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ABSTRACT

This paper focuses on the multi-agent credit assignment problem.
We propose a novel multi-agent reinforcement learning algorithm
called meta imitation counterfactual regret advantage (MICRA) and
a three-phase framework for training, adaptation, and execution of
MICRA. The key features are: (1) a counterfactual regret advantage
is proposed to optimize the target agents’ policy; (2) a meta-imitator
is designed to infer the external agents’ policies. Results show that
MICRA outperforms state-of-the-art algorithms.
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For addressing the challenge, we design a meta-imitation coun-
terfactual regret advantage (MICRA) algorithm, and propose a three-
phase framework to support the training, adaptation, and execution
of MICRA. The main features of our proposal are: (1) The framework
introduces the training-adaptation paradigm in meta-learning, i.e.,
online adaptation, into the training paradigm in MARL, i.e., offline
training and online execution. That is for using the meta-learning
to avoid overfitting to certain policies of the external agents when
training the policies of the target agents. (2) MICRA adopts the
centralized critic to estimate the counterfactual regret advantage
(CRA) for optimizing the target agent’s policy. Here, we propose the
meta imitation learning (MI) by combining the imitation learning
with the meta learning to enable the algorithm being able to model
the non-stationary policies of the external agents. In this way, fast
adaptation to the changing policies is possible in online execution
as the learning algorithm has already taken the changing external
agents into account.
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Figure 1: The Proposed Framework



Extended Abstract

2 METHODS

Framework. As shown in figure 1, the proposed framework inte-
grates the training paradigm in MARL, i.e., centralized training and
decentralized execution (CTDE) [5, 8, 11], with the meta-learning
process, i.e., training-adaptation procedures [4]. The features of the
three phases in this framework are: (1) In offline training phase,
MICRA (which consists of multiple independent actors, a meta-
imitator, and a centralized critic) learns a meta policy over different
external agents’ policies; (2) In online adaptation phase, MICRA
uses the meta policy to generate the real-taken policy in the real
environment with the real external agents; (3) In online execution
phase, each target agent takes actions independently by using the
real-taken policy to complete the tasks in a collaborative manner
without any centralized control.

Algorithm. A counterfactual regret advantage (CRA) is proposed
based on COMA [5]. The main ideas are (1) A centralized critic
evaluates a regret value for an agent with the assumption that
other agents follow the current policies; (2) Multiple decentralized
actors independently update their individual policies minimizing
the regret value. The immediate counterfactual regret advantage is:
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where 77 denotes the policy at T learning episode, lls - a;
denotes that action a; is always taken at state s, and the policy 7 is
otherwise followed [7]; d; denotes the joint actions of target agents;
de denotes the joint actions of external agents; 7_; denotes the joint
policy for all agents except agent i; 7;—; denotes the joint policy
for target agents except agent i. A; . is analogous to immediate
counterfactual regret in counterfactual regret minimization (CFR)
[7, 16, 18]. Eq.(1) is a general form of the advantage function; the
advantage functions in previous works, e.g. [5, 13, 14], are in fact
the special cases of Eq.(1).

A discount cumulative CRA is: ﬂ;,i,;ﬂ = ycﬂ;—l,i,nﬁl +AL 4T
where y. € [0, 1] is the discount rate. We further use the target
Q-network to estimate discount cumulative CRA: ﬂ;,i,nT (s,a) ~

Ve (Q(s, 3 0) - Yaen, (1i(alo) Q(s, @, d—i; é))) + Az, pr (s, @). Then
the CRA based policy gradient for agent i on trajectory data D is:

H
geri =Byt pat-r| )., Vou log(mi(allof: 60 AL (s3] (@)
t=0

By following the line of agent modeling [2, 9], we propose a meta
imitation learning (MI) to learn an inference model 6;(0;;0; ;) :
O; — A(A;) based on MAML [4]. It is used to predict the action
taken by external agent i. External agents’ joint policy 7, is com-
puted with e (dels) = Yjee 8i(ailo;). The loss function of &;(+)
is:

|Ai]
LEP(8:(500) = Bt gty | Y, 1@, a") log:(0%:00)| )
k=1

where H; is the history behavior set of external agent i, I(-) is
the ground truth indicator function. d;(-) is performed via a multi-
layer perceptron (MLP), of which the output layer is softmax. The
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objective of MI is:
min DT LG 0))
b Tip(T)
s.t. 0] = 0; — aaqp Vo, Ly, (5(:61))
where p(7") is the distribution of all external agents’ policies. 6;
is the meta parameters which will be used as initial parameters in
online adaptation phase.

4)

3 EVALUATION

We conduct several experiments, i.e. two standard MARL bench-
marking tasks (traffic control and predator-prey game) in a grid
environment [10, 17] and a practical application (electronic coun-
termeasure based real-time strategy game). Three baseline MARL
algorithms (COMA [5], DPIQN [6], and ARM [7]) are chosen for the
experimental comparison. Figure 2 gives the results which show
that our algorithm outperforms three baseline algorithms.
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Figure 2: Offline training: the learning curves on different
tasks (red line is ours).

4 FUTURE WORK

How to deal with the dynamics of the system environment and the
self-adaptation of the system is an important challenge in design
complex cyber-physical systems. The proposed framework takes
into account both concerns and is potentially evolved into a refer-
ence architecture. Modeling real cyber-physical system applications
to verify its adaptability will be within our future work.
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