Machine learning for ocean exploration

Peter Gerstoft, UCSD NoiselLab Website: noise|ab_ucsd_edu
University of California San Diego

Machine learning is based on

- Statistical principles (Bayesian)

- Linear algebra

- Data

- Further, there is low-hanging fruit

« Machine Learning (ML) and Artificial Intelligence (Al) are closely related fields
« ML methods combine statistics and computer science principles to obtain models that describe phenomena, or
accomplish specific tasks

« E.g., I taught a class on data assimilation with 10 graduate students, In 2016 | changed it to
“Machine learning for physical applications” with 65 graduate students, 245 students in 2020.

=> to attract students, do some ML



In ML, we are often interested in training a model to produce a desired output given inputs

y=f(x) +€ Input x € RY, N features
output y € R?, P outputs

Supervised learning: the P outputs have labelled examples (response variables y)

* Unsupervised learning: there are no labels. The goal is to find interesting properties from
X, as an autoencoder x=f(x) 2

e .....and we train the model on data Features Output
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....and test the model on new data.
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Testing measure the ability to generalize

Tn1

Most relevant when data can’t be explained by =



We need physics in the ML, e.g. Physics-Informed NN
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Compare to
training data

-input training locations

-output displacement

- gradients of NN output with respect to its input are N
computed (analytically available for NN). : i o 2
- Residual of the PDE using these gradients is added to the Ny Z(UNN('%“ 0) = ttrue(2:))
loss function. ’

Compute derivatives and
minimise underlying
equation residual
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Doesn’t generalize

Generalize well



Uncertainty quantification noiselab.ucsd.edu

In predicting a value, the uncertainty is equally important

- Bayesian methods such as Markov Chain Monte Carlo can be
slow, but give the full PDF

Gaussian process:
f(z) ~ GP(m(z), k(z,2")),

The kernel depend on distance between the points

- Gaussian processes

- UQ often just characterize the uncertainty, not a PDF
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Conformal prediction guarantees a confidence interval /{(7“1-, Tj) = 0§ €xp ( H 1%2 J || ) 7

f(x) ==flf(x) P foX)[p ==y p(x)
Related topics: (h))osterior A
- Propagation of uncertainty $ %
- Maybe by uncertainty for the latent variable / 3 3
- Explainable models i =N 7 N

- Pattern detection
- Unsupervised learning




ML for Ocean + Climate sciences

Modelling:
« Learning emulators and surrogates
« Both within and across models, for:

Classical Data assimilation:

 Produce reanalyses to train surrogate
models

* Analysis residuals are input to ML to
find patterns to improve the models

Observations:

» Feature detection

» Unsupervised clustering and outlier detection
* Finer grained classifications

Higher resolution : _—
[ ]
Better physics (surrogate models ‘\ Improved trend analysis / event attribution

for unresolved processes)
Faster compute (NN)
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Data assimilation with ML:

« Can ingest more observational data
« Can learn observational operators

* Currently UQ needs improvement
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Many of the things we already do, but faster and more precise!



ML in next decade

Al assistants for scientists to perform tasks that can be specified: _
Literature survey, gather data, write code to implement the analysis, create
draft papers, review papers, ...

* Combine multimodal sensing with Al
* Video and sound In observatories
» Satellite could predict ocean background noise. Observing rain, waves and chlorophyll

* Predict turbulence
* Hyperspectral sensing
* Climate change

None of these people exist! With GAN
* Ocean modelling

. Eeduce the US Academic Research Fleet (ARF) with robots or wave gliders and AUVs all controlled
y ML

* Risk of Al: Fake papers, Too many papers,




Machine learning in acoustics: Theory and applications
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Comprehensive review, including:
* Introduction to ML theory

* Deep learning e
* Source IOCGII.ZGI’I.OH l.n speech proces.smg \O\O/O//

* Source localization in ocean acoustics )XéQ O
* Bioacoustics 8/ s \0\8

*  Human perception of sound O - @)

(a)

Much more than neural networks

Dictionary leaning

Gaussian Processes

Uncertainty prediction
7 Graph processing

Freely available @
https://doi.org/10.1121/1.5133944
42 pages, 350 citations
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https://doi.org/10.1121/1.5133944

DiSCUSSiOn (red text is questions posed

What sort of new capabilities are on the horizon and what might the next 10 years look like and beyond?
- a fleet of ocean robots
- continuous high-resolution Climate and Ocean assimilation models

- Al assistants for scientists to perform tasks that can be specified:
Literature survey, gather data, write code to implement the analysis, create draft papers, review papers, ...

Discussion session with these questions:
What new discoveries in ocean science does Al/ML enable?
e See previous slides
. Chat GPT for Climate Data, Ocean, no advisor needed!

What data are required for these discoveries?
. uQ
. Careful test-data / cross-validation for generalization
o  Explainability
. Expertise in the pier-review community
« Data server, similar to Iris. NSF or maybe some ONR data

What are challenges for Al/ML research (computing, data aggregation, access, training)?
A web portal for all data
- seismic data are on iris.edu
- Today each PI stores his own data. Ocean data (NSF) and acoustics (ONR)
- we need all data stored together
- Meta data too, but just start with any data
- “Ocean Chat GPT” , might make this easier
- Increase availability of ocean data, especially acoustic data

Risk of Al
e Larger critical mass
o Too many papers,
e Adversarial review!
g8 e  Replace students and postdocs?



*Not Used



Which DOA?

ML source range classification
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Summary

* Machine learning, big data, data science, artificial intelligence are similar.

* We need explainable artificial intelligence. We want the ML algorithm to provide a line of
reasoning together with the calculated result / fit / decision.

Can ML (Peter’s 2019 list)
* Replace CTBTO processing chain?

Discover PDE (Partial differential equation) in video?

Find sea mines?

Design metamaterials?

Predict earthquakes?

Replace 50 years of array processing?

Source location in the ocean waveguide w/o training.



