Neural Networks
(Continued)

These slides were assembled by Byron Boots, with only minor modifications from Eric Eaton’s slides and grateful
acknowledgement to the many others who made their course materials freely available online. Feel free to reuse
or adapt these slides for your own academic purposes, provided that you include proper attribution.



Representing Boolean Functions

Logistic / Sigmoid Function

Simple example: AND
z
x1,x2 € {0,1} g( )
Yy =2ax AND i) 0.5
—16 -4 —I2 O0 ; éll
_ X1 X, he(x)
he®) = g(-30 + 20x, + 20x,) 5 5 (30) =0
0 1 g(-10) = 0
1 0 g(-10) = 0
1 1 g(10) = 1

Based on slide and example by Andrew Ng



Representing Boolean Functions

NOT NOR: (NOT x,) AND (NOT x,)
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Representing Boolean Functions

XOR: (x; AND (NOT x,)) OR ((NOT x,) AND x,)
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Combining Representations to Create
Non-Linear Functions
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Based on example by Andrew Ng



Layering Representations
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Layering Representations
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Visualization of
Hidden Layer




Neural Network Learning



Cost Function
Logistic Regression:

J(0) = —% Z[yz- log he(xi) + (1 — yi)log (1 — he(x;))] + Qi 295

Neural Network:

he € RE (he(x)); = ithoutput
J(O)=— % Z Zyzk log (he (x:))r + (1 — y;1) log (1 — (h@(xz))kﬂ
i=1 k=1

A (1) 2 kth class:  true i
_ : , predicted
T m S: S: S: (@ji ) not kt class: , predicted

=1 i=1 j=1

Based on slide by Andrew Ng



Optimizing the Neural Network

J(©) =— % {Z Zyik log(he(x:))r + (1 — yir) 10%(1 - (hG)(Xi»k)}
i=1 k=1
\ L—1S81—1 s 5
D DD DS (@%))

J(©) is not convex, so GD on a

Solve via: min J(©) neural net yields a Iocql optlmum
© e But, tends to work well in practice

Need code to compute:
* J(©)

* 5007 (©)

ased on slide by Andrew Ng



Forward Propagation

* Given one labeled training instance (x, y):

Forward Propagation

. gll) =

. (2= @la(1)

2= g(z?) [add a,?)]

. 203)= )52

=g(z®) [add ay?]

. 2(4) = 9B)3B3)

Based on slide by Andrew Ng
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Backpropagation

* Each hidden node j is “responsible” for some
fraction of the error §!'in each of the output nodes
to which it connects

» 6/is divided according to the strength of the
connection between hidden node and the output
node

* Then, the “blame” is propagated back to provide the
error values for the hidden layer

Based on slide by T. Finin, M. deslardins, L Getoor, R. Par



Backpropagation
0\0\0
GOSN
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o) = “error” of node j in layer /

0
Formally, ' = —reost(x;)
0z,

where cost(x;) = y; log he(x;) + (1 — y;) log(1 — he(x;))

Based on slide by Andrew Ng 13



Backpropagation
0\0 <D
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o) = “error” of node j in layer /

Formally, (5§.l) 6’8(” cost(x;)

where cost(x;) = y; log he(x;) + (1 — y;) log(1 — he(x;))

Based on slide by Andrew Ng 14



Backpropagation

SOND
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0,3 = @,,13) x5, Wxq 7 ,(3)

o) = “error” of node j in layer /

0
Formally, ' = —reost(x;)
0z,

where cost(x;) = y; log he(x;) + (1 — y;) log(1 — he(x;))

Based on slide by Andrew Ng 15



Backpropagation

5,3) = @,,13) x5, Wxq 7 ,(3)

5.3 = 0..08)x5. Bxg 7. G)
o) = “error” of node j in layer / ' o '

Formally, (5§.l) 6’8(” cost(x;)

where cost(x;) = y; log he(x;) + (1 — y;) log(1 — he(x;))

Based on slide by Andrew Ng 16



Backpropagation

5,2 = 0,2 x5, B)xa 7,2 + 0,2 x5,3) xq 7,2

o) = “error” of node j in layer /

0
Formally, (55.” = Wcost(xi)
0z,

where cost(x;) = y; log he(x;) + (1 — y;) log(1 — he(x;))

Based on slide by Andrew Ng 17



