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ABSTRACT
We propose Stable Emergent Policy (STEP) approximation, a dis-
tributed policy iteration scheme to stably approximate decentral-
ized policies for partially observable and cooperative multi-agent
systems. STEP offers a novel training architecture, where function
approximation is used to learn from action recommendations of a
decentralized planning algorithm. Planning is enabled by exploit-
ing a training simulator, which is assumed to be available during
centralized learning, and further enhanced by reintegrating the
learned policies. We experimentally evaluate STEP in two chal-
lenging and stochastic domains, and compare its performance with
state-of-the-art multi-agent reinforcement learning algorithms.
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1 INTRODUCTION
Many real-world problems can be modeled as cooperative multi-
agent systems (MAS) like warehouse commissioning, task alloca-
tion, and fleet management [8, 12, 46]. However, decision making
in MAS is extremely challenging due to enormous state and joint
action spaces, adaptive agent behavior, and state uncertainty [27].

Centralized control does not scale well in large MAS due to
the curse of dimensionality, where state and joint action spaces
grow exponentially with the number of agents [12, 17]. Therefore,
decentralized control is recommended, where each agent makes
individual decisions, providing better scalability, robustness, and
lower costs [8, 12]. Decentralized approaches typically require a
coordination mechanism like communication, team modeling, or
centralized learning to solve joint tasks and to avoid conflicts [5].

Learning decentralized policies with multi-agent reinforcement

learning (MARL) in cooperative MAS is challenging due to non-

stationarity, where all agents adapt their behavior concurrently
which can lead to uncoordinated policies [5, 6, 12], and multi-agent

credit assignment, where the joint action of all agents leads to a
single global reward which makes the deduction of the individual
contributions difficult for adequate adaptation [7, 12, 36, 48].

State-of-the-art approaches to MARL adopt the paradigm of
centralized training and decentralized execution (CTDE). Since in
many cases, learning can take place in a laboratory or in a simulated
environment, global information can be integrated into the training
process to learn coordinated policies for decentralized execution in
the partially observable world [12, 24, 36, 41]. These approaches are

model-free and rely on the approximation of a joint action value
function. While working well for a small number of agents, they
can converge to poor local optima in larger MAS since the joint
action value function can become a performance bottleneck due to
the exponentially scaling input space of joint actions.

Recent approaches to learning strong policies are based on policy

iteration and combine planning with deep reinforcement learning,
where a neural network is used to imitate the action recommen-
dations of a tree search algorithm. In return, the neural network
provides an action selection prior for the tree search [1, 39]. This it-
erative procedure, called Expert Iteration (ExIt), gradually improves
the performance of the tree search and the neural network [1]. ExIt
has been successfully applied to fully observable zero-sum games,
where a single agent improves itself by self-play.

While planning is able to recommend higher quality actions
than model-free RL [1, 14, 38, 39], policy improvement via planning
actually is a computational bottleneck due to the extra simulations
required to evaluate each action. Thus in practice, planning is only
suitable for training fast policies via function approximation [1, 14].
Applying ExIt directly to large cooperative MAS with a centralized
tree search would be practically infeasible due to the intractable
search space - even if global information was available [8, 12, 17].
However, decentralized planning could lower the training cost,
since dividing the search space and computation among several
simple machines is cheaper, offering higher efficiency due to par-
allelization, and robustness against failures, in contrast to using a
single large machine with high computational power [8].

In this paper, we propose Stable Emergent Policy (STEP) approxi-

mation, a distributed policy iteration scheme to stably approximate
decentralized policies for cooperative MAS. Our contributions are
as follows:

• We extend ExIt to cooperative and partially observable MAS
by proposing a novel training architecture and using func-
tion approximation to learn decentralized policies from local
action recommendations of a decentralized planner.
• We propose a decentralized planning scheme for scalable
policy improvement. To recommend coordinated local ac-
tions, we reintegrate the approximated local policies into
each planner as action selection prior and as prediction of
other agents’ behavior. While planning is performed on the
fully observable problem formulation, the learned decentral-
ized policies are only conditioned on their local histories,
thus being executable in the partially observable world.



• In contrast to state-of-the-art MARL, we additionally exploit
the training simulator required for centralized learning [12,
24, 36, 41] as a generative model for Monte Carlo planning
to recommend actions for local policy approximation.
• For domains that are too complex to provide sufficient com-
putation budget for closed-loop planning, which conditions
on states, we propose decentralized open-loop planning as a
scalable instantiation of our decentralized planning scheme.
• We experimentally evaluate the key elements of STEP in two
challenging and partially observable domains and show that
STEP is able to learn stronger policies than state-of-the-art
MARL approaches w.r.t. the number of simulated time steps
and when the number of agents is large.

2 BACKGROUND
2.1 Problem Formulation
Single-agent problems can be formulated asMarkov Decision Process

(MDP) 𝑀MDP = ⟨S,A,P,R⟩, where S is a set of states 𝑠𝑡 , A is the
set of actions 𝑎𝑡 , P(𝑠𝑡+1 |𝑠𝑡 , 𝑎𝑡 ) is the transition probability, and
𝑟𝑡 = R(𝑠𝑡 , 𝑎𝑡 ) is a scalar reward. MDPs can be extended to MAS
by formulating a stochastic game (SG) 𝑀SG, where S, P, and R
remain the same. In addition, 𝑀SG defines D = {1, ..., 𝑁 } as a set
of agents, A = A1 × ... × A𝑁 as the set of joint actions 𝑎𝑡 ,Z as a
set of local observations 𝑧𝑡,𝑖 for each agent 𝑖 ∈ D, and Ω(𝑠𝑡 , 𝑎𝑡 ) =
𝑧𝑡+1 = ⟨𝑧𝑡+1,1, ..., 𝑧𝑡+1,𝑁 ⟩ ∈ Z𝑁 as the joint observation function.
Each agent 𝑖 maintains a local history 𝜏𝑡,𝑖 =

[
𝑎1,𝑖 , 𝑧2,𝑖 , ..., 𝑎𝑡−1,𝑖 , 𝑧𝑡,𝑖

]
with 𝜏𝑡 = ⟨𝜏𝑡,1, ..., 𝜏𝑡,𝑁 ⟩ being the joint history. Since we focus on
cooperative MAS, all agents observe a global reward R(𝑠𝑡 , 𝑎𝑡 ).

The goal in𝑀 = 𝑀SG (for brevity we always use𝑀 in the follow-
ing) is to find an optimal joint policy 𝜋 (𝜏𝑡 ) = ⟨𝜋1 (𝜏𝑡,1), ..., 𝜋𝑁 (𝜏𝑡,𝑁 )⟩
∈ A, with 𝜋𝑖 being the local policy or decentralized policy of agent
𝑖 , which maximizes the expectation of return 𝐺𝑡 :

𝐺𝑡 =

ℎ−1∑
𝑘=0

𝛾𝑘R(𝑠𝑡+𝑘 , 𝑎𝑡+𝑘 ) (1)

where 𝛾 ∈ [0, 1) is the discount factor and ℎ is the horizon.
A joint policy 𝜋 can be evaluated with a value function𝑉 𝜋 (𝑠𝑡 ) =

E𝜋 [𝐺𝑡 |𝑠𝑡 ], which is the expected return at 𝑠𝑡 .𝜋 is optimal, if𝑉 𝜋 (𝑠𝑡 ) ≥
𝑉 𝜋 ′ (𝑠𝑡 ) for all 𝑠𝑡 ∈ S and all other joint policies 𝜋 ′. We denote
an optimal joint policy by 𝜋∗ = ⟨𝜋∗

1
, ..., 𝜋∗

𝑁
⟩ and the optimal value

function by 𝑉 𝜋∗ = 𝑉 ∗.

2.2 Planning in MDPs
Planning searches for an (near-)optimal policy, given a model �̂�
(we use �̂� as model for 𝑀MDP and 𝑀) of the environment 𝑀MDP.
Policy iteration is a global planning approach which computes 𝜋∗

with alternating policy evaluation, where 𝑉 𝜋𝑛
is computed for the

current policy 𝜋𝑛 , and policy improvement, where a stronger policy
𝜋𝑛+1 is generated by selecting actions that maximize 𝑉 𝜋𝑛

for each
state 𝑠𝑡 ∈ S [18]. Local planning only regards the current state
𝑠𝑡 and possible future states to find a policy 𝜋𝑡 [47]. Monte Carlo

planning uses a generative model �̂� as black box simulator without
reasoning about explicit probability distributions (e.g., P) [20, 47].

Monte Carlo Tree Search (MCTS) is a popular local Monte Carlo
algorithm, which constructs a search tree to find 𝜋∗𝑡 for 𝑠𝑡 [20].
The tree is traversed by selecting nodes 𝑠𝑡 ∈ S with a policy 𝜋tree

until a leaf node 𝑠𝑡+𝑘−1 is reached. UCB1 is a common choice for
𝜋tree by maximizing UCB1 = 𝑄 (𝑠𝑡 , 𝑎𝑡 ) + 𝑐

√
2log(𝑛𝑡 )/𝑛𝑎𝑡 , where

𝑄 (𝑠𝑡 , 𝑎𝑡 ) is the average return, 𝑛𝑡 is the visit count of 𝑠𝑡 , 𝑛𝑎𝑡 is
the selection count of 𝑎𝑡 , and 𝑐 is an exploration constant [2, 20].
MCTS using UCB1 is called UCB1 applied to Trees (UCT). The
node 𝑠𝑡+𝑘−1 is expanded by a new child node 𝑠𝑡+𝑘 , whose value
𝑉 (𝑠𝑡+𝑘 ) is estimated with a rollout or a value function [20, 39, 40].
The observed rewards are recursively accumulated (Eq. 1) to up-
date 𝑄 (𝑠𝑡 , 𝑎𝑡 ) of each ⟨𝑠𝑡 , 𝑎𝑡 ⟩-pair in the search path. MCTS is
an anytime algorithm, which returns an action recommendation
𝑎𝑡 = argmax𝑎𝑡 ∈A (𝑄 (𝑠𝑡 , 𝑎𝑡 )) for the root state 𝑠𝑡 after a computa-

tion budget 𝑛𝑏 has run out. MCTS can be implemented as closed- or
open-loop search as explained in [22, 33, 34].

2.3 Reinforcement Learning in MDPs
Reinforcement Learning (RL) searches for an (near-)optimal policy
in an unknown environment𝑀MDP without knowing the effect of
executing 𝑎𝑡 ∈ A in 𝑠𝑡 ∈ S [5, 43]. RL agents obtain experience
samples 𝐸 = {𝑒1, ..., 𝑒𝑡 } with 𝑒𝑡 = ⟨𝑠𝑡 , 𝑎𝑡 , 𝑠𝑡+1, 𝑟𝑡 ⟩ by interacting
with 𝑀MDP. In model-free RL, 𝜋∗ and/or 𝑉 ∗ are directly approxi-
mated from 𝐸 without approximating P and R of𝑀MDP [5, 43].

2.4 Decision Making in MAS
Cooperative MAS can be formulated as a joint action MDP and
solved with single-agent planning or RL (Section 2.2 & 2.3) by
searching for joint policies [5]. However, this does not scale well
due to the curse of dimensionality, where the state and joint action
spaces grow exponentially with the number of agents [8, 12, 17].

Alternatively, local policies can be searched with decentralized
planning or RL, where each agent plans or learns independently of
each other [8, 45]. Decentralized approaches require a coordination
mechanism to solve joint tasks and to avoid conflicts [5]. Common
mechanisms are communication to exchange information [10, 49],
synchronization to reach a consensus [9, 28], or prediction of other
agents’ behavior with policy models [8, 35].

3 RELATEDWORK
Previouswork on policy iteration inMAS has focused on centralized
offline planning, where an (near-)optimal joint policy is searched
by exhaustively evaluating and updating all local policy candidates
for each agent with an explicit model of the MAS [3, 16, 37]. These
approaches do not scale well for complex domains due to the curse
of dimensionality of the joint policy space. We propose to use de-
centralized planning, where each agent’s policy is improved with
an independent local search about its individual actions with appro-
priate coordination mechanisms. Furthermore, we do not rely on
explicit models but use a generative model as black box simulator.

Alternative approaches to centralized planning and learning
explicitly exploit structure of the underlying MDP to perform on a
factored and more tractactable formulation of the problem [13, 21].
We propose a black box approach which does not require prior
knowledge about the problem structure.

Model-free MARL is a widely studied alternative to policy itera-
tion in MAS, where standard RL algorithms are often performed by
all agents independently [23, 44, 45]. While independent learning
benefits from scalability, non-stationarity and lacking multi-agent
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Figure 1: Training architecture of STEP. (a) Information flow between the learned policies 𝜋𝑖,\𝑖 (red), the learned value function
𝑉𝜔 (blue) and the decentralized planners (green). The policy iteration components (blue and green) within the gray dashed
rectangle use global information and are only required during centralized learning, while the learned policies (red) can act
under partial observability. (b) and (c) show the black box models of 𝜋𝑖,\𝑖 , 𝑉𝜔 , and the decentralized planners respectively.

credit assignment could lead to uncoordinated policies [5, 6, 12]. De-
centralized approaches with adaptive learning rates and opponent
modeling techniques can address non-stationarity [11, 25, 28–30]
but do not explicitly consider multi-agent credit assignment.

Current state-of-the-art MARL approaches are based on CTDE
to address both non-stationarity and multi-agent credit assignment.
Since in many cases, learning can take place in a laboratory or in a
simulated environment, global information can be integrated into
the training process to learn coordinated policies for decentralized
execution in the partially observable world. In all cases, a joint
action value function is learned to either provide a counterfactual
baseline for policy gradient learning [12] or to learn a factoriza-
tion of that joint action value function [36, 41, 42]. Since these
approaches use gradient-based learning and the input space of the
joint action value function scales exponentially w.r.t. the number
of agents, they can converge to poor local optima in large MAS. We
extend the centralized learning concept with decentralized plan-
ning by exploiting the training simulator, which is assumed in the
literature [11, 12, 24, 36, 41] anyway. This enables a decentralized
local action search on the fully observable problem formulation to
escape poor local optima and mitigates the credit assignment prob-
lem via explicit reasoning about individual actions. Decentralized
policies are learned by imitating the action recommendations of
the planner and can be executed in the partially observable world
without additional planning or global information.

Recently, ExIt-based approaches to learning strong policies from
MCTS recommendations with deep learning have been applied
to single-agent domains and zero-sum games [1, 14, 38, 39]. In
zero-sum games, a single agent is trained via self-play, which cor-
responds to the policy iteration scheme, where self-play evaluates
the current policy and MCTS improves the policy by recommend-
ing stronger actions based on the evaluation. Our work extends
this approach to partially observable and cooperative multi-agent

domains, where agents have to achieve a common goal by solving
joint tasks and avoiding conflicts. Our setting is not turn-based
like [1, 38, 39], thus requires simultaneous planning of each agent.
We additionally propose to use the learned local policies as coor-
dination mechanism e.g., to predict other agents’ behavior during
decentralized planning.

Ideas of ExIt have been applied to fully observable MAS with a
small number of partly fixed agents [19, 35]. In such simple settings
coordination is trivial and a single centralized function approxi-
mator can be used to approximate both the policy and the value
function since they only condition on the global state. We address
large partially observable multi-agent domains with multiple learn-

ing agents and propose a novel training architecture in which we
exploit the training simulator for decentralized planning on the fully
observable problem to stably learn decentralized policies which can
be executed in the partially observable world afterwards.

4 STEP
4.1 Distributed Policy Iteration Scheme
Policy iteration for MAS consists of an alternating evaluation and
improvement step [5]. Given a joint policy 𝜋𝑛 = ⟨𝜋𝑛

1
, ..., 𝜋𝑛

𝑁
⟩, the

global value function 𝑉 𝜋𝑛
can be computed to evaluate 𝜋𝑛 . By

selecting joint actions 𝑎𝑡 = ⟨𝑎𝑡,1, ..., 𝑎𝑡,𝑁 ⟩ ∈ A which maximize
𝑉 𝜋𝑛

for each joint history 𝜏𝑡 , we obtain an improved joint policy
𝜋𝑛+1 (𝜏𝑡 ) = 𝑎𝑡 , which is stronger than 𝜋𝑛 . In practice, the number of
joint histories and states, and the joint action space are typically too
large to exactly compute𝑉 𝜋𝑛

and 𝜋𝑛+1 [5, 8]. Thus, we use function
approximation to compute 𝑉 ≈ 𝑉 𝜋𝑛

and 𝜋 = ⟨𝜋1, ..., 𝜋𝑁 ⟩ ≈ 𝜋𝑛+1.
For scalable policy evaluation (Fig. 1a, blue component), we use

temporal difference (TD) learning to train 𝑉 with experience and
ensure generalization to avoid computing 𝑉 𝜋𝑛 (𝑠𝑡 ) for each state
𝑠𝑡 ∈ S explicitly [43]. Unlike state-of-the-art MARL approaches
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[12, 24, 36, 41], we approximate the state value function, which is
independent of the joint action dimension (Fig. 1b), thus offering a
scalable function representation w.r.t. the number of agents.

For scalable policy improvement (Fig. 1a, green components), we
use decentralized planning, where each agent 𝑖 explicitly reasons
about the global effect of its individual actions 𝑎𝑡,𝑖 ∈ A𝑖 in state
𝑠𝑡 instead of searching the whole joint action space A. Further-
more, we exploit the simulated training environment assumed in
[12, 24, 36, 41] as a generative model to enable decentralized Monte
Carlo planning. These proposals alleviate the scalability problem of
traditional multi-agent policy iteration approaches, where planning
is completely centralized and requires explicit probability distribu-
tions of the environment [3, 16, 37]. To further improve planning,
we provide the learned value function 𝑉 and the local policy ap-
proximations 𝜋𝑖 (see next paragraph) of all (other) agents 𝑖 .

In addition to policy evaluation and policy improvement, which
assume full observability since both value function and decentral-
ized planners condition on the global state 𝑠𝑡 (Fig. 1b-1c), we pro-
pose a policy learning scheme (Fig. 1a, red components), where
function approximators 𝜋𝑖 are used to imitate the action recommen-
dations of each agent 𝑖’s local planner. Thus, 𝜋𝑖 improves along with
its local planner during training. Since 𝜋𝑖 only conditions on the
corresponding local history 𝜏𝑡,𝑖 (Fig. 1b), the learned policies can
be executed in the partially observable world without additional
planning, or global information.

The explicit reasoning via decentralized planning mitigates the
multi-agent credit assignment problem, because each agent 𝑖 is
incentivized to optimize its individual actions to maximize the
common return based on the common global value function 𝑉 and
the local policy approximations 𝜋𝑖 of all (other) agents 𝑖 (Fig. 1c).
Since 𝜋𝑖 is trained to imitate the individual planner of agent 𝑖 , 𝜋𝑖
can be used to predict future actions of agent 𝑖 , to optimize local
decisions. This can lead to coordinated actions to solve joint tasks
and to avoid conflicts [8].

Combining these elements leads to a distributed policy iteration

scheme for practically feasible approximation of cooperative multi-
agent policies. The only requirement is a generative model which
we assume to be available as training simulator anyway according
to the CTDE paradigm for state-of-the-art MARL [11, 12, 24, 36, 41].

4.2 Decentralized Open-Loop Planning
We formulate an open-loop variant of MCTS, called Decentralized

Open-Loop UCT (DOLUCT) as our reference algorithm for decen-
tralized planning. Open-loop planning generally converges to sub-
optimal solutions, but it is competitive to closed-loop planning
in practice, if the problem is too large to provide sufficient com-
putation budget, due to searching a much smaller space with a
branching factor of |A𝑖 | [22, 31, 33, 34, 47]. In stochastic multi-
agent domains, closed-loop planning has a worst case branching
factor of |A𝑖 | |S| which would require an enormous computation
budget 𝑛𝑏 if the state space S is large. Fig. 2 provides an example to
illustrate the branching factor’s dependency of the state space and
the environment’s stochasticity for open- and closed-loop planning.

y

...x

x y

y

...x

open-loop tree

closed-loop tree

sampled joint action for both iterations

closed-loop tree

x y

open-loop tree

Iteration 2 (reaches       )Iteration 1 (reaches       )

Figure 2: Decentralized planning example for a stochastic
two-agent domain with A1 = A2 = {𝑥,𝑦} and ℎ = 1 for
two simulated iterations from the perspective of agent 1.
Even if the same joint action 𝑎𝑡 = ⟨𝑥,𝑦⟩ is sampled for the
root node in both iterations, the environment’s stochastic-
ity could lead to different successor states 𝑠𝑡+1 or 𝑠 ′𝑡+1. While
the branching factor of the open-loop tree is independent
of the state space, the closed-loop tree has to expand when
ecountering new states, thus increasing its branching factor.

Algorithm 1 Decentralized Open-Loop UCT (DOLUCT)

1: procedure DOLUCT(𝑖, 𝑠𝑡 , 𝜏𝑡 , �̂�, 𝑁 , 𝑛𝑏 ,𝑉 , 𝜋)
2: ⟨𝑄 (Nd𝑡 , 𝑎𝑡,𝑖 ), 𝑛𝑡,𝑖 , 𝑛𝑎𝑡,𝑖 ⟩ ← ⟨0, 0, 0⟩,∀𝑎𝑡,𝑖 ∈ A𝑖

3: while 𝑛𝑏 > 0 do
4: ⟨𝐺𝑡 , 𝑛𝑏⟩ ← Simulate(𝑖,Nd𝑡 , 𝑠𝑡 , 𝜏𝑡 , �̂�, 𝑁 ,𝑉 , 𝜋, 𝑛𝑏 )
5: 𝑝 (𝑎𝑡,𝑖 |𝑠𝑡 ) ←

𝑛𝑎𝑡,𝑖
𝑛𝑡,𝑖

,∀𝑎𝑡,𝑖 ∈ A𝑖

return ⟨argmax𝑎𝑡,𝑖 ∈A𝑖
(𝑄 (Nd𝑡 , 𝑎𝑡,𝑖 )), 𝑝 (𝑎𝑡,𝑖 |𝑠𝑡 )⟩

1: procedure 𝑆𝑖𝑚𝑢𝑙𝑎𝑡𝑒 (𝑖, 𝑁𝑑𝑡 , 𝑠𝑡 , 𝜏𝑡 , �̂�, 𝑁 ,𝑉 , 𝜋, 𝑛𝑏 )
2: if 𝑛𝑏 = 0 then return ⟨𝑉 (𝑠𝑡 ), 0⟩
3: 𝑛𝑏 ← 𝑛𝑏 − 1
4: if Nd𝑡 is a leaf node then
5: Expand Nd𝑡 ⊲ Initialize child node variables with 0
6: return ⟨𝑉 (𝑠𝑡 ), 𝑛𝑏⟩
7: 𝑎𝑡, 𝑗 ∼ 𝜋 𝑗 (𝑎𝑡, 𝑗 |𝜏𝑡, 𝑗 ),∀𝑗 ∈D ⊲ predict other agents’ actions
8: 𝑎𝑡,𝑖 ← argmax𝑎𝑡,𝑖 ∈A𝑖

(UCB1𝜋𝑖
Nd𝑡
(𝜏𝑡,𝑖 , 𝑎𝑡,𝑖 )) ⊲ Eq. 2

9: 𝑎𝑡 ← ⟨𝑎𝑡,1, ..., 𝑎𝑡,𝑁 ⟩
10: ⟨𝑠𝑡+1, 𝑟𝑡 , 𝑧𝑡+1⟩ ∼ �̂� (𝑠𝑡 , 𝑎𝑡 ) ⊲ simulate joint action
11: ⟨𝑛𝑡,𝑖 , 𝑛𝑎𝑡,𝑖 ⟩ ← ⟨𝑛𝑡,𝑖 + 1, 𝑛𝑎𝑡,𝑖 + 1⟩ ⊲ update Nd𝑡
12: ⟨𝑅𝑡 , 𝑛𝑏⟩ ← Simulate(𝑖,Nd𝑡+1, 𝑠𝑡+1, 𝜏𝑡+1, �̂�, 𝑁 ,𝑉 , 𝜋, 𝑛𝑏 )
13: 𝐺𝑡 ← 𝑟𝑡 + 𝛾𝑅𝑡
14: 𝑄 (Nd𝑡 , 𝑎𝑡,𝑖 ) ← ((𝑛𝑡,𝑖 − 1)𝑄 (Nd𝑡 , 𝑎𝑡,𝑖 ) +𝐺𝑡 )/𝑛𝑡,𝑖
15: return ⟨𝐺𝑡 , 𝑛𝑏⟩

At every training time step 𝑡 , all agents perform an independent
DOLUCT search in parallel1. A stochastic joint policy function
𝜋 = ⟨𝜋1, ..., 𝜋𝑁 ⟩ with 𝜋𝑖 (𝑎𝑡,𝑖 |𝜏𝑡,𝑖 ) ∈ [0, 1] for agent 𝑖 ∈ D can be
provided to simulate all other agents. To traverse a DOLUCT search

1Although MCTS is commonly used for online planning, we use MCTS in training
simulations for the policy improvement step (Fig. 1a). While MCTS is performed after
each time step in the training simulation, the whole training phase itself is offline.
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tree, we propose a modified version of UCB1 similarly to [39]:

UCB1
�̂�𝑖
Nd𝑡
(𝜏𝑡,𝑖 , 𝑎𝑡,𝑖 ) = 𝑄 (Nd𝑡 , 𝑎𝑡,𝑖 ) + 𝜋𝑖 (𝑎𝑡,𝑖 |𝜏𝑡,𝑖 )𝑐

√
2log(𝑛𝑡,𝑖 )

𝑛𝑎𝑡,𝑖
(2)

where Nd𝑡 is a node in the open-loop tree (Fig. 2) and 𝑄 (Nd𝑡 , 𝑎𝑡,𝑖 )
is the average return of all visited states in node Nd𝑡 (Fig. 2). Note
that the probabilities 𝜋𝑖 (𝑎𝑡,𝑖 |𝜏𝑡,𝑖 ) for the same node Nd𝑡 can vary
depending on the simulated state 𝑠𝑡 and the resulting history 𝜏𝑡,𝑖 ,
thus providing a closed-loop prior for the action selection.

To avoid a full depth search, a value function𝑉 is used to evaluate
states at leaf nodes [32, 39].

DOLUCT is formulated in Algorithm 1, where 𝑖 identifies the
agent, 𝑠𝑡 is the current state, 𝜏𝑡 is the current joint history, �̂� is the
generative model, 𝑁 is the number of agents, 𝑛𝑏 is the computation
budget, 𝑉 is a value function, and 𝜋 is a joint policy.

Note that since there are several approaches to decentralized
Monte Carlo planning which only differ in their coordination mech-
anisms (e.g., communication [4, 32], prediction of other agent’s
behavior [8, 35], etc.), we do not consider DOLUCT a major contri-
bution but merely a reference algorithm to demonstrate how our
approximated policies can be integrated into the planning process
(Section 4.3). Our experiments in Section 6.1 show that our approach
is also able to enhance decentralized closed-loop planning.

4.3 Stable Emergent Policy Approximation
With Stable Emergent Policy (STEP) approximation, 𝜋∗ is learned by
imitating a decentralized planner similarly to ExIt [1, 39] for single
agents. STEP consists of an alternating planning and learning step.

In the (decentralized) planning step, a joint action 𝑎𝑡 = ⟨𝑎𝑡,1, ...,
𝑎𝑡,𝑁 ⟩ is searched (e.g., with DOLUCT) for the current state 𝑠𝑡 . The
planning algorithm can exploit the local policy 𝜋𝑖 as a prior for
action selection (e.g., Eq. 2) and 𝜋 = ⟨𝜋1, ..., 𝜋𝑁 ⟩ ≈ 𝜋∗ as predic-
tion of other agents’ behavior for coordination to improve itself
(Fig. 1c). All agents execute 𝑎𝑡 and cause a state transition to 𝑠𝑡+1,
while observing a global reward 𝑟𝑡 and 𝑧𝑡+1. The transition 𝑒𝑡 =

⟨𝑠𝑡 , 𝑎𝑡 , 𝑠𝑡+1, 𝑟𝑡 , 𝑧𝑡+1, 𝑝𝑡 ⟩ is stored as experience sample in a central
buffer 𝐸, where 𝑝𝑡 = ⟨𝑝 (𝑎𝑡,1 |𝑠𝑡 ), ..., 𝑝 (𝑎𝑡,𝑁 |𝑠𝑡 )⟩ contains the relative
frequencies of the action selections 𝑝 (𝑎𝑡,𝑖 |𝑠𝑡 ) =

𝑛𝑎𝑡,𝑖
𝑛𝑡,𝑖

,∀𝑎𝑡,𝑖 ∈ A𝑖 of
each agent’s individual planner for state 𝑠𝑡 (e.g., Algorithm 1).

Algorithm 2 Stable Emergent Policy (STEP) approximation

1: procedure STEP(Ψ, �̂�, 𝑁 , 𝑛𝑏 , 𝜋\ ,𝑉𝜔 )
2: Initialize \ for 𝜋\ and 𝜔 for 𝑉𝜔
3: Observe 𝑠1
4: for 𝑡 = 1,𝑇 do ⊲ 𝑇 is the training duration
5: for 𝑖 ∈ D do ⊲ decentralized (parallel) planning
6: ⟨𝑎𝑡,𝑖 , 𝑝 (𝑎𝑡,𝑖 |𝑠𝑡 )⟩ ← Ψ(𝑖, 𝑠𝑡 , 𝜏𝑡 , �̂�, 𝑁 , 𝑛𝑏 ,𝑉𝜔 , 𝜋\ )
7: 𝑝𝑡 ← ⟨𝑝 (𝑎𝑡,1 |𝑠𝑡 ), ..., 𝑝 (𝑎𝑡,𝑁 |𝑠𝑡 )⟩
8: Execute 𝑎𝑡 ← ⟨𝑎𝑡,1, ..., 𝑎𝑡,𝑁 ⟩
9: Observe global reward 𝑟𝑡 , 𝑧𝑡+1, and 𝑠𝑡+1
10: Store 𝑒𝑡 ← ⟨𝑠𝑡 , 𝑎𝑡 , 𝑠𝑡+1, 𝑟𝑡 , 𝑧𝑡+1, 𝑝𝑡 ⟩ in 𝐸

11: Refine \ and 𝜔 to minimize 𝐿STEP for all 𝑒𝑡 ∈ 𝐸 (Eq. 3)
⊲ centralized learning with shared loss 𝐿STEP and buffer 𝐸

In the (centralized) learning step, a function approximator2 𝜋\ =

⟨𝜋1,\1 , ..., 𝜋𝑁,\𝑁 ⟩ with parameters \ = ⟨\1, ..., \𝑁 ⟩ is used to ap-
proximate 𝜋∗ (Fig. 1a, orange dashed rectangle).𝑉𝜔 with parameter
vector 𝜔 is used to approximate the global value function 𝑉 ∗ (Fig.
1a, blue component). All approximators minimize the shared loss
𝐿STEP for all 𝑒𝑡 ∈ 𝐸 w.r.t. \ and 𝜔 3:

𝐿STEP = (𝑦𝑡 − �̂�𝜔 (𝑠𝑡 ))2 −
1

𝑁

∑
𝑖∈D

𝑝 (𝑎𝑡,𝑖 |𝑠𝑡 )⊤log(𝜋𝑖,\𝑖 (𝑎𝑡,𝑖 |𝜏𝑡,𝑖 )) (3)

where 𝑦𝑡 = 𝑟𝑡 + 𝛾𝑉𝜔 (𝑠𝑡+1) is the TD target for 𝑉𝜔 [43]. 𝑝 (𝑎𝑡,𝑖 |𝑠𝑡 )
and 𝜋𝑖,\𝑖 (𝑎𝑡,𝑖 |𝜏𝑡,𝑖 ) are |A𝑖 |-dimensional probability vectors. The
first term is the squared TD error and the second term is the cross
entropy between 𝑝 (𝑎𝑡,𝑖 |𝑠𝑡 ) and 𝜋𝑖,\𝑖 (𝑎𝑡,𝑖 |𝜏𝑡,𝑖 ).

The formulation of STEP is given in Algorithm 2, where Ψ is
a decentralized planning algorithm (e.g., DOLUCT), �̂� is the gen-
erative model, 𝑁 is the number of agents, 𝑛𝑏 is the computation
budget, and 𝜋\ and 𝑉𝜔 are the function approximators for 𝜋∗ and
𝑉 ∗ respectively. The full architecture of STEP is shown in Fig. 1.

We recommend centralized learning to accelerate training and to
exploit global knowledge like the state 𝑠𝑡 , the joint policy 𝜋\ , and
the action frequencies 𝑝𝑡 of all agents to produce coordinated poli-
cies, since training usually takes place in a controlled or simulated
environment [11, 24, 45]. The amount of data stored in 𝐸 scales
linearly with 𝑁 . Note that unlike in [12, 24, 36, 41], the function rep-
resentations of𝑉𝜔 and 𝜋𝑖,\𝑖 as illustrated in Fig. 1b are independent
of 𝑁 and can remain unchanged when varying 𝑁 . While learning is
centralized, the planning step is decentralized to improve the joint
policy without searching the joint action space. The planning and
learning step only need to be synchronized during training. When
the MAS is deployed into production, the learned policies 𝜋𝑖,\𝑖 can
be used in a decentralized way without requiring a central instance,
global information, or an additional planner anymore.

4.4 Policy and Value Bias Regulation
Estimating 𝜋∗ and 𝑉 ∗ with 𝜋\ and 𝑉𝜔 respectively induces a bias,
thus includes approximation errors in the planning step.

The action selection bias of 𝜋𝑖,\𝑖 can be reduced by increasing
𝑛𝑏 . The more node Nd𝑡 is visited, the smaller the exploration term
multiplied with 𝑐 in Eq. 2 becomes, which decreases the influence
of 𝜋𝑖,\𝑖 . This causes the search to focus on nodes with higher ex-
pected return E[𝐺𝑡 |Nd𝑡 ], which expands the search tree into these
directions. The increasing tree depth 𝑘 discounts the value esti-
mate𝑉𝜔 (𝑠𝑡+𝑘 ) of newly added nodes Nd𝑡+𝑘 by a factor of 𝛾𝑘 , which
reduces the bias of 𝑉𝜔 for frequently visited paths, if 𝛾 < 1.

5 EXPERIMENTAL SETUP
5.1 Evaluation Environments
Pursuit & Evasion (PE) is a well-known benchmark problem for
MARL [15, 45, 46]. We implemented this domain as 8 × 8 grid (and
as 100 × 100 grid which we denote by PE*, see Table 1) with 𝑁

pursuers as learning agents, 𝑁 evaders as randomly moving entities,
and some obstacles as shown in Fig. 3a (note: PE* has no obstacles),
2Any machine learning model (e.g., neural network, random forest, ...) could be used
as function approximator for 𝜋 and �̂� , since STEP is not necessarily gradient-based.
3We recommend to use local policy approximations instead of a joint policy. We also
experimented with separate losses but the policies tended to overfit and performed
poorly in the evaluations, indicating that the shared loss has a regularizing effect [39].
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Table 1: Problem-size features of the domains PE and SF.

# states |S | # joint actions |A |
PE (# agents 𝑁 = 2) ≈ 4.1 · 106 52 = 25

PE (# agents 𝑁 = 4) ≈ 1.7 · 1013 54 = 625

SF (# agents 𝑁 = 4) ≈ 6.9 · 1053 64 = 1, 296

SF (# agents 𝑁 = 8) ≈ 4.8 · 10107 68 ≈ 1.7 · 106
SF (# agents 𝑁 = 12) ≈ 3.3 · 10161 612 ≈ 2.2 · 109
SF (# agents 𝑁 = 16) ≈ 2.3 · 10215 616 ≈ 2.8 · 1012
PE* (# agents 𝑁 = 100) 10800 5100 ≈ 7.89 · 1069
PE* (# agents 𝑁 = 200) 101600 5200 ≈ 6.22 · 10139

where the pursuers must collaborate to capture all evaders. All
pursuers and evaders have random initial positions and are able to
move north, south, west, east, or do nothing. The goal is to capture
all evaders as a joint task. To capture an evader, two pursuers need
to occupy the same cell as the evader which yields a global reward
of +1. The pursuers have a view range of 5 × 5 (Fig. 3a).

The Smart Factory (SF) domain consists of a 5×5 grid of machines
as shown in Fig. 3b and 𝑁 agents with each having one item, a list
of four random tasks tasks𝑖 organized in two buckets, and a random
initial position. An example from [32] is shown in Fig. 3c. All agents
are able to enqueue at their current machine, move north, south,
west, east, or do nothing. At every time step, eachmachine processes
one agent in its queue with a reward of -0.25 but does nothing with
a probability of 0.1. If a task in its current bucket matches with the
machine type, the task is removed from the agent’s task list with a
reward of +1. An agent 𝑖 is complete, if tasks𝑖 = ∅ yielding another
reward of +1. For each incomplete agent, a reward of -0.1 is given
at every time step. All agents have to avoid conflicts to ensure fast
completion of all tasks. All agents only know their own tasks and
perceive other agents at the same or at adjacent machines (Fig. 3c).

5.2 Learning Algorithms
To evaluate the importance of the key elements of STEP, we imple-
mented different variations of STEP using a default computation
budget of 𝑛𝑏 = 128. A random policy is used as default search prior
and default prediction of other agent’s behavior. We always set
Ψ = DOLUCT as default decentralized planner (Algorithm 1 & 2).
• Emergent Value function Approximation for Distributed Envi-

ronments (EVADE) [32]: Uses only 𝑉𝜔 to enhance Ψ.
• STEP (with prior): Extends EVADE by additionally learning
𝜋𝑖,\𝑖 as search prior for Ψ (Fig. 1c).
• STEP (with policy): Extends EVADE by additionally learning
𝜋\ as prediction of other agent’s behavior for Ψ (Fig. 1c).
• STEP : Extends EVADE by additionally learning 𝜋\ as search
prior and as prediction of other agent’s behavior for Ψ.

Due to the vast state and joint action spaces especially in SF (Ta-
ble 1), we did not experimentally comparewith centralized planning,
since the computation and specification of explicit transition prob-
abilities for each state would be infeasible. However, we provide
experimental results of STEP applied to decentralized closed-loop
MCTS (STEP (DUCT) with Ψ = DUCT, see Fig. 2) using 𝜋\ as search
prior and as prediction of other agent’s behavior.

We also implemented independent Q-Learning (DQN ), QMIX,
and COMA as described in [12, 36] to compare with STEP. QMIX is

(a) Pursuit& Evasion (b) Smart Factory (SF) (c) An agent in SF

Figure 3: (a) Pursuit & Evasion (PE) with pursuers
(red/orange circles) and evaders (blue circles). (b) Ma-
chine grid of the Smart Factory (SF) with the numbers in
each cell denoting the machine type. (c) An agent 𝑖 (red
circle) with 𝑡𝑎𝑠𝑘𝑠𝑖 = [{9, 12}, {3, 10}] in the SF of Fig. 3b. It
should get processed at the green pentagonal machines
first before going to the blue rectangular machines. The red
dashed rectangles indicate the red agent’s view range.

an off-policy algorithm which learns a factorization of the joint ac-
tion value function, while COMA is an on-policy algorithm, which
uses policy gradient learning with a counterfactual baseline. DQN,
QMIX, and COMA are model-free, thus they do not perform any
additional search but QMIX and COMA also exploit global informa-
tion during training. DQN is only trained with local information
and has no explicit mechanism for multi-agent credit assignment.

5.3 Function Approximation
We used deep convolutional neural networks 4 to implement 𝜋𝑖,\𝑖
for each agent 𝑖 and 𝑉𝜔 . An experience buffer 𝐸 was implemented
to store the last 10,000 transitions and to sample minibatches of
size 32 to perform stochastic gradient descent (SGD) using ADAM
with a learning rate of 0.001 to minimize the shared loss 𝐿STEP (Eq.
3). We set 𝛾 = 0.95. We also used a target network with weights 𝜔−
to generate TD targets [26]. Every 5,000 SGD steps, we set 𝜔− = 𝜔 .

Since both evaluation domains are gridworlds, the states and lo-
cal observations can be encoded asmulti-channel image as proposed
in [15, 32]. The input to the local policy networks 𝜋𝑖,\𝑖 is a stacked
sequence of local observations of length 5 𝜏𝑡,𝑖 =

[
𝑧𝑡−4,𝑖 , ..., 𝑧𝑡,𝑖

] 5

for both domains, while the input to the value network 𝑉𝜔 is the
global state 𝑠𝑡 . The inputs are convolved with 64 filters of size 5× 5
with stride 1 followed by three convolutional layers with 64 filters
of size 3 × 3 with stride 1 . The output of the final convolutional
layer is processed by a fully connected layer with 256 units. The out-
put layer consists of a softmax output for 𝜋𝑖,\𝑖 (𝑎𝑡,𝑖 |𝜏𝑡,𝑖 ) or a single
linear output for 𝑉𝜔 (𝑠𝑡 ). All hidden layers use ReLU activation.

The local policy components of DQN, QMIX, and COMA had a
similar architecture to 𝜋𝑖,\𝑖 . The central component of QMIX and
COMA had a similar architecture to 𝑉𝜔 with the joint action as
additional input. With that we tried to ensure a fair comparison
w.r.t. the number of learnable parameters.

4We also experimented with recurrent neural networks, which yield similar results.
However the training time was prohibitively long for a sufficient evaluation.
5Integrating actions had no significant effect, thus we did not include them explicitly.
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(a) Pursuit & Evasion (𝑁 = 2) (b) Pursuit & Evasion (𝑁 = 4)

(c) Smart Factory (𝑁 = 4) (d) Smart Factory (𝑁 = 8)

Figure 4: Average training progress of 30 runs of different
STEP variations. All planners act in a fully observable envi-
ronment. Shaded areas show the 95 % confidence interval.

6 RESULTS
We conducted various experiments across multiple episodes. An
episode is reset after 50 time steps, when all evaders are captured
(PE), or when all items are complete (SF). We always set 𝛾 = 0.95

and 𝑐 = 1 for decentralized planning. The performance is measured
with the undiscounted return in both domains. The problem-size
features of all experimental settings are listed in Table 1.

6.1 Ablation Results
We conducted ablation experiments with 𝑁 = 2, 4 agents for PE and
𝑁 = 4, 8 agents for SF to address the following questions regarding
the key elements of STEP :

• How do the action selection prior 𝜋𝑖,\𝑖 and the joint policy
𝜋\ (and their absence) affect overall performance?
• Is STEP generally able to improve the performance of decen-
tralized planning?
• How well does open-loop planning (DOLUCT ) perform com-
pared to closed-loop planning (DUCT ) in these domains?
• How does the budget 𝑛𝑏 affect overall performance?

A run consists of 500 episodes and is repeated 30 times. All de-
centralized planners act in a fully observable environment (Fig. 1a,
green components). The performance results are shown in Fig. 4.

In PE, the joint policy 𝜋\ has a stronger influence on the per-
formance than the action selection prior 𝜋𝑖,\𝑖 , since STEP (with

policy) outperforms STEP (with prior) in the long run. In the 4-agent
setting, STEP (with prior) fails to converge to a meaningful pol-
icy. In SF, STEP (with prior) always outperforms STEP (with policy).
STEP shows competitve performance to STEP (with policy) in PE
and STEP (with prior) in SF and always outperforms EVADE and

its closed-loop counterpart STEP (DUCT). Increasing the budget 𝑛𝑏
consistently improves the performance of STEP.

6.2 State-of-the-Art Comparison
We conducted experiments with 𝑁 = 4, 8, 12, 16 agents for SF and
𝑁 = 100, 200 agents6 for PE* (Table 1) to compare the learned local
policies of STEP (trained with DOLUCT ) with DQN, QMIX, and
COMA to address the following questions:
• How well do the policies learned with STEP perform com-
pared to the state-of-the-art and w.r.t. the number of agents?
• How sample efficient is STEP w.r.t. training steps?
• How does centralized learning affect overall performance?

In these experiments, only the trained neural networks were
tested and compared in the partially observable environment with-
out the support of a decentralized planner and without any global
information (Fig. 1a, red components).

Since we assume a training simulator (which in our case is the
generative model �̂� itself), STEP requires 𝑛𝑏 · 𝑁 simulated time
steps per SGD update. Note that in practice, the planning step can
be easily parallelized because we use decentralized planning, thus
the actual training time should be much smaller than the sequential
time regarded here. However, this experiment focuses on the sample
efficiency w.r.t. time steps in the training environment.

COMA requires 20 episodes for each SGD update, while DQN
and QMIX require only one simulated time step per SGD update.
Every 50th update, each learned policy was tested on 25 random
episodes. A run consists of maximum 500,000 simulated time steps
(10 million time steps in PE* to assess the learning stability of
STEP) and is repeated 30 times. For the 4- and 8-agent case, we also
provide versions of STEP with 𝑛𝑏 ∈ {64, 256} from Section 6.1. The
performance results of the learned policies are shown in Fig. 5.

QMIX performs best in the 4-agent SF setting and is competitve
to STEP in the 8-agent setting but is clearly outperformed by STEP

in settings with 𝑁 > 8 agents. STEP (budget=64) is the best STEP
variant in the 4-agent SF setting with STEP (budget=128) slowly
keeping up, but in the 8-agent setting, STEP (budget=128) becomes
competitve to STEP (budget=64). STEP (budget=256) is the worst
performing STEP variant. COMA always converges to local optima
which are worse than STEP and QMIX. DQN fails to make any
stable progress and performs worst in all settings. Compared to
model-free algorithms, STEP is especially superior when 𝑁 is large.

7 DISCUSSION
In this paper, we presented STEP, a distributed policy iteration
scheme to stably learn decentralized policies for cooperative MAS.
STEP approximates local policies from action recommendations of
a decentralized planning algorithm. We proposed a novel central-
ized training architecture which additionally exploits the simulated
training environment to enable Monte Carlo planning on the fully
observable problem formulation in order to recommend high quality
actions for local policy approximation. For scalable policy improve-
ment, we proposed a decentralized planning scheme which can

6While STEP and DQN can be trained on ordinary machines, QMIX and COMA require
an enormous amount of memory (which probably has to be provided by a super- or
cloud computing service) due to the large tensors resulting from the high-dimensional
joint action space which are needed to approximate the joint action value function.
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(a) Smart Factory (𝑁 = 4) (b) Smart Factory (𝑁 = 8)

(c) Smart Factory (𝑁 = 12) (d) Smart Factory (𝑁 = 16)

(e) Pursuit & Evasion (𝑁 = 100) (f) Pursuit & Evasion (𝑁 = 200)

Figure 5: Average test progress of 30 runs of the policies
learnedwith STEP compared to policies learnedwithmodel-
free MARL w.r.t. the number of training time steps. All
learned policies act in a partially observable environment.
Shaded areas show the 95 % confidence interval.

reintegrate the learned local policies as action selection prior and
as prediction of other agents’ behavior for better cooordination to
further improve the quality of local action recommendations.

The key elements of STEP were evaluated in two domains. In
PE, the agents have to capture evaders as a joint task, while in SF,
the agents need to avoid conflicts at a shared set of machines. Our
experiments show that using the joint policy as a prediction of other
agent’s behavior is crucial to coordinate on joint tasks, while using
the local policy as a prior is useful to avoid conflicts, when working
with shared resources. Combining both elements, results in a more
general approach which is able to solve both problems which are
common in cooperative MAS. As indicated in Fig. 4b, there are
situations, where either the prior or the joint policy dominates all
other variations. Finding adequate weighting strategies for each
key element would be an interesting direction for future work.

Results from Fig. 4 show that both DOLUCT and DUCT are able
to improve with STEP, offering stable policy improvement. STEP
is able to stably learn decentralized policies, which can be reinte-
grated into the planning process to further improve and coordinate
decentralized planning in contrast to planning with just a random

policy like in the case of EVADE. DUCT usually requires more com-
putation budget thanDOLUCT to sufficiently search the closed-loop
search space in order to recommend higher quality actions (Fig. 2
and Table 1), thus improving slowlier than DOLUCT.

Increasing the computation budget 𝑛𝑏 improves the quality of
STEP (Fig. 4), which might be due to the decreasing bias when
planning with 𝜋𝑖,\𝑖 and 𝑉𝜔 (Section 4.4). This could also explain
why DUCT improves slower than DOLUCT : Since DUCT needs to
explore a much larger search space, it depends more on the bias of
𝜋𝑖,\𝑖 and 𝑉𝜔 than DOLUCT, especially when 𝑛𝑏 is small.

However, increasing 𝑛𝑏 requires more simulation steps which
can be expensive when scaling up the number of agents (Fig. 5).

Results from Fig. 5 show that STEP is able to outperform state-
of-the-art approaches to MARL when scaling up w.r.t. the number
of agents - even with a small computation budget. While COMA

and QMIX seemingly get stuck in poor local optima due to the
high complexity (Table 1) and the difficult credit assignment, STEP
policies stably improve, showing that decentralized planning is
able to further improve the performance of gradient-based MARL.
Since model-free approaches work with noisy experience due to
stochastic dynamics and the exploration policy, it is harder to learn
meaningful policies from the obtained data alone. In contrast, STEP
is able to provide "clean" training data, by filtering out noisy ex-
perience during the planning step. Thus, STEP requires less SGD
updates thanmodel-freeMARL. All centralized learning approaches
outperformed DQN, which was unable to learn any meaningful pol-
icy in all settings, confirming the need for coordination mechanisms
during learning rather than naively using independent learning.

Although in Fig. 5a and 5b, STEP seems to perform worse with
large computation budgets, this is only due to the limited training
budget of 500,000 time steps. If the training budget was increased, a
larger computation budget 𝑛𝑏 would result in even stronger policies
as indicated in Fig. 4, 5e, and 5f. Thus, the choice of the computation
budget for STEP depends on the available amount of training time
in practice. Furthermore, the actual training time can be reduced
with distributed and parallel computing, since the decentralized
planning step of STEP is easily parallelizable.

A major limitation of STEP is the assumption that all agents
behave according their learned local policies during the planning
step. While the ablation results in Fig. 4 show a benefit of this
assumption compared to purely random simulations in joint task
problems, STEP could be further improved by integrating opponent
modeling or theory of mind mechanisms [11].

Using online planning in production in combination with the ap-
proximated policies could further improve performance [38, 39]. To
adjust DOLUCT for partial observability, the joint belief state needs
to be approximated with the joint action, which can be predicted
with the learned joint policy (after training all local policies can be
replicated on each planner) to perform a decentralized Monte Carlo
update of the joint belief state [40]. Since this paper focused on
stably learning local policies compared to state-of-the-art MARL,
we defer an additional evaluation of enhancing partially observable
decentralized planning in partially observable environments with
STEP to future work.
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