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Abstract

Problems:
B Decentralized multi-robot path planning

B Effective communication

Constraints:
B Only local communication and local observations

B Constrained grid world
Methods:

B Convolutional Neural Network (CNN): Extracts features from local observations
B Graph Neural Network (GNN): Communicates features among robots locally

B The dataset is generated by an centralized expert algorithm

Results:

B Metrics: Success rates and Flowtime Increase
B A performance close to expert algorithm

B Generalization: larger environments and larger robot teams
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Introduction

Learning-based method

The rise of artificial intelligence:

o ETIEMPGEKE (WGPU)
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Computer Vision, Natural Language Processing

N SRR, GNN
AN Eeamg

Euclidean Structure Non-Euclidean Structure Multi-agent problem
(decentralized method)

Cambridge: Li Q, Gama F, Ribeiro A, et al. Graph neural networks for decentralized /
multi-robot path planning[J]. arXiv preprint arXiv:1912.06095, 2019.
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Introduction

Problem1: It is far from obvious what information is crucial to the task at hand,
and how and when it must be shared among robots.
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Introduction

Problem2: Reinforcement learning process is very blind and inefficient in the
process of exploration.
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Problem Statement

Problem Formulation:

LetV = {v4,...,vy } be the set of N robots.

Observation

At time t, each robot perceives its surroundings within a given field of vision.

This map perceived by robot i is denoted by Z; € RWrov*Hrov el
Each robot has access 128 observations ¥ € R1?8. +—— CNN «— 2

=
Communication network: G, = (V, &, W,) |

V. the set of robots
g © V X V:the set of edges

Robot B

Communication radius: rcopmpy- If ||pl- —p ]” < Tcomm, TObOts can communicate.

An adjacency matrix S; € RV*N, where [S,];; = s =1 only if (v, ;) € &.
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Problem Statement

Problem Formulation:

Objective:

_____________________________

For each robot:
Input: observations {Z ;}, and communication graph G;

Output: an action u;

(1) Shortest possible time, avoiding collisions with other robots and
obstacles.

(2) To perform as well as a coupled centralized expert.
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CNN

What is the CNN (Convolutional neural network)?

And what does the CNN do?
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Convolutional Neural Network



224x224564 P 0 0 L

. 112x112x64
pool = —

224 - ! 112 input layer
gy downsampling hidden layer 1 hidden layer 2

12
224
convolutional layer pooling layer fully connected layer

Image Maps
Input

N
- GETRNNNNN
ip) el
o~ k >
Convolutions \ Fully Connected

Subsa}r'\pling
The first successful applications of Convolutional Networks: LeNet-5



M EREE

1101
0[1]0] #¥%
1101
WEW
[RiaE &
1/1/1/0]|0
0O/1(1[/11|0 4
0*” 0"1 0 G (1) ERZREEZR LELER
. O 1, (2) UITEEREA TR, SKF0
O|0[1|1]0 =y}
O[1(1({0]|0
I Convolved
mage Feature

http://ufldl stanford.edu/tutorial/supervised/FeatureExtractionUsingConvolution/



224x224564 P 0 0 L

. 112x112x64
pool = —

224 - ! 112 input layer
gy downsampling hidden layer 1 hidden layer 2

12
224
convolutional layer pooling layer fully connected layer

Image Maps
Input

N
- GETRNNNNN
ip) el
o~ k >
Convolutions \ Fully Connected

Subsa}r'\pling
The first successful applications of Convolutional Networks: LeNet-5



2EFEE (FC)

RELU RELU RELU RELU RELU RELU

CTTffl‘ﬂffTﬂ “?Tﬁwl T

L

fftick

;gplane

Ship
ﬁ:lorse

)L O D
RLEIELEERS




Graph Neural Network

What is the GNN (Graph Neural Network)?
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Graph Neural Network

Objective:
To learn a mapping F, u; = T({Z,f}, Gt).

N
{Zt}— %7 GNN
Ut
Gy
Graph Convolutions (Z&EEFwx + b) yv=1f ( WX — 6’)

F (128) observations for robot i in time t: 5c',f, i=1,...N

T giEiEEEEEE
(Xﬁ)]z[x%,,,xﬂ | OTrrororo |

&)’ x}

(RN}

~—

Xt:

To formally describe the communication between neighboring agents, we
need adjacency matrix in time t: S;, and the operation S; X;.
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Graph Neural Network

Graph Convolutions
N
[SeXeli = ) (5 Klyp = Y s«
j=1 j:VjENi
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| = [

| |

FEENEE LL 1T ]
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where N; = {v; € V: (vj,v;) € & }is the set of nodes v; that are neighbors

of v;. The linear operation S;X; 1s essentially shifting the values of X; through
the nodes.

Then we can define a graph convolution as linear combination of shifted
versions of the signal:

K-1
A 5) = ) S XA,
k=0

{A;}: is similar to the weight matrix in DNN.
K: k-hop nodes
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Graph Neural Network

Graph Convolutions K1
A 5) = ) S XAy
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Graph Neural Network

Graph Convolutions
K-1

A 5) = ) S XA,
k=0

3. 97 TUiTEL For each robot:

(D) 8eXelir = Z [Selij [Xeljr = Z sy %t

j:vjENl-

N

Jj=1
K-1
@) A=, [SEx] 4

Graph Neural Network

Xe=olAp(Xp—q; 9] for £=1,..,L
o . activation function. o 1s applied to each element of the matrix A,(X,_1; S)
The final learning target: {Ap}izs

The backward process 1s similar to CNN.
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Architecture

Training: Learning from Expert Data
Training set: T = {({Z{}, {U.})} {U;}: an optimal trajectory of actions

Generate random obstacles, start positions and goal positions. The optimal paths
in every map are generated by an expert algorithm: Conflict-Based Search (CBS).

Inference stage

Framework (Trained) 1

Action 1 Action

Encoder Communication )
Policy

Uy

=
Ut

Collision
Shielding

Update Z! by action u,until all robots reach goals or the loop exceeds maximum step
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Performance Evaluation

Graph Neural Networks for
Decentralized Multi-Robot Path Planning

Qingbiao Li', Fernando Gama?,
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Performance Evaluation
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Discussion and Future Work

Discussion

. 5ExREAEL, [ELEEhE.

2. BIFRGZ L.

3. AESZHERWISEARH)IGHNEEET.

Future Work

1. Time-delayed aggregation GNNs, inter-robot live-locks and position swaps

2. SEYINRE: =HeiE, TAVURMMEF, NFEEAT R TaE.
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Future Work
SCYINFR: SibihE, TAVURMWMEF, N EAT R TITESEE,

1-hop




Other Resources

U Code: https://github.com/proroklab/gnn pathplanning

1 Simulation demo:
https://www.youtube.com/watch?v=AGDk2RozpMQ&featu
re=youtu.be

1 A website about Multi-Agent Path Finding (MAPF)
problem: Attp://mapf.info/
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Thanks for your attention!
Q&A
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