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Abstract—Credit assignment in cooperative Multi-Agent Rein-
forcement Learning (MARL) focuses on quantifying individual
agent contributions toward achieving a shared objective. One
widely adopted approach to compute these contributions is
through the application of Shapley Values, a concept derived
from game theory. Previous research in Explainable Reinforce-
ment Learning (XRL) successfully computed Global Shapley
Values (GSVs), albeit neglecting local explanations in specific
situations. In contrast, another approach concentrated on learn-
ing Local Shapley Values (LSVs) during training, prioritizing
sample efficiency over explainability. In this paper, we extend
an existing method to generate local and global explanations in
a model-agnostic manner, bridging the gap between these two
approaches. We apply our proposed algorithm to two cooper-
ative tasks: a predator-prey environment and an antenna tilt
optimization problem in cellular networks. Our findings reveal
that the LSVs offer valuable insights into the agents’ behavior
with a finer time-frame granularity, while their aggregation in
GSVs enhances trust by potentially identifying suboptimality.
Importantly, our approach surpasses the existing state-of-the-art
methods in estimating LSVs, enhancing the accuracy of assessing
individual agent contributions. This work represents a significant
advancement in the field of XRL and provides a powerful tool
for gaining deeper insights into agents’ behavior in cooperative
MARL systems.

Index Terms—Explainable Reinforcement Learning, Multi-
Agent Reinforcement Learning, Shapley Values, Remote Elec-
trical Tilt Optimization

I. INTRODUCTION

In recent years, Reinforcement Learning (RL) has emerged
as a powerful paradigm for training agents to make se-
quential decisions in complex, dynamic environments. From
autonomous robotics to telecommunication systems, RL has
shown remarkable promise in a various applications. However,
as RL systems become increasingly integrated into real-world
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applications, there arises an urgent and compelling need for
transparency and interpretability, especially when the decisions
impact people’s lives and society.

Explainable Reinforcement Learning (XRL) refers to the
ability to elucidate how RL agents make decisions in a
way that is easily understandable to human stakeholders
[1]. Explanations can be either local, focusing on individual
decisions, or global, encompassing the holistic behavior of
the agents. Furthermore, state-of-the-art XRL includes model-
agnostic techniques, universally applicable to any RL agent
and typically extracting explanations after training (post-hoc),
and intrinsic (or model-specific) methods, strictly coupled to
the underlying learning algorithm.

The demand for explainability holds considerable impor-
tance in the domain of Multi-Agent Reinforcement Learning
(MARL). Cooperative MARL explores scenarios where mul-
tiple agents collaborate to achieve shared goals [2]. In such
settings, discerning the individual contributions of each agent,
hereafter referred to as the credit assignment problem, presents
a challenging task, given that agents exert influence not only
directly on the system but also on each other. Nonetheless,
illuminating the roles of individual agents within MARL
systems is crucial for optimal performance, fairness, reliability,
and accountability, given that agent contributions can pinpoint
sources of errors or suboptimal behavior [3].

Shapley Values (SVs) [4], rooted in cooperative game
theory, have gained recognition as a valuable tool for fairly dis-
tributing a payoff among a group of players. Previous research
has applied SVs to solve the credit assignment problem in
cooperative MARL. Wang et al. [5] devised Shapley Q-Value
Deep Deterministic Policy Gradient (SQDDPG), an MARL
algorithm that leverages SVs to distribute a global shared
reward among the agents for each state and joint action, to
improve sample efficiency. However, the generated learning-
based SVs cannot be reliably used as local explanations, as
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they are accurate only upon optimal training and, therefore,
cannot identify problems such as suboptimality. Heuillet et al.
[3] introduced a model-agnostic, post-hoc algorithm employ-
ing Monte Carlo simulations to approximate SVs, designed
for delivering global explanations. Nonetheless, a notable
limitation of their approach lies in its inability to provide local
explanations, a point highlighted by the authors themselves.

This paper extends the application of SVs in MARL to
offer a comprehensive solution that provides both local and
global explanations of agent contributions. We propose a
modification of [3] for estimating SVs as a function of the
state in a model-agnostic, post-hoc manner, achieving the
advantages of [3], [5] while overcoming their limitations. Our
experimental investigation applies our algorithm to a well-
established benchmark task, the predator-prey problem, com-
monly used in prior MARL research. Moreover, we explore
uncharted territory by conducting experiments on Remote
Electrical Tilt (RET) optimization, a prevalent problem in the
telecommunication domain [6]. Our findings reveal that local
explanations help to explain the internal agents’ behavior,
offering enhanced temporal granularity. Additionally, global
explanations improve trust by summarizing the importance of
each agent and identifying suboptimalities. These combined
factors demonstrate the effectiveness of our approach and its
applicability across diverse domains.

II. RELATED WORK

The literature relevant to this paper encompasses SVs,
XRL, and the intersection between them. SVs [4] were ini-
tially devised to assess the value of individual players in
contributing to the overall payoff. This concept subsequently
found widespread application across a diverse range of fields.
Lundberg et al. [7] applied SVs to generic machine learn-
ing models, considering each input feature as a player. The
resulting method, known as SHapley Additive exPlanations
(SHAP), calculates the impact of each feature for an individual
prediction compared to a baseline prediction. SHAP was
later adapted for single-agent RL policies to compute the
importance of each state feature to predict an action [8].

Previous work on XRL includes several promising tech-
niques, not only based SVs [1] . Liu et al. [9] presented Linear
Model U-Trees, transparent tree-structured RL models whose
leaves are equipped with linear models, to mimic complex
models following the concept of knowledge distillation. Mad-
umal et al. [10] proposed to build a causal graph to represent
the influence of actions on states and rewards. Such a graph
could then extract why and why-not explanations. Hayes et
al. [11] designed a framework known as autonomous policy
explanation to summarize a policy using minimal logical
clauses of user-interpretable abstractions of state features.
In environments where the reward is designed as a sum of
different components, reward decomposition [12] can provide
contrastive explanations to compare two actions in terms of
expected cumulative reward components. Terra et al. [13] com-
bined ideas from reward decomposition [12] and SHAP [7] to
generate detailed explanations, as well as identify and mitigate

bias. While the works mentioned above focus on a single agent
to explain correlations between observations and actions, this
paper proposes an XRL method that focuses on the holistic
view of a MARL system to find agent contributions. Our
approach complements other algorithms that might still be
applied to the individual agents in the MARL system.

In cooperative MARL, SVs can be utilized by considering
each agent as a player. Wang et al. [5] used SVs to fairly dis-
tributes the global reward among the agents, aiming to improve
the sample efficiency compared to using the global reward. In
this algorithm, named SQDDPG, the SVs are learned during
training by approximating with a neural network, for each state
and action, the contribution of each agent to each coalition.
However, learning-based SVs cannot be reliably exploited
as local explanations, as their accuracy is coupled to policy
optimality. Thus, suboptimal SQDDPG agents would provide
inaccurate SVs that cannot be utilized to identify problems and
improve the agents. In this paper, we compare learning-based
SVs generated by SQDDPG and rollout-based SVs generated
by our algorithm against exact values. A different approach,
focused on explainability, was used by Heuillet et al. [3], who
approximated the global contribution of each agent employing
Monte Carlo simulations. However, the main limitation of such
an approach is that it only provides a global value for each
agent, neglecting local contributions in specific situations. In
this paper, we overcome such a limitation by adapting the
algorithm to provide local and global contributions.

III. BACKGROUND

In this section, we outline the mathematical foundations of
MARL and SVs, which serve as the basis for our algorithm.

A. Multi-Agent Reinforcement Learning

In MARL, a group of agents interacts within a shared
environment, aiming to maximize their respective cumulative
rewards. A MARL problem can be formally modeled as a
stochastic game known as Markov game [14]. A Markov game
is defined by a tuple (N ,S, {Ai}i∈N , {Ri}i∈N , T , γ), where
N = {1, . . . , n} is the set of n > 1 agents, S is the state
space of the environment, and Ai is the action space of agent
i ∈ N . Let A = A1 × · · · × An, then T : S × A → S is
the transition probability from any state s ∈ S to any state
s′ ∈ S for any joint action a ∈ A; Ri : S × A × S → R
is the reward function that determines the immediate reward
ri = Ri(s, a, s′) received by agent i for a transition from
s ∈ S to s′ ∈ S after the join action a ∈ A; γ ∈ [0, 1)
is the discount factor. In MARL, transition probabilities T
and reward functions {Ri}i∈N are assumed to be unknown.
The objective of each agent i is to maximize the expected
discounted return E

[∑∞
t=0 γ

trit
]
.

This work focuses on fully cooperative Markov games
with terminal state. In fully cooperative settings, the agents
must collaborate to maximize a shared global reward, namely,
R = R1 = R2 = ... = RN . However, the individual
contribution of each agent to collect the global reward is not
present, which raises the problem of credit assignment. Having
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a terminal state guarantees that the game terminates in a finite
time, almost surely.

B. Shapley Values

SV [4] is one of the most popular methods to solve the
credit assignment problem in cooperative games. Formally, a
cooperative game is defined as a tuple (N , v), where N is
the set of players and v : 2N → R is the payoff function that
maps a coalition C ⊆ N (i.e., a subset of players) to a value
v(C), with v(∅) = 0. Then, the SV of player i ∈ N is defined
as:

ϕi =
1

|N |
∑

C⊆N\{i}

(
|N | − 1

|C|

)−1

v(C ∪ {i})− v(C) (1)

Intuitively, a SV calculates the average of the player’s marginal
contribution to all possible coalitions to capture not only the
player’s direct impact on the game but also the interactions
with the other agents.

The exact computation of Eq. (1) has an exponential
complexity O(2|N |−1) and, for stochastic games, requires to
replace payoff values with expectations, which are generally
unknown. Therefore, SVs generally need to be approximated.
A possible solution is to use Monte Carlo sampling [3]:

ϕi ≈ ϕ̂i =
1

M

M∑
k=1

[v(Ck ∪ {i})− v(Ck)] , Ck ∼ pi(·) (2)

where pi(C) = 1
|N |

(|N |−1
|C|

)−1
,∀C ⊆ N \{i} is the probability

of coalition C and corresponds to the same weight assigned
to coalition C in Eq. (1). The number of sampled coalitions
M > 0 offers a trade-off between accuracy and efficiency. A
larger M means a better SV approximation but comes at the
expense of more computation (the complexity is O(M)).

IV. ROLLOUT-BASED SHAPLEY VALUES

In this section, we define the concepts of Local Shapley
Values (LSVs) and Global Shapley Values (GSVs) and present
the modifications we made to the algorithm in [3].

A. Shapley Values in Multi-Agent Reinforcement Learning

In fully cooperative Markov games, SVs provide the indi-
vidual contribution of each agent towards the shared global
reward. Let πC be the policy of a coalition C ⊆ N where only
the agents in the coalition are allowed to take action. We define
a LSV ϕl

i(s) by plugging into Eq. (1) the non-discounted value
function as payoff function:

vl(s, C) = E

[ ∞∑
t=0

rt

∣∣∣∣∣s0 = s, πC

]
(3)

Intuitively, a LSV represents the expected contribution of agent
i ∈ N starting from the specific state s ∈ S.

Similarly, we define a GSV ϕg
i by using the expected return

as payoff function in Eq. (1):

vg(C) = E

[ ∞∑
t=0

rt

∣∣∣∣∣πC

]
(4)

Algorithm 1 Rollout-based LSV estimation

Require: Agent i; State: s; Policy π; Episode length T ;
Number of rollouts M ;

Ensure: Marginal contribution: δi

1: for 1 ≤ m ≤M do
2: C−i ← sample coalition without(i)
3: C+i ← C−i ∪ {i}
4: π−i ← exclude agents(π, C−i)
5: π+i ← exclude agents(π, C+i)
6: reset environment and seed(s,m)
7: R−i ← rollout environment(π−i)
8: reset environment and seed(s,m)
9: R+i ← rollout environment(π+i)

10: ϕ̂i ← ϕ̂i + (R+i −R−i)
11: end for
12: ϕ̂i ← ϕ̂i/M

where, unlike Eq. (3), the initial state s0 is an additional
random variable in the expectation. Intuitively, a GSV rep-
resents the expected overall contribution of agent i ∈ N
in the environment. This definition was used also in [3].
The assumption of Markov game with terminal state (see
Section III-A) guarantees vl(s, C) <∞ and vg(C) <∞.

B. Rollout-based estimation
We propose a rollout-based1 algorithm, adapted from [3],

to compute the Monte Carlo approximation of LSVs based
on Eqs. (2) and (3). The algorithm, whose pseudo-code is
shown in Algorithm 1, estimates the LSV ϕ̂i(s) by computing
M marginal contributions R+i −R−i of agent i to randomly
sampled coalitions C−i. The main modifications from [3] to
achieve locality are (lines 6 and 8): (i) each rollout starts
from the state of interest s; (ii) each marginal contribution
R+i−R−i is computed from two rollouts with the same seed,
thereby isolating the contribution of agent i to the coalition
C−i from the environment randomness. The exclude agents()
function consists of constraining the agents not in the coalition
i /∈ C to select a no-operation action, which in [3] was
empirically found to be the best approach to exclude agents
from a coalition.

GSVs can be computed by averaging LSVs. In this paper,
we average over LSVs at each time step of multiple episodes.
Specifically, given an episode, we compute and collect the
LSVs at each time step along the episode. The exploration of
alternatives, such as using only the LSVs of the initial state
of each episode, is left for future work.

Similar to [3], our approach requires full control of the
environment to perform rollouts and reset to specific states.
This requirement can be satisfied through simulators or, where
not available, by learning the system dynamics as commonly
done in model-based RL [15]. The computational complexity
of the LSV estimation is O(M), with M controlling the trade-
off between accuracy and computation time. Parallelization is

1In this context, rollout refers to simulating an episode until termination to
record the episodic return.
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TABLE I: Hyperparameters used to train SQDDPG agents.

Training episodes 5000
Discount factor 0.99
Hidden layers for actor & critic 1
Hidden units for actor & critic 128
Learning rate for actor 1e-4
Learning rate for critic 5e-4
Update frequency of behavior network 100
Update frequency for target network 200
Soft target update coefficient 0.1
Entropy regularization coefficient 1e-3
Batch size 128

Fig. 1: Illustration of the predator-prey environment with three
blue predators attempting to capture the single green prey,
while avoiding two grey obstacles.

possible, as each rollout can be run independently in parallel
with the others.

V. EXPERIMENTS AND RESULTS

In this section, we describe the experimental setup and
present the results of our experiments. These experiments
include the empirical evaluation of the LSV accuracy and
the qualitative assessment of the local and global explanations
provided by LSVs and GSVs, respectively.

A. Experimental setup

All RL agents were trained using SQDDPG [5]. The hy-
perparameters are reported in Table I. The experiments were
conducted using the following two MARL environments:

1) Predator-prey [3], [5] : Predators must catch a set
of preys in a two-dimensional world while avoiding fixed
obstacles. Each predator observes its position, velocity, relative
positions to other agents and preys, and preys’ velocities. In
addition, each predator has five possible actions: accelerate up,
down, left, right, and stop (modified to be an acceleration in the
opposite direction to the current velocity). The no-operation
action corresponds to the stop action. We used 3 predators, 1
prey, and 2 obstacles, as illustrated in Fig. 1. The prey moves
randomly, whereas the predators are RL agents. The global
reward includes the negative distance between the prey and
the predator closest to it and a positive reward if the prey
is caught. An episode terminates when the prey is caught or
after 200 time steps. We made the environment deterministic,
meaning that the prey always follows the same trajectory given
an initial environment state.

400 200 0 200 400

400

200

0

200

400

outdoor
indoor
UE

Fig. 2: Illustration of the RET environment with three an-
tennas, indoor and outdoor space, and a uniform random
distribution of 500 UEs. Other UE distributions were also used,
as described in the experiments.

TABLE II: Configuration of the RET environment.

Map size 10 000m2

Number of BSs 1
Range of tilt angle [0◦, 15◦]
Downlink maximum power 40W
Antenna model on BS hv 742215 fitted
Antenna type on UEs Isotropic
Propagation model Okumura–Hata
Fraction of indoor/outdoor 0.5
Radio technology LTE

2) Remote Electrical Tilt (RET) [6]: A set of Base Sta-
tions (BSs) and User Equipments (UEs) are deployed in a
cellular network. Each BS is equipped with 3 directional
antennas. The vertical electrical tilt of each antenna needs to
be adjusted to optimize a network Key Performance Indicator
(KPI). We used 1 BS and several UE distributions depending
on the specific experiment, as described in the following
sub-sections. Each antenna observes the average Signal-to-
Interference-plus-Noise Ratio (SINR) and Reference Signal
Received Power (RSRP) measured from the set of UEs it
serves, as well as its tilt angle. In addition, each antenna
can adjust its tilt angle incrementally by 1◦ or keep the same
tilt angle. The no-operation action, used for the rollout-based
LSV estimation, consists of setting the antenna’s transmission
power to 0W and does not belong to the action space. The
global reward is the percentage of UEs in the network with
SINR ≥ 3 dB (i.e., good signal quality) and RSRP ≥
−108 dBm (i.e., good coverage). An episode terminates after
20 time steps. The experiments were conducted using a system
simulation tool that implements a simplified map-based ray-
tracing propagation for arriving at the path-gains at various
UE drops [16]. Table II contains the configuration parameters,
whereas an illustration of the environment with a uniform
random distribution of UEs is shown in Fig. 2.
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Fig. 3: Cosine similarity between the true and estimated LSVs
using rollout-based, learning-based, and random estimation,
for various numbers of samples M in the predator-prey envi-
ronment. The statistics are calculated across 1000 episodes.

B. Accuracy evaluation

We evaluated the accuracy of LSV estimated by our rollout-
based algorithm in the deterministic predator-prey environ-
ment. This environment, being deterministic, allowed us to
precisely compute the payoff function (Eq. (3)) with a single
rollout2. We computed exact LSVs by examining all eight
possible predator coalitions and compared them to estimates
obtained via SQDDPG (learning-based) and via our rollout-
based approach, varying the number of sampled coalitions
(M ). We also included a baseline with random values drawn
uniformly between 0 and 1.

As shown in Fig. 3, our algorithm consistently outperformed
SQDDPG. The precision of our method improved with higher
values of M , while SQDDPG estimates only marginally out-
performed random values and showed no notable improvement
with increased M . This result aligns with findings from [5],
which reported limited performance gains from increasing M
in SQDDPG. Several factors can be attributed to the inferior
accuracy of learning-based LSVs. First, learning-based LSVs
consider a discount factor, causing them to estimate discounted
cumulative rewards rather than episodic returns. Nevertheless,
the performance of RL agents is typically evaluated based on
non-discounted episodic returns, and including the discount
factor in learning algorithms primarily serves convergence
guarantees. Second, learning-based LSVs are susceptible to
suboptimal training, meaning that the LSVs accuracy is highly
correlated to the agents’ performance. In contrast, post-hoc
rollout-based estimates can accurately approximate true LSVs
independently of the underlying learned policies. This property
is highly desirable in explainability, as one of the critical
use cases is identifying suboptimal policies (e.g., due to
undertraining). These results highlight the superiority of our
rollout-based algorithm over SQDDPG for estimating LSVs.

2In the RET environment, due to stochastic procedures in the simulator,
computing the exact LSVs is not possible.

C. Local explanations

We experimented with the rollout-based LSVs to qualita-
tively check whether and how they can be helpful as local
explanations in predator-prey and RET environments. For this
purpose, given a complete episode, we computed the LSVs
at each time step to show their evolution. Fig. 4 shows the
trajectories of predators and prey during a complete episode,
along with the LSVs and their L1 normalization. In the starting
position (t = 0), although all the predators are far from the
prey, predator 1 is the closest, and its slight advantage is
captured by the LSVs. As the episode continues (0 < t ≤ 5),
the prey moves downwards, decreasing the y-distance from
predators 0 and 2, while running away from predator 1. Thus,
predators 0 and 2 gain importance relative to predator 1, as
reflected by the L1-normalized LSVs. From this point (t > 5),
predator 0 starts losing importance (decreasing LSV), as the
others are the candidates to catch the prey. An interesting
insight, not immediately visible from the trajectories, is that
from t = 5 predator 0 has nearly no impact for the rest
game (LSV ≈ 0). Such intuition might be instrumental, for
example, to stop agents when they become superfluous, with
benefits such as energy savings. Furthermore, just before the
episode ends (t = 14), the LSVs of predators 1 and 2 drop
significantly, as they are so close to the prey that a no-operation
action from a predator would still result in a quick catch
from the other one or with the prey bumping into a predator.
Regardless, the normalized LSVs of predator 2 is slightly
higher since its next move will catch the prey.

For the experiment with RET, we used the uniform UE
distribution illustrated in Fig. 2, and the results are presented
in Fig. 5. The episode starts with random tilt angles for each
antenna, as shown in Fig. 5a (antenna 0, 1, and 2 have a
tilt angle of 0◦, 15◦, and 2◦, respectively). While antenna
1 starts fully down-tilted and takes the uptilt action until it
reached the optimal position (4◦), antennas 0 and 2 do the
opposite by tilting down. We can see from Fig. 5b that the
KPI of each antenna increases over time, and antenna 2 has
the highest percentage of well-served UEs. However, the LSVs
distribution has a different trend, with antenna 0 having the
highest contribution (Figs. 5c and 5d). The LSVs decrease
over time because the episode is artificially truncated after
20 time steps, reducing the horizon available to accumulate
positive rewards as the episode evolves. In the normalized
LSVs (Fig. 5d), the contributions of antenna 0 and 2 decrease
at early time steps because of the normalization process, where
in each time step, all the contributions must sum up to 1.
More importantly, the normalized LSVs converge towards
stable relative contributions of the antennas that mirror the
underlying UE distribution. Indeed, antenna 0 covers a larger
area than the other antennas, given that the simulated area
is square and inevitably presents an unbalanced three-zone
division (see Fig. 2). This observation aligns with the logic
of the no-operation action: when an antenna is excluded from
the coalition, it is turned off, causing its UEs to be re-assigned
to other antennas, deteriorating their KPI. Consequently, the
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Fig. 4: Trajectories of predators and prey, along with LSVs and their L1-normalized values, for a full episode.
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(b) Antennas’ KPI during the
episode in Fig. 5a
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(c) LSVs for each antenna during
the episode in Fig. 5a.

0 5 10 15
0.28
0.3

0.32
0.34
0.36
0.38

time step

L
1-

no
rm

al
iz

ed
L

SV

(d) L1-normalized LSVs from
Fig. 5c.

Fig. 5: Trajectories, KPI, LSVs and L1-normalized LSVs for a full episode of the RET environment illustrated in Fig. 2.

share of catches GSVs
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(a) Same speed.

pr0 pr1 pr2
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(b) Altered speed.

Fig. 6: Share of catches and GSVs for two settings of the
predator-prey environment: a) all the predators have the same
maximum speed of 1; and b) predator (pr) 0, 1, and 2 with
the maximum speed of 0.2, 0.8, and 2.0, respectively.

more UEs the antenna serves, the greater impact removing it
from the coalition has.

D. Global explanations

We designed experiments to qualitatively assess whether
GSVs can correctly capture the overall contribution of each
agent and provide insights to human users. In these experi-

share of UEs GSVs

ant0 ant1 ant2
0

0.2

0.4

0.6

(a) Same number of UEs.

ant0 ant1 ant2
0

0.2

0.4

0.6

(b) Unbalanced number of UEs.

Fig. 7: Share of UEs and GSVs for two settings of the
RET environment: a) all antennas serving 20 symmetrically
distributed UEs and b) antenna (ant) 0, 1, and 2 serving 4, 8,
and 16 UEs, respectively.

ments, we used M = 1 because the aggregation of numerous
LSVs guarantees to consider each coalition multiple times.
In predator-prey, inspired by [3], we computed the GSVs in
the original environment, where all the predators have the
same maximum speed, and in an altered environment, where
the three predators have different maximum speeds (predators
1, 2, and 3 have maximum relative speeds of 0.2, 0.8, and
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2.0, respectively). Fig. 6 shows the comparison of the GSVs
and the share of prey catches for each predator, a reasonable
indicator of the true contributions. In both settings, the GSVs
have a distribution very similar to the share of catches (cosine
similarity 0.9972 and 0.9987 for the same-speed and altered-
speed cases, respectively). In the same-speed scenario, preda-
tor 1 has the lead, most likely due to suboptimal or biased
policies (e.g., predator 1 responsible for catching the prey,
and other predators responsible for patrolling). For the altered-
speed scenario, interestingly, the shares of catches do not
reflect the relative maximum speeds of the predators. Possible
reasons are hidden benefits of having a capped lower speed
(e.g., the predator can speed up faster to reach its maximum
speed, and its maximum speed is the perfect spot to have good
maneuverability) or, again, suboptimal policies. In both cases,
GSVs can highlight such unintuitive and unexpected agent
contributions, calling the developers for further investigation
and improvement.

Similarly, in the RET environment, we computed the GSVs
in two controlled scenarios where the set of UEs is deployed
in a circumference around the BS (at distance 400m from
the BS and linearly spaced in the intervals [−π/12, π/12],
[7π/12, 9π12], and [−9π/12,−7π/12]) in order to minimize
the impact of distance and randomness on the agent contri-
butions. The first scenario has the same number of UEs (20)
in each sector, whereas the second one has an unbalanced
UE distribution (sectors 0, 1, and 2 have 4, 8, and 16 UEs,
respectively). Fig. 7 compares the GSVs to the share of UEs,
which is a reasonable indicator of the true contributions, as
the reward considers the percentage of well-served UEs. In
both scenarios, the GSVs have a distribution very similar to
the share of UEs (cosine similarity 0.9995 and 0.9997 for
the balanced and unbalanced cases, respectively), providing
a good indication of the true contribution of each antenna.
Unlike the predator-prey experiment, the agent contributions
(and therefore the GSVs) match the prior belief and confirm
unbiased and well-performing policies.

VI. CONCLUSION AND FUTURE WORK

In this paper, we presented a rollout-based algorithm to
approximate the contribution of individual agents within a
MARL system using Shapley Value. Our algorithm provides
both local and global explanations. Local explanations high-
light the contribution of each agent in specific situations, and
our approach has consistently demonstrated superior accuracy
compared to SQDDPG. Consequently, more accurate local
explanations help to detect biased and suboptimal policies.
For global explanations, our algorithm identifies crucial en-
vironmental factors and policy suboptimalities, enhancing ex-
plainability, accountability, trust, and overall system reliability.
An essential requirement of our approach is full control over
the system, which is necessary for enabling the execution of
rollouts and resets. While we experimented with simulations in
this study, real-world applications may necessitate incorporat-
ing an additional model to approximate the system dynamics,
as commonly done in model-based RL.

Future research may involve evaluating our algorithm with
learned system dynamics and experimenting with more intri-
cate scenarios within the RET problem. These scenarios might
encompass multiple BSs, potentially introducing interference
among them, thus raising additional challenges and needs for
local and global insights.
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