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Abstract. Simulating social platforms has become increasingly impor-
tant, as access to real-world data is becoming more limited, and con-
trolled experimentation on real platforms is often impractical, expen-
sive, or simply infeasible. Traditional agent-based models (ABM) and
Belief-Desire-Intention (BDI) architectures offer transparency and a the-
oretical grounding; however, they are not especially suited to operate
in environments in which rich natural language is used. Recent Large
Language Model (LLM)–driven agentic approaches enable natural lan-
guage interaction, but often at the expense of interpretability, control,
and reproducibility. In this work, we propose a general Social Platform
Simulator leveraging a Social Agent model that supports a spectrum of
agent implementations, ranging from fully LLM-based to structured sym-
bolic architectures. The framework explicitly models key components of
social platforms, including the social network, content management, fil-
tering algorithms, and shared knowledge, enabling modular, controlled,
and extensible simulations of social media–like environments. We demon-
strate the expressiveness of the framework by analyzing both a minimal-
ist LLM-based instantiation and a hybrid architecture that allows LLMs
to be part of all internal processes of a classical BDI framework, which
we refer to as “BDI+”, and represents a balance between the control and
transparency of BDI architectures and the expressive power of LLMs.
The proposed framework supports reproducible social simulations and
the generation of synthetic datasets that can be used for benchmarking
in social data ecosystems. By means of a case study on affective polar-
ization, we show how BDI+ facilitates structured interventions, hetero-
geneous agent roles, and the explicit analysis of internal agent states.

Keywords: Hybrid Agent Architectures · Social Platform Simulation.

1 Introduction

Social platforms have attracted significant attention within the scientific com-
munity, spanning disciplines such as sociology, computer science, economics, and
political science. This interest is well justified: these platforms increasingly shape
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how we act, what we think, and how we interact, influencing nearly every aspect
of modern life. In recent years, particular attention has been given to misinforma-
tion and polarization due to the risks they pose, including threats to democratic
processes. Historically, many studies were able to rely on real-world data from
social platforms to conduct empirical research. However, this has become in-
creasingly challenging, especially after X (formerly Twitter) restricted access to
its free API. Although some open-access platforms remain available, they lack
the scale and diversity needed to represent the broader population adequately.
Moreover, using real platforms makes it difficult to test specific interventions or
to construct controlled scenarios tailored to particular research questions. This
is where simulations play a crucial role—they simplify and structure the world to
focus on key variables, allowing researchers to study smaller, less detailed, and
less complex problems while retaining their essential dynamics [13]. Computa-
tional social science simulations enable the modeling and understanding of social
processes without requiring real human data, which is often costly, limited, or
poorly aligned with the phenomena under investigation [13]. Additionally, sim-
ulations allow researchers to test interventions in a controlled environment and
to explore hypotheses before conducting expensive and logistically challenging
experiments with real participants.

For decades, formal agent and multi-agent models have been developed and
widely employed in social simulation. Notably, agent-based modeling (ABM) has
been extensively used to study the dynamics of complex social and environmental
systems [2]. Another influential framework is the Belief-Desire-Intention (BDI),
providing a symbolic architecture for representing agents’ mental states and de-
liberative processes [22]. These approaches offer strong theoretical foundations
and interpretability, but are generally domain-agnostic and are not especially
suited for understanding, generating, and reasoning over natural language, lim-
iting their ability to engage in unconstrained interactions. Recent years have
witnessed increased interest in so-called agentic AI, approaches that largely dif-
fer from traditional model-centric architectures relying heavily on large language
models (LLMs) as their central component. In this paradigm, a language model
serves as the agent’s core reasoning engine and interacts with its environment
through a set of external tools, enabling actions such as information retrieval,
code execution, and other task-specific operations.4

In this work, we propose a general Social Platform Simulator leveraging a
Social Agent model, designed to support implementations across a spectrum
ranging from lightweight agents, such as those used in ABM or LLM-based
approaches, to fully formal agents. The proposal is sufficiently expressive to
simulate a wide range of social scenarios while remaining simple, interpretable,
and easy to implement. We demonstrate how a fully LLM-based multi-agent
platform can be instantiated within our modeling framework, and we then use
an extended BDI model, which we refer to as “BDI+”, that combines the con-
trol and structure of formal models with the expressive power of LLMs. This
balance enables modular simulation of complex social media–like environments,

4 https://lilianweng.github.io/posts/2023-06-23-agent
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facilitates the generation of synthetic datasets for benchmarking in social data
ecosystems, and allows the analysis of latent variables such as agents’ internal
states or emotions that are typically inaccessible in real-world data.

2 Related Work

The literature on social simulations is extensive, spanning both general frame-
works and context-specific studies. On the simpler, more symbolic side, [23]
proposes an agent architecture based on decision-making for modeling and sim-
ulating user behavior to analyze communication dynamics on social media. Sim-
ilarly, [14] adopts Social Judgment Theory to operationalize attitude shifts and
study polarization dynamics. A more rule-based, general approach is presented
in [8], where the authors demonstrate how Network Knowledge Bases can model
information flow in social networks via belief revision operators.

Some approaches that are related to social platform simulation integrate
symbolic and sub-symbolic reasoning. For example, [11] presents a multi-agent
system addressing cybersecurity issues in social networks, combining symbolic
reasoning for detecting malicious behavior with sub-symbolic components, such
as Machine Learning (ML) classifiers for user type identification. [5] provides a
survey on the combination of BDI models and ML, for different tasks includ-
ing plan selection, experience learning, decision-making, intention selection, and
belief reasoning. Similarly, [1] proposes a framework to analyze user and com-
munity sentiment over time on social platforms, leveraging BERT for topic and
sentiment detection. Another line of research integrates symbolic models with
LLMs. [15] goes beyond standard probabilistic diffusion models by embedding
language-level user behavior into simulations using LLMs to study information
propagation. [12] extends BDI agents with human communication capabilities
via LLMs, and [7] combines BDI with LLMs for explainable human–robot inter-
action. [16] proposes an architecture that bootstraps agent reasoning via rein-
forcement learning and allows natural language instructions for BDI agents using
a natural language inference model for plan selection. While not strictly social
simulations, [18] illustrates the benefits of LLM integration in cognitive architec-
tures by proposing SOFAI-LM, a hybrid system using metacognitive feedback to
combine fast LLMs with slower reasoning modules for enhanced problem-solving
and reasoning efficiency, demonstrating that SOFAI-LM enables LLMs to match
or outperform standalone large reasoning models in accuracy while maintaining
significantly lower inference time. At the other extreme, some approaches rely
entirely on LLMs. [25] presents SOTOPIA-S4, a scalable LLM-based social simu-
lation platform supporting multi-turn, multi-party interactions for social science
experiments. [24] introduces GenSim, a large-scale, error-correctable LLM-agent
simulation platform for complex social behaviors, while [20] develops a concep-
tual framework for disinformation research using LLM-based agents.

Despite these advances, classical ABMs and ML-based approaches have in-
herent limitations. ABMs are often simple and heavily dependent on empirical
data for parameterization, making them less generalizable. Minimalist ABMs
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frequently reduce agent validity, resulting in implausible simplifications guided
by rationality theory with only limited psychological realism [3]. When agents
are designed solely based on expected behaviors rather than grounded in the-
ory, they can become arbitrary, domain-specific, and poorly comparable [3]. ML
approaches can be effective for targeted tasks, but often fail to generalize be-
yond their training datasets, whereas LLMs, although flexible, lack robustness,
domain knowledge, and explainability. They are susceptible to inconsistent re-
sponses, adversarial inputs, and biases, raising concerns about fairness, harmful
outputs, and transparency [10]. Our goal is thus to propose a sufficiently generic
architecture capable of simulating diverse social network phenomena while re-
taining basic components that ensure simplicity and ease of implementation.
Our thesis is that combining the generalizability of symbolic approaches with
the adaptability of ML and LLM components, we can balance realism, inter-
pretability, and practical usability.

3 A Model for Simulating Social Platforms

We propose a Social Platform Simulator leveraging a general Social Agent model,
and demonstrate how the latter can be instantiated to support different degrees
of control over the agents’ internal reasoning and decision making. In this section
we describe the general model and, in Section 4, we illustrate the model’s flex-
ibility, presenting two concrete implementations: a lightweight approach based
solely on LLMs, and a hybrid approach that integrates a traditional BDI archi-
tecture with LLM-based components.

3.1 Social Agents

In the most basic conceptualization, an intelligent agent consists of three fun-
damental components that together enable autonomous interaction with its en-
vironment: (i) perceptors that gather information about the current state of the
environment; (ii) a core (or decision-making module) that interprets perceptual
input, maintains internal state or beliefs, and selects appropriate actions based
on goals and reasoning mechanisms; and (iii) effectors that execute the chosen
actions, producing changes in the environment [6]. It is important to note that,
since our agent will operate within a social platform where information is primar-
ily exchanged in natural language, both the perceptor and effector modules may
include components for translating between natural language and the agent’s
internal representations. For the purposes of this work, these components will
largely rely on LLMs to interpret and generate language effectively.

The proposed Social Agent model follows the aforementioned structure, as
shown in Figure 1a, and implements a set of predefined actions that allow the
general and expected interactions within a text based social platform. Those
actions, based on [11], are the following:

– Retrieve content : Get relevant content from the social platform, whether
requesting a feed update or searching for a specific term or authorship.
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Fig. 1: (a) Proposed Social Agent model. (b) Proposed Social Platform Simu-
lator – 1: Content retrieval action; 2: Social Network request; 3: Social Media
Content request; 4: React action; 5: Post action; 6: Update links action; 7: Ask
action; 8: Read public profile action.

– Post : Publish content to the platform by creating a new post, re-posting or
commenting on an existing message.

– React : Interact with an existing message by adding a reaction.
– Ask : Query the platform for shared information, norms, conventions, etc.
– Update links: Follow or unfollow an agent within the platform.
– Read public profile: Request the publicly visible profile data of another agent.

This abstract architecture provides a flexible foundation for constructing so-
cial agents tailored to different application domains and levels of formalization.
It allows the internal components to be implemented with varying degrees of
structure and control. Below we show a simple instantiation relying exclusively
on LLMs, as well as a more formal one that embeds a BDI architecture within
the agent core, using LLMs as supporting components. This highlights how the
proposed model accommodates a spectrum of design choices, from highly flexible
but opaque reasoning to more structured and controllable behavior.

3.2 Social Platform Simulator

The proposed Social Platform Simulator comprises five main components, illus-
trated in Figure 1b and defined as follows:

Social Network: Responsible for maintaining the structural integrity of the
platform by defining the relationships between pairs of agents. Following the
approach of [9], we model the social network as a directed graph, consisting of
a set of nodes (agents) and a set of edges denoting the relationships between
them. Each edge has an associated weight denoting the strength of the relation.
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Social Media Content: Responsible for managing all published posts (mes-
sages) and their associated attributes (e.g., creator, timestamp, likes, re-posts,
reactions, etc.). It includes a safeguard mechanism to prevent the publication
of undesirable content such as nudity or hate speech. In our model, a message
is the primary artifact used for information exchange. In this analysis, we focus
exclusively on text-based messages, although a message could take other forms.
Each message has a unique id to identify it, a reference to the agent creator
of the message, a content and a timestamp. It may optionally reference another
message, identifying the original or parent message to which the current message
responds or relates, such as a reply or comment. It also contains a list of reac-
tions, consisting in pairs author of the reaction and reaction type (for example,
“like” or “love”). Every message in the Social Media Content is created based on
a list of topics and a set of variables.

Filtering Algorithm: Responsible for determining the content that each agent
is exposed to. It filters and prioritizes messages based on the agents’ profiles and
personal data. As agents interact within the platform, they generate data that
the algorithm can leverage to self-adapt and enhance personalization [4]. Agents
may request the algorithm to update their feed or to search for specific terms
or authorship. In all cases, the Filtering Algorithm processes the Social Network
and its Content modules to retrieve and display the most relevant information.

Common Knowledge Base: Can be seen as a shared static repository that
stores background information about the environment, such as norms, conven-
tions, rituals, organizational structures, and factual knowledge, serving as a fixed
reference for reasoning and decision-making.

4 A Proof-of-Concept Instantiation of the Model

Our proposed model can be instantiated in many different ways, offering varying
levels of control and detail not only within the simulator modules, but also on the
agent side. For example, agents may be as simple as the ABMs commonly used in
sociology, or more complex architectures such as the previously mentioned BDI
framework. The system may also be heterogeneous, combining different agent
implementations within the same simulation. We illustrate this flexibility by first
presenting a simple approach from the literature where all control is delegated
to an LLM, and then describing a simple extension of the BDI architecture that
incorporates LLM support at different stages of the reasoning process.

4.1 Lightweight LLM-Driven Agents

A straightforward implementation of the proposed architecture, in which an LLM
subsumes all cognitive functions of the agent, is [19], where authors develop a
multi-agent platform with agents interacting in a simulated online discussions.
Each agent is defined by a persona description (specifying characteristics such as
behaviors, goals, beliefs, values, and personality traits to make the agent more
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realistic and relatable) along with a political standpoint (indicating the degree
of alignment with a political group) and demographic attributes. Agents interact
by reading discussion threads and generating responses. Before and after the dis-
cussions, they complete questionnaires designed to measure affective variables of
interest. All tasks, including perception of the environment, reasoning, respond-
ing to questionnaires, and natural language text generation, are performed by
the same LLM instance. As a result, reasoning and decision-making are implicit
and fully embedded in the LLM’s internal representations, making them difficult
to inspect or constrain. The platform is simple and lacks a network represen-
tation. There is effectively no filtering algorithm, as it simulates only a single
discussion thread, and agents read all messages in the order they appear. There
is also no explicit common knowledge base; however, since the authors specify
to the LLM that the discussion is X (formerly Twitter)-like, we can assume that
common knowledge is implicitly represented in the LLM’s training data.

Despite these limitations, the study demonstrates (in Experiment 1) how
the platform can be used to examine variations in affectivity and polarization
among non-partisan agents when reading threads initiated by a Democratic
leader and followed by responses from Republicans. In this context, the plat-
form functions both as a simulator, providing data for analyzing non-partisan
affectivity changes, and as an agent (the non-partisan) leveraging the LLM to
“reason” about its own affective state. Experiment 1 is conducted as follows: the
authors create 50 agent configurations, each consisting of 10 Republican agents
and 1 non-partisan agent. For each agent, they design a persona description,
along with demographic attributes (gender, race, ethnicity, education level, and
age group) aligned with distributions from the US Census Bureau. A feeling-
thermometer–like questionnaire is used to measure agents’ levels of love and
hate toward both Republicans and Democrats on a scale from 0 to 10. An agent
is considered to identify a party as its in-group if its level of love toward that
party is greater than or equal to 5, and is considered polarized if it has an in-
group and a level of hate toward the out-group greater than 5. A non-partisan
agent is defined as one that has no in-group. Each simulation begins with the
agents interacting in an X thread initiated by a tweet from Joe Biden, follow-
ing a round robin order. After the simulations, the authors observe significant
shifts in the non-partisan agents’ attitudes: increased love toward Republicans
(+3.08) and increased hate toward Democrats (+1.74), decreased love toward
Democrats (−1.02) and decreased hate toward Republicans (−1.38). As a result,
64% of non-partisan agents adopt a Republican in-group identity, 4% adopt a
Democratic one, and 62% become polarized.

Although the platform serves as a very simple testbed, it effectively shows
that straightforward scenarios can be executed to gain initial insights into a
problem, benefiting from the flexibility of LLMs and their capacity to generate
and analyze human-like natural language text. However, it has several limita-
tions: it lacks cognitive structures and learning mechanisms to capture long-term
changes, provides no explanation for why agents behave as they do, and poses
challenges for replicability and the simulation of more complex scenarios. While
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Fig. 2: BDI+ Agent Core – 1: Deliberation converts Desires into Intentions.
2: Plan Generator creates plans associated with Intentions based on the Lo-
cal KB. Each plan consists of a sequence of parameterized actions. 3: Execution
of an action and retrieval of corresponding content. Memory gets updated, which
triggers an update to the Local KB. 4: Public profile gets requested and retrieved.

this implementation demonstrates the potential of LLMs for simulating social in-
teractions and measuring affective outcomes, it leverages perception, reasoning,
memory, and generation into a single opaque component. This design limits in-
terpretability, control, and extensibility. These limitations motivate the need for
an architecture that preserves the expressive power of LLMs while reintroducing
modularity, transparency, and structured decision-making.

4.2 BDI-based Agents

For the purposes of this paper, BDI+ denotes a modern interpretation of the
traditional BDI architecture in which the core components are preserved, while
LLMs are incorporated as flexible support mechanisms that can be selectively
employed at different stages of the agent’s operation. BDI+ is introduced to ad-
dress the limitations of fully LLM-controlled agents and of classical BDI systems,
which typically rely on symbolic reasoning and predefined rules and therefore
struggle in rich, language-based environments such as online social platforms.
Unlike prior work [12], where LLMs primarily act as transducers between the
agent and the environment, our approach allows LLMs to influence multiple
stages of the BDI cycle, including belief updating, deliberation, and intention
selection. This design preserves the modularity and interpretability of BDI while
leveraging the expressive and generative capabilities of LLMs.

Figure 2 illustrates the core components of the proposed BDI+ architecture.
Each agent maintains a set of Desires, representing abstract goals or motiva-
tions. Through a deliberation process, a subset of these desires is selected and
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transformed into Intentions, which are the goals the agent actively commits to
pursue. The Plan Generator then constructs a plan for each intention based on
the agent’s Local Knowledge Base, which stores beliefs about the agent itself,
other agents, and the environment. Each plan consists of an ordered sequence of
parameterized actions (as defined in Section 3.1). For example, an action that
establishes a social link requires the identifier of a target agent as a parameter.
When actions are executed, the agent interacts with the environment and re-
ceives feedback, which is stored in memory. Memory updates follow a defined
policy and trigger corresponding updates to the Local Knowledge Base, allowing
the agent’s beliefs to evolve over time. In addition, each agent exposes a set
of public attributes (e.g., username, profile description) that can be queried by
other agents, as well as a unique identifier. While these elements closely follow
the classical BDI framework, the LLM module spans multiple components of the
architecture, enabling language-based reasoning, contextual interpretation, and
adaptive decision-making throughout the agent’s control loop.
An Example Implementation. To demonstrate the feasibility of the BDI+
approach, we implemented a simplified version of the architecture using Ja-
son 3.3, an interpreter for the AgentSpeak(L) language [21], one of the most
influential BDI-based programming languages5. Our goal was to replicate, as
closely as possible, Experiment 1 described in Section 4.1, and then illustrate
how BDI+ enables extensions that are difficult to carry out in a fully LLM-driven
architecture. We implemented two agent types, Republicans and Non-partisan,
each one initialized with the same three attributes used in the original study:
a political standpoint, a persona description, and demographic characteristics.
For each of the 50 experimental configurations, we instantiated 10 Republican
agents and 1 non-partisan agent, using the same values reported in the origi-
nal study. Interaction dynamics were reproduced by the usage of an orchestra-
tor agent that enforces a round robin posting order, ensuring sequential replies
within the simulated discussion thread. We employed the same language model
and configuration (gemini-2.0-flash with temperature 0.7) for both affectivity
assessment and text generation. Prior to the discussion, agents initialize their
levels of love and hate toward the Republican and Democratic parties using
a feeling-thermometer–style questionnaire. Unlike the original implementation,
each questionnaire item is modeled as a separate BDI action with its own LLM
prompt. This design choice emphasizes the modularity of BDI+, as LLM-based
reasoning can be selectively replaced or augmented by alternative mechanisms.
From the original 50 configurations, we discarded runs in which the non-partisan
agent was initialized with a love value greater than 5 for any party (even after
multiple re-initializations), resulting in 42 valid runs. Across these runs, non-
partisan agents exhibited increased love toward Republicans (+0.17), increased
hate toward Democrats (+0.40), decreased love toward Democrats (−0.26), and
increased hate toward Republicans (+0.14). As a result, 14.29% of non-partisan
agents adopted a Republican in-group identity, none adopted a Democratic one,
and 2.38% became polarized. Differences with respect to the original experiment

5 Available at: https://github.com/ICBD-ICIC/Jason/tree/main/experiments
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can be attributed to factors such as independent questioning, prompt variations,
and the inherent non-determinism of LLM outputs.

To illustrate the additional capabilities enabled by BDI+, we extended the
simulation by introducing two additional agents representing botnet accounts.
These agents have the explicit goal of reducing the level of hostility in the discus-
sion. In this simplified implementation, bot agents periodically read the Repub-
lican agents’ conversation and generate responses aimed at de-escalation. More
sophisticated policies could be implemented by triggering interventions based
on detected linguistic or affective cues. Under this extended setup, all 42 runs
were again successful. The resulting affective changes were smaller in magnitude:
increased love toward Republicans (+0.07), increased hate toward Democrats
(+0.26), decreased love toward Democrats (−0.17), and increased hate toward
Republicans (+0.02). As a result, 7.14% of non-partisan agents adopted a Re-
publican in-group identity, none adopted a Democratic one, and 2.38% became
polarized. These results suggest that, in our experiment, the bot agents substan-
tially reduce shifts in group identification among non-partisan agents, although
they do not affect the proportion of polarized agents. These types of interven-
tions are difficult to implement with purely LLM-driven approaches, as they are
highly sensitive to prompt content and length. This sensitivity leads to limited
reliability in the bots behavior and raises concerns about unintended outcomes,
including the possibility that LLM-based agents may themselves contribute to
radicalization rather than consistently promoting de-escalation.

5 Conclusion and Future Work

We presented a general Social Platform Simulator together with a flexible Social
Agent model that supports a wide spectrum of agent implementations, rang-
ing from lightweight agents to structured symbolic architectures. By explicitly
modeling key platform components—such as the social network, content man-
agement, filtering algorithms, shared knowledge, and the basic actions available
to agents, the proposed architecture enables controlled, modular, and extensible
simulations of social media–like environments.

We demonstrated two concrete instantiations of this framework: a minimal-
ist, fully LLM-based approach drawn from prior work, and a more capable BDI+
architecture, which integrates LLMs throughout the classical BDI cycle. While
the LLM-only implementation showcases the expressive and natural-language
capabilities of generative models, BDI+ preserves interpretability, modularity,
and fine-grained control over agent reasoning. In particular, BDI+ supports het-
erogeneous agent roles, targeted interventions, and explicit tracking of internal
agent states, which are essential for studying complex social phenomena such
as polarization and misinformation. Moreover, because agents interact primar-
ily through natural-language messages, the framework naturally supports mixed
simulations involving both artificial agents and human participants.

The modular design of the simulator facilitates systematic experimentation
with individual components—such as recommendation mechanisms, content fil-
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tering strategies, or decision-making policies—without requiring changes to the
rest of the system. This flexibility enables the construction of simpler, more
scalable agent models with predictable behavior, partially mitigating the repro-
ducibility and control challenges associated with purely LLM-driven approaches.
Additionally, the explicit representation of agents, actions, and network struc-
ture enables detailed analyses of information diffusion and social dynamics that
would be difficult to obtain from opaque, fully generative systems.

Although this work focuses on text-based interactions, the simulator’s mod-
ular architecture supports plug-and-play extensions that enable more realistic
simulations. Real social platforms are inherently multimodal, with images and
videos playing a substantial role in shaping user behavior and information spread.
Future extensions could incorporate ML or other methods to extract knowledge
from multimodal data, represent it in a formalized manner, and integrate it into
the agents’ reasoning processes. Another important future direction is the use
of the simulator as a controlled generator of synthetic data for social media
research. In increasingly constrained real-world data environments, such simu-
lators can serve as generators of benchmark datasets for evaluating models, in
some cases matching or even surpassing the utility of human-generated data [17].
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