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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.
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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

Want HCHE HOI
for simplicity 1 just train till time t

2 Yi 011
3 11451

2 1

Hit Xix
1

924,4
4

Key idea every weight vector only moves

a little Offm 1 lazytraining



Gradient Flow: a Kernel Point of View

IlWr GI Wr a 112

IlSot dy d all z
e Sot 11 4 Il at

Sill Ethyl
E C Sotto di

Em



Gradient Flow: a Kernel Point of View
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