Lecture 19 contd: Neural Network Training using Backpropagation,
Convolutional And Recurrent Neural Networks
Instructor: Prof. Ganesh Ramakrishnan
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x'Vy' using perceptron




How about XOR ((X' V y/) A (xV y))?
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Cascade of Perceptrons for XOR((X' vV y) A (xV y) with § =0 )
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Feed-forward Neural Nets
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Training a Neural Network
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STEP 0: Pick a network architecture ale J \025 A

@ Number of input units: Dimension of features ¢ (x(’)).

@ Number of output units: Number of classes. —3 j‘.\b"' 3‘64{0 '3 %ﬁ‘&\beb

@ Reasonable default: 1 hidden layer, or if >1 hidden layer, have same number of hldden
units in every layer.

@ Number of hidden units in each layer a constant factor (3 or 4) of dimension of x.
o We will use Rule 05’ f“num\a

» the smooth sigmoidal function g(s) = 1+e -: We have now learnt how to train a single
node sigmoidal (LR) neural network

> instead of the non-smooth step function g(s) =1 if s € [#,00) and g(s) = 0 otherwise.
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High QLevel Ove[wew of Backpropagation Algorithm for Training NN

—&9 o "ol
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© Randomly initialize weights Wf-j for/=1,...,L i=1,...;s,j=1,...,541.
A ———

@ Implement forward propagation to get f,(x) for any x € D. FJ o xo&’l
© Execute backpropagation
@ by computing partial derivatives a—amE(W) for/l=1,....L i=1,...,8,j=1,...,511.

@ and using gradient descent to try to minimize (non-convex) E(w) as a function of
parameters w.

@ \Verify that the cost function E(w) has indeed reduced, else resort to some random
. . —_—————
perturbation of weights w.
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Intuition for Backpropagation
fix,y,2) = (wyx + Wyy) Wq + W2z, g = wyxX+ W-}iy

At input (-3,7, SM’PM (e 0

(gradient of f w.r.t. v shown in red where v € {w,, w,, w;, wg})

0o Rl T @{D\vj"(
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Should we decrease w, or should we increase w, to decrease f7
——
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Intuition for Backpropagation

S S 6
< " o J s
‘ S
o0 |
Input Layer | Output Layer
Hidden Layers L
-




Setting Notation for Backpropagation Sy = # ?5: '}’"c'f“m‘s ‘m‘h‘jc-«

O = achvahin oc‘ (s\a-maw\)
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Gradient Computation v oX . ) Noye

@ The Neural Network objective to be minimized: ou.‘\ﬁ\i ‘.\,,\ (,\'
m ) / ¥ \
E(w) = —%1 [Ziyﬁo log (U,’; (x(i))) + (1 - y,((i)) log (1 — O’k (x<i))):|
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Gradient Computation
@ The Neural Network objective to be minimized:
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For a single example (x, y): .ﬂ@

_ |:ZK: yi log (o-,& (x)) + (1 — yx) log (1 — U,’; (x)):|
k=1

L Si—1 s

> (W)

=1 i=1 j=1

Si+1 Si+1 +1

oF _ % Osumft  (~ _OE 0o 1. Osuml! 1
9ol —/:Zw—lﬂmﬁr smce—af’—zmd.;L
A 9o =1 do ;™" Osumy, o;
OE _ _y 17y

L — L L
9o o 1-9; &(5;«
- &(

VR
5 Qaﬁ"*\ ope




