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New Solution for Traveling Salesman Problem Based on Graph Convolution and Attention
Neural Network

WEI Niannian and HAN Shuguang

School of Science,Zhejiang Sci-Tech University, Hangzhou 310018, China
Abstract Traveling salesman problem is a classic combinatorial optimization problem. To solve the problem quickly.a learning
branch rule is designed, which is based on a deep learning model composed of graph embedding network, graph convolutional neu-
ral network,attention neural network and multi-layer perceptron,and the traditional branch and bound algorithm is modified to
improve the algorithm performance. Traveling salesman problem instances of 15 cities are supervised and trained ,and the trave-
ling salesman problem instances of 10,15,20.25 and 30 cities are tested on the SCIP solver respectively. We find that the solution
time of the branch and bound algorithm based on learning branch rule is —0.0022s,0.0178s,1.7643s,2.3074s,and 2. 0538s
faster than that of the algorithm based on traditional branch rules,respectively. Therefore, the selection of branch variables based
on graph neural networks is effective in improving traditional branch rules and can be well normalized to traveling salesman prob-
lem instances with larger training scales.

Keywords Traveling salesman problem,Graph convolutional neural network, Attention neural network, Branch and bound algo-

rithm, Supervised learning
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Fig. 3 Schematic diagram of the structure of neural network model
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Table 3 Solution time of 50 traveling salesman problem instances
in 10 cities using the branch and bound algorithm based on

learning branch rules and traditional branch rules

(s)
HA K i B 18]
GNN 0.24 0.23 0.29 0.20 0.27
SCIP 0.25 0.19 0.30 0.22 0.23
GNN 0.17 0.17 0.32 0.19 0.23
SCIP 0.22 0.23 0.23 0.20 0.21
GNN 0.37 0.32 0.30 0.69 0.26
SCIP 0.37 0.33 0.31 0.63 0.23
GNN 0.26 0.24 0.42 0.19 0.21
SCIP 0.24 0.20 0.42 0.17 0.31
GNN 0.31 0.19 0.28 0.23 0.30
SCIP 0.29 0.22 0.36 0.23 0.30
GNN 0.22 0.29 0.17 0.27 0.29
SCIP 0.24 0.33 0. 20 0.24 0.32
GNN 0.24 0.27 0.27 0.16 0. 30
SCIP 0. 20 0.25 0.25 0.15 0.27
GNN 0.26 0.16 0.31 0.25 0. 20
SCIP 0.25 0.17 0.31 0.25 0.19
GNN 0.25 0.31 0.26 0.19 0.24
SCIP 0.26 0.23 0.26 0. 20 0.26
GNN 0.25 0.17 0.31 0.25 0.19
SCIP 0.23 0.17 0.25 0.22 1.26

TE 0. 243878 56 T 2 > 4 SO 3 325 FLEE 0 (GNND SR A48 1 4>
ST RT A I TR] 50, 25 2% Bk 4% G 4 SR Y 43 3¢5 R ik
(SCIP) SR i 55 1 A S0 Jor 0 g 18], i) 390 405 o1 2k T b ok 0 e 5
PR TR A 49 A S0 I i I )

Fed FT I 5 SN 4y 38 FEEE R RIE T AL 58 4y 3

FILIN 4 43 3 5 TR AR 50 B R 15 ANk A9 il T R

(1] 552 3] ) s ()
Table 4  Solution time of 50 traveling salesman problem instances
in 15 cities using the branch and bound algorithm based on

learning branch rules and traditional branch rules

(s)
HA kA T
GNN 4.83 0.55 0. 80 2.90 0.51
SCIP 4.85 0. 60 0. 86 2.12 0.76
GNN 1.04 8.50 0.61 2.03 1.19
SCIP 0. 86 8.77 1.10 1. 39 1.17
GNN 2.42 2.25 0.51 0.76 6.27
SCIP 3.02 2.34 0. 64 0.78 6.07
GNN 1.03 1.16 2.45 6.58 2.87
SCIP 0.77 1. 20 3.07 6.62 2.94
GNN 0.53 4.90 1.37 1.04 0. 66
SCIP 0.55 4.93 1.16 1.06 0. 66
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k) R

E K e ot i CE K A B 7]

GNN 0.71 0.83 1.06 1.08 1.42 GNN 39. 64 74.09 255.12 146. 44 74.89

SCIP 0.58 0.70 1.01 1.08 1.45 SCIP 39. 54 73.94 256.43 145. 75 74.61

GNN 12.15 1.00 1.23 1.80 1.87 GNN 44,61 21.92 25.36 162.09 14.75

SCIP 13.13 1.44 1. 30 1.72 1. 86 SCIP 44,97 22.17 25.33 162.57 14.57

GNN 1.22 0.81 0.81 0. 90 0.75 GNN 24.85 34. 85 506. 83 94. 34 31.36

SCIP 1.99 0.93 0.72 0.94 0.74 SCIP 16.67 24.23 444, 64 95. 54 31. 34

GNN 1.50 4.72 1.61 2.20 4.24 GNN 36.70 110. 10 100. 43 118.66 22.51

SCIP 1.29 4.55 1.71 2.12 3.85 SCIP 35.89 110. 04 76.23 119.00 22.72

GNN 0. 80 0.63 3.16 3. 96 0.82 GNN 32.93 11.85 16.70 83. 89 13.25

SCIP 0.75 0.84 1.71 4. 20 1.03 SCIP 32.88 12.22 16.97 25.63 13. 34
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Table 5 Solution time of 50 traveling salesman problem instances Table 7 Solution time of 50 traveling salesman problem instances
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