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Abstract

With the rapid development of artificial intelligence technology, deep reinforcement learning has
shown great potential in solving complex optimization problems. The three-dimensional traveling
salesman problem, as an extension of the classic path planning problem, has higher complexity and
practical application value. However, real-time solutions in large-scale dynamic environments still
face challenges. Traditional methods suffer from high computational complexity, while heuristic al-
gorithms are limited by solution accuracy and generalization capabilities. This paper proposes an
intelligent path planning algorithm based on graph Transformer and deep reinforcement learning.
The algorithm captures the positional relationships of nodes in the 3D graph structure through an
encoder to generate embeddings, combines the attention mechanism and sequential decision-mak-
ing characteristics of the decoder to construct a path planning strategy, and optimizes the strategy
using the Reinforce learning algorithm. Experimental results show that the proposed algorithm sig-
nificantly outperforms traditional methods and heuristic algorithms in terms of solving time, especially
in large-scale problems. Additionally, the proposed model balances solving efficiency and accuracy
through the trade-off between greedy decoding and sampling decoding strategies. This method pro-
vides an efficient solution for large-scale dynamic path optimization problems in fields such as drone
path planning and intelligent manufacturing, demonstrating significant theoretical and practical
value.
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Figure 1. Graph Transformer reinforcement learning model architecture
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Figure 2. Sequential decision-making process for path planning in 3D-TSP problem
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Figure 3. Multi-head attention mechanism-based encoder for 3D-TSP path planning problem
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Table 1. Pseudocode of the GTRLT model’s Reinforce with Rollout Baseline training algorithm
% 1. GTRLT # &9 Reinforce with Rollout Baseline IR & E{H{LHE

Algorithm 1 Reinforce with Rollout Baseline
1: Input: number of epochs E, steps per epoch T, batch size B, significance «
2: Init 6,0" <6
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B
3: for epoch= 1,---.E do
4: forstep= 1,---,E do
5: s, < RandomInstance( ) Vie{l,--,B}
6: 7, < SampleRollout(s,, p,) Vie{l,-,B}
7: o« GreedyRollout(s,.,pr) Vie{l, B}
8: VL:ZQ(L(@)—L(;[;“))VO log p,(7,)
9: 0 < Adam(6,VL)
10: end for
11: If OnesidePairedTTest( Do pr) <a then
12: 0" 6
13: end if
14: end for

4. SKEWERE 5

A FEE ZHAFERBN 3D-TSP [ @Sk, FEEF X RRAT SR T AR I = A SRAFRAL, 535
#7444 GTRLT20. GTRLTS0 Al GTRLT100. #EMZE5d T 50 MIZRAM, EVFIEH T, AR
SRR 53 0 24 438l 66 43 ERAT 190 Z3%h, XFRF GTRLT20. GTRLTS0 1 GTRLT100. & Ja5,
SR 5 P S U BLAE ARy 2004 300 1400 FIIREE EHEAT 7oK, DABLSEAR AL BT R RIS i it 18] oK fie
R ERFS T, B HORE R AR IS R AE B TE T TR[0, 1] % [0, 1R BEHLAE S, IR
1,280,000 2 %4, HUEAEAIE 10,000 %3, WAL E 100 %8dE. SLIESHLE N 2.

Table 2. Experimental hyperparameter settings

F2 LWESHRE

e 2 {1
JEE R 50
AN 512
HEENZE 3
VI ZREE R 1,280,000
Ltk #s Adam
S le=3
ESanse S5k 10,000
TR 100
SR AR AR 1280

4.1. REEEXTEE 47

T BN GTRLT Sy RARRIIT 2, 8 Greedy f#h5 s 5 Hofh JUZRGE AT T X6 L,
EALFE Google OR Tool. WAERE, WOHFRIES, KB EZRM 100 25MREZIE B ATF2ME, R
figt st 1) E Ak 25 2R L 3.
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Table 3. Solution time of GTRLT model and other methods for solving 3D-TSP problems
% 3. GTRLT 8B R HAth 575K ## 3D-TSP [G]&E AR 8]

OR Tool ; 0.0278 s 0.1134 s 0.6698 s
BUAL [ AP 32.9213 s 48.1911's 67.7212 s
WL 29.4899 s 75.2491 s 218.6175 s
GTRLT(Greedy) 5.3 0.0138 s 0.0284 s 0.0489 s

FRHE SR A ] 25 v DA%IIE ,, GTRLT (Greedy) B ik FISR iR A5 /b . 5 GTRLT (Greedy) & iEXT L,
Google OR Tool KRS [AIAHXT R IAEL A . GTRLT FEAE K AERS [A] X Google OR Tool B2 K ik
A, BEAE ) SRS 0, GTRLT 92K AAT (R 39 0 (1 2328 /T Google OR Tool ik X5 K KH
15 3D-TSP o) @, GTRLT BRI [ 5/, BRI 2 SRR I SE I MK

4.2. REGZ MRS AT

EET RS A, 4 SR I 2 8 A GTRLT20. GTRLT50. GTRLT100, sKAAFIEL S 20, 504 100
) 3D-TSP jrj i, PAWLEHAEAS [ AR s b vz 4k, Hid GTRLT20. GTRLTS0. GTRLT100 ¥l 45
50 6, XFELGE R LK 4.

Table 4. Generalization comparison of GTRLT model
F 4. GTRLT #RELZ (L MERTEE

n=20 n=50 n=100
it ERAIE] KA [8] ERAIES KA [8] ERAIES SRARIE T7)
GTRLT20 6.5157 0.0138 s 11.9139 0.0284 s 19.3344 0.0489 s
GTRLT50 6.6837 0.0138 s 11.6216 0.0284 s 18.2761 0.0489 s
GTRLT100 6.9234 0.0138 s 11.8643 0.0284 s 18.2297 0.0489 s
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ISR 5 SR I AR TR, SRARRS B 220w, (HR B I SREEER R, SRAFRRE /)t 2> ifRos .

MR AT RT R, GTRLT Az A8,  PRAE SR fF 3D-TSP [0 @R, W] DLEHUE 24 R
REE, XREAYHEAT I RN SR, 33— @R, XHMEE AR 3D-TSP [o AT KA

4.3. BEMRIGRERE RS

HIF B SRR AR AU Rk, HRS e A T, SRR AR RARSE R IR 5, b HARMEAZ 100 2601
AR EE SR AR AR R 45 SR T 2

M5 T LR B, 6 TR FE USRS 3D-TSP i, A E TR R RS B E A Google OR Tool 4
ft i, AECT R A AEE R BOESL, AR E RN, EEFEEE R, AR IE e T
Bk O T SRR RE B IR R RCR 55K, AT LAk #3645 P 9 A A L) S s R L F S A, RV IR AORT
B IR RS B

N T S O HERTE AT DICR A SRR AR RS S R AR D 3D-TSP [l o SRTAT, SRA AL SRS A 3 1 A7 4k
IS TR) R RSRAGHE B o DRI, B R 1 DOAB ARG SRS IO 25 R . BRR b, AT DS I AN B i R4
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Table 5. Results of GTRLT algorithm and other methods for solving 3D-TSP problems
% 5. GTRLT BIAR M5 7AK M 3D-TSP [E]fI4E R

— B

ik \\ n=20 n=>50 n=100
OR Tool 6.4719 11.3395 17.4333
WEEE 6.6525 13.6615 28.4909
WO 6.4109 11.3867 17.8385
GTRLT (Greedy)5 ik 6.5157 11.6216 18.2297

Table 6. Comparison of GTRLT model with greedy decoding strategy, sampling decoding strategy, and OR Tool solutions
% 6. GTRLT #RBI TR ARRDSRMG . SRAFREIDIRME K OR Tool KERLERITEL

P — m’E‘ n=20 n=50 n=100
—

OR Tool 6.4719 11.3395 17.4333

GTRLT (Greedy)#& % 6.5157 11.6216 18.2297

GTRLT (Sample)$i.i2: 6.4188 112185 17.5522

5. GRS RE
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o IS MRS ES R =4 A A RO B R RIFAE IR AR R, S5 B RIS 38 H0VE R IHLH S5 7 SR SRR
PR BRAT AR g, I FH 54k %% =) Reinforce FIEMALHENE, SKIL T X 3D-TSP [0 8 1) = 0K il SEB 2
B, GTRLT SIELER MR ) ERE R TSR EE S B R E. b, B8 SR iRy 5 Rt
I RE SRS T R LA, SO T SRR SREBERR R, NS IREE N 1 SERT AR RIS T SE A AR T 2.

AR I FIEAE 3D-TSP KA IS | kR, EAMFERTRRRIT1A:

1) SRR S R A u AR A O B B SRR, AR AT U B A I (0 S AR A B 4 B
T3l H AR i) T 1 B IE R AR RIS o Ak, 5N ) 28 (GNIN) B E R AL B2 & oo 2 ST HOR,
A — PRI B AR S E SR T

2) Z B IR SRS SChRSH i T RS2 H AR (UaeFE. KUK 5 2 A d (Ui (8] & . SRR
)P AR R ) . AR TR ZR 2 B ARSRAGE SIHESE, 4562000 2 ML, Wom Bk TRESE M.

3) A S B AEVEIE: AT SR T I S A BIBE ALY AR R, RSRTRAEAEY S At e 7 B
B MM 5 P IRUERI R S, JRIB I TR S RIS SR T 1 Sz RE

M, FETURE AL SR BERR AR R T IRAE 3D-TSP i) b R B KW 1, SRR e ml i —
RN FAE Tk W0iR. T ARGEENIREH B, R b in Sg ge s s ak. B RRIAR LT %

EHEWH

HMRE FAR RS AR ZR H A0 H (YDZJ202201ZYTS585).
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