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Abstract

We introduce a new task, Multimodal Story
Generation from Image Collections (MAGIC),
where the goal is to generate a coherent narra-
tive conditioned on a small subset of images
that must be retrieved from a large, unordered
collection. This underexplored task reflects
real-world constraints where stories must be
created using limited visual assets. To address
the dual challenges of strategically selecting
narratively useful images and constructing a
coherent, visually grounded story, we propose
a narrative-centric framework that first selects
a diverse yet compatible subset of images, next
infers their temporal and causal ordering, then
bridges narrative gaps, and finally expands into
a full story. We also build a dataset with 4,000
images to support this new task. Extensive auto-
mated and human evaluations show that our ap-
proach significantly outperforms baseline meth-
ods in narrative coherence, logical sense, nov-
elty, naturalness, and visual engagement, es-
tablishing a strong foundation for multimodal
storytelling under realistic resource constraints.

1 Introduction

Story generation has long been an important prob-
lem in natural language generation, aiming to
automatically produce coherent, engaging, and
contextually appropriate narratives from textual
prompts (Clark et al., 2018; Fan et al., 2018, 2019;
Yao et al., 2019; Yang et al., 2022, 2023b; Tian
et al., 2024b). With the rapid progress of vision-
language models (VLMs) (Ramesh et al., 2021;
Alayrac et al., 2022; Li et al., 2022; Liu et al.,
2023a; Achiam et al., 2023), recent years have
witnessed a growing interest in multimodal sto-
rytelling where textual and visual modalities are
jointly leveraged to create richer and more immer-
sive storytelling experiences. Such systems have
significant applications in education, entertainment,
marketing, and digital content creation, enabling
automated production of storybooks, interactive

narratives, and visualized story summaries from
multimodal inputs.

Despite substantial progress in multimodal
storytelling, prior research has primarily fo-
cused on three dominant paradigms—visual story-
telling (Huang et al., 2016), story visualization (Li
et al., 2019), and interleaved image—text genera-
tion for storytelling (Tian et al., 2024a; Yang et al.,
2024; An et al., 2024)—each of which operates
under restrictive assumptions. Visual storytelling
assumes that the input is a fixed, temporally ordered
image sequence (e.g., consecutive photo albums or
video frames) and focuses on generating a narra-
tive to describe that sequence. Story visualization
takes the opposite direction, presupposing that a
complete textual storyline is already available and
producing corresponding visual content for each
event. Interleaved generation jointly produces im-
ages and text within a single pipeline, requiring
simultaneous control over both modalities through-
out the narrative. All these paradigms inherently
rely on pre-defined inputs from one modality or un-
restricted generative capabilities in both modalities,
limiting their applicability in real-world scenarios
where such assumptions might not always hold.

In this work, we propose a new and practically
motivated task: Multimodal Story Generation from
Image Collections (MAGIC). Given a user query
specifying a story intent, the system must select
a small subset of images from a large, unordered
image collection and compose a textual narrative
that is grounded in those images. The resulting
story should not only faithfully reflect the visual
content of the selected images but also form a co-
herent, logically structured narrative that fulfills
the user intent. This task formulation is inspired
by real-world constraints frequently encountered
in content creation workflows. Practical domains
such as journalism, museums, education, and en-
tertainment typically maintain proprietary image
databases due to considerations of copyright, trade-



mark, or privacy (Crews and Brown, 2011; Taurino
et al., 2025). Consequently, professional story-
tellers in these fields are often required to construct
narratives exclusively from in-house visual assets
rather than sourcing external new ones. In addi-
tion, computational or operational constraints may
further limit the number of images that can be re-
trieved and processed, necessitating story genera-
tion from a small subset of available visuals.

The primary challenges in this task arise from
the dual complexity of image selection and nar-
rative construction. First, the system must deter-
mine which images to retrieve from the collection.
Naively choosing the most relevant images often
leads to visually repetitive scenes and redundant
events, resulting in stories that are monotonous and
less engaging. Second, the system must decide how
to construct a compelling story from the selected
images. Even when the images are individually
meaningful, they may not naturally form a plausi-
ble narrative sequence. Bridging the gaps between
visually depicted events and weaving them into
a coherent, logically grounded storyline requires
deeper reasoning about temporal order, causal de-
pendencies, and narrative structure.

To address these challenges, we introduce a two-
stage framework: Narrative-Centric Image Selec-
tion and Content Planning. In the first stage, we
aim to select a small subset of images that are both
diverse—covering a broad range of distinct narra-
tive events—and compatible, ensuring they can be
plausibly connected into a storyline. In the sec-
ond stage, we infer a plausible narrative structure
by analyzing temporal and causal relations among
the selected events, arranging them into a coherent
order. Finally, we bridge narrative gaps between
events and expand into a full story, enriching tran-
sitions and ensuring story continuity.

We further emphasize that this is the first system-
atic study of multimodal story generation under a
resource-constrained, collection-based setting. No
existing work has investigated this problem, and
no publicly available datasets support it. To facili-
tate research in this direction, we construct a new
dataset comprising 40 topics, 200 user queries, and
4,000 images, specifically designed for daily-life,
educational, and child-oriented storytelling scenar-
ios—domains that represent some of the most com-
mon and impactful applications of story-based con-
tent generation.

We conduct extensive experiments to evaluate
our approach, including automated evaluation with

GPT-5 as a judge, human evaluation with pairwise
comparisons, ablation studies to assess the contribu-
tion of each component, and fine-grained analyses
to verify the effectiveness of core individual opera-
tions. Results show that our method substantially
outperforms baseline methods across multiple eval-
uation dimensions, particularly in narrative coher-
ence, logical sense, novelty, naturalness, and visual
engagement.
In summary, our contributions are as follows:

* We propose a new task, multimodal story genera-
tion from image collections, which reflects practi-
cal constraints in real-world content creation and
has not been explored in prior work.

* We introduce a narrative-centric framework that
jointly addresses the challenges of image selec-
tion and story construction by maximizing event
diversity, ensuring narrative compatibility, and
inferring coherent story structures.

¢ We build a dataset tailored to this new task, en-
abling systematic study and evaluation.

* We demonstrate through comprehensive exper-
iments that our method significantly improves
story quality over baseline methods across both
automated and human evaluations.

2 Related Work
2.1 Multimodal Storytelling

By jointly leveraging textual and visual modalities,
multimodal storytelling systems aim to generate
richer, more engaging narratives that go beyond
purely textual story generation. Existing work in
this area can be broadly categorized into three main
paradigms: visual storytelling, story visualization,
and interleaved image-text generation for story-
telling. Visual storytelling (Huang et al., 2016; Yu
et al., 2017; Wang et al., 2018a,b; Huang et al.,
2019; Hsu et al., 2019; Hu et al., 2020; Wang et al.,
2020; Chen et al., 2021; Xu et al., 2021; Hsu et al.,
2021; Hong et al., 2023) focuses on generating tex-
tual narratives conditioned on a fixed sequence of
images. These images are ordered—such as consec-
utive photographs or video frames—and inherently
encode an implicit storyline. Story visualization (Li
et al., 2019; Maharana et al., 2021; Maharana and
Bansal, 2021; Maharana et al., 2022; Chen et al.,
2022a; Gong et al., 2023; Rahman et al., 2023; Pan
et al., 2024; Liu et al., 2024a; Shen et al., 2025;
Shen and Elhoseiny, 2025) takes a textual narra-
tive as input and generates a sequence of images,
one for each sentence or event. In this paradigm,



the textual input already defines the storyline ex-
plicitly. More recently, interleaved image-text gen-
eration for storytelling (Tian et al., 2024a; Yang
et al., 2024; An et al., 2024; Chen et al., 2025a;
Zhou et al., 2025; Chen et al., 2025b; Kou et al.,
2025) has gained attention, where both images and
text are generated jointly within a single pipeline.
This paradigm allows the model to dynamically
co-adapt the two modalities throughout the narra-
tive, producing multimodal stories in which visual
and textual elements evolve together in a tightly
coupled manner.

While these paradigms have significantly ad-
vanced multimodal storytelling, they all have un-
derlying assumptions: visual storytelling presumes
that the input images form a natural chronologi-
cal sequence, story visualization relies on an ex-
isting storyline provided by text, and interleaved
generation assumes full control over both modal-
ities during generation. However, these assump-
tions may break down in some of the practical sto-
rytelling workflows, where available images are
unordered and must be selected from a large pro-
prietary database due to copyright, trademark, or
privacy restrictions. In contrast, in our proposed
task the system must first strategically retrieve a
small, narratively useful subset of images from a
large, unordered collection and then construct a co-
herent story based on those images. This new task
more closely reflects the constraints faced in prac-
tical domains and also introduces new challenges,
i.e., how to jointly optimize image selection and
narrative construction under resource limitations.

2.2 Image Retrieval and Re-ranking

A related line of research focuses on retrieving im-
ages from large-scale collections for downstream
tasks such as captioning (Liu et al., 2018), story-
telling (Chen et al., 2019; Yang et al., 2023a), and
question answering (Chen et al., 2022b; Feng et al.,
2025). Most existing VLM-based approaches for
image retrieval (Liu et al., 2021; Koh et al., 2023;
Lin et al., 2025) rely on semantic similarity to rank
and select images, optimizing for relevance to the
input query. While effective for most retrieval tasks,
this approach overlooks the interactions among re-
trieved images—a critical factor to consider when
the goal is to construct a cohesive narrative. Select-
ing multiple visually similar or redundant images,
for instance, can result in repetitive events and less
engaging stories.

There have been attempts at re-ranking the re-

trieved images while taking into account the needs
of different downstream tasks. For example, Tan
et al. (2021) propose Re-ranking Transformers
which incorporate both local and global visual fea-
tures to re-rank the retrieved images for the pur-
pose of geometric verification. Zhu et al. (2023)
propose to re-rank retrieved images by reasoning
over correlations between local patch pairs, atten-
tion values, and position/coordinate data, so as to
decide if two images come from the same place for
place recognition. In contrast, our method intro-
duces a narrative-centric image selection perspec-
tive that jointly considers semantic relevance, event
diversity, and narrative compatibility. By selecting
images that are distinct yet compatible within a
storyline, our approach ensures that the retrieved
visual evidence forms a meaningful foundation for
subsequent multimodal story generation.

3 Task Definition and Dataset Creation

3.1 Task Definition

We define the task of multimodal story genera-
tion from image collections (MAGIC) as follows:
given a user query requesting a story, the system
aims to compose a textual narrative associated
with a small subset of images that must be retrieved
from a large image collection. The generated story
should not only align with the visual semantics but
also form a continuous narrative that satisfies the
user intent.

We focus on this formulation to closely mirror
real-world storytelling scenarios where content cre-
ators usually operate under practical constraints
and cannot assume unrestricted access to visual
data. In many professional contexts—such as chil-
dren’s storybook production, educational content
design, museum exhibit curation, and journalistic
storytelling—narratives must be built around a lim-
ited set of in-house images. Computational or oper-
ational resources may further constrain the number
of images that can be retrieved and processed, re-
quiring stories to be generated from a small subset
of available visuals. To ground our study in rep-
resentative practical use cases, we scope our task
and dataset to daily-life, educational, and child-
oriented narratives—domains that represent some
of the most prevalent content creation scenarios
where professional storytellers frequently operate.
We further constrain the length of the generated
narratives and the number of associated images
to align with the conventions of typical children’s



books and educational materials, ensuring that the
resulting multimodal stories are directly usable in
real-world contexts.

3.2 Dataset Creation

Inspired by the widespread adoption of syntheti-
cally generated datasets in recent work (Ouyang,
2025; Tan et al., 2025; Baes et al., 2025; Peper
et al., 2025; Cao et al., 2025; Peng et al., 2025),
we construct a new dataset tailored for this task
through a multi-stage generation process involving
both LLM-based planning and VLM-based image
generation. The workflow proceeds as follows:

1. Topic Brainstorming: We use GPT-4.1 to gen-
erate 40 diverse story topics, each defined by a
specific setting (“where”) and main characters
(“who”).

2. User Query Creation: For each topic, GPT-
4.1 generates 5 distinct, user-like textual queries
that simulate how ordinary users might naturally
request a story within that topic.

3. Event Brainstorming: For each user query,
GPT-4.1 generates 20 distinct narrative events
described in text. These events represent key
moments that could occur within a story and
serve as candidates for image generation.

4. Image Generation: Each textual event is used
as input to GPT Image 1 (OpenAl, 2025) for im-
age generation. For quality control, we conduct
manual inspections verifying that GPT Image 1
consistently produces faithful event-grounded
visuals.

This process results in a dataset with the following
characteristics: (1) 40 topics and 5 user queries
per topic, with 200 user queries in total; (2) 100
images per topic, with 4,000 images in total. The
prompts we use are presented in Appendix A.

4 Method

In this section, we introduce our method for gen-
erating multimodal stories from image collections:
Narrative-Centric Image Selection and Content
Planning. Unlike prior work on multimodal sto-
rytelling (Tian et al., 2024a; Yang et al., 2024;
An et al., 2024) which often assumes either un-
restricted visual resources or fully open-ended nar-
rative topics, our problem setting imposes a critical
constraint: the available visual resources are finite,
and the story must therefore be generated in direct
correspondence with a carefully selected subset of

the limited image collection. This setup closely
reflects a common scenario faced by real-world
content creators, where the story to be crafted is
constrained to unfold entirely within the scope of
a pre-existing image collection. We identify two
key challenges that consistently emerge in prac-
tice: (1) image selection: how to retrieve a subset
of images that are both thematically relevant and
narratively useful from a large image collection;
(2) content planning: how to construct an engag-
ing and coherent story that effectively leverages the
selected images. To address these challenges, we
design a method that guides image selection (§4.1)
and content planning (§4.2) from a narrative-
centric perspective.

Intuitively, not all images in a collection con-
tribute equally to storytelling. A good narrative
typically progresses through a sequence of distinct
yet connected events, with each advancing the plot
in a meaningful way. Inspired by this observation,
our narrative-centric image selection strategy aims
to identify a subset of images that maximizes event
diversity while remaining semantically and logi-
cally compatible within a narrative. Event diversity
ensures that each selected image adds a unique
piece to the story, which reduces redundancy and
enriches the overall plot. At the same time, we
avoid selecting images that are too semantically
distant or logically inconsistent, as such choices
would force the LLM to “invent” implausible con-
nections. By balancing these two factors, we create
a scaffold that provides both breadth and cohesion
for subsequent multimodal story generation.

Once a meaningful subset of images has been
selected, the next challenge is to transform these
unordered images into a coherent narrative. To
this end, we analyze the temporal cues and causal
dependencies between events depicted in the im-
ages to infer a plausible ordering. This step plays
an important role in improving story naturalness
by ensuring that events unfold in an order that
aligns with human expectations. Finally, recog-
nizing that even a well-ordered sequence of images
may still contain implicit narrative gaps, we explic-
itly bridge these gaps by generating intermediate
events, thereby preserving logical flow and nar-
rative continuity. This narrative planning-driven
approach ensures that the resulting story reads as a
cohesive whole rather than a disjointed sequence
of image descriptions.

The step-by-step procedure of our method is de-
tailed in subsection 4.1 and subsection 4.2.




4.1 Narrative-Centric Image Selection

Our method selects a subset of five images from a
collection of 100 images associated with a topic.
We first encode all images into a shared embedding
space using CLIP (Radford et al., 2021). These
embeddings are indexed in a vector store to support
efficient similarity-based retrieval. Given a user
query specifying a story intent, we retrieve the top-
20 images most relevant to the query. For each of
the 20 retrieved images, we prompt GPT-4.1 to gen-
erate a narrative-style event description capturing
the main actions and situation depicted in the im-
age. We then iteratively construct a set of five event
descriptions maximizing narrative diversity while
preserving semantic and logical compatibility:

1. Initialization: Among the 20 event descriptions,
we prompt GPT-4.1 to identify the one that is
most distinct from the rest. This event is added
to the selected event pool, with the remaining
events forming the unselected event pool.

2. Iterative Selection: We repeat the following
steps until five events are selected:

(a) Diversity Ranking. Given the current se-
lected pool and unselected pool, we prompt
GPT-4.1 to identify the event in the unse-
lected pool that is most diverse relative to
the events in the selected pool.

(b) Plausibility Check. Before including this
candidate event to the selected event pool,
we prompt GPT-4.1 to determine whether
it is semantically and logically compatible
with the events that are already in the se-
lected pool. If this event is deemed too
semantically distant or logically inconsis-
tent with any of the already selected events,
it is discarded and the next most diverse
candidate event is considered.

This iterative selection process is designed to
balance breadth and cohesion by ensuring that
each selected event contributes novel narrative
content, and that the resulting set of events can
be reasonably connected into a story.

After four iterations, the selected event pool con-
tains five event descriptions that collectively pro-
vide a diverse yet narratively grounded scaffold.
These five events along with their corresponding
images are returned as the final subset used for sub-
sequent multimodal story generation. The prompts
we use are presented in Appendix B.

4.2 Narrative-Centric Content Planning

With the subset of five selected images and their
corresponding event descriptions obtained from
narrative-centric image selection, our next goal is
to transform these unordered events into a full story.
We achieve this in three stages: (1) Ordering Events
via Temporal and Causal Dependency Analysis, (2)
Bridging Narrative Gaps with Intermediate Events,
and (3) Expanding Story from Narrative Outline.
Ordering Events via Temporal and Causal De-
pendency Analysis. We first prompt GPT-4.1 with
all five event descriptions to reason about their po-
tential ordering from a temporal and causal per-
spective. Specifically, GPT-4.1 is asked to identify
two types of pairwise event relations:

e Strict precedence constraints: pairs of events in
which one must precede the other due to strong
temporal or causal dependencies. GPT-4.1 is
guided to identify these relations by examining
temporal context cues (e.g., “early in the morn-
ing” or “after the class”) and commonsense pre-
conditions (e.g., “the lock must release before
the door can open” or “the train must arrive be-
fore passengers can board”). Enforcing these
constraints ensures that the resulting storyline is
both temporally consistent and causally coherent,
preventing implausible event progressions that
would confuse readers or break narrative logic.

» Soft ordering preferences: pairs of events in
which one certain ordering is not strictly required
but is narratively preferable. Beyond strict depen-
dencies, many event pairs exhibit a preferred di-
rectionality that, while not mandatory, enhances
the naturalness and readability of the story. We
guide GPT-4.1 to identify such event pairs by con-
sidering narrative conventions, such as present-
ing problems before resolutions, or moving from
broader context to specific detail. Together with
the strict constraints, these soft preferences allow
the resulting storyline to not only “make sense”
but also “feel right”, and therefore to be aligned
more closely with how humans intuitively struc-
ture stories.

GPT-4.1 outputs a list of such constraints and pref-
erences, along with the underlying rationale for
each ordering. These constraints and preferences
are then jointly considered in a second round of
reasoning, where we prompt GPT-4.1 again to pro-
duce a final ordering of the five events that best
satisfies the identified constraints and preferences.



Bridging Narrative Gaps with Intermediate
Events. Even with a well-ordered event sequence,
the resulting storyline may still exhibit implicit
gaps if important intermediate steps between con-
secutive events are missing, such as missing tran-
sitions, motivations, or actions. To address this,
we prompt GPT-4.1 to examine the ordered event
sequence, and then to generate novel intermediate
events that function as bridging steps between the
original five while staying faithful to the original
user intent. These supplementary events serve to
provide a smoother narrative flow and ensure that
each segment of the story carries comparable narra-
tive weight while preventing abrupt shifts in pacing
or focus.

Expanding Story from Narrative Outline. Fi-
nally, we combine the ordered original events with
any newly generated intermediate bridging events
to construct a complete narrative outline. This en-
riched narrative outline is then provided to GPT-4.1
as input for the final expansion stage, where GPT-
4.1 elaborates the narrative outline into a full story
that faithfully reflects the original user intent. The
prompts we use are presented in Appendix C. An
example of multimodal stories generated by our
method is presented in Figure 2.

5 Evaluation

We conduct four sets of experiments to com-
prehensively evaluate the effectiveness of our
narrative-centric image selection and content plan-
ning method. In subsection 5.1, we perform au-
tomated evaluation using GPT-5 to rate the multi-
modal stories produced by our method and a base-
line method across multiple evaluation criteria. In
subsection 5.2, we perform human evaluation in
which annotators make pairwise comparisons be-
tween stories generated by two methods and in-
dicate their preferences with respect to multiple
dimensions. In subsection 5.3, we perform abla-
tion studies to verify the necessity and contribution
of each component in our framework. In subsec-
tion 5.4, we perform fine-grained analyses of in-
dividual operations in our framework to examine
whether they behave as intended.

5.1 Automated Evaluation

LLM-as-a-Judge has been frequently used for au-
tomatic assessment across a wide range of natu-
ral language generation tasks (Gilardi et al., 2023;
Zheng et al., 2023; Liu et al., 2023b). Following

this paradigm, we employ GPT-5 to automatically
evaluate the quality of the multimodal stories pro-
duced by our method. For comparison, we con-
struct a baseline method that retrieves the top-5 im-
ages most relevant to the user query, prompts GPT-
4.1 to generate narrative-style event descriptions
for each retrieved image, and then directly com-
poses a full story from the five resulting events with
GPT-4.1. To ensure a fair comparison, we reuse
parts of the prompts introduced in Appendix B and
Appendix C. Additionally, we control for output
length in both methods by explicitly instructing
GPT-4.1 to generate stories containing no more
than 1,000 words.

For both methods, we evaluate a total of 200
multimodal stories, each generated in response to
a unique user query across 40 distinct topics (5
queries per topic). Each sample consists of a natu-
ral language story accompanied by five associated
images. We design a comprehensive evaluation
protocol spanning multiple dimensions: the first
three focus on single-modality aspects (text or im-
age alone), while the remaining four capture cross-
modal properties that jointly assess the interplay
between text and images.

* Logical Sense: How well do the story’s events
follow plausible reasoning and causal structure?

* Naturalness: How fluent and human-like does
the story feel in terms of storytelling style?

* Visual Engagement: How compelling, stimulat-
ing, and attention-grabbing is the visual compo-
nent of the story?

* Coherence: How well do the text and images
work together to form a unified continuous story?

* Novelty: How original and creative are the
story’s textual and visual components?

* Text-Image Alignment: How well do the text
and images match in terms of content, semantics,
and narrative focus?

* Faithfulness to User Intent: How well do the
story’s textual and visual components jointly ful-
fill the user’s intended theme, tone, and narrative
goal?

Following the standard practice in recent work on
evaluating interleaved image—text generation (An
et al., 2024; Liu et al., 2024b; Xu et al., 2025; Nie
et al., 2025), for each multimodal story sample, we
prompt GPT-5 to provide a numerical rating (1-5
scale) for every evaluation dimension based on the
fine-grained rubrics defined in Appendix D.
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Figure 1: Automated evaluation results comparing our
method with the baseline, showing the average GPT-5
ratings across seven evaluation dimensions.

Results are presented in Figure 1, where we re-
port the average ratings across 200 samples for
each evaluation dimension. Our method consis-
tently outperforms the baseline by a substantial
margin in logical sense, visual engagement, co-
herence, novelty, and text-image alignment, clearly
demonstrating the effectiveness of our method. It is
also observed that the performance improvements
in naturalness and faithfulness to user intent are
relatively modest. We further investigate this in the
next section, where we conduct human evaluation
to obtain a more accurate and nuanced assessment.

5.2 Human Evaluation

In addition to the automated evaluation conducted
with the GPT-5 judge, we perform complementary
human evaluation to provide a more comprehensive
performance assessment. Human judgment has
long been regarded as the gold standard for evalu-
ating language generation tasks such as story gen-
eration (Celikyilmaz et al., 2020; Caglayan et al.,
2020; van der Lee et al., 2021). Following this
standard practice, we randomly sample 100 pairs
of multimodal stories generated by our method and
the baseline method in response to the same user
queries. We then recruit human annotators to exam-
ine each pair and indicate their preferences through
pairwise comparisons. To ensure annotation qual-
ity, we recruit annotators on Prolific ($12/hr) who
speak English as their first language, and qualify
them by first asking them a screening question then
manually verifying their answers to discard anno-
tations from those who fail the screening. Each
story pair is evaluated by ten different annotators
across the seven evaluation dimensions defined in
subsection 5.1. To avoid potential positional bias,
we randomize the presentation order of the two
stories in each pair.

Results are presented in Table 1, which reports

the percentage of times multimodal stories gener-
ated by each method are preferred across seven
evaluation dimensions. Annotators’ preferences
with a fair average inter-annotator agreement mea-
sured by Fleiss’s kappa (Fleiss, 1971) indicate that
compared to the baseline, our method consistently
produces more natural, coherent, and novel multi-
modal stories that logically make more sense while
exhibiting better visual engagement and text-image
alignment. The faithfulness to user intent remains
comparable between the two methods, which we at-
tribute to the reuse of prompts that instruct GPT-4.1
to reflect the original user intent during generation.
We present a pair of multimodal story examples
in Appendix E with a detailed comparison, where
the one generated by our method (Figure 2) is pre-
ferred over the baseline output (Figure 3) across
all seven evaluation dimensions, according to the
majority vote of ten annotators.

5.3 Ablation Study

We conduct ablation studies to examine the contri-
bution of the two key components of our method—
narrative-centric image selection (§4.1) and content
planning (§4.2)—to the overall quality of the gener-
ated multimodal stories. These ablation studies aim
to both quantify their impact and verify their neces-
sity by comparing the full method against ablated
variants. Specifically, Ablation #1 retains narrative-
centric content planning but skips image selection,
while Ablation #2 performs narrative-centric image
selection without content planning. We evaluate
both ablated variants through human evaluation fol-
lowing the same setup described in subsection 5.2.
Annotators’ preferences, reported in Table 1 with
a fair average inter-annotator agreement, indicate
that both components are essential for enhancing
the logical sense, naturalness, coherence, and nov-
elty of multimodal stories. Moreover, we find that
narrative-centric content planning, rather than im-
age selection, plays a more critical role in improv-
ing text-image alignment. Finally, since visual en-
gagement solely depends on the visual modality,
we do not conduct ablations on this dimension, as
narrative-centric content planning has no impact
on it.

5.4 Analysis

Since the two components of our method comprise
five core individual operations, it is necessary to
verify the effectiveness of each operation through
fine-grained analyses. For each operation, we ran-



Methods Logical Sense Naturalness Visual Engagement
Win% Lose% Tie% | Win% Lose% Tie% | Win% Lose% Tie%
Ours v.s. Baseline 82.7%* 6.8 10.5 | 51.4* 19.2 294 | 48.0* 20.7 31.3
Ours v.s. Ablation #1 73.9%*% 54 20.7 | 38.8 26.3 349 | — — —
Ablation #1 v.s. Baseline | 78.4** 15.6 6.0 45.3 21.4 333 | — — —
Ours v.s. Ablation #2 76.2*%* 15.0 8.8 51.0*% 16.1 329 | — — —
Ablation #2 v.s. Baseline | 69.4** 8.3 22.3 | 43.7 19.0 373 | — — —
Methods Coherence Novelty Text-Image Alignment | Faithfulness to User Intent
Win% Lose% Tie% | Win% Lose% Tie% | Win% Lose% Tie% | Win% Lose% Tie%
Ours vs. Baseline | 86.5%* 3.9 96 | 74.0%* 153 107 |[413 225 362 |201 130  66.9%*
Ours v.s. Ablation #1 70.3%% 16.4 13.3 | 58.6** 18.0 234 | 29.7 21.6 48.7* | 28.6 10.2 61.2%*
Ablation #1 v.s. Baseline | 81.0** 13.1 5.9 49.7* 22.8 275 | 44.2 19.4 36.4 | 20.7 8.5 70.8%*
Ours v.s. Ablation #2 | 75.9%% 17.5 6.6 |521*% 145 334 | 49.5% 254 251 | 143 1238 72.9%%
Ablation #2 v.s. Baseline | 63.8%* 15.3 20.9 | 66.5%* 6.4 27.1 | 26.2 322 41.6 15.0 17.7 67.3%*

Table 1: Human evaluation results for both the comparison against the baseline and the ablation studies, showing the
percentage of times multimodal stories generated by each method are preferred across seven evaluation dimensions.
“Win” means the method on the left is preferred. ** indicates results are significant at p < 0.01 (* at p < 0.05)
confidence level. We do not conduct ablations on visual engagement, as narrative-centric content planning has no

impact on this single-modal property.

domly sample 100 instances and recruit 10 annota-
tors to examine them and assess whether the opera-
tion behaves as intended. Results are as follows:

* Diversity Ranking: In 94% of cases, each of the
selected five events adds new narrative content,
characters, settings, actions, or plot directions
not covered by the rest four.

* Plausibility Check: In 90% of cases, each of the
selected five events is semantically and logically
compatible with the rest four.

* Ordering Events via Temporal and Causal De-
pendency Analysis: In 88% of cases, the iden-
tified constraints/preferences are reasonable and
the final ordering of five events plausibly satisfies
them.

* Bridging Narrative Gaps with Intermediate
Events: In 95% of cases, the generated interme-
diate events effectively function as bridging steps
between the original five while staying faithful to
the original user intent and avoiding any logical
flaws or contradictions.

* Expanding Story from Narrative Outline: In
97% of cases, the narrative outline is expanded
into a coherent and engaging story which main-
tains a clear arc, smooth transitions and natural
pacing while staying faithful to the original user
intent.

These results demonstrate that the five individual
operations function reliably in isolation, and that

errors do not propagate or amplify downstream: the
high per-step accuracy across all five operations
indicates that the framework is robust against early-
stage imperfections.

6 Conclusions

We presented a new task, multimodal story gener-
ation from image collections, which departs from
traditional multimodal storytelling paradigms by in-
troducing realistic resource constraints into the gen-
eration process. This setting captures a widely en-
countered yet underexplored scenario in real-world
content creation, where stories must be composed
using a limited subset of images that must be re-
trieved from pre-existing visual assets. To address
the inherent challenges of this problem, we pro-
posed a narrative-centric image selection and con-
tent planning framework: it retrieves a diverse and
narratively compatible subset of images, organizes
them into a coherent event sequence, bridges narra-
tive gaps between them, and finally expands into a
full story. Our approach consistently outperforms
baseline methods across a range of evaluation cri-
teria, as verified by both automated metrics and
human judgments. Beyond demonstrating the ef-
fectiveness of our method, we also contribute the
first dataset tailored for this new task, enabling fu-
ture research on multimodal story generation under
realistic resource constraints.



7 Limitations

While our work represents an initial step toward
multimodal story generation from image collec-
tions, two limitations remain.

First, our study focuses on daily-life, educa-
tional, and child-oriented narratives, which, while
representative of many real-world use cases, does
not capture the full diversity of storytelling scenar-
ios. Future work could extend the task to more
domains such as long-form fiction, news narratives,
or multimodal documentaries.

Second, our study is currently limited to the En-
glish language. All datasets, prompts, and evalua-
tions are designed and conducted in English, which
means that our findings may not generalize to multi-
lingual or cross-lingual storytelling settings. Future
work could extend the task to multilingual datasets
and explore how narrative-centric image selection
and content planning behave in different linguistic
settings.
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A Prompts for Dataset Creation

Topic Brainstorming

You are an expert story designer tasked with brainstorming creative and diverse story topics
for a multimodal storytelling dataset. Each topic must be suitable for children's books,
educational content, or daily-life storytelling scenarios.

Generate **4Q unique story topics**. Each topic must include:
- A specific setting (WHERE the story takes place)
- Main characters (WHO is involved in the story)

Guidelines:

- Main characters in every story must include a young kid named John. You may include other
supporting characters if relevant, but John should always be the central character.

- Make the settings and characters highly diverse across all examples.

- Avoid repetition or generic placeholders.

- Return the results as a Python list.

User Query Creation

You are given a short story background consisting of two elements:
- *xWhere*x the story takes place: $WHERE.
- **Who** is involved in the story: $WHO.

Your task is to generate **5 distinct user queriesx* that an ordinary person might type when
asking an AI assistant to create a story based on this background.

Guidelines:
- Keep queries short, clear, and easy to understand.
- Make queries sound natural, like real user requests (not overly formal instructions).
- The 5 queries should reflect a variety of possible user intentions, including but not limited
to:
- requesting setting details
- focusing on character interactions
- asking for plot twists or conflicts
- Ensure diversity across the 5 queries.
- Return the results as a Python list.




Event Brainstorming

You are given three inputs that define the story request and background (where and who):

* **xStory Request**: $USER-QUERY

* xx*Where*x the story takes place: $WHERE.

* xxWhox* is involved in the story: $WHO.

Based on the provided story request and background, your task is to generate xxfour distinct
sets of event momentsx*, each set outlining a coherent narrative arc for a possible story. Each

set should contain **exactly five event moments**, expressed as *xone concise sentence per
event momentx*.

### Requirements

1. **xStory coveragexx:
* Each set of five event moments should represent the x*major componentsx* (e.g., setup,
escalation, turning point, climax, resolution) of a coherent story.
* The full story implied by each set should naturally extend *xbeyond five event moments*x,
but the selected five should capture the **most important milestonesxx.

2. **Diversity**:
* The four sets must be *xdifferent from one another*x, in order to offer distinct narrative
trajectories.
* Within each set, all five event moments must also be **non-redundantx* and cover different
aspects of the story.

3. *xImage-friendliness**:

* Each event moment should be **visually concrete** and *xeasy to depictx* in an image.
* Avoid overly complex or abstract descriptions that would be difficult to illustrate.

4. xxForm**:

* Each event moment must be written as x*exactly one sentencexx.
* Use simple, vivid, and narrative-friendly language.

### Output Format
Return the results strictly as a **Python list of lists**, where:

* The outer list contains four inner lists (one per story set).
* Each inner list contains exactly five strings (one sentence per event moment).
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Image Generation

You are given an **event momentx* expressed as a concise sentence.

* *xEvent momentx*: $EVENT-MOMENT

Your task is to generate **one image*x that illustrates the given event moment.

### Requirements

1. **xThe generated image must stay true to the semantics of the given event momentx:

* **xText-to-visual alignment*x: The central actions, characters, objects, and settings
described in the event moment should be clearly reflected in the generated image.

* *xDetail enhancement**: It is acceptable to add fine-grained contextual details (e.g.,
background decorations, incidental characters, props, environmental cues) as long as they
enhance visual storytelling and do not contradict the event moment description.

2. x*The generated image should adopt a Cartoon stylexx:

* *xCharacter design*x: Characters should have rounded and child-friendly proportions.

* xxColor palette and line work**: Use bright, warm colors and clean outlines.

* **xVisual clarity*x: Characters, objects, and environments must be distinct and
unambiguous, avoiding clutter or confusing compositions.

* **Misc.*x: John is a young kid who wears glasses and a blue T-shirt (ignore this item if
John is not mentioned in the event moment).

16



B Prompts for Narrative-Centric Image Selection

Event Description Generation

You are given an image depicting a real-world scene. Your task is to generate a concise yet
informative **narrative-style event descriptionxx that captures the **main actionsx* and
*xsituationxx depicted in the image.

*xGuidelines: *x

- Focus on the main event and describe the key action(s) taking place, rather than listing all
objects or background details.

- Identify the key participant(s) and refer to them naturally within the narrative context. In
particular, if one of the participants in the image is John (a young kid wearing glasses and a
blue T-shirt), refer to him by name.

- Go beyond a literal caption and include essential contextual cues (e.g., setting, intent,
mood, or interaction) that help a reader understand the situation without seeing the image.

- Write in a coherent story-like tone as if this event description were part of a larger
narrative.

**%Qutput Format:** A short narrative-style event description (1-2 sentences).

Initialization

You are given a list of narrative-style event descriptions, each summarizing the main actions
and situation depicted in a different image related to the same topic.

**%EVENT LIST:#*%
$EVENT-LIST

Your task is to identify the SINGLE event that is most distinct from all the others in terms of
its narrative content, setting, characters, and action.

- "Distinct” means the event introduces a storyline element that is clearly different from the
majority, not just a small detail variation.

- Avoid events that are too similar to others or repeat common actions.

- Focus on those that offer a new narrative perspective or plot direction.

**0Qutput Format:xx
- Index: [@-based index of the most distinct event in EVENT LIST]




Diversity Ranking

You are given two sets of narrative event descriptions:

**SELECTED POOL : **
$SELECTED-POOL

**UNSELECTED POOL : *x*
$UNSELECTED-POOL

Your task is to identify the event in the Unselected Pool that is most diverse relative to the
events in the Selected Pool.

- "Diverse” means the event adds NEW narrative content, characters, settings, actions, or plot
directions not already covered by the Selected Pool.

- Prioritize events that introduce COMPLEMENTARY story elements rather than redundant ones.

*%0Qutput Format:xx
- Index: [@-based index of the most diverse event in UNSELECTED POOL]

Plausibility Check

You are given:

**SELECTED POOL : **
$SELECTED-POOL

**CANDIDATE EVENT:**
$CANDIDATE-EVENT

Your task is to evaluate whether the Candidate Event is both SEMANTICALLY and LOGICALLY
compatible with the events in the Selected Pool.

- "Semantically compatible” means the characters, setting, and world are consistent and
plausible within the existing context.

- "Logically compatible” means the event could plausibly occur before, after, or alongside the
others without contradicting them.

- If the Candidate Event is both SEMANTICALLY and LOGICALLY compatible with all the events in
the Selected Pool, return "Compatible”; if the Candidate Event is NOT SEMANTICALLY or LOGICALLY
compatible with at least one of the events in the Selected Pool, return "Not compatible”.

Here are a few examples with explanations to guide your reasoning:
$FEW-SHOT-EXAMPLES

**%Qutput Format:#**
- Verdict: "Compatible” or "Not compatible”
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C Prompts for Narrative-Centric Content Planning

Pairwise Event Relation Identification

You are a narrative reasoning expert analyzing temporal/causal relations.
You are given 5 unordered narrative event descriptions:

**%EVENT LIST:*%
$EVENT-LIST

**xTask:** Qutput two lists:

1) Strict Precedence Constraints: pairs where one must occur before the other, based on
temporal context cues and commonsense preconditions.

2) Soft Ordering Preferences: pairs where a direction is preferred but not mandatory, based on
narrative conventions, natural progression, and readability.

For each pair, explain WHY in 1-2 sentences.

Here are a few examples with explanations to guide your reasoning:
$FEW-SHOT-EXAMPLES

Return ONLY a Python dictionary following this schema:

{
"strict_constraints”: [
{"before"”: "EVENT_X1", "after”: "EVENT_Y1", "reason": "..."},
{"before"”: "EVENT_X2", "after”: "EVENT_Y2", "reason": "..."},
]’
"soft_preferences”: [
{"preferred_before”: "EVENT_A1", "preferred_after”: "EVENT_B1", "reason”: "..."},
{"preferred_before”: "EVENT_A2", "preferred_after”: "EVENT_B2", "reason”: "..."},
1
3

\

Final Ordering Judgment

You are an expert story planner. Create the most plausible/natural order that satisfies ALL
strict constraints and as many soft preferences as possible.

**%EVENT LIST:**
$EVENT-LIST

*%*STRICT CONSTRAINTS:**
$STRICT-CONSTRAINTS

**SOFT PREFERENCES: **
$SOFT-PREFERENCES

Return ONLY a Python dictionary following this schema:

{
"ordered_events”: ["EVENT_1", "EVENT_2", "EVENT_3", "EVENT_4", "EVENT_5"]

}
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Bridging Narrative Gaps with Intermediate Events

You are a professional story writer. Examine each consecutive event pair in ORDERED EVENTS and,
ONLY if a meaningful gap exists (missing transition/motivation/action), add ONE novel bridging
event. Make sure to stay faithful to the user query indicating a story intent.

**USER QUERY : %%
$USER-QUERY

*%*ORDERED EVENTS: %%
$ORDERED-EVENTS

*xGuidelines: **
- Add a bridging event only when warranted; skip event pairs that already read smoothly.
- Keep each bridging event 1-2 sentences and ensure temporal/causal plausibility.

Return ONLY a Python dictionary following this schema:
"bridging_events": [

{"between”: ["EVENT_i", "EVENT_{i+1}"], "bridge_event”: "..."3},
{"between”: ["EVENT_j", "EVENT_{j+1}"1, "bridge_event”: "..."},

Expanding Story from Narrative Outline

You are a professional story writer. Expand the narrative outline into a coherent, engaging
story (no more than 1000 words). Maintain a clear arc, smooth transitions, and natural pacing.
Make sure to stay faithful to the user query indicating a story intent.

*%*USER QUERY : %%
$USER-QUERY

**NARRATIVE OUTLINE:*x
$NARRATIVE-OUTLINE
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D Evaluation Rubrics
* Logical Sense: How well do the story’s events follow plausible reasoning and causal structure?

— 5: All events follow plausible reasoning and causal structure.

— 4: Most events are logically connected and plausible, with only minor inconsistencies or unclear
causal links.

— 3: The story is mostly understandable but contains a few questionable or unexplained event
transitions.

— 2: Logical flaws, contradictions, or gaps frequently occur, making the story difficult to follow.

— 1: The story lacks internal logic, with gaps or contradictory events that break narrative reasoning.

» Naturalness: How fluent and human-like does the story feel in terms of storytelling style?

— 5: The story reads naturally, resembling a human-written narrative with realistic language.
— 4: The story reads mostly naturally, with only occasional awkward phrasing.

— 3: The story is readable but contains multiple unnatural phrases or stiff expressions.

— 2: The story contains frequent awkward phrasing that disrupts immersion and readability.

— 1: The story is highly unnatural or machine-like, with very poor readability.

* Visual Engagement: How compelling, stimulating, and attention-grabbing is the visual component
of the story?

— 5: The images are visually rich and emotionally evocative, greatly enhancing immersion and
storytelling impact.

— 4: The images are engaging and relevant, though some could be more impactful or diverse.
— 3: The images are moderately engaging but feel repetitive or lack strong narrative momentum.
— 2: The images are bland, uninspired, or fail to enhance the story’s atmosphere.

— 1: The images are uninteresting, irrelevant, or detract from the narrative experience.

* Coherence: How well do the text and images work together to form a unified continuous story?

— 5: Text and images interweave seamlessly into a single continuous narrative. Visuals build
cohesively on the written story and contribute to a clear unfolding progression from beginning
to end.

— 4: The story generally flows smoothly across text and images, with only minor disruptions in
continuity.

— 3: The overall storyline is understandable, but noticeable breaks, uneven pacing, or weak
transitions between textual and visual parts reduce the sense of a cohesive whole.

— 2: Frequent disruptions, inconsistencies, or abrupt narrative jumps between text and images
make the story feel fragmented or loosely stitched together.

— 1: Text and images fail to come together as a single narrative. The story feels disjointed,
disorganized, or difficult to follow as a continuous multimodal sequence.

* Novelty: How original and creative are the story’s textual and visual components?
— 5: The story is highly original, imaginative, and surprising, offering unique perspectives or
creative elements.
— 4: The story is generally creative with some fresh elements, though parts feel familiar.
— 3: The story contains a mix of predictable and moderately novel aspects.
— 2: The story is mostly generic or derivative, with little originality.

— 1: The story is completely conventional, cliché-ridden, or repetitive with no creative value.
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* Text-Image Alignment: How well do the text and images match in terms of content, semantics, and
narrative focus?

— 5: All images accurately depict and enrich their corresponding textual events, creating a tightly
integrated multimodal narrative.

— 4: Most images align well with the text, with only minor mismatches or ambiguities.

— 3: Several images are loosely related to the text but fail to deepen the story’s meaning.

— 2: Frequent misaligned or irrelevant visuals disrupt the connection between text and images.
— 1: The images are largely unrelated to the textual narrative.

* Faithfulness to User Intent: How well do the story’s textual and visual components jointly fulfill
the user’s intended theme, tone, and narrative goal?

— 5: The story is fully faithful to the desired theme, tone, and narrative goal.
— 4: The story is largely faithful with minor deviations or missing nuances.
— 3: The story is partially faithful to the user intent but misses some aspects.
— 2: The story contains frequent divergence from the user intent.

— 1: The story ignores or contradicts the user’s intended narrative direction.
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E A Pair of Multimodal Story Examples

We present a pair of multimodal story examples in Figure 2 and Figure 3, where our method is preferred
over the baseline across seven evaluation dimensions according to human annotators’ majority votes.
Compared with the baseline output, the multimodal story generated by our method demonstrates a higher
level of narrative quality and sophistication. The events in our story unfold in a logically coherent
sequence, with each development naturally leading to the next rather than feeling arbitrarily stitched
together. This strong causal and temporal structure enables the narrative to follow a clear and compelling
dramatic arc—beginning with a well-established exposition, steadily building tension through rising action,
reaching a climactic turning point, and then resolving gracefully through falling action and denouement.
As aresult, our story reads more like a carefully crafted human-written narrative, complete with engaging
twists and thoughtfully designed plot turns that keep the reader captivated from start to finish. In contrast,
the baseline story suffers from loose and sometimes forced event connections, giving the impression of a
disjointed list of happenings rather than a cohesive narrative. Its plot progression is flat and monotonous,
lacking the emotional highs and lows that make a story memorable, and thus the overall reading experience
is relatively dull. Furthermore, our story showcases greater diversity and richness in visuals and the
resulting narrative scope—it spans a broader temporal range across two days and transitions from daytime
to nighttime settings, adding depth and dynamism to the storytelling. The baseline, by comparison,
remains confined to a shorter, single-day timeline, which limits narrative variety and makes the story feel
more constrained and less immersive.
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It was a crisp autumn afternoon when John arrived at Pinewood National Forest
with his parents for a long-awaited camping trip. The leaves danced in shades of
amber and crimson, and the air buzzed with a quiet excitement. John, a curious
and observant ten-year-old who’d always dreamed of becoming a park ranger,
felt as if this weekend had leaped straight out of his dreams. Shortly after setting
up their tent near the visitor center, a ranger called the campers together for a
safety briefing at the trailhead. A large bear warning sign stood beside the
clearing, looming over the gathered guests. Together, families circled around the
ranger as he spoke. “Bears are rarely aggressive,” the ranger explained, his voice
calm but firm, “but you need to know what to do if you encounter one. Always
stay calm. Never run. Make yourself look tall. And most importantly, stay
together.” John stood close to the sign, his eyes wide, soaking in every word. He
asked thoughtful questions: “What if the bear has cubs?” “What should we do if
it comes near our campsite?” His earnestness made the ranger smile and nod at
him in encouragement. Afterwards, the families scattered —some wandered to
picnic sites, others set out on gentle trails. John and his parents decided on the
Whispering Pines Loop, known for its sweeping views and glimpses of wildlife.
The sun was setting by the time they returned to camp for dinner, and as the first
stars appeared, a ranger jeep streaked past, siren lights flashing through the
trees. Two rangers dove out and began searching the woods with flashlights,
their beams cutting through the growing darkness. John watched in silence,
unease twisting in his chest. The head ranger took notice and approached
quietly. “There’s been a report,” he confided. “A family’s child hasn’t returned
from Ridgeline Trail. We think their child may have gotten separated.” Hearing
this, John’s heart pounded. Ridgeline Trail cut deeper into the forest with rougher
terrain. He wanted desperately to help but knew he should stay back. Still,
something told him his weekend in the forest would change by morning.

At dawn, John was awake before anyone else, sketchpad in hand, walking the
near trails and stopping to draw clusters of pinecones and mushrooms. As he
rounded a bend, something unusual caught his eye—a torn piece of red fabric,
fluttering where it had snagged on a branch. A chill crept up his spine. He knelt to
examine it and saw small, scattered footprints leading off the main trail. They
looked like they belonged to a child, messy as if the owner had been running or
limping. “Rangers!” John called, his voice clear and urgent. “Over here!” Within
minutes, rangers hurried over, eyes scanning John’s discovery. One used a
loudspeaker to call out for the missing person, while another pulled out a
compact emergency kit. “You did good, John,” the head ranger said, voice
steady. “She can’t be far.” They followed the path with caution, moving deeper
into the brush. At last, behind a low stone outcrop near a trickling brook, they
found her: a girl in a red shirt, sitting on the ground, face pale and streaked with
tears. “| tried to find my parents,” she whimpered. “But then a raccoon scared
me, and | fell.” Her knee was badly bruised, clearly twisted, and it was obvious
she’d spent a cold, lonely night outdoors. “You're safe now,” John assured her
gently. “They’re coming.” He stayed at her side, comforting her while a ranger
bandaged the injury, whispering encouragement and softly distracting her from
the pain. “You were really brave,” the ranger told the girl. “Just like John here.”
Moments later, the girl’s parents—faces drawn with worry and hope—arrived,
falling to their knees in relief. Tears and gratitude flowed freely as the head ranger
radioed for an ATV to transport the little girl safely back.

The rest of the day blurred into warmth and celebration. John, modest but proud,
was hailed as a hero at the visitor center. He spent the afternoon with the
rangers, learning how to use a two-way radio, read trail maps, and spot animal
tracks. To his surprise, the head ranger presented him with a shiny “Junior
Ranger” badge. The rescued girl—smiling now, wrapped in a soft blanket—stood
with her family, waving shyly at John. The two rangers strolled over, shaking
John’s hand. “You really have the heart of a ranger,” the head ranger told him.
“Maybe someday, we’ll see you out here in uniform.” John grinned wide, pride
shining in his eyes. The other ranger added, “You didn’t just help us—you
brought a family back together. Thank you.” At sunset, the two rangers waved
goodbye to John, the girl, and her grateful family, then disappeared toward their
jeep. That night, tucked in his sleeping bag beneath a canopy of moonlit
branches, John realized the forest wasn’t just a place of adventure and beauty—
it was a place that asked for courage, vigilance, and heart. And deep inside, John
knew that, one day, he wouldn’t just be camping in these woods. He’d be
protecting them. Just like a ranger.

Figure 2: A multimodal story example generated by our method, in response to the user query “Give me a story
where John helps the park rangers solve a problem. (John is a young kid who wears glasses and a blue T-shirt).” We
apply distinct color highlights to both the images and the story segments to visually illustrate their correspondence.
[GPT-5 Judge’s Ratings: Logical Sense: 5/5, Naturalness: 5/5, Visual Engagement: 5/5, Coherence: 5/5, Novelty:
4/5: Text-Image Alignment: 5/5, Faithfulness to User Intent: 5/5.]
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On a gentle summer morning, John laced up his hiking boots and straightened
his blue T-shirt, ready for another day at Pine River Park. Today was special. For
weeks, he’d admired the work of the park rangers, always hoping for a chance to
join in their adventures. As he adjusted his glasses, he spotted a familiar green
truck rolling up near the forest trailhead. His heart skipped—a pair of rangers,
badges shining, stepped out with a friendly wave. “Hey there! You must be
John,” called Ranger Val, her hands full of rescue gear and a walkie-talkie
dangling at her side. The second ranger, Pete—tall, broad-shouldered, but with a
kind smile—gave John a respectful nod. The rangers were clearly prepared for a
busy day, and John couldn’t believe his luck as he greeted them eagerly.

The trio quickly set off into the lush forest, sunlight streaming through the thick
boughs overhead. John peppered the rangers with questions about animal
habitats and safety: “How do you know if there’s a bear nearby? What’s the
strangest thing you’ve ever found?” As they walked, Val and Pete explained
everything and even let John carry a spare set of binoculars. Not long into their
hike, John spotted a group of volunteers gathered on the main path, collecting
litter with bags and gloves. Among them was a young girl balancing a stack of
rusty cans and an older man straining to pick up a crumpled soda bottle in the
underbrush. The rangers and John joined in, and, with lively conversation and
plenty of teamwork, they cleared wrappers, bottles, and old newspapers from the
trail. John’s spirit was infectious —under his watchful eye, nobody overlooked
even the smallest scrap of trash. By the time they finished, the path was pristine,
and a real sense of pride buzzed in the afternoon air. After saying goodbye to the
volunteers, the rangers led John deeper into the woods. They stopped near a
sturdy wooden sign with a painted bear paw, where a small crowd of anxious
visitors had gathered. The mood shifted as the group took in the serious warning:
“BEAR ACTIVITY —STAY ALERT.” Pete raised his hand to settle everyone down
and began explaining what to do if they encountered wildlife. “Stay calm. Never
run. Make yourself look big,” he instructed, scanning the nervous faces. John
listened with rapt attention, soaking up the practical advice. The importance of
being prepared struck him—nature was incredible, but it demanded respect.

After the talk, Val suggested they check by the riverside. As they slipped through
a patch of tall ferns, John heard a faint whimpering sound. At the muddy water’s
edge, a small otter sat hunched, twisting in distress. Its paw was tangled in a
length of fishing line. Heart pounding, John knelt beside the creature, whispering
soothing words while the rangers worked quickly. Val snipped the string away,
and John gently comforted the otter, who soon slipped free and darted into the
rushing water, safe and relieved. The teamwork filled him with a newfound
confidence. They decided to circle back toward the ranger station, but as they
approached the grassy clearing, John stopped suddenly. His sharp eyes caught
something odd—deep paw prints, pressed fresh into the dirt, trailing off toward
the trees. Excitedly, he pointed them out. The rangers hurried over, examining the
tracks with curiosity and concern. “Good catch, John,” Pete said, kneeling to
study the prints. “These are too big for a dog... and see the shape? Could be a
young bear wandering through.” Just then, a mischievous raccoon crept out from
behind John’s backpack, rooting around for a snack and adding to the scene’s
lively commotion. With their adrenaline rising, the group quickly sprang into
action. Val cordoned off the area and marked the tracks for further study, while
Pete called in an update to the ranger base. They worked as a team, following
the trail, making sure no visitors accidentally crossed paths with the wandering
animal. The rangers praised John’s sharp eyes—his discovery had helped them
keep both the bear and the people safe.

Later, as the sun dipped behind the hills, John returned to the ranger station. He
felt exhilarated but also humbled by the day’s challenges and teamwork. The
rangers thanked him warmly, shaking his hand as if he were one of their own. As
he walked home, John thought of all he had learned —about nature’s wonders
and dangers, about teamwork, about how even small actions could make a
difference. That evening, when his parents asked about his day, John beamed. “I
got to help the rangers save an otter and keep the park safe. | think | found my
calling,” he declared, the excitement of a day well spent shining in his eyes. And
s0, John knew—he’d return to Pine River Park again and again, always ready to
lend a helping hand.

Figure 3: A multimodal story example generated by baseline method, in response to the user query “Give me a story
where John helps the park rangers solve a problem. (John is a young kid who wears glasses and a blue T-shirt).” We
apply distinct color highlights to both the images and the story segments to visually illustrate their correspondence.
[GPT-5 Judge’s Ratings: Logical Sense: 4/5, Naturalness: 5/5, Visual Engagement: 4/5, Coherence: 5/5, Novelty:
4/5: Text-Image Alignment: 4/5, Faithfulness to User Intent: 5/5.]
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