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Abstract This paper presents a novel physics-constrained parallel network for nonlinear dynamical sys-
tem identification. The fundamental concept is to employ implicit governing equations to guide neural
network training, constraining the solution space and inducing interpretable models. Firstly, inspired by
sparse regression methods, a sparse regression layer equipped with a function library is developed to
characterize system nonlinearity. Secondly, a state-constrained parallel network architecture is construc-
ted to enforce derivative relationships among state variables, constraining the outputs of three parallel
subnetworks and reconstructing the full-state outputs under partially noisy state measurements. Finally,
the sparse regression network layer is integrated with the state-constrained parallel network to form the
physics-constrained parallel network, yielding full-state outputs and explicit closed-form dynamical for-
mulations simultaneously. An alternate optimization method is developed to optimize the sparse regres-

sion network layer and the state-constrained parallel network sequentially, enhancing optimization effi-

2024-12-26 W) 55 1 FR . 2025-01-26 W BME B
* B RS & T K9 B3R H (2021 YFB3400700) . [ R H S8 BL 24 3L 4 9 Bh 30 H (12422201, 12372017,12121002) , National Key Research
and Development Program of China (2021 YFB3400700), National Natural Science Foundation of China (12422201, 12372017, 12121002).
T EVE#H E-mail: ceming@sjtu. edu. cn



2 g h % 5 o OH ¥ M 2025 1F55 23 &

ciency. The term “physics-constrained” herein refers to the state dependency constraints and the residual
loss derived from the learned governing equation via the sparse regression layer. Through this strategy,
the proposed framework delivers a physically interpretable model for nonlinear dynamical systems from

partial noisy measurements. Numerical simulations and experimental studies demonstrate the effective-

ness, robustness, and applicability.
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Table 1 Hyperparameters of PCPNs
Hyperparameters Value
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Table 2 Identification results of the first degree of freedom
parameters in the 20 dB noise scenario
Coefficient Method Value Error( %)
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Table 3 Identification results of the second degree of
freedom parameters in the 20 dB noise scenario
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Table 4 Identification results of the breathing beam

Crack depth /k ¢ X10%/ ky, X 10"/
m
/mm o Neym (N/m)
0 0.7330 2.4189 4.7748 1. 0000
1 0.7196 2.5082 4.4153 0.9047
2 0.7323 2.5640 3.9780 0. 7504
(a) Measured — = Predicted = ==== Error
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Fig.5 Predicted displacement and acceleration responses of
the cantilever beam with a 1 mm crack: (a) Displacement;
(b) Acceleration
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Fig. 6 The time-domain waveforms of the predicted response

and the measured response
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