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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

* Chain rule via dynamic programming



| ogistic Squashing Function
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| ogistic Squashing Function

do(x)
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Multl-Layered Perceptron
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Gradients

n

T 1
p(y[x) = o (wal [o(wiix) o(whx)] ) Vil = 3 oy X Vi (i)
i1 I [\

1
p(y|x) = o(wy h) Vo 11 =
; p(yilxi)

X szla(WQTlh)

. Vi L= > (I(yi = 1) = 0 (w1 h)) Vs, W1
(W) = ) _log p(yilxi) =1
=1

Vil = Y (13 = 1) = o{wi )



GGradients

" 1

= o (wa [FESGEER] ) V..l- < Vo P
X O\ W Wi1 W11p yl Xi
plylx) = o (w : ) > o) (vil)

lelu — Z(I(yl — 1) o U(W21h))vw11 W21I

=1

L Vil =) (I(yi =1) — o(wy h))
(W) = Z log p(yi|xi) ; -

n

vW1111 — Z(I(YI — 1) - O(

=1

p(y|x) = o(way h)




Sl 1 WA N ST 1 U

n

1
X g\ w Wit E wi1 P | Xi
P()/‘ ) ( 21 T ) — P(Yi‘Xi) ( ‘ )

Vil =Y (I(yi = 1) — 0(w5} ) Vggwo;

=1

n Vil =) (I(yi = 1) — o(wy h))
(W) = Z log p(yi|xi) ; -
) Vil = > (00 = 1) - o(wii ) eI A

ol = 32000 =1) oo O

p(y|x) = o(wyy h)




(W) = Z og plyi|xi) = Z og 7 (w3 [o(wiix), o(wihxi)] )

log O'(W h) W21h hi = J(WlTlx)

Vi Il = Z(/(yl = 1) — o(wy ) war[L]o(wyyx)(1 = o (wy %)X



log o (W, h) Wy b hy = o(wy;x)
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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(Wix)
Vi, = orx
No = s(Wo hy)
Vw.J = 8h;
i = (W,h16i41) © 8’ (Wihi_q)
Nm-1 = S(Wm-1 hm-2) V. . J=0m_1h,
Sm—1= (W, 6m) ® 8 (Wp_1hm_2)
f(x, W) = s(Wm hm-1) Vo J=08.h



Matrix Gradient Recipe

N1 = S(W1X)
hi = s(Wi hi-1) ;i = (W,h16i41) © 8’ (Wihi_q) Vi, J =6z
f(x, W) = S(Wmhm-1) 6 = £ (f(z, W)) Vw,J = 6h_4

JW) = £(f(z,W))

Feed Forward

Propagation Back Propagation



Challenges Remedies

» Local minima (non-convex) * Regularization

. Qverfitting * Parameter sharing: convolution

* Pre-training: initializing weights smartly

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

* Huge data sets



