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Phy-LInformers approach toward structural seismic response prediction
GUO Maozu'?, ZHANG Xinxin'?, ZHAO Lingling’, ZHANG Qingyu'”

(1. School of Electrical and Information Engineering, Beijing University of Civil Engineering and Architecture, Beijing 100044,
China; 2. Beijing Key Laboratory of Intelligent Processing for Building Big Data, Beijing University of Civil Engineering and Archi-
tecture, Beijing 100044, China; 3. Faculty of Computing, Harbin Institute of Technology, Harbin 150001, China)

Abstract: In order to accurately assess the dynamic and ductile properties of building structures under seismic action
and to promote the construction of resilient cities and towns, in this study, we introduce a novel deep learning frame-
work denoted as Phy-LInformers, which integrates long short-term memory (LSTM), Transformer-based model Inform-
er, and prior physical knowledge to achieve precise prediction of nonlinear seismic responses in building structures. The
central concept of Phy-LInformers lies in fusing the Encoder and Decoder architectures of Informer, while integrating
LSTM within the Decoder component to forecast preceding historical states of the building. Meanwhile, the learning
space of the Phy-LInformers’ training process is instructed and constrained by encoding existing physical knowledge
(e.g., state dependencies between predictor variables and motion control equations, etc.) into the loss function. And at
the same time, the prediction performance of the deep learning model is improved with limited training data. Sub-
sequently, the satisfactory performance of the proposed framework is successfully demonstrated through two illustrative
examples. The results demonstrate that the proposed Phy-LInformers is a nonlinear seismic response prediction method
with better robustness and superior prediction performance, which can still accurately predict the dynamic response of a
structure under seismic excitation even with very few training samples (e.g., only 10 samples). This feature makes Phy-
LInformers feasible for engineering practice and shows promising application prospects in the field of seismic perform-
ance evaluation of building structures.

Keywords: seismic response prediction; physical knowledge; physics-informed deep learning; time series forecasting;
few shot learning; Informer; long short-term memory; Phy-LInformers
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of the Data_Num dataset
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Table2 MSE, MAE, RMSE results of the Data_Num

MSE MAE RMSE
2%
X X X X X X X X X
PhyCNN 0.0011 0.0284 — 0.0143 0.0697 — 0.0326 0.1685 —
Phy-LInformers 0.0006 0.0110 0.5720 0.0123 0.0383 0.3201 0.0248 0.1049 0.7563
% 3 Data Num HIBEEARERFXEMN CLEAR
Table3 Confidence level with different confidence intervals of the Data Num %
EE X 10% EAH X 5%
] £
X X X X X X
PhyCNN 84.98 93.07 — 52.81 63.62 —
Phy-LInformers 94.33 99.73 100 65.93 85.68 100
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Fig. 5 Regression analysis results of the speed dimension
of the Data_BoucWen dataset
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Table4 MSE, MAE, RMSE results of the Data_BoucWen

MSE MAE RMSE
BES
X x X X X X X X
PhyLSTM2 0.0062 0.0037 0.0173 0.0566 0.0452 0.0985 0.0785 0.0611 0.1314
Phy-LInformers 0.0071 0.0003 0.0128 0.0631 0.0115 0.0800 0.0845 0.0168 0.1131
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Table S Confidence level (prediction accuracy) with different confidence intervals for the Data BoucWen %
B E X 10% B F X 5%
w2
X X X X X P
PhyLSTM’ 40.27 93.92 100 20.83 65.15 99.89
Phy-LInformers 37.18 100 100 19.06 99.94 99.99
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sions of the Data_BoucWen dataset
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Table 6 Confidence level results of ablation experiments on Data_Num

x_BEXEE10%/x_EEXAES% 1 EfEXAE10%/ 5 EEXAE% 5 EEXIEE10%/ 5 B5{EXEE5%

Lseq  Liabel Phy- Phy- Phy-

LInformers Linformer LInformers Linformer LInformers Linformer

1 90.63/59.81 88.77/57.28 99.58/84.79 99.49/83.88 99.95/91.71 99.94/91.42

3 2 91.99/61.85 88.75/57.25 99.60/84.98 99.55/84.41 99.97/92.66 99.95/91.93
3 94.33/65.93 92.00/61.86 99.73/85.68 99.67/85.57 100.0/100.0 99.98/94.09

6 94.22/65.72 92.64/62.90 99.37/82.84 99.60/84.98 99.97/93.00 99.98/93.97

1 94.56/66.39 90.45/59.54 98.84/79.32 98.20/76.31 99.98/93.66 99.95/91.98

6 3 96.63/71.17 92.16/62.11 98.84/79.30 98.65/78.33 99.98/93.90 99.97/92.64
6 97.36/73.31 93.68/64.71 98.99/80.18 98.85/79.37 99.96/92.50 99.93/92.39

9 97.14/72.61 92.56/62.77 98.83/79.23 98.65/79.35 99.94/91.52 99.92/91.28

1 96.30/70.29 90.46/59.56 98.49/77.56 97.21/72.84 99.97/93.06 99.95/91.98

9 3 97.64/74.23 94.73/66.74 98.80/79.08 98.58/77.99 99.97/92.97 99.97/91.86
6 97.67/74.32 92.69/62.98 98.68/78.45 98.3476.90 99.95/91.75 99.95/91.95

12 95.32/67.98 90.93/60.23 97.90/75.14 97.60/74.10 99.82/88.20 99.81/87.87

1 93.32/64.06 83.78/51.54 97.21/72.84 94.05/65.40 99.04/80.45 98.53/77.73
94.38/66.19 85.93/53.96 97.59/74.47 95.02/67.30 99.18/81.50 98.72/78.86

36 6 95.22/67.77 86.76/54.82 97.72/74.50 95.92/69.37 99.17/81.29 98.93/79.80
18 89.42/58.13 80.64/48.43 94.27/65.81 91.50/61.09 98.41/77.19 97.56/73.94

39 79.30/47.19 73.15/41.99 87.09/55.21 84.99/52.83 96.13/69.88 95.56/68.52

1 83.97/51.73 77.62/45.70 90.39/59.46 87.28/55.43 96.35/70.42 95.73/68.91

3 86.94/54.94 81.55/49.18 93.09/63.76 90.80/60.10 97.00/72.13 96.84/71.50

108 6 87.72/55.96 82.24/49.98 92.96/63.44 91.93/61.74 97.54/73.90 97.35/73.28
54 79.45/47.33 74.17/42.81 86.79/54.05 86.09/54.85 94.74/66.74 94.67/66.61

111 74.07/42.73 73.79/42.50 85.10/50.24 80.50/52.94 93.49/62.13 92.17/61.36

% 7 Data BoucWen £ IEEREMII CLER

Table 7 Confidence level results of ablation experiments on Data_BoucWen

x EEXAE10%/x BEIX 5% & BEXEE10%/ ¢ FEXAES% ¢ EEXKIAE10%/ 5 BEIX E+5%

Lseq L - - -

Lo LInllzcl)lr);ners Linformer LInllzcl)lr);ners Linformer LInllz(})lr);ners Linformer

1 37.15/19.04 37.08/19.02 100.0/99.90 100.0/97.60 100.0/99.94 99.27/82.00

3 2 37.16/10.04 37.12/19.03 100.00/99.89 99.98/94.07 100.0/99.99 99.94/91.39
3 37.18/19.06 37.13/19.03 100.0/99.94 99.99/94.92 100.0/99.99 99.88/89.50

6 37.26/19.10 37.20/19.08 100.0/99.98 99.97/96.89 100.0/99.99 99.70/86.21

1 37.17/19.06 36.84/18.95 100.0/99.73 99.81/87.92 100.0/99.83 92.39/62.48

3 37.24/19.09 37.05/18.99 100.0/99.56 98.43/77.28 100.0/99.79 92.15/62.11

6 6 37.31/19.13 37.13/19.03 100.0/99.81 99.12/80.96 100.0/99.80 91.23/60.68
9 37.37/19.16 37.05/18.99 100.0/99.67 99.00/80.22 100.0/99.80 89.69/58.50




1038 * B R & ¥ %19 4%
HgR7
x EEXEE10%/x BISXEE5% 1 B{ERKIEE10%/x BEXIEE% ¢ 05X IEE10%/ 5 B X IE+5%
Leeq L Phy- Phy- Phy-
sed Habel Y LInformer Y LInformer Y LInformer
nrormers nirormers nirormers
LInf LInf Linf
1 37.24/19.10 36.70/18.87 100.0/98.84 95.99/69.52 100.0/99.68 85.70/53.61
. 3 37.28/19.11 36.96/18.94 100.0/98.99 92.82/63.19 100.0/99.88 85.42/53.29
6 37.35/19.15 37.08/19.01 100.0/99.44 93.95/65.21 100.0/99.86 84.72/52.53
12 37.47/19.22 36.77/18.91 99.73/86.61 73.57/42.33 100.0/98.02 82.54/50.28
1 37.30/19.13 36.01/18.49 99.54/84.31 69.62/39.68 99.99/94.47 70.56/39.99
37.41/19.19 36.05/18.51 99.91/90.54 70.13/39.28 100.0/96.71 70.30/39.80
36 6 37.41/19.19 35.81/18.39 99.65/85.56 68.23/38.26 99.99/95.31 69.80/39.42
18 36.87/18.96 35.16/18.04 90.08/59.02 61.52/33.61 97.17/72.72 66.34/36.91
39 36.40/18.71 34.36/17.60 63.18/34.72 51.48/27.29 69.38/39.11 55.20/29.56
1 33.66/17.22 35.39/18.16 86.49/54.51 58.92/31.91 94.37/66.00 62.43/34.22
37.19/19.05 35.69/18.33 91.44/61.02 62.20/34.07 97.46/73.63 64.90/35.96
108 6 37.41/10.19 35.45/18.19 93.62/64.60 62.68/34.39 98.31/76.77 64.89/35.89
54 36.47/18.74 34.25/17.54 58.77/31.81 50.42/26.66 64.88/35.89 53.29/28.39
111 36.10/18.55 34.85/17.87 56.10/30.12 48.38/25.45 61.33/33.49 50.40/26.65
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