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5 Reasons interpretability matters in Al + Ecology

e Accountability and trust
o Understanding how and why an Al system made a decision enables stakeholders
(policymakers, conservation agencies, the public) to know when to trust Al-based systems.
e Error detection and bias mitigation
o Detect/identify when models exploit spurious correlations, encode biases, or fail in edge
cases that affect vulnerable populations or ecosystems.
e Scientific validity
o Scientific analysis based on interpretable models may be more easy to validate (for
example calibration can be viewed as interpretability).
e Regulatory and legal compliance
o High-stakes applications (environmental policy, resource allocation) need to meet
governance standards and legal liability requirements, which may require interpretability.
e Knowledge extraction

o Uncover novel insights about underlying phenomena (e.g., identifying previously unknown
relationships between hyperspectral signatures and ecosystem health).



Types of interpretable Al

e Post-hoc explanation techniques/attribution methods
o Methods applied after training that approximate “decision logic” (e.g., LIME, SHAP, attention
visualizations, saliency maps, SAES).
o Flexible but can introduce approximation artifacts, or be misinterpreted.

e Inherently interpretable models
o Architectures/methods that are transparent by construction (decision trees, rule-based
systems, sparse linear models, additive models (GAMs), CBMs)
o Often these have lower predictive accuracy than deep learning, or have been shown to
enable shortcuts/routing (eg CBMs).

e Prototype-based explanations
o Explains “decisions” via representative examples, prototypes, or identifying similar cases in
training data (influence functions, case-based reasoning, retrieval-augmented
explanations).
o These are more intuitive in spatial/imagery applications.

e Causal models

o Identify causal relationships and mechanisms (causal graphs, process-based models,
structural equation modeling).



Diaghosing model bias with counterfactual generation

tray tray tray

tray bucket bucket plate

Figure 8: Real images of plates, with and without food and either on a table or in the grass. Below each
image is the predicted class by an ImageNet-trained ResNet50.

https.//arxiv.org/abs/2302.07865
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Adaptive management

A systematic approach to natural resource

management that treats each action as a
monitored experiment, using observed

outcomes to iteratively refine management

strategies and reduce uncertainty about
ecosystem responses.

First introduced back in 1978 (Walters
and Hilborn)

Clear complimentarity with Al-based
monitoring
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Figure 1 Optimal management policies for different-aged tree stands from Winkler’s dy-
namic programming model. The X axis is the natural log of budworm egg density, the Y axis

is the foliage level. Reprinted from (125).



Multi-agent systems to plan ranger routes

Figure 1: Rangers searching for snares (right) near a water-
hole (left) in Srepok Wildlife Sanctuary in Cambodia. The
waterhole is frequented by deer, pig, and bison, which are
targeted by poachers.

Algorithm 1: LIZARD

1 Inputs: Number of targets IV, time horizon 7',
budget B, discretization levels U, target features ;

2 n(i,9;) =0, reward(i,¢;) =0 Vi€ [N],j € [J]

3fort=1,2,...,Tdo

4 Compute UCB; using Eq. 4

5 Solve P(UCBy, B, N, T') to select super arm 5

6 Observe rewards Xft) ; Xét), T xR

7 fori=1,2,...,N do

8 reward(i, 8;) = reward(, f;) + Xi(t)

9 n(i, B;) =n(i,B:) +1
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Figure 5: Performance, measured in terms of percentage of
reward achieved between OPTIMAL — EXPLOIT, over time.
Shaded region shows standard error. Setting shown is N =
25, B = 1. LIZARD (green) performs best.

https.//0ojs.aaai.org/index.php/AAAl/article/view/17757



Bridging RL and Adaptive management
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Challenge: Al models require expensive hardware

These are inaccessible to many potential Al users in
biodiversity
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Increased efficiency reduces cost




MegaDetector is used to process data for NGOs
and conservation organizations globally
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Communications (to appear)



Bandwidth is limited in the field

700000

600000
.. 500000
=
3
S 400000 4
g .
E 300000 °
')
200000 e
100000 o‘
2 ° s,
t
*
®
e ° °
S °
° ° 8 o
[ °°
Up to 700K .
° °

hi-resolution 2200
images per A LAY
month N e




Commercial edge-based Al camera traps in development
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Sonar deployment to monitor salmon returns
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We need near-real-time counts from remote field sites




We need near-real-time counts from remote field sites
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This requires edge-based models that are robust anc
reliable even as environmental conditions change




iNaturalist
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Real-time, on-device fine grained categorization
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Training efficiency

e Fine tuning often decreases training time, and thus
Ccosts

e Reducing sample overlap or removing noisy training
data can reduce training costs without impacting
performance, or sometimes improving performance
(Coresets, DataComp)

e Smaller models train faster



Training on the edge

e Power
e Hardware

e Bandwidth
e \erification




Evaluation efficiency

e |nexpensive proxy tests (ie brightness)
e Small (but representative) test sets

e Striation and multiple metrics

o Make the most of your inference calls
e Active testing (soon!)



Quantization and Pruning

Inference efficiency

e Quantization

e Pruning f
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We can quickly compress large generalist models into
accurate and efficient specialists
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Vision Models Can Be Efficiently Specialized via Few-Shot Task-Aware Compression, Kuznedelev,.., Beery, Kurtic, Alistarh et al. 2023



Federated learning (S Somamoset)

aggregation & update

e Maintains data

privacy
e Can be efficient [intnsatse 7
W Step 1: Model
at the edge ‘ [ Intitialization ]
e Requires
bandwidth and

synchronization




