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Background
The ongoing AI spring is dominated by generative deep learning models. These innova-
tions come with a great enthusiasm, but also criticism from many experts. Some pinpoint
empirical dangers (for the environment, for society), and other express reservations on a
more fundamental level. In the middle of these critiques, there is the alignment problem,
and the most common limit of deep learning in this regard, formulated in many often
equivalent ways, suggests that deep learning models would not “understand”, but only
predict, imitate. This limit is famously illustrated by Bender et al.’s “stochastic parrots”
analogy [18].

This critique is broadly acknowledged and accepted, and today a lot of work both
in academic world and tech companies aims at combining the observable power of deep
learning with more formal and controllable forms of knowledge. Behind this so-called
“neuro-symbolic” approach lies an immense variety of methods and strategies, all expect-
ing to make possible “the” best explainable artificial general intelligence [17, 21].

Nevertheless, this approach is based on an individualistic paradigm that is rarely
discussed: one model for everything. Surely the individualistic paradigm shows extraor-
dinary results, but do these results suit the society’s expectations for AI is a question that
needs to be investigated, and one angle in which this paradigm can be challenged is its
ability to handle complexity.

Here, “complex” is to be understood in the sense that Edgar Morin gives it [10, 11,
12]. It means ideas that cannot be reduced to a single principle, that is composed of mul-
tiple components bound with non-trivial interactions and recursive dynamics. In Morin’s
theory, complex ideas can neither be represented as whole nor as a sum of its parts, thus
the necessity to embrace the multiplicity.
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A strong motivation for models able to handle complexity is a feature of real-world
problem that optimisation-based strategies rarely genuinely address: they are what Rittel
and Webber first called “wicked” problems [2]. Among the ten characteristics of wicked
problems mentioned in the original paper, we can for example mention that they have no
stopping rule, no true/false solution neither even an enumerable set of potential solutions,
that they can only been explained through a certain angle and may be seen as a symptom
of other wicked problems.

At a time when artificial intelligence is likely to drive progress from political decisions
to scientific breakthroughs, these questions address crucial matters in ethic and theory
of science. My PhD project proposal proposes to explore the potential of a collective
paradigm through an iterative development of a model using cognitive agents to operate in
a complex setting. In other words, I will try to answer the question: “How can an agent-
based model simulate a form of collective intelligence exhibiting epistemically complex
behaviours?"

Methodology

Model Framework
In the model we aim at creating, agents will embed a reasoning system that makes them
“cognitive”. They evolve virtually in an environment E, which is a grid of cases that can
be in several states. When an agent A is on a grid, it perceives a portion e of the grid
centred on itself. The reasoning system of A allows it to compute a desired version of e,
namely fA(e), which shows how A would like to change the environment around itself.
The collective intelligence appears when A interacts with another (or multiple other, if
the model allows to) agent B according to a probability determined by A and B but also
the environment E in which they evolve. During this interaction, B will compute its own
desired version fB(e), and based on e, fA(e) and fB(e), the environment may or may
not actually change, and A and B may or may not update their own reasoning system.
Eventually, A and B may or may not change their position in the environment. Figure 1
displays this whole dynamic.

Figure 1: Model structure

The four diamonds on Figure 1 correspond to the four parameters of the model that
we aim at finding:
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⋄1 What is the reasoning system of an agent. For a large size of e and/or a large number
of possible states, agents cannot have a specific rule for every possible input, so a
non-trivial reasoning system has to be defined. Logic rules are a a good candidate for
this reasoning systems for they are explainable and easy to customise when agents
interact. Later models may include other types of reasoning systems, for example
interpolation functions or neural networks.

⋄2 What law rules interactions between agents. This question is a major interest in
social epistemology and computational sociology, with suggestions seldom inspired
from natural sciences.

⋄3 How do agents update their inner reasoning system based on their interaction with
another agent. A question inextricably bounded with the first one, whose answer
will also be guided by the field of social epistemology.

⋄4 How does the environment change and how do agents move in it. A question at the
intersection of computational sociology and dynamic systems.

The initialisation of a model corresponds to an initialisation of agents’ reasoning sys-
tems and an initial state of the environment. The evaluation of a model is not the final
state of the grid (which should not systematically converge), but its evolution. Addition-
ally, the evolution of agents’ reasoning systems is also to be interpreted.

The choice of a such framework for our model is motivated by its incredible versatility.
On the one hand, the iterative modification of cases in a grid is known for its computing
expressiveness, and it is expected that a manual tuning of agents’ reasoning systems
allow the solving of formal problems encoded in the initial environment, thus justifying
the intelligence potential of our model. On the other hand, when the simulations will
run in configurations that foster emergence, we expect complex behaviours to appear.
In particular, this model framework is potentially able to implement the core features of
Morinian complexity, as summarises Table 1:

Feature of Morinian complex-
ity

Implementation in the model
framework

Dialogic Several agents can have reasoning
systems with opposite visions.

Hologrammatic The environment is the setting in
which agents evolve and interact,
while agents have a reasoning sys-
tem that applies on the whole envi-
ronment.

Recursion Agents influence the environment,
which influence agents, and so on.

Table 1: Fields involved in this transdiciplinary project.

Eventually, the evolution of the several parts of the model natively mirrors what Morin
calls “auto-eco-organisation”: the ability of a system to be autonomous and interact with
its environment.
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Development loop
In a project that aims at simulating the emergence of complexity, it is natural to employ
a complex approach. A classic top-down approach is obviously unsuitable for a project
studying emergent phenomena, while full bottom-up approach usually make no expecta-
tion on the emergent results but only analyse them.

The method for this project is expected to be comparative and incremental, fol-
lowing a four-step development loop described in the following and illustrated in Figure 2:

Figure 2: Model development loop

1. Model comparison: among existing models, analyse how they differ and what hy-
potheses each of them lie on, to see how they provide insights for new model im-
provements. Keeping a “Model Bank” is therefore really important, and no model
should ever be completely dropped, as they might implement features that would
prove relevant in regard to properties that would appear in later models. This step
is the first, because a study of existing models that can be related to our issue would
be the very first thing to do during the PhD.

2. Model choice: with respect to the comparative analysis of models from the Model
Bank, choose one to improve or several to combine in a certain way.

3. Analytic improvement: this is where insights from fields other than plain computer
science prove the most important, because they should give directions and justifi-
cations for changes in the chosen model(s). A variation of a certain model mostly
affects one of the four abovementioned parameters, but the development of the
project might call for variations in other metaproperties of the framework. How-
ever, we want this variation to respect a rigorous theoretical framework, which can
differ from one model to another, but should always maintain the whole justifiable.

4. Implementation and test: the model(s) obtained has to be implemented and tested
in practice. Agent-based modelling always require fine-tuning, and large-scale simu-
lation in terms of time, space, and number of agents. Additionally, cognitive agents
will embed reasoning systems with their own mechanisms. These constraints call
for high-performance computing techniques while the project handles concepts of
high level of abstraction: this famous “Two-Language Problem” will be addressed
with the Julia Programming Language.
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Theoretical Framework
This project is inherently transdisciplinary, and great attention has to be placed in how
every concept can carefully be associated with others. There are six major fields influenc-
ing the project, each of them being already interdisciplinary with respect to “traditional”
fields (see Table 2). Four are primarily important to provide clues for the four parameters
to be tuned in our models, one is the technical field for the simulation itself, and the last
is Morin’s theory of complexity that guides and motivates the project.

• Logic (⋄1): To represent agents’ inner ideas and reasoning system, logic provides a
very well studied framework. The context of the project is likely to guide towards
some forms of non-classical logic, especially modal [7], fuzzy [9] and temporal [16]
logic.

• Cognition (⋄1): Representing how agents are influenced by their thoughts, i.e.
what is their reasoning process, is a major topic from cognitive sciences. The frontier
between cognitive psychology and artificial intelligence is a well-established field of
study, beginning with the work of pioneer Herbert Simon [3].

• Social Epistemology (⋄2, ⋄3): A major influence for this project is the field of
social epistemology, and its leading figure Steve Fuller [8]. It gives a broad and
solid framework for conception of knowledge in a collective way, from which clues
for artificial collective intelligence can be derived.

• Complex Systems (⋄4): A very important strategy in a such project is to think in
terms of complex systems as they are developed in natural sciences [15], as it provides
formal and scientifically strong keys for derived concepts such as chaos, nonlinear
dynamics, and emergence, all crucial in the definition of a model’s evolution.

• Agent-Based Modelling (ABM): The goal of this project is to simulate au-
tonomous agents in an environment, which falls in the field of Agent-Based Mod-
elling. These types of models are widely used in natural science, but also in compu-
tational sociology since Joshua M Epstein and Robert Axtell’s famous Sugarscape
model [6], and works on Castelfranchi’s works on cognitive agents simulation and
artificial social systems [4, 5]. Some bases for cognitive agents can be taken from the
growing field of Argumentative Agent-Based Models [24], or agents with LLM-driven
cognitive systems such as Casevo [22].

• Theory of Complexity: The framework guiding our objective is the theory of
complexity from Edgar Morin which has been introduced in the previous sections,
and is deeply inspired by a connecting the abovementioned concepts of complex
systems with work from sociologists, notably Émile Durkheim [1].
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Logic Cognition Social
Epistemology

Complex
Systems ABM Complexity

Computer
Science x x x

Mathematics
/Physics x x x x

Philosophy x x x x
Sociology x x x
Psychology x

Table 2: Fields involved in this transdiciplinary project.

Objectives
The objective of the project is not only to exhibit a model that produces emergent com-
plex behaviours, but also to comment the development process and the evolution of the
models themselves.

Thus, we should obtain insightful toy models for artificial collective intelligence, along
with a rich qualitative study of how this form of social cognition can be modelled.

Expected contributions include:

• A bank of models of artificial collective intelligence implementing our framework.

• A benchmark showing these models’ to 1/ solve formal problems with manually
chosen initial positions, and 2/ produce emergent complex behaviours.

• A detail of the iterative development process with comments on each choice and
analysis of interesting phenomena appearing in each model.

• A qualitative study of a collective paradigm in practice, highlighting its relevance
for complex (wicked) problems and scientific progress.
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