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Abstract

The development of practical (multimodal)
large language model assistants for Korean
weather forecasters is hindered by the ab-
sence of a multidimensional, expert-level eval-
uation framework grounded in authoritative
sources. To address this, we introduce K-
MetBench, a diagnostic benchmark grounded
in national qualification exams. It exposes crit-
ical gaps across four dimensions: expert vi-
sual reasoning of charts, logical validity via
expert-verified rationales, Korean-specific geo-
cultural comprehension, and fine-grained do-
main analysis. Our evaluation of 55 mod-
els reveals a profound modality gap in in-
terpreting specialized diagrams and a reason-
ing gap where models hallucinate logic de-
spite correct predictions. Crucially, Korean
models outperform significantly larger global
models in local contexts, demonstrating that
parameter scaling alone cannot resolve cul-
tural dependencies. K-MetBench serves as
a roadmap for developing reliable, cultur-
ally aware expert Al agents. The dataset
is available at https://huggingface.co/
datasets/soyeonbot/K-MetBench.

1 Introduction

Large language models (LLMs) and multimodal
large language models (MLLMs) have shown
growing promise in scientific domains (Taylor
et al., 2022; Team et al., 2023; OpenAl, 2025),
achieving performance matching passing thresh-
olds on professional certification exams (Singhal
etal., 2023; Katz et al., 2024). As these models are
increasingly positioned as assistants for domain-
specific tasks, there is a growing need for evalua-
tion frameworks that go beyond surface-level cor-
rectness and more precisely characterize domain-
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(1) Visual Reasoning
beyond OCR to Chart
interpretation

(4) Granular Analysis
Weakness diagnosis in 5 sub-fields
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ID: 206 | Part: 5 |

Question: When a jet streak is located within an upper-
level trough as shown in the figure, in which region does
strong convergence occur?

100 KTS

d
KTS

150 KTS
Choices: 1. Regiond, 2.Regionb, 3.Regionc, 4.Regiona
Answer: 2
Expert-Verified Rationale: Due to the curvature effect
within a jet streak located in an upper-level trough, ...
Therefore, the region of strong convergence is Region b.

(2) Reasoning Evaluation
Expert-aligned rationale scoring

Korea-specific topography
& regulations

Figure 1: An example of the K-MetBench dataset
(translated into English). K-MetBench provides
evaluation across four critical dimensions: (1) multi-
modal understanding, (2) expert-level reasoning, (3)
geo-cultural context sensitivity, and (4) fine-grained do-
main knowledge across five meteorological sub-fields.

relevant competencies (Liang et al., 2022). How-
ever, existing benchmarks for vertical domains of-
ten summarize performance using a single aggre-
gate score, making it difficult to understand why a
model succeeds or fails in practice. In complex ap-
plied fields such as meteorology, this coarse eval-
uation obscures critical limitations for real-world
deployment. We identify four recurring limitations
in current evaluations of meteorological reasoning.

First, the modality gap. Meteorological anal-
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ysis, inherently multimodal, requires the synthesis
of numerical data, textual descriptions, and special-
ized visual charts (e.g., weather maps, skew-T log-
P diagrams). However, most scientific benchmarks
remain predominantly text-based and provide lim-
ited assessment of a model’ s ability to interpret
domain-specific charts and spatial patterns. As a
result, visual understanding capabilities central to
operational forecasting remain under-evaluated.

Second, the reasoning gap. Conventional
benchmarks primarily rely on answer accuracy,
without explicitly evaluating the validity or struc-
ture of the underlying reasoning. In high-stakes do-
mains like weather forecasting, a correct prediction
reached through shallow heuristics or incomplete
logic may still lead to brittle or unreliable behav-
ior (Turpin et al., 2023). Without access to expert-
aligned rationales, it is difficult to distinguish gen-
uine understanding from shortcut learning.

Third, the geo-cultural gap. Many existing
datasets emphasize global or universal physical
principles while abstracting away local geographic
and institutional context. In meteorology, how-
ever, local topography, climatological conventions,
and region-specific regulations play a substantial
role in interpretation and decision-making. Mod-
els trained and evaluated solely on decontextual-
ized data may therefore fail to generalize reliably
to region-specific applications.

Fourth, the granularity gap. Aggregate per-
formance scores often mask uneven competence
across sub-domains. A model may perform well
on factual recall or chart interpretation while strug-
gling with quantitative reasoning or applied dy-
namics. Without fine-grained analysis, such dis-
parities remain difficult to diagnose.

To address these limitations, we introduce
K-MetBench, a Korean meteorological bench-
mark designed for multi-dimensional evaluation of
LLMs and MLLMs. Rather than treating meteo-
rological expertise as a monolithic capability, K-
MetBench decomposes evaluation along four com-
plementary axes: (1) multimodal understanding
of meteorological charts and symbols, (2) reason-
ing quality assessed using expert-verified ratio-
nales, (3) sensitivity to geo-cultural and regional
context, and (4) fine-grained coverage across
five officially defined meteorological sub-domains.
Through this structured design, K-MetBench is in-
tended as a diagnostic tool that helps reveal which
aspects of meteorological reasoning remain chal-
lenging for current models, and why.

2 Related Work

Existing benchmarks for meteorological and cli-
mate reasoning reflect diverse assumptions about
knowledge sources, modalities, and evaluation ob-
jectives. Rather than treating them as competitors,
we situate them along complementary axes that
highlight different aspects of domain expertise.

ClimaQA (Manivannan et al., 2024) evaluates
climate question answering using textbooks as the
knowledge source. By grounding questions in
established instructional materials, it emphasizes
conceptual understanding and theoretical reason-
ing characteristic of graduate-level climate science.
While this approach provides scientific rigor, it re-
mains purely text-based and does not assess visual
interpretation or operational reasoning grounded
in real-world artifacts. ClimateIQA (Chen et al.,
2025) constructs instruction-style QA data from
numerical weather prediction (NWP) heatmaps
and associated geospatial metadata. This enables
evaluation of visual pattern recognition and struc-
tured data interpretation. WeatherQA (Ma et al.,
2024) further targets operational forecasting sce-
narios by combining multiple meteorological im-
ages with expert-written mesoscale discussions.
These datasets advance multimodal evaluation, but
their emphasis remains on task-level performance
rather than fine-grained diagnosis across sub-fields
or distinct reasoning failures.

In the Korean-language evaluation landscape,
KMMLU (Son et al., 2025) is derived from official
national examinations, measuring expert-level lin-
guistic competence across a wide range of profes-
sions. Since it is based on official Korean exams,
KMMLU captures linguistic and cultural aspects
of the Korean language. KMMLU-Redux (Hong
et al., 2025) is a reconstructed version of KMMLU
that removes erroneous, ambiguous, or contami-
nated items to improve reliability. While these
benchmarks offer high reliability and clear passing
criteria, they are primarily text-based and treat me-
teorological knowledge as a small subset within a
broader evaluation suite, limiting their ability to an-
alyze domain-specific competencies in depth.

3 K-MetBench Construction

K-MetBench is designed to complement the exist-
ing benchmarks by explicitly separating and jointly
examining four dimensions that are often conflated
in prior benchmarks. Rather than introducing new
task formats, K-MetBench focuses on providing di-
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Table 1: Comparison with existing benchmarks. K-MetBench distinguishes itself by covering four key axes:
visual understanding, rationale reliability, , and fine-grained diagnosis in sub-domains.

Dataset Lang. Domain Test Size (Source) Modality Reasoning Granularity
KMMLU (Son et al., 2025) Kor General 35k (License Exam) Text X Korea X (45 Subjects)
KMMLU-Redux (Hong et al., 2025) Kor General 2.6k (License Exam) Text X Korea X (14 Subjects)
ClimaQA (Manivannan et al., 2024) Eng Climate 566 (Autogenerate) Text X Global X (3 Tasks)
ClimateIQA (Chen et al., 2025) Eng Climate 152k (Template)  Image+Text X Global % (4 Tasks)
WeatherQA (Ma et al., 2024) Eng Weather Forecast 600 (Template) Image+Text X United States  x (2 Tasks)

K-MetBench (Ours) Kor

Note for K-MetBench. Vodality: Includes multimodal questions evaluating interpretation of professional weather charts. Rea-
soning: Provides rationale verified by domain experts. : Includes questions requiring knowledge of local geography
and regulations that are specific to Korea (e.g., the Korea Meteorological Administration (KMA) protocols). Granularity: Sup-
ports fine-grained diagnosis across the five sub-domains officially defined in Korea Engineer Meteorology certification exam.

Meteorology 1.7k (License Exam) Image+Text Expert-Verified @~ Korea 5 Sub-domains

Table 2: Detailed statistics of K-MetBench. The
dataset is structured into four key dimensions to en-
able structured evaluation: Modality, Reasoning, Geo-
cultural, and Granularity.

Diagnostic Axis Statistic Value

1. Overview Total Questions 1,774

2. Modality Image+Text Questions 82 (4.62%0)

(Visual Understanding) (Charts, Diagrams)

3. Reasoning Avg. Rationale Length 93.72 tokens

(Expert Rationales) Text-Only Reasoning 121 (6.82%0)
Multimodal Reasoning 20 (1.13%)
Korean-Specific 73 (4.11%)

(Local Knowledge) Questions

5. Granularity Part 1: Forecast Theory 373 (21.03%)

(5 Subject Areas) Part 2: Observation 332 (18.71%)
Part 3: Atmos. Dynamics 359 (20.24%)
Part 4: Climatology 376 (21.20%)
Part 5: Atmos. Physics 334 (18.83%)

Note:  The number of tokens is calculated using the

gemini-2.5-flash tokenizer. (Atmos.: Atmospheric)

agnostic visibility into how and where current mod-
els succeed or fail when approaching expert-level
meteorological reasoning.

3.1 Data Collection and Processing

K-MetBench is constructed from raw data drawn
from the National Meteorological Engineer certi-
fication examinations, covering 25 exam sessions
between March 16, 2003 and March 5, 2022. The
initial pool comprised 2,500 multiple-choice ques-
tions. Because these examinations are generated
from a shared question bank, substantial overlap
exists across years. To construct a balanced and
non-redundant benchmark, we applied a multi-
stage filtering and augmentation pipeline.

For deduplication (Lee et al., 2021), we first ap-
plied difflib.SequenceMatcher with a similar-

ity threshold of 0.6, removing exact duplicates as
well as items with trivially permuted answer op-
tions. Importantly, questions with inverted logic
(e.g., ‘highest’ vs. ‘lowest’, ‘saturated’ vs. ‘unsat-
urated’) were manually reviewed and retained, as
they probe distinct reasoning behaviors despite sur-
face similarity. This process yielded a refined set
of 1,774 questions.

To reduce memorization and contamination ef-
fects, we applied two transformations. First, we
randomized answer option orders for all questions.
Second, we paraphrased question stems using
Gemini-2.5-Pro, with strict constraints to pre-
serve technical terminology and domain-specific
meaning. The system prompt used for paraphras-
ing is provided in Appendix C.1. To maintain
quality, a human researcher reviewed and refined
14.88% (264/1,774) of the paraphrased items.

For multimodal questions, both text and visual
elements were extracted from the original examina-
tion PDFs. Three researchers reviewed and cross-
checked all extracted images to correct parsing arti-
facts such as missing axis labels, distorted symbols,
or incomplete annotations. As a design choice to
separate perceptual challenges from reasoning dif-
ficulty, mathematical formulas embedded as im-
ages were transcribed into LaTeX code to prevent
OCR bottlenecks, while meteorological charts and
diagrams were preserved in their original format.

3.2 Subset 1: Multimodal Diagnosis

The multimodal subset of K-MetBench consists of
82 questions (4.62% of the dataset) that require
interpretation of meteorological visuals. Unlike
general-purpose multimodal benchmarks that fo-
cus on object recognition or scene description, this
subset targets domain-specific charts and symbolic
representations. The included materials span sur-
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Table 3: Distribution of K-MetBench across five sub-domains. The number of questions for each subject area is
reported, with the number of reasoning questions featuring expert-verified rationales in parentheses (Reas. stands

for Reasoning).

Overall Volume

Part Subject Area

Modality

Total (Reas.)

Text (Reas.) Image + Text (Reas.) Korean (Reas.)

1 Weather Analysis & Forecast Theory 373 (28) 364 (24) 94 6 (0)
2 Meteorological Observation Methods 332 (28) 318 (24) 14 (4) 0 (0)
3 Atmospheric Dynamics 359 (29) 340 (25) 19 (4) 0 (0)
4 Climatology 376 (28) 363 (24) 13 (4) 50 (7)
5 Atmospheric Physics 334 (28) 307 (24) 27 (4) 17 (0)
Sum Total Coverage 1,774 (141) 1,692 (121) 82 (20) 73 (7)

face weather maps, upper-level charts (e.g., 200
and 500 hPa), and thermodynamic diagrams such
as Skew-T Log-P plots and emagrams derived
from radiosonde measurements. Solving these
questions requires extracting structured informa-
tion, including pressure gradients, wind vectors,
and thermodynamic indices—from dense visual
fields that cannot be resolved through OCR alone.
Consequently, this subset assesses the ability of
MLLMs to integrate textual meteorological knowl-
edge with the interpretation of domain-specific vi-
sual cues. Representative examples are provided
in Appendix Table 6.

3.3 Subset 2: Reasoning-Aware Evaluation

To evaluate reasoning quality beyond final answer
correctness, K-MetBench includes a reasoning-
aware subset consisting of 141 questions paired
with expert-verified rationales. These rationales
serve as reference explanations for assessing the
validity, coherence, and depth of model-generated
reasoning. Rationale construction followed a two-
stage process. First, GPT-5 was used to gener-
ate initial reasoning drafts, guided by prompts that
emphasized logical flow, factual consistency, clar-
ity, and completeness. Second, two meteorology
professors reviewed these drafts, correcting factual
errors, refining physical explanations, and resolv-
ing ambiguities. We employ an LLM-as-a-Judge
framework (Zheng et al., 2023) to score model-
generated rationales against the expert-verified
rationales as reference standard. The system
prompts used for reasoning generation and evalu-
ation are detailed in Appendix C.5 and C.6. To
validate the reliability of this framework in a spe-
cialized domain, we conduct a meta-evaluation (L1
et al., 2024) comparing LLM judgments with hu-
man expert scores. The experimental and survey

protocols are provided in Appendix D.2 and C.9.

3.4 Subset 3: Geo-Cultural Sensitivity

Meteorological reasoning is strongly influenced
by local geography, climate patterns, and institu-
tional conventions. To capture this dependency,
we annotate a Korean-Specific subset compris-
ing 73 questions that involve implicit, speaker-
centric, or high-context expressions specific to the
Korean Peninsula. Candidate items were identi-
fied using prompt-enhanced LLMs (GPT-4.1 and
Gemini-2.5-Pro) designed to detect references
to localized phenomena, such as regional topog-
raphy (e.g., the Yeongdong region) or regulations
issued by the Korea Meteorological Administra-
tion (KMA). These candidates were subsequently
reviewed and validated by two researchers to en-
sure relevance and correctness. Rather than test-
ing translation ability, this subset probes whether
models can appropriately ground meteorological
knowledge in region-specific context. As such,
it provides a controlled setting for analyzing geo-
cultural alignment in domain-specific reasoning.

3.5 Subset 4: Domain Specificity

To enable fine-grained analysis of meteorological
expertise, K-MetBench is organized into five of-
ficial subject areas defined in the Korean Meteo-
rological Engineer certification exam. These in-
clude: Part 1 (Weather Analysis and Forecast The-
ory), Part 2 (Meteorological Observation Meth-
ods), Part 3 (Atmospheric Dynamics), Part 4
(Climatology), and Part 5 (Atmospheric Physics).
Each subject area targets a distinct aspect of pro-
fessional competence, ranging from chart inter-
pretation and numerical weather prediction prin-
ciples to instrumentation, large-scale atmospheric
motion, climate systems, and thermodynamic cal-
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culations. This structure allows model perfor-
mance to be examined at a level of granularity that
is not visible from aggregate scores alone. By
aligning evaluation with established subject bound-
aries, this design facilitates diagnosis of domain-
specific strengths and weaknesses, for example,
distinguishing models that perform well on de-
scriptive climatology but struggle with quantitative
dynamics or thermodynamics.

4 Experiments

4.1 Experimental Setup

Evaluated Models. To ensure a comprehen-
sive benchmark, we evaluated a diverse ar-
ray of models categorized by scale, training
language, and modality support. The selec-
tion includes proprietary state-of-the-art mod-
els renowned for superior reasoning capabil-
ities, such as GPT-5.2 (evaluated with and
without reasoning modules enabled) (OpenAl,
2025) and Gemini-3-Pro-Preview (Team et al.,
2023). We also incorporated open-source mod-
els ranging from 0.6B to 235B parameters,
exemplified by InternVL3.5 (Wang et al.,
2025) and Qwen3-VL (Yang et al., 2025), along-
side large-scale foundation models such as gpt-
0ss-120b (Agarwal et al., 2025), command-
a-reasoning-08-2025 (Cohere et al., 2025),
and Llama-3.2-90B-Vision-Instruct (Meta,
2024). To investigate the impact of geo-cultural
knowledge, we specifically included Korean-
centric models, including EXAONE-4.0 (Research
et al., 2025), A.X-4.0 (Lab, 2025), VARCO-
Vision-2.0 (Cha et al., 2025), and HyperCLOVA
X (Yoo et al., 2024). Finally, strictly text-based
baselines were established by evaluating non-
multimodal models solely on the textual compo-
nents of questions to quantify text dependency.

Geo-Cultural Disambiguation Protocol. To es-
tablish a fair evaluation protocol for global models,
we designed four experimental configurations that
cross-reference question formulation with prompt-
ing conditions. This setup ensures that models
are assessed on their meteorological competence
rather than their ability to decode localized linguis-
tic ambiguities. For question formulation, we com-
pared an Implicit condition, using original speaker-
centric terms like ‘Our country,” against an Ex-
plicit condition, which replaces these with proper
nouns (e.g., ‘South Korea’) to isolate and evalu-
ate pure domain knowledge. Regarding prompt-

ing conditions, beyond a Standard prompt that
injects an expert persona, we introduced an Ad-
vanced prompt providing explicit disambiguation
(e.g., “ “Our country’ refers to South Korea”). This
advanced protocol serves as a specialized support
layer, mitigating performance degradation caused
by implicit geo-cultural references and enabling
global models to compete on an equal footing.

Comparison with Existing Benchmarks. We
evaluated models using the official test sets of
all datasets, employing the Chain-of-Thought
(Col) (Wei et al.,, 2022) protocol for Weath-
erQA. Task orthogonality was analyzed using
Kendall’s Tau-b rank correlation coefficient. To
align the distance-based Haversine metric of Cli-
malQA (where lower is better) with standard ac-
curacy metrics, we inverted the sign of ClimalQA
scores prior to calculating correlations.

Meta-Evaluation Setup: Validating LL.M-as-a-
Judge. Given the specialized nature of meteo-
rology, validating the reliability of commercial
LLMs as judges is crucial. We conducted a meta-
evaluation comparing human expert judgments
with LLM judgments. We selected ten represen-
tative questions varying in difficulty and type, and
collected reasoning outputs from ten open-source
LLMs. Two human experts provided gold standard
scores, while Gemini-2.5-Pro served as the Al
evaluator. Both parties utilized identical expert-
verified references and a scoring rubric across four
axes: Factuality, Logicality, Depth, and Clarity.
We calculated Kendall’s Tau-b (73) correlation be-
tween human and Al scores, confirming the align-
ment of the automated judge (7, > 0.8). We
also computed Krippendorft’s « (interval) and Intr-
aclass Correlation Coeflicient (ICC, 2-way mixed,
absolute) to assess inter-rater reliability, which in-
dicated acceptable agreement (o > 0.7). To in-
vestigate whether incorporating human expert ra-
tionales improves the alignment between the LLM
evaluator and human judgment, we compared the
correlations of their scores under conditions with
and without rationale availability.

Implementation Details. To ensure a fair com-
parison, we utilized Standard prompts across all
models. We applied a zero-shot setting to all
text, multimodal, and reasoning questions to eval-
uate intrinsic capabilities. We computed accu-
racy by extracting final answers via regular expres-
sions. To rigorously assess instruction-following
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Table 4: K-MetBench performance scores across diverse models. Models are sorted by accuracy. Accuracy score
ranges from O to 100, while the reasoning score (Reas.) ranges from 4 to 20. The highest scores in each column
are shown in bold for proprietary and open-source models, respectively. (Acc.: Accuracy, K: Korean model, V:

Vision language model, R: Reasoning model.)

Type Model Type Agc. Re_as. Modality Granularity (P1-PS)
K V R Korean Text Multi P1 P2 P3 P4 P5
# gemini-3-pro-preview (Thinking) V R 93.7 18.01 904 946 75.6 92.5 97.9 94.2 92.8 91.6
Proprietary & gpt-5.2 (Thinking) V R 87.8 17.33 80.8 90.6 29.3 86.3 93.4 88.0 86.2 85.3
® gpt-5.2 \Y 77.6 17.39 753 79.0 50.0 77.2 81.3 71.9 81.4 763

Multilingual Models
2 Quen3-VL-235B-A22B-Thinking V R 844 17.22 72.6 86.2 48.8 81.5 88.6 87.2 83.2 82.0
2 Qwen3-VL-32B-Thinking V R 78.6 16.19 60.3 799 51.2 743 852 78.8 78.7 76.3
~ command-a-reasoning-08-2025 R 77.8 14.12 74.6 71.8 - 734 85.2 73.8 78.8 78.5
® gpt-o0ss-120b R 77.3 16.12 62.0 77.3 - 725 858 76.5 774 749
2 Qwen3-30B-A3B-Thinking-2507 R 76.7 15.76 67.6 76.7 - 755 82.1 75.6 749 759
% InternVL3.5-38B-Instruct \Y 573 11.38 479 58.1 40.2 56.0 64.8 48.7 61.4 55.7
0 Llama-3.2-90B-Vision-Instruct \Y 569 9.72 52.1 582 30.5 57.1 59.3 524 62.2 533
Open-source gspy; 515 11.75 40.8 51.5 - 52,5 53.8 50.0 55.1 453
Korean Models

TA.X-4.0 K 76.1 15.46 78.9 76.1 - 76.6 77.7 68.2 81.3 76.5
A EXAONE-4.0-32B K R 599 13.57 59.2 59.9 - 582 64.8 524 63.1 61.2
nc VARCO-Vision-2.0-14B K V 58.7 11.24 57.5 59.5 427 59.0 62.3 543 61.7 56.0
T A.X-4.0-Light K 55.7 11.45 60.6 55.7 - 558 544 509 61.4 55.7
T A.X-4.0-VL-Light K V 52.5 9.76 54.8 53.0 427 51.5 50.6 50.1 58.0 52.1
€3 HyperCLOVAX-SEED-Think-14B K R 50.8 11.29 52.1 50.8 - 51.6 53.8 41.8 55.6 51.1

capabilities, we counted any output that violated
the required format as a failure case. We em-
ployed the vLLM library (Kwon et al., 2023) with
its default configurations, except for A.X-4.0-VL-
Light and Llama-3.2-90B-Vision-Instruct,
which were run using Hugging Face Transform-
ers. The random seed was fixed at 42, and sam-
pling temperatures were set to 0.1 by default, while
a temperature of 1.0 was employed for reasoning
models. All prompts and questions were provided
in the original Korean to strictly evaluate localized
comprehension without translation artifacts.

5 Results

Beyond simple leaderboards, we dissect the perfor-
mance of models across four dimensions to reveal
their true capabilities and limitations.

The Modality Gap: Text-Only vs. Multimodal.
Figure 2 reveals a distinct dented shape along the
Multimodal axis, confirming that visual reason-
ing is the primary bottleneck for current MLLMs.
Specifically, models exhibited a sharp accuracy
decline (avg. —18.55%) on multimodal ques-
tions compared to text-only ones. This deficit is
most pronounced in professional tasks involving
Skew-T Log-P diagrams and surface weather maps,
where models failed to extract key data despite
their general vision capabilities.

The Reasoning Gap: Knowledge vs. Reasoning.
Table 4 and Figure 2 highlight a distinct gap be-
tween answer accuracy and reasoning quality. Al-
though Kendall’s 73, (0.78) indicates a general cor-
relation (Appendix Figure 7), qualitative analysis
reveals that models frequently provide correct an-
swers accompanied by insufficient rationales, in-
cluding the use of improper or hallucinated termi-
nology (Appendix Table 7). Additionally, while
models achieve high accuracy on simple retrieval
tasks, performance significantly degrades on calcu-
lation and multi-step reasoning tasks, even when
CoTI prompting—explicitly guiding the model to
use a <scratchpad> (Nye et al., 2021) —is em-
ployed.

The Geo-Cultural Gap. Table 4 reveals that
large multilingual models struggle with the
Korean-Specific subset (e.g., Changma, topog-
raphy) despite their scale. The Korean-centric
A.X-4.0 (72B) scored 78.9, outperforming
the larger Qwen3-VL-235B-Thinking (72.6).
This confirms that parameter scaling does not
automatically grant proficiency in local domains.

Granular Domain Analysis. Finally, decom-
posing performance across the five official subject
areas reveals fine-grained disparities masked by ag-
gregated scores. As shown in Table 4, models gen-
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Granularity Part 1 Reasoning

Part 3 Reasoning (total)

Accuracy

Q
Accuracy

Multimodal

Modality

Text-Only

B Qwen3-VL-32B-Thinking
B command-a-reasoning-08-2025
M opis2

B gemini-3-pro-preview (Thinking)
gpt-5.2 (Thinking)
B Qwen3-VL-235B-A22B-Thinking

Figure 2: Holistic performance analysis of top-6
models across five dimensions. The radar chart visual-
izes model capabilities in Accuracy, Reasoning,

, Modality (Text-only
vs. Multimodal), and Granularity (Subject Parts 1-5).
While models show balanced performance across theo-
retical subjects, a sharp decline is observed in the Mul-
timodal axis, highlighting the modality gap.

erally exhibit robust performance in Part 2 (Mete-
orological Observation), which focuses on instru-
mentation and factual knowledge (e.g., Gemini-3-
Pro reaching 97.9). However, significant perfor-
mance drops are observed in calculation-intensive
and abstract domains like Part 3 (Atmospheric Dy-
namics) and Part 5 (Atmospheric Physics). A strik-
ing example is the Korean model A.X-4.0, which
achieves its highest accuracy in Part 4 (Climatol-
ogy) (81.3)—likely benefiting from training on lo-
cal meteorological laws—but struggles dispropor-
tionately in Part 3 (68.2), where understanding syn-
optic motions is required. This granular diagno-
sis identifies specific domain weaknesses: while
models may possess sufficient regulatory knowl-
edge (Part 4), they require targeted fine-tuning to
enhance quantitative reasoning in thermodynamics
and dynamics (Part 3, 5).

Orthogonality between Existing Baselines. As
shown in Figure 3, we analyzed Kendall’s 7
correlations to assess the independence of K-
MetBench. While the Text-Only subset corre-
lates strongly with general Korean benchmarks
(KMMLU-Redux, 7, = 0.78), we observe a dis-
tinct decoupling in complex capabilities. Notably,
the correlation weakens for the Reasoning subset
(175 = 0.66) and drops sharply for the Multimodal

Total 0.17 0.13 033 0.20 0.01 -0.03[f *
Reasoning | 0.03 0.04 0.35 0.22 0.02-0.18
Part 1 0.15 0.08 0.32 0.17 0.020.09 | 0.5

Part 2 {051 0.51
Part 3 {gk] 0.52

0.18 0.12 0.35 0.27 0.02 0.03

0.18 0.16 0.30 0.20-0.01-0.03 0.0

K-MetBench

Part 4 0.17 0.10 0.34 0.18 0.03 -0.06
Part 5 0.18 0.13 031 0.19 0.01 -0.03

Text-Only 0.18 0.12 0.34 0.19 0.01-0.03 - —0.5
Multimodal -0.29 0.20 0.28 0.10 0.07 0.29 0.22 0.09 -0.03
Korean 0.50 0.15 0.10 0.32 0.08 0.02 -0.11 I -

Kendall's Correlation Coefficient

& N

& rbe%oo%é&& ¢

TP WeatherQA
ClimalQA

Comparison Benchmarks

Figure 3: Correlation analysis with existing bench-
marks. The heatmap visualizes Kendall’s 7, correla-
tion coefficients between K-MetBench metrics and ex-
isting benchmarks.

subset (73, = 0.29). Furthermore, correlations with
external weather baselines (e.g., ClimaQA, Cli-
malQA, and WeatherQA) remain consistently low
across both reasoning and multimodal dimensions
(avg. 7, < 0.14). This quantitative gap demon-
strates that K-MetBench evaluates specialized do-
main logic and visual interpretation skills that are
orthogonal to general linguistic proficiency and ex-
isting meteorological tasks.

Meta-Evaluation: Human-LLM Agreement.
We validated our reasoning evaluation framework
by measuring inter-rater agreement on 100 sam-
pled responses (Table 5). All axes surpassed the
reliability threshold (o > 0.7), with Reasoning To-
tal achieving a robust a of 0.838. Additionally,
Figure 4 illustrates a strong correlation between
human and LLM scores. The w/ rationale set-
ting yielded a Kendall’s 7, of 0.99 with low vari-
ance, slightly outperforming the w/o rationale set-
ting (7, = 0.96).

Table 5: Inter-rater agreement analysis. The agree-
ment between the average scores of two human experts
and the LLM evaluator. We report Krippendorft’s «
(interval) and Intraclass Correlation Coeflicient (ICC,
two-way mixed, absolute agreement).

Evaluation Axis Krippendorff’sa ICC N

Factuality 0.827 0.829 100
Logicality 0.827 0.830 100
Depth 0.742 0.747 100
Clarity 0.825 0.827 100
Reasoning Total 0.838 0.841 100
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Figure 4: Scatter plot comparing human expert vs.
LLM-judge scores. The w/ rationale condition (7, =
0.99) shows slightly higher precision and lower vari-
ance than the w/o rationale condition (7, = 0.96),
while both maintain a strong correlation.

6 Discussion

6.1 The Challenge of Visual Reasoning in
Specialized Domains

The observed modality gap in Table 4 and Fig-
ure 2 underscores a fundamental limitation: cur-
rent MLLMs lack the domain-specific visual lit-
eracy necessary for forecasting. Although profi-
cient in general recognition, models struggle to
ground specialized visual patterns—such as iso-
bars, fronts, and wind barbs—in physical princi-
ples. This indicates that training on general image-
text pairs is insufficient for mastering the fine-
grained visual reasoning required in specialized
scientific domains.

6.2 Geo-Cultural Alignment in Meteorology

Meteorology requires applying universal laws to lo-
calized contexts. The observed performance gap
indicates a critical lack of geo-cultural alignment
in global models. Despite linguistic fluency, mul-
tilingual models frequently hallucinate on specific
Korean geographic and terminological nuances.
Consequently, effective deployment in vertical do-
mains demands more than mere scaling; it requires
rigorous alignment with local topographic and le-
gal contexts to bridge the gap between general ca-
pability and expert-level application.

6.3 Superficial Reasoning vs. Causal
Deduction

The observation that models output correct an-
swers with shallow or erroneous explanations

points to shortcut learning (Geirhos et al., 2020)—
areliance on surface-level associations rather than
genuine understanding. Furthermore, the inabil-
ity to reach expert-level performance on formula-
based problems (e.g., calculating geostrophic wind
speed) highlights a critical deficiency in applying
physical laws. Addressing this requires shifting
from general instruction tuning to training on high-
quality reasoning trace data grounded in rigorous
physical principles.

6.4 Reliability of Automated Evaluation in
Specialized Domains

Our results confirm that Gemini-2.5-Pro is a
reliable proxy for human experts in meteorology.
The high agreement in Factuality and Logicality
in Table 5 demonstrates objective evaluation of
logic and evidence. While Depth showed slightly
more subjectivity, the overall consistency sup-
ports the framework’s robustness. Furthermore,
the tight correlation observed in the scatter plot
in Figure 4 indicates that expert rationales effec-
tively minimize variance. However, the model’s
high intrinsic knowledge ensures reliable grading
even in their absence. These findings demonstrate
that, when guided by high-quality rubrics, modern
LLMs are cost-effective and reliable judges even in
fine-grained domains like meteorology. This vali-
dates adopting the LL.M-as-a-Judge framework for
the reasoning evaluation in this study.

7 Conclusion

We present K-MetBench, a multi-dimensional
benchmark for fine-grained evaluation of large lan-
guage models in meteorological reasoning. By
decomposing performance across modality, rea-
soning quality, geo-cultural context, and domain-
specific sub-fields, K-MetBench provides diagnos-
tic insights that are not observable from aggre-
gate accuracy alone. Our evaluation reveals per-
sistent challenges in interpreting domain-specific
visual artifacts, producing coherent expert-level ra-
tionales, and grounding meteorological knowledge
in local context. In addition, analysis across of-
ficial subject areas exposes uneven performance
that is obscured by holistic scores. Overall, K-
MetBench is intended as a diagnostic complement
to existing benchmarks, helping identify where cur-
rent models succeed and where targeted improve-
ments are needed for reliable deployment in spe-
cialized scientific domains.
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Limitations

While K-MetBench serves as a rigorous diagnos-
tic tool for meteorological Al, we acknowledge
several limitations. First, regarding modality, the
benchmark focuses on static visual reasoning (e.g.,
snapshot weather charts). While interpreting these
charts is fundamental to forecasting, the current
dataset does not evaluate the temporal reasoning re-
quired to interpret atmospheric evolution, such as
sequential radar imagery or satellite loops. Second,
the dataset is geo-specifically rooted in the Korean
context. Although this design effectively evaluates
geo-cultural alignment—a key contribution of our
work—it inherently limits direct generalizability
to other climatic regions without adaptation. Fi-
nally, we utilized the official examination passing
criteria (60%) as a proxy for human competency.
While this provides a validated baseline for quali-
fication, a fine-grained human expert ceiling (e.g.,
the upper-bound score of top-tier meteorologists)
was not explicitly measured in this study. Future
work will focus on establishing this upper bound
to quantify the ‘super-human’ gap precisely.

Ethical Considerations

We adhered to copyright laws and ethical guide-
lines in constructing K-MetBench. The dataset is
derived from National Meteorological Engineer ex-
aminations administered from March 16, 2003 to
March 5, 2022; among 43 sessions in this period,
we used only the 25 that were officially released
to the public. We also obtained explicit permis-
sion from the Human Resources Development Ser-
vice of Korea (HRDK) to use these materials for re-
search and to release the refined dataset in an open
repository. In addition, the dataset was reviewed
to ensure that it contains no personally identifiable
information or harmful content.

For human annotation, we involved two domain
experts from collaborating institutions in the same
funded project: one university professor and one
research professor. The same experts conducted
both reference-rationale verification and scoring
of model-generated reasoning, and these activities
were compensated separately on a per-item basis
in accordance with our institution’ s internal stan-
dards for expert advisory and review work. We
consider this compensation appropriate given the
experts’ seniority, domain expertise, and expected
time commitment.

Licensing and Legal Compliance

The K-MetBench dataset is derived from public ex-
amination materials managed by the HRDK. We
conducted a rigorous legal review to ensure com-
pliance with the Official Information Disclosure
Act and relevant copyright laws (Copyright Act
Art. 24-2, 25) in Korea . We confirmed that the
questions are not classified as restricted informa-
tion. To support the research community, the cu-
rated dataset is released via an open repository un-
der the CC BY-NC-ND license, permitting non-
commercial research use while preserving the in-
tegrity of the original artifacts.
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Table 6: Representative examples of K-MetBench tasks. The examples are organized by modality: Text-only
(Top) and Multimodal (Bottom). We showcase three task types within each modality: Standard (fundamental
knowledge), (geo-cultural context), and Reasoning (complex deduction). Part denotes the correspond-

ing subject from the five official fields.

indicates English translations.

Modality Standard MCQA Reasoning MCQA
Text-Only ID: 1535, Part: 5 ID: 65, Part: 5 ID: 18, Part: 2
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Table 7: Comparison of InternVL3.5-8B-Instruct and Qwen3-VL-235B-A22B-Thinking on K-MetBench
reasoning question. (83: Incorrect, @: Correct, shaded text : Highlighted errors)

Reasoning MCQA Reasoning Evaluation of InternVL3.5-8B-Instruct Reasoning Evaluation of Qwen3-VL-235B-A22B-
Thinking
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A Dataset Examples

Table 6 presents representative examples from K-
MetBench, organized into two primary modality
groups: Text-only and Multimodal. Within each
modality, we further stratify the tasks into three dis-
tinct categories to evaluate comprehensive meteo-
rological capabilities.

Text-only Tasks assesses linguistic reasoning
and theoretical knowledge without visual interpre-
tation. This group includes (a) Standard MCQA
for fundamental concepts, (b) K-Specific MCQA
which requires geo-cultural knowledge specific to
the Korean Peninsula, and (c) Reasoning MCQA
that demands multi-step logical deduction.

Multimodal Tasks introduces visual data inter-
pretation, a critical skill for meteorologists. This
group parallels the text-only structure with (d)
Standard, (e) K-Specific, and (f) Reasoning sub-
sets, but specifically evaluates the model’s ability
to analyze weather charts, satellite imagery, and at-
mospheric diagrams. This structured categoriza-
tion allows for a clear comparison of model per-
formance across different modalities and levels of
domain expertise.

B Case Study of Reasoning Answer

Two human experts and the LLM-Evaluator
(gemini-2.5-pro) conducted evaluations using
identical rubrics. As shown in Table 7, we ob-
served consensus between the human and Al eval-
vators for the InternVL3.5-8B-Instruct and
Qwen3-VL-235B-A22B-Thinking models: both
correctly identified incorrect answers and high-
lighted inappropriate terminology in the reasoning
rationale.

Notably, the human expert made a specific er-
ror by misreading ‘7] & 7 =’ (pressure gradient)
as ‘7] +7d &’ (pressure path). While the quantita-
tive scores assigned by the human expert and the
LLM-Evaluator were comparable, the granularity
of their feedback differed significantly. The hu-
man expert made an implicit judgment, providing
summary comments alongside the score. In con-
trast, the LLM-Evaluator generated more detailed
outputs, including explicit justifications and com-
prehensive lists of factual errors.

C Prompts and Questionnaires for
Benchmark Construction

This section details the prompts utilized for data
augmentation (paraphrasing) and the identification

of domain-specific subsets. These processes were
conducted to enhance the quality of the dataset and
provide rich learning signals.

C.1 Question Paraphrasing

To diversify sentence structures and lexical expres-
sions while preserving the original semantic mean-
ing of the questions, we utilized the Gemini-2.5-
Pro model. Figure 5 presents the specific system
prompt employed for this paraphrasing task.

C.2 Identification of Korean-Specific Subset

To identify questions containing Korean-specific
geographical and cultural contexts (the Korean-
Specific subset) from the total pool of 1,774 ques-
tions, we established a hybrid pipeline combining
LLM-based filtering with human verification.

LLM-Aided Identification The screening pro-
cess involved independent filtering using two dis-
tinct models: Gemini-2.5-Pro and GPT-4.1.
The identification prompts for each model were op-
timized through an iterative refinement process to
maximize recall. Figures 12 and 14 illustrate the fi-
nal enhanced prompts used for identifying Korean-
specific context questions, respectively.

Human Selection Process Based on the LLM
filtering, Gemini-2.5-Pro extracted 135 candi-
dates, while GPT-4 . 1 extracted 95 candidates. We
consolidated these results into a union of 149
unique questions. Subsequently, two human re-
searchers performed cross-validation on this candi-
date set to finalize the Korean-Specific subset. The
selected questions typically contain high-context
keywords such as “Our country” (-%-2] U2}, “Ko-
rean Peninsula,” “Jeju,” “Seoul,” “Yeongdong,”
“Southerly wind” (7} 3}8}), “Taebaek Mountains,”
and “24 Solar Terms.”

C.3 Implicit vs. Explicit Dataset Design for
Korean-Specific Subset

To ensure a fair evaluation of local context under-
standing regardless of the model’s primary training
language, we constructed a dual-version dataset by
converting implicit questions into explicit ones.

o Implicit Questions: These refer to the original
items containing high-context expressions that
presuppose the speaker’s spatiotemporal and cul-
tural location (e.g., “Our country,” “Maparam,”
“East Coast”).
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* Explicit Questions: These refer to the modi-
fied items where human researchers manually
replaced high-context references with objective
and unambiguous terminology (e.g., changing
“Our country” to “South Korea” or “Maparam”
to “Southerly wind, a pure Korean term”).

Table 8 presents comparative examples of these
original implicit questions and their explicit coun-
terparts.

Table 8: Examples of Context Transformation from
implicit to explicit forms

ID Implicit (Before)

All - f-2ye}
618 A&
1037 2437
822 Eafcet

Explicit (After)

3 A
EECREEE
oAl o} A 2] 2427
= Ao Fel et

557 A< Tolwe] ALd WA MO EHE AFE
A FL gze] Jgze] B Aoz Pl
Aosta k. = A A

271, ik & A o] AGE vty

1744

C.4 Evaluation Prompts for Korean-Specific
Subset

This section details the construction of system
prompts designed to evaluate the model’s under-
standing of geo-cultural contexts. To encourage
the model to effectively utilize its latent local
knowledge, we designed an Advanced Prompt that
explicitly defines the speaker’s persona (i.e., a
Korean meteorology expert) and clarifies that the
questions are contextually situated in Korea.

To quantify the prompting gain—the extent to
which this contextual cuing aids performance—
and to ensure equitable evaluation for non-Korean
models, we also established a Standard Prompt as a
control group. Figure 22 presents the standard sys-
tem prompt used for the baseline experiment, while

Figure 24 displays the advanced system prompt
used to test the activation of geo-cultural knowl-
edge.

C.5 Prompt for Reference Rationale
Generation

To secure high-quality reasoning references (ratio-
nales) for the benchmark, we utilized the GPT-5
model. The prompt engineering process employed
an iterative refinement technique. Specifically,
we established a loop where an Enhancer model
drafted the initial prompt and a Critic model identi-
fied weaknesses for revision, using GPT-5 for both
roles to derive the optimal instruction. The final
system prompt used for rationale generation is pre-
sented in Figure 16.

To ensure comprehensive coverage, the target
questions were selected via stratified sampling to
include all subject areas, modalities (text-only/mul-
timodal), and Korean-specific items. Furthermore,
to guarantee the validity of the reasoning paths, we
enforced a strict filtering protocol: if the model
generated an incorrect answer, the generation pro-
cess was repeated until a rationale leading to the
correct answer was produced.

C.6 Questionnaire for Expert Verification on
Reference Rationale

To ensure the reliability of the LL.M-as-a-judge
pipeline, two human experts conducted a rigor-
ous verification of the generated rationales from
September 9 to October 19, 2025. This process
was critical for establishing the integrity of the ref-
erence data. Before the verification process, the
experts were given written instructions describing
the purpose of the study, the expected completion
time, and how their judgments would be used in
the research. They were asked to assess each gener-
ated rationale in terms of factual accuracy, logical
soundness, completeness, and conciseness, and to
mark whether the rationale should be adopted as is

System Prompt for Question Paraphrasing (Gemini-2.5-Pro)

Rules:

Original Question: “{original_question}”

Task: Paraphrase the following multiple-choice question about meteorology in Korean.

- Preserve the core meaning and all technical terminology.
- Change the sentence structure or phrasing for a more natural flow.
Output Format: Provide only the final paraphrased text. Do not include any introductory phrases or explanations.

Figure 5: System prompt used to paraphrase Korean meteorological questions
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or revised. When revisions were needed, they were
instructed to provide either minor-fix or major-fix
notes. An example of the questionnaire used for
this process is shown in Table 11.

Out of 142 rationales initially generated by
GPT-5, experts provided feedback for revision on
19 cases (13.38%). The revisions primarily ad-
dressed technical accuracy and clarity. Specifi-
cally, experts corrected erroneous terminology (5
cases), such as changing ‘H] & -8 (specific heat
capacity) to ‘H] &’ (specific heat) or ‘A] Z A&
E9)]5’to ‘YA AL E 9|5’ (planetary vortic-
ity). They also reinforced variable explanations
and standard units (3 cases); for instance, refining
the phrasing “among the temperatures handled” to
“among the variables handled in atmospheric sci-
ence” because ‘& 34|’ (mixing ratio) is not a tem-
perature variable. Additionally, the revisions in-
cluded full sentence rewriting (7 cases), supple-
mentary explanations (2 cases), and minor stylis-
tic polishing (2 cases) to align with standard Ko-
rean meteorological conventions (e.g., standardiz-
ing ‘TERIE 2% to ‘29, HIEEZ T t0 ‘T,
and ‘A 7FE’ to ‘T AF).

In addition to refining the Al-generated ratio-
nales, this expert review also identified inherent de-
fects in the raw exam data. One question (ID 276)
was discarded from the dataset as it was deemed
logically unsolvable. Furthermore, questions with
syntactic errors (IDs 308, 650) or issues with op-
tion configuration/double answers (IDs 14, 583,
1665) were precisely corrected based on expert
consultation. Through this process, we secured the
integrity of the final 141 reasoning evaluation sam-
ples. Table 11 presents the specific questionnaire
used for this expert verification process.

C.7 Reasoning Prompt for Open-Source
LLMs

Figure 18 presents the system prompt utilized for
generating reasoning paths and answers from open-
source LLMs. It is important to note that this
prompt serves as the standard instruction for the
main inference phase of our benchmark evaluation
protocol, rather than an experimental variation.

C.8 Prompt for LLM-as-a-Judge Evaluation

Figure 20 illustrates the specific system prompt em-
ployed for the LL.M-as-a-Judge evaluation pipeline.
The prompt was meticulously designed with the
following key considerations to ensure robust
alignment with human expert evaluation:

* Unified Evaluation Scale: We adopted the iden-
tical 1-to-5 Likert scale and four evaluation axes
—~Factual Accuracy, Logical Soundness, Depth
of Reasoning, and Clarity & Conciseness—used
by human experts. This unification allows for di-
rect statistical comparison and correlation analy-
sis between LLM and expert scores.

Enforced Chain of Thought (CoT): To en-
hance consistency, the prompt explicitly man-
dates a step-by-step thinking process. The eval-
uator is required to verify facts against the pro-
vided expert reference material before assigning
scores, thereby minimizing hallucinations and
ensuring evidence-based grading.

» Explicit Scoring Criteria: To prevent arbitrary
scoring, we defined concrete rubrics for spe-
cific score tiers (e.g., distinguishing between a
5-point perfect answer and a 3-point answer with
minor errors).

* Structured Output: The prompt enforces a
strict JSON output format that separates the
“List of Factual Errors” from the quantitative
scores. This structural constraint compels the
model to explicitly isolate factual hallucinations
from qualitative reasoning flaws.

C.9 Questionnaire for Expert Scoring of
LLM Reasoning

Table 12 outlines the questionnaire and scoring
rubric provided to two meteorology professors.
Crucially, this rubric served as the blueprint for
the LLLM-as-a-Judge prompt described above, en-
suring that both human and Al evaluators oper-
ated under identical standards regarding accuracy
and reasoning quality. The human experts were
also provided with written scoring instructions that
described the study purpose, the expected anno-
tation time, and the four evaluation axes: factual
accuracy, logical soundness, depth of reasoning,
and clarity. To reduce bias, model identities were
blinded in the scoring materials, and the experts
were instructed to judge only the content of the gen-
erated reasoning against the expert-verified refer-
ence rationale. An example of the scoring ques-
tionnaire is provided in Table 12.

D Experimental Setups

D.1 Reasoning Model Inference

We activate the thinking mode for hybrid models
by setting enable_thinking = True (Qwen3-
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*B, EXAONE-4.0- *), reasoning effort =
'high' (gpt-5.2), and thinkinglevel =
'high' (gemini-3-pro-preview). In contrast,
InternVL3.5- x- Instruct is evaluated in
standard instruct mode.

D.2 Meta-Evaluation for LLM-as-a-Judge

To validate the reliability of the LLM evaluator,
we designed a meta-evaluation protocol consisting
of three steps: 1) generating reasoning paths and
answers using various open-source LLMs; 2) per-
forming LL.M-as-a-Judge evaluation using expert-
verified references and a specific rubric (based on
a 5-point Likert scale across four evaluation axes);
and 3) obtaining scores from two human experts
using the identical rubric to calculate the statistical
correlation between the LLM judge and human ex-
perts. The detailed prompt for the main inference,
the judge prompt, and the expert scoring question-
naire are provided in Appendix C.7, C.8, and C.9,
respectively. The full questionnaires and written
instructions provided to the human experts are in-
cluded in Appendix C.6 and Appendix C.9 (Fig-
ure 10 and Figure 11).

Sampling Strategy of Target Models To ensure
that the LLLM-as-a-Judge can reliably evaluate rea-
soning capabilities across a broad spectrum of pro-
ficiency, we employed a performance-based strat-
ified sampling strategy. We categorized the pool
of candidate models into three distinct tiers—Top,
Mid, and Low—based on their normalized reason-
ing scores on the 141 reasoning questions. From
these strata, we selected representative models to
form a final set of 10 target models for the meta-
evaluation, ensuring that the judge is tested against
both high-quality coherent reasoning and lower-
quality outputs. The list of sampled models is de-
tailed in Table 9.

Stratified Sampling of Evaluation Items To es-
tablish a robust gold standard for scoring, we se-
lected 10 representative reasoning questions. In-
stead of random selection, we applied a stratified
sampling to ensure both comprehensiveness and
discriminatory power. The selection process in-
volved the following criteria:

 Item Difficulty: We classified the 141 reasoning
questions into three difficulty tiers based on the
average normalized reasoning scores of 10 open-
source LLLMs: Hard (Top 30%), Mid (40%), and
Easy (Bottom 30%). We sampled 3, 4, and 3

Table 9: List of Sampled Models for Meta-
Evaluation of LLM-as-a-Judge. Models were se-
lected via stratified sampling based on their normalized
reasoning score tiers to ensure diverse evaluation tar-
gets. Reas. denotes the normalized reasoning score on
the Reasoning subset questions.

Tier Model Name Family Size (B) Reas.
Qwen3-VL-235B-A22B-Thinking Qwen 235.0 4.31

Top gpt-0ss-120b OpenAl 120.0 4.03
AX-4.0 SKT 72.0 3.87
command-a-reasoning-08-2025  Cohere 111.0 3.53

.. gpt-0ss-20b OpenAl 20.0 3.39
VARCO-VISION-2.0-14B NCSoft 14.0 2.81
InternVL3.5-14B-Instruct OpenGVLab 15.0 2.36
Llama-3.1-8B-Instruct Meta 8.0 191
Low InternVL3.5-8B-Instruct OpenGVLab 8.0 1.77
Qwen3-0.6B Qwen 0.6 1.15

questions from each respective group to balance
the difficulty distribution.

 Discriminatory Power: Within each difficulty
tier, we prioritized questions with a high stan-
dard deviation in accuracy across the 10 models.
A high standard deviation indicates that the ques-
tion effectively discriminates between high- and
low-performing models.

» Category Coverage: The selection was fur-
ther constrained to ensure a balanced inclusion
of text-only, multimodal, and Korean-specific
questions, as well as coverage across the official
exam subject areas (Parts 1, 3, 4, and 5).

Based on these criteria, the final 10 questions
selected for meta-evaluation are: IDs 105, 1618,
1590, 14, 456, 1694, 963, 1745, 131, and 1224. Ta-
ble 10 details the characteristics of these sampled
items.

E Additional Results and Discussion

E.1 Detailed Orthogonality Analysis of
K-MetBench

The Uniqueness of Visual Reasoning. As illus-
trated in Figure 7, the Multimodal subset of K-
MetBench displays consistently low correlations
(avg. 7, < 0.30) lacross all external bench-
marks, including text-based baselines (KMMLU-
Pro, KMMLU-Redux, ClimaQA) and weather-
domain vision benchmarks (ClimalQA, Weath-
erQA). This disconnect quantitatively confirms the
modality gap, demonstrating that the ability to in-
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Table 10: Statistics of Selected Evaluation Items.
Mean and Std. Dev. represent the item-wise normal-
ized reasoning scores (1-5) across the selected models.

Tier ID Mean Std. Dev. Part Note
105 2.23 1.72 3 -
Hard 1618 2.35 1.65 5 -
1590  2.55 1.91 3 -
14 2.70 1.89 1 -
Mid 456 2.73 1.88 3 -
1694  3.10 1.93 5 -
963 3.13 1.81 4 Korean
1745  3.35 1.89 4 -
Easy 131 3.40 1.74 5 -
1224  3.53 1.76 4 -

terpret meteorological charts and symbols is a dis-
tinct skill set not linearly correlated with general
linguistic or textual reasoning capabilities.

To investigate the orthogonality of our bench-
mark, we further analyzed correlations with
KMMLU-Pro and -Redux. For KMMLU-Redux,
where only the test set is publicly available, we
specifically partitioned the data into the 39 ques-
tions derived from the 2022 Meteorological Engi-
neer exam versus the remaining 2,547 general ques-
tions. The sample pool for this analysis consisted
of 25 open-source VLLMs for Multimodal subset
comparisons and 52 open-source models for other
subsets (excluding the proprietary models listed in
Table 4).

As shown in Figure 6, KMMLU-Pro exhib-
ited weaker correlation due to domain divergence.
Within KMMLU-Redux, the isolated 39-question
meteorological subset showed lower correlation
(r, = 0.70) than the full dataset (7, = 0.78),
suggesting that this small subset is insufficient
to capture comprehensive meteorological capabil-
ity. Crucially, a significant drop in correlation is
observed for K-MetBench’s multimodal and rea-
soning subsets, highlighting the structural gap be-
tween our multimodal evaluation and existing text-
only licensing exams.

E.2 Detailed Analysis of K-MetBench
Performance

Table 4 presents the comprehensive leaderboard of
K-MetBench, evaluating a diverse range of propri-
etary and open-source models. The results are cate-
gorized by model type, capabilities (Korean-native,
Multimodal, Reasoning), and granular domain per-

Total ) 103
Reasoning 066 “ oo | I
Part | 078 | 06 | 075 | SRS

CRR TR | 070 | 066 | 070 |
2 Pat3 0% -
2 Pard BN 0
3 Pans 07 [ 069 | 075 |
Text-Only 05 2
Multimodal 0.20 0.29 0.34 0.29 g
Korean ol G

D ) ’

N ™ CHEN

& 3
KMMLU Redux
Comparison Benchmarks

Figure 6: Heatmap of Kendall’s 7, rank correla-
tions between K-MetBench and KMMLU, KMMLU-
Redux). In KMMLU-Redux, ‘39’ denotes the subset
of 39 Meteorological Engineer Exam questions, while
‘All-39’ refers to the remaining subset excluding these
meteorological questions. Acc.: Accuracy.

formance.

SOTA Performance and the Impact of Rea-
soning. Proprietary models dominate the upper
echelon of the leaderboard. gemini-3-pro-
preview (Thinking) achieves state-of-the-art per-
formance with a total accuracy of 93.7%, signif-
icantly outperforming other contenders. A no-
table trend is the efficacy of Thinking (reason-
ing) models; for instance, gpt-5.2 (Thinking)
scores 87.8%, showing a substantial improvement
(+10.2%p) over its standard counterpart, gpt-5.2
(77.6%). This pattern reinforces that chain-of-
thought capabilities are crucial for solving complex
meteorological problems.

Open-Source Landscape. In the open-source
domain, the Qwen(Yang et al., 2025; Bai et al.,
2025; Qwen et al., 2024) series exhibits ex-
ceptional performance. Qwen3-VL-235B-A22B-
Thinking leads this category with 84.4%. Even
smaller models like Qwen3-VL-32B-Thinking
(78.6%) surpass much larger non-reasoning mod-
els (e.g., gpt-o0ss-120b, 77.3%), highlighting the
efficiency of reasoning-enhanced architectures in
specialized scientific domains.

The Modality Gap. A critical disparity exists
between textual and visual reasoning. While top
models achieve near-perfect scores on the 7ext sub-
set (e.g., Gemini: 94.6%), their performance drops
significantly on the Multimodal subset (Gemini:
75.6%). This modality gap is even more pro-
nounced in other models; gpt-5.2 (Thinking)
sees a drastic decline from 90.6% (Text) to 29.3%
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(Multi). This indicates that while current LLMs
excel at theoretical knowledge retrieval, they still
struggle with interpreting professional meteorolog-
ical charts and diagrams.

Geo-Cultural Alignment and Granularity.
Korean-native models demonstrate distinct advan-
tages in localized contexts. A.X-4.0 achieves a
high K-Specific score of 78.9%, outperforming
several larger global models in this specific subset,
despite a lower overall accuracy. In terms of
domain granularity (P1-P5), models generally
perform best in Meteorological Observation (P2),
likely due to the descriptive nature of the questions,
while struggling more in Atmospheric Dynamics
(P3) and Atmospheric Physics (P5), which require
deeper calculation and physical conceptualization.

E.3 Results of Meta Evaluation of
LLM-as-a-Judge

Rank Preservation Analysis. In benchmark
evaluation, the accuracy of relative ranking is often
more critical than absolute scores. The slope graph
in Figure 8 compares the rankings assigned by hu-
man experts and the LLM. Although minor rank
fluctuations exist, the overall trend distinguish-
ing high-performing models from low-performing

K-MetBench Part 2 Acc.
K-MetBench Part 3 Acc.
K-MetBench Part 4 Acc.
K-MetBench Part 5 Acc.
K-MetBench Text-Only Acc.
K-MetBench Multimodal Acc.

KMMLU-Pro Acc. 0.51 0.52
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Figure 8: Slope graph of rank changes of reasoning
evaluation scores of two human experts vs. LLM
evaluator. The crossing lines indicate minor discrep-
ancies, but the overall performance tiers remain largely
consistent.

E4 MCQA Accuracy vs. Reasoning Score

As illustrated in Figure 9, we analyze the
relationship between answer accuracy and
qualitative reasoning capabilities. = The color
gradient represents the Reasoning Score Gap,
defined as the disparity between the reason-
ing score of correctly answered items and the
overall average (i.e., Reasoning Score Gap
Reasoning Score| 4_oreey — Reasoning Score ).

We observe a strong positive correlation (r =
0.959) between QA accuracy and reasoning scores,
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Figure 7: Heatmap of Kendall’s 7, rank correlations between K-MetBench and existing benchmarks. Red
denotes high positive correlation, while blue indicates negative correlation.
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indicating that models that derive correct answers
also tend to generate higher-quality reasoning
traces. A distinct scaling law is also evident; larger
models (shown by marker size) consistently pop-
ulate the upper-right quadrant, achieving superior
performance in both metrics. Two notable trends
appear among specific models:

High Reasoning but Low Accuracy: Qwen3-
VL-8B-Thinking emerges as an outlier. Despite
its relatively low accuracy, it maintains a high rea-
soning score. This suggests that while the model
generates detailed “’thinking” processes, its limited
capacity (8B) often leads to hallucinations or logi-
cal fallacies in the final deduction.

Impact of Reasoning Optimization: The
benefit of reasoning-specific training is high-
lighted by the Command family.
reasoning-08-2025 significantly outperforms
its predecessor, c4ai-command-a-03-2025, in
both accuracy and reasoning quality, validating
the efficacy of reasoning-enhanced fine-tuning.

command-a-
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Figure 9: Scatter plot of MCQA Accuracy vs. Rea-
soning Score. The x-axis represents the answer accu-
racy, while the y-axis denotes the qualitative reasoning
score evaluated by the judge. Marker sizes are propor-
tional to the model parameter count. The strong correla-
tion (r = 0.959) confirms that high-performing models
generally provide more reliable reasoning traces.

E.5 Computational Cost and Efficiency
Analysis

We evaluated the normalized total GPU compute
time for 100 questions against the 150-minute
exam limit (=~ 2.50 GPU-hours).

Standard instruction-tuned models (e.g.,
Qwen2.5-VL-Instruct) demonstrated negligi-

ble cost (< 0.01 GPU-hours), operating orders of
magnitude faster than the human time constraint.

Reasoning models exhibited significant com-
putational overhead. While Qwen3-VL-8B-
Thinking (2.4 GPU-hours) remained within
the limit, larger models like Qwen3-VL-32B-
Thinking (3.8 GPU-hours) and command-a-
reasoning (20.8 GPU-hours) exceeded the
threshold, highlighting the substantial resource
trade-off required for deep reasoning. While
this heavy computational overhead may yield
deeper reasoning traces, it poses challenges for
time-sensitive forecasting applications where
rapid decision-making is critical. However, em-
ploying tensor parallelism can effectively reduce
wall-clock inference time.

F Compute Resources

We evaluated all open-source models on an inter-
nal cluster equipped with 40 NVIDIA H100 80GB
PCle GPUs. To maximize inference efficiency,
we utilized the vVLLM library for all benchmark
evaluations. The evaluation covered 52 text-only
and multimodal models across all subsets of K-
MetBench, totaling approximately 192.14 H100
GPU hours (153.01 and 39.13 GPU hours for stan-
dard MCQA and reasoning MCQA, respectively).

G Hierarchical Topic Distribution

Figures 29 through 31 illustrate the comprehensive
hierarchical taxonomy of the K-MetBench

dataset, aligned with the official evaluation cri-
teria of the National Meteorological Engineer writ-
ten examination (Human Resources Development
Service of Korea, 2024). The dataset spans five
major subject areas: Weather Analysis and Fore-
casting Theory, Meteorological Observation Meth-
ods, Atmospheric Dynamics, Climatology, and At-
mospheric Physics.

As depicted in Figure 29-31, each subject area
and hierarchy demonstrates the benchmark’s fine-
grained granularity and comprehensive coverage
of meteorological domain knowledge. The numer-
ical values in parentheses represent the estimated
count of questions belonging to each specific cate-
gory. To map the 1,774 questions to this detailed
hierarchy, we employed Gemini-2.5-Pro for au-
tomated classification. These counts serve as an
indicative reference, highlighting the dataset’s bal-
anced coverage across the theoretical and practical
spectrums of meteorology.
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Table 11: Expert verification questionnaire for reference rationales

ID Question Choices Exact Generated Adopt? Note 1 Note 2
Answer Rationale (Minor Fix) (Major Fix)

18 wge .. 1. ... 2 v gL .. yes - -

Note: The gray-shaded cells indicate the items to be answered by the expert. Adoption Criteria (Accuracy, Logical Soundness,
Completeness, and Conciseness) are provided separately.
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(b) Multimodal Reasoning Questions

Figure 10: Examples of the expert verification questionnaire for reference rationales (in Korean)
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Table 12: Questionnaire for expert scoring of open-source LLM reasoning results

ID Question Choices Exact GT-R  Target R Fact Sound Depth Clear Total Note
Answer -5 (1-5) @-5 @1-5) 4-20)

18 wlde .. 1. 2 g Hdegge.. 1 2 1 5 9 -

Note: GT-R: Expert-verified Gold Rationale, Target R: LLM Generated Reasoning. Scoring: I1(Poor) — 5(Excellent). The
gray-shaded cells indicate the items to be answered by the expert.
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Figure 11: Examples of the questionnaire for expert scoring of open-source LLM reasoning results (in Korean)
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System Prompt for Identifying Regional Questions (Gemini-2.5-Pro)

Figure 12: The system prompt used by Gemini-2.5-Pro to filter Korea-specific meteorological questions

English Translation of the System Prompt for Identifying Regional Questions (Gemini-2.5-

Pro)

You are an expert in meteorology.

Analyze the provided ‘Meteorological Engineer Exam Questions’. Carefully review the content and options of each
question to identify ‘strongly regional’ questions that pertain solely to South Korea’s geography, climate, weather
systems, and relevant institutions, rather than general meteorological knowledge applicable globally.

Use the following criteria to select the questions:

- Questions dealing with meteorological phenomena in specific regions of Korea (e.g., Yeongdong, Yeongseo,
Ulleungdo, West Coast)

- Questions regarding specific meteorological terms or forecasting systems used exclusively in Korea (e.g., Neighbor-
hood Forecast)

- Questions directly related to the roles or operations of the Korea Meteorological Administration (KMA) or relevant
institutions

- Even for weather phenomena that significantly impact Korea, such as Asian Dust, Changma (rainy season), or
Typhoons, select them only if the content is tied to Korea’s specific context (e.g., impact on a specific region, Korea’s
forecasting system)

Output the result strictly as integers representing the ID numbers of the relevant questions, without any further
explanation.

Figure 13: English translation of the system prompt used by Gemini-2.5-Pro to filter Korea-specific meteoro-
logical questions
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System Prompt for Identifying Regional Questions (ChatGPT-4.1)
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Figure 14: System prompt used by ChatGPT-4.1 to filter Korea-specific questions

English Translation of the System Prompt for Identifying Regional Questions in English

(ChatGPT-4.1)

# Role

You are a meteorology education expert familiar with the subjects and trends of the ‘Republic of Korea Meteorological
Engineer Certification Exam’. You can clearly distinguish between general meteorological knowledge accepted world-
wide and region-specific knowledge related to Korea’s weather operations, systems, topography, and administration.

# Goal

Among the provided exam questions, select only those that are not ‘general meteorological knowledge applicable
everywhere’ but reflect ‘strong regional, institutional, or administrative backgrounds specific to Korea’. Return only
the question ID numbers.

# Criteria

- Korea-exclusive observation equipment/terms (e.g., Long-wave/High-frequency proximity array observation
network, ASOS-K)

- Korea Meteorological Administration (KMA) administrative procedures/laws/notices (e.g., Special advisory
criteria, observation reporting time regulations)

- Korean topographical/climatic specifics (e.g., Characteristics of snow clouds on the West Coast, typhoon landfall
path statistics)

- Unique vocabulary, units, or abbreviations used only in Korea or included in the exam scope

- If none of the above exist and the question deals with international common standards like ICAO/WMO, treat it as
‘General Global’

# Output Format

- Output only numbers without any explanation
Example: ‘4’

- If the list is empty, write ‘None’

# Reasoning Process
- Read each question and decide strictly based on the ‘Criteria’ above internally.
- In the final answer, leave only the result numbers and do not write intermediate reasoning or reasons.

Figure 15: English translation of the system prompt used by ChatGPT-4.1 to filter Korea-specific questions
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System Prompt for Reference Rationale Generation
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Figure 16: System prompt used to generate a reasoning rationale

English Translation of the System Prompt for Reference Rationale Generation

You are a meteorology expert in Korea. Your mission is to act as a Senior Chief Forecaster and Exam Setter to
evaluate the given multiple-choice question, select the correct answer, and strictly perform the following two steps

sequentially.

1. Generate Core Reasoning Rationale (One Sentence):

- (Factuality) You must explain why the answer is correct based on meteorological facts.

- (Logicality) Explain the reasoning so that it clearly and directly supports the answer.

- (Depth) Do not avoid the core of the question. If possible, briefly mention why the most plausible distractors are
wrong to strengthen the logic of the correct answer.

- (Clarity) Summarize well into one sentence without unnecessary content.

2. Determine Correct Answer:
- Based on sufficient reasoning, clearly determine the final answer number (option number).

Response Rules

- You must answer strictly using the JSON format below.

- The reasoning rationale must be derived first, followed by the answer.

- All fields must be included, and variable names and structure must be written as shown below.

{

”Generated_Rationale”: ”{One logical sentence. Explain why the answer is correct and why key distractors are wrong.

Write concisely for easy student understanding.}”,
”Answer”: ”{Calculated answer number (digits only)}”

}

Figure 17: English translation of the system prompt used to generate a reasoning rationale
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System Prompt for Reasoning and Answer Generation (Open-Source LLM)
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Figure 18: System prompt for open-source LLMs requiring a two-step process: free reasoning in a scratchpad
followed by a structured JSON output
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English Translation of the System Prompt for Reasoning and Answer Generation (Open-

Source LLM)

Role
You are a meteorology expert in Korea. Answer the following multiple-choice question.
In the question, ‘our country’ refers to ‘Korea’. Please answer reflecting the geographical characteristics of Korea.

Task

For the given multiple-choice question, you must first record your entire thought process freely, and then based on
that content, submit the core reasoning rationale for the answer and the final answer in JSON format so that the
grader can clearly understand.

Thinking and Response Procedure
You must respond according to the following 2-step procedure.

Step 1: Free Thinking (<scratchpad>)

- First, think freely inside the <scratchpad>tags. This is your personal space for organizing thoughts.

- Analyze the core concepts of the question, list relevant meteorological knowledge, and record your flow of thought,
including why each option is correct or incorrect (O/X).

- Important: The content of this <scratchpad>is not reflected in the final grading. Think freely without formatting
constraints.

Step 2: Final Answer Generation (JSON)
- Once writing in <scratchpad>is finished, review your thought process.
- Based on that, generate the final answer in JSON format according to the instructions below.

1.  (“Generated_Rationale”): Write a concise paragraph explaining the logical process used to select the
answer. Do not copy the <scratchpad>content directly; summarize and restructure only the key points. (Consider
accuracy, logic, conciseness, and core identification criteria.)

2. (“Answer”): Select the option number you think is the final correct answer based on the reasoning above. Must
output only an integer.

Full Response Format

- Your response must consist of two parts: a <scratchpad>block and a JSON code block.

- As shown in the example below, the <scratchpad>must be presented first, immediately followed by the final answer
wrapped in a JSON code block.

<scratchpad>

Describe your entire thought process freely here. Example: Using formula F = (C *9/5) + 32...
</scratchpad>

““‘json

{

”Generated_Rationale”: ”Using the formula F = (C *9/5) + 32 to convert 30 degrees Celsius to Fahrenheit gives 86
degrees Fahrenheit. Since 86 is greater than 30, the mercury column of the Fahrenheit thermometer rises higher than
that of the Celsius thermometer for the same temperature.”,

”Answer”: 1

}4“

Figure 19: English translation of the System prompt for open-source LLMs
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English Translation of the System Prompt for LL.M-as-a-Judge Evaluation (Gemini-2.5-Pro)

### Role
You are a highly strict and impartial Evaluation Chair for AI Reasoning Capabilities, possessing deep expertise in the field of
meteorology. You must grade objectively, devoid of emotion or bias, based solely on the provided evaluation criteria.

#i## Task
Based on the provided <Problem Information >, <Expert Verification Reference Material >, and <Response for Evaluation >,
assess the quality of the answer submitted by the ‘Examinee AI’ and output the results in the specified JSON format.

#it# Input Information

1. <Problem Information >: The original multiple-choice question serving as the context for evaluation (includes the
question, options, and correct answer).

2. <Expert Verification Reference Material >: Model explanation material with 100% verified facts. This material must be
used as the absolute standard for detecting ‘factual errors’ or ‘hallucinations’ in the <Response for Evaluation >.

3. <Response for Evaluation >: The reasoning process and answer generated by the ‘Examinee AI’ that you are required to
grade.

#it# Step-by-Step Thinking Process

You must go through the following thinking process before performing the evaluation.

1. Fully understand all input information.

2. [Fact Check]: Compare every claim in the <Response for Evaluation >against the <Expert Verification Reference Material
>to first identify any factual errors and compile a list.

3. [Individual Axis Evaluation]: Read the four ‘Evaluation Criteria and Scale’ below one by one, and determine the score
for the <Response for Evaluation >based on each criterion, along with the rationale.

4. [Synthesis and Formatting]: Once all judgments are complete, synthesize the content to create the final output JSSON
format.

### Evaluation Criteria and Scale
Assign an integer score from 1 (Very Poor) to 5 (Excellent) for each evaluation axis according to the criteria below.

* 1) Factual Accuracy [1-5 points]

* Does the reasoning perfectly align with meteorological facts without errors?

* 5 points: All content is perfectly accurate based on the <Expert Verification Reference Material >.

* 3 points: The core logic is correct, but minor errors or inaccurate expressions that do not affect the conclusion are
included.

* 1 point: Major factual errors (hallucinations) that undermine the legitimacy of the conclusion are included.

* 2) Logical Soundness [1-5 points]
* Is the provided evidence logically sufficient and inevitable for deriving the conclusion (answer)?
* 5 points: Perfectly connected without any logical leaps or omissions between evidence and conclusion.
* 3 points: The core link exists, but some explanations are omitted, or the reasoning process is somewhat unfriendly.
* 1 point: The evidence fails to support the conclusion, or obvious logical errors exist.

* 3) Depth of Reasoning [1-5 points]

* Did it understand the core principles of the problem deeply and analyze it from multiple angles?

* 5 points: Demonstrates deep understanding by including not only the basis for the correct answer but also rebuttals as to
why attractive distractors (wrong options) are incorrect.

* 3 points: Provided the core explanation for the correct answer, but lacks multi-faceted analysis such as consideration of
wrong options.

* 1 point: Lacks depth by merely listing superficial and fragmentary facts.

* 4) Clarity & Conciseness [1-5 points]

* Is the reasoning explanation clear and easy to understand without clutter?

* 5 points: Conveys only the core points concisely without unnecessary content, stated clearly enough for a non-expert
learner to understand easily.

* 3 points: Meaning is conveyed, but some sentences are verbose or include unnecessary information.

* 1 point: Sentences are complex and difficult to understand, or there is a lot of content irrelevant to the intent of the question.

#i#t# Output Format
- You must strictly adhere to the JSON structure below.
- Do not add any additional explanations or text outside the JSON.

““‘json
{
‘“List _of_Factual_Errors™: [
““{ First factual error or hallucination found in < Response for Evaluation > ( quote the sentence ) }”,
““{ Second factual error... ( Output an empty list [ ] if none ) }”
1,
‘‘Evaluation_Scores™: {
“‘Factual_Accuracy”: {Integer score between 1-5},
“‘Logical_Soundness”: {Integer score between 1-5},
“‘Depth_of_Reasoning”: {Integer score between 1-5},
“‘Clarity_and_Conciseness”: {Integer score between 1-5}
b
“‘Evaluation_Rationale”: *‘{ Comprehensively describe the core reasons for assigning the scores above for each axis. If the ‘Accuracy’ score is low,
you must explicitly mention what factual errors occurred. }”

Jeee

Figure 21: System prompt used by the evaluator LLM (Gemini-2.5-Pro) to assess reasoning quality across
four dimensions: factual accuracy, logical soundness, 5@ of reasoning, and clarity.



Standard System Prompt (Baseline)
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Figure 22: Standard baseline system prompt using simple zero-shot instructions without specific regional
context

English Translation of the Standard System Prompt (Baseline)

You are a meteorology expert. Answer the following multiple-choice question.

Choose the most appropriate option from the choices and output it in the following JSON format:
"~ json {*Answer’: ‘{Option Number}’}
Do not output any text other than the answer.

Figure 23: English translation of the standard baseline system prompt using simple zero-shot instructions
without specific regional context

Advanced System Prompt (Role + Context)

Figure 24: Advanced prompt with added role definition and specific context regarding Korean geography

English Translation of the Advanced System Prompt (Role + Context)

You are a meteorology expert in Korea. Answer the following multiple-choice question.
In the question, ‘our country’ refers to ‘Korea’. Please answer reflecting the geographical characteristics of Korea.
Choose the most appropriate option from the choices and output it in the following JSON format:

json {‘Answer’: ‘{Option Number}’}
Do not output any text other than the answer.

Figure 25: English translation of the advanced prompt with added role definition and specific context regard-
ing Korean geography
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Text-Only/Multimodal MQQA User Prompt Template

ZE: {{Question_text}}
[{{Question_image}}]

1. {{Choice_1_text}}
[{{Choice_1_image}}]
2. {{Choice_2_text}}
[{{Choice_2_image}}]
3. {{Choice_3_text}}
[{{Choice_3_image}}]
4. {{Choice_4_text}}
[{{Choice_4_image}}]

Figure 26: Text-Only/Multimodal MCQA user prompt template. The placeholders enclosed in square brackets
(e.g., [Question_image]) denote optional fields that are populated only when the corresponding image exists in the
dataset. This single template covers all four modality configurations (i.e., text-only, image-in-question, image-in-
choices, and images-in-both).

Reasoning MCQA User Prompt Template

obe) BuE ko w PrHE A L.

— BEGIN INPUT DATA —

#H# < T A HE >

SR e

{{Question_text}}

[#+8A] o] u] x]:#* {{Question_image}}]

oA B ] e

1. {{Choice_1_Text}}

[¥*(A B R] ] o] u] R]):** {{Choice_I_image}}]
2. {{Choice_2_Text}}

[¥#(M & %] 2 o] 1] R)):** {{Choice_2_image}}]
3. {{Choice_3_Text}}

[#*(A B R] 3 o] u] X]):** {{Choice_3_image}}]
4. {{Choice_4_Text}}

[*#(X & 2] 4 o] 1] R]):** {{Choice_4_image}}]

w3 ko {{Correct_Answer}}

#H#H <AE7 A= AR A8 >

{{Rationale_Content}}% populates ‘(A} 5 1)’ if wo_rationale is True
#H <F 7L A g >

wx ] A E 2 Z 7% {{Generated_Reasoning}}

wk kol {{Predicted_Answer}}

— END INPUT DATA —

Figure 27: Reasoning MCQA user prompt template. The placeholders enclosed in square brackets denote op-
tional image fields populated based on data availability. Additionally, the rationale field defaults to ‘(A& §l=)’
(No Data) when the expert rationale is withheld (w/o rationale setting).
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Table 13: K-MetBench performance scores across all models and subsets. Models are sorted by accuracy. All
accuracy metrics range from 0 to 100, while the reasoning score (Reas.) ranges from 4 to 20. Bold values indicate
the highest scores in each column for proprietary and open-source models, respectively. (Acc.: Accuracy, K: Korean
model, V: Vision language model, R: Reasoning model, Inst.: Instruct)

Flags Acc. Reas.

Modality

Granularity (P1-P5)

Type Model
K V R Korean Text Multi P1 P2 P3 P4 P5
* gemini-3-pro-preview (Thinking) V R 93.7 18.01 90.4 94.6 75.6 92.5 97.9 94.2 92.8 91.6
Proprietary & gpt-5.2 (Thinking) V R 87.8 17.33 80.8 90.6 29.3 86.3 93.4 88.0 86.2 85.3
® gpt-5.2 \ 77.6 17.39 75.3 79.0 50.0 77.2 81.3 71.9 81.4 76.3
Multilingual Thinking Models
2 Quen3-VL-235B-A22B-Thinking V R 844 17.22 72.6 86.2 48.8 81.5 88.6 87.2 83.2 82.0
2 Quen3-VL-32B-Thinking V R 78.6 16.17 60.3 799 51.2 74.3 852 78.8 78.7 76.3
~« command-a-reasoning-08-2025 R 77.8 14.12 74.6 77.8 - 734 852 73.8 78.8 78.5
® gpt-o0ss-120b R 773 16.12 62.0 77.3 - 72,5 858 76.5 774 749
22 Qwen3-30B-A3B-Thinking-2507 R 76.7 15.76 67.6 76.7 - 755 82.1 75.6 749 759
2 Qwen3-VL-30B-A3B-Thinking V R 749 15.16 68.5 763 45.1 70.5 774 74.1 76.6 76.0
£ Quen3-14B R 73.7 15.25 60.6 73.7 - 709 843 724 702 71.7
2 Qwen3-VL-8B-Thinking V R 71.7 10.33 61.6 73.3 39.0 66.2 79.8 70.5 71.3 71.6
® gpt-o0ss-20b R 71.5 13.55 60.6 71.5 - 657 824 71.8 722 65.8
£ Quen3-8B R 70.1 13.31 49.3 70.1 - 69.5 80.2 69.1 65.6 66.8
2 Quen3-4B-Thinking-2507 R 67.8 13.28 60.6 67.8 - 63.5 80.8 64.1 66.7 65.1
2 Quen3-VL-4B-Thinking V R 66.1 11.58 54.8 67.0 47.6 60.1 80.1 62.7 64.1 65.0
£ Quen3-32B R 47.5 14.57 28.2 47.5 - 48.6 61.3 474 39.7 41.0
©2 Qwen3-1.7B R 46.8 7.37 352 46.8 - 451 572 474 424 427
22 Qwen3-0.6B R 322 4.60 239 322 - 30.2 40.9 32.1 32.0 25.7
%" Phi-4-mini-reasoning R 12.6 4.02 9.9 12.6 - 143 10.7 10.9 12.7 143
Multilingual Instruct Models
€2 Quen3-VL-235B-A22B-Instruct \Y 72.4 1540 74.0 73.8 45.1 729 78.6 643 745 72.2
#2 Quen3-VL-32B-Instruct \ 67.5 14.85 61.6 68.7 41.5 67.8 72.0 64.3 69.4 63.8
#2 Quen2.5-VL-72B-Instruct \ 67.1 12.94 63.0 684 41.5 64.3 70.8 62.7 69.7 68.6
#2 Quen3-30B-A3B-Instruct-2507 64.7 14.69 60.6 64.7 - 65.1 714 57.6 65.6 63.8
~« c4ai-command-a-03-2025 65.5 12.81 66.2 65.5 - 629 664 579 719 68.7
£ Quen3-VL-30B-A3B-Instruct \ 62.2 13.37 57.5 632 41.5 63.3 684 543 644 61.1
Open-source £ Quen2.5-VL-32B-Instruct \ 60.1 10.99 56.2 61.1 39.0 60.3 59.9 56.8 62.8 60.5
M Llama-3.1-70B-Instruct 59.9 11.16 57.7 59.9 - 593 61.6 53.2 65.8 59.3
% InternVL3.5-38B-Instruct \% 573 11.38 479 58.1 402 56.0 64.8 48.7 61.4 55.7
™ Llama-3.2-90B-Vision-Instruct \Y% 569 9.72 52.1 582 30.5 57.1 59.3 524 622 53.3
2 Qwen3-VL-8B-Instruct \% 53.8 12.07 43.8 543 439 542 58.1 49.3 559 51.5
2 Qwen3-4B-Instruct-2507 51.5 12.32 45.1 51.5 - 53.8 52.5 47.6 52.6 50.8
2" Phi-4 51.5 11.75 40.8 51.5 - 52,5 53.8 50.0 55.1 45.3
2 Qwen3-VL-4B-Instruct \% 51.0 11.55 46.6 51.1 48.8 50.7 56.3 46.0 53.5 48.5
% InternVL3.5-14B-Instruct \Y 479 945 452 484 37.8 445 53.6 44.0 503 47.6
% InternVL3.5-8B-Instruct \ 46.1 7.07 35.6 46.7 329 453 488 42.1 524 41.6
2 Quen2.5-VL-7B-Instruct \ 46.1 7.08 37.0 46.6 34.1 49.3 43.1 429 519 422
M Llama-3.1-8B-Instruct 41.8 7.63 40.8 41.8 - 442 38.1 40.0 444 42.0
% InternVL3.5-4B-Instruct \ 415 4.81 247 42.1 293 44.5 44.0 379 439 36.8
#2 Quen2.5-VL-3B-Instruct \ 409 4.88 37.0 414 30.5 41.6 38.6 40.1 439 40.1
™ Llama-3.2-3B-Instruct 33.8 5.08 31.0 33.8 - 36.3 32.7 34.7 339 309
 InternVL3.5-2B-Instruct \ 31.0 4.35 247 31.2 26.8 33.8 30.7 32.3 29.5 28.4
5% Phi-4-mini-Instruct 304 5.82 21.1 304 - 31.6 33.0 30.3 29.5 27.7
% InternVL3.5-1B-Instruct \ 23.8 4.06 28.8 243 13.4 26.0 23.8 242 234 21.6
™ Llama-3.2-1B-Instruct 3.5 4.00 42 35 - 30 53 26 39 29
Korean Thinking Models
A EXAONE-4.0-32B K R 59.9 13.57 59.2 59.9 - 582 64.8 52.4 63.1 61.2
€3 HyperCLOVAX-SEED-Think-14B K R 50.8 11.29 52.1 50.8 - 51.6 53.8 41.8 55.6 51.1
A EXAONE-4.0-1.2B K R 374 7.60 423 374 - 37.6 42.1 35.0 39.1 32.6
Korean Instruct Models
TA.X-4.0 K 76.1 15.46 78.9 76.1 - 76.6 777 68.2 81.3 76.5
nc VARCO-Vision-2.0-14B K V 58.7 11.24 57.5 59.5 427 59.0 62.3 54.3 61.7 56.0
T A.X-4.0-Light K 55.7 11.45 60.6 55.7 - 55.8 544 509 614 55.7
T A.X-4.0-VL-Light K V 52.5 9.76 54.8 53.0 42.7 51.5 50.6 50.1 58.0 52.1
nc VARCO-Vision-2.0-1.7B K VvV 352 5.76 342 366 6.1 35.1 358 33.4 38.0 33.2
€3 Hyper CLOVAX-SEED-Vision-Inst.-3B K V 320 7.56 356 324 232 373 259 26.5 36.7 32.6
€3 Hyper CLOVAX-SEED-Text-Inst.-1.5B K 30.6 6.84 36.6 30.6 - 38.5 31.4 247 30.6 27.0
€3 Hyper CLOVAX-SEED-Text-Inst.-0.5B K 13.2 431 14.1 132 - 17.0 8.5 10.6 13.5 16.0
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HyperCLOVAX-SEED-Text-Instruct-1.5B -
EXAONE-4.0-1.2B 4
Qwen2.5-VL-3B-Instruct -
Qwen3-4B-Instruct-2507 -
HyperCLOVAX-SEED-Vision-Instruct-3B 4
Qwen2.5-VL-7B-Instruct
Qwen3-VL-30B-A3B-Instruct -
InternVL3_5-8B-Instruct
Llama-3.2-3B-Instruct q
Qwen3-30B-A3B-Instruct-2507
Phi-4-mini-instruct -
Qwen3-VL-4B-Instruct 4
InternVL3_5-1B-Instruct
Qwen2.5-VL-32B-Instruct 4
Qwen3-VL-8B-Instruct
A.X-4.0-Light
InternVL3_5-14B-Instruct 4
Llama-3.1-70B-Instruct 4
'VARCO-VISION-2.0-14B -
HyperCLOVAX-SEED-Text-Instruct-0.5B -
EXAONE-4.0-32B
InternVL3_5-4B-Instruct -
InternVL3_5-2B-Instruct

Phi-4 4

A.X-4.0-VL-Light q
Llama-3.1-8B-Instruct 4
Qwen3-VL-32B-Instruct -
InternVL3_5-38B-Instruct 4
A.X-4.0
Qwen2.5-VL-72B-Instruct -
cdai-command-a-03-2025 4
Qwen3-VL-235B-A22B-Instruct
VARCO-VISION-2.0-1.7B
Qwen3-0.6B -
Llama-3.2-1B-Instruct 4
gpt-0ss-120b -
HyperCLOVAX-SEED-Think-14B -
Qwen3-1.7B -

gpt-0ss-20b 4

Qwen3-8B
Qwen3-30B-A3B-Thinking-2507 4
Qwen3-4B-Thinking-2507 -
Qwen3-14B 4
Llama-3.2-90B-Vision-Instruct -
Qwen3-VL-30B-A3B-Thinking 4
Qwen3-VL-4B-Thinking 4

0.00 GPU-hours i(l() Qs
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0.00 GPU-hours |no Qs
0.00 GPU-hours / |00 Qs
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0.01 GPU-hours |oo Qs
0.01 GPU-hours / |oo Qs
0.01 GPU-hours / |Oli Qs
0.01 GPU-hours }oo Qs
0.01 GPU-hours }oo Qs
0.01 GPU-hours / Il)ll Qs
0.01 GPU-hours / {oo Qs
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0.01 GPU-hours :oo Qs
0.01 GPU-hours :oo Qs
0.01 GPU-hours / 100 Qs
0.01 GPU-hours / 100 Qs
0.02 GPU-hours ioo Qs
0.02 GPU-hours / :()l) Qs
0.03 GPU-hours =oo Qs
0.03 GPU-hours :oo Qs
0.03 GPU-hours ,oo Qs
0.04 GPU-hours / }00 Qs
0.04 GPU-hours ’l)(l Qs
0.05 GPU-hours }oo Qs
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0.10 GPU-hours :I()li Qs
0.11 GPU-hours /:mo Qs
0.11 GPU-hours :mo Qs
0.14 GPU-hours /: 100 Qs
026 GPUrlwursI' 100 Qs
0.30 GPU—ImuN: 100 Qs
0.37 Gl’U'h(\lll’; 100 Qs
0.39 GPU—houx; /100 Qs
0.46 (iPU-h()IIL /100 Qs
0.67 GI’U—IHIIH‘S/ 100 Qs

1
0.86 GPU-Hours / 100 Qs

GPU-hours < Exam Time

GPU-hours > Exam Time

Exam time (150 minutes = 2.50 GPU-hours)
Non-multimodal

W Multimodal

Qwen3-32B 1 1.0 GPU-Bours / 100 Qs
Phi-4-mini-reasoning 15 Gl:U'hOurS/ 100 Qs
Qwen3-VL-8B-Thinking 4 : 2.4 GPU-hours / 100 Qs
Qwen3-VL-235B-A22B-Thinking 4 : 3.1 GPU-hours / 100 Qs
Qwen3-VL-32B-Thinking 4 : 3.8 GPU-hours / 100 Qs
command-a-reasoning-08-2025 : 20.8 GPU-hours / 100 Qs

0 5 10 15 2‘0
Normalized Total GPU Compute Time for 100 Questions

Figure 28: Normalized total GPU compute time for 100 questions compared across models. The plot displays
the total GPU time required to complete 100 questions, calculated as (wall-clock inference time X tensor paral-
lelism size x 100 + question count). The red dashed line indicates the official time limit for the Meteorological
Engineer exam (150 minutes). Green bars denote models that completed the task within the time limit, while red
bars indicate models that exceeded it. Solid bars represent multimodal models, and hatched bars represent non-

multimodal (text-only) models. All evaluations were conducted using the vLLM library on NVIDIA H100 80GB
PCle GPUs.
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2

Streamline and Thickness Analysis (0)

Front & Air Mass
Analysis (2)

Typhoon Analysis (2)

Principles of
Forecasting (14)

Principles of Forecasting (14)

Forecasting Other Meteorological Phenomena (222)

Weather
Forecasting
(261)

Elements (247)

Precipitation Forecasting (14)

Basic
Observation
(265)
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Methods (332)
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Thunderstorm and Wind Forecasting (6)

Numerical Weather

Forecasting
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Prediction (0)

P T

Numerical Analysis (0)
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Observation Overview

(212)

Instruments and
Observation (53)

Radiosonde (64)

Meteorological
Satellite (0)

Lidar (0)

Radar (0)

Wind Profiler (1)
Lightning
Observation (0)

Marine Observation
(0)

Aviation Observation
(2)

Earthquake
Observation (0)

Definitions and Units of Meteorological Elements (196)
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Atmospheric Pressure Observation (12)
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Data analysis (64)
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Vertical Atmospheric Structure Observation (2)

Occurrence and Phenomena of Earthquakes (0)

Figure 29: Hierarchical taxonomy and sample distribution for Parts 1 and 2. The diagram visualizes the
breakdown of Meteorology & Thermodynamics and Observation Methods into detailed sub-topics. Numbers in
parentheses indicate the estimated quantity of questions classified by Gemini-2.5-Pro.
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Figure 30: Hierarchical taxonomy and sample distribution for Part 3. This overview details the structure of
Forecasting & Climatology, mapping the dataset samples to specific forecasting theories and climate phenomena.
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Figure 31: Hierarchical taxonomy and sample distribution for Parts 4 and 5. The diagram covers Applied
Meteorology and Weather Chart Analysis, illustrating the coverage of practical applications and legal regulations.
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, and Reasoning subset performances

with bootstrap confidence intervals. Error bars denote 95% Cls derived from item-level bootstrap resampling
on 10 evenly spaced models. Even for the smaller subsets, the uncertainty is explicitly quantified and the coarse
separation between higher- and lower-performing systems remains visible across panels.

H Robustness of Conclusions Under
Small Subsets

To address the concern that small subsets may
induce high variance and unstable conclusions,
we conducted item-level bootstrap resampling and
sensitivity analyses using the evaluation logs.

We confirm via rigorous sensitivity diagnos-
tics—including Bootstrap, leave-one-out (LOO),
and Approximate Maximum Influence Perturba-
tion (AMIP) (Huang et al., 2026)—that the modal-
ity, geo-cultural, and reasoning gaps are robust sys-
temic trends. Bootstrap estimates validate these
patterns, LOO perturbations reveal no sign flips,
and AMIP analysis demonstrates that the local
advantage withstands even substantial adversarial
data removal.

H.1 Statistical Robustness Diagnostics

We report explicit uncertainty (confidence inter-
vals) and stability diagnostics, including LOO per-
turbations and bootstrap rank intervals. Unless
otherwise noted, all statistics below are computed
from the current evaluation run with 1,000 boot-
strap iterations and a fixed random seed of 42. We
confirmed that the bootstrapping process achieved
sufficient convergence (not shown).

Setup. We focus our robustness checks on three
subsets: multimodal (82 items), Korean-specific
(71 text-only and 73 multimodal items), and rea-
soning (121 text-only and 141 multimodal items).
We normalize all scores to [0, 1], mapping reason-
ing scores from [4, 20] and accuracy from [0, 100].
For the bootstrap analysis, we select 10 represen-
tative models for each subset by sorting them by
performance and sampling at equal intervals.

Subset-level uncertainty is quantified, but
does not erase structure. Figure 32 reports
95% bootstrap confidence intervals for 10 rep-
resentative models selected at equal intervals
from the performance ranking for each subset.
This sampling strategy ensures visibility across
the full performance spectrum. Making the
uncertainty induced by small n explicit, we
observe that while confidence intervals nat-
urally widen for smaller subsets, the overall
performance hierarchy remains robust. ~ The
highest-performing systems consistently maintain
their lead with the following estimates (mean
[95% CI]): Multimodal 0.756 [0.659, 0.841],
Geo-cultural 0.789 [0.690, 0.873], and Reasoning
0.876 [0.848,0.901] (normalized score). This con-
firms that even under resampling, the conclusions
are not dominated by random sampling variation,
and the uncertainty bounds provide a principled
way to interpret rank differences.

Key performance gaps are stable under re-
sampling and single-item perturbations. As
shown in Table 14, our analysis confirms that the
identified performance gaps across modality, geo-
cultural, and reasoning dimensions are systemic
and robust, rather than artifacts of specific outliers.

First, regarding the modality gap (Amodality =
AcCMultimodal — ACCNon-Multimodal ), W€ Observe a
consistently negative trend across the 25 directly
comparable models, ranging from —37.39% to
—2.28%. For 19/25 models, the 95% bootstrap
CI strictly excludes zero. Second, we examine
the geo-cultural gap (AgGeo-Cultural = ACCKorean —
ACCNon-Korean) and the reasoning gap (Areasoning =
Scoregeasoning — AcCroa) (normalized score and
accuracy). We find that representative local mod-
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Table 14: Leave-one-out (LOO) sensitivity analysis across Multimodal,

, and Reasoning subsets.

The table reports representative models with baseline gaps closest to zero (most prone to sign flips). No model
exhibits a sign reversal under single-item removal across all tasks. (Baseline A: original gap on the full set; Max
swing: maximum deviation from the baseline across LOO iterations; Sign flip: percentage of iterations where the
gap sign reverses; noo: total number of items subject to LOO perturbation.)

Model Baseline A Max swing Sign flip (%) NLOO
(A) Modality Gap (Multimodal — Text-only)

2 Qwen/Qwen3-VL-4B-Instruct —2.28% 0.63% 0.0 82
‘% OpenGVLab/InternVL3_5-2B-Instruct —4.38% 0.90% 0.0 82
€3 HyperCLOVAX-SEED-Vision-Instruct-3B —9.22% 0.95% 0.0 82
T skt/A.X-4.0-VL-Light —10.33% 0.71% 0.0 82
2 Qwen/Quwen3-VL-8B-Instruct —10.35% 0.69% 0.0 82
(B) (Korean — Non-Korean)

€3 HyperCLOVAX-SEED-Text-Instruct-1.5B 6.27% 0.91% 0.0 71
‘% OpenGVLab/InternVL3_5-1B-Instruct 5.13% 0.99% 0.0 73
A LGAI-EXAONE/EXAONE-4.0-1.2B 5.12% 0.82% 0.0 71
T skt/A.X-4.0-Light 5.04% 0.87% 0.0 71
€3 HyperCLOVAX-SEED-Vision-Instruct-3B 3.81% 0.89% 0.0 73
(C) Reasoning Gap (Reasoning — Knowledge)

2 Qwen/Qwen3-32B (Thinking) 18.26% 0.55% 0.0 121
® gpt-5.2 (Thinking) 6.27% 0.61% 0.0 141
2 Qwen/Qwen3-30B-A3B-Instruct-2507 2.50% 0.56% 0.0 121
2 Qwen/Qwen3-4B-Instruct-2507 0.65% 0.43% 0.0 121
2 Quen/Qwen3-VL-32B-Instruct 0.51% 0.72% 0.0 141

els (e.g., HyperCLOVAX, skt/A.X) maintain a sta-
ble positive advantage in the geo-cultural domain,
while the reasoning performance remains distinct
from general knowledge across models. To quan-
tify the sensitivity of these conclusions to indi-
vidual outliers, we run leave-one-out perturbations
over the respective subsets: multimodal (n = 82),
geo-cultural (n = 71/73), and reasoning (n =
121/141) for text-only and multimodal models, re-
spectively.

Crucially, removing any single item never trig-
gers a sign flip across all evaluated models and di-
mensions (sign-flip rate = 0). Table 14 reports the
most fragile cases (i.e., baselines closest to zero);
even for these edge cases, the maximum swing
remains negligible (e.g., <1.16% for modality,
<0.99% for geo-cultural, and <0.72% for reason-
ing). This confirms that the observed gaps drive
the overarching trends and are not attributable to a
handful of influential questions.

H.2 Robustness of Key Findings to Critical
Data Perturbation

Resilience to Adversarial Item Removal. To
further assess whether the geo-cultural gap could
be driven by a small number of influential
questions, we conduct an adversarial influential-

item deletion analysis inspired by recent robust
evaluation methodologies, AMIP (Huang et al.,
2026). Concretely, we focus on the representa-
tive model pair highlighted in Section 5 (The Geo-
Cultural Gap): the top-performing local model
(skt/A.X-4.0) versus the global baseline (Qwen/
Qwen3-VL-235B-A22B-Thinking). We test how
many strategically selected items an adversary
would need to delete to reverse the ordering where
the local model outperforms the global one.

We fit a Bradley-Terry (BT) model to pairwise
win/loss outcomes on the Geo-cultural subset and
compute per-item influence scores using the in-
verse Hessian of the BT loss. Using a greedy ad-
versarial removal procedure (a standard approxima-
tion for AMIP) that sequentially deletes the most
influential items favoring the local model, we find
that the ordering flips only after removing namp =
18 items, corresponding to 18/73 & 24.7% of the
entire Geo-cultural subset. This indicates that the
observed local model advantage is not attributable
to a single outlier or a very small number of ques-
tions, but instead requires removing a substantial
fraction of the subset to overturn.
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