Agentic Framework for Culturally Grounded Visual Story Generation

Anonymous submission

Abstract

Story-based learning is an effective approach for com-
municating complex concepts, particularly when narratives
reflect learners’ cultural backgrounds and include visual
components. While large language models (LLMs) and
text—to—image systems have made automated story genera-
tion more accessible, existing methods often struggle with
cultural grounding, long-form coherence, and character con-
sistency. In this work, we present an agentic, user-in-the-loop
framework for generating culturally aligned visual stories tai-
lored to communities in the Global South. Our system em-
ploys a set of coordinated LLM powered agents to construct
curriculum guided narratives, develop culturally grounded
characters, draft coherent story arcs, and produce visually
consistent illustrations. This approach provides fine grained
human—Al collaboration, enabling educators, and community
facilitators to co-design stories that accurately reflect their
learners’ lived realities.
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Introduction

Visual storytelling is a powerful medium for education and
community engagement. Prior work highlights that learn-
ing materials are most effective when they reflect culturally
familiar settings, practices, and relationships (Phoebe El-
ers and Torres 2021; Ezeife 2006; Bhat et al. 2024). How-
ever, current LLMs and diffusion model based storytelling
systems often generate generic plots, inconsistent charac-
ters, or culturally inaccurate depictions (Migal et al. 2024;
Hamna et al. 2025; Khanuja et al. 2024). These limita-
tions disproportionately affect communities in the Global
South, where rich cultural variation demands more nuanced
and context-aware story generation. Recent developments
in agentic frameworks have shown promise for improving
long-range coherence and modular control in creative gen-
eration workflows (Li et al. 2024; Xia et al. 2025). Build-
ing on these advances, we introduce a culturally sensitive,
multi-agent narrative framework designed to support com-
munity grounded story creation for learning contexts such as
financial literacy and healthcare awareness. Our system uses
coordinated role-driven LLM powered agents to construct
curriculum guided narratives, develop culturally grounded

characters, draft coherent story arcs, and produce visually
consistent illustrations. To support cultural accuracy and re-
duce stereotyping, users can iteratively refine story elements
throughout the pipeline. For our preliminary user study in
Kerala, India, we adopted an Amar Chitra Katha inspired
visual style to match local familiarity. This work contributes
a practical tool for culturally aware content creation in low-
resource contexts and offers early evidence of its educational
impact.

System Design

Our framework generates culturally aligned narratives
through a modular architecture comprising two primary
components: a text story generation module and a visual
story generation module, orchestrated through a set of LLM
driven agents as shown in figure 1. The system takes three
key inputs: (1) source content specifying the learning goals
or instructional topics, (2) demographic information of tar-
get learners, and (3) the geographic location that grounds the
story. The text module uses a sequence of GPT-4o0—powered
agents (OpenAl 2024), while the visual module employs a
hybrid strategy combines model fine-tuning FLUX.1 dev
(Labs 2025) for maintaining a consistent art style with a
reference-based workflow that ensures character fidelity.

Text Story Generation

* Curriculum agent: Translates high-level educational
goals from the source documents into a into a structured
five-module curriculum. It does automatic evaluates the
draft for appropriateness for the target audience, reviews
the progression of difficulty, then gathers user feedback
to produce the final curriculum.

* Narrative agent: Using target-user and location data,
this agent expands the cultural details incorporating
Newmark’s markers(Newmark 2010) and structures plot-
lines using the Sabido methodology(Barker 2007; Nari-
man 1993). Using this cultural grounding and the final
curriculum, it proposes five distinct narrative approaches,
allowing users to choose themes aligned with community
needs.

» Character profile agent: Generates culturally grounded
character profiles covering appearance, relationships, tra-
ditions, occupations, and social roles. Users can edit
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Figure 1: End-to-end architecture of our agentic, user-in-the-loop visual story generation framework. The green modules rep-
resent the Text Story Generation pipeline, which transforms the input (source content, demographics, location) into structured
narratives and scene descriptions. The blue modules represent the Visual Story Generation pipeline, which converts these tex-
tual specifications into character images and scene-level visuals, producing the final visual story.

these details to avoid stereotyping and remains relatable
to the intended audience.

 Story Drafting agent: Produces coherent long-form nar-
ratives around 5,000 words in total, aligned with the cur-
riculum and chosen cultural context.

¢ Scene Splitting Agent: Segments the story into visual
scenes with settings, characters, and key plot events
based on the overall story arc, pacing, and logical pro-
gression of events. The number of scenes per module can
be adjusted based on user preference.

Visual Story Generation

e Character Master Agent: Generates high-fidelity ref-
erence portraits for each character, defining their facial
features, attire, and color palette for use throughout vi-
sual generation. Each portrait is reviewed and approved
by the user before being finalized and stored.

e Scene Generation Agent: Creates final illustrations by
combining reference portraits with textual prompts de-
scribing actions and settings. A vision-language evalu-
ator checks for character consistency, cultural accuracy,
and style coherence, refining outputs iteratively.

User Study

We conducted a small-scale evaluation with six adults from
Kerala, India, focusing on financial literacy. Participants
read a culturally grounded, multi-scene story generated by
the system and completed pre- and post-tests measuring un-
derstanding of budgeting, saving, and interest. As shown in
2, participants demonstrated a 23% average improvement in
post-test scores, with five of six showing gains. Participants
also reported that story elements such as household scenes,
clothing, and character relationships felt authentic, relatable,
and aligned with local experience.
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Figure 2: Score of participants in the user study

Conclusion

The framework directly contributes to Global South empow-
erment by enabling communities to create educational sto-
ries that reflect their cultural realities and learning needs.
By lowering the barriers to producing accurate, resonant,
and locally grounded narratives, it supports more equitable
access to Al-driven content creation and strengthens com-
munity agency in shaping learning materials. In doing so, it
offers a practical pathway for NGOs, educators, and grass-
roots practitioners to build contextualized, culturally mean-
ingful educational resources that advance inclusive learning
outcomes.
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Example story with Visuals

One evening, as Asha was hanging clothes to dry, she
shared her worries with her neighbour, Lakshmi Teacher,
who worked at a government school. ”Chechi, we are think-
ing of borrowing money from the local moneylender, but
I’ve heard such terrible stories about him. I don’t know what
else to do. We have no savings, and our expenses are pil-
ing up.” Lakshmi Teacher shook her head. ’Asha, borrowing
from a moneylender should be your last resort. They charge
high interest rates, and you can easily fall into a cycle of
debt. Instead, try to manage your expenses and save a little
each day. Even if it’s just a few rupees, it adds up over time.”
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Taking this advice to heart, Asha started tracking her daily
expenses. She switched to buying essentials from the Maveli
Store instead of the expensive local shop. She also cut un-
necessary expenses, like buying snacks for Raju every day.
Instead, she cooked extra food at home and packed it for
him. She walked to work instead of taking an auto-rickshaw
and saved a small amount every evening.
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One day, Asha visited Kalyani and saw her sister looking
exhausted. ”Chechi, we borrowed Rs. 50,000, and now we
have to pay Rs. 70,000 because of interest! Krishnan says we
need another Rs. 1,00,000 for his sister’s wedding. I don’t
know what to do.” Asha sighed and held Kalyani’s hand.
”Kalyani, you don’t have to follow what others do. Spending
lakhs on a wedding when you can barely afford rent is not
wise. We need to separate needs from wants. Let’s work out
a budget together.”



