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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.

o Pre-event T During event T Post-event
" Seismic fortification standard ® Real-time decisions such as ®  Evaluate regional bridge :
- and bridge design code. train braking, traffic control, and damage and road-network

bridge closure. | disruption for reconstruction.




1.1 Background

" Ground Motion Prediction Models (GMM) is the basis for seismic
hazard analysis, early warning, and emergency response

Time of -
earthquake Pre-event During eyent Post-event
occurrence  Intensity prediction Early warning Interpolation & assessment

~ Seismic hazard analysis | Regional GM early warning Near real-time assessment
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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
S Empirical methods oo Numerical simulations -,
Ground motion prediction equations (GMPE) i Long computation time '
InIM = fmedian + fnon—ergodic + fdirectivity + * High data storage requirements

GMPE prediction uncertainty (o) . »Dependent on source/path/site models i
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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.

e Input e Output
i Epicenter Stations ; GI‘Ol_lnd Predicted regional early |
P ‘ A Triggered motion warning
A ~ prediction T

A ‘ /\ Not triggered model & ..
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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

e Source-based EEW - T Propagation-based EEW - -

Observed waves
Observed waves

Empirical regression - Template matching

Source i
- GMPE Predicted ground
Predicted ground motion 5 motion

PLUM




1.4 Post-event interpolation and assessment

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

e Input e E— Output -~
| P - Ground | shakemap of the entire |
_ il .~ motion | target region

A‘A fvup—— | prediction g
e model
L e A AT |
A A |
------ B kL e
Input stations Observed waves Courtesy:

USGS
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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

Observed ground
motions

============================ Vi

Predicted ground motion

Kriging

Inverse Distance Weighting
= Natural neighbor interpolation

______________________________________________________________________________________

---------- Source-informed interpolation -
Source Observed ground
information motions
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1.5 Data-driven research paradigm

" Rapid growth of mine multi-source seismic data
—  Seismic network construction - Developm_ent pf__ thh-performance computing -
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1.5 Data-driven research paradigm

" Develop intelligent methods for predicting ground motions
Multimodal data

Graph of Raster data of

sources and station site and topography
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2.1 Unified Al framework for ground motion prediction

Conventional Al-based ground motion models: 3 tasks, 3 separate models

Different information visibility

P(unobserved | observed)

Pre-event During event Post-event
Intensity prediction Early warning interpolation

' Observed - Site - Site « Site
| «Source - Fast arrived waves *Source

* Complete waves

g

Task correlations

Initial prediction

N : Interpolation
. Intensity 2 .
| prediction assessment

Knowledge '
Source-based transfer Propagation-based:
B EEW EEW !

Early warning (EEW)

How to combine different tasks?
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2.1 Unified Al framework for ground motion prediction

Mask Enhances Training

LLM Limited Textual Information

Dam eating an ice cream | am anice cream |am eating an cream | am eating an ice
< > < > < = < >
[ LLM ] | LLM ] | LLM ] | LLM
<~ predict ~~ predict ~~ predict <~ predict
| eating ice cream

@ Seismic Limited Record Information
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: Site  Wave ! Event Site
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2.2 Unified Al framework: QuakeFormer

" Spatiotemporal masking mechanism: task objective is to predict the
masked PGA distribution from the unmasked information.
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2.2 Unified Al framework: QuakeFormer

(b) Architecture (c) Token Masks
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2.3 Multi-scale absolute position embedding

T Ergodic Model vs Non-ergodic on Model -y

i Non-ergodic Model
Ergodic Model d InIM :
Assumes ground A”OVY Qround _mOtlon = fmedian T fsource(X¢) + fpath (xe, xs)i
' motion statistics are statistics varied by ™ :
' same across the world locations " epicenter coordinate
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wor California California
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Non-ergodic model captures location-specific effects



2.3 Multi-scale absolute position embedding

i Multi-scale absolute position embedding -------------------------;

2-D coordinate [ Lat, lon ] 2-D coordinate [ Lat, lon ]
[
[ Neural Network J Multi-scale position embedding
9N-D {cos(2kix), sin(2kix)}
i=0,..,N
[ Neural Network ]

o

sin 2L1x /\/\/\/ Large-scale feature

(North/South Callfornla)'

Ground Truth  w/o position embedding w poéitidn _érh_bedding

Loss high-frequency Clear high-frequency
spatial features spatial features sin 2N WWWWWWWWW\/W Small-scale feature
in, ri )

(basin, river, rock...

Multi-scale positional encoding captures high-frequency spatial features



2.4 RoPE Relative position embedding

" Relative position embedding: Rotary Positional Embedding (RoPE)

oo Relative position relationship ---+ --------------- 2D location RoPE --------------
: _ o 2. Predefine rotational 3. Update q and k ;
. Graph of stations Token similarity . constant @ based on MO !
and source || — ]
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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

Map of events and stations Magnitude-distance distribution
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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

Sw

Has historical
data

Sk

No data

Tw

Before 2023

Model
development

Tr Application
After 2023

On-site hazard and risk analysis
for important infrastructure

On-site

test

Tr + Sy
Regional hazard and risk analysis
T for citiesﬁ _. 17 = 7

Regional e S

tgest |:> %
TR + SR
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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.
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2.6 Results: intensity prediction and interpolation

" Inference: Replace unknown intensity and waveform with MASK

Intensity prediction
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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

2023 M 5.5 - Lake Almanor Earthquake
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2.6 Results: intensity prediction and interpolation

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

variation
T Residual illustration
' 10 7: Between-event residual Std. | ¢: Within-event residual Std. |
Betwegn-event Within-event ! o : o
residual residual T =0.36 i‘: ¢ =0.54 i
Ml 7[ R oA 5o o ol S e i
earthquake

0.1 4

& observations
from one earthquake /
Ground motion model

0.01 T T |
0.1 1 10 100

Distance from the Earthquake Rupture

Peak Ground Motion (e.g., acceleration)

model

Norman A. Abrahamson, et al. 2014
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2.6 Results: intensity prediction and interpolation

» Location-based between-event residual (event-term) bias 6L,

Separate 24 earthquake clusters in 2023
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2.6 Results: intensity prediction and interpolation

m Historical events and station observations reduce §L; (event term bias)

Location with Location with
historical events 6L; ~0 historical events large 6L; (—0.43)
58:84 1 |Cluster 12|
38.83 - 38.70 7 N,=79 @ 2023 events
P882 7 36697 ” @ Event cluster
38.81 38.68 -
38.80 - 38.67 - ‘ Historical event
6 -122.84 -122.82 -122.80 -122.52 -122.50 -122.48
15 luster 12
20 - 6L=-0.43 OL; :Mean bias
10 -
10 - TO : Sid.
5 -
0 - 0 -
0.0 0.5 -0.5 0.0

Between-event residual Between-event residual 30



2.6 Results: intensity prediction and interpolation

" Training with vs. without small events: M>1vs M >3
" Test: 323 M > 3 events in California (2023)
" 1000 bootstrap resamples to estimate confidence intervals of PGA residual std

I Within-eventerror | - Between-event error
| (path and site uncertainty) o (source uncertainty)
Seen station Unseen station @) —
B WO B R s
Without small event ?M =3) Withosutzmiﬂleevent?r\fl =3) i | | | Withoutlsmall evlent (M= 3)
. || With small Without| ; L ; . o
| 1] i eventssmall events . g g g | > b o
1IN e 1% 1 . a 1. -
ol X L Y M B 1 9
| Lowererror | B N N
Tos2  oba 0.56 058 060 0.50: Py o.'74= - : s oko :o.éz | 0% 032 031 03 03 040 042 o044
Within-event Residual Variability @ Within-event Residual Variability o Between Residual Variability T
Small events provide dense sampling of site and path effects i . Reduce between-event residual
and therefore help significantly reduce within-event error. o Not significant

______________________________________________________________________________________________________________________________________________________________________



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

Ablation experiment Seen station (SM) Unseen station (SR)
R-squared
0.94 4 ;
A= 0.86 1
M1 | M2 | M3 | M4 | M5 0.92
0.84 4
v v v 0.90 1
0.88 4 0.82 - ) X
v | v 4 0.85 Without NN 13X
0.80 1 | Lacks expression \ X
MM 0.84 - e N \
v v | v | vV -%- M4 Without PE AN . Without PE+NN | |
RoPE Ly, | 0.78 _ \
0.82 4 -%- M5 s Become ergodic GM
D.IE D.I4 D.Iﬁ D.IB l.llI.‘J D.Iﬂ D.IE D.I4 D.Iﬁ D.IB l.IEJ
Station mask ratio rg Station mask ratio rg

Interpolation — Intensity prediction
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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

PE (x) = (sin 2!1x, cos 2l1x, ..., sin 2lvx, cos 2ENX)

Seen station (SM)

Unseen station (SR)

R-squared
0.940 - X @ 0.86 -
0.935 1 -7 X . §::§:3§31¥::§:::§“3ﬁ=_
0.84 - TRy
0.930 - A e X
- 0.83 - T ¥
0.925 1 -8B L1=-2,Ly=5* .
-¥%- L1=-2,Ly=4 0.82 1 x“*"""}"**ﬂ--xh,}{_
0920 -%- L;=-1,Ly=5 o1 - ..
see L1=-3.Ly=5 Too large Ln XL
09151 . | | . , , , | | X
02 04 06 0.8 1.0 00 02 04 06 08 10

Station mask ratio r

Station mask ratio r,

Application Advice

Increase seismic station ;

For on-site prediction, Ln
could be large ;

For regional prediction,
carefully choose Ln to
balance resolution and

stability.
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2.6 Results: intensity prediction and interpolation

" Dense seismic network vs. sparse seismic network
Prediction error

0.70 - | ——
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Trained on Japan K- . QuakeFormer ’ <« .
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2.6 Results: intensity prediction and interpolation

= After inputting the 10 closest stations, near-fault PGAs amplified;

" No inputs exist northeast of the source, yet the Sado Island prediction still matches
observations: The model infers finite-fault effects from given observations, rather than

simple interpolation.

1000
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2.7 Results: Earthquake early warning

" Inference: At time t, the fast P-wave trigger a set of near by stations, while the
event and target-site information is replaced with MASK.

3. EEW Output [ Predicted maximum intensity

Masked Feature [ Causal Self-Attention + FCN
Source Extraction -
A ‘ . .
| [ Waveform Embedding I Mask (Target site waves)
_’V\ 7 Feature | § [ Real-time intensit I Mask (Target site intensity)
o @ eal-time intensi ite | |
\ Extraction | 2 21 y g y
' | [ Site Attribute Embedding
_r\‘!‘\"'l \ ‘r‘ - i \ )
' Position Embedding
—ﬂ"\“" % ,'\\v.- S
Input Event 1 Triggered stations at t I Target sites
\ ;

Y
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2.7 Results: Earthquake early warning

" Existing EEW system
ShakeAlert: Source-based EEW

o ShakeAlert” sensors o ShakeAlert” processing

o Delivery partners pick up
rapidly detect centers estimate earthquake

the ShakeAlert” Message

an earthquake characteristics and issue a and produce an alert for
in progress. ShakeAlert” Message. people and systems.
{F;rst Fel}Wave
-wave, K
&S ShakeAlert
L //'::\(\;é = I e Delivery Partners

Fault A/\/\/\ﬁ“- é
o\
ShakeAlert® e
Q@.Pmcessing A f.{:\_\

Center
@ Serg)rs @ @

\— Aciapted from Erin Burkett (USGS) and Se# Gosrtzen (Orangs County Register
ipcated by Shakedlert” team (2020

Epicenter

ey ore omaging Wove Shake/Alert

Widely applied in California region

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

PLUM: Propagation-based EEW

-————-

Prediction
pointat k

Observation on
R Tee---- - station at {

I(R) max { I'r(i)

— _ @ ()
pred = jeT,  obs Fo }+Fﬂ

I[E::")ed: predicted seismic intensity at o

!r;gsz observed real-time seismic intensity at { i

F(ﬂ and F‘(RJ' site amplification factors ati and k E sl

0 0 - P S L

(converted into seismic intensity differences)

Widely applied in Japan with dense
seismic networks
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2023 M 5.4 — 15 km SE

2.7 Results: Earthquake early warning of Rio Dell. CA
tor=0: origin time
" for=6s, QuakeFormer first o (@) tor=6s ) tor=8s () tor=1265

predicts the extent of shaking QuakeFormer || i,

......
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2.7 Results: Earthquake early warning

" Real-time magnitude prediction case :

2023 M 5.4 - 15km SE of Rio Dell, CA 2023 M 4.2 - 5 km SW of Isleton, CA
e A Bl

6.5 i 30 6.5 i _ED -
6.0 | = 6.0 23 S
. 3 ! -50 3
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v 5.0 =] @ 50 - 40 O,
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% 4.5 E. E 4.5 (I . o 3DE
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| i I i v 1 i i i I I i n
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Magnitude prediction is faster and more accurate



: CA 2023
2.7 Results: Earthquake early warning 59 M3+ earthquakes

" Rapid Magnitude Prediction with low uncertainty (0=0.37) at f=3 s

QuakeFormer ShakeAlert
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: CA 2023
2.7 Results: Earthquake early warning 59 M3+ earthquakes

t=15s Time after first station trigger
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2.7 Results: Earthquake early warning

" Uniform model |mproves EEW performance
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: CA 2023
2.7 Results: Earthquake early warning 59 M3+ earthquakes

" Uniform model improves EEW performance

PGA ~ t Magnitude ~ t
R-squared
1.00 Rt 0.95
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3.1 Ground motion prediction considering fault segments

QuakeFormer Reality Rupture directivity
Point-source assumption Finite-fault source

Away from Station Wave:fror?tsoifs-wave Toward Station

acKware

Backua
I BN BN BN I I BN ﬁw&@wﬁcﬂvﬂ .........
Site B

Rupture direction
Rupture extent

Y/ 7 o=

Magnitude
Epicenter

Wenchuan Earthquake Northridge Earthquake_ Chi-Chi Earthquake

\i 3557

Obs. PGV

300k N-componant
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2Mr

180F (= .
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3.2 Motivation

" Towards directivity-based PSHA and post event assessment

Empirical directivity corrections

NGA-West2

Rowshandel

Bayless and Somerville

Shahi and Baker Spudich and Chiou

¥ & 8 8 8 8 3

8 & 8B o

-60 -40 -2 40 60
60 -40 20 0 0 4 A0

logIMy;,-= logIM + f;

« Specific assumptions
« Tend to oversimplify multi-segment

faults or dipping faults.

_____________

Physics-based Simulation

CyberShake (22.12 BB)

-119° -118.5° -118° -117.5° -117°
o

0.0 02 04 06 08 1.0
2sec SA, RotD50, 2% in 50 yr

 For 1site, 1.5 TB data need to be staged

« 730 k node-hours for the main study



3.2 Motivation

" Towards directivity-based PSHA and post event assessment

Empirical directivity corrections ?
: Fast but ~ Balance
oversimplified ’
Deep learning method
Dataset

'~ How to representand ~
' encode faults ?

__________________________________________________________________________

Physics-based Simulation

Accurate but
expensive

Increasing Sy

R —
AL -
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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 | Byimage
' Rupture length, width, strike, dip, rake L

Rupture ratio
§=0.5 - # =
rupfure
5=0.3 (" *\
rupture L :
ﬁ (Bose etal. 2014) | | ﬁ (Weatheril & Lilienkamp, 2024) |
Oversimplified Fixed resolution

Cannot represent 3-D faults

g g |



3.3 QuakeF2G

" Step1: Separate 3D faults as fault segments. Encode fault sequence.
A Fault sequence encoding =

. . . Fault
Coordinate Orientation Class
Subfaults ~ Loordinate Lrieniation  L1ass Encoder

Fault token E
sequence §

¢ N

Coordinates (X, Y, z)
. Orientation (strike , dip ,

|

Self-Attention
FCN

-

O

+

-IU 1 1
O

+

O

Multi-scale position encoder
N , {cos (2Fix) ,sin (2Fix)}

————————————————————————————




3.3 QuakeF2G

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

Point Source  Observed site / target site 3D faults
Magnitude J
/location 0600000000
0% 00000000
0% 00 0©0 0000
o:...oooooo
(@)
Source-si
QuakeFormer | [ etz patlivicken {1 | Fault encoder
sequence sequence
Self-attention etortaul
Query Key, Value fe-Stetau

UN

Cross-attention

FCN

v

 Intensity prediction

distance
B Geometry
Bias (B) 0 £5:Site-fault

azimuth

Attention = SoftMax(QSK};/\/E + Bgp) Vi
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3.3 QuakeF2G

" QuakeF2G could be adapted to multi-level source representations

Simple Complex

Point Source +

e e e mmmmmmd Emm e m e ——— B T T T J TS wup ey

Point Source Focal 2D Finite-fault 3D Finite-fault
Mechanism
30 seconds 30 minutes ~1 hour More than 1 hour
E Location : : Location E E Location 2|[:) faIE[JIt t(rjatﬁe : : Location .,..00000?‘(!’958
' o : Lo - . o
§ Magnitude ! Magnitude | Magnitude _, ooaéjo N B Magnitude — Jstddecesce
i .+ ' Strike, dip, rake : n
Source-site sequence Source-site sequence Sszlarjgr']ii;e | { Fsaelgtéonkceen ] S;‘gg;ii;e | { Zi‘gt;k:e” ]
1 1 Il Lo X !
(¢ . ) I .
Self-attention Self-attention Self-atEention Self-atEention
Cross-attention r Cross-attention | p
FCN FCN - Geometry . l Geometry l i
. ON . !
! \L .’. J \_ _'_ :
Intensity Intensity Intensity Intensity i
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3.4 Dataset

" Current study use CyberShake synthetic waveforms (22.12 BB)

630,000 scenarios , 335 Magnitude
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3.5 CyberShake case: PGV Distribution

Point Source Model Finite-Fault Model
Ll e . _A,,e.ff':-\ Forward direction
o g | Higher PGV
| % | Backward direction
- M 7'35 , Rk ' Lower PGV
%| Strike-slip.earthquake « . . i
-119.0 -118.0 -117.0 119.0
PGVFiniteFault _ PGVPointSource Residuals decrease
2
= 2.
|2 G
m- i 1 L 5 | T T T T
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3.5 CyberShake case: PGV Distribution

CyberShake BB
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\
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I ; I O = st B a
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M7.75 !
San Andreas Fault ',

______________________________
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o o o o o -

basin effects

/

QuakeF2G (Finite-Fault)

———
-~ T

e el

Oxnpard basin -

5 L
- -

Iy SR L

LA basin
. " §

I I_. = -
i

PGV amplified in the forward direction

/\ASK14+ROW13

Underestimate PGV in basins

4.5

4.0

3.5

2.5

- 2.0

1.5

In PGV (cms™1)

54



3.5 CyberShake case: PGV Distribution

" Much more accurate than existing empirical models

" From QuakeF2G Point Source to Finite-Fault, total RMSE reduces by 36%
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3.6 Real-world earthquake

QuakeF2G

Empirical
method

35.5

5

34

33.5

34.5 35.5

335

Point-Source

; 1 4
o
Pl = _.1._'-'
Feslin s & !
- g -
e E
il e |
':'.--
x
e ,r*';
- -
- T R
S

-119.0 -118.0 -117.0
ASK14
A ,‘1 -1 V7 =F 7

.
> :
- "3 ' -
e 2
g it -
'_‘_'." r
- =
b + <5
.f i r
—
— i — =
b ~
=27 N
4 1
\

‘‘‘‘‘

-
A
| | o=

-119.0 -118.0 -117.0

34.5 35.8

335

34.5 35.5

235

Fi

asin 'Kmﬂlification
- Effect

nite-Fault
e AT

.—‘.i- -

-119.0

-117.0

-118.0

A
LT ¢
e
o il
s
-~
D
. ~
=" N
= \
- *
$ gl
R~ // \\ -
1 1 S
A : - '
N P .
\5__—’ ﬁ
3 B z
A
| | =S

-119.0

-118.0 -117.0

In PGV (cms™1)

In PGV (cms™1)

2019 M 7.1
Ridgecrest
Earthquake

ﬁ Seismic Source
Fault
'\ ! Basin Areas

56



3.6 Real-world earthquake
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3.6 Real-world earthquake

" Interpolation: QuakeFormer outperforms Ordinary Kriging

RMSE
0200 e 220 BN QuakeF2G
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A A A A 0as
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4. Conclusions

Graph of Unstructured Waveform data Raster data of
sources and station fault data (Considered) site and topography
(Considered) (Considered) (to be considered)
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ol 7 M>|°3,2023' 'o i i - = ==
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Target Intensity Target Waveform
Output (Solved) (to be solved)
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4. Conclusions

Gutenberg—Richter law National Seismic Station
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4. Conclusions

Can We Reduce the Uncertainty in Ground Motion Prediction?

Uncertainty in ground motion prediction(o)

kR Numerical—
PGA .- mem :
simulation \.\
_ Statistical A N N7 Sim
1 = |
=y jethods | 0 “f o0og - (Lee et al. 2020)
““z-”I LR s, YL L llllllllllllllll uAm llllllllll Em"i ‘E Deep Iearning
=, L = i
05 | i SR i — 9
.................... ﬁg. e fle G AR ?H Aeeefleech !
- A | Non-ergodic QuakeFormer
| (RodriguezMarek et al. 2013)
1970 1980 1990 2000 2010 2020 2025

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