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Abstract

The evaluation of expert-level multimodal ca-
pability remains constrained by a reliance on
English-centric corpora and translated approxi-
mations that fail to capture the nuances of local-
ized professional reasoning. To address this lim-
itation, we introduce KMMMU which is a na-
tive Korean benchmark constructed exclusively
from high-stakes professional and academic
examinations. The dataset comprises 3,466 ver-
ified image-text pairs spanning diverse disci-
plines and task types. These questions neces-
sitate the interpretation of information-dense
visual inputs including technical diagrams and
administrative tables where visual evidence is
indispensable for the solution. While scaling
and inference-time compute improve logical
reasoning, our results suggest that they do not
fully mitigate limitations in structural percep-
tion or cultural grounding. The observed dis-
parity between processing text-rich documents
and abstract diagrams points to ongoing chal-
lenges in structural visual reasoning. We hope
that KMMMU serves as a useful diagnostic re-
source to address these fine-grained visual and
institutional blind spots in future multimodal
systems.

1 Introduction

Multimodal Large Language Models have demon-
strated remarkable progress in visual recognition
and document understanding (Alayrac et al., 2022;
Kim et al., 2022; OpenAl, 2023; Team and Google,
2023; Li et al., 2023a; Liu et al., 2023; Bai et al.,
2023; OpenAl, 2025; Bai et al., 2025; Google
Cloud, 2025). However, current benchmarking
methodologies lag behind the complex environ-
ments where these systems are increasingly de-
ployed (Sun et al., 2024; Fu et al., 2024; Guan et al.,
2024) . Most existing evaluations rely on English-
centric datasets or translated variants of general
knowledge tasks (Li et al., 2023b; Yue et al., 2024).
This approach understates two critical challenges in

real-world deployment which are expert-level rea-
soning under high-stakes assessment formats and
deep localization that requires more than simple lin-
guistic fluency (Liu et al., 2024; Li et al., 2023b; Lu
et al., 2023; Huang et al., 2023; Son et al., 2025a).
Consequently, high scores on current leaderboards
often fail to reflect a model’s true proficiency in
specific cultural and professional contexts (Zhou
et al., 2023; Gudibande et al., 2023).

To contribute to addressing this gap, we in-
troduce KMMMU, a native Korean benchmark
designed to evaluate expert-level multimodal un-
derstanding. Unlike datasets derived from trans-
lation, KMMMU is constructed from sources in-
cluding the Public Service Aptitude Test, National
Technical Qualifications, academic Olympiads, and
National Competency Standards in South Korea.
These sources present problems that necessitate
reasoning over information-dense visuals such as
technical diagrams, administrative tables, and legal
schematics. The dataset comprises 3,466 quality-
assured questions curated through a hybrid pipeline
of automated digitization and multi-stage human
verification.

One distinguishing aspect of KMMMU is its
emphasis on institutional grounding. We include a
Korean-specific subset that targets domestic legal
frameworks, administrative procedures, and cul-
tural conventions, which helps separate general rea-
soning from localization demands. We also define a
hard subset from consensus failures of strong base-
lines to focus analysis on challenging instances.

Evaluations of proprietary and open-source mod-
els suggest that scaling and inference-time reason-
ing improve some logical tasks but do not fully re-
solve perceptual challenges. Even advanced models
struggle with structural visual parsing in diagrams
and with grounded knowledge needed for localized
expert problems. We hope KMMMU will serve as a
diagnostic benchmark for culturally grounded and
professionally relevant multimodal systems.



2 Related Works

Prior multimodal evaluation primarily addressed
general visual question answering (Goyal et al.,
2017; Hudson and Manning, 2019) or specific skills
such as chart and document understanding (Masry
et al., 2022; Methani et al., 2020; Mathew et al.,
2021; Singh et al., 2019). Recent initiatives have
introduced expert-oriented benchmarks to approxi-
mate professional problem solving (Lu et al., 2023,
2022; Zhang et al., 2024). We position KMMMU
within this landscape to address the specific require-
ments of Korean expert settings (Table 1).

Global Expert Benchmarks MMMU (Yue et al.,
2024) and its extensions like CMMMU (Zhang
et al., 2024) and JMMMU (Onohara et al., 2025)
evaluate broad reasoning across academic disci-
plines. While these benchmarks establish a rigorous
standard for expert evaluation, they generally rely
on globally oriented content and do not assess cul-
tural or institutional grounding. KMMMU diverges
from this approach by utilizing native sources from
the Public Service Aptitude Test and national tech-
nical qualifications. This design ensures the evalua-
tion captures the distinct legal and administrative
conventions of South Korea rather than relying on
translation.

Korean-Centric Benchmarks Existing Korean
resources often dissociate professional expertise
from multimodal capabilities. Benchmarks such
as KOFFVQA (Kim and Jung, 2025) focus on
general scene understanding but lack the com-
plexity required to test advanced reasoning. Con-
versely, KMMLU (Son et al., 2025a) and KMMLU-
Pro (Hong et al., 2025) provides a robust assess-
ment of expert knowledge but remains restricted to
a text-only format. Although the recent KO-VLM
suite (Marker-Inc-Korea, 2024) improves realism
through industrial document parsing, it prioritizes
information extraction over complex logic. KM-
MMU bridges this gap by presenting high-level
problems that demand multi-step quantitative rea-
soning on original visual formats. It integrates an
explicit Korean-specific flag to quantify localiza-
tion and serves as a complementary expert-level
benchmark in the field.

3 The KMMMU Benchmark

3.1 Data Collection and Annotation

KMMMU is constructed from high stakes na-
tional examinations and academic competitions in

South Korea. We select these sources to organize
problems that require advanced reasoning and do-
main knowledge rather than surface level pattern
matching. The benchmark draws from four primary
sources including PSAT, national technical quali-
fications, Olympiads, and NCS. Source specific
collection scope and examples are provided in Ap-
pendix A.

Annotation and quality control. We combine
automated extraction with manual verification.
Technical qualification exam data are collected
through web crawling, while other sources are digi-
tized using the MinerU-2.5 OCR system (Niu et al.,
2025). Five Korean annotators review each instance
to verify the question text, associated images, and
explanatory materials. Details on the verification
interface and the filtering protocol are provided in
Appendix B. The resulting dataset contains 3,466
curated questions.

3.2 Taxonomy and Dataset Composition

KMMMU is designed to evaluate expert-level mul-
timodal understanding across diverse domains and
problem formats. To support analysis beyond over-
all accuracy, we annotate each instance along four
axes: subject, task, visual modality, and question
format, together with a Korean-specific flag.

Labels and quality control. We assign each in-
stance to one of 45 fine-grained subjects aggregated
into 9 macro disciplines, and label the primary com-
petency required (task), the dominant visual form,
and the answer format. We mark items that require
institutional or culturally grounded knowledge spe-
cific to South Korea as Korean-specific. We obtain
initial subject and task labels using GEMINI-2.5-
FLASH-LITE, and visual modality labels and the
Korean-specific flag using GEMINI-2.5-FLASH,
followed by human consolidation. We validate la-
bel quality via a manual audit of roughly 300 ran-
domly sampled instances and manually verify all
positive cases for the Korean-specific flag. Addi-
tional implementation details are provided in Ap-
pendix B.2.

Distributions. Figure 1 shows broad coverage
across professional disciplines. KMMMU is domi-
nated by structure-heavy inputs such as diagrams,
document-style visuals, and tables (Table 2), and
many instances contain in-image text that re-
quires combining text extraction with multimodal
reasoning. KMMMU also includes 299 Korean-



Benchmark Year Language Subjects Expert Multimodal Native KO KO-Spec
Global Expert Multimodal Benchmarks

MMMU (Yue et al., 2024) 2023 EN 30 v v X X
CMMMU (Zhang et al., 2024) 2024 ZH 39 v v X X
JMMMU (Onohara et al., 2025) 2025 JA 30 v v X X
Korean-Centric Benchmarks

KOFFVQA (Kim and Jung, 2025) 2023 KO General X v v Low
KMMLU (Son et al., 2025a) 2024 KO 45 v X v High
KMMMU (Ours) 2025 KO 45 v v v High

Table 1: Comparison of KMMMU with the MMMU series and existing Korean-centric benchmarks. Expert
denotes college-level or professional expertise requirements. Native KO indicates construction from original Korean
sources rather than translation. KO-Spec refers to the inclusion of South Korean-specific legal, administrative, or

cultural context.
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Figure 1: Macro subject type distribution.

Visual Modality Count %
Diagram 1,751 50.52
Text, Code & Documents 869  25.07
Tables 549 15.84
Charts & Plots 151 4.36
Mathematics 88 2.54
Maps 23 0.66
Symbols & Art 22 0.64
Photographs 13 0.38

Table 2: Visual modality categories.

specific items that target localization and institu-
tional grounding, concentrated in domains such as
law and public administration. Detailed task and
question-format distributions are provided in Ap-
pendix D.

4 Experimental setup

4.1 Evaluated Models

We evaluate a diverse set of multimodal models
covering both proprietary and open-source systems.
The models are organized according to whether
they employ explicit reasoning mechanisms during

inference.

Non-reasoning models. This group consists of
instruction-tuned multimodal models that generate
answers in a single pass without an explicit reason-
ing mode. Our evaluation covers open-source mul-
tilingual models including GEMMA-3 (Team et al.,
2025) in the 4B, 12B, and 27B variants, QWEN3-
VL (Bai et al., 2025) in the 2B, 4B, 8B, 32B,
30B-A3B, and 235B-A22B variants, as well as the
LrLAMA-4 (Meta, 2025b,a) family with the Scout
and Maverick variants. We also include Korean-
focused multimodal models, VARCO-VISION-
2.0 (Cha et al., 2025) with 1.7B and 14B pa-
rameters and HYPERCLOVAX-SEED-VISION-
3B (NAVER HyperCLOVAX, 2025).

Reasoning models. We additionally evaluate
models that are designed to perform explicit
multi-step reasoning prior to producing a fi-
nal answer. This group consists of QWEN3-VL-
THINKING (Bai et al., 2025) variants with 30B-
A3B, 32B, and 235B-A22B parameters, as well
as the Korean reasoning model KO-REASON-G3-
12B (Son et al., 2025b). These models are con-
figured to internally allocate additional computa-
tion for structured reasoning, which is relevant for
problems requiring multi-step visual and domain-
specific analysis.

Frontier models. We report results on this subset
separately, including closed-source frontier mod-
els like GPT-5, CLAUDE-OPUS-4.5, GEMINI-3-
PRO, etc (OpenAl, 2025; Anthropic, 2025; Google
Cloud, 2025).

Hard subset. We define a hard subset to stress-
test failure cases that persist under strong baselines.



Specifically, we select examples that are answered
incorrectly by both GEMMA-3-27B and GEMINI-
2.5-FLASH-LITE. We report results on this subset
separately, including closed-source frontier models,
to better expose differences that are muted on the
full split.

4.2 Evaluation Protocols

For all models, All evaluations were conducted in
a zero-shot setting. Response generation was also
performed using either the officially recommended
decoding parameters provided by the model de-
velopers or the default settings when no explicit
recommendations were available. All models were
evaluated using the same prompt template across
all experiments, and no additional prompt-specific
tuning or parameter optimization was applied.

The primary metric is mean accuracy. We per-
formed 3 independent trials for each model, and
report the mean accuracy and the standard devia-
tion.

5 Results
5.1 Main Results

Table 3 reports accuracy by macro subject and over-
all average. Two patterns emerge. First, stronger
models benefit from scale, but scale alone is not
sufficient to close the gap on KMMMU. Second,
enabling reasoning mode produces broad improve-
ments that are most salient when questions require
multi step computation or constraint satisfaction
rather than direct recognition. This suggests that
KMMMU contains a substantial fraction of items
where thei limiting factor is not only perception but
also the ability to execute and verify intermediate
reasoning steps.

Open-source Korean models. Korean focused
open source models remain behind the strongest
multilingual open source baselines. This gap is
consistent across subjects, which indicates that im-
proved Korean coverage alone does not fully ad-
dress the benchmark demands. Instead, competitive
performance appears to require both robust visual
grounding and broad expert level knowledge across
domains.

Closed-source Frontier models. We addition-
ally evaluate frontier models on the hard subset.
Results reported in Table 4 show clearer separa-
tion among frontier models, suggesting that the sub-
set concentrates cases where shallow visual parsing

is insufficient and correctness depends on more re-
liable grounding and reasoning.

Cross-subject variability. Macro subject break-
down reveals that some domains are more stable
across model choices, while others exhibit larger
dispersion. This dispersion is consistent with dif-
ferences in localization and institutional grounding
requirements, which are more prominent in BUSI-
NESS & PUBLIC and LAW & ETHICS. In contrast,
subjects that are supported by structured visual evi-
dence tend to be less sensitive to the model choice.
We further quantify these patterns through macro
task analysis in Appendix E.

5.2 Performance on Korean-Specific Content

To test whether Korean-specific knowledge intro-
duces an additional bottleneck, we stratify items by
is_korean_specific and compare accuracy on
True versus False items. Appendix Table 18 re-
ports the counts and ratios of Korean-specific items
in the Full and Hard splits.

Localization as a remaining barrier. Across
stronger models, accuracy drops on the Korean-
specific subset even when performance on non-
Korean-specific items is high. This suggests that
these items are not simply harder samples from the
same distribution, but require additional localiza-
tion, including institutional conventions, adminis-
trative context, and culturally grounded constraints.

Interpreting small or positive gaps. Some
weaker models exhibit near-zero or even positive
differences between True and False. This does
not necessarily indicate better localization. When
overall accuracy is low, both subsets can approach
a similar error rate, which compresses the gap and
can occasionally reverse its sign. For this reason,
the stratified gap is most informative for models
that perform reliably on the non-Korean-specific
subset. We provide per-model stratified results in
Appendix Table 21.

5.3 Is LLM-as-a-Judge a Consistent
Evaluator?

Because KMMMU includes both multiple-choice
and free-form questions, we use LL.M-as-a-judge
for scalable evaluation. We run a controlled study
to assess prompt sensitivity under a fixed set of
model outputs.



Arts Business CS Law Math Natural Social Overall
Model & Design & Public &IT Engineering ~ General & Ethics & Stats  Sciences  Sciences Acc.
Open-Source Multilingual Non-Reasoning Models
Gemma-3-4B-IT 254004_10 20.181_00 1 1.761_35 12.14()_53 10.401_(,() 184994_7() 2.840_2] 7.49]_57 1 1.580_64 1 1.410_50
Gemma-3-12B-IT 304302.62 25992_43 19A141_gg 15.60[»()); 9.33 1.22 31.01 1.78 10.00[»7(] 1409]_50 16.602_56 16.680_42
Gemma-3-27B-IT 2273410 24.8925¢  20.3132 17.93) 84 1413441 2171375 1519506 17.40139 19.53325 18.63036
Qwen3-VL-2B-IT 24.62399  27.19198  20.41¢37 13.95¢ 48 9.07046 24.03067 1148303 11.5938 17.29135 15.59023
Qwen3-VL-4B-IT 23.11174  37.06133  25.95549 17.11p.95 13.60139 27.52393 1531140 1895078 23.712720  20.75032
Qwen3-VL-8B-IT 24.62174 4024, 28.571% 21.331 65 17.60000 31.01374 2494550 2396107 30.54070 25.42)53
Qwen3-VL-32B-IT 2727301 52.63216 36.73105 28.910.94 2427185 3721693 48.52455 40.07997 46.72533 37.08)3;
Qwen3-VL-30B-A3B-IT 25.76g53  50.0023  33.33303 26.44) 57 20.80212  31.78408 41.85525 38.31p13 37.10105 33.77044
Qwen3-VL-235B-A22B-IT 2348,37  57.79100 36.73146 31.581.19 2827395 35.66134 55.06183 44.1210p 49.37327 40.1003;
Llama-4-Scout-17B-16E-IT 2538328  52.19968  35.86154 30.201 26 2747323 3217067 3457107 3212950 39.61336 33.95054
Llama-4-Maverick-17B-128E-IT 284792_37 56.912_05 39.46]50 33.661V57 25.073_23 374982_93 44,322.04 39.981_01 47.702_74 39.200_33
Open-Source Korean Non-Reasoning Models
HyperCLOVAX-SEED-Vision-3B  21.59577  20.83p95  18.46¢.17 11.15¢0.50 12.00;39 21.71134 1025140 9.370.59 1632084 13.160.13
VARCO-VISION-2.0-1.7B 1818710  12.7233; 15.061 38 12.521.93 6.672.01 11.63403 593321 7.907.29 11.16072  11.03339
VARCO-VISION-2.0-14B 2424646  28.73201  26.63337 24.44 26 13.87231  27.52134 15.19974 1890171 25.80314 22.829 16
Reasoning Models
Qwen3-VL-30B-A3B-Thinking 34.091575 6425493 49.761021 49.81787 50.40909 41.86993 76.0559; 5843664 67.78654 55.76753
Qwen3-VL-32B-Thinking 2841341 62.83337  49.600 34 47.500.81 44.80349 36.82355 72.84183 569205 67.50189 53.73049
Qwen3-VL-235B-A22B-Thinking  23.8634; 64.04;16 45.87102 4577126 49.60367 36.05116 7543093 5889128 6527145 53.39.19
KO-REAson-G3-12B-1009 30.68197 5340063 47.425 15 55.82142 53.071220 32.56403 76.67128 57.05119 63.46169 55.90033

Table 3: Accuracy (%) on the full set by macro subject with overall accuracy. Overall accuracy is averaged
across all subjects. Mean accuracy is reported in percentage, with standard deviation shown as a subscript.

Arts Business CS Law Math Natural Social Overall
Model & Design & Public &IT Engineering  General & Ethics & Stats Sciences  Sciences Acc.
Gemini-3-Pro 69.010_29 57.843_40 69.300_76 64,101_27 64,241_32 63,461_92 60.786_79 824990_59 74.160_99 72~131.64
Gemini-3-Flash 60.270_15 52,942_94 61,402_74 54,212_77 55,931_32 47,444_34 54.903_40 73.81 1.56 65.172_46 66.670_95
GPT-5 515008 2843149 5175076  39.56201  43.5lra5 45511 3725340 7687212  59.55i54 61.75:80
GPT-5-Mini 4280033 17.65775 5395156 3114309  31.65220 32.0544s 29411010 7075156 52.8lg99  49.73341
Claude»Opus-4.5 42.580‘(,3 34-316.12 56.143.31 35.161_10 32,871_17 38,461_92 35.295.33 64497]'13 454822'8] 534553'4]
Claude-Sonnet-4.5 3400053 2157170 5570530 245435 2502113 224445 4118555 5646405 3620049 42.62308
Grok-4 424216y 2941500 421163 3663229  37.63300 333375  19.61349 57.82115 49.09075 44.265 54
Grok-4.1-Fast 3254110 274570 29.82331  19.05,6s  28.85125 25.00500 17.655g5 374115 455750 2623434
Mistral-Large-3-675B-Instruct-2512  23.39199  22.55679  35.53348 21.251 68 20.54260 19.872.94 15.69340 244904 2322334 327949

Table 4: Accuracy (%) on the hard subset by macro subject with overall accuracy. Overall accuracy is averaged
across all subjects. Results are reported as mean accuracy, with standard deviation shown as a subscript.

Evaluation protocol. We grade hard outputs
from three evaluated systems using two judge mod-
els with deterministic decoding (temperature 0).
For each judge, we compare three prompt templates
(P1-P3) and report accuracy on the full hard split
(N = 1,053). Prompt templates and additional de-
tails are provided in Appendix G.

Prompt-induced variation. Table 5 shows that
accuracy can vary noticeably across prompts even
when evaluated outputs are held fixed. This effect
is strongest for GEMINI-2.5-FLASH-LITE, indicat-
ing that in mixed-format settings, measured accu-
racy can be sensitive to prompt-specific parsing and
extraction behavior. GEMINI-3-FLASH exhibits
smaller variation, suggesting more stable grading
under prompt changes. Prompts with explicit an-
swer extraction can help when responses contain
long reasoning traces, but they may also introduce
additional failure modes when extraction is imper-
fect.

Takeaway. Overall, these results suggest that
LILM-as-a-judge can be useful for mixed-format

evaluation, but prompt choice meaningfully affects
reliability. In a small manual audit, P2 aligned most
closely with human judgments, while P3 occasion-
ally over-accepted answers when the extraction
step was imperfect.

6 Error Analysis

To identify the cognitive bottlenecks of current
MLLMs on KMMMU, we categorized failure cases
into five distinct types. Knowledge Shortage ag-
gregates failures where the model lacks relevant
domain rules or cannot correctly map the problem
statement to the appropriate knowledge. Reason-
ing Error covers coherent attempts that follow an
incorrect inference chain. Visual Perception Error
captures misreading or missing visual evidence in
diagrams, tables, or documents. Finally, Incomplete
Response and Hallucination represent output va-
lidity issues including truncated answers or unsup-
ported fabrications.



Gemini-3-Flash (Judge)  Gemini-2.5-Flash-Lite (Judge)

Evaluated Model Outputs (hard)

P1 P2 P3 Range P1 P2 P3  Range
Llama-4-Maverick-17B-128E-Instruct 25.7% 26.3% 26.0% 0.6 11.2% 19.9% 303% 19.1
Qwen3-VL-30B-A3B-Thinking 50.3% 56.6% 60.5% 102 37.5% 28.8% 53.4% 24.6
Gemini-3-Pro 68.1% 68.9% 68.6% 0.8 38.5% 52.9% 76.6%  38.1

Table 5: Prompt sensitivity of LLLM-as-a-judge on mixed-format evaluation. Accuracy is reported for three
judge prompts: P1 minimal binary verdict, P2 binary verdict with answer-format matching examples, and P3 parse-
then-judge that explicitly extracts the final answer before emitting the verdict. We also report Range (max—min

across P1-P3; percentage points) to summarize prompt-induced variation.

Error type
Knowledge Shortage
I Reasoning Error
Visual Perception Error
Incomplege / Invalid Response
Hallucination
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Figure 2: Error composition on the KMMMU hard split.

for each model.

6.1 The Shift in Cognitive Bottlenecks

Figure 2 illustrates that failure modes evolve as
model capability increases. To determine which
error types best predict performance ranking, we
performed a regression analysis detailed in Ap-
pendix H.

For open source models, the primary bottleneck
appears to be basic generation stability. Regression
analysis identifies Incomplete Response Rate as the
strongest predictor of ranking (8 = —0.09,p <
0.001) followed closely by Knowledge Shortage
(8 = —0.08,p < 0.001). This indicates that many
failures occur before the model can attempt com-
plex multimodal reasoning. In this regime, Visual
Perception Error has a smaller statistical impact
(8 = —0.035) which is consistent with a survivor-
ship effect where instability and missing knowl-
edge dominate first.

For frontier models, the landscape changes sig-
nificantly. As output validity failures decrease, bot-
tlenecks concentrate on substantive task difficulty.
While Knowledge Shortage remains the top pre-
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We report the number of failures in each error category

dictor (5 = —0.05,p < 0.001) reflecting the ex-
pert domains of KMMMU, Visual Perception Error
rises to become the second most critical bottleneck
(B = —0.045,p < 0.001). This shift implies that
once stability issues are resolved, fine grained vi-
sual understanding becomes the limiting factor for
further gains.

6.2 Perceptual Bottlenecks and Structural
Reasoning

To localize this perceptual limitation, we measured
the visual perception error rate across different
modalities as summarized in Table 6. The results re-
veal a stark contrast between text anchored modali-
ties and structurally abstract ones. Models demon-
strate high proficiency on text rich inputs such as
Text, Code & Documents and Tables with minimal
visual perception errors. This indicates that frontier
models have effectively solved OCR based percep-
tion. However, performance degrades sharply on
abstract visual inputs like Charts & Plots and Dia-
grams. Failures in these categories suggest that the



Visual Perception Count
Visual Modality Error (%) (N)
Charts & Plots 39.11% 381
Diagrams 21.87% 4,386
Symbols & Art 19.67% 61
Mathematics 16.38% 232
Maps 11.63% 43
Photos 8.82% 34
Tables 548% 1,753
Text, Code & Documents 3.35% 2,360
Others 2.50% 40

Table 6: Visual Perception Error Rate by Modality
in Frontier Models.

Text, Code . Charts
Model & Docs Tables Diagrams & Plots
Gemini-3-Pro 41.7% 18.8% 30.4% 27.9%
Gemini-3-Flash 48.9% 27.2% 40.4% 32.6%
GPT-5 66.7% 25.2% 49.1% 51.2%
Claude-4.5-Sonnet 73.1% 39.1% 70.8% 69.8%

Table 7: Error rate comparison by visual modality
among frontier models. We report error rates on the
hard split for major modalities.

challenge lies not in transcription but in preserving
relational structure such as connectivity and layout
dependent constraints.

This structural gap explains the performance
advantage of GEMINI-3-PRO shown in Table 7.
While most frontier models struggle with schematic
inputs, GEMINI-3-PRO maintains significantly
lower error rates on diagrams. This stability sug-
gests stronger robustness to relational visual repre-
sentations which effectively bridges the bottleneck
between visual encoding and downstream reason-
ing.

6.3 Impact of Reasoning mode

We evaluated the impact of reasoning mode by
comparing the QWEN3-VL series in standard in-
struction tuned (IT) form versus reasoning mode.
Table 8 shows that reasoning mode yields large
accuracy gains across model scales. Our analysis
indicates that the thinking process primarily miti-
gates output stability issues and knowledge deficits.
Comparing QWEN3-VL-30B variants reveals that
incomplete responses are nearly eliminated and
knowledge shortages are reduced. However, visual
perception errors comprise a larger share of the re-
maining failures in reasoning models. This implies
that while reasoning can refine logic and knowl-
edge application, it cannot hallucinate correct vi-
sual details from a misperceived image embedding.

Base Model Instruct (IT) Thinking Gain (A)
Qwen3-VL-30B-A3B 33.95% 55.76% +21.81%
Qwen3-VL-32B 33.77% 60.28% +26.51%
Qwen3-VL-235B 40.10% 58.87% +18.77 %

Table 8: Accuracy gains from enabling reasoning
mode in QWEN3-VL. We compare instruction tuned
models with their reasoning mode variants on the same
evaluation setting.

6.4 Lessons from Error Patterns

Our error analysis points to three areas where
progress appears most needed. First, the modality
gap suggests that transcription oriented pretraining
alone may not be sufficient for structural visual
reasoning, motivating objectives that emphasize ex-
plicit structure extraction. Second, the persistence
of knowledge shortages even in frontier models in-
dicates that linguistic proficiency is not the same as
institutional grounding, and that stronger coverage
of Korean administrative and legal contexts may be
important. Finally, the limited impact of reasoning
mode on perceptual errors implies that long-form
reasoning can drift away from the original visual
evidence, suggesting a need for mechanisms that
encourage iterative visual re-attention during infer-
ence.

7 Ablation Study

7.1 Evaluation of Image-Dependency

Model Original Text-only
Gemini-3-Flash 64.91()‘11 37. 14048
GPT-5-Mini 47.630.33 23.18¢.29

Table 9: Ablation results for image dependency. We
compare the average accuracy and standard deviation
(Accgq) of models on the original multimodal dataset
versus the text only baseline.

To verify the validity of KMMMU as a multi-
modal benchmark, we evaluate the degree to which
models rely on visual information to solve the prob-
lems. A robust visual reasoning benchmark should
contain questions that are difficult or impossible to
answer without access to the corresponding images.
We conduct a text only baseline experiment where
the models receive the textual question and options
but the visual input is entirely omitted. Table 9
presents the performance gap between the origi-
nal multimodal setting and the text only setting for
GEMINI-3-FLASH and GPT-5-MINI. The results



indicate that the removal of images leads to a sig-
nificant degradation in accuracy for both models.
GEMINI-3-FLASH shows an average accuracy drop
of 27.77% while GPT-5-MINI exhibits a decrease
of 24.45%. This substantial performance decline
demonstrates that KMMMU effectively captures
the necessity of visual information. The models
cannot rely solely on textual context or internal
knowledge to solve a large majority of the tasks.
The high performance gap confirms that our bench-
mark successfully measures the ability of models
to integrate and reason over multimodal inputs.

7.2 Data Contamination Analysis

To assess the risk of memorization, we run a prefix
completion test in which models receive the first
35% of a question and generate the remaining con-
tinuation. We apply this test to questions longer
than 150 tokens and evaluate three frontier models
under two settings. The first setting provides no ad-
ditional metadata. The second setting provides the
exam name and year as a potential memorization
trigger.

We evaluate reconstructions using an LLM as a
judge. We use GEMINI-3-FLASH to score exact-
ness on a 0 to 100 scale based on lexical overlap,
key detail preservation, and overall faithfulness to
the reference question. We also report refusal and
hallucination rates to characterize behavior under
incomplete prompts.

Across all sources, GPT-5-MINT and GEMINI-
3-PRO mostly refuse to complete the continuations,
with refusal rates typically above 95%. This behav-
ior is consistent with safety and policy training that
discourages reproducing exam materials. GEMINI-
3-FLASH attempts completions more often, but its
exactness remains low and does not systematically
increase in the hinted setting. These trends suggest
that observed benchmark performance is unlikely
to be explained by simple memorization. Full re-
sults by source, model, and hint setting are reported
in Appendix Table 26.

8 Conclusion

We introduced KMMMU, a native Korean bench-
mark designed to evaluate expert-level multimodal
understanding in real-world assessment settings.
KMMMU is built from South Korean examina-
tions and competitions and comprises 3,466 care-
fully verified questions with information-dense vi-
suals, broad subject coverage, and rich annotations

for subject, task, and visual modality. To better
disentangle general capability from localization,
we additionally curated a Korean-specific subset
that requires institutional grounding, and we con-
structed a hard subset to concentrate frontier-level
failure cases.

Our evaluations across open-source, Korean-
focused, and frontier multimodal models reveal
a clear capability gradient, but also a consistent
set of remaining bottlenecks. While larger mod-
els and reasoning mode generally improve accu-
racy on problems that demand multi-step compu-
tation or constraint satisfaction, they do not fully
resolve perceptual challenges. Error analyses indi-
cate that once output stability improves, failures
increasingly concentrate on structural visual under-
standing and grounded domain knowledge, with
diagrams and plots remaining particularly error-
prone.

Taken together, these results position KMMMU
as a diagnostic benchmark for the next stage of
multimodal research: models that robustly preserve
relational structure in complex visuals and that
exhibit institutionally grounded reasoning in lo-
calized professional contexts. We hope KMMMU
will serve as a reference point for developing cul-
turally aware and professionally competent multi-
modal systems, and for evaluating progress beyond
English-centric or translation-based testbeds.

Limitations

Coverage and representativeness. Although
KMMMU spans many disciplines, it is not a com-
prehensive model of all real-world multimodal use
cases. The benchmark is exam-centric and empha-
sizes information-dense, structure-heavy visuals
(e.g., diagrams and documents), so performance
may not directly transfer to everyday perception,
interactive settings, or non-exam domains.

Annotation noise and taxonomy subjectivity.
Subject, task, and modality labels are ultimately
based on human consolidation of initial model-
proposed annotations, and some categories admit
ambiguous boundaries. While we audit a random
subset and manually verify all Korean-specific pos-
itives, residual label noise is likely, especially for
fine-grained subjects and multi-skill questions.

Evaluation noise for mixed-format answers.
Because KMMMU includes both multiple-choice
and free-form items, scalable evaluation relies on



LLM-as-a-judge, which can be sensitive to prompt
design and answer formatting. Despite using deter-
ministic decoding and spot-checks, some grading
errors may remain, particularly when responses
are verbose, underspecified, or unconventional in
format.
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A Data Sources and Collection Scope

KMMMU is collected from four high stakes
sources in South Korea. We summarize the col-
lection scope for each source below.

Al PSAT

We annotate ten years of past examinations from
civil service recruitment tracks. The PSAT includes
Language Logic, Data Interpretation, and Situa-
tional Judgment sections that assess logical reason-
ing and information integration.

A.2 National Technical Qualifications

We collect fifteen years of questions from 252
distinct certification exams, including Information
Processing Engineer, Electric Engineer, and Fire
Safety Manager. These exams cover a wide range
of technical domains across industrial and engineer-
ing fields.

A.3 Olympiads

To incorporate academically challenging reasoning
problems, we gather ten years of Olympiad ques-
tions spanning middle school, high school, and
university levels. The collected problems focus pri-
marily on mathematics and science.

A4 NCS

We include three years of National Competency
Standards examinations covering all ten compe-
tency areas, such as Communication, Numeracy,
and Problem Solving. These exams are used in
recruitment for public sector organizations.

B Annotation and Quality Control Details

The construction of KMMMU uses a rigorous
pipeline that combines automated processing with
human verification to ensure high data fidelity.
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B.1 Human Verification Interface

We utilized a custom built annotation tool to verify
and correct the output of the OCR pipeline. Raw
data digitized by MinerU-2.5 (Niu et al., 2025) of-
ten contained artifacts and formula errors. Figure 3
shows the interface where five Korean annotators
reviewed the parsed content against the original
PDF source. Annotators were instructed to

* Correct LaTeX formatting for mathematical
formulas

* Verify that image references in the text
matched the cropped images

* Discard questions where essential visual in-
formation was illegible or missing

B.2 Automatic Labeling and Taxonomy
Consolidation

We annotate several auxiliary attributes to sup-
port analysis and stratified reporting, including
subject, task, image type, and a Korean-specific
flag. Initial subject and task labels are produced by
GEMINI-2.5-FLASH-LITE. Image-type labels and
the Korean-specific flag are produced by GEMINI-
2.5-FLASH. For each labeling job, the model is
given the question text and its associated image
and outputs the most appropriate label.

We use an open labeling step that does not con-
strain predictions to a fixed label set. This reduces
forced assignments when an instance does not
cleanly match a predefined taxonomy. All label
types are generated independently.

Manual audit and consolidation We conduct a
manual audit by randomly sampling around 300 in-
stances and reviewing the assigned labels. Based on
the audited outputs, we consolidate the subject tax-
onomy through human curation into 45 sub-subject
categories and 9 macro subject categories. Task la-
bels are also consolidated through human review
into a final set of 11 task types.

Verification of Korean-specific cases Because
false positives can inflate localization analyses, we
manually verify all instances labeled as Korean-
specific. We confirm that each positive case re-
quires Korean-specific knowledge or context rather
than general world knowledge expressed in Korean.
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Figure 3: Annotation tool interface used for OCR verification. The tool displays the original PDF page on the left
and the parsed text and images on the right, allowing annotators to correct OCR errors and validate image cropping

in real time.

B.3 Adversarial Filtering Protocol

To ensure the benchmark evaluates frontier level
capabilities, we implemented a multi stage adver-
sarial filtering process designed to remove trivial
samples that can be solved by existing mid tier
models. We follow the rejection strategy below.

1. De duplication. We removed duplicate ques-
tions across different exam years using percep-
tual hashing for images and n gram overlap
for text.

Model based adversarial filtering. We
employed a cascade of multimodal mod-
els including INTERNVL-3.5-38B (Wang
et al., 2025), GEMINI-2.5-FLASH-LITE, and
GEMINI-2.5-FLASH (Comanici et al., 2025).
If any of these models answered a question
correctly with high confidence, the instance
was excluded. This ensures that KMMMU
focuses on the challenging tail of the distribu-
tion.

We initially collected approximately 68,000 raw
samples. After removing invalid image links and
duplicates, we apply multi stage adversarial filter-
ing with frontier multimodal models to exclude
trivial items and questions solvable without visual
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reasoning. The resulting dataset contains 3,466 cu-
rated questions.

C Korean-Specific Context

To provide a concrete understanding of the KM-
MMU benchmark, we present a detailed visualiza-
tion of a "Korean-Specific" instance in Figure 4.
Standard multimodal benchmarks often rely on uni-
versal knowledge (e.g., physics, basic math) that is
invariant across cultures. In contrast, KMMMU in-
cludes a dedicated subset of questions that require
localized knowledge. Figure 4 shows a sample data
card from the dataset. The input consists of an im-
age containing a specific regulation text and the
corresponding question. As shown in the transla-
tion panels, the model must interpret the visual text
("extraction area slope criteria") specifically within
the context of the South Korean Mountainous Dis-
tricts Management Act to identify the correct le-
gal standards (Option 3). This necessitates that the
model possesses not only optical character recog-
nition capabilities but also grounded knowledge of
Korean administrative laws.

D Detailed Dataset Statistics

In this section, we provide a granular breakdown of
the dataset composition. Beyond the overview (Ta-



Korean Specific Question

[Original Image]
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[Image Context Translation]

Image Context: The average slope of

the extraction area must be @ or less.
Regarding the slope of the cut surface
after extraction... it must comply with

[English Translation]

Question: These are the criteria for soil and stone
extraction permits determined by the Presidential
Decree under the Mountainous Districts
Management Act. What fits in the parentheses ()?

the criteria of @ Options:
(1) ®45° ,@1:0.50r less
(2) ®45° ,@1:0.4orless
B)®35 ,@1:0.50rless
(4)®35 ,@1:0.40rless

Figure 4: Data Card for a Korean-Specific Question. The figure aggregates the raw inputs and their translations.
[Original Image] The original visual input containing a text-rich regulation box. [Original Question] The original
question text in Korean. [Translation] English translations for both the visual context and the question. Correctly
answering this question requires retrieving specific legal provisions regarding slope limits for soil extraction permits
in South Korea, demonstrating the benchmark’s focus on localized expert knowledge.

ble 10), we report (i) the distribution of fine-grained
subject categories (Table 11), (ii) the macro task
distribution (Table 12), (iii) the question format
distribution (Table 13), and (iv) the taxonomy of
visual modalities (Table 14).

Statistic Count
Total Questions 3,466
Macro Subject Categories 9
Sub-Subject Categories 45
Macro Visual Modality Types 8
Macro Task Types 11
Question Types 5

Questions with in-image texts
Questions w/o in-image texts
Korean-specific questions

2,383 (68.75%)
1,083 (31.25%)
299 (8.63%)

Table 10: Dataset overview. We report counts and per-
centages for key attributes such as in-image text and
Korean-specific content.
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D.1 Subject Category Distribution

Table 11 details the frequency of questions across
45 fine-grained subject categories. The distribution
reflects the emphasis on STEM (Science, Technol-
ogy, Engineering, and Mathematics) fields, with
Physics, Civil Engineering, and Mechanical En-
gineering constituting the largest portions. This
heavy tail in engineering disciplines ensures that
KMMMU serves as a robust benchmark for techni-
cal domain expertise.

D.2 Macro Task Distribution

Table 12 summarizes the distribution of macro task
labels. This breakdown clarifies what primary com-
petency is most frequently required by KMMMU
(e.g., concept application, data and visual interpre-
tation, and quantitative reasoning), and supports
task-wise analyses in later sections.

D.3 Question Format Distribution

Because KMMMU contains both multiple-choice
and free-form items, the answer format affects eval-



uation difficulty and failure modes. Table 13 reports
the distribution of question formats in the bench-
mark.

D.4 Visual Modality Taxonomy

Table 14 presents our hierarchical visual taxonomy.
We grouped fine-grained visual types into 8 super-
categories. Diagrams (including circuit, mechani-
cal, and structural diagrams) are the most dominant
modality (49.9%), reflecting the dataset’s focus on
professional schematics interpretation. To provide
visual references for these categories, we display
representative examples in Figure 5.

D.5 Question Type Taxonomy

Table 15 summarizes the distribution of answer for-
mats within each macro subject. This table clarifies
which subjects are dominated by multiple choice
items versus numerical or descriptive responses.
It also provides context for interpreting task-wise
performance, since answer format affects both eval-
uation difficulty and failure modes.

D.6 Analysis of the Hard Subset

To further analyze model performance on the most
challenging instances, we identified a "Hard Sub-
set" (N = 1,053). This subset consists of ques-
tions that require complex multi-step reasoning
and were frequently answered incorrectly during
our pilot evaluation with open-source models. Ta-
ble 17 shows the distribution of tasks within this
hard subset. Notably, Data and Visual Interpreta-
tion and Concept Application dominate this subset,
suggesting that the primary difficulty for current
models lies not in simple knowledge recall, but in
the synthesis of visual data with domain concepts.
We also report the prevalence of Korean-specific
items by split in Table 18. The Hard set contains
104 Korean-specific questions (9.92%), which is
slightly higher than the Full set (8.63%), indicating
that localization-heavy items are somewhat over-
represented among challenging instances.

E Macro-task Performance Breakdown

This appendix provides extended quantitative re-
sults that are omitted from the main text due to
space constraints. We report macro-task perfor-
mance breakdowns and dataset composition statis-
tics to support replication and alternative aggrega-
tions.

Table 19 reports per-model accuracy by macro
task on the full split. This breakdown complements
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the macro-subject analysis by separating items that
may share subject coverage but require different
operations such as information extraction, multi-
step reasoning, or quantitative computation. Values
are reported as mean and standard deviation over
three runs.

Table 20 reports the same macro-task breakdown
on the hard subset. The hard subset magnifies fail-
ure modes that survive after removing easier in-
stances, so the task-wise profile can shift even when
the model ranking is preserved.

F Korean-Specific Performance
Breakdown

This appendix reports a per-model breakdown
of performance on Korean-specific content. We
partition the benchmark using the binary flag
is_korean_specific and compute accuracy sep-
arately on True and False subsets. We also report
the gap in percentage points as A = AcCrrye —
Accpalse. All values are reported as mean and stan-
dard deviation across three runs.

F.1 Subset Size

Table 18 reports the number of Korean-specific
items in the full and hard splits. Because the True
subset is smaller, the variance of Accrrye can be
higher, and A should be interpreted together with
both subset sizes. Because the True subset is rela-
tively small, both Accrre and A can have higher
variance than their False counterparts. We there-
fore interpret A together with subset sizes and the
reported standard deviations.

F.2 Per-model Results

Table 21 reports per-model accuracy on Korean-
specific content for the full split. Models are sorted
by A to highlight which systems degrade most
on localized content. A small or positive A is not
sufficient evidence of localization strength when
the overall accuracy is near a shared error floor.
When A is small, differences can fall within run-to-
run variation, especially on the smaller True subset.
Accordingly, we treat large negative A as stronger
evidence of a localization bottleneck than near-zero
or positive values at low absolute accuracy.

Table 22 reports the same breakdown for the hard
split. The hard split can also change the prevalence
of Korean-specific items, so we report both split-
level sizes (Table 18) and per-model breakdowns
for transparency.
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Figure 5: Representative examples for each visual modality category. KMMMU requires models to interpret
various distinct visual formats, including specialized engineering diagrams and South Korean geographic maps.

G Additional Analysis on Prompt

Sensitivity of LLM-as-a-Judge

We conduct a lightweight manual check to com-
pare judge prompts against human verification.
P2 matches human judgments most consistently.
While P3 can reduce some format-related ambigu-
ity by extracting a final answer, we observe cases
where imperfect extraction leads to overly permis-
sive verdicts, suggesting that explicit parsing can
introduce additional failure modes.

Prompt-induced variation. Table 5 shows that
measured accuracy can vary substantially across
prompts even when the evaluated outputs are held
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fixed. The effect is most pronounced for GEMINI-
2.5-FLASH-LITE, indicating sensitivity to prompt-
specific parsing and extraction behavior in mixed-
format grading. In contrast, GEMINI-3-FLASH ex-
hibits smaller variation, suggesting more stable
grading under prompt changes.

Implications for evaluation. These results high-
light that reported accuracy reflects not only model
behavior but also the reliability of the grading pro-
tocol. Accordingly, prompt choice should be vali-
dated with spot-checks when grading mixed-format
outputs.



G.1 LLM-as-a-Judge Prompt Templates

We adopt an LLLM-as-a-judge protocol compatible
with mixed-format questions. Table 23 lists the
three templates used in our experiments, and the
main text quantifies their prompt sensitivity under
fixed evaluated outputs. Table 23 lists the three
prompt templates used in our experiments.

H Detailed Regression Analysis

To rigorously quantify the impact of distinct failure
modes on overall performance, we conducted an
Ordinary Least Squares (OLS) regression analysis.
The dependent variable was the overall accuracy of
each model, while the independent variables were
the error rates for the five error categories catego-
rized in Section 6. We standardized all independent
variables to unit variance to allow for a direct com-
parison of the resulting 5 coefficients. A negative
coefficient indicates that an increase in that specific
error type correlates with a decrease in overall ac-
curacy, identifying it as a performance bottleneck.

Table 24 presents the standardized coefficients
for both open-source and frontier model groups.
For open-source models, the analysis identifies In-
complete Response as the most statistically sig-
nificant predictor of performance ranking (8 =
—0.088, p < 0.001). This is closely followed by
Knowledge Shortage (6 = —0.081, p < 0.001).
These figures suggest that the primary constraints
for these models lie in generation stability and do-
main knowledge availability. Conversely, Visual
Perception Error exhibits a relatively smaller im-
pact (8 = —0.035), consistent with a survivorship
bias where models frequently fail due to instruc-
tion following or knowledge deficits before visual
perception becomes the deciding factor.

In the frontier model regime, the regression co-
efficients indicate a fundamental shift in critical
challenges. The impact of Incomplete Response di-
minishes to a negligible level (8 = —0.007), con-
firming that generation stability issues are largely
resolved. However, Knowledge Shortage remains
the dominant predictor (8 = —0.052) reflecting
the high difficulty of the expert domains in KM-
MMU. Most notably, Visual Perception Error rises
in relative importance to become the second most
critical bottleneck (3 = —0.045). This statistical
evidence supports the conclusion that expert-level
multimodal proficiency is increasingly bounded
by fine-grained visual understanding once founda-
tional capabilities are established.
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I Per Model Error Rates by Image Sub
Category

This section provides a fine grained view of model
behavior by reporting error rates for frequent im-
age sub categories on the hard split. We include
sub categories with at least 10 samples to reduce
instability from small counts. For each sub cate-
gory, we report the number of evaluated instances,
the number of errors, and the resulting error rate.
This breakdown is intended to support qualitative
interpretation of the main text rather than to rank
models on rare categories.

J Data Contamination Analysis Details

To assess the risk of memorization, we conduct a
prefix completion test in which a model is given
the first 35% of a question and asked to reconstruct
the remaining 65%. We run this experiment on
questions longer than 150 tokens to ensure that
the continuation is non-trivial. We evaluate three
frontier models under two settings. The first is a
no-hint setting. The second is a hinted setting that
provides the exam name and year, which can serve
as a potential trigger for recall.

Evaluation with LLM-as-a-Judge We score re-
constructions using an LLLM-as-a-Judge framework
based on GEMINI-3-FLASH. The judge compares
the reconstructed continuation against the reference
question and outputs an exactness score on a 0 to
100 scale. The rubric emphasizes lexical overlap,
preservation of key details such as numbers, enti-
ties, and constraints, and overall faithfulness to the
reference. The judge is instructed to be strict and
to award high scores only when the reconstruction
closely matches the original text. In addition, the
judge flags whether the model refused and whether
it hallucinated unsupported details.

Results and interpretation Table 26 reports
mean exactness, median exactness, refusal rate,
and hallucination rate for each source and hint set-
ting. Two patterns are consistent across sources.
First, GPT-5-MINI and GEMINI-3-PRO exhibit
very high refusal rates, often above 95%, and near-
zero exactness in both settings. This behavior is
consistent with training that discourages reproduc-
ing exam materials, which reduces the practical
risk of direct leakage. Second, GEMINI-3-FLASH
attempts completions more frequently and achieves
higher mean exactness, but the scores remain low
overall and do not reliably increase in the hinted



setting. In some sources, hinted prompts reduce

Subject Category Count
exactness. Together, the absence of consistently -

. . Physics 474
high exactness scores and the lack of systematic Civil & Structural Engineering 332
improvement under hints suggest that benchmark Mechanical Engineering 223

; ; ; ; Electrical & Electronics Engineering 221
perforrr.lan?e is unlikely to be explained by simple Computer Science T
memorization. Statistics & Probability 149

Mathematics 121
Business Administration & Management 104
Environmental Science & Engineering 99
Geography & Spatial Studies 95
Manufacturing & Production Engineering 90
Public Administration & Policy 89
Design & Visual Arts 88
Chemical Engineering 76
Chemistry 75
Law & Legal Studies 74
Materials Science & Metallurgy 69
Information Technology & Systems 69
General Knowledge & Interdisciplinary 67
Industrial & Systems Engineering 64
Architecture & Urban Studies 57
Human Resources & Organizational Studies 56
Linguistics & Language Studies 54
Biology 43
Safety, Risk & Reliability Engineering 42
Data Science & Analytics 41
Finance & Accounting 40
Sociology & Social Sciences 36
Economics 33
Earth & Geological Sciences 33
Library, Archival & Information Science 30
Transportation & Logistics 29
Agriculture & Life Sciences 27
Software & Programming 27
Astronomy & Space Science 26
Psychology 22
Cognitive & Behavioral Sciences 20
Biomedical & Health Sciences 20
Communication & Media Studies 17
Education & Pedagogy 16
Marketing & Consumer Studies 15
Ethics & Philosophy 12
Artificial Intelligence & Machine Learning 12
Energy & Power Systems 11
Sports & Exercise Science 4

Table 11: Distribution of Subject Categories in KM-

MMU
Macro Task Count %
Concept Application 948 27.35
Data & Visual Interpretation 852 24.58
Quantitative Reasoning 516 14.89
Knowledge Recall 347 10.01
Language Understanding 183 5.28
Geometry & Spatial Reasoning 155 4.47
Information Extraction & Classifica- 134 3.87
tion
Logic & Rule Reasoning 119 343
Optimization & Planning 107 3.09
Code & Debugging 58 1.67
Other 47 1.36

Table 12: Macro task distribution.
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Question Type Count %

Multiple Choice (Single Answer) 2,851 82.25
Multiple Choice (Multiple Answers) 347 10.01
Short Answer (Numerical / Calculation) 176 5.08
Short Answer (Text) 69 2.00
Descriptive 23 0.66

Table 13: Question type distribution.

18



Super-category Sub-category Count

diagram_mechanical 726
diagram_structural 391
diagram_circuit 330
. diagram_flowchart 103
Diagrams (1,731) diagram_network 67
diagram_geologic 43
diagram_chemical 42
diagram_biological 26
text_only 456
Text, Code & text_blank 276
Documents (869) document_scan 105
text_code 32
table_data 508
Tables (549) table_blank 40
. math_geometry 65
Mathematics (88) math_function 23
chart_line 109
chart_bar 18
Charts & Plots (151)  chart_scatter 13
chart_pie 5

Others (mixed, box, radar)
map_geographic 8
map_topographic 7
Maps (23) map_weather 5
map_astronomy 3
Symbols & Art (22) syr_nb_ol_plctogram 16
painting 8
photo_general 11
Photographs (13) Others (astronomy, organism) 2

Table 14: KMMMU Dataset Visual Modality Taxonomy. We organize fine-grained visual sub-categories into a
set of semantically coherent super-categories to support structured analysis of multimodal reasoning. The dataset is
rich in technical diagrams and document-based visuals.

Multiple Choice Multiple Choice Short Answer Short Answer
Macro Subject (Single Answer) (Multiple Answers) (Text) Descriptive  (Numerical)
Engineering 1142 39 5 2 26
Natural Sciences 486 170 15 14 112
CS &IT 315 13 6 2 7
Business & Public 265 31 4 0 4
Math & Stats 175 64 9 1 21
Social Sciences 206 28 4 0 1
General 90 1 25 4 5
Arts & Design 88 0 0 0 0
Law & Ethics 84 1 1 0 0

Table 15: Dataset attributes by macro subject and answer type.
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Table 16: Macro Subject Distribution in the KMMMU
Hard Set

Macro Subject Count

Engineering 357

Natural Sciences 267

Math & Stats 98

CS &IT 91

Business & Public Admin 76

Social Sciences 61

General/Interdisciplinary 52

Arts & Design 34

Law & Ethics 17

Total 1,053
Macro Task Count %o
Data & Visual Interpretation 299 28.40
Concept Application 274 26.02
Quantitative Reasoning 123 11.68
Knowledge Recall 112 10.63
Language Understanding 67 6.36
Logic & Rule Reasoning 44 417
Optimization & Planning 39 370
Information Extraction & Classifica- 35 332
tion
Geometry & Spatial Reasoning 33 3.3
Code & Debugging 15 142
Other 12 1.13

Table 17: Macro task distribution on the hard subset.
Percentages are computed over the hard subset (N =
1,053).

Split  Korean Specific  Not Korean Specific  Ratio (%)

Full 299 3167 8.63
Hard 104 949 9.92

Table 18: Number of Korean-specific questions each
in Full and Hard sets.
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Concepl  Data & Visual Quantitative Knowledge Geometry & Spatial  Info Extraction  Logic & Rule  Optimization  Code & Overall
f s,

Model Application  Interpretation  Reasoning Recall  Language U &Planning  Debugging ~ Other Acc
clovaX-3b 1347064 1111038 8.140.67 17.48033 19.67, 50 7741711 2313559 2045, 94 13.082.47 1552170 993246 131603
gemma3-12b 20.250,11 16.741.36 8.850.62 22.380,60 13.300.63 925074 1891262 2297397 14.641 05 1494350 922153 166804
gemma3-27b 20.96034 18.540.41 131812 2488, 14.39; 5 10.117.40 23385 18.49, 2, 16.20; 95 22999, 184445 1863036
gemma3-4b 14.241 0 8.841.42 549999 21.23109 14.03270 452065 13.180.43 12.04257 6.85143 1207456 85156 1141050
Koreason 4778, 60.33123 766800 384213 36.07,.50 75.480,65 46.771.14 5154355 66.36000 4770199 7589443 55.9003
llama-4-maverick 37.0602 43.700.24 415412 3987109 3060413 32.261.29 44.78) 29 3501097 3801270  39.6617 2340369 392003
llama-4-scout 317216 35.800.59 34241 3612044 2641135 3097159 46.521 1 34.73340 34.5855s 2874495 32.6259; 3395054
qwen3-2b 17.580.70 14.55) 24 9.11103 22,191 04 15.4855 8.39) 04 2637114 2185, 1246, 43 977350 8.5lggo  15.5%2
qwen3-30b-a3b 30.59,9, 3932047 339067 335307 282303 17.85037 4577300 35.57431 3956070  287dssy 255353 337704
qwen3-30b-a3b-think 47.157 1 63.037.43 69.1255;  44.1905 38.985 05 66.8810.65 50.75489 543411 16 7072595 45981122  60.9%g; 55.76753
qwen3-32b 33.300.76 43.151 39 3953105 3516150 271457 29.46).95 41.794 16 3754205 411207 3678434 312161 37.0808
qwen3-32b-thinking 44.59, 00 61.460.05 67.12040  39.58145 3716005 67.53331 51.99.56 5042,5) 68.54300  48.85,34 6028443 5373040
qwen3-4b 21.52046 19.2995 1570070 293929 19.85053 10.540.99 3209129 2577570 1620108 3161715 127736 207503
qwen3-8b 25.071.30 252756 210607 3276304 2350197 16.9937 36.572.09 3137, 5 239935  287de 1631123 254253
qwen3-VL-235B-A22B-thinking ~ 45.25.15 61.270.41 6596750 3670255 3953301 64.52223 4801262 53.501 25 7196093 46.55.72 5887305  53.3%.10
qwen3-VL-235b-A22B-Instruct 3477 65 47.8105 45545 356405 318830 28.393.9 44.53, 55 3978, 75 45.175.35 3506063 3475684 401003
varco2-1.7b 13.99, 35 9.003 15 575148 15.852.50 11.663.11 10.3239, 14.180.00 10.085.51 9.03563 1437100 426000 110330
varco2-14b 24.300.60 19.4803; 2196145 261332 2022304 24.950,99 30.85, 15 26.053 35 1620054 2759172 1986245 22.8216

Table 19: Accuracy (%) by macro task with overall accuracy. Values are reported as meangy across three runs.

Concept  Data & Visual Quantitative Knowledge  Language  Geometry & Spatial [nfo Extraction Logic & Rule Optimization Code & Overall

Model Application Interpretation Reasoning Recall  Understanding Reasoning & Classification  Reasoning & Planning Debugging  Other Acc.

Gemini-3-Pro 67.403 04 74.691 84 7182124 595218 70.15 49 57.58303 60.95, 65 62.88) 31 7863148  60.00667 75.00000 69.01929
Gemini-3-Flash 61.070.56 64.5574 6585373 5833373 49.25448 44.444 63 53.337.19 50.764.73 64.96397  48.89385 55.561273 60.270.15
GPT-5 4830243 61.430.97 5854141 36.90314 427972 3131350 39.057.19 46.973.47 67.52143  42.22385 58.33g33 51.5008g
GPT-5-mini 40.27, 30 53.071.17 49.59163  25.89155 33.8343; 23.23631 28.573.57 35.61572 6154444  40.00g67 4722967 42.80033
Claude-Opus-4.5 38.690.97 5151153 46.88705  30.65)3¢ 28.2875 35.2433 34.09.82 53.85,56  Sl.11770 41.67g33 42.58063
Claude-Sonnet-4.5 27.131.69 43.92039 3821544  28.57446 23.23463 31.43495 29.55,27 3846673  46.67667 27.7896> 34.00083
Grok-4 39.78381 41.710.70 5312367 3333273 29.2975 38.10436 35.61572 4872513 4889335 50.001443 424262
Grok-4.1-fast 35.40312 3021951 4770047 2321039 313175 26.673.30 21.21;3; 4103356 2444335 50.00333 325410
Mistral-Large-3-675B-Instruct-2512  22.14; g7 24.30204 23.58293 2321309 22.22974 28.57286 18.94 3 29.066 45 2444555  30.56431 23.39199

Table 20: Accuracy (%) on the hard subset by macro task. Values are reported as meangq over three runs.

Model #True  Accrrue (%) #False Accraise (%) A (pp)
KO-REAson-G3-12B-1009 299 32.6600s 3167 5801017 -25.35
Qwen3-32B-Thinking 299 3177116 3167 55.830 45 24.05
Qwen3-VL-235B-A22B-Thinking 299 32440sg 3167 5535030  -22.91
Qwen3-VL-30B-A3B-Thinking 299 35450, 3167 5762750  -22.17
Qwen3-VL-235B-A22B-IT 299 2698165 3167 4134006  -14.36
Llama-4-Maverick-17B-128E-IT 299 28.320.39 3167 4029049  -11.98
Qwen3-VL-32B-IT 299 2631535 3167 3812080  -11.81
Qwen3-VL-30B-A3B-IT 299 23.52 19 3167 34.730.45 -11.21
Llama-4-Scout-17B-16E-IT 299 2720039 3167 34.690.62 7.49
VARCO-VISION-2.0-14B 299 22.30; 58 3167 22.99¢.07 -0.70
Qwen3-VL-2B-IT 299 1527, 51 3167 15.660.38 0.39
Qwen3-VL-4B-IT 299 20.62;. 97 3167 20.86¢.34 -0.24
Gemma-3-27B-IT 299 18.84355 3167 18.660,15 +0.18
Qwen3-VL-8B-IT 299 2598337 3167 25.46¢ 50 +0.51
VARCO-VISION-2.0-1.7B 299 11.713 48 3167 11.005 29 +0.71
Gemma-3-12B-IT 299 21.85¢.70 3167 16.25¢.45 +5.60
HyperCLOVAX-SEED-Vision-3B 299 1873186 3167 126993  +6.04
Gemma-3-4B-IT 299 17.281 72 3167 10.880 64 +6.40

Table 21: Per-model accuracy on Korean-specific content (Full split). Values are reported in percentage using
the notation meangy across 3 runs. A is in percentage points (pp): A = Accrrye — AcCraise, and models are sorted
by A in ascending order (more negative indicates larger degradation on Korean-specific items).

Model #True  Accrrye #False  Accraise A (pp)
Gemini-3-Pro 104 58.01; 47 949 70.09953 -12.08
Gemini-3-Flash 104 52.881¢7 949 61.02¢ 08 -8.13
GPT-5 104 33.01; 949 53.50p9, -20.48
GPT-5-mini 104 3141111 949 43.960,8 -12.55
Grok-4 104 30.455 0o 949 43.64184 -13.20
Grok-4.1-fast 104 19.551 11 949 33.83;13 -14.28
Claude-Opus-4.5 104 35.58) 54 949 43.36¢ .43 -7.78
Claude-Sonnet-4.5 104 32.37500 949 3422074 -1.84

Mistral-Large-3-675B-Instruct-2512 104 26.282.42 949 2295195 +3.33

Table 22: Per-model accuracy on Korean-specific content (Hard split). Mean+tstd across 3 runs. A is in
percentage points (pp): A = Accrrye — ACCralse-
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You will be given a question, gold answer, and a model response.
Decide whether the model response matches the gold answer.

- Output EXACTLY ONE LINE (first line only): [TRUE] or [FALSE]
Do not output anything else.

#1
You will be given a question, gold answer, and a model response.
Decide whether the model response matches the gold answer.
Step 1) Determine question type:
- If the question contains explicit options/choices (e.g., ®@®®®, A/B/C/D, 1-5, 1-2),
treat it as MULTIPLE-CHOICE.
- Otherwise treat it as FREE-FORM.
Step 2) For MULTIPLE-CHOICE:
- Extract the model’s FINAL selected option only.
- Normalize equivalent formats:
- OQ@@®® == 12345
- "qRHr ) " HEE2 @7 "answer: (4)" all mean option 4
- "A", "(A)", "Option A" all mean option A
Step 3) For FREE-FORM:
- Accept paraphrases that preserve the same meaning.
- The response must contain the same final conclusion as the gold answer.
- Output EXACTLY ONE LINE: [TRUE] or [FALSE]
Do not output anything else.
#2
You will be given a question, gold answer, and a model response.
Decide whether the model response matches the gold answer.
First, decide question type:
- MULTIPLE-CHOICE if explicit options exist, else FREE-FORM.
Second, extract the model’s final answer:
- Extract the model’s FINAL answer and normalize formats (@=1, "4H"=4, etc.).
- Mark TRUE when the normalized final option equals the gold option.
- If the response is partially correct, missing a required item, or contains any
contradiction, output [FALSE].
- Do not reward verbosity. Do not infer missing information.
- Output EXACTLY ONE LINE:
Final Answer: extracted final answer, Decision: [TRUE] or [FALSE]
Do not output anything else.
#3

Table 23: Judge prompt templates used for model evaluation.

Error Type Open-Source Models (3)  Frontier Models (3)
Incomplete Response -0.088 (p < 0.001) -0.007 (p < 0.001)
Knowledge Shortage -0.081 (p < 0.001) -0.052 (p < 0.001)
Reasoning Error -0.052 (p < 0.001) -0.042 (p < 0.001)
Visual Perception -0.035 (p < 0.001) -0.045 (p < 0.001)
Hallucination -0.037 (p < 0.001) -0.003 (p = 0.002)

Table 24: OLS Regression Results: Predictors of Model Accuracy. Values represent standardized beta coefficients
(B). A larger negative value indicates that the error type is a stronger cause of performance degradation.
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Image Sub-Category Model Count Error Error Rate (%)
Gemini-3-Pro 32 11 34.38
Gemini-3-Flash 32 10 31.25
chart_line GPT-5 32 16 50.00
Claude-Opus-4.5 32 20 62.50
Grok-4 32 23 71.88
Gemini-3-Pro 109 41 37.61
Gemini-3-Flash 109 49 44.95
diagram_circuit GPT-5 109 55 50.46
Claude-Opus-4.5 109 77 70.64
Grok-4 109 73 66.97
Gemini-3-Pro 22 9 40.91
Gemini-3-Flash 22 8 36.36
diagram_flowchart GPT-5 22 12 54.55
Claude-Opus-4.5 22 14 63.64
Grok-4 22 13 59.09
Gemini-3-Pro 242 59 24.38
Gemini-3-Flash 242 88 36.36
diagram_mechanical GPT-5 242 104 42.98
Claude-Opus-4.5 242 135 55.79
Grok-4 242 119 49.17
Gemini-3-Pro 19 8 42.11
Gemini-3-Flash 19 10 52.63
diagram_network GPT-5 19 10 52.63
Claude-Opus-4.5 19 12 63.16
Grok-4 19 13 68.42
Gemini-3-Pro 70 24 34.29
Gemini-3-Flash 70 28 40.00
diagram_structural GPT-5 70 44 62.86
Claude-Opus-4.5 70 50 71.43
Grok-4 70 40 57.14
Gemini-3-Pro 19 4 21.05
Gemini-3-Flash 19 5 26.32
document_scan GPT-5 19 6 31.58
Claude-Opus-4.5 19 10 52.63
Grok-4 19 9 47.37
Gemini-3-Pro 188 32 17.02
Gemini-3-Flash 188 50 26.60
table_data GPT-5 188 46 24.47
Claude-Opus-4.5 188 64 34.04
Grok-4 188 87 46.28
Gemini-3-Pro 104 49 47.12
Gemini-3-Flash 104 54 51.92
text_blank GPT-5 104 84 80.77
Claude-Opus-4.5 104 82 78.85
Grok-4 104 80 76.92
Gemini-3-Pro 117 51 43.59
Gemini-3-Flash 117 60 51.28
text_only GPT-5 117 75 64.10
Claude-Opus-4.5 117 73 62.39
Grok-4 117 85 72.65

Table 25: Per model error rates by image sub category on the hard split. We report the number of evaluated
instances, the number of errors, and the resulting error rate. Only sub categories with at least 10 instances are shown
to reduce noise from small counts.
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Source Model Hinted Mean Acc Std Median Refusal % Halluc %

Gomini A Flash FAIS 1420 1339 150 17.53 76.10
-3- True 1314 1462 100 24.70 68.13

PSAT Geminiapro | False 034 205 00 95.60 3.20
True 0.46 203 00 94.78 321

. False 0.00 000 00 99.60 0.00

GPT-5>-Mini o 0.00 000 00 100.00 0.00

Gomin 3 Flash | FAISe 1005 1268 50 29.08 50.20

True 654 1102 00 50.20 35.57

NCS Geminiapro  False 0.18 254 00 99.21 0.40
True 0.04 063 00 100.00 0.00

. TFalse 0.65 399 00 95.65 1.19

GPT-5>-Mini o 0.45 201 00 100.00 119

Gomin3Flash | FAISe 1570 1733 100 19.66 61.54

True 1858 1697 150 15.61 76.84

National Technical Qualification Gemini-3-P False 0.33 2.31 0.0 93.86 4.44
CMII=S-FI0 e 2.03 6.31 0.0 79.15 16.92

. TFalse 0.45 413 00 97.96 051

GPT-5>-Mini o 0.25 172 00 99.83 0.17

Cominia e FAISC 1048 1245 50 23.12 55.58

True 1091 1473 50 37.56 49.48

Olympiads N False 0.13 134 00 97.92 1.56
Gemini-3-Pro o 0.38 246 00 97.41 233

. False 0.52 312 00 94.56 2.85

GPT-5-Mini 0.18 172 00 98.96 1.04

Table 26: Data contamination analysis via prefix completion. We provide the first 35% of the question and
measure the Exactness Score (0 to 100). Refusal and Hallucination rates are reported in percentages. Results are
compared between the No-hint and Hinted settings across four data sources.
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