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Abstract— This paper studies the path planning problem
of multi-robot systems under motion uncertainties with high-
level tasks that are expressed as Boolean specifications. The
specification imposes logical constraints on robot trajectories
and final states. First, a global Markov decision process model
of the multi-robot system is constructed to provide its current
state. In order to tackle the state explosion problem, at each
stage, we construct a local Markov decision process for every
individual agent in sequence to compute the local optimal
movement strategy and update the global Markov decision
process accordingly (i.e., compute locally and update globally).
Next, we propose a heuristic reward function design method
that provides different rewards for visiting different task points
by introducing the estimated distance to complete the global
task. Finally, a series of numerical experiments are conducted
to demonstrate the computational efficiency and scalability of
our developed approach.

Discrete event systems, Markov decision process, Multi-
robot system, High-level task, Reinforcement learning.

I. INTROUDCTION

A. Motivation

Multi-robot systems (MRS) are widely used in many appli-
cations, such as search and rescue, autonomous warehouses,
and manufacturing systems [1]. One of the central challenges
for the controlling and coordination of MRS is the path
planning that typically intends to complete some tasks by
minimizing costs such as time, distance, or energy. The
goal is to determine an optimal route for each robot to
complete assigned tasks sequentially and achieve the global
task ultimately [2]. Traditionally, most existing path planning
algorithms focus on collision avoidance, target access, and
path smoothing [3]–[5].

With the increasing complexity of tasks, considerable
attention has been paid to multi-robot path planning with
high-level tasks in recent years [6]. Particularly, linear tem-
poral logic (LTL) and Boolean specifications are widely
used as the formal language to express the high-level task
requirements [7], [8], e.g., “finish job A in the regions a or
b, avoid reaching some unsafe regions, and finally staying
in the region c”. In addition, MRS operating in complex
environments are often subject to a variety of uncertainties
(e.g., potential sensing noise or actuation failures). In [9],
[10], the path planning problem under motion uncertainties
is investigated and a control strategy that maximizes the
probability of LTL task satisfaction is proposed. For the path
planning of MRS with Boolean specifications, it aims to find
the optimal paths with minimal cost such that the Boolean
specifications are satisfied. In particular, Petri net models are

employed to model the MRS and integer linear programming
methods are proposed [11].

In this paper, we study the path planning problem of
multi-robot systems with Boolean specification tasks under
motion uncertainties. We model the mobility of an MRS
as an Markov decision process (MDP) and employ a rein-
forcement learning technique to determine a control strategy
that satisfies the Boolean specifications. An iterative rein-
forcement learning strategy that eliminates the dependence
of state computations on the number of robots is developed
to improve the computational efficiency. Moreover, in order
to improve the solution quality, a heuristic reward function is
designed. The scalability and computational efficiency of the
proposed method is demonstrated by numerical experiments.

B. Related works

In [12], [13], the authors consider the optimal path plan-
ning problem with linear temporal logic constraints. In [14],
[15], path planning problem with Boolean specifications are
discussed by using Petri net models. A simulated anneal-
ing based algorithm is presented in [16] to find a near-
optimal solution with relative low computational cost. More
recently, the security-preserving multi-robot path planning
with Boolean specifications is discussed in [17], which aims
to plan an optimal path for each robot such that the Boolean
tasks are finished, while some key information of the systems
are hidden for an external intruder.

In summary, the existing optimal approaches [15] have
high computational cost since the numbers of constraints and
variables of the integer linear programming problem increase
significantly as the task quantity and map size increase.
The heuristic approach developed in [16] has relative low
computational cost, but the accuracy decreases as the map
size and task quantity increase. Moreover, theses approaches
are limited by the fact that the modeling approach cannot be
applied to MRSs with motion uncertainties. Thus, finding an
efficient method for large-scaled MRSs with high-level tasks
and under motion uncertainties is still a challenging problem.

II. PRELIMINARIES

An MDP is a tuple P = (S, s0, Sf , A, P ), where S is
a finite set of states, s0 ∈ S is an initial state, Sf ⊆ S
is a finite set of final states, A is a finite set of actions,
and P : S × A × S → [0, 1] is the transition probability
function. It captures the motion uncertainties of MRSs. Let
A : S → 2A denote the set of actions enabled at state s ∈ S
(i.e., A(s) = {a ∈ A|∃s′∈S ∈ P (s, a, s′) > 0}). The reward
function R : S ×A× S → R represents the task objective.
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We assume that the MDP is controllable and let ζ : S → A
be the policy that maps a state s ∈ S to an action a ∈ A(s).
Given a policy ζ, a possible evolution of MDP satisfies:
s0

ζ(s0)→ s1
ζ(s1)→ · · · ζ(sT−1)→ sT , where P (si, ζ(si), si+1) >

0, ∀i = 0, 1, . . . , T − 1, sT ∈ Sf , and T is the length of the
evolution.

In this paper, notation Eζ [X] denotes the expectation of a
random variable X when an MDP evolves under policy ζ,
and Eζ [X|Y = y] denotes the expectation of X given value
y for another random variable Y .

Given a discount factor γ ∈ [0, 1], the value function
Vζ(s) of state s under policy ζ is defined as: Vζ(s) =

Eζ

[∑T
i=0 γ

iR(si, ζ(si), si+1)

∣∣∣∣s0 = s

]
. It represents the ex-

pected return (i.e. cumulative reward) of state s.
The action-value function Qζ(s, a) of state-action pair

(s, a) under policy ζ is defined as:

Qζ(s, a) = Eζ

[
T∑

i=0

γiR(si, ζ(si), si+1)

∣∣∣∣s0 = s, ζ(s0) = a

]
.

It represents the expected return of taking action a at state
s.

The optimal policy ζ∗ : S → A can be generated as
ζ∗ = argmaxζ(s) Vζ(s) = argmaxa∈A(s) Q

∗(s, a).

III. TASK SPECIFICATION AND PROBLEM STATEMENT

A. Boolean specification

In this paper, we consider a team of k identical robots
R = {r1, . . . , rk} working in a known environment C =
{c1, c2, . . . , cn} that contains n cells. We denote by csi and
C⃗I = [cs1 , cs2 , . . . , csk ]

1×k the initial cell of robot ri and
vector of initial cells, respectively. We define the set of
regions of interest Ω = {ω1, ω2, . . . , ω|Ω|} ⊆ 2C , where
region ωi ⊆
C denotes a set of cells of interest. A trajectory σ ∈ S∗ of
MDP is a finite sequence of states and function λ : S×R →
C represents the positions of each robot at state s.

The task requirements of the MRS expressed as a Boolean
specification whose elementary unit is an atomic proposition
in Pt ∪ Pf , where Pt = {Π1,Π2, . . . ,Π|Ω|} and Pf =
{Π′

1,Π
′
2,

. . . ,Π′
|Ω|}. Given a trajectory σ = s0s1 · · · sT , ∀i =

1, . . . , |Ω|, Πi ∈ Pt evaluates to True if λ(sj)∩ωi ̸= ∅, ∃j =
0, . . . , T and Π′

i ∈ Pf evaluates to True if λ(sT ) ∩ ωi ̸= ∅.
By using logical connectors ∧ (conjunction), ∨ (disjunc-

tion), and ¬ (negation), the atomic propositions can be con-
nected. The Boolean specification φ contains the following
three sub-specifications:

φ =M∧N ∧F . (1)

The sub-specification M denotes the logic requirements on
the task regions such that

M = m1 ∧m2 ∧ · · · ∧mp,mi =
∨

Πj∈Pmi

Πj , (2)

where Pmi
⊆ Pt indicates that along the trajectory, one

of the regions corresponding to atomic propositions in Pmi

should be visited. We denote by ΩM =
p⋃

i=1

Ωmi the set of

task cells, where Ωmi = {c|c ∈
⋃

Πj∈Pmi
ωj} represents

the set of task cells that correspond to atomic propositions
Πj ∈ Pmi .

The sub-specification N denotes the logic requirements
on the forbidden regions such that

N =
∧

Πi∈Pn

(¬Πi) = ¬(
∨

Πi∈Pn

Πi), (3)

where Pn ⊆ Pt means that regions which corresponding
to atomic propositions in Pn should be avoided along the
trajectories. We denote by ΩN = {c|c ∈

⋃
Πi∈Pn

ωi} the set
of forbidden cells.

The sub-specification F denotes the logic requirements on
the final regions such that

F = f1 ∧ f2 ∧ · · · ∧ fq, fi =
∨

Π′j∈Pfi

Π′
j , (4)

where Pfi ⊆ Pf indicates that there exists at least one robot
which stays in one of the regions corresponding to atomic

propositions in Pfi at last. We denote by ΩF =
q⋃

i=1

Ωfj

the set of final cells, where Ωfi = {c|c ∈
⋃

Π′j∈Pfi
ωj}

represents the set of final cells that correspond to atomic
proposition Π′

j ∈ Pfi .

B. Problem statement

In summary, we formulate the path planning problem
of MRS with Boolean specification tasks under motion
uncertainties as follows.

Problem 1: Given a known environment C =
{c1, . . . , cn}, a team of k identical mobile robots
R = {r1, . . . , rk}, a Boolean specification task φ in
the form of Eq. (1). We model the MRS as an MDP
and aim to find a control policy such that the Boolean
specification φ is fulfilled (i.e. φ = True) eventually while
the value function is maximized (i.e., travel distance is
minimized).

Example 1: Let us consider an MRS depicted in Fig. 1 (a)
that contains four robots R = {r1, r2, r3, r4}. The motion
uncertainties as shown in Fig. 1 (b) (i.e., it is assumed to
successfully take the desired action with a probability of
0.8, and there is a probability of 0.2 to take other per-
pendicular actions). The environment consists of 100 cells,
i.e., C = {c1, c2, . . . , c100}1. The set of regions of interest
is Ω = {ω1, ω2, . . . , ω9}, where ω1 = {c52, c53, c62, c63},
ω2 = {c28, c38, c48}, and ω3 = {c21, c31}, etc.

The Boolean specification φ is given as follows:

φ =(Π3 ∧Π4 ∧Π5 ∧Π6 ∧Π7) ∧ (Π′
8 ∧Π′

9) ∧ ¬(Π1 ∨Π2)
(5)

Sub-specification M = Π3 ∧Π4 ∧Π5 ∧Π6 ∧Π7 imposes
that at least one of cells c21 and c31 should be visited, at least
one of cells c2 and c3 should be visited, at least one of cells

1Cells are numbered in a left-to-right bottom-to-top manner, e.g. cell c1
corresponds to the coordinate (1, 1), c100 corresponds to the coordinate
(10, 10), and so on.

3434



r1 r2
r3 r4

ω1

ω3

ω6

ω8

ω9 ω2

ω5

ω4 ω7

(a) The environment and
the task requirements.

r

0.8

0.1 0.1

(b) Motion uncertain-
ties.

Fig. 1. A multi-robot system of Example 1.

c15 and c16 should be visited, and at least one of cells c85,
c95, and c10 should be visited along the planned trajectories.
Sub-specification F = Π′

8 ∧ Π′
9 means that at least one

robot should end up on either cell c78 or cell c88, and one
robot should eventually stop at cell c34. Sub-specification
N = ¬(Π1 ∨ Π2) indicates that all robots are prohibited
from entering any of the cells c52, c53, c62, c63, c28, c38,
and c48.

IV. ITERATIVE REINFORCEMENT LEARNING SOLUTION

A. Construction of MDP

For each sub-specification M, N , F , we define a charac-
teristic vector as follows:

• VM = [vm1
, vm2

, . . . , vmp
] ∈ {0, 1}1×p, where vmi

=
1 if one of propositions Pmi

is true, i.e., once any robot
r has visited a cell from cmi

∈ Ωmi
; otherwise vmi

= 0.
• VF = [vf1 , vf2 , . . . , vfq ] ∈ {0, 1}1×q , where vfi = 1 if

sub-specification M is fulfilled (i.e., VM = 1⃗) and any
robot stays in a Ωfi at last; otherwise vfi = 0.

• VN = [vn] ∈ {0, 1}, where vn = 1 if each proposition
Pn ⊆ Pt is true, i.e., no robot has visited the forbidden
regions corresponding to atomic propositions in Pn;
otherwise vn = 0.

We denote by (xi, yi) the coordinate of cell ci. The
distance between cells ci and cj is calculated by Manhattan
distance as: D(ci, cj) = |xi − xj |+ |yi − yj |.

The estimated distance matrices Z and Z′ are computed
for designing the reward function, where matrix Z denotes
the shortest distance between each cell and the regions
of each sub-specification as shown in Algorithm 1, and
matrix Z′ denotes the shortest distance between the regions
corresponding to every two sub-specifications that can be
computed as follows:

1) For each sub-specification mi ⊆ M, a matrix Vi is
determined from the row of Z corresponding to the
cell cj ∈ Ωmi : Vi(j, ·) = Z(j, ·), cj ∈ Ωmi .

2) For each column x = 1, 2, . . . , compute the minimum
value across all rows of Vi to form a vector Wi(x) =
|mi|
min
y=1

Vi(y, x), x = 1, 2, ....

3) Vectors from step 2 are aggregated to form the matrix
Z′ =

[
W1,W2, . . . ,Wp

]T
.

Then, we construct the global MDP Pg =
(Sg, sg0, S

g
f , A

g, P g). It is defined as follows:
• The state space Sg = {sg1, s

g
2, . . . }, where each state

sgi = [C⃗g
R, V

g
M, V g

F , V
g
N ], C⃗g

R = [cgr1 , c
g
r2 , . . . , c

g
rk
]1×k,

Algorithm 1: Estimated Distance Matrix Calculation
Input: Sets of regions of interest ΩM , ΩN , and ΩF
Output: Estimated distance matrix Z

1 Initialization: Set task distance matrix A⃗ ∈ Rn×p and final distance matrix B⃗ ∈ Rn×q ;
2 for each cell ci ∈ C do
3 if cell ci ∈ ΩN then
4 Z(i, ·) ← ∞;
5 else
6 for each subset Ωmj

in ΩM do
7 Initialize set UTemp ← ∅;
8 for each cell ck ∈ Ωmj

do
9 if ci ∈ Ωmj

then
10 UTemp ← UTemp ∪ {∞};
11 else
12 UTemp ← UTemp ∪ {D(ci, ck)};
13 end
14 end
15 A⃗(i, j) ← min(UTemp);
16 end
17 for each subset Ωfj

in ΩF do

18 Initialize set UTemp ← ∅;
19 for each cell cl ∈ Ωfj

do

20 if ci ∈ Ωfj
then

21 UTemp ← UTemp ∪ {∞};
22 else
23 UTemp ← UTemp ∪ {D(ci, cl)};
24 end
25 end
26 B⃗(i, l) ← min(UTemp);
27 end
28 end
29 end
30 Z ←

[
A⃗ B⃗

]

cgrj ∈ C represents the position of robot rj , and
V g
M, V g

F , V
g
N represent the satisfaction of each sub-

specification in global MDP Pg .
• The initial state sg0 = [C⃗I

1×k
, 0⃗1×p, 0⃗1×q, 1].

• The set of final states Sg
f = {sgf1 , s

g
f2
, . . . } ⊆ Sg ,

where sgfi represents the states that satisfy the Boolean
specification, i.e., V g

M = 1⃗, V g
F = 1⃗, and V g

N = 1⃗.
• The action space Ag = {ag1, a

g
2, . . . }, where agi =

⟨agi1, a
g
i2, . . . , a

g
ik⟩ is joint actions for all robot, agij =

cx ∈ C signifies that the robot rj move to cell cx on the
map. The function Ag(s) restricts the available actions
of the robot moving to adjacent cells, and prohibits to
move to a cell that is currently occupied by another
robot.

• The transition probability P g(sgi , a
g
i , s

g
i+1) = pg ∈

[0, 1].
• The reward function are defined as shown in Eq (6).

R =


−h, if V g

N = 0⃗,

+h, if V g
M = 1⃗, V g

F = 1⃗, and V g
N = 1⃗,

−0.1, otherwise,
(6)

when V g
N = 0⃗, it indicates that the sub-specification N is

violated. Therefore, it results in a reward of −h, where h is
a positive integer. Reach one of final states, i.e. V g

M = 1⃗,
V g
F = 1⃗, and V g

N = 1⃗, will result in a reward of h. In all
other cases a −0.1 reward will be obtained.

It is evident that the number of state-action pairs in-
creases exponentially with the number of robots in the
global MDP framework. In scenarios with multi-robots, it
becomes challenging to find the optimal strategy within a
reasonable time frame. Therefore, we propose an iterative
MDP framework by constructing an individual MDP for
each robot at each stage (referred to as the local MDP
P l = (Sl, sl0, S

l
f , A

l, P l)). The local MDP P l is defined
as follows:
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• The state space Sl = {sl1, sl2, . . . } where sli =
[clrj , V

l
M, V l

F , V
l
N ], clrj denotes the position of robot rj

in local MDP P l, V l
M, V l

F , V l
N present the satisfaction

of each sub-specification in local MDP P l.
• The initial state sl0 = [cl0rj , V

l0
M, V l0

F , V l0
N ], where cl0rj =

cgrj represents the current position of robot rj in global
MDP Pg , V l0

M = V g
M, V l0

F = V g
F , and V l0

N = V g
N denote

the current satisfaction of each sub-specification M, F ,
and N in global MDP Pg , respectively.

• The set of final states Sl
f = {slf1 , s

l
f2
, . . . }, where

slfi denotes the states that meet a sub-specification
within V l

M or V l
F , or those satisfy all sub-specifications

corresponding to V l
M and stay at the cell corresponding

to a completed sub-specification within V l
F .

• The action space Al = {al1, al2, . . . , aln} where ali =
cx ∈ C signifies that robots move to cell cx on the
map. The function Al(s) is the same as Ag(s).

• The transition probability P l(sli, a
l
i, s

l
i+1) = pl ∈ [0, 1].

• The reward function can be defined as shown in Eq. (7).

R =



−h, if V li
N = 0⃗,

1
1+X

, if (V li
M − V

li−1

M )× 1⃗T ≥ 1,

+h, if (V li
F − V

li−1

F )× 1⃗T ≥ 1,

0, if a = c
li−1
rj ,

−0.1, otherwise,

(7)

when V li
N = 0⃗, it indicates that the sub-specification N is

violated. It results in a reward of −h, where h is a positive
integer. Meeting an atomic proposition in F yields a reward
of +h. Taking action “stay” results a reward of 0. In all
other instances, a reward of −0.1 is given. Upon fulfilling
an atomic proposition mj in M, a reward of 1

1+X is given.
The parameter X denotes the estimated cost for the current
robot rl to complete this task. It can be computed as Eq. (8).

X = X1 +X2,

X1 = G⃗× (⃗1− [V l
M, V l

F ])T +
p+q

min
i=1

H⃗(i),

G⃗(x) =
p

min
y=1

Z′(y, x), x = 1, 2, . . . , p+ q,

H⃗(i) = Z(cgrl , i)× (L · (1− [V l
M, V l

F ](i)) + 1),

X2 =

{
0, if ∆1 < ∆2,

∞, otherwise,
∆1 = min

cy∈Ωmj

D(cgrl , cy),

∆2 = max
cy∈Ωmj

D(cx, cy), cx ∈ Cg
R \ c

g
rl ,

(8)

where L represents a large enough constant.
The parameter X1 includes the expected distance to com-

plete all uncompleted tasks from an uncompleted task cell
and the shortest distance from cgrl to all uncompleted task
cells in global MDP Pg . The parameter X2 represents the
cost of the robot rl completing the task mj , which includes
∆1 as the minimum distance from cgrl to the cells contained
in task mj , and ∆2 as the maximum of the minimum
distances from all other robots to the cells contained in task
mj . If ∆1 is less than ∆2, we consider that the current robot
can be used to complete this task and assign X2 a value of
0, which will not cause a change in the estimated cost X .

Conversely, if the task should not be completed by the robot
rl, the estimated cost X will be infinite.

The iterative MDP framework is shown in Fig. 2. At each
stage, just one robot take action and get its own reward.
Therefore, the state and action space that this framework
needs to explore will no longer grow exponentially with the
increase in the number of robots, but will grow linearly with
the increase in stages.

Robot r1 Robot r2 Robot r3 Robot rk...

Local 
Environment1

...

Reward1 Reward2 Reward3 Rewardk

Local 
Environment2

Local 
Environment3

Local 
Environmentk

Global Environment

updateconstruct

Iterative MDP framework

1r
a

2r
a

3r
a

kr
a

Fig. 2. Iterative MDP framework.

B. Path planning for MRS with Q-learning

After constructing MDPs, we employ the Q-learning algo-
rithm to determine the optimal policy ζ∗ of local MDP P l,
as shown in Algorithm 2. Based on Q-learning, the action-
value function updates after transiting from si to si+1 under
an action ai according to

Q(si, ai)← Q(si, ai) + α[R(si, ai, si+1)

+ γmax(Q(si+1, ·))−Q(si, ai)],
(9)

where α ∈ [0, 1] is the learning rate. To balance the
exploration-exploitation issue, we adopt a dynamic ε-greedy
action selection strategy:

a =

argmax
a∈A(s)

Q(s, a), if ε < δ,

random choose in A(s), otherwise,
(10)

where ε ∈ [0, 1] represents the exploration factor and δ ∈
[0, 1] is a random number.

The path planning algorithm is shown in Algorithm 3.
Initially, the global MDP Pg is constructed according to
Problem 1. Then, the robots from r1 to rk are selected
cyclically to construct their local MDP P l, and the optimal
policy for the local MDP P l is solved by the Algorithm
2. Selected Robot performs a single move and updates the
global MDP Pg based on the current optimal policy. Repeat
until a final state in global MDP Pg is reached, i.e., the
Boolean specification φ is satisfied.

V. CASE STUDIES

In this section, all experiments are implemented by Python
3.8 on a computer installed with the Windows 10 operating
system with a CPU of AMD Ryzen 7 at 3.2 GHz and 16
GB of RAM.
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Algorithm 2: ε-greedy Q-learning Algorithm
Input: Local MDP Pl , learning rate α, discount factor γ, maximum number of episodes E
Output: Optimal policy ζ∗l

1 Initialization ε0 = 1, for each state-action pairs (s, a), set action-value function Q(s, a) ← 0
2 ε = ε0 ;
3 for e := 1, 2, . . . , E do
4 si = sl0 ;

5 while si /∈ Sl
f do

6 choose action ai by Eq. (10);
7 transition to a new state si+1 = si × ai ;
8 get reward ri+1 by Eq. (7);
9 update action-value function Q(si, ai) by Eq. (9);

10 update state si ← si+1 ;
11 end
12 update ε = 1 − ( e

E
)2 ;

13 end
14 optimal policy ζ∗l = arg max

a∈A(s)
Q∗(s, a).

Algorithm 3: Iterative Path Planning Algorithm
Input: The known environment C, the set of robot R, the Boolean specification φ
Output: The set of paths T = {T1, . . . ,Tk}

1 Construct global MDP Pg ;
2 Initialization current state of the global MDP Pg s

g
i

= s
g
0 , set of paths Tj ∪ {crj }, rj ∈ R

3 while s
g
i

/∈ S
g
f

do
4 for each robot rj ∈ R do
5 construct local MDP Pl ;
6 obtain the optimal policy ζ∗l of local MDP Pl by Algorithm 2;
7 The robot rj moves in the environment according to ζ∗l ;
8 update state of the global MDP Pg , sg

i
= s

g
i
× ζ∗l (s

g
i
);

9 update set of paths Tj ∪ {crj };

10 end
11 end

A. Simulation experiment

In this subsection, we present the simulation results
for Example 1. As shown in Fig. 3, the path of each
robot is as follows: r1 : c55c54c44c43c33c32c31, r2 :
c56c66c67c57c67c66c65c75c85c86c87c88, r3 : c45c35c25c24c25
c15c5c4c3c4c5c6c7c8c9c10, r4 : c46c45c44c34.

r1 r2

r3 r4

Fig. 3. Simulation result for Example 1.

It can be observed that robot r1 visited the dark green
area (satisfying the sub-specification m1), robot r2 visited the
orange area and stopped in the yellow area (satisfying sub-
specifications m4 and f1), robot r3 visited the pink, purple,
and dark red areas (satisfying sub-specifications m2, m3 and
m5), and robot r4 stopped in the blue area (satisfying the
sub-specification f2). Note that all robots avoided the grey
areas along the trajectories (satisfying sub-specifications N ).

B. Scalability result

In this section, we compare the proposed iterative frame-
work with the global MDP framework in same scenario with
a 10 × 10 grid environment and 10 tasks. As shown in

Fig. 4, the global MDP framework requires 50,000 episodes
(taking 2355.85s) for the total reward to converge in one
robot scenario. When the number of robots reaches two,
the total reward still does not converge, even after 200,000
episodes (more than 10,000s). In contrast, the iterative MDP
framework converges within 100 episodes, with the total
reward record for one such round shown in Fig. 5.

(a) One robot scenario.
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(b) Two robots scenario.

Fig. 4. Total reward in each episode of global MDP framework.

Fig. 5. Total reward in one of stages of iterative MDP framework.

The global MDP framework needs to explore all state-
action pairs (

∑|C|k·2p+d

i=1 |Ag(sgi )|) in each episode. Consider
the maximum number of episodes E, it turns out that a
total of E ·

∑|C|k·2p+d

i=1 |Ag(sgi )| state-action pairs need to
be explored which leads to significant computational cost.
The iterative framework requires exploring

∑|C|
i=1 |Al(sli)|

state-action pairs in each episode. The number of state-
action pairs to be explored is no longer related to the
number of robots but rather to the number of stages, total-
ing (

∑k
j=1 |Tj |) · E ·

∑|C|
i=1 |Al(sli)|. Therefore, our method

demonstrates superior scalability when dealing with multi-
robot path planning problems.

C. Comparison result

In [16], a simulated annealing algorithm (SAA) based
approach is developed for the multi-robot path planning with
Boolean specification tasks without considering the motion
uncertainties, which is special situation of our considered
problem. Thus, we increase the number of cells, the length
of sub-specifications (i.e., the complexity of tasks), and the
number of robots respectively and compare our approach
with the SAA in [16]. Each tested case is randomly generated
by using the Robot Motion Toolbox RMTool [18] and run for
ten times. For our approach, the design parameters are set as:
the learning rate α = 0.1, the discount factor γ = 0.9, and
the maximum number of episode E = 100. For approach
of [16], the parameters are set as: the initial temperature
T0 = 100, the final temperature Tf = 0.1, the temperature
attenuation coefficient τ = 0.99, and we test different
number of neighborhood searches K.
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TABLE I
SUMMARY STATISTICS FOR DIFFERENT NUMBER OF CELLS n WITH 15

TASKS AND FIVE ROBOTS

Number of
cells n

Our approach Approach developed in [19]

Obj. CPU time/s K = 100 K = 200 K = 300 K = 400 K = 500
Obj. CPU time/s Obj. CPU time/s Obj. CPU time/s Obj. CPU time/s Obj. CPU time/s

10× 10 24.5 2.47 29.1 21.02 27.7 26.32 27.9 32.15 26.3 39.24 26.6 47.2
15× 15 25.8 5.61 35.6 59.32 34.5 65.27 34.1 71.39 33.8 88.21 33.8 93.99
20× 20 45.8 20.59 67.7 162.21 65.9 170.38 64.2 178.05 63.8 184.98 63.9 192.35
25× 25 50.1 54.22 75.2 410.52 73.4 417.52 72.8 424.58 72.6 432.09 72.5 439.85
30× 30 63.9 183.21 104.6 861.43 97.8 883.28 96.4 902.58 95.6 925.67 95.7 942.07
35× 35 83.7 442.04 109.4 1600.52 103.8 1625.45 101.5 1649.78 99.7 1676.18 99.5 1692.43
40× 40 103.7 748.53 138.2 2801.54 135.7 2827.08 128.2 2855.42 125.8 2878.27 125.6 2903.72
45× 45 101.5 1029.51 134.4 4114.84 128.5 4148.12 125.2 4175.57 123.4 4207.49 123.8 4235.86
50× 50 107.9 2446.58 174.9 6854.79 168.0 6894.85 154.1 6937.40 138.1 6972.25 138.8 7008.56

TABLE II
SUMMARY STATISTICS FOR DIFFERENT LENGTH OF SUB-SPECIFICATION

M WITH 20× 20 CELLS AND FIVE ROBOTS

Length of
sub-specification M

Our approach Approach developed in [19]

Obj. CPU time/s K = 100 K = 200 K = 300 K = 400 K = 500
Obj. CPU time/s Obj. CPU time/s Obj. CPU time/s Obj. CPU time/s Obj. CPU time/s

5 31.4 10.78 32.5 51.11 31.9 59.24 31.6 66.89 31.5 72.30 31.5 78.97
10 38.8 11.79 46.8 129.61 44.6 137.80 44.3 145.38 44.2 152.19 44.3 159.87
15 44.1 15.39 78.5 247.68 74.5 259.44 71.7 260.92 68.9 273.16 68.5 283.81
20 61.7 21.54 101.6 375.89 97.4 388.89 94.6 405.72 92.1 417.65 91.9 441.37
25 57.8 25.71 116.4 561.79 106.8 576.27 97.7 580.73 96.4 595.08 96.3 609.15
30 63.4 32.44 122.9 740.81 116.0 757.49 107.4 773.13 102.1 787.42 101.8 799.82
35 72.0 46.41 142.6 993.63 134.2 1014.23 127.5 1032.57 124.3 1049.87 123.8 1072.02
40 82.9 54.65 176.4 1274.71 165.1 1293.47 157.8 1314.73 151.4 1331.29 150.9 1350.87
45 87.4 59.18 187.2 1585.51 169.7 1597.76 162.6 1616.79 158.7 1637.14 157.4 1659.02
50 92.9 64.34 196.4 1971.39 187.2 1995.41 172.3 2017.81 165.4 2038.26 164.3 2057.15

Comparison in the number of cells: In this experiment, we
increase the number of cells from 10× 10 to 50× 50 while
maintaining the number of robots at five and keeping the
length of sub-specifications at 15. The experimental results
in Table I indicate that the number of cells can have a
significant effect on computation time for both methods.
However, our approach can provide higher-quality solution
(smaller objective function) and lower computation time.
Since the computational cost for preprocessing the map in
[16] grows significantly as the number of cells increases.

Comparison in the length of task specifications: In this
experiment, we increase the length of sub-specification M
(i.e., increase the number of tasks) while maintaining the
number of cells at 20× 20 cells and keeping the number of
robots at five. As shown in Table II, the computation time
for both methods is not significantly effected by the increase
of length of sub-specification M. However, our method
consistently outperforms the method of [16] in solution
quality while being more time-efficient.

Comparison in the number of robots: In this experiment,
we fix the number of cells as 20×20 and the number of task
regions as 50, while increasing the number of robots from
5 to 50. The experiment data in Table III indicate that the
increase of the number of robots has relative small impacts
for both methods, since increasing the number of robots
generally results in a reduced overall movement cost for an
MRS. However, the increase in the number of robots leads to

TABLE III
SUMMARY STATISTICS FOR DIFFERENT NUMBER OF ROBOTS k WITH 15

TASKS AND 20× 20 CELLS

Number of
robot k

Our approach Approach developed in [19]

Obj. CPU time/s K = 100 K = 200 K = 300 K = 400 K = 500
Obj. CPU time/s Obj. CPU time/s Obj. CPU time/s Obj. CPU time/s Obj. CPU time/s

5 90.2 49.29 198.9 1915.83 187.4 1929.16 184.8 1946.02 181.4 1964.43 180.9 1983.34
10 82.4 47.99 170.6 1949.51 166.4 1968.84 164.3 1989.48 164.0 2000.07 163.8 2017.87
15 70.3 44.60 163.7 1966.59 160.1 1985.18 156.2 2003.97 155.3 2021.72 155.6 2039.63
20 68.8 53.89 161.3 2012.23 150.9 2030.67 147.6 2048.38 145.3 2068.06 144.8 2087.80
25 63.0 51.34 146.9 2049.46 142.8 2070.16 136.4 2089.17 134.7 2106.63 134.2 2124.37
30 60.8 54.46 149.5 2084.18 143.5 2102.67 140.0 2120.34 136.1 2137.98 136.5 2158.39
35 59.2 62.93 150.0 2090.84 144.2 2109.38 142.7 2130.03 141.3 2151.12 141.5 2168.78
40 58.7 64.35 149.5 2147.78 143.2 2166.92 141.0 2187.13 138.7 2204.63 138.2 2223.74
45 57.4 74.33 147.0 2219.42 142.2 2238.71 138.7 2258.04 137.2 2280.27 137.1 2297.48
50 56.7 82.73 154.7 2284.79 149.3 2302.67 146.1 2319.60 143.0 2339.15 139.7 2357.53

a significant increase of solution space for [16] which results
in a poorer solution quality than our approach.

VI. CONCLUSION

In this paper, we present a novel iterative MDP approach to
the multi-robot path planning problem with Boolean specifi-
cation tasks under motion uncertainties. Extensive numerical
experiments demonstrate that our approach is more scalable
than global MDP frameworks for multi-robot systems and
outperforms existing heuristics in terms of computation time
and solution quality. As a future direction, we aim to propose
a method for designing optimal reward functions under the
iterative MDP framework.
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