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(f0 strongly convex):
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3. A practical example

EX 5-16-2 FF neural network, regression, UCI Airfoil Self-Noise dataset, large LR

Theory multiscale data (mean + fluctuation)  multiscale loss?

2 layer, periodic activation



chaotic dynamics can help deterministic GD 
escape microscopic local minima

as it optimizes the loss samples a distribution

Summary      



Summary      

why this matters

chaotic dynamics can help deterministic GD 
escape microscopic local minima

as it optimizes the loss samples a distribution



Summary      

why this matters

deeper minimum  better training (& thus test) accuracies

chaotic dynamics can help deterministic GD 
escape microscopic local minima

as it optimizes the loss samples a distribution



Thank you for your attention and feedback!
Support: 

NSF DMS-1847802, ECCS-1936776
GT Cullen-Peck Scholarship

Emory-GT AI.Humanity Award


	Slide Number 1
	Slide Number 2
	Slide Number 3
	Slide Number 4
	Slide Number 5
	Slide Number 6
	Slide Number 7
	Slide Number 8
	Slide Number 9
	Slide Number 10
	Slide Number 11
	Slide Number 12
	Slide Number 13
	Slide Number 14
	Slide Number 15
	Slide Number 16
	Slide Number 17
	Stochasticity of Deterministic Gradient Descent: �Large Learning Rate for Multiscale Objective Function
	Slide Number 19
	Slide Number 20
	Slide Number 21
	Slide Number 22
	Slide Number 23
	Slide Number 24
	Slide Number 25
	Slide Number 34
	Slide Number 35
	Slide Number 36
	Slide Number 37
	Slide Number 38
	Slide Number 39
	Slide Number 40
	Slide Number 41
	Slide Number 42
	Slide Number 43
	Slide Number 44
	Slide Number 45
	Slide Number 46
	Slide Number 47
	Slide Number 48
	Slide Number 49
	Slide Number 50
	Slide Number 51
	Slide Number 52
	Slide Number 53
	Slide Number 54
	Slide Number 55
	Slide Number 56
	Slide Number 57
	Slide Number 58
	Slide Number 59
	Slide Number 60
	Slide Number 61
	Slide Number 62
	Slide Number 63
	Slide Number 64
	Slide Number 65
	Slide Number 66
	Slide Number 67
	Slide Number 70
	Slide Number 71
	Slide Number 72
	Slide Number 73
	Slide Number 74
	Slide Number 75
	Slide Number 76
	Slide Number 77
	Slide Number 78
	Slide Number 79
	Slide Number 80
	Slide Number 81
	Slide Number 82
	Slide Number 83
	Slide Number 84
	Slide Number 85
	Slide Number 86



