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ABSTRACT
Socially Intelligent Agents (SIAs) have become increasingly pop-
ular in various contexts, including education and entertainment.
However, creating complex social scenarios tailored to a designer’s
specific goals remains a significant challenge. The authoring bur-
den can be substantial, limiting the potential of SIAs to deliver
rich, engaging experiences. In this work, we propose leveraging
the extensive knowledge stored within Large Language Models
and use theory-driven prompting to extract social practices and
identify appropriate social affordances for a scenario description.
Our prompting approach aims to guide the system into consid-
ering the essential components (beliefs and desires) necessary to
produce intentions, actions, and emotions1. Results show that our
approach produces large amounts of accurate and new informa-
tion that can add value to the scenario. However, the process can
introduce inaccuracies without human supervision.
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1 INTRODUCTION
Socially Intelligent Agents (SIAs) boast increasing application scopes
from conversational interfaces on websites to tutors or teammates
in educational environments [10, 38], where they are equipped with
tools to conduct human-like interactions. Amongst themost promis-
ing applications of SIAs are serious games and social skills training
environments. In these virtual environments, SIAs behaviours can
range from reactive wandering in the background of a scenario to
complex social interactions that provide social support or assist the
player in some skill training [17, 39]. These autonomous agents
sense the environment and act intelligently and independently
from the user, allowing them to train and adapt specific verbal and
nonverbal behaviours in socially challenging situations [3].

Creating compelling SIAs capable of interacting with human
users is a multi-faceted task. It requires the agents have interac-
tive capabilities (e.g., signalling and receiving information clearly)
and models to support the cognitive process underlying decision-
making. These models are responsible for action selection, com-
plementary emotional and non-verbal behaviour, language and
learning. A key challenge in the design of these applications is to
manually define the social behavior of the agents, which requires
extensive content creation. Traditionally, social agent modelling
frameworks facilitate simulation of agents’ cognitive and affective
processes [13, 18, 29, 41], enabling intelligent and emotional be-
haviour in countless situations. Nonetheless, it is up to the author
of a scenario – typically instructors, therapists, or researchers – to
manually describe how individual traits, goals, beliefs and actions
interact, create dialogue trees and guarantee character adaptability
and consistency as events unfold. This laborious rule creation task,
while manageable in narrow domains of application, can quickly
become an overbearing task when creating more complex scenarios
(e.g., a serious game or social skills training content). This author-
ing burden can create a bottleneck in the design of a human-agent
interaction experience and diminishes the widespread adoption
of these socio-emotional architectures to create SIAs, which have
proven effective in several domains [21].

To address this issue, we propose harnessing the power of Large
Language Models (LLMs) to generate social behavior, grounded
in the understanding that LLMs encapsulate information about
both physical and social processes [36]. Although LLMs may not
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be capable of fully replicating SIA behavior during prolonged in-
teractions, we can tap into the knowledge they store. We propose
utilizing Chain-of-Thought prompt engineering techniques [50],
known to improve LLMs’ reasoning capabilities in complex tasks
like arithmetic and commonsense reasoning [12]. Furthermore, we
incorporate the Belief-Desire-Intention (BDI) [5] agent architecture
and Ortony-Clore-Collins (OCC) model of emotions [35] into our
methodology, grounding prompts in well-established AI and emo-
tion theories. By merging theory-driven prompt engineering with
LLMs’ generative potential, we aim to develop social agent scenarios
that are consistent with fundamental principles of agent behavior
and emotion. We argue this prompting method has potential to
substantially enhance the quality and authenticity of generated
social agent scenarios while maintaining adherence to established
principles in artificial intelligence and affective computing.

In this study, we merge the generative prowess of an LLM with
the FAtiMA Toolkit [31], a framework tailored for developing social
and emotional agents. We ground Prompt Engineering techniques
in theory to extract all essential information (e.g., agent beliefs,
desires, intentions, and emotional states) necessary for executing a
brief social scenario within the FAtiMA Toolkit. The LLM’s final
output is a social scenario, symbolically represented in FAtiMA’s
formalism. We conducted an evaluation to understand how rich
scenarios could be created from a small scenario description and
whether the generated elements were coherent and correctly de-
scribed an interactive social situations. Results show that the LLM
grounded on theoretical concepts produces large amounts of ac-
curate and new information that can add value to the scenario, by
adding more characters and actions that make the scenario evolve
in other directions. However, this process can also introduce inaccu-
racies to the generated output, rendering some actions unattainable.
Consequently, we suggest that incorporating a human-in-the-loop
approach into this type of generative process could significantly
enhance the results and decrease the occurrence of inaccuracies.

2 RELATEDWORK
The design rational behind SIAs represents decades of work across
different fields such as Social Sciences, Cognitive Science and Hu-
man Computer Interaction [43]. Theory-driven architectures are
based on the premise that for creating realistic models for Intelligent
Agents, we should look at how humans behave and try to better
understand the reason behind our decisions. This line of thinking
resulted in the rise of cognitive architectures [13, 15, 22, 28] that
intend to capture, at the computational level, intelligent behavior
using the underlying mechanisms of human cognition. Yet, the
theoretical basis required for authoring, makes the authoring pro-
cess of agent modelling tools, particularly to users outside of the
field, a strenuous task. For that reason, researchers have started to
explore automated forms for creating SIAs and more recently lever-
aging LLMs for that task, on the premise that LLMs encapsulate
knowledge on how humans behave.

2.1 Automated Scenario Authoring
Previous research has addressed the development of Agent Author-
ing Assistants with the aim of reducing the adoption barrier. Some
of these works follow a rule-based approach where SIA behavior

is described using natural language, which is then processed by a
rule-parsing approach [14, 20, 25, 40, 49]. The main limitation of
assistants of this type is they can only successfully parse simple
descriptions. With the promising results of LLMs in NLP-related
tasks, data-driven assistants that use LLMs internally have also been
created. An example is CHARET, character role-labelling approach
to emotion tracking that accounts for the semantics of emotions
[7]. They use COMMET [4] to track the emotions of the characters
in the stories, conditioned by the narrative events. Although this
system does not consider other aspects of social behavior besides
emotion, it showed the potential of LLMs in extracting SIA-related
information from narratives. This underlines the need to develop
data-drivem methods to gather social knowledge2 and the knowl-
edge encapsulated in LLMs could augment SIA frameworks.

2.2 LLMs for Agent Behavior Simulation
The demonstrated potential of LLMs has created new opportunities
for the development of intelligent agents. In a recent study, Tsai
et al. investigated the capabilities of LLMs, such as ChatGPT and
GPT-4 [34], in playing text-based adventure games [48]. The study
shows ChatGPT competitive performance in comparison to exist-
ing systems. AI Dungeon is a further demonstration of GPT-3’s [6]
capabilities3 in a text-based adventure game. In this game, play-
ers provide GPT-3 with natural language sentences that describe
the game world and their desired actions. Using this input, GPT-3
generates a simulation of the game’s events, characters, and actions.

Park et al. used LLMs to create populated prototypes for social
computing systems, including multiplayer games [37]. By gener-
ating simulated users that engage in realistic conversations and
interactions, designers can better understand user behavior and
refine their systems during the design phase. This approach is
promising and is expected to have a significant impact, particularly
in simulating the behavior of social agents in games.

LLMs have also been used to generate agent behavior based on
goals and generate plans. Huang et al. investigated planning and
reasoning tasks in embodied agents using large language models.
By conditioning the models on an agent’s current state, goal, and
constraints, the researchers were able to generate text sequences
that depict actions or steps for the agent to take. Essentially, they
created an "inner monologue" that influences the agent’s behavior.
The agents also had the ability to break down an action into smaller
actions [19]. Another example AgentGPT4, a small project that
allows the user to delegate a task to an agent. GPT-3 then plans
and decomposes its actions in natural language. More recently,
Park et al. used LLMs to populate a Sims-like interactive sandbox
environment where end-users could interact with social agents that
lived in that environment through natural language. Results show
the agents were able to produce believable individual and emergent
social behaviors, without the need to define the whole interaction

2For a historical perspective, somewhat recently, social interaction started to be treated
as both a linguistic and reasoning problem transforming the task into an end-to-end
learning problem. Data-driven approaches (e.g., crowd-workers) have been pursued to
reduce the need of large amounts manually created content for authoring social inter-
actions [9]. The rise of the transformer’s technology changed the research direction.
3https://aidungeon.io/
4https://agentgpt.reworkd.ai/
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scenario beforehand. These works showed the potential of LLMs in
providing context-aware and goal-driven plans for agents.

In a nutshell, LLMs show potential in simulating socially intelli-
gent agent behavior. Yet, previous works focus on and end-to-end
approach, which may cause the same pitfalls as other data-heavy
systems [1]. We argue that to create SIAs one needs high control
over content creation and target specific learning needs. Our ar-
gument is that one way to condition the output of an LLM is to
explicitly encode knowledge within a knowledge framework or
meta-model. This allows authors to have access to a process that it
is transparent, interpretable, controlable and auditable [16].

2.3 Prompt Engineering
Prompt engineering (PE) has emerged as a new research field that
focus on the development and usage of LLMs to tackle the chal-
lenge of extracting relevant, accurate, and concise responses from
these models [26, 44, 53, 56]. For instance Shao et al. demonstrated
that carefully crafted prompts significantly improve the model’s
adherence to desired output structures [45].

One key aspect of prompt engineering is finding an optimal
balance between the specificity and generality of a prompt. Brown
et al. found that longer prompts with more context and examples
(i.e., few-shot learning) led to more accurate and relevant responses
from GPT-3 in tasks such as question answering, summarization,
and translation [6]. However, the choice of prompt format, order-
ing and examples can drastically impact LLMs performance [55].
Additionally, employing few-shot learning utilizes a larger portion
of an LLM’s input size, potentially restricting our ability to handle
tasks that demand more extensive prompts or longer outputs.

Techniques for automating PE have also been explored. Shin
et al. proposed the use of reinforcement learning to automatically
generate optimal prompts that maximize model performance [46].
This approach enables more efficient exploration of the vast prompt
space while reducing human intervention in the process. However,
these approaches of automatic prompt generation [23, 24, 27] re-
quire the existence of a dataset containing examples (e.g., of desired
output), a condition not met in our case, as examples of social
scenarios in FAtiMA Toolkit’s are not readidly available.

The Chain-of-Thought (CoT) prompting method has emerged as
a technique that greatly improves the reasoning capabilities of LLMs.
Rather than generating the answer outright, this method employs
prompts that guide the models through intermediate reasoning
steps [50]. This method has proven effective across various tasks,
such as arithmetic, commonsense and symbolic reasoning, allowing
LLMs to producemore accurate and contextually relevant responses
[12]. CoT prompting has two forms: a simple prompt like "Let’s
think step by step" [50], and a series of manual demonstrations with
a question and reasoning chain leading to an answer [54]. Zhang
et al. demonstrates that the second paradigm, relying on hand-
crafted, task-specific demonstrations, yields superior performance
compared to the first type.

This method of accessing knowledge in a LLM is comparable to
the method of creating scenarios in different theory-driven social
agent architectures [16]. In agent-based experiences, the initial
step typically involves creating the agents, including their beliefs,
desires, and goals, which are tied to the scenario context. Along

these lines, our approach employs a form of CoT prompting, aiming
to bring out the emergent reasoning capabilities of LLMs.

3 CREATING SIAS’ SCENARIOS WITH LLMS
In this work, we explore the creation of SIAs by integrating LLMs
with theory-driven models in an attempt to provide a robust basis
for crafting effective prompts, ensuring that the generated out-
puts align with established principles in artificial intelligence and
affective computing. As highlighted above, there are numerous
approaches to developing social behavior in agents, but they typi-
cally draw on fundamental concepts from social science, including
beliefs, goals, actions, and emotions [30]. We specifically employ
theory-driven prompt engineering, leveraging the Belief-Desire-
Intention (BDI) architecture for agents [5, 11] and the Ortony, Clore,
and Collins (OCC) model of emotions for emotionally appraising
events [35]. Our aim is to obtain a coherent symbolic representation
compatible with the FAtiMA Toolkit.

3.1 Method
The process starts with a user providing a short (and possibly vague)
description of a social scenario, ranging from one to five sentences.
This input serves as a seed for generating the emotional social sce-
nario. The system then follows a few-shot learning approach using
the second paradigm for CoT (see Section 2.3). First, we describe to
ChatGPT the taskwith a long prompt [6]. Thenmanually create a se-
quence of prompts (identify agents, beliefs, goals, actions, emotions,
and possible dialogues) that follow the tutorial for FAtiMA-toolkit5.
Because language models often struggle with long-term memory
[51], we divide the task of scenario generation into simpler and
smaller tasks, where each task is associated with a prompt. The
prompts and process for generating, extracting, and translating
the SIA scenario information with ChatGPT are explained in more
detail below6. For implementation, we accessed GPT-3.5 with the
OpenAI’s API to have more flexibility with how we interacted with
the models (as opposed to using the browser interface7).

3.2 Extracting BDI Components
Task explanation: First, we convey the task to the language model
by explaining that we want it to generate a game scenario with
SIA agents who act based on their emotions. Then, we introduce
the BDI architecture and its main components, beliefs, desires, and
intentions, in relation to intelligent agents.

In early trials, we used longer, more in-depth explanations of
the BDI architecture hoping for better-grounded responses from
the model. However, due to the model’s limited input capacity, we
had to shorten the prompts. Fortunately, the GPT-3.5 model was
trained on data that included information on the BDI architecture.
We confirmed this by asking the model about the architecture, and
it provided a correct response, suggesting that the knowledge is
encoded within its weights. By incorporating BDI architecture and
its key components into our prompts, we aim to direct the model
towards generating responses that align with BDI agent design.

5https://fatima-toolkit.eu/
6The script and prompts used for this project are available in
https://github.com/ana3A/SocialScenarioGPT.git
7https://chat.openai.com/
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Figure 1: The pipeline for generating agent’s beliefs, desires, intentions, plans of actions, action’s conditions and affects and the
emotions based on the OCC model of emotion with GPT-3.5. Each arrow represents a different prompt.

Moreover, we use BDI terminology consistently in our prompts to
keep the model’s focus on the theory.

After defining the task, we provide a scenario description (e.g.,
“Tina baked a cake for her boyfriend because he likes cakes.”) and
begin the process of generating the social scenario information. See
Figure 1 for an overview of all the steps in our CoT.

Agent Generation: To obtain the list of agents that will appear
in the social scenario, we instruct the model to generate a list of
all the agents’ names based on the scenario description. This list
is conditioned on the task explanation and the scenario descrip-
tion.The task and scenario descriptions are consistently added to
the input’s start to condition all further generation steps.

Knowledge Generation: Next, we extract the beliefs and desires
of each agent, which are then used condition the generation of
intentions at a later point. We generate beliefs and desires for each
agent using one prompt8. For each agent 𝑎, we instruct the model to
list and translate the beliefs and desires of agent 𝑎 into a symbolic
representation compatible with the FAtiMA Toolkit. Beliefs and
desires are respectively as represented as

𝐵𝐸𝐿(𝐶ℎ𝑎𝑟𝑎𝑐𝑡𝑒𝑟𝑊 𝑖𝑡ℎ𝐵𝑒𝑙𝑖𝑒 𝑓 , 𝐴𝑟𝑔𝑢𝑚𝑒𝑛𝑡𝑠∗) = 𝑉𝑎𝑙𝑢𝑒,

𝐷𝐸𝑆 (𝐶ℎ𝑎𝑟𝑎𝑐𝑡𝑒𝑟𝑊 𝑖𝑡ℎ𝐺𝑜𝑎𝑙, 𝐴𝑟𝑔𝑢𝑚𝑒𝑛𝑡𝑠∗) = 𝑉𝑎𝑙𝑢𝑒.

The first argument for a belief/desire is the holder of that belief/de-
sire, followed by additional arguments for a more detailed repre-
sentation. Additionally, we direct the model to limit the arguments
to letters, numbers, and underscores. As beliefs and desires in FA-
tiMA serve as conditions, they must hold a value, either boolean
or numerical. We repeat this prompting procedure for every agent,
resulting in a populated knowledge base for each agent.

Intention Generation: Although not all beliefs or desires result in
intentions, all intentions must be influenced by beliefs or desires. As
such, intentions are generated subsequently. To generate intentions,

8FAtiMA Toolkit saves all beliefs and desires of agents in the Knowledge Base compo-
nent, as such we choose to refer to beliefs and desires as knowledge although beliefs
do not necessary express facts about the word and desires may be inconsistent with
each other.

we append the previously generated agent’s 𝑎 knowledge base to
the prompt and instruct the model to generate and translate the
intentions of agent 𝑎 that are motivated by its beliefs and intentions.
Intentions are represented as

𝐼𝑁𝑇𝐸𝑁𝑇 (𝐶ℎ𝑎𝑟𝑎𝑐𝑡𝑒𝑟𝑊 𝑖𝑡ℎ𝐼𝑛𝑡𝑒𝑛𝑡𝑖𝑜𝑛,𝐴𝑟𝑔𝑢𝑚𝑒𝑛𝑡𝑠∗) = 𝑉𝑎𝑙𝑢𝑒,

where the first argument is the agent with the intention, followed
by additional arguments for a more detailed representation.

Plan Generation: Once all intentions have been generated, we
proceed to generate action plans that enable the attainment of
those intentions. To do this, we append the knowledge base to
the prompt and then iterate over all agents intentions to generate
action plans. We instruct the model to generate an action plan for
each agent 𝑎 that has an intention 𝑖 . Action plans are represented
as a chronological sequence of actions. Actions are represented as

𝐴𝑐𝑡𝑖𝑜𝑛𝑁𝑎𝑚𝑒 (𝐴𝑔𝑒𝑛𝑡𝑂 𝑓 𝐴𝑐𝑡𝑖𝑜𝑛,𝑇𝑎𝑟𝑔𝑒𝑡𝑂 𝑓 𝐴𝑐𝑡𝑖𝑜𝑛,𝐴𝑟𝑔𝑢𝑚𝑒𝑛𝑡𝑠∗),

where 𝐴𝑐𝑡𝑖𝑜𝑛𝑁𝑎𝑚𝑒 is the action’s name, 𝐴𝑔𝑒𝑛𝑡𝑂 𝑓 𝐴𝑐𝑡𝑖𝑜𝑛 is the
performer, 𝑇𝑎𝑟𝑔𝑒𝑡𝑂 𝑓 𝐴𝑐𝑡𝑖𝑜𝑛 is the target, and more arguments can
be included if needed. At the end of this step, each agent has an
action plan associated with each one of its intentions. FAtiMA
Toolkit does not have a planning component, but this step helps
generating the conditions and effects of each action.

Generating Actions’ Conditions and Effects: Actions in FA-
tiMA Toolkit have conditions and effects. An agent can execute an
action only if the required conditions are met. After performing
an action, an agent’s beliefs and desires may alter, and new ones
may arise. This is crucial since it is the precise assignment of condi-
tions and effects that determines the availability or inaccessibility
of actions for agents. This is why we create plans before specifying
conditions and effects9.

To extract the conditions and effects, we ask the model to list the
beliefs and desires required for the action (i.e., the conditions) and
the changes or additions to the knowledge base (i.e., the effects)

9We verified that when plans were not generated, the system struggled to produce
coherent conditions and effects.
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needed for agent 𝑎 to perform action 𝑎𝑐 , conditioned on the action
plan the action is a part of.

3.3 Emotional Appraisal
Emotional appraisal is a core feature of FAtiMA toolkit and other
emotional agent architectures. Emotions in FAtiMA are based on
the OCC theory of emotions [35]. Two emotional labels are created:
one that represents the emotion an agent feels after performing
the action (OCC Emotion After) and another that represents the
emotion an agent should be feeling to perform the action (OCC
Emotion Before). The first label generated serves to attribute emo-
tional appraisal variables to actions, enabling them to emotionally
appraise events in FAtiMA. The second label can be added to the
action conditions in FAtiMA, making the action available to the
agent only if it has a specific emotional state.

Both labels are conditioned on the knowledge base, intentions,
and social scenario. We direct the model to create an emotional
label that denotes how an agent 𝑎 felt before and after executing
an action 𝑎𝑐 . To generate the emotional labels, we give the model
all possible emotional labels and instruct it to generate an label for
every action carried out by each agent, both before and after it’s
execution. The model may also choose not to produce an emotion.
If this is the case, the agent appraisal variables will not be generated,
or the conditions will not include a particular emotion, depending
on which label was not generated. To facilitate emotional appraisal
in FAtiMA, we convert all OCC emotions into suitable appraisal
variables. The appraisal variables10 used in the FAtiMA Toolkit are
Desirability, Desirability for others, Praiseworthiness, Goal Success
Probability, and Like. For each possible emotion of the OCC model,
FAtiMA has default values for these appraisal variables, which were
previously defined by an expert. We use these values to convert
OCC emotions into appraisal variables.

3.4 Dialogue Generation
FAtiMA Toolkit also allows the authoring of dialogue. Instead of
using dialogue trees, FAtiMA Toolkit views dialogue as a state
machine, where one state could be interpreted as a turn that leads
to another state (another turn). Each utterance is coded as a dialogue
action in the following manner
< 𝐶𝑢𝑟𝑟𝑒𝑛𝑡𝑆𝑡𝑎𝑡𝑒, 𝑁𝑒𝑥𝑡𝑆𝑡𝑎𝑡𝑒, 𝑀𝑒𝑎𝑛𝑖𝑛𝑔, 𝑆𝑡𝑦𝑙𝑒,𝑈 𝑡𝑡𝑒𝑟𝑎𝑛𝑐𝑒𝑇𝑒𝑥𝑡 >,

where 𝐶𝑢𝑟𝑟𝑒𝑛𝑡𝑆𝑡𝑎𝑡𝑒 is the current state of dialogue, 𝑁𝑒𝑥𝑡𝑆𝑡𝑎𝑡𝑒 is
the state the dialogue state machine will go to next,𝑀𝑒𝑎𝑛𝑖𝑛𝑔 and
𝑆𝑡𝑦𝑙𝑒 are auxiliary tags that authors can use to better organize the di-
alogue state machine (e.g., style could be rude), and𝑈𝑡𝑡𝑒𝑟𝑎𝑛𝑐𝑒𝑇𝑒𝑥𝑡

is the string representing the utterance an agent can say. To gener-
ate dialogue with the LLM, we describe how dialogues are coded
in FAtiMA Toolkit to the model and then ask it to generate the
Dialogue State Machine in the previous format.

The dialogue state machine is separate from the agents, as the
representation does not include who is the agent that can say the
utterance. Instead, agents can access dialogues defined in the dia-
logue state machine by performing speak actions. Speak actions
are special actions that follow the form:

𝑆𝑝𝑒𝑎𝑘 (𝐶𝑢𝑟𝑟𝑒𝑛𝑡𝑆𝑡𝑎𝑡𝑒, 𝑁𝑒𝑥𝑡𝑆𝑡𝑎𝑡𝑒, 𝑀𝑒𝑎𝑛𝑖𝑛𝑔, 𝑆𝑡𝑦𝑙𝑒) .
10For definitions, go to: https://fatima-toolkit.eu/5-emotional-appraisal/

Figure 2: The pipeline for generating dialogue statemachines
compatible with FAtiMA Toolkit and the Speak Actions for
each agent. Only agent with Speak Actions that refer the
states of the dialogue state machine can say the respective
utterances.

If an agent has a speak action whose arguments match one or more
dialogues from the dialogue state machine, those dialogues become
available for the agent. To create speak actions, we add the dialogue
state machine generated by the model to the input and iteratively
ask the model what speak actions an agent 𝑎 can do. To extract
speak actions conditions and effects and OCC emotions, we follow
the steps for extracting this information for normal actions.

4 EXPERIMENTAL SETUP
This study aimed to assess the benefits and drawbacks of implement-
ing LLMs within SIAs. We do not claim our evaluation methodology
as superior; it serves as an initial examination of the potential, ad-
vantages, and challenges associated with the nascent use of LLMs
in constructing SIAs.

We evaluated our promptingmethod through both automatic and
subjective evaluations. Human evaluation is essential to accurately
assess the model’s logic and capabilities. Automatic evaluations
provide insight into the content generation volume of our method.

4.1 Methods
To conduct the evaluations we used the RocStories dataset [32] as
the foundation for our short scenario descriptions. This dataset was
selected for two main reasons: 1) it encompasses a wide variety
of causal and temporal commonsense relations linked to everyday
events, and 2) it offers a high-quality assortment of narratives suit-
able for story generation. As such, this dataset servers as a basis to
evaluate the amount of commonsense and knowledge about human
behavior the LLM has encoded in its weights.

Automatic Evaluation. We used gpt-3.5-turbo model to create the
scenarios. Despite the model’s input size of 4096 tokens being sub-
optimal for generating comprehensive scenarios, it was the most
advanced option accessible via the API at the time. We generated 43
unique scenarios, with each taking an average of 32.82 minutes to



IVA ’23, September 19–22, 2023, Würzburg, Germany

Agents Beliefs Desires Intentions Action Plans Actions Conditions Effects Emotion Before Emotion After Total
Absolute 115 399 263 369 369 2756 5275 4383 2153 2106 20890
Average 2.67 9.28 6.12 8.59 8.59 64.09 122.63 101.93 50.07 48.98 485.81

Table 1: Absolute and mean counts of artifacts per scenario generated by GPT-3.5 using our prompts. A total of 43 scenarios
were generated.

complete. The model occasionally experienced overloads, necessi-
tating a restart of the generation process. To mitigate this issue, we
divided the code into steps and maintained a log to minimize time
loss. The actual scenario generation time would likely be reduced
if we the API was not overloaded so frequently.

Subjective Evaluation. We selected randomly from the sample 12
scenarios that were evaluated by 2 annotators, with a 16.7% overlap.
By applying the Spearman’s Rank Correlations (r(42) = .32, p = .042)
we find a fair agreement [8].

Although there are more aspects to consider, we choose the
following three metrics because we believe they are essential to
access the quality of a generated scenario: relevance ensures that
the generated content aligns with the scenario’s goals, branching
evaluates the choices available to the user, enhancing immersion
and replayability, and logical errors assess the LLM’s incoherences
which can hinder scenario execution.

We devised a questionnaire11 to assess the three metrics de-
scribed above. All questions were annotated with a 5-point Likert
scale, were 1 represented Strongly Disagree and 5 is Strongly Agree.

4.2 Results
Automatic Evaluation. The aim of this automated evaluation was
to measure the complexity of the generated content by the model.
To automatically analyze the generated content, we introduced the
concept of an artifact, encompassing beliefs, desires, conditions,
and all other scenario elements. The core BDI components and
emotional appraisal counts are presented in Table 1, while Table 2
displays the counts related to dialogue generation. In a recent study
Guimarães et al. asked 10 participants with previous experience
working with the FAtiMA-Toolkit to generate two scenarios based
on two distinct stories from RocStories. Results indicated partici-
pants generated an average of 1.5 artifacts per minute12. As shown
in Table 1, our model generates an average of 485.81 artifacts per
scenario, translating to approximately 15.28 artifacts per minute
given the average generation time for a scenario. This demonstrates
the model’s ability to produce more content in less time.

The dialogue state machines in the generated dialogues contain
an average of 5.30 utterances, which is relatively limited (see Table
2). This suggests that improvements to our dialogue generation
prompt are necessary. Additionally, the higher number of speak ac-
tions per scenario compared to dialogue lines indicates that multiple
agents may use the same dialogue line, which may be undesirable.

Finally, we evaluated the feasibility of the action plans generated
by the model for the agents. We identified the number of initial

11Multiple different questions were asked for each step in the prompting pipeline:
agents, beliefs, desires, intentions, plan generation, actions conditions and effects,
dialogue and emotions
12The study was conducted in the context of evaluating the latest version of the FAtiMA
Toolkit

actions that could be performed immediately, i.e., those with con-
ditions met by the agents’ existing beliefs and desires, without
requiring any changes. Emotions were not considered in this eval-
uation. In total, 955 actions were deemed immediately executable
without updating the agents’ knowledge bases. This highlights the
model’s ability to incorporate existing beliefs and desires into action
conditions. However, a closer examination of the action plans’ over-
all feasibility revealed that only 11 of the 369 generated intentions
could be fully achieved (i.e., the action plans could be executed to
completion). This discrepancy may stem from inaccuracies in the
model’s creation of conditions (e.g., adding extraneous conditions
not present in the knowledge base) or in its generation of effects
(e.g., the effects failing to properly update or introduce new beliefs
and/or desires in the agents’ knowledge base).

Subjective Evaluation. The automatic evaluation indicates the
prompting approach generates a substantial amount of content,
but there is no guarantee the content is relevant, coherent, or of
high quality. The subjective evaluation is intended to assess these
factors and provide answers accordingly. There are 3 salient topics
in the analysis of the annotations: relevance of the created artefacts,
ramification of the scenarios, and errors in the prompting sequence.

Regarding relevance, the model was able to correctly gener-
ate relevant agents (M=4.90, SD=0.316), beliefs/desires (M=3.60,
SD=0.1994), and was less successfully at generating relevant inten-
tions (M=3.00, SD=2.108). The model was clearly better at extracting
agents. The task of generating correct and relevant beliefs, desires,
and intentions requires the model to extract more implicit infor-
mation which is an extra reasoning step that makes the generation
harder. The model produced relevant actions (M=4.20, SD=0.632)
in line with the given scenario. Additionally, the model was able
to generate plausible emotions for each agent (M=3.50, SD=1.354).
The model’s ability to store human behavioural patterns and ac-
tion planning in its weights without example prompts is apparent.
Nevertheless, it struggled with generating conditions and effects
(M=2.90, SD=2.025), which require to access beliefs and actions pre-
viously generated and dialogues (M=3.00, SD=1.704) that that into
account goals and intentions. Lower performance on these steps is
expected and requires additional effort. Most dialogues were too
concise and broad, which is suboptimal.

To evaluate ramification, we asked annotators if the model added
extra details they would not thought of but would still maintain to
make the scenario richer, given that the RocStories scenarios were
specific about the actions and events. The model frequently added
more agents than the annotators would (M=4.10, SD=1.287). For
example, when a hospital was mentioned the model took the liberty
to add a doctor and nurses. More beliefs, desires (M=3.60, SD=1.147)
and intentions (M=3.00, SD=1.944) were also added. Extra actions
(M=3.00, SD=1.944), emotional labels (M=2.70, SD=1.252) and con-
ditions/effects (M=2.90, SD=2.025) were added less frequently.
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Dialogue Lines Speak Actions Speak Action’s Conditions Speak Action’s Effects
Absolute 228 435 1508 902
Average 5.30 10.12 35.07 20.98

Table 2: Absolute and mean counts per scenario of artefacts related to dialogue generation. A total of 43 scenarios were
generated.

When analyzing errors, the model’s action plans were consid-
ered plausible, but the attributed conditions and effects were often
incorrect. Additionally, we observed that errors later in the theoret-
ical Chain of Thought (CoT) led to better quality scenarios. This is
because errors at the beginning of the generation process propagate
through the pipeline and affect subsequent steps.

5 DISCUSSION
SIAs are expected to demonstrate cognitive ability, social behavior,
emotional expression, personality, and have mental representations
in a variety of applications [33]. Each behavior and action displayed
by the agents must be consistent with their internal states and as
such, writing scenarios can be complex and time-consuming.

LLMs seem very appellative to create SIAs automatically, but also
have several limitations. They suffer from repetition [42], generate
false information that can be irrelevant or incoherent with the
context [42] and have trouble maintaining a consistent persona
over long-term interactions [47, 51]. Furthermore, LLMs have low
interpretability [52] and limited control, and are hard to interpret
and debug [52]. Even recent models (e.g., GPT-4 [34]) still suffer
from these problems. These characteristics may make LLMs an
unattractive technology to create rich social experiences in safety-
critical systems (e.g., mental health and healthcare) or applications
with tailored user experiences.

We have demonstrated, however, that despite their shortcomings,
LLMs can rapidly generate vast quantities of content and possess
significant amounts of commonsense knowledge acquired from
extensive training data. The theory-driven approach proved to be
useful in extracting agents and knowledge rooted on beliefs desires
and intentions. We verified that the CoT prompting combined with
the theoretical concepts forced the system to reason about the
necessary ingredients (beliefs and desires) to generate intentions,
actions and emotions.

Overall the experiments presented in the previous section pro-
duced mixed results. While the model was successful in extracting
agents, generating simple beliefs and desires, and forming basic
intentions, it struggled with more complex reasoning tasks, such
as generating action plans and updating the agent’s knowledge
base. This is something that can easily fixed by forcing the LLM to
update the knowledge base at every step 13 During the subjective
analysis of the generated scenarios, we observed that the difficulty
of the LLM’s task varied depending on factors such as the way the
scenarios were written (e.g. verbal tense) and the topic of the story
being described. Some scenarios facilitated the task while others
made it more challenging for the LLM. Furthermore, because LLMs
possess an innate propensity for creativity, the symbolic scenarios
13Using GPT-4, in the online interface, this was easily achievable because there is a
much lesser strict limit for the input size (32.768 tokens). The same is not true for
GPT-3.5 using the API (4,096 tokens).

featured a greater number of agents and available actions than
those depicted in the text. While it is a plausible reflection of the
social context, it is uncertain whether these additions enhance the
scenario, thus accounting for the low level of agreement among
annotators. Generation of dialogues comes as a big limitation of
this work (as described in the automated analysis), because the
prompting strategy is generating a few too general dialogue lines.

Bickmore and Cassell [2] highlighted that social dialogue is a
joint task with multiple functions, including initiation, termination,
turn-taking, and feedback. For successful dialogue, agents require
a memory of prior interactions, goals, and the ability to intention-
ally guide the conversation towards a desired state. LLMs lack
these abilities, creating a barrier to human-agent social interactions.
Nonetheless, our approach allows the LLM to generate dialogue
lines based on a target emotion (e.g., Neutral, Proud, or Supportive)
and intention (e.g., encouragement or greeting) in accordance with
the scenario (see Figure 2).

6 CONCLUSION
This paper proposes a theory-based prompting approach for SIAs
development, combining the BDI architecture, the OCC theory
of emotion for emotional appraisal, FAtiMA toolkit, and a LLMs’
generative capabilities. This strategy accelerates social scenario
generation, while also providing transparency, interpretability and
control to the developer of a scenario by allowing its edition. How-
ever, using LLMs can introduce incoherences and errors that hurt
the quality of the generated scenarios. We suggest integrating a
human-in-the-loop at every stage of the generation process is cru-
cial for error minimization and oversight. This approach combines
human creativity and LLM generative capabilities, potentially yield-
ing more engaging and robust social scenarios.

Serving as a proof-of-concept for the SIA field, this work illus-
trates how LLMs can speed up social scenario creation, despite
the occasional inconsistencies introduced by these models. The
potential to produce 10 times more artifacts than human users is a
significant boost in generative capacity. However, the focus must
remain on content quality.

In our subjective evaluation, we found that, although the models
had some inconsistencies, they were reasonably proficient at con-
tent generation. We didn’t evaluate the resulting social interaction
quality from these scenarios, but future work will assess this aspect
using typical interaction metrics such as engagement, rapport, user
satisfaction, and user experience.
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