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We propose that depth—the brain’s layered structure—is a key factor controlling the size and
timing of neural changes across the cortical hierarchy.
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Depth substantially complicates the learning process (Hochreiter, 1991; Bengio et al., 1994) ransfer to untrained stimuli Dynamics of transfer after restricted-position training Conclusions
by introducing nonconvexity, vanishing gradients, nonlinear coupling, and scaling symmetries
4 ] ] ] N Depth may be a key factor determining the size and timing of changes across cortical layers
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Learning in a deep network must overcome these difficulties, yielding dramatically different , ] . transfer better than precision tasks (Ahissar & Hochstein, 1997).
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