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Association

“Associate” picks – (i.e., determine number of events and distinct assignments)
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Then use associated picks in a least squares optimization routine to find best fit 
location
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Phase Association 
connects waves with 

earthquakes.

Why is it challenging?

ML-based picks differ from traditional picks, which motivates another look at.

• Number of earthquakes is unknown

• Events close in time have overlapping waveforms

• Recording network is irregular and varies with time

• Small earthquakes are only recorded on a few stations 



Ambiguity of Phase Association

Backprojection: Time reverse picks and stack over stations (e.g., find moveout that fits 
observed picks)
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Problem – ambiguous 
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Formulate problem as a discrete assignment 
problem..
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:

Johnson et  
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Brief History

Formulate problem as a discrete assignment 
problem..

Perspective
:

Algorithms
:

Johnson et  
al., (1997)



Brief History

Brun et 
al., 2008

Johnson et  
al., (1997)



Brief History

Net-Visa: Probabilistic method – possibly more 
“accurate”, but difficult to implement, and still rule-based, 
iterative processing of data 

Arora et al., 
(2013)



Brief History

Pedal (similar to GA; 1994): temporal 
energy stack, misfit tables, iterative 
processing logic/thresholding

Draelos et al., 
2015)



Brief History

PhaseNet: More picks, more 
data 🡪 harder association 
challenge

Zhu et al., 
(2019)



Brief History

REAL: back-projection 
based association and 
greedy association 
assignment

Zhang et al., 
(2019)



Brief History

PhaseLink: RNN based 
association

Input Targe
t

• Train on synthetic 
examples and learn 
solution

Ross et al., 
(2019)
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• Train on synthetic 
examples and learn 
solution

Ross et al., 
(2019)

PhaseLink: RNN based 
association
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Brief History

• Explicit optimization 
(more robust than 
Hungarian algorithm)

• Still must determine 
sources/scaling issues

Python: Cvxpy 
package

McBrearty et 
al., (2019)

Use Backprojection 
and Integer Linear 
Optimization
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2022

Brief History

GaMMA: Bayesian 
Gaussian Mixture 
model association 
(unsupervised 
clustering) 

• ”Iteratively” solve 
association and event 
location (i.e., “soft 
assignment”)
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Brief History

GaMMA: Bayesian 
Gaussian Mixture 
model association 
(unsupervised 
clustering) 

• ”Iteratively” solve 
association and event 
location (i.e., “soft 
assignment”)



Munchmeyer, 
2024

Brief History

PyOcto: Efficient 
back-projection 
search with Oct-Tree

• Check optimal 
sources first; assign 
picks; iterate



McBrearty and 
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Brief History

GENIE: GNN 
based source 
location and 
phase 
association
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Brief History

GENIE: GNN 
based source 
location and 
phase 
association

Association predictions are conditioned on source 
predictions

• Trained on synthetic 
data; simultaneous 
prediction of sources 
and associations



Why GNNs?



GNN: Architecture
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GENIE: Architecture

Input 
feature:

pre-stack BP 
metric



GENIE: Architecture

• Input feature is the misfit 
between observed and 
theoretical arrivals

• Doesn’t have to ”learn” 
velocity model (unlike 
PhaseLink)

• “Knows” the relative 
position of stations, and 
weights them differently 
(unlike back-projection)

Strengths
:

S
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Example Detections

Spatio-temporally localized known M1.5 
earthquake on Calaveras Fault, and 
obtained P and S wave associations
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Example Detections

Spatio-temporally localized known M1.1 
earthquake at Geysers, and obtained P and 
S wave associations



Example Detections

• Continuous space-time output

• Can handle even closely 
overlapping events and many 
false/noisy picks



Example Detections

M1, Bay 
Area
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M2, Bay 
Area



Example Detections

M3, Bay 
Area



Example Detections

M1, Mendocino Triple 
Junction



Example Detections

M2, Mendocino Triple 
Junction



Example Detections

M3, Mendocino Triple 
Junction



Example Detections

M1, California-Nevada 
Border



Example Detections

M2, California-Nevada 
Border



Example Detections

M3, California-Nevada 
Border



~250 
stations

~1/4 scale, 25 
stations~100’s events per 

day
~1000’s events per 
day

Comparisons of Associators



GENIE 
catalog

PhaseWorm 
catalog

Less scatter in GENIE 
catalog

Spatial Localization



Spatial Localization 
(Full catalog)

GENIE 
catalog

PhaseWorm 
catalog



Event Comparison: Number of Events

(Using events with spatial window: 150 
km)
(Temporal window: 8 s)

• Increased detection rate to 1.5x 
PhaseWorm catalog

• Re-detected ~85% of 
PhaseWorm catalog



LP events in Earthworm catalog

(Retailleau et al., 
2022)

V
T

L
P

• VT events were well 
detected, but LP events 
harder to detect by 
PhaseWorm

• Increased rate of S vs. P 
phase picks

• Earthworm nucleates 
events based on P waves 
only



LP events in Earthworm catalog

(Retailleau et al., 
2022)

V
T

L
P

• VT events were well 
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harder to detect by 
PhaseWorm

• Increased rate of S vs. P 
phase picks

• Earthworm nucleates 
events based on P waves 
only



Kahramanmaraş Aftershock Sequence

GaMMA GENIE

Becker et al. (2024)For this data set, GaMMA finds more events, while GENIE associates more phase per 
event. 



Influence of adding random picks

GaMM
A

GENIE

For this data set, 
GaMMA seems 
more prone to 
mis-association.

Becker et al. (2024)



Associator Comparisons

Puenta et al., 
(submitted)

• Tested performance of five different associators (GaMMA, 
PhaseLink, REAL, GENIE, PyOcto) on synthetic scenarios

• Found similar performance for low complexity cases, 
but large differences for high complexity data
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• Tested performance of four different associators 
(GaMMA, PhaseLink, REAL, GENIE) on data 
from Rock Valley (52 nodes + 9 regional 
broadband sensors) and ~1800 geophones at 
LASSO

Associators applied to dense nodal arrays

Pennington et al., 
(2025)



Associators applied to dense nodal arrays

Pennington et al., 
(2025)



Northern California



Northern California

~1000 stations from many networks: NC, BK, PN, BG, UW, NN  

10-nearest-neighbor
s



Picks

• Collaboration with Weiqiang Zhu to obtain PhaseNet 
picks

Average:
240,000 
picks per day 

P-waves
121,000 
picks per day 

S-waves
117,000 
picks per day 

P (blue), S 
(orange)
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Initial Catalog (2023)



Example Catalog

Comparison of NCEDC 
(orange) and our initial 
catalog (blue)
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Example Catalog

Comparison of NCEDC 
(orange) and our initial 
catalog (blue)



Increased 
Catalog (2023)



Event Counts

• 2.8x NCEDC 
catalog

• 5.3x NCEDC 
catalog

(Initial 
Version)

(Updated 
Version)



Picks

• Collaboration with Weiqiang Zhu to obtain PhaseNet 
picks

Average:
240,000 
picks per day 

P-waves
121,000 
picks per day 

S-waves
117,000 
picks per day 

3 
events

NCEDC 
events
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events



Picks

• Collaboration with Weiqiang Zhu to obtain PhaseNet 
picks

Average:
240,000 
picks per day 

P-waves
121,000 
picks per day 

S-waves
117,000 
picks per day 

13 
events

GENIE 
events



Mw 6.0 Napa Earthquake, 2014



San Ramon Swarm, 2015



Bad Catalog



Bad Catalog

Training data too many 
events

Also – set of associated 
picks in training, too 
random.



Bad Catalog

Training data too many 
events
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random.



How to use GENIE

github.com/imcbrearty/GENI
E



How to use GENIE

(1). Set region and station file

(2). Set velocity model

(3). Compute travel times

(4). Choose synthetic data 
parameters and train

(5). Apply



How to use GENIE

Set 
region



How to use GENIE

Set 
stations



How to use GENIE

Set velocity 
model



How to use GENIE

Train travel time PINN neural 
network



How to use GENIE

Train travel time PINN neural 
network

Accurate even for 3D 
velocity models



How to use GENIE

Set training 
data

Set scale and event 
rate dependent training 
parameters


