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Minimum-average Margin Trade-off on Real Datasets

Summary

® Deep neural networks are vulnerable to adversarial attacks. e For deep models, use the following approximation of margins:
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e Standard training typically maximizes the minimum margin for high accuracy, iy £ = fi(x)
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Margin definition: m(x, y;{Fx}) := sign(y(x),y) - d(x,bd F,).
e Standard training maximizes the minimum margin implicitly.
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e We train a binary logistic regression on MNIST, classifying 0 and 1.
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Figure: x-axis: epochs

¢ [ndeed, minimum margin is maximized, as predicted in Theorem 1.

e Meanwhile, average margin is sacrificed (decreased).
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Figure: Margin histograms on the training set.
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e The minimum margin continues increasing while at the same time the average

margin keeps decreasing.

e The majority of data points is pushed closer to the boundary.

An Average Margin Regularizer

e Maximizing the input space margin for nonlinear classifiers is intractable.
e Deep network: a linear classifier after a nonlinear feature transformation ®.

e The feature space margin provides a lower bound of the input space margin:

|P(x1) = P(xo) | < Lip(P)||x1 — xof]

= control the Lipschitz constant and maximize the feature space margin.
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e [ he trade-off cannot be an artifact of overfitting: Avg Margin of MLP

(a) the training error and test error never increase;

(b) we observe similar phenomenon on both training and test set. N o
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