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Multi-agent systems have a wide range of real-world applications in many fields, 

where multiple agents must cooperate to achieve their global objectives in a shared 

environment. 

Cooperative learning in multi-agent systems is a fundamental field within artificial 

intelligence. It aims to design autonomous agents capable of cooperation by learning 

and adapting to dynamic environments. As these environments become more 

complex, agents require learning strategies that allow them not only to react but also 

to evolve and build their own behavioral models to solve tasks collaboratively. 

Constructivist approaches consider agents as active entities capable of constructing 

their internal knowledge through experience and intrinsic motivation, without relying 

on predefined behaviors or external rewards. In this work, we propose a model that 

integrates constructivist learning concepts like schema and intrinsic motivation in 

cooperative multi-agent systems to enable agents to progressively build, refine 

behavioral schemas and to learn collaboration behaviors without external 

supervision.Furthermore, we evaluate the proposed architecture for solving the 

collaborative resources extraction problem in a grid environment simulation. The 

result shows that the agents are able to learn how to navigate and how to collaborate 

to extract resources and avoid obstacles.The emergence of collaborative and 

navigational behavior through constructivist learning and intrinsic motivation 

mechanisms can lead to the development of autonomous, self-motivated agents 

capable of cooperation. 

Keywords: machine learning, cooperative learning, multi-agent system, 

constructivist learning, collaboration, intrinsic motivation. 
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INTRODUCTION 

Multi-agent systems (MAS) have a wide range of real-world applications in many fields, such as robot 

control [1], precision agriculture [2], traffic signal control [3], underwater exploration [4], power 

dispatch [5], finance [6] and robotics-based rescue tasks [7]. 

A multi-agent system is made up of several entities called agents located in an environment, designed to 

solve tasks collectively. Cooperation between agents is necessary to achieve system goals. To achieve 

cooperative behavior, there are two approaches, static and dynamic. In the static case, the approach 

consists of hard pre-programming the agents so that in a given situation they perform the appropriate 

pre-defined actions, but this solution has the disadvantage that agents faced with a new situation fail to 

adapt well. 

Multi-agent learning (MAL), which is part of the dynamic approach, is a sub-domain of machine learning 

in which researchers are interested in developing self-learning agents capable of learning by interacting 

with their environment and with other agents. 

 MAL is an interdisciplinary field that intersects with many other domains, including evolutionary 

biology [8], [9] and economics [10], [11]. Social concepts like communication are important during the 

process of learning [12]. 

Among multi-agent learning solutions, we find “multi-agent reinforcement learning” (MARL) [r13}, 

which consists of using reinforcement learning in a collective context. Despite its success in several 

applications [14], [15], [16], it suffers from scalability problems (the state space in this type of learning is 

so large that it cannot be modeled a priori) and problems of adaptation to new situations. 

Knowing that the agents are located in complex environments, where changes can happen all the time, 

we defend the hypothesis that endowing a multi-agent system with a constructivist learning mechanism 

and intrinsic motivation gives its agents a capacity for adaptation, enabling them to learn how to 

collaborate.  

The rest of the paper consists of the following structure: the related works are presented in Section 2, the 

constructivist approach is presented in section 3,the proposed model is introduced in Section 4, 

experimental results and discussions are detailed in Section 5 and 6, and finally conclusions in Section 7. 

RELATED WORK 

Multi-agent reinforcement learning (MARL) remains at the center of MAS learning. Agents learn by 

interacting with their environments based on scalar rewards to optimize certain policies. Some MARL 

methods include Independent Q-Learning, where agents do not know the other agents’ policies, leading 

to non-stationarity [17], and MAD-DPG with full information during training and local execution [18]. 

 On the other side, several works have implemented constructivist learning in a single agent. In [19], the 

BEL-CA model, based on the idea that learning emerges from interaction, without explicit supervision, 

was presented. 

CCA is an extension of BEL-CA that introduces self-motivation mechanisms to enhance exploration 

through autotelic curiosity that drives the agent to seek novel interactions. This addition reduces the time 

spent in inefficient behaviors, guiding agents more directly toward meaningful schema development 

[20]. 

The Intrinsically Motivated Schema mechanism proposes a hierarchical approach where 
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Agents construct complex behaviors guided by internal motivational signals [21]. Replacing external 

reward signals (as in traditional reinforcement learning) with proclivity values (internal satisfaction 

signals) allows agents to behave in a goal-directed manner without requiring extrinsic reinforcement. 

The authors of [22] present a constructivist approach to state space adaptation applied to reinforcement 

learning. They used the Multi-Layer Growing Neural Gas (ML-GNG) clustering algorithm; their results 

show that the agent was able to adapt by learning suitable state spaces. 

 

THE CONSTRUCTIVIST LEARNING  APPROACH 

Intelligent systems are evolutionary and adaptive because they are endowed with learning mechanisms 

that enable them to learn by observing and interacting with their environments while constructing a set 

of internal representations. 

One approach to learning is constructivist learning. It is mainly inspired by developmental theory in 

cognitive psychology, based on the work of Piaget [23], [24]. 

Internal representations, called schemas in Piaget's work [25], represent the basic units that make up a 

cognitive system and, at the same time, the dynamics that govern it. 

This type of learning has certain characteristics that distinguish it from other approaches to learning. 

firstly, learning is considered to be a progressive, incremental process that passes through levels of 

increasing complexity and difficulty. At each level, the agent learns to construct knowledge in the form of 

representations that will be used in successive levels to obtain and construct more complex and abstract 

representations. 

Secondly, learning is an intrinsic process, i.e., motivations from within the system that drive the agent to 

learn and develop these skills, without necessarily having an external motivation (in the form of a 

reward) [26]. 

METHODS 

1. Proposed model 

In this section, we introduce our model based on a constructivist learning approach. We start by defining 

the notion of the schema and its structure, then we detail the architecture of the agents. 

In constructivist literature, the schema is considered the fundamental unit or the building block that 

constructs and forms the cognitive system. In our model, the schema is of the form 

<context,action,emotion>, where context represents the context in which the agent is situated, action is 

the action to be enacted in such context, and emotion is the new emotional state of the agent after 

enacting the action. We associate a numerical value with each schema that represents its valence 

(satisfaction) in the learning phase. 

Our multi-agent system is composed of n homogeneous agents interacting with the environment and 

with each other. The proposed agent architecture consists of the following modules: perception, learning, 

enaction, and emotion (figure 1). 
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Figure 1. the proposed  architecture of an agent  

the perception module is responsible for collecting data 

regarding the state of the environment as well as the internal state of the agent, which is called a context. 

A context is formed by the set of percepts in the form of a vector <p0,p1,p2,...,pn> , where pi is a percept.  

the Enaction is the part responsible for enacting the actions of the agent in the environment. 

Emotional states are stored in the emotion module, they are transmitted to the learning module to 

calculate the valences during the phase of updating  the constructed schemas. 

Table 1 contains the different primitive actions and associated emotions. 

Action Inaction Description Emotion state Valence  

Move forward succes Move to empty cell happy 5 
failure Bump obstacle sad -5 

Turn left succes Turn left to empty cell happy 5 
failure Bump obstacle sad -5 

Turn right succes Turn right to empty cell happy 5 
failure Bump obstacle sad -5 

Wait succes Wait close to a resource excited 10 
failure Wait far from a resource boring 0 

Move toward succes Get close a resource happy 20 
failure Bump obstacle boring 0 

Extract succes Extract a resource Very excited 50 
failure Extraction fails Very disoppointing -10 

Table 1.  primitive actions and emotions  

The last module to describe is the learning module. In this module, the agent's behavior is controlled 

through the construction of schemas and their enactions in the environment according to different 

contexts. 
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Algorithm 1. Schema selection algorithm 

 

The learning proceeds as follows (see Algorithm 1): 

1.   The agent constructs the context vector from the different perceptions. 

2.   A context-based selection mechanism generates a subset of schemas called candidate schemas. 

3.    A second selection based on valences to choose the schema to be enacted will take place. 

4.   The chosen schema is sent to the enaction module, which executes the action part of the schema. 

5.   An update of the schemas using the intrinsic feedback from the emotion module. 

 

2. Experience 

To test the model, we use collective resource extraction as testbed, assuming that resource extraction 

requires the collaboration of two or more agents. The agents must learn how to collaborate to extract 

resources . 

In this testbed, the environment in which the agents are situated is an NxN cell grid that contains 

obstacles in brown and resources are represented as red box (see figure 2). 

 

 

 

 

 

 

 

 

 

 

 

Figure 2. The collective resource extraction environment  

(agents in green and resource in red) 

 

The agent is equipped with sensors to detect obstacles, resources, and other agents, and actuators that 

allow it to move in different directions (forward, left, right, backward) to avoid obstacles and extract 

resources. 
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The agent is also equipped with an emotion management module in which its emotional state changes 

after the enaction of various actions in the environment (see Table 1). 

For example, if the agent fails to enact the action of moving because it hits an obstacle while trying to 

move, it feels pain in the emotion module; otherwise, it feels pleasure because it succeeds in performing 

an action. 

If he attempts to extract a resource and there is no other agent to help him, the enaction of the extraction 

action fails, and he feels very unhappy; however, if there is another agent, he succeeds in the enaction of 

the extraction of a resource and feels very happy. 

The system is composed of two agents who learn a set of schemas without any prior knowledge about the 

structure of the environment or the concept of collaboration. 

They must learn navigation schemas and cooperation schemas to accomplish the task of collaborative 

resource extraction. 

 

RESULTS 

In this section, we present results obtained  by simulation of  our model. Figure 3. illustrates the growth 

of the number of constructed schemas; we observe an exponential growth and then a convergence of the 

number of the stable schemes to 423 schemas after 10000 iterations. 

 

 

 

 

 

 

 

 

 

Figure 3.  Number of constructed schemas   Figure 4. Number of extracted 

resources 

 

Figure 4. shows that agents needed an 3200 iterations to successfully extract the first resource, and then 

they started to extract more resources in a shorter time, more then 50 object in the remaining 6800. 
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Figure 5. the curve of the  pain  

In Figure 5, we also see that the pain plot converges to a certain value (350) after that the agents learn to 

avoid obstacles and walls. 

from Table 2, we cite the most relevant schemas after 10000 iterations. for example, the schema 

[<no_obstacle, no_resource,no_agent>,move_forward,happy]  expresses a learned construction that 

helps the agent during navigation when there is not obstacles in his way, whereas the schema 

[obstacle_left, no_resource, no_agent>, turn_right, happy] and the schema 

[<obstacle_right,no_resource,no_agent>,turn_left, happy] expresses the common knowledge that when 

facing an obstacle, the agent has to change the direction.  

No context action Emotion 
 

Valence 

1 <no_obstacle,no_resource,no_agent> move_forward happy 7460 
2 <obstacle_left,no_resource,no_agent> turn_right happy 175 
3 <obstacle_left,no_resource,no_agent> turn_left sad -23 
4 <obstacle_right,no_resource,no_agent> turn_left happy 750 
5 <obstacle_right,no_resource,no_agent> turn_right sad -19 
6 <no_obstacle,resource_close,no_agent> wait exciting 7960 
7 <no_obstacle, resource _left,no_agent> move-toward happy 2700 
8 <no_obstacle,resource_right,no_agent> move-toward happy 8130 
9 <no_obstacle,resource_close,no_agent> extract very 

disoppointing 
-25 

10 <no_obstacle, resource _close,agent> extract very exciting 1400 
 

Table 2. snapshot of some constructed  schemas  

There are also the two schemas, [<no_obstacle,resource_close,no_agent>,wait, exciting] and 

[<no_obstacle, resource_close,agent>,extract,very_exciting], which are schemas that allow an agent 

to collaborate, meaning they are activated when the agent encounters a resource. The first schema 

expresses the notion of waiting next to a resource for other agents, and the second is used in the 

context of collective extraction. 

 Those results show the emergence of a collaborative and navigational behavior through 

constructivist learning and intrinsic motivation mechanisms. 
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DISCUSSION 

This section focuses on understanding why certain behaviors emerged, what they imply about the 

cognitive dynamics of each agent, and how they reinforce our central hypothesis: endowing a multi-

agent system with a constructivist learning mechanism and intrinsic motivation gives its agents a 

capacity for adaptation, allowing them to learn how to collaborate. 

The first observation is that the agents consistently construct more schemas, and they do it at a faster 

rate until the number of schemas stabilizes, which means that our agents start by exploring the 

environment (greater exploration exposes the agent to more diverse initial contexts/actions 

combinations); once this phase finishes, the number of schemas stabilizes and remains almost 

constant. 

The convergence of the pain curve means the agents learn the structure of the environment, and that 

allows them to avoid obstacles and walls, which leads to less bumping and so less pain. 

The extraction of the first resource by the collaboration of the agents took much time (3200 

iterations) because they had to learn the action of waiting for the help of the other agents and also 

learn to enact the action of extraction simultaneously by both of the agents. In the beginning of the 

simulation, even if the first agent learns to find a resource and wait for help, the second agent has not 

yet learned the appropriate schemas. 

Once the agents learn to construct the navigation schemas and collaborative schemas, and they learn 

to sequence behaviors, for example [move toward a resource, wait for help, extract], the collaboration 

of the agents takes less time, and more resources are easily extracted collaboratively. This is a sign of 

emerging collaborative complex behaviors. The agents are not just reacting; they are showing 

planning capability. 

The simulation results strongly support the hypothesis that constructivist learning and intrinsic 

motivation in a cooperative multi-agent system enhance the learning capacity, behavioral flexibility, 

and long-term performance of agents in collaborative tasks. 

CONCLUSION 

In this article, we designed and tested a cooperative multi-agent system  based on a vision deeply 

inspired by human cognitive development. By integrating Jean Piaget’s constructivist learning 

principles and intrinsic motivation mechanisms, we demonstrated that it is possible to create 

artificial agents capable of: 

o constructing their knowledge without supervision, 

o self-evaluating through the satisfaction derived from their interactions with the environment and 

the other agents, 

o collaborate to reach a common objectives. 

This model breaks with traditional learning approaches strictly guided by external rewards or human 

demonstrations. Through a simple environment, the agents were able to explore, fail, correct 

themselves, construct knowledge, and cooperate without a priori knowledge or external signals. 

Despite our contribution, we mention some limitations of this work, agents interact socially but 

without active communication or direct imitation, and also the simulation remains 2D, limiting the 

diversity of experiences. 
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Several avenues could extend and enrich this work, for example allowing agents to exchange 

schemas, or share experiences within a framework inspired by social or cultural learning, and 

application to real-world domains like robotics-based rescue tasks, and underwater exploration. 
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