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WHAT IS A CLASSIFIER

Apply a prediction function to a feature representation of an 
image/data-set to get the desired output:

f(    ) = “apple”
f(    ) = “tomato”
f(    ) = “cow”

Slide credit: L. Lazebnik



THE MACHINE LEARNING FRAMEWORK

yy  ==  ff((xx))

Training: given a training set of labeled examples {(x1,y1), …, 
(xN,yN)}, estimate the prediction function f by minimizing the 
prediction error on the training set
Testing: apply f to a never before seen test example x and 
output the predicted value y = f(x)

output prediction 
function

features

Slide credit: L. Lazebnik
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FEATURES
Fact Table

- Shop_ID
- Customer_

ID
- Date_ID
- Product_ID
- Amount
- Volume
- Profit
- …

Product

- Product_ID
- Type_ID
- Brand_ID
- Length
- Height
- Depth
- Weight
- …

Product_Type

- Type_ID
- Name
- Description
- …

Brand

- Brand_ID
- Name
- …

Fact Table

- Shop_ID
- Customer_

ID
- Date_ID
- Product_ID
- Amount
- Volume
- Profit
- Delivery 

Time
- …

Custermer
State

Product
Type

Product 
Weight

Volume 
(L*H*D)

Month Delivery 
Time



IMAGE FEATURES

RRaaww  ppiixxeellss

HHiissttooggrraammss

GGIISSTT  ddeessccrriippttoorrss

……

Slide credit: L. Lazebnik



TEXT FEATURES

Hair

Spam

Not Spam

Bag of Words
𝑉𝑉𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖
𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆
𝐻𝐻𝐻𝐻𝑖𝑖𝐻𝐻𝐻𝐻𝐻𝐻
𝑃𝑃𝑖𝑖𝐻𝐻𝐻𝐻𝑃𝑃
𝐴𝐴𝑖𝑖𝐻𝐻
…

ℎ𝐻𝐻𝑖𝑖𝐻𝐻𝐻𝐻𝐻𝐻 𝑝𝑝𝑖𝑖𝐻𝐻𝐻𝐻𝑃𝑃
𝑝𝑝𝑖𝑖𝐻𝐻𝐻𝐻𝑃𝑃 𝑆𝑆𝑆𝑆𝑖𝑖
𝑆𝑆𝑆𝑆𝑖𝑖 𝐻𝐻𝑖𝑖𝑖𝑖𝑖𝑖

𝐻𝐻𝑖𝑖𝑖𝑖𝑖𝑖 𝐻𝐻𝑒𝑒𝐻𝐻𝑖𝑖𝑖𝑖𝑖𝑖𝐻𝐻𝑒𝑒𝐻𝐻𝑒𝑒𝑆𝑆
𝐻𝐻𝑒𝑒𝐻𝐻𝑖𝑖𝑖𝑖𝑖𝑖𝐻𝐻𝑒𝑒𝐻𝐻𝑒𝑒𝑆𝑆 𝑇𝑇𝐻𝐻𝑇𝑇ℎ𝑒𝑒𝑖𝑖𝑇𝑇𝑇𝑇𝐻𝐻𝑃𝑃

…

N-Grams



FEATURE TO PREDICT UNEMPLOYMENT
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CLASSIFIER OVERVIEW



MANY CLASSIFIERS TO CHOOSE FROM

Slide credit: D. Hoiem

KK--nneeaarreesstt  nneeiigghhbboorr
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DDeecciissiioonn  TTrreeeess

RRaannddoomm  FFoorrrreesstt

((GGrraaddiieenntt))  BBoooosstteedd  DDeecciissiioonn  TTrreeeess

Logistic Regression

Naïve Bayes
Bayesian network
RBMs

….

Which is the best one?
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CLASSIFIERS: NEAREST NEIGHBOR

Slide credit: L. Lazebnik

f(x) = label of the training example nearest to x

• All we need is a distance function for our inputs
• No training required!

Test 
example

Training 
examples 

from class 1

Training 
examples 

from class 2



K-NEAREST NEIGHBOR
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DECISION BOUNDARIES KNN

Assign label of nearest training data point to each test data 
point 

Voronoi partitioning of feature space 
for two-category 2D and 3D data

from Duda et al.

Source: D. Lowe



MANY CLASSIFIERS TO CHOOSE FROM

Slide credit: D. Hoiem
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CLASSIFIERS: LINEAR

FFiinndd  aa  lliinneeaarr  ffuunnccttiioonn  ttoo  sseeppaarraattee  tthhee  ccllaasssseess::

ff((xx))  ==  ssggnn((ww  ×× xx  ++  bb))

Slide credit: L. Lazebnik



LINEAR CLASSIFIERS

Slides from Andrew W. Moore 

f x

a

yest

denotes +1
denotes -1

f(x,w,b) = sign(w. x - b)

How would you 
classify this data?
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LINEAR CLASSIFIERS

Slides from Andrew W. Moore 

denotes +1
denotes -1

f(x,w,b) = sign(w. x - b)

Any of these would 
be fine..

..but which is best?

f x

a

yest



CLASSIFIER MARGIN

Slides from Andrew W. Moore 

denotes +1
denotes -1

f(x,w,b) = sign(w. x - b)

Define the 
margin of a linear 
classifier as the 
width that the 
boundary could 
be increased by 
before hitting a 
datapoint.

f x

a

yest



MAXIMUM MARGIN

Slides from Andrew W. Moore 

yest

denotes +1
denotes -1

f(x,w,b) = sign(w. x - b)

The maximum 
margin linear 
classifier is the 
linear classifier 
with the, um, 
maximum margin.
This is the 
simplest kind of 
SVM (Called an 
LSVM)

Linear SVM
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MAXIMUM MARGIN

Slides from Andrew W. Moore 

denotes +1
denotes -1

f(x,w,b) = sign(w. x - b)

The maximum 
margin linear 
classifier is the 
linear classifier 
with the, um, 
maximum margin.
This is the 
simplest kind of 
SVM (Called an 
LSVM)

Support Vectors 
are those 
datapoints that the 
margin pushes up 
against

Linear SVM

f x

a

yest



THE KERNEL TRICK

33

φ : <2 −! <3

(x1, x2) 7−! (z1, z2, z3) = (x2
1,
p

2x1x2, x
2
2)

h d d d i i b d i il

[http://www.cs.berkeley.edu/~jordan/courses/281B-
spring04/lectures/lec3.pdf]



THE KERNEL TRICK

34

φ : <2 −! <3

(x1, x2) 7−! (z1, z2, z3) = (x2
1,
p

2x1x2, x
2
2)

h d d d i i b d i il

[http://www.cs.berkeley.edu/~jordan/courses/281B-
spring04/lectures/lec3.pdf]



35

https://www.youtube.com/watch?v=3liCbRZPrZA



MANY CLASSIFIERS TO CHOOSE FROM

Slide credit: D. Hoiem

KK--nneeaarreesstt  nneeiigghhbboorr

SSuuppppoorrtt  VVeeccttoorr  MMaacchhiinneess

DDeecciissiioonn  TTrreeeess

RRaannddoomm  FFoorrrreesstt

((GGrraaddiieenntt))  BBoooosstteedd  DDeecciissiioonn  TTrreeeess

LLooggiissttiicc  RReeggrreessssiioonn

Naïve Bayes
Bayesian network
RBMs

….

Which is the best one?



DECISION TREES

37

sex

age

pclass

female male

survive

not survive

3
1

not survive
survive

<=4

not survive

>4



BUILDING A DECISION TREE 
(ID3 ALGORITHM)

11.. AAssssuummee  aattttrriibbuutteess  aarree  ddiissccrreettee
• Discretize continuous attributes

22.. CChhoooossee  tthhee  aattttrriibbuuttee  wwiitthh  tthhee  hhiigghheesstt  IInnffoorrmmaattiioonn  GGaaiinn

33.. CCrreeaattee  bbrraanncchheess  ffoorr  eeaacchh  vvaalluuee  ooff  aattttrriibbuuttee

44.. EExxaammpplleess  ppaarrttiittiioonneedd  bbaasseedd  oonn  sseelleecctteedd  aattttrriibbuutteess

55.. RReeppeeaatt  wwiitthh  rreemmaaiinniinngg  aattttrriibbuutteess

66.. SSttooppppiinngg  ccoonnddiittiioonnss
• All examples assigned the same label
• No examples left 38



HIGHEST INFORMATION GAIN

Titanic Data



40



41
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DECISION BOUNDARIES:
DECISION TREES
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MANY CLASSIFIERS TO CHOOSE FROM

Slide credit: D. Hoiem

KK--nneeaarreesstt  nneeiigghhbboorr

SSuuppppoorrtt  VVeeccttoorr  MMaacchhiinneess

DDeecciissiioonn  TTrreeeess

RRaannddoomm  FFoorrrreesstt

((GGrraaddiieenntt))  BBoooosstteedd  DDeecciissiioonn  TTrreeeess

Logistic Regression

Naïve Bayes
Bayesian network
RBMs

….

Which is the best one?
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Ensemble
Methods



ENSEMBLE METHODS

Bagging (Breiman 1994,…)

Random forests (Breiman 2001,…)

Boosting (Freund and Schapire 1995, Friedman et 
al. 1998,…)

Predict class label for unseen data by 
aggregating a set of predictions (classifiers 
learned from the training data).



GENERAL IDEA

S Training 
Data

S1 S2 SnMultiple Data 
Sets

C1 C2 CnMultiple 
Classifiers

HCombined 
Classifier



BAGGING

Sample with 
replacement

S

S1 S2 Sn

….

M1 M2 Mn

Build classifier 
over sample

Use majority
(or avg. for
regression)

H



BAGGING

• Can help a lot if data is noisy.

• Bagging works because it reduces variance by voting/averaging
o In some pathological hypothetical situations the overall error might 

increase
o Usually, the more classifiers the better

• IIff  tthhee  lleeaarrnniinngg  aallggoorriitthhmm  iiss  uunnssttaabbllee,,  tthheenn  BBaaggggiinngg  aallmmoosstt  aallwwaayyss  
iimmpprroovveess  ppeerrffoorrmmaannccee
o Learning algorithm is unstable: if small changes to the training set 

cause large changes in the learned classifier.
o Some candidates: Decision tree, decision stump, regression tree, 

linear regression, SVMs



ENSEMBLE METHODS

Bagging (Breiman 1994,…)

RRaannddoomm  ffoorreessttss  ((BBrreeiimmaann 22000011,,……))

Boosting (Freund and Schapire 1995, Friedman et 
al. 1998,…)



THE RANDOM FORESTS ALGORITHM

Given a training set S

For  i = 1 to k do:

Build subset Si by sampling with replacement from S

Learn tree Ti from Si

At each node:

Choose best split from random subset of F features

Each tree grows to the largest extend, and no pruning

Make predictions according to majority vote of the set of k trees.



RANDOM FORREST

Sample with 
Replacement & 
select random 
subset of features*

S

S1 S2 Sn

….

M1 M2 Mn
Build classifier 
over sample

Use majority
Vote for
classification (or avg.
for regression)

H

* Normally done for each node of the decision tree – not once 



ENSEMBLE METHODS

Bagging (Breiman 1994,…)

Random forests (Breiman 2001,…)

BBoooossttiinngg  ((FFrreeuunndd  aanndd  SScchhaappiirree 11999955,,  FFrriieeddmmaann  eett  
aall..  11999988,,……))



ADABOOST - CORE IDEA

59

•

θ1

H(x) = sign θihi (x)
i=1

n

∑⎛⎝⎜
⎞
⎠⎟

Classification
Result

Combine to form the
Final strong classifier

h1 h2 h3 h4 h5 hn

Weight the result of each classify
with θ

TTaakkee  aa  sseett  ooff  wweeaakk  ccllaassssiiffiieerrss  (normally they should do better than guessing)

θ2 θ3 θ4 θ5 θn

…..



PERFORMANCE OF DIFFERENT ML MODEL 
FAMILIES

How often ranked 1st

Linear 
SVM

SVM

Boosted Trees

Relative Training Time



IN-CLASS TASK

How would you draw the expected decision boundary for
• Random Forrest
• SVM w/ kernel and regularization
• 1-KNN



CLICKER

The decision boundary looks like the one of:
a) Random Forrest
b) SVM w/ kernel and regularization
c) 1-KNN



CLICKER
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a) Random Forrest
b) SVM w/ kernel and regularization
c) 1-KNN



RANDOM FORREST

The decision boundary looks like the one of:
a) Random Forrest
b) SVM w/ kernel and regularization
c) 1-KNN



65

MMaacchhiinnee  LLeeaarrnniinngg



What if you model has an high 
error?

Bill Howe, UW 66

- Try getting more training examples
- Try smaller sets of features
- Try getting additional features
- Try creating features from existing features (kernels)
- Try decrease regularization
- Try increase regularization



BBiiaass  aanndd  VVaarriiaannccee
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Error
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Training Set Test Set



BBiiaass  aanndd  VVaarriiaannccee
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training set

Error

Training set M

Training Set (m)

Test-Set (ts)

Training Set Test Set
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BBiiaass  aanndd  VVaarriiaannccee

74

training set
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training set

Error

Training set M

Training Set (m)

Training Set Test Set

Training Error



BBiiaass  aanndd  VVaarriiaannccee
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training set

Error

Training set M

Training Set Test Set

Training Error

Test Error

Clicker:
Test error
a) decreases with M
b) increases with M
c) stays constant

Training Set (m)



BBiiaass  aanndd  VVaarriiaannccee
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training set

Error

Training set M

Training Set Test Set

Training Error

Test Error

Training Set (m)



HHiigghh  BBiiaass

78

training set

Error

Training set M

Training Error

Test Error

Training Set (m)



HHiigghh  BBiiaass
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training set

Error

Training set M

Training Error

Test Error

Training Set (m)

Clicker: If you have high-bias, does more data help? 
a) No
b) Yes



HHiigghh  VVaarriiaannccee
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training set

Error

Training set M

Training Error

Test Error

Training Set (m)

Clicker: If you have high-bias, does more data help? 
a) No
b) Yes



Cross-validation

k-fold:  split the data into k groups, train on 
every group except for one, which you 
test on. 

Repeat for all groups

Bitsearch blog



Parameter Tuning

Bill Howe, UW 82

Grid Search


