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Agents intelligents

Perceive-reason-act-learn loop
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Neuro-symbolic AI

‣ Low-level perception (neural) - system 1 
‣ High-level knowledge representation 

(symbolic) - system 2 
‣ Fortement intégrés
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Emergent communication

Botoko Ekila, J., Nevens, J., Verheyen, L., Beuls, K., and Van Eecke, P. (2024). Decentralised emergence of robust 
and adaptive linguistic conventions in populations of autonomous agents grounded in continuous worlds. In 
Proceedings of the 23rd International Conference on Autonomous Agents and Multi-Agent Systems (AAMAS), 
pages 2168–2170.
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Figure 4

Examples of constructions that emerged in the CLEVR (a), WINE (b), and CREDIT (c) scenarios.
The constructions associate atomic labels on their form side with situationally grounded and
communicatively motivated concept representations on their meaning side. Figure adapted from
Botoko Ekila et al. (2024b).

during the CREDIT experiment and associates the form ziseni to a low value range on
the second PCA component of the transaction records.

In sum, the grounded concept learning experiment shows how a population of
agents that take part in situated communicative interactions can self-organize a lin-
guistic convention that can be used to refer to arbitrary entities in their environment.
The convention consists of holistic constructions that associate atomic forms to concept
representations. The meaningful, intentional, interactional, and communicative nature
of the learning environment facilitated the establishment of a linguistic convention that
is not only grounded in the (non-textual) environment of the agents, but which is also
motivated and shaped by their communicative needs. While we have focused on the
emergence of such a convention, agents that are added to the population at a later stage
can acquire the established convention using the exact same adoption and alignment
mechanisms while they take part in communicative interactions with more “mature”
agents. As such, also existing natural languages can be learned in a constructivist
manner through interactions with “tutor” agents that already master these languages,
as will be demonstrated in the second experiment.

3.2.2 Experiment 2: Acquisition of Grammatical Structures. Through the second experiment,
we aim to illustrate how linguistic structures of a higher morpho-syntactic and semantic
complexity can be acquired in a communicative and situationally grounded learning
environment, thereby transcending the level of atomic word forms and concept rep-
resentations addressed in the first experiment. Concretely, we focus on a tutor-learner
scenario in which the learner agent needs to acquire in a constructivist manner a linguis-
tic system that is adequate to ask and answer English questions about the environment
in which the agents are situated. The experiment, which has been extensively discussed
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Situation-based reasoning 

Beuls, K. and Van Eecke, P. (2024). Humans learn language from situated communicative interactions. 
What about machines? Computational Linguistics, 50(4):1277–1311.

Computational Linguistics Volume 50, Number 4

to the agent’s categorial network, which models emergent grammatical categories as
links between constructional slots and their observed fillers, very much in the spirit
of Radical Construction Grammar (Croft 2001). Pattern finding is implemented as an
anti-unification-based generalization process (Plotkin 1970; Van Eecke 2018; Yernaux
and Vanhoof 2019). A schematic representation of the intention reading and pattern
finding processes involved in this example is shown in Figure 5. Note that the con-
structions that are learned constitute form-meaning mappings that can be used for both
language comprehension, that is, mapping from utterances to their meaning represen-
tations, and language production, that is, mapping from meaning representations to
utterances that express them.

As discussed in Section 1 in the context of human language acquisition, intention
reading is an abductive reasoning process that introduces uncertainty into the over-
all learning process. In this experiment, meaning hypotheses are guaranteed to be
consistent and plausible given the communicative interaction at hand, but might not
generalize to other situations. This uncertainty directly percolates to the holophrastic,
item-based, and holistic constructions that are learned. The evolutionary dynamics that

Figure 5

Schematic overview of the acquisition of an item-based construction and two holistic
constructions through the processes of intention reading and pattern finding during a situated
communicative interaction. An agent observes a question about its environment (A), cannot
understand it, and receives the answer to the question as feedback (B). Based on its inventory of
primitive operations (C), the agent uses its intention reading capabilities to make a hypothesis
about the intended meaning of the observed utterance, which, upon evaluation with respect to
the environment, is consistent with the feedback (D). Based on the observed utterance, the
meaning hypothesis and a similar yet not identical construction that was previously acquired
(E), the agent then applies its pattern finding capabilities to learn an item-based construction and
two holistic constructions (F), as well as categorial relations between the constructional slots and
their observed fillers (G).
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Evolutionary dynamics 

Beuls and Van Eecke Language Learning from Situated Communicative Interactions

overcome this uncertainty are modeled on the level of constructions through similar
alignment dynamics as those discussed in Section 3.2.1 in the context of the grounded
concept learning experiment. Concretely, all constructions carry an entrenchment score,
which reflects the frequency of their past successes and failures in communication.
During language comprehension and production, constructions with a higher score
will be preferred over less entrenched constructions. At the end of a successful com-
municative interaction, the learner agent increases the score of the constructions that
were used and decreases the score of their competitors (i.e., other constructions that
would have led to successful communication). In the case of a failed interaction, the
scores of the constructions that were used are decreased. As a consequence of these
evolutionary dynamics, constructions that are applicable in a wider range of situations
gradually gain the upper hand over constructions that either compete with them or hurt
communication rather than support it. Not only does this provide a way to overcome
suboptimal hypotheses resulting from the intention reading process, it also causes more
general and abstract constructions to ultimately prevail over more specific ones.

The learning dynamics of the experiment are visualized in Figure 6, where the
degree of communicative success and the construction inventory size are plotted as
a function of the number of communicative interactions that have taken place. The
degree of communicative success starts at 0 and reaches 1 after about 25,000 interactions.
The construction inventory size exhibits the typical “overshoot pattern” that was also
found in the grounded concept learning experiment. In the earlier stages of the experi-
ment, many new constructions are learned. These constructions are often holophrastic
constructions or item-based constructions with few variable slots. Moreover, many

Figure 6

Learning dynamics of the experiment on the acquisition of grammatical structures through
intention reading and pattern finding during situated communicative interactions. The degree of
communicative success and the construction inventory size are plotted as a function of the
number of communicative interactions that have taken place. This graph has been created based
on experimental data from Nevens et al. (2022).
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van Trijp, R., Beuls, K., and Van Eecke, P. (2024). The proof is in the almond cookies. In Steels, L. and Porzel, 
R., editors, Narrative-based Understanding of Everyday Activities: A Cookbook, pages 59–77. Venice 
International University, Venice.



www.unamur.be

Verheyen, L., Botoko Ekila, J., Nevens, J., Van Eecke, P., & Beuls, K. (2025). Neuro-symbolic procedural 
semantics for explainable visual dialogue. PLOS ONE.
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https://emergent-languages.org 

» Experiment framework 

» Robot interface 

» Reasoning engine 

» Language engine
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Babel
The all-in-one toolkit for multi-agent

experiments on emergent

communication

View on GitLab !  Get in touch "

Babel is a flexible toolkit for implementing and running agent-based

experiments on emergent communication. The Babel system

includes advanced modules for constructional language processing

and learning (Fluid Construction Grammar), conceptualising and

interpreting procedural semantic structures (Incremental

Recruitment Language), and conducting multi-agent experiments in

simulated environments or using physical robots.

An extensive monitoring system opens up every detail of Babel’s

intermediate representations and underlying dynamics. A modular

design ensures that the system can be used in a wide variety of

scenarios. It is therefore possible to use each component

individually, according to your needs.

Babel is written in Common Lisp and runs in most major Lisp

implementations (CCL, SBCL and LispWorks) on all major platforms

(Linux, Mac OS, Windows). It is jointly developed by Sony Computer

Science Laboratories Paris, Vrije Universiteit Brussel, KU Leuven

and UNamur under an Apache 2.0 license.

If you only wish to use Fluid Construction Grammar or Incremental

Recruitment Language, we o!er a more user-friendly alternative

through the FCG Editor. The FCG Editor o!ers all functionality of

Babel's Fluid Construction Grammar and Incremental Recruitment

Language systems through a powerful integrated development

environment that can be installed in a single click.

https://emergent-languages.org
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Sujets de mémoire 

‣ PyFCG (multiple topics) - stage VUB AI Laboratory 
‣ Blockly interface 
‣ FFI vs HTTP benchmarking 
‣ Emergent communication experiments in Python 

‣ Vector-symbolic architectures for advancing neuro-
symbolic AI - stage VUB Digital Mathematics 

‣ A tractable algorithm for merging nested feature 
structures (co-promoteur: Wim Vanhoof) - stage VUB AI 
Laboratory / Sony CSL Paris
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Sujets de mémoire 

‣ Belgian Anti-Phishing Shield (multiple topics) - stage 
Centre for Cyber Security Belgium (CCB) 

‣ Improving LSFB Sign Recognition with Phonology (co-
promoteurs B. Dumas + L. Meurant)  

‣ Solving the MUHAI recipe execution benchmark with 
LLMs vs. qualitative simulation - stage UBremen  
(topic reserved)
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