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Multi-Scale Attention Mechanism for Grasping Facility Location Trends on Road
Networks
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(a) PR
e FEE (GAT) REFHE
o 18 28
Loss | 0.941 0.637 0.499 0.461
Accuracy 1 | 0.740 0.620 0.795 0.831
Precision 1 | 0.763 0.781 0.794 0.883
Recall 1 0.695 0.333 0.797 0.764
£ 2. 77 7 OHEAWGE
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J— KN 17,192 90,753
Ty I8 €| 47,022 246,752
EERE 5.47 5.44
¥ — R T 7 R 58.96 70.17
B (77 7 k) 160 182
¥ ) — RIESEHEME [m]) | 6,568.89  12,786.06
B (EEED [m] 31,985.27  40,479.35
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(b) NEF
g% (GAT) REFE
OfF 18 28
Loss | 1.232  0.585 0.470 0.446
Accuracy 1 | 0.674 0.698 0.802 0.884
Precision 1 | 0.653 0.815 0.842 0.867
Recall 1 0.744 0.512 0.744 0.907

FloTwg., NEFTF—=RITHLTH, 1ZFF
BROMEAD RSN

4. b

AR T, GAT KESi&A 73V F
HEF ML, IF 27 — LB
RIERZHET 2RRTFELZEAL, ks
LUNETDT —REy MTBWTZDH)
M BREL 2. RRTIRIL, HTFEL R T
WINDIEEICBWT D EWFEEZER L, F
IZ Precision B & Uf Recall D[] E3BEETH -
Fo. ZAUTED, EROE—Z 5 —L GAT T
EHEZ ENR D o T2 IRIBEY « R PTEY 72 SRS,
Mgk H T IV D HEICB W T EERAZE 2 -
T EARBE

—J7C, ARFRIINRLY 7IHRAFT 2 1iE
THERR A 7 — VERGHTEE T W ATREME AR X
NTED, L HIMLS N7 —VREE
IR DPULEDREED F R OFET D 5.
FERANCIE, U 7LZ A4 AOWHIET R THET
H7z Y, XHEEHISGEWRZ R ADRERHDH
I AN THgEZ DT,

BE R

[1] Fushimi, T., Saito, K., Ohara, K., Kimura,
M. and Motoda, H.: General framework
of opening and closing shops over a spa-
tial network based on stochastic utility un-
der competitive and time-bounded envi-

ronment, Social Network Analysis, Vol. 11,
No. 70 (2021).

2] Yu, B., Yin, H. and Zhu, Z.: Spatio-
temporal graph convolutional networks: a
deep learning framework for traffic fore-
casting, Proceedings of the 27th Interna-
tional Joint Conference on Artificial Intel-
ligence, IJCAI’18, AAAI Press, pp. 3634—
3640 (2018).

[3] Velickovié, P., Cucurull, G., Casanova,
A., Romero, A., Lio, P. and Bengio, Y.:
Graph Attention Networks, International
Conference on Learning Representations

(2018).

Copyright © 2025 by

Information Processing Society of Japan All rights reserved.

The Institute of Electronics, Information and Communication Engineers and



