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ABSTRACT
In multi-agent systems, it is important to design a reward based on the contribution of each
agent for efficient learning. In this paper, we propose a reward distribution method for a
surveillance system based on our previously proposed multi-agent reinforcement learning
method with an aggregator, in which a control specification is described by a linear tempo-
ral logic formula. In this method, the aggregator computes and distributes rewards according
to the actions that agents take on the surveillance system. Finally, the effectiveness of the
proposed method is presented through a numerical simulation of a surveillance problem ad-
dressing a specific type of linear temporal logic specification.

KEYWORDS
multi-agent reinforcement learning, linear temporal logic, surveillance systems, aggregator,
reward distribution

1. Introduction

A multi-agent system (MAS) consists of a group of autonomous, interacting entities that
share a common environment [1]. Within the area of cooperative MAS, it is a challenge how
agents collaborate to achieve common goals. Reinforcement learning (RL), a robust learning
method for unknown and uncertain environments, is one of the well-known learning methods
used in MAS design [2]. RL is a highly effective method to design large, complex systems,
as it does not require a designer to have any prior knowledge of the environment. In cooper-
ative multi-agent reinforcement learning (MARL), the challenge is how to distribute rewards
among agents for achieving a shared task. Inappropriate reward design makes it difficult for
agents to learn cooperative behaviors and achieve a desirable control policy.

On the other hand, one recent trend is to use linear temporal logic (LTL) [3] to describe
control specifications, and to design controllers through RL under temporal logic constraints.
Temporal logic, an extended logic system that incorporates temporal operators into standard
logic operations, enables the clarification of time-related properties. Various MARL methods
have been studied using several types of temporal logic [4–7]. In addition, when applying
temporal logic to MAS, some studies assign local LTL specifications to individual agents
aside from global LTL specifications, as in [6–9]. Whereas, others focus on the problem set-
ting where a cooperative group of agents achieves a single, global LTL specification, as in
[4,5,10,11].
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In our previous work [12], we have proposed a novel MARL method with an aggregator,
where the control specification is described by an LTL formula. In this work, we focused on
extending [13] developed for the single-agent framework to MASs. It is well known that tech-
nical issues generally arise in MARL, in particular the state space explosion problem, causing
a significant reduction in learning efficiency. In addressing this problem, as detailed in [12],
we propose a solution through the incorporation of an aggregator, which enables the parti-
tioning of an environment and an evaluation function for each agent. In cooperative MARL
algorithms, there are several known methods where a kind of central learners or aggregators
is introduced during training, e.g., centralized training with decentralized execution (CTDE)
[14], value-decomposition networks (VDN) [15], counterfactual multi-agent (COMA) [16],
or duPLEX dueling multi-agent Q-learning (QPLEX) [17], etc. However, to the best of our
knowledge, the existing methods have not taken temporal logic into account.

One of the issues in [12] is the low efficiency of acquiring rewards relative to the number
of agents, and it is necessary to improve the learning performance by devising a way to give
rewards to a group of agents. In reward design in cooperative MARL, various studies have
addressed reward distribution methods in areas such as path planning or motion planning, as
in [18–21]. However, reward design for MARL with LTL specifications and aggregators has
not been studied.

In this paper, we propose a reward distribution method for a surveillance system with our
previously proposed MARL method. The reward distribution method refers to a mechanism
that adjusts the amount of rewards to individual agents according to their respective contribu-
tion levels. Higher contributions receive a greater reward, whereas lower contributions receive
comparatively a lesser reward. First, after some preliminaries on an environment and control
specifications given to agents, we introduce our MARL method with an aggregator. Next, we
propose a reward distribution method for a surveillance problem where a group of mobile
robots patrols multiple checkpoints. When at least one robot completes a task, their rewards
are calculated and distributed according to the distance from the checkpoints. Finally, we
compare numerical simulation results for some reward design cases, where the control speci-
fication is described by a specific type of LTL formula, represented by the conjunction of GF
(Globally Future) and G (Globally).

The rest of this paper is structured as follows. A Markov decision process (MDP), LTL,
and the conversion from LTL to automata are briefly explained in Section 2. In Section 3, we
introduce our previous MARL method using an aggregator. In Section 4, we propose a reward
distribution method for a surveillance problem and present some cases of reward design. In
Section 5, we present a simulation example that illustrates the performance of the proposed
method. Finally, conclusions are presented in Section 6.

Notation: N0 is the set of nonnegative integers. R≥0 is the set of nonnegative real numbers.
ε is the empty string.

2. Preliminaries

In this section, we explain the necessary preparations for the introduction of our MARL
method in Section 3. First, we present an overview of the MDP concerning the case of
only one agent. Second, we delineate LTL, which expresses control specifications given to
the agents. Then, we describe a limit-deterministic generalized Büchi automaton (LDGBA),
which is obtained by converting from an LTL formula.
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2.1. Markov Decision Process

In this paper, we assume that a given surveillance system can be modeled as an MDP defined
below.

Definition 2.1. In the case of a single agent, a (labeled) MDP is a tuple M =

(S , A, sinit, P, AP, L), where S is a finite set of states, A is a finite set of actions, sinit ∈ S
is the initial state, P : S × A× S → [0, 1] is a transition probability function, AP is a finite set
of atomic propositions, and L : S × A × S → 2AP is a labeling function that assigns a subset
of atomic propositions to each state transition. Let A(s) =

{
a ∈ A;∃s′ ∈ S s.t. P(s′|s, a) , 0

}
denote an action space selectable in a state s ∈ S . For any state s ∈ S and action a ∈ A(s),
Σs′∈S P(s′|s, a) = 1 holds.

We present an example of an MDP for a surveillance problem.

Example 2.2. Consider the 7×7 grid world shown in Fig. 1 as the environment of the surveil-
lance system given to a mobile robot. Each element of MDP M can be expressed as follows:

• S = {Ri}49
i=1.

• A = {Up, Down, Right, Left}.
• sinit = R43.
• P(s′|s, a) : The agent moves in the intended direction with a probability of p ∈ [0, 1],

while it stays in the same state with a probability of 1 − p.
• AP = {r4, r23, r35, r38, u}.
• L((s, a, s′)) is given by

L((s, a, s′)) =



{r4} if s′ = R4,
{r23} if s′ = R23,
{r35} if s′ = R35,
{r38} if s′ = R38,
{u} if s′ = Ri, i ∈ {2, 13, 15, 26, 47},
∅ otherwise.

In this paper, an MDP is used as an environment with model-free design. In the elements
of Definition 2.1, S , A, sinit and AP are known, while P and L are unknown.

2.2. Linear Temporal Logic and Büchi Automata

In our MARL method, we express a control specification for a given surveillance system
using an LTL formula.

LTL formulas consist of a set of atomic propositions, Boolean operators, and temporal
operators. LTL syntax is defined recursively over a set of atomic propositions AP. The syntax
is given by the following grammar:

φ := ⊤ | α ∈ AP | φ1 ∧ φ2 | ¬φ | Xφ | φ1Uφ2,

where φ, φ1, and φ2 are LTL formulas, ⊤ (true) is a Boolean constant, and ∧ (conjunction)
and ¬ (negation) are Boolean connectives. For temporal operators X (next) and U (until),
intuitively, the LTL formula Xφ means that φ becomes true at the next time, while the LTL
formula φ1Uφ2 means that φ1 remains true until φ2 becomes true at some time. The operator
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Fig. 1. 7 × 7 grid world where a mobile robot patrols. Green rooms Ri (i ∈ {4, 23, 35, 38}) are surveillance locations that the
mobile robot should visit, while red rooms Ri (i ∈ {2, 13, 15, 26, 47}) are unsafe locations that the mobile robot should avoid
visiting. R43 is the initial state of the mobile robot.

U can be used to define two additional temporal operators F (eventually) and G (always), as
follows: Fφ := ⊤Uφ and Gφ := ¬F¬φ. Intuitively, the LTL formula Fφ means that φ will be
true in some future time, while the LTL formula Gφ means that φ holds true at all times.

There are various ω-automata, which can be converted from any LTL formula and accept
all words satisfying φ [3]. It is possible to classify ω-automata into a Büchi automaton [22]
or a Rabin automaton [23], etc., depending on the definition of their acceptance condition.
In this paper, we adopt a transition-based limit-deterministic generalized Büchi automaton
(tLDGBA) based on the results of a previous study [13]. In the following, we first explain a
transition-based generalized Büchi automaton (tGBA) and then introduce a tLDGBA.

Definition 2.3. A tGBA is a tuple B = (X, xinit,Σ, δ,F ), where X is a finite set of states,
xinit ∈ X is the initial state, Σ is an input alphabet including empty word ε, δ ⊂ X × Σ × X is a
set of transitions, and F = {F j}nj=1 is an acceptance condition, where for each j ∈ {1, . . . , n},
F j ⊂ δ is a set of accepting transitions.

An infinite sequence r = x0σ0x1 . . . ∈ X(ΣX)ω is referred to as an infinite run if
(xi, σi, xi+1) ∈ δ for any i ∈ N0, where (ΣX)ω denotes an infinite concatenation of Σ and
X, as in ΣXΣX · · · . An infinite word w = σ0σ1 . . . ∈ Σω, which refers to an infinite sequence
of input alphabets, is accepted into a tGBA B if and only if the following conditional equation
is satisfied:

∃r = x0σ0x1 . . . ∈ Run(B; w) s.t. inf(r) ∩ F j , ∅, ∀F j ∈ F ,

where Run(B; w) is a set of infinite runs when w is given in B, and inf(r) ⊆ δ is a set of
transitions that occur infinitely often in an infinite run r.
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x0 x1

1O 2O {a, b}

1O {a} ∅

2O {b}

{u}, {a, u}, {b, u}, {a, b, u}

⊤

Fig. 2. tLDGBA Bφ converted from the LTL formula φ = GFa ∧ GFb ∧ G¬u, where X = {x0, x1} = X f inal and xinit = x0.
Green arcs labeled 1O and 2O are accepting transitions. Once u is input, Bφ is no longer accepted.

Definition 2.4. A tLDGBA is a tGBA B = (X, xinit,Σ, δ,F ) where X can be partitioned into
two disjoint subsets Xinitial and X f inal as follows:

• F j ⊂ X f inal × Σ × X f inal, ∀F j ∈ F ,
•
∣∣∣ {(x, σ, x′) ∈ δ;σ ∈ Σ, x′ ∈ X f inal}

∣∣∣ = 1, ∀x ∈ X f inal,

•
∣∣∣ {(x, σ, x′) ∈ δ;σ ∈ Σ, x′ ∈ Xinitial}

∣∣∣ = 0, ∀x ∈ X f inal,
• ∀(x, ε, x′) ∈ δ, x ∈ Xinitial ∧ x′ ∈ X f inal.

Note that ε-transitions occur only in the transitions from Xinitial to X f inal where the empty
word ε is the input alphabet. Except for this ε-transition, the transitions occurring in Xinitial
and X f inal are deterministic, respectively. Hereafter, let Bφ denote a tLDGBA B converted
from an LTL formula φ, where an input alphabet is given by Σ = 2AP ∪ {ε}.

We show below a simple example of an LTL formula and a tLDGBA.

Example 2.5. Let us describe the LTL formula φ as follows:

φ = GFa ∧GFb ∧G¬u,

where a, b, u are atomic propositions. By converting this formula φ, we can obtain the
tLDGBA Bφ shown in Fig. 2. The acceptance condition of Bφ is F = {F j}2j=1, where
F1 =

{
(x0, {a}, x0), (x0, {a, b}, x0)

}
and F2 =

{
(x0, {b}, x0), (x0, {a, b}, x0)

}
. In Fig. 2, the green

arcs labeled 1O and 2O represent F1 and F2, respectively. Once u is input, the state of Bφ
transitions to x1 and Bφ is no longer accepted.

For the surveillance problem shown in Example 2.2, we present an example of an LTL
formula.

Example 2.6. Consider the surveillance problem shown in Example 2.2 again. We give
the mobile robots the following control specification, “to visit the surveillance rooms
Ri (i ∈ {4, 23, 35, 38}) infinitely often, while to avoid visiting the unsafe rooms Ri (i ∈
{2, 13, 15, 26, 47})”. We can describe this specification as the following LTL formula φ:

φ = GFr4 ∧GFr23 ∧GFr35 ∧GFr38 ∧G¬u,

where ri (i = 4, 23, 35, 38) are atomic propositions that implies “to visit the rooms
Ri (i = 4, 23, 35, 38)” and u is the proposition that implies “to visit the rooms Ri (i =
2, 13, 15, 26, 47)”.

In our MARL method, we use an automaton obtained by augmenting a tLDGBA Bφ, which
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we call augmented tLDGBA and denote by B̄φ. This augmented tLDGBA B̄φ accepts the same
language as Bφ and can ensure that accepting transitions occur infinitely often. For details on
how a tLDGBA is augmented, see [13].

3. Multi-Agent Reinforcement Learning Method

In this section, we summarize our previous MARL method [12].
Consider N agents tasked with a common goal, i.e., a shared control specification described

by an LTL formula. Each agent i ∈ N = {1, . . . ,N} has its own environment and cannot
observe each other’s state. In order to enable agents to learn cooperative actions under separate
environments, we introduce an aggregator. This aggregator calculates how well the shared
control specification is satisfied from their actions, and gives each agent a reward according
to their actions. In other words, each agent improves its own action and learns to cooperate
based on the rewards from the aggregator. To make learning efficient, we assume that each
state transition of N agents that occurs stochastically is synchronous, i.e., all agents in N
either move in their intended directions or stay in the same states. To realize this synchronous
move, we assume that agents can communicate with others. Moreover, we do not consider any
interference of the agents with each other’s actions, such as collisions. The collision avoidance
functions provided to the agents are described in the numerical experiment in Section 5.

First, each agent i ∈ N has a labeled MDP Mi, which represents a given environment. Next,
N agents are given a shared control specification, which is described by an LTL formula φ.
In addition, by taking the composite product of Mi and (shared) B̄φ for each agent, a product
MDP can be constructed. We obtain a control policy by RL on this product MDP. Here, this
product MDP utilizes an MDP framework with exogenous inputs and considers information
from other agents such as their states, actions, and labels as part of this exogenous input
mechanism. Let Ci denote the members of agent groupN , excluding agent i, i.e., Ci := N\{i}.

A product MDP given for each agent is defined as follows.

Definition 3.1. For each agent i ∈ N = {1, . . . ,N}, given an MDP Mi =

(S i, Ai, sinit,i, Pi, APi, Li) and an augmented tLDGBA B̄φ = (X̄, x̄init, Σ̄, δ̄, F̄ ), a product MDP
is a tuple M⊗i = Mi ⊗ B̄φ = (S ⊗i , A

⊗
i , s
⊗
init,i, P

⊗
i ,F ⊗i ). Each element of M⊗i is as follows:

• S ⊗i = S i × X̄ : a finite set of states,
• A⊗i = Ai ∪ {εx̄′ ;∃x̄′ ∈ X s.t. (x̄, ε, x̄′) ∈ δ̄} : a finite set of actions, where εx̄′ is a action

corresponding to the ε-transition to x̄′ ∈ X̄ on B̄φ,
• s⊗init,i = (sinit,i, x̄init) : an initial state,

• P⊗i : S ⊗i × A⊗i × S ⊗i → [0, 1] : a transition function, which is represented as follows:

P⊗i (s⊗′i |s⊗i , a⊗i ) =



Pi(s′i |si, ai) if ai ∈ Ai(si),
(
x̄, Li((si, ai, si

′)) ∪ lCi , x̄′
) ∈ δ̄,

∀k ∈ Ci, ak ∈ Ak(sk),
1 if si = si

′, a⊗i = εx̄′ , (x̄, ε, x̄′) ∈ δ̄,
∀k ∈ Ci, a⊗k = εx̄′ ,

0 otherwise,

where for each i ∈ N , s⊗i = (si, x̄), s⊗′i = (si
′, x̄′), and a⊗i = ai or εx̄′ . Also, lCi =⋃

k∈Ci

(
Lk((sk, ak, sk

′))
)
.

• F ⊗i = {F⊗i, j}nj=1 : an accepting condition, where for each j ∈ {1, . . . , n}, a set of ac-
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cepting transitions is F⊗i, j =
{
(s⊗i , a

⊗
i , si

⊗′) ∈ S ⊗i × A⊗i × S ⊗i ; P⊗i (s⊗′i | s⊗i , a
⊗
i ) >

0,
(
x̄, Li((si, ai, si

′)) ∪ lCi , x̄
′) ∈ F̄ j

}
. where for each i ∈ N , s⊗i = (si, x̄), s⊗′i = (si

′, x̄′),
and a⊗i = ai or εx̄′ . Also, lCi =

⋃
k∈Ci

(
Lk((sk, ak, sk

′))
)
.

Remark 1. Note that Definition 3.1, unlike the general MDP framework, considers exoge-
nous inputs from other agents, since the augmented tLDGBA B̄φ is shared among agents. This
structure retains the Markov property within its design. Related works include distributed
MDPs [24], which are individualized for each agent and account for interactions among mul-
tiple agents. In addition, there are existing works that integrate exogenous inputs within the
MDP framework, such as input-driven MDPs [25].

The reward function is defined as a function that gives a reward for each agent if at least
one agent causes an accepting transition.

Definition 3.2. Consider a set of agents N = {1, . . . ,N}, the reward function R : S ⊗1 × · · · ×
S ⊗N × A⊗1 × · · · × A⊗N × S ⊗1 × · · · × S ⊗N → RN

≥0 is defined as:

R(s⊗1 , . . . , s
⊗
N , a

⊗
1 , . . . , a

⊗
N , s

⊗′
1 , . . . , s

⊗′
N ) =


(r1, . . . , rN) if ∃i ∈ N ,∃ j ∈ {1, . . . , n},

(s⊗i , a
⊗
i , s
⊗′
i ) ∈ F̄⊗i, j,

(0, . . . , 0) otherwise,
(1)

where r1, . . . , rN is a positive value.

Note that in Definition 3.2, each agent can be given a different reward value.
In our proposed method, we utilize Q-learning [26], which is a well-known reinforcement

learning algorithm. The goal is to determine the optimal policy to maximize cumulative re-
wards. The objective function can be expressed as follows:

E
[ ∞∑

t=0

γt R(s⊗i,t, a
⊗
i,t, s

⊗
i,t)
]
, s⊗i,0 ∈ S ⊗i , a⊗i,0 ∈ A⊗i

where γ ∈ [0, 1) is the discount factor. In Q-learning, each agent i ∈ N has a table-type state-
action value function, called a Q-table. The update equation for the Q-table Qi(s⊗i , a

⊗
i ) is as

follows:

Qi(s⊗i , a
⊗
i )← (1 − α)Qi(s⊗i , a

⊗
i ) + α

[
ri + γmax

a⊗i
Qi(s⊗′i , a

⊗
i )
]
, (2)

where s⊗i ∈ S ⊗i is a current state, a⊗i ∈ A⊗i is a selected action, s⊗′i ∈ S ⊗i is the next state, ri is
the positive reward given by the reward function R, α ∈ [0, 1] is the learning rate.

In this method, we introduce an aggregator that computes the tLDGBA’s state transitions
and gives rewards to the agents. The learning procedure with the aggregator is described
below.

Learning Procedure of Distributed Method:

Step 1: Each agent i ∈ N selects an action ai in the current state si on its own MDP Mi based
on its policy.

Step 2: Each agent i transitions to the next state s′i , occurring synchronously through com-
munication among the other agents.
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Fig. 3. Learning procedure of our distributed MARL method for two agents (N = 2). Note that an MDP state si is individual
for each agent, while an augmented tLDGBA state x̄ is shared. In this learning method, agents are rewarded if an augmented
tLDGBA’s accepting transition is satisfied due to actions of the agents on an MDP. It is an aggregator that computes these
accepting transitions and rewards given to the agents.

Step 3: Each labeling function Li outputs a label, meaning what action each agent i has
taken.

Step 4: The aggregator collects the union set of the labels and computes the state transition
of the (shared) augmented tLDGBA B̄φ to determine the next state x̄′.

Step 5: By combining s′i and x̄′, each next state s⊗′i on the product MDP M⊗i is determined,
which is received by each agent i.

Step 6: The aggregator (the reward function R) computes and distributes each agent i’s re-
ward ri.

Step 7: Each agent updates its own Q-table Qi(s⊗i , a
⊗
i ). Return to Step 1 and repeat the above

procedure.

Fig. 3 shows the learning procedure of this method in the case of two agents (N = 2).

4. Reward Distribution Method for Multi-Agent Surveillance Systems

In our MARL method introduced in Section 3, an aggregator computes rewards given to
agents depending on whether the accepting transitions are satisfied or not. From Definition
3.2, values of the rewards given by the reward function R may be different. Also, from (2),
the update equation of the Q-table exists for each agent, and the learning can be differentiated
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by varying each reward. Focusing on these points, we consider varying the amount of reward
given to each agent according to their contribution.

In this section, we describe how to evaluate the contribution of each agent in a multi-agent
surveillance system. We then propose a reward distribution method and describe some cases
of reward design.

In this study, to calculate the contribution that determines the amount of reward distribu-
tion, we use the distance between each agent and each surveillance room. A smaller distance
is considered as a higher contribution and a higher reward is given to the agent. This reward
distribution method is expected to improve learning performance.

4.1. Definition of Some Symbols

To design a reward, we define some symbols. Let Nacc ⊆ N denote a set of agents satisfying
an accepting transition. Let K denote a set of surplus surveillance rooms other than the rooms
in which the accepting transition occurs. For each agent j ∈ N \ Nacc, let dist(s j, k) denote
the distance between the current MDP state s j ∈ S j and the surveillance room k ∈ K, where
the difference set N \ Nacc means a set of agents not satisfying an accepting transition. Fur-
thermore, the shortest distance, i.e., the distance to the nearest surveillance room is denoted
by

d j = min
k∈K

dist(s j, k).

Here, let kmin, j denote the nearest surveillance room for agent j ∈ N \ Nacc. Consider the
case in which kmin, j is competitive among agents, i.e., there exist simultaneously agents j and
j′ such as kmin, j = kmin, j′ . Assume that by comparing the shortest distances dist(s j, kmin, j) and
dist(s j′ , kmin, j′), the agent with the smaller value is rewarded, and the other is not. In such a
case, the rewarded agent j∗ can be expressed as follows:

j∗ = arg min
j∈N\Nacc

dist(s j, kmin, j).

4.2. Reward Design

Given the maximum reward racc ∈ R≥0 for agents in Nacc and the shortest distance d j derived
from the surveillance system, a reward distributing function f (racc, d j), which computes a
reward according to d j for each agent j ∈ N \ Nacc, takes the value range shown below:

0 ≤ f (racc, d j) ≤ racc.

Thus, from Definition 3.2, an individual reward ri given to agent i ∈ N can be expressed as
follows:

ri =

{
racc if i ∈ Nacc,
f (racc, di) otherwise.

Based on the above definition in Section 4.1, we propose a reward design method. We
suppose that agents are rewarded based on the shortest distances to the surveillance room.
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Then, the function f (racc, d j) is given by

f (racc, d j) =
{

racc/g(d j) if j = j∗,
0 otherwise,

where g(d j) is a monotonically increasing function that takes positive values. In this proposed
method, for agents that do not satisfy an accepting transition, the contribution is calculated
according to their distance to the nearest surveillance room. The closer the distance, the larger
the value of g(d j), and thus the larger their reward. Therefore, it is expected that the agents
will take more appropriate routes, reducing the unnecessary actions that have nothing to do
with patrolling.

Thus, based on the symbols defined, we can consider reward design according to the con-
tribution of each agent.

We represent an example of a reward distribution.

Example 4.1. Consider one case of reward distribution for three mobile robots shown in
Fig. 4.

If an accepting transition occurs for at least one agent, the other agents are rewarded accord-
ing to their distance from themselves to the nearest surveillance room. In the case of Fig. 4,
agent 1 that causes the accepting transition receives the maximum reward racc. Whereas,
agents 2 and 3 receive the reward f (racc, 2) and f (racc, 3), since the shortest distance to the
nearest surveillance room is 2 and 3 steps, respectively.

In the other case of Fig. 5, agent 1 receives the same reward racc as before after the accep-
tance transition. Whereas, agents 2 and 3 are competing for the same room, kmin,2 = kmin,3.
In this case, agent 2 receives the reward f (racc, 2) because agent 2 has a shorter distance
(dist(s2, kmin,2) < dist(s3, kmin,3)), while agent 3’s reward is (racc, 3) = 0.

5. Numerical Experiment

To verify the effectiveness of the proposed reward distribution method, we experiment with
the three reward design cases for a multi-agent surveillance system. Within one of these design
cases, we include the method of our previous work [12] for comparison with the proposed
method.

Consider a surveillance problem for three mobile robots (N = 3) patrolling the 7 × 7 grid
world shown in Fig. 1. In this problem, we assume that the mobile robots are equipped with
a collision avoidance function. It is also assumed that each room in the grid world is large
enough for the mobile robots and that they can move past each other without overlapping. We
apply our MARL method and reward distribution method to the system with the MDP given
in Example 2.2, the LTL formula given in Example 2.6. Consider the following three cases of
reward design:

Case 1: Design without consideration of reward distribution [12]
We suppose that all agents obtain the same reward:

f (racc, d j) = racc.

This design is the same as in [12].

Case 2: Design to distribute at a uniform discount

10



Accepting transition

Agent 1

Agent 2

Agent 3

Fig. 4. Example of reward distribution for three agents (N = 3). Agent 1 satisfying accepting transition receives the maximum
reward racc, while agents 2 and 3 receive the reward f (racc, d2) and f (racc, d3) according to the distance to the nearest surveillance
room.

We suppose that agents are rewarded at the same value, which is uniformly dis-
counted:

f (racc, d j) =
{

racc/c if j = j∗,
0 otherwise,

where c is a positive constant.

Case 3: Proposed Method (Design considering the shortest distances to the surveillance
room)

In Case 1, the contribution is evaluated the same for all agents, regardless of whether they
take an accepting transition or not. Even agents whose actions are not related to patrolling
surveillance rooms are equally rewarded. It is possible that this has a negative impact on their
learning of cooperative actions. In Case 2, the contribution of the agent that does not satisfy
an accepting transition is evaluated lower than that of the agent that does. This allows them
to learn that accepting transitions are the better actions for them. However, the amount of
reward given to them does not depend on their distance from the surveillance room, and they
can learn the difference only if they experience accepting transitions. Therefore, it is possible
that there will be cases in which some agents cannot learn the behavior of visiting surveillance
rooms.

We ran a total of 500 learning sessions of 2000 episodes, with 2000 steps in each episode.
The learning parameters are that the discount rate is γ = 0.99 and the learning rate is α =
1/(1+ ep)0.5, where ep is the number of episodes. Also, the ε-greedy method is used for each
agent’s policy, with ε = 0.99ep. In reward design, we set the reward for agents racc = 2, the
positive constant c = 5 for Case 2, and a monotonically increasing g(d j) = (0.3 + d j)3 for

11



Accepting transition

Agent 1

Agent 2

Agent 3

Fig. 5. Example of reward distribution for three agents (N = 3) when the same surveillance room is competitive between
agents. Agent 1 satisfying accepting transition receives the maximum reward racc, while agents 2 and 3 are competing for the
same room. Comparing the shortest distance of each agent, agent 2 receives the reward f (racc, d2) and agent 3 receives no reward.

Case 3. The group of mobile robots learns to cooperate by repeatedly patrolling the green
rooms Ri (i = 4, 23, 35, 38), sharing the responsibility within the group, while avoiding the
red rooms Ri (i = 2, 13, 15, 26, 47).

Figs. 6–8 show the reward history obtained by each reward design case. In these reward
histories, the mean and standard deviations of average rewards at the end of the learning are
1.91(±0.64) (Case 1), 2.14(±0.79) (Case 2), and 2.33(±0.79) (Case 3). As shown in Figs. 6–8
and the above values, we see that the obtained rewards are increased in the design where the
reward distribution is based on the shortest distance.

Furthermore, Fig. 9 presents a sample path of three mobile robots resulting over 500 learn-
ing sessions, with circular markers in the figure denoting accepting transitions. This figure
illustrates the periodic behavior that satisfies the given LTL specification. Across these ses-
sions, the percentages of successful results satisfying the LTL specification are as follows:
97.8% for Case 1, 96.0% for Case 2, and 98.4% for Case 3. Thus, in all Cases 1–3, we see
that most of results satisfy the LTL specification.

6. Conclusion and Future Work

In this paper, we proposed a reward distribution method in cooperative MARL for a surveil-
lance system with an LTL specification. Through the numerical experiment, we showed that
the performance was improved by the reward design considering the shortest distance to the
surveillance rooms.

Future works include further increasing the amount of reward by devising the distribution
method. In addition, although this paper assumed a surveillance problem, we will consider
more general distribution methods, for example, incorporating MDP, LTL, or tLDGBA into
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Fig. 6. Reward history in Case 1: Design without consideration of reward distribution. The mean of the average reward for
each episode was calculated across 500 learning sessions. The green areas indicate the range of standard deviations.

the contribution calculation. Moreover, in the future, we will delve into more complex LTL
specifications, not only simple expressions using only G and F as presented in this paper. For
example, there may be cases where additional time operators such as X and U are incorporated
into the LTL expression, or where specifications dealing with interactions between agents are
incorporated. By addressing these complexities, we will demonstrate the applicability of our
devised method across diverse and challenging scenarios.

This work was partly supported by JSPS KAKENHI Grant Numbers JP21H04558,
JP22K04163, JP23H01430.
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