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Abstract. Decentralized Training and Execution (DTE) is an appealing
paradigm in multi-agent reinforcement learning due to its scalability and
autonomy, yet it suffers from severe non-stationarity arising from simul-
taneously learning agents. This work shows how a model-based approach
can mitigate this issue without relying on centralized training or access
to global information and achieve performance comparable to the state-
of-the-art method from the currently dominant Centralized Training for
Decentralized Execution (CTDE) paradigm.
For this, a model-based algorithm is proposed, where each agent indepen-
dently learns an internal model of the environment dynamics from its own
experience and integrates this model into the decision-making process.
By acting according to its internal model rather than directly reacting to
the evolving environment, an agent’s policy becomes more stable, reduc-
ing the impact of non-stationarity created by other learning agents. The
proposed approach is evaluated and compared with independent Deep
Q-Networks and MADDPG, a CTDE algorithm. Experimental results
demonstrate that the model-based method achieves performance com-
parable to that of MADDPG, despite operating in a fully decentralized
manner. These results indicate that model-based, decentralized approach
can serve as an effective alternative to centralized training for cooperative
multi-agent reinforcement learning.

Keywords: Reinforcement learning · Multi-Agent · Model-Based.

1 Introduction

Multi-Agent Reinforcement Learning has shown potential to solve complex prob-
lems involving multiple autonomous agents. However, training agents in fully
decentralized manner remains challenging due to the inherent non-stationarity
of the environment: as each agent learns and updates its policy, the environment
effectively changes from the perspective of the others. This makes it difficult for
traditional reinforcement learning algorithms to converge, when agents cannot
rely on global information or inter-agent communication.

The goal of this paper is to explore whether a model-based approach can ad-
dress these challenges by enabling each agent to learn an internal model of the
environment and use it in its decision-making process. By reasoning about the
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consequences of actions through its own internal environment model rather than
reacting solely to the evolving environment, an agent could stabilize its policy
and achieve performance comparable to methods that rely on centralized train-
ing. A fully decentralized method that mitigates the effects of non-stationarity
could be useful in scenarios where centralized or global information is unavail-
able even for the learning phase (e.g., when training real-world robots without
any communication channels, relying only on their sensors).

1.1 The Problem Definition

Reinforcement Learning (RL) stems from the idea of learning through interaction
with the environment. Good actions should be rewarded and bad ones penalized,
thus reinforcing the behavior leading to the most positive outcomes in the long
run.

Markov Decision Processes From the computational point of view, the prob-
lem for RL algorithms can be defined as solving a Markov Decision Process
(MDP) [10], where the agent makes sequential decisions in some environment to
achieve some goal. (Such a definition is at least sufficient for single-agent Rein-
forcement Learning.) The goal is specified in some way by the reward function of
the MDP and the agent learns to maximize expected return — discounted sum
of the gained rewards (positive and/or negative scalars). The agent learns a pol-
icy π(s) that selects action based on the current state s in a way that maximizes
the expected return given that state and action. The agent’s objective therefore,
is to find policy π that maximizes expected discounted sum of rewards [10]:

E

[ ∞∑
t=0

γtRat(st, st+1)

∣∣∣∣∣ at = π(st), st+1 ∼ Pat(st, st+1)

]
(1)

where at = π(st) means that the action at in time step t is chosen from the
policy π for state st, and the next state, st+1, is sampled from the probability
transition function of the MDP for the chosen action at (Pat

), given state st.
γ is the discount factor for future time steps — the more steps into the future,
the less important the reward is. The expected sum of rewards over an infinite
horizon is calculated using the reward function Rat(st, st+1), which specifies the
scalar reward for transitioning from state st to state st+1 when performing the
action at.

Multi-Agent Reinforcement Learning Problem In Multi-Agent Reinforce-
ment Learning (MARL), the underlying problem is more complex to define. The
probability transition function is not only dependent on the action of the given
agent, but also on the choices of all other agents. Also, the objective of the agent
can change depending on what we want to achieve. Using game theory studies,
we can distinguish three basic scenarios of interaction between agents [1]. In
cooperative scenario, we want agents to work together to maximize their total

ICCS Camera Ready Version 2026
To cite this paper please use the final published version:

DOI: 10.1007/978-3-032-29909-3_5

https://dx.doi.org/10.1007/978-3-032-29909-3_5
https://dx.doi.org/10.1007/978-3-032-29909-3_5


A Case for Decentralized Model-Based Multi-Agent Reinforcement Learning 3

returns, so each agent needs to consider other agents behavior and adjust accord-
ingly. In competitive scenarios, each agent wants to maximize it’s own returns
against other agents’ policies. There are also mixed competitive and cooperative
scenarios. Most competitive cases can be solved efficiently using standard RL
algorithms in multi-agent setup, where each agent just simply tries to maximize
it’s own returns, which in turn forces other agents to improve as well — leading
to improved performance of all agents over time. Thus, we want to focus mainly
on the cooperative case.

For the purposes of this paper, we will define the MARL problem as a
Stochastic Game (Markov Game) [1, 7]. For each agent there is a separate set
of actions and separate reward function. State transition probability function
takes into consideration not just one action, but actions of all agents. Similar
to MDP, Stochastic Game has the Markov property, where the next state and
reward depend only on the current state and joint action, and are conditionally
independent of all previous states and joint actions.

1.2 Common Approaches and Challenges

How does one adapt reinforcement learning to work in multi-agent environments?
There is probably no single perfect solution for all cases, but current MARL
methods can be broadly divided into three approaches.

Centralized Training and Execution Centralized Training and Execution
(CTE) effectively reduces a multi-agent problem into a single-agent formulation
[1]. There is one policy that chooses actions for all agents at once. It requires
as input some representation of a global state. If it is not directly available, the
easy way to represent a global state is simply to concatenate observations of all
agents. Effectively, we have one controlling agent with huge action space (as it
needs to output action for all agents) to control multiple entities. As one can
quickly observe, the main drawback of the CTE approach is poor scalability,
as the action space (and possibly the observation space) grows exponentially
with the number of agents. It would also require communication between the
controlling agent and the controlled entities during execution. On the positive
side, the availability of global information about the environment mitigates the
problem of non-stationarity [13] from the agent’s perspective (meaning that, the
environment seems to change over time, when in reality only the policies of other
agents change).

Decentralized Training and Execution Using standard RL methods in
multi-agent environment leads to Decentralized Training and Execution (DTE)
approach [1]. Each agent trains and executes using only information available
to that agent. This makes it fully decentralized and easily scalable. In this case,
other agents are effectively part of the environment. However, this also creates
the main challenge of the approach: their policies change during training, ren-
dering the environment non-stationary from the agent’s perspective. A simple
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example of this approach is independent Q-learning (IQL), in which each agent
applies standard single-agent Q-learning [12] (or Deep Q-Learning, DQN [4]). In
recent years, at least one method has been proposed to address non-stationarity
in IQL: multi-agent alternate Q-learning (MA2QL) [8], where agents take turns
updating their policies via Q-learning. Learning one agent at a time is a sim-
ple solution, but certainly not perfect, especially if we want agents to be truly
decentralized and independent.

The goal of this article is to address the problem of non-stationarity in DTE
by modeling the environment from the perspective of the agent and using this
model in its decision making process. Since the agent will act according to its
internal environment model, changes in the environment (other agents’ policy
updates) should not immediately impact its policy; the agent must first adjust
its internal model to account for the change.

Centralized Training for Decentralized Execution The currently dom-
inant paradigm in multi-agent reinforcement learning (MARL) is Centralized
Training for Decentralized Execution (CTDE) [1], as it combines advantages of
centralized and decentralized approaches. Algorithms such as Multi-Agent Deep
Deterministic Policy Gradient (MADDPG) [3] require a separate training phase
in which any available information can be used. This may include the global
state of the environment, observations from other agents, or even their policies.
Contrary to CTE, CTDE methods do not require communication during exe-
cution. They execute in decentralized manner, using only observations available
to a given agent during execution, similarly to DTE. Although CTDE methods
scale better than fully centralized approaches, they can still suffer from scal-
ability issues — particularly when global state representations are formed by
concatenating all agents’ observations. Moreover, access to other agents’ actions
or policies during training might not be feasible in some use cases.

2 Model-Based Approach

This paper explores whether using an internal environment model in decision
making of an agent can mitigate non-stationarity effects of the Decentralized
Training and Execution approach and help it achieve performance comparable
to CTDE methods.

2.1 Model-Based Reinforcement Learning

What makes a reinforcement learning algorithm model-based? An algorithm is
model-based if it explicitly learns or is given a model of the environment and then
uses that model to plan [6]. The model approximates transition dynamics and
reward function of Markov Decision Process (or Markov Game in multi-agent
scenarios).

The environment model can be used two ways [6]: a) to simulate possible
trajectories ("mental rollouts") for additional experience to train policy or value

ICCS Camera Ready Version 2026
To cite this paper please use the final published version:

DOI: 10.1007/978-3-032-29909-3_5

https://dx.doi.org/10.1007/978-3-032-29909-3_5
https://dx.doi.org/10.1007/978-3-032-29909-3_5


A Case for Decentralized Model-Based Multi-Agent Reinforcement Learning 5

function without making decisions in real environment, e.g., Dyna algorithm [9];
b) to plan ahead for selecting the action.

2.2 Integration of Environment Model in Proposed Algorithm

Starting with the standard DQN algorithm [4], we want to modify it and inte-
grate an internal environment model that each agent will learn during training,
alongside with it’s state value function. We want agents to make decisions not
strictly on the basis of the current state but also based on what they believe will
happen when they choose each action according to their internal model. Intro-
duction of the environment model in decision making should stabilize policy of
the agent and limit the effects of non-stationarity, as it does not instantly reflect
changes in the environment (i.e. changes in other agents policies).

For each state, the agent predicts the next states and rewards one step ahead
(we possibly could predict more than one step ahead, but model inaccuracy will
have a compounding effect on predictions) and uses its state-value function,
V π(s), to approximate the future expected return for each next state. When the
predicted value for each action is calculated, the agent chooses the action using
the ϵ-greedy policy (the policy that picks the best action most of the time and
random action with probability given by small ϵ value [10]), just like in DQN
(and standard Q-Learning). The state-value function for the current policy is
trained using real experience gathered by the policy, which itself depends on the
current environment model. In contrast to the action-value function in DQN,
we cannot use off-policy experience (old, outdated, or generated by a different
policy [10]) to train the state-value function, as it can only be calculated for the
current policy π.

The environment model is trained on the agent’s own experiences (from re-
play buffer [5]), without access to any additional external or global information,
and represents the agent’s belief about how the environment behaves from its
perspective. The model can be trained asynchronously, provided that it eventu-
ally converges to accurately reflect the dynamics of the real environment (based
also on the current policies of other agents). The agent is capable of making deci-
sions using this imperfect model—which is necessary during early learning—and
optimizes its policy with respect to the current model. As the model progressively
converges to the real environment, the learned policy is expected to converge to
the optimal policy for the real environment as well. The above process is also
visualized in the figure 1.

State-value function. The state-value function is approximated using a simple
feed-forward neural network with 3 hidden layers that use the ReLU activation
function. It takes as input the current state and outputs one scalar — repre-
senting how valuable being in that state is (meaning, the expected future return
starting from that state and following the policy π, as described in equation 1).

Environment Model. The environment model is represented as a small feed-
forward neural network with 3 hidden layers that use ReLU activation function.
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Algorithm 1 Model-Based RL Algorithm
(Algorithm controls agent i)
1: Initialize predictive model T̂i and state-value function V πi

2: For every episode:
3: for t = 0, 1, 2, . . . do
4: Observe current state st

5: if explore with probability ε then
6: Choose random action at

i

7: else
8: Using model T̂i, obtain predicted next states ŝt+1

j and predicted rewards r̂tij
for each action j given the current state st

9: Calculate expected returns for each action j in current state
ER(aij , st) ← r̂tij + γV πi(ŝt+1

j )

10: Choose action at
i = argmaxaij ER(aij , st)

11: end if
12: (meanwhile, other agents j ̸= i choose their actions at

j)
13: Observe real reward rti and next state st+1

14: Add experience (st, a
t
i, r

t
i , st+1) to the agent’s Replay Buffer

15: Update state-value function using the gathered experience
V πi(st) ← V πi(st) + α[rti + γV πi(st+1)− V πi(st)]

16: Sample a batch of experiences B from Replay Buffer
17: Use batch B to update environment model T̂i
18: end for
(steps 16 and 17 can be done asynchronously)

It predicts the next states and rewards for each action given the current state.
So, it’s final goal is to approximate the transition and the reward function of the
environment. The predicted rewards and next states are then used to evaluate
which action is the best in the current state.

3 Experiments and Results

3.1 Testing Environment

As we are mainly interested in cooperative environments, a good choice for
testing environment is Cooperative Navigation from Multi-Agent Particle Envi-
ronments (MPE) introduced in [3] (see Fig. 2). It was used to test MADDPG
in the original paper and should serve as a good base for comparison with the
aforementioned CTDE algorithm. In this environment, agents need to spread to
cover a set of landmarks. Agents are forced to do this as fast as possible with-
out any communication and are penalized for colliding with each other. Each
agent has complete information about the positions of the landmarks and the
positions of other agents. The implementation of this environment used in ex-
periments comes from the PettingZoo [11] python library and is known there as
"Simple Spread."
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Fig. 1. Integration of the environment model into reinforcement learning routine: model
is trained using experience gathered in real environment and used in selecting action
alongside with state-value function of the current policy.

Fig. 2. Cooperative Navigation environment. Black dots are the landmarks that blue
agents need to cover.
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3.2 Results

The created model-based algorithm was evaluated in the Cooperative Navigation
environment, and its training results were compared with those of the indepen-
dent Deep Q-Networks (IQL algorithm) to assess whether integrating an envi-
ronment model effectively mitigates the non-stationarity problem. It was also
compared with the results of a straightforward implementation of the MAD-
DPG algorithm presented in [3] to evaluate whether a model-based approach to
DTE can achieve performance comparable to CTDE methods. Among CTDE
approaches, MADDPG is one of the most popular algorithms and is also the most
closely related to both the independent DQN and the implemented model-based
method.

The parameters of the environment (i.e., maximum number of steps, penalty
for colliding, etc.) were set to default (same as in the MADDPG paper that
introduced this environment).

3.3 Scalability

To verify that proposed approach performs well as the number of agents in-
creases, the tests included: the default test with 3 agents (as in the original
MADDPG paper), test with 4 agents, and with 8 agents in the environment.
The results of these tests and comparison of the performance with other algo-
rithms mentioned above are presented below.

3 agents. The model-based (MB) algorithm, independent DQNs, and MAD-
DPG were each trained for 200,000 episodes (5 million steps). Fig. 3 presents the
comparison of their training performance in terms of the total episodic reward
summed across all agents. To reduce variance in the per-episode rewards, the
results are shown as a moving average over the last 5,000 episodes.

In this test, independent DQNs showed no sign of improvement, while the
model-based method managed to surpass MADDPG, which is explicitly designed
to leverage global information in multi-agent environments. The 3 agents sce-
nario serves as the baseline, because that is how the MADDPG algorithm was
tested in the original paper.

4 agents. All three algorithms were trained in the environment with 4 agents for
one million episodes (25 million steps). The results are presented in Fig. 4. This
scenario served as the primary test case and clearly demonstrates the inability of
independent DQNs to solve the task due to agents’ perceived non-stationarity of
the environment. The model-based algorithm mitigates this issue and achieves
performance comparable to MADDPG, while doing so without providing the
agents with any additional external or global information about the environment.
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Fig. 3. Comparison of training results for Cooperative Navigation with 3 agents. Com-
pared algorithms: independent DQNs, Multi-Agent Deep Deterministic Policy Gradient
(MADDPG), and proposed Model-Based algorithm (MB).
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Fig. 4. Comparison of training results for Cooperative Navigation with 4 agents.
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8 agents. The model-based algorithm and MADDPG were also evaluated with
8 agents over 300,000 episodes (7.5 million steps). Their training performance is
shown in Fig. 5. While both methods could possibly benefit from further training,
the current results show that they achieve comparable performance.

Eight agents were used to evaluate the scalability of the Model-Based ap-
proach. This represents a twofold increase over the four-agent setting, while
larger numbers of agents were not considered due to significantly higher compu-
tational cost and runtime.
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Fig. 5. Comparison of training results for Cooperative Navigation with 8 agents.

3.4 Target network

The Deep Q-Network (DQN) algorithm employs a special target network [4],
which is a copy of the primary state-action value network (Q-network) but is
updated less frequently, remaining several steps “behind” the main network. This
target network is used to compute the target Q-values during training. By sep-
arating the target calculation from the main Q-network, DQN avoids the insta-
bility that arises when the same network is used to estimate both the current
Q-value and the target. This design stabilizes learning by providing a slowly
moving target, reducing oscillations and divergence in the Q-value updates, and
enabling the network to converge more reliably.

Since the proposed model-based algorithm is inspired by DQN (just using a
state-value function instead of a state-action value function), the effect of incor-
porating a target network for the state-value network was also investigated in
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a 4-agent Cooperative Navigation environment. The results, presented in Fig. 6,
indicate that using a target network improves the stability and performance of
the algorithm, although it may slow down initial learning.
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Fig. 6. Comparison of training results for Cooperative Navigation with 4 agents be-
tween the proposed model-based algorithm without a target state-value network and
with a target state-value network.

3.5 Partially Observable Stochastic Games

Training an agent in partially observable environments is especially challenging
because a single observation may correspond to multiple underlying states. To act
effectively, the agent must “remember” past events and base its decisions not only
on the current observation, but also on previous observations [1]. Such scenarios
can be formalized as Partially Observable Stochastic Games (POSGs) [1].

The only difference between Partially Observable Stochastic Game and a
standard Stochastic Game is that an agent does not have direct access to the full
environment state; it can only perceive a partial observation of it — for example,
a limited area surrounding itself. Formally, it means that for each agent there is
additionally defined a finite set of observations and an observation function [1],
which defines a probability distribution over the agent’s possible observations
given the current environment state and the last joint action of all agents.

This small change prevents agents from making fully informed decisions based
solely on their current observation. In a POSG, the policy of agent i, πi, is con-
ditioned on the agent’s observation history ht

i = (o0i , o
1
i , ..., o

t
i)which includes all
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past observations up to and including the most recent one [1]. Consequently, the
agent’s internal environment model and state-value function must take as input
the entire history of observations up to the current timestep. When implement-
ing this with deep neural networks, this necessitates the use of recurrent neural
networks (RNNs) or another mechanism capable of encoding a sequence of obser-
vations. This will also slow down learning, as each observation history represents
a different "state" for the agent, making the number of "states" quickly grow.

Preliminary results for POSG. The model-based algorithm was adapted for
the POSG framework by incorporating a simple history encoder-decoder archi-
tecture using small recurrent neural networks. The encoder recurrently processes
each new observation together with the hidden state from the previous step, ef-
fectively encoding the full history of observations from the beginning of the
episode. The decoder then recurrently reconstructs the encoded history to re-
trieve the most recent observation. The encoder and decoder are trained in an
autoencoder fashion with recurrent properties by minimizing a reconstruction
loss over the observations across timesteps. This ensures that the encoded his-
tory remains meaningful and can be accurately decoded back into the sequence
of observations that generated it. During training of the environment model, the
decoder is also used to ensure that the model predicts the correct next “state,”
that is, the correct next encoded history of observations.

Although there is no certainty that this architecture represents the optimal
approach for this model-based method, preliminary experiments suggest that
incorporating the full observation history in this way can improve agent per-
formance, where other tested methods have failed. However, these results are
currently limited to short tests in a single environment, and further evaluation
is required to assess the generality and effectiveness of this approach. During
training, rapid updates to the encoder–decoder network can cause the encoded
observation histories stored in the replay buffer to become outdated, as they
were generated using earlier versions of the encoder. Until the encoder–decoder
converges, this mismatch between stored representations and the current en-
coding function may introduce additional instability into the training of the
environment model. At the same time, maintaining a larger amount of historical
experience for training the environment model may be beneficial in later stages
of learning, as it can help stabilize the learned policy once the encoder–decoder
representations have largely converged.

For testing the architecture described above, the environment called Pursuit
introduced in [2] was used (its implementation comes from the PettingZoo li-
brary). Pursuer agents (red) are placed on the 16 x 16 grid with blue evaders
(evaders move randomly) and an obstacle shown in white in the middle (see
fig. 7). The goal of the pursuers is to catch all the evaders, but they need to
work together as 2 pursuers are required to catch an evader. Each pursuer re-
ceives a range-limited observation of its surroundings (marked as 7 x 7 orange
rectangle around an agent) and can move up, down, left, right, or stay.
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Fig. 7. Pursuit environment. Pursuer agents are marked as red dots, evaders are blue.

The maximum number of steps was reduced from 500 to 64, and the rest of
the parameters stayed default as per PettingZoo implementation. 500 steps is
excessive for this environment, and in practice it only slows down learning the
policy based on the full observation histories. The preliminary results of training
the model-based algorithm in Pursuit environment with 8 agents and 30 evaders
are shown in fig. 8. The tested architecture shows signs of improvement, but
there are no baseline comparisons yet, since both MADDPG and independent
DQNs would require similar modifications for POSG as well.

4 Conclusions

This work investigated whether a model-based reinforcement learning approach
can mitigate the non-stationarity inherent in Decentralized Training and Ex-
ecution. By equipping each agent with an internal model of the environment
and integrating this model into action selection, the proposed method stabi-
lizes learning without relying on centralized training, global state information,
or inter-agent communication.

Experimental results in the Cooperative Navigation environment demon-
strate that the proposed algorithm outperforms independent Deep Q-Networks
and achieves performance comparable to MADDPG, a representative algorithm
of the currently dominant Centralized Training for Decentralized Execution
paradigm. Importantly, these results hold across different numbers of agents,
indicating that the method scales well while preserving full decentralization.

The findings suggest that internal environment model is an effective mech-
anism for addressing non-stationarity in cooperative multi-agent settings (how-
ever, some quantitative indicators could — and likely should — be provided to
support this claim, such as policy change rates or other measures of stability.)

ICCS Camera Ready Version 2026
To cite this paper please use the final published version:

DOI: 10.1007/978-3-032-29909-3_5

https://dx.doi.org/10.1007/978-3-032-29909-3_5
https://dx.doi.org/10.1007/978-3-032-29909-3_5


14 Rafał Niedziółka-Domański

5000 6000 7000 8000 9000 10000 11000 12000
Episode

46.0

45.5

45.0

44.5

44.0

Av
er

ag
e 

To
ta

l R
ew

ar
d

MB

Fig. 8. Results of training 8 agents in Pursuit environment using Model-Based (MB)
algorithm.

and can serve as a viable alternative to centralized training. The code used to
produce above results is also available at:

https://github.com/rniedziolkad/MultiAgentRL/tree/f-spread_env

4.1 Future work

There is a need to check how the size of the replay buffer affects learning the en-
vironment model and, thus, how it affects performance. Additionally, the model-
based approach should be evaluated in a wider range of environments, partic-
ularly those with partial observability. As stated above, some stability metrics
could be used to provide empirical evidence that the proposed model alleviates
the non-stationarity problem.
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