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Application Drive
Innovation in Machine
Learning
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Common perspective: a rising tide lifts all ships
a.k.a. methodological innovation on “standard” or “core” ML challenges
translates to improvements across applications
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When has the tide lifted ships?

* Advancesin one application that transfer broadly

* Ex:Advancesin general-purpose Al architectures

* ResNets were developed for natural images, they work well for audio,
microscopy, satellite data, etc

* Transformers were developed for NLP, they are now widely used for everything
from video to molecular graphs

* Advancesin Al infrastructure - pytorch, GPUs, model zoos, training datasets

* Industryinvestmentin scale - foundation models like ChatGPT, SAM



Arguably, all of these innovations were
inspired by an application

Applications define needs, constraints,
and metrics of success

Importantly, new and diverse applications
often help outline failures of current Al
systems









Case study: Data scarcity

« Applications include: biodiversity, healthcare, manufacturing anomaly
detection
e Resultinginnovations
o Transfer learning
o Self-supervised learning
o Few-shot &zero-shot learning
o Active learning
o Training on synthetic data



Case study: Changing distributions

o Applicationsinclude: biodiversity, healthcare,
e Resultinginnovations

Domain adaptation

Active calibration, active inference
Distribution matching w/ optimal transport
Distributionally robust optimization
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Case study: Real-time constraints

o Applicationsinclude: Autonomous driving, fraud detection,
recommender systems
e Resultinginnovations
o Onlinelearning
o Model compression & distillation
o Approximate inference



Case study: High-stakes decisions

o Applicationsinclude: healthcare, finance, justice systems, resource
allocation after natural disasters

e Resultinginnovations
o Interpretability methods
o Uncertainty estimation
o Causal ML
o Selective prediction
o Alignment






Methods-Driven ML

algorithms that perform well on benchmarks
or admit theoretical guarantees.

stereotyped
benchmarks

narrow set of
evaluation metrics

; w-'
massive datasets ==

S ——

problem-agnostic methods

Rolnick, et al. “Application-driven Innovation in Machine Learning”,
International Conference on Machine Learning (ICML) 2024.



Application-Driven ML

algorithms and systems that address
challenges in real-world applications.

real-world

tasks
application-specific
evaluation metrics

auxiliary
domain
knowledge

use-inspired methods

Rolnick, et al. “Application-driven Innovation in Machine Learning”,
International Conference on Machine Learning (ICML) 2024.
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Methods-Driven ML

or admit theoretical guarantees.

stereotyped
benchmarks

narrow set of
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problem-agnostic methods

Application-Driven ML

algorithms that perform well on benchmarks algorithms and systems that address
challenges in real-world applications.

real-world
tasks

application-specific
evaluation metrics

auxiliary
domain
knowledge

use-inspired methods

Q

Rolnick, et al. “Application-driven Innovation in Machine Learning”,
International Conference on Machine Learning (ICML) 2024.

Interpretability

Limited labels
Multi-modal data

-

Challenges for ML

OOD generalization

Lightweight models
Physical constraints

J
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Biodiversity is in
decline globally
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Worklife Travel

OURWORK  PEOPLE  PLACES  WILDLIFE about  Howtohelp (G) | DONATE |+ Fand

WWF
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Science

68% Average Decline in Species
Population Sizes Since 1970, Says
New WWF Report

Declines in monitored populations of mammals, fish, birds, reptiles, and amphibians present a dire
warning for the health of people and the planet

Wildlife in 'catastrophic decline' due
to human destruction, scientists

warn 18



Biodiversity data collection is increasing in quantity
and diversity

Satellite (optical, SAR, LIDAR)

UAV (RGB, thermal, LIDAR)

Perspectives in machine learning for wildlife conservation, Beery”, et al., Nature Comms 2022
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Al can help ecologists process huge volumes of data

' Wildlife lnsights Notifications Manage Explore Data Enoch v -

Showing 36,599,840 camera trap records
taken in the whole world between 1990-01-
02 and 2022-05-13. . Greenland

See filters and statistics




Distribution shift makes this hard
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Models don't generalize Caltech
Camera

ID
OOD

10°

10"

Error

1072

10° 10° 10° 104

# Training Examples

Recognition in Terra Incognita, Beery et al., ECCV 2018



Focus on developing methods that generalize leads to impact

Idaho Dept. of Fish and Game

WOLF

pop. mgmt

2,000

cameras

images

Less than 15% of
images require
human review

Efficient pipeline for camera trap image review, Beery, et al. KDD 2019

human review

human

alert

Wildlife Protection Solutions

WILDLIFE CRIME PREVENTION

18 [800|900K

nations cameras images

Real-time alerts

Detects one real wildlife -
threat per week on

average
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Moving beyond image processing — what do we need?

Occupancy Models

E.g. average
temperature

Occupancy probability




Limitations of environmental variables

e Interpolated from far-away measurements
— Low resolution
e Frequently fail to capture micro-habitat

conditions
o Micro-climates
o Below canopies




High-resolution satellite imagery

e Shown to be helpful for species distribution
modeling (e.g. SatBird, Teng et al. 2023)
e Can we do even better?




Multi-modal habitat descriptions




Occupancy Model Formulation

'Qb(X ) — 0'( /BT X) « “Habitat suitability” /

occupancy probability

Z o~ Bernouui(’lp (X)) « Discrete occupancy state Z & {0, ]_}

Pdet « Probability of detection

Y ~ Bernouui(z . p) « To make a detection, the site

needs to be occupied, _ 1
and the animal needs to & =
be detected



Fitting

e Fit using Biolith
(github.com/timmh/biolith)
e Fully Bayesian
Using MCMC



http://github.com/timmh/biolith
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Evaluation — Data

Insights

O
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Test set (Snapshot USA

)

Snapshot USA

Test set (

Train set (Wildlife Insights)
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102
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Camera trap deployments
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Evaluation — Metric

e Don’t know the “true” occupancy, only have observations
e Instead, see how well our model predicts observations on held-out sites

LPPD = Zlog Zp(y |9(Q>)
q 1

'a 1
Sum over sites ' Model parameters

Sum over posterior samples Likelihood of observation

* Absolute value of LPPD is difficult to interpret

* Normalize to a 0-1 scale defined by null (intercept-only) and oracle (trained on
test data) models



How predictive is each modality?
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imagery across species

Value of ground-level
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Explaining and Simplifying Deep Multi-modal models

;.;;ia"

[T L

Compute image-wise
logistic contributions
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g and Simplifying Deep Multi-modal models
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Likely occup

/Bimg

Occupancy
K coefficients
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Compute image-wise
logistic contributions

Likely unoccupied

-

Rank from likely to
unlikely unoccupied



Explalnlng and Simplifying Deep Multi-modal models

/ “Which elements define \
typical Western gray
squirrel habitat?”

tree

tree, with cavities

Likely occup

acorns
forbs

fungi

tree stumps in a forest \—

ponderosa pine forest

a conifer forest with pine trees | ——

a fallen tree across the forest floor [ ==

a pile of leaves on the ground | ——

/Bimg

“What’s visible in the likely
occupied but not in the
\likely unoccupied images?

Likely unoccupied

Occupancy

K coefficients /
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Compute image-wise Rank from likely to Infer habitat
logistic contributions unlikely unoccupied elements



Explalnlng and Simplifying Deep Multi- modal models

/ “Which elements define \
typical Western gray
squirrel habitat?”
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tree, with cavities
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Explalnlng and Simplifying Deep Multi- modal models
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Re-fit models with
habitat element scores
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Re-fit models with
habitat element scores
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Real-world tasks

Application-specific evaluation metrics

Auxiliary domain knowledge

Use-inspired & problem-informed
methods




Modeling the
ocean

(example from
Abigail Bodner)
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http://www.jamstec.go.jp/sdgs/j/case/016.html

Sea surface Tem

Vorticity

GFDL-MOMé6
North Atlantic
100km resolution

ROMS
North Atlantic
1.5km resolution

GFDL-MOM6
North Atlantic
10km resolution

Chesapeake Bay
0.5km resolution

Cotirtecy of hilitie Riicecke Courtesy of Jacob Wenegra



Data-driven submesoscale parameterization

Mixed layer depth  Boundary layer depth MITgcm-1lc4320 (horizontal resolution 1/48° ~2km)

13 Sep, 2011
Surface heat flux 180° 120°W 60°W  0° 60°E 120°E 180°

Buoyanc

Coriolis parameter ~Surface wind stress

Stratification

180° 120°W 0° 60°E 120°E 180°

Given a set of relevant
variables: predict
vertical fluxes directly
computed from data

Bodner, Balwada, Zanna (2025)



Data-driven submesoscale parameterization

MITgcm-1lc4320 (horizontal resolution 1/48° ~2km)

Inputs
P Output
Variables resolved by :
. . Submesoscale vertical
General Circulation Models
buoyancy fluxes
Mixed layer w’ b’
depth
Boundary layer
depth
Buoyancy gradient .‘\,
Coriolis \/)‘/ ',(
parameter .‘/\ b
Stratification ’-/
Surface wind stress - .
Surtace heat Fully Convolutional
urrace nea ux
Strain Neural Network Given a set of relevant
Vortici variables: predict vertical
orticity .
fluxes directly computed
Divergence from data

Bodner, Balwada, Zanna (2025)



Prediction on unseen data

* The CNN captures the overall structure, ; 1e=9 Gulf Stream
including negative fluxes . o a0
— —e— Phys. Param.
» the CNN predictions outperforms the § g
physics-based parameterization, 82
particularly during months of strong '
submesoscale fluxes. 0- —

N & >
FLEEBEY PR F S
(a) LLC4320 (b) CNN (c) Physics Parameterization
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CNN submesoscale
parameterization

Bodner, Balwada, Zanna (2025)
Contreras et al. (in prep.)

* CNNimplementedin NEMO

* Streamfunction inverted from
predicted fluxes o oy o

* Online performance compared with
Calvert MLE parameterization
reveals not much change

deBoyer et al (2023)
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ML with engineering constraints (power grids)

Decision-making: Given (uncertain) demand, Trad. optimization & control
? . o .
how do we schedule supply: « Satisfies (many) constraints
1l » Struggles with speed /scale
Hard constraints: I4
Equipment Al T
constraints Physics: Power
flowsalong F "

i 3 “n(es A Eﬂﬂﬁ

Hard constraints: Machine learning (ML)
Stability constraints = * Fast andscalable

W < » Struggles with constraints
s
T itd ] \ f14]

Donti, Priya L. Bridging Deep Learning and Electric Power Systems. Diss. Carnegie Mellon University, 2022, Figure adapted from: US Congressional Budget Office
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Optimization-in-the-loop ML

Framework for developing ML methods that incorporate knowledge of physics, hard
constraints, or downstream decision-making procedures, via optimization problems

Model Loss, e.g.,
— hg ——_ (v, he(2))

X hg(x)

Donti, Priya L. Bridging Deep Learning and Electric Power Systems. Diss. Carnegie Mellon University, 2022.
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Optimization-in-the-loop ML

Framework for developing ML methods that incorporate knowledge of physics, hard
constraints, or downstream decision-making procedures, via optimization problems

Optimization

Donti, Priya L. Bridging Deep Learning and Electric Power Systems. Diss. Carnegie Mellon University, 2022.
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Optimization-in-the-loop ML for power systems

Loss £ (1)

; ming foly) | 0000 TT.™
\ O /s >

Q d “cas 0 Input x ," f.’lh.‘;‘z-.’l:f--n-!h.) (gutput
’ S~ S e
= —

GO @ - o ‘ correction
. ttion
O ' comple (<)
o g v (=)

w Comon s sera Lo 00
Decision-cognizant forecasting of Fast, feasible approximations to power
supply &demand systems optimization (ACOPF, SCOPF)
— — l =t | Provably robust control via
s deep reinforcement learning
(power, buildings)

DeepRL Robust control

Donti, Priya L. Bridging Deep Learning and Electric Power Systems. Diss. Carnegie Mellon University, 2022. 66
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http://cv4ecology.caltech.edu/ ﬁ


http://cv4ecology.caltech.edu/

Understand how walrus
populations are responding to
a changing Arctic

Use camera traps as weather
sensors

Predict wind speeds from
videos of swaying trees

Count and classify waterfowl
from UAS imagery.

Identify "piospheres”
(livestock concentrations) in
rangelands.

Identify permafrost thaw
slumps using satellite images

Categorize urban wildlife in
camera traps

Recognize beaked whale
species echolocations in
sonar




Climate applications do and will drive
innovation in ML

* Significant constraints

 Complex evaluations
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