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“l want to be big,” says Little Monkey. “| want to be strong.” A wise woman hears
him. “Take this magic wand,” she says, “and all your wishes can come true.”

A giraffe comes by. He stretches his long neck. He eats the sweet leaves at the
top of the trees. “l want a long neck,” says Little Monkey. “POP!” His neck grows
long, just like the giraffe’s. Little Monkey is happy. An elephant comes down to
the river. He fills his trunk with water. He blows it all over himself. “| want to do
that too!” says Little Monkey. “BANG!” Just like that, he grows a trunk. He is very
happy. “This is fun!” he says. Next, Little Monkey sees a zebra. “| want stripes like
those,” he says. “WHIZZ!” Little Monkey has stripes all over his body, just like the
zebra. He is very, very happy.

He goes to the river to try out his new trunk. He looks down. He sees himself in
the water. “Mother!” he cries. “Help! A monster!” “That’s not a monster,” says his
mother. “That’s you.” “You want a giraffe’s neck, an elephant’s trunk and stripes
like a zebra. Don’t you remember?” Little Monkey cries and cries. “I look awful!”
he says. “l want to be myself again.” There is a POP, a BANG and a WHIZZ. Little
Monkey is himself again. He jumps for joy. He throws the magic wand into the river.

Ground-truth image for Span 3

He never wants to be anyone else again.

Table 2: Examples from the MUSIA-2025 dataset showing story text excerpts (below) and corre-

sponding illustrations (top).

choice was empirically determined to yield visually
pleasing and stylistically stable results while pre-
serving narrative integrity. The final visual prompt
for each segment is constructed by concatenating
the fixed descriptor with its corresponding summary
text. Formally, the overall prompt can be repre-
sented as:

Prompt = Fixed Descriptor + Summary Text

This ensures that every sub-story produces a dis-
tinct yet stylistically consistent visual output, resem-
bling an illustrated narrative sequence.

4.3. Image Generation

The generation of illustrations from the constructed
prompts is performed using the Stable Diffusion XL
(SDXL) model, developed by Stability Al. The model
is accessed via the Hugging Face diffusers li-
brary and instantiated using the pre-trained check-
point stabilityai/stable-diffusion-x1-
base-1.0. The SDXL model is configured to
operate in mixed precision (torch.float16) for
optimized memory efficiency and computational
throughput. To further enhance memory manage-
ment, attention slicing is enabled, allowing the

model to process large images within limited GPU
memory constraints.

For each prompt, the model generates a high-
resolution illustration using 30 inference steps and
a guidance scale of 9 under the Classifier-Free
Guidance (CFG) mechanism. This setup strikes a
balance between visual fidelity and textual adher-
ence, ensuring that the generated images remain
faithful to the underlying summaries while exhibiting
high perceptual quality. To maintain reproducibil-
ity, all random seeds are fixed prior to generation,
ensuring that identical inputs yield consistent out-
puts across multiple runs. The resulting images
are saved in 1024x1024 resolution, providing suffi-
cient visual detail for downstream evaluation and
qualitative analysis. Each story thus yields a se-
quence of visually coherent images that together
form a structured multimodal narrative aligned with
the source text.

4.4. Experimental Setup

All experiments were conducted on a high-
performance computing setup equipped with
NVIDIA GPUs supporting CUDA acceleration. The
summarization model and image generator were
both executed within the same Python environment
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“I want to be big,” says Little Monkey. “l want to be strong.” A wise woman hears
him. “Take this magic wand,” she says, “and all your wishes can come true.” A
giraffe comes by. He stretches his long neck. He eats the sweet leaves at the top
of the trees. “l want a long neck,” says Little Monkey. “POP!” His neck grows long,
just like the giraffe’s. Little Monkey is happy. An elephant comes down to the river.
He fills his trunk with water. He blows it all over himself. “| want to do that too!”
says Little Monkey. “BANG!” Just like that, he grows a trunk. He is very happy.
“This is fun!” he says. Next, Little Monkey sees a zebra. “| want stripes like those,”
he says. “WHIZZ!” Little Monkey has stripes all over his body, just like the zebra.
He is very, very happy.

He goes to the river to try out his new trunk. He looks down. He sees himself in
the water. “Mother!” he cries. “Help! A monster!” “That’s not a monster,” says his
mother. “That’s you.” “You want a giraffe’s neck, an elephant’s trunk and stripes
like a zebra. Don’t you remember?” Little Monkey cries and cries. “I look awfull”
he says. “l want to be myself again.”

There is a POP, a BANG and a WHIZZ. Little Monkey is himself again. He jumps
for joy. He throws the magic wand into the river. He never wants to be anyone else

again.

Table 3: Generated illustrations from the baseline experimentation

to ensure end-to-end compatibility. The required
libraries included transformers, diffusers,
torch, and PIL, which collectively support text
processing, diffusion inference, and image han-
dling. The summarization and image generation
modules were executed sequentially to manage
GPU memory effectively, allowing the system to
scale across multiple stories without manual re-
source reallocation.

The complete experimental workflow follows a
deterministic and modular structure. First, the map-
ping file is loaded to determine the number of sub-
stories and corresponding images per story. Next,
each story is divided into smaller narrative units,
and these units are summarized using the fine-
tuned MUSIA summarizer. The summaries are
then concatenated with the fixed visual style de-
scriptor to form the final image prompts. These
prompts are passed through the SDXL pipeline
to generate corresponding illustrations, which are
stored systematically in submission-ready directo-
ries following the MUSIA 2025 format. The final
output comprises aligned text-image pairs that can

be utilized for downstream multimodal tasks such
as visual question answering, story comprehension,
or narrative retrieval.

Overall, this baseline provides a clear, modular,
and reproducible methodology for automated story-
to-illustration generation. Its design emphasizes
semantic accuracy, stylistic coherence, and repro-
ducibility, qualities essential for multimodal story-
telling research. By combining transformer-based
summarization with diffusion-based synthesis, the
pipeline bridges the gap between narrative abstrac-
tion and visual realization, producing coherent and
artistically unified illustrations that faithfully repre-
sent the narrative semantics of the source stories.

5. Results and Discussion

Evaluating the quality of story-to-illustration genera-
tion remains a challenging task due to the inherently
subjective nature of creativity, visual semantics,
and narrative coherence. Following the evaluation
strategy adopted in prior literature on text-to-image
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Approach

Visual Quality Relevance Consistency

Good Moderate

Fair Good Moderate Fair Good Moderate Fair

LLM-guided prompt engineering + Imagen (Kachhadiya and Patel, 2025) 39
1Prompt1Story diffusion (Surendra and Divya, 2025) 36
Translation + summarization + diffusion (Sadhukhan et al., 2025) 15

Hybrid summarization + SDXL diffusion (Mannan et al., 2025) 0

0 0 34 5 0 24 14 1

2 0 5 21 12 8 18 12
22 2 3 10 26 3 8 28
0 39 0 6 33 0 2 37

Table 4: Human evaluation results from the shared task (Tewari et al., 2026a) across English

stories for different generation approaches.

Approach

Visual Quality Relevance Consistency

Good Moderate Fair Good Moderate Fair Good Moderate Fair

LLM-guided prompt engineering + Imagen (Kachhadiya and Patel, 2025)
1Prompt1Story diffusion (Surendra and Divya, 2025)
Translation + summarization + diffusion (Sadhukhan et al., 2025)

30
30
19
Hybrid summarization + SDXL diffusion (Mannan et al., 2025) 0

0 0 30 0 0 27 3 0
0 0 10 15 5 15 10 5
11 0 0 0 30 0 3 27
0 30 2 4 24 0 2 28

Table 5: Human evaluation results from the shared task (Tewari et al., 2026a) across Hindi stories

for different generation approaches.

generation and multimodal storytelling, we relied
primarily on human evaluation, as automatic met-
rics such as FID or CLIPScore do not fully capture
the narrative or contextual alignment required for
this task. To ensure consistency and reliability, four
independent annotators were recruited to assess
the generated outputs using a three-point Likert
scale where 1 corresponds to Fair, 2 to Moderate,
and 3 to Good. Each generated story was rated
across three distinct dimensions: Relevance, Vi-
sual Quality, and Consistency.

Relevance measures how accurately the gener-
ated illustrations capture the core events, charac-
ters, and emotions described in the textual story
(Text —» Image alignment). Visual Quality assesses
the overall artistic appeal, realism, and aesthetic
coherence of the generated outputs, focusing on
color balance, texture, and composition. Consis-
tency evaluates whether the entire sequence of
images collectively maintains a coherent narrative
flow (Image — Image continuity), including aspects
such as recurring character depiction, background
stability, and visual transitions between scenes.

Each annotator evaluated the full sequence of
illustrations corresponding to a story, and the av-
erage scores across annotators were computed
to derive a consensus judgment. This evaluation
mechanism allows for a more nuanced understand-
ing of multimodal coherence than purely quantita-
tive metrics, aligning with methodologies used in
contemporary text-to-image benchmarks.

To further provide transparency regarding the hu-
man evaluation process, we report results obtained
during the Multilingual Story lllustration shared
task pilot benchmark (Tewari et al., 2026a), where
multiple generation approaches were evaluated
on a subset of the dataset using the same eval-
uation criteria. Table 4 summarizes the perfor-
mance according to the underlying generation ap-
proaches used in the shared task systems for En-
glish language and Table 5 depicts similar results
for Hindi language. These results highlight the

relative strengths of different generation pipelines
across the three evaluation dimensions.

Table 3 presents representative illustrations gen-
erated by the proposed baseline model. The visual
outputs demonstrate strong performance across
all three evaluation dimensions. In particular, the
generated images exhibit high Relevance, effec-
tively capturing key narrative moments while visu-
ally representing both central and secondary char-
acters. The Visual Quality of the images is notably
high, featuring balanced color tones, well-defined
shapes, and stylistic uniformity that aligns with the
“cartoon style” descriptor used during prompt con-
struction. Furthermore, the Consistency between
consecutive frames remains robust, characters re-
tain their identity and attire across scenes, and the
visual environment evolves smoothly to reflect the
unfolding storyline.

An additional qualitative observation is that the
baseline model successfully generates multiple
characters in a single frame while preserving spa-
tial and emotional coherence. Moreover, it cap-
tures subtle elements of cultural diversity, reflected
through background motifs, and color themes that
are faithful to the regional and narrative context of
the source stories. These qualitative strengths col-
lectively indicate that even a simple summarization-
diffusion pipeline can yield visually coherent and
semantically rich storytelling results when trained
on culturally rich and diverse dataset.

6. Conclusion and Future Work

In this paper, we introduced MUSIA, a multilingual
and culturally grounded story illustration dataset
designed to advance research in multimodal narra-
tive understanding. By aligning bilingual story texts
with corresponding illustrations, MUSIA addresses
amajor gap in current multimodal resources that pri-
marily emphasize monolingual and Western-centric
narratives. The dataset includes diverse English
and Hindi stories across genres such as folktales,
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moral stories, and children’s literature, highlight-
ing linguistic diversity, cultural authenticity, and
narrative-visual coherence.

We also presented a reproducible baseline for
automated story-to-illustration generation that com-
bines transformer-based semantic summarization
with diffusion-based image synthesis. In the base-
line experiments we observed that this two-stage
design may produce faithful illustrations, demon-
strating reliable performance in terms of relevance,
visual quality and narrative consistency.

In future work, we plan to expand MUSIA to
include additional Indian and low-resource lan-
guages such as Bengali, Marathi, and Dravidian
languages, along with new literary forms like po-
ems, comics, and folk narratives. We also aim
to explore instruction-tuned multimodal large lan-
guage models (MLLMs) with reinforcement learning
from human feedback (RLHF) for enhanced contex-
tual and cultural alignment. Ultimately, we envision
MUSIA as a continuously evolving benchmark that
supports fair, reproducible, and culturally inclusive
research in multilingual visual storytelling.

Ethics Statement

All content included in the MUSIA-2025 dataset is
sourced exclusively from open-access and public-
domain materials, with clear attribution provided to
original creators wherever applicable. The dataset
contains no personally identifiable information, and
its use is restricted strictly to educational and re-
search purposes.

To ensure responsible research and prevent po-
tential misuse, all stories and illustrations have
been carefully screened to exclude any material
containing violent, religiously sensitive, or other-
wise inappropriate content. The dataset is released
under the Creative Commons Attribution - NonCom-
mercial 4.0 International (CC BY - NC 4.0) license,
permitting use for academic and non-commercial
research only.

We recognize the importance of ethical steward-
ship in multimodal Al research and have taken de-
liberate measures to align this work with principles
of transparency, inclusivity, and cultural sensitivity.
The broader impact of this resource lies in sup-
porting fair, reproducible, and socially responsible
advances in story-to-image generation and multi-
modal understanding.
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