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Abstract

hence, agents need to explore over policies rather than actions. As
a consequence, solving Dec-POMDPs involves searching through
the space of tuples of decentralized policies that map individual
action-observation histories to actions. This space is double exponential [27]:
!
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Reinforcement learning (RL) in partially observable, fully cooperative multi-agent settings (Dec-POMDPs) can in principle be used
to address many real-world challenges such as controlling a swarm
of rescue robots or a team of quadcopters. However, Dec-POMDPs
are significantly harder to solve than single-agent problems, with
the former being NEXP-complete and the latter, MDPs, being just
P-complete. Hence, current RL algorithms for Dec-POMDPs suffer
from poor sample complexity, which greatly reduces their applicability to practical problems where environment interaction is costly.
Our key insight is that using just a polynomial number of samples,
one can learn a centralized model that generalizes across different policies. We can then optimize the policy within the learned
model instead of the true system, without requiring additional environment interactions. We also learn a centralized exploration
policy within our model that learns to collect additional data in
state-action regions with high model uncertainty. We empirically
evaluate the proposed model-based algorithm, MARCO∗ , in three
cooperative communication tasks, where it improves sample efficiency by up to 20x. Finally, to investigate the theoretical sample
complexity, we adapt an existing model-based method for tabular MDPs to Dec-POMDPs, and prove that it achieves polynomial
sample complexity.

where |𝑂 | is size of the observation space, |𝐴| is size of the individual
action space, 𝐻 is the horizon, and 𝑁 is the number of agents. Since
finding an optimal solution is doubly exponential in the horizon,
the problem falls into a class called non-deterministic exponential
(NEXP)-Complete [4].
Solving problems in this class is much harder than solving MDPs,
which is just P-complete [29]. Indeed, current deep multi-agent RL
algorithms for learning approximate solutions in Dec-POMDPs,
which mostly extend model-free approaches such as independent
learning [43], suffer from high sample complexity [2, 34]. This limits
their applicability in real world problems and other settings where
interactions with the environment are costly.
To address the problem of high environment sample complexity, MARCO uses a model-based approach. This is motivated by
two reasons: 1) We take advantage of centralized training in DecPOMDPs to learn a model of the environment that generalizes
across different policies in just a polynomial number of samples (in
the joint-action space and state space) like in single agent RL [38].
In contrast, as mentioned above, the sample complexity for learning
an optimal policy is much larger in Dec-POMDPs (NEXP-complete
vs P-complete). And 2) commonly in Dec-POMDPs, there are many
possible optimal policies, where each of these only uses a small
part of all possible states-action pairs during self-play. For learning
an optimal policy, it is sufficient for the model to cover the stateaction space associated with any one of these equilibria. Therefore
in multi-agent settings, it is usually unnecessary to learn a good
model of the entire environment.
Summary of contributions. This work makes four key contributions:
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Introduction

Decentralized partially observable Markov Decision Processes (DecPOMDPs) describe many real-world problems [22, 31], but they
are significantly harder to solve than Markov Decision Processes
(MDPs). This is because the policy of one agent in Dec-POMDPs
effectively serves as the observation function of other agents and,

(1) First, we propose MARCO, a model-based learning algorithm
for Dec-POMDPs. MARCO leverages centralized training to learn a
model of the environment that generalizes across different policies.
Within this model, we optimize the agents’ policies using standard
model-free methods, without using additional samples from the
true environment.

∗ MARCO is short for Multi-Agent RL with Centralized Models and Exploration
Code available at https://github.com/irenezhang30/MARCO/.

Proc. of the 21st International Conference on Autonomous Agents and Multiagent Systems
(AAMAS 2022), P. Faliszewski, V. Mascardi, C. Pelachaud, M.E. Taylor (eds.), May 9–13,
2022, Online. © 2022 International Foundation for Autonomous Agents and Multiagent
Systems (www.ifaamas.org). All rights reserved.
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(a) MARCO algorithm.

(b) Agent policies (Observation as input).

(c) Exploration policies (State as input).

Figure 1: Overview of the MARCO algorithm. Blue arrows indicate information flow during training, and green arrows indicate during test
time. (a) MARCO alternates between policy optimization and model learning. During model learning, MARCO learns a centralized model that
approximates the task environment. During policy optimization, MARCO updates the agents’ policies using any model-free MARL algorithm
of choice within the learned model. MARCO also learns a centralized exploration policy, which is used to collect data in the task environment
for model learning. (b) Information flow between the agents’ policies and the environment. The agents’ policies are decentralized (i.e. they
only take individual observations as input). (c) Information flow between the exploration policies and the environment. The exploration
policies are centralized (i.e. they take the state as input). Instead of a single exploration policy across the joint-action space, which grows
exponentially with the number of agents, MARCO uses one exploration policy per agent.

(2) In most existing Dyna-style RL algorithms [40, 41], data for
model learning is collected using the agent’s current policy. This is
inefficient when data in the same state-action space is re-collected.
To further improve sample complexity, MARCO uses a centralized
exploration policy. This policy specifically collects data in parts of
the state-action space with high model uncertainty and is trained
inside the model to avoid consuming additional environment samples.
(3) To analyze the theoretical sample efficiency of model-based RL
methods in Dec-POMDPs, we adapt R-MAX [5], a model-based dynamic programming algorithm for MDPs, to tabular Dec-POMDPs.
Like MARCO, our adapted R-MAX also learns centralized models
and performs exploration through “optimism in the face of uncertainty” [5]. We prove that this adapted R-MAX algorithm achieves
a sample complexity polynomial in the size of the state and the
joint-action space.
(4) And finally, we conduct empirical studies comparing MARCO
with model-free state-of-the-art multi-agent RL (MARL) algorithms
in three cooperative communication tasks, where MARCO improves
sample efficiency by up to 20x.

2

learn an ensemble of models [21] and selecting one model randomly
for each rollout step. Furthermore, the variance across the different
models is a proxy for model uncertainty, which is used by e.g. Buckman et al. [7], Kalweit and Boedecker [18], Yu et al. [48]. During
training in areas of high model-uncertainty these methods either
penalize the agent or fall back to the real environment. A different approach is to actively explore in state-action space with high
model uncertainty to learn better models [1, 37]. Our work uses the
latter approach of active exploration, and closely aligns with [37],
where we also explicitly learn an exploration policy within the
learned model to perform data collection.
Model-free MARL for Dec-POMDPs Most deep RL work on learning in Dec-POMDPs uses model-free approaches. These methods
can be roughly divided into two classes, value-based methods,
e.g. [32, 39, 42], which build on DQN [25] and DRQN [15], and
actor-critic methods, such as [10, 23]. These methods show good results in many tasks, but the number of samples required often goes
into the millions or billions, even for environments with discrete or
semantically abstracted state-action spaces [2, 33]. Orthogonal to
our approach, few works have been proposed to address the sample
complexity problem of MARL algorithms using off-policy learning
methods [16, 45].

Related Work

Single Agent Model-Based RL In RL problems, we generally do not
assume prior knowledge of the environment. Model-free methods
learn policies from interacting with the environment. In contrast,
model-based RL (MBRL) methods first learn a model of the environment and use the model in turn for decision making. MBRL is well
explored in the context of single-agent RL, and has recently shown
promising results [13, 14, 35] across a variety of tasks [3, 44].
One problem of MBRL is that learning a perfect model is rarely
possible, especially in environments with complex dynamics. In
these settings, overfitting to model errors often hurt the test time
performance. A popular method for addressing this problem is to

Model-based work in MARL A popular branch of work in the
multi-agent setting studies opponent modelling. Instead of learning
the dynamics of the environment, agents infer the opponents’ policy
from observing their behaviour to help decision making [6, 12, 24].
Along this line of work, Wang et al. trains an explicit model for
each agent that predicts the goal conditioned motion of all agents
in the partially observable environment.
There is little research in MARL that learns a model of the environment dynamics, as we do in our work (i.e. predicting the
successor state from a state-action pair). Zhang et al. theoretically

1501

Main Track

AAMAS 2022, May 9–13, 2022, Online

analyse the sample complexity of model-based two-player zerosum discounted Markov games, but do no present empirical studies.
Krupnik et al. propose a multi-step generative model for two-player
games, which does not predict the successor state, but the sequence
of future joint-observation and joint-actions of all agents. Concurrent to our work, MAMBPO [47], most closely aligns with ours.
Here, the authors learn a model of the environment, within which
they perform policy optimization. While this work is concurrent to
ours, there are also two key differences: 1) it does not learn a centralized exploration policy, and 2) MAMBPO uses the joint-observation
and joint-action at the current timestep to predict the next jointobservation and reward. In contrast to our fully centralized model,
which conditions on the central state, their model is not Markovian
(see Figure 2). We illustrate this by a simple example: Suppose other
agents in the environment can flip a light switch, but lights actually
only turn on after a delay of 10 timesteps, which is reflected by a
count-down value in the central state (not observed by any of the
agents). The joint-observation and joint-action alone at the current
timestep is insufficient for predicting the next joint-observation. In
this example, the history of at least 10 past joint-observation and
joint-action is required.

3

Figure 2: Probabilistic graphical models of the different possible
learned Dec-POMDPs observation models. We use the notation −𝑗
to denote the set of agents {1, .., 𝑛 } \ 𝑗. The yellow box shows the
centralized observation model 𝑂𝜓 (ot |𝑠𝑡 , at−1 ) learned by MARCO.
The MARCO model is Markovian because the central state is used.
It is also stationary since the environment dynamics are assumed
to be stationary. The blue box shows the partially centralized
model 𝑂 (ot |ot−1 , at−1 ) learned by MAMBPO [47]. The model is nonMarkovian because using the current timestep’s joint-observation
instead of the central state is insufficient to make the prediction.
𝑗 𝑗
𝑗
The red box shows the decentralized model 𝑂 𝑗 (𝑜𝑡 |𝑜𝑡 −1 , 𝑎𝑡 −1 ), which
is also non-Markovian because the central state is not used. It is also
non-stationary because the model depends on the policies of other
−j
agents 𝜋𝜃 , which are updated throughout training.

Background

3.1

Dec-POMDPs

We consider a fully cooperative, partially observable task that is
formalized as a decentralized partially observable Markov Decision
Process (Dec-POMDP) [26] F = ⟨𝑆, 𝐴, 𝑃, 𝑅, 𝑍, 𝑂, 𝑁 , 𝛾, 𝑑 0 ⟩. 𝑠 ∈ 𝑆
describes the central state of the environment, and 𝑑 0 is the initial
state distribution. At each timestep, each agent 𝑗 ∈ 𝐽 ≡ {1, . . . , 𝑁 }
draws individual observations 𝑜 𝑗 ∈ 𝑍 according to the observation
function 𝑂 (𝑠, a) : 𝑆 × A → Z. Each agent then chooses an action
𝑎 𝑗 ∈ 𝐴, forming a joint-action a ∈ A ≡ 𝐴𝑁 † . This causes a
transition in the environment according to the state transition
function 𝑃 (𝑠 ′ | 𝑠, a) : 𝑆 × A × 𝑆 → [0, 1]. All agents share the same
reward function 𝑅(𝑠, a) : 𝑆 × A → R and 𝛾 ∈ [0, 1) is a discount
factor.
Each agent has an action-observation history (AOH) 𝜏 𝑗 ∈ 𝑇 ≡
(𝑍 ×𝐴) ∗, on which it conditions a stochastic policy 𝜋 𝑗 𝑎 𝑗 | 𝜏 𝑗 : 𝑇 ×
𝐴 → [0, 1]. The joint-policy 𝜋 induces a joint action-value function:
Í∞ 𝑖
𝑄 𝜋 (𝑠𝑡 , a𝑡 ) = E𝑠𝑡 +1:∞ ,a𝑡 +1:∞ [𝑅𝑡 | 𝑠𝑡 , a𝑡 ] , where 𝑅𝑡 = 𝑖=0
𝛾 𝑟𝑡 +𝑖 is
the discounted return.

3.2

a model-free RL algorithm of choice from data generated by the
learned model.

3.3

Most MARL methods for approximately solving Dec-POMDPs fall
in the category of model-free methods. Many use the centralized
training for decentralized execution (CTDE) framework [10, 19, 28],
i.e., the learning algorithm has access to all global information,
such as the joint-actions and the central state, but, at test time, each
agent’s learned policy conditions only on its own AOH 𝜏 𝑗 .
A popular branch of multi-agent methods for partially observable, fully cooperative settings is based on Independent Q-Learning
(IQL) [42, 43]. IQL treats the Dec-POMDP problem as simultaneous single-agent problems. Each agent learns its own Q-value that
conditions only on the agent’s own observation and action history,
treating other agents as a part of the environment. MAPPO [8],
another independent learning algorithm, extends PPO [36] to DecPOMDPs. The advantage of independent learning is that it factorizes
the exponentially large joint-action space. However, due to the nonstationarity in the environment induced by the learning of other
agents, convergence is no longer guaranteed. Works like VDN and
QMIX [32, 39] partially address this issue by learning joint Q-values.
The former uses the sum of value functions of individual agents
as the joint Q-values, while the latter learns a function parameterized by a neural network to map from individual Q-values to joint
Q-values using the central state.

Dyna Style Model-Based RL

RL algorithms fall under two classes: model-free methods, where
we directly learn value functions and/or policies by interacting
with the environment, and model-based methods, where we use
interactions with the environment to learn a model of it, which
is then used for decision making. Dyna-style algorithms [40, 41]
are a family of model-based algorithms for single-agent RL where
training alternates between two steps: model learning and policy
optimization. During model learning data is collected from the environment using the current policy and is used to learn the transition
function. During policy optimization the policy is improved using
† Bold

Model-Free Multi-Agent Approaches

notation indicates joint quantity over all agents.
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Methods

Algorithm 1 MARCO: Multi-Agent RL with Centralized Models
and Exploration

Optimally solving, or even finding an 𝜖-approximate solution for,
Dec-POMDPs is NEXP-complete [4, 30], which is significantly
harder than solving MDPs with a complexity of P-complete [29].
This provides a strong motivation for using a model-based approach
in Dec-POMDPs, as the number of samples required for learning a
centralized model is polynomial in the state-action space, like in
single-agent-RL [38].
To learn a policy in Dec-POMDPs, MARCO (see Figure 1) adapts
Dyna-style model-based RL to the multi-agent setting, as shown in
Algorithm 1‡ , which alternates between learning an approximation
of the Dec-POMDP, F̂ , and optimizing the policy within F̂ . We
refer to F̂ as the model for the remainder of the paper. The two
key contributions of MARCO are 1) learning a stationary model via
centralized training, and 2) actively collecting data using a separate
centralized exploration policy trained inside the model not requiring
additional environment samples.

1:
2:
3:
4:
5:
6:
7:
8:

Input: Number of ensemble models 𝑚, and uncertainty hyperparameter 𝜆.
Initialize action-value functions 𝑄𝜃 , 𝑄𝜙 .
Initialize 𝑚 ensemble environment models F̂𝑖
=
{𝑅𝑖,𝜓 ,𝑇𝑖,𝜓 , 𝑂𝑖,𝜓 , 𝑃term,i𝜓 } for 𝑖 = 1, .., 𝑚.
Initialize a dataset 𝐷 with samples collected using a random
policy from the real environment F .
repeat
Train model F̂ using dataset 𝐷.
Update 𝑄𝜃 using model-free algorithm of choice within a
randomly chosen model F̂𝑖 .
Update 𝑄𝜙 using model-free algorithm of choice in a centralized fashion within a randomly chosen model F̂𝑖 as follows:
ˆ

𝑟˜ (𝑠𝑡 , at ) =

4.1

Model-Based MARL with Centralized
Models

𝑟 explore = 𝑅𝜓 (𝑠𝑡 , at, 𝑠𝑡 −1 ) + 𝜆𝑟˜ (𝑠𝑡 , a𝑡 )
𝑛
Õ

𝑦 = 𝑟 explore + 𝛾 max
𝑄 target 𝑠𝑡 +1, 𝑎 ′, 𝑗; 𝜙 −
′
a

𝑇𝜓 (𝑠𝑡 +1 |𝑠𝑡 , at )

Observation model :

𝑂𝜓 (ot |𝑠𝑡 , at−1 )

Termination model :

𝑃term𝜓 (termination|𝑠𝑡 , at )

𝑉 𝑎𝑟 ({ 𝑓ˆ𝑘,𝑖,𝜓 (𝑠𝑡 , at )}𝑖=1,..,𝑚 )

𝑓ˆ ∈ F̂ 𝑘=1

The model F̂ is composed of the following components, each of
which is a parameterized, learned approximation of the original
Dec-POMDP F :
Reward model :
𝑅𝜓 (𝑟𝑡 |𝑠𝑡 , at−1, 𝑠𝑡 −1 )
Dynamics model :

(𝑓 )
Õ 𝑑Õ

9:

In the single-agent, fully observable MBRL setting, the agent learns
a dynamics model, and sometimes a reward and termination model.
In MARCO, we also learn an observation model.
MARCO takes advantage of CTDE by letting all of our models
condition on the central state as well as the joint-action. The importance of centralized model learning can be illustrated as follows:
For example (see Figure 2), if the observation model is learned in
𝑗 𝑗
𝑗
a decentralized fashion (i.e. 𝑂 (𝑜𝑡 |𝑜𝑡 −1, 𝑎𝑡 −1 )), then the actions of
other agents, even when unobserved, can change the transition
function of agent 𝑗 (i.e. if another agent turns on a light, agent
𝑗 will observe that the light transitioned from “off” to “on”). As
agents’ policies are changing throughout training, the observation model thus is non-stationary and would have to be re-learned
at various stages during training. In contrast, MARCO learns a
fully centralized model which approximates the stationary ground
truth Dec-POMDP. Crucially, while in Dec-POMDPs agents have
to explore over policies, MARCO allows agents to learn a single
stationary model that is simultaneously accurate for all different
policies being explored.
Each component of the model is parametrized by a separate
neural network and is trained using supervised learning through
maximizing the likelihood of the collected data. Similar to Kurutach et al., we train an ensemble of models to prevent the policy
from overfitting to and exploiting model errors. When generating

10:

(2)

𝑗=1

2
𝑏 
𝑛
Õ
Õ
ª 
©𝑦𝑖 −
L (𝜙) =
𝑄
(𝑠,
a,
𝑗;
𝜙)
®

,

𝑖=1 «
𝑗=1
¬ 
where 𝑑 ( 𝑓ˆ) is the dimensionality of the model component 𝑓ˆ.
Collect samples from environment F using centralized exploration policy 𝜋𝜙 and add them to 𝐷.
until Maximum environment samples is used.

rollout data using the model, we randomly sample which one of
the ensemble models to generate from.

4.2

Model-Based MARL with Centralized
Exploration Policy

MARCO collects data for model learning from a separate exploration policy 𝜋𝜙 . Ideally, we want to collect data in regions of the
state-action space with high model uncertainty. To quantify this
epistemic uncertainty, we use the variance of the models in the
ensemble, which we denote as 𝑟˜ in equation 2. To prevent the exploration policy from wandering off to regions irrelevant to the search
space of the policies, the exploration policy should also optimize for
the original objective. Hence, we set the reward of the exploration
policy as the linear combination of 𝑟˜ and the reward generated by
the reward model 𝑅𝜓 . The hyper-parameter 𝜆 controls the trade-off
between exploration and exploitation. The exploration policy is
learned entirely in the model, without using additional samples
from the ground truth environment. To train the exploration policy,
we use VDN (or QMIX), and again fully exploit CTDE by using the
central state inside the model. By conditioning on the central state,
the exploration policy is able to more quickly return to the frontier,
where high model uncertainty starts to occur. This avoids repeating

‡ For ease of notation, the input to all components 𝑓ˆ ∈ F̂ in Algorithm 1 is written
as 𝑠𝑡 , at . Actual inputs of 𝑓ˆ vary based on which model component 𝑓ˆ is.
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Algorithm 2 Adapted R-MAX for Dec-POMDPs

data collection in regions of the already known state-action space,
allowing more sample efficient model learning.
Note that although MARCO’s exploration policies uses centralized information, each agent’s exploration policy outputs only their
respective action. This is opposed to learning a single exploration
policy that outputs the joint-action, which becomes intractable due
to the exponential joint-action space.

5

1:
2:
3:
4:
5:
6:
7:

Sample Complexity in Tabular Dec-POMDPs

8:

We investigate the theoretical sample complexity of model-based
Dec-POMDP methods. To do so, we make four additional assumptions that are not required for MARCO a) discrete and finite state,
observation and action space b) at each timestep, the reward is
bounded 0 ≤ 𝑟 (𝑠, a) ≤ 1, c) finite horizon, and d) deterministic
observation function. Under these assumptions, we show that an
idealized model-based method achieves a sample complexity polynomial in the size of the state and joint-action space.
We modify R-MAX [5], an MBRL algorithm for MDPs, to the
Dec-POMDP setting (see Algorithm 2). We refer to our modified
algorithm as the Adapted R-MAX for the remaining of the paper.
Like MARCO, the Adapted R-MAX aims to learn a near-optimal decentralized joint-policy for a given Dec-POMDP 𝐷. Our adaptation
of R-MAX also takes full advantage of CTDE by learning centralized
ˆ a), and 𝑂ˆ (𝑠) using empirical estimates. Using
models 𝑃ˆ (𝑠, a), 𝑅(𝑠,
the centralized models, the Adapted R-MAX constructs an approximate K-known Dec-POMDP 𝐷ˆ 𝐾 (see Definition 5.1), where 𝐾 is
the set of state-action pairs that has been visited at least 𝑚 times.
Within the model 𝐷ˆ 𝐾 , we then evaluate all possible joint-policies
𝜋 ∈ Π and choose the best one. Both MARCO and our adaptation
of R-MAX encourage exploration in parts of the state-action space
with high model uncertainty. The former performs exploration
through a separate centralized exploration policy, while the latter performs exploration through optimistically setting the reward
function of under-visited state-action pairs (i.e. those not in 𝐾).

9:
10:
11:

𝐷𝐾

12:
13:
14:
15:
16:
17:
18:
19:
20:



𝑃 (𝑠 ′ | 𝑠, a)
1 [𝑠 ′ = 𝑠]

( 𝑛 (𝑠,a,𝑠 ′ )

𝐾


𝑅𝐾 (𝑠, a) =

𝑅 (𝑠, a)
𝑅max

← arg max𝜋 𝐽𝐷ˆ (𝜋)
𝐾
𝐷𝐾



𝐽𝐷 (𝜋) = E𝑠∼𝑑0 𝑉 𝜋 (𝑠) .

(3)

Theorem 5.1. Suppose that 0 ≤ 𝜀 < 1 and 0 ≤ 𝛿 < 1 are two
 real

numbers and 𝐷 is any Dec-POMDP. There exists inputs 𝑚 = 𝑚 𝜀1 , 𝛿1



2 
(𝑆+ln(𝑆A/𝛿))𝑉max
and 𝜀, satisfying 𝑚 𝜀1 , 𝛿1 = 𝑂
such that if the
2
2
𝜀 (1−𝛾 )
Adapted R-MAX algorithm is executed on 𝐷 with inputs 𝑚 and 𝜀, then
the following holds: Let 𝜋 ∗ˆ denote the Adapted R-MAX ’s policy.

if (𝑠, a) ∈ 𝐾
otherwise

𝐷𝐾

With probability at least 1 − 𝛿, 𝐽𝐷 (𝜋 ∗ ) − 𝐽𝐷 (𝜋 ∗ˆ ) ≤ 2𝜖 is true for
𝐷𝐾
all but




1
|𝑆 ||A|
|𝑆 ||A|
3
𝑂
|𝑆
|
+
ln(
)
𝑉
ln
max
𝛿
𝛿
(1 − 𝛾) 2𝜖 3

otherwise
if (𝑠, a) ∈ 𝐾
otherwise

Í𝑛 (𝑠,a)


𝑟 (𝑠,a)

 𝑖
,

if (𝑠, a) ∈ 𝐾
𝑛 (𝑠,a)

𝑅max,
otherwise


𝑂 (𝑠)
if (𝑠, ·) ∈ 𝐾
𝑂 𝐾 (𝑠) =
random observation otherwise

o where 𝑛 (𝑠, o) > 0
if (𝑠, ·) ∈ 𝐾
𝑂ˆ 𝐾 (𝑠) =
random observation otherwise

𝑅ˆ𝐾 (𝑠, a) =

𝜋 ∗ˆ

Definition 5.2. Given a decentralized joint-policy 𝜋, we estimate
its value 𝐽 (𝜋) in a Dec-POMDP 𝐷, defined as the expected reward
obtained by following the joint-policy in 𝐷,

if (𝑠, a) ∈ 𝐾

𝑛 (𝑠,a) ,
1 [𝑠 ′ = 𝑠] ,


𝑃ˆ𝐾 𝑠 ′ | 𝑠, a =

Let 𝑟 be the immediate reward and 𝑠 ′ the next state after
executing action a from state 𝑠.
if 𝑛(𝑠, a) < 𝑚 then
𝑛(𝑠, o) ← 1 // Record observation
𝑛(𝑠, a) ← 𝑛(𝑠, a) + 1
𝑟 (𝑠, a) ← 𝑟 (𝑠, a) + 𝑟 // Record immediate reward
𝑛(𝑠, a, 𝑠 ′ ) ← 𝑛(𝑠, a, 𝑠 ′ ) + 1// Record immediate nextstate
if 𝑛(𝑠, a) = 𝑚 then
for all 𝜋 ∈ Π do:
Obtain 𝐽𝐷ˆ (𝜋) using Monte Carlo rollouts in 𝐷ˆ 𝐾 .

21:

Definition 5.1 (K-Known Dec-POMDP). 𝐷𝐾 is the expected version of 𝐷ˆ 𝐾 where:


𝑃𝐾 𝑠 ′ | 𝑠, a =

Input: 𝛾, 𝑚.
for all (𝑠, o) do
𝑛(𝑠, o) ← 0
for all (𝑠, a) do
𝑟 (𝑠, a) ← 0
𝑛(𝑠, a) ← 0
for all 𝑠 ′ ∈ 𝑆 do
𝑛(𝑠, a, 𝑠 ′ ) ← 0
for 𝑡 = 1, 2, 3, · · · do
Let 𝑠, o denote the state and observation at time 𝑡 respectively.
Choose action a according to 𝜋 ∗ˆ

episodes.
Theorem 5.1 shows that Adapted R-MAX acts near-optimally
on all but a polynomial number of steps. These results confirm
the motivation of MARCO, i.e. that an idealized MBRL method
for Dec-POMDPs can indeed have polynomial sample complexity.
The proof (see the appendix [50]) is heavily based on results from
Jiang and Strehl et al., but for the first time extends them to the
Dec-POMDP setting.

To study the sample complexity of the Adapted R-MAX, we
define the value of a joint-policy as follows:
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all agents have crossed the bridge (i.e. all agents are at position 3
on the bridge), the switch riddle starts. Now agents proceeds like
the above task, except that the agent currently in the room has
𝑗
access to additional actions 𝑎𝑡 ∈ { “None”, “Tell”, “Turn on lights”,
“Turn off lights”, “Left”, “Right”, “End episode ”}. Selecting “Left”
or “Right” is equivalent to selecting “None”, and selecting “End
episode” terminates the episode early with a return of 0. We set the
time horizon to 𝐻 = 9.

(a) Bridge crossing phase.

The Simple Reference Game This task is a part of the multi-agent
particle environment (MPE) [23], and consists of two agents, that
are placed in an environment with three landmarks of differing
colors. At the beginning of every episode, each agent is assigned
to a landmark of a particular color. The closer the agents are to
their assigned landmark, the higher their reward. However, agents
themselves don’t observe their own assigned color, only the other
agent’s assigned color. At each timestep, each agent chooses two
actions: A movement action ∈ { “Left”, “Right”, “Up”, “Down”, “Do
nothing”}, and one of the 10 possible messages that is sent to the
other agent.

(b) Switch riddle playing phase.

Figure 3: Switch riddle with bridge. (a) The game begins with the
bridge crossing phase. All agents start on the left side of the
bridge. At each timestep, each agent chooses an action from {“Left”,
“Right”, and “End episode”}. (b) Switch riddle playing phase [11].
After all agents arrive at the right side of the bridge, every timestep
one agent gets sent to the interrogation room where they see the
switch and choose an action from {“On”, “Off”, “Tell”, “None”,
“Left”, “Right”, and “End episode”}.

6
6.1

6.2

Experiment Details §

Model Learning The dynamics model in the two switch tasks is an
auto-regressive model implemented using GRUs [9]. The remaining
components of the model F̂ are implemented using fully connected
neural networks. All model components are trained in supervised
manner via maximum likelihood.

Experiments
Environments

We evaluate the sample efficiency of MARCO against model-free
MARL algorithms on three fully cooperative, partially observable
communication tasks, the switch riddle [11], a variant of the switch
riddle, and the simple reference game from the multi-agent particle environment (MPE) [23]. We explicitly chose communication
tasks because one agent’s belief is directly affected by other agents’
policies, resulting in the larger policy search spaces typical for
Dec-POMDPs.

Dataset Collection The initial dataset is gathered with a random
policy for all MARCO experiments. In the switch without bridge
task, 5k samples are collected from the environment after every 10k
training steps in the model. No further data is collected beyond 10k
samples. For the switch with bridge and the MPE tasks, 10k samples
are collected from the environment after every 50k training steps
in the model. No further data is collected beyond 50k samples.

Switch without Bridge [11] At each timestep 𝑡, a random agent
𝑗 ∈ {1, 2, 3} is sent into the interrogation room for one timestep.
Each agent observes whether it is currently in the room, but only
the current agent in the room observes whether the light switch in
the room is “On” or “Off”. If agent 𝑗 is in the interrogation room,
𝑗
then its actions are 𝑎𝑡 ∈ { “None”, “Tell”, “Turn on lights”, “Turn
off lights”}; otherwise the only action is “None”. The episode ends
when an agent chooses “Tell” or when the maximum timestep, 𝑇 ,
is reached. The reward 𝑟𝑡 is 0 unless an agent chooses “Tell”, in
which case it is 1 if all agents have been to the interrogation room,
and −1 otherwise. Finally, to keep the experiments computationally
tractable we set the time horizon to 𝑇 = 6.

Policy Optimization The model-free baseline for each task is
chosen by finding the most sample efficient algorithm between IQL,
VDN, and QMIX. For each task, MARCO uses the same algorithm for
policy optimization inside the model as the corresponding modelfree baseline.

6.3

Results

The top row in Figure 4 displays results against policy training
steps to show MARCO matches model-free performance, while the
middle row displays results against number of real environment
interactions to show sample efficiency of MARCO. The bottom row
illustrates the performance against number of real environment interactions in log scale, where we see a 1-2 order of magnitude improvement of sample-efficiency in MARCO over model-free methods.
The left column in Figure 4 shows results for the switch with
bridge task. Model-free IQL learns the optimal policy in roughly
200k samples. MARCO learns the optimal policy with 10k samples,
which is a sample efficiency increase of 20x.

Switch with Bridge To make the first task more challenging, we
modify it as follows (see Figure 3). All agents start on the left
side of a bridge, and the switch riddle only starts once all agents
have crossed a bridge of length 3. If at timestep 𝑡 not all agents
𝑗
have crossed the bridge, each agent observes its position 𝑜𝑡 ∈
𝑗
{0, 1, 2, 3} on the bridge, and its actions are 𝑎𝑡 ∈ { “Left”, “Right”,
“End episode”}. Selecting the action “Left” and “Right” increments
the agent’s position by -1 and +1 respectively. The episode ends
and agents receive a reward of 0 if “End episode” is chosen. When

§ See
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Figure 4: MARCO’s test performance over 50 episodes with 𝜆 = 2.0 matches model-free performance with much less environment samples.
The error bars reported are the standard error over 8 runs. Left: IQL in the switch without bridge task. MARCO is 20x more sample efficient.
Middle: QMIX in MPE. MARCO is 20x more sample efficient. Right: VDN in the switch with bridge task. The MARCO model is learned with
50k samples. MARCO is 12x more sample efficient.

The middle column in Figure 4 shows results for the MPE task.
Model-free QMIX learns the optimal policy with roughly 1m samples, while MARCO learns it in 50k, an efficiency increase of 20x.
The right column in Figure 4 shows results for the switch with
bridge crossing. MARCO learns the optimal policy with only 50k
samples. In comparison, model-free VDN requires roughly 600k
samples, about 12x more than MARCO.

6.4

probability of 𝜖 = 0.1 the agent selects a random action from the
available actions at the current step, and follows the data-collection
policy otherwise.
MARCO without an exploration policy fails to solve this task because random exploration from the 𝜖-greedy data collection policy
is insufficient to cover the relevant state-action space. If a random
policy is used, at every timestep during the bridge crossing phase,
there is a probability of 1−( 23 ) 3 ≈ 0.3 that at least one agent chooses
“End episode” among the three available actions. Hence, the episode
is very likely to terminate before the switch-riddle playing even
begins, and so collecting data with a random exploration for the
switch riddle task is difficult at the initial learning phase. In contrast, MARCO with centralized exploration policy overcomes this
problem by actively exploring in the state-action space with high
model-uncertainty, which is where agents cross the bridge and play
the switch riddle. This is illustrated in Figure 6, where we show that
MARCO agents cover much more state-action space when using
an exploration policy (Figure 6e-6h) than otherwise (Figure 6a -

Ablation Studies

We evaluate the centralized exploration policy with two ablation
studies in the switch with bridge task.
Effect of using exploration policy Figure 5a ¶ shows results comparing MARCO with an ablation without exploration policy. In
the latter case, the model is learned with a dataset that is collected
with the agents’ current policy instead of a dedicated exploration
policy. An 𝜖-greedy policy is used for data collection, where with a
¶ The

state-action space is displayed in 2D for ease of visualization
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(a) No exploration (b) No exploration (c) No exploration (d) No exploration
50k.
100k.
150k.
200k.

(e) MARCO 50k.

(a) Importance of exploration policy.

(f) MARCO 100k. (g) MARCO 150k. (h) MARCO 200k.

Figure 6: Log of the uncertainty term (log 𝑟˜ ) of 5000 state-action pairs
visited by the agents policies in the task environment either with (eh) or without (a-d) the centralized exploration policy. The columns
correspond to MARCO policies trained inside the model for 50k,
100k, 150k, and 200k timesteps, respectively. The log 𝑟˜ term is calculated with the models that is available to the MARCO policy at
the time of training. Darker color indicates less uncertainty, lighter
color indicates more. No color (white) indicates an unvisited stateaction pair. When the exploration policy is used, the agents cover
much more of the state-action space starting at 100k than without
the exploration policy.

efficiency of model-based Dec-POMDP methods, we introduced
the Adapted R-MAX algorithm for Dec-POMDPs, and showed that
it achieves polynomial sample complexity. Finally, we showed on
three cooperative communication tasks that MARCO matches the
performance of state-of-the-art model-free MARL methods requiring significantly fewer samples.
We discuss the limitations of the work in two aspects. First of
all, the centralized exploration policy may deviate from the agents’
decentralized policies due to having access to additional information in the central state. This may cause data to be collected in
parts of the state-action space that are inaccessible to the agents
due to partial observability. Secondly, model-based methods commonly require more wall-clock time than model-free methods due
to the additional model-learning step. However, by assumption,
in our setting compute-time is cheap compared to environment
interactions.
Despite these limitations, we hope that this work brings MARL
one step closer to being applicable to real-world problems. In future
work we will investigate how to choose a better centralized data
exploration policy, as well as how to combine existing work in
image-input single-agent MBRL to MARL settings to enable good
performance even on complicated, image-based environments.

(b) Importance of exploration bonus.

Figure 5: Ablation studies in the switch with bridge task. (a) Without the exploration policy, MARCO agents do not learn the optimal
policy.(b) Without the exploration bonus term 𝑟˜ (i.e. setting 𝜆=0),
MARCO’s final policy is sub-optimal. The error bars shown represent the standard error across 8 runs.

6d). The columns indicate the log of the uncertainty term of 5000
state-action pairs visited by MARCO’s agents policies in the task
environment after training for 50k, 100k, 150k, and 200k timesteps
in the model. The rollout is done within the model that is available
to the agents’ policies at the time. Darker color indicates less model
uncertainty, lighter color indicates more. No color (white) indicates
an unvisited state-action pair.
Effect of using exploration bonus r̃ Figure 5b shows that when we
do not use the exploration bonus term r̃ by setting 𝜆 = 0, MARCO no
longer learns the optimal policy. This suggest that the exploration
bonus term is essential.

7

Conclusion and Future Work

We presented MARCO, a model-based RL method adapted from
the Dyna-style framework for sample-efficient learning in DecPOMDPs. MARCO learns a centralized stationary model that in
principle is entirely independent of the agents’ policies. Within this
model, policy optimization is performed using a model-free MARL
algorithm of choice with no additional cost in environment samples
(exploiting access to the simulated central state). To further improve
sample complexity, MARCO also learns a centralized exploration
policy to collect samples in parts of the state-action space with high
model uncertainty. In addition, to investigate the theoretical sample

8
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