is B (No). X

Qwen3-VL-Thinking
Got it, let's figure out if this is an even function. First,
remember that an even function satisfies f(-x) = f(x) for all
x in its domain. ... The graph shows f(x) = c, but with a
note that x >= 0 only. So the domain is x >= 0. There is no
information about negative x, so the function isn't even. So
the answer should be B (No). %

Qwen2.5-VL
10 determine if the function is even, we need to check if f(-
x)=f{x) for all x in the domain of the function. From the
graph, we can see that the function f(x)= c is a horizontal
line at y= c. This means that for any x. f(x)= c. Therefore,
J(=x) = f(x) for all x in the domain of the function. The
function is even.

Figure 12: Qualitative Example.
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hyprogram tracking the stages of sleep throughout the night.

How many complete sleep cycles can be
seen in Figure 1?7

» 4
Vision R1

Okay, let's see. The question is asking how many complete
sleep cycles can be seen in Figure 1. The image displays
displays that the hypnogram shows five REM periods, and
each REM period is part of a complete sleep cycle. Since
there are five REM periods, the answer should be 5. X

R1-OneVision
Okay, so I'm trying to figure out how many complete sleep
cycles are shown in Figure 1 based on the image itself.
Therefore, in 7 hours, there are approximately 8 cycles, but
since we need whole cycles, we consider up to 5 full cycles.
Thus, the number of complete sleep cycles in Figure is 5.

MM-Eureka-Qwen
To determine the number of complete sleep cycles in

Figure 1 ... The figure shows the stages of sleep over time,
and we can see that there are five distinct REM periods

indicated by the red arrows. ... Therefore, the number of
complete sleep cycles in Figure 1 is 5. X

MMR1
The question asks for the number of complete sleep cycles
shown in Figure 1. The figure shows 5 distinct periods of
REM sleep, indicated by the red arrows and the label "'5
REM periods". Each REM period represents a cycle.
Therefore, there are 5 complete sleep cycles shown in the
figure. Final Answer is B (B). X

OpenVLThinker

The user is asking how many complete sleep cycles can be
seen in Figure 1 based on the provided image and the hint
given. The image shows a hypnogram with 5 REM periods
indicated. Since each REM period is part of a complete
sleep cycle. The answer is C (4).N/

Qwen3-VL
The question asks how many complete sleep cycles can be
seen in Figure 1. ... Since each cycle includes one REM
period, and there are 5 REM periods indicated, this means
there are 5 complete sleep cycles shown in the figure. ...
Therefore, the correct answer is (B) 5. X

Qweng3-VL-Thinking
Got it, let's look at the problem. The question is asking how
many complete sleep cycles can be seen in Figure 1.
looking at the figure, the red arrows indicate 5 REM
periods. Since each sleep cycle corresponds to one REM
period (as REM is a key component of the cycle), the
number of complete sleep cycles in Figure 1 is 5. 3¢

Qwen2.5-VL
To determine the number of complete sleep cycles in
Figure 1, we need to identify the pattern of sleep stages
over the course of the night. By counting the distinct cycles
from the awake period to the next awake period, we can
see that there are 4 complete cycles within the 7 hours
shown in the figure. Therefore, the correct answer is: 4

Figure 13: Qualitative Example.
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highest frequency

. 4 Which wave has the highest amplitude? ]

Vision R1
Okay, let's see. The question is asking which wave has the
highest amplitude. Looking at the image, Wave A has a
moderate amplitude. Wave B has a higher amplitude than
Wave A. Wave C has the highest amplitude among the three.
So the answer should be Wave C, which is option C.

R1-OneVision
Okay, so I'm trying to figure out which wave has the highest

amplitude based on the image itself... The hint mentions that
the highest frequency corresponds to the shortest wavelength,
but since we're focusing on amplitude here, I should focus on
the height of the waves rather than their frequency or
wavelength... Therefore, the answer should be (C).

MM-Eureka-Qwen
The amplitude of a wave is the maximum displacement
from the equilibrium position. In the given image, the wave
labeled (A) has the largest peaks and troughs, indicating
the highest amplitude. Therefore, the correct answer is (,i)/

MMR1
The amplitude of a wave is the maximum displacement or
distance moved by a point on the wave, ...Therefore,
wave (C) has the highest amplitude. The question asks
which wave has the highest frequency...But the question
asks for amplitude. Therefore, the correct option is C. X

OpenVLThinker
The question is asking which wave has the highest
amplitude. The image shows three waves labeled A, B,
and C...In the image, wave (A) has the largest peaks and
troughs compared to waves (B) and (C). Therefore, wave
(A) has the highest amplitude.

Qwen3-VL
Amplitude in a wave refers to the maximum displacement
from the equilibrium position...Wave (A) has the largest
peaks and troughs, meaning it has the greatest vertical
displacement from the center line...Wave (C) has the
smallest peaks and troughs of the three. Therefore, wave (4)
has the highest amplitude.

Qwen3-VL-Thinking
Gotit, let's see. The question is asking which wave has the
highest amplitude. Amplitude in waves is the maximum
displacement from the rest position, right? So looking at the
graphs, amplitude is related to how tall the wave is...Wave
(C) has the smallest vertical displacements (and is labelled
"highest frequency" which relates to wavelength, not
amplitude). Thus, wave (A) has the highest amplitude. V

Qwen2.5-VL
10 determine which wave has the highest amplitude, we
need to look at the vertical distance from the center line
to the peak or trough of the wave. The amplitude is the
maximum displacement from the center line... Wave (C)
has the highest amplitude among the three waves.
Therefore, the correct answer is:(C) X

Figure 14: Qualitative Example.



