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Instabilities in Deep Learning Our Lower Bound Our Upper Bound

Undesired outputs of trained neural networks, Learning ReLU networks to high uniform accuracy (w.r.t. the Our bounds are asymptotically sharp.
even for inputs within the training distribution. L°°-norm) requires an intractable number of samples.

There exists an algorithm A (based on piecewise constant interpola-
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Theoretical results are validated in student-teacher settings.
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