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Graph—Transformer Based Learning Method for Spatial Structure
Representation of Large—scale Urban Road Networks

BAI Fan, HE Wei, HE Kejia, HE Bing
(School of Computer Science, Chengdu University of Information Technology, Chengdu 610225, China)

Abstract: The road network structure significantly impacts traffic flow efficiency and safety. However, while existing road network datasets
maintain relatively complete topological structures, their auxiliary information is extremely sparse, making it difficult to extract the features re-
quired for road network structure analysis.Therefore, effectively mining the implicit information in the structure through deep learning has be-
come one of the important tasks in traffic network analysis. This paper proposes a self—supervised learning model for road networks based on
Graph—Transformer. The model architecture consists of three parts: subgraph sampling for data augmentation, a Graph—Transformer encoder,
and a node—subgraph contrastive loss. Subgraph sampling is used to improve the efficiency of large—scale urban road network analysis, while
self=supervised contrastive learning is employed to maximize the mutual information between positive and negative sample pairs in different
subgraph views, thereby capturing and representing the implicit structural information of the road network to support downstream road network
analysis tasks. Experimental results demonstrate that the proposed model achieves accuracy improvements of 0.02% to 2.45% and F1 score im-
provements of 0.07% to 2.55% across multiple city datasets. Additionally, it exhibits better modularity Q values in downstream task communi-
ty detection and improves by 0.02% to 1.75%. This study enhances the effectiveness of road network structural feature extraction and provides
a new method for analyzing and understanding the implicit structural features of large—scale urban road networks.
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Fig.1 Structure diagram of the learning model for urban road network structural features
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WS, REAE PRE Ym0 JR AR SR Sl A 42 Ry 454, IR 1] Skip—
Gram 58122 2] 35 s Y ARZE R A
241 REFHR
TEA ST 5255 v, X8 B T R 2 9 2% #8594 (BGRL
Subg—Con , GCN , GraphSAGE | DeepWalk , Node2vec Lk A i
SCHTER AR 7E 9 A TRl i OB i AR 5 BH LR
HORE S RA YD) Bl R I ERR R (ACC) 1Y
T, R 3PN
Table 3 Comparison of accuracy for each model on different datasets
R3 AEBBETSEEMNEFREISLL
pIRS AR BB FBIN SRR R RIE HE OEK KY
BGRL 87.43 87.02 96.64 76.99 89.38 80.64 92.45 80.69 84..60
Subg-Con 87.48 87.18 97.27 77.24 90.23 80.68 92.81 81.15 84.86
GCN 87.40 87.15 96.73 76.23 89.35 80.33 92.38 80.24 84.26
GraphSAGE 87.30 84.90 96.82 77.22 89.38 80.33 92.04 79.85 84.75
DeepWalk 87.37 8594 97.12 76.91 89.19 80.37 92.08 80.44 84.20

Node2vec 87.35 86.02 96.41 77.13 89.19 80.05 92.05 80.55 84.87
Ours 88.10 87.35 97.29 77.37 90.25 80.75 92.83 81.28 85.21

HY 2 3 7], Fir S AR A 7 22 B T B s A B Y A R
AT BARINS  ABRTE ZAoii B s 4 E gtk
RESOL T RO AL, FARSRE TR LT 8 (+0.62% ) (i
B (+0.17%) . FB I ( +0.02%) . % P ( +0.13%) |, K H
(+0.02%) . KJE(+0.07%) \F £ (+0.02% ) \FE PR (+0.13%)
AR (+0.35%) o 8 32 % Lo A AR AR A AN ) 308 T 580 4 1
IR, AT LR AR E B AR E R R | PR On 3. MK
TF 1% 45 B ik A AL (GraphSAGE | DeepWalk Al Node2vec) ,
Subg—Con FIA R B 7L R 2 B4 AL Ge i AL B
GOy

F 4R T AR SO AL 5 HoA 6 D REALYE 9 R
£ E R B R IE N .

Table 4 Comparison of F1-score for each model on different datasets
R4 FEBEETZEENF1SHIEE
ik AR DL M R RE KR FR EK KY
BGRL 82.67 80.38 94.98 64.28 83.57 72.13 89.34 71.36 78.57
Subg-Con  83.20 81.37 96.07 69.07 86.00 72.95 89.39 72.10 78.83
GCN 82.30 81.17 95.39 67.59 85.94 71.57 89.26 71.48 78.48
GraphSAGE 82.12 80.42 9543 68.22 85.38 72.58 88.93 71.08 78.78
DeepWalk 82.34 80.69 96.13 67.24 84.78 72.60 89.14 71.02 78.60

Node2vec  82.50 80.45 95.49 69.01 84.80 72.45 89.32 72.03 78.58
Ours 83.49 81.52 96.28 69.36 86.12 73.84 89.46 72.24 79.08

FH 2% 4 AT HN ASB R AR Z 500 i s 4 1 P10
WS T BRI AR A Z2 I 45 4 LAYk e
¥y 0 TR R, HAR IR iR (+0.29%) iR
(+0.15% ) I (+0.21%) 52 BH (+0.29% ) . K (+0.12%) .
KJE (+0.89%) . 75 & (+0.07%) . F K (+0.14%) Fl K b
(+0.25%) o Horr, R I8l 42 ry Pk e 4 ot e o o 2 L 1A 3
0.89 M H 43 i o BLAh , ARIRIAE AL IR 1 ) R 5%
hFRE, ﬁuﬁﬁjllfﬂzi‘)ﬁ%n Iy BULF 96.28% , F WKL RUAE b

R AT WU 25 (R 25 R Sl Tl 19 ) e A o R, A
SRS AR BRI (AL AT) RE A i Y F 1205
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Table 5 Modularity of different models after partitioning on nine da-
tasets
x5 AEEBREINHIFEE EHXEHOERE
ik A RIU M SN R K Fh R KW
BGRL 96.88 96.74 94.60 93.62 96.05 94.94 96.52 96.51 96.40
Subg—Con  96.57 97.20 94.47 94.15 96.75 95.68 96..70 96.42 97.16
GCN 96.61 96.11 94.29 92.78 95.42 93.94 9591 95.35 95.96
GraphSAGE 96.80 96.07 93.81 93.94 95.60 94.61 96.45 95.92 96.18
DeepWalk  96.76 97.11 94.02 94.05 96.24 95.33 96.48 95.77 96.59
Node2vec  96.55 97.18 94.25 94.17 96.72 95.59 96.67 95.71 96.78
Ours 96.97 97.24 94.86 94.19 96.88 95.69 96.73 96.56 97.17

oy o RN TR 3 B Ml A 8 1 SR T S R ) o X 4 A
I X A XA R 5

P4 JE7R T A SCRURIAE 6 4Kk E YT AL . ih
PRI, Rt 5 BH B T AAR 4 3R O/ T 53 B A SE BRI X))
RS B 4 b o0 9% 2 > Sl i A 2= TR 45 o R PR A% 0 3
DX 5550 X [ A7 70 8 A DX R A5 4, X R 24 L ) 22 5 T
AE 55 30k 17 0 e B R B L Sk T R A RN AT X R o DT
Ko RAEIBM A nf AL R FZ BN T W AR AL 7 X

gl K A

Pasgcgt

Fig. 3 Visualization of road network partitions of different models
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RELTRY (1% YA R KA T BGRL. 78 BRI 4 I, A
SO A PN A T AE M A2 BGRLUE 2D T 82.7% . Subg—Con U8
DT 63.9% JREALE ST IR b AR SCREAY B I ZR i ]
k. Subg—Con WA , {8 25 & 5] P9 A7 T4 FE 14 00 35 LA B AE LAl
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Table 6 Training time and memory size for each model

F6 FMEEMIIZEEIFIRTFR N

K4 J7 ik e A7
BGRL 2.64S 5080MB
AR Subg—Con 2.78S 2440MB
Ours 2.09S 880MB
BGRL 1.468 2968MB
v Subg—Con 1.458 1882MB
Ours 1.238 878MB
BGRL 0.83S 1848MB
KMl Subg—Con 0.67S 1290MB
Ours 0.58S 876MB
BGRL 0.308 912MB
i Subg—Con 0.20S 986MB
Ours 0.295 826MB
BGRL 1.238 2794MB
KH Subg—Con 1.098 2472MB
Ours 0.938 878MB
BGRL 0.718 1504MB
KI5 Subg—Con 0.62S 1490MB
Ours 0.55S 828MB

IR JAE S A B T 3 RN TR 89 H AR BRI : Margin 45
K \Logistic 151 5 P ke DUM-H7 > PEAEHE# 42 2% (Bayesian Per-
sonalized Ranking, BPR) . A THPEAl H bR eR AL RCR , 4%
SCAE O A I B di 4k b EAT 1S, SR A R ANk T
Ji7s

Table 7 Comparison of results of different loss functions

RT AEIBKEHERIE

AR B B SRR ORI R HEROER KW

Margin  88.10 87.35 97.29 77.37 90.25 80.75 92.83 81.28 85.21

Logistic 87.42 8731 97.28 77.35 90.23 80.27 92.45 80.82 85.12
BPR  87.53 87.29 97.29 7735 9024 80.39 92.75 80.78 85.15

R j‘; i

M

-
-

K

Fig. 4 Visualization of road network partitions of the proposed model
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FH ¢ 7 1T 0, Margin 51 2% pRECLE O 3k T B e 48 B iy
R T Logistic 451 2 bR KA BPR 451 2% B % . Ho,
Margin i3 5% bR ECPE BUAR B 46 | B MER AL 3 1 88.10%,
FE Logistic 1 2% pRAT 5 11 0.68 4~ 11 43 4., & BPR #5 2k R %L
fe i 0.57 A 43 i 7E R DUBUE £ -, Margin £ 25 pR £ 1Y)
HERG 4 87.35% , [F)FE iy T HAl 2 Ft 2k e i, X — a3
TEHABI T B A AR 3] 1 50 0E , % W] Margin 451 25 bR %X
TET M FRIR S AT 55 h Ak .

252 RE 4L % LRI

ARSI T 3 Fofr 3L 14 P 8 0 65 2 B i AT X LG
A 45 B & B 4% (GCN) | &1 7 & 77 M 2% (Graph Attention
Networks , GAT) LA & GraphSAGE, /™2 f5 25 78 9 N A [A]
RIS L R AN 2R 8 TR .

Table 8 Experimental results of different encoders

xS AREFEEJ|THIKLKER

S it WS BB FBM SR RH RJE R R K
GCN 87.48 87.18 97.27 77.24 90.23 80.68 92.81 81.15 84.86
GAT 87.02 87.24 97.17 77.24 90.21 80.27 92.45 81.20 84.75

GraphSAGE 87.12 87.16 97.22 76.86 89.38 80.04 92.23 80.85 84.72

Ours(NodeFormerConv) 88.10 87.24 97.29 77.37 90.25 80.75 92.83 81.28 85.21

A K FH NodeFormerConv VE N i #% . M FE 8 rpnf
LI ), NodeFormerConv 1 Jhy B 1 22 ) 4% 4 15 45 76 45 B I
£ BRI TR Tk 2 0 5 A RIS 2T A PR RE L X
7 M Graph—Transformer 7 20 3 3k 7 % % 2 [11] 25 14 /R 2%
TS5 AT W AR R AR B A AN A R A
R BRI, A2 RER R 4 b, AR SORAY 1) o
1 % 5 1k 88.10%, 43 %) Fb GCN |, GAT Hil GraphSAGE 75 i}
0.62.1.08 F10.98 1~ 43 i s 7E R DU 4R |, A CHEAL
RIEAER GAT MR R EF T (3478 87.24%) , A, BE AL T
GCN Fl GraphSAGE ; 76 #B N Eic 4 45 -, S 45 A ich 2% 2= 30
T H AR SCREEIAT L 97.29% B 1B 2451 5 5 76 5 FH 54
£ I AR SCRE RS A A1 S AR 6 B 8, HER 2R 77.37% , 43931
Et GCN. GAT il GraphSAGE /& H} 0.13.,0.13 F10.51 4~ & 4
s R ERUE AR b AR SCRERIER R M 90.25% , 15 T HoAh 3
Tl it 5 76 AR R AR 4 b, A SO AL 9 R %60 80.75% ,
T GCN \GAT Ml GraphSAGE ; 7 & . 5 B V£  2
e AR SRR B R 2 5300 R 92.83% . 81.28% F185.21% ,
WHLHE T GCN .GAT Hl GraphSAGE,
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Fig. 5 Comparison of accuracy for different subgraph sizes
BE5 AEFEXNMIERHEILL
AR FERS A [R] B R/NTARERLAYINZR I 8] £ 4T 1 93
Bro SCHRAERMNZE 9 Pron, Horp B T 7 iR L i KB
B R EREAR 56 B E S v, BEE 5 B R/ 2 38
TN E 20, B 52 A — 4> epoch T AU B[R] (RN <) o SEHG
BT R RS T R/ INBY S I X s A7 i [l A7 — 52 52
(ERE R AR AR 2 0/ AR A Kb BEAS [) R/ 7 [ i BAT 85
e YRS E T o ELRTIT B R DL A I 5 I [ X 55
1, o RN 2 T IETR/INEY 2.05 s AT ZE 20 11 R/INEY
2.09 s, B 1.20 s B4 ZE 1.23 5o AHHZTF KM L 5t
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Table 9 Comparison of training time for different subgraph sizes
£9 AEFEXRNMINZRERTEE
TEIN R I FBIN Bt K KIE

2 2.05 1.20 0.54 0.27 0.92 0.53

5 2.06 1.20 0.54 0.27 0.92 0.53

10 2.06 1.21 0.56 0.28 0.93 0.54

15 2.08 1.23 0.57 0.28 0.93 0.55

20 2.09 1.23 0.58 0.29 0.93 0.55
3 4iE

AR T —FpET Graph-Transformer SRR
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P BB Q L, 32T+ T 0.029%~1.75% . i 3 114 fil 52 56, A<
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