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1.1 Background

 Bridge seismic resilience is essential to lifeline infrastructure, 
linking ground-motion prediction, emergency response, and post-
disaster recovery.
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 Seismic fortification standard 
and bridge design code.

Pre-event During event Post-event
 Real-time decisions such as 

train braking, traffic control, and 
bridge closure.

 Evaluate regional bridge 
damage and road-network 
disruption for reconstruction.



1.1 Background

 Ground Motion Prediction Models (GMM) is the basis for seismic 
hazard analysis, early warning, and emergency response
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1.2 Pre-event intensity prediction 

 Pre-event intensity prediction estimates potential ground shaking 
before an earthquake and provides the basis for seismic hazard 
analysis.
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1.2 Pre-event intensity prediction 

 Traditional methods struggle to balance accuracy and real-time 
performance
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1.3 During-event early warning 

 During-event early warning uses partial real-time observations to 
rapidly predict ground shaking before strong motion arrives.
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1.3 During-event early warning 
 Existing EEW methods are limited by source estimation errors, short 

warning time, and dependence on station coverage
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1.4 Post-event interpolation and assessment 

 Post-event interpolation and assessment reconstruct regional 
ground-motion fields from station records for emergency response.
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1.4 Post-event interpolation and assessment 

 Traditional interpolation misses complex source–path–site effects 
limited by station coverage and predefined assumptions
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1.5 Data-driven research paradigm

 Rapid growth of mine multi-source seismic data
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1.5 Data-driven research paradigm

 Develop intelligent methods for predicting ground motions
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2.1 Unified AI framework for ground motion prediction
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2.1 Unified AI framework for ground motion prediction
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2.2 Unified AI framework: QuakeFormer 

 Spatiotemporal masking mechanism: task objective is to predict the 
masked PGA distribution from the unmasked information.

17

1. Intensity 
prediction 3. EEW2. Interpolation

Masked
Stations

Masked 
waves

Masked
Source

Train

Inference
Masked unobserved 
station and waves

 



2.2 Unified AI framework: QuakeFormer 
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2 科研项目2.3 Multi-scale absolute position embedding
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2.3 Multi-scale absolute position embedding
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2.4 RoPE Relative position embedding

 Relative position embedding: Rotary Positional Embedding (RoPE)

21

2D location RoPE

Before

After

After the attention, the correlation 
with relative position is lost

Relative token distance

1. Encode 
absolute position 

m for q and k

   Token similarity

？

Relative position relationship

Graph of stations 
and source



2.5 Training and Validation

 220,000 earthquake events and 4 million ground motion records from 
Northern California (1987-2023) and Southern California (2008-2023)

 Earthquakes range from M1 to M7

22
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2.5 Training and Validation

 Dataset Separation
 Events:  Train (TM), validation and test (TR) by occurrence time 
 Station: Train (SM), validation and test (SR) by location
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2.5 Training and Validation
 Training EEW poses a risk of data leakage: the model may infer magnitude from 

the number of input stations. Therefore, stations are first triggered and then used 
for prediction.

Time after first 
station trigger 



2.6 Results: intensity prediction and interpolation

 Inference: Replace unknown intensity and waveform with MASK
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2.6 Results: intensity prediction and interpolation

 As more station observations become available, the task naturally transitions 
from intensity prediction to interpolation.
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2.6 Results: intensity prediction and interpolation
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2.6 Results: intensity prediction and interpolation

28Norman A. Abrahamson, et al. 2014

 Separate the prediction residual
 QuakeFormer has lower between-event residual and within-event residual 

variation
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Separate 24 earthquake clusters in 2023

 

 

2.6 Results: intensity prediction and interpolation



2.6 Results: intensity prediction and interpolation 

  
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2.6 Results: intensity prediction and interpolation
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 Training with vs. without small events：M ≥ 1 vs M ≥ 3
 Test： 323 M > 3 events in California (2023)
 1000 bootstrap resamples to estimate confidence intervals of PGA residual std 

Small events provide dense sampling of site and path effects 
and therefore help significantly reduce within-event error.

With small 
events

Without 
small events

Lower error

Reduce between-event residual
Not significant

Within-event error 
(path and site uncertainty)

Unseen station Seen station 

Within-event Residual Variability ø Within-event Residual Variability ø Between Residual Variability τ

Between-event error
(source uncertainty)



2.6 Results: intensity prediction and interpolation

 Absolute and relative position encodings improve model performance
 PE maps low-dimensional coordinates into a high-dimensional space, easing 

training and better fitting high-frequency features
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2.6 Results: intensity prediction and interpolation

 However, large frequency in absolute PE harms performance, 
exceeding the spatial resolution supported by station density
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1. Increase seismic station；

2. For on-site prediction, Ln 

could be large；

3. For regional prediction, 

carefully choose Ln to 

balance resolution and 

stability.Too large LN

   

R-squared
Application AdviceUnseen station (SR)Seen station (SM)



 Dense seismic network vs. sparse seismic network
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2.6 Results: intensity prediction and interpolation
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2.6 Results: intensity prediction and interpolation
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2.7 Results: Earthquake early warning
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2.7 Results: Earthquake early warning

 Existing EEW system
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Widely applied in California region

ShakeAlert:  Source-based EEW

Widely applied in Japan with dense 
seismic networks

PLUM:  Propagation-based EEW

https:// earthquake.usgs.gov/scenarios/catalog



2.7 Results: Earthquake early warning

 tOT = 6 s， QuakeFormer first 
predicts the extent of shaking

 QuakeFormer provides the longest 
warning time
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2.7 Results: Earthquake early warning
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 Real-time magnitude prediction case：
2023 M 4.2 - 5 km SW of Isleton, CA2023 M 5.4 - 15km SE of Rio Dell, CA

ShakeAlert ShakeAlert

Magnitude prediction is faster and more accurate



2.7 Results: Earthquake early warning

 Rapid Magnitude Prediction with low uncertainty (σ=0.37) at t = 3 s
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QuakeFormer ShakeAlert

CA 2023
59 M3+ earthquakes 

t = 0.5 s, std:0.74 t = 1 s, std:0.70 t = 2 s, std:0.50

t = 3 s, std:0.37 t = 5 s, std:0.29 t = 15 s, std:0.21



2.7 Results: Earthquake early warning
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2.7 Results: Earthquake early warning
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2.7 Results: Earthquake early warning
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3.1 Ground motion prediction  considering fault segments
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Empirical directivity corrections

NGA-West2

 
• Specific assumptions

• Tend to oversimplify multi-segment 

faults or dipping faults.

CyberShake (22.12 BB)

• For 1 site, 1.5 TB data need to be staged

• 730 k node-hours for the main study

3.2 Motivation

Physics-based Simulation

 Towards directivity-based PSHA and post event assessment
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Empirical directivity corrections

Fast but 
oversimplified

Physics-based Simulation

Accurate but 
expensive

Balance

?

Deep learning method
Dataset

Increasing Synthetic Scenarios

How to represent and 
encode faults ?

3.2 Motivation

 Towards directivity-based PSHA and post event assessment
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3.3 QuakeF2G

 Step1: Separate 3D faults as fault segments. Encode fault sequence.
Existing fault representations in deep learning

By parameters By image
• Rupture length, width, strike, dip, rake
• Rupture ratio 

(Bose et al. 2014)

Oversimplified Fixed resolution
Cannot represent 3-D faults

(Weatherill & Lilienkamp, 2024)
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3.3 QuakeF2G

 Step1: Separate 3D faults as fault segments. Encode fault sequence.
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3.3 QuakeF2G

 Step 2: Fault-site information fusion. Add geometry bias to enhance 
relative position relationship between sites and fault segments
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3.3 QuakeF2G

 QuakeF2G could be adapted to multi-level source representations
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3.4 Dataset

Magnitude Rupture length

lnPGV (cm/s) Rupture distance

630,000 scenarios， 335 
sites

Train: Valid: Test=8:1:1

Faults

Sites

 Current study use CyberShake synthetic waveforms (22.12 BB)
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Point Source Model Finite-Fault Model
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Strike-slip earthquake

3.5 CyberShake case: PGV Distribution
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QuakeF2G (Finite-Fault) ASK14+ROW13

CyberShake BB

M 7.75 
San Andreas Fault

Underestimate PGV in basins

LA basin

Oxnard basin

PGV amplified in the forward direction

3.5 CyberShake case: PGV Distribution

Ignore the coupling between 

finite-fault directivity and 3D 

basin effects
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3.6 Real-world earthquake
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Point-Source Finite-Fault
QuakeF2G

Empirical method
ASK14 ASK14+ROW13

Residual 

• Finite-fault information is from the USGS report
• Predictions are compared against real recorded 

ground motions at real stations

Best

ln PGV(cm/s)

Point-Source Finite-Fault ASK14 ASK14+ROW13

3.6 Real-world earthquake

2019 M 7.1 
Ridgecrest 
Earthquake
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RMSE
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3.6 Real-world earthquake

 Interpolation: QuakeFormer outperforms Ordinary Kriging

Save synthetic 
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storage space



Outline

59

1 Background

2 Unified AI framework for ground motion prediction

4 Conclusion

3 Ground motion prediction considering fault segments



60

4. Conclusions
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4. Conclusions

61

National Seismic StationGutenberg–Richter law
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4. Conclusions
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Uncertainty in ground motion prediction(σ)

Non-ergodic
(RodriguezMarek et al. 2013)

1970 1980 1990 2000 2010 2025

Sigma: Issues, Insights, and Challenges. (Strasser 2009)

Can We Reduce the Uncertainty in Ground Motion Prediction?

2020

Numerical 
simulation
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methods
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Deep learning

QuakeFormer

NZ Sim
(Lee et al. 2020)



5. 研究结论

Thank you for your attention!
luxz@tsinghua.edu.cn

Engineer ’s design

AI 
design

Shear wall Beam

Seismic collapse 
simulation of Shanghai 

Tower (632 m)

Earthquake scenario simulation of tall buildings at Beijing 
CBD subjected to the 1679 Sanhe-Pinggu M8 Earthquake

Generative AI design of 
building structures
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