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Outline

e Logistic regression and perceptron as neural networks
o |ikelihood gradient for 2-layered neural network

* (General recipe for back propagation



Back Propagation

* Back propagation:
o Compute hidden unit activations: forward propagation
o Compute gradient at output layer: error
 Propagate error back one layer at a time

e Chain rule via dynamic programming



Plan

e Start by computing gradients by hand (we’ll get messy!)
e See common patterns for organizing back-propagation algorithm

 Show general matrix form for feed-forward neural networks
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Multl-Layered Perceptron
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Gradients
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Gradients
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Gradients
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Matrix Form




Matrix Form
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Matrix Form
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Matrix Form
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Matrix Gradient Recipe

N1 = s(W1x)
Vi, J =0z
ho = s(W2 hi)
Vw,J = 8h;
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Nm-1 = S(Wm-1 Nm-2) Vw. J=0m_1h.
Sm—1= (W, 0m) ® 8" (Wy_1hpm—_2)
f(x, W) = s(Wm hm-1) Vi J=08,h
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Matrix Gradient Recipe

N1 = s(Wix)

hi = s(Wihi.1) 0, = (Wi115i+1) ® s (Wihi_1) Vw,J = o1z
f(x, W) = $(Wm hm-1) Om =V (f(x,W)) x &' Wphm—1)  Vw.J =8h,_,
JW) =L(f(z, W))

Feed Forward

Propagation Back Propagation



Challenges Remedies

* Local minima (non-convex) * Regularization

. Qverfitting e Parameter sharing: convolution

e Pre-training: Initializing weights smartly

* [raining data manipulation, e.g.,
dropout, noise, transformations

* Huge data sets



