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Neural Additive Models (NAMs) provide a . Permutation
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simple yet effective means to increase model
interpretability while limiting sacrifices to model
expressivity. Each feature (or subset of features)
has its own isolated subnetwork (or set of
subnetworks) whose contributions are linearly
combined via a set of trained weights and
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and stricter assessments of feature importance. NAM architecture for binary classification.
} . ~ Southern Coast
The Coupled Model Intercomparison Project 6 (CMIP6) is a global initiative . Again, we see PC2, appearing and o 0.05 I T I I I II
through which researchers around the world contribute climate simulation data. DOY appearing as the most 0.00 o i e o] ] of] B
Data derived from CMIP iterations have been widely used in climate research since important features. Yangtze River
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While allowing for greater interpretability, a simpler architecture was able to

W outperform NAMs in terms of pure accuracy. This simpler architecture only

consisted of a few fully-connected layers (and contained interaction terms) yet
Southern Coast East Indian Subcontinent . 0
(7 i N = 15099 N = 10810 outperformed the NAMs, which had a much higher parameter count. However,

Example precipitation map. e because of the modular nature of NAMSs, unique subnetwork architectures could be
3. Apply k-means clustering to obtain precipitation classes ;

1. Obtain CMIP6 precipitation data used to take advantage of more advanced models while maintaining interpretability.
2. Standardize on day of year to obtain annual anomaly
K-means cluster centers used for classification.
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Future work: Experiment with alternative or hybrid NAM architectures, such as a
Generalized Additive Model with Structured Interactions (GAMI-net), which allow for
pairwise interactions between the most important features.
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