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Non-linear Classification
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Computer Vision: Car detection
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Neural Networks

Origins: Algorithms that try to mimic the brain.

Was very widely used in 80s and early 90s; popularity
diminished in late 90s.

Recent resurgence: Statd-the-art technique for many
applications



Neuron in the brain
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Neurons in the brain

[Credit US National Institutes of Health, National InstituteAging] Andrew Nc



Neuron model: Logistic unit . .
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Sigmoid (logistic) activation function.
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Neural Network . s,
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Forward propagationVectorizedimplementation
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Neural Network learning its own features
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Other network architectures
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Non-linear classification example: XOR/XNOR
z1, 2 are binary (0 or 1).
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Simple example: AND

T1,T2 € {071}
y =x1 AND x5
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Example: OR function
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r1 AND o 1 OR 9

Negation:

e =
—> hg(x)
()

he(x) = g(10 — 20x1) (NOT z1) AND (NOT =z2)
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Putting it together: z1 XNOR x5
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Neural Network intuition
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Handwritten digit classification
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Handwritten digit classification
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Multiple output units: Onevs-all.
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Multiple output units Onevs—all

A:=%1~H ho(z) € R4
P
"I\‘
1 0 0
Want he(z) ~ [8] ho(x) ~ [é] he (%) ~ [(1)] . etc.
0 0 0
when pedestrian when car when motorcycle

Training set:(z(, y M), (), y@), ..., (™), ytm™)

1 0 0 0
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0 0 0 1

pedestrian carmotorcycle truck
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Neural Network (Classificatio?R

(1) (1) (2) 4,(2) (m) ,,(m)
'y ), (@9, y ), (@ y ) )
. x M“”M\"’/‘ L = total no. of layers in network

S = no. of units (not counting bias unit) in
layer
Layer 1 Layer2 Layer3 Layer4
Binary classification Multi-class classificatiofK classes
veR%eslf {1 1] I
0 0 0 1

pedestrian car motorcycle truck

1 output unit K output units
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Cost function

Logistic regression:

T

A
t5-2 0

g=1

1 | . . . .
— | "y log he() + (1 = y?) log(1 — he(w)

Neural network:
he(x) € RE  (he(x)); = i*" output

m K
0) = —% [Z 3"y log(he (zD)), + (1 -y log(1 — (h@wm)]
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Have some function/ (6o, 61)

Want min J(Qo, 91)
00,01

Outline:
A Start with somef, 0,
A Keep changingo, 1  to redué@y, 0;)

until we hopefully end up at a minimum
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