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Abstract

Recent advancements in text-to-image gener-
ative models have improved narrative consis-
tency in story visualization. However, current
story visualization models often overlook cul-
tural dimensions, resulting in visuals that lack
authenticity and cultural fidelity. In this study,
we conduct a comprehensive multicultural anal-
ysis of story visualization using current text-
to-image models across multilingual settings
on two datasets: FlintstonesSV and VIST. To
assess cultural dimensions rigorously, we pro-
pose a Progressive Multicultural Evaluation
Framework and introduce five story visualiza-
tion metrics, Cultural Appropriateness, Visual
Aesthetics, Cohesion, Semantic Consistency,
and Object Presence, that are not addressed by
existing metrics. We further automate assess-
ment through an MLLM-as-Jury framework
that approximates human judgment. Human
evaluations show that models generate more
coherent, visually appealing, and culturally ap-
propriate stories for real-world datasets than for
animated ones. The generated stories exhibit a
stronger alignment with English-speaking cul-
tures across all metrics except Cohesion, where
Chinese performs better. In contrast, Hindi
ranks lowest on all metrics except Visual Aes-
thetics, reflecting real-world cultural biases em-
bedded in current models. This multicultural
analysis provides a foundation for future re-
search aimed at generating culturally appropri-
ate and inclusive visual stories across diverse
linguistic and cultural settings.

1 Introduction

Recent advancements in text-to-image diffusion
models, such as DALLE-3 (Betker et al., 2023),
SDXL (Podell et al.,, 2023) and Imagen 3
(Baldridge et al., 2024) have achieved remark-
able performance in generating photorealistic im-
ages from text prompts. These models have set
new benchmarks for producing high-quality im-
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Figure 1: Cultural inconsistencies and stereotypes in
generated story scenes across models and languages.
Ex-1: Model is not interpreting the word ’president’
in Chinese as ’party leader’ in China, and generated an
image of a US president. Ex—2: Instead of a modern craft
fair, it depicts temples and a crowded assembly of saints,
reinforcing the stereotype of an ancient Mahakumbh
style fair. Ex-3: Red lantern stereotypes dominate the
rides, misrepresenting Chinese culture. Ex—4: A Hindi
cultural stereotype depicts a parent leading children in
a race rather than using a stroller, with several children
barefoot, reinforcing inaccurate cultural assumptions.

ages, opening up a wide array of real-world ap-
plications including controlled image editing Con-
trolNet (Zhang et al., 2023), FLUX.1 (Labs et al.,
2025) and video generation from textual prompts
SORA (Brooks et al., 2024), Stable Video Diffu-
sion (Blattmann et al., 2023) and Veo 2 (Sharma
et al., 2024). Within this broader landscape, one
promising and rapidly growing application is Story
Visualization, which focuses on generating coher-
ent sequences of visual scenes based on sequences
of storylines. This task holds immense potential
across fields such as education, animation and con-
tent creation. However, current story visualization
models are predominantly advanced in English,
with their capabilities in multilingual settings re-
maining largely unexplored.

Stories are often connected with the culture and
geography they represent, serving as reflections



of the traditions, values and identities of specific
communities (Bruner, 2010). Despite this, current
story visualization models (Zhou et al., 2024; Mao
et al., 2024; Yang et al., 2024; Zheng and Fu, 2024)
generate sequences of images without adequately
considering cultural dimensions, produces visuals
that lack authenticity and cultural fidelity. This is
critical in multilingual settings, where distinct lin-
guistic backgrounds carry unique cultural nuances
as shown in Figure 1. Addressing these aspects re-
mains underexplored, leaving a gap in meaningful,
accurate multilingual story visualization.

Building on this, we systematically conducted a
multicultural analysis of story visualization across
three languages English, Chinese and Hindi on the
animated story dataset FlintstonesSV (Gupta et al.,
2018) and the real world story dataset VIST (Huang
et al., 2016), with five multilingual text-to-image
generation models. To enable an in-depth evalua-
tion of story visualization we propose five story
visualization evaluation metrics such as Cohesion,
Cultural Appropriateness, Object Presence, Visual
Aesthetics and Semantic Consistency, which are
not captured by existing evaluation methods like
FID (Heusel et al., 2017) and CLIP (Radford et al.,
2021). FID and CLIP metrics focus only on image-
to-image or image-to-text, whereas our proposed
metrics are designed for the evaluation of story vi-
sualization in regard to text-to-image sequences
and cultural aspects. To more rigorously assess
cultural aspects, we introduce the Progressive Mul-
ticulture Evaluation Framework, which provides a
deeper evaluation of cultural fidelity in generated
stories. Since human evaluation of proposed met-
rics at large scale is time-consuming and costly, we
utilize the MLLM-as-Jury Evaluation Framework.
This framework uses three Multimodal Large Lan-
guage Model (MLLM) as judges. The final rating
for a story sample is determined by aggregating the
ratings from the three judge models.

To perform the multicultural analysis of story vi-
sualization in multilingual settings, we formulated
the following research questions:

RQ 1: How does the visualization of the same
story varies across different languages?

RQ 2: How does story visualization adapt to
different cultures?

Our contributions are as follows:

* Exploration of Cultural Aspects: We con-
ducted a comprehensive study of the cultural
dimensions of story visualization in a multi-

lingual setting.

* Proposed Story Visualization Met-
rics: We propose five evaluation met-

rics: Cohesion, Visual Aesthetics,
Cultural Appropriateness, Object
Presence, Semantic Consistency tai-

lored to capture the unique characteristics of
story visualization, addressing gaps left by
traditional evaluation metrics like FID and
CLIP.

* Progressive Multicultural Evaluation
Framework: This framework enables in-
depth evaluation of culture by incorporating
culture relevant focus-points and illustrative
examples during the evaluation process.

* MLLM-as-Jury Evaluation Framework:
We introduce the MLLM-as-Jury Evaluation
Framework to enable large-scale, automated
evaluation of story aspects using Expert Role-
specific evaluation prompts.

* Multicultural Analysis on Animated and
Real Stories: We analyzed story visualization
on open-ended real-world story and animated
story datasets.

2 Related Work

2.1 Story Visualization

Recent advancements in story visualization have
improved narrative consistency through several
dataset-specific training approaches. These in-
clude models such as Make-A-Story (Rahman
et al., 2023), StoryGPT-V (Shen and Elhoseiny,
2023), ARLDM (Pan et al., 2024), and Tempo-
ralStory (Zheng and Fu, 2024). Other work ex-
plores long-story visualization (Yang et al., 2024)
and training-free approaches like StoryDiffusion
(Zhou et al., 2024) and StoryAdapter (Mao et al.,
2024). However, these methods focus on English
scene descriptions and overlook the cultural dimen-
sion in story visualization. To address this gap, we
conducted a multicultural analysis of story visual-
ization in multilingual contexts using multilingual
text-to-image models.

2.2 Multicultural Analysis of VLMs and
Text-to-Image Models

Recent research has increasingly examined cultural
aspects across large language models (LLMs), vi-
sion—language models (VLMs), and text-to-image



(T2I) systems. Adilazuarda et al. (2024) highlights
gaps in cultural modelling within LLMs, while
Liu et al. (2023) and Ventura et al. (2024) demon-
strate cultural inconsistencies in T2I generation
and propose methods to adjust outputs accord-
ing to cultural perspectives. Khanuja et al. (2024)
propose an approach to directly align generated
images with target cultural contexts. In the vi-
sual question answering domain, the CVQA and
CULTUREVQA datasets show that VLMs perform
poorly on culture-centric questions (Romero et al.,
2024; Nayak et al., 2024), and other studies fur-
ther assess cultural sensitivity in VLMs (Bhatia
et al., 2024; Yadav et al., 2025; Liu et al., 2025).
Bayramli et al. (2025) report that generated images
can reinforce stereotypes or misrepresent cultural
elements, while Bhalerao et al. (2025) proposes a
multi-agent framework to produce culturally rele-
vant imagery. In contrast to these works, our work
focuses on a detailed multicultural analysis of story
visualization using text-to-image models, aiming to
uncover how cultural nuances specifically influence
narrative visual generation across languages.

2.3 MLLM-as-Judge Models

Recent work in automatic evaluation has adopted
the LLM-as-Judge paradigm, using LLMs to assess
generated outputs in domain-specific tasks (Zhu
et al., 2023; Kocmi and Federmann, 2023; Chiang
and Lee, 2023) while (Verga et al., 2024) proposed
LLM-as-Jury by aggregating judge scores from dis-
tinct families of judge models to reduce bias of
single judge LLM. (Chen et al., 2024) extended the
LILM-as-Judge approaches to the multimodal case,
applying pairwise and batch-wise ranking across
diverse datasets. However, single MLLMs-as-judge
still exhibit biases in their scores. Furthermore,
(Lee et al., 2024) observed that MLLMs acting as
judges occasionally assign disproportionately high
scores, exacerbating the bias. To overcome these
issues, we extend LLM-as-Judge to LLM-as-Jury
in our evaluation of multicultural story visualiza-
tion. we adopt an MLLM-as-Jury framework that
aggregates judgments from three different fami-
lies of MLLM judges, reducing individual bias and
enhancing robustness of the evaluation process.

3 Methodology

3.1 Story Translation

To support multilingual story visualization, each
(English)

story narrative s; , originally written in En-

glish, is translated to Hindi and Chinese as shown
in stage 1 of Figure 2, using the NLLB-200 (Team
et al., 2022) translation model. This results in a
multilingual set of narratives sl(-z) for each language
¢ € £ = {English, Hindi, Chinese}. These trans-
lated narratives serve as inputs for the subsequent
multilingual T2I generation. A detailed analysis
of the translation quality, including reference-free
COMET-QE (Rei et al., 2020) scores for both

datasets, is provided in Appendix A.1.

3.2 Story Visualization using Multilingual T2I
Models

As shown in stage 2 of Figure 2, Let M denote

a multilingual T2I model. We generate the im-
(0

age corresponding to each narrative s;’ in lan-

guage / independently' using the function I i(g) =
F(M $9 1, «y) forall £ € L, where T is the num-

< )

ber of denoising steps and + is the guidance scale.

3.3 Proposed Story Visualization Evaluation
Metrics

To evaluate the quality of the generated text-to-
image sequences, which are not captured by exist-
ing metrics FID and CLIP, we propose two types
of evaluation metrics: (1) Sequential Scene Evalu-
ation and (2) Individual Scene Evaluation.

* Sequential Scene Evaluation:

— Cultural Appropriateness: Measures
how accurately the generated visuals rep-
resent the cultural styles, symbols and
contexts described in the scene captions
over the full story.

— Cohesion: Measures the coherence of vi-
sual elements across all scenes in a story,
ensuring smooth transitions and logical
relationships between scenes.

— Visual Aesthetics: Evaluates the overall
appeal of the visuals in terms of clarity,
color, and sharpness over the full story.

¢ Individual Scene Evaluation:

— Object Presence: Evaluates the inclu-
sion of all essential objects mentioned in
the captions for each scene.

'We generated each scene independently due to unavail-
ability of multilingual story visualization models and our pri-
mary objective is to analyze culture rather than cross-scene
consistency.
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Evaluate the cultural appropriateness across the entire story.
What is Cultural Appropriateness? It measures how accurately the generated visuals represent the F’""’"
cultural styles, symbols, and contexts described in the scene captions across the entire story. Rﬂfmg

Rating Scale: 5 — Perfect, 4 — Minor Issues, 3 — Major Issues, 2 — Significant Issues, 1 — Rubbish

Return the Rating based on the provided rating scale and explain the Reasoning behind the given rating. Aggregat:on
Follow the given format to return a rating. single rating number (5, 4, 3, 2, or 1) enclosed in parentheses. Judge Judge MLLM Function
Reasoning: MLLMs Ratin, (Mean)

Figure 2: Three-stage framework for multicultural analysis of story visualization using text-to-image models.

— Semantic Consistency: Assesses how
well the visual content aligns with the
semantic meaning and details provided
in the text descriptions for each scene.

Sequential evaluation metrics assess the entire
story by considering all image-narrative pairs and
assigning a single score (1-5) for overall quality.
In contrast, individual scene metrics evaluate each
pair independently, yielding five separate scores
per story. We then take an average of five scores
as the final score. Rating Scheme: 5 — Perfect, 4
— Minor Issues, 3 — Major Issues, 2 — Significant
Issues, 1 — Rubbish.

3.4 Progressive Multiculture Evaluation
Framework

To perform a detailed evaluation of cultural aspects
in generated story images, this framework incre-
mentally enriches the cultural evaluation criteria
across three levels:

* Version 1 (V1): Culture Definition (C) - eval-
uates culture appropriateness based on the just
definition.

* Version 2 (V2): Culture Definition (C) + Fo-
cus Points (F) - introduces specific cultural
dimensions to pay attention to during the eval-
uation.

Focus Points (F): Background Objects, Fa-
cial Features, Infrastructures, Apparel

* Version 3 (V3): Culture Definition (C) + Fo-
cus Points (F) + Illustrative Examples (&)
- provides concrete examples for each focus
point to guide consistent and precise assess-
ment.

Illustrative Examples (&)

1. Background Objects: Assess whether the
depicted objects represent the target culture
setting described in the scenes, focusing on
nearby objects, furniture, decorations and
other contextual details.

2. Character’s Facial Features: Evaluate
whether the facial structures align with the
diverse traits commonly found in the target
culture. Avoid assumptions about stereotypi-
cal features.

3. Infrastructures: Consider whether the set-
tings, such as architectural elements, are ap-
propriate for the target culture.

4. Apparel: Assess whether the clothing
aligns with traditional or contemporary styles
representative of the Appropriate culture.

Formally, let S = {si,s2,...,s,} denote the
set of n generated story samples. Each story s; is
evaluated using a progressively detailed evaluation
mapping E,(s;), where v € {1,2,3} represents
the evaluation version:

Ei(si) = g(si | C)
Ea(si) = g(si | C, F)
E3(s;) = g(si | C, F,E)



The goal of this progressive structure is to evalu-
ate whether richer prompts lead to more accurate
and rigorous culture assessments of the generated
story content.

3.5 MLLM-as-Jury Evaluation Framework

To enable large-scale, automatic assessment of
story visualization metrics, we propose a MLLM-
as-Jury evaluation framework that leverages Ex-
pert Role-specific prompting® shown in stage 3
of Figure 2. Each story is represented as a se-
quence of narrative and scene image pairs, S =
{(n1,11), (n2,42), ..., (nr,ir)}, where n; is the
narrative and i, is the generated image from mul-
tilingual T2I models for the t™ scene. An Ex-
pert Role-specific prompt P fed to three different
MLLM judge models:

Mi = JGeminis

MQ = JQwena M?) = JMaya-

Each judge model produces a rating for the par-
ticular evaluation metric, denoted 1 = M (P),
rg = Ma(P) and r3 = M3(P). The final rat-
ing is computed by a mean aggregation function
over the three judges’ ratings given by Ryreq =
s(ri+r2+r3).

We used the mean as an aggregation function
rather than the median because the median removes
extreme scores, which can unintentionally over-
weight a single model’s behavior. We focus here on
integrating different judge models’ complementary
perspectives to mitigate overall bias in assessment.

The three models were selected for their com-
plementary multimodal and multilingual strengths.
Gemini-Pro 2.0 is strong in multimodal multi-
lingual reasoning, while Qwen2.5-VL (Bai et al.,
2025) excels at image understanding and multilin-
gual instruction-following, and Maya (Alam et al.,
2024) performs well in multilingual and culturally
sensitive tasks.

3.6 Human Evaluation Process

To assess the quality and cultural relevance of gen-
erated story images, we conducted a human evalua-
tion with native English, Chinese, and Hindi speak-
ers. Three fluent native speakers per language (a
total of nine) volunteered from the research com-
munity. Their linguistic and cultural backgrounds
ensured reliable evaluation. Five male and four
female evaluators participated, offering diverse

MLLM-as-Jury evaluation prompts are given in the Ap-
pendix.

perspectives. Each received 25 randomly selected
story samples, consisting of five sequences of (im-
age, caption) pairs spanning different models and
datasets. Evaluation followed the Sequential and In-
dividual Scene criteria. In addition to ratings, eval-
uators provided qualitative feedback, supporting a
nuanced analysis of visual and cultural effective-
ness in multilingual story generation. Further de-
tails on agreement scores and evaluation guidelines
are provided in Appendix A.2.

4 Experiments

4.1 Choices of Language and Datasets

To analyze the cultural aspects of story visualiza-
tion, we selected three languages: English (origi-
nal language of the datasets used), Hindi and Chi-
nese. These choices were guided by several fac-
tors, like representation of distinct geographical
and cultural regions, the availability of high-quality
translation models, compatibility of MLLM used
in the MLLM-as-Jury framework and accessibility
of annotators for human evaluation.

We analyze story visualization across cultural
contexts with two datasets: VIST (real-world) and
FlintstonesSV (animated). We performed exper-
iments on randomly sampled 500 stories from
each dataset, where each story has 5 (image, cap-
tion) pairs. VIST (Huang et al., 2016) features
photo sequences from Flickr albums of every-
day events, consisting of 50,000 stories and Flint-
stonesSV (Gupta et al., 2018), based on the classic
animated series "The Flintstones", includes over
24,000 image-caption pairs focused on seven main
characters in varied scenes.

4.2 Multilingual Text-to-Image Models

To generate story images from scene narratives
in different languages, we use the multilingual
T2I diffusion model MuLan? (Xing et al., 2024).
We use three MuLan variants: 1) SD1v5, 2) SD2v1
and 3) SDXL, representing progressively diverse
open-source stable diffusion versions along with
two closed-source models, 4) GPT-40 and 5)
Gemini-Flash 2.5, known for their strong image
generation capability across languages.

5 Results

MLILM-as-Jury results on Test set: As shown in
Table 1, SDXL consistently outperforms SD2v1

3Model Configuration for all experiments is provided in
the Appendix



Models Cultural Appr. (V3) T  Visual Aesthetics Cohesion 1 Semantic Consistency T  Object Presence T

English Hindi Chinese English Hindi Chinese English Hindi Chinese English Hindi Chinese English Hindi Chinese
FlintstonesSV
MuLan SD2v1 3.84 3.18 3.09 3.79 3.73 3.76 3.31 3.11 3.33 4.02 3.46 3.89 4.46 4.05 4.47
MuLan SD1v5 3.86 3.21 3.16 3.86 3.76 3.84 3.35 3.19 3.35 4.09 3.58 3.83 4.46 4.15 4.44
MuLan SDXL 3.87 3.40 3.18 4.05 3.97 4.01 3.35 3.19 343 4.15 3.72 4.05 4.50 4.20 4.52
VIST
MuLan SD2v1 3.94 3.45 3.49 3.96 3.84 3.94 3.70 3.39 3.46 4.29 3.83 3.76 4.57 4.46 4.45
MuLan SD1v5 4.03 3.82 3.90 4.02 3.89 4.06 3.81 3.51 3.59 4.37 4.02 3.96 4.59 4.45 4.49
MuLan SDXL 4.12 3.89 3.95 4.16 4.03 4.13 3.90 3.58 3.69 4.46 4.18 4.16 4.65 4.56 4.59

Table 1: Results of MLLM-as-Jury across three different models on 500 test samples on two datasets across multiple
evaluation metrics and languages with score range (1-5).

and SD1v5 across all metrics, languages, and
datasets. Scores are generally higher on VIST than
on FlintstonesSYV, for all three languages, indicat-
ing that models handle real-world content better
than animated scenes. English receives the highest
scores overall, while Chinese and Hindi lag behind,
with Hindi performing the lowest in Cohesion and
Cultural Appropriateness.

Table 2 shows that, when averaged across all
metrics, English again achieves the highest scores
across datasets and models. Gemini leads in human
evaluations, followed by GPT-40, while MuLan
models perform poorly in Hindi. VIST continues
to outperform FlintstonesSV for English and Hindi,
whereas Chinese results are less consistent. In the
MLLM-as-Jury evaluation, MuLan SDXL outper-
forms the other two open-source models. While En-
glish shows higher results than Hindi and Chinese,
the VIST dataset yields higher scores than Flint-
stonesSV across all three languages. The MLLM-
as-Jury ablation study results are provided in Ap-
pendix Section A.3.

Models FlintstonesSV

English Hindi Chinese English

VIST
Hindi

Chinese

Human Evaluation 1
MuLan SD2v1 2.88 235 2.72 3.28 2.58 2.82
MuLan SD1v5 2.85 2.50 2.73 3.12 2.76 2.51
MuLan SDXL 3.01 222 3.03 3.16 2.70 2.95
GPT-40 3.74 2.89 335 4.00 3.99 3.88
Gemini Pro 2.5 4.33 3.53 3.64 4.19 4.18 4.22

MLLM-as-Jury Evaluation 1
MuLan SD2v1 3.97 3.52 3.72 4.17 3.85 3.87
MuLan SD1v5 4.01 3.58 3.73 423 3.92 4.02
MuLan SDXL 4.08 3.69 3.84 4.32 4.06 4.12

Table 2: Average scores across metrics from Human
Evaluation (top) and MLLM-as-Jury Evaluation (bot-
tom), spanning models, languages and datasets with
score range (1-5).

Human Evaluation Results: Figure 3 illustrates
that English scores are high in FlintstonesSV, espe-
cially for GPT-40 and Gemini. Open-source models
perform poorly, except SDXL in Cultural Appro-
priateness. Hindi scores drop, with only Gemini

scoring well in Object Presence and Semantic Con-
sistency. Chinese results vary: Gemini scores low
in Cohesion, where GPT-4o0 leads. In VIST, similar
trends hold: English scores highest, Hindi improves
slightly and Chinese results are better. GPT-40 and
Gemini lead, while SD1v5 and SDXL show mod-
erate performance. Closed-source models perform
best across five metrics, while VIST results outper-
form FlintstonesSV.

hinese
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Visual Object
Aesthetics Presence

Visual Object
Aesthetics Presence/

Semantic
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Semantic
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Semantic

Cohesion Consistency

Cohesion
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Cohesion Consistency
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Figure 3: Human evaluation results across datasets, lan-
guages and evaluation metrics.

CLIP/FID Metrics Results: As shown in Table 5
(see Appendix), CLIP and FID scores are reported
for story images generated by three open-source
multilingual text-to-image models. FlintstonesSV
outputs achieve higher CLIP scores than VIST, in-
dicating better alignment with scene descriptions
due to its consistent generation of animated vi-
sual structure, while VIST’s open-ended real-world
scenes result in more diverse generations. In con-
trast, FlintstonesSV shows higher FID distances
from ground-truth animated scenes, likely due to
stylistic and texture variations, whereas VIST im-
ages are closer in distribution to real-world refer-
ences. Overall, English performs best across both
metrics, followed by Hindi and Chinese for CLIP,
and Chinese and Hindi for FID. The conflicting
trends highlight that CLIP and FID capture differ-



ent aspects of quality, making it difficult to rely
solely on either metric for final evaluation.
Progressive Multiculture Evaluation Results:
Figure 4 shows cultural appropriateness scores
across three levels. For English, V1 scores highest
over all models while decreasing its performance
with V2 and V3, showing stricter judgments in
evaluation with added focus points and illustra-
tive examples. For Chinese and Hindi, scores re-
main stable between V1 to V3, indicating that the
added structure has minimal impact because of
the underlying Judge models’ limited capability to
evaluate cultural aspects in these languages by en-
riching prompts. Model SDXL outperforms SD2v1
and SD1v5 on both datasets, while overall scores
high on VIST compared to FlintstonesSV, showing
generated story adapts culture better in real-world
dataset.

V1 v2 V3

FlintstonesSV VIST

Culture Score
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Figure 4: Progressive Culture evaluation scores by
MLLM-as-Jury across three levels on FlintstonesSV
and VIST datasets.
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Figure 5: Correlation between Human and MLLM-as-
Jury evaluation on FlintstonesSV and VIST datasets

Correlation between Human and MLLM-as-
Jury Evaluation: Figure 5 shows Spearman Rank
Correlation between Human and MLLM-as-Jury
evaluation. In FlintstonesSV, the MLLM-as-Jury
evaluation aligns moderately with human evalua-
tion across all languages and models. This is be-
cause FlintstonesSV features cartoon-based, fixed

characters and repetitive story settings (e.g., cave,
car, room, backyard). In contrast, VIST exhibits
a lower correlation across languages and models,
as it contains open-ended stories where scenes
vary widely, and each story introduces new peo-
ple, places, activities, ceremonies, and relation-
ships. As shown in Figure 14 (see Appendix),
the rating distribution of MLLM-as-Jury on VIST
tends to produce higher scores compared to Flint-
stonesSV, where ratings are more dispersed and bet-
ter aligned with human evaluations. The lower vari-
ance in MLLM-as-Jury ratings on VIST leads to a
reduced Spearman correlation with human assess-
ments. Overall, this analysis indicates that while
MLLM-as-Jury can approximate human judgment
effectively in simple, structured tasks, it tends to
overestimate scores in complex or open-ended sce-
narios, making it a dataset-dependent automatic
evaluation method.

6 Discussion

In this section, we address the two research ques-
tions focusing visualisation of the same story in
different languages and cultural adaptation.
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Figure 6: Visualization of the same story in different
languages generated by MuLan-SDXL model.

RQ1: How does the visualization of the same
story vary across different languages? As we can
see from Figure 6, the generated image sequences
across different languages reveal various cultural
elements including hairstyles, facial features and
apparel. In scene 1, for a family get-together, in Chi-
nese, the food appears as traditional Chinese cui-
sine, whereas in the English setting, a cake-cutting
and in Hindi, it is a casual get-together. These exam-
ples show that the same model generates culturally
different visuals across different languages. Addi-
tionally, the concept of “success” is represented
differently across languages: in Hindi, it is shown
as an individual achievement, in Chinese as a joint
success with a partner, while in English, a collec-
tive family success.

Figure 13 (see Appendix) compares visualiza-



tions of the same story generated by different mod-
els in the same language. For the Chinese story on
the left (a visit to a craft fair from VIST), open
models such as SD1v5, SDXL, and SD2v1 retain
strong cultural cues such as traditional clothing,
facial features, food items, shop signs, and callig-
raphy. GPT-40 preserves some Chinese elements
only in Scenes 3 and 5, and Gemini-Pro does so
mainly in Scenes 2 and 5. The remaining scenes
resemble Western settings. For the Hindi story on
the right (Wilma and Fred talking indoors from
FlintstoneSV), only SDXL introduces partial In-
dian cues, though even there the characters and
environments remain largely Westernized. Across
the other models, traditional Indian attire, features,
and household settings are mostly absent, showing
a clear bias toward Western visual culture.

Table 1 and Figure 3 show that models gen-
erate more culturally appropriate visual stories
for real-world narratives in VIST than for ani-
mated stories in FlintstonesSV. VIST’s open-ended
structure gives models flexibility to adapt cultural
cues across languages, whereas FlintstonesSV is
anchored to Western character identities (Fred,
Wilma, Betty, Barney). As also seen in Figure 13
for Hindi outputs, these fixed references restrict
the models’ ability to produce culturally aligned
visuals, making animated datasets inherently less
adaptable than real-world ones.

[Engﬁsh; Today Jim and | got to watch the kids karate recital.. ]

Chinese: 5 R RMEIBE T BF NS FUMEL Bl
Ee Y Al

Mutan-sDXL. ) | a

3

\

English: All of the bridesmaids were excited for the happy couple
Hindi: &t sTegwie g1 ot & g geafea &1

[English: The family all gathered around for dinner:

Chinese: i1V 5 RIBRNEN TS
MuLan-spzvi  (fg)

English: Mom shares her recipes with the daughter in law in the kitchen.
Hindi: 51 22 & sroeft g 3 wme e 2R wren vl 1

MuLan-spXL  (2q)

Figure 7: Model outputs demonstrating cultural adapta-
tion

RQ2: How does story visualization adapt to
different cultures? From our multicultural analy-
sis, we found that current models generate West-
ern cultural elements most accurately, while their
adaptation of Chinese and Hindi cultures is moder-
ate and low, respectively. For example, in Figure 7,
Ex1: the story scene in Chinese about karate adapts
to Chinese karate clothes. Ex2: The story scene in
Hindi about a wedding, where the scene adapts to
an Indian wedding with culturally relevant ’saari’

dresses for the bride and bridesmaids. Ex3: The
story scene in Chinese about a family dinner, where
the scene adapts to Chinese food with a traditional
light bulb. Ex4: The story scene in Hindi about a
mother sharing a recipe with her daughter-in-law in
the kitchen. The scene adapts to Indian food, steel
utensils, and Indian clothes. These examples show
a minimal level of cultural adaptation by default
in multilingual T2I models. This analysis further
underscores the need to develop more culturally
grounded story visualization models.

7 Culture Error Analysis

We identified several errors during the evaluation of
cultural aspects in the generated stories. Figure 11
(see Appendix) shows a Hindi story depicting a
family vacation with friends. In Scene 1, the ab-
sence of footwear, while Scene 4 exhibits Western
attire, shows a misrepresentation of Indian culture.
Similarly, Figure 12 (see Appendix) presents an
example from a Chinese story about families en-
joying a game together. In Scene 2, the flag closely
resembles the American flag. In Scene 4, the male
character’s exaggerated height over the woman and
the girl reflects a stereotypical “dominant male”
portrayal, which is inconsistent with typical Chi-
nese family depictions. Scene 5 further displays
characters with narrowed eyes and nearly identical
facial expressions, signalling culturally inappropri-
ate and stereotyped visuals.

8 Conclusion

We studied the multicultural analysis of story vi-
sualization on real-world and animated datasets.
Our study reveals that current multilingual T2I
models exhibit a strong bias towards Western cul-
ture. Human and MLLM-as-Jury evaluation show
that models generate high culturally appropriate
stories in English, moderate in Chinese and low
for Hindi. More specifically, on a real-world story
dataset, models generate better culturally relevant
stories compared to an animated dataset. Our Pro-
gressive Cultural Evaluation framework shows that
providing cultural focus points and illustrative ex-
amples helps to evaluate detailed cultural aspects
in English. However, for Chinese and Hindi, not
much benefit is observed, reflecting the underlying
Judge models’ limited ability to accurately identify
cultural aspects in different languages. MLLM-as-
Jury evaluation results approximate human judg-
ment with higher correlation on the FlintstonesSV



dataset than on the open-ended story dataset VIST.
These findings highlight the need to develop cultur-
ally grounded story visualization approaches that
faithfully represent diverse cultures and languages.

Limitations

This work has several limitations. 1) For multilin-
gual story visualization, we generate each scene
independently using multilingual T2I models, as
our primary focus is on the cultural aspects of each
scene rather than the narrative coherence across
scenes. 2) The scope of multicultural analysis in
this study is limited to three languages: English,
Chinese and Hindi. We plan to expand this analy-
sis in future work by incorporating a more diverse
set of languages and cultures. 3) While this work
focuses on analyzing cultural aspects, our future ef-
forts will address these discrepancies by developing
culturally grounded methods that adapt generated
stories to the target culture.
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A Appendix

This appendix details the translation details, hu-
man evaluation process with examples, culture er-
ror analysis, MLLM-as-Jury ablation study, Human
and MLLM-as-Jury correlation details, experimen-
tal setup details, and prompts utilized within the
MLLM-as-Jury evaluation framework.

A.1 Reference Free Translation

This section presents reference-free translation
quality scores computed using COMET-QE*, a
quality estimation model for machine translation.
We evaluate English—Chinese and English—Hindi
translations generated by the NLLB-200 model

*https://github.com/Unbabel/COMET
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on both the VIST and FlintstonesSV datasets.
COMET-QE allows us to estimate translation qual-
ity without requiring gold-standard reference trans-
lations. The scores reported here provide a reli-
able, model-based approximation of fluency and
adequacy in the translated outputs, supporting sys-
tematic comparison across languages and datasets.
As shown in Table 3, VIST consistently achieves
higher COMET-QE scores than FlintstonesSV for
both translation directions, with the average scores
indicating slightly stronger performance for En-
glish—Chinese compared to English—Hindi.

Dataset Eng -> Hindi (1) Eng -> Chinese (1)
FlintstonesSV 0.4537 0.3902
VIST 0.8224 0.7432
Average 0.5667 0.6380

Table 3: Reference-free COMET-QE translation qual-
ity scores for the NLLB-200 model on the VIST
and FlintstonesSV datasets for English—Hindi and En-
glish—Chinese translation.

A.2 Human Evaluation

We conducted a human evaluation on ran-
dom samples. 25 test samples spanned over
5 models and 2 datasets with three evalu-
ators per language: English, Hindi and Chi-
nese. The evaluation focused on five key
metrics: Cultural Appropriateness, Visual
Aesthetics, Cohesion, Semantic Consistency
and Object Presence. Given the subjective na-
ture of these metrics, inter-rater agreement was
measured by weighted Cohen’s x scores shown
in Table 4 were generally low to moderate across
languages, which is typical for nuanced human
judgment tasks.

Sequential metrics such as Cultural Appropriate-
ness, Visual Aesthetics and Cohesion were rated
with a single score over the entire story, which con-
tributed to lower agreement among annotators due
to their subjective nature. In contrast, individual
scene metrics like Semantic Consistency and Ob-
ject Presence were evaluated separately for each
scene, leading to higher inter-annotator agreement
as this more granular approach reduces ambigu-
ity and improves consistency. Figures 8§, 9, and 10
show examples of human evaluation results for the
same story across three sequential and two individ-
ual scene evaluation metrics in English, Hindi, and
Chinese, respectively.
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Metric English (x) Hindi (x) Chinese (x)
Cultural Appropriateness  0.239 0.262 0.164
Visual Aesthetics 0.143 0.263 0.118
Cohesion 0.257 0.231 0.280
Semantic Consistency 0.551 0.610 0.422
Object Presence 0.525 0.605 0.340

Table 4: Weighted Cohen’s k scores for each evaluation
metric across English, Hindi and Chinese.

Our goal was to capture a broad spectrum of
expert opinions rather than enforce consensus, so
we do not emphasize inter-rater reliability but in-
stead present aggregated expert ratings across all
metrics (see Figure 3 in the main paper). All evalu-
ators were volunteers with relevant academic back-
grounds and received a detailed briefing on rating
guidelines to promote a consistent understanding
of the evaluation metrics across languages.

Models CLIP 1 FID |
English Hindi Chinese English Hindi Chinese
FlintstonesSV
MuLan SD2v1 29.18 25.73 27.54 21623 230.63  236.97
MuLan SD1v5 28.71 26.32 27.18 251.07 252.19 25931
MuLan SDXL 27.94 25.50 27.31 239.52 24231  250.70
Average 28.61 25.85 27.34 235.61 24231 250.70
VIST

MuLan SD2vl 25.62 23.95 2422 86.21 94.11 103.95
MuLan SD1v5 25.77 24.05 24.03 87.42 97.41 113.27
MuLan SDXL 2582  23.88 24.51 89.23  93.61 96.82
Average 2574  23.96 24.25 87.62 9504  104.68

Table 5: Results of CLIP and FID score on story gener-
ated on VIST and FlintstonesSV datasets

English Story Narratives

1) When | arrived | saw a great booth with a variety of great crafts.

2) | was so excited to be heading to the crafts fair.

3) | stopped at chatted at my friend Beth's booth for a bit.

4) There were even booths set up for all of the kids.

5) | found some awesome crafts at the fair, I'm really happy that | went.

Metric Evaluation Type

Cultural Sequential 4
Appropriateness

Visual Aesthetics Sequential 3
Cohesion Sequential 3

44434
43433

Semantic Consistency Individual Scene

Object Presence Individual Scene

Figure 8: An example of human evaluation results for
an English story across five evaluation metrics.

A.3 MLLM-as-Jury Ablation Study

This section compares the single-judge models with
the jury method to examine how individual judges
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Translated Hindi Story Narratives

1) & seaTed of BIed A # o W1 § == F Fw
2) & aﬁq@mﬁﬁﬁwmmwmﬁwmm%mﬁwm
3)#mmw$@wwwﬁmwﬁ¢ﬁaﬁwﬁm

Metric

Evaluation Type

Cultural Sequential 3
Appropriateness

Visual Aesthetics Sequential 3
Cohesion Sequential 2

Semantic Consistency Individual Scene

Object Presence Individual Scene

Figure 9: An example of human evaluation results for a
Hindi story across five evaluation metrics.

Translated Chinese Story Narratives

ARESHESINFLZH/RS.

HE! ‘J*’\Eu

BT RIS AR R RA—= )L
BT MEZNEANRE T
RERS LN T —LERENTIZ 0,

1)
2)
3)
4)
5)

Metric Evaluation Type

Cultural Sequential 3
Appropriateness

Visual Aesthetics Sequential 3
Cohesion Sequential 2

Semantic Consistency Individual Scene

Object Presence Individual Scene

Figure 10: An example of human evaluation results for
a Chinese story across five evaluation metrics.

contribute across languages, metrics, and datasets.
For Semantic Consistency in Figure 17 and Object
Presence in Figure 18 show that single-judge scores
and jury scores are largely aligned across all lan-
guages. For Cohesion, Figure 19 shows that Gemini
consistently assigns lower scores than Maya and
Qwen across all languages, particularly on Flint-
stonesSV compared to VIST. The jury method mit-
igates this bias by averaging the judges’ outputs.
For Visual Aesthetics, Gemini again scores moder-
ately lower than Qwen and Maya, though the gap
is smaller than in the Cohesion metric, as seen in
Figure 20.

A different pattern emerges for Cultural Appro-
priateness (Figures 21, 22, and 23). Gemini assigns
the lowest scores on Hindi and Chinese, indicating
weak cultural fidelity in these languages in gen-
erated stories, and FlintstonesSV receives consis-
tently lower scores than VIST, showing real-world
story adapts to culture more than animated ones.
As prompt complexity increases from V1 to V2 and



i i Translated Hindi Story Narratives
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1 English Story Narratives
11) The family went on vacation

12) A group of friends haveing lunch
13) Jon and Jal to go bouting.
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15) Atthe end of the

.
.
4
!
!
.
1

|
.

Figure 11: Hindi Error Analysis on the Visualization
of the same story in different languages generated by
MuLan-SDXL model depicted with orange boxes.
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1 English Story Narratives t Translated Chinese Story Narratives ’
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Figure 12: Chinese Error Analysis on the Visualization
of the same story in different languages generated by
MuLan-SDXL model depicted with orange boxes.

from V2 to V3, the scores of Gemini and Qwen
decrease, indicating that the added cultural focus
points and illustrative examples enforce a stricter
evaluation of cultural aspects. In contrast, Maya’s
scores remain largely stable. For English, Gemini’s
scores are higher than for Hindi and Chinese. Over-
all, Maya assigns substantially higher scores than
the other two judges at V2 and V3, especially on
VIST. The jury method reduces this imbalance by
averaging the three judges’ scores, though some
outlier influence persists on VIST, as reflected in
the rating distribution shown in Figure 14. Over-
all, across all metrics, the MLLM-as-Jury approach
provides a more stable and reliable automatic eval-
uation for rubric-based story visualization by re-
ducing individual model bias and leveraging com-
plementary judging capabilities. Figure 15 shows
a schematic representation of the MLLM-as-Jury
evaluation on Cultural Appropriateness V3 in Chi-
nese using the three MLLMs.

A.4 Prompts used in MLLM-as-Jury
Evaluation

This section presents the prompts used in our
MLLM-as-Jury evaluation framework. Figure 24
shows the prompt for assessing semantic consis-
tency, which ensures logical alignment between
visual and textual content. Figure 25 contains the
prompt for evaluating object presence, verifying
whether the described entities appear in the image.
Visual aesthetics are evaluated using the prompt in
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Figure 26, which focuses on image quality and com-
position. Cohesion is assessed through the prompt
in Figure 27, which measures narrative flow and
continuity.

Our Progressive Multicultural Evaluation frame-
work enables culturally grounded assessment
through three prompt versions. Version 1 (V1) (Fig-
ure 28) introduces a culture definition that estab-
lishes the criteria for cultural representation. Ver-
sion 2 (V2) (Figure 29) extends this with focused
cultural aspects. Version 3 (V3) (Figure 30) fur-
ther refines the evaluation by adding illustrative
examples, providing concrete references that help
MLLMs produce more accurate and consistent cul-
tural judgments.

A.5 MLLM-as-Jury Models Configuration

In this section, we describe the configuration of our
MLLM-as-Jury evaluation framework, designed to
enable large-scale, automated assessment of vari-
ous story aspects. As introduced in the main paper,
this framework leverages three Multimodal Large
Language Models (MLLMs): Gemini Pro 2.9,
Qwen2.5-VL and Maya. Table 6 presents the config-
uration details and parameters used for each model.
Using diverse models in the evaluation process
makes the framework more robust, as it combines
different strengths and perspectives in assessing
story quality.

Parameter Gemini QwenVL Maya
Pro 2.0 2.5
Access Gemini GPU Infer- GPU Infer-
API ence ence
Max Tokens 512 512 512
Sampling False False False
Temperature 0 0 0
Prompt Custom Custom Custom
Seed 42 42 42
Hardware RTX RTX RTX
A6000 A6000 A6000
48GB GPU 48GB GPU 48GB GPU

Table 6: Inference configuration for Gemini Pro 2.0,
QwenVL 2.5 and Maya models.

A.6 Human vs MLLM-as-Jury Correlation

Figure 16 shows scatter plots comparing human
ratings with MLLM-as-Jury ratings for the Flint-
stonesSV and VIST datasets across three languages.
For FlintstonesSV, the spread of ratings lies mod-
erately along the diagonal, indicating a moderate
correlation with human evaluations, as also shown



2) I was 50 excited to be heading to the cral

15) RERS LANT —LRENFIZS

English Story Narratives
1) When I arrived | saw a great booth with a variety of great crafts.

fts fair.

3) I stopped at chatted at my friend Beth's booth for a bit.

4) There were even booths set up for all of the kids.

5) | found some awesome crafts at the fair, I'm really happy that | went.
Translated Chinese Story Narratives

REBMFIZERE. 2) BED—ME,

WHRBAR NLNRI—) L. 4) BFTRENFRE AR E T

and says something.

English Story Narratives
1) Wilma talking to Fred in a room. 2) Wilma talks to Fred with her hands on his back in the living room.
3) Wilma and Fred are in the room. Fred looks upset and says something. Wilma holds his shoulders

4) Fred and Wilma are standing in a room. Fred speaks while Wilma holds onto his shoulder.

5) A police officer in uniform with a long skinny nose is standing in a doorway talking to Wilma.
Translated Hindi Story Narratives

1) fre uer o 3 the @ are e et oft 1 2) Ry o w1 o e i i R Ty e St A el 81

3) e o the &t A §1 T werr et @ ok @ wgar &1 e 3ud ) uhsd @ ok 5@ wedt 81
4) f R e o e A w3 §) s dteren @ srafes Rrem S At st @1
5) Qe wielt vt A & Ay @ A e gfer orfteTdt e & ara awdt 5y xant # @ 81

Figure 13: Visualization of the same story generated by different models in the same language. Left: Chinese Right:

Hindi
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Figure 14: Rating distribution of Human and MLLM-as-Jury method across dataset and languages.

Parameter SDXL SD2v1 SD1v5
Multilingual MuLan MuLan MuLan
Adapter

Guidance Scale 7 7 7

Inference Steps 50 50 50
Framework Used Diffusers Diffusers Diffusers
Seed 12345 12345 12345
Hardware RTX A6000 RTX A6000 RTX A6000

48GB GPU 48GB GPU 48GB GPU

Table 7: Inference configuration for Text-to-Image mod-
els used: MuLan-SDXL, MuLan-SD2v1 and MuLan-
SD1v5

in Figure 5. In contrast, for VIST, the rating distri-
bution is more horizontally spread on the higher
side of the MLLM-as-Jury scores, with no clear
diagonal trend, resulting in very low correlation.
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This suggests that MLLM-as-Jury is less critical for
open-ended, contextually rich, and culturally nu-
anced scenes, often assigning higher scores. How-
ever, for simpler tasks with fixed settings, such
as FlintstonesSV, it evaluates more critically and
aligns more closely with human judgments. Over-
all, the results show that MLLM-as-Jury perfor-
mance is dataset-dependent and influenced by the
choice of underlying judge models.

A.7 Multilingual Text-to-Image Models

Configuration

This section provides the configuration details for
the multilingual text-to-image (T2I) models used to
generate story from scene-level narratives in vari-
ous languages. All models are based on the MuLan
framework, which uses language adapters to extend
English-centric diffusion models for multilingual



LN as JurylEvaluationiiy [Cultural Appropriateness V3 Prompt]

You are an expert in evaluating Cultural Appropriateness across different Languages and Cultures. You are given an image depicting a sequence of Chinese story scenes.

J,"{) The families were waiting in anticipation for their loved \\,
1) RENHH ANTFEHALE K. - onetoretun home.
2) NIEEZE NI AT LA 2) The unit got off the bus and were congratulated by their

fellow soldiers.
+ 3) ﬁjﬁ‘ﬁ/\gﬁﬁ,/\ + 3) The unit starts to file into the gym and see their families.
4) — 1R EHFE (L IE 7 [E 5. ! 4) A poster announcing what unit was returning home.
5) EAHIRIE T 255 B AIACH. | 5) The ision news came and p a story on the

', unit's homecoming.

Your task is to judge the Cultural Appropriateness of the given story. Evaluate the cultural appropriateness across the entire story.
What is Cultural Appropriateness? It measures how accurately the generated visuals represent the cultural styles, symbols, and contexts described in the scene captions
across the entire story.

Focus on evaluating the character’s facial structures, background objects, infrastructures and apparel during the evaluation of Chinese cultural aspect by analyzing the story

scene images.

1. Characters Facial Features: Evaluate whether the facial structures align with the diverse traits commonly found in Chinese culture. Avoid assumptions about stereotypical
features.

2. Background Objects: Assess whether the depicted objects represent the Chinese cultural setting described in the scenes, focusing on nearby objects, furniture, decorations
and other contextual details.

3. Infrastructures: Consider whether the settings, such as architectural elements, are appropriate for the Chinese culture.

4. Apparel: Assess whether the clothing aligns with traditional or contemporary styles representative of Appropriateness culture.

Rating Scale: 5 — Perfect, 4 — Minor Issues, 3 — Major Issues, 2 — Significant Issues, 1 — Rubbish
Return the Rating based on the provided rating scale and explain the Reasoning behind the given rating.
Follow the given format to return a rating. single rating number (5, 4, 3, 2, or 1) enclosed in parentheses.

Rating: 3

Reasoning: The image shows a mix of cultural elements that are not consistently Chinese. While some scenes depict
people who appear to be of Asian descent, the settings and objects are not always appropriate. For example, the gym SCene | we=sp-
and the scene with American flags do not align with a story focused solely on Chinese culture. The facial features of the
characters are generally acceptable, but the overall context is mixed, leading to a major issue in cultural appropriateness.

Rating: 4

Reasoning: The story depicts various scenes that seem to be set in a Chinese cultural context. The characters' facial

features appear to align with typical Chinese characteristics, avoiding stereotypical exaggerations. The background objects

and infrastructures, such as the gym equipment and urban cityscape, also seem to reflect a modern Chinese setting.

However, there are some minor issues:

. Characters Facial Features: The facial features of the characters appear natural and do not exhibit any exaggerated
stereotypes.

. Background Objects: The gym and urban environment are well-represented, but the specific gym equipment and urban % H
elements could be more distinctly Chinese if they were more recognizable to a Chinese audience.

. Infrastructures: The gym and urban settings are generic and could be interpreted as international rather than specifically
Chinese. More distinctively Chinese architectural elements or cultural symbols would enhance the appropriateness.

. Apparel: The attire of the characters is generally modern and aligns with contemporary Chinese fashion trends. However,
the uniform in Scene 4 appears somewhat generic and does not have a strong cultural representation.

Overall, the story captures a general Chinese cultural setting well, but there are slight improvements that could make it more

culturally authentic.

-

N

w

»

Rating: 5

Reasoning: The image shows a mix of cultural elements that are not consistently Chinese. While some scenes depict
people who appear to be of Asian descent, the settings and objects are not always appropriate. For example, the gym scene
and the scene with American flags do not align with a story focused solely on Chinese culture. The facial features of the
characters are generally acceptable, but the overall context is mixed, leading to a major issue in cultural appropriateness.

i MLLM-as-Jury
Rating

Judge MLLM
Rating

Figure 15: Schematic representation of the MLLM-as-Jury evaluation on Cultural Appropriateness V3 in Chinese
using three MLLMs: Gemini Pro 2, Qwen 2.5 VL, and Maya.

prompts. Three variants of MuLan-enabled Stable
Diffusion were used in our experiments: SD1v5,
SD2v1 and SDXL. These models differ in archi-
tecture and image resolution, enabling a range of
visual generation capabilities. Table 7 outlines the
inference configurations for each model, including
resolution, scheduler type and hardware settings.
The remaining two models, GPT-40 and Gemini-
Flash-2.0, were used with their default settings
through the chat interface.
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Figure 16: Scatter plot of ratings of Human and MLLM-as-Jury evalaution on FlintstonesSV and VIST datasets.
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Figure 17: Semantic Consistency Jury vs Judge Results
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Figure 18: Object Presence Jury vs Judge Results
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Figure 20: Visual Aesthetics Jury vs Judge Results
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Figure 21: Cultural Appropriateness V1 - Jury vs Judge Results
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Figure 22: Cultural Appropriateness V2 - Jury vs Judge Results
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Figure 23: Cultural Appropriateness V3 - Jury vs Judge Results
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Semantic Consistency Prompt

You are an expert in evaluating Semantic Consistency in Visual Stories.
You are given an image depicting a sequence of {language} story scenes.

{language} Story Scene Descriptions:

Scene 1: {scene_descriptions[0]}
Scene 2: {scene_descriptions[1]}
Scene 3: {scene_descriptions[2]}
Scene 4: {scene_descriptions[3]}
Scene 5: {scene_descriptions[4]}

Your task is to carefully check if scene description is semantically consistent
with scene image or not.

Rating Scale:

5 - Perfect

4 - Minor Issues

Major Issues
Significant Issues
Rubbish

3
2
1

Return the Rating based on the provided rating scale and explain the Reasoning
behind the given rating.

If any scene description is not semantically meaningful to scene image,
lower the rating accordingly. Do not give a perfect score unless its fully
semantically consistent.

Strictly first return the rating in the format (X, X, X, X, X), where each X
is a single rating number (5, 4, 3, 2, or 1) corresponding to each story scene

followed by reasoning.

Reasoning:

Figure 24: Prompt used for evaluating Semantic Consistency in MLLM-as-Jury Evaluation

18



Object Presence Prompt

You are an expert in evaluating Object Presence in Visual Stories.
You are given an image depicting a sequence of {language} story scenes.

{language} Story Scene Descriptions:

Scene 1: {scene_descriptions[@]}
Scene 2: {scene_descriptions[1]}
Scene 3: {scene_descriptions[2]}
Scene 4: {scene_descriptions[3]}
Scene 5: {scene_descriptions[4]}

Your task is to carefully check if every object mentioned in the scene
description is clearly present and visible in the corresponding scene image.

Rating Scale:

5 - Perfect

4 - Minor Issues

- Major Issues
Significant Issues
Rubbish

3
2
1
Return the Rating based on the provided rating scale and explain the Reasoning
behind the given rating.

If any object is missing or unclear, lower the rating accordingly. Do not give
a perfect score unless all objects are fully and clearly present.

Strictly first return the rating in the format (X, X, X, X, X), where each X
is a single rating number (5, 4, 3, 2, or 1) corresponding to each story scene

followed by reasoning.

Reasoning:

Figure 25: Prompt used for evaluating Object Presence in MLLM-as-Jury Evaluation
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Visual Aesthetics Prompt

You are an expert in evaluating Visual Aesthetics in Visual Stories..
You are given an image depicting a sequence of {language} story scenes.

{language} Story Scene Descriptions:

Scene 1: {scene_descriptions[0]}
Scene 2: {scene_descriptions[1]}
Scene 3: {scene_descriptions[2]}
Scene 4: {scene_descriptions[3]}
Scene 5: {scene_descriptions[4]}

Your task is to judge the Visual Aesthetics of the given story. Evaluate the
Visual Aesthetics across the entire story.

What is Visual Aesthetics? It measures the coherence and logical flow between
scenes, ensuring smooth transitions and meaningful relationships in the visual
narrative.

Rating Scale:

5 - Perfect

4 - Minor Issues

Major Issues
Significant Issues
Rubbish

3
2
1

Return the Rating based on the provided rating scale and explain the Reasoning
behind the given rating.

Follow the below given format to return Rating.
single rating number (5, 4, 3, 2, or 1) enclosed in parentheses.

Reasoning:

Figure 26: Prompt used for evaluating Visual Aesthetics in MLLM-as-Jury Evaluation
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Cohesion Prompt

You are an expert in evaluating Cohesion in Visual Stories.
You are given an image depicting a sequence of {language} story scenes.

{language} Story Scene Descriptions:

Scene 1: {scene_descriptions[@]}
Scene 2: {scene_descriptions[1]}
Scene 3: {scene_descriptions[2]}
Scene 4: {scene_descriptions[3]}
Scene 5: {scene_descriptions[4]}

Your task is to evaluate the Cohesion of the given story across all scenes.

What is Cohesion? It measures the coherence and logical flow between scenes,
ensuring smooth transitions and meaningful relationships in the visual
narrative.

Rating Scale:

Perfect

Minor Issues

Major Issues

- Significant Issues
Rubbish

N W s~ O
[

Return the Rating based on the provided rating scale and explain the Reasoning
behind the given rating.

Follow the below given format to return Rating.
single rating number (5, 4, 3, 2, or 1) enclosed in parentheses.

Reasoning:

Figure 27: Prompt used for evaluating Cohesion in MLLM-as-Jury Evaluation
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Cultural Appropriateness V1 Prompt

You are an expert in evaluating Cultural Appropriateness across different
Languages and Cultures.

You are given an image depicting a sequence of {language} story scenes.

{language} Story Scene Descriptions:

Scene 1: {scene_descriptions[@]}
Scene 2: {scene_descriptions[1]}
Scene 3: {scene_descriptions[2]}
Scene 4: {scene_descriptions[3]}
Scene 5: {scene_descriptions[4]}

Your task is to judge the Cultural Appropriateness of the given story. Evaluate
the Cultural Appropriateness across the entire story.

What is Cultural Appropriateness? It measures how accurately the generated
visuals represent the cultural styles, symbols and contexts described in the
scene captions across the entire story.

Rating Scale:

5 - Perfect

4 - Minor Issues

3 - Major Issues

2 — Significant Issues
1 — Rubbish

Return the Rating based on the provided rating scale and explain the Reasoning
behind the given rating.

Follow the below given format to return Rating.

single rating number (5, 4, 3, 2, or 1) enclosed in parentheses.

Reasoning:
\ J

Figure 28: Prompt used for evaluating Cultural Appropriateness level V1 in MLLM-as-Jury Evaluation
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Cultural Appropriateness V2 Prompt

You are an expert in evaluating Cultural Appropriateness across different
Languages and Cultures.

You are given an image depicting a sequence of {language} story scenes.

{language} Story Scene Descriptions:

Scene 1: {scene_descriptions[0]}
Scene 2: {scene_descriptions[1]}
Scene 3: {scene_descriptions[2]}
Scene 4: {scene_descriptions[3]}
Scene 5: {scene_descriptions[4]}

Your task is to judge the Cultural Appropriateness of the given story. Evaluate
the Cultural Appropriateness across the entire story.

What is Cultural Appropriateness? It measures how accurately the generated
visuals represent the cultural styles, symbols and contexts described in the
scene captions across the entire story.

Focus on evaluating the character’s facial structures, background objects,
infrastructures and apparel during the evaluation of {target} cultural Aspect
by analyzing the story scene images.

Rating Scale:

5 - Perfect

4 — Minor Issues

Major Issues
Significant Issues
Rubbish

3
2
1

Return the Rating based on the provided rating scale and explain the Reasoning
behind the given rating.

Follow the below given format to return Rating.
single rating number (5, 4, 3, 2, or 1) enclosed in parentheses.

Reasoning:
N Y,

Figure 29: Prompt used for evaluating Cultural Appropriateness level V2 in MLLM-as-Jury Evaluation

23



Cultural Appropriateness V3 Prompt

You are an expert in evaluating Cultural Appropriateness across different
Languages and Cultures.

You are given an image depicting a sequence of {language} story scenes.

{language} Story Scene Descriptions:

Scene 1: {scene_descriptions[0]}
Scene 2: {scene_descriptions[1]}
Scene 3: {scene_descriptions[2]}
Scene 4: {scene_descriptions[3]}
Scene 5: {scene_descriptions[4]}

Your task is to judge the Cultural Appropriateness of the given story. Evaluate
the Cultural Appropriateness across the entire story.

What is Cultural Appropriateness? It measures how accurately the generated
visuals represent the cultural styles, symbols and contexts described in the
scene captions across the entire story.

Focus on evaluating the character’s facial structures, background objects,
infrastructures and apparel during the evaluation of {target} cultural aspect
by analyzing the story scene images.

1. Characters’ Facial Features: Evaluate whether the facial structures align
with the diverse traits commonly found in {target} culture. Avoid assumptions
about stereotypical features.

2. Background Objects: Assess whether the depicted objects represent the
{target} cultural setting described in the scenes, focusing on nearby objects,
furniture, decorations and other contextual details.

3. Infrastructures: Consider whether the settings, such as architectural
elements, are appropriate for the {target} culture.

4. Apparel: Assess whether the clothing aligns with traditional or contemporary
styles representative of Appropriate culture.

Rating Scale:

5 - Perfect

4 - Minor Issues

3 - Major Issues

2 — Significant Issues
1 — Rubbish

Return the Rating based on the provided rating scale and explain the Reasoning
behind the given rating.

Follow the below given format to return Rating.
single rating number (5, 4, 3, 2, or 1) enclosed in parentheses.

Reasoning:
N J

Figure 30: Prompt used for evaluating Cultural Appropriateness level V3 in MLLM-as-Jury Evaluation
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