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Abstract

Vision-Language Models (VLMs) often strug-
gle in Taiwanese Mandarin environments
due to region-specific orthographic and cul-
tural context. We introduce VisTW, a com-
prehensive benchmark featuring (i) multiple-
choice questions (3,795 academic questions)
and (ii) free-form generation evaluation (141
Taiwanese-context free-form pairs). Beyond
standard accuracy, we investigate character
mixing, the unintended production of Sim-
plified Chinese characters under Taiwanese-
Mandarin-style prompts, and propose a human-
grounded purity penalty derived from percep-
tual thresholds measured from users. Our eval-
uation reveals substantial character contamina-
tion (3%—19%) across state-of-the-art VLMs.
We find that Gemini-3-Pro significantly out-
performs the strongest open-weight baseline,
Qwen3 235B MOoE, by up to 22 percentage
points on dialogue tasks once the purity penalty
is applied. These results highlight orthographic
consistency as a vital, yet overlooked, dimen-
sion for localized multimodal evaluation and
deployment.!

1 Introduction

Vision-Language Models (VLMs) have achieved
remarkable success in tasks such as image caption-
ing, visual question answering (VQA), and cross-
modal retrieval (Chen et al., 2022; Li et al., 2022;
Faysse et al., 2024). However, current multimodal
benchmarks predominantly focus on English, and
when extended to Chinese, they primarily employ
Simplified Chinese scripts common in mainland
China (Das et al., 2024; Winata et al., 2024; Wang
et al., 2024). Traditional Chinese, widely used in
Taiwan and Hong Kong, remains significantly un-
derrepresented. Consequently, VLM capabilities in
Traditional Chinese contexts are largely untested
and unknown.

"https://huggingface.co/datasets/miulab/vistw/

Evaluating VLMs in Traditional Chinese (TC)
poses distinct challenges for three main reasons.
First, TC characters are visually and structurally
more complex, and the correspondence between
Traditional and Simplified forms is not always one-
to-one. As a result, VLMs trained predominantly
on Simplified Chinese corpora (Chen et al., 2024a)
may exhibit degraded performance and increased
errors when operating in TC contexts. Second,
TC usage is often intertwined with region-specific
linguistic and cultural variation. For example, Tai-
wanese Mandarin and Cantonese are distinct spo-
ken varieties yet share the same written standard
(TC). Beyond text, images from TC regions (e.g.,
Taiwan) frequently contain culturally grounded ref-
erences as well as TC typography in signs, labels,
and official documents, which can affect multi-
modal understanding (Hsieh et al., 2025). Third,
because web-scale Chinese data is dominated by
Simplified Chinese, pretrained models may pro-
duce mixed orthography, emitting Simplified and
Traditional characters within the same response.
Similar phenomena have been reported in Japanese,
where models may confuse Shinjitai and Kytjitai
forms or mix Chinese-origin Kanji with Japanese
variants.

In this work, we focus on VLMs performance
in Taiwanese Mandarin under multimodal set-
tings. Figure 1 presents representative examples
from VisTW that illustrate the challenges VLMs
face when processing Taiwan-specific content. On
the left, we show MCQ-style items drawn from
Taiwan’s educational context, which require knowl-
edge of Taiwan-centric geography and local con-
ventions. On the right, we include dialogue sce-
narios that depend on culturally grounded under-
standing, such as interpreting Traditional Chinese
menus and reading utility meters. Together, these
examples highlight that evaluating TC capabili-
ties cannot be reduced to a simple Simplified-to-
Traditional character conversion: the inputs and ex-
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pected outputs additionally involve Taiwan-specific
terminology, formats, and cultural knowledge.
In summary, our contributions are three-fold:

1. We introduce the first comprehensive vision-
language benchmark under Taiwanese Man-
darin context, featuring 3,795 test questions
across 21 subjects (VisTW-MCQ) and 141
culturally-grounded dialogue pairs (VisTW-
Dialogue).

2. We construct a validated and cost-effective
VLM as a judge evaluation framework with
high human correlation (p = 0.847) and a
calibration approach that ensures continuity
in evaluations across model generations.

3. We conduct a human sensitivity study on
human perception on mixing traditional-
simplified Chinese characters. And apply a
Simplified Chinese character penalty score to
all benchmarks.

4. We provide empirical evidence from 53
VLMs, revealing systematic gaps between
Simplified- and Traditional-Chinese settings,
and analyze trends in scaling behavior and
image-resolution sensitivity.

2 Related Work

2.1 English-based Multimodal Benchmarks

Vision-language benchmarks like ChartQA (Masry
et al., 2022), TextVQA (Singh et al., 2019), and
DocVQA (Mathew et al., 2021) have advanced vi-
sual text understanding through specialized tasks
requiring OCR and reasoning. More recent exam-
based evaluations such as MMMU (Yue et al.,
2024) test expert-level multimodal reasoning across
30 subjects, pushing beyond surface-level image
understanding to complex problem-solving. For
open-ended generation, benchmarks like Vibe-Eval
(Padlewski et al., 2024) assess multimodal chat
models with 269 visually-grounded prompts. How-
ever, these benchmarks remain English-centric
with limited applicability to other languages and
cultural contexts.

2.2 Traditional Chinese and Multilingual
Benchmarks

For Traditional Chinese, recent benchmarks fo-
cus primarily on text-only evaluation. TMMLU
(Hsu et al., 2023) provides 3,300 multiple-choice
questions from Taiwanese exams, while TMMLU+

(Tam et al., 2024) expands this to 22,690 ques-
tions across 66 subjects. However, both lack mul-
timodal components essential for vision-language
evaluation. TMMBench included in the release
of Breeze2 (Hsu et al., 2025) is a multiple-choice
Traditional Chinese visual QA dataset that covers
topics related to Taiwan, such as Taiwanese attrac-
tions, daily life, and Taiwan’s university entrance
exams. However, as of this writing, the details
and TMMBench dataset have not been publicly
released yet.

Prior multilingual benchmarks include JIMMMU
(Onohara et al., 2024) for Japanese (with only 30
questions per subject) and CMMU (He et al., 2024)
for Simplified Chinese (with limited public access
and limited cultural grounding). M3Exam (Zhang
et al., 2023) spans nine languages, including Sim-
plified Chinese, but follows generic curricula and
does not incorporate Traditional Chinese script
or region-specific content. TaiwanVQA (Hsieh
et al., 2025) partially addresses this gap by releas-
ing a culture-focused multiple-choice VQA dataset
curated from local sources. In contrast, VisTW-
MCQ targets more general multimodal competen-
cies aligned with Taiwan’s educational setting, such
as chart interpretation and understanding electrical-
circuit diagrams that reflect STEM subjects. There-
fore, TaiwanVQA and VisTW are complementary:
the former emphasizes cultural specificity, while
the latter also include broad academic and STEM-
oriented abilities under Taiwanese Mandarin.

However, there is yet a comprehensive bench-
mark for evaluating vision-language models un-
der Taiwanese Mandarin context that address both
structured reasoning and open-ended generation
like MT-Bench (Bai et al., 2024) or AlpacaEval
(Li et al., 2023) which evaluates VLM understand-
ing in a freeform generation format. Our work on
VisTW-Dialogue aims to address this specific need
in the field.

3 VisTW-Dialogue: Visual Free Form
Dialogue Benchmark

VisTW-Dialogue is designed to bridge the gap be-
tween real-world user interactions and conventional
model-evaluation protocols. We manually curate
images and their corresponding dialogue prompts
from everyday scenarios in Taiwan, such as inter-
preting metro route maps or computing shared bills
from restaurant menus. To minimize data leakage,
each image is captured in-house and selected to be
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Figure 1: VisTW consists of two subsets: (1) MCQ - a collection of multiple-choice questions from 21 academic
subjects; and (2) Dialogue - real-life images with corresponding questions requiring understanding of Traditional

Chinese and Taiwan-specific cultural context.

unlikely to appear in public web corpora used for
VLM training. The photographers are also tasked
with authoring challenging questions grounded in
the captured content, targeting both spatial reason-
ing and Taiwan-specific cultural knowledge.

To enable efficient data collection across diverse
regions, we set up a dedicated Discord server in-
tegrated with a custom data-collection bot. We
selected Discord for practical reasons: many partic-
ipants already used the app, it supports direct photo
uploads from mobile devices, and its threaded con-
versations simplify discussion and iteration. Con-
tributors therefore only needed to join the server
to submit examples. Our bot provides (i) submis-
sion acknowledgements, (ii) monitoring of emoji-
based annotations for quality control, and (iii) a
sandbox for testing different rating prompts within
submission threads. Additional labeling details are
provided in Appendix A.

Following each submission, we apply a multi-
stage quality-control (QC) pipeline:

1. Answer provision. The contributors who sub-
mitted an image are required to provide a reference
answer to their question in the corresponding sub-
mission thread.

2. Peer review. Other team members review the
question—answer pair and revised the reference an-
swer when necessary.

3. Community moderation. We implement
lightweight quality control via Discord emoji reac-

VLM Judge With Img W/o Img
Claude-3.5-Sonnet 834 .828
Gemini-2.0-Flash 824 819
GPT-40 799 828
Gemini-2.0-Pro .820 832
Qwen2.5-VL-72B 750 734
GPT-40-mini 735 736
Ensemble .846 847
Table 1: Spearman correlations between human-

assigned scores and VLM-generated scores. With Img
includes the image in the evaluation prompt; W/o Img
uses only text. Higher values indicate better alignment
with human judgment.

tions: members could flag unsuitable submissions
using downvotes, which were automatically logged
by our bot.

4. Filtering. During dataset cleaning, we remove
submissions that received more than two downvotes
(typically from a participant and a moderator).

Data collection ran from July 2024 to Decem-
ber 2025, yielding 141 unique image—question
pairs with reference answers. Image resolution
and aspect-ratio statistics for VisTW-Dialogue are
reported in Appendix C.3.

3.1 Automatic Evaluation : VLM as a Judge

To reduce the barrier of quick evaluations, we
use a VLM as an automated judge to score re-
sponses based on questions, images, and ground
truth answers. Using LLMs to evaluate free-form
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generation has become standard practice, exem-
plified by benchmarks such as AlpacaEval (Li
et al., 2023), MT-Bench (Zheng et al., 2023), Vibe-
Eval(Padlewski et al., 2024). Following prior
works, we craft an evaluation prompt that explic-
itly includes scoring criteria, the original question,
the assistant’s response and specifically the ground
truth of the question. The LLM judge is instructed
to first provide a detailed explanation followed by
the final numerical score from O to 10, the detail
breakdown of score criteria can be found in Ap-
pendix I.1.

To validate the reliability of LLM-generated
scores, we also conduct human evaluations across
four selected models (gpt-40, claude-3-5-sonnet,
gpt-4o0-mini, claude-3-7-sonnet). Each response is
independently scored by three human annotators,
and the average rating is calculated to establish
a human evaluation baseline. We evaluate sev-
eral prominent VLMs including gemini-2.0-pro,
gemini-2.0-flash, Qwen 2.5 VL 72B, claude-3-5-
sonnet-20241022, gpt-40-2024-08-06 and gpt-4o-
mini-2024-07-18. Table 1 reports the Spearman
correlations between LLM-generated scores and
human evaluations.

Our analysis reveals that incorporating im-
ages into the evaluation generally improves
model-human score correlations, contradict-
ing previous findings by Padlewski et al.
(2024), which indicate minimal improve-
ments in multimodal evaluation. Notably, the
gemini-2.0@-flash achieves performance compa-
rable to claude-3-5-sonnet-20241022, despite
costing approximately 36 times less. When we
averages the scores from all VLM judges into
an ensemble approach, we find that it exhibits
the strongest correlation with human scores,
reaching 0.8466 without images and 0.8463 with
images, suggesting that combining diverse model
judgments provides more robust evaluation than
any single model alone.

All reported correlations are statistically signif-
icant with p < 0.001. The strongest correlation
is observed with claude-3-5-sonnet-20241022
(p = 0.8336, p < 0.001) when images are in-
cluded. Given these results and future cost con-
siderations, we select gemini-2.0-flash-001 as
our primary LLM judge. The complete evalua-
tion of the performance of one model on VisTW-
Dialogue cost merely $0.05 USD when using
gemini-2.0-flash-001 as the automated judge.
Previous work (Dubois et al., 2024) found using

Dataset Lang. Subj. Test / Val
MMMU EN 30 10,500 /900
JIMMMU JA 28 1,320/ -
CMMU ZH-CN 7 1,803 /1,800
TaiwanVQA  ZH-TW 13 2,000/ -
VisTW-MCQ ZH-TW 21 3,795/869

Table 2: Comparison with similar datasets:
MMMU (Yue et al.,, 2024), JMMMU (Onohara
et al., 2024), CMMU (He et al., 2024), and Taiwan-
VQA (Hsieh et al., 2025).

LLMs as judge is prone to prefer longer response
than shorter ones, we find no significant correla-
tion between response length from automated judge
scores with a Spearman’s p = 0.26789, p < 0.001,
indicating that our evaluation framework does not
exhibit substantial length bias. Additional details
can be found in Appendix I.1.

4 VisTW-MCQ : Visual Multi-Choice
Question Answering

Multiple-choice question answering (MCQA) is
widely used to assess the knowledge and reason-
ing capabilities of large language models (LLMs).
In this section, we introduce VisTW-MCQ, a vi-
sual MCQA benchmark built from past examina-
tion questions spanning diverse educational levels
in Taiwan, from primary and secondary school to
specialized undergraduate courses (e.g., veterinary
medicine).

Our benchmark dataset is constructed using real-
world examination papers collected from publicly
available sources spanning 2013 to 2024. We select
subjects specifically requiring visual comprehen-
sion, such as medical diagnostics (e.g., interpreting
X-ray and ultrasound images), geometry, electronic
circuit design, and chemistry. The curation process
involves manual extraction of questions and im-
ages from official exam archives and online PDFs.
Each pair of questions and images is independently
reviewed by a second annotator to verify content
accuracy, clarity, and completeness, ensuring the
absence of contextual errors, missing information,
or invalid answer choices. To maintain consistent
baseline guessing performance, the answer choices
for each question are randomly shuffled, ensuring
a uniform probability (approximately 25%) of se-
lecting the correct answer by chance.

The final VisTW-MCQ dataset includes 21 dis-
tinct subjects covering diverse areas such as med-
ical diagnosis, nautical science with cartographic
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analysis and technical disciplines. Each subject
contains a minimum of 100 test questions, along
with 5 few-shot learning examples as a develop-
ment set, and 10 questions dedicated to valida-
tion purposes. For more details on image reso-
Iutions and aspect ratio, we include this in Ap-
pendix C.2. Compared with existing multi-choice
benchmarks in Table 2, existing visual multi-choice
benchmarks, such as CMMU (He et al., 2024), JM-
MMU (Onohara et al., 2024), and ALM-Bench
(Vayani et al., 2024), VisTW-MCQ stands out with
broader subject diversity.

4.1 Evaluation Method

To evaluate the visual reasoning capabilities of
Vision-Language Models (VLMs) across different
subjects, we employ a zero-shot Chain-of-Thought
prompting (Kojima et al., 2022). Each VLM is
instructed to explicitly provide reasoning steps fol-
lowed by by an explicit final option. However, we
observe that certain VLMs occasionally struggle
to comply with formatting instructions, resulting
in invalid responses. To mitigate evaluation bias
due to parsing errors, we subsequently employ an
auxiliary LLM-based parser (gpt-40-mini) to ex-
tract and validate the final answer choice from each
VLM response. We report the average scores for
all 21 subjects as our final score.

However, one limitation of the MCQA bench-
mark format is that it does not reflect the real world
use of VLM which mostly in free-form question
answering format, which we have address this lim-
itation in Section 3.

5 Benchmark Results

We evaluated 53 vision-language models (VLMs)
spanning both closed and open-weight categories;
however, due to space limitations, we report only
the top 10 overall models and the best open-weight
models under 20B parameters in Table 8. The com-
prehensive evaluation results for all models are
detailed in Appendix D. Detailed model specifi-
cations are provided in Appendix E. Our analy-
sis reveals a strong correlation between VisTW-
Dialogue and VisTW-MCQ performance (Spear-
man’s p = 0.7746, p < 0.001; Kendall’s 7 =
0.6086, p < 0.001). In the overall leaderboard, the
Gemini series maintains its lead, with consistent im-
provements from version 2.5 to the latest 3 series.
While OpenAl models show notable gains from
03 to GPT-5.2, GPT-5.2 still falls short of Gemini

VisTW-Dialogue

w

IS

Human Ranking Score
'\‘J w

=

0 20 40 60 80 100
Proportion of Simplified Chinese (%)

Figure 2: Human preference rankings across varying
proportions of Simplified Chinese characters. Three
annotators ranked five variants per question; a lower
rank indicates higher preference (1 = best, 5 = worst).

2.5-flash. Among open-weight models, the Qwen3
235B MoE model achieves the best performance.

Among Traditional Chinese-specialized VLMs,
we evaluated three models: Breeze2-3B, Breeze2-
8B, and llama3.2-ffm-11b-v-32k-chat. The lat-
ter is a fine-tuned version of Llama 3.2 11B Vi-
sion Instruct, post-trained on Taiwanese Mandarin
corpus by the Taiwanese cloud provider twcloud.
Despite these localization efforts, the Qwen3 se-
ries achieves the best results among open-weight
models, leading both the open-weight and overall
leaderboards.

Examining the performance of smaller VLMs
reveals interesting efficiency-capability tradeoffs.
Models with fewer parameters show consistent
degradation in VisTW-Dialogue scores: Breeze2-
3B scores just 2.84 compared to 4.06 for its 8B
counterpart, a pattern also observed in the Qwen3
and InternVL2.5 series. Interestingly, for VisTW-
MCQ, Breeze2-3B (0.2947) performs similarly
with Breeze2-8B (0.2894), this is observed in
Qwen3 series (8B and 4B) as well. This suggests
that the dialogue task, which requires more nu-
anced multimodal understanding, may be more
sensitive to model scale than the multiple-choice
format.

6 Analysis

6.1 Penalty Based on Human Preference

When inspecting VLM outputs, we find that some
responses mix Simplified and Traditional Chinese
characters, while others are written entirely in Sim-
plified Chinese. This observation motivates a key
question: to what extent do Traditional Chinese
readers perceive such mixing as distracting or un-
acceptable?
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Model

VisTW-MCQ

VisTW-Dialogue

Accuracy

Avg

Rank Score 0-10 Rank Rank

Overall Top 10

gemini-3-pro-preview 0.9290 1 8.32 1 1.0

gemini-3-flash-preview 0.8938 2 8.15 2 2.0

gemini-2.5-flash 0.7779 5 7.38 5 5.0

gpt-5.2 0.8278 4 6.93 6 5.0

03-2025-04-16 0.7695 6 6.81 7 6.5

gemini-2.5-pro-preview-03-25 0.6035 12 7.91 3 7.5

04-mini-2025-04-16 0.6977 7 6.47 9 8.0

gemini-2.0-flash-001 0.6515 9 6.49 8 8.5

Qwen3-v1l-235B-A22B-Instruct ~ 0.6947 8 6.46 10 9.0

gpt-4.1 0.6433 10 6.31 11 10.5
Open-Weight Sub-20B Models

Qwen3-VL-8B-Instruct 0.5427 18 5.59 18 18.0
Qwen3-VL-4B-Instruct 0.5046 19 5.19 23 21.0
gemma-3-12b-it 0.4841 21 4.39 28 24.5
llama3.2-ffm-11b-v-32k-chat 0.3113 41 3.55 39 40.0
Qwen2.5-VL-7B-Instruct 0.2764 50 4.16 31 40.5
Breeze2-8B-Instruct 0.2894 48 4.06 34 41.0
Qwen2-VL-7B-Instruct 0.2987 43 341 42 42.5
Llama-3.2-11B-Vision-Instruct 0.3234 39 3.03 47 43.0
Ministral-3-14B-Instruct-2512 0.3489 36 2.39 53 44.5
InternVL2-5-8B 0.2688 53 3.91 37 45.0
Nemotron-Nano-12B-v2-VL 0.3029 42 2.93 49 45.5
InternVL2-8B-MPO 0.2449 54 3.61 38 46.0
gemma-3-4b-it 0.2984 44 2.96 48 46.0
InternVL2-5-4B 0.2440 55 3.54 40 47.5
Breeze2-3B-Instruct 0.2947 46 2.84 50 48.0

Table 3: For VisTW-MCQ we prompt our model in zero shot chain of thought fashion and report the average score
from all 21 subjects. Models are sorted by average rank from both subsets.

To quantify human sensitivity to Simplified
Chinese character intrusion, we conduct a con-
trolled survey based on VisTW-Dialogue. For
each prompt, we start from a response generated by
Gemini-2.5-Pro and create five variants by system-
atically controlling the Simplified-to-Traditional
character ratio (0%, 25%, 50%, 75%, 100%).
Participants then ranked the variants by overall
preference.

Figure 2 shows the resulting preference curve.
Responses written entirely in Traditional Chinese
(0%) receive the highest preference, and prefer-
ence decreases monotonically as the proportion of
Simplified characters increases. Given the ordinal
nature of rankings, we summarize preferences by
the mean rank for each proportion. To assess reli-
ability, we measure inter-annotator agreement with

rank-based metrics. Annotators exhibit strong con-
sistency, with Kendall’s 7 = 0.7277 (p < 0.001)
and Spearman’s p = 0.8133 (p < 0.001). These
results indicate a clear human aversion to character
mixing in Traditional Chinese settings, motivating
a Simplified-character penalty in our evaluation
protocol to better align automatic scores with hu-
man preferences. The exact penalty formulation is
provided in Appendix G.

6.2 Impact of Penalty on Model Ranking

As shown in Table 4, the implementation of the
penalty mechanism reveals a clear divergence in
ranking sensitivity between model tiers. Top-tier
models (e.g., Gemini 3 series and GPT-5.2) re-
main stable in their rankings (A = 0). In contrast,
we observe that the penalty primarily affects open-
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Model Ryig Rpn A
Closed-Source SOTA Models

gemini-3-pro-preview 1.0 1.0 0
gemini-3-flash-preview 2.0 2.0 0
gemini-2.5-flash 5.0 5.0 0
gpt-5.2 5.0 5.0 0
03-2025-04-16 6.5 6.5 0
Open-Weight Sub-20B Models
Qwen3-VL-8B-Instruct 19.5 18.0 +1.5
Qwen3-VL-4B-Instruct 235 21.0 +25
Gemma-3-12b-it 27.0 245 425
llama3.2-ffm-11b-v-32k-chat 47.0 40.0 +7.0
Qwen2.5-VL-7B-Instruct 335 405 -7.0
Breeze2-8B-Instruct 46.0 410 +5.0

Table 4: Comparison of model average rankings before
and after applying the preference penalty. R, denotes
the ranking based on raw performance scores; Rpen
represents the ranking after applying the penalty; A
indicates the rank shift.

weight sub-20B models. For instance, Qwen2.5-
VL-7B-Instruct saw a significant drop (A = —7.0),
while models like Breeze2-8B improved their rel-
ative standing (A = +5.0) due to better adher-
ence to language constraints. This behavior can
be attributed to the fact that smaller open-weight
models are more prone to generating responses in
Simplified Chinese or mixed scripts, thereby trig-
gering the penalty more frequently. As a result,
the ranking adjusting mainly reflects differences in
language control and output robustness, rather than
changes in core reasoning ability. The leaderboard
results evaluated without penalty are provided in
Appendix F.

6.3 Sensitivity of Image Resolution

We investigate the effect of image resolution on
model performance via systematic scaling experi-
ments. For VisTW-MCQ, we evaluate both direc-
tions: upscaling images to 2x and 4 x the original
resolution using SwinlR (Liang et al., 2021), and
downscaling images to 1/2, 1/4, and 1/8 of the
original size. For VisTW-Dialogue, because im-
ages are already high-resolution, we only perform
downscaling at 1/2, 1/4, and 1/8.

Figure 3 illustrates our findings on resolution
sensitivity. For VisTW-MCQ, performance re-
mained consistent across resolution variations,
suggesting that even lower resolutions contained
sufficient information for multiple-choice tasks.
In contrast, for VisTW-Dialogue, model perfor-
mance stabilized at approximately half the orig-
inal resolution. We observed model-specific vari-
ations: gemini-2.0-flash-lite showed slight
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Figure 3: Effect of image resolution scaling on model
performance. Left: Performance on MCQ with both
upscaled (2%, 4x) and downscaled (1/2, 1/4, 1/8) im-
ages. Right: Performance on Dialogue with downscaled
images.

improvements with increased resolution, while
gemini-1.5-flash-8B exhibited minor perfor-
mance declines, indicating different architectural
sensitivities to input resolution.

6.4 Comparison between With and Without
Vision Cues

In the previous section, we show score degradation
with reduced image resolution. Here, we examine
performance when image context is entirely omit-
ted. For MCQ tasks, this analysis establishes a
baseline that measures how much linguistic knowl-
edge alone contributes to task performance before
visual information becomes beneficial. Similarly,
for dialogue tasks, images-free score serve as base-
line measurements, indicating how significantly
performance drops when visual context is absent.
We conduct this experiment using the same models
evaluated in the previous section. Table 5 presents
the results, which show consistent score reductions
across all four models in both datasets when im-
ages are withheld. The performance degradation is
expected, as it indicates that VLMs struggle when
visual information is not provided.
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Model MCQA Dialogue
w/ w/o w/ w/o
Gemini-2.0-Flash-Lite  49.92 3237 592 235
GPT-40-mini 4091 3276 474 195
Gemini-1.5-Flash-8B 3280 2562 4.18 1.85
InternVL2.5-4B 3291 2864 3.60 1.29

Table 5: Performance comparison of various multimodal
models across different evaluation tasks in VisTW.
MCQA scores represent accuracy (%), while dialogue
scores represent quality ratings. Higher scores indicate
better performance.
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Figure 4: Skill Difficulty Relative to Subject Baseline
Across 30 Models, black borders highlight statistically
significant differences.

6.5 Skills breakdown

To characterize what current VLMs handle well—
and where they fail—in Traditional Chinese set-
tings, we annotate each VisTW-MCQ item with a
set of image-grounded skills. Concretely, we define
18 vision skills required to solve the full benchmark,
including chart understanding and OCR for rec-
ognizing Chinese characters. Our analysis shows
that table understanding remains challenging, as
do (i) multi-step reasoning that links sequential
concepts within an image and (ii) fine-grained
classification under an extremely long-tailed label
distribution.

6.6 Correlations with Other Benchmarks

As shown in Figure 5, we compare our VisTW-
MCQ results with exam style benchmarks:

0.4 05
VisTW-MCQ

Figure 5: Comparison of VisTW-MCQ scores with
MMMU (top) and CMMU (bottom) on a selected sub-
set of models of varying scales. We observe a rough
correlation across the three benchmarks, though some
deviations suggest differences in the specific knowledge
or reasoning skills each test emphasizes.

MMMU (Yue et al., 2024) and CMMU (He et al.,
2024) on a selected set of models spanning dif-
ferent scales. Despite the relatively small subset
(due to computational and financial constraints),
we observe a broadly consistent trend: models that
perform well on MMMU or CMMU also tend to
score higher on VisTW-MCQ. However, we also
note that some points deviate from the main diago-
nal, suggesting that the three benchmarks are not
fully interchangeable. The models show stronger
relative performance on MMMU and CMMU com-
pare to VisTW-MCQ scores.

7 Conclusion

In this work, we introduce VisTW-MCQ and
VisTW-Dialogue, the first comprehensive bench-
marks for evaluating vision—language models in
Traditional Chinese under Taiwanese Mandarin
contexts. Our results show that even VLMs trained
specifically for Traditional Chinese can substan-
tially underperform their Simplified-Chinese coun-
terparts on Taiwan-centric multimodal inputs. We
also observe a strong correlation between perfor-
mance on structured (MCQ) and free-form dia-
logue tasks, suggesting that capabilities transfer
across evaluation formats while capturing comple-
mentary aspects of VLM behavior. Finally, our
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analyses of image resolution and model scaling
offer practical insights for deployment. Looking
forward, we encourage work on improving robust-
ness to Traditional Chinese orthography and on
expanding VisTW to cover broader cultural con-
texts within Taiwan.
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Limitations

All images in VisTW-Dialogue were collected by
our researchers specifically for this benchmark,
with contributors explicitly waiving ownership
rights and consenting to public use of their im-
ages. We implemented strict guidelines to ensure
no personally identifiable information (PII) was
included—images containing names, faces of non-
public figures, Wi-Fi passwords, or residential ad-
dresses were prohibited and filtered through com-
munity moderation. For VisTW-MCQ, we used
only publicly available exam questions from offi-
cial sources spanning 2013-2024, maintaining aca-
demic integrity while respecting intellectual prop-
erty.

Our work directly addresses the underrepresen-
tation of Traditional Chinese in vision-language
benchmarks, promoting greater linguistic and cul-
tural inclusion in Al evaluation. By creating re-
sources specifically for Traditional Chinese, we
help ensure that NLP advancements benefit com-
munities beyond those using dominant languages
like English or Simplified Chinese. Our benchmark
incorporates diverse geographical sampling across
Taiwan through contributions from nine individu-
als in different regions, though we acknowledge a
concentration of samples from Taipei.
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A Creating VisTW-Dialogue on Discord

Guidelines: The collected question-image pairs
were designed to be challenging for Vision Lan-
guage Models (VLMs), focusing on realistic scenar-
ios where users might seek assistance (e.g., for vi-
sual impairment). All contributors were instructed

to ensure their submissions contained no person-
ally identifiable information (PII), including names
or faces of non-public figures, Wi-Fi passwords,
or any information that could reveal residential
addresses. The dataset comprises question-image
pairs contributed by 9 different individuals from
various locations across Taiwan. While the geo-
graphic distribution covers multiple regions, there
is a higher concentration of samples from Taipei
(the capital of Taiwan) as the majority of our con-
tributors resided there.

A.1 Human Annotation Process

As illustrated in Figure 6, steps to label a problem
are:

1. Upload an image, use @ + hanji to submit it
to the bot on discord, and include the question
and ground_truth <standard answer>

2. The bot will create a discussion thread, or
people can wait until the thread appears before
adding the standard answer.

3. Format for updating the standard answer: as
long as the text mentions "ground_truth:", the
system will automatically capture the text that
follows as the standard answer.

4. The standard answer can be updated repeat-
edly using step 3.

5. People can type "validate_result" to get score
evaluations for responses from two models.

Note: When people upload images, they waive
ownership rights and agree to make the photos pub-
lic.
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User

@hanji BRERE CMNRA - BERERSNE
FEERRMTE?

Step 1: Uploading the image

User
@hanji ELERE LK

[}

Thread for chwu

User

validate_result

hanji (APP.

gpt40-08-06: Explanation: The assistant's
response is incorrect because it reverses the
designation of the seat colors. It stated that the

light blue seats are priority seats ({88 ) and the
dark blue seats are general seats, whereas the
ground truth indicates that in the Taipei MRT
design, light blue seats are general seats and dark
blue seats are priority ({#&) seats.

Rating: 1

User

ground_truth: R & IbHEENR - ZERHT
RE—MREL RELBTAREEE

Step 2: Bot creating the Steps 3 & 4: Adding ground

thread truth label to the dataset

claude-3.5-sonnet: Explanation: The assistant
accurately described that the different colored
seats on the Taipei MRT typically represent
different seating purposes. The light blue seats
are generally for regular seating, and the dark
blue seats are priority seats, known as "priority
seats" or "courtesy seats," which matches the
ground truth response. The assistant also
mentioned checking official guides for
confirmation, which is a reasonable suggestion.

Rating: 5

Step 5: Evaluation from models

Figure 6: Workflow of adding images, labeling, and evaluating
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B Contingency Plan When the
Gemini-2.0-Flash Is Retired

Due to our choice of using a close weight VLM
: Gemini 2.0 Flash as our judge; this means it
will eventually become unavailable when newer
versions become available. Consequently, scores
assigned by a retired model, such as gemini-2.0-
flash will become difficult to compare with those
of the newer VLMs. Many LLM-as-judge works
overlook this scenario, typically re-running an en-
tire benchmark using the new model as judge.
However, large-scale evaluations make such an ap-
proach infeasible.

To address this, we propose a calibration-based
contingency plan using Qwen2.5-VL 72B. Figure 7
(top) shows that the raw scores for Qwen2.5-VL are
systematically higher than those from gemini-2.0-
flash. We therefore fit a linear mapping (based on
five-vote distributions) to align Qwen2.5-VL scores
with gemini-2.0-flash. After calibration, instances
that gemini-2.0-flash scores as zero now cluster
near zero under Qwen2.5-VL, however the number
of perfect scores is reduced (Figure 7, bottom).
After calibration, the spearman correlation with
human score and ensemble of Qwen2.5-VL scores
improve from 0.7993 to 0.8070.

Table 6 compares raw vs. calibrated Qwen?2.5-
VL scores to Gemini-2.0-flash on VisTW-Dialogue,
demonstrating how calibration improves alignment.
Our result offers a practical strategy to maintain
continuity of evaluation even if the original judge
model is no longer available.
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Figure 7: Comparison of Gemini 2.0 flash and Qwen
2.5 VL 72B score distribution rounded to the nearest in-
teger (top) and Qwen 2.5 VL 72B scores after calibrated
against Gemini 2.0 flash (bottom).
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Eval Model Gemini Qwen Qwen (calibrated) A (Cal - Gem)

Gemini-2.0-flash-001 6.15 6.65 5.73 -0.42
Qwen2.5-vl-72b-instruct 4.87 6.18 5.12 +0.25
Llama-Breeze2-8B-Instruct 3.14 4.12 3.16 +0.02
Llama-Breeze2-3B-Instruct 2.90 4.07 3.06 +0.16

Table 6: Comparison of scores assigned by different judge models (Gemini, Qwen, and calibrated Qwen) across
various evaluated models. The A column shows the difference between calibrated Qwen VL scores and Gemini
scores, highlighting the effectiveness of the calibration. Values close to zero indicate better alignment.
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Figure 8: Histograms comparing the aspect ratio distri-
butions (width/height) of the VisTW-MCQ dataset (left)
and the VisTW-Dialogue dataset (right). The vertical
dashed line on the right indicates an aspect ratio of 1
(i.e., square). Most MCQ images fall below an aspect
ratio of 1 (portrait), while the Dialogue dataset shows a
broader spread, with many images close to square.

Figure 9: Comparison of image resolution distributions
(in total pixels) for VisTW-MCQ (left) and VisTW-
Dialogue (right). The x-axis shows the total number
of pixels in each image, and the y-axis indicates how
many images fall within each resolution range. The
MCQ dataset tends to contain lower-resolution images,
whereas the Dialogue dataset spans a broader range of
resolutions.

C Additional Details for VisTW-MCQ
and VisTW-Dialogue

C.1 Details of subjects for VisTW-MCQ

Table 7 shows each of the subjects found in VisTW-
MCQ with their broad category, as well as total
number of questions.

C.2 VisTW-MCQ

Figure 8 (left) shows the aspect ratio of mostly
long rectangle, most of the width is longer than the
height. In the Figure 9 (left) for the MCQ dataset
most of the image pixel is below 1M pixels.

C.3 VisTW-Dialogue

Figure 8 (right) shows the aspect ratio of mostly
long rectangle, most of the width is longer than the
height. In the Figure 9 (right) for the MCQ dataset
most of the image pixel is above 1M pixels.
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Subject Name Chinese Name Test Val Dev

Accounting FETEE 100 29 5
Arts il 385 91 5
Biology LY 150 8 5
Chemistry 1r2 172 38 5
Chinese Literature o g SR 100 45 5
Dentistry T 220 49 5
Electronic Circuits BTE 388 91 5
Fundamentals of Physical Therapy #/HIAEERE 150 23 5
Geography Hh P22 100 39 5
Mathematics BE 240 54 5
Mechanics 1 217 49 5
Medical B 172 37 5
Music G 100 6 5
Natural Science H IR 303 70 5
Navigation R 100 16 5
Pharmaceutical Chemistry Ly MR8 100 45 5
Physics Pt 100 23 5
Sociology HEE 348 81 5
Statistics Mt e 100 45 5
Structural Engineering TR 100 19 5
Veterinary Medicine EREE 150 11 5

Table 7: Overview of subjects with VisTW-MCQ splits
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D Detailed Experimental Results

In this appendix, we provide the comprehensive
evaluation results for all VLMs tested on our
VisTW benchmark. As discussed in Table 8, while
the main text highlights the top 10 models, this
section presents the full performance breakdown
across both VisTW-Dialogue and VisTW-MCQ sub-
sets.
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VisTW-MCQ VisTW-Dialogue Avg

Model

Accuracy Rank Score(0-10 Rank Rank
gemini-3-pro-preview 0.9290 1 8.32 2 1.5
gemini-3-flash-preview 0.8938 2 8.15 3 2.5
gpt-5.2 0.8278 4 7.73 4 4.0
03-2025-04-16 0.7695 6 6.64 6 6.0
qwen3-v1-235b-a22b-instruct 0.6947 8 6.60 7 7.5
04-mini-2025-04-16 0.6977 7 6.47 9 8.0
gemini-2.5-pro-preview-03-25 0.6035 13 7.31 5 9.0
gpt-4.1 0.6433 11 6.54 8 9.5
gemini-2.0-flash-001 0.6515 10 6.47 10 10.0
claude-sonnet-4-5 0.6645 9 6.05 13 11.0
gpt-40-2024-11-20 0.5700 17 6.09 12 14.5
Qwen3-VL-30B-A3B-Instruct 0.6242 12 5.74 18 15.0
claude-3-5-sonnet-20241022 0.5955 14 5.82 16 15.0
gpt-4.1-mini 0.5754 16 5.88 15 15.5
gemini-2.5-pro-exp-03-25 0.3727 34 8.33 1 17.5
gemini-2.0-flash-lite-preview-02-05 0.4947 20 5.79 17 18.5
qwen2.5-v1-72b-instruct 0.5437 18 4.58 24 21.0
claude-haiku-4.5 0.5766 15 4.36 28 21.5
gwen2.5-v1-32b-instruct 0.4630 23 5.09 21 22.0
gemini-2.0-flash-thinking-exp-1219 0.3676 35 6.44 11 23.0
gemini-1.5-pro 0.4368 26 5.00 22 24.0
gpt-40-2024-08-06 0.4000 31 5.59 19 25.0
gpt-40-mini-2024-07-18 0.4066 29 4.66 23 26.0
mistral-small-3.1-24b-instruct-2503 0.4517 25 4.40 27 26.0
gemma-3-27b-it 0.4332 27 4.54 26 26.5
gemini-2.5-pro 0.8415 3 2.53 51 27.0
gemini-2.5-flash 0.7779 5 2.39 52 28.5
Llama-3.2-90B-Vision-Instruct 0.4078 28 4.17 30 29.0
gemini-1.5-flash 0.3887 33 4.23 29 31.0
llama-4-maverick 0.4561 24 3.48 41 325
gpt-4.1-nano 0.3938 32 3.99 36 34.0
qvq-72b-preview 0.4066 30 3.76 39 345
gemini-1.5-flash-8b 0.3251 39 4.11 32 355
claude-3-haiku-20240307 0.3266 38 4.07 33 35.5
qwen2-vl-72b-instruct 0.0000 53 4.55 25 39
llama-4-scout 0.3518 36 3.22 43 39.5
gemma-3n-e4b-it 0.3153 41 2.80 50 45.5
nova-lite-v1 0.2976 46 3.17 45 45.5
Open-Weight Sub-20B Models
Qwen3-VL-8B-Instruct 0.5427 19 5.93 14 16.5
Qwen3-VL-4B-Instruct 0.4901 21 5.19 20 20.5
gemma-3-12b-it 0.4841 22 3.90 37 29.5
Qwen-Qwen2.5-VL-7B-Instruct 0.2764 49 4.16 31 40.0
MediaTek-Research-Llama-Breeze2-8B-Instruct 0.2894 48 4.06 34 41.0
OpenGVLab-InternVL2-5-8B 0.2688 50 4.06 35 42.5
llama3.2-ffm-11b-v-32k-chat 0.3113 42 3.21 44 43.0
Qwen-Qwen2-VL-7B-Instruct 0.2987 44 3.41 42 43.0
meta-llama-Llama-3.2-11B-Vision-Instruct-Turbo 0.3234 40 3.03 47 43.5
Ministral-3-14B-Instruct-2512 0.3489 37 2.17 53 45.0
OpenGVLab-InternVL2-5-4B 0.2440 52 3.80 38 45.0
NVIDIA-Nemotron-Nano-12B-v2-VL-BF16 0.3029 43 2.95 48 45.5
gemma-3-4b-it 0.2984 45 3.09 46 45.5
OpenGVLab-InternVL2-8B-MPO 0.2449 51 3.61 40 45.5
Breeze2-3B-Instruct 0.2947 47 2.83 49 48.0

Table 8: Detailed results on the VisTW benchmark. Models are sorted by average rank from both subsets.
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E Benchmarked VLM Details

For open weight models, we utilize local GPU re-
sources (3090) for models under 11B parameters,
while larger models are accessed through the Open
Router API service. For closed weight models, we
access them directly through each organization’s
official APL
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Model Organization Size  Arch

Closed Source Models

claude-3-haiku-20240307 (Anthropic, 2024a) Anthropic - -
claude-3.5-sonnet-20241022 (Anthropic, 2024b) Anthropic - -
gemini-1.5-flash (Team, 2024) Google - Dense
gemini-1.5-flash-8b (Team, 2024) Google 8B Dense
gemini-1.5-pro (Team, 2024) Google - MoE
gemini-2.0-pro-exp-02-05 (Team, 2024) Google - -
gemini-2.0-flash-thinking-exp-1219 (Team, 2024) Google - -
gemini-2.0-flash-001 (Team, 2024) Google - -
gemini-2.0-flash-lite-preview-02-05 (Team, 2024) Google - -
gpt-40-2024-11-20 (OpenAl, 2024) OpenAl - -
gpt-40-2024-08-06 (OpenAl, 2024) OpenAl - -
gpt-40-mini-2024-07-18 (OpenAl, 2024) OpenAl - -
nova-lite-v1 Amazon - -
Open Weights Models

Mistral 24B Instruct (2503)(Al, 2025) Google 24B Dense
Gemma3 27B Instruct (Gemma Team, 2025) Google 27.4B Dense
Qwen3-238B-A22B-Instruct (Bai et al., 2025) Alibaba 238B  MOoE
Qwen3-30B-A3B-Instruct (Bai et al., 2025) Alibaba 30B MoE
Qwen2.5-VL-72b-instruct (Bai et al., 2025) Alibaba 72B Dense
Qwen2.5-VL-7B-Instruct (Bai et al., 2025) Alibaba 7B Dense
Qwen2-VL-72b-instruct (Bai et al., 2023) Alibaba 72B Dense
Qwen2-VL-7B-Instruct (Bai et al., 2023) Alibaba 7B Dense
InternVL2.5-8B (Chen et al., 2025) OpenGVLab 8B Dense
InternVL2-8B-MPO (Chen et al., 2024b) OpenGVLab 8B Dense
InternVL2.5-4B (Chen et al., 2025) OpenGVLab 4B Dense
InternVL2-8B (Chen et al., 2024b) OpenGVLab 8B Dense
InternVL2-4B (Chen et al., 2024b) OpenGVLab 4B Dense
InternVL2-2B (Chen et al., 2024b) OpenGVLab 2B Dense
InternVL2-1B (Chen et al., 2024b) OpenGVLab 1B Dense
Llama-3.2-90B-Vision-Instruct (Patterson et al., 2022) Meta 90B Dense
Llama-3.2-11B-Vision-Instruct (Patterson et al., 2022) Meta 11B Dense
CogVLM2-1llama3-chinese (Hong et al., 2024) THUDM 19B Dense
Breeze2-8B-Instruct (Research et al., 2025) MediaTek 8B Dense
Breeze2-3B-Instruct (Research et al., 2025) MediaTek 3B Dense
deepseek-vI2-tiny (Wu et al., 2024) DeepSeek - MoE
deepseek-vI2-small (Wu et al., 2024) DeepSeek - MoE

Table 9: Overview of evaluated models. For closed source models, sizes are marked with ‘-> where not publicly
disclosed. Dense stands for Decoder only Dense Transformer architecture, MoE stands for Mixture of Experts
architecture.
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F Leaderboard Results without Penalty

As shown in Table 10, we presents the complete
leaderboard results evaluated without applying
language preference penalty. These results are
provided to facilitate direct comparison with the
penalized setting discussed in the main text and
to isolate the impact of the penalty mechanism on
model ranking.
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VisTW-MCQ VisTW-Dialogue Avg
Accuracy Rank Score(0-10 Rank Rank

Model

Overall Top 10

gemini-3-pro-preview 0.9327 1 8.50 1 1.0
gemini-3-flash-preview 0.9019 2 8.35 2 2.0
gemini-2.5-flash 0.7862 5 7.55 5 5.0
gpt-5.2 0.8363 4 7.04 6 5.0
03-2025-04-16 0.7769 6 6.99 7 6.5
04-mini-2025-04-16 0.7364 7 6.78 8 7.5
gemini-2.5-pro-preview-03-25 0.6072 13 8.11 3 8.0
Qwen3-v1-235b-A22b-instruct 0.7016 8 6.64 10 9.0
gemini-2.0-flash-001 0.6596 9 6.65 9 9.0
gpt-4.1 0.6503 11 6.48 11 11.0
Open-Weight Sub-20B Models

Qwen3-VL-8B-Instruct 0.5479 19 5.69 20 19.5
Qwen3-VL-4B-Instruct 0.4639 24 5.31 23 23.5
Gemma-3-12b-it 0.4863 23 4.46 31 27.0
Qwen2.5-VL-7B-Instruct 0.3592 38 4.54 29 33.5
Ministral-3-14B-Instruct-2512 0.4431 26 3.40 47 36.5
Ministral-3-8B-Instruct-2512 0.4233 29 2.97 52 40.5
OpenGVLab-InternVL2-5-8B 0.3447 40 4.05 41 40.5
OpenGVLab-InternVL2-8B-MPO  0.3533 39 3.68 43 41.0
Qwen2-VL-7B-Instruct 0.3004 53 421 33 43.0
OpenGVLab-InternVL.2-8B 0.3431 41 3.45 46 43.5
OpenGVLab-InternVL2-5-4B 0.3291 46 3.73 42 44.0
Breeze2-8B-Instruct 0.2915 55 4.12 37 46.0
Ilama3.2-ffm-11b-v-32k-chat 0.3119 50 3.65 44 47.0
Nemotron-Nano-12B-v2-VL 0.3330 44 3.02 51 47.5
Llama-3.2-11B-Vision-Instruct 0.3262 48 3.12 49 48.5

Table 10: Performance results on VisTW-MCQ using zero-shot chain-of-thought prompting without character
penalty and report the average score from all 21 subjects. Models are sorted by average rank from both subsets.
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G Simplified Chinese Penalty Mechanism

We compute the ratio of Simplified Chinese us-
age in the output text to discourage excessive use
of Simplified characters. Only Chinese characters
are considered, while non-Chinese characters are
ignored. For each character, if the original form
matches its Simplified variant but not its Tradi-
tional variant, it is treated as a strong Simplified
signal. Conversely, characters that match the Tradi-
tional form but not the Simplified form are treated
as strong Traditional signals. The Simplified ratio
(ratio) is defined as the proportion of strong Simpli-
fied characters among all disambiguated Chinese
characters.

A penalty is applied to the raw score using the
following formula:

penalty_factor = max (0, 1 — X - ratio)

where A denotes the penalty coefficient (set to 1
in our experiments). When ratio = 0, indicating
no Simplified bias, the score remains unchanged.
When ratio = 1, indicating fully Simplified output,
the final score is reduced by half. This mechanism
introduces a smooth penalty while leaving non-
Chinese and Traditional Chinese text unaffected.
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H Direct Answer vs CoT in VisTW-MCQ

To analyze the impact of reasoning on perfor-
mance, we compare two prompting strategies:
Zero-Shot Chain of Thought (CoT) and Direct An-
swer prompting. The latter asks models to provide
answers without intermediate reasoning steps. Ta-
ble 11 presents the comparative results.

Interestingly, CoT does not universally benefit
all vision-language models (VLMs). The perfor-
mance gain from reasoning is predominantly ob-
served in models that already demonstrate strong
direct answer capabilities. For instance, Gemini-
2.0-Flash-001, despite being smaller than Gemini-
2.0-Pro (as evidenced by its lower direct answer
performance), exhibits a substantially larger im-
provement margin (13.9%) when employing rea-
soning steps.

Our analysis reveals that high-performing mod-
els generally gain 2-10% improvement through
CoT prompting. Conversely, lower-performing
VLMs show degraded performance with CoT, as
evidenced by the negative differences in the lower
portions of Table 11. We hypothesize that infe-
rior vision processing capabilities in these models
may introduce hallucinations when given extended
reasoning space, ultimately diminishing their per-
formance.
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Model Name CoT Direct Answer Difference

gemini-2.0-flash-001 0.660 0.521 0.139
gemini-2.0-pro-exp-02-05 0.662 0.569 0.093
gpt-40-2024-11-20 0.576 0.486 0.090
claude-3-5-sonnet-20241022 0.602 0.519 0.083
gwen2.5-vl-72b-instruct 0.502 0.433 0.069
gpt-40-mini-2024-07-18 0.409 0.350 0.059
Llama-Breeze2-3B-Instruct 0.297 0.267 0.030
gemini-1.5-flash 0.394 0.371 0.023
gemini-1.5-pro 0.442 0.420 0.022
gemini-1.5-flash-8b 0.328 0.309 0.019
deepseek-ai-deepseek-vI2-tiny 0.278 0.259 0.019
OpenGVLab-InternVL2-8B-MPO 0.353 0.338 0.015
Qwen-Qwen2-VL-7B-Instruct 0.300 0.287 0.013
Qwen2.5-VL-7B-Instruct 0.359 0.346 0.013
Llama-3.2-90B-Vision-Instruct-Turbo  0.412 0.404 0.008
THUDM-cogvlm2-19B 0.278 0.277 0.001
claude-3-haiku-20240307 0.329 0.330 -0.001
OpenGVLab-InternVL2-8B 0.343 0.347 -0.004
OpenGVLab-InternVL2-2B 0.289 0.294 -0.005
OpenGVLab-InternVL2_5-8B 0.345 0.352 -0.007
OpenGVLab-InternVL2-4B 0.308 0.315 -0.007
Llama-Breeze2-8B-Instruct 0.292 0.299 -0.007
Llama-3.2-11B-Vision-Instruct 0.326 0.335 -0.009
deepseek-ai-deepseek-vI2-small 0.318 0.327 -0.009
OpenGVLab-InternVL2-1B 0.269 0.282 -0.013
OpenGVLab-InternVL2_5-4B 0.329 0.345 -0.016

Table 11: Model Performance Comparison: CoT vs Direct Answer (Sorted by Difference) without character
penalty
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I Prompts

L1 VisTW-Dialogue Judgment Prompt

Apart from providing judgement prompts Figurel0,
we utilize a 10 point scale for evaluation, with the
score decreasing from 10. If there are any omis-
sions or mistakes in the model explanations, ap-
propriate deductions will be made. Besides, in
Scoring Guidelines Figurel1 we also explain the
range definition represented by each score, so as to
better evaluate the model’s capabilities. In the Fig-
urel4 example, according to the Scoring Method
and Scoring Guidelines, the model explanations
accurately aligned with the Ground Truth and ad-
dressed all answers with clear and structured lan-
guage. This evaluation got a perfect score of 10.

L2 VisTW-MCQ Prompt

In VisTW-MCQ, our prompts can be found in Fig-
urel2 and Figurel3 . We divide the evaluation into
two prompts: Zero-Shot COT and Direct-Answer
to examine VLM model capabilities. In these ex-
amples of Figurel5 and Figurel6, we use red color
to mark the model’s responses and COT processes.
For COT prompts, we specifically use "think step
by step” to guide the model’s reasoning further.
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Judgement Prompt

B8 5 P 2 50 S A9 T B [Queestion] B8 IE % % [Ground Truth], 2% 378 By F i o] 7
[Assistant Response] HIEEs o B KRR N AR ERRE T A5 -

Please evaluate the assistant’s response based on the user’s question [Question] and the correct
answer [Ground Truth], and assess the score of the assistant’s response [Assistant Response]
according to the evaluation guidelines provided below.

[[7E] [Question]

{question}

[FHMEB)TFHY[EFE] [Assistant Response]

{response}

[IEME% %] [Ground Truth]

{ground_truth}

# 2155187 # Scoring Guidelines
{Scoring Guidelines}

## 519 77 =, ## Scoring Method
1. B R R REE ZE LR 1. Responses were compared with standard answers.

7

2. FEAELAT #85 © 2. Evaluate the following aspects:
- 7= HERE ? - Whether the responses were accurate?
- A EE T MRER T A ER 5 - Whether all parts of the question were addressed?
- EIEMT B A I ? - Whether the responses were clear and well-structured?
- = ARMCEE BT ? - Whether helpful explanations were provided?
3. €107 BA1RF04 « 3. Points were deducted for errors from an initial 10-point score.
- BAEEER (-12-249) - Bach factual error deducted 1-2 points.
- BEIRERN (-12-243) - Missing information deducted 1-2 points.
- BB EAMAME (-19) - Incoherent language structure deducted 1-2 points.
- RN E 5gEsR (-147) - Inappropriate or incorrect explanations deducted 1
point.
4. A HEPAFES BH » B ¢ Scoring rationale includes concise explanations of:
- BT 75 - Well-addressed components or exceptional performance.
- B/ D EEEERAUER 47 - Missing or incorrect information
- B 45 T 5 BL- Why this score was awarded?

YREGEIE RS TCERZ AU T : Your response should be in the format:
[f#T2]: (/REYEFRE) [Explanations]: (Your explanations)

[FF43]: (int53#) [Scoring]: (Int score)

Figure 10: Instruction prompt used in scoring the sample.
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Scoring Guidelines

## FT53#5E (0-10%) Score Range (0 - 10 points)
### 1057 1 583 10 points: Perfect
- SEEMEREMEER - Fully accurate and error-free
- BIZ R ERI AT B A9 - Address all parts of the questions

- 15 B %32 43-BF - Clear and well-structured

- IRt A H B 7L - Helpful explanations
### 8 - 997 : IEH T 8-9 points: Excellent

- B iR e YR - Minor errors or omissions

- FEHEEESE T E - Key points are covered

- #H 4% R ¥ - Clear and well-structured
- J A A R4 AR - Helpful explanations

##H# 6 - 79+ RIF 6-7 points: Good

- 5 —2/NEERR - Some minor errors

- KER5r B BEET A 422 - Most key points are addressed
- ZHA% M AT - Adequate structure

- 5 —LEAERBARLAA - Some relevant explanations

#HH 4 - 557 ¢ 9E 4-5 points: Average

- BEEE$ERR - Several errors
- EJR—LEE R - Some key points are omitted
- HARIAE AR AE TS - Basic structure
- SLBH A1) 5238 - Incomplete explanations
### 2 - 343+ INME 2-3 points: Poor
- B#F £ 86 3% - Numerous errors
- JBIRE ZE & - Critical information is omitted
- HAENE#E - Disorganized structure
- AN IERESCA &2 - Incorrect or insufficient explanations

### 0 - 153 : N}t 0-1 points: Failing

- REBS3EE A% - Mostly incorrect

- REZERIEEES - The core question remains unanswered

- {8 B BHRER A% - Absence of structure

- SLRAANAHRA BB R & - Irrelevant or misleading explanations

Figure 11: Scoring guidelines outline the criteria for each point
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VisTW-MCQ - Zero-Shot COT Prompt

(B2 DUF B 2 i o 3z HLAE R R
REFLEHER - FR ST MTH
& ABCDEFG HyH F—{H - [BZFIEE L
— % — & (think step by step) 1T &% o

PRPSZE(E F A SC[E

Answer the following multiple-choice
questions.  Additionally, remember to
include the format at the end of your
response: Answer: $letter, where the letter
is one of A, B, C, D, E, F G. Before
answering, carefully deliberate through the
answer step by step. You must respond in
Chinese.

[[H/&]: [Question]
{question}

[COT] : [COT:]
{COT reasoning}

[ZZ] : [Answer:]
{your answer}

VisTW-MCQ - Direct-Answer Prompt

[F1% DUR 1) 22 R RE o 3 B 7R [ Y
RRCAFERN 0 BFR $FH MFE
7= ABCD I HE 1 — 1 - ERARER
[B]178 » Do not think step by step ° /R4AZH
A L e -

Answer the following multiple-choice
question. Remember to include the format
at the end of your response: Answer:
$letter, where the letter is one of A, B, C,
or D. Provide only the answer in Chinese
without any additional explanations. Do
not think step by step. You must respond in
Chinese.

[#7H]: [Question]
{question}

[ZZ] : [Answer:]
{your answer}

Figure 13: Instruction prompt used in VisTW-MCQ

direct answer

Figure 12: Instruction prompt used in VisTW-MCQ

zero-shot COT
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VisTW-Dialogue Example

A MR & 3 M B9 B & [Question] B IF ## & ¢ [Ground Truth], 7 #FE B F 1y [E]
72 [Assistant Response] FUETESS » #EKER N 7 AU EE TR EF M £5%5 -

Please evaluate the assistant’s response based on the user’s question [Question] and the correct
answer [Ground Truth], and assess the score of the assistant’s response [Assistant Response]
according to the evaluation guidelines provided below.

(/] [Question]

BB PR SR ? 5SS R AR R B E RS 7

Where is this building located in Taiwan?

Can the time period during which this photo was taken be determined?

[FHEBIFAY[E7E] [Assistant Response]

BRI A THEAYE G A0101 K48 - EIH F R AOE K REDE R S EE S ERITH > i)
DIHERDNE TR B KA 2 B R T a8RAY o & Ab10178 5 4 (3 BuRs & S AT RECH M S5 - )
3 TRFZ RERBIREE -

This photograph depicts Taipei 101, with fireworks display typically held during New Year’s Eve
celebrations. It is inferred that this photo was taken on New Year’s Eve, as Taipei 101 annually
hosts a grand fireworks show during the New Year countdown, drawing large crowds of spectators.

[IEME% %] [Ground Truth]

EaaEedtEAN TEdt1011 o WEET BEER 101078 KT

This is the renowned Taipei 101 in Taipei, Taiwan. The image captures the New Year’s Eve
fireworks display at the building during the annual countdown celebration.

YREGEIE RS TCERZ &R : Your response should be in the format:

[f#FE]: (/RAYEFRE) [Explanations]: (Your explanations)
[Explanations]: Completely correct

[5F47]: (int53 ) [Scoring]: (Int score)
[Scoring]: 10

Figure 14: VisTW-Dialogue for evaluating the response with prefect 10 points.
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VisTW-MCQ - Zero-Shot COT Example

Ee# 776888 BUREER
30 REAF $489,000 0.5%
31-90 & 201,000 2%
91-180 & 106,000 5%
181-360 & 48,500 20%
361 RUALE 27,500 60%
$872,000

FEIELTHZEEME - CEERNBNRELE#ERBR : TR $FH MFLE
ABCDEFG HyH i —{ o [E1%HI3E 55— — (think step by step) fHIFE R ° (R0 ZH
(| o

Answer the following multiple-choice questions. Additionally, remember to include the format at
the end of your response: Answer: $letter, where the letter is one of A, B, C, D, E, F, G. Before
answering, carefully deliberate through the answer step by step. You must respond in Chinese.

([ ]

FA B AR BR RS 20 A i A 51 TR (5 R REIR R - X8 48 12 A 31 HIBUIRFIRE 54T &
BHOT © X8 5 A 12 H SRR HEE I B 7 FEIIRF$35,680 H#H : X8 £ 12 H 31 HiH
BRI HEIB R B (5829970 o H/AF] X8 FEERY 2 TEHE AR A A 2

[Question]:

Company A uses the aging analysis method to estimate expected credit losses. The aging analysis
data for accounts receivable as of December 31, Year X8 is as follows: On May 12, Year X8, the
company wrote off accounts receivable of $35,680 confirmed to be uncollectible; the allowance
for credit losses had a debit balance of $970 before adjustment on December 31, Year X8. What
amount of expected credit loss should Company A recognize for the Year X8?

A $37,965 A. $37,965

B. $36,935 B. $36,935

C. $36,995 C. $36,995

D. $38,935 D. $38,935

[COT]:

TH T ETEIGEHE L - s S FERE S A EREER DUAHEIIIR K K » SR 1g A% 45 A
e &% > B FAREHBREES TG TR - HBGFERBEFEWNT @ 1. 30K
T : $489,000 * 0.5% = $2,445 2. 31-90K : $201,000 * 2% = $4,020 3. 91-180K : $106,000 *
5% = $5,300 4. 181-360K : $48,500 * 20% = $9,700 5. 361K LL_E : $27,500 * 60% = $16,500
HATEIAME RS ¢ $2,445 + $4,020 + $5,300 + $9,700 + $16,500 = $37,965

S {E R RS AREE © $970 I » IEMERAOTERAMS A S4EA © $37,965 +
$970 = $38,935

[ZZ]:D

[COT]:

I will calculate the expected credit loss by multiplying the balance of each aging category by the
corresponding loss rate and summing the results. Finally, adjustments are made for the debit
balance in the credit loss reserve. The expected credit loss calculation is as follows: 1. Under
30 days: $489,000 x 0.5% = $2,445 2. 31-90 days: $201,000 x 2% = $4,020 3. 91-180 days:
$106,000 x 5% = $5,300 4. 181-360 days: $48,500 x 20% = $9,700 5. Over 361 days: $27,500
x 60Total expected credit loss: $2,445 + $4,020 + $5,300 + $9,700 + $16,500 = $37,965

Debit balance of credit loss reserve before adjustment: $970 Accordingly, the recognized expected
credit loss amount is: $37,965 + $970 = $38,935

[Answer]: D

Figure 15: VisTW-MCQ - Zero-Shot COT with reasoning and correct response
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VisTW-MCQ - Direct Answer Example

EIEDTHZEERMSE - I HERNBHNHEREEHEEN : ER $FH MTFHE
ABCD HyHH1—1f - 4T % EE » Do not think step by step © R ZE i F H 3CEE o
Answer the following multiple-choice question. Remember to include the format at the end of
your response: Answer: $letter, where the letter is one of A, B, C, or D. Provide only the answer in
Chinese without any additional explanations. Do not think step by step. You must respond in
Chinese.

[FE]:

X1 RN RIS $150,000 Z B AEAC o3 A ] > SR EASIZ A INE 10% > H

DREIANEINFHER - MR ELERZ A E Z —HE N 0 2RO A ELBARIE - TEE
MRATIERY B T RmAd) A8 - AT ARIR X1 FRHABRRER

HR ERHIT sl 0wk _E ) B AR R 2

[Question]:

During the year X1, the Head Office transferred goods costing $150,000 to the Branch at a

transfer price of cost plus 10%, with the Branch not sourcing inventory externally. A shipment of

goods dispatched by the Head Office to the Branch remained undelivered at period-end, creating

discrepancies between the balances of the Head Office Current Account and Branch Current

Account. Selected pre-adjustment trial balance data from both entities as of year-end X1 are

provided.

What was the Branch’s beginning inventory balance?

A. $33,000 A. $33,000
B. $30,000 B. $30,000
C.%$0 C.$0

D. $20,000 D. $20,000

[EF]:B
[Answer]: B

Figure 16: VisTW-MCQ - direct answer example with incorrect responses (the answer is A)
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J  Question Diversity in VLM

Both VisTW-MCQ and VisTW-Dialogue contain
diverse visual contexts and challenge VLMs’ skills
such as content comprehension, image depth judg-
ment, and cultural-specific analysis. Correctly an-
swering each question requires multiple visual com-
petencies, such as table comprehension, logical rea-
soning, visual content interpretation, and cultural
background knowledge.

J.1  SKkills set found in VisTW-Dialogue

Context Comprehension Accurate question-
answering in VLM requires both visual content
comprehension and subsequent reasoning skills.
Visual content includes diverse types of content
such as table-related information Figure 17, daily
life materials Figure 18, 19, and implicit semantic
content Figure 20. The comprehension of these
contents involves OCR technology, semantic anal-
ysis and latent reasoning. Therefore, answering
each question precisely demands VLM integrate
multiple skills for comprehensive understanding
and response.

2D Image Depth Judgment Certain 2D im-
agery questions in VLMs demand both 3D object
recognition and spatial reasoning abilities. These
questions evaluate whether VLMs can leverage
geometric cues such as perspective distortion,
occlusion patterns, and relative scale to reconstruct
3D depth relationships like Figure 21.
Cultural-Specific Knowledge

Cultural contextual understanding constitutes a
crucial capability for VLMs. Many daily life prob-
lems require cultural knowledge for resolution.
Hence, within VisTW-Dialogue like Figure 22, 23,
24, there are specific evaluations of background
knowledge, especially culture and landscape.

J.2  VisTW-MCQ skills introduction

Strong Subjects knowledge The VisTW-MCQ
benchmark evaluates the multimodal capabilities
of VLMs by integrating visual comprehension and
semantic reasoning. Rather than merely assess-
ing basic visual processing skills such as OCR
and visual content analysis, VLMs are required to
demonstrate deductive reasoning to choose correct
answers for multiple-choice questions. These ques-
tions appraise the reasoning capabilities of VLMs
across 21 diverse subjects, , including a sample
of disciplines such as Figure 25 Arts, Figure 26

Chemistry, Figure 27 Chinese Literature, Figure 28
Music, Figure 29 Sociology, and Figure 30 Geog-

raphy.
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OCR - Understanding Table-Related Question
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[[H/&] [Question]
BAEFHEEEY  W—EERHERE ?

In the electricity bill presented in the image, which floor exhibits the highest
electricity consumption?

eSS

BB — BB EBERGTH

11 : 1A, 1B A0

21 1 2A 5& 1458 * 2B 4 395 > 2C #& 494 » 2D & 145 ° 2E 52 669 » 2F
A= 935 5 FIARE R R 4,096 ©

318 1 3A & 5260 3B 20 3C A& 799 3D & 583 » 3E 5= 1579 * 3F &
1501 ; AR EEREAE £ 4,988 TC ©

418 1 4A 72480 0 4B & 683 0 4C /& 686 > 4D 52 372 4E & 350 ° 4F &
540 5 RIVAREERAE 2 3,111 JT °

5K : 5A 935> 5B A& 760 ° 5C /& 526 > 5D & 2036 ° 5E /& 472 » 5F &
521 5 RIAREERAE 2 5,250 TT °

A5 bRt > AERE R EAAESE

[Reference]:

let’s add up the electricity costs for each floor :

For the 1st floor, units 1A and 1B used zero, so that’s easy.

On the 2nd floor, we’ve got 1458 for 2A, 395 for 2B, 494 for 2C, 145 for 2D,
669 for 2E, and 935 for 2F. So, that floor comes out to 4,096.

The 3rd floor: 526 for 3A, nothing for 3B, 799 for 3C, 583 for 3D, 1579 for
3E, and 1501 for 3F. That totals 4,988.

Moving to the 4th floor: 4A is 480, 4B is 683, 4C is 686, 4D is 372, 4E is 350,
and 4F is 540. So the total there is 3,111.

Finally, the 5th floor: 935 for 5A, 760 for 5B, 526 for 5C, a big one at 2036 for
5D, 472 for SE, and 521 for SF. That brings their total to 5,250.

So, looking at all that, the 5th floor had the highest electricity bill.

Figure 17: OCR - Floor Power: Table-Related Insights
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Daily Life Content Comprehension Question - 1

[[#1&] [Question]
IR B ES KN FAIICE & 2

What is the most cost-effective package for a 5-day
trip to Taiwan?

[Z2EEE]

i# 4G Unlimited data fFJSKELE » HFEZ30070E]
Ej o

[Reference]:

You can get 5 days of unlimited 4G data for just 300.

Figure 18: Daily Life Comprehension: Results via Reasoning
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Daily Life Content Comprehension Question - 2

[Fﬂﬁ%ﬁ] [Question]

BREGZ IR — R E R P HEIRAE 294172788 » &R
BEPTEOEE?

Assuming the winning number of the uniform invoice
for this period is 94172788, what is the prize amount
for this invoice?

B
FS %mﬁAH BHZZ+HH SRz 5i—%
—’%ﬁﬁﬁ E-HEHEME R =2 +HZ T
Jﬁﬁ% » Sl R A BOIRDU S By il B —#H - H A1
BEEWT
- ‘#%BU%% DR \ AL B P B AR A 5T
EMHFEE - @ﬁg% THEIT -
~ FpiE 1 A — 3\ BORHE E A SR A T
MR ﬁ “ “HETT
Z\ﬁﬁﬁhi
(—)@%-w—%mAu%%ﬁ@¢% RS 52
EAMRE ﬁz%_+%x°
(= )ﬁﬁ R ﬁ“%ﬁﬂ%fﬁ@*% i
IREMUFZEMAE - ReHEEINE
(=) =% : Hi— ?Tkmu%f@ *% RS
RN EMAE » ReHEE—ET -
(Pg) usg : 4i— ﬁ?%ﬂu%f@ i BESRHS
ZARIAIFES Wﬂ% EHEHEITIC
(1) T8 : Hi— X@u%fﬁﬁ$i RS
ZARMI5E S WH% EHMER—TIT -
(73) /N8E : Hi— ﬁﬁﬁ {32 BT AS B A B2 SRS
IR=(UEEMFAE  ReHEE _HT -
R RS R R — uﬁ%ﬁ$ RS AR IR —
BT AR - BGRAE T
[Reference]: Main Prizes:
1. There’s a huge Grand Special Prize of NT$10
million.
2. Special Prize of NT$2 million. For these, your
entire 8-digit receipt number must exactly match the
winning number.
3. Then there’s a First Prize of NT$200,000, also for
an exact 8-digit match.
4. Smaller Prizes :
For these, you need to match the last few digits of
your receipt number with the last few digits of one of
the First Prize winning numbers.
The last digit of your invoice number is different from
the last digit(s) of the applicable winning numbers
(e.g., for the Sixth Prize), so you have not won a prize.

o

4

Figure 19: Daily Life Comprehension: Local Cultural-Specific Daily Question
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Implicit Contextual Understanding Question

[FI/&] [Question]

Pt EREEE—E T ERE AT ?

Why did my colleague send me this image on
Monday?

[ZEZEZR]:

BEARIR I ]2 — » T8 B2 107 L 2R B T 2
AL T S ERERLAVIREE o R IRAFE &
B EE B IE TAERY O E BB R E B — B
FEBS A AR

[Reference]:

Seeing as it’s Monday and the dog looks kind of dazed
or stressed out in that messy spot, your colleague prob-
ably means that’s how they feel starting the work week
— completely swamped with work and chores, just like
the dog is hemmed in by all that stuff.

Figure 20: Implicit Contextual Understanding: Beyond Direct Visual Reasoning

2D Image Depth Judgment Question

[[H/&] [Question]

FALEERE T - BRI
AR BB 2 EHE

Please sort the red-labeled numbers in
the figure according to their distance
from the camera perspective, from near
to far.

[ZEEZE]

[ A F R A S A T B B Y 43
Bl :5,3,1,2,4

[Reference]:

From closest to farthest from the
photographer, the order of the items is:
5, then 3, then 1, then 2, and finally 4.

Figure 21: 2D Image Depth Judgment: Red-Labeled Number Distance Sorting
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Cultural-Specific Question - 1

[H1RE] [Question]
& (LA & TR L S I 7

In which scenic area of Taiwan is the image located?

[ZEEE]

BEAREEEER DEBEERRE] - EEE
BROCES TRUWLAR) Z2—-

M HRNEEZN TRERE] » T
RABAEHOENERELZ — -

[Reference]:

This is the Lotus Pond Scenic Area in Kaohsiung,
Taiwan. Tiger Pagodas are part of one of Kaohsi-
ung City’s most traditional and religiously significant
scenic areas.

Figure 22: Cultural-Specific: Taiwan Scenic Area Identification
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Cultural-Specific Question - 2

(/] [Question]
ERATFHORARBINGEME ? &+
HB T H R AT ?

Where is this religiously significant attraction
located in Taiwan? What distinctive elements
appear in the image?

WM

[ZEEZE]

BEEMMNEEEREN THFEAE] - £2
B & B R - A — 225 A RS H B8
BEABE > BASLE - B ERHERES
= EHBRSFAEMEERNERALE - T
FEAEREE o THIERE) BEETRANE
PERTHIAR o

[Reference]:

This is Zhongzheng Park in Keelung, Taiwan. At
the park’s highest point, there stands a 22.5-meter-
tall (approximately 73.8 feet) white statue of the
Bodhisattva Guanyin. The statue’s interior is di-
vided into five levels, which visitors can ascend
to get a bird’s-eye view of the entire Keelung
cityscape. Flanking the Guanyin statue are two
enormous golden lions, creating a serene and ma-
jestic atmosphere. Zhongzheng Park is consid-
ered Keelung City’s most iconic landmark.

Figure 23: Cultural-Specific: Religiously Significant Local Sites
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Cultural-Specific Question -

3

[F/&] [Question]
BN ERKHMER ? EHE L/ ERE?

What classic building is this? How many gun
emplacements are there in the figure?

Eg==St

BRI BERIK TALRH, ~ FHITETEHE
FNEERKIF IR TEEZ B &R0
EHh - BT NEEZ T A - EEILERE
A% BRI ARG TALE. - Fik T4T
B IHHES - HA 5] HE -
[Reference]:

We’re looking at Hongmao Cheng, also known
internationally as Fort San Domingo, in Tamsui,
Taiwan. Its story begins with the Spanish, who
established *Fort San Domingo’ on this spot as
their stronghold during their time in Tamsui. Sub-
sequently, the Dutch drove out the Spanish and
reconstructed the fort on the same foundations.
Because the local population called the Dutch
’héngmdo’, meaning 'red hairs,” the fort became
popularly known as Hongmao Cheng, a name that
has persisted to this day. It is also equipped with
five artillery batteries.

Figure 24: Cultural-Specific: Local Cultural-Historical Heritage Sites

VisTW-MCQ: Arts Question

[[H7&] [Question]

HNEBFHERLZ N R1970F % L8 (g
R o B —ET BB AIRERE R R
FIER N &= > 3B E AR R ?
Regarding the "Valley Curtain" installed in Col-
orado, USA, in 1970—a large-scale artificial land-
scape that sparked significant attention and dis-
cussions on environmental issues—who is the
artist behind this work?

A. =mIK# & Andy Goldsworthy

B. & # George Segal

C. WHEEMEYR - 75 Christo and
Jeanne-Claude

D. 525 H#% Robert Smithson

[BF=Z]:C

Answer: C

Figure 25: VisTW-MCQ: Arts Question Example
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VisTW-MCQ: Chemistry Question

[[/2E] [Question]

FHMELEY AR E TR B R E R HES
HO COHy; OB (8 TE R 2
I Regarding the order of proton acidity from high-
est to lowest for the indicated protons in the fol-
lowing compounds, which is correct?

OHy, AM>IVST>T M>IVST>I
BH>U>I>IV M>I>1>IV
C.IV>SI>T> IV>T>1> 1
D.O>I>IV>MI O>1>IV >l
[ZZ]:B
Answer: B

Figure 26: VisTW-MCQ: Chemistry Question Example

VisTW-MCQ: Chinese Literature Question

[[#1RE] [Question]

HRTRATERBEALEANANE (RME) A
TR R BAFSERIFER > T 51t & LR 2
; X WE Regarding this invitation, which of the following
I SE SN TV S .
BER T RABEAR statements is correct?

AL TEEE ] JERUR THTE

[G£Z | should be replaced with TH[IE
B. MBI ERCRy To5HiE

MEEGHE | should be replaced with [ ZF#E |
C. TxE R T8

[ &% should be replaced with & 2L
D. THbE] BEE THEAT

[kt 1 should be replaced with HEFF J

[ZZE]:B
Answer: B

Figure 27: VisTW-MCQ: Chinese Literature Question Example
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VisTW-MCQ: Music Question

é’g-ﬁ.’{; :_'j:"

7 'z'ﬁ-#.-'“"'-'g.'

[1RE] [Question]
T & gh SRR e A 2

What is the tonality of this melody?

A. E K8 % b /Mg The piece modulates
from E major to b minor

B. e /N4 % B K§i The piece modulates
from e minor to B major
C.B K##EZEF g /g The piece modulates
from B major to g sharp minor
D. #+ ¢ /NgH#E 2 B K3 The piece modulates
from c sharp minor to B major
[E%]: B

Answer: B

e

—

VisTW-MCQ: Sociology Question

Figure 28: VisTW-MCQ: Music Question Example

(/] [Question]
Bl(+ )N EERK EERMEE TF =

R PSRRI B - E R 28 RIR = o A
FZE FEEL R (A B B (R B A B ) 2

Pic(12) shows temperature data from selected weather
stations in Taiwan at 1:00 PM on a certain afternoon.
The spatial variation in temperature across Taiwan at
that time is most closely related to which of the fol-
lowing factors?

A. B FEEFFE LR The stationary front con-
tinues to move northward

B. ZAHIEBEIE BBV Intense evaporation gen-
erates thermal convection

C. VT ICRERZ 3% The tropical depression
gradually intensifies

D. RFEER R EZ#F ~ The continental cold air
mass gradually advances southward

[ZFZ]:D

Answer: D

Figure 29: VisTW-MCQ: Sociology Question Example
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VisTW-MCQ: Geography Question

[#1RE] [Question]

EEEKRTEYN - EEARMERL SRS
PHES > TTATER ~ LHE - AR - FERS
B - B2 BREHNERRT - ZBEANRE
B Al AE B N S Bz ?

Building materials for traditional Taiwanese dwellings of-
T ten vary by ethnic group, utilizing local resources adapted to
HA 2 environmental conditions, resulting in architectural forms
such as bamboo tube houses, adobe homes, stone slab
houses, and thatched cottages. Photo 2 depicts a tradi-
tional residence of a specific ethnic group. Where is this
type of dwelling most likely to be found?

A JEEZAM Puli Basin

B. i#EE Penghu Archipelago

C. FERAEAILE Northern Hualien-Taitung Valley

D. o lIkrEEX Southern Section of the Central Moun-
tain Range

[E%]: D

Answer: D

Figure 30: VisTW-MCQ: Geography Question Example
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K Failure case study found in
VisTW-Dialogue

In this section, we present several failure cases
from low-scoring examples identified within the
VisTW-Dialogue dataset. These examples high-
light specific scenarios where state-of-the-art multi-
modal models still encounter difficulties, including
interpreting ASCII art (Figure 31), accurately read-
ing numeric data from complex electricity meter
displays (Figure 32), and reasoning errors aris-
ing from Traditional Chinese OCR on electricity
bills (Figure 33). Each case underscores existing
challenges in multimodal understanding and de-
tailed visual reasoning, suggesting areas for further
model development and improvement.
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Failure case #1 - ASCII art reading

a’:::pla:'v'v AR # B R #RE #H [QueStion]

AL L it st S R 7

ﬁ pE s mmms DT What are the three ASCII art characters in the image?
# R OBE MR OWE OME MEER R B M Claude'3.5'Sonnet'20241022 ﬁgg}ﬂr’%ﬁﬂ_‘_\.Tzﬁ
arrows REIAT ASCIT 245 7 #8 i =

- 1. aquaplan - £/ "#" FF5RHES R 2
e e e 2. arrows - (i FI GFOEATE "> A =" AR A
S LD o CIsm oLz 3. asc - [FER{E A "#" FF9RHET IR 7 —REF A

FEEAEHRET T HRHEZ T 2B ER AR
PR AR 2B

Gemini 2.0 flash ensemble judge score: 2.5 Gemini

asc

SETLTED arelri Rl S
LR * #*aquaplan:** 15 [HF R » B2 "aquaplan” °
* wkarrows:** 18 (A F 2 EIEEUR » & "arrows” ©
* wxggctt i A FREMFTEHH— T » HAILLE
Hi A& "asc" ©
Frl&ERE
1. aquaplan
2. arrows
3. asc

Gemini 2.0 flash ensemble judge score: 0.0

Figure 31: The best-performing models—Claude-3.5-Sonnet (which achieved the highest score on this question)
and Gemini 2.0 Pro (the top model in VisTW-Dialogue)—still failed to correctly recognize that the ASCII art
depicted the word "FORMOSA."

Failure case #2 - Reading electricity meter

[Question]

FEM R LI EEUE %98 Could you please tell me
the reading on the electricity meter?

Gemini 2.0 Flash E5% FAIEERLE 06765.
Gemini 2.0 flash ensemble judge score: 2.0 Gemini
2.0 ProfRIZ[E F - B3R FHYEBGEECS ¢

* E—EERE (RAE) : \EtEe M7 ZH -
HES 6

* B T EERE - fRSEEL 3 BN 2 -

* = (EERAE  fRET RO 2 BN 1 -

* EEIOEEREE  FESHTE 7 M8 2 - FEEUA T -
* BOMERE (&AB) : 188HEEI 6 - FBER
5 o

Bl - BB 62175 K

Gemini 2.0 flash ensemble judge score: 0.4

Figure 32: The best-performing model (Gemini-2.0-flash) successfully read the second meter from the left, correctly
interpreting the value *6’, despite numbers 0-9 being arranged clockwise and the pointer moving counter-clockwise.
However, it incorrectly read the middle meter, mistaking a ’9’ for a *7’. Additionally, it misread the third meter
from the left, interpreting an 8 as a ’6’, and the leftmost meter, identifying a ’7” as a’5’.
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Failure case #3 - Traditional Chinese OCR with Reasoning

1 10 02.03. HJ?‘-&H E“M

£ (] V&l

ALK i)

PRSI fiiE

0

()

0

301

1458

2A 25106

14657

32

395

70

494

18241

2

145

2B
2C 11433
2D

B

19027

129

669

2R 25688

196

935

3A 18390

82

526

3B 22133

13

3C 23567

166

799

3D 16480

103

583

3E 32399

262

1579

3F 17459

247

1501

4A 15800

65

480

4B 8790

133

683

4c 9980

134

686

4D 8337

2

372

4E 16315

12

350

4F 11979

87

540

SA 25030.

196

935

SB 18080

155

SC 17202

82

526

SD 24111

406

2036

SE 21870
SE 22801

62

80

472
521

NEEA 137

[Question]

BT ERET B EEAERE ?
In the electricity bill shown in the image, which floor
consumed the most electricity"

Gemini 2.0 Pro 1¢E A HHIEEHEAKE » fF
REH) WP BEREN D HEEH
Fs406% > RIILSDH EE?& :

Gemini 2.0 flash ensemble judge score: 2.0
Gemini 2.0 Flash Thinking [& 5 B &EH+ »
PR B B = Y

**}/FE%**

- TRER BB ML E R AR BLR AR
EF‘ HENEE S TEMEE MM - S mR AL
R TEBEEBRHESR -

2. ot BRI A A B & iR — R
HEERR TR AR -

* x| H 1A (0) + 1B (0) =0

ko) ik DA (301) + 2B (32) + 2C (70) + 2D (29) +
2E (129) + 2F (196) = 757

k3R 3A (82) + 3B (13) + 3C (166) + 3D (103)
+3E (262) + 3F (247) = 873

kg Ber AN (65) + 4B (133) + 4C (134) + 4D (22)
+4E (12) + 4F (87) = 453

kS SA (196) + 5B (155) + SC (82) + 5D (406)
+ 5E (62) + 5F (80) = 981

3. el B FE B tbiﬁc%i‘%@ HIX8 &
s WHBUERFHIEE -

* 18 0

* 248 757

* 318 873

* 418 453

* **5;]:%1 Q81 **

4. =fEame SENEHERERS 981 A
jlid **ﬂ%ﬁﬁgﬁag** o

Gemini 2.0 flash ensemble judge score: 9.5

Figure 33: A comparison between Gemini-2.0-Pro and Gemini-2.0-Flash-Thinking. While Gemini-2.0-Pro correctly
identified the room with the highest individual usage (room 5D, 406 units), it initially misunderstood the question
by focusing on a single room rather than total usage per floor. However with Gemini 2.0 Flash Thinking a multi
modal reasoning model, it accurately calculated each floor’s total electricity consumption and correctly concluded
that the 5th floor had the highest usage at 981 units.
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