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LINEAR CLASSIFIERS
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LINEAR CLASSIFIERS

goal
learn a line that separates
two object classes

what line I1s best!




BFPOR]| VECTOR MACHIRS

SVM
choose line with

mMaximum “‘margin’

1
margin width = Tl




BFPOR]| VECTOR MACHIRS

hinge loss
penalize points that
le within the margin




BFPOR ]| VECTOR MACHIRS

hinge loss
penalize points that
le within the margin
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BFPOR ]| VECTOR MACHIRS

In general...

Z h(ys - w?w)

short-hand
h(Xw)

margin width = Tl

combined objective

1 X
minimize §HwH2 + h(Xw)



LOGISTIC REGRESSION




LIKELIHOOD FUNCTIONS

probability of observing label
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LIKELIHOOD FUNCTIONS
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NEURAL NET BASICS



NEURAL NETWORKS

iInput layer
hidden layer 1 hidden layer 2



ARTIFICIAL NEURON




NEURAL NETWORKS

iInput layer

hidden layer 1 hidden layer 2

FOFCf (W) Wa)Ws) = y;



TRAINING

FOF(f (W) Wa)Ws) = y;

least-squares loss
U(z,y) = (2 — y)
s Z | fF(f(f (2iW1)Wa)W3) — il

“cross entropy”/log-likelihood loss
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MULTI-CLASS NETWORK

target label
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MULTI-CLASS NETWORK

target label
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SOFTMAX

mMake compute il
. s probabllities
non-negative  normalization

21
Ly 621 e
Zi e




EROSS-EN | ROPY LSS

target label
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BUILDING MORE COMPLEX
NETS



CONVOLUTIONAL NET
X Y

One’s hot label
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CONVOLUTIONAL NET
T Y

One’s hot label

R
£ >0 1 9 .04
ball  car ? hat
grumpy
cat

Three ingredients

e convolutions

* non-linearities

* skip connections
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CONVOLUTION

Convolutional filter

w1
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CONVOLUTION

i



CONVOLUTION
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CONVOLUTION
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CONVOLUTION

L7



CONVOLUTION




CONVOLUTION
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CONVOLUTION

“Feature map”

30



VARIANTS OF CONV



PADDING

‘ 3x3 conv

produces
feature maps
that are 2 units
smaller
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PADDING
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STRIDE
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TRANSPOSE / DECONVOLUTION




RELU



RELU NONLINEARITY

“FeaturESWH}ye negatives
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POOLING



POOLING

moving to lower resolutions

Max pooling
Average pooling

Strided convolution
(aka downsampling)
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THAT'S ALL YOU NEED!

One’s hot label
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