o2

Lamont-Doherty Earth Observatory —

a USGS
"{ COLUMBIA

science for a changing world UNIVERSITY

Unsupervised Machine Learning for Seismology
Using AWS

SCOPED University of Washington, Seattle 2024

Theresa Sawi, Nate Groebner, Felix Waldhauser, Kaiwen Wang, Yen-Joe Tan

Thursday 5/23/2024
1:00 - 1:45 Lecture on unsupervised machine learning in seismology
1:45 - 2:00 Q&A
2:00 - 2:10 Break
2:10 - 3:00 Tutorial on SpecUFEx/2016 Amatrice sequence

Theresa Sawi - SCOPED Workshop 2024 - tsawi@usgs.gov - 5/23/2024


mailto:tsawi@usgs.gov

2

v USGS Lamont-Doherty Earth Observatory —

CNA

i :,. :j,/;:? - Y, » »

_ 1 o _

:-'/(/ai_,‘::% science for a changing world UNIVERSITY

COLUMBIA UNIVERSITY | EARTH INSTITUTE COLUMBIA

\

Unsupervised Machine Learning for Seismology
Using AWS

SCOPED University of Washington, Seattle 2024

Theresa Sawi, Nate Groebner, Felix Waldhauser, Kaiwen Wang, Yen-Joe Tan

Last updated 05/23/2024

Theresa Sawi - SCOPED Workshop 2024 - tsawi@usgs.gov - 5/23/2024


mailto:tsawi@usgs.gov

Outline

 Introduction to unsupervised machine learning (UML)
» feature extraction & dimensionality reduction
» clustering

- SpecUFEXx tutorial: Amatrice 2016
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Supervised Machine Learning

Labeled (training) dataset
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Supervised Machine Learning

Labeled (training) dataset

New dataset to be
sorted
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Supervised Machine Learning

Labeled (training) dataset

Feature extraction

New dataset to be

sorted
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Supervised Machine Learning

Classification

Labeled (training) dataset

Cats

Feature extraction
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Unsupervised Machine Learning

Unlabeled dataset
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Unsupervised Machine Learning

Unlabeled dataset
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Unsupervised Machine Learning

Clustering

Unlabeled dataset
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Machine Learning

Supervised Unsupervised

Train a function that best
approximates mapping
between input data (x) and
labels (y)

flx)=y
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Supervised Machine Learning

f(x) trained on millions of P- and S-wave arrivals

X f(x) y

(a) Input waveforms Feature extraction system

(b)

—
o

Probability

o o
o O,

Time (s)

Ross et al., 2018, BSSA
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Machine Learning

Supervised Unsupervised

Train a function that best
approximates mapping
between input data (x) and
labels (y)

Learn a function that
infers natural structure
within the data

f(x) =y fix) =y
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Machine Learning

Supervised Unsupervised

Train a function that best
approximates mapping
between input data (x) and
labels (y)

Learn a function that
infers natural structure
within the data

f(x) =y fix) =y

 Needs labeled data

* Only finds patterns that it
has learned

e Routine work

* Unlabeled data
 Infers patterns in data
* Exploratory work
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Unsupervised machine learning (UML)
In seismology

| | | | |
+ —®&— Unsupervised deep learning

\®
N
-

—0— Supervised deep learning

o
S
-

150

100

N
-

Cumulative number of papers

1995 2000 2005 2010 2015 2020
Year

Sawi Dissertation, 2023. Adapted from Mousavi & Beroza, 2022; Science
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ML Algorithm Examples

Dimensionality reduction: .
L. . Regression:
Principal component analysis (PCA) .
. > Linear
Singular value decomposition (SVD) Polvnomial
Nonnegative matrix factorization (NMF)* y
Clustering: Classification:
Kmeans™ Random forest
Hierarchical K-nearest neighbors
DBSCAN Support vector machines (SVM)
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Outline

» feature extraction & dimensionality reduction
» clustering

- SpecUFEXx tutorial: Amatrice 2016
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Feature Extraction & Dimensionality Reduction

SigNQa| -

train

“Garbage in, garbage out”

S

Extracting information from data

Variance

* Reduce noise and overfitting

* Aid interpretation

Features

!
AV

Kurtosis

V"//\/J‘rv
» Reduces dimension g M

A

* Faster computations

Threshold

0
y
0“‘\'5

Techniqgues depend on data type
and domain knowledge Experimental run time

Rouet-Leduc et al., (2017) GRL
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Feature Extraction & Dimensionality Reduction

Example: find features with the highest variance / spread
e.d., Singular value decomposition (SVD) and principal
component analysis (PCA)

O = Data point
OO = Projected feature
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Feature Extraction & Dimensionality Reduction

Example: Non-negative matrix factorization (NMF)

| = = i

NMEF learns a “parts-based’ representation. Each column captures something

interpretable. This is a result of the nonnegativity constraint.
Lee and H.S. Seung (2001)
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Spectral Unsupervised Feature Extraction (SpecUFEX)
Holtzman et al., 2018; Sci Adv

Step 1. Non-Negative Matrix Factorization

Dictionary  Activation coefficient matrix (ACM)

Extract spectral

“patterns” (frequency

distributions) through
" time

Frequency

Frequency
X
Spectral pattern

pectral pattern

Time Time

Spectrograms| =¥ |Non-negative Matrix Factorization
(units 1n dB) (NMF)
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Outline

» clustering

- SpecUFEXx tutorial: Amatrice 2016
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Clustering

Birch GaussianMixture

OPTICS

Ward AgglomerativeClusteringDBSCAN
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Clustering: K-means

Lloyd,1982, IEEE

. Data Point

X Cluster Centroid

X
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Clustering: K-means

Lloyd,1982, IEEE

. Data Point
Step 1: Define centroids

X Cluster Centroid

X
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Clustering: K-means

Lloyd,1982, IEEE

. Data Point

Step 1: Define centroids
Step 2: Cluster data

X Cluster Centroid

X
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Clustering: K-means

Lloyd,1982, IEEE

. Data Point

Step 1: Define centroids
Step 2: Cluster data

X Cluster Centroid

X
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Clustering: K-means

Lloyd,1982, IEEE

‘ Data Point

Step 1: Define centroids
Step 2: Cluster data

X Cluster Centroid

X
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Clustering: K-means

Lloyd,1982, IEEE

‘ Data Point

Step 1: Define centroids
Step 2: Cluster data

X Cluster Centroid

X
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Clustering: K-means
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‘ Data Point
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‘ Data Point
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Clustering: K-means

Lloyd,1982, IEEE
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Clustering: K-means

Lloyd,1982, IEEE

‘ Data Point

Step 1: Define centroids
Step 2: Cluster data

X Cluster Centroid

X
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Hierarchical Clustering

w/ Single Linkage
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Hierarchical Clustering

w/ Single Linkage

Distance




Hierarchical Clustering

w/ Single Linkage

Distance




Hierarchical Clustering
w/ Single Linkage




Hierarchical Clustering

w/ Ward Linkage

(Connected by
minimizing variance
between clusters)

|\




Clusters

Distance
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How many clusters:
Dendrogram
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How many clusters:
Silhouette Scores (SiS)

a . average Euclidean distance of x to every other data point in its own cluster

b : average Euclidean distance of x to every data point in the closest neighboring cluster

= 0.6 —
b—a =
SiS(x) = ———— £05
max(a, b) 7
:

=
~

Rousseeuw 1987

2 4 6 g
Number of clusters
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Summary

- Unsupervised ML infers patterns in large data sets without the need
for prior training labels

» Feature extraction and dimensionality reduction can aid clustering
and interpretation

o Examples: Nonnegative matrix factorization (NMF), K-means
clustering, hierarchical clustering
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Outline

- SpecUFEXx tutorial: Amatrice 2016
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Spectral Unsupervised Feature Extraction (SpecUFEX)
Holtzman et al., 2018; Sci Adv

Dictionary  Activation coefficient matrix (ACM)  Emissions State sequence matrix

" g g z
: > 5 £ £ :
S : : 2 : -
= o = = E =
— = o bl Y
Q, o ~ = Q
z \ MW 2 3 3 3 S
< i - ) Q. 7

1 pectral pattern @2 N Qtate
Time Time Time Time State (next)
Waveforms —»  Spectrograms| = |Non-negative Matrix Factorization| —»  |Hidden Markov Modeling| — |Fingerprints
(units in dB) (NMF) (HMM) l

 J. Paisley, D. Blei and M.I. Jordan. Bayesian nonnegative matrix factorization with stochastic variational inference. K-means
In E.M. Airoldi, D. Blei, E.A. Erosheva & S.E. Fienberg (Eds.), Handbook of Mixed Membership Models and Their
Applications. Chapman and Hall/CRC Handbooks of Modern Statistical Methods, 2014

M. Hoffman, D. Blei, C. Wang and J. Paisley. Stochastic variational inference, Journal of Machine Learning
Research, vol. 14, pp. 1303-1347, 2013.
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Spectral Unsupervised Feature Extraction (SpecUFEX)
Holtzman et al., 2018; Sci Adv

Generate spectrogram

Q >
o Q
= =
= WN%W =3 Ground amplitude through time ->
i | E Frequency content through time
Time % Time
Waveforms —»  [Spectrograms
(units 1n dB)
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Spectral Unsupervised Feature Extraction (SpecUFEX)
Holtzman et al., 2018; Sci Adv

Non-negative Matrix Factorization
Dictionary  Activation coefficient matrix (ACM)

Extract spectral

“patterns” (frequency

distributions) through
" time

Frequency

Frequency
X
Spectral pattern

pectral pattern

Time Time

Spectrograms| =¥ |Non-negative Matrix Factorization
(units 1n dB) (NMF)
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Spectral Unsupervised Feature Extraction (SpecUFEX)
Holtzman et al., 2018; Sci Adv

Hidden Markov Model

Activation coefficient matrix (ACM)  Emissions State sequence matrix
: 5 .
= = Hidden states control
o, o,
= = concurrent spectral
0 0
3 3 patterns
5 AN

State

Theresa Sawi - SCOPED Workshop 2024 - tsawi@usgs.gov - 5/23/2024


mailto:tsawi@usgs.gov

Spectral Unsupervised Feature Extraction (SpecUFEX)
Holtzman et al., 2018; Sci Adv

Fingerprints

“‘. Count state transitions

State (next)

State sequence matrix

State (current)
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Examples of SpecUFEX

An unsupervised machine-learning approach to

understanding seismicity at an alpine glacier.
Sawi, T., Holtzman, B K., Walter, F., & Paisley, J. (2022).

Journal of Geophysical Research: Earth Surface

S

Cl1, n=157 seaspassmitinl) /’“\,.,y*\f:vw«rm»ummm
e C(Cl2, n=455 -'
e (I3, n=845
{% 0.3 /
38 P
: | f%wr
e N,
0.4 0.8 1.2
t (s)

Theresa Sawi

SCOPED Workshop 2024

Detecting Repeating Earthquakes on the San Andreas Fault with

Unsupervised Machine I.earning of Spectrograms (2023) Sawi T.,

Waldhauser F., Holtzman, B K., Groebner, N.; . The Seismic Record

-25 0 25 & .
X (m) T

Median CC:0.94

Normalized amplitude
{ >
Normalized amplitude

0 1 23 4567 8 910
Time (5)

tsawi@usgs.gov

(b)

R0.0205.10327.0

A\
~10 0 10
X(m) r T T T 1
oD PP
A
Median CC:0.98 Year

2 3 4 5 6 7 8 9 10
Time (5)
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Amatrice-SpecUFEXx Tutorial
(subset = 6 days, ~1000 earthguakes)

(a) (b) Distance (km)

12.9°E -5 0 5 10 15 20 25 30

43.1°N . . . T . | . . L0
-5
10

42.9°N - (C) -0
L5

[
o
Depth (km)

(d) o to
42.7°N - . L
"-.; " 5
ot
- 10
(e) ' T o
y Sl 7
42.5°N- T "}' 5
f o ) . “‘~1'\. i 10
(f) o
E ks > E
| .--é%_"'."' 5 -‘g.
—— :
| . ' 100

Distance (km)

Tan et al., 2021; The Seismic Record
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Amatrice-SpecUFEXx Tutorial

Data: Feature Extraction: K(_),!::;:la%h
Earthquake NMF and hidden silhouette scores
waveforms Markov model

Amplitude
State (current)

Time State (next)
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Amatrice-SpecUFEXx Tutorial

Results:
Map showing cluster assignments

SpecUFEXx
_|_

K-means clustering

Map View Depth vs Latitude
= a0l T Toy Dataset: N~71000 43.0 -
O ) o
= z 2 . )
) X .
2 N
2 i : ve . ?
< ‘ - ® o.
&= 429 | ) 42.9 . ).. .QC(.
| ' 3 e e 8.
I ’ - SRE ..\ '. .o....:t
State (next) ; ‘ ¢ . *° o, ., ot
B6* — ‘ ° ¢ .‘f¢ - o ‘
o 428- ° 4281 & ':'-"-'0.-‘:’:. e ¢°% °
—O 5} ... 0. ... ° w .
_’ 2 ".:‘A“ 8 A ° .
- A * v ’ ¢
ils @ o ' "° ! ¢ ©
42.7 1 ° o A ] 42.7 - : o o
o e o % ¢ ° B ‘o.
s o« ™
X Cluster Centroid o . .
al ’
te - -
oX .
¢ 42.6 1 ° @ 42.6 1
® o ©° o
X
42-5 h T T T T T T 42'5 L T T T T T T T
12.9 13.0 13.1 13.2 13.3 13.4 0 2 4 6 8 10 12
Longitude Depth (km)

Results for K=3, with 2nd cluster removed
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Waveform cluster examples - Amatrice-SpecUFEXx Tutorial

Varying frequency content,

duration, SNR Estimated magnitudes
le—6 Example 1 le—6 Example 2 le—6 Example 3 o)
65 61 2.0 - 0 2
MI0.71 1.0 - MI0.29 MI0.22 . = ¢ o
4 4 Similar I |
g 2- magnitudes 8 : H
5% 0 for blue and 3
e green 2
e 0.0 -
6 —0.5 1
4 ] -1.0 - 1 i-B
y 2 Noisy waveforms . 8
98 o - bad picks? | !
N 1 2 3

Summary:
Identifying different families of waveforms
e (no templates or CC used)

Cl3
amplitude
o
o

Spatial relationship; distinct waveforms; not
magnitude-dependent

Different mechanisms/fault conditions?

To Do: Compare other stations

|
ot
W

I
L
(=)

T T -2.0 T T T T T
1000 2000 0 1000 2000 1000 2000

Time (s) Time (s) Time (s)

O
o -
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Thank you! Questions?
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Using AWS Cloud

1. Sign in to AWS console (https://aws.amazon.com/)
2. Make sure you are in West Coast region (us-west-1
3. Navigate to Dashboard

4. Launch instance

EEE Services Q - (o Option+! Q @ {§} N. California v tsawi @ 8

EC2 Dashboard X

Resources EC2 Global view [F {c} C Account attributes C
EC2 Global View —
Events

You are using the following Amazon EC2 resources in the US West (N. California) Region: Default VPC [*

¥ Instances vpc-066cb8aa128e7d4e8
Instances (running) 0  Auto Scaling Groups 0
Instances Settings
stance Types Dedicated Hosts 0 Elastic IPs 0 Data protection and security

LauRch Templates ) Zones
Instances 0 Key pairs 0
Spot Re&guests EC2 Serial Console
Savings PIaNs Load balancers 0  Placement groups 0 Default credit specification
. d Inst Console experiments
eserved INStangss Security groups 1 Snapshots 0

Dedicated Hosts

Capacity Reservation Volumes 0

Additional information 4

¥ Images
AMIs . . Getting started guide
Launch instance Service health
AMI Catalog To get started, launch an Amazon EC2 instance, Documentation

which is a virtual server in the cloud. AWS Health Dashboard [

All EC2 resources

G Forums

Pricing

¥ Elastic Block Store

Volumes Launch instance .

Snapshots

Contact us

‘ Migrate a server [/ ’ ‘ |
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Using AWS Cloud

1. Name: your choosing
2. Instance type: t2: large
3. Network settings: Select

existing security group -

(“default”)
4. Launch instance

v Summary

v Network settings info Edit

Number of instances Info

<>

1

Software Image (AMI)

Subnet Info Amazon Linux 2023 AMI 2023.4.2...read more

No preference (Default subnet in any availability zone) ami-Ocbe318e714fc9a82

sign public IP  Info Virtual server type (instance type)

Enable t2.large

n outside of free tier allowance

Additional charges app Firewall (security group)

ll (security groups) Info default

A security is a set of firewall rules that co
instance.

the traffic for your instance. Add rules to allow specific traffic to reach your

Storage (volumes)

(O Create security group O Select existing security group 1 volume(s) - 8 GiB

Common security groups Info

® Free tier: In your first year includes X

Select security groups

Compare security 750 hours of t2.micro (or t3.micro in

group rules

default sg-0f987439f9c180fde X el Sl Rt 25 UL

VPC: vpc-066cb8aa128e7d4e8 unavailable) instance usage on free

Security groups that you add or remove here will be added to or removed from all your network interfaces. tier AMIs per month, 750 hours of
public IPv4 address usage per
month, 30 GiB of EBS storage, 2

illion I10s, 1 GB of snapshots, and

GiB | gp3 ¥ | Root volume (Not encrypted) Review commands

v Configure storage info Advanced

1x | 8

<>
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Using AWS Cloud

Select an existing key pair or create a key pair X

1. Select “proceed without
key pair”
2. Launch instanc

() We noticed that you didn't select a key pair. If you want to be able to connect
to your instance it is recommended that you create one or select an existing

(O Create new key pair @ Proceed without key pair

() Note that yo
know the password

ill not be able to connect to this instance unless you already
into this AMI.
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Using AWS Cloud

EC2 > Instances > Launch an instance

© Success

1 - CI iC k i n Stan Ce I i n k —> Successfully initiated launch of instance (i-031c¢536773da6554b)

2. Click instance link again

3. Click “connect”, which
you may need to refresh
a couple times

» Launch log

Next Steps

Q, What would you like to do next with this instance, for example “c 1 2 3 4 5 6 7 8 >

n Instance state V¥ Actions Vv _

ibute or tag (case-sensitive) [ All states V¥

Instances (1)

Q, Find Instance by a

Instance ID = -031c5367738a6554b | X | | Clear filters | 1

Insince sumrary for i-031c536773da6554b (testssawi) ‘
‘ C H Connect H Instance state Vv H Actions Vv ] 0] Name /' v

D ‘ Instance state v ] Instance type ‘ Status check

Updated less than a minute ago

O testssawi i-031¢536773da6554b @ Running ® Q t2.large @ Initializing

Instance ID Public IPv4 address
i-031c536773da6554b (testssawi) 54.176.62.87 | open addre
IPv6 address Instance state

- ® Running
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Using AWS Cloud

-1 - U n d er .th e EC2 I nStan Ce EC2 Instance Connect Session Manager SSH client EC2 serial console
Connect tab, click
“Connect”

A Port 22 (SSH) is not authorized
Port 22 (SSH) is currently not authorized by your security group. To use EC2 Instance Connect, you must
authorize port 22 for the EC2 Instance Connect service IP addresses in your Region: 13.52.6.112/29. Learn

more.

Instance ID
[ WIN-031c536773dab554b (testssawi)

Connectio pe

Th IS S h O U Id O pen th e I I n UX © Connect usifg,EC2 Instance Connect (O Connect using EC2 Instance Connect Endpoint

Connect using the E& Instance Connect browser-based Connect using the EC2 Instance Connect browser-based

term i n aI W it h a b I an k client, with a public IPv4gdress. client, with a private IPv4 address and a VPC endpoint.
maCh i ne. Public IP address

54.176.62.87

#
’ —
~\_  #### Amazon Linux 2023 Username

- \_#fizi? Enter the username defined in the AMI used to launch the instanc@N{ you didn't define a custom username, use the default username, ec2-
user.
\#/ https://aws.amazon.com/linux/amazon-linux-2023

V- Q. ec2-user X

ec2-user@ip-172-31-23-105 ~]$ sudo yum install -y git docker () Note: In most cases, the default username, ec2-user, is correct. However, readyour AMI usage instructions to
get https://repo.anaconda.com/miniconda/Miniconda3-latest-Linux-x86 64.sh

hmod +x Miniconda3-latest-Linux-x86 64.sh check if the AMI owner has changed the default AMI username.
/Miniconda3-latest-Linux-x86_ 64.sh -b -p $HOME/miniconda
/miniconda/bin/conda init bash

Cancel Connect
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Tutorial Notebook (static)

sawilabs.com/cloud.html

These Slides

sawilabs.com/slides.pdf

Download Docker image locally

https://qgithub.com/SeisSCOPED/specufex
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