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· I.O.U! Constrained Optimization
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· Consider the Contour Plot: S(x)
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· Deep Learning:

- slogan 1:approximator

- Rehl:f(x) piecewise linear

- sigmoid:F(x) piecewise constant
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1. GradientDescentLearning
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· Double Descer
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· Multi-Layer Perceptron (MLPS

Recall: MEP:
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· Regression:Loss:114-512
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· Error back-prop :
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