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Abstract

Vision-language models (VLMs) often pro-
duce hallucinated outputs that are not supported
by visual or textual evidence. While existing
benchmarks have advanced hallucination evalu-
ation, they primarily target object-level or task-
specific errors and often assess different failure
types on separate samples. This design lim-
its direct comparison of hallucination patterns
under shared evidence, and most prior evalu-
ations remain English-centric. We introduce
K-Prism, a Korean diagnostic benchmark for
multi-faceted hallucination analysis in VLMs.
K-Prism contains 1,002 multiple-choice ques-
tions across text and image tracks, organized
into shared-evidence topic groups. Within each
group, questions are designed to probe three
diagnostic dimensions: factual, reasoning, and
misleading. K-Prism uses a controlled dual-
mode protocol comparing intact inputs with
visually perturbed inputs to examine halluci-
nation under reduced visual evidence. Exper-
iments with closed- and open-source VLMs
show dimension-specific degradation rather
than a uniform accuracy drop. These find-
ings demonstrate that hallucination in Korean
VLMs cannot be captured by a single aggregate
score and requires fine-grained diagnostic eval-
uation across evidence conditions and failure
dimensions. Our dataset is publicly available
at https://huggingface.co/spaces/KETI-NLP/K-
Prism_Benchmark.

1 Introduction

A central challenge in evaluating hallucination in
vision-language models (VLMs) is not merely de-
tecting unsupported outputs, but identifying which
functional failure leads to unsupported predic-
tion (Bai et al., 2024). Existing benchmarks pro-
vide valuable diagnostics for observable halluci-
nation patterns, including object-level inconsisten-
cies (Li et al., 2023), multimodal conflicts (Guan
et al., 2024), and domain-specific failures (Khanal
et al., 2025). However, these benchmarks often

Figure 1: Accuracy comparison between intact mode
and perturbed mode across factual, reasoning, and mis-
leading dimensions.

evaluate different error types using separate sam-
ples, making it difficult to compare multiple facets
of hallucination under the same evidential con-
text. Hallucination evaluation also remains predom-
inantly English-centric. Recent multilingual VLMs
and visual question answering (VQA) benchmarks
show that visual-language understanding varies
across languages (Atuhurra et al., 2025; Tang et al.,
2025), and multilingual hallucination studies fur-
ther motivate language-specific evaluation beyond
English (Abdaljalil et al., 2026).

To address these limitations, we introduce K-
Prism, a Korean diagnostic benchmark for multi-
faceted hallucination in VLMs. K-Prism consists
of multiple questions within a shared evidential
context and compares three diagnostic dimensions:
factual, reasoning, and misleading. These dimen-
sions are motivated by prior findings that hallucina-
tion in VLMs can arise from insufficient grounding,
reasoning errors, and over-reliance on language
priors or misleading cues (Bai et al., 2024; Guan
et al., 2024; Xuan et al., 2025). The factual dimen-
sion evaluates whether a model recovers evidence-
grounded information; the reasoning dimension
evaluates whether a model derives a valid answer
from the evidence; and the misleading dimension
evaluates whether a model resists unsupported as-
sumptions introduced by the question or distractors.

To further analyze evidence sensitivity, we eval-
uate each item under a dual-mode protocol: intact
mode uses the original input, whereas perturbed
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Benchmark Target Language Diagnostic Focus Shared Context across Dimensions Noise Perturbation

POPE (Li et al., 2023) English Object Hallucination × ×
AMBER (Wang et al., 2023) English Existence / Attribute / Relation × ×
HallusionBench (Guan et al., 2024) English Visual Illusion & Language Hallucination × ×
MMMU-Pro (Yue et al., 2025) English Robust Multimodal Reasoning × ×
MTVQA (Tang et al., 2025) Multilingual Text-centric VQA × ×
Khanal et al. (Khanal et al., 2025) English Domain-specific Medical Hallucination × ×
KRETA (Hwang et al., 2025) Korean Text-rich VQA & Reasoning × ×
K-Prism (Ours) Korean Multi-faceted Functional Failures ✓ ✓

Table 1: Comparison of K-Prism with representative VLMs hallucination and multimodal evaluation benchmarks.

Figure 2: K-Prism data construction pipeline for the text-track and image-track.

mode removes image-track visual evidence with
Gaussian noise or adds a non-informative visual
distractor to text-track items. As an illustrative
summary of our evaluation results, Figure 1 shows
that factual, reasoning, and misleading dimensions
exhibit distinct degradation patterns under pertur-
bation, rather than a uniform accuracy drop. This
observation supports the need to report hallucina-
tion behavior beyond a single aggregate score, con-
sistent with recent diagnostic benchmarks that em-
phasize decomposed or multi-dimensional evalua-
tion (Wang et al., 2023; Guan et al., 2024).

The dual-mode comparison examines how hallu-
cination patterns vary with multimodal grounding,
language priors, and visual interference, following
prior work on controlled multimodal evaluation
and robustness analysis (Guan et al., 2024; Yue
et al., 2025). Together with the shared-evidence
design, this protocol enables K-Prism to distin-
guish whether model errors stem from failures in
evidence-grounded factual recognition, valid in-
ference, or resistance to unsupported assumptions
under intact and perturbed inputs. As summarized
in Table 1, K-Prism addresses three gaps in existing
literature: it provides a Korean VLM hallucination
benchmark, organizes factual, reasoning, and mis-
leading questions under shared evidential contexts,
and introduces a controlled perturbation protocol
for comparing intact and visually corrupted inputs.

2 Dataset
K-Prism consists of two tracks: a text track and an
image track. Both tracks use a topic-group struc-
ture, where each topic or source is paired with
three multiple-choice questions (MCQs) targeting
factual, reasoning, and misleading failure dimen-
sions. Within each topic group, the three ques-
tions share the same source evidence while vary-
ing the required diagnostic dimension, allowing
dimension-wise comparison without changing the
underlying topic. Factual questions test explicitly
stated information, reasoning questions require in-
ference from the same source evidence, and mis-
leading questions probe whether models rely on
unsupported assumptions. In the image track, mis-
leading questions are further designed to assess
whether models accept plausible but unsupported
visual attributes, states, or premises presented in
the answer options. The text track contains 166
Korean text-only topic groups, yielding 498 ques-
tions, while the image track contains 168 Korean
image-text topic groups, yielding 504 questions.

Data Construction. Figure 2 presents the GPT-
assisted data construction pipeline of K-Prism. The
overall process combines automatic candidate gen-
eration with human domain curation and valida-
tion. Annotators with native-level proficiency in
Korean and sufficient domain knowledge first cu-
rate domains and source materials, and GPT-4o-
mini (Hurst et al., 2024) is then used to generate
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Figure 3: Example of the dual-mode evaluation protocol for the image track. Example question and answer options
are English-translated from the original Korean item.

Figure 4: Domain composition of K-Prism: the text-
track (inner ring) and image-track (outer ring).

candidate evaluation items. The generated items
are not directly included in the benchmark; instead,
annotators validate them to ensure factual correct-
ness, linguistic naturalness, domain relevance, and
consistency with the intended evaluation objective.

In the text-track, annotators curate Korean-
specific domains and reference sources. GPT-4o-
mini then generates candidate MCQs from the cu-
rated references. Annotators review the generated
MCQs and retain only those that are grounded in
the reference source, have a clearly defined answer,
and are suitable for evaluating Korean-language
understanding and hallucination-related failure pat-
terns. For the image track, annotators curated visu-
ally grounded domains and source images, such as
visual illusions and signboards, using everyday cap-
tures or manually created images. All sources and
generated items were screened for personally iden-
tifiable information and offensive content. GPT-
4o-mini first generates open-ended QA pairs from
the source images, which are validated by annota-

tors for visual grounding and answerability. The
validated QA pairs are then converted into MCQs
using GPT-4o-mini, followed by an additional val-
idation step. This two-stage construction process
helps ensure that the final image-track MCQs are
both visually grounded and suitable for controlled
hallucination evaluation. Appendix B provides de-
tailed annotation and validation criteria for both
tracks.

Dual-mode Evaluation. K-Prism evaluates each
item under intact and perturbed modes. In the im-
age track, intact mode uses the original image-text
input, while perturbed mode replaces the image
with same-resolution Gaussian noise and keeps the
textual question and answer options unchanged.
This setting serves as visual evidence ablation,
testing whether models avoid unsupported visual
claims when reliable visual evidence is unavail-
able. In the text track, where answer-relevant evi-
dence remains textual, perturbed mode adds a fixed
224× 224 noise image as a non-informative cross-
modal distractor while leaving the textual input
unchanged. Figure 3 illustrates the image-track
protocol with an English-translated example using
Qwen3-VL (Bai et al., 2025). Appendix F provides
details on mode-specific gold labels and the evalu-
ation prompt, Appendix D describes the Gaussian
noise perturbation, and Appendix E presents addi-
tional examples from both text and image tracks.

Domain. Following multi-disciplinary bench-
marks such as MMMU (Yue et al., 2024), K-Prism
spans diverse knowledge and reasoning contexts,
as shown in Fig. 4. For Korean-specific coverage,
we refer to CLIcK (Kim et al., 2024) and KUL-
TURE Bench (Wang et al., 2024), which emphasize
Korean language, literature and socially grounded
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Model
Text Track Image Track

Intact Mode Perturbed Mode Intact Mode Perturbed Mode
Factual Reasoning Misleading Factual Reasoning Misleading Factual Reasoning Misleading Factual Reasoning Misleading

Closed-source
GPT-4o-mini 85.7 100 2.3 83.9 (↓ 1.8) 100 (-) 0.6 (↓ 1.7) 95.1 78.3 81.3 22.8 (↓ 72.3) 27.7 (↓ 50.6) 4.8 (↓ 76.5)

Gemini-3.1-pro 67.2 70.8 25.6 77.3 (↑ 10.1) 87.5 (↑ 16.7) 0.0 (↓ 25.6) 57.2 52.4 68.0 7.2 (↓ 50.0) 21.0 (↓ 31.4) 52.4 (↓ 15.6)

Claude-4.7-opus 93.4 99.4 24.4 94.6 (↑ 1.2) 99.4 (-) 13.1 (↓ 11.3) 65.0 60.2 73.4 2.4 (↓ 62.6) 6.6 (↓ 53.6) 15.0 (↓ 58.4)

Open-source
Qwen3-VL-4B-Thinking 83.3 96.4 20.8 72.6 (↓ 10.7) 89.8 (↓ 6.6) 1.7 (↓ 19.1) 89.8 86.1 89.8 11.4 (↓ 78.4) 22.3 (↓ 63.8) 27.7 (↓ 62.1)

Qwen3-VL-8B-Instruct 84.5 98.2 29.7 86.3 (↑ 1.8) 95.8 (↓ 2.4) 0.0 (↓ 29.7) 89.8 72.9 77.7 0.6 (↓ 89.2) 33.1 (↓ 39.8) 7.2 (↓ 70.5)

Qwen3-VL-8B-Thinking 79.1 96.4 29.7 76.7 (↓ 2.4) 92.2 (↓ 4.2) 0.0 (↓ 29.7) 81.9 77.7 78.3 18.7 (↓ 63.2) 27.1 (↓ 50.6) 24.1 (↓ 54.2)

Qwen3-VL-30B-A3B-Thinking 83.3 99.4 22.0 75.0 (↓ 8.3) 89.2 (↓ 10.2) 0.0 (↓ 22.0) 90.4 70.5 83.1 34.3 (↓ 56.1) 43.4 (↓ 27.1) 13.2 (↓ 69.9)

Qwen3-VL-32B-Thinking 88.6 99.4 29.7 79.7 (↓ 8.9) 92.2 (↓ 7.2) 0.6 (↓ 29.1) 71.7 60.8 77.1 31.9 (↓ 39.8) 28.3 (↓ 32.5) 38.0 (↓ 39.1)

HyperCLOVAX-SEED-Vision-Instruct-3B 80.9 92.2 0.0 77.9 (↓ 3.0) 91.0 (↓ 1.2) 0.0 (-) 71.1 59.0 76.5 31.9 (↓ 39.2) 78.9 (↑ 19.9) 29.5 (↓ 47.0)

LLaVA-OneVision-1.5-4B-Instruct 80.9 95.8 19.6 79.1 (↓ 1.8) 96.4 (↑ 0.6) 0.6 (↓ 19.0) 77.7 82.5 92.8 7.8 (↓ 69.9) 36.8 (↓ 45.7) 26.5 (↓ 66.3)

Deepseek-VL-7B-chat 29.1 14.2 5.8 28.5 (↓ 0.6) 2.9 (↓ 11.3) 2.3 (↓ 3.5) 50.0 46.3 6.0 0.0 (↓ 50.0) 1.2 (↓ 45.1) 1.2 (↓ 4.8)

A.X-4.0-VL-Light 86.3 97.6 0.6 86.3 (-) 98.8 (↑ 1.2) 0.0 (↓ 0.6) 81.3 83.1 87.3 0.0 (↓ 81.3) 13.9 (↓ 69.2) 5.4 (↓ 81.9)

Intern-VL3-14B 89.8 97.0 16.6 84.5 (↓ 5.3) 94.0 (↓ 3.0) 0.0 (↓ 16.6) 76.5 75.3 82.5 59.6 (↓ 16.9) 53.6 (↓ 21.7) 29.5 (↓ 53.0)

Intern-VL3-38B 82.7 97.0 32.7 76.7 (↓ 6.0) 89.8 (↓ 7.2) 5.9 (↓ 26.8) 74.1 74.1 83.1 29.5 (↓ 44.6) 86.7 (↑ 12.6) 69.8 (↓ 13.3)

Intern-VL3-38B-Instruct 82.7 97.0 31.5 76.7 (↓ 6.0) 91.0 (↓ 6.0) 7.1 (↓ 24.4) 75.3 77.1 80.7 50.0 (↓ 25.3) 85.5 (↑ 8.4) 74.7 (↓ 6.0)

Table 2: Evaluation results on K-Prism across text and image tracks. Each model is evaluated under Intact and
Perturbed Modes for three failure dimensions: factual, reasoning, and misleading. All values indicate accuracy (%).

knowledge. While K-Prism adopts broad hallu-
cination dimensions for comparability with prior
work, these dimensions are operationalized through
Korean-specific linguistic, cultural, historical, re-
gional, and visual evidence. For visually grounded
domains, we follow Korean text-rich VQA bench-
marks such as KRETA (Hwang et al., 2025). The
text track covers Traditional Culture, Everyday Cul-
ture, History, Language, Classical Literature, Mod-
ern Literature, Affairs & Science, Media, Region,
and Fiction; the image track covers Traffic Signs,
Text-rich Image, Visual Illusion, Signboards, Na-
ture, Created Image, Body, Maps, and Medical
Document.

3 Experiments

Evaluation Setup. We evaluate all models
using an evaluation pipeline adapted from
VLMEvalKit (Duan et al., 2024), an open-source
toolkit for evaluating VLMs across proprietary API-
based models and open-source models. In particu-
lar, we follow its parsing and scoring procedures for
multiple-choice evaluation, where model responses
are mapped to option choices and compared with
the ground-truth answers. We adopt the multiple-
choice system prompt used in MMMUPro (Yue
et al., 2025) to ensure a consistent answer format
across models. Each model is evaluated on both the
text track and image track of K-Prism under two
evaluation modes: intact mode and perturbed mode.
For each track and mode, we report accuracy over
three failure dimensions.

Main Results. We evaluate various VLMs, in-
cluding GPT-4o (Hurst et al., 2024), Gemini-
3.1 (Google DeepMind, 2026), Claude-4.7 (An-
thropic, 2026), the Qwen3-VL series (Bai et al.,
2025), HyperCLOVAX (NAVER, 2025), LLaVA-

OneVision (Li et al., 2024), Deepseek (Lu et al.,
2024), A.X-4.0 (Lab, 2025), and the Intern-VL3
series (Zhu et al., 2025). Table 2 shows that K-
Prism reveals substantial variation across tracks,
evaluation modes, and failure dimensions. Most
models achieve high accuracy on text-track factual
and reasoning questions, but show much lower per-
formance on misleading questions. In the image
track, the performance gap between intact and per-
turbed modes is considerably larger, indicating that
visual perturbation exposes differences in model
robustness and uncertainty-aware behavior. Several
models exhibit strong text-track performance but
sharply degrade under image perturbation, while
some larger models, particularly in the Intern-VL3
family, maintain relatively high performance in per-
turbed mode. Aggregated across all models and
tracks, performance drops by 29.35%p for factual
questions, 17.70%p for reasoning questions, and
32.59%p for misleading questions under perturba-
tion. To assess the uncertainty of these changes,
paired item-level bootstrap analysis yields an av-
erage standard deviation of 3.42 percentage points
across all combinations of models, tracks, and di-
agnostic dimensions. For HyperCLOVAX and
LLaVA-OneVision, whose text-track accuracies
change only slightly, the corresponding standard de-
viations range from 0.60 to 1.03 percentage points,
indicating low perturbation sensitivity. These non-
uniform drops indicate that perturbed-mode accu-
racy reflects dimension-specific evidence sensitiv-
ity rather than a single notion of visual robustness.
In particular, the large degradation on misleading
items suggests that models often over-commit to
plausible but unsupported premises when reliable
evidence is weakened or absent. These results
support K-Prism’s decomposed evaluation across
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modalities, evidence conditions, and failure dimen-
sions. Appendix A provides a detailed analysis
of the experiments, while Appendix C presents
the Korean-to-English translation ablation and Ap-
pendix D reports additional experiments with oc-
cluded and black-image inputs.

4 Conclusion

We presented K-Prism, a Korean benchmark
for multi-faceted hallucination analysis in vision-
language models. K-Prism evaluates factual errors,
reasoning failures, and susceptibility to mislead-
ing information under two controlled modes, intact
mode and perturbed mode, across text-track and
image-track datasets. Built through a GPT-assisted
pipeline with human curation and validation, K-
Prism covers Korean-specific textual and visually
grounded image domains, comprising 166 and 168
topic groups, respectively. Experiments on closed-
and open-source VLMs show substantial variation
across tracks, modes, and failure dimensions, high-
lighting the need for decomposed and controlled
evaluation of hallucination in VLMs.

Limitations

K-Prism focuses on diagnosing hallucination be-
haviors rather than proposing a mitigation method.
The benchmark decomposes hallucination into fac-
tual errors, reasoning failures, and susceptibility to
misleading information, and evaluates model be-
havior under intact and perturbed modes. However,
it does not directly introduce training or inference-
time strategies to reduce these failures. Future work
can use K-Prism to develop mitigation strategies
tailored to each failure dimension. For factual er-
rors, retrieved evidence or external knowledge can
be used to verify whether the selected answer is sup-
ported by reliable sources. For reasoning failures,
models can be encouraged to generate intermediate
reasoning steps and check their consistency before
producing the final answer. For misleading cases,
models can be trained to detect insufficient or cor-
rupted visual evidence and abstain from making
visually grounded claims when the image does not
provide reliable information.

Additionally, K-Prism adopts a multiple-choice
evaluation format for scalable and consistent com-
parison across models. Although this design en-
ables reliable automatic scoring, it may not fully
capture hallucination behaviors in open-ended gen-
eration, such as unsupported rationales, fabricated

details, or partially correct but misleading explana-
tions. In future work, we plan to extend K-Prism
to free-form generation by converting the exist-
ing items into open-ended prompts and evaluating
generated claims as supported, contradicted, or un-
verifiable based on reference answers and evidence
annotations, with human or automatic scoring. This
extension would enable a more comprehensive eval-
uation of hallucination behaviors beyond multiple-
choice prediction.

K-Prism prioritizes controlled diagnostic com-
parison over large-scale coverage. By organizing
factual, reasoning, and misleading questions within
shared-evidence topic groups, the benchmark re-
duces confounds arising from differences in topic
or image difficulty. However, its current scale of
1,002 questions limits the breadth of coverage. Fu-
ture work will expand the benchmark across ad-
ditional topics and domains while preserving the
shared-evidence design.

Use of AI Assistants

We used AI assistants, including GPT-based as-
sistants, during dataset construction and model
evaluation. In dataset construction, AI assistants
were used to generate initial multiple-choice ques-
tion candidates, refine question wording, and pro-
duce distractor options based on curated source
materials and annotation guidelines. All gener-
ated items were manually reviewed, revised, or
discarded by human annotators before inclusion in
K-Prism. Selected visual-illusion, created-image,
and body sources were GPT-4o-mini-assisted and
manually screened.

We also used closed-source vision-language
models through their official interfaces or APIs as
evaluation targets in our experiments. These mod-
els were queried only to obtain responses to the
benchmark questions under the specified intact and
perturbed evaluation modes. The authors retained
full responsibility for the dataset design, annotation
validation, experimental setup, result analysis, and
final manuscript content.
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A Additional Analysis

Model-wise Analysis. Table 2 shows that strong
performance in the text-track does not necessarily
translate to robustness in the image-track. Many
models, including proprietary ones, perform well
under intact inputs but degrade substantially when
visual evidence is perturbed, particularly on mis-
leading questions. Open-source models show
larger variation, with some relying heavily on tex-
tual priors or fragile visual grounding. The In-
ternVL3 family is comparatively more robust in
the perturbed setting, suggesting better resistance

to corrupted visual evidence and over-confident
hallucination.

Track-wise analysis. The text-track and image-
track exhibit clearly different difficulty profiles. In
the text-track, factual and reasoning questions tend
to be easier because the required evidence is primar-
ily contained in the textual input or can be inferred
from it. However, misleading questions show sub-
stantially lower accuracy, demonstrating that mod-
els can still be misled by questions that encourage
unsupported assumptions even without informative
visual evidence. This indicates that hallucination
is not limited to image-grounding failures, but can
also arise from language-driven priors and question-
level bias.

The image-track reveals a stronger gap between
intact and perturbed modes. When the original im-
age is provided, many models can exploit visual
evidence to answer factual and reasoning questions
correctly. However, when the image is replaced
with non-informative perturbation, performance
drops more sharply. This trend shows that the
image-track is more effective at exposing whether
a model can distinguish valid visual evidence from
corrupted or absent evidence. In particular, the
large degradation on misleading questions sug-
gests that models often fail to abstain or select
uncertainty-aware answers when the visual input
no longer supports the question.

Domain-wise Analysis. Figure 5 compares the
domain-wise performance of closed-source models
across intact and perturbed modes. Overall, the re-
sults show that visual perturbation leads to a clear
performance drop in many visually grounded do-
mains, such as Text-rich Image, Traffic Signs, Cre-
ated Image, Body, Signboards, Medical Document,
Nature, and Map. This indicates that these domains
require reliable visual evidence, and replacing the
original image with non-informative perturbation
substantially weakens the models’ ability to select
the correct answer.

However, the effect of perturbation is not uni-
form across domains. In several domains, including
Affairs & Science, Media, Fiction, and Classical
Literature, the perturbed-mode accuracy is compa-
rable to or higher than the intact-mode accuracy.
This increase should not be interpreted as improved
visual understanding under perturbation. Rather,
it suggests that these domains contain questions
that can often be solved using textual cues, world
knowledge, or strong language priors, even when
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Figure 5: Domain-wise accuracy comparison of closed-
source VLMs under intact and perturbed modes. The
upper panel shows intact mode performance, while the
lower panel shows perturbed mode performance.

the visual input is corrupted. In such cases, the
original image may provide limited additional ev-
idence, or may even introduce distracting visual
signals, while the perturbed input encourages the
model to rely more heavily on its language-based
prior. Therefore, the increased accuracy under per-
turbation reflects reduced dependence on visual
grounding rather than genuine robustness to visual
corruption.

These results support the need for domain-wise
and condition-wise analysis in hallucination evalua-
tion. A single aggregate score may obscure the fact
that some domains are highly sensitive to visual per-
turbation, whereas others are dominated by textual
or parametric knowledge. The contrast between vi-
sually dependent domains and knowledge-oriented
domains shows that hallucination behavior is not
homogeneous across inputs, but varies according
to the type of evidence required by each domain.

Comparison across failure dimensions. The
three failure dimensions show different degrada-
tion patterns under perturbation. Factual questions
exhibit a large drop, indicating that even visually
grounded recognition or retrieval-style questions
become unreliable when the visual evidence is cor-
rupted. Reasoning questions show a comparatively
smaller drop, suggesting that some models may
rely more on textual reasoning or prior knowledge
when solving these questions. Misleading ques-
tions show the largest degradation, indicating that
models are especially vulnerable when the ques-
tion itself encourages an unsupported interpretation.
These differences confirm that hallucination should
not be treated as a single homogeneous behavior,
since each dimension captures a different source of
model failure.

Scaling within model families. Within the same
model family, larger models generally show
stronger overall performance, but the improvement
is not uniform across tracks and failure dimensions.
In particular, larger variants tend to improve fac-
tual and reasoning accuracy in the intact setting, re-
flecting stronger language understanding and mul-
timodal perception. However, the gains under per-
turbed settings are less consistent. This suggests
that increasing model size can improve general task
accuracy, but does not automatically guarantee ro-
bustness to corrupted visual inputs or misleading
questions.

The Intern-VL3 series shows a relatively clear
size-related trend, where larger variants maintain
stronger performance across both intact and per-
turbed modes. This indicates that scaling may help
improve robustness when combined with effective
multimodal training. However, the remaining per-
formance gap between intact and perturbed modes
shows that even larger models are not fully robust
to visual perturbation. Similar trends can be ob-
served in other model families, where larger mod-
els often perform better than smaller variants, but
still remain vulnerable to misleading or uncertainty-
sensitive questions.

These model-wise and track-wise results further
support the design motivation of K-Prism. A single
aggregate score would obscure important differ-
ences between models that perform similarly on
clean inputs but behave very differently under per-
turbation. By separating evaluation across text/im-
age tracks, intact/perturbed modes, and factual/rea-
soning/misleading dimensions, K-Prism enables a
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more fine-grained diagnosis of hallucination behav-
ior in VLMs.

B Annotation Guidelines

Annotators. Annotation and validation were con-
ducted by three annotators among the paper au-
thors, all of whom are native Korean speakers or
have native-level proficiency in Korean. Each gen-
erated item was reviewed by at least two annotators.
Disagreements were resolved through discussion,
and items without a clear consensus were revised or
removed from the benchmark. No external crowd-
workers or paid participants were recruited; annota-
tion was conducted as part of the authors’ research
activities.

General validation criteria. Annotators were
instructed to validate all generated items before in-
clusion in K-Prism. They checked whether each
item was grounded in the provided source evidence,
had a clearly identifiable answer, and matched the
intended diagnostic dimension. Items were revised
or discarded if they were ambiguous, unanswer-
able, linguistically unnatural, factually incorrect, or
inconsistent with the intended evaluation objective.

Text-track validation. For the text track, annota-
tors reviewed each generated MCQ with respect to
the curated Korean reference source. They checked
whether the question was answerable from the ref-
erence, the correct option was uniquely supported,
the distractors were plausible but clearly incorrect,
the question and options were written in natural Ko-
rean, and the item matched the intended diagnostic
dimension. Factual questions were required to test
explicitly supported evidence-grounded informa-
tion; reasoning questions required a valid inference
beyond surface matching; and misleading questions
included an unsupported assumption or misleading
cue while still allowing the correct answer to be
determined from the available evidence.

Image-track validation. For the image track, an-
notators reviewed both source images and gener-
ated QA pairs. They checked whether the image
contained sufficient visual evidence, the question
was visually grounded and answerable, the answer
was consistent with the image, and the final op-
tions were clear and non-overlapping. Items were
revised or removed if the visual evidence was un-
clear, multiple options could be correct, or the ques-
tion could be answered solely from language priors
without using the image.

Dual-mode validation. For both tracks, annota-
tors checked whether the final MCQs were suit-
able for the dual-mode evaluation protocol. The
intact-mode answer was required to be supported
by the original input, whereas the perturbed-mode
setting was designed to test whether models avoid
unsupported claims when the visual evidence is
corrupted or absent. Perturbed-mode questions re-
mained linguistically identical to intact-mode ques-
tions, except that the visual input was replaced with
Gaussian noise.

Inter-annotator Agreement and Adjudication.
We measured inter-annotator agreement using
Fleiss’ κ based on the validation criteria described
above. The overall agreement across the three an-
notators was κ = 0.84. For the misleading di-
mension, which involves more subtle judgments
regarding unsupported assumptions and misleading
cues, the agreement was κ = 0.79 for the text track
and κ = 0.71 for the image track. Disagreements
were resolved through discussion among the anno-
tators, and items were revised or removed when a
consensus could not be reached. After validation
and adjudication, approximately 80% of the candi-
date items were approved for inclusion in the final
benchmark.

C Translation Ablation.

To examine whether K-Prism can be reliably evalu-
ated through translation, we translated the bench-
mark from Korean into English using Gemini-3.1-
pro and evaluated the same models under the iden-
tical experimental setting. As shown in Table 3, the
English-translated version exhibits different behav-
ior under perturbation. Compared with the original
Korean benchmark, the average perturbed accu-
racy decreases by 4.63 percentage points on the
text track and 7.43 percentage points on the image
track. These results suggest that perturbation sensi-
tivity is not preserved under translation, indicating
that evaluation on a translated English version does
not fully reflect model robustness in the original
Korean setting. This further motivates the need
for a Korean-specific benchmark that preserves its
original linguistic, cultural, regional, and visually
grounded context.

D Gaussian Noise Perturbation

We use Gaussian noise as a controlled visual per-
turbation to degrade task-relevant visual evidence
while preserving the textual question unchanged.
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Model Text Intact Avg. Text Perturbed Avg. Image Intact Avg. Image Perturbed Avg.
Closed-source
GPT-4o-mini 63.49 60.32 83.13 17.07
Gemini-3.1-pro 57.14 52.95 58.03 23.13
Claude-4.7-opus 71.83 63.69 66.06 6.63
Open-source
Qwen3-VL-4B 64.68 49.60 80.72 12.49
Qwen3-VL-8B-Instruct 67.06 56.94 74.70 14.06
Qwen3-VL-8B-Thinking 61.71 48.02 70.68 25.10
Qwen3-VL-30B 71.83 51.79 75.30 25.39
Qwen3-VL-32B 77.98 53.57 73.49 26.91
HyperCLOVAX 56.35 50.60 82.93 21.29
LLaVA-OneVision-1.5-4B 64.48 60.12 81.33 12.85
Deepseek-VL-7B 60.71 8.75 79.32 8.03
A.X-4.0 62.30 61.51 86.75 6.02
Intern-VL3-14B 68.07 49.50 81.73 30.92
Intern-VL3-38B 60.84 47.47 73.29 42.97
Intern-VL3-38B-Instruct 79.52 48.27 74.30 46.79

Table 3: Model performance on the English-translated version of K-Prism. All values denote accuracy (%).

Model Text Avg. (Black) Image Avg. (Black) Image Avg. (Occlusion)

Closed-source

GPT-4o-mini 60.70 23.30 11.23
Gemini-3.1-pro 54.70 30.30 16.37
Claude-4.7-opus 68.87 11.23 6.43

Open-source

Qwen3-VL-4B 63.90 31.30 2.00
Qwen3-VL-8B-Instruct 70.20 24.10 8.00
Qwen3-VL-8B-Thinking 66.10 33.50 14.30
Qwen3-VL-30B 64.80 40.20 18.10
Qwen3-VL-32B 67.90 42.30 30.10
HyperCLOVAX 67.00 56.10 37.90
LLaVA-OneVision-1.5-4B 68.00 34.40 16.50
Deepseek-VL-7B 20.80 11.20 3.20
A.X-4.0 71.60 16.50 2.00
Intern-VL3-14B 69.70 57.40 38.10
Intern-VL3-38B 68.00 71.50 49.50
Intern-VL3-38B-Instruct 69.10 79.30 59.50

Table 4: Model-wise average accuracy (%) under additional visual perturbations. Black-image replacement is
applied to both the text and image tracks, while occlusion is applied only to the image track.

Prior studies have shown that visual corruptions,
including noise, can affect visual grounding and
multimodal reasoning, suggesting that VLMs may
rely on learned language priors or superficial cues
when visual evidence becomes unreliable (Wang
et al., 2025; Shin et al., 2026; Favero et al., 2024).
In our setting, the perturbed mode is not intended
to simulate all possible real-world corruptions, but
rather to provide a standardized stress test for exam-
ining whether VLMs continue to produce confident
answers when reliable visual evidence is unavail-
able. This design allows K-Prism to measure hal-
lucination susceptibility arising from over-reliance
on language priors, answer-option biases, or mis-
leading cues under visually unreliable conditions.

Additional Perturbation Analysis. To examine
whether the observed evidence sensitivity is spe-

cific to Gaussian noise, we conduct additional per-
turbation experiments using black-image replace-
ment and occlusion. Black-image replacement is
applied to both the text and image tracks. For
the text track, the black image serves as a non-
informative visual input, whereas for the image
track, it replaces the original task-relevant visual
evidence. Occlusion is applied only to the image
track because it requires an original source image.
We randomly place multiple black boxes over the
source image while limiting the total occluded area
to at most 30% of the image. The textual question
and answer options remain unchanged under both
perturbation settings. Table 4 reports the model-
wise average accuracy under black-image replace-
ment and occlusion.

Compared with Gaussian noise, which results
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in average performance drops of 7.59%p on the
text track and 45.50%p on the image track, black-
image replacement produces a negligible 0.33%p
increase on the text track and a 36.73%p drop on
the image track. Occlusion produces a 52.69%p
drop on the image track. Although the magnitude
of degradation varies across perturbation types,
both black-image replacement and occlusion repro-
duce substantial performance degradation on the
image track. These results indicate that the visual
evidence-sensitivity observed in K-Prism is not spe-
cific to Gaussian-noise perturbation. In contrast,
the negligible change under black-image replace-
ment on the text track is consistent with the fact
that task-relevant evidence in this track is primarily
provided by the textual input.

E Examples

Text-track Perturbed-mode Examples Figure 6
presents representative text-track examples under
the perturbed mode. In the text track, the textual
question and answer options are kept unchanged,
while a non-informative visual input is provided
to maintain a consistent multimodal input format.
Since the textual evidence remains unchanged, the
gold answer is identical in both intact and perturbed
modes. Blue indicates the shared gold answer, and
red indicates the model prediction under the per-
turbed mode. The examples show that perturba-
tion can induce different failure patterns even when
the answer is available from the text. In the fac-
tual example, the model selects an uncertainty op-
tion although the correct answer is supported by
the given evidence. In the reasoning example, the
model chooses an anachronistic distractor, indicat-
ing a failure to reason over the historical relation
required by the question. In the misleading exam-
ple, the model selects a noise-based description
instead of recognizing that no specific visual evi-
dence supports the described performance scene.
These examples illustrate that the text-track per-
turbed setting can reveal over-uncertainty, reason-
ing errors, and susceptibility to visually irrelevant
cues.

Image-track Perturbed-mode Examples. Fig-
ure 7 shows representative image-track examples
under the perturbed mode. In the image track, the
original image contains the visual evidence needed
to answer the question, whereas the perturbed con-
dition removes or corrupts this evidence. We there-
fore distinguish the evidence-grounded answer un-

der the intact image from the expected answer un-
der the perturbed condition. Green indicates the
gold answer under the intact mode, blue indicates
the gold answer under the perturbed mode, and
red indicates the model prediction under visually
perturbed input. In the factual example, the intact
image supports the actual geometric composition,
whereas the perturbed condition makes the uncer-
tainty option appropriate; however, the model pre-
dicts a noise-like pattern. In the reasoning example,
the intact image supports the inference that the sub-
way line is Line 7, whereas the perturbed condition
no longer provides the required station-numbering
evidence; nevertheless, the model selects an unsup-
ported explanation caused by the perturbed visual
condition. In the misleading example, the distrac-
tor option introduces an unsupported claim that
the relevant colors or ingredients cannot be identi-
fied, even though the intact image provides clear
visual evidence. The model selects this misleading
option under perturbation, showing susceptibility
to option-level misleading cues. Together, these
cases illustrate that visual perturbation can shift
model predictions away from evidence-grounded
answers in different ways, including visual ground-
ing failure, reasoning failure, and susceptibility to
misleading assumptions introduced by answer op-
tions.

F Uncertainty Option Design

All 1,002 questions in K-Prism include an explicit
uncertainty option among the multiple-choice an-
swer choices. This design is consistently applied
to both the text and image tracks, as illustrated
in Figs. 6 and 7. The uncertainty option is in-
tended for cases where the provided evidence is
insufficient to support a definitive answer. Model
responses are evaluated based on whether they se-
lect this predefined uncertainty option when appro-
priate, rather than through free-form expressions
of uncertainty.

Perturbed-Mode Gold-Label Assignment. K-
Prism uses different gold-label assignments de-
pending on the evaluation mode. In the intact mode,
the gold label corresponds to the answer supported
by the original textual or visual evidence. In the per-
turbed mode, the controlled perturbation removes
the information needed to determine the original
answer. The explicitly provided uncertainty option
is used as the gold label.

A model response is considered correct in the
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(a) Factual

(b) Reasoning

(c) Misleading

Figure 6: Text-track examples under the perturbed mode. Blue indicates the shared gold answer for both intact and
perturbed modes, and red indicates the model prediction under the perturbed mode.

(a) Factual

(b) Reasoning

(c) Misleading

Figure 7: Image-track examples under the perturbed mode. Green indicates the gold answer under the intact mode,
blue indicates the gold answer under the perturbed mode, and red indicates the model prediction under visually
perturbed input.
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perturbed mode when it selects the designated un-
certainty option from the provided answer choices.
This allows the uncertainty option to be evaluated
using the same multiple-choice scoring framework
as the other answer choices.

Evaluation Prompt. Table 5 presents the prompt
template used for multiple-choice evaluation. Fol-
lowing the direct multiple-choice evaluation setting
of MMMU-Pro, models are instructed to select an
answer from the provided options. We adapt the
output format to a structured JSON response to
ensure consistent parsing across different model
families.

Multiple-Choice Evaluation Prompt

Question: {question}
Passage: {passage}
Options:
1. {option 1}
2. {option 2}
...
Rules:
- If there is one correct answer, include only one item
in the answers array.
- Output exactly one line of JSON. Do not include any
additional text, explanation, or Markdown.
Output format:
{"answers":[3]}
Answer JSON:

Table 5: Prompt template used for multiple-choice
evaluation.
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