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midterm course evaluation due this Friday 4 29



Global convergence of gradient descent

Theorem (Du et al. ’18, Allen-Zhu et al. ’18, Zou et al 19’) If the 
width of each layer is poly(n) where n is the number of data. 
Using random initialization with a particular scaling, gradient 
descent finds an approximate global minimum in polynomial time.

Teniente

HI HIKE
poly te width depth



Gradient Flow: a Kernel Point of View

L 101 47411710 Xi Yi

8 inEid taxi Yi 25ft
at 184 2

it strong convex oh 06140
in lulu of parameters h

we know is flexi Yi



Gradient Flow: a Kernel Point of View
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Gradient Flow: a Kernel Point of View
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Gradient Flow: a Kernel Point of View
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Gradient Flow: a Kernel Point of View
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Gradient Flow: a Kernel Point of View MTK
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Gradient Flow: a Kernel Point of View
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Gradient Flow: a Kernel Point of View

Initialization
Hoeffding Inequality
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Gradient Flow: a Kernel Point of View
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ReLU smoothness

smoothness small deviation in parameter
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Gaussian Anti Concentration No l
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