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Key Points: 

⚫ A physics-informed LSTM is proposed for forecasting laboratory fault shear stress. 

⚫ Embedded elastic coupling constraints suppress non-physical forecasts and reduce uncertainty. 

⚫ The elastic coupling constraint boosts forecasting accuracy under data-scarce conditions. 

  

Abstract: Reliable forecasting of fault shear stress evolution is critical for understanding fault 

instability and mitigating seismic hazards. However, most laboratory earthquake studies focus on 

inferring current fault states rather than forecasting future shear stress evolution. We propose a 

novel physics-informed long short-term memory (PI-LSTM) network for fault shear stress 

forecasting in laboratory seismic cycles. It takes ultrasonic wave speed and spectral amplitude 

from acoustic emission monitoring as inputs and embeds the elastic coupling relationship between 

the fault and the host rock into the LSTM framework to ensure mechanical consistency. We 

compare the PI-LSTM with a purely data-driven LSTM using double-direct-shear experimental 

data under four training data ratios (70%, 50%, 30%, and 10%) and quantify forecasting 
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uncertainty via Monte Carlo Dropout. Results show that the PI-LSTM performs comparably in 

data-rich scenarios but significantly outperforms the baseline under data-limited conditions. The 

physical constraint effectively shrinks the solution space, suppresses non-physical predictions, and 

reduces uncertainty, as reflected by narrower 95% confidence intervals (CIs) and lower differential 

entropy; empirical coverage analysis further confirms the improved reliability of the physically 

constrained forecasts. Overall, this work transforms a black-box model into a physically 

interpretable forecaster and offers a promising pathway toward transferring lab-trained models to 

natural fault settings where observational data are scarce. 

 

Keywords: laboratory fault-state forecasting; physics-informed neural network; uncertainty 

quantification 

 

 

1. Introduction 

Reliable forecasting of fault instability remains a grand scientific challenge with profound 

societal implications, as destructive earthquakes pose persistent threats to communities and critical 

infrastructure worldwide (Beroza et al., 2021; Allen and Stogaitis, 2022). Despite decades of 

research, short-term earthquake forecasting in nature remains elusive, largely owing to the 

inaccessibility of deep seismogenic fault zones, scarce in situ observations, and long recurrence 

intervals of tectonic earthquakes spanning decades to centuries (Rouet-Leduc et al., 2019; 

Pritchard et al., 2020; Wang K et al., 2021). Laboratory earthquake experiments, which simulate 

frictional stick-slip failure under controlled conditions, provide invaluable approaches for 

unraveling the physical mechanisms of fault instability and validating predictive models (Marone, 

1998; Bolton et al., 2020; Dong P et al., 2022, 2023; Huang et al., 2026). These experiments 

reproduce the seismic cycle, capture variations in elastic properties and precursory signals, and 

enable systematic testing of forecasting approaches under well-constrained mechanical conditions 

(Scholz, 1968; Shreedharan et al., 2021; Yamashita et al., 2021). 
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In recent years, machine learning (ML) and deep learning (DL) have revolutionized 

laboratory earthquake prediction by leveraging acoustic emission (AE) signals and seismicity 

catalogs to infer fault states (Rouet-Leduc et al., 2017, 2018; Lubbers et al., 2018; Corbi et al., 

2019; Hulbert et al., 2020; Shokouhi et al., 2021; Laurenti et al., 2022; Borate et al., 2023; 

Karimpouli et al., 2023; Liu JH et al., 2026). Data-driven models, including random forests, 

convolutional neural networks (CNNs), long short-term memory (LSTM) networks, and temporal 

convolutional networks (TCNs), have achieved high accuracy in estimating time-to-failure (TTF), 

instantaneous shear stress, and fault friction (Johnson et al., 2021; Norisugi et al., 2025; Wang CL 

et al., 2025). These advances confirm that precursory signals encoded in fault-zone geophysical 

observations carry critical information about impending slip failure. 

However, critical limitations persist in current laboratory earthquake prediction research. First, 

the vast majority of studies focus on inferring the remaining time to the next failure event (TTF) 

or estimating instantaneous fault stress at the current time step, rather than forecasting the 

evolution of shear stress into the future (Rouet-Leduc et al., 2017; Jasperson et al., 2021; Laurenti 

et al., 2022). Forecasting stress evolution is essential to characterize the preparatory phase of fault 

instability and to quantify the timing and magnitude of impending slip, yet this capability remains 

underdeveloped. Second, purely data-driven models rely heavily on large volumes of training data, 

which are impractical to obtain for natural faults; under small-sample conditions, these models 

suffer from poor generalization and produce physically inconsistent predictions that violate 

fundamental fault mechanics (Borate et al., 2023; Wang CL et al., 2025). Third, few studies 

quantify the uncertainty of forecasting outputs, leaving the reliability of predictive results 

unassessed. 

Physics-informed neural networks (PINNs) offer a transformative solution to these 

limitations by embedding physical laws into the loss function of DL models, ensuring that 

predictions adhere to mechanical consistency while reducing dependence on labeled data (Raissi 

et al., 2019; Karniadakis et al., 2021; Borate et al., 2023). Recent applications of PINNs to 

laboratory earthquakes have improved prediction accuracy and transferability under data-scarce 
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conditions, but existing PINN frameworks focus on inferring the remaining time from the current 

moment to the next slip instability, lacking the ability to continuously predict the evolution of 

future fault stress states (Borate et al., 2023). To date, no study has developed a physics-informed 

LSTM (PI-LSTM) tailored for forecasting fault shear stress while simultaneously quantifying 

forecasting uncertainty. 

Here, we present a novel PI-LSTM model for forecasting the evolution of fault shear stress 

during laboratory seismic cycles. The model takes AE wave speed and spectral amplitude as inputs 

and integrates the elastic coupling relationship between the fault and surrounding host rock as a 

strict physical constraint within the LSTM-based (Hochreiter and Schmidhuber, 1997) forecasting 

framework. This design ensures physically consistent forecasting of future stress states while 

retaining the strong sequential modeling capability of LSTM. We systematically compare the 

forecasting performance and generalization ability of the PI-LSTM against a purely data-driven 

LSTM under both data-rich and data-limited conditions. We further conduct a quantitative 

uncertainty analysis to demonstrate that embedding physical constraints effectively reduces 

forecasting uncertainty and enhances prediction reliability. 

 

2. Data and Method 

2.1 Double-direct-shear (DDS) experiments 

This study uses the publicly available laboratory friction dataset from double-direct-shear 

(DDS) experiments (Borate et al., 2023), which provides synchronized mechanical and ultrasonic 

measurements across regular and irregular stick-slip cycles, making it ideal for validating the 

PI-LSTM forecasting model. The DDS experiment (p5270) employs three blocks of Westerly 

granite to form two parallel fault surfaces, each with an area of 5 × 5 cm². Fine quartz powder with 

a layer thickness < 200 μm is uniformly distributed on the fault surfaces to simulate natural fault 

gouge. A constant normal stress of 10 MPa is applied, and shear loading is imposed at a steady rate 

of 8.9 μm/s. 

Mechanical signals, including shear stress, normal stress, fault displacement, and slip rate, 

are recorded continuously at 10 kHz during the experiments. Concurrently, active-source 
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ultrasonic monitoring is performed using a pair of 500 kHz P-wave piezoelectric transducers; 

ultrasonic pulses are transmitted every 1 ms, and full waveforms are sampled at 25 MHz. Two key 

ultrasonic features are extracted from the raw waveforms using established processing workflows: 

(1) wave speed (𝑣𝑖), derived by cross-correlating each waveform with a reference signal to quantify 

time-of-flight variations; and (2) spectral amplitude (𝐴𝑖), calculated as the Fourier-transformed 

amplitude at 400 kHz (near the transducer center frequency) within a fixed time window. These 

ultrasonic features, paired with the mechanical measurements (Figure 1), form a high-quality 

multivariate time-series dataset covering hundreds of stick-slip cycles, including both regular and 

irregular fault slip behaviors. 

 

 

Figure 1. Double-direct-shear (DDS) loading configuration. Input features: (a) ultrasonic wave speed (𝑣𝑖) and 

(b) spectral amplitude (𝐴𝑖) extracted from active-source ultrasonic monitoring. The corresponding mechanical 

measurements, including slip rate (c) and shear stress (d), are from experiment p5270. 

 

2.2 Data preprocessing 

To systematically evaluate model performance, the dataset is first divided into training, 

validation, and test sets with fixed validation (10%) and test (20%) ratios, while the training set 

size is varied across four levels: 70%, 50%, 30%, and 10% of the total data (Figure 2). A 
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sliding-window strategy is then employed to transform the continuous frictional time series into 

labeled samples for supervised learning. A historical observation window of 3 s and a forecasting 

horizon of 3 s are specified, enabling the model to take the preceding 3 s of ultrasonic features as 

input to forecast the subsequent 3-s sequences of shear stress (and slip rate for the PI-LSTM model). 

The 3-s window length is selected because it approximately matches the average duration of a 

single seismic cycle in the dataset, corresponding to 300 time steps after resampling the original 

data. The window advances by one time step per iteration; this overlapping windowing scheme 

augments the dataset size while preserving the inherent temporal dependencies of fault dynamic 

behavior. Min-max normalization is applied to the input to standardize the data range to [0, 1]. To 

avoid data leakage, the normalization scaling parameters (minimum and maximum values) are 

computed exclusively on the training set, and the same parameters are used to scale the validation 

and test sets. 
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Figure 2. Different data partitioning strategies for the shear stress. (a) 70% training–10% validation–20% test 

split. (b–d) Custom partitioning schemes with varying proportions of unused raw data. Blue: training set; green: 

validation set; red: test set; black: unused data. 

 

2.3 Data-driven baseline model 

An LSTM network is constructed as the baseline data-driven model for shear stress 

forecasting (Figure 3), optimized to capture long-range temporal dependencies in the ultrasonic 

feature sequences. The model architecture comprises a unidirectional LSTM encoder and a 

multi-layer fully connected (FC) regression head, designed for end-to-end mapping from historical 

ultrasonic observations to future shear stress evolution. 

The LSTM encoder is configured with 64 hidden units to extract high-dimensional temporal 

representations from the input sequential features. The hidden state vector at the final time step of 

the LSTM output is selected as the global temporal feature, summarizing the integrated dynamic 

state of the fault within the 300-step observation window. A dropout layer is appended after the 

LSTM module to mitigate overfitting and enhance model generalization. The regression head 

consists of two FC layers with ReLU activation functions, which compress the feature dimensions 

sequentially from 64 to 32 and then to 16, reducing parameter complexity while preserving 

nonlinear dynamic information. A final linear output layer generates the forecasted shear stress 

values for the 300-step forecasting horizon. 

For model training, the mean squared error (MSE) is used as the loss function to quantify the 

discrepancy between forecasted and true shear stress. The model is optimized with the Adam 

optimizer (initial learning rate = 1×10⁻³) and L2 regularization (weight decay = 1×10⁻⁴) to suppress 

overfitting. An early stopping strategy (patience = 20 epochs) is implemented: training terminates 

if the validation loss does not improve for 20 consecutive epochs, and the model weights with the 

minimum validation loss are saved for testing. 

 

2.4 Physics-informed LSTM (PI-LSTM) model 
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The PI-LSTM model shares an identical network architecture, hyperparameters, and training 

configuration with the data-driven baseline, with two critical extensions: an additional slip-rate 

forecasting branch and a differentiable physical constraint module that enforces fault mechanical 

consistency (Figure 3). The slip-rate forecasting branch is explicitly added to compute the physical 

residual term, linking the model outputs to the underlying fault physics. 

The physical constraint embedded in the model is the elastic coupling relationship between 

the fault and surrounding host rock, derived from a single-degree-of-freedom spring-slider system 

abstraction of the DDS experimental setup. The governing equation for friction coefficient (𝜇) 

evolution is defined as: 

𝑑𝜇

𝑑𝑡
=

𝑑

𝑑𝑡
(

𝜏𝑖

𝜎
) =

𝑘

𝜎
(𝑉𝑙 − 𝑉𝑖) (1) 

where 𝜇 =
𝜏𝑖

𝜎
 is the friction coefficient, 𝑘 is the total system stiffness, 𝜏𝑖 is the shear stress, 𝑉𝑖 is 

the predicted slip rate, and 𝜎 (normal stress) and 𝑉𝑙 (loading velocity) are known experimental 

constants. 

A differentiable gradient operator module is designed to impose this physical constraint. 

Taking the forecasted shear stress ( 𝜏𝑖̂  ) and slip rate ( 𝑉𝑖̂ ) sequences as inputs, the module 

approximates the temporal derivative via backward difference. The physical parameters 𝜎, 𝑉𝑙, and 

𝑘 are treated as trainable parameters, with a Softplus activation function applied to ensure non-

negativity and avoid physically invalid values. The physical residual loss  (Lphy) is computed as 

the MSE of the deviation from the elastic coupling law: 

𝐿phy =
1

𝑁
∑ [

d

d𝑡
(

𝜏𝑖̂

σ
) −

𝑘

𝜎
(𝑉l − 𝑉𝑖̂)]

2𝑁

i=1

 (2) 

where N is the number of time steps in the sequence. 

The total loss function of the PI-LSTM model is a weighted combination of three MSE-based 

loss components: shear stress forecast loss (Lss), slip rate forecast loss (Lv), and physical residual 

loss (Lphy): 

Ltotal = λs𝑠Lss + λvLv + λphyLphy (3) 
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where λs𝑠 , 𝜆𝑣  and λphy are weighting coefficients for the shear stress, slip rate and physical 

residual losses, respectively. All other training settings (optimizer, learning rate, batch size, early 

stopping) are identical to the data-driven model to ensure a fair comparison. 

 

Figure 3. Schematic of the data-driven LSTM model and the PI-LSTM model with embedded physical 

constraints. The data-driven model uses an LSTM encoder and fully connected (FC) layers for shear stress 

forecasting; the PI-LSTM model adds a slip-rate forecasting branch and a physical loss term to enforce elastic 

coupling between the fault and host rock. 

 

2.5 Monte Carlo Dropout Uncertainty Analysis 

Monte Carlo Dropout is employed to quantify the epistemic uncertainty of the data-driven 

and PI-LSTM models in shear stress forecasting. This Bayesian approximation method keeps 

dropout layers active during inference, generating a set of stochastic forecasts via repeated forward 

passes to approximate sampling from the model’s posterior predictive distribution. 
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For a given input historical sequence 𝑋, the model performs 𝑇 stochastic forward passes to 

obtain a set of forecasted shear stress samples 𝜏1̂, 𝜏2̂, … , 𝜏𝑇̂ . The forecasted mean (𝜇(𝑋)) and 

variance (𝜎2(𝑋)) of the shear stress are calculated as: 

𝜇(𝑋) =
1

𝑇
∑ 𝜏𝑡̂

𝑇

𝑡=1

 (4) 

 

𝜎2(𝑋) =
1

𝑇 − 1
∑(𝜏𝑡̂ − 𝜇(𝑋))

2
𝑇

𝑡=1

 (5) 

where 𝜇(𝑋) is the expected model forecast, and 𝜎2(𝑋) measures the dispersion of forecasts, 

quantifying the model’s epistemic uncertainty. 

To prevent model overfitting and enable Bayesian approximate inference via Monte Carlo 

Dropout, we place a Dropout layer with a dropout rate of 0.2 after the LSTM encoder. The Dropout 

layer remains activated during model inference, and the predictive mean and variance are obtained 

through multiple stochastic forward passes. 

Taking both computational efficiency and estimation stability into account, we adopt 𝑇 = 200 

stochastic samples to compute the predictive mean, predictive variance, differential entropy, and 

95% confidence interval. Sensitivity analysis (Figure 4) shows that both the differential entropy 

and the width of the 95% confidence interval have essentially converged when 𝑇 reaches 200. 

Further increasing 𝑇 exerts a negligible effect on the uncertainty estimation results, so 𝑇 = 200 

strikes a favorable balance between computational cost and estimation accuracy. 
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Figure 4. Variation of differential entropy and 95% CI width with 𝑇 for the PI‑LSTM model (10% 

training data). 

Under a Gaussian approximation of the forecasting distribution, a 95% confidence interval 

(CI) is constructed to visualize the reliable forecast range: 

95% CI = [𝜇(𝑋) − 1.96𝜎(𝑋), 𝜇(𝑋) + 1.96𝜎(𝑋)] (6) 

where 𝜇(𝑋)  and 𝜎(𝑋)  represent the predictive mean and predictive standard deviation 

estimated from multiple stochastic forward passes using Monte Carlo Dropout, respectively. The 

coefficient 1.96 corresponds to the critical value of the standard normal distribution for a two‑sided 

95% confidence interval. Under the assumption that the predictive distribution is approximately 

Gaussian, the 95% confidence interval is computed as 𝜇(𝑋) ± 1.96𝜎(𝑋). 

To fully characterize uncertainty, two metrics are computed: the width of the 95% CI and 

differential entropy. The correlation between these uncertainty metrics and the 𝑅2 score 

(forecasting accuracy) is analyzed to validate the reliability of uncertainty estimates. A negative 

correlation between uncertainty and accuracy confirms that MC Dropout effectively identifies low-

confidence forecast regions, providing a quantitative basis for fault slip risk assessment and model 

reliability analysis.  

 

3. Results 

3.1 Forecasting Performance of Data-Driven and PI-LSTM Models 

We evaluate the forecasting performance of the data-driven LSTM baseline and the PI-LSTM 

using active-source ultrasonic monitoring signal features (wave speed 𝑣𝑖  and spectral 

amplitude 𝐴𝑖) as inputs to forecast the future evolution of shear stress 𝜏𝑖. For the PI-LSTM, slip 

rate 𝑉𝑖 is additionally forecasted to enforce the elastic coupling constraint between the fault and 

host rock. Model performance is quantified using the coefficient of determination ( 𝑅2 ) and 

root-mean-square error (RMSE) across training, validation, and test sets, with four training data 

fractions (70%, 50%, 30%, 10%) to mimic data-limited scenarios relevant to field geophysical 

monitoring. 



 

12 

 

A
c
c
e
p
te

d
 A

rt
ic

le
  

When training data are abundant (≥30% of the full dataset), the data-driven and PI-LSTM 

models yield near-identical RMSE values (Table 1). This similarity arises because, with sufficient 

training data, data-driven models can fully capture the complex statistical relationship between AE 

signals and shear stress, so the additional introduction of physical constraints yields only marginal 

benefits. Conversely, since the PI-LSTM model optimizes both prediction error and physical 

consistency simultaneously, its optimization objective is no longer solely to minimize prediction 

error but to strike a trade-off between prediction accuracy and physical consistency. 

As a result, the degrees of freedom of the model are constrained to some extent, leading to a 

slight increase in RMSE and a decrease in 𝑅2  under the 50% training data condition. This 

phenomenon indicates that physical constraints essentially act as a form of physical regularization, 

which narrows the feasible solution space by introducing inductive bias. When data are abundant, 

such additional constraints may slightly limit the model's capacity to fit the complex experimental 

dynamics; by contrast, under data-scarce conditions, they can effectively mitigate overfitting and 

improve generalization. Furthermore, the elastic coupling relationship adopted in this study is 

derived from a simplified single-degree-of-freedom spring-slider model, which cannot fully 

describe complex physical processes such as grain rearrangement, local stress heterogeneity, and 

fault gouge evolution. For this reason, this approximate physical constraint may introduce minor 

bias when data are sufficient. 

However, as the training data fraction drops to 30% and below, a pronounced performance 

gap emerges: the PI-LSTM maintains high 𝑅2 and low RMSE on the test set, while the data-driven 

model suffers severe degradation in generalization (Figure 5, Table 1). At 10% training data, the 

PI-LSTM reduces test RMSE by 20.6% and increases 𝑅2 by 11.9% relative to the data-driven 

model, demonstrating the critical role of physical constraints in small-sample learning. 
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Figure 5. Performance of data-driven and PI-LSTM models across different training data fractions. 𝑅2 scores 

for (a) training, (b) validation, and (c) test sets are shown for training data fractions of 70%, 50%, 30%, and 10%. 

Error bars denote one standard error across three random initializations. 

 

Model Data Split (train-val-test) 

RMSE 

Data-

Driven 
PI-LSTM 

1 70%-10%-20% 0.11741 0.11352 

2 50%-10%-20% 0.11129 0.11375 

3 30%-10%-20% 0.12447 0.11776 

4 10%-10%-20% 0.15981 0.12686 

 

Table 1 RMSE of data-driven and PI-LSTM models for different train-validation-test splits. All values are 

computed on normalized shear stress data for the test set. 

 

This performance divergence stems from the physical regularization imposed by the 

fault-host rock elastic coupling equation, which restricts the model's output to physically consistent 

trajectories of friction coefficient, shear stress, and slip rate, shrinking the feasible solution space 

and suppressing non-physical predictions. Scatter density plots of predicted vs. true shear stress 

(Figure 6) confirm this effect: at 10% training data, the data-driven model produces widely 
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scattered predictions that deviate sharply from the 1:1 line, while the PI-LSTM retains tight 

clustering around the perfect prediction line. Figure 7 further reveals that the PI-LSTM accurately 

tracks transient, abrupt stress drops during stick-slip events—regions where the data-driven model 

exhibits instability. The narrower error bars of the PI-LSTM in Figure 7 also indicate improved 

forecasting stability. Collectively, these results show that embedding frictional physics into the 

loss function transforms the LSTM from a purely statistical fitter to a physically consistent 

forecaster when observational data are scarce. 

 

Figure 6. Scatter density plots of predicted vs. true shear stress at 10% training data. Data-driven model 

predictions on (a) training, (b) validation, and (c) test sets; PI-LSTM predictions on (d) training, (e) validation, 

and (f) test sets. 
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Figure 7. Shear stress forecasts for representative test samples. Forecasting results for data-driven and PI-LSTM 

models with 10% training data (a–c) and 30% training data (d–f). Black lines represent ground truth, while 

colored lines indicate model forecasts. 

 

3.2 Uncertainty Analysis via Monte Carlo Dropout 

We quantify the epistemic uncertainty of shear stress forecasts using Monte Carlo Dropout 

(MC Dropout) (Gal and Ghahramani, 2016), which approximates Bayesian inference by enabling 

dropout layers during inference to sample from the model's posterior predictive distribution. This 

analysis characterizes prediction reliability and links uncertainty to physical consistency. We 

evaluate uncertainty using two metrics: differential entropy (a measure of distribution spread) and 

the width of the 95% confidence interval (CI), and we validate their correlation with forecasting 

accuracy (𝑅2). 

For the PI-LSTM at 10% training data, differential entropy and 95% CI width both show 

significant negative correlations with 𝑅2 (Figure 8), with correlation coefficients of −0.3469 and 

−0.2974, respectively. This confirms that higher uncertainty (larger entropy, wider CI) corresponds 

to lower prediction accuracy, validating that MC Dropout reliably identifies low-confidence 

forecasts. A direct comparison of uncertainty distributions for test data (Figure 9) reveals that the 

PI-LSTM yields a lower mean differential entropy (−2.4061 vs. −2.3398) and narrower mean 95% 
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CI width (0.0921 vs. 0.0970) than the data-driven model, indicating tighter, more reliable forecast 

distributions. Figure 10 illustrates the forecasted shear stress for the test data at different time 

windows, showing that the PI-LSTM maintains narrower, well-constrained 95% CIs across entire 

stick-slip cycles compared with the data-driven approach. The reduction in uncertainty from the 

PI-LSTM arises directly from the physical constraint, which prunes unphysical solutions and 

stabilizes the model's parameter space. In the data-driven model, sparse training data allows the 

network to explore implausible stress-slip trajectories, increasing distribution variance; in contrast, 

the elastic coupling constraint forces the model to adhere to the fundamental dynamics of fault 

friction, concentrating forecasts around physically meaningful trajectories.  

 

 

 

Figure 8. Validation of MC Dropout-derived uncertainty estimates for the PI-LSTM at 10% training data. (a) 

Correlation between sample-wise differential entropy and 𝑅2 ; (b) correlation between sample-wise 95% CI 

width and 𝑅2. 
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Figure 9. Uncertainty distributions at 10% training data. (a–b) Differential entropy and 95% CI width for the 

data-driven model; (c–d) differential entropy and 95% CI width for the PI-LSTM. Mean values are annotated 

for each distribution. 

 

Figure 10. Uncertainty bounds for shear stress forecasts at 10% training data. (a–c) PI-LSTM forecasts with 

mean (green line) and 95% CI (green shaded area); (d–f) data-driven model forecasts with mean (blue line) and 

95% CI (blue shaded area). Black lines represent ground truth. 
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To further evaluate the calibration performance of Monte Carlo Dropout-based uncertainty 

estimation, we introduce the Empirical Coverage Rate (ECR) and the Average 95% Confidence 

Interval Width as evaluation metrics. The empirical coverage rate refers to the proportion of true 

values in the test set that fall within the predicted 95% confidence interval and is used to measure 

the calibration performance of prediction intervals; the average 95% confidence interval width is 

adopted to assess the sharpness of prediction intervals. 

Figure 11 presents the calibration results of the two models under different training data 

fractions. The empirical coverage rates of both models are lower than the theoretical nominal level 

of 95%, indicating that the prediction intervals constructed via Monte Carlo Dropout still exhibit 

a certain degree of under-calibration. However, under the same training data conditions, the 

PI-LSTM consistently achieves higher empirical coverage rates: it increases from 0.610 to 0.718 

(a 17.7% improvement) with 10% training data, and rises from 0.782 to 0.825 with 30% training 

data, demonstrating that physical constraints can improve the ability of prediction intervals to 

cover true values. 

Meanwhile, the PI-LSTM yields narrower prediction intervals. Its average 95% confidence 

interval width decreases from 0.064 to 0.051 under the 10% training data condition, and drops 

from 0.050 to 0.043 under the 30% training data condition. This indicates that the PI-LSTM can 

maintain higher prediction sharpness while improving coverage, achieving a better balance 

between forecast calibration and sharpness. Overall, although the 95% confidence intervals 

obtained via MC Dropout have not yet reached the theoretical nominal coverage, the PI-LSTM 

can provide more reliable uncertainty estimation with higher empirical coverage and narrower 

prediction intervals, further verifying the positive effect of physical constraints on enhancing 

prediction credibility and stability. 
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Figure 11. Empirical coverage rate and average interval width from uncertainty analysis for the PI-LSTM and 

data-driven models under 10% and 30% training data conditions. (a) Empirical coverage rate of the PI-LSTM; 

(b) empirical coverage rate of the data-driven model; (c) average 95% confidence interval width of the PI-LSTM; 

(d) average 95% confidence interval width of the data-driven model. 
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4. Discussion 

Our work has important implications for scaling laboratory-derived machine learning models 

to natural tectonic faults. Natural earthquakes suffer from extreme data scarcity, with recurrence 

intervals of decades to centuries and limited direct observations, as current geophysical and 

geodetic methods remain constrained in their ability to precisely resolve in-situ fault stress and 

slip deficits. The PI-LSTM's strong small-sample performance and uncertainty quantification 

provide a pathway to transfer lab-trained models to field data via transfer learning, by fine-tuning 

physically constrained models on limited field observations. 

This lab-to-field upscaling offers two potential applications. First, by embedding physical 

laws into the network, our framework can further constrain rate-and-state friction (RSF) laws and 

alternative slip laws from sparse data. Because these empirical models are fundamental to 

simulating earthquake cycles, extracting accurate state variables through our PI-LSTM provides 

vital constraints on the frictional behavior of natural faults. Second, the model can be adapted to 

forecast in-situ fault stress drops. While tectonic scaling remains challenging, our approach is 

valuable for seismic hazard monitoring in unconventional oil and gas exploration. In these settings, 

microseismicity closely mirrors laboratory stick-slip dynamics, allowing time-series data from 

active-source monitoring to be coupled with models of stress perturbation or 

fluid-injection-induced seismicity. 

Future work will test cross-experiment generalization across biaxial and triaxial loading 

setups, mirroring the diversity of natural fault zones. Limitations of the current study include 

residual forecasting errors during abrupt stress drops, which can be alleviated by adopting 

quasi-dynamic equations of motion to impose targeted constraints on fault instability states. 

 

5. Conclusions 

In this study, we developed a physics-informed long short-term memory (PI-LSTM) 

framework for forecasting fault shear stress evolution during laboratory seismic cycles. By 

integrating ultrasonic wave speed and spectral amplitude with the elastic coupling relationship 
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between the fault and surrounding host rock, the model enables physically consistent forecasting 

of fault stress dynamics. Forecasting uncertainty was further quantified using Monte Carlo 

Dropout. Compared with a purely data-driven LSTM, the PI-LSTM achieves similar performance 

when training data are abundant but exhibits superior generalization under data-limited conditions. 

The embedded physical constraint effectively reduces the feasible solution space, suppresses 

non-physical stress trajectories, and improves forecasting robustness, particularly during rapid 

stress-drop phases associated with stick-slip events. In addition, the PI-LSTM yields lower 

differential entropy and narrower 95% confidence intervals, and the empirical coverage analysis 

confirms that it achieves higher coverage with narrower intervals, demonstrating more reliable and 

better-calibrated probabilistic forecasts. Overall, the proposed framework demonstrates that 

incorporating fault physics into deep learning can improve both forecasting accuracy and 

reliability under sparse-data conditions. By unifying physical constraints and uncertainty 

quantification within a single architecture, the PI-LSTM transforms a conventional black-box 

predictor into a physically interpretable forecasting model, providing a promising foundation for 

broader geophysical forecasting applications where observations are limited but governing 

physical principles are well understood. 
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