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Deep kernel learning surrogate model with extractmg seismic feature for seismic risk analysis
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This study developed a deep kernel learning surrogate model to reduce computational costs of a seismic risk
analysis. This model uses convolutional neural networks (CNN) to extract seismic load features. Furthermore,
the explainability of the surrogate model are obtained by estimating the contribution of each part of the
seismic load by Gradient-weighted Class Activation Mapping (Grad-CAM) and by estimating the contribution
of each structural parameter by ARD. In the validation, a surrogate model was constructed for the seismic
response analysis of isolated RC piers. It was shown that the computational cost can be reduced and that the

model has explainability.
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Fig. 1 Deep kernel learning surrogate model architecture
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Fig. 2 Distribution of max displacement at bearing predicted by
surrogate model

HEEIGANZE Y VRV U A

% Fig. 3 W7, SBIAWMNTET VO EF ML 0.3
Wfhr e 1.0 fhrcd o, RERD &, BEABEMT
THGEDREL Ro kDGR TE 5, Lol B
A EIANTZAMOFEGNREL RI2BEbb o, £
72, ARD I L B /XT A—2FH5E% Fig. 4 1T~ 7, MHo
(P (THURATE, ) (3ENT A — 2 bt E SN2 [E
HREMZ T, KaeRoE, SAOFER, #HiE T A —
2L LTCRERBAMOFEGNRKE NI EBNND,

5. %l:lnlm

ARFZETIL. CNN 1T & » THUB R E O A 4 5%
B —xNVEEIC AR T VRS L., £, AT
F L% Grad-CAM B L TVARD 1 — /L & #lARATe 2 & T,
ARIAMEOMEE X - 7=, FE RC B O MBS BT % %
BURBRTT VPR SN FER, 300 OFlfET — 25T
10000 @ MC R ERIZEOTRSMARELND Z LR E
-, 512, Grad-CAM 12 K » THIEMEDOE GRS,
ARD IZ L 5> T/T A =X DHFGENFEHTE  RBEET L
DWAMEZED Z LN TED Z EDRENT,

HiEE
AL IST AIZE RN T2 32 2 IPMIFR205T O X2 %
L OTYE. IR LTHEEARLET.

SE 3

1) R.R. Selvaraju, M. Cogswell, A. Das, R. Vedantam, D.
Parikh, D. Batra: Grad-CAM: Visual explanations from
deep networks via  Gradient-based  localization,
Proceedings of the IEEE International Conference on
Computer Vision, 2016: pp. 618-626.

2) A.G. Wilson, Z. Hu, R. Salakhutdinov, E.P. Xing: Deep
Kernel Learning, Proceedings of the 19th International
Conference on Artificial Intelligence and Statistics, PMLR,
Cadiz, Spain, 09--11 May 2016: pp. 370-378.

1.0
25001

Ei02000— o

g o

= 0.6-2

8 15001 E

wn 1 4‘-::

2 1000] I 048

o lA

&

& 5001 \ 02
0 . " 0.0

0 1 2 3

Eigen Period (sec)
Fig. 3 Contribution of seismic loads estimated by Grad-CAM
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Fig. 4 Contribution of each parameter estimated by ARD kernel
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