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Abstract
This paper presents a mobile application that exploits interactive
narrative storytelling throughGPT-4 and a custom image generative
pipeline to improve cultural tourism experiences. The application
helps tourists visiting cities to program and personalize cultural
city tours creating stories with the user as the protagonist. The app
guides the users to choose Point-Of-Interests (POIs) and narrative
genres of the narrative while the image generation pipeline provides
them with visual and coherent representations of their actions
in the story contributing to a more immersive and personalized
experience. Technical challenges include producing coherent stories
and real-time and quality images, maintaining visual composition
and person identity, including multiple concepts, through prompt
engineering. We validate the effectiveness of the application and
the image generative pipeline through users studies which evaluate
the educational potential of our approach.
CCS Concepts
• Information systems→Multimedia content creation; •Com-
puting methodologies → Artificial intelligence; • Applied
computing → Media arts.
Keywords
AI, storytelling, cultural heritage, cultural tourism, stable diffusion,
image generation, personalization, GPT-4
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1 Introduction
Narrative storytelling has proven to be effective in enhancing
knowledge and learning [32] as it can evoke a high level of user
engagement, known as ‘state-of-flow’ [22]. In the context of cul-
tural tourism, storytelling serves as a means to strengthen the value
proposition of locations and, consequently, enhance cultural expe-
riences [3]. Literature preceding the advent of generative systems
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since 2019 has mostly focused on rule-based logical generation of
narrative stories either manual or based on hand-crafted algorithms
[21, 34, 37, 44]. More recently, scientific literature has concentrated
on the study of systems providing storytelling through human-AI
collaboration. Li et al. [19] conduct an exhaustive analysis of 60
articles examining the roles played by humans and AI at various
levels. However, before the introduction of LLMs, even the top
story generation systems, including those utilizing transformer
architectures, had difficulty to produce coherent stories with well-
developed characters and plots [2]. The past two years instead have
seen the emergence of powerful generative systems based on LLMs
(e.g., GPT-3.5, GPT-4 [1], GPT-4o1, Llama2 [40]) and image genera-
tive models such as DALL-E [25, 26], Midjourney2, stable diffusion
[29], and GPT-4o, capable to provide a significant contribution to
data storytelling due to their proficiency in natural language and
text-to-image generation. These models, trained on vast datasets,
have the ability to mimic the patterns typical of human writing and
creativity [11, 33].

1.1 Interactive digital storytelling
Interactive digital storytelling has long been an important factor
to the engagement, comprehension, and education of students in
the field of cultural heritage and beyond, especially when provided
through serious gaming [6, 28, 36] and, more recently, automated
storytelling [16]. Trichopoulos [41] examines GPT’s function as
a digital storytelling tool, which can be trained and directed to
serve as both a museum guide and a recommendation system. The
author shows how GPT-4 represents a significant leap forward in
AI-driven natural language processing, for its enhanced contextual
understanding, improved coherence, and a broader knowledge base,
and how it can be exploited to provide engaging stories that meet
the specific interests and preferences of museum-goers. Colucci
et al. [7] explore the possibilities offered by interactive conversa-
tion managed by virtual agents to enhance the user experience
through personalized dialogues and contextualized information.
Several automated conversational tools based on transformer mod-
els are reviewed, i.e. GPT, BERT [8], XLNet [46] and RoBERTa [20],
showing how GPT (Generative Pre-trained Transformer), although
it demands considerable computational power, is the best choice
for the development of cultural heritage applications, ensuring
versatility across different tasks [45].

1https://platform.openai.com/docs/models
2https://www.midjourney.com/home
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1.2 Generative illustrations
The contribution of visual illustration of narrated stories in enhanc-
ing the comprehensibility and learnability of text is well known [5].
In this regard, the support provided by modern image generative
models (IGMs) is crucial for their ability of seamlessly creating im-
ages and videos that align with the logical and temporal sequence of
events described in the text [15, 39]. Consequently, these systems
offer significant opportunities for automating story production,
serving as illustrators where AI can orchestrate logically coherent
stories, as demonstrated in [10, 14, 42]. Additionally, IGMs are now
not only capable of semantically consistent illustrations but also of
adapting to visual styles and user-specific preferences. However,
generating consistent character representations across different
contexts still remains a challenge. To fully immerse users in a story,
engaging plots must be complemented by coherent and personal-
ized visual imagery. Low-Rank Adaptation (LoRA) models have
shown promising results in this area [12]. These models, trained
on small, specialized image datasets, can be leveraged to main-
tain visual consistency throughout the narrative, promoting deeper
immersion. Another important issue with IGMs is related to the
implementation of real-time systems and applications. In fact, these
systems can face performance bottlenecks when used at runtime.
The issue stems from the extensive computing resources required,
especially in custom training or fine-tuning [17, 48]. On the other
hand, pre-trained IGMs, though flexible, struggle to compose mul-
tiple concepts together or to introduce personalizations based on
user preferences such as inpainting a specific concept, such as the
user face [24, 38]. To solve this issue, common approaches use
deep generative models conditioned on classes, images, and text
or exploit transfer learning for tuning whole models to single do-
mains via either fine-tuning all the parameters as in DreamBooth
[31] or introducing and optimizing a word vector through Textual
Inversion [9]. Kumari et al. [18] propose a method for composi-
tional fine-tuning of multiple concepts fine-tuning a subset of the
cross-attention layer parameters, significantly decreasing the time
required and outperforming DreamBooth and Textual Inversion.
However, it is still difficult to generate new images with variations
in poses, viewpoints, and backgrounds while maintaining stable an
original concept (as in the case of face inpainting). Recently, She et
al. [35] introduced InstantBooth, an innovative method for instan-
taneous, text-guided image personalization which doesn’t require
test-time fine-tuning. They propose an image encoder that converts
input images into a global embedding to capture the general con-
cept, and adapter layers that capture intricate identity details. The
evaluation demonstrate better perceptual quality, vision-language
alignment and identity preservation compared to DreamBooth, Tex-
tual Inversion, and ELITE [43]. InstantBooth achieves qualitatively
comparable results with our pipeline, which, however, produces
more predictable and consistent results while providing greater
control over the image structure.
2 The Storytelling Application
This article introduces an innovative mobile application3 that uti-
lizes LLMs-driven personalized storytelling accompanied by AI-
generated illustrations to enhance tourism experiences. The main

3A video of the app is available at https://tinyurl.com/64fk2aur, source code is on
GitHub at https://tinyurl.com/mv8swvj6

objective is to demonstrate the feasibility of using generative text
and AI-driven illustrative images in the context of a multime-
dia application that exploits interactivity, personalization and im-
mersiveness to enhance user experience and learning. The appli-
cation acts as a multimedia-enriched tour guide, leading users
through selected POIs in the cities of Rome, Florence and Venice
(IT) via an AI-generated narrative. Users can customize the story
by choosing specific locations as the story setting, selecting pre-
ferred genres, defining the protagonist’s appearance from selfies,
with the narrative adapting dynamically based on their choices.
Possible genres include adventure, history, romance. POIs are en-
riched with multimedia content: descriptions, panoramic images,
image carousels, videos, maps. User interactions involve explicit
AI-generated choices that suggest story progression (Fig. 1.2), so
providing immersive experiences not only tailored to user pref-
erences but which have the user as the main agent. The story is
generated through a dynamic template-based prompt that takes
user configurations from the app as input to the ChatGPT API.
The responses are encoded in JSON. Hallucinations are limited
through RAG, providing descriptions of selected POIs as context.
Furthermore, the application features a subsystem for image gen-
eration and personalization, where a custom AI-powered pipeline
generates images depicting the user as the protagonist within the
narrative. The multi-step image generation pipeline is designed
for fast image generation, high-quality composition, multiple con-
cepts incorporation, configurability of locations and themes, user’s
face inpainting, structure and identity preservation with the aim
of enhancing the sense of immersion. In this regard, our approach,
which combines several task specific generative models, outper-
forms single solutions requiring high-cost resources and extensive
fine-tuning, reducing randomness, ensuring consistent visual style
and better alignment with the story’s events, and enhancing the
overall narrative cohesion.

Figure 1: The app: 1) Generated story with contextual POIs:
descriptions accessible through sliding cards contextual to
POIs names; 2) Story progression choices; 3) An example of
a generated image contextual to the narrative.

As an example let’s consider a tour of Florence, IT, as shown in
Fig. 1. The app suggests several POIs within the city. Next, the user
chooses the story genre, e.g. a thriller. Then he selects a third-person
narrative perspective. Finally, he enters his name and takes the self-
ies, which will be used to visually represent him in the illustrative
images. Based on these inputs, the system generates a story. E.g.: the
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protagonist, modeled after the tourist, is depicted as a detective
investigating the theft of a famous painting housed in the Florence
Cathedral, in the 18th century. It is snowing, and the detective
decides to visit the cathedral for an inspection. The automatically
generated image, in Fig. 1.3, shows the detective/tourist, dressed in
a 18th century attire, walking near the Florence Cathedral.
3 The image generation pipeline

Figure 2: Text to Image generation pipeline in five steps.

The image generation pipeline, shown in Fig. 2, exploits the
Diffusers library4 to generate an image through the following
steps, starting with a predefined image of a location: step 1) modify-
ing the location theme,meteorological conditions and daytime/night-
time; step 2) inpainting a person in any pose using a control image;
step 3) enhancing photo-realism and image quality; 4) enhancing im-
age homogeneity 5) inpainting the face of the app user. The pipeline
is invoked asynchronously including in the prompt the text of the
main event of each story section, detected through the ChatGPT
API. Step 1 of the pipeline takes a base image and a computed
depth map [27] to output a transformed image with a new theme,
daytime and weather conditions. It uses two models: ControlNet,
which utilizes the depth map to understand the structure and lay-
out of the base image [47], and a photorealistic image generation
model5. An high value of strength is used to give more importance
to the prompt with respect to the image in case that both a differ-
ent theme and a new weather condition setting are given. In this
step, a process can also be activated to transform daytime images
into night-time versions, using instruct-pix2pix [4]. The theme is
passed as a parameter to the pipeline based on the user’s genre
selection, while the weather conditions and the distinction between
day and night are extracted through requests to OpenAI chat com-
pletions API. In Step 2, the process involves subject inpainting
with a specific pose. This step uses a model specifically trained
for inpainting [30], which is crucial because not all models are de-
signed for this task without significantly impacting the background
where the subject is inserted. The diffuser is conditioned by a mask
4https://huggingface.co/docs/diffusers/
5https://huggingface.co/dreamlike-art/dreamlike-photoreal-2.0

image to insert the subject in a specified area, enabling flexibility
in determining the field of view, whether medium or long. Addi-
tionally, a ControlNet is again used to define the subject’s pose or
action, providing further guidance for the inpainting process. The
pose and actions performed by the character are again extracted
through the OpenAI API, while the masks fed to the pipeline as
a constraint are images that represent the most common types of
atomic and behavioural actions such as smiling, crying, waving,
running, walking [23]. In Step 3, the objective is to enhance the
photorealism of the inpainted subject. In fact, in Step 2, while the
initial inpainting model is effective at preserving the background,
it often lacks the ability to produce high-quality, realistic subjects.
To tackle this, this step uses a different approach with a focus on
photorealistic content generation. This involves applying a mask
to define the specific area where the subject will be refined. The
mask ensures that the process remains focused on the subject, min-
imizing unintended alterations to other parts of the image. Careful
control of the generation strength is required to avoid significant
impact on the surrounding background and to maintain the original
pose. Step 4 aims to smooth the transition between the inpainted
subject and the original background exploiting the same model.
After enhancing the photorealism of the subject in previous step, a
noticeable boundary can appear between the altered area and the
untouched background. In this step, no mask is used. Instead, the
whole image is processed to blend the subject with the background.
A low strength setting is applied to gently harmonize the entire
image without affecting its overall content, reducing the visibility
of any inpainting edges. Step 5 focuses on inpainting the user’s
face onto the previously generated character. This step involves
combining a LoRA (Low-Rank Adaptation) model [13] trained on
the user’s face with a stable diffusion model [30] to achieve a real-
istic integration of the user’s features. A specific mask around the
character’s head is provided to the model. The images used to train
the LoRA model with the user’s facial features are captured during
the initial configuration of the story in the app, which prompts the
user to takes five selfies from different viewpoints (enough to focus
model’s learning on the particular characteristics of the user).
4 App evaluation
To test the quality and effectiveness of the application, we conducted
three user tests: the first, in Subsec. 4.1 evaluates the perceptual
quality of the generated images; the second evaluates the degree of
satisfaction, engagement, and immersiveness of the app through a
comparative study among user groups (Subsec. 4.2); the third, in
Subsec. 4.3, assesses the differences in learning outcomes among
the three groups regarding the acquisition of cultural knowledge
about the POIs presented in generated stories.

4.1 Image quality assessment
We conducted a user study to perceptually evaluate the results of
our image generation method. For each evaluation, each user was
shown two input images (the user face and the POI’s image that will
be used as the background), the prompt, and the image generated by
our pipeline. The user ranked the generated image on a Likert scale
from 1 (worst) to 5 (best) based on its visual quality, vision-language
alignment (adherence to the prompt), and identity preservation.
We selected 10 identities from the “person” category, with each
identity personalized using 10 prompts resulting in 100 unique
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evaluation samples (some examples for an identity are shown in
Fig. 3). The study was deployed via Amazon Mechanical Turk,
with at least 10 samples evaluated by 20 users. The results, shown
in Table 1, indicate the following average scores: The relatively

Aspect Average Score

Visual quality 2.8
Vision-Language alignment 4.2
Identity preservation 4.7

Table 1: Evaluation results for the image generation and
personalization pipeline.

low score in visual quality can partially be attributed to the use
of a low mid-range GPU which prompted us to opt for a rather
low resolution of the input images, balancing performance with
available hardware resources. However, the method demonstrated
a notable capability in achieving good vision-language alignment
and preserving identity, highlighting its potential.

Figure 3: Some personalized images generated for a story

4.2 Satisfaction, engagement, immersion
Three groups of 10 participants each were recruited for the study.
Group 1 (G1, Printed) used only printed-like descriptions and con-
textual images of the points of interest. Group 2 (G2, App Non-
Interactive) used the app without interactive AI-generated story
progression choices and image personalization. Group 3 (G3, App
Interactive) used the app with interactive AI-generated choices
for story progression and personalized images from the generation
pipeline depicting users as the protagonists. App users in G2 and G3
generated a story session, while users in G1 followed an itinerary
with a sequential description of the points of interest along a route.
For both G1 and G2, we provided photographic images of the places
or contextual images generated by Chat-GPT using story textual
information as the prompt. Participants were evenly distributed
across demographic variables to ensure a balanced representation.
After the session, participants completed a questionnaire evaluat-
ing their satisfaction, engagement and immersion. Responses were
recorded using a 1 to 10 point scale. Results: the data were ana-
lyzed to compare the three groups’ experiences. The results are
summarized in Table 2. G3 (App Interactive) reported significantly
higher immersion (M=7.8) compared to G1 (Printed) (M=2.9) and G2

Measure G1 (P) G2 (ANI) G3 (AI)

Satisfaction 6.4 5.5 5.8
Engagement 3.4 5.5 8.3
Immersion 2.9 6.5 7.8

Table 2: Comparison of satisfaction, engagement and immer-
sion between the Printed material (G1), App Non-Interactive
(G2) and App Interactive groups (G3).

(App Non-Interactive) (M=6.5), indicating that interactive elements
and personalized images greatly enhance user self-identification
in the story. Satisfaction scores were relatively similar across the
groups: G1 (M=6.4), G2 (M=5.5), and G3 (M=5.8). Engagement was
reported highest in G3 (M=8.3), followed by G2 (M=5.5) and G1
(M=3.4). To determine the statistical significance of the differences
between the groups, an ANOVA test was performed which showed
a statistic relevance for engagement (F(2, 27) = 28.63, p < 0.001)
and immersion (F(2, 27) = 27.61, p < 0.001). These findings indicate
that incorporating interactivity and AI-generated visual elements
significantly enhances user immersion and engagement. However,
satisfaction did not show a statistically significant difference across
the groups, suggesting that the observed scores might be due to
random variation rather than a systematic effect of interactivity
and AI-generated illustrations.

4.3 Learning outcomes assessment
ANOVA analysis was also used to compare the scores obtained by
the three groups (5 participants selected from groups in Subsec. 4.2)
in a cultural heritage multi-choices questionnaire (three choices) of
10 questions on the history of 10 POIs present in stories generated
by users in Group 3 (G3, AI). The 5 questionnaires with the highest
average score in each group were selected in order to exclude
users who had not fully understood the task and had not read
all the information about the POIs in the app. The provided mean
scores were Group 1 (G1, P): 𝑛 = 5, 𝑀 = 5.8, Group 2 (G2, ANI):
𝑛 = 5, 𝑀 = 4.5, and Group 3 (G3, AI): 𝑛 = 5, 𝑀 = 7.8. We obtained
an F-value of 36.5 and a p-value less than 0.05. The statistically
significant difference between the three groups indicates that the
interactive and visual elements enhance educational aspects more
effectively than both printed materials (G1) and the non-interactive
app (G2). Further investigation should be dedicated to the relatively
low score of Group 2. Nonetheless, it should be noted that the groups
are small, and the app should be evaluated in future research with
a larger number of users.
5 Conclusions
The article presented a mobile app for cultural tourism proposing an
innovative approach to enhancing cultural heritage experiences and
learning through personalized AI-based storytelling. As indicated
by the user studies we carried out, the system achieves a good level
of immersion and engagement through AI-generated narratives and
images visually representing users in the context of the stories. As
demonstrated by an initial evaluation, the solution has the potential
to promote learning in cultural heritage tourism and to offer a
novel, interactive way for users to engage with their surroundings.
Acknowledgments: this work was partially supported by “THE
SOCIAL MUSEUM AND SMART TOURISM”, MIUR project no.
CTN01 00034 23154 SMST.
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