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Shapley Meets DCOP: A Unified Structural Credit
Assignment for Multiagent Planning and

Multiagent Reinforcement Learning
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Abstract—With the construction of intelligent agents, coordi-
nating a collection of agents to optimize long-term cumulative
global reward is becoming increasingly important. To align
individual agent actions with global rewards, the contribution
of individual actions to global rewards needs to be determined,
which is known as the structural credit assignment (SCA).
Conventional SCA mechanisms are primarily based on neural
networks, which lack theoretical foundations and preclude their
application to model-based MAP tasks. Leveraging cooperative
game theory, the main contribution of this study is to propose a
novel Shapley value-based SCA (SV-SCA) that can be generalized
to both MAP and MARL. Combining the distributed constraint
optimization (DCOP) model and its reward structure, we propose
a novel algorithm for computing the Shapley value while ensuring
the efficiency and fairness of the SV-SCA. Particularly, based
on SV-SCA, we design a coordinated Monte Carlo tree search
(MCTS) for model-based MAP tasks and a fully-decentralized
method for model-free MARL tasks. Theoretical analyses show
that the proposed coordinated MCTS can guarantee the expected
value of the global joint action, and that the proposed coordinated
MARL is monotonic such that each agent optimizes its own
rewards also optimize the system’s global reward. Finally, we
conduct extensive experiments in typical sequential multiagent
coordination domains. Our results demonstrate that the proposed
coordinated MCTS and coordinated MARL outperform existing
multiagent MCTS and MARL baselines in terms of solution
quality and scalability.

Note to Practitioners—This paper studies multiagent sequential
decision making problems, where a team of agents needs to
coordinate and take sequences of actions to optimize long-
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term overall rewards. Multiagent sequential decision making
has been widely used in the filed of automation, such as traffic
signal control, multi-robot/UAV control, and automatic vehicle
coordination. Existing approaches, including multiagent planning
(MAP) and multiagent reinforcement learning (MARL), fail
to generalize the credit assignment problem of determining
the contribution of individual actions to global rewards. This
paper integrates the distributed constraint optimization model
(a typical multiagent interaction structure that is ignored in
traditional multiagent sequential decision making problems) and
the Shapley value (a fair division of joint gains in cooperative
game theory), and proposes a structural credit assignment (SCA)
mechanism, which can be applied to both MAP and MARL.
Based on the proposed SCA, we design a coordinated Monte
Carlo tree search (MCTS) method for model-based MAP tasks
(e.g., multi-robot coordination and traffic signal control) and a
fully-decentralized model-free MARL methods (e.g., multi-rover
search). In this paper, we mathematically show that the proposed
coordinated MARL is monotonic, which provides a sufficient
condition for convergence to the optimal global joint policy.
Preliminary experiments suggest that the proposed coordinated
MCTS and coordinated MARL can guarantee both the solution
quality and scalability in various real-world domains. In future
research, we will integrate coordinated MCTS and MARL into
a unified framework for general multiagent decision-making.

Index Terms—Multiagent planning, multiagent reinforcement
learning, structure credit assignment, Shapley value, distributed
constraint optimization (DCOP).

I. INTRODUCTION

IN COOPERATIVE multiagent systems (MASs), it is essen-
tial to coordinate a group of agents that take sequences of

actions to optimize long-term overall rewards [1]. This sequen-
tial coordination problem can be formulated as a multiagent
Markov decision process (MMDP), which has been widely
used in the filed of automation, such as traffic signal control
[2], [3], multi-robot/UAV manipulation [4], [5], [6], [7], [8],
automatic vehicle coordination [9] and inventory control [10].
However, MMDP has been shown to be computationally
intractable in general, and there are two main challenges: 1) the
exponential combination action space, and 2) the exponential
historical decision-making space [11].

In order to reduce the complexity of exponential combina-
tion action space, decentralized execution is essential, that is,
to ensure that each agent performs its individual action while
maximizing the global rewards. In this paper, we propose to
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use the distributed constraint optimization (DCOP) [12] to
model the local interaction structure of agents and decen-
tralized execution [12]. However, one of the most significant
barriers to decentralized approaches is the mismatch between
an individual action and the global reward [13], [14]. Thus, the
key challenge in decentralized approaches is assessing how a
single agent’s action contributes to the global payoff, which
is known as the structural credit assignment (SCA) problem.
SCA can be classified into two categories: implicit SCA and
explicit SCA. Implicit SCA learns the relationship between
individual and global state-action values using a decompo-
sition neural network [15], [16]. Implicit SCA requires an
infeasible amount of experience and is only applied to rein-
forcement learning (MARL) tasks. The difference reward is
a widely used explicit SCA that rewards each agent by the
difference between the global reward and counterfactual global
reward without this agent [17], [18], [19], [20]. However, the
conventional explicit SCA does not provide fair and efficient
contributions for agents [21].

In this study, we design a new explicit SCA using the
Shapley value (SV-SCA), a concept that originates from
cooperative game theory, and is theoretically guaranteed to
distribute the global payoff efficiently and fairly to agents
[22]. A major drawback of the Shapley value is that it cannot
be computed in polynomial time [23]. Several approximation
heuristics have been developed to overcome the problem of
computational hardness in determining the exact Shapley value
[21], [24], [25]; however, they also violate the efficiency and
fairness properties of the SCA [26]. In DCOP, each agent’s
contribution to the overall system is only relevant to the
local agents, and the computational complexity of the Shapley
value can be significantly reduced by exploiting such local
interactions.

Multiagent planning (MAP) and multiagent RL (MARL)
are two popular MMDP methodologies that complement each
other and each has individual advantages [27]. Combining
the Shapley value with DCOP not only inherits the desirable
properties of the traditional Shapley value, but also yields a
generalized SCA that can be applied to both MAP and MARL
tasks. First, guided by SV-SCA, we propose an efficient and
scalable coordinated MCTS method for online MAP. The
technical contribution of the coordinated MCTS is using SV-
SCA to backpropagate the simulated the future global reward
to individual agents at the root state. Using DCOP, we can
calculate the Shapley value efficiently such that the scalability
of the coordinated MCTS is preserved. Theoretical analyses
show that the proposed coordinated MCTS can guarantee the
expected value of the global joint action Second, we propose a
coordinated MARL, in which the global state-action value Qtot

can be approximated by the sum of local Q-values modeled
by DCOP. The local Q-value is determined by SV-SCA in a
fully decentralized manner, and is aligned with the global Qtot-
value. Theoretical analyses show that the proposed coordinated
MARL is monotonic, which provides a sufficient condition for
convergence to the optimal global joint policy.

The first contribution of this paper is a general SV-SCA
framework by combining DCOP and Shapley value. The
proposed SV-SCA allows decentralized execution and pro-

vides an efficient evaluation of individual actions. Based on
SV-SCA, the second contribution is a decentralized coordi-
nated MCTS for MAP. Although DCOP is state-dependent,
we can use Shapley value to decompose the future global
rewards to each individual agents, and propagate the future
global rewards to individual agents at the root state. The third
contribution is a decentralized coordinated MARL. At each
state, we can use SV-SVA to decompose the global reward
into individual rewards, and allow each agent to learn its
own policy based on its individual critic. Finally, to validate
the proposed MAP and MARL methods based on SV-SCA,
extensive experiments are conducted in a series of sequential
coordination domains. Experimental results show that SV-SCA
based coordinated MCTS and MARL outperform existing
benchmarks for multiagent MCTS and MARL in terms of
solution quality and scalability.

The remainder of this paper is organized as follows. In
Section II, we review the related literature on MAP and
MARL. In Section III, we formulate the sequential coordi-
nation problem as an MMDP. In Section IV, we combine
the Shapley value and DCOP, and propose a new SCA for
individual action evaluation. Guided by SV-SCA, we propose a
coordinated MCTS method for online MAP and a coordinated
and fully decentralized method for MARL in Sections V
and VI, respectively. In Section VII, we describe a series of
experiments conducted to validate the proposed coordinated
MCTS and MARL methods based on SV-SCA. Section VIII
discusses the limitations of the proposed SV-SCA, coordinated
MCTS and MARL methods. Finally, we conclude the paper
in Section IX.

II. RELATED WORK

Concerning works on MAP, we mainly focus on researches
based on MCTS, one of the most powerful online planning
methods. Concerning works on MARL, we mainly focus on
structural credit assignment mechanisms used to decompose
global state-action values into individual values during train-
ing.

A. MCTS-Based Online MAP

MCTS is a well-known online planning strategy for con-
structing real-time actions for sequential decision-making
problems [34] such as MDP [35], partially observable MDP
[36], and continuous control tasks [37]. As the number of
global joint actions grows exponentially, directly applying
MCTS to MMDP is difficult for balancing the exploration
and exploitation. To reduce the search complexity, single-
agent MCTS allows only one particular agent to search for the
policy, whereas all other agents follow a fixed predetermined
policy [38]. Decentralized MCTS (Dec-MCTS) enables all
agents to search for their own policies while considering the
behaviors of other agents [39]. In Dec-MCTS, the behaviors
of other agents can be modeled using greedy heuristics [40],
[41] or learned from prior experience [42], [43]. To improve
the modeling accuracy, agents can communicate and share
their policies with other agents [44], [45]. However, these
independent MCTS methods can result in suboptimal solutions
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TABLE I
SUMMARY OF THE SCA-BASED MARL METHODS ON GLOBAL Q-VALUE AND Q-VALUE DECOMPOSITION

in complex multi-agent problems, where reasoning regarding
the effect of joint actions is necessary [46]. The proposed
coordinated MCTS attempts to explore and evaluate joint
actions to improve the quality of the solutions.

In several real MASs, agents interact only with a subset
of local agents, and this local interaction can be modeled
using a coordination graph (CG) [12]. More recently, FV-
MCTS in conjunction with CGs explored local joint actions
according to upper confidence bound statistics [46], [47].
Because CGs are dynamic and state-dependent, the main
challenge of the FV-MCTS is the exploration of local joint
actions while maximizing the cumulative long-term global
payoff. Existing FV-MCTS directly uses the global payoff

(which can be computed exactly by variable elimination [47]
or approximately by max-plus [46]) to reward each agent.
This individual reward is then used to evaluate the local joint
action value. However, because each agent’s reward depends
on the actions of all other agents, global payoff-based credit
assignment suffers from low-payoff noncooperative solutions
in complex environments with a number of exploratory agents
[18]. To address these limitations, our goal is to design a SV-
SCA-guided coordinated MCTS, where SV-SCA is used to
promote coordination and MCTS is used to select the most
promising coordinated joint action. Because SV-SCA can be
computed efficiently, the proposed coordinated MCTS can
preserve the anytime property.

B. SCA for MARL

The centralized MARL learns a global state-action value
for all agents, might converge to suboptimal solutions as these
lazy agents hinder the active agent’s policy. Therefore, state-
of-the-art MARL methods have widely adopted the paradigm
of centralized training for decentralized execution (CTDE), in
which agents are trained offline using centralized information
but executed in a decentralized manner online [48], [49].

SCA is one of the key challenges in CTDE; specifically,
decomposing the global payoffs/values to each agent such that
they can be more coordinated to maximize the system perfor-
mance is challenging [20], [50], [51]. Prior SCAs for MARL
can be divided into two categories: implicit and explicit. Table I
gives a summary of the SCA-based MARL methods.

1) Implicit SCA Methods: In implicit methods, value
decomposition networks (VDNs) [15] represent the global
state-action value Qtot as a sum of individual value functions
Qi, QMIX [16] represents Qtot as a linear weighted sum of
Qi and FACMAC [52] relaxes the constraints on factoring the
critic. QTRAN [29] presents generalized value factorization
that guarantees the property of individual-global-max (IGM)

between Qtot and Qi. To address the computational complexity
of decomposing the global Qtot, QPLEX introduces the dueling
structure Qtot = Vtot +Atot for representing both joint and indi-
vidual action-value functions and then reformalizes the IGM
principle as an advantage-based IGM [30]. Deep coordination
graphs factorize the global Qtot according to a CG into payoffs
between pairs of agents in a linear [53] and non-linear manner
[54]. Li et al. [55] use the self-attention mechanism to learn a
fully connected CG, and Wang et al. [56] construct sparse CGs
using the variance of payoff functions. However, these implicit
SCA methods either approximate Qtot as the weighted sum of
local Q-values (e.g., VDN [15], QMIX [16] and DIGC [53]),
or models the non-linear relationships (e.g., QTRAN [29], and
QPLEX [30]) based on neural networks. These implicit SCA
methods require a large number of simulations and are unable
to provide theoretical guarantees of convergence. In contrast
to VDN and QMIX, this paper proposes the Shapley value
technique to decompose the true global payoffs to individual
rewards, which satisfies the properties of additivity, mono-
tonicity, and fairness. In contrast to QTRAN and QPLEX,
this paper does not compute the global Qtot-value, and has
the advantage of scalability.

2) Explicit SCA Methods: Agogino and Tumer [17], [18]
first proposed the difference reward for SCA, in which each
agent is rewarded by the difference between the global payoff

and counterfactual global payoff without this agent. Inspired
by the difference evaluation function, Nguyen et al. [20], Foer-
ster et al. [19] and Liu et al. [31] proposed the counterfactual
critic for each agent. To prompt individual exploration as well
as reduce variance, Du et al., [57] integrates the intrinsic
reward for each agent and Xu et al. [58] design a local
critic to train each agent’s policy. However, the SCA and the
counterfactual critic based on difference reward needs to learn
the global state-action value Qtot, and thus cannot be applied to
problems with a large number of agents. Recently, leveraging
concepts of cooperative game theory, the Shapley value has
been proposed as an alternative critic Qφ

i for each agent, where
Qφ

i is computed as the average contribution of the marginal
state-action value QC to any coalition C [21], [24], [25], [32],
[33].

However, existing difference and Shapley value-based
explicit MARL have two challenges: 1) Shapley value-based
critic still requires to learn global state-action value Qtot and
2) computing the exact Shapley value is intractable, and these
sampling-based approximations [24], [25], [32] violate the
efficiency and fairness of the Shapley value. By contrast, based
on the DCOP model, the proposed SV-SCA can exploit the
local interaction structure and compute the exact Shapley value
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efficiently. Additionally, by combining the Shapley value with
the DCOP, we can decompose the global payoff into individual
rewards in a completely decentralized manner that follows
a more scalable decentralized training execution framework
[59].

III. PROBLEM DESCRIPTION AND
ALGORITHM FRAMEWORK

A. MMDP Model

Formally, an MMDP can be defined by a tuple
〈N ,S,A,P ,R〉, where N = {1, 2, · · · , n} is the set of n agents
and S is a finite set of global states s of the environment. In the
MMDP, each agent observes a global state. A = A1× · · ·×An

denotes the set of joint actions ~a = 〈a1, · · · , an〉. P(s, ~a, s′) ∈ P
is the transition probability of ending at state s′ given that the
joint action ~a is applied at s. R(s, ~a, s′) ∈ R is the immediate
global reward for taking joint action ~a at state s and ending
at state s′.

In an MMDP, a joint policy π : S → A maps the global
state to the global joint action ~a. This joint policy π = ×1≤i≤nπi

is equivalent to a tuple of individual policies πi : S → Ai. The
agents interact with the environment sequentially for T peri-
ods. A finite sequence ρπ = 〈s0, s1, · · · , sT 〉 of states generated
by the policy π is called a trajectory. For any joint policy π in
an MMDP, the expected discounted cumulative global return at
state s is Vπ(s) = Eρπ∼π

hPT−1
k=0 γ

kR(sk, ~ak, sk+1)|s0 = s
i
, where

E denotes the expected value by following π, and γ ∈ [0, 1] is
the discount factor. The objective of solving an MMDP is to
determine a joint policy π that can generate a trajectory ρπ to
maximize the expected cumulative global return Vπ(s0) at the
starting state s0.

B. The Framework SV-SCA for MAP and MARL

MAP and MARL are two popular approximations for
MMDP that complement each other. Fig. 1 illustrates the flow
of SV-SCA based online MAP and MARL, comprising the
following three parts:
• Part 1: SV-SCA for Individual Action Evaluation. In

this part, we consider a multiagent coordination problem
with a single state, which is the foundation of the sequen-
tial MMDP problems. The aim of this part is to search
for the optimal joint-action that can maximize the global
payoff, and then decompose the optimal global payoff

for each agent. The main contribution of this part is to
propose an efficient algorithm for computing the exact
Shapley value, which can provide an efficient and fair
evaluation of individual actions.

• Part 2: SV-SCA Guided Coordinated MCTS for
Online MAP. In this part, MCTS is used to find the
most promising global joint action that can maximize the
cumulative long-term global return. The main contribu-
tion of this part is that SV-SCA is used to decompose
the state-independent global payoff to reward agents, and
the reward of each agent then is backpropagated for
evaluating the local joint action.

• Part 3: SV-SCA Guided Coordinated MARL. Coordi-
nated MARL allows agents to learn their own state-action

value in a distributed manner, but coordinates distributed
learning by exploiting local interactions. The main con-
tribution of this part is that SV-SCA is used to align the
local Q-value of the local joint-action with the global
Qtot-value.

IV. SV-SCA FOR INDIVIDUAL ACTION EVALUATION

In this section, we first review the multiagent coordination
model, which is used to describe local interactions among
agents. Next, we describe the SV-SCA used to evaluate
individual actions, and demonstrate the use of the multiagent
coordination model to compute the Shapley value exactly.

DCOP. Several multiagent coordination problems demon-
strate the locality of interaction; that is, an agent’s action
only affects the actions of a subset of agents that interact
locally. DCOP has emerged as a key formalism for settings
in which primary interactions occur between local subsets of
agents [12]. Formally, a DCOP can be defined as a tuple
G = 〈N ,A,D,U〉 such that: N = {1, 2, · · · , n} is the set of
agents, A = {a1, a2, · · · , an} is the set of variables, each ai is
controlled by an agent i, and takes the value from the finite
discrete domain Di ∈ D1, and U = {u1, u2, · · · , um} is a set
of local utilities, each u j is defined as a mapping from the
assignments of the involved k variables ~au j = (a j1 , · · · , a jk ) to
a positive real number,2 u j : D j1 ×D j2 × · · ·×D jk → R

+. Let
Nu j denote the set of agents involved in utility u j. Without
loss of generality, let ∅ denote the null operation action of
agents and ∀u j, u j(∅) = 0; that is, there will be no utility
if all agents do nothing. A solution to a DCOP is to find
a global joint action ~a∗ that maximizes the global payoff

u(N ) =
P

u j∈U u j(~au j ), which is the sum of all local utility
functions, that is, ~a∗ = arg max~a u(N ).

Given the local interaction, an agent i’s action affects only
the utility functions that involve i. Next, we provide a formal
definition of local interacting agents and irrelevant agents,
which are useful for computing the Shapley value.

Definition 1 (Local Interacting Agents and Irrelevant
Agents) Given a DCOP G = 〈N ,A,D,U〉, an agent k is defined
as the local interacting agent of agent i if there exists at least
one utility function that involves both i and k, that is, the
set of local interacting agents of i, N loc

i = {k|∃u j ∈ U : i ∈
Nu j &k ∈ Nu j }. On the other hand, an agent k is defined as the
irrelevant agent of agent i if there is no utility function that
involves both i and k, that is, the set of irrelevant agents of i,
N irr

i = N \N loc
i .

Max-sum for Optimizing DCOP. Given a DCOP, finding
a globally optimal solution is NP-hard [60]. A Max-sum
algorithm is proposed to optimize the global joint action ~a∗ in
a fully decentralized manner [61]. The pseudocode for the
standard Max-sum is presented in Algorithm 1. The Max-
sum first transforms the DCOP into a factor graph: a bipartite
undirected graph that contains a variable node for each agent
i, a function node for each utility function u j, and an edge-
connecting variable node i with function node u j if and only if i

1In multiagent decision making domains, Di represents the set of actions.
2In multiagent decision making domains, the k variables represent the

actions of k agents.
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Algorithm 1 Max-sum(0)

is involved in u j. The variable and function nodes can send and
read messages and perform computations. In a factor graph,
let Negi (resp. Negu j ) denote the set of neighbor function
nodes (variable nodes) of variable node i (function node u j).
The operations of the variable and function nodes are similar,
except for the content of the messages to be sent. A message
sent from a variable node i to a function node u j at iteration
t, includes for each value ai ∈ Di the sum of utilities for this
value it received from all function neighbors except for u j at
iteration t − 1. Formally, at the tth iteration, the message sent
from the variable node i to the function node u j includes each
action ai ∈ Di:

Ei→u j (ai) =
X

u j′∈Negi,u j′,u j

Fu j′→i(ai) − α, (1)

where Fu j′→i(ai) is the utility of the value ai included in
the messages received from function node u j′ at iteration
t − 1, and α is a constant that prevents utilities carried by
messages from growing arbitrarily. A common choice of α is
the average of all utilities included in the message; that is,
α =

P
ai∈Di

P
u j′∈Negi,u j′,u j

Fu j′→i(ai)/|Di|.
A message sent from function node u j to variable node i at

iteration t includes for each possible value ai ∈ Di the maximal
utility of any combination of actions to the variables involved
in u j except for i. Formally, the message sent from function
u j to variable i includes the following for each action ai ∈ Di:

Fu j→i(ai)=max
~au j \ai

�
u j(~au j ) +

P
k∈Negu j ,k,iEk→u j (ak)

�
, (2)

where u j(~au j ) is the local utility function involving local joint
action ~au j .

When a variable node makes decisions, it accumulates all
utilities it receives and selects an action to maximize the sum
of the utilities. Formally, each variable node i selects an action
using

a∗i = arg max
ai

X
u j∈Negi

Fu j→i(ai). (3)

The Max-sum algorithm can converge to the optimum for
the DCOP with an acyclic factor graph, and can also provide
a desirable solution in cycle factor graphs [61].

A. The SV-SCA Mechanism

Given a DCOP and the optimal joint-action ~a∗, the SCA
problem aims to evaluate how the individual action a∗i of agent

i contributes to the global payoff. In this section, we describe
the core idea of our SV-SCA and demonstrate the exploitation
of the structure of the DCOP in computing the Shapley value
efficiently.

1) Marginal Contribution: Given a DCOP
G = 〈N ,A,D,U〉, let C ⊆ N denote a coalition, that is, a
subset of agents. Given the global joint action ~a = {a1, · · · , an}

returned by Max-sum, let u(C) =
P

u j
u j(aCj1 , · · · , a

C
jk ) denote

the total utility achieved by the coalition C, in which the
agent i takes the action

aCi =

(
ai if the agent participates in C,
∅ otherwise.

(4)

The marginal contribution 4~ai of agent i to coalition C ⊆
N \ {i} is the increase in the utility of C as a result of i joining
it and taking action ai, that is,

4~ai (C) = u(C ∪ {i}) − u(C). (5)

2) Shapley Value: The Shapley value of agent i taking
action ai, φ~ai is the average marginal contribution to all possible
coalitions.

φ~ai =
X

C⊆N \{i}

|C|!(n − |C| − 1)!
n!

4~ai (C). (6)

The Shapley value can be interpreted as follows: all agents
are arranged in some order, all orderings are equally likely,
and φ~ai is the expected marginal contribution over all orders
of agent i to the set of preceding agents.

The SV-SCA mechanism assigns credit to agent i using the
Shapley value φ~ai . This type of credit assignment not only
provides a fair division of the utilities of coordination among
agents, but also satisfies the additivity property [23].

Lemma 1: [Additivity [23]] Give a DCOP G = 〈N ,A,D,U〉,
let ~a denote any global joint-action, then the global payoff

generated by the grand coalition N is equal to the sum of the
Shapley value-based credits of all agents,

P
i φ

~a
i = u(N ),

3) Computing the Shapley Value Efficiently: Although the
Shapley value provides a fair SCA, its main drawback is its
computational complexity. Fortunately, in the DCOP, agent
i’s action affects only the utility of the coalition involving
the locally interacting agents of i. This observation indicates
that i’s marginal contributions to all coalitions involving the
same subset of locally interacting agents of i is equal. In the
following, we consider this insight and compute the exact
Shapley value efficiently.

Theorem 1: Given the agent i, let N loc
i denote the subset

of the locally interacting agents (defined in Definition 1) and
nloc

i = |N loc
i |, and N irr

i = N \ N loc
i denote the subset of

irrelevant agents that do not interact with the agent i and
nirr

i = |N irr
i |. The Shapley value of i, φ~ai can then be rewritten

as

φ~ai =
1
n!

X
C⊆N loc

i

H(|C|, nirr
i )4~ai (C), (7)
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where the operator H(|C|, nirr
i ) depends only on the number

of locally interacting agents and the number of irrelevant
agents.

H(|C|, nirr
i ) =

nirr
iX

k=0

 
nirr

i

k

!
(|C|+ k)!(n − |C| − k − 1)!

Proof: For each coalition C, dividing it into disjoint coali-
tions of locally interacting agents C1 ⊆ N loc

i and irrelevant
agents C2 ⊆ N irr

i of agent i, we have

φ~ai =
1
n!
P

C⊆N \{i}|C|!(n − |C| − 1)!4~ai (C)

=
1
n!
P

C1⊆N loc
i

P
C2⊆N irr

i
|C1∪C2|!(n−|C1 ∪ C2|−1)!4~ai

× (C1 ∪ C2)

=
1
n!
P

C1⊆N loc
i

P
C2⊆N irr

i
|C1 ∪ C2|!(n−|C1 ∪ C2|−1)!4~ai (C1)

=
1
n!
P

C1⊆N loc
i

P
C2⊆N irr

i
(|C1|+|C2|)!(n−|C1|−|C2|−1)!

× 4~ai (C1)

=
1
n!
P

C1⊆N loc
i

Pnirr
i

k=0

�nirr
i
k

�
(|C1|+k)!(n−|C1|−k−1)!4~ai (C1)

=
1
n!
P

C1⊆N loc
i

H(|C1|, nirr
i )4~ai (C1). (8)

In Eq. (8), given a local interacting coalition C1 ⊆ N loc
i , for

any irrelevant coalition C2 ⊆ N irr
i , the agent i has the same

marginal contribution to the joint coalition C1 ∪ C2, that is,
∀C2, C′2 ⊆ N irr

i , 4~ai (C1 ∪ C2) = 4~ai (C1 ∪ C′2). �
It should be noted that the operator H(|C|, nirr

i ) depends only
on the number of local coalitions (that is, 2nloc

i ) and the number
of irrelevant agents nirr

i , rather than the agents’ actions. Thus,
we can precompute H(x, y) (1 ≤ y ≤ n, 0 ≤ x ≤ n − y) to
mitigate the online computation load.

In conclusion, Eq. (1) has two main advantages: 1) the
Shapley value can be computed efficiently by reducing the
number of possible coalitions from 2n to

P
i∈N 2nloc

i , and 2)
each agent can compute its Shapley value by accessing only
the local joint-action in a fully decentralized manner without
the need for knowledge of the global joint-action.

V. SV-SCA GUIDED COORDINATED
MCTS FOR ONLINE MAP

In this section, we combine SV-SCA with MCTS and
propose a coordinated MCTS, which is an online MAP method
for MMDPs. Searching for the global joint-action is time
consuming, and the coordination structure of DCOP changes
with the state; therefore, the key to implementing a coordinated
MCTS is individual action selection and global payoff back-
propagation. The overview framework of coordinated MCTS
is shown in Fig. 2.

A. Individual Action Selection

Given the current state s, we first formulate the current
DCOP G(s) = 〈N ,A,D,U〉 at s. On the one hand, agents
need to coordinate their joint-action ~a by a Max-sum to
optimize the immediate global payoff. However, it is also

Fig. 1. The framework of SV-SCA-guided coordinated MCTS for online MAP
and coordinated MARL. The elements highlighted in red are the contributions
of this study.

Fig. 2. Overview of coordinated MCTS.

necessary to explore promising joint actions that will benefit
long-term cumulative global payoffs. As previously stated, it
is not feasible to directly explore the global joint-action. Using
the message-passing procedure in DCOP, we can explore the
individual action ai of agent i using Eq. (3) at the end of the
process. Specifically, we track the corresponding frequency
statistics for every action ai of agent i. A natural exploration
of an individual action is to add an upper confidence bound
(UCB) bonus when selecting an action:

a∗i = arg max
ai

24 X
u j∈Negi

Fu j→i(ai) + c

s
ln N(s)
Ni(s, ai)

35 , (9)

where c is the exploration parameter, Ni(s, ai) is the number
of visits to the individual action ai of agent i in state s, and
N(s) is the total number of visits to state s.

B. Global Payoff Backpropagation

In a standard single-agent MCTS, the value of all child
nodes in the root state s is updated by backpropagating the
payoff from the leaf node to the root node s. However, in an
MMDP, it is not possible to explore the global joint-action, and
it is not possible to directly backpropagate the global payoff

to update global joint-action statistics. To backpropagate the
global payoff, we use SV-SCA to decompose the global pay-
off into individual rewards and backpropagate the individual
rewards to update the statistics of individual actions as well
as local utility functions.
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C. Updating Individual Action and Local Utility Function

Given the current DCOP G(s) = 〈N ,A,D,U〉 at state s,
let ~a = (a1, · · · , an) denote the global joint-action, where ai is
selected using Eq. (9), and R(s, ~a, s′) denotes the immediate
global payoff achieved by taking ~a and ending in the state s′.
We first use SV-SCA to determine the immediate individual
reward Ri(s, ai, s′) of agent i, that is, ∀i:

Ri(s, ai, s′) = φ~ai , (10)

where φ~ai denotes the Shapley values defined in Eq. (1). In
a coordinated MCTS, the key is to model each of the local
utility functions u j ∈ U at state s, which will be used for the
coordinated action selection in Eq. (3). Let qi(s, ai) denote the
discounted cumulative individual reward of i by taking action
ai in state s. The discounted cumulative rewards of each local
utility function u j, qu j (s, ~au j ) can be defined as the sum of the
weighted cumulative individual rewards of agent i ∈ Negu j (s):

qu j (s, ~au j ) =
X

i∈Negu j (s)

qi(s, ai)
|Negi(s)|

, (11)

where Negu j (s) denotes the neighbor agents of u j and Negi(s)
denotes the neighbor utility function of agent i at the current
DCOP G(s). This method of updating the local utility func-
tion preserves the efficiency of the Shapley value, shown as
follows:

Lemma 2: Given a DCOP G = 〈N ,A,D,U〉, let ~a denote a
global joint-action, u(N ) denote the global payoff achieved by
~a, and φ~ai denote the Shapley value of agent i. For each local
utility function u j ∈ N , let qu j (~au j ) =

P
i∈Negu j

φ~ai
|Negi |

denote the
reshaped value. By summing the reshaped values of all utility
functions, we also guarantee the efficiency property; that is,
u(N ) =

P
u j∈U qu j (~au j ).

Finally, we define u j(s, ~au j ), the mean of the local utility
function u j obtained when the local joint-action ~au j is selected
at state s.

u j(s, ~au j ) = u j(s, ~au j ) +
qu j (s, ~au j ) − u j(s, ~au j )

Nu j (s, ~au j )
, (12)

where Nu j (s, ~au j ) denotes the visit frequency of the local joint-
action ~au j . The average local utility u j(s, ~au j ) represents the
expected cumulative long-term utility function used in the
message-passing procedure (Eqs. (1– 2)) for individual action
selection.

D. The Algorithm

The SV-SCA-based coordinated MCTS algorithm is for-
mally shown in Algorithm 2, which cycles the INITIALIZES-
TATE, SIMULATE, MAX-SUM, and UPDATESTATE functions.
• INITIALIZESTATE(s) (Steps 13-19): For a new state s,

we first build the DCOP model G(s) = 〈N ,A,D,U〉
(Step 15). We then initialize the frequency statistics of
each single action Ni(s, ai) and each local joint-action
Nu j (s, ~au j ), and the mean value of the local utility function
u j for each local joint-action ~au j u j(s, ~au j ) (Steps 16-19).

• SIMULATE(s, depth) (Steps 4-12): Starting from the
current state s, the SIMULATE function incrementally

grows a search tree of simulating and evaluating local
utilities until depth or time limit is reached. At Step 8,
MAX-SUM(c) is used to select the global joint-action ~a
and transit to state s′. Given the global joint-action ~a,
we use the SV-SCA to determine the individual reward
for each agent i, that is, Ri(s, ai, s′) = φ~ai (Step 10).
At Step 11, by further simulation, the cumulative state
action reward qi(s, ai) of the agent i is computed by
summing the discounted future individual reward γ ·
SIMULATE(s′, depth − 1)[qi] of i.

• MAX-SUM(c) (Steps 20-22): Once the message passing
procedure (that is, Steps 1-5 in Max-sum(0)) terminates,3

each agent selects its own action by Eq. (9), where the
parameter c yields a trade-off between exploration and
exploitation.

• UPDATESTATE(s,~a,u) (Steps 23-29): At the state s, given
the global joint-action ~a, for each u j, the cumulative
reward qu j (s, ~au j ) of the local joint-action ~au j is computed
by summing the weighted individual rewards of neighbor-
ing agents i ∈ Negu j (that is, Eq.(11)). Finally, the mean
statistics of u j with respect to the local joint-action ~au j ,
u j(s, ~au j ) is then updated by Eq. (12).

E. Theoretical Analysis

In this section, we first analyze the computational complex-
ity of coordinated MCTS.

Lemma 3: Assume that there are n agents, each agent has d
actions and k neighbor agents, the computation complexity of
Algorithm 2 is O(d2n2 +Tk2dk +n2k), where T is the number
of iterations in Max-sum (i.e., Algorithm 1).

Proof: Algorithm 2 is implemented by simulations (Steps
1-2). Each simulation consists of three functions: INI-
TIALIZESTATE (Steps 13-19), MAX-SUM (Steps 20-22),
UPDATESTATE (Steps 23-29).

INITIALIZESTATE (Steps 13-19): at each state s, we
need to take O(kn) operations to formulate DCOP. For each
agent i, we need to initialize its visit frequency N(s, ai) for
each action ai, which will take O(dn) operations. For each
utility u j, and each joint action ~au j , we need to initialize its
visit frequency Nu j (s, ~au j ), which will take O(d2n2) operations.
In total, there are O(kn + dn + d2n2) = O(d2n2) operations in
INITIALIZESTATE.

MAX-SUM (Steps 20-22): Max-Sum is implemented in
iterations. At each iteration (Steps 1-5 in Algorithm 1), each
agent i computes the coordination cost Ei→u j for each utility
function u j and each action ai. Since there are k neighbors
and d actions for each agent, there are O(kd) computations for
each agent to compute Ei→u j . On the other hand, each utility u j

computes the maximal utility function Fu j→i (i.e., Eq. (2)) to
each neighbor agent i with respect to each action ai, which will
take O(kdk) operations. Since there are k neighbor agents, there
are O(k2dk) computations for each utility function u j. MAX-
SUM terminates at most T iterations, the total computation
cost of MAX-SUM is O(T (kd + k2dk)) = O(Tk2dk).

3It should be noted that Max-sum is an anytime algorithm that can be
terminated at any time (for time limit) and return the current best solution.
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UPDATESTATE (Steps 23-29): Before updating each
agent and each utility function, in Step 10, we need to take
O(n2k) to compute the Shapley values of all agents (i.e., Eq.
(7)). Then, we need to take O(n) and O(kn) computations to
update visit frequency N(s, ai) and Nu j (s, ~au j ), respectively. In
total, the function UPDATESTATE will take O(n+kn+n2k) =

O(n2k) computations.
In summary, each simulation of Algorithm 2, the total

computations of the three functions INITIALIZESTATE,
MAX-SUM, and UPDATESTATE is O(d2n2+Tk2dk+n2k).
�

Next, we prove that we can preserve and backpropagate the
global payoffs using our coordinated MCTS.

Lemma 4: Let ρ = 〈s0, s1, · · · , sT 〉 denote the sequence
of states visited by the simulated global joint-action
〈~a0, ~a1, · · · , ~aT 〉. The cumulative global reward of ρ is
Vρ(s0, ~a0) =

PT−1
k=0 γ

kR(sk, ~ak, sk+1), where R(sk, ~ak, sk+1) is the
global payoff of the global joint-action ~ak at state sk. At the
root state s0, let G(s0) = 〈N ,A,D,U〉 denote the DCOP model
and qu j (s0, ~a0,u j ) denote the cumulative value of the local utility
function u j obtained from ρ using our coordinated MCTS.
Then, we have

Vρ(s0, ~a0) =
X

u j∈G(s0)

qu j (s0, ~a0,u j ). (13)

Proof: Based on the efficiency of the SV-SCA mechanism
(that is, Lemma 1), we have

Vρ(s0, ~a0) =

T−1X
k=0

γkR(sk, ~ak, sk+1)

=

T−1X
k=0

γk
X
i∈N

Ri(sk, ~ak, sk+1) (14)

=

T−1X
k=0

X
i∈N

γkRi(sk, ~ak, sk+1) =
X
i∈N

qi(s0, a0,i). (15)

Eq. (14) holds since R(sk, ~ak, sk+1) =
P

i∈N φ~ak
i =P

i∈N Ri(sk, ~ak, sk+1). According to Step 27 in Algorithm 2,
the cumulative value of local utility u j is the sum of the
individual cumulative rewards qi(s0, a0,i) of the neighboring
agent i ∈ Negu j .X

u j∈G(s0)

qu j (s0, ~a0,u j ) =
X

u j∈G(s0)

X
i∈Negu j (s0)

qi(s0, a0,i)
|Negi(s)|

=
X

i

qi(s0, a0,i) = Vρ(s0, ~a0). (16)

Therefore, we can conclude that our coordinated MCTS can
preserve and backpropagate the global payoff through an
individual agent’s reward. �

VI. SV-SCA GUIDED COORDINATED MARL

In this section, under the guidance of SV-SCA, we propose
a fully-decentralized and coordinated MARL for MMDPs
without access to environmental dynamics.

A. Basic MARL Approaches

Deep Q-learning, which uses neural networks as approxima-
tions, is a popular learning approach for solving single-agent
decision-making problems. Let Q(s, a) represent the expected
cumulative reward for action a in the state s. The policy π can
be derived from Q(s, a) by setting π(s) = arg maxa∈A Q(s, a).

1) Centralized MARL: Centralized MARL assumes that a
central controller can gather all global information including
global joint-actions and global rewards. During training, the
centralized MARL can directly estimate the global state-action
value Qtot(s, ~a) using the standard single-agent Q-learning
algorithm:

Qt+1
tot (s, ~a) = (1 − α)Qt

tot(s, ~a) + α[R(s, ~a, s′)
+ γmax

~a′
Qt

tot(s′, ~a′)]. (17)
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where α ∈ (0, 1) is the learning rate; R(s, ~a, s′) is the immediate
global reward for taking ~a in state s; γ ∈ [0, 1] is a discount
factor. Although this centralized approach can produce an
optimal policy, it is practically intractable because the global
joint-action space is exponential in terms of the number of
agents.

2) Independent MARL: At the other extreme, we can use
an independent learning approach [62] in which the agents
ignore the exploration behavior of other agents and learn
the state-action value function Qi(s, ai) only from their local
reward Ri(s, ai, s′). The local reward of each agent i can
be provided by the global reward R(s, ~a, s′) or difference
reward R(s, ~a, s′) − R(s, ~a−i, s′) [17], [18]. An independent
MARL is distributed, resulting in computational savings in the
policy space. However, this approach is not coordinated and
may convergence to policies that are locally but not globally
optimal.

B. Coordinated MARL

Coordinated MARL attempts to achieve both scalability and
optimality (or near optimality) using structural interactions and
coordinated distributed learning. Existing explicit coordinated
MARL approaches [63], [64], [65], [66] use individual rewards
directly to update local joint-action values. Existing implicit
coordinated MARL approaches [16], [54] learn to decompose
the global state action value Qtot into individual state action
values Qi using neural networks. In contrast to the implicitly
coordinated MARL, our coordinated MARL based on SV-SCA
does not require learning the global state action Qtot, which is
a more flexible fully-decentralized learning paradigm [59]. On
the other hand, in comparison with the explicitly coordinated
MARL based on difference reward, we leverage the SV-SCA
to redistribute the global reward fairly to individual rewards.

1) Global Q-Value Decomposition in DCOP: Given the
interaction structure, DCOP G(s) = 〈N ,A,D,U〉 at state s,
the coordinated MARL optimizes the decomposable Q-value
Q̂tot, which is used to approximate the real global Q-value
Qtot. The approximator Q̂tot can be defined as the sum of the
local values Qu j :

Q̂tot(s, ~a) =
X
u j∈U

Qu j (s, ~au j ), (18)

where the value Qu j (s, ~au j ) is the expected cumulative reward
of the agents in the utility function u j by performing a joint-
action ~au j at state s, and then behaving globally optimally with
respect to maximizing Q̂tot(s, ~a). By decomposing Eq. (18), the
global Q-learning update rule for Q̂tot(s, ~a) in Eq. (17) can be
rewritten as

Q̂t+1
tot (s, ~a) =

X
u j∈U

Qt+1
u j

(s, ~au j ) = (1 − α)
X
u j∈U

Qt
u j

(s, ~au j )

+ α

24R(s, a, s′) + γmax
~a′

X
u j∈U

Qt
u j

(s′, ~a′u j
)

35 .
(19)

To provide distributed and coordinated learning for MARL,
two issues must be addressed to update the state action value

Qu j of the local utility functions u j. The first is to redistribute
the global reward R(s, ~a, s′) to the local utility function and
the second is to determine the coordinated global joint-action
~a′ that maximizes the expected value

P
u j∈U Qt

u j
(s′, ~a′u j

). We
address these two issues using the following techniques:
• SV-SCA for Decomposing the Global Reward

R(s, ~a, s′). At state s, let ~a = (a1, · · · , an) denote the
global joint-action executed by agents. We first use the
SV-SCA (that is, Eq. (1)) to determine the immediate
individual reward for each agent i, that is, ∀i,Ri(s, ai, s′) =

φ~ai (s, ~a, s′). Then, the immediate reward of the local
utility function u j is defined as the sum of the weighted
individual rewards of neighbor agents i ∈ Negu j (s), that
is,

Ru j (s, ~au j , s
′) =

X
i∈Negu j (s)

Ri(s, ai, s′)
|Negi(s)|

, (20)

where Negu j (s) denotes the set of neighbor agents of u j

and Negi(s) denotes the set of neighbor utility functions
of i in the current DCOP G(s).

• Max-sum(0) for Maximizing
P

u j∈U Qt
u j

(s′, ~a′u j
). We can

directly use Max-sum(0) (that is, Algorithm 1) to compute
the optimal global joint-action ~a′ at state s′.

Both SV-SCA for decomposing Ru j (s, ~a, s′) and maximizingP
u j∈U Qt

u j
(s′, ~a′u j

) using Max-sum(0) can be executed in a fully
distributed manner. Now, Eq. (19) can be decomposed into
local Qu j values for each utility function u j:

Qt+1
u j

(s, ~au j )= (1 − α)Qt
u j

(s, ~au j ) + α
�
Ru j (s, ~au j , s

′)

+ γQt
u j

0@s′, ~a′u j
|~a′u j
∈arg max

~a′

X
u j∈U

Qt
u j

(s′, ~a′)

1A�.
(21)

Finally, the coordinated MARL based on SV-SCA is for-
mally presented in Algorithm 3, and Fig. 3 shows the
coordinated MARL framework.

C. Theoretical Property

The monotonicity property has proven to be critical for pro-
moting coordination in MARL, in which each agent optimizes
its own rewards also optimize the system’s global reward [16],
[18]. In this section, we demonstrate the monotonic property
of the coordinated MARL based on SV-SCA.

Theorem 2: Let Qtot(s, ~a) =

Eπ

hPT−1
k=0 γ

kR(sk, ~ak, sk+1)|s0 = s, ~a0 = ~a
i

denote the
expected cumulative global reward under the global
joint policy π = ×1≤i≤nπi, and Qu j (s, ~au j ) =

Eπ

hPT−1
k=0 γ

kRu j (sk, ~au j,k, sk+1)|s0 = s, ~au j,0 = ~au j

i
denote

the cumulative reward of local utility function u j ∈ U .
Assume that the utility function u(·) is differentiable, the
SV-SCA based coordinated MARL satisfies the monotonic
property:

∂Qtot(s, ~a)
∂Qu j (s, ~au j )

≥ 0,∀u j ∈ U . (22)

Proof: Since Qtot =
PT−1

k=0 γ
kR(sk, ~ak, sk+1) and Qu j =PT−1

k=0 γ
kRu j (sk, ~au j,k, sk+1), we only need to prove ∂R(s,~a,s′)

∂Ru j (s,~au j ,s
′) ≥
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0 at each state s. Particularly, under the SV-SCA, the reward
Ri(s, ai, s′) of each agent i satisfies Eq. (23), as shown at
the bottom of the next page. In Eq. (23), since the coalition
N \{C ∪ i}) does not include the agent i, the utility function
u(N \{C ∪ i}) of this coalition is independent of the action
ai of agent i. For each utility function u j ∈ U , the reward
Ru j (s, ~au j , s

′) =
P

i∈Negu j

Ri(s,ai,s′)
|Negi(s)| , we further have that

∂Ru j (s, ~au j , s
′)

∂~au j

=
∂
P

i∈Negu j

Ri(s,ai,s′)
|Negi(s)|

∂~au j

=

P
i∈Negu j

1
|Negi(s)|∂Ri(s, ai, s′)

∂ai∂~au j−i

=

P
i∈Negu j

1
|Negi(s)|

P
C⊆N \{i}

|C|!(n−|C|−1)!
n! ∂u(N )

∂~au j

(24)

At the state s, since u(N ) and R(s, ~a, s′) both denote the
immediate global reward (that is, u(N ) = R(s, ~a, s′)), we can

conclude that ∂R(s,~a,s′)
∂Ru j (s,~au j ,s

′) =

∂R(s,~a,s′ )
∂au j

∂Ru j (s,~au j ,s
′ )

∂au j

≥ 0, which will satisfy

∂Qtot(s,~a)
∂Qu j (s,~au j )

≥ 0. �

VII. EXPERIMENTS

In this section, we validate the proposed SV-SCA-based
coordinated MCTS for online MAP and SV-SCA-based coor-
dinated MARL. All computations are performed on a 64-bit

workstation with 64 GB RAM and a 16-core 3.5 GHz proces-
sor. All records are averaged over 40 instances and standard
errors are used as confidence intervals.

A. Experiments for Online MAP

1) Experiment Domains: We introduce three typical
domains that can represent a range of sequential multiagent
coordination problems with static and dynamic DCOPs.

a) Traffic Signal Control (TSC) [67]: We evaluate the
proposed methods for the TSC problem on the Cityflow
simulation platform [67] within real-world and synthetic traffic
networks (as shown in Fig. 4(a)). Two synthetic grid-like traffic
networks, syn 3 × 3 and syn 4 × 4, are generated by the
Cityflow. Two representative real-world traffic datasets, jinan

3 × 4 and hangzhou 4 × 4, are collected from the two
cities [68]. In each traffic network, each vehicle is described by
(o, t, d), where o is the origin location (that is, link), t is time,
and d is the destination location. Locations o and d are links
in the road network. Each intersection is modeled as an agent,
the links between agents are modeled as local interactions in
DCOP, and the interaction structure is static. The ultimate
objective of TSC is to minimize the average travel time of
vehicles. However, the travel time of a vehicle is a long-term
object that depends on the sequence of signal actions that
cannot be computed until the vehicle has completed its route.
In our coordinated MCTS, we use the number of vehicles that
exit the traffic network in the planning step as the immediate
global payoff.

b) Compared Methods: We compare our coordinated
MCTS method to the following four baselines:
• Maxpressure [69], a traditional transportation method,

which greedily actives the phase with the maximum
pressure.

• PressLight [28], an independent MARL method where
each agent learns the policy of selecting the next phase
by vanilla deep Q-network (DQN).

• FV-MCTS [46], where the individual action is evaluated
according to the global payoff.

• A variant of our coordinated MCTS with lookahead
depth=1.
c) Multi-Robot Patrolling (MRP) [70]: In MRP, multiple

mobile robots are deployed to patrol sensitive regions, where
persistent surveillance, inspection, and control are required (as
shown in Fig. 4(b)). The MRP can be formulated as a graph
G = 〈V , E〉, where V is the set of regions to be patrolled and
ei j ∈ E denotes the regions vi and v j are adjacent. The robots
can navigate between adjacent regions. The instantaneous
idleness of a region in the current period is the number of
periods that have elapsed since its last visit. In each period,
the two robots interact locally if they can move to the same
region in the next period, that is they have a joint effect on
the idleness of a region. In MRP, the interaction structure
is dynamic. The objective of MRP task is to coordinate the
patrolling strategies of the robots to minimize the average
idleness of all regions over the entire horizon.

d) Compared Methods: In addition to the FV-
MCTS, we compare our coordinated MCTS with 1) Naive

Authorized licensed use limited to: Southeast University. Downloaded on February 20,2026 at 11:16:20 UTC from IEEE Xplore.  Restrictions apply. 



WANG et al.: SHAPLEY MEETS DCOP: A UNIFIED STRUCTURAL CREDIT ASSIGNMENT FOR MAP AND MARL 3977

Fig. 3. Overview of coordinated MARL. All of the modules , and can be computed in a fully-decentralized manner.

Fig. 4. Multiagent planning domains. LEFT: the TSC domain where each point indicates an intersection and each intersection is modeled as an agent, and
the links between agents are modeled as the local interaction in DCOP, MIDDLE: the MRP domain where two robots can interact with each other locally if
they have an effect on the same neighbor regions with respect to idleness, which can be modeled the interaction structure in DCOP, and RIGHT: the STP
domain where two police officers can interact with each other locally if they have an effect on the same neighbor region with respect to the risk of accidents,
which can be modeled the interaction structure in DCOP.

MCTS, where the global joint-action is explored and
evaluated, and 2) independent MARL [70], where each
agent adopts model-free Q-learning to learn the patrolling
policy.

e) Security Traffic Patrolling (STP) [71]: In STP, a set
of police officers (that is, agents) are deployed for traffic
enforcement with the aim of preventing road accidents or
illegal driver behaviors (as shown in Fig. 4(c)). The interaction
between police and drivers can be cast as a defender-attacker
Stackelberg game. The defender (police) commits to a pure
patrol strategy used to generate daily patrol schedules for each

police officer. A daily patrol schedule comprises a trajectory
through the road network, that is, a sequence of regions to
patrol. The attacker (that is, driver) follows the opportunistic
behavior model and reacts to police enforcement in the current
and past periods. The risk of accidents measures the likelihood
of serious traffic accidents occurring in each region during
each period. The STP problem focuses on coordinating police
officers’ patrolling strategies with the aim of minimizing the
risks of accidents occurring throughout the game. In STP, the
interaction structure is similar to that in MRP and is dynamic
and state-dependent.

∂Ri(s, ai, s′)
∂ai

=
∂
P

C⊆N \{i}
|C|!(n−|C|−1)!

n! 4~ai (C)
∂ai

BThe Shapley value

=
∂
P

C⊆N \{i}
|C|!(n−|C|−1)!

n! u(C ∪ i)
∂ai

B4~ai (C) = u(C ∪ {i}) − u(C)

=
∂
P

C⊆N \{i}
|C|!(n−|C|−1)!

n! [u(N ) − u(N \{C ∪ i})]
∂ai

BThe Efficiency Property

=
P

C⊆N \{i}
|C|!(n−|C|−1)!

n!
∂u(N )
∂ai

(23)
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Fig. 5. Experimental results. LEFT: in TSC, methods are evaluated on average travel time of vehicles (the lower the better), MIDDLE: in MRP, methods
are evaluated on average idleness of nodes (the lower the better), and RIGHT: in STP, methods are evaluated on reducing risks of accidents (the higher the
better). Methods that exceeded the timeout (that is, 10 minutes) do not appear.

f) Compared Methods: In addition to online baselines
Naive MCTS and FV-MCTS, we also compare our coordi-
nated MCTS against a randomized patrolling policy (Random)
and binary integer programming (BIP) [71]. BIP is used
to formulate the pure strategy for traffic enforcement and a
master/slave-based optimization is used for scale up.

2) Experiment Results:
a) Test the Efficiency: Fig. 5 shows the efficiency of our

coordinated MCTS in improving the system performance in
different domains.

In the TSC domain, we evaluate the methods on two
synthetic networks, syn 3× 3 and syn 4× 4, and two real-
world road networks, jinan 3× 4 and hangzhou 4× 4. The
performance is evaluated based on the average travel time of
the vehicles. From Fig. 5(a), we find that in all networks,
compared with online MAP and offline RL baselines, our
coordinated MCTS method generates the shortest average
travel time. The potential reason for this is that for complex
road networks with a number of intersections, it is difficult
for RL methods to train desirable coordination solutions. By
contrast, our method enables coordination between neighbor-
ing intersections and aims to optimize global traffic. However,
MaxPressure only optimizes the local pressure at individual
intersections; thus, its performance decreases in complex traf-
fic situations. Moreover, within the time limits, it is better
to use a longer planning horizon (that is, coordinated MCTS
depth= 2) than a shorter planning horizon (that is, coordinated
MCTS depth= 1).

In the MRP domain, we evaluate the methods on a synthetic
16×16 grid-like graph and varied the number of agents (that is,
robots) between 5 and 30. The performance is evaluated based
on the average idleness of the nodes. Fig. 5(b) shows that our
coordinated MCTS can achieve the minimum average idle-
ness, which guarantees that sensitive nodes can be patrolled
frequently. When there are a smaller number of agents (that
is, five), Naive MCTS performs better than FV-MCTS. This
can be explained by the fact that a Naive MCTS can explore
promising global joint actions when the number of agents is
small. However, the naı̈ve MCTS reaches a timeout even in
problems with ten agents.

In the STP domain, we evaluate the methods using a real-
world road network comprising 284 intersections and 355
roads. The number of agents (that is, police officers) is set to 30
and the number of planning steps (that is, T ) varied between

8 and 40. The performance is evaluated based on the risk
(of accidents) reduction between the no-enforcement condition
and the proposed methods. From Fig. 5(c), we find that,
compared with FV-MCTS, our coordinated MCTS can reduce
the no-enforcement risk value by more than 5%. Because BIP
always returns optimal solutions, BIP can reduce the largest
risks. However, the complexity of BIP increases exponentially
with the planning steps (T ), preventing its application to larger
problems (for example, T ≥ 32).

b) Test the Scalability: In the TSC domain (that is,
Fig. 5(a)), because the traffic changes in seconds, we set the
time limit for online computations to 3s. In all traffic networks,
the proposed coordinated MCTS returns the best solution when
executed online. In the MRP and STP domains, because agents
must patrol a region for some time, we can compute online
plans for the next step during patrolling. Thus, in the MRP and
STP domains, we set the time limit for online computations to
60s. Fig. 5(b) and 5(c) show the scalability of our coordinated
MCTS with respect to the number of agents n and planning
steps (T ), and we find that our coordinated MCTS and FV-
MCTS can be applied to large-scale problems with tens of
agents (that is, n = 30) and long planning steps (that is,
T = 40). In comparison, Fig. 5(b) shows that the naı̈ve MCTS
cannot be applied to problems with more than ten agents, and
Fig. 5(c) shows that BIP cannot be applied to problems with
more than 32 planning steps.

c) Test the Computation Time: Table II shows the com-
putation time of our coordinated MCTS in the TSC domain.
From Table II, it can be found that 1) the computation time
for the simulation step increases linearly with the number
of agents, and 2) given the limited time budget (that is,
#simulation= 500), our coordinated MCTS with depth= 2
performs better (with respect to ATT) than the variant with
depth= 1, but nearly the same with that of depth= 3. In
conclusion, the depth setting depends on both the time budget
and number of agents. For a small budget and large number of
agents, a short depth is preferred, whereas for a large budget
and a small number of agents, a long depth is better.

B. Experiments for MARL

1) Experiment Domains: In the MARL tasks, we introduce
two additional domains with static and dynamic coordination
graphs.
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Fig. 6. Multiagent reinforcement learning domains. LEFT and MIDDLE: Two typical network topology of SysAdmin problems. In each network, the action
of each machine has an effect on neighbor’s status. RIGHT: the Muti-Rover problem where multiple rovers attempt to observe points of interest (POIs) on
a grid plane.

TABLE II
TEST RESULTS OF THE COMPUTATION TIME OF OUR COORDINATED

MCTS IN THE TSC DOMAIN; THE TOTAL NUMBER OF ITERATIONS IS
500. ST: THE COMPUTATION TIME (MS) FOR EACH SIMULATION

STEP IN ALGORITHM 2, AND ATT: THE AVERAGE
TRAVEL TIME OF VEHICLES

a) The SysAdmin with Static DCOP [46], [72]:
The SysAdmin domain is used as the standard MMDP
benchmark to maintain a network of n machines. In SysAd-
min, each agent represents a machine and is connected
to a set of other machines. Thus, the interaction struc-
ture in SysAdmin is as static as the network topology.
Fig. 6(a) and Fig. 6(b) illustrate two typical network topolo-
gies for SysAdmin: star and ring-of-rings for SysAdmin.
In SysAdmin, each machine is associated with two state
variables: Status S i ∈ {GOOD,FAULTY,DEAD} and Load
Li ∈ {IDLE,LOADED,SUCCESS}. A GOOD machine can
become FAULTY with a certain probability pGOOD→FAULTY,
and a FAULTY machine becomes DEAD with the probability
pFAULTY→DEAD. A DEAD machine increases the probability of
its neighbor dying. These processes arrive at machines using a
static but unknown distribution. A machine is IDLE when there
is no process, and LOADED otherwise. The system receives a
reward of one if a process terminates successfully; processes
take longer when the status is FAULTY, and a DEAD machine
loses the process. Each agent must decide whether to reboot its
machine, in which case the status becomes GOOD; however,
any running process will be lost.

b) The Multi-Rover with Dynamic DCOP [73]: In the
multirover problem (Fig. 6(c)), multiple rovers attempt to
observe points of interest (POIs) on a grid plane. At each
step, each rover can perform one of the following actions
{UP, DOWN, RIGHT, LEFT, or STAY}. A POI j has a
fixed position on the plane, and a value V j is associated with

it. The value of the information obtained by observing a POI is
inversely related to the straight-line distance of the rover from
the POI. Although any rover can observe any POI in terms
of the global reward, only the closest observation counts. The
global reward Gt is given by the aggregate value of all the
POIs observed at each step t; that is,

Gt =
X

j

V j

mini∈N δ(L j, Li)
, (25)

where L j is the location of the POI j, Li is the location of rover
i, and δ(L j, Li) denotes the straight-line distance between rover
i and POI j. Thus, two rovers i and j are connected in DCOP
if there exists on POI k, such that |δ(Li, Lk)− δ(L j, Lk)| ≤ 1. In
this study, we set the number of rovers to eight, the number
of POIs to 14, and the plane comprised 50 × 50 grids. In
this multirover domain with a dynamic DCOP, learning the
local Q-value of each utility function is inefficient. Instead,
we directly exploit the SV-SCA to determine the immediate
reward of each agent i, which is used to learn its individual
value Qi.

c) Compared Methods: We compare our SV-SCA based
coordinated MARL (that is, Shapley value (ours)) method
with six baselines:
• Independent MARL with Personal Reward [46], which

is an explicit SCA-based MARL and each agent uses its
individual reward to update its individual Q-value.

• Independent MARL with Global Reward [74], which is
an explicit SCA-based MARL and each agent uses the
global reward to update its individual Q-value.

• Independent MARL with Difference Reward [18], [31],
which is also an explicit SCA-based MARL using the
marginal difference reward to update its individual Q-
value.

• COMA [19], which proposes the difference critic for
agents, i.e., the difference between the global Q-value and
counterfactual global without Q-value this agent. SHAQ
[33], which proposed the Shapley value as an alternative
critic Qφ

i for each agent, where Qφ
i is computed as the

average contribution of the marginal state-action value
QC to any coalition C.

• VDN [15], which is an implicit SCA and the neural
network constrains the sum of the individual Qi value
within the global Qtot value.
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Fig. 7. The efficiency of our coordinated MARL based on SV-SCA on improving system performance in SysAdmin with static DCOP.

Fig. 8. The efficiency of our coordinated MARL based on SV-SCA on improving system performance in multi-rover with dynamic DCOP.

• QMIX [16], which is an implicit SCA and the neural
network constrains the monotonicity relationship between
each individual Qi and the global Qtot value.

• QTRAN [29], which is also an implicit SCA and learns
the individual-global-max (IGM) relationship between
each individual Qi and the global Qtot value by neural
networks.

• QPLEX [30], which introduces the dueling structure
Qtot = Vtot+Atot for representing both joint and individual
action-value functions and then reformalizes the IGM
principle as an advantage-based IGM.

d) Experiment Results: Fig. 7 and Fig. 8 show the
efficiency of our coordinated MARL based on SV-SCA for
improving system performance. From Figs. 7(a) and (b) with
a static DCOP, we can observe that our coordinated MARL
performs the best, followed by the difference reward. The
potential reason for this is that when the DCOP is static,
the explicit SCA (that is, difference reward) can determine
the contribution of individual agents efficiently. By contrast,
MARL methods with implicit SCA struggle to learn the
decomposition relationships even with a large number of expe-
riences. From Fig. 8 with a dynamic DCOP, we can observe
that our coordinated MARL achieves a significantly larger
reward than those of these benchmarks. This result can be
explained by the fact that 1) compared to the existing explicit

SCA (that is, difference reward, global reward, personal reward
and COMA), SV-SCA not only has a monotonic property, but
also satisfies the additivity property. 2) compared to SHAQ that
requires a large number of experience to learn the global Q-
value, our coordinated MARL requires far fewer experience to
learn its individual policy based on its own critic. 3) Compared
to these implicit SCA methods that satisfy monotonicity (that
is, VDN), additivity property (that is, QMIX), or IGM property
(that is, QTRAN and QPLEX), our SV-SCA is explicit and can
be computed exactly through the combination of DCOP.

In summary, our coordinated MARL based on SV-SCA
outperforms the existing MARL benchmarks for both static
and dynamic DCOPs.

VIII. DISCUSSION AND LIMITATIONS

A. On Model-Free Environments Without Explicit
Coordination Structure

In this paper, the proposed MAP and MARL are model-
based methods where the underlying interaction structure
DCOP is known. Moreover, this paper mainly focuses on
the multiagent Markov decision process (MMDP) problem,
where each agent can observe the global state, but only
depends on actions of neighbor agents.In the model-free envi-
ronments where the interaction structure is unknown, MMDP
becomes the decentralized partial observable Markov decision
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process (Dec-POMDP). For Dec-POMDP problems, we can
adopt the centralized-training-decentralized execution (CTDE)
framework to train our proposed SV-SCA algorithm [75]. In
centralized training phase, we can integrate relevant informa-
tion across all agents, and learn a self-attention network to
determine an implicit coordination structure between agents
[55]. The coordination structure can be used for computing
Shapley value as well as the critic for each agent. Based on
the individual critic, the policy of each agent can be trained
using the standard actor-critic method depends on the local
observability. During the execution phase, the centralized self-
attention network is no longer required and the agents can act
independently based on the local observability.

B. Scalability of Shapley Value in Large-Scale Multiagent
Scenarios

In the case of large-agent scenarios (e.g., n = 1000 and
nloc

i > 10), computing 2nloc
i is still challenging. There are

two approximation methods for mitigating the computational
burden. 1) The approximated Shapley value can be obtained
by Monte Carlo sampling [24]. For example, given the total
number of coalitions 2nloc

i to be considered for computing the
Shapley value, we can only use the M Monte Carlo samplings
from 2nloc

i . Based on this approximation, the computational
complexity of the Shapley value can be reduced from O(2nloc

i )
to O(M), where M is a hyperparameter that represents the
number of Monte Carlo sampling and can be a tuned to
tradeoff Shapley-value efficiency and effectiveness. 2) We can
also reduce the number of neighbor agents nloc

i (e.g., nloc
i ≤ 10).

A self-attention network can be trained to learn the implicit
coordination structure between agents [55]. We can tune the
hyperparameter of soft edge weights to regulate the number of
neighbor agents nloc

i . For example, a large threshold of edge
weights might induce sparse coordination structure with small
nloc

i , vice versa. The Shapley value then can be computed
based on the implicit interaction structure learned by the self-
attention network.

IX. CONCLUSION

By combining SV with DCOP, a novel SCA mechanism
that can satisfy both the efficiency and monotonicity properties
is proposed, which is of significant importance in improving
coordination in MASs. The proposed SV-SCA not only unifies
the existing explicit (that is, difference reward) and implicit
(that is, VDN and QMIX) SCA mechanisms, but also can
be generalized for both MAP and MARL, making it widely
applicable to MAS applications. For MAP problems, a coor-
dinated MCTS method is proposed in which SV-SCA is used
to decompose the global payoff into individual rewards that
can be backpropagated to the root state through the search
tree. Guided by SV-SCA, a coordinated MARL is proposed
in which each agent performs coordinated learning in a fully
decentralized manner. Theoretical analyses show that both SV-
SCA based coordinated MCTS and SV-SCA based coordinated
MARL can converge. Experimental results validate that 1)
for MAP problems, the proposed coordinated MCTS has
significant advantages on the solution quality and scalability

over independent MCTS and decentralized MCTS methods,
and 2) the proposed coordinated MARL based on the SV-
SCA exhibits the best performance over existing implicit and
explicit SCA-based MARL benchmarks. helps bridge the gap
between MAP and MARL in several manners: 1) it allows
model-based MAP to help design more efficient model-free
MARL methods, and 2) it serves as the basis for deriving
principled solutions to fully integrate the two methodologies,
where the SCA mechanism is necessary for both MAP and
MARL.
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