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[Abstract]

In this paper, an autonomous multi-agent path planning using reinforcement learning for monitoring
of infrastructures and resources in a computationally distributed system was proposed.
Reinforcement-learning-based multi-agent exploratory system in a distributed node enable to evaluate a
cumulative reward every action and to provide the optimized knowledge for next available action
repeatedly by learning process according to a learning policy. Here, the proposed methods were
presented by (a) approach of dynamics-based motion constraints multi-agent path-planning to reduce
smaller agent steps toward the given destination(goal), where these agents are able to geographically
explore on the environment with initial random-trials versus optimal-trials, (b) approach using agent
sub-goal selection to provide more efficient agent exploration(path-planning) to reach the final
destination(goal), and (c) approach of reinforcement learning schemes by using the proposed autonomous

and asynchronous triggering of agent exploratory phases.
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I. Introduction
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II. Preliminaries

1. Related works

1.1 Distributed Multi-agent System
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1.2 Reinforcement Learning (RL)
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III. The Proposed Scheme

1. Proposed Methods

1.1 Dynamics-Based-Motion Constraints
Multi-Agents Path-planning
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Fig. 1. Hybrid P2P and Master/Slave Architecture
Overview

A ARgElo] AL 9l S5 23RS, BAL oA
= A 9 Sha e R 4 9k o S ooldE:
sfe] mEo TF2 E2 o|Sslo] PAS Almsts
7971 WA ol ofolHEL A4 Fu A2 B
2 AFgato] FA) ololHEY] 8 U AAE] H5S 9

o BA =l ot JES SRt

Commennication Handier Comneunication Handier

Terrain Terrain

Commnznication Handier Comnunication Handler

Terrain Terrain

Commanication Hendler

Centralized Global Node

Fig. 2. Structure of Communication Handler

Jerets(Fig. 3) 7IWF AR ol A ool E= of
& 719l 35 (Action), AJEl(State) Y HE/AHReward) 2
AS UEMIth o oo EE AF Sao] =5
$Iall DAI(Step)uttt A&E= BARS A5t 249
4= S AEitiFig. 4).

-

State & Rew ard—

Global Environment

State

| Multi-agent me— ction Destination |
\ I/.-'
__-)/./

Fig. 3. Workflow of Multi—agent System based on RL

g |
=
=
| <
m

N

=
=1
(=]
m

- b "IB|B

I P
LdbaL

G

o] (Leed o]

Fig. 4. Exploratory Trials by Multi—agent

olo|EE Fig. 59 Zo] = A 3l o]z s,
47§ (Up, Down, Right, Left) =2 87}
Directions & Up-right, Up-left, Down-right,
Down-left) ol WeFs AET & lu, H= gM &
Aot o2 (Obstacle)S sl Alabi SmAo
TEst 2 e 2 A4 ZE YFE(Minimum Radius of
Curvature), 3] Zte(Turning Angle), ¥17 Aok =
7Z1(Radius Constraints) 52 A5t ZH2& T2} o]z
gich Eoh 24 E0lA oo E= T m7lle] &4
A= AAsP] Hsll gefold B= HAYSS ARESE
of 24 84 uADt BxApIAle] ARt VY AL A
A /3T ARE SHATHOI1T)

(Four

i

Fig. 5. All Directions of Agent Move

£ AT AotE A b ofolFE Fa Zue
ze et 2t

Table 1. Main Proposed Algorithm

Main Proposed Algorithm

For every Node (N;), where i = 1, 2, ..., n
1. Let Ni denotes the number of nodes

2. Let Ni denotes the number of agents

3. Let Gk denotes the number of agents

4. Place an initial number of agents A; in random positions
(X, Vi), where j denotes number of agents

5. Every A; (agents) in N;
a. Do an initial exploration(Random-trial) to the
corresponding Gy

b. Do exploration (using RL: Optimal-trial) for Tn
denotes the number of trials

Pt

Table 1004 AA[staL Ql= Zlak Zol oo]HE=
7] 742 g0 2 BRI & (Random-trial) WHE A
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Table 2. Initial Random Exploration

Random-trial

1. Let S; denotes the current state

2. Relinquish Sy so that the other agent can occupy the
position

3. Assign the agent new position

4. Update the current state Sy < Si+;

Table 29} 7¢0] ofo|HEL &2 ;‘qﬁ 2R ColA|

(RL-based 1st Episode) FAMJA|z vIAlS ALRSIH
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Table 3. Optimal Knowledge-based Exploration

Optimal-trial
1. Let S; denotes the current state

2. Let Py denotes an action
3. Let Oy denotes the discounted reward value

4. Choose an action Py <« Policy(S,, Pi), where the policy
used in the work (using RL)

5. Choose an action Py < Policy(Sk+;, Pisy), where j is for
1l to N

6. Move in one of the directions by agent (four or eight
available directions)

7. Update the learning model in the brain
environment) with new value Q(S;, Py)

(global

8. Update the current state Sy «— Si+;

1.2 Path-Planning via Selected Sub-goals
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Fig. 6. Workflow of Dynamic Agent Path—planning via
Sub—goal based on RL
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Table 4. Sub-goal Selection Algorithm

Sub-goal Selection
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Fig. 7. Workflow of Asynchronously Triggered
Path—planning via Sub—goal based on RL
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Table 5. Asynchronously Triggered Path-planning

. Let B denotes Terrain broadly for optimal-trial

Asynchronously Triggered Exploration

. Let NA; denotes number of agents (k=1,2,3,...)

1. Let Ay denotes number of agents (k=1,2,3,...)

. Let NGy denotes number of goals (k=1,2)

2. Let S denotes sub-goal

. Let RW denotes random-trial (without knowledge)

3. Let D denotes destination (Goal)

NN~

. Let OW denotes optimal-trial (with knowledge)

4. Let O denotes obstacle barriers in the terrain

Upon Receiving the event
If(NA; < NGy
Do take RW to find a goal
Save B in memory for next exploration
Then, do take OW to find a goal
Else:
Do take RW to find a goal
(without sub-goal)

1.3 Autonomous and Asynchronous Triggered
Exploratory Multi-agent Path-Planning

2 oA o gt 24 tF dolE A=
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\)
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ol

19N
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5. Based on the current state, choose RW or OW by the
received event

6. Based on next state,

a. If Ay reaches at the S, set to update policy with
knowledge.  After  then, agent asynchronously
trigger/switch the agent exploratory trials with no
latency to reach the goal.

b. If Ai still cannot reach S, go continue of exploration
depending on the event

2. Experimental Results

2.1 Multi-Agent Distributed Agent Path-planning
Based on Sharing-information
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Fig. 8. Result of Multimagent Path—planning without
Sharing Information toward Destination
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Fig. 9. Result of Multi-agent Path—planning with
Sharing Information toward Destination

2.2 Multi-Agent Distributed Agent Path-planning
depending on Sub-goal Selection Scheme
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Path—planning
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2.3 Automatic and Asynchronous Triggered
Exploratory Path-Planning
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