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Administrative

ÅHW 2 released!

ÅJia-Bin out of town next week

ÅChen: Deep Neural Networks II

ÅShih-Yang: Diagnosing ML systems

ÅMidterm review

ÅMidterm: March 6th (Wed)
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Support Vector Machine

ÅCost function

ÅLarge margin classification

ÅKernels

ÅUsing an SVM



Non-linear classification

ÅHow do we separate the two classes using a hyperplane?

Ὤ ὼ ρ ÉÆ—ὼ π
π ÉÆ—ὼ π

ὼ



Non-linear classification

ὼ

ὼ



Kernel

Åὑẗȟẗa legal definition of inner product:

‰ɱȡὢᴼὙ

s.t.ὑὼȟᾀ ‰ὼ ‰ᾀ



Why Kernels matter?

ÅMany algorithms interact with data only via dot-products

ÅReplace ὼᾀwith ὑὼȟᾀ ‰ὼ ‰ᾀ

ÅAct implicitlyas if data was in the higher-dimensional ‰-
space



Example

ὑὼȟᾀ ὼᾀ corresponds to 

ὼȟὼ ᴼ‰ὼ ὼȟὼȟςὼὼ

‰ὼ ‰ᾀ ὼȟὼȟςὼὼ ᾀȟᾀȟςᾀᾀ

ὼᾀ ὼᾀ ςØØÚÚ ØÚ ØÚ
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Example

ὑὼȟᾀ ὼᾀ corresponds to 

ὼȟὼ ᴼ‰ὼ ὼȟὼȟςὼὼ

Slide credit: Maria-Florina Balcan



Example kernels

ÅLinear kernel
ὑὼȟᾀ ὼᾀ

ÅGaussian (Radial basis function) kernel

ὑὼȟᾀ ÅØÐ
ρ

ς
ὼ ᾀ ɫ ὼ ᾀ

ÅSigmoid kernel
ὑὼȟᾀ ÔÁÎÈὥẗὼᾀ ὦ



Constructing new kernels

ÅPositive scaling
ὑὼȟᾀ ὧὑ ὼȟᾀȟὧ π

ÅExponentiation
ὑὼȟᾀ ÅØÐὑ ὼȟᾀ

ÅAddition
ὑὼȟᾀ ὑ ὼȟᾀ ὑ ὼȟᾀ

ÅMultiplication with function
ὑὼȟᾀ Ὢὼὑ ὼȟᾀὪᾀ

ÅMultiplication
ὑὼȟᾀ ὑ ὼȟᾀὑ ὼȟᾀ



Non-linear decision boundary

Predict ώ ρÉÆ

— —ὼ —ὼ —ὼὼ

—ὼ —ὼ Ễ π

— —Ὢ —Ὢ —Ὢ Ễ

Ὢ ὼȟὪ ὼȟὪ ὼὼȟỄ

Is there a different/better choice of the features ὪȟὪȟὪȟỄ?
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ὼ

Slide credit: Andrew Ng 



Kernel

Give ὼ, compute new features depending on 
proximity to landmarks ὰ , ὰ , ὰ

Ὢ ÓÉÍÉÌÁÒÉÔÙὼȟὰ
Ὢ ÓÉÍÉÌÁÒÉÔÙὼȟὰ
Ὢ ÓÉÍÉÌÁÒÉÔÙὼȟὰ

Gaussian kernel
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ὼ

ὰ

ὰ

ὰ

Slide credit: Andrew Ng 



Predict ώ ρÉÆ

— —Ὢ —Ὢ —Ὢ π

Ex: — πȢυȟ— ρȟ— ρȟ— π

ὼ

ὼ
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ὰ
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Ὢ ÓÉÍÉÌÁÒÉÔÙὼȟὰ

Ὢ ÓÉÍÉÌÁÒÉÔÙὼȟὰ

Slide credit: Andrew Ng 



Choosing the landmarks

ÅGiven ὼ

Ὢ ÓÉÍÉÌÁÒÉÔÙὼȟὰ ÅØÐ
ὼ ὰ

ς„

Predict ώ ρÉÆ— —Ὢ —Ὢ —Ὢ π

Where to get ὰ ȟὰ ȟὰ ȟỄȩ

ὼ

ὼ
ὰ

ὰ

ὰ
ể

ὰ

Slide credit: Andrew Ng 



SVM with kernels

ÅGiven ὼ ȟώ ȟὼ ȟώ ȟỄȟὼ ȟώ

ÅChoose ὰ ὼ ȟὰ ὼ , ὰ ὼ ȟỄ, ὰ ὼ

ÅGiven example ὼ:
ÅὪ ÓÉÍÉÌÁÒÉÔÙὼȟὰ

ÅὪ ÓÉÍÉÌÁÒÉÔÙὼȟὰ

ÅỄ

ÅFor training example ὼ ȟώ :

Åὼ ᴼὪ

Ὢ

Ὢ
Ὢ
Ὢ
ể
Ὢ

Slide credit: Andrew Ng 



ÅHypothesis: Given ὼ, compute features Ὢᶰᴙ
ÅPredict ώ ρ ÉÆ—Ὢ π

ÅTraining (original)

ÍÉÎὅ ώ ÃÏÓÔ—ὼ ρ ώ ÃÏÓÔ—ὼ
ρ

ς
—

ÅTraining (with kernel)

ÍÉÎὅ ώ ÃÏÓÔ—Ὢ ρ ώ ÃÏÓÔ—Ὢ
ρ

ς
—

SVM with kernels



Support vector machines (Primal/Dual)

ÅPrimal form

ÅLagrangiandual 
form

ÍÉÎ
ȟ

В — ὅВ‚

ÓȢÔȢ —ὼ ρ ‚ ÉÆÙ ρ
—ὼ ρ ‚ ÉÆÙ π

‚ π ᶪὭ
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SVM (Lagrangiandual)

ÍÉÎ
ρ

ς
ώ ώ ‌ ‌ ὼ ὼ ‌

ÓȢÔȢ π ‌ ὅ

ώ ‌ π

Classifier: — В‌ ώ ὼ

ÅThe points ὼ for which ‌ πO Support Vectors

Replace ὼ ὼ with ὑὼ ȟὼ



SVM parameters

Åὅ

Large ὅ: Lower bias, high variance. 
Small ὅȡHigher bias, low variance.

Å„

ÅLarge „ȡfeatures Ὢvary more smoothly.
ÅHigher bias, lower variance

ÅSmall „ȡfeatures Ὢvary less smoothly.
ÅLower bias, higher variance

Slide credit: Andrew Ng 



SVM Demo

Åhttps://cs.stanford.edu/people/karpathy/svmjs/demo/

https://cs.stanford.edu/people/karpathy/svmjs/demo/


SVM song

Video source:

Åhttps://www.youtube.com/watch?v=g15bqtyidZs



Support Vector Machine

ÅCost function

ÅLarge margin classification

ÅKernels

ÅUsing an SVM



Using SVM

ÅSVM software package (e.g., liblinear, libsvm) to solve for —

ÅNeed to specify:
ÅChoice of parameter ὅ.

ÅChoice of kernel (similarity function):

ÅLinear kernel: Predict ώ ρ ÉÆ—ὼ π

ÅGaussian kernel: 

ÅὪ ÅØÐ , where ὰ ὼ

ÅNeed to choose „ . Need proper feature scaling
Slide credit: Andrew Ng 



Kernel (similarity) functions

ÅNote: not all similarity functions make valid kernels.

ÅMany off-the-shelf kernels available:
ÅPolynomial kernel

ÅString kernel

ÅChi-square kernel

ÅHistogram intersection kernel

Slide credit: Andrew Ng 



Multi-class classification

ÅUse one-vs.-all method. Train ὑSVMs, one to distinguish ώ Ὥfrom 
the rest, get — ȟ— ȟỄȟ—

ÅPick classὭwith the largest — ὼ

ὼ

ὼ

Slide credit: Andrew Ng 



Logistic regression vs. SVMs

Åὲ number of features (ὼɴ ᴙ , ά number of training examples

1. If ▪is large (relative to □): ὲ ρπȟπππȟÍ ρπρπππ
ᴼ¦ǎŜ ƭƻƎƛǎǘƛŎ ǊŜƎǊŜǎǎƛƻƴ ƻǊ {±a ǿƛǘƘƻǳǘ ŀ ƪŜǊƴŜƭ όάƭƛƴŜŀǊ ƪŜǊƴŜƭέύ

2. If ▪is small, □ is intermediate: ὲ ρ ρπππȟÍ ρπρπȟπππ
ᴼUse SVM with Gaussian kernel 

3. If ▪is small, □ is large: ὲ ρ ρπππȟÍ υπȟπππ
ᴼCreate/add more features, then use logistic regression of linear SVM

Neural network likely to work well for most of these case, 
but slower to train Slide credit: Andrew Ng 



Things to remember

ÅCost function

ÍÉÎὅ ώ ÃÏÓÔ—Ὢ ρ ώ ÃÏÓÔ—Ὢ
ρ

ς
—

ÅLarge margin classification

ÅKernels

ÅUsing an SVM

ὼ

ὼ

margin



Neural Networks

ÅWhy neural networks?

ÅModel representation

ÅExamples and intuitions

ÅMulti-class classification



Neural Networks

ÅWhy neural networks?

ÅModel representation

ÅExamples and intuitions

ÅMulti-class classification



Non-linear classification

Predict ώ ρÉÆ

Ὣ— —ὼ —ὼ —ὼὼ

—ὼ —ὼ Ễ π

ὼ= size

ὼ= #bedrooms

ὼ= #floors

ὼ= age

ȣ
ὼ

ὼ

ὼ

Slide credit: Andrew Ng 

# Quadratic features? 

# Cubic features?



What humans see

Slide credit: Larry Zitnick



What computers see
243 239 240 225 206 185 188 218 211 206 216 225

242 239 218 110 67 31 34 152 213 206 208 221

243 242 123 58 94 82 132 77 108 208 208 215

235 217 115 212 243 236 247 139 91 209 208 211

233 208 131 222 219 226 196 114 74 208 213 214

232 217 131 116 77 150 69 56 52 201 228 223

232 232 182 186 184 179 159 123 93 232 235 235

232 236 201 154 216 133 129 81 175 252 241 240

235 238 230 128 172 138 65 63 234 249 241 245

237 236 247 143 59 78 10 94 255 248 247 251

234 237 245 193 55 33 115 144 213 255 253 251

248 245 161 128 149 109 138 65 47 156 239 255

190 107 39 102 94 73 114 58 17 7 51 137

23 32 33 148 168 203 179 43 27 17 12 8

17 26 12 160 255 255 109 22 26 19 35 24

Slide credit: Larry Zitnick



Computer Vision: Car detection

Testing: 

Slide credit: Andrew Ng 



50x50 pixel images -> 2500 pixels

ὼ

ÐÉØÅÌρÉÎÔÅÎÓÉÔÙ
ÐÉØÅÌςÉÎÔÅÎÓÉÔÙ

ể
ÐÉØÅÌςυππÉÎÔÅÎÓÉÔÙ

Quadratic features (ὼὼ)~
3 million features Slide credit: Andrew Ng 



Neural Networks

ÅOrigins: Algorithms that try to mimic the brain.

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

ÅRecent resurgence: State-of-the-art technique for many 
applications

Slide credit: Andrew Ng 



https://www.slideshare.net/dlavenda/ai-and-productivity



¢ƘŜ άƻƴŜ ƭŜŀǊƴƛƴƎ ŀƭƎƻǊƛǘƘƳέ ƘȅǇƻǘƘŜǎƛǎ

[Roe et al. 1992] Slide credit: Andrew Ng 



¢ƘŜ άƻƴŜ ƭŜŀǊƴƛƴƎ ŀƭƎƻǊƛǘƘƳέ ƘȅǇƻǘƘŜǎƛǎ

[Metin and Frost 1989] Slide credit: Andrew Ng 



Sensor representations in the brain

Slide credit: Andrew Ng 



Neural Networks

ÅWhy neural networks?

ÅModel representation

ÅExamples and intuitions

ÅMulti-class classification



A single neuron in the brain

Input

Output
Slide credit: Andrew Ng 


