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Black-Box Predictors
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Gradient-based Explanations

Follow naive gradient (e.g. saliency maps)
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Gradient is a local object; ignores Want to explore realistic predictive features.
global structure in x € X. Need to model the structure in x

https://ai.googleblog.com/2015/06/inceptionism-going-deeper-into-neural.html



https://ai.googleblog.com/2015/06/inceptionism-going-deeper-into-neural.html

Generative Latent Variable Models

Global Per-observation Structure vs. Noise

variables a‘ Q (low-dimensional) e.g. probabilistic PCA
‘ latent variable
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Unsupervised Models Drawbacks

[ ST elevation ]
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maximum likelihood preserves features
with high variability — like non-linear PCA
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Discriminatively Regularized VAE (DR-VAE)
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EKGs:

Discriminative-Generative Tradeoftf

E[(X — }_()2] (gen error) vs E[(m(X) — m(fc))Q] (discriminative error)
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trajectory”, follow model
gradient in latent space
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More details at the poster!

» Technical details, application, and quantitative comparisons
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