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1. Introduction

Generative Al has become, in the last 5 years, a widespread phenomenon that permeates the daily lives of many
people. The most notorious examples of this are Large Language Models (LLMs), popularized through chatbot
applications such as ChatGPT [56], Gemini [72], DeepSeek [22] and many others. Most LLMs are models based
on transformers [78, 86], a specific neural network architecture. In this work, we will not engage with the
technicalities of how LLMs work. It will suffice for our needs to know the basic mechanism behind these kinds
of models. LLMs are at their core probabilistic models: they take a sequence of tokens (roughly corresponding
to words or parts of words) as input, called the context, and output a sequence of words, each word of which
is chosen based on probability sampling over a set of words. The probability of each possible word is computed
based on the context and the previously generated words [20, 86, 88]. Although this mechanism may seem
simple, the neural network structure of these models allows them to predict very accurately the "right word"
to produce. If adequately trained, the neural networks can develop the ability to produce responses to the
input that closely mimic human language and give the impression of intelligence. The capabilities of a model
depend on various factors, but are strongly correlated with the number of parameters of the neural networks
that constitute the model. Modern LLMs usually have no fewer than one billion (1B) parameters, and the
larger models available are estimated to have hundreds of billions of parameters [31, 45, 64, 86]. Large models
generally perform better than smaller ones [41, 86].

However, smaller models can outperform larger ones when fine-tuned for specific tasks |7, 15, 30|. Fine-tuning
consists of training a smaller model on domain-specific data to enhance performance on a targeted activity
[66]. Another very important aspect that influences the performance of an LLM is hyperparameter tuning.
However, hyperparameter tuning and fine-tuning are usually costly operations (especially the latter [68]) both
in terms of time and computational resources. Moreover, these methods apply only to a single model; if one
wants to experiment with other models, these procedures must be repeated. In complex scenarios, which require
performing a wide range of different tasks, large LLMs still outperform smaller ones.

Another important aspect when dealing with LLMs is prompting: using the right set of input words and the right
context can make a significant difference in the performance of an LLM. As noted in recent literature, prompt
engineering has emerged as an integral technique for extending the strengths and abilities of Large Language
Models to achieve significant performance gains in various Natural Language Processing tasks [21, 28].

The techniques described so far have been extensively explored in the literature and their validity is widely
accepted by the scientific community. However, LLMs have structural limitations that these techniques can at
best mitigate, not overcome. One of the main limitations of LLMs is their difficulty to maintain a large context.
In tasks that require a continuous flow of information, LLMs, especially smaller ones, fail to maintain a coherent
context and to extract from it the relevant information needed at each moment [39].

Interactive narrative tasks are a domain in which LLMs show the aforementioned weak points. Interactive story
generation requires maintaining a long context and performing different tasks at the same time (extracting
information from the user’s input, reasoning about the progression of the story, generating a coherent and
creative scene). Larger LLMs perform fairly well on interactive storytelling tasks, at least within the span
of a few scenes. However, smaller LLMs are limited by their simpler structure. Classic techniques (fine-
tuning, hyperparameter tuning, prompt engineering) can significantly improve the performance of small LLMs
in narrative tasks, but cannot address the context limitation, and the quality of the produced story reduces
scene by scene.

To address the problem of context and improve the quality of the stories produced in interactive narrative tasks,
our approach is to employ an external scaffolding application which supports the LLM in the generation of the
story.

Our goals in this work are:

e (1) to design a scaffolding architecture external to LLMs that can be used with any model;

e (2) to tailor this architecture for the goal of interactive storytelling;

e (3) to design an application that employs the architecture to offer an immersive interactive narrative
experience;

e (4) to test the architecture on a small LLM (less than 10 billion parameters) and see if it actually shows
improvement in the immersive interactive storytelling task. The goal is to see whether it is possible to
run such an application using limited hardware resources.

Inevitably, the design and implementation of this architecture will include (but will not be limited to) prompt
engineering. We will however neither perform fine-tuning nor hyperparameter tuning.

The goal of the architecture is to support the LLM in generating each scene of an interactive story. It does
so by providing all the necessary information while avoiding context explosion, and by performing additional
operations on both user input and generated output to assist story generation.



2. Related Works

Storytelling has always been an important aspect of human life. Theoretical and empirical research indicates
that storytelling and narrative activities support the construction of the self [14, 29|, the development of auto-
biographical memory [29], and the acquisition of linguistic and socio-cognitive skills [53]; moreover, storytelling
interventions have been linked to positive emotional outcomes such as resilience [62, 63].

Historically, storytelling has developed in tandem with social and technological progress. Originating in orally
transmitted epic poetry and later transitioning to written and illustrated texts, it eventually expanded into
visual media such as film, demonstrating how narrative forms adapt to the media through which they are
conveyed. Over the past fifty years, the emergence of the video-game medium has enabled the popularization
of highly interactive storytelling, in which player choices can significantly shape the course of the narrative.
The concept of interactive storytelling, in which the user’s decisions impact the flow of the narration, can be
traced back to 1930, with the book-game Consider the Consequences!, which allowed the reader to take choices
on the story course by jumping to specific pages. The book features three main characters, each with its own
ramified storyline, and the impressive number of 43 endings. This idea was later re-used for different books,
including the famous series of books Choose Your Own Adventure, which sold more than 250 million copies
between 1979 and 1998[18].

Another major break-trough in the interactive storytelling was the publishing in 1974 of the Table-top role-
playing game (TTRPG) Dungeons & Dragons, which popularized the genre and is still today the most known
example of TTRPG. The basic idea behind Dungeons & Dragons (and TTRPGs in general) is for the players
to cooperate in the creation of a story. Each player acts as a character in the story, with its own objectives,
personality and abilities. Among the players, one takes the role of the Game Master (GM), which guides the
other players through the unrevealing of the story.

Video-games represent the ideal medium through which approach interactive storytelling, since video-games are
inherently an interactive media. Most of modern video-games allows the player to choose among at least two
endings, while some titles specifically features different branches of the main story, which takes into account all
the choices taken by the player throughout the game.

Generative Al represents the latest major technological breakthrough, with profound implications for society.
Among the domains affected by this emerging technology is storytelling, where Large Language Models (LLMs)
have demonstrated notable advances in generating creative narratives, following the users instruction, yet still
exhibit potential limitations and biases.

In the following subsections, we break down in detail some of the topics previously introduced, when particularly
interesting for the purpose of this work. Moreover, we will analyze the current state of the art, and related
works on LLM and storytelling.

2.1. Traditional storytelling structures

The study of recurrent structures in narrative works dates back to Aristotle’s Poetics and has evolved throughout
history through the contributions of various authors. In this section, we retrace the main narrative structures and
patterns outlined by different scholars. The source for this overview is the article Survey on Narrative Structure:
from Linguistic Theories to Automatic Extraction Approaches [11], particularly Section 2. All primary sources
referenced in this subsection (mainly books) are cited within that article. The decision to reference only this
survey stems from the relatively marginal relevance of this section to the core topic of this work and from the
time-consuming nature of consulting all primary sources directly.

Aristotle classifies a narrative into three main parts: the beginning, where characters and settings are intro-
duced; the middle, where the conflict emerges and the protagonists become aware of the central problem; and
the end, where the problem is resolved and the protagonists’ situation returns to normal.

Propp identified recurring plot elements in his morphological study of folktales, which he termed functions. He
defines a function as “an act of a character, defined from the point of view of its significance for the course of the
action.” Each function involves characters filling specific roles, the dramatis personae. Propp identified seven
dramatis personae: Hero, Villain, Princess, Dispatcher, Donor, Helper, and False Hero. He also outlined 31
story elements organized into four spheres: the introduction, the body of the story, the donor sequence,
and the hero’s return.

Todorov and Weinstein further developed these ideas, proposing a five-step structure: equilibrium, disrup-
tion, realization, restored order, and equilibrium (again).

A similar five-step narrative structure—Exposition, Rising Action, Climax, Falling Action, and Denoue-
ment—was also proposed by Freytag.

Berhe et al. [11] draws a correspondence between these different story structures.

Aristotle’s beginning corresponds to the introduction and equilibrium stages in Propp’s and Todorov’s theories,
respectively. Aristotle’s middle aligns with Propp’s body of the story and donor sequence, as well as with



Todorov’s disruption and realization phases. Finally, Aristotle’s end corresponds to Propp’s hero’s return and
Todorov’s restored equilibrium.

Chatman, and later Bordwell, divided narrative into histoire, the raw content of events, characters, and entities,
and discours, the manner in which the story is presented. Berger proposed a similar distinction, referring to
these concepts as “fabula” and “syuzhet.”

Modern writers—especially in visual media such as films and television series—often draw on Campbell’s theory
of the mythological “hero’s journey.” The most common structural techniques used by filmmakers (primarily
in Hollywood) are the three-act (IIl-act) structure, based on Aristotelian principles, and the five-act (V-act)
structure, reminiscent of the frameworks proposed by Todorov, Weinstein, and Freytag. An act, as defined by
McKee, is a “series of sequences that peaks in a climactic scene which causes a major reversal of values, more
powerful in its impact than any previous sequence or scene.”

Recently, the three-act structure has also been adopted by numerous narrative video games, including the
acclaimed titles Baldur’s Gate III, Hollow Knight: Silksong, and Claire Obscure: Ezxpedition 33.

Given its simplicity and its widespread adoption across modern narrative works, this research adopts the three-
act structure (Setup, Confrontation, and Resolution) as the target structure for the generated story.

2.2. Role-playing games

Role-playing games (RPGs) can be defined as structured play activities in which participants assume and enact
fictional characters within a shared narrative setting [85], making decisions governed by a system of rules
[49] that collaboratively drive the progression of the story and express player agency [75].

Role-playing games (RPGs) manifest across a variety of media. Many single and multiplayer video games
incorporate role-playing elements, and historical reenactments similarly rely on participants assuming specific
roles within reconstructed events. However, the most prominent category remains the Tabletop Role-Playing
Games (TTRPGs), exemplified by Dungeons & Dragons, which has evolved over more than fifty years through
five editions.

Empirical research indicates that RPGs confer a range of benefits, particularly for populations with special
needs, such as autistic individuals [8], as well as for children. In educational contexts, TTRPGs have been
shown to support the development of critical social-emotional learning (SEL) skills by engaging students in
morally relevant scenarios that are uncommon in everyday life [71].

2.2.1 Dungeons & Dragons as an Interactive Storytelling Paradigm

Dungeons €& Dragons (hereafter D&D) is widely regarded as the most prominent example of a tabletop role-
playing game (TTRPG). First published in 1974, D&D has exerted a substantial influence on Western popular
culture; by the 1980s it was already considered a cornerstone of American “nerd” culture, helping to shape a
shared imaginary centered on fantasy, adventure, and collaborative storytelling [27, 37, 55].
Over the past decade, D&D has experienced a significant resurgence in mainstream media: frequent references
in mass-market productions (notably the Netflix series Stranger Things), the expansion of its transmedia ecosys-
tem, and the growing popularity of live-streamed or online sessions have all contributed to its transition from
a niche hobby to a widely recognized cultural phenomenon. A further indication of this renewed popularity is
the release, in 2023, of the feature film Dungeons & Dragons: Honour Among Thieves, which was positively
received by audiences and critics alike [2]. In the same year, the video game Baldur’s Gate 8, which makes
extensive use of the D&D rule-set and narrative setting, won several Game of the Year awards [1, 3, 42].
Given this cultural impact, the aforementioned benefits of TTRPGs, and the wide amount of existing literature,
we chose D&D as the main inspiration for the type of interaction that our interactive storytelling application
aims to reproduce.
In this subsection, we describe how the interactive storytelling mechanism works in D&D, and how we aim
to translate it into our demo application. We limit the discussion to the narrative and storytelling aspects
of the game, intentionally leaving aside the complex rule-set that governs combat encounters. Although these
mechanics constitute a substantial part of D&D as a whole, they are irrelevant in the context of this study. The
sources for the following description are the latest version of the official D&D Player’s Handbook [83] and the
Dungeon Master’s Guide [82], complemented with extensive direct experience with the system.
The role-playing game system of D&D revolves around two primary roles: Player and Game Master (GM,
or Dungeon Master).
e Player. Each Player acts as an “actor” within the game’s narrative setting. Players create a Character

that becomes part of the group of adventurers (the party) who serve as the protagonists of the story.

Each Player defines their Character’s appearance, personality, backstory, moral compass, and objectives.

Through their Character’s actions, choices, and interactions, Players directly influence the unfolding



narrative. Unlike choose-your-own-adventure books or traditional RPG video games, Player agency in
D&D is theoretically unlimited rather than restricted to predefined options.

e Game Master. The GM acts as narrator, director, and—at times— author of the story experienced by
the Players. The GM’s responsibilities include describing environments, events, and characters; reacting to
the Players’ actions; and narrating the consequences of those actions. The GM provides vivid descriptions
that help Players visualize scenes, explains relevant aspects of the fictional world (such as lore or cultural
norms), and role-plays Non-Player Characters (NPCs) who interact directly with the Players’ Characters
(PCs).

According to the Player’s Handbook, gameplay unfolds through the following recurring pattern:

1. The GM describes the scene. The GM presents the location, sensory details, ongoing events, and
relevant context for the situation in which the PCs find themselves.

2. Players describe what their Characters do. Each Player declares the actions their Character
attempts to perform, which may include interacting with NPCs, examining the environment, or engaging
in combat. These actions often require the use of Character abilities or dice rolls.

3. The GM narrates the outcome. Based on the declared actions, game logic, and (when applicable)
the results of dice rolls, the GM describes the consequences of success or failure, updating the narrative
accordingly.

This loop repeats throughout a game session, enriched by dialogue between PCs and NPCs, combat encounters,
puzzles, and other forms of interaction. Despite these variations, the fundamental three-step structure provides
a simple yet effective template for interactive storytelling.

In the context of the application developed for this research, the LLM (and the surrounding system architecture)
takes on a role analogous to that of the GM (in its Narrator role), while the user assumes the role of the Player.
Accordingly, the interactions between the user and the system follow the three steps outlined above. However,
the application does not attempt to reproduce the full D&D ruleset; rather, it draws inspiration from the
GM-—Player roles and their underlying interaction loop. It is important to note that this structure is not unique
to D&D: it represents the foundational interaction pattern of most TTRPGs. D&D was selected as a reference
due to its broad recognition, its frequent appearance in academic literature, the familiarity of the researchers
with the system, and the fact that the Player’s Handbook explicitly describes this interaction pattern.

2.3. Interactive storytelling in video games

Since the commercial success of Atari’s Pong in 1972, the video game industry has undergone a remarkable
evolution, experiencing exponential economic growth. Today, it constitutes one of the largest and most profitable
sectors within the global entertainment and creative media landscape. Even when excluding secondary revenue
streams, global video game revenues surpass the combined revenues of the cinema and music industries [61].
The expansion of the video game industry is not limited to its economic footprint. It has also been a major
driver of technological innovation. Video games have historically pushed the development of high-performance
computing hardware, much of which later finds crucial applications in other fields [4]. A notable example is
the GPU: originally conceived for graphics processing and popularized primarily through gaming, GPUs have
become a fundamental component in modern artificial intelligence workflows [47]. Similarly, areas such as real-
time graphics rendering [5, 57] and virtual or augmented reality technologies have significantly benefited from
the technological demand generated by the video game industry.

Beyond technological innovation, one of the most relevant developments within the medium is the rise of
interactive storytelling. Interactivity in video games typically manifests through player engagement with game
mechanics to overcome challenges, through interactions with the surrounding virtual environment, or through
narrative interaction—whereby the player’s actions influence the unfolding of the story. These paradigms often
converge. A paradigmatic example is the acclaimed 2015 RPG Undertale by Toby Fox, in which the way players
approach combat encounters fundamentally shapes the narrative experience.

For the purposes of this work, we focus exclusively on narrative interaction. Among the different video game
genres that employ this paradigm, Visual Novels (VNs) exemplify it in its purest and most explicit form.

2.3.1 Visual Novels

Visual Novels are a narrative-focused genre that emerged primarily in Japan and later achieved international
popularity through titles such as Steins; Gate—which also inspired an anime adaptation—and Doki Doki Litera-
ture Club!. Although they share certain features with role-playing games, Visual Novels are generally considered
a distinct genre, characterized by minimal gameplay, a strong emphasis on textual and dialogic interaction, and
branching storylines that lead to multiple possible endings.

The core of the VN experience lies in character interactions, emotional engagement, and player-driven narrative
progression. Due to their predominantly textual nature, however, Visual Novels face inherent limitations: player



interaction is constrained to a finite set of predefined dialogue options, which restricts the expressive range of
conversations with non-player characters (NPCs). Moreover, supporting a large number of branching storylines
requires substantial authorial effort, as every branch must be manually written and integrated.

Given these characteristics, Visual Novels are particularly well suited to benefit from the integration of large
language models (LLMs). Their reliance on text-based interaction, player choice, and narrative branching
aligns closely with the generative capabilities of modern LLMs, which can dynamically produce dialogue, adapt
narrative flow, and expand the spectrum of possible user interactions. For these reasons, VNs serve both as an
inspiration and as an ideal application domain for the interactive storytelling system developed in this work.
Commercial products such as AI Dungeon and AI Roguelite already apply the use of LLMs to a contest similar
to a VN (including also RPG elements). These two examples will be discussed later.

2.4. Storytelling with LLMs

Large Language Models (LLMs) provide powerful tools in text generation. Storytelling naturally falls in this
domain, and hence a lot of research efforts has been drawn to the effective use of LLMs for quality storytelling.
However, sustaining long term memory and producing coherent text within an overall theme has proven a
challenging tasks for LLMs [39]. Also, Creative Natural Language Generation lacks reference texts and heavily
relies on user evaluations [10], making more difficult to both train and evaluate Storyteller LLMs.

Bensaid et al. [10] attempted to address this issue by introducing a re-ranking pipeline. Their system relies
on a GPT-2-based model fine-tuned to generate multiple candidate narratives, which are subsequently ranked
according to several metrics, including readability, positive sentiment, diversity, simplicity, coherence, and “tale-
likeness.” The top three outputs are then presented to the user. Conceived as a creative assistant for human
storytelling, the model supports idea generation and enables co-authoring with the user. Additionally, the
system integrates an image retrieval module that selects visual content related to the generated text. Although
it was trained to produce children’s tales, its intended end-users were adult authors.

A similar strategy was adopted by Nichols et al. [52], who also employed a fine-tuned GPT-2 model in com-
bination with a ranking mechanism to select the final narrative output. In this system, a GPT-2-based ranker
with a classification head assigns a scalar score to the last token of each generated candidate, leveraging the
unidirectional nature of GPT-2 to encode the entire sequence. A softmax over these scores determines the
preferred outputs. The model was designed for collaborative storytelling through turn-taking with a human
user. Although it could respond creatively to user inputs, it remained susceptible to narrative incoherence and
lacked a well-defined story structure.

The lack of story structure in LLM-generated stories is a well known problem. Research focused on solving it
by means of scaffolding architectures that supports text generation.

Simon et al. [67] used a planner based on Planning Domain Definition Language (PDDL) to create a story
structure. Each plan action is fed to the LLM, along with the previous actions and corresponding model
output, other then a starting "hidden prompt" containing general information on the story or common sense
information. While this approach proved successful on providing a story structure to the LLM, it requires the
manual translation of the story to PDDL, which makes this architecture not suitable for imaginative and/or
interactive storytelling.

Similarly, Yoo and Yun-Gyung [84] employs a planning-based approach in which a graph planner is used to guide
the output of the LLM. The framework is grounded in the classical narrative distinction between fabula (the
complete chronological sequence of story events), syuzhet (the narratively arranged subset of events selected to
achieve specific storytelling goals), and discourse (the final linguistic realization of the narrative). In this model,
the syuzhet functions as the story plan. The system first constructs the fabula, then selects events based on a
relevance score to generate a preliminary story skeleton. This sequence is subsequently reordered to form the
syuzhet, which is then provided to the LLM to produce the final narrative (discourse). The study focused on
the skeleton selection, and thus did not produce results on the actual discourse generation.

Wang et al. [81] introduce a distinct approach that integrates character simulations, author-defined high-level
plot structures (referred to as “abstract acts”), and player actions to produce cohesive and emergent narratives
in story-driven video games. Within this framework, the story dynamically adapts to changes in the game
environment, guided by the abstract acts and informed by LLM-based character simulations, thereby enabling
the generation of coherent and contextually responsive narratives.

Gongora et al. [35, 36] developed a scaffolding-based architecture designed to track the state of the world and
update it according to the user’s actions. Their system, named PAYADOR, aims to emulate the activity of
a Game Master in a TTRPG. In PAYADOR, a class World maintains the world state, organizing it into four
main types of information (Items, Locations, Characters and Puzzles). To update the world state, the system
maps the user’s textual inputs to a predefined set of transformations, which are atomic pre-programmed effects
capable of modifying the world. The key innovation introduced by PAYADOR is that transformations do not
encode the player’s possible actions, but rather the effects that those actions produce. For example, consider the



transformation Unblocked locations, which removes an obstacle that previously prevented access to another
area. Imagine two locations separated by a closed door: the user may choose to use a key, pick the lock, pry it
open with a crowbar, or break it down. Although these actions differ, they all lead to the same outcome from
the perspective of the world state: the elimination of the obstacle. PAYADOR models all such cases through
the Unblocked locations transformation.

This design allows PAYADOR to remain flexible with respect to player decisions while still providing a structured
and consistent mechanism for representing the world state and its updates.

2.4.1 Commercial Products: AI Dungeon and AI Roguelite

Beyond academic research, commercial products also explore LLM-based storytelling.

AT Dungeon is an online narrative RPG that uses LLMs to dynamically generate story content. A limited
version is available for free, while different subscription tiers unlock more advanced features. AI Dungeon is
exclusively text-based. At the start, the user selects a genre (fantasy, mystery, etc.), a character archetype, and
provides a character name. The narration then begins, introducing the player to the story. It is delivered in
a colloquial register and directly addresses the player, mimicking interactions between a Game Master and a
Player in a TTRPG. The story lacks a predefined goal, and the user simultaneously assumes the role of Player
(controlling character actions) and author (shaping narrative events).

AT Roguelite is likewise a narrative RPG featuring Al-generated content, including both text and images. Unlike
AT Dungeon, it incorporates a wide range of RPG mechanics such as combat, items, and NPCs, supported by a
complex user interface; it is therefore not a purely textual experience. Here too, the narration directly addresses
the player, and the only clear objective is survival.

Van der Torre [77] conducted an analysis of user reviews on Steam and Reddit for both AT Dungeon and AI
Roguelite. His findings indicate that, although users respond positively to the generative capabilities of these
applications, they also report that LLMs frequently produce incoherent or repetitive narratives. While this
analysis has certain limitations, it aligns with known constraints of LLMs and with direct experience using the
systems, and can thus be cautiously considered. Furthermore, Gongora [35] performed qualitative tests on Al
Dungeon, showing that the system is unable to correctly track the state of the world.

2.5. Key Takeaways and Future Perspectives

In this section, we summarize the key takeaways from the literature discussed above that have influenced our
work, and we briefly outline the general idea of our approach, highlighting the contributions of each work or
concept introduced throughout Section 2.

We are interested in building a scaffolding architecture to assist an LLM in the generation of narrative within
the context of fantasy interactive and immersive storytelling. By "interactive", we mean that the user’s choices
have a meaningful impact on the generated story. By "immersive", we mean that the user adopts a personal
point of view within the story, rather than an omniscient one. This key feature distinguishes the scope of
our work from that of co-authoring: the user of our system will not have control over the high-level plot of
the story; rather, they will shape the story "from the inside" through interactions with story elements. This
scenario shares a large number of similarities with that of TTRPGs. In particular, since fantasy is our target
genre, we focused on the most prominent example of this kind of experience, namely Dungeons & Dragons. By
examining the game’s ruleset, we extracted a basic skeleton of its narrative interaction paradigm, which is based
on a description-reaction-description sequence between the Game Master and the Player. Similarly, in our
application, the interaction between the Narrator (the LLM and the architecture) and the User will adopt a con-
gruent turn-taking (description-reaction-description) paradigm. Our focus will be to create a "narrator system"
that produces discourse, and we will assume that the authoring task (the historie) is produced by an external
agent, be it human or artificial. Our application takes inspiration from the work of Géngora et al. [35, 36] for
the maintenance of a world state and the use of generalized actions to encompass all possible user approaches.
However, as will be better explained in Section 3 (specifically in Sections 3.1.2 and 3.2.1), we want to account for
the possible failure of actions depending on the character’s characteristics, to enhance immersion. Finally, while
our primary mode of interaction remains textual, we will introduce additional interaction mechanics to improve
the user experience and increase the number of strategic choices at their disposal. Ultimately, this synthesis
guides the design of an architecture that prioritizes immersion and agency, while leveraging the strengths of
existing approaches.



3. Implementation

Considering the goals expressed in Section 1 and the considerations expressed in Section 2, we now proceed
to illustrate the design and implementation of the scaffolding architecture and of the application that employs
it. To emphasize the relative independence of the architecture from the application that uses it we divided the
implementation into two separate back-ends accessible through APIs, plus a front-end layer for user interaction.

APl APl Scaffolding AFl
Application front-end | requests Application back-end | requests architecture for requests

(uny {Application Logic) interactive narrative
tasks

Figure 1: High-level architecture of the solution.

As shown in Figure 1, the high-level architecture of the whole solution is composed of four main components,
which communicate through API calls. In the following list we will describe them briefly:

e 1. Models. This is the layer that hosts and manages the models used by the solution. We used LM
studio for this component of the solution. LM studio is a desktop application that allows to run locally
AT models, especially LLMs. Other than offering many useful tools to download, manage and supervise
models, the key feature that makes LM studio suitable for our solution is that it allows API calls to the
models. This makes it possible to easily load and use models in a completely automatic way.

e 2. Scaffolding architecture. This is the architecture at the core of this work. Its role is to invoke various
models from the Models component (among which the story generation model) and produce data useful
for the functioning of the interactive application. It mediates between the application and the LLMs.
The functionalities that this component offers are Retrieval Augmented Generation (RAG), information
extraction from the user input, information extraction from the output text, and finally generation of the
story scenes.

e 3. Application back-end. This component constitutes the real application and its logic. It invokes
the functions of the scaffolding architecture through API calls, and uses the data received to perform
operations such as updating the application state, invoking other operations from the architecture or
outputting the data to the front-end.

e 4. Application front-end. This component constitutes the UI. The user will interact with this compo-
nent and the various interactions will cause invocations to the application back-end.

In the following subsections we explore the list items from 2 to 4 in detail.

3.1. Architecture components

In this subsection we discuss of the components of the architecture which will directly interact with the Models.

3.1.1 Retrieval System

Retrieval-Augmented Generation (RAG) is an architectural framework that integrates the parametric knowledge
of a Language Model with external, non-parametric knowledge stored in documents, with the goal of improving
model performance and reducing hallucinations, particularly in tasks such as question answering and fact-
checking [12, 16, 34]. A RAG system can be conceptually divided into a Retrieval component, responsible for
retrieving documents (or document segments) relevant to the user query, and a Generator, typically an LLM,
which produces a response grounded in the knowledge returned by the retriever [34, 65].

The goal of a Retrieval system is to retrieve and rank documents based on the relevance with respect to an
input query. The output will be a ranked list containing the top-k documents relevant to the query i.e. the k
documents that are more related to the query lexically and/or semantically, ordered from the most to the less
relevant.

Within the scope of the architecture and application presented in this work, the Retrieval component is tasked
with providing background knowledge about the narrative setting, including character descriptions, locations
and narrative context. This information falls within the domain of the fabula or histoire, providing relevant
context to the LLM for scene generation. The goal is to design a fast, low-latency retrieval system capable of
operating over a medium-sized document corpus, returning the top-7 most relevant documents for each scene to
be generated. Rather than targeting state-of-the-art retrieval performance, the focus of this retrieval system lies
in achieving a practical trade-off between retrieval quality, latency, and computational resource consumption.
An extensive review of the literature and existing systems has been conducted to identify the solutions best
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aligned to our goal. In the following subsections we outline the two main aspects on which we focused our
research efforts.

Hybrid Retrieval Mechanism The core component of any retrieval system is the retrieval mechanism,
which maps a user query (or its representation) to a ranked list of the most relevant documents or document
chunks. In practice, the retriever typically returns the top-n most relevant documents, typically with n €
[100, 500] (depending on the size of the corpus).

The literature broadly identifies three main retrieval paradigms[12, 16]:

e Lexical (or Sparse) Retrieval: based on lexical matching between query terms and documents. Docu-
ments are preprocessed through tokenization, stopword removal, punctuation removal, case normalization
and lemmatization, and then indexed using an inverted index with posting lists, which map each term to
the documents in which it appears. At query time, the query undergoes the same preprocessing steps,
and candidate documents are retrieved based on term matches. Each document is assigned a relevance
score computed by a weighting function, traditionally based on TF-IDF. In practice, the most widely
used scoring function is BM25, a probabilistic ranking model that improves upon classical TF-IDF by
incorporating term saturation and document length normalization.

e Semantic (or Dense) Retrieval: based on semantic similarity between queries and documents. Doc-
uments (or their chunks) are projected into high-dimensional vector representations, called embeddings,
which capture their semantic content in a continuous vector space. Queries are embedded using the same
model, transforming retrieval into a k-nearest neighbor search problem. The embedding model plays a
central role in this paradigm, as its representational quality directly influences retrieval performance. In
this work, we take into consideration embeddinggemma300, a state-of-the-art embedding model that, at
the time of writing, outperforms other models under 500M parameters across most benchmarks, while
also remaining competitive with larger models [25, 50, 79].

e Hybrid Retrieval: combines sparse and dense retrieval approaches. Sparse retrieval assigns high rel-
evance scores to documents containing exact query terms, particularly rare terms, but fails to capture
semantic similarity when relevant documents use different wording. Dense retrieval, while effective at
capturing semantic relationships, may lose sensitivity to exact phrasing and lexical cues present in the
query. Motivated by the complementary strengths of these approaches, hybrid retrieval architectures
combine sparse and dense signals to improve robustness. Empirical evidence shows that hybrid sys-
tems consistently outperform purely sparse or purely dense retrieval methods across both in-domain and
out-of-domain benchmarks [12, 43, 65, 70].

Based on these considerations, we adopt a hybrid retrieval architecture combining BM25 for sparse retrieval,
embeddinggemma300 for dense representations of documents and queries, and the Annoy library for vector
indexing and Approximate Nearest Neighbor (ANN) search. Annoy was selected due to its simplicity of use,
light-weightiness and the efficiency and scalability of the ANN algorithm. [16, 23, 69, 89, 90]. Both the sparse
and dense retrieval systems output a ranked list of the top-n documents (with n = 100). These two rankings
need to be fused to obtain the output of the hybrid system. Among the various fusion strategies proposed in
the literature, two methods are particularly popular due to their simplicity, low computational requirements,
and adaptability to different scenarios: Reciprocal Rank Fusion (RRF) and convex score combination [13].
Reciprocal Rank Fusion (RRF) consists of re-ranking documents based solely on their positions in the individual
sparse and dense rankings. This method does not require score normalization, nor does it rely on the actual
relevance scores produced by the retrieval systems. Instead, it uses only the rank positions of documents in
each ranking.

While this makes RRF particularly robust and easy to apply, it may lead to a potential loss of information, as
differences in score magnitude between documents are ignored. The RRF score for a document d is computed
as:

N
1
Fd)=y ——
RRF(d) ;k—i—ranki(d)

The convex combination method consists of combining sparse and dense relevance scores through a weighted
sum controlled by a parameter a:

CombinedScore(d) = « - SparseScore(d) + (1 — «) - DenseScore(d)

This method requires the normalized scores from the sparse and dense rankings. However, [13] found that the
choice of the normalization function has no significant impact on the fusion effectiveness. For simplicity, we
adopt the min-max normalization, defined as follows:

. _ Score(d) — min(D)
MinMaxNorm(d) = max(D) — min(D)
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where D is the collection of scores from the top-n document ranking.

The results reported in [13] show that convex score combination with « € [0.6, 0.8] consistently outperforms RRF
across both in-domain and out-of-domain tasks. These findings motivated our choice of the convex combination
approach. Although the parameter a can be efficiently learned through training [13], given the out-of-domain
nature of our task and the secondary role of the retrieval system within the overall architecture, we adopt a
fixed value of & = 0.7. This choice is supported both theoretically—by assigning greater weight to the more
robust lexical component—and empirically, as it has been shown to perform well in zero-shot scenarios. This
initial choice will later change in a value of @ = 0.85. This was due to the particularly restricted corpus of our
toy example, on which semantic matching proved less effective and more prone to error.

Re-ranking Both sparse and dense retrieval methods fail to capture deep and fine-grained interactions
between queries and documents. As a consequence, the resulting rankings may be imprecise, with highly rel-
evant documents occupying lower positions than expected. More sophisticated ranking approaches—such as
bi-encoders, cross-encoders, and LLM-based methods—are capable of modeling richer query—document interac-
tions, but at the cost of significantly higher computational requirements.

This trade-off has led the research community to adopt a two-stage retrieval pipeline. In the first stage, a
lightweight retrieval mechanism selects the top-m candidate documents (typically m € [20,50]) using sparse,
dense, or hybrid retrieval methods. In the second stage, a re-ranking mechanism applies a more computationally
expensive but more accurate ranking model—such as a bi-encoder, cross-encoder, or LLM-based approach—to
reorder the top-m documents and select the final top-k documents (usually & € [5,10]) to be passed to the
generator. Multiple studies have found that incorporating a re-ranking stage in a RAG pipeline consistently
improves the performances of the RAG system [12, 54, 60]. Furthermore, empirical evidence indicates that
cross-encoders consistently outperform bi-encoders, particularly in in-domain settings [70], while remaining
competitive with —and often surpassing— LLM-based re-ranking approaches, especially when time and com-
putational constraints are taken into account [24]. While BERT-based cross-encoders achieve state-of-the-art
performance, they require a separate forward pass for each query—document pair, which often introduces com-
putational bottlenecks in large-scale or low-latency systems. Given that the main focus of our RAG system
is to achieve low-latency and low resources consumption, we opted for a different model: the jina-reranker-v3
model. This is a 600M parameters model which outperforms all the other models with less then 1B parameters
in most MTEB benchmarks, and stays competitive even compared to significantly larger models [25, 50, 80].
Moreover, its architecture applies causal attention between the query and all candidate documents in the same
context window, enabling rich interactions before extracting contextual embeddings from each document’s final
token, and allowing to re-rank multiple documents in a single pass [80]. While jina-reranker-v3 is slightly less
robust in zero-shot settings with respect to embeddinggemma300 used as a bi-encoders [25, 50|, the architectural
advantages, consistently better performances and its very nature of cross-encoder makes jina-reranker-v3 a more
suitable and robust choice for the re-ranking stage of our system.

Wrap up To conclude, with the goal of designing a fast, low-latency, lightweight, and well-performing RAG
system, we define the following retrieval pipeline:

e Documents are tokenized using a spaCy-based tokenizer and indexed in an inverted index using the
BM25L scoring function.

e Documents are embedded using embeddinggemma300, and the resulting embeddings are stored in an
Annoy index built with 10 trees.

e Upon receiving a query, it is both tokenized (using spaCy) and embedded (using embeddinggemma300).
Each representation is used to compute, respectively, sparse and dense relevance scores for the documents,
producing two ranked lists.

e The relevance scores of the top-100 documents from both sparse and dense rankings are normalized using
min—-max normalization and fused via convex combination with o = 0.85.

e Documents are ranked according to the fused scores, and the top-20 candidates are passed to the jina-
reranker-v3 model for re-ranking.

e After re-ranking, the top-7 documents constitute the final output of the retrieval system.

We will, from now on, refer to this retrieval system as Hybrid Retriever with Reranking (HRR).

Testing of the HRR  With the intent of assessing the capabilities of the HRR, we designed a brief testing
campaign. Given the non-central role of the retrieval module in the overall architecture, the objective of this
evaluation was not to provide an extensive comparison with state-of-the-art retrieval systems, but rather to
verify whether the HRR produced acceptable results, without expending too much time and computational
resources on the testing process. To this end, we adopted a step by step evaluation strategy in order to identify
potential bottlenecks and assess the contribution of each component. With this goal, we selected the following
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metrics for evaluation:

e Recall@k. This metrics measures the proportion of relevant documents that are retrieved within the
top-k ranked documents. The formula of the recall@k is:

RecallOk — |Relevant docs in top-k|

|Total relevant docs|

The ideal value of recall@k would be 1 (all relevant document are in top-k). However, this is impossi-
ble if k < [relevant docs/, and so the recall is typically smaller for smaller k. In our testing procedure,
Recall@k was measured at each stage of the retrieval pipeline to monitor how many relevant documents
were retained throughout the ranking process.

e MRR@k. This metrics is the average, across the queries, of the Reciprocal Rank at k (RR@k) which
measures at which position in the rank is found the first relevant document for the query. The formula

of the RRQk is: )

|Rank of the first relevant document|

The RR@k has a value of 1 if the document is at first place, of 0.5 if it is second and so on. Therefore the
MRR@X is strongly penalized when the first relevant document appears at lower ranks. In our evaluation,
we computed MRRQT7 on the final top-7 ranking. Together with Recall@7, this metric provides an
indication of both coverage and early precision of the retriever.

For the evaluation, we selected the BEIR benchmark. BEIR (Benchmarking IR) provides a homogeneous
evaluation framework for diverse sentence- and passage-level information retrieval tasks [73]. It enables cross-
domain evaluation of retrieval models under a unified experimental setup. BEIR comprises 18 heterogeneous
datasets covering 9 different information retrieval tasks.

For the purposes of our study, we evaluated the HRR using two of these datasets:

e Google’s Natural Questions (NQ). NQ belongs to the Open-Domain Question Answering task.It
consists of questions posed by real users, paired with relevant passages extracted from Wikipedia. Each
question is associated with one or more relevant passages containing the answer|[44].

e FEVER. FEVER is a dataset designed for automated fact verification. It consists of claims generated
by modifying sentences from Wikipedia pages, along with evidence extracted from Wikipedia to support
or confute the claims. The dataset is conceived to label a claim as supported, refuted or not enough
info[74].

The task of the HRR is to retrieve (from the context document) information relevant to the user’s input in
order to provide the narrator LLM with grounded contextual information upon which to build the narration.
Hence, Question Answering and Fact Verification constitute suitable proxy tasks for evaluating the retriever, as
both require identifying relevant textual evidence given a natural language query.

In BEIR, these datasets are reformulated to provide a homogeneous benchmark specifically for retrieval eval-
uation. The original downstream objectives (answer extraction for NQ and claim classification for FEVER)
are discarded, and only document relevance with respect to the query is considered. This reformulation allows
us to compare results across datasets originally designed for different tasks, while focusing exclusively on the
performance of the retrieval component.

The BEIR versions of NQ and FEVER consist of large-scale corpora comprising millions of documents and
thousands of queries. To reduce computational cost and enable faster experimentation, we randomly sampled
100 queries from each dataset together with their corresponding relevant documents. To this set, we added 5000
randomly selected non-relevant documents. The retrieval pipeline was then evaluated on this reduced subset.
The obtained results are summarized in Table 1

RRQk =

Retrieval system testing results

BM25: dense: hybrid: reranker: reranker:
recall@100 recall@100 recall@20 recall@7 MRRQ@7
NQ 0.9878 0.1697 0.9036 0.8993 0.9109
FEVER 0.9907 0.3783 0.9606 0.9606 0.9850

Table 1: Results of the testing of the HRR with the sample from datasets NQ and Fever. The table
shows the step of the pipeline and the corresponding metric measured.
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As expected, the BM25 sparse retriever performs strongly in this open-domain setting, whereas the dense
retriever exhibits significantly lower recall. This is a well known result in the literature: sparse retrieval often
outperforms dense retrieval in zero-shot scenarios without domain-specific fine-tuning. The purpose of the dense
retriever in our architecture is not that to boost the overall retriever performance, but rather to complement
the sparse retriever by recovering possibly relevant documents not captured through purely lexical matching.
In both datasets we notice a slight reduction of the recall of the hybrid rank compared to the BM25 recall.
However, this reduction is relatively small (respectively 8% and 3%) and is expected due to the smaller cutoff
value k. Also at the reranking stage, we can observe a slight reduction of the recall on the NQ dataset. However
the decrease remains limited (less than 1%) and is consistent with the progressive reduction of k across the
pipeline. The MRR for both datasets is higher then 0.9, which means that the most relevant document is
often at first place and rarely at second place or lower in the rankings. This suggests that the reranker is
effective in promoting highly relevant documents to the top of the final ranking. From these results, the system
might seem highly performative. However, these data are not enough to actually evaluate the performance
of the system. the experimental setup is intentionally simplified: the evaluation is conducted on a limited
sample of queries and a substantially reduced corpus. This controlled setting lowers the overall difficulty of
the task. Extensive evaluations on the full (or different) datasets, as well as additional, more precise metrics
might reveal weaknesses under more challenging conditions. However, the goal of this section is not to provide
a comprehensive benchmarking study of the system in various setting, but rather to qualitatively verify if
the retrieving pipeline operates as intended. Results indicate that the system consistently retrieve relevant
documents, and ranks them at high positions, which is sufficient for the purposes of this work.

To further validate these results, we conducted a brief research to find previous works which performed more
extensive testing on the BEIR corpus, hoping this could help shed more light on our findings. The work of Ka-
malloo et al. [40] consists of a deep and complete evaluation across all the BEIR datasets of five retrieval models:
two learned dense models (TAS-B and Contriever), two learned sparse models (uniCOIL and SPLADE), and
BM25 used as baseline.

The results obtained regarding the Recall@100 from these models on the NQ and FEVER datasets are summa-
rized in the following Table 2:

Retrieval system testing results

BM25 uniCOIL SPLADE TAS-B Contriver

NQ 0.760 0.833 0.930 0.904 0.925
FEVER 0.908 0.912 0.935 0.894 0.947

Table 2: Results from the paper Resources for Brewing BEIR: Reproducible Reference Models and
Statistical Analyses. We report only the results relative to the datasets NQ and FEVER, and only the
Recall@100 metric.

Comparing these results with our own, we can immediately notice how, except for TAS-B, all models have
better performances on FEVER than on NQ. Hence, this pattern is not limited to the HRR. Upon further
examination of the data, we notice that the Recall@100 score for BM25 shows a significant mismatch between
our results and those from [40]. In particular, our results are higher than those found by Kamalloo and their
team. This mismatch is perfectly explained by the fact that we used a subset of the corpus. Specifically, we
used around 5,000 documents for both datasets, while the whole corpora comprise (respectively for NQ and
FEVER) 2,681,468 and 5,416,568 documents. This reduction of the corpora greatly simplifies the retrieval task,
boosting the Recall@100. This indicates that the very high scores achieved by our system would not be reached
on the original NQ and FEVER corpora in BEIR.

Given these results, we could compute an optimistic estimate of the final Recall@7 our system would exhibit if
tested against the full NQ and FEVER corpora. The reduction in recall between BM25 and the final output
is 8.96% for NQ and 3.04% for FEVER. If we take the (optimistic) assumption that this percentage reduction
would remain the same if the system were tested against the whole corpora, we obtain an estimate of Recall@7
= 0.692 for NQ and Recall@7 = 0.880 for FEVER, which are still results consistently higher than the random
sampling threshold (0.5). Finally, it is important to highlight that for the application in which the system will
operate, the document corpora will have dimensions comparable with the test setting in which we operated,
and hence the expected performances will be similar to those we found in our testing.
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3.1.2 Information extractor

An important component of our architecture will be the information extractor. This process aims to extract
specific information from the user input or from the generated text. The kind of information to extract greatly
depends on the context of the specific application. Considering the goal of our application namely, to offer an
immersive narrative and role-playing experience in a fantasy setting- extracting the right information enable
the application to allow the user to freely engage with the narration through the description of their character’s
actions, while also modeling those actions and update the state of the adventure accordingly. After careful
consideration, we selected a restricted amount of information that must be extracted either from the player’s
input or from the generated text: the protagonist’s actions (form the user’s input), if the protagonist wants
to change location (again from the user’s input) and if a character wants to join the protagonist (from the
generated text). The extraction is performed by a linguistic model, to which we will from now on refer to as
the extractor model.

Actions and Special Actions The first and most important type of information that we need consist in
the actions that the user wants their character to perform. So we instruct our information extractor model to
list all the actions that the user wants the character to perform, given the user’s input. But for the purposes of
our application this is not enough. We are not interested in the creation of stories in which the user is merely a
passive listener. We are interested in the creation of an interactive gamified experience, in which the user takes
the role of an active protagonist. This means that the story should not only react to the desires of the user, but
also to the capabilities of the in-fiction character. Hence, a possible outcome of the interaction is failure. An
example will make this clearer. Suppose that our user wants to impersonate a character who fits the archetype
of a wizard. This character will then have great magical abilities, but will lack physical strength and fighting
ability. So, if the protagonist were to find themselves up against, say, a powerful monster, and they tried to
challenge it on a purely physical level, then it would only make sense for them to be defeated. If the protagonist
would succeed even when, logically, this shouldn’t happen, immersion would be completely lost. What follows
from this reflection is that our application will need a way to objectively understand if a specific character will
succeed or fail a certain action. The exact mechanics of how this happens will be explained in Section 3.2.1.
What is important for the sake of this subsection is what information (other than the list of actions) we need
to extract from the user’s input. We need to know if one of the actions that the user wants their character to
perform has an obstacle that could cause the action to fail as its target, and also which of the capabilities of
the character this action requires. For this reason, we define the concept of Special Action, which is an object
that is defined, in its JSON representation, in the following way:

{
"action": string,
"target": string,
"information": string

by

where:

e "action" is the type of action the character is performing, that will determine which of their capabilities
the character is using to perform this action;
e "target" is the subject of the action performed by the character;
e "information" contains the details regarding the performing of the action.
Let’s take a simple example of user’s input and the corresponding model output: Input: "I want to approach
the tall man with the sword, and tell him: ’Hi, traveler, what is your name?’ Output:

{
"action_list": ["approach the tall man with the sword","tell him: \’Hi, traveler, what is your name
"specific_actions": [
{
"action": "talking",
"target": "Yorm the Swordmaster",
"information": "tell him: \"Hi, traveler, what is your name?\""
}
]
}

The reader will notice that this example output assumes that the model has some extra context, since it is
able to deduce that the "tall man with a sword" is the named character "Yorm the Swordmaster". The exact
prompt and all the information it contains are available in Appendix B.
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Path taking Another important piece of information to understand before the narration is generated is if
the user intends for their character to move to a different location, e.g. to take one of the paths that lead outside
the current location. To discuss how this information must be extracted, we first need to briefly introduce how
the application manages locations and paths. Inside the application a single location is called a room. Each
room has an identification number, an int greater than or equal to 1, and is connected to at least one other
room by a path. So, for each room, we can associate an integer number with each of its paths, which corresponds
to the id of the room it leads to. What we are interested in is exactly this id. So given the list of the paths
(with the corresponding id) and the input of the user, we want to know which path (its id) the user wants the
character to take, if any. If the user does not intend for the character to take any path, then we want to receive
as output 0. Also in this case, an example will be informative. Input:

{
"possible_paths": {
"2": "A dark path, going into the oldest part of the forest",
"3": "A path where mushrooms seem to emit some light",
"4": "A bright path, going to the youngest part of the forest"
3
"action": "After carefully thinking, I decide to take the path with the strange mushrooms."
X
Output: 3

If the model returns a value different from 0, then the character is moving to another location. In this case, the
application needs to change the current room, and the generated narration needs to describe the new location
to the user.

Supporting character joining the protagonist Lastly, we must know if any character in the story
joins the protagonist (controlled by the user) in their quest. In this case the input to the model is not the user’s
input, but the generated scene, along with a list of characters that can possibly join the protagonist. In this
case the output of the model will have the following form:

{
"joined": bool,
"target": string

3

where "joined" is a boolean that is true if a character joined the protagonist, and "target" is the name of such
character (taken from the list in input).

Notes on the model for information extraction At the beginning of the project, we considered using
language models different from the generator model (llama-3.1-8b-instruct) for these information extraction
tasks. The first candidate for these simple tasks was phi-4-mini, a small model with 3 billion parameters, that
(at the time of the first steps of the project) had state-of-the-art performance that surpassed those of same size
models, and also some bigger models, in many MTEB benchmarks [48, 50]. However, direct testing conducted by
the researcher revealed that the model’s ability to produce the desired outcomes was less than anticipated. This
led to the necessity of finding a substitute model for the information extraction process. At first, an attempt
was made with llama-3.2-3b-instruct, another state-of-the-art 3 billion parameter model, but also in this case
the results did not meet the desired quality. Hence, the final decision was to use for these tasks the same model
used in generation: llama-3.1-8b-instruct. The decision arose from a practical point of view: to conduct further
research of smaller models that could perform well in those tasks would have required a considerable expenditure
of time, while the model llama-3.1-8b-instruct was already available along with the literature background about
its performances [32, 50| and its capabilities on the generation task had already been tested. Direct testing of
this model in the three information extraction tasks showed better results compared to the performances of the 3
billion parameter models. These reasons led to the decision to adopt llama-3.1-8b-instruct as the model also for
the extraction tasks. Of course this comes with a drawback: the processing time of an 8 billion parameter model
is higher compared to the processing time of a 3 billion parameter model, even in simple tasks such as the ones
we are considering. However, for the purposes of this research we consider the quality of the generated stories
and of the experience offered by the application to be our first priority. We acknowledge that the processing
time is an important aspect to consider in interactive applications, but we are also aware that an important role
in the processing time is played by the hardware component, on which we have little to no control. It should be
clarified that better performances on these tasks can probably be achieved by the 3 billion parameter models
if properly finetuned for the tasks. This kind of finetuning procedure lies, however, outside of the scope of this
research, as will be further clarified in Section 7.
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3.1.3 Narration Generator

As previously stated, we selected as generator model for our application llama-3.1-8b-instruct, an 8 billion
parameter model with state-of-the-art performance that, at the time of the architecture design, surpassed most
models of comparable parameter size in most MTEB metrics [32, 50]. For the reasons presented earlier, this
model ended up being also the one used for the extraction tasks.
Although an 8 billion parameter model is considered medium-small among LLMs, loading the model as is (in
full precision) consumes a considerable amount of hardware resources. The full-precision version of llama-3.1-
8b-instruct stores each parameter as a 32-bit floating point number, occupying a total of 32.13 GB of memory
and thus requiring the same amount of RAM for inference. This solution is clearly not feasible for our research.
Fortunately, quantization methods allow models of this size to run on limited hardware. These methods reduce
the precision of the model parameters, leading to a substantial reduction in memory usage. Of course, this
comes at a price: model performance is inevitably reduced because we lose information on the parameters.
However, with a suitable choice of quantization, one may be able to run a large model using considerably less
computational power without a significant performance loss. In our case, we are restricted to a maximum RAM
availability of 6 GB by hardware limitations. Aware of this constraint, we chose the quantization that maximizes
model performance while staying within the limit. The quantization we selected is Q5 K XL:

e Q5 means that the model uses an average of 5 bits for each parameter;

e K refers to the quantization method (K-quant);

e XL indicates that this quantization is the largest in the Q5 K family, meaning that the parameters of the

most important layers are quantized with higher precision (up to 8 bits), improving model performance.

The llama-3.1-8b-instruct model with Q5 K XL quantization occupies 5.7 GB of memory, which fits perfectly
within our 6 GB constraint. In addition to memory savings, the quantized model allows for faster inference,
which is critical for an interactive experience.

3.1.4 Hyperparameters choice

Regardless of the choice of the extractor and the generator model, the tasks that were previously discussed
require a specific set of hyperparameters to control the model performance and adapt it to the specific task.
The extraction tasks require consistent and possibly deterministic outcomes, while text generation, especially
for fantasy stories, requires imaginative and varied vocabulary for the output. Within the scope of our project
we are not interested in hyperparameter tuning, but rather in a suitable choice that allows the model to produce
the desired results. The parameters on which we focused our attention are the following:

e temperature: a real value between 0 and 1. It controls the softmax probability function over the logits:

ezi/T

P=—p—r
Z;'/:l er/T

where P; is the probability assigned to the ith logits z; and T is the temperature. As can be seen from
the formula, for T' — 0 the differences between logits are enhanced, and the logit with the higher value
has a probability that tends to 1. Traditionally temperature is regarded as the parameter that controls
the creativity of the model: higher values allow for more random sampling of the tokens, while a smaller
value increases the probability of the more probable tokens. However, recent works [26, 58] challenge
this simplistic view, showing how the temperature-creativity correlation is neither linear nor very strong,
and also that the temperature is more correlated with coherence loss. On the other hand Li et al. [46]
show that a correlation between temperature and creative tasks exists, and that up to a certain value of
temperature the creative abilities of the LLMs increase. From the cited literature, the knowledge about
the workings of the parameter and direct experience with LLM hyperparameter tuning emerges that the
temperature parameter can significantly increase the creativity of the models, especially small ones, if its
value is set within a certain range, but that it is not enough to guarantee the desired balance between
creativity and coherence requested by a storytelling task. Moreover, it is worth noting that setting this
parameter to 0 ensures that the model will always respond with the same output to a specific input;

e top-p: areal value between 0 and 1. It controls the cumulative probability at which a cutoff is performed.
A value of 1 means that all the possible tokens will be considered in the sampling, while lowering this
value discards the tokens with lower probabilities. For instance, if we have p=0.9 and the tokens (with
respective probabilities) are A(0.5), B(0.3), C(0.1), D(0.05), E(0.05) then we sample only over A, B and C
and exclude D and E. This cutoff is performed after the computation of the probabilities, and hence it is
influenced by the temperature. After the selection procedure, the probability distribution is re-computed.
This method of selection, known as Nucleus Sampling, was introduced by Holtzman et al. [38] in 2020. In
the cited paper it is shown how nucleus sampling consistently outperforms maximization based decoding,
pure sampling and also the other main technique for truncated sampling (top-k sampling) available at
the time.
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e min-p: a real value between 0 and 1 (but usually between 0.05 and 0.1). It consists in excluding from the
final sampling all the tokens whose probability is less than the p value. This technique was introduced by
Nguyen et al. [51] in 2024 (the cited version is the latest, 2025). In the cited paper it is shown how min-p
truncation outperforms pure sampling and other truncation techniques (among them top-p) in different
tasks, including creative writing, especially at high temperature.

For the extraction tasks previously described, we do not need any creativity, rather we need consistency in the
returned results. For this reason, we choose a value of temperature equal to 0.0, to ensure that the results
are deterministic and avoid random sampling of less probable responses. In this way, we leverage the language
analysis capabilities of the LLMs without the risk of unstable outputs. Setting the temperature to 0.0 means
that we will always select the logit with the highest probability, and this makes the value of top-p irrelevant for
these tasks.

For the generation task, the situation is more difficult. We need a hyperparameter setup that balances creativity
and coherence. All these parameters do not act in a vacuum, but influence each other. In particular, temperature
reduces the gaps between high probability and low probability tokens. Hence, let us first select a suitable value
of temperature. The work of Li et al. [46] shows that the creativity of medium-sized models (6-13 billion
parameters) increases slowly but steadily with temperature until values of 1.3, and then rapidly decreases
with higher values. Similarly the ability of the model to follow instructions remains constant as temperature
increases until 1.25, when it starts decaying. Peeperkorn et al. [58] find instead that the steeper increase in
creativity (with respect to temperature) comes between 0.3 and 1.0, and that high values of temperature have
a stronger negative correlation with coherence. Another important result from Li et al. comes from the study
of single models in an extended temperature interval [0, 4]. In particular, one of the tested models is Meta-
Llama-3-8B-Instruct, in both the full-precision version and 4-bit quantization. Both these models show high
creativity performance with temperature between 0.1 and 1.0, and a steep decrease after that, and similarly high
instruction following abilities until a temperature value of 1.5. This model does not correspond exactly to the
one we are using, but belongs to the same family (it is the previous version of the same family) and has the same
number of parameters, which means that we can probably expect similar behavior between the two models.
Given these data, as well as limited qualitative testing with the model, we decided to use the temperature value
of 0.9. Turning now to top-p, Holtzman et al.’s findings consistently point toward a value of top-p of 0.95, which
yields the best results. It is not clear from the paper with which value of temperature this value of top-p has
been found. However, insight into how this value can influence a 0.9 temperature model comes from Nguyen
et al. [51]. In this paper, the results show that at temperature equal to 1.0, top-p with p=0.95 outperforms
pure sampling and is outperformed by top-p with p=0.90, which is in turn outperformed by min-p with p=0.1.
In the light of these findings, we intend to proceed in this way: we choose a top-p value of 0.95 since, being
our task a highly creative generative task, we would like to include the probability distribution up to 0.95. We
however penalize extremely low probabilities with a min-p value of 0.1, which is also shown to outperform top-p
sampling at similar values of temperature. To summarize, we select a temperature value of 0.9, in order to reach
a wider region of the probability distribution without compromising coherence. To further reinforce coherence,
we truncate the sampling at 0.95 of cumulative probability and exclude tokens with a probability score less
than 0.1. These decisions are supported by knowledge of the workings of the parameters, the literature review
and qualitative (even if limited) trials with the model in question (llama-3.1-8b-instruct). There are other
parameters whose tuning might improve the quality of the generated story. However, a comprehensive and
precise tuning of all the parameters of an LLM lies outside the scope of this project.

3.2. Application back-end

We now turn our attention to the specific application that will employ the aforementioned architecture. The
goal of our application is to offer an immersive and interactive experience to the user, in the specific context
of fantasy stories, using the characteristic interaction paradigm of TTRPGs as illustrated in Section 2.2.1. In
our application the user will create a character and then embark on an adventure, in which they can interact
with various elements in order to advance the story. Before designing the application, we defined a set of
functionalities that the system must offer to the user.

3.2.1 Functionalities

Character creation

A core aspect of the application is that the user is not just a co-author of the story, but an active character
within it. We divide the character creation into four sections, each of which specifies an important aspect of
the character with respect to the story that will be generated.

Character archetype. An archetype is an idea, symbol, pattern, or character-type, in a story. It is any
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story element that appears again and again in stories from cultures around the world and symbolizes something
universal in the human experience. In the context of the character creation in our application, an archetype
defines a character’s capabilities and skills, as well as the basic fantasy the character embodies. We have selected
four archetypes that draw inspiration from fantasy literature and role-playing games:

e Warrior. A strong and resilient fighter. Extremely skilled in combat and physical challenges, but not very
good at magic or social interactions. Probably the most common fantasy hero. Embodies the role-playing
fantasy of a physically powerful skilled fighter who uses force to obtain their goal.

e Explorer. A stealthy and agile character, excelling in survival and quick reflexes. Knows their way in
both fighting and spellcasting ', but is not an expert in any of them. This archetype embodies the fantasy
of a treasure hunter who is always ready to face all kinds of situations with creative solutions.

e Mage. A master of arcane arts, possessing vast knowledge and powerful spells. Extremely skilled in the
use of magic, but not very good at fighting or physical challenges. This archetype embodies the fantasy
of wizards, sorcerers, witches or other characters that use magic and spells rather than physical abilities.
It also embodies the fantasy of scholars in possession of great knowledge, and in search of more.

e Bard. A charismatic performer and storyteller, skilled in music, lore, and social interactions. Can fight
and use magic, but is not an expert in any of them. This archetype embodies the fantasy of smooth
talkers, performers or in general those characters that use their words and charisma to achieve their
goals.

As will be clearer later, these archetypes are not only important for enabling the player to appeal to a basic
character fantasy, but also to provide skills and abilities that will actively shape the unfolding of the stories.

Character description and name. This section includes a textual description of the character made by the
user. The description can include both physical traits, character traits and backstory, and it is complemented
with a name for the character. This information will be used to enable the generative model to be coherent
with the nature of the character and their main traits.

Goal of the adventure. Like in any adventure story, the character has a main goal to achieve. In this
respect, our application differs from the similar products previously analyzed (Al Dungeon and Al roguelite)
which do not feature a precise goal in the adventure. Since, as explained in Section 2 we aim to reproduce a
story structure, our application cannot forgo giving the user a specific goal, even at the cost of restraining the
player’s freedom a little. We designed three possible goals among which the character can choose:

e Retrieve the Mystic Crown of the Fallen King. The Mystic Crown is said to be able to grant a single wish
to its bearer. Appeals to users whose fantasy is to find ancient artifacts with great powers.

e Defeat the evil Shadowmancer. The Shadowmancer is an evil sorcerer who plans to plunge the world into
darkness. Probably the most common trope in fantasy storytelling: defeating a great evil. Also appeals
to the users who might want to live a "revenge story".

e Find the treasure of the Fallen King. This treasure is said to be immense, and contains gems worth more
than entire kingdoms. Another very common trope in fantasy storytelling. Appeals to the users whose
fantasy is to find great riches and treasures.

Character’s motivation. If the restriction to just three precise goals might limit the freedom of the user,
the addition of a motivation partially restores this freedom. The user is invited to provide a motivation for the
character to pursue the selected goal. This allows the user to tie their character directly to the main goal of the
story: the goal becomes something personal that the character wants to pursue for a specific motivation.

Interactive story generation

The other core element of the application is the interactive generation of stories. By following the paradigm
highlighted in Section 2.2.1, we generate the story scene by scene according to the user input. Each scene is
generated independently of the other scenes; all information needed for the generation of a scene is given to
the generative model in one single prompt. This can also include information from the previous scenes. We
identified five types of scenes that our system needs to generate:

e Introductory scenes. These scenes introduce the user to the story and location, presenting the main
character and their goal and motivation (according to the choice previously made by the user).

e Descriptive scenes. These scenes describe to the user a location when they access it. They give a
general description of the environment as well as of any important details such as paths that can be
taken, characters to interact with, or obstacles to overcome.

e Responsive scenes. This kind of scene responds to the user input by describing the consequences of
the characters’ actions.

IThe ability to cast spells and use magic.
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e Transition scenes. These scenes mark the transition from a main location to the next, which corresponds
to the advancement of the story and to the passage to the next narrative act.

e Ending scenes. These scenes mark the end of a story, in which the protagonist has reached their goal,
and give closure to the narration.

Fallibility of the actions As discussed in Section 3.1.2, an important aspect of immersion is the possibility
of failing actions that are beyond the capabilities of the character. This also drives the user to adapt their
interaction to their character’s abilities and the situation, and to try different approaches when one fails. RPGs
usually achieve this by means of a system of characteristics and ability scores. Characteristics are numerical
values that describe the intensity of basic character traits, while ability scores are numerical values that express
the extent to which a character is competent at a certain class of tasks. The ability scores usually depend on
the characteristic values, but can be influenced by other aspects. This will become clearer with an example.
Let us take another example from D&D. The example is illustrative, and it does not need to be understood
in every detail to follow the rest of the work. A character in D&D has six characteristics (strength, dexterity,
constitution, intelligence, wisdom and charisma), each of which has a value between 0 and 20. D&D also has
eighteen ability scores, corresponding to various classes of tasks. For instance, let us take the ability athletics,
which corresponds to all those tasks that require the use of physical strength. Each ability score is determined
by the characteristic associated with it (for athletics it is strength) plus possibly a bonus depending on the
character. When a character wants to attempt a task, the ability score is added to the roll of a twenty-sided
die (a D20), and that determines how well the character performs the task. Let us give an example. Imagine a
very strong character who has an ability score for athletics of +8. The character finds themselves in front of a
ravine and decides to jump to the other side. The player will in this case communicate their intention to the
Master, who will determine a Difficulty Class (DC), a numerical value which indicates how difficult the task is
(in this case, say 18). Then the Master will ask the Player to make an ability check on athletics. The Player
rolls a twenty-sided die and adds their character’s athletics ability score (+8 in this case). If the result equals or
exceeds the DC (18 in our example), then the character will succeed at the task; otherwise, they will fail. The
Master then narrates the outcome of the character’s action and its consequences. The key element to keep in
mind after this discussion is that in this mechanism, which is common to most RPGs, the outcome of an action
is decided by a precise mathematical computation, and not by either the Actor (the Player) or the Narrator
(the Master).

For our application, we want to mimic this paradigm, but we want to make it simpler and more intuitive, and
we want the user not to rely directly on mathematical computation to make their strategic choices. Taking
these goals into account, we designed the following system of characteristics and abilities.

Characteristics and their descriptions

Strength. Physical power and force.

Resistance. Ability to withstand damage and adversity.

Agility. Skill and nimbleness in physical actions.

Knowledge. Understanding and awareness of the world.

Charisma. Ability to influence and inspire others.

Instinct. Natural intuition and reflezes.

The values and descriptions of these characteristics are known to the user, who can use them to guide what
actions they want their character to perform. Each archetype previously presented starts with a specific set of
values for these characteristics.

Abilities

e Fighting. Each action that consists of engaging in physical combat with a target. Its value is computed
as the average of Strength, Agility and Resistance, rounded up.

e Athletics. Each action that consists of using physical abilities to overcome an obstacle. Its value is
computed as the average of Strength and Agility, rounded up.

e Surviving. Each action that consists of using survival skills to overcome an obstacle or reach a goal. Its
value is computed as the average of Instinct and Resistance, rounded up.

e Tinkering. Each action that consists of carefully interacting with an object in order to repair or modify
it with precision, manual skill and finesse. Its value is computed as the average of Instinct, Agility and
Knowledge, rounded up.

e Talking. Each action that involves interacting with a creature to reach a goal. Its value corresponds to
Charisma.

e Observing. Each action that involves perceiving the world around using the senses. Its value corresponds
to Instinct.

e Spellcasting. Each action that involves the use of spells or magic in general. Its value is computed as
the average of Knowledge, Charisma and Instinct, rounded up.

e Thinking. Each action that involves using knowledge or intuition to find a solution to a problem. Its
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value is computed as the average of Knowledge and Instinct, rounded up.
The user does not know the descriptions, the values or how to compute these ability scores. In fact, the user does
not even know that these scores exist. The scores are computed for the character and stored in the application.
Then, each time the user describes an action in their input, the information extractor will retrieve any action
that belongs to any of these ability categories and return it in the form of a Special Action, as described in
Section 3.1.2. Then the target of the action is searched among the obstacles that the user might face, and this
value is compared with the DC of the ability for that obstacle. This will determine if the action succeeds or
fails.
In the context of the application we call these obstacles Events. With Event we mean any story element that
poses a challenge to the main character. This challenge can be overcome with the mechanism mentioned above:
the user can describe an action with the Event as target, and the ability corresponding to the action must have
a score that equals or exceeds the corresponding difficulty of the Event. Succeeding in overcome an Event makes
the character obtain a Prize. A Prizes can be of two types: (1) Items (see Section 3.2.1) or (2) advancement of
the story.
This mechanism ensures that the success or failure of the actions that lead the plot forward is decided not by the
LLM but by the characteristics of the main character, while at the same time preventing the user from relying
on purely mathematical calculations. Rather, the user must rely on their intuition to correlate the numerical
values of the characteristics with the probability that a certain action might succeed or fail.

Items and Companions

Although these are not core elements of the application, objects and supportive characters are both a staple in
fantasy stories and an important element in RPGs.

By “Item” we mean, in the scope of our application, any object that can be obtained by the main character and
that can help them advance in their adventure, both by increasing their characteristics and by acting as a key
object to achieve a goal. For example, a sword might improve the character’s ability to fight enemies, while a
key can be used to open a specific door or chest. These are not only narrative objects, but also objects that the
user can manipulate in the application and that can numerically improve their character’s skills.

We now introduce the concept of “Equipment”. By Equipment we mean the set of Items that the character is
actively carrying. The equipment consists of five slots: right hand, left hand, armor, head and accessory. Each
Item is compatible only with a subset of these slots. For instance, a sword can be carried in either the right
hand or the left hand slot, while a hat can only be carried in the head slot. Only an equipped Item grants a
bonus to the character’s characteristics. This mimics the typical equipment mechanism of RPGs in a simplified
way.

By “Companion” we mean all those characters with whom the main character can interact and who can join
them on their quest, providing advantages. These characters provide hidden bonuses to the main character’s
abilities, which are conveyed through the descriptions of the characters’ capabilities. For example, a character
who is described as a powerful wizard and wise scholar will give bonuses to Spellcasting and Thinking.

Feature
To complete the construction of a character, we introduce the concept of "Feature". By Feature we mean a
particular skill of a character that grants bonus to specific abilities. In the application we designed four features,
one for each archetype:
e Fighter. The character has fighting experience, and so has and advantage in physical combat. Grants
bonuses to Fighting and Athletics.
e Survivalist. The character knows their way in the nature and can get out from difficult situations.
Grants bonuses to Surviving, Observing and Tinkering.
e Spellcaster. The character is proficient in the use of magic, being able to cast better and more powerful
spells. Grants bonuses to Spellcasting and Thinking.
e Smoothtalker. The character knows how to use words to convince, intimidate or deceive others. Grants
bonuses to Talking and Observing.
As in the case of companions, the bonuses are hidden to the user, and only suggested by the description of the
feature.

3.2.2 Application design

With these functionalities in mind, we designed and implemented a demo application that could fulfill them.
We will now begin by illustrating the main classes that constitute the application. The application is developed
in C#, but we will describe the classes in the most language-agnostic way possible. The classes discussed
in the following are described from a design point of view. In the actual implementation of the application,
some differences could be found with respect to the following descriptions. For instance, some classes or some
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dictionaries are actually implemented as struct. More precisely, what we describe abstractly as a dictionary
(e.g., mapping attribute names to integer values) might be in the code a struct with fixed fields (for example,
a struct containing ten integer attributes instead of a Dictionary<string, int>). Although implemented
differently, these solutions are conceptually equivalent to the ones described in this section.

Character

This class is used to deserialize and temporarily store the character created by the user, sent as

a JSON through a POST API call from the front-end. It contains the attributes listed in Table 3.

Table 3: Attributes of the Character class.

Attribute Type Description

name string The character’s name.

description string A textual description of the character (physical traits,
personality, backstory).

archetype string The chosen archetype (Warrior, Explorer, Mage, or
Bard).

characteristics | Dictionary(string, int) The six numerical characteristics (Strength, Resistance,
Agility, Knowledge, Charisma, Instinct).

equipment Dictionary(string, string) | The set of Items currently carried, organized into slots.
The dictionary only contains the name of the Items, as
a result of the de-serialization process.

feature string A special ability or trait associated with the archetype.
The attribute only contains the name of the feature

Item This class implements an Item as described in Section 3.2.1. Its attributes are listed in Table 4.

Table 4: Attributes of the Item class.

Attribute Type Description

name string The item’s name (e.g., “Steel Sword”, “Mystic Hat”).

description string A textual description of the item.

compatibilities | List<string> | A list of strings indicating which equipment slots the
item can occupy (e.g., "right hand", "head").

characteristic | string The characteristic (e.g., Strength, Agility) that is im-
proved when the item is equipped.

bonus int An integer representing the amount of bonus granted to
the specified characteristic.

Companion This class implements a Companion as described in Section 3.2.1. Its attributes are listed in

Table 5.
Table 5: Attributes of the Companion class.
Attribute Type Description
name string The name of the companion.
description string A textual description of the companion’s appearance.
ability_description | string A textual description of the companion’s abilities. It is

intended to be shown to the user as a hint about the
bonuses the companion offers.

bonuses Dictionary <string, int>

The set of abilities improved by the companion with their
relative bonuses.

Feature This class implements a Feature as described in Section 3.2.1. Its attributes are listed in Table 6.
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Table 6: Attributes of the Feature class.

Attribute Type Description

name string The name of the feature (e.g., Fighter, Survivalist).

description | string A textual description of the feature.

bonuses Dictionary(string, int) | The set of abilities improved by the feature with relative
bonuses.

Event This class implements an Event as described in Section 3.2.1. Its attributes are listed in Table 7.

Table 7: Attributes of the Event class.

Attribute Type Description

name string The name of the event.

description string A textual description of the event.

difficulties Dictionary<string, (int dc, Prizes prizes)> | Keys are ability names (e.g., Fighting). Value is a com-
posite: integer dc (difficulty class, see Section 3.2.1) and
Prizes (custom type, either List<Item> or string).

block_path bool Whether this event blocks the protagonist from advanc-

ing or changing location.

bonus_objects

Dictionary <string, string>

Keys are ability names (e.g., Fighting). Value is an
Item name. If the Item is in inventory or equipment,
the ability gains a bonus. Models task facilitation (e.g.,
key for chest).

following_event

string

Name of the event that immediately follows after com-
pletion. Null or empty if none.

Room This class implements a Room. In the context of this application, a Room represents a single location
of the story. Its attributes are listed in Table 8. This class has one method, pathBlocked (), which returns
true if at least one of the events in the room has the attribute block_path equal to true; otherwise, it returns

false.
Table 8: Attributes of the Room class.

Attribute Type Description

id int The id of the Room, from 0 to 999. The id is unique
inside an Act.

description | string A textual description of the location represented by the
room.

companions | List<Companion> | The list of Companions who can be encountered in the
Room. Can be empty.

events List<Event> The list of Events that are interactable in the room. Can
be empty.

paths List<string> The list of all the paths leading outside the location rep-
resented by the room.

connections | List<<int> The list of all the rooms that are reachable from this one.

Act This class implements a narrative act. Its attributes are listed in Table 9.

Table 9:

Attributes of the Act class.

Attribute Type Description

number int The number of the act, from 1 to 3 in our setting.

location string The main location in which the act takes place.

companions List<Companion> | The list of Companions who can be encountered in the
act. Can be empty.

introductory_prompt | string A brief description of the introduction of the act, used
to generate the introductory narration.

rooms List<Room> The list of the rooms in the act.
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Room Manager This static class manages the rooms that make up the adventure. The attributes of the
class are listed in Table 10. The main methods of the class are listed in Table 11.

Table 10: Attributes of the Room Manager class.

Attribute Type Description
currentRoom | Room The room corresponding to the current location of the
story.
lastRoomId | int The id of the last room visited. When entering a new
room, it is used to understand which path the user is
using to enter.
rooms Dictionary<int, Room> | The set of rooms currently loaded, paired with the cor-
responding id.
ROOM_LIMIT | int A read-only constant that sets the hypothetical maxi-
mum value of the id of the rooms; in this case, it is set
to 999.
Table 11: Methods of the Room Manager class.
Method Parameters => Return Type | Description
InitializeRooms | () => void Loads the rooms of the current Act and sets the current room
to the room with id equal to 1. For the third act, the starting
room depends on the goal selected by the user.
MoveRoom (int id) => bool Sets lastRoomId equal to the current room id and changes

currentRoom to the room with id equal to the parameter id.
If id is greater than ROOM_LIMIT, then it increases the current
narrative Act by 1 and calls InitializeRooms.

World State Info This static class contains many different pieces of information on the current state of
the application, the story and, mainly, the user’s character. The attributes of the class are listed in Table 12.
The main methods of the class are listed in Table 13.

Table 12: Attributes of the World State Info class.

Attribute

Type

Description

character

Character

The character created by the user.

ability_scores

Dictionary<string, int>

The values of the abilities of the character as defined in
Section 3.2.1.

character_equip

Dictionary <string, Item>

The set of Items currently carried by the character, or-
ganized into slots. This dictionary contains the actual
Item objects.

inventory List<Item> The Items possessed by the character but not equipped.
features List<Feature> The features of the character.

party List<Companion> The list of companions that accompany the character.
objective string The goal of the character as discussed in Section 3.2.1.
motivation string The character’s motivation as discussed in Section 3.2.1.
act int The current narrative act.
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Table 13: Methods of the World State Info class.

Method Parameters => Return Type Description

addCharacter (Character ¢) => void Takes a Character as input, sets it as the character attribute,
converts the strings for features and items into the corresponding
objects, computes the current characteristics given the bonuses
from the items, and calls the computeStats method.

computeStats () => void Computes the ability scores of the character starting from its char-
acteristics, equipped Items and Companions.

getCharacterInfo | () => Dictionary<string, object> Returns a dictionary containing information about the character
ready to be sent as a response to an API call.

addPartyMember (Companion cm) => Companion Adds cm to the party attribute and removes it from the current
Room.

addItems (List<Item> items) => void Adds the elements of items to the inventory.

switchEquipments | (Item item, string position) => void | Inserts item into character_equip in the slot indicated by
position. If the slot already contains an Item, that Item is trans-
ferred to inventory. Then recomputes the characteristics and calls
the computeStats method.

Special Action This class implements a Special Action as described in Section 3.1.2. Its attributes are
listed in Table 14.

Table 14: Attributes of the Special Action class.

Attribute Type Description

action string The “type of action” to be performed, which corresponds
to one of the abilities described in Section 3.2.1.
target string The name of the Companion or Event which is the target
of the action.

information | List<string> | Additional information about the action.

Formatted Action This class is used to enrich a Special Action with additional attributes to make it
usable for building the prompt for story generation. Its attributes are listed in Table 15. This class has only
one method, FormatActions, which takes as input a List of Special Actions and outputs a List of Formatted
Actions. For each Special Action in the input, the method finds the corresponding ability score of the character
and the corresponding target event. It then compares the event’s difficulty for that ability with the ability
score and assesses the success or failure of the action. In doing so, it checks whether there are any items in the
character’s equipment or inventory that grant them bonuses (as discussed in Section 3.2.2). Then it checks the
prizes for the successful completion of the event and fills the prizes attribute accordingly. If the target is a
companion, the action automatically succeeds, but no prize is registered. Ideally, the application should also
deal with the fallibility of actions toward a companion, but, given time and resource constraints, for the sake of
the demo we decided to ignore this aspect.

Table 15: Attributes of the Formatted Action class.

Attribute Type Description

action string The “type of action” to be performed, which corresponds
to one of the abilities described in Section 3.2.1.

target string The name of the Companion or Event which is the target

of the action.

information | List<string> | Additional information about the action.

success bool A boolean that describes whether the action has suc-
ceeded or failed, in the sense discussed in Section 3.2.1.

prizes string A concatenated string listing the prizes of an action. If
the prizes are Items, it lists their names. If the prize
is a narrative string, this attribute corresponds to that
string.
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App Data This static class reads, stores, and grants access to the data of the application. The data on
which the application works (Events, Companions, Rooms, etc.) are stored in a JSON file. This allows the data
to be easily tweaked, even without a deep knowledge of the app, thus making it possible to change or adjust the
adventure that the user will experience. The attributes of the class are listed in Table 16. The main methods
of the class are listed in Table 17.

Table 16: Attributes of the App Data class.

Attribute | Type Description
DataPath string The path of the JSON file that contains the data.
items List<Item> A list of all the Items available.
features List<Feature> A list of all the Features available.
events List<Event> A list of all the Events available.
companions | List<Companion> | A list of all the Companions available.
acts List<Act> The acts that compose the story.
Table 17: Methods of the App Data class.
Method Parameters => Return Type Description
Init () => string Deserializes JSON data using temporary structs,
fills items, features, companions. Calls
DeserializeEvents and DeserializeActs. Re-
turns "success" or an error message.
DeserializeEvents (Data data) => void Composes events from temporary data. Finds
Items by name inside the prizes attribute.
DeserializeActs (Data data) => void Composes Acts from temporary data. Con-
structs Room objects and populates their Events
and Companions by name lookup.
getItemByName (string name) => Item Returns the Item with matching name, or null if
not found.
getFeatureByName (string name) => Feature Returns the Feature with matching name, or null
if not found.
getEventByName (string name) => Event Returns the Event with matching name, or null

if not found.

getCompanionByName

(string name, bool tolerance) => Companion

Returns the Companion with matching name, or
null if not found. If tolerance is true, handles
misspellings and partial names (e.g., from LLM
output).

getActRooms (int actId) => List<Room> Returns the rooms of the Act with matching
number.

getActPrompt (int actId) => string Returns the introductory_prompt of the Act
with matching number.

getActLocation (int actId) => string Returns the location of the Act with matching

number.

Narrator This static class contains the methods to compose the various prompts needed for the functions of
the architecture discussed in Section 3.1. The attributes of the class are listed in Table 18. The main methods
of the class are listed in Table 19.

Table 18: Attributes of the Narrator class.

Attribute Type | Description

_lastScene | string | The last scene of the story.

_storySoFar | string | A summary of the story in the current narrative act.
_totalStory | string | A summary of the total story, divided by acts.

26



Table 19: Methods of the Narrator class.

Method

Parameters => Return Type

Description

BuildIntroductionPrompt

() => string

Constructs the prompt for an Introductory
Scene (see Section 3.2.1).

BuildBasicPrompt

(List<string> actions,
List<Formatted Action> format-
tedActions,

List<string> context,

int path) => string

Constructs the prompt for a Respon-
sive or Descriptive scene (see Sec-
tion 3.2.1). Recognizes act changes and calls
BuildTransitionPrompt.

BuildTransitionPrompt

(List<string> actions) => string

Constructs the prompt for a Transition Scene
(see Section 3.2.1). Recognizes story end and
calls BuildEndingPrompt.

BuildEndingPrompt (List<string> actions) => string | Constructs the prompt for an Ending Scene
(see Section 3.2.1).
UpdateWithSummaryAsync async (string newNarration) => | Generates a summary of the last scene and
Item updates _lastScene and _storySoFar.
UpdateCompleteStory () => void Updates _totalStory with _storySoFar

and clears it. Called at the end of each act.

BuildHasJoinedRequest

(string generatedNarration,
List<Companion> currentCom-

panions) => string

Constructs the prompt to check if any com-
panions joined the protagonist (see Sec-
tion 3.1.2).

API Caller This static class contains the methods to send requests to the API of the architecture in order
to access to the functionalities discussed in Section 3.1. The attributes of the class are listed in Table 20. The
main methods of the class are listed in Table 21.

Table 20: Attributes of the API Caller class.

Attribute | Type Description

APIBaseURL | string A constant containing the URL where to send the re-
quests.

roots Dictionary<string, string> | The roots to reach the various functions of the architec-
ture.

client HttpClient The client used to send the requests to the API.
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Table 21: Methods of the API Caller class.

Method Parameters => Return Type | Description

Init () => void Setup the client.

CallAPI<T> (string method, string endpoint, | Send a requests of the type specified in method to the root

string body = null) => Task<T> | corresponding to roots[endpoint]. Uses the body in case of
a POST request, if needed. Returns a task of type T.
Search (string query) => | Sends a POST request to the retrieval endpoint. Query con-
Task<SearchResponse> tains the query terms for the retrieval system. SearchRe-
sponse is a struct used for the de-serialization of the response.

ExtractInfo (string query) => | Sends a POST request to the info extraction endpoint. Query

Task<InfoExtractionResponse> contains the prompt for the extraction of actions and special
actions. InfoExtractionResponse is a struct used for the de-
serialization of the response.

FindPath (string query) => | Sends a POST request to the path taking endpoint. Query

Task<PathfindingResponse > contains the prompt for the extraction of the path taken by
the user. PathfindingResponse is a struct used for the de-
serialization of the response.

Generate (string query) => | Sends a POST request to the narration generation endpoint.

Task< GeneratorResponse > Query contains the prompt for the generation of the cur-
rent scene. GeneratorResponse is a struct used for the de-
serialization of the response.

GenerateSummary | (string query) => Task<string> | Sends a POST request to the summary generation endpoint.
Query contains the prompt for the generation of the summary
of the current scene.

HasJoined (string query) => | Sends a POST request to the info extraction endpoint. Query

Task<HasJoinedResponse> contains the prompt for the extraction of wether a character
joined the protagonist. HasJoinedResponse is a struct used
for the de-serialization of the response.

RebuildIndexes | () => void Sends a POST request to the rebuild index endpoint. Cause
the rebuilding of indexes of the documents used by the re-
trieval system.

Program This is not a class, but rather the entry point of the API of the back-end. It is responsible for
building the host, registering services, and defining the endpoint mappings. The API endpoints exposed and
the tasks they perform are listed in Table 22.
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Table 22: API endpoints exposed by the back-end.

Endpoint

Parameters

Description

GET /init

0

Initializes the application, calling various
methods from other classes.

POST /character

(Character character)

Saves the character in the WorldStateInfo
class, calling the method addCharacter.

GET /character

0

Returns the character stored
in WorldStateInfo.character
by calling the method

WorldStateInfo.getCharacterInfo.

POST /objective

(string objective, string motivation)

Sets WorldStateInfo.objective and
WorldStateInfo.motivation.

POST /start

Starts the story by generating the Introduc-
tory Scene.

POST /first_scene

Generates the first Descriptive scene to start
the interaction. It is called after the Intro-
ductory scene and every Transition scene.

POST /action

(ActionRequest action = null)

Receives the wuser input (the descrip-
tion of the actions of the character)
and performs all the operations needed

to generate the Responsive scene. It
calls the methods APICaller.Search,
APICaller.ExtractInfo and

APICaller.FindPath, and uses the in-
formation obtained by these methods to
build the prompt for the scene generation,
by calling the Narrator.BuildBasicPrompt
method. Then it uses this prompt to gen-
erate the scene with APICaller.Generate,

and uses the generated scene
as a parameter for the method
Narrator.BuildHasJoinedRequest. It

then uses the return value of this last method
as a parameter for APICaller.HasJoined.
If this method returns a wvalid Com-
panion, it gets added to the main
character’s party through the method
WorldStateInfo.addPartyMember. This
method also checks if the story has ended,
and calls all the necessary methods. Finally,
it returns the generated text along with
some useful information on the state of the
application (namely, if the narrative act has
changed, if the story has ended and which
Companion, if any, has joined the main
character).

POST /equipment/switch

(SwitchEquipmentRequest request)

Triggers the insertion of an Item into
the character’s equipment in a spe-
cific slot. SwitchEquipmentRequest is
a struct which contains the attributes
ItemName and Position. These are
used as parameters of the method
WorldStateInfo.switchEquipment. Fi-
nally, this endpoint returns the character
information obtained from the method
WorldStateInfo.getCharacterInfo.

GET /inventory

Returns the inventory of the character.
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3.3. Application front-end

Although it is not the main focus of our work, a suitable front-end for the application plays an important role
in offering an immersive and enjoyable experience. One of the advantages of our architecture is precisely that it
allows the user to interact with the story not only by describing their actions, but also through other interactions
that have an actual impact on the story. We are specifically referring to the ability of the user to visualize the
Items obtained during the adventure and equip them in order to improve the character’s characteristics. This
enhances both engagement and immersion, since the user feels that their actions have concrete, tangible rewards
which impact the character’s progression and improvement in a meaningful way.

To translate these interactions into a smooth and intuitive experience, we designed a front-end that prioritizes
clarity of feedback and ease of use, ensuring that players can focus on the narrative without being distracted
by the underlying complexity.

3.3.1 UI/UX design

In the following, we will analyze each screen of the application and discuss the motivations behind the main
design choices. Before that, we briefly discuss some implementation details.

Notes on implementation. We will not delve into the implementation details of the front-end, since they
are of little interest for the scope of this work: the front-end could be re-implemented with different technologies
(e.g., Unity) without affecting the core architectural choices or the back-end logic. The specific implementation
does not significantly impact the overall functioning of the application. We chose to implement the front-end
as a web application using JavaScript as the main programming language, with React as the UI library and
Vite as the build tool. This choice was motivated by ease of implementation, the extensive ecosystem and
community support, and the flexibility and portability of the resulting solution. Some notable libraries used
in the implementation are @dnd-kit/core, which manages drag-and-drop of certain UT elements (namely, the
Items), and zustand, which provides a lightweight state management solution for temporary application data.

Starting screen. This is the first screen with which the user interacts during the experience. It is shown
in Figure 2a. The main element of this screen, which will be a recurring element throughout the whole UI,
is the Book. The Book is the central Ul element on which most of the user interaction occurs. The idea of
reproducing a book as the main interactive element of the UI comes mainly from Valcamonica et al. [76], in
which the authors also operate in the context of interactive fantasy storytelling with LLMs, albeit with different
goals. In general, the UI of their application has been a major inspiration for the design of our own. We have
dedicated less time and effort to the quality of the visual assets of our Ul, since in our case it is not the main
focus of the work.

The book is divided into two main parts: the left page and the right page. Each page hosts different Ul elements.
In the starting screen, the left page welcomes the user and briefly presents the application, and allows them to
start the experience. The right page instead shows a brief paragraph that introduces the user to the narrative
setting and to the incipit of the story they will experience.

Welcome to QuesTale!

(a) Starting screen of the application (b) UT of the application from Valcamonica et al.

Figure 2: Comparison between our Ul and the one from Valcamonica et al.

Archetype selection screen. In this screen, the user can select the archetype of their character (see
Section 3.2.1). On the left page, the four archetypes are selectable by clicking on the corresponding button.
When an archetype is selected, its information is displayed on the right page. In particular, a panel shows the
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starting characteristics of the archetype, its starting Equipment and the associated Feature (see Section 3.2.1).
It also offers a brief description of the abilities of a character with the selected archetype. The archetype
selection screen is shown in Figure 3.

Select a character archetype

The archetype will influence the capabilities of your character.

Warrior

Equipment
Warrior

Explorer

Mage

Astrong and resilient fighter. Extremely skilled in combat and physical challenges, but not very
‘good at magic or social interactions.

Figure 3: Archetype selection screen.

Character information screen. In this screen, the user can choose a name and provide a description
for their character (see Section 3.2.1). On the left page, the same panel as in the archetype selection screen
appears, showing the character’s parametric features. In this case, however, the parchment that in the archetype
selection screen displayed the archetype name becomes an input text field in which the character’s name can
be written. On the right page, another input text field allows the user to enter the character description. The
character information screen is shown in Figure 4.

Describe your character

Provide a description for your character. You can describe your character both physically and character- A skilled menster hunter. He has white long yg%iﬁ""'h?y%
wise, and also include some bits of backstory. or. with him a

Geralt

— —J Warrior
Equipment

Qs Q2
0Os &1
4 @3

Figure 4: Character information screen.

Goal and motivation screen. In this screen, the user can select the goal of the adventure (among three
available options) and specify the motivation of the character (see Section 3.2.1). On the left page, three buttons
allow for the selection of the goal. On the right page, an input text field allows the user to enter the character’s
motivation. The goal and motivation screen is shown in Figure 5.
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Se|eCt a Goal ::n::e::rgvmed that it

The goal is the objective of your character's journey. Chose one of the followings.

to be able to grant a single wish of its bearer.

The. is an evil sorcerer
‘which plans to plunge the world in darkness.

Find the treasure of the Fallen King. This treasure is said to be
immense,

' Continue I

Figure 5: Goal and motivation screen.

Narrative screen. This is the main screen of the application, which presents the generated text to the user
and allows them to specify their character’s actions. On the left page, the screen shows the current narration.
On the right page, an input text field allows the user to enter the character’s action. Moreover, this page
introduces the other main element of the UI: the "Character sheet". This is a panel, similar to the ones seen in
the archetype selection screen and in the character information screen, but it has a vertical layout. It sums up
all the main (non-narrative) information about the character. It shows the characteristics, the Equipment and
the Feature of the character. In addition, it shows two additional pieces of information:
e the character’s inventory, which contains all the character’s non-equipped Items. From this section, the
user can drag the Items and drop it onto one of the equipment slots to equip the corresponding Item.
This mechanism automatically manages the compatibilities of the Items (see Section 3.2.1) and performs
the corresponding APT call (see Section 3.2.2);
e the character’s party, which shows all the companions who follow the main character in their adventure
(see Section 3.2.1).
The narrative screen is shown in Figure 6.

Geralt
‘Warrior
[ ¥}

axe free from its wooden prison. The air was filled with the satisfying thud of wood Q2

B . o Describe the actions of your character...
As Geralt set his eyes on the axe stuck in the tree, a surge of determination coursed

through him. He grasped the hilt with both hands and, with a mighty roar, yanked the

splintering as the tree shook under the force of Geralt's strength. Golgi watched the o1
display with rapt attention, his purple eyes shining with excitement as he let out a

triumphant whoop. Irina, meanwhile, looked up from her tome and blinked in surprise at i
the commotion caused by Geralt's actions. The clearing fell silent once more, save for the

soft hum of insects and the distant rustling of leaves. Golgi ambled over to Geralt, axe in

hand, a grin still plastered on his face as he regarded the battle-worn weapon with a

practiced eye. ‘Not bad," he said, his voice dripping with approval, 'but you should see

my swing.' He began to practice his stance, axe at the ready, his eyes sparkling with

mischief. Irina looked back down at her tome, her expression one of studious intent once

more.

Features

Fighter

Party Members

Figure 6: Narrative screen.

Additional Notes on the UI. To prevent confusion, each UI element corresponding to an application
component (Characteristics, Items, Companions, and Features) displays a tooltip when hovered with the mouse.
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The tooltip contains a description of the element and its impact on the story. For Characteristics and Features,
these are the descriptions in italics from Section 3.2.1. For Companions, the tooltips focus mainly on their
capabilities, as discussed in Section 3.2.1, while physical or personality descriptions are left to the narrative.
For Items, the tooltip provides not only a description, but also information about compatible equipment slots
and the bonus they grant to characteristics (see Section 3.2.1).

3.4. Additional Notes on the application and the architecture

In this subsection, we will address some aspects of the application that have not been covered previously.

3.4.1 Relation between application and architecture

In Section 3, we discussed how the architecture and the specific application that uses it are separate components.
While this holds true in theory, in practice there are some overlaps between the architecture and the application.

First, it is important to stress that the architecture is not completely application-agnostic: it has been de-
signed with a specific goal in mind, namely the generation of interactive and immersive fantasy stories with
role-playing game elements. This means that, to use the architecture as is, an application must be at least
similar to the one actually developed in this work. However, the architecture can be easily refactored for other
purposes without the need to heavily modify the code. By only tweaking the system prompts for each com-
ponent, it is possible to modify the genre of the produced story (thriller, action, horror), change the desired
linguistic register, and alter the structure of the generated scenes and the overall narrative arc, as well as the
specific types of information extracted by the information extractor. Moreover, since the architecture is based
on API calls, a client application can freely call only the necessary functions, in any order. Additionally, thanks
to its modularity, new functions can be added to the application with relative ease, without requiring a deep
understanding of the existing ones.

Secondly, as mentioned, there are some overlaps between the architecture and the application, meaning that
some components theoretically belonging to the application are implemented as part of the architecture, and
vice versa. The two most notable examples are the documents used for the retrieval system and the story
structure file.

The documents used by the retrieval system are stored as a JSON file in the ./data folder of the architecture
code. Clearly, these documents do not belong to the architecture, since they contain information about the
narrative setting specified by the application. However, they were stored directly within the architecture to
simplify the implementation. Nonetheless, the architecture API offers dedicated calls to load new documents
and recompute their indexes.

The story structure file (again a JSON file) is stored in the . /Resources folder of the application. However, one
could argue that this file should actually be a product of the architecture, since it represents the story outline,
which would normally be provided as plain text to the LLM. In fact, adopting a black-box view of the entire
process, the input to the simple LLM and to the architecture should be the same, namely the user input for
each scene and the story outline. This is a valid objection, which will be addressed in the next section.

3.4.2 The author perspective

Up to this point we have focused as target users the ’players’, the people which experience the interactive and
immersive story generated by the application. However, another potential class of users can be interested in
this application: we will call them the ’authors’. We have discussed in Section 2.2.1 how the Master can assume
both the role of author and narrator of the story that the Players experience. In this work we focused on the
second role: our application does not author the story, does not generate the historie, but only the discourse
(see Section 2.1). We are hence considering the story author as an external agent, with respect to the system.
However, this means that we can expect from this agent the same input to the system that would be given to
a simple LLM: a textual story outline. This text can be very detailed, including a large amount of information
regarding the story, but it would still be a purely textual input, written in natural language. In our application,
however, we use as story outline a JSON file, containing all the information described in detail in Section 3.2.
One could argue that a confrontation between the simple LLM, which uses the natural language story outline,
and the architecture, which employs the formatted story outline, cannot be performed, since there is a larger
amount of information on the second case. The same objection could be moved about the use of the retrieval
system, which provides more information to the model, with respect to the non architecture case. However in
this case the extra information is completely a product of the architecture: even if the author would supply the
documents about the narrative setting to an application which doesn’t employ the architecture, there is no way
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to provide those information to the generative model (except for providing to the model the entire document
corpus, which is not feasible). In the case of the story outline, however, there is not any part of the architecture
(currently) which produces the formatted story outline starting from the one in natural language. In this sense,
one could object that there is an extra human effort behind the story generated with the architecture. This is
however not a limit of the architecture itself, rather then the scope of this work. In fact, the architecture could
be easily extended to produce, given in input a story outline in natural language, the corresponding formatted
story outline. This would nonetheless require a model large enough to perform such a complex task satisfactorily
(or alternatively a finetuned model) and careful prompt engineering. We did not engage in the implementation
of this function for the following reasons:

e Scope of the research. We are interested mainly in the interactive generation of the story in response
to the user inputs. The adherence to the story outline is only one of the criteria we evaluate, and is
always evaluated against the natural language outline. Hence, the extra information which might arise
from a human compiled formatted outline have little influence in this sense, since they would not be
counted as adherent to the outline. The real difference would only be given by how the application and
the architecture manage the information of the outline.

e Limited resources. As previously stated, this translation function would require a non-negligible
amount of work, time and computational resources. Given the limited resources at our disposal and
the marginality of this passage to our scope, we decided to process manually the story outline, especially
considering that our study focus specifically on a single story outline.

Figure 7 shows how the current architecture could be extended with a component which performs the conversion
from a natural language outline to a formatted one.

Extended Architecture
~
Oulivie Formatted /~ ™
franslation Outline
component Current Architecture
User inputk M vy g,

Figure 7: Extended Architecture.

4. Testing of the solution

In this section, we discuss the testing of the solution. We tested our solution by means of human testing and
evaluation, while collecting data about the experiences to perform some statistical evaluation on them. We
will begin by addressing the limitations of the performed testing, so that the reader can better understand the
motivations behind some specific choices that were made. Later, we will discuss the general experimental setup
and the specific experiences of the users with the system.

4.1. Limitations of the testing

We encountered various limitations and difficulties in our test campaign for the system. Most of these difficulties
are due to the limited resources at our disposal, while others are due to the very nature of the system. The main
limitation was the need to run the entire application on a single device. It was not possible to set up a server
capable of hosting the application and serving multiple users at the same time. The entire application (from the
front-end to the models) was hosted and executed on a single device, allowing only one test to be performed at a
time. Moreover, this accentuated an intrinsic problem of the application: the processing time. The application
is implemented in such a way that it can run parallel calls when possible. For example, the operations of
extracting actions from the user input and path taking (see Section 3.1) can be performed in parallel and later
used to produce the narration. However, this is not possible in the local setup: the overhead of OS RAM
consumption and the limited hardware allow only a single model to run on LM Studio. Also, the device used
does not possess a modern high-performance GPU, so even a relatively small model such as Llama-3.1 takes a
considerable amount of time for computation. The combination of these two factors (the one-device solution
and the slow generation time) considerably slowed the data collection process. This problem was aggravated by
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the limited time available for testing.

Another problem, directly linked to the nature of the architecture and the experience it offers, is the long
duration of a single test. To evaluate the effectiveness of the architecture, the story needed to be long and
structured enough to meaningfully challenge the context maintenance and long-term coherence capabilities of
the LLM. However, considering the long duration of a single interaction, this was not possible to a satisfactory
extent. In trying to find a solution that balanced the excessive time consumption of a single test with the need
to evaluate long stories, we crafted a story outline consisting of a total of four rooms (one for the first Act,
two for the second, and one for the third). The details of this story outline, and its specific limitations, will be
addressed in the Appendix C. For now, we will focus on the impact of this choice on the test duration. The tests
produced stories with scenes ranging between 18 and 30 scenes, with durations between 1 hour 42 minutes and
2 hours 41 minutes. While this number of scenes is likely insufficient to fully assess the qualitative benefits of
the architecture on narrative coherence and variety (which typically emerge beyond 20 scenes), it is sufficient to
evaluate the quantitative impact—such as context length reduction and generation time—which are measurable
from the first interactions. At the same time, the duration of a single test is extremely long in the context of
our testing campaign. This duration is not necessarily problematic for the user experience itself—immersive
narrative sessions of similar length are common in role-playing games—but it became a critical issue for testing,
as it made it difficult to recruit volunteers and to run multiple tests within the limited time available.
Another problem, which is aggravated by the long duration of a test, is finding users to test the system. We
did not have the resources to recruit paid testers. All testers of the application were volunteers. As the reader
will easily appreciate, it is difficult to find people willing to participate in an experience lasting more than one
hour without any compensation. All these factors contributed to a very small set of tests, seven in total. Of
these seven tests, two would not be considered valid for certain quantitative analyses (as will be explained in
Section 4.4). However, they remain useful for qualitative observations and for metrics that are unaffected by the
specific issues that compromised them. Given the small number and the limited quality of the data, we decided
not to consider these data as statistically relevant. We therefore consider these tests an explorative investigation
of the system, rather than a controlled experiment. In the analysis, we will therefore focus on the individual
users’ experiences and on general information that can be derived from the collected data, with the awareness
that most of these conclusions might change with larger and better datasets. We are nevertheless convinced
that our analysis can serve as preliminary work for a more precise experimental setup. In Section 7, we will
outline the ideal experimental setup, based on what we have learned from user engagement with the system.
In Sections 5 and 6, we will show that our analysis produced at least one significant result that demonstrates
the effectiveness of our architecture in at least one important aspect of the problem (namely, context load
reduction).

4.2. Architecture bypass

To compare our solution with a simple LLM, we created a bypass of the architecture in order to be able to test an

interaction with a simple LLM in the same context. The details of the prompt used for this bypass are available

in Appendix B. Here we will outline the rationale behind the elements used to prompt the LLM, in order to

give it all the information also available to the architecture. This of course does not include information that

are a product of the architecture, such as the retrieved documents or, in the case of the extended architecture,

the formatted input. The prompt for the generator under the architecture contains the following information:
e the natural language story outline;

the previous generated scene;

a summary of the scenes in this narrative Act;

the current narrative act;

the list of the actions that the user wants (their character) to perform;

the information on the current room, derived from the formatted story outline;

additional information from the retrieval system.

Most of this information would not be available in a common application that simply makes use of an LLM.

Normally, such applications maintain the entire conversation with the user up to that point in their context.

However, considering the setting of interactive narrative storytelling, it would make more sense to keep only

the information regarding the generated story. Hence, we decided to include in the prompt for each scene all

the previous generated scenes. We found that this is the only way to simultaneously ensure that no information

is lost and to evaluate the unassisted LLM without any external help. In fact, in this way, the LLM without

architecture will have more information about previous scenes than the LLM with architecture, since it will be

able to access the entire story, rather than only a summary of previous events. The effects of this difference will

be evident in the produced data.

Another important element is, of course, the story outline. As discussed in Section 3.4.2, this might be regarded

as a critical point of the comparison. However, considering that the formatted outline is specifically tailored
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to be used by the architecture, and that it could be generated by an extended version of the architecture, we
consider it to be a specific advantage of the architecture. Hence, we provided to the LLM only the natural
language story outline, in the prompt for each scene. Finally, in addition to the user input for each specific
scene, we included the character’s description, goal, and motivation for every scene. These are, in fact, not
products of the architecture, and it would have been unfair to omit them from the prompts of the simple LLM.
However, a problem now arises. Our architecture is programmed to manage the pace of the story, adapting it
to the user’s inputs. The architecture ensures (net of errors of the information extraction model) that the story
moves on following the user’s intent, and that the story terminates only when the user has reached their goal.
A normal LLM would instead continue the story indefinitely, even if the user has reached their goal, or, on the
contrary, might lose track of the story and start looping. We need to understand how to handle this aspect of
story generation with the LLM. The idea is that, in both cases, we want to impose a sense of progression on
the story. In one case, this is done by the architecture. In the case of the simple LLM, we need to prompt it to
do so. We therefore decided to proceed as follows: we impose a fixed number of scenes within which the story
must terminate. For each scene, the prompt contains the current scene number over the total number of scenes.
The LLM is instructed to manage the pace of the story so that it terminates exactly at the last scene.

Finally, the system prompt of the generation model was modified to adapt it to work without the architecture.
The modifications were made with the intent to change only the aspects strictly necessary to adapt it to the
new task.

The application front end also went through a small revision. A disadvantage of not using the architecture was
to not have the ability to understand when a Companion joined the character, or when the character obtains
an Item. Hence, even if the story narrated that the character obtained a certain Item, this would have not
been displayed by the application in the Ul. To avoid that the user frustration for this fact could influence his
judgment on the stories, we removed both the Companion and Inventory section of the Character Sheet (see
Section 3.3.1).

4.3. Evaluation questionnaire

All users filled out a questionnaire after the end of the experience. The complete questionnaire is available in
Appendix A. Here we provide an overview of the questionnaire, which will be useful in the following sections.
The questionnaire is divided into four main parts:

e User information. The user is asked to provide some information regarding their own familiarity with
RPGs, LLMs and Virtual Interactive Narrative Experiences (VINEs for short).

e Short User Experience Questionnaire (UEQ). This is a standard questionnaire, widely used in the
literature to assess the quality of the interaction with the user. It consists of eight pairs of opposite
adjectives referring to the application. The user must choose a value (among seven) between the two
extremes [6].

e System Usability Scale (SUS). Another standard used in the literature for evaluating interactive
applications. It asks the user to express their level of agreement with a set of statements on a scale from
1 to 5 (strongly disagree vs strongly agree) [59].

e Story Evaluation (SE). These are questions specifically designed for our application. They attempt
to capture the user’s opinions on various aspects of the generated story, such as coherence, language and
responsiveness to user input.

4.4. Conducted tests overview

In this section, we will discuss the user experiences, the immediate feedback from the users and their opinions
afterward, and general qualitative considerations on the interactions and the quality of the generated stories. As
anticipated, seven tests were conducted with a total of five users. We will refer to the users with capital letters
to preserve their privacy: A, B, C, D, and E. All subjects were between 20 and 25 years old. Other information
relevant to the tests was collected from the users and will be discussed for each of them when we analyze their
experiences in detail. Two of these users, C and D, conducted two experiences each: the first employed the
architecture, while the second used the bypass. A and B conducted only the test with the architecture. Their
tests were interrupted prematurely, as they did not complete the experience in the intended way. Nevertheless,
given the already limited amount of data, we will still use the results from these two experiences when possible,
by analyzing the data up to the point of interruption and applying the appropriate methodological adjustments.
In A’s case, an error in the architecture caused the story to loop back to the second act after its ending. B left
the experience before its conclusion due to time constraints. Finally, E conducted the experience only with the
bypass of the architecture. In the following, we will analyze the experiences of the users one by one, offering a
qualitative view of the user interactions with the system that may guide future experimental setups and provide
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some insight into the quality of the system.

4.4.1 Test A

A was the first subject to test the application. His answers to the first part of the questionnaire are shown in
Table 23. As anticipated in Section 4.4, this test is invalided by an error that occurred in the application. When
the user’s progression triggered the passage to the third act, a conditional branch error reloaded the rooms of
the second act instead. The user, having a technological background, recognized that this was likely due to an
application error rather than a flaw in the story itself, and decided to evaluate the story and the application
without letting this detail affect their evaluation. Being the first interaction of an external user with the system,
this test offered interesting insights into the system’s behavior. In this case, the user generally demonstrated
the ability to engage with the system as intended. At the start of the test, he was instructed only to describe his
character’s actions, not to write overly complex descriptions, and not to include an excessive number of actions
in a single input. He deviated from these instructions only occasionally, and never in an excessive or disruptive
manner. This aligns with his declared familiarity with RPGs, VINEs and LLMs.

Table 23: User A’ — Familiarity and gaming frequency

Question Answer
RPG familiarity (1-5) 3
Generative Al (LLM) familiarity (1-5) 5
Interactive narrative familiarity (1-5) 4

Game frequency (RPG /interactive fiction) Sometimes

4.4.2 Test B

This was the second test performed. B’s answers to the first part of the questionnaire are shown in Table 24.
In this case, the familiarity of the user with RPGs and VINEs is less then the A’s, and in general this subject
is the least familiar with interactive fantasy storytelling out of all the others. This is reflected in her approach
to the application: in spite of having received the same instructions as the first user, she often deviated from
the desired behavior. In particular, she often described or added additional elements, prompting the LLM with
additional story elements that lies beyond the simple description of the character action. An example can be
found on the fourth scene, the sixth scene of the story, where she inputted the following text:

Dora was very curios about. So she decides to listen what Golgi has to said. he say something about a magic,
the treasure was protected by a magic flower that keeps inside the key to open it. Dora doesn’t know nothing
about magic so ask also to Irina to take part of her adventure promising her a gem from the treasure.

The "magic flower" mentioned by the user was not present in any way in the previous narrations, it’s completely
invented by the user. Similar behaviors can be spotted throughout the experience, with the user sometimes
directly inserting bits of story, instead of just describing their character’s action. This is likely not due to an
intentionally harmful behavior of the user, rather with her inexperience with RPGs and interactive storytelling
in general. The user was intentionally not corrected for these behavior, since our interest was to see how the
system handled input not perfectly aligned with the intended one. In this case, these kinds of input significantly
deviate from the intended use of the application, even if not in an excessive way. The system showed to be
vulnerable to injection of unintended story elements, as expected. The architecture do not explicitly removes
unintended story elements from the user input, and the LLMs do not distinguish well the differences between
intended and unintended story elements. Moreover, a systematic removal of all the creative elements in the
user inputs would ultimately hurt the interactive aspect of storytelling. To return to the present case, the
LLM followed the story element of the "flower", and hallucinated a completely different course of events, that
ultimately led the story to loop and stay locked on the first narrative act for the first fourteen scenes. After
that, the story followed more or less the outline. However, the user decided to terminate the experience after
scene eighteen, due to personal time constraints. The experience lasted in total 1:42 hours. This rendered this
text not not valid from the point of view of statistical, parametric analysis. However, it was an interesting
example of atypical interaction.
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Table 24: User 'B’ — Familiarity and gaming frequency

Question Answer
RPG familiarity (1-5) 2
Generative Al (LLM) familiarity (1-5) 5
Interactive narrative familiarity (1-5) 2

Game frequency (RPG /interactive fiction)  Rarely

4.4.3 Tests C1 and C2

This user, identified as ’C’, conducted two experiments. The first test was with the architecture, while the
second was without it. The two tests were conducted eight days apart. His answers to the first part of the
questionnaire are shown in Table 25. The user described himself as only slightly more familiar with VINEs
than B. However, he rarely produced inputs that significantly deviated from the intended format. He generally
limited himself to describing his character’s actions, or at most their intentions.

In the first experience, however, the model mistook an element of the character’s backstory: in the character’s
description, the user had mentioned that the character had a group of followers, which was meant to be part
of the character’s motivation. However, the LLM mistakenly treated this group as active participants following
the character. This issue had little to do with the architecture itself, and more to do with the instability of
the underlying model. Nevertheless, we report this event because it may have influenced the user’s judgment,
especially since it did not occur in the second experience.

In the second experience (without the architecture), we set up the system to develop the story in the same
number of scenes as the first experience (namely, 23). This choice was made both to reproduce a similar
number of interactions with the user and to make the two stories comparable. The second experience was
presented to the user as similar to the first. He was told that he would experience a story similar to the first,
and that he might notice some changes, especially in the UL In this way, the user was aware that the experience
was different in some way from the first, but without any clue as to what the changes might be, except for
the evident UT differences. Additionally, the user was instructed to use the same character (included goal and
motivation) of the first experience.

In this second test, the LLM completely lost reference to the story outline. After the first few scenes, the LLM
went off track. It did not mention three of the main events of the story (namely, Miriam the Warrior, Alken
the Mad Knight and the Dragon of Ruins; see Appendix C). Moreover, it completely hallucinated entirely new
events. Additionally, the story unfolded extremely rapidly, and the character had already obtained their goal
and left the castle by scene 13. For the following 10 scenes, the user tried to finish the experience, and from
his inputs entirely new events were hallucinated. This caused a fair amount of frustration and confusion for the
user.

In general, the user was satisfied with both experiences. In the second one, he immediately recognized a greater
degree of coherence in the story, but also a higher degree of repetitiveness, with entire sentences being reiterated
almost verbatim throughout the entire story. This phenomenon could also be noticed in the first experience,
but it was more prominent in the second and was immediately noticed by the user. However, the user expressed
a general preference for the second experience, even though he acknowledged that the first one had a higher
degree of creativity. Moreover, the user expressed appreciation for the functionalities for visualizing and handling
Companions and Items in the first experience, underlining how the ability to visualize obtained Items and equip
them during the unfolding of the story to increase specific characteristics was a major advantage of the first
experience (and so, indirectly, of the architecture).

Table 25: User 'C’ — Familiarity and gaming frequency

Question Answer
RPG familiarity (1-5) 2
Generative Al (LLM) familiarity (1-5) 4
Interactive narrative familiarity (1-5) 3

Game frequency (RPG/interactive fiction)  Rarely
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4.4.4 Tests D1 and D2

The user 'D’ also conducted two experiments, this time four days apart. His answers to the first part of the
questionnaire are shown in Table 26. In this case, the user is very familiar with both RPGs and VINEs, but has
low familiarity with LLMs. This was clearly visible from his inputs to the system: they were the most adherent
to the ideal format. The user generally limited himself to describing his character’s actions or thoughts, while
introducing a higher degree of uniqueness and role-playing elements. He was also the one who challenged the
system the most with absurd requests, and who added the most elements to his character during the course of
the experience. However, this showcased the capabilities of the architecture to restrict the user’s agency to a
certain degree for the sake of the story—an essential aspect of immersive storytelling. The system was able to
acknowledge the user’s decisions and to describe, in a creative way, why certain actions would fail. This user
was the most prolific in terms of interactions, producing a total of 30 scenes.

For the second experience, the user was briefed similarly to C: he was told that he would experience a story
similar to the first, and that he might notice some changes, especially in the UI. Again, he was instructed to
use the same character details as in the first experience.

Also in this case, the second experience followed the story outline less closely than the first one. The model
hallucinated fewer new events, but it skipped or merged main events of the story. Additionally, also in this case
the character reached his goal before the actual end of the experience, which made feel the user confused and
incompleteness.

The user’s impressions after the second experience resembled those of C to a striking degree. Like C, D
expressed the view that the second story was more coherent, but also more repetitive, particularly towards the
end. Particularly striking was the case of scenes 23, 24 and 25, which were literally identical (100% lexical
overlap). However, like C, D generally preferred the second experience. Similarly, he shared the same opinion
regarding the possibility of visualizing and manipulating Items.

Table 26: User 'D’ — Familiarity and gaming frequency

Question Answer
RPG familiarity (1-5) 5
Generative Al (LLM) familiarity (1-5) 2
Interactive narrative familiarity (1-5) 5

Game frequency (RPG/interactive fiction)  Often

4.4.5 Test E

E was the last tester of the application. He tested the system without the architecture directly. His answers
to the first part of the questionnaire are shown in Table 27. He immediately noticed the repetitiveness of the
generated stories. To accommodate the user’s need for an experience that was not excessively long, we selected
a total number of scenes equal to 20, which is still an acceptable number and close to the average number of
scenes generated with the architecture so far (22.5 scenes). In this case, in contrast to the other two stories
generated by the LLM alone, the story ended well before the character could even approach their goal. Also in
this case, the LLM deviated from the original story outline. In addition to skipping main plot events, the LLM
generated redundant and content-wise empty scenes, which slowed down the pace of the story. As in C’s case,
E often found himself wondering "what am I supposed to say now?" in response to inconclusive scenes that left
little room for interaction.

Table 27: User E — Familiarity and gaming frequency

Question Answer
RPG familiarity (1-5) 5
Generative Al (LLM) familiarity (1-5) 3
Interactive narrative familiarity (1-5) 4

Game frequency (RPG /interactive fiction) Sometimes
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4.4.6 Wrap up and general comments on the tests

In general, the users showed appreciation and interest in the application and the idea behind it. One thing
common to almost all users was that they tried to conjecture the mechanisms behind the generated story, even
when no such mechanism actually existed (namely, in the no-architecture case). For instance, C believed he
had missed a specific trigger in the second experience, as an explanation for why the story did not end with his
character reaching their goal. Similarly, E correlated the obsessive reiteration of phrases regarding the "forest
whispering secrets" with a trigger he had missed in the forest, prompting him to return there and heavily
influencing the pacing of the story.

Overall, users seemed to prefer the experience without the architecture. However, this impression comes ex-
clusively from C and D, both of whom tested the no-architecture system as their second experience. This may
have introduced some bias, so a larger testing sample would be needed—and more importantly, tests with the
order of experiences inverted—to truly assess whether the presence of the architecture influences the perceived
quality of the experience.

What can be stated with greater certainty is that the architecture appears to have a negative impact on the per-
ceived coherence of the stories, but also a positive impact on perceived diversity (meaning, less repetitiveness).
This aligns with the intuition derived from the different prompting strategies of the two solutions: the archi-
tecture includes only the last scene and a summary of the previous scenes, thus losing some information about
earlier story beats; on the other hand, the no-architecture solution includes all previous scenes in its prompt
for each generation, providing the generator with the full context for every scene. However, this also causes the
generator to constantly draw on previous scenes to produce new ones, entering a positive feedback loop that
pushes it to fixate on common phrases and repeat them obsessively. This phenomenon accentuated with the
increasing of the scenes, but was visible from the first few scene. Additionally, the pure LLM system showed
a higher tendency to exceed the maximum number of characters allowed per scene and to deviate completely
from the story outline.

In general, users appreciated the additional functionalities provided by the architecture (namely, the possibility
to visualize and manipulate Items to change the characteristics of the charter). The summary of the user
responses to the first (personal) questions of the questionnaire is showed in Table 28.

Table 28: User familiarity and gaming frequency

User ID RPG Familiarity LLM Familiarity Narrative Familiarity Game Frequency

A 3 5 4 Sometimes
B 2 5 2 Rarely

C 2 4 3 Rarely
D 5 2 5 Often

E 5 3 4 Sometimes
Mean 3.43 3.57 3.71 -

5. Quantitative Results of the Testing

In this section, we will analyze the quantitative results of the conducted tests, both from the users’ questionnaires
and from textual analysis of the produced text. For this section, it is worth reminding the reader of the
limitations of the test campaign expressed in Section 4.1. Moreover, we did not use human-based or LLM-based
metrics in this evaluation, again due to computational and time limitations. These limitations will be mentioned
again whenever necessary, but we ask the reader to keep them in mind throughout the reading of this section.

5.1. Quantitative analysis of the user testing results

In this section, we will analyze the results of the questionnaires filled out by the users at the end of their
experiences. Users C and D filled out the questionnaire for both of their experiences. Regarding the data on
user familiarity with RPGs, VINEs and LLMs, we considered the ones from the first questionnaire, treating any
changes in later questionnaires as repetition errors rather than actual indicators of improved familiarity. The
remaining data were not modified in any way.

In Tables 29, 30, and 31, we summarize the results of the three questionnaire sections introduced in Section 4.3
and extensively shown in Appendix A, where the full text of the questions can be found associated with their
respective labels. For brevity, the tables in this section show only the labels for each question. Each table reports
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the mean, variance, standard deviation, minimum, and maximum values of each answer across all user tests,
along with the overall results for each category and a corresponding normalized score to facilitate comparison.
These results indicate an overall appreciation of the application and the stories, regardless of the presence of
the architecture. By consulting Appendix A, the reader will notice that some questions in the SUS section
(specifically, SUS2, SUS4, SUS6, SUS8, and SUS10) and one question in the SE section (SE14) have a negative
connotation, meaning that a higher score actually corresponds to a lower degree of appreciation of the system.
For these questions, the scores were therefore inverted: the score used in the tables was obtained by subtracting
the original questionnaire score from 6 (used_score = 6 - question_score). This ensured consistency across
all questions.

Table 29: Descriptive statistics for UEQ (scale 1-7)

Item Mean Var. Std Min Max N
UEQ1 5429 2.619 1.618 2 7 7
UEQ2 6.571  0.286  0.535 6 7 7
UEQ3 5.429 1.619 1.272 3 7 7
UEQ4 5,571  3.619 1.902 3 7 7
UEQ5 5.429 0.619 0.787 5 7 7
UEQ6 6.714  0.238 0.488 6 7 7
UEQT7 6.571 0.619 0.787 5 7 7
UEQS 5.714  0.571 0.756 5 7 7
OVERALL 5.929 0.395 0.629 5 7 7
NORMALIZED (0-1) 0.821 0.011 0.105 0.708 1.000 7

Table 30: Descriptive statistics for SUS (scale 1-5) (scores reversed for negative items)

Item Mean Var. Std Min Max N
SUS1 3.000 0.667 0.816 2 4 7
SUS2 5.000  0.000 0.000 5 5 7
SUS3 4571 1286 1.134 2 5 7
SUS4 5.000  0.000 0.000 5 5 7
SUS5 3.714 0905 0.951 2 5 7
SUS6 4.000 2.000 1.414 1 5 7
SUS7 5.000  0.000 0.000 5 5 7
SUS8 4.571 0.619 0.787 3 5 7
SUS9 4571 0.28 0.535 4 5 7
SUS10 1.000 0.000 0.000 1 1 7
OVERALL 4.043 0.113 0.336 3 4 7
NORMALIZED (0-1) 0.761 0.007 0.084 0.600 0.875 7
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Table 31: Descriptive statistics for Story Evaluation (scale 1-5) (scores reversed for negative items)

Item Mean Var. Std Min Max N
SE1 4.000 0.333 0.577 3 5 7
SE2 3.714 1.238 1.113 2 5 7
SE3 4.571 0.619 0.787 3 5 7
SE4 4.000 1.333 1.155 2 5 7
SE5 4.429 0.286 0.535 4 5 7
SE6 4.000 1.333 1.155 2 5 7
SET7 4.714  0.238 0.488 4 5 7
SES8 4.000 0.333 0.577 3 5 7
SE9 4.000 1.333 1.155 2 5 7
SE10 4.857 0.143 0.378 4 5 7
SEl1 4.000 0.667 0.816 3 5 7
SE12 3.714 0.905 0.951 2 5 7
SE13 3.143  0.476  0.690 2 4 7
SE14 3.429 0.952 0.976 2 5 7
SE15 3.571  1.619 1.272 2 5 7
SE16 3.143 0.143 0.378 3 4 7
SE17 4.000  0.000 0.000 4 4 7
OVERALL 3.958 0.102 0.320 3.353 4.294 7
NORMALIZED (0-1) 0.740 0.006 0.080 0.588 0.824 7

We are, however, more interested in comparing the results between the tests that employed the architecture
and those that did not. In Figures 8, 9 and 10 we show the results of the three sections of the questionnaire
as histograms, grouped by architecture (Y vs N). In this case, we did not correct the results of the "negative"
questions, but we distinguished them from the others by coloring their labels in red.

Survey Responses, UEQ questions
(Grouped by: Architecture)

Group
84 I Architecture=N
3 Architecture=Y

UEQ1 UEQ2 UEQ3 UEQ4 UEQ5 UEQ6 UEQ7 UEQS8
Question

Figure 8: UEQ results

42



Survey Responses, SUS questions
(Grouped by: Architecture)
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Figure 9: SUS results
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Figure 10: SE results

Group
I Architecture=N
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B Architecture=N
[ Architecture=Y

From the presented data, it seems that the users generally preferred the stories generated without architecture.
However, to have a comprehensive view of the user opinions on the system with and without the architecture,
we would like to have an easily interpretable score which measures the general quality of an experience. We
deemed inappropriate the use of a simple mean among all the questions, since it would not take into account the
different importance of each question and section. Hence, we designed a custom metric to evaluate the general

quality of the users’ experiences. The metric is designed in this way.

FinalScore = 0.25 - UEQ + 0.25 - SUS + 0.50 - SE

Where UEQ, SUS and SE are the average normalized score for each part of the questionnaire. The SE score

itself is a weighted average of three sub-components:

SE = 0.25 - SEipg + 0.25 - SEgiob + 0.25 - SEother

where:
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e SFEjy is the mean of the interactivity-related questions (SE1, SE9, SE10, SE11, SE15);

e SEgop is the sum of the global evaluation questions (SE16, SE17);

e SEyther is the mean of the remaining SE questions (SE2, SE3, SE4, SE5, SE6, SE7, SE8, SE12, SE13,
SE14).

We will now explain the reasons behind these formulas. Let us begin with the formula of FinalScore. Here we
weight the contribution of SE double with respect to the contributions of UEQ and SUS. This arise from the
fact that we want to give a larger importance to the judgments about the narrative experience over those about
the usability of the system. Regarding the weighing of the SE score, the rationale was the following;:

e questions SE1, SE9, SE10, SE11 and SE15 measures the perceived interaction of the users. We want to
give higher importance to these results;

e questions SE16 and SE17 asks global measurements of the perceived quality of the story and the experi-
ence, hence they need to be weighted more than a specific question on the quality of the story;

e questions SE2, SE3, SE4, SE5, SE6, SE7, SE8, SE12, SE13 and SE14 asks about specific aspects of the
story (different from interactivity). They are weighted together and contribute to one fourth of the SE
score.

The weight for this metric are arbitrarily choose according to the relative importance that we attributed to each
individual score. The goal of this score is not to constitute a precise metric for statistical evaluations, but to
offer an easily interpretable index of the perceived quality of the stories. The results of these computations for
each story and aggregated by architecture are shown in Figure

Table 32: Individual scores per user.

Test Arch. UEQ SUS SE Final Interactivity Overall Story Overall Exp. Other

A Y 0.708 0.600 0.706 0.680 0.850 0.500 0.750 0.722
B Y 0.833 0.725 0.603 0.691 0.550 0.500 0.750 0.611
C1 Y 0.833 0.775 0.768 0.786 0.850 0.750 0.750 0.722
C2 N 0.896 0.800 0.751 0.800 0.950 0.500 0.750 0.806
D1 Y 0.708 0.775 0.751 0.747 0.950 0.500 0.750 0.806
D2 N 0.771  0.775 0.679 0.726 0.800 0.500 0.750 0.667
E N 1.000 0.875 0.728 0.833 0.800 0.500 0.750 0.861

Table 33: Aggregated scores by architecture.

UEQ SUS SE Final
Arch. Mean Std Count Mean Std Count Mean Std Count Mean Std Count

Y 0.771 0.072 4 0.719 0.083 4 0.707 0.074 4 0.726  0.050 4
N 0.889 0.115 3 0.817 0.052 3 0.719 0.037 3 0.786 0.055 3

At first glance, these results seem to show a clear superiority of the no-architecture solution over the architecture.
However, these data must be read through the lens of the limitations listed in Section 4.1. First, we can see
that the larger differences between the two scores are given by the UEQ and SUS scores (0.118 and 0.098,
respectively), while the difference between the SE scores is only 0.012. Inspecting the data for each experience
leads to some interesting findings. First, for UEQ, we notice an outlier in the data corresponding to Test E.
The score for this test is 1.000, meaning that the user gave the maximum score to all eight UEQ questions.
Since this user tested only the no-architecture system, and the no-architecture experiences are only three, this
outlier heavily influenced the mean score for that group. Also for SUS, Test E has the highest score in the
sample. Interestingly, users C and D rated the usability of the no-architecture solution higher, despite both of
them emphasizing that the extra functionalities offered by the first experience (the one with the architecture)
were a very important part of the overall experience. This discrepancy might be due to the fact that they
attributed great importance to the story (which they both considered better). However, this gap may be partly
explained by a practice effect, a known bias whereby users tend to rate a system more favorably the second time
they use it. Additionally, it is worth noting that another outlier appears in the Interactivity scores of Test B,
which is considerably below the average of the other scores. This outlier belongs to the Architecture tests and
substantially affects the SE score (considering that it accounts for one quarter of the score) This low score likely
reflects B’s limited familiarity with interactive storytelling, as discussed in Section 4.4.2, rather than a flaw of
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the architecture itself. Finally, we want to stress that the only score above 0.5 for the overall story comes from
Test C1, which employed the architecture.

Considering these observations and the limitations expressed in Section 4.1, we wish to draw a conservative
conclusion from these data:

The data show a similar level of overall appreciation for the system, with a slight superiority of the no-architecture
score, which might indicate a general preference of users for the solution without architecture. Nevertheless, the
only score above 0.5 for overall story quality came from a test with the architecture (C1), and the SE scores
were nearly identical between the two conditions. These observations suggest that the architecture may offer
benefits that are not captured by the current dataset, and warrant further investigation with a larger sample.
In conclusion, the amount of data collected is too small to allow strong general statements about the perceived
quality of the stories.

5.2. Quantitative analysis of the produced texts

In this section, we illustrate the results of the textual analysis performed on the produced narratives. As already
stated, due to computational and time constraints, we did not use human-based or LLM-based metrics in this
evaluation; rather, we based our analysis on lexical and semantic features. Purely lexical and semantic metrics
(based on embeddings) can never capture the full complexity of a text’s quality, especially in narrative contexts,
where quality depends heavily on human evaluation. However, our goal is not to provide a full evaluation of the
generated text, but rather to gain some insight into the "objective" quality of the text and to compare these
findings with the user evaluations. We evaluated the text using different metrics along four dimensions:

e Diversity. Measures the lexical and semantic variety of the text. There is no single optimal value for
diversity: a value too low indicates that the text is repetitive and dull, while a value too high suggests
that the text is too incoherent or hallucinated.

e Adherence to story outline. Measures how closely the generated story follows the story outline. In
Section 3.4.2, we discussed how this aspect is important for the author of the story, but less so for the
user experiencing it. Nevertheless, we decided to investigate this dimension to see how the architecture
might affect it.

e Adherence to user input. Measures how well the output follows the user input. This is the most
important dimension, since our application is specifically an interactive storytelling application, but also
the most difficult to measure satisfactorily.

e Coherence. Measures the overall coherence of the story.

In the following sections, we will discuss each of these dimensions in depth, including the metrics used, how
they were computed, our findings, and their limitations.

5.2.1 Diversity

Diversity refers to the lexical and semantic variety exhibited by a generated text. In the context of narrative
generation, diversity is a crucial indicator of the richness and creativity of the story. A text with low diversity
tends to be repetitive and dull, relying on a narrow set of words, phrases, or ideas throughout the narrative.
This often results in a monotonous reading experience, where the user encounters the same expressions or
sentence structures repeatedly. Conversely, a text with excessively high diversity may introduce too many
unrelated concepts, leading to incoherence or hallucinated content that disrupts the narrative flow. Ideally, a
well-balanced narrative should maintain a sufficient level of variety to keep the user engaged, while preserving
enough consistency to ensure a coherent and believable story. We measured diversity using both a lexical and
semantic approach.
As lexical measures we choose the Moving Average Type-Token Ratio (MATTR) for the general lexical diversity
of the text. MATTR [19] is a modified version of the Type-Token Ratio metric, which measures the number
of unique tokens over the total tokens of the text. Unlike the traditional Type-Token Ratio (TTR), which is
known to be sensitive to text length, MATTR operates by computing the TTR over a sliding window of fixed
size (typically 50 or 100 words) that moves through the text one word at a time. The final MATTR score
is the average of these window-level TTR values. This approach makes MATTR robust to variations in text
length, allowing reliable comparisons across stories of different lengths. MATTR is widely used in computational
linguistics and text analysis, and has been implemented in several analysis frameworks [9, 17]. A value close to
1 indicates high lexical variety, while lower values reflect greater repetitiveness.
As a semantic measure, we employed the complement of the cosine similarity between embeddings (i.e., 1 —
similarity).
We applied these measurements at different levels of the generated stories:

e Intra-scene diversity. Measures the diversity within a single scene. Lexical diversity is computed

using the vocabulary of each scene individually. For semantic diversity, the cosine similarity is computed
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between the embeddings of each pair of sentences within the scene, and then averaged.

e K-window diversity, with K = 2, 3, 4. Measures the diversity across windows of K consecutive
scenes. Lexical diversity is computed by concatenating the text of each tuple of K consecutive scenes.
For semantic diversity, the cosine similarity is computed between the embeddings of each pair of entire
scenes within the window.

e Global diversity. Measures the diversity across the entire story. Lexical diversity is computed using
the vocabulary of the whole story (all scenes concatenated). For semantic diversity, the cosine similarity
is computed between the embeddings of each pair of scenes, then averaged.

The plotting comparing architecture and no-architecture solutions for the in-scene and K-window lexical and
semantic diversity are shown in Figure 11 and Figure 12. The histograms comparing (lexical and semantic)
global diversity are instead shown in Figure 13a and Figure 13b. The Tables 34 shows the average scores of
the global diversity, the average in-scene diversity and the avergage K-window diversity of each story. For
these computations, we excluded the story A from the global computation (due to the occurred error in the
architecture discussed in Section 4.4.1), while for the scene-by scene metrics, the story was truncated at scene
12, the last before the error occurrence.
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Figure 11: Lexical diversity plots for the stories.
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Figure 13: Global diversity in comparison between architecture and no architecture.
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Table 34: Composite scores for different alpha values and granularity levels (Formula: « -

(1 — ) - Lexical)

Semantic +

(a) Global
Alpha = 0.3 Alpha = 0.5 Alpha = 0.7 N
Arch. Mean Var Std Mean Var Std Mean Var Std 0.3 0.5 0.7
No 0.6166 0.0001 0.0081 0.4726 0.0001 0.0116 0.3286 0.0002 0.0154 3.0 3.0 3.0
Yes 0.6152 0.0000 0.0066 0.4724 0.0001 0.0081 0.3297 0.0001 0.0099 3.0 3.0 3.0
(b) Intra-scene
Alpha = 0.3 Alpha = 0.5 Alpha = 0.7 N
Arch. Mean Var Std Mean Var Std Mean Var Std 0.3 0.5 0.7
No 0.7199 0.0000 0.0035 0.6415 0.0000 0.0051 0.5632 0.0001 0.0080 3.0 3.0 3.0
Yes 0.7162 0.0000 0.0039 0.6392 0.0000 0.0034 0.5622 0.0000 0.0033 4.0 4.0 4.0
(¢) K=2 windows
Alpha = 0.3 Alpha = 0.5 Alpha = 0.7 N
Arch. Mean Var Std Mean Var Std Mean Var Std 0.3 0.5 0.7
No 0.6067 0.0000 0.0061 0.4547 0.0000 0.0065 0.3028 0.0000 0.0070 3.0 3.0 3.0
Yes 0.6087 0.0000 0.0059 0.4608 0.0001 0.0077 0.3129 0.0001 0.0097 4.0 4.0 4.0
(d) K=3 windows
Alpha = 0.3 Alpha = 0.5 Alpha = 0.7 N
Arch. Mean Var Std Mean Var Std Mean Var Std 0.3 0.5 0.7
No 0.6081 0.0000 0.0063 0.4573 0.0000 0.0070 0.3065 0.0001 0.0078 3.0 3.0 3.0
Yes 0.6102 0.0000 0.0056 0.4635 0.0001 0.0072 0.3167 0.0001 0.0090 4.0 4.0 4.0
(e) K=4 windows
Alpha = 0.3 Alpha = 0.5 Alpha = 0.7 N
Arch. Mean Var Std Mean Var Std Mean Var Std 0.3 0.5 0.7
No 0.6096 0.0000 0.0068 0.4598 0.0001 0.0077 0.3101 0.0001 0.0088 3.0 3.0 3.0
Yes 0.6111 0.0000 0.0054 0.4649 0.0000 0.0069 0.3186 0.0001 0.0085 4.0 4.0 4.0

By analyzing the obtained scores, we did not find any relevant correlation between the use of the architecture
and the measured diversity scores. A general observation is that we measure high lexical diversity and low
semantic diversity, and that globally the architecture solution has slightly lower lexical diversity and slightly
higher semantic diversity, but these differences are very small in magnitude (~ 0.001).

Comparing the two pairs of stories from the same users (C1 vs. C2, and D1 vs. D2), we observe that C2
has a higher global diversity than C1, but comparable K-window diversity, while D1 has greater diversity than
D2 in both global and K-window diversity, albeit with a smaller magnitude than the differences between C2
and C1 for global diversity. These differences can be seen in Figure 14
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Figure 14: Diversity scores compared for users C and D

Moreover, after the 20th scene, D1 seems to begin surpassing D2 more consistently on all metrics, as shown in
Figure 15.
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Lexical Diversity (MATTR) - Comparison: D1 vs D2
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Figure 15: Plotting of the diversity score of stories D1 and D2 past the 20th scene.

Especially for lexical diversity across scenes, D1 seems to outperform D2 more consistently. Moreover, for
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the lexical diversity across 3-Windows and 4-Windows, D1 shows a clear pattern of dominance over D2. This
might suggest—along with direct observation of the output from the D2 test—that after the 20th scene, the
architecture tends to outperform the pure LLM in a more consistent manner, or rather that the pure LLM shows
signs of degradation. However, with only one pair of stories substantially exceeding the 20-scene threshold, no
statistically significant conclusion can be drawn from the diversity measurements.

5.2.2 Adherence to story outline

With the metrics of this dimension, we aim to measure how closely the generated story follows the provided
story outline. To avoid that any accidental additional information in the formatted outline could influence
the score, as well as to void the necessary data pre-processing that would be needed to make the formatted
outline usable for lexical and semantic analysis, we used the natural language outline only for this metric. A
simple similarity measure between the story and the outline would not suffice to capture the faithfulness of the
story to the outline, since it would lose too much information and, more importantly, would not capture the
temporal order of events. A story that includes all the elements of the outline, but in reverse order, would
not be considered adherent to the outline. To address this problem, we computed adherence to the outline as
follows:

e We split each story outline into sentences using sent_tokenize (NLTK).

e For each scene of a story, we compute the maximum cosine similarity between the embedding of the scene
and each sentence of the story outline. This yields the outline sentence that best matches the scene, along
with its similarity score.

e We compute the relative position of each outline sentence and each scene with respect to the center of the
outline and the story, respectively, and then normalize these positions to the range [—1, 1]. Each scene
and outline sentence is thus assigned a positional value between -1 and 1.

e We compute the difference between the positional value of each scene and that of its most similar outline
sentence. This provides an index of the order discrepancy between the story outline and the generated
text. For definition, the positional difference takes a value within the range [0, 2].

e We complement these measurements with lexical metrics, specifically BLEU-1 (which measures overlap
of single words), BLEU-2 (which measures overlap of bi-grams), and Coverage [33], which measures the
average ROUGE-L recall between the scene and the corresponding outline sentence.

e We compute a comprehensive score as a weighted sum of the semantic, order, and lexical similarities
between scenes and the outline.

This approach was inspired by the Order and Coverage metrics introduced in the paper LOT: A Story-Centric
Benchmark for Evaluating Chinese Long Text Understanding and Generation [33|, adapted here to the context
of interactive storytelling in English. The key difference lies in the Order metric. The original Order from
[33] checks for pairwise inversions between events in the generated story and those in the outline, providing a
discrete measure of sequence correctness. In contrast, our adaptation computes the relative distance of each
scene and each outline sentence from the center of their respective sequences, normalizing these positions to
the range [—1,1]. The discrepancy between the positions of matched scene—outline pairs yields a continuous
measure of temporal misalignment, ranging from 0 (perfect alignment) to 2 (complete reversal). This approach
captures not only inversions but also the degree of temporal shift, offering a more granular assessment of order
adherence.

The plotting comparing architecture and no-architecture solutions for the lexical similarity, coverage, BLEU-1
and Positional difference in Figure 16, while the lot of the combine metric is shown in Figure 17. The Table 35
shows the average values of the single metrics and of the composite one.

The composite metrics is computed as a weighted sum between the single metrics, using the following formula:

0.35 - Semantic + .25 . (20=Fositional Difference) 4 ) 5. Cgyerage + 0.1 - BLEU-1 + 0.1 - BLEU-2

The weights are selected to reflect the order of importance that we attribute to each standalone metric.
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Table 35: Outline adherence summary by story

Metric Architecture No Architecture Diff
Mean Var Std N Mean Var Std N

Semantic Similarity 0.6377 0.0005 0.0213 4 0.6193 0.0012 0.0353 3 0.0184
Position Difference 0.4193 0.0600 0.2450 4 0.6122 0.0918 0.3030 3 -0.1929
Coverage (ROUGE-L) 0.0522 0.0001 0.0082 4 0.0501 0.0001 0.0105 3 0.0020
BLEU-1 0.0890 0.0002 0.0151 4 0.0889 0.0006 0.0240 3 0.0001
BLEU-2 0.0182 0.0000 0.0029 4 0.0187 0.0000 0.0049 3 -0.0005
Composite Score 0.4420 0.0005 0.0219 4 04110 0.0005 0.0222 3 0.0309

Note: story A was truncated to 12 scenes, for the reasons discussed in Section 4.4.1. Mean, variance, and standard
deviation are computed on per-story means.

In this case, even if no strong correlation can be drawn, it appears that the architecture slightly but consistently
outperforms the no-architecture solution (except for BLEU-2, in which, however, it is outperformed only by a
delta of 0.0005) on adherence to the story outline. The most notable improvement is the positional difference,
which is reduced by the architecture by almost 0.2. Even though the improvement is modest, its persistence
across various metrics and stories, along with its consistency with the direct observations discussed in Section 4.4,
suggests that the architecture may improve the adherence of the generated story to the story outline.

5.2.3 Adherence to user input

This is probably the most important dimension for our system, but also one that is very hard to measure
without using LLM-based techniques or human evaluation. We adopted the following procedure to compute a
metric that could give us an indication of the quality of the stories in this dimension.

e First, we preprocessed the user’s input. Considering that the user input might contain actions narrated
in the first person, we replaced first-person pronouns with the character’s name and adjusted the verbs
accordingly. This was not performed on direct dialogues, which were left unchanged. Additionally, we
split the user’s input into action units using strong punctuation as separators. Also in this case, direct
dialogues were preserved as they were.

e For each action unit, we then computed the semantic and lexical similarity with each sentence of the
corresponding scene. We combined these values for each sentence of the scene, and took the value with
the maximum similarity for each action unit. The semantic similarity is computed as the cosine similarity
between the embeddings of the sentences and the action units. The lexical similarity is the recall of the
unit on the sentences, computed as the ratio between the intersection of sentence tokens and unit tokens,
and the unit tokens.

e In addition to the total score, we defined two thresholds of activation for lexical and semantic similarity.
If both thresholds are surpassed, then the action corresponding to the unit is considered activated by the
scene.

e Finally, we computed the interaction score for each scene by averaging the scores of the individual action
units, each weighted by the length of the tokens composing the action unit. The input is considered
activated by the scene if at least one of the action units is activated (OR operator).

This metric is inspired by the CC3 metric from the paper CML-BENCH: A Framework for Evaluating and
Enhancing LLM-Powered Movie Scripts Generation [87], adapted here to the context of interactive storytelling.
In the original paper, CC3 is used to compare characters’ intentions—expressed through dialogue—with their
subsequent actions, measuring how well the script aligns character motivation with behavior. We adopt a similar
intuition, but shift the comparison to the user-system interaction level: instead of intentions and actions within
the narrative, we compare the user’s input (action units) with the scene generated in response. This captures
how faithfully the system follows the user’s directions, a dimension that is central to interactive storytelling but
absent in static script generation.

The plotting of the average scores per scene is shown in Figure 20. Tables 36 show the average values for
architecture vs no architecture, and for each story.
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Table 36: User interaction metrics
(a) Aggregated by architecture
Interaction Score Actuation %
Architecture Mean Var Std N (stories) Total scenes
. . Mean per story 0.4714 0.0004 0.0211 3 57
With Architecture Actuation % (mean per story) 0.5047 0.0350 0.1871 3 57
. . Mean per story 0.4861 0.0012 0.0352 3 70
Without Architecture o tion % (mean per story) 05212 0.0079  0.0889 3 70

(b) Per story

Story

Architecture

Scenes with input

Mean Score

Actuation %

B
C1
C2
D1
D2
E

With Architecture
With Architecture
Without Architecture
With Architecture
Without Architecture
Without Architecture

13
19
22
25
29
19

0.4473
0.4868
0.5211
0.4801
0.4507
0.4864

30.77
52.63
59.09
68.00
95.17
42.11

Note: scenes with input score < 0.001 were excluded as missing input. Story A was excluded entirely due to missing

player inputs.

Once again, no strong correlation between the architecture and adherence to user input emerges from the data.
On, average, the no-architecture solution seems to perform slightly better than the architecture. If we focus on
the data from the two pairs of comparable stories (C1 vs. C2, and D1 vs. D2), we observe that in the first pair,
the no-architecture solution dominates, while the opposite occurs in the second pair. The magnitude of the
difference in means is similar for the mean score (respectively ~ 0.04 and ~ 0.03), but different on the actuation
percentage (respectively ~ 0.07 and ~ 0.13). A substantial outlier can be identified in story B. This aligns
with the user experience scores discussed in Section 5.1 and the user experience direct observation discussed in

Section 4.4.2.
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5.2.4 Coherence

This dimension measures the degree to which the produced story is logically coherent. Again, measuring
coherence without using LLM-based or human evaluation cannot yield a deep and satisfactory assessment of
this dimension, but only an approximate value that can guide some conservative considerations. We computed
two coherence metrics at two different levels of the story: scene-level coherence and story-level coherence.

e For scene-level coherence, we adopted the approach of [87] for their PR1 metric. This metric computes
coherence as the mean cosine similarity score between consecutive sentences.

e For story-level coherence, we observed through empirical testing with pairs of LLM-generated scenes
that extending the PR1 approach to the embeddings of entire scenes was not satisfactory, as it lost
fine-grained information essential for capturing coherence between scenes. We therefore adopted a more
sophisticated method. We divided each scene into sentences. For each pair of consecutive scenes, we
computed the full cosine similarity matrix between the embeddings of each sentence of the first scene
and each sentence of the second scene. We then assigned to each sentence a positional weight, computed
as the exponential function of the distance of the sentence from the "center" (i.e., the end of the first
scene and the beginning of the second scene), multiplied by a fine-tunable parameter «, which we set to
0.5. This gives more importance to sentences near the transition between scenes. The coherence metric is
given by the average cosine similarity of each pair of scenes, weighted by the respective positional weights.

These metrics measure coherence as the semantic similarity between consecutive story units (sentences or scenes).
However, this approach risks evaluating as highly coherent a story that exhibits a high degree of exact repetition
of phrases. To avoid this, we added to the semantic similarity scores a penalty term that penalizes excessive
lexical overlap between text units. The lexical overlap was computed using the Jaccard overlap, defined as the
ratio between the intersection of the tokens and the union of the tokens of the two text units. The penalty
function is a piecewise linear function of the Jaccard overlap, defined by two thresholds: the zero-threshold and
the high-threshold. The function operates as follows:

e if Jaccard < zero-threshold, the penalty is always 0;

e if zero-threshold < Jaccard < high-threshold (= 0.6), the penalty grows slowly with Jaccard,;

e if Jaccard > high-threshold, the penalty grows rapidly with Jaccard.

We used zero-threshold = 0.2 and high-threshold = 0.6 The penalty is then weighted by a penalty weight (which
was set to 0.4) and subtracted from the similarity score to obtain the final coherence score. The overall score for
the story is the weighted sum of the mean scene-level coherence score and the global story-level coherence score.
This penalty represents an original addition to the PR1 metric from [87], which does not penalize excessive
lexical repetitiveness.

The plotting of the average semantic similarity and lexical overlap both intra-scene and between consecutive
scenes are showed in Figure 19, while the average scores per scene are shown in Figure 20. Tables 37 shows the
average values of all the metrics and combined metrics per story, as well as for architecture vs no architecture.
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Figure 19: Plotted Average Semantic similarity and lexical overlap both intra-scene and between
consecutive scenes, architecture vs no architecture.
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Composite Coherence: 0.6 x Intra-Final + 0 4 x Inter-Final (mean + std)
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Table 37: Coherence metrics

(a) Intra-scene metrics per story

Story Arch Semantic Overlap Final Comb

Mean Var Std Mean Var Std Mean Var Std Score
A Yes 0.5541 0.0007 0.0256 0.0077 0.0000 0.0063 0.5541 0.0007 0.0256 0.5451
B Yes 0.5529 0.0005 0.0222 0.0082 0.0001 0.0083 0.5529 0.0005 0.0222 0.5442

C1 Yes  0.5677 0.0009 0.0298 0.0074 0.0001 0.0077 0.5677 0.0009 0.0298 0.5612
C2 No 0.5754 0.0007 0.0256 0.0084 0.0000 0.0067 0.5754 0.0007 0.0256 0.5726
D1 Yes  0.5607 0.0006 0.0241 0.0104 0.0001 0.0089 0.5607 0.0006 0.0241 0.5528
D2 No 0.5502 0.0007 0.0270 0.0069 0.0000 0.0057 0.5502 0.0007 0.0270 0.5323
E No 0.5420 0.0007 0.0261 0.0116 0.0000 0.0062 0.5420 0.0007 0.0261 0.5344

(b) Inter-scene metrics per story

Story Arch Semantic Overlap Final

Mean Var Std Mean Var Std Mean Var Std
A Yes 0.5364 0.0026 0.0506 0.1992 0.0017 0.0412 0.5314 0.0022 0.0467
B Yes 0.5586 0.0016 0.0403 0.2701 0.0211 0.1454 0.5312 0.0067 0.0816

C1 Yes  0.5608 0.0011 0.0325 0.2221 0.0022 0.0466 0.5516 0.0011 0.0329
C2 No 0.5867 0.0009 0.0303 0.2540 0.0070 0.0840 0.5686 0.0011 0.0336
D1 Yes  0.5575 0.0018 0.0423 0.2486 0.0051 0.0715 0.5410 0.0017 0.0417
D2 No 0.5679 0.0014 0.0368 0.3668 0.0429 0.2071 0.5056 0.0095 0.0975
E No 0.5546 0.0014 0.0368 0.3013 0.0103 0.1016 0.5229 0.0010 0.0309

(¢) Summary by architecture (Mean + Std across stories)

Architecture Metric Mean Std Dev Variance
Yes Combined Coherence Score (0.6 x Intra + 0.4 x Inter) 0.5508  0.0080 0.0001
No Combined Coherence Score (0.6 x Intra + 0.4 x Inter) 0.5465  0.0227 0.0005

Note: Combined Score is computed as 0.6 x Intra_ Final 4- 0.4 X Inter Final. This arise from the idea that in-scene
inconsistencies are more impactful on the perceived consistency of the story, especially in episodic narrations.

For coherence as well, we cannot find a very strong correlation with the use of the architecture. However, in
this case, a slight but consistent pattern can be observed: the story generated without the architecture shows
higher semantic similarity between scenes and sentences, but also a larger inter-scene lexical overlap. These
differences, especially the semantic ones, are very small in magnitude and cancel out when the global penalized
score is computed. Nevertheless, they align perfectly with the direct observations and the user’s impressions
described in Section 4.4. These data suggest that the architecture seems to slightly reduce both the perceived
coherence and the repetitiveness of the story.

5.3. Evaluation of the efficiency of the architecture

Until now, we have investigated the perceived and "objective" quality of the generated stories. However, there is
another important aspect to evaluate: how does the architecture perform, in terms of consumed resources, with
respect to the purely LLM-based approach? This is an important question to address, especially when working
with small LLMs in low-resource environments, which is the case in our work. We explored two dimensions in
which our architecture can make a meaningful difference in terms of performance: the waiting time between
input and output, and the number of tokens in the context.

5.3.1 Waiting and generation time

In this case, there is no sophisticated or complex metric to compute: we simply recorded, for each scene of
each story, the waiting times between scenes. The plot of the mean total waiting time for scene can be seen in
Figure 21a. The plot shows how the generation time of the scenes generated without the architecture becomes
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increasingly larger than the entire processing time with the architecture. If we, however, imagine having access
to a system with enough ram to run in parallel the Retrieval, Action Extraction and Path Taking path in
parallel, then the real waiting time becomes the sum of the generation time and the max time between the three
parallel operation. In this hypothetical scenario, realistically similar to the real use scenario, the comparison
becomes even more striking, and is shown in Figure 21b. Tables 38 shows how, even on average, the waiting
time of the architecture is less than that of the no-architecture case.
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Figure 21: Comparison between processing time with and without the architecture.

Table 38: Timing summary

(a) Waiting times (mean over scenes)

Metric With Architecture Without Architecture
Total Waiting (mean over scenes) 105243.33 ms -
Generation (mean over scenes) 91914.44 ms 135108.08 ms

Note: For the Without Architecture case, the total waiting time is not reported separately; it corresponds to the
generation time.
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5.3.2 Context tokens

For this measurement, we computed the total token count (system prompt + user prompt) provided as input
to the LLM for the generation of each scene. The plot of the mean total token count of the context among
all stories used to generate the scenes can be seen in Figure 22. These results are even more pronounced than
those for waiting times: the context without the architecture grows linearly with the number of scenes, while it
remains more or less constant with the architecture.

Context Token Count per Scene (mean = std)
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Scene Index

Figure 22: Comparison between token counts with and without the architecture.

By interpolating the growth of the context without architecture in function of the scenes, we obtain the function:

context lenght(#scenes) = 282.7311 - #scenes + 1509.32

6. Conclusions

In this work, we set out to investigate whether a scaffolding architecture could improve the quality of interactive
storytelling generated by small language models, particularly in terms of coherence, adherence to user input,
and overall user experience. The results of our experiments allow us to draw several conclusions.

The constraints of our experimental setting, discussed in Section 4.1, prevented us from collecting enough data
to obtain a statistically significant sample from which to draw strong conclusions. However, by combining
direct observations of the users’ experiences, data from their personal evaluations, and objective metrics on the
generated stories, we are nonetheless able to express some general observations, with the awareness that deeper
and wider analyses might substantially alter these observations.

From the investigation and analysis conducted in Section 4 and Section 5, we argue that our findings suggest
that the architecture does not appreciably degrade story quality, at least within the range of story lengths we
were able to analyze. The main effects appear as a trade-off: a slight reduction in non-penalized semantic
coherence, balanced by improvements in repetitiveness and adherence to the story outline. The observations
from the tests and the user data support these claims, while also hinting at a possible slight decline of the
perceived story quality. Overall, we support a conservative claim: the architecture maintains story quality
while offering substantial performance advantages.

The data indicate that the architecture offers substantial performance advantages, keeping both processing
time and context token length roughly constant, whereas in the system without the architecture, these two
parameters grow linearly over time. These considerations, together with hints that the no-architecture system
may start degrading after the 20th generated scene, prompt us to state the following:

The advantage offered by the architecture is to allow a substantial reduction in processing time and context
length, especially as the number of scenes in the story increases, without a substantial negative impact on story
quality. The architecture therefore offers a considerable advantage for storytelling tasks in low-resource envi-
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ronments.

Other minor contributions of our work are:
e adaptation of PR1 and CC3 metrics from [87] and Order and Coverage metrics from [33] to our specific
setting (interactive, scene-by-scene storytelling);
e explorative work on the testing of the application, which might help in constructing a more solid method
of evaluation.

7. Limitations and Future Works

In this section, we discuss the main limitations of our work and outline possible directions for future research
and development.

7.1. The author perspective

As discussed in Section 3.4.2, the current architecture relies on a manually crafted formatted story outline
(JSON), rather than deriving it automatically from a natural language description. This introduces an additional
human effort in the preparation phase, which may limit the practical applicability of the system, especially for
authors who are not familiar with the structured format. While we argued that this is not a limitation of the
architecture itself, but rather a constraint of the current implementation, it remains an aspect worth addressing
in future work.

A natural extension would be the development of a dedicated component that converts a natural language
story outline into the corresponding formatted JSON structure. This would require a sufficiently large language
model, possibly fine-tuned for the task, and careful prompt engineering to ensure reliable extraction of narrative
elements, events, and dependencies. Such a component would make the architecture more accessible to authors
and facilitate a fairer comparison with purely LLM-based approaches, where the input is provided in natural
language. Additionally, this would reduce the human bias introduced by manual formatting and allow for more
systematic testing across a wider range of story outlines.

7.2. Limitations on the testing

As extensively discussed in Section 4.1, the experimental campaign suffered from several limitations that affect
the generalizability of our findings. The most significant constraint was the small sample size, with only seven
tests conducted across five users. This was mainly due to logistical difficulties: the application ran on a single
local device, allowing only one test at a time, and the long duration of each session (between 1.5 and 2.5 hours)
made it difficult to recruit volunteers, especially without financial compensation. Furthermore, the order of
the experiences was not counterbalanced: users C and D tested the architecture first and the bypass second,
potentially introducing a practice effect that may have inflated the scores of the no-architecture condition.

To obtain more robust and generalizable results, future testing should be conducted on a larger and more
diverse sample. A key improvement would be the deployment of the application on a dedicated server, allowing
multiple users to interact with the system simultaneously and in parallel. This would not only increase the
number of tests that can be conducted within a given time frame, but also reduce the variability introduced
by local hardware differences. Additionally, the experimental design should include counterbalancing: half of
the users should experience the architecture first and the bypass second, while the other half should follow the
reverse order. This would help isolate and control for order effects and practice-related biases, enabling a more
accurate assessment of the architecture’s impact on story quality and user experience.

7.3. Limitations on the data analysis

As expressed in Section 5.2, we did not employ any human or LLM-based evaluation on the stories, mainly due
to time and computational constraints. We instead employed purely lexical and semantic metrics. These metrics
are easy and fast to compute, offer good insight into many aspects of the analyzed text, and have the advantage
of being "objective", as they are based on pure mathematical computations. However, these methods fail to
capture the complexities and nuances of a narrative text. Many aspects of a narrative text—such as logical
coherence, character interest, emotional involvement, and story-wide themes—are either difficult or entirely
impossible to capture through purely semantic or lexical means. To better evaluate the output of the presented
application, we encourage the use of LLM-based or human-based metrics, to complement and integrate with
lexical and semantic evaluations.
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7.4. Parameter and hyperparameter tuning

Throughout this work, we adopted fixed values for the architectural parameters and the evaluation metrics
thresholds, based on preliminary manual tuning and qualitative assessment. For instance, the window size
for the MATTR metric, the coherence penalty thresholds, and the weighting coefficients of the composite
quality scores were chosen heuristically rather than through a systematic optimization procedure. Similarly, the
temperature and top-p parameters of the generation model were kept constant across all experiments, based on
literature recommendations and limited pilot testing.

While these choices are justified by the exploratory nature of our study and the limited dataset available,
they also represent a potential source of suboptimal performance. A more systematic tuning of both architec-
tural and evaluation parameters could lead to more reliable and interpretable results, and potentially highlight
configurations that better balance the trade-offs between efficiency and story quality.

Future work could explore automated or semi-automated approaches to parameter optimization, such as grid
search or Bayesian optimization, applied to the complete pipeline. This would require a larger dataset and a
more computationally efficient experimental setup, but could yield significant insights into the sensitivity of the
architecture to its internal parameters and help identify optimal configurations for different use cases. More-
over, a careful tuning of the evaluation metrics themselves—for example, the penalty weights in the coherence
metric or the thresholds for lexical overlap—could improve the alignment between automated scores and human
judgments, making the evaluation framework more robust and informative.

7.5. Model fine-tuning

As clearly stated in Section 1, fine-tuning of the models lies outside the scope of this work. However, given the
widely known benefits that careful fine-tuning procedures bring to LLMs, especially small ones, when they focus
on a specific task, it is very likely that fine-tuning the models could significantly boost the capabilities of the
architecture. While fine-tuning the generation model would likely be very difficult, since it would require careful
data augmentation and quality control, training the models for information extraction would be much easier.
The information extraction tasks are simple inference and deduction tasks, which produce straightforward
results, sometimes as simple as a single number or a boolean. Generating synthetic data and evaluating model
performance would be much easier, especially by means of powerful LLMs. This would allow even smaller models
to be trained, making the architecture more performant both in terms of result quality and computational cost.

7.6. Used models

In this work, we relied solely on the use of the Llama-3.1 model from Meta, for the reasons expressed in
Section 3.1. However, many other models, with different numbers of parameters or architectures, are available
for free online, many of which might outperform Llama-3.1 on the specific tasks for which we employed it, even
if they are ranked lower on benchmark leaderboards. This is particularly relevant for interactive storytelling,
a task that is inherently difficult to evaluate through standardized benchmarks: metrics such as perplexity
or accuracy on knowledge-based tests do not capture the subtleties of narrative coherence, immersion, and
responsiveness to user input—qualities that depend heavily on human judgment and contextual adaptation. A
model that excels on general-purpose benchmarks may still produce flat or repetitive narratives, while a smaller,
less celebrated model could be more effective in this specific domain. We therefore encourage future research
to experiment with different combinations of models for the various tasks of the architecture, and to explore
evaluations that better reflect the qualitative dimensions of interactive storytelling.
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A. User Questionnaire

In this section, the questionnaire administered to the users is presented and briefly described. For each section
of the questionnaire, we show the questions, the range of possible answers, and the corresponding label used in
the main text.

A.1. User information

This section of the questionnaire is intended to collect information about the user’s familiarity with the main
concepts behind the application (RPGs, LLMs, VINEs). The section is introduced by the following text:

"Please provide the requested information.”

The information for this section is shown in Table 39.
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Table 39: User information items

Label

Item Answers

RPG familiarity

~

What is your familiarity | 1 (Totally Unfamiliar
with role-playing games? Extremely familiar

~—

Generative Al
(LLM) familiarity

~

5 (
What is your familiarity | 1 (Totally Unfamiliar
with textual generative Al | 5 (Extremely familiar
(LLMs)?

~—

Interactive narra-
tive familiarity

What is your familiarity | 1 (Totally Unfamiliar) —
with virtual interactive nar- | 5 (Extremely familiar)
rative experiences (narrative
videogames, visual novels,
etc.)?

Game frequency
(RPG/interactive
fiction)

How often do you play role- | Never, Rarely, Sometimes,
playing games (e.g., D&D) | Often, Very Often
or interactive fiction?

A.2. UEQ

This section of the questionnaire is

intended to collect information about the user’s opinions on the usability

of the application, using the short User Experience Questionnaire (UEQ). The section is introduced by the

following text:

"For each item, select the level that

best describes your experience with the system between the two extremes.”

The information for this section is shown in Table 40.

Table 40: UEQ items and corresponding labels

Label

Item / Answers

UEQI

1 (obstructive) — 7 (supportive)

UEQ2

1 (complicated) — 7 (easy)

UEQ3

inefficient) — 7 (efficient)

UEQ4

confusing) — 7 (clear)

UEQ5

UEQ6

not interesting) — 7 (interesting)

UEQT

conventional) — 7 (inventive)

UEQS

(
(
(
(boring) — 7 (exciting)
(
(
(

usual) — 7 (leading edge)

A.3. SUS

This section of the questionnaire is intended to collect information about the user’s opinions on the usability of
the application, using the System Usability Scale (SUS). The section is introduced by the following text:

"For each statement, select your agreement level between 1 (Strongly disagree) and 5 (Strongly agree).”

The information for this section is shown in Table 41.
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Table 41: SUS items and corresponding labels

Label | Item Answers

SUS1 | I think that I would like to use this system frequently. 1 (Strongly Disagree) — 5 (Strongly Agree)
SUS2 | I found the system unnecessarily complex. 1 (Strongly Disagree) — 5 (Strongly Agree)
SUS3 | I thought the system was easy to use. 1 (Strongly Disagree) — 5 (Strongly Agree)
SUS4 | I think that I would need the support of a technical person | 1 (Strongly Disagree) — 5 (Strongly Agree)

to be able to use this system.
SUS5 | I found the various functions in this system were well inte- | 1 (Strongly Disagree) — 5 (Strongly Agree)
grated.
SUS6 | I thought there was too much inconsistency in this system. | 1 (Strongly Disagree) — 5 (Strongly Agree)
SUS7 | I would imagine that most people would learn to use this | 1 (Strongly Disagree) — 5 (Strongly Agree)
system very quickly.
SUS8 | I found the system very cumbersome to use. 1 (Strongly Disagree) — 5 (Strongly Agree)
SUS9 | I felt very confident using the system. 1 (Strongly Disagree) — 5 (Strongly Agree)
SUS10 | I needed to learn a lot of things before I could get going with | 1 (Strongly Disagree) — 5 (Strongly Agree)
this system.

A.4. SE

This section of the questionnaire is intended to collect information about the user’s opinions on the quality of
the generated stories and of the overall experience. The section is introduced by the following text:

"The following questions explore your experience with the immersive storytelling task of the system.”

The information for this section is shown in Table 42.
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Table 42: Story Evaluation items and corresponding labels

Label | Item Answers
SE1 To what extent did you feel that the story reacted to | 1 (Very low) — 5 (Very high)
your actions?
SE2 On a scale from 1 (completely incoherent) to 5 (com- | 1 (Completely incoherent) — 5 (Com-
pletely coherent), how would you rate the logical co- | pletely coherent)
herence of the story?
SE3 On a scale from 1 (completely incoherent) to 5 (com- | 1 (Completely incoherent) -5 (Com-
pletely coherent), how would you rate the coherence of | pletely coherent)
the characters’ behaviour?
SE4 On a scale from 1 (completely unnatural) to 5 (com- | 1 (Completely unnatural) — 5 (Com-
pletely natural), how would you rate the naturalness | pletely natural)
of the character reactions to your actions?
SE5 On a scale from 1 (very shallow) to 5 (very evocative), | 1 (Very shallow) -5 (Very evocative)
how would you rate the evocativeness of the descrip-
tions of locations and actions?
SE6 On a scale from 1 (very low) to 5 (very high), how | 1 (Very low) — 5 (Very high)
would you rate the comprehensibility and precision of
the descriptions of locations and actions?
SE7 | On a scale from 1 (totally unfitting) to 5 (totally fit- | 1 (Totally unfitting) — 5 (Totally fit-
ting), how would you rate the appropriateness of the | ting)
language used with respect to the fantasy/fairy-tale
setting of the story?
SE8 On a scale from 1 (very dull) to 5 (very creative), how | 1 (Very dull) — 5 (Very creative)
would you rate the creativity of the story?
SE9 Select your agreement level between 1 (strongly dis- | 1 (Strongly Disagree) — 5 (Strongly
agree) and 5 (strongly agree) with the following state- | Agree)
ment: My choices had a visible impact on how the
story evolved.
SE10 | Select your agreement level between 1 (strongly dis- | 1 (Strongly Disagree) — 5 (Strongly
agree) and 5 (strongly agree) with the following state- | Agree)
ment: | felt free to act in ways that mattered to the
plot.
SE11 | Select your agreement level between 1 (strongly dis- | 1 (Strongly Disagree) — 5 (Strongly
agree) and 5 (strongly agree) with the following state- | Agree)
ment: The story gave me meaningful decisions to
make.
SE12 | Select your agreement level between 1 (strongly dis- | 1 (Strongly Disagree) — 5 (Strongly
agree) and 5 (strongly agree) with the following state- | Agree)
ment: [ was fully absorbed in the fantasy world.
SE13 | Select your agreement level between 1 (strongly dis- | 1 (Strongly Disagree) — 5 (Strongly
agree) and 5 (strongly agree) with the following state- | Agree)
ment: While interacting, I lost track of time.
SE14 | Select your agreement level between 1 (strongly dis- | 1 (Strongly Disagree) — 5 (Strongly
agree) and 5 (strongly agree) with the following state- | Agree)
ment: I felt as if I was inside the story.
SE15 | How mentally demanding did you find the interaction? | 1 (Very low) — 5 (Very high)
SE16 | In general, how would you rate the story on a scale | 1 -5
from 1 to 57
SE17 | In general, how would you rate the overall experience | 1 -5
on a scale from 1 to 57

B. Prompts

In this section, we show and briefly comment on the prompts used for the various functions of the system. For
each function, we present both the system prompt and the structure of the user prompt, with placeholders for

the variable elements.

B.1.

Scene Generation

The system prompt for the generation of the narrative scene is shown in Listing 1.
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Listing 1: System prompt for the narrator model

N

16

19

You are a narrator for an interactive fantasy storytelling application. You will produce a
scene given the information you will receive. Your role is similar to that of a game master
in a role-playing game.

There are different types of scenes you might need to produce:

- Introductory scene: in this scene, the character, its objective, motivation, and the location
of the story are introduced.

- Descriptive scene: you will receive an overview of a place consisting of a description of the
place, the paths that depart from it, the characters that can be found there, and the
possible interactable events. You must give a comprehensive description of all these
elements, as if the character sees them for the first time. Prioritize completeness of
information rather than detail level; be sure to mention all the elements you are given
(paths, characters, and events). Do not assume any action taken by the protagonist in this
scene; just describe to the player what the protagonist sees.

- Responsive scene: you will receive a list of actions the protagonist of the story wants to
perform. Some actions might later be specified to have succeeded or failed. In this case,
acknowledge and narrate the failures or successes, and also what the character obtains or
achieves. You should describe how the actions are performed, how the environment responds,
and how the actions succeed or fail. In these scenes, the player might ask a character to
join them in their quest. In this case, if the entity belongs to the characters list, it
will always accept and join the protagonist, while if it belongs to the events list, it
will always refuse.

- Ending scene: this is the final scene of the story, where the protagonist and their
companions take separate paths and the adventure ends.

- Transition scene: this scene marks the passage from one narrative act to the next. It should
be similar to a descriptive scene, but more solemn and narrative. It should also recall the
objective and motivation of the protagonist.

The prompt you will receive will have some important elements:

- PROTAGONIST: this is the protagonist of the story. You will always be given their name and a
description, sometimes also their objective and motivation. The protagonist is the main
character of the story, and the story revolves around them. Always consider that the story
should unfold from their point of view, so never reveal things that the protagonist should
not know. Use the information you have to shape the story, but narrate it only if it makes
sense for the protagonist to know it.

- INVENTORY: a list of the protagonist’s objects. Use it to track whether the protagonist can
use a certain object to perform some actions. If the protagonist tries to use an object
they do not possess, narrate that the protagonist searches for that object among their
possessions but cannot find it.

- PARTY: these are the protagonist’s companions. If this entry is empty, the protagonist is
alone. Remember that you may include their reactions to the described situatioms, or
sometimes the protagonist might address them directly, but ensure they remain in the
background, supporting the protagonist. Their dialogue or actions should be brief and
consistent with any personality traits provided in their description.

- CONTEXT: this is information about the lore of the world, the characters, or the situations
you are describing. Always remember that this information is known to you but not
necessarily to the protagonist, so always evaluate how much of it to provide in the
narration. You will receive a score for the "knowledge" of the protagonist. Use it as an
indication of how much history and lore they should know (0 = nothing, 10 = a lot).

- PREVIOUS SCENE: you will receive a summary of the previous scene, to guide the unfolding of
the current one.

- STORY SO FAR: you will receive a summary of the story so far, to have an idea of the main
events that have occurred.

- ACT: you will receive a number corresponding to the current act of the story. The story has
three acts. Act 1 introduces the character and the situation; it ends with the protagonist
reaching the main location of the story. Act 2 contains the rising action, and ends with
the protagonist facing the main challenge of their quest, having their objective right in
front of them. Act 3 consists of the climax of the story and the subsequent debrief, which
leads to the end of the story. Use this to modulate pacing.

The narration should be in third person, even if narrated from the point of view of the
protagonist. Use a descriptive, evocative style. Employ sensory details (sight, sound,
smell) and a slightly formal, archaic tone reminiscent of classic fantasy literature, but
keep sentences clear and avoid overly convoluted prose. Prioritize atmosphere and clarity.
NEVER address the user directly; NEVER produce output that does not belong to the story;

76




NEVER acknowledge that you are an AI, a narrator, or that this is a story. Do not ask the

user what they want to do next; never add any information other than the narration itself;
do not ask rhetorical questions; simply narrate the scene based on the actions provided. A
scene should be about 1400 characters or 250--350 words.

We will now briefly comment on the structure of the prompt:

In

e line 1. This line introduces the model to its role and provides general information about the application.
It contains many key words, such as interactive fantasy application and role-playing game.

e lines 3 - 8. Here, the prompt describes to the model the various types of scenes it will generate, as
discussed in Section 3.2.1.

e lines 10 - 17. These lines describe to the model all the main information it will receive upon generation.

e line 19. This line provides additional information and specifications about the lexical and stylistic
characteristics of the generated scenes.

Listing 2, we provide the structure of the user prompt, with placeholders for variable information.

Listing 2: Narrative prompt structure with placeholders

SR

SCENE TYPE: [type of scene]

CONTEXT. Use these information to shape the story and the character’s behaviour. DO NOT convey
these information directly to the player as plain text, rather use character’s dialogues
and behaviours or environmental storytelling.

[retrieved informations]

STORY IN THIS NARRATIVE ACT

[summary of the story in the current narrative act]

LAST SCENE

[last scene of the narration (if any)]

LOCATION: [macro-location in which the narrative act takes placel]

7 PROTAGONIST INFO

Name: [character’s name]

Description: [character’s description]
Objective: [character’s objectivel]
Motivation: [character’s motivation]

Knowledge: [the level of the characteristic "Knowledge" of the character]

PARTY:
[character’s companions and their description]

EQUIPMENTS: [list of the Items in character’s equipment and inventory]

ROOM ELEMENTS

Description: [description of the current room (location)]

Events: [the list of interactable events in the room and their descriptions]

Characters: [the list of interactable Companions (supportive characters) in the room and their
descriptions]

The protagonist want to perform the following actions:
[list of actions the user wants the character to perform]
In particular, they:

[list of the formatted actions, with relative failure/success and prizes]
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17 ACT: [number of the current act]

19 Remember:

50 reply with only the story, no additional elements;
51 always narrate in third person;

52 never address the user directly;

53 never comment the story in any way

We will now briefly comment on the structure of the prompt:

e line 1. This line contains the current scene type, in reference to the ones listed in the system prompt

and discussed in Section 3.2.1.

e lines 3 - 5. Here, the prompt describes the context and how to use it. The context is the information
retrieved by the retrieval system. Unfortunately, the model proved unable to correctly judge to what
degree it should convey this information (for example, it would mention the name of a character even if

the user’s character should not know it).

e lines 7 - 13. The summary of the story in this narrative act (up to two scenes prior) and the full last

scene, to maintain coherence and continuity in the story.

e lines 17 - 25. The information about the character, as discussed in Section ??. The Knowledge
characteristic score is included to guide how much the model should convey through narration in terms

of knowledge about the world.

lines 32 - 38. Information about the current Room (see Section 3.2.2).
lines 40 - 46. Information about the actions the character should perform, and their outcomes.
lines 50 - 54. Reiteration of some important instructions for the generation of the story.

B.2. Action extraction

The system prompt for the action extraction model is shown in Listing 3.

Listing 3: System prompt for the information extractor model

I You are an information extractor. You will receive a text in which the actions that the user
wants to perform are described.

2> The text may be in first or third person. If in third person, consider only the actions
performed by the PROTAGONIST, which will be specified later.

3 You must return a JSON following the provided schema, which needs to contain the following
information:

- An ordered list of all the actions performed by the character. This consists of a list of

strings.

5 - A list of special actions, which consists of a list of objects with the following format:

6 {’action’: string, ’target’: string, ’information’: string}

7 The ’action’ field must take one of the following values:

8 - "fighting": each action that consists of engaging in physical combat with the target.
Examples: "I attack with my sword", "I charge against the enemy", "throws a punch".

9 - "athletics": each action that consists of using physical abilities to overcome an
obstacle. Examples: "I try to lift the rock", "I jump over the river", "break the door

open".

10 - "surviving": each action that consists of using survival skills to overcome an obstacle
or reach a goal. Examples: "I raise my shield to protect myself", "I use a medikit to cure
my wounds", "lit a fire".

11 - "tinkering": each action that consists of carefully interacting with an object in order
to repair or modify it with precision, manual skill, and finesse. Examples: "I pick the
lock", "I disarm the trap", "repairs the crossbow".

12 - "talking": each action that involves interacting with a creature to reach a goal.
Examples: "I threaten the bandits", "I try to calm the bear", "says to him: ’why don’t you

join me?’".
13 - "observing": each action that involves perceiving the world around using the senses.
Examples: "I look closely at the chest", "I pay attention to any strange sound", "sniffs

the air to smell if something is burning".
14 - "spellcasting": each action that involves the use of spells or magic in general.
Examples: "I cast fireball", "I use a spell to fly", "shoots lightning from her fingers".
15 - "thinking": each action that involves using knowledge or intuition to find a solution to
a problem. Examples: "I try to solve the riddle", "I translate the writings", "studies the
magical object".
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6

The ’target’ is the target of the action. You will be provided with a list of POSSIBLE TARGETS,

and you must choose from that list.

7 The ’information’ field must contain the specific action the user specified in the text, e.g.,

the passage from which you extracted the action. If the text contains direct dialogues,
they must be reported in the ’information’ field. Return at most one special action for
each action.

Here is an example:

input:

PROTAGONIST: Reo

POSSIBLE TARGETS: Yorm the Swordmaster, Golgi the goblin, Axe

I want to approach the tall man with the sword, and tell him: "Hi, traveller, what is
your name?"

output:
{
"action_list":
[
"approach the tall man with a sword",
"tell him: "Hi, traveller, what is your name?"
P
"special_actions":
[
{
"action": "talking",
"target": "Yorm the Swordmaster",
"information": "tell him: "Hi, traveller, what is your name?"
}
]
}

We will now briefly comment on the structure of the prompt:

B.3.

lines 1-2. These lines introduce the model to its role and provide general information about the input
it will receive and how to interpret it.

line 3. Introduces the description of the expected output.

line 4. Describes the first output field: the list of actions the user wants the character to perform.
line 5. Introduces the concept of special actions, described in Section 3.1.2.

lines 6-15. Explain the content of the "action" field, which corresponds to the action types discussed
in Section 3.2.1.

lines 16-17. Explain the content of the fields "target" and "information" (see Section 3.1.2).

e lines 18-38. These lines show an example of interaction, adopting a one-shot learning approach for the

task. The reader can also use this as an example of a prompt.

Path taking

The system prompt for the path taking model is shown in Listing 4.

Listing 4: System prompt for the path taking model

I You are an information extractor from text.
Your goal is to detect if a character physically takes one of the given paths.

Input:

- A list of paths, each with a unique numeric ID and a description.

; - A list of actions performed by the character.

Definition of "taking a path":

- The character starts moving along, enters, or clearly commits to that path.
- Looking at, mentioning, thinking about, or approaching a path does NOT count.
- Negations ("does not take") do NOT count.

Rules:

- If the character takes one of the paths, return its numeric ID.

- If no path is taken (or only mentioned/considered), you must return O.

- Return your reasoning in the reasoning field of the output JSON, and only the number and

nothing else in the content field. No extra text, no punctuation except the number. Before
returning a path, you must be completely sure that the character takes the path, and not
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just mentions or observes it.

We will now briefly comment on the structure of the prompt:

e lines 1-2. These lines introduce the model to its role.

e lines 4-6. Explain the input that the model should expect.

e lines 8-11. Clearly define the meaning of "taking a path".

e lines 13-16. Explain in detail the rules the model must follow to return the correct output.
An example of input to the model is shown in Listing 5.

Listing 5: Example of input prompt for the path taking model

3 "1": "A dark path, going into the oldest part of the forest",
4 "2": "A path where mushrooms seem to emit some light",
5 "3": "A bright path, going to the youngest part of the forest"

s SCENE:
9 After carefully thinking, I decide to take the path with the strange mushrooms.

B.4. Companion joining detection

The system prompt for detecting whether a companion joins the protagonist is shown in Listing 6.

Listing 6: System prompt for companion joining detection

I You are an information extractor from text.
2 Your goal is to detect if a character joins the protagonist in their quest.

. Input:
5 - The protagonist name, a list of characters separated by commas, and a narrated scene.

7 Output: a boolean ’joined’ that is true if at least one character joins the protagonist, and a
string ’target’ that must contain the name of the character that joined the protagonist.

9 Rules:

10 - If at least one character on the list accepts to join the protagonist, physically follows
them, or makes it clear that they want to join the protagonist, then ’joined’ is true and
’target’ is the full name of that character as it appears in the Characters list. Beware:
just showing interest does not count; it must be clear from the text that the character
wants to follow the protagonist.

11 - If all the characters refuse, ’joined’ is false and ’target’ is an empty string.

12 - If the character that joins the protagonist does not belong to the list of characters
provided, ’joined’ is false and ’target’ is an empty string.

13 - Return your reasoning in the ’reasoning’ field of the output JSON, and only the boolean and
the name of the character in the content field. No extra text, no punctuation except the
boolean and the name of the character.

We will now briefly comment on the structure of the prompt:

e lines 1-2. These lines introduce the model to its role.

e lines 4-5. Explain the input that the model should expect.

e line 7. Explain the output expected from the model.

e lines 9-13. Explain in detail the rules the model must follow to return the correct output.
An example of the input prompt for this component is shown in Listing 7.

Listing 7: Example input prompt for companion joining detection

1 PROTAGONIST: Dora
2

3 CHARACTERS: Golgi The Goblin, Irina The Scholar

5 SCENE:

6 Dora approached Irina, who was studying an ancient tome at the edge of the clearing. "Irina,
would you like to join us on our quest?" she asked hopefully. Irina looked up, closed the
book, and nodded. "I would be honored to accompany you," she replied softly. Golgi,
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overhearing the conversation, shrugged and muttered something about keeping an eye on them,
but did not explicitly agree to join.

B.

5. Scene summarization

The system prompt for the scene summarizer model is shown in Listing 8.

Listing 8: System prompt for the scene summarizer model

1

|

®

19

20

21

You are a story summarizer for a fantasy interactive narrative.

You will receive a single scene from a story. Your goal is to generate a brief, factual summary
that captures only the elements necessary to reconstruct the story’s plot.

Length: 1 to 3 sentences (maximum 50 words).

What to include (if present in the scene):

- Actions taken by the protagonist that change the situation

- Introduction of new characters, locations, or significant objects
- Decisions with consequences

- Revelations of lore or critical plot information

- Outcomes of conflicts or challenges

What to exclude:

5 - Ambient descriptions, internal monologues, minor dialogue, repetitive actions

Rules:

- Do NOT hallucinate. Only summarize what is explicitly in the scene.

- Do NOT repeat information already established in previous scenes unless it is essential to
understand the current scene.

- Do NOT add meta-commentary (e.g., "In this scene...", "Here is the summary:").

- Output only the summary text as plain prose (not bullet points).

We will now briefly comment on the structure of the prompt:

B.

e line 1. Introduces the model to its role.

e line 3. Explains the input that the model should expect.

line 5. Explains the expected length of the output.

lines 7-12. Explain the elements of the scene on which the summary should focus.
lines 14-15. Explain the elements of the scene that the summary should ignore.
lines 17-21. List some important rules to respect during the summarization process.

6. Generation without architecture

The system prompt for the generation model when used without the architecture is shown in Listing 9.

Listing 9: System prompt for generation without architecture

N

1

>

6

You are a narrator for an interactive fantasy storytelling application. You will produce a
scene given the information you will receive. Your role is similar to that of a game master
in a role-playing game.

The prompt you will receive will have some important elements:

- STORY OUTLINE: it contains the outline of the whole story from start to end. Use this
information to guide the generation of the current scene. The current scene should not
narrate the whole story, but just a scene which describes the current situation or reacts
to the protagonist’s actions.

- PROTAGONIST: this is the protagonist of the story. You will always be given their name and a
description, sometimes also their objective and motivation. The protagonist is the main
character of the story, and the story revolves around them. Always consider that the story
should unfold from their point of view, so never reveal things that the protagonist should
not know. Use the information you have to shape the story, but narrate it only if it makes
sense for the protagonist to know it.

- EQUIPMENT: a list of the protagonist’s objects. Use it to track whether the protagonist can
use a certain object to perform some actions. If the protagonist tries to use an object
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they do not possess, narrate that the protagonist searches for that object among their
possessions but cannot find it. You will receive a score for the "knowledge" of the
protagonist. Use it as an indication of how much history and lore they should know (0 =
nothing, 10 = a lot).

7 - PREVIOUS SCENES: you will receive the previous scenes, to guide the unfolding of the current
one.

s - The protagonist’s actions: you will receive the user input describing what the protagonist
wants to do in the current scene. You should narrate the actions and their consequences,
and how the environment reacts to them.

9 - Scene number: you will receive the number of the current scene compared with the maximum
number of scenes of the story in the form [current scene number]/[max scenes in the story].
Use this information to shape the pace of the story. In particular, if the scene number is
1, the scene you must generate is introductory, and should introduce the character, their
goal, and their motivation, as well as the starting location. If instead the current scene
number is equal to the maximum number of scenes, this is the ending scene and you should
end the story with the protagonist achieving their goal. Keep in mind that the narration
should end with the protagonist obtaining their objective within the number of scenes
indicated, so pace the story accordingly.

10

11 The narration should be in third person, even if narrated from the point of view of the
protagonist. Use a descriptive, evocative style. Employ sensory details (sight, sound,
smell) and a slightly formal, archaic tone reminiscent of classic fantasy literature, but
keep sentences clear and avoid overly convoluted prose. Prioritize atmosphere and clarity.
NEVER address the user directly; NEVER produce output that does not belong to the story;
NEVER acknowledge that you are an AI, a narrator, or that this is a story. Do not ask the
user what they want to do next; never add any information other than the narration itself;
do not ask rhetorical questions; simply narrate the scene based on the actions provided. A
scene should be about 1400 characters or 250--350 words.

We will now briefly comment on the structure of the prompt, also by comparing it with the prompt shown in
Listing 1:

e line 1. This line introduces the model to its role and provides general information about the application.
It contains many key words, such as interactive fantasy application and role-playing game. It
is identical to the corresponding line in the prompt used with the architecture.

e lines 3 - 9. These lines describe to the model all the main information it will receive upon generation.
They are similar to lines 10 - 17 of the prompt used with the architecture, but they differ in the
contents and the description of some elements. The key differences are the presence of the natural
language story outline and the Scene number element, which substitutes the Act as a mechanism to
produce a narrative structure in the story.

e line 11. This line provides additional information and specifications about the lexical and stylistic
characteristics of the generated scenes. It is identical to 1ine 19 from the prompt used by the architecture.

In Listing 10, we provide the structure of the user prompt for the bypass, with placeholders for variable
information.

Listing 10: Narrative prompt structure with placeholders for the bypass

1 SCENE TYPE: [type of scenel]

3 STORY OUTLINE:

5 [natural language high level story outline]
7 PROTAGONIST INFO

9 Name: [character’s name]

10 Description: [character’s description]

11 Objective: [character’s objectivel]

12 Motivation: [character’s motivation]

14 Knowledge: [the level of the characteristic "Knowledge" of the character]

16 PARTY:
17 [character’s companions and their description]

19 EQUIPMENTS: [list of the Items in character’s equipment and inventory]
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[all the scenes until the last one produced (if any)]
The protagonist wants to perform the following actions:
27 [user input]

20 This is scene [current scene number]/[max scenes]

31 Remember:

32 reply with only the story, no additional elements;

33 always narrate in third person;

34 never address the user directly;
35 never comment the story in any way

C. Story Outline

C.1. Outline correspondence

In this section, we show the story outline in natural language and compare it with its version in formatted
language. The limitations of this approach and their consequences on this work are discussed in Sections 3.4.2
and 7.1. Here, we restrict ourselves to discussing the outline itself, and what it accomplishes and misses in
testing the architecture’s capabilities. Let us now analyze, act by act, the two outlines. Figure 23 shows the
first act in both natural language and formatted form.
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Natural Language (Act 1) JSON (Act 1)

The character starts in the Ancient {
Forest, a great and old forest, "acts": [
filled with magic and mystery, Here, {
on a small clearing, the character "number": 1,
sees two people: a small green "location": "Ancient Forest",
Goblin with red hair and a tuft of "introductive_prompt": "The
hair and which wears a wormn-out protagonist arrive to the
leather armor, his name is Golgi, borders of the Ancient Forest.
and a young girl with scholar robes The Ruined Castle, their
and a wizard hat, with dark skin and destination, lays at heart of
curly hair, her name is Irina. this forest. The protagonist
Moreover , here the protagonist sees must traverse this old and
an axe lodged in a tree, that could dangerous forest, of which
be removed with enough strength. If they heard only through
the protagonist moves further into legends. The protagonist take
the forest, he arrives at the Ruined a deep breath, then enters the
Castle, his destination. Forest.",
"rooms": [
{
"id": 1,
"description": "A small

clearing in the middle of
the forest.",

"characters": ["Golgi The
Goblin", "Irina The
Scholar"],

"events": ["Axe"],

"paths": ["A wide path
leading forward, in the
depths of the forest"],

"connections": [1000]

Figure 23: (a) Act 1: natural language and JSON outline.

In this case, the first act is composed of a single location (room). In this location, two characters (Companions
in our application) are presented: Irina the Scholar and Golgi the Goblin. Both are visible in the "characters"
field of the formatted scene. Similarly, the axe lodged in the tree is reported as "Axe" in the "events" field.
As can be seen, no significant amount of additional information is added in the formatted outline. Conversely,
it seems from this comparison that the formatted input has lost information. That is, however, not the case.
Additional information is stored in other fields of the formatted outlines, which will be discussed later. The
value 1000 in the "connections" field indicates that the corresponding path described in the "paths" field
leads to the end of the first act, as described in Section 3.2.2.

Figure 24 shows the second act.
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Natural Language (Act 2)

Here they enter the throne hall. In the

throne hall they see a girl in
shining armor, wielding a halberd,
with orange hair arranged in two
braids, her name is Miriam. In the
same room there is a locked chest,
with a golden lock. It will be very
difficult to break it open or open
it by sheer force, a little easier
to use a spell to open it and not
too difficult to pick the lock, but
this action would be easier to do
with the right key. If opened, the
chest reveals to contain the Sword
of Ruin and a Spell Scroll. If the
protagonist proceeds deeper inside
the dungeon, they will find
themselves in a great crumbled hall.
In this Hall there is a big knight
in a black armor, wielding a big
heavy shield and a greatsword, named
Alken. He will attack the
protagonist relentlessly, without
spelling a single word. At first he
can be talked to, or some tricks can
be used, but in the end he must be
defeated either by fighting him or
using a spell on him. He can be
defeated, and in this case his Black
Iron Shield and a golden Magical Key
that he was carrying can be taken.
This key can open the chest seen
before. Behind Alken there is a
gigantic door. If the protagonist
open it and go inside, they will
find themselves in the deeper part
of the castle.

JSON (Act 2)

"number": 2,

"location": "Ruined Castle",

"introductive_prompt": "The
protagonist exit from the

Ancient Forest, arriving in

the valley at its heart, and

now find themselves in front
of the wide open gates of the

Ruined Castle.",

"rooms": [
{

"id": 1,

"description": "The throne
hall, big and sumptuous,
once would have been
splendid, now is dusty and
ruined.",

"characters":
Warrior"],

"events": ["The Chest"],

"paths": ["Stairs to the
left, leading deep down in
the castle dungeon, the
path to move forward"],

"connections": [7]

["Miriam The

"id": 7,

"description": "A wide hall,
once beautiful and
sumptuous, now crumbling",

"characters": [],

"events": ["Alken the Mad
Knight"],

"paths": ["Ascending stairs,
leading to the throne
hall", "A gigantic door,
that seems to lead to the
deepest, oldest part of
the castle. The
protagonist objective
probably lies on the other
side of the door. the path
to move forward"],

"connections": [1, 1000]

Figure 24: (b) Act 2: natural language and JSON outline.
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Natural Language (Act 3)

If they were searching for the
Mystical Crown, they will
encounter the Fallen King, an
ancient immortal King who has
now fallen into sorrow and
despair. He is found in a
collapsed room which
overlooks a ravine. At the
center of the room there is a
grave, surrounded by flowers.
He is sitting on the verge of
a ravine, in a collapsed
room, staring at the void. He
has the crown, and can be
convinced to give it up by
talking, fighting or
spellcasting. He will be
unbothered by the attacks or
the spells of the
protagonist, but he will
admire their determination.
After giving up the crown, he
will sit again at the verge
of the ravine, and will be
unresponsive.

If the protagonist is looking
for the Treasure of the
Fallen King, they will face
the fearsome Dragon of Ruin,
which guards the treasure.
The treasure is inside a
Ravine which is full of
riches. When the protagonist
enters the ravine, the mighty
Dragon will land in front of
him. Here the dragon can be
faced with magic or fighting
skills, but also with some
clever tricks, elaborated
traps or some talking. After
the first interaction, the
dragon will throw flame at
the protagonist, which can be
resisted, dodged or defended
against with magic. Finally,
the dragon must be defeated
either physically or with
magic. If defeated the dragon
will retreat, leaving the
treasure to be taken.

If the protagonist wants to
defeat the Shadowmancer , they
will face the powerful
wizard, which will summon
shadow monsters to fight
them. After defeating the
army, the protagonist faces
the Shadowmancer himself. It
can be defeated using magic
or by fighting him, but also
clever tricks or elaborated
traps.

JSON (Acts 3)

"number": 3,
"location":
"introductive_prompt":

"Ruined Castle depths",

"The protagonist has
faced many perils, and is now arrived to
the deepest part of the Ruined Castle.
After wondering within the desolated halls
of the inner castle, the protagonist spot
a large old door, half opened. The
protagonist can’t see inside the room, but
they have the strong feeling that their
objective lies behind that door.",

"rooms": [

"id": 1,

"description": "A big, once luxurious
room. It looks like a memorial room.
At the center of the room there is
what appear to be grave, with no name
on it, just adorned with beautiful
flower. The opposite side of the room
is torn, and it overlooks an enormous

chasm.",
"characters": [],
"events": ["the fallen King"],
"paths": ["The way to go back, leave this

place and end the adventure."],
"connections": [1000]

"id": 2,

"description": "A gigantic chasm,
completely filled with treasures of
all kind. There are golden coins,
shimmering gems, incredible artefacts.
A1l there accumulated and dusty, the
treasure still shines under the sun
rays, coming from the collapsed roof
of what once was the treasure hall of
the Ruined Castle",

"characters": [],

"events": ["Dragon of Ruins"],

"paths": ["The way to go back, leave this
place and end the adventure."],

"connections": [1000]

"id": 3,

"description": "A wide rooftop of the
tallest tower of the castle, where the
whole valley around can be seen.",

"characters": [],

"events": ["Shadowmancer’s Army"],

"paths": ["The way to go back, leave this
place and end the adventure."],

"connections": [1000]

Figure 25: (¢) Act 3: natural language and JSON outline.
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Act 2 is composed of two locations: the throne hall, featuring the character Miriam the Warrior and a Chest
containing some treasure, and a crumbling great hall, where Alken is found, a big knight in black armor who
will attack the protagonist. One noticeable peculiarity is that Alken is not listed among the "characters"
but among the "events". This is because Alken, although a character in the story, plays the role of an ob-
stacle that the protagonist must overcome, not the role of a Companion who can help the protagonist in their
journey. Another important detail to highlight is that the key that can be taken from Alken after he has
been defeated can be used to open the chest in the previous location. This might seem not to be conveyed
by the formatted outline. However, as already said, this information is stored elsewhere in the formatted outline.

Figure 25 shows the third act. In this case, the story outline (and the corresponding room) is chosen ac-
cording to the goal selected by the user. For the non-architecture case, this selection is performed by the LLM,
while in the case of the architecture, it is the architecture (or, more specifically, the application) that performs
this selection. The third act is unique in that it branches into three distinct paths depending on the user’s goal.
This branching structure is represented in the JSON by three separate rooms, each with its own events and
connections. This design choice allows the architecture to handle multiple narrative outcomes while maintaining
a consistent underlying structure.

Natural Language (Ending) JSON (Ending)
At the end the protagonist achieve .
their goal. {
"number": 4,
"location": "The Way Home",
"introductive_prompt": "The

Protagonist has achieved their

goal and ended their

adventure. He leave the Ruined

Castle, to return home.",
"rooms": []

Figure 26: (d) Ending: natural language and JSON outline.
Figure 26 shows the ending. This is simply the conclusion of the story, formatted as a fictional act.

C.2. Additional elements

In addition to the act and room structure, the formatted outline includes several supporting elements that are
essential for the application’s functionality. These include Items, Events, and Companions, which are defined
as separate JSON objects within the same file. The following tables present these elements in a more readable
format.

Other than the acts and rooms previously presented, the formatted story outline contains additional informa-
tion, which consists in both narrative and parametric elements for the functioning of the application. These
data are saved as JSON objects, in the same file as the previously shown JSON acts. However, they will be
represented in tabular form for simplicity.

The list of Items contained in the formatted outline is available in Table 43.

The first eight Items (until silk_gloves) are the "default" ones, belonging to the starting Equipment of the
four Archetypes (See Section 3). The rest are Items obtainable in the adventure, and the reader might draw a
correspondence with the objects mentioned in the natural language story outline.

The reader can compare the information in the table with the fields of the class Item in Section 3.2.
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Table 43: List of equipment items defined in the story

Name Description Compatibilities Characteristic Bonus

sword A simple straight sword, useful in right hand, left hand strength 1
combat.

shield A simple round shield, good for self right hand, left hand resistance 1
defense.

leather boots Robust leather boots, perfect for armor agility 1
exploration in the wild.

rope An old but still functioning rope, right hand, left hand, accessory instinct 1
can be used in multiple creative
ways.

book of knowledge A book containing ancient knowl- right hand, left hand, accessory knowledge 1
edge, which most consider to be
lost.

necklace of influence  An enchanted talisman, which accessory charisma 1
makes the wearer appear more
charming.

violin A well made violin, produces a clear right hand, left hand charisma 1
and sweet sound.

silk gloves Silky, delicate gloves, helps improv-  armor, accessory agility 1
ing the manual skills of the wearer.

axe A simple lumberjack axe, can be right hand, left hand strength 2
used in close combat.

sword of ruin A fine crafted sword, with runes en- right hand, left hand strength 3

crypted on its blade. It seems sur-
rounded by a blue shimmering.

spell _scroll A scroll containing formulas for an-  right hand, left hand, accessory knowledge 3
cient spells.
magical key A golden key, of excellent elegance. accessory instinct 3

It emanates a mysterious magical
aura. Probably opens something in

the castle.

black iron greatshield A black, massive iron shield. It’s right hand, left hand resistance 3
extremely heavy, but offers absolute
defense.

Tables 44 and 45 show the data about the Events. Again, these can be compared with the fields of the class
Event discussed in Section 3.2. Some of these Events lead to other Events when overcome. This is reflected, in
the natural language story outline, by the description of the events and how they play out. In the hypothesis of
an automatic generation of the formatted outline, the model should be instructed to recognize longer and more
complex interactions, and hence split these events into sub-events.

While the metadata table provides an overview of each event’s role and structure, the difficulty table details
the specific ability checks required to overcome them, along with the corresponding rewards.

An additional note can be made on the difficulties of the event The Chest, where tinkering gets a bonus
from the magical_key Item, following the mechanism discussed in Section 3.2, in the Formatted Action class.
This reflects the indication of the natural language story outline that the key obtained by defeating Alken can
help in opening the chest mentioned before. This example illustrates a key feature of the architecture: the
ability to represent dependencies between events that span multiple rooms. In the natural language outline,
this connection is described narratively; in the formatted outline, it is encoded through the bonus_object field.
This allows the application to automatically track and apply such dependencies during gameplay.

88



Table 44: Events defined in the story -

Metadata

Name

Description

Following Event

Block Path

Axe

The Chest

Alken the Mad Knight

Alken The Mad Knight

Alken defeated

the fallen King

the Fallen King

The Fallen King

Dragon of Ruins

The Flame

The Dragon of Ruins
The Treasure of the Fallen
King

Shadowmancer’s Army

The Shadowmancer

An axe stuck in a tree. It seems to be stuck
very deeply, but with enough strength or
with some kind of strategy could be pulled
out.

A luxurious, elegant chest. It has a shin-
ing gold lock, which emanates a somewhat
magical golden aura.

An incredible tall and mighty knight, wear-
ing a heavy black armor. He wields an im-
mense shield and a gigantic sword. He im-
mediately attacks the protagonist at sight.
There is no escape from him.

The enormous knight is still fighting. How-
ever, it seems that he is wavering. It can
be defeated.

Alken has been knocked unconscious by
the protagonist’s action. He lies on the
ground, unresponsive

An old man is sitting by the verge of the
chasm. He is staring at the abyss below,
with a gloomy expression. He wears a re-
fined armor, now old and rusty. And on
his head stands the Mystical Crown.

The Protagonist’s action seems to have
caught the attention of the King. He now
stands up, in all his might, in front of the
Protagonist. The King challenges the Pro-
tagonist to convince him, one way or the
other, to give up the Crown.

The King has again started to stare into
the abyss beneath him, seated on the torn
side of the room. He is now unresponsive
to any action of the Protagonist.

While the Protagonist and their compan-
ion are staring at the majestic treasure, a
terrifying roar shakes the earth. A colossal
flying dragon lands on top of the treasure,
and lays its dreadful gaze upon the Pro-
tagonist and their party, waiting for their
move.

The Dragon breathes in, and then releases
a terrible burst of flame from its mouth
onto the Protagonist. The Protagonist sees
the flame, and will have to act.

Once again the dragon advances, staring
directly in the Protagonist’s eyes, waiting
for their next move

The treasure rests now unguarded, waiting
for the Protagonist and their companions
to take it.

Curved on a black, large cauldron, the
Shadowmancer is chanting obscure words,
in order to cast his ultimate spell, that will
plunge the world in darkness. When he
notices the Protagonist and their compan-
ion, he is irritated, and summons an army
of shadow monsters to fight the intruders,
while he continues his ritual. The army
blocks the Protagonist from reaching the
Shadowmancer.

The Shadowmancer appears irritated by
the defeat of his army, and now attacks the
Protagonist and their group directly, using
his powerful Shadow Spells.

Alken The Mad Knight

Alken defeated

the Fallen King

The Fallen King

The Flame

The Dragon of Ruins

The Treasure of the Fallen
King

The Shadowmancer

True

True

True

True

True

True

True

True

True
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Table 45: Events defined in the story - Difficulty checks

Event Name Ability DC Prizes

Axe athletics 5 axe

Axe spellcasting 6 axe

Axe fighting 7 axe

Axe tinkering 7 axe

Axe observing 3 the character confirms that, in fact, it is just an axe stuck in a tree

The Chest athletics 12 spell scroll, sword of ruin

The Chest tinkering 7 spell scroll, sword _of ruin (bonus: magical key)

The Chest fighting 12 spell scroll, sword of ruin

The Chest spellcasting 8 spell _scroll, sword_ of _ruin

Alken the Mad Knight  talking 9 Alken seems to have listened to the protagonist for a moment, but then he
attacks again, like a fury

Alken the Mad Knight  fighting 7 Alken seems to have accused the protagonist’s attack but then he raises

again and attacks, like a fury
Alken the Mad Knight  spellcasting 7 Alken seems to have accused the protagonist’s spell but then he raises again
and attacks, like a fury

Alken the Mad Knight  thinking 7 The protagonist outsmarts Alken, causing him damage and confusion, but
then he raises again and attacks, like a fury

Alken the Mad Knight  tinkering 7 The protagonist’s action has effect on Alken but then he raises again and
attacks, like a fury

Alken The Mad Knight fighting 5 black iron greatshield, magical key

Alken The Mad Knight spellcasting 5 black iron greatshield, magical key

the fallen King talking 6 The King seems little interested in the Protagonist’s word. However, he
turns his gaze upon the protagonist. His expression betrays sorrow.

the fallen King fighting 8 The King is not even scratched by the Protagonist’s attack. However, it
seems that the Protagonist’s determination has gotten his interest.

the fallen King spellcasting 8 The King is not even scratched by the Protagonist’s spells. However, it
seems that the Protagonist’s determination has gotten his interest.

the Fallen King talking 4 The Protagonist’s words resonate with the King. He smiles for the first
time in many years. He takes the Crown and hands it to the Protagonist...

the Fallen King fighting 8 The insistence of the attacks of the Protagonist allows them to manage to
scratch the King a bit...

the Fallen King spellcasting 8 The King is not even scratched by the Protagonist’s spells. However, it
seems that the Protagonist’s determination has gotten his interest.

Dragon of Ruins talking 9 The Protagonist’s words seem to have a certain effect on the dragon. How-
ever, his gaze does not seem less threatening.

Dragon of Ruins fighting 7 The Protagonist manages to damage the dragon with their fighting skill.
The creature retreats briefly away from the Protagonist’s attacks...

Dragon of Ruins spellcasting 8 The Protagonist’s spell seems to affect the dragon. However, when the

creature rises its head, its eyes are burning with fury.

Dragon of Ruins thinking 7 The protagonist outsmarts the Dragon, causing him damage and confusion.

Dragon of Ruins tinkering 7 The protagonist’s action has effect on the Dragon, causing damage.

The Flame athletics 5 The Protagonist eludes the flame completely, and remains undamaged

The Flame surviving 5 The Protagonist resists the flame completely, and remains undamaged

The Flame spellcasting 5 The Protagonist uses a spell to defend against the flame, and remains
undamaged.

The Dragon of Ruins talking 12 The Protagonist’s words seem to have affected the Dragon. The creature
seems almost to bow in front of the Protagonist...

The Dragon of Ruins fighting 6 The Protagonist’s fighting skill overwhelms the Dragon, which retreats
wounded...

The Dragon of Ruins spellcasting 7 The Protagonist’s powerful spell overwhelms the Dragon, which succumbs

to its effect...

Shadowmancer’s Army  fighting 6 The Protagonist defeats the shadow monsters

Shadowmancer’s Army  spellcasting 6 The Protagonist defeats the shadow monsters

The Shadowmancer fighting 7 The Shadowmancer is defeated, his shadowy form begins to crumble...
The Shadowmancer spellcasting 7 The Shadowmancer is defeated, his shadowy form begins to crumble...
The Shadowmancer thinking 8 The protagonist outsmarts the Shadowmancer...

The Shadowmancer tinkering 8 The protagonist’s action has effect on the Shadowmancer...
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Finally, the Companions and their characteristics are shown in Table 46. Similarly to before, it is possible
to draw a correspondence with the natural language story outline and with the fields of the Companion class
described in Section 3.2.

Table 46: Companions defined in the story

Name Description Ability Description Stats Bonuses

Golgi The Goblin A small, green goblin with a  Golgi is a professional thief, fighting: 1, athletics:
tuft of red hair on the top with high stealth and sleight 1, tinkering: 2
of his head and purple eyes. of hand ability. He is also able
He carries explorer gears, and in combat with his old, dusty
wears a worn-out leather ar- bow.
mor.

Irina The Scholar A shy girl, with dark skin, Irina is a formidable scholar, thinking: 2, spellcast-
black curly hair and black very  knowledgeable and ing: 2
eyes. She wears a pair of big smart, but is also a skilled
round glasses, a wizard hat mage with great spellcasting
and scholars robes. skills.

Miriam The Warrior An extrovert, enthusiastic ~Miriam is extremely skilled in ~ fighting: 2, athletics: 2
girl, with orange hair ar- combat, and is very strong
ranged in two braids, brown and athletic.
eyes and freckles on her
cheeks. She wears a heavy
plate armor with a red cloak
and carries a two handed hal-
berd.

C.3. General considerations

By analyzing the two story outlines displayed before, the reader can appreciate how the largest amount of ad-
ditional information added by human effort in the translation of the natural language outline to the formatted
outline are not narrative information, rather parametric information (abilities, DCs, bonuses). This is probably
the main challenge of the automatic generation of the formatted story outline, and the reason behind the con-
sideration, expressed in Sections 3.4.2 and 7.1, that such an operation would require careful prompt engineering
and more powerful or fine-tuned models. However, if the reader has any familiarity with LLMs, it would appear
that this task is anything but impossible for modern language models.

Regarding the outline itself, as already expressed in Section 4.1, this outline produces stories too short to
correctly evaluate the potential of the architecture. The issue is not only the limited number of rooms (only
four in the whole story), but the linearity of the outline. The architecture and the application are projected
to handle different paths inside the same narrative act, which might lead to different, interconnected locations
(Rooms). Each Room might contain unique interactions, that can in turn change the course of other events
by granting useful Items or Companions. This mechanism encourages and rewards exploration and curiosity
by the user, other than increasing their freedom of action. In these scenarios, the architecture will structurally
maintain and update the state of the adventure, making sure that it is consistent with respect to event location
and room connections (net of errors of the underlying models, which might confuse or hallucinate elements),
while the purely LLM solution will easily lose track of these complexities.

The limited branching and the small number of rooms (only four in total) constrained the scope of our evaluation.
A more complex outline—with multiple interconnected rooms, conditional events, and meaningful dependen-
cies—would have better demonstrated the architecture’s ability to manage state and maintain coherence. In the
analyzed story outline, only one element employs, more or less, this mechanism: the magical_key obtained from
Alken, which can help opening the Chest in the previous room. Nonetheless, even within these constraints, the
architecture’s handling of this dependency (spanning two rooms and two events) offers a glimpse of its potential
in more complex scenarios.
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Abstract in lingua italiana

Questa tesi presenta la progettazione, I'implementazione e la valutazione di un’architettura di scaffolding per
la narrazione interattiva e immersiva, basata su Large Language Models (LLM) di piccole dimensioni (meno di
10 miliardi di parametri). L’architettura proposta supporta il processo di generazione attraverso componenti
modulari per lestrazione di informazioni, la generazione aumentata da recupero (RAG) e la gestione del contesto,
con l'obiettivo di ridurre il carico computazionale e migliorare la coerenza a lungo termine in ambienti con risorse
limitate.

L’architettura é stata implementata come sistema modulare basato sul modello Llama-3.1-8B-Instruct e testata
rispetto ad un sistema puramente LLM in uno scenario di narrazione fantasy interattiva. E stato condotto
uno studio utente su piccola scala, comprendente sette test con cinque utenti. Sono state effettuate analisi sia
quantitative che qualitative, combinando questionari agli utenti (UEQ, SUS e valutazione personalizzata della
storia) con metriche testuali automatiche relative a diversita lessicale, aderenza alla trama, aderenza all’input
utente e coerenza semantica.

I risultati indicano che I'architettura di scaffolding non degrada significativamente la qualita percepita o ogget-
tiva delle storie generate, offrendo al contempo notevoli vantaggi in termini di efficienza computazionale. In
particolare, l'architettura mantiene sia i tempi di elaborazione che la lunghezza del contesto approssimativa-
mente costanti al progredire della storia, mentre il sistema di riferimento mostra una crescita lineare in entrambe
le dimensioni. Inoltre, vi sono evidenze che il sistema puramente LLM possa iniziare a degradarsi dopo circa 20
scene generate. Questi risultati supportano la conclusione che I'architettura proposta rappresenta una soluzione
praticabile per la narrazione interattiva con piccoli LLM in contesti con risorse limitate, offrendo un bilancia-
mento favorevole tra qualita della storia e costo computazionale.

Acknowledgements

I would like to thank Prof. Franca Garzotto for the opportunity to work on this project, and also my co-
advisors Giulia Valcamonica, Francesco Piferi, and Francesco Vona for their insights and support throughout
this experience.

I want to express my sincere gratitude to the individuals who participated in the testing process. Their contri-
butions offered important insights into my work and significantly enriched the value of this thesis.

I want to thank my parents, my sister, and all my family, who have never failed to encourage me and spur me
on towards this goal.

Special thanks go to Silvia. You were my anchor and my north star, and you never missed an opportunity to
cheer for me and make me feel better.

I also want to thank all my friends, far and near alike. In particular, those who introduced me to and helped
me develop my passion for interactive storytelling and role-playing—the spark that made this work possible.
And to myself I say: thank you for how much you’ve grown. Do not even try to give up.

92



	Introduction
	Related Works
	Traditional storytelling structures
	Role-playing games
	Dungeons & Dragons as an Interactive Storytelling Paradigm

	Interactive storytelling in video games
	Visual Novels

	Storytelling with LLMs
	Commercial Products: AI Dungeon and AI Roguelite

	Key Takeaways and Future Perspectives

	Implementation
	Architecture components
	Retrieval System
	Information extractor
	Narration Generator
	Hyperparameters choice

	Application back-end
	Functionalities
	Application design

	Application front-end
	UI/UX design

	Additional Notes on the application and the architecture
	Relation between application and architecture
	The author perspective


	Testing of the solution
	Limitations of the testing
	Architecture bypass
	Evaluation questionnaire
	Conducted tests overview
	Test A
	Test B
	Tests C1 and C2
	Tests D1 and D2
	Test E
	Wrap up and general comments on the tests


	Quantitative Results of the Testing
	Quantitative analysis of the user testing results
	Quantitative analysis of the produced texts
	Diversity
	Adherence to story outline
	Adherence to user input
	Coherence

	Evaluation of the efficiency of the architecture
	Waiting and generation time
	Context tokens


	Conclusions
	Limitations and Future Works
	The author perspective
	Limitations on the testing
	Limitations on the data analysis
	Parameter and hyperparameter tuning
	Model fine-tuning
	Used models

	Bibliography and citations
	User Questionnaire
	User information
	UEQ
	SUS
	SE

	Prompts
	Scene Generation
	Action extraction
	Path taking
	Companion joining detection
	Scene summarization
	Generation without architecture

	Story Outline
	Outline correspondence
	Additional elements
	General considerations


