MINT: Deep Network Compression via Mutual Information-based Neuron Trimming
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e Deep networks must satisfy low latency, low
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Core Components of MINT Qualitative Results: Adversarial Attacks

Over reliance on retained features increases
susceptibility to adversarial attacks
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more sensitive and difficult objective than

Cross-entropy Compression acts like a regularizer to decrease

Expected Calibration Error (ECE)
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e Choice of stochastic modelling paradigm: Mutual
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Experimental Study

Qualitative Results: Features

Target: Bird

Target: Dog Target: Cat

estimates and Pruned (%)

despite low resolution (filter groups) and a single prune-retrain pass
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