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Traditional methods for constructing surrogate models include the response surface method (Kasama 
et al. 2023), polynomial chaos expansion (Chehade et al. 2023), and Kriging method (Cabanzo et al, 
2023). For instance, Dadashzadeh et al. (2017) employed a response surface approach for reliability-
based slope stability analysis and reported a 72% improvement in efficiency compared to Monte Carlo 
simulation. Liao et al. (2025) extended traditional polynomial chaos expansion by integrating 
bootstrap resampling with an active learning algorithm to adaptively select informative samples for 
surrogate model training. Zhang and Dias (2024) developed an adaptive polynomial chaos Kriging 
metamodel for efficient probabilistic slope analysis under seismic conditions, accounting for 
parameter uncertainties. 

Traditional methods for constructing surrogate models are often limited by the curse of dimensionality 
and insufficient accuracy, and are primarily applicable to static elastoplastic analyses (Zhou et al. 
2021). Relatively few studies have focused on developing time-dependent surrogate models based on 
creep constitutive models (Zhuang et al. 2025). For reservoir bank slopes, water-rock interaction is a 
critical factor driving continuous deformation under the influence of reservoir impoundment. To 
address these gaps, this paper proposes a deep learning-based surrogate model for predicting time-
dependent deformation that accounts for water effects. First, numerical samples are generated using an 
elastic-viscoplastic creep model that incorporates the influence of water. Next, a surrogate model 
framework is constructed using a deep learning architecture combining multi-layer stacked GRUs and 
fully connected layers. Finally, the model is trained and its predictive performance is evaluated. 

2 Methodology 
2.1 Creep constitutive model considering water effects 
In this study, creep behavior is simulated using a creep damage model grounded in the 
thermodynamics of internal variables (Zhang et al. 2014). This model introduces an internal variable 
  to characterize the damage evolution resulting from microstructural changes during creep 
deformation. It effectively captures the three characteristic stages of slope creep: transitional creep, 
steady-state creep, and accelerated creep. The constitutive relationship is expressed as follows: 

e ve vp     ε ε ε ε  (1) 

:e  ε C  (2) 

ve A A  


         
  ε

σ σ
 (3) 

vp i i
i i

P P  


         
 ε

σ σ
 (4) 

where eε  is the elastic strain rate, veε  is the viscoelastic strain rate, vpε  is the viscoplastic strain rate, 
σ  is the stress tensor,C  denotes the fourth-order compliance tensor, ,  , and   are all internal 
variables, A  and iP  are functions of σ and  . 

To account for the influence of water storage process, the model incorporates two main mechanisms. 
First, based on measured water-level data, seepage pressure is dynamically updated at each calculation 
step to accurately reflect pore water pressure effects. Second, the soaking duration of the 
corresponding rock mass is recorded during the computation, enabling real-time updates of key 
mechanical parameters—such as the friction coefficient (f), cohesion (c), and elastic modulus (E)—at 
every calculation step according to the following formulas. 

( ) 1 f t
fD t f f e  

   （ ）  (5) 

( ) / 1 / f t
cD t f f e      

   （ ）  (6) 

( ) 1 E t
ED t E E e  

   （ ）  (7) 
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