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Abstract

Neural network-based approaches are promising methods for quickly finding near-
optimal approximate solutions to combinatorial optimization problems. Combinatorial
optimization problems, such as logistics optimization, vehicle routing, and schedul-
ing, frequently arise in real-world applications and they are challenging due to the
vast number of possible combinations. The Traveling Salesman Problem (TSP) is a
representative example of combinatorial optimization problems, and various neural
network-based methods have been studied to efficiently obtain high-quality approxi-
mate solutions. In this paper, I proposes a Local Improvement(LI) methods including
neural network training strategy and model inference heuristics to effectively search
for near-optimal solutions in large-scale TSPs. The proposed methods demonstrate the
ability to obtain high-quality approximate solutions for large-scale TSP instances in
real-time. This demonstrates that neural network-based methods are effective even for

large-scale combinatorial optimization problems within short time.
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Chapter 2

Related Works
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Chapter 3

Preliminary

3.1 Definition of TSP

o AL A 249 §2UE BU X = [r0,00,72.., 2,1| 0.2 LeRdITE. o],

A 9] = obefl BIH ™ AlEA o2 vehd 4= Sl

T =[mo, M1, Moy, Tno), m€{0,1,2,...;n—1}, m#*m if i#]j (3.1)

L(n]X) = |20 = @a-allz + ) om, — a2 (3.2)

=1
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Chapter 4

Methodology
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4.1.4 Solve SHPP
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Chapter 5

Experiments

5.1 LI Model Training and Inference
5.1.1 Model Training

RS Idi= whet LEHD RE-2 ohsA| Zich e2 1287491 o] Ao dHld
I} 1719] Attention Layer2 G5 Encoder, 67]2] Attention Layer= <+4 % Decoder
7z 345 Ak

Attention Layer®] #£2+= [13]9] Transformer®] Attention Layer -5 UWEr}.
1282} 1 9] attention layer, 871 9] attention head, 5122} 2] feed forward layer, Z12]31

batch normalization-g 3Z$Hett}.

F

5.1.2 Dataset
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5.1.3 Inference Strategy
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5.2 Experimental Setup

5.2.1 Baseline Model
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22 §1o] greedy policyS 288 ol ZH], MCTS7]5F &4 (MCTS), 123 NCO
neT} Fo)AEe A8 &6 (H)2 ERstart. Ao 7]QE4) e Greedy policy
7} 78 ThoFgt &Hi7} ZAskAIRE Bl E TSPA00 Bjgke] EAlo] fabao]w

Al A S|E =E5H7] o7 7] 2ol Al elstat.

5.2.2 Matrics

S 2l B NS Q5 [13]9] glole A 72l 12 w2t 1287]2] TSP1000, 16
78] TSP10000 A& o8] Al-& A &5t o] glole Al [0, 1]°<toll Al n7l Q] 55t
A 1A FARE MEH S TSP o5& F44gtt o] AF HolHA-E Eoldl H=9]
Zo|9] P, LKH3 a1 8|&2te] A%}, T8 &2 HAoA 29 AZhE 7 A 8=

A= Bl

5.2.3 Hardware and Software

2 AdE 9180 179] Nvidia A100 Lo 7kEES ARgotgth £ZEF o] 87

Mo

Python 3.11, Torch 12.10]t}.

5.3 Experimental Results
Table 7 relSo] TSP10007} TSP100009] EA|S Zojifjo] Aol 52
ALt MRS Helet Boh AP0 R Ll S99 LI EHE AMSFlET], ol 22

mdlof 2715 At th2A 284 EWLE FFH LR dyee = 200, dipin = 50 O]

Llost®], =10, LI°] a = 2582 AASAL, T= A

o
rlo

t = a9l 2]Yo|tt.
LI oy 29 TSP10000]| 4] 4.1m 2] A]7HE9F 23,51, TSP100000] 4] 1.0m 2] A 7+5-<t

74.759] AYME A3t ol REE AW GLOPHY ¢ w=d A Astsitt. A|ZHE
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Method Type TSP-1000 TSP-10000

Obj. Gap Time | Obj. Gap Time
Concorde Exact 23.12 0.00% 221h | N/JA N/A N/A
LKH-3 Heuristic 23.12 0.00% 4.41h 71.77  0.00% 6h
Random Insertion Heuristic 26.15 13.1% 1s 81.75% 13.9% 3s
H-TSP RL 24.66 6.62% 3.1m 55.31 8.39% 2.4m
LEHD SL 23.84 3.11% 1.64m | 91.33 27.2% 3.0h
Att-GCN SL+MCTS | 23.67 2.37% 152m | 74.50 3.80% 20.9m
DIMES RL+MCTS | 23.73 2.64% 6.9m 74.63 4.0% 29.4m
distMCTS MCTS 23.63 2.20% 3.3m 74.03  3.13% 16.8m
DIFUSCO SL+MCTS | 23.38 1.12% 13.7m | 73.62 2.58% 1.07h
SO RL+H 23.77 2.80% 24s 74.32 3.55% 6.8m
GLOP RL+H 23.84 3.11% 3.0m 75.29  4.90% 1.8m
LI SL+H 2351 1.73% 4.1m 74.00 3.11% 9.6m
LI SL+H 23.67 2.38% 1.1m 74.75  4.15% 1.0m

Table 5.1: Experimental Result for TSP1000, TSP10000
= Ao 23S 92 L1 &= TSP10009A4] 1.1m2] A|7Hs-<F 23.67, TSP10000

AN 9.6me] A|ZHERt 74.009] IS AUt o] A= GLOPO Hls| Algto] ¢ 2
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Chapter 6

Conclusion and Limitation
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