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Classification

Features: color, weight

Label: taste is sweet (positive/+) or not (negative/-)

A
QO
&) ____9 =
— e . T
S ;0 0N
U N+ :
Z e ‘~~ a a a 'l'
© —
>
color

(color, weight) — sweet ?
X —{—1,+1}

ground-truth function f

examples/training data:
{(331, y1)7 JRIR (wma ym)}
yi = f(x;)



Regression

Features: color, weight
Label: sweetness [0,1]

A O
®
= O
o0 @0
D)
2 P ® O
(
e .
>
color

(color, weight) — sweetness
X — [—1,+1]

ground-truth function f

examples/training data:
{(331, y1)7 JRIR (wm7 ym)}
yi = f(x;)
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Decision tree model

weight

find a decision tree that matches the data?



Split-criterion: classification

for every possible split of every feature:

e

Training error:

prediction: -  prediction: + prediction: — prediction: +
error: 1 error: 3 error: 3 error: 2
total error: 4 total error: 5

total error: 4 W



Split-criterion: classification 13T
Information gain (ID3):
Entropy: H(X)=—) p;In(p;)
. ¢ left ight
Entropy after split: 7(X;split) = Zzu H (left) #ﬁu H (vight)

Information gain: H(X)-I( X;split)

1.1 7 7

H(left) = —=In- — —1In - = 0.3768 IG=H(X)—0.6132
H (right) = > ln§ — §hrl§ = 0.6616 :

S8 s 000890 SRR 0,
IG = H(X) — (0.5 x 0.3768 4+ 0.5 x 0.6616)

= H(X) —0.5192 IG = H(X) —0.5514



Split-criterion: classification

Gain ratio (C4.5):
H(X) — I(X; split)

Gain ratio(X) = TV (split)

IV (split) = H (split)

e.g. student

IG = H(X) — 0
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0000
Split-criterion: classification 11T
o
Ginl index (CART)
Gini: Gini(X) =1 — sz
Gini after split: left Gini(left) + #;lflht Gini(right)
IG = H( ) — 0.5192 IG = H(X )—06132
Gini = 0.3438 Gint = 0.4427

e 5 Bane

IG = H(X) — 0.5514
Gini = 0.3667



Split-criterion: regression

Training error:

mean: 7.25 mean: 3.1667 mean: 6.1667 mean: 2.75

MSE: 8.75+22.83=31.583 MSE: 43.5833



Split-criterion: stop

Stop criterion:
no feature to use

Classification: examples are pure of class

Regression: variance small enough



Make-leaf

not red

Classification: major class

Regression: mean value

red




DT boundary visualization

decision stump max depth=2 max depth=12



Neural networks

y#—Axon Terminals (receiverq
{transmitters) |

Cell
- Body

Schwann’s
] Cells
{they make
the myelin)
Node of
l,l"Ranvier

-

Axoﬂ

{the conducting Myelin Sheath
fiber) {insulating fatty layer

that speeds transmission) ©EnchantedLearm’ng.com




Neuron / perceptron

output a function of sum of
input

linear function:

threshold function:

sigmoid function:




Limitation of single neuron 11

. A

X1 | xXo || ¥ O O

0 |0 0

0 1 1

1 0 1

1 1 0 O o

X

[Minsky and Papert, Perceptrons, 1969]

Marvin Minsky :
Turing Award 1969 Al Winter




Multi-layer perceptrons

feed-forward network

input hidden hidden output
layer layer layer layer

sigmoid network with one hidden layer can approximate
arbitrary function [Cybenko 1989]



Back-propagation algorithm

) = F(x)
gradient descent
error: E(w) = (F(x) —y)?

update one weight: Aw;, ; =
weight of the laster layer
OF(w) OFE(w)0F(x)
ow; - OF (x) Ow;
weight of the first layer )
OF(w) OF(w)0F(x)0HL2 0OHLI1
dw;;  OF(x) OHL2 6HL1 Ow;

[Rumelhart, Hinton, Williams, Nature 1986]




Back-propagation algorithm

For each given training example (x, y), do

1. Input the instance x to the NN and compute the output value o, of every output
unit u of the network

2. For each network output unit £, calculate its error term o,
O + 0k(1 — o) (yx — ox)
3. For each hidden unit £, calculate its error term o,

Op < o (1 — o) Zkeoutputs WhOk

4. Update each network weight w;; which is the weight associated with the i-th
input value to the unit j

Wij; = Wj; + 1052 j;

[Rumelhart, Hinton, Williams, Nature 1986]



Advantage and disadvantages

Smooth and nonlinear
decision boundary

Slow convergence
Many local optima @

Best network structure unknown .,

Hard to handle nominal features



Deep network

autoencoder:

RBM
Pretraining

A N———— M. SR———

Unrolling Fine-tuning

[Hinton and Salakhutdinov, Science 2006]



Bayes rule

classification using posterior probability

for binary classification

+1, Ply=+1|z)>Ply=-1]|=z)
flz)={ -1, Ply=+1|@) < P(y=—1|=)
random, otherwise
in general
f(x) = argmax P(y | x)
Y how the
= argmax P(z | y)P(y)/P(x) probabilities be
Y estimated
= argmax P(z | y)P(y)

Yy



Naive Bayes

flx) = arg;naxP(w | y)P(y)

estimation the a priori by frequency:
~ 1
P(y) < Ply) = — > Iy =vy)

assume features are conditional independence given
the class (naive assumption):

P(x|y) = P(z1,z2,...,25 | y)
=P(z1|y) Pz [y)-... P(an | y)

decision function:

f(z) = argmax P(y) | [ P(: | v)

Yy i



e00
00co
Naive Bayes §:'
color={0,1,2,3} weight={0,1,2,3,4}
I T
3 4 yes P(y — yes) — 2/5
2 3 yes P(y:n0)=3/5
0 3 no P(color =3 |y =yes) =1/2
3 2 no .
1 4 no

f(y | color = 3, weight = 3) —
P(color =3 |y = yes)P(weight =3 | y = yes)P(y = yes) = 0.5 x 0.5 x 0.4 = 0.1
P(color =3 |y = no)P(weight =3 | y = no)P(y = no) = 0.33 x 0.33 x 0.6 = 0.06

f(y | color = 0,weight =1) —

P(color =0 |y = yes)P(weight =1 |y = yes)P(y = yes) =0
P(color =0 |y = no)P(weight =1 |y =no)P(y =no) =0



Naive Bayes

color={0,1,2,3} weight={0,1,2,3,4}
e | e [ —

eet?
yes

es
Y +

no

yes

yes

3
2
0
3 no
1

A N W W N
w N R, O

yes
no

smoothed (Laplacian correction) probabilities:

P(color =0 |y =yes) = (0+1)/(2+4) for counting frequency,
assume every event
Py =yes) = (2+1)/(5+2) has happened once.

f(y | color = 0,weight =1) —

1 1 3
P(color =0 |y = yes)P(weight =1 | y = yes)P(y = yes) = Xz X5= 0.01
2
P(color =0 | y = no)P(weight =1 |y = no)P(y = no) = 5 X % X % = 0.02



Nearest neighbor classifier

1-nearest neighbor: k-nearest neighbor:
o © O)' o © dk)
O O
A A
A A
AA A AA A

» asymptotically less than 2 times of the optimal Bayes
error

» naturally handle multi-class

» no training time

» nonlinear decision boundary

» slow testing speed for a large training data set

» have to store the training data

» sensitive to similarity function



Linear model

model space: R™*H!

f(®)=w'z+b

we sometimes omit the bias

fle)=w'x

1. wwith a constant element
2. practically as good as with bias (centered data)



Least square regression

Regression: y € R
Training data:

{(®1,91), (Z2,92), (Tm, Ym) }

Least square loss:

1 ™m
— Z(wTazi +b—y;)’
i=1

-
-
......

- -
-




Least square regression

1 m
L(w,b) = — Txi+b— )’
(0.) = 2>+ b )
OL(w,b) 1 <« T B

=1

ow m
1 m
b:— i — T,L:_— T 5
mgl(y w X)) =y—w T
’w:(

= var(x) teov(z,y) =

closed
form
solution



[.I.D. assumption

all training examples and future (test)
examples are drawn independently from
an identical distribution

- unknown but fixed
- S * distribution D




X X )
o000
X XX
L XX
i o0
Hypothesis class .
A _a g
e ® |@® boxhypothesis class H
= -] contains all boxes
e ¢ ©
V -+
z|l @ @ © e h € H is a hypothesis
+1,if x is inside the box
e © e q @) = {1, if x is outside the box




Training and generalization errors EEE:
false positive training error
A e / 1 -
O e = o Z (x:) # yi)
E: °ll e e
qg) S © [+ o o generalization error
© © o / ¢y = B [I(h(x) # f(2))
olor | = | p@)(h@) # f@))ds
X

false negative

find a hypothesis minimizes the generalization error



X X )
o000
Generalization error gs:’
o
assume i.i.d. examples, and the ground-truth

hypothesis is a box

1 o
e e e the error of picking a

o . .

Y D consistent hypothesis:

s o e

20 ; : with probability at least 1 — 0

qu © : © (+) © 1 1

Lo e <A+
© @ O
>
color

» more examples

smaller generalization error: » smaller hypothesis space



Generalization error

for one h

h 1s consistent

What is the probability of e (h) > ¢

assume his bad: €;(h) > €

h is consistent with 1 example:

P<1-—c¢

h is consistent with m example:

P<(1—¢e™




000
000
Generalization error oo
h is consistent with m example:
P<(l—e™ [o ©9.
There are k consistent hypotheses —__&
sl o | ‘F Y 1
Probability of choosing a bad one: o —— P —

hi is chosen and h; isbad P<(1—-¢™
h> is chosen and h> is bad P<(1-¢™

hx is chosen and hxis bad P<(1—-¢™

overall:
Jh: h can be chosen (consistent) but is bad



Generalization error

hi is chosen and h; isbad P<(1—-¢™
h> is chosen and h> is bad P<(1—-¢™

hx is chosen and hxis bad P<(1—-¢™

overall:
Jh: h can be chosen (consistent) but is bad

Union bound: P(AuU B) < P(A) + P(B)

P(3h is consistent but bad) < k- (1 —¢)™ <|H|- (1 —¢)™



Generalization error

P(3h is consistent but bad) < k- (1 —¢)™ <|H|- (1 —¢)™

with probability at least 1 — ¢

1 1
€g < E'(IH‘H‘—I_IHS)



Inconsistent hypothesis

What if the ground-truth hypothesis
is NOT a box: non-zero training error

e e
e .......@ .

. ¢'6 ..... g
= Q. . : s
T é o O with probability at least 1 — ¢
2l oy 09 4l ! 1

@ ©F w<aty [+

°©/ ©e¢
>

training error
5 » more examples

smaller generalization error: » smaller hypothesis space
» smaller training error
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Feature extraction

disclosure the inner structure of the data
to support a better mining performance

feature extraction construct new features
commonly followed by a feature selection

usually used for low-level features

1 &N 40 4
4 3§ O 4 2
digits bitmap: 2 4 [0 D @ 4
3400
< O 14 & 3 (3
X3 @ % € D




Linear methods

Principal components analysis (PCA)

rotate the data to align the directions of
the variance




[Linear methods

Principal components analysis (PCA)

the first dimension = the largest variance direction

z=wlx

O L0
O
Var(z;) = wiZw; O o
O
. . ey O 00
find a unit w to maximize the o \
variance O

n‘lvaxw{Zwl —x(wiw; —1)
1

23w1 — 2w = 0, and therefore 2w = axw;

wiswi = awliw; = «

w is the eigenvector with the largest eigenvalue



Linear methods

Principal components analysis (PCA)

the second dimension = the largest variance
direction orthogonal to the first dimension

navaxw§sz —ax(wiwy —1) - Bwiw; —0)
2
22wWor — 200w — w1 =0

=0 2Wor = XW>

w’s are the eigenvectors sorted by the eigenvalues



Second Eigenvector

Linear methods 444

Optdigits after PCA o000
) —--cc---ennn SEREPRTTRERE TR PR PR TP SEEEEPREPREY EEEERETRERE e EEEEEPEERE " X )

S SR AU e T AR RN SRR
5 R 5 s s

71 EORR SO I ORI A N Bet B,

S ISR SOSUOURUUUU SRR SOOI SO PR e

—40 i i i i i i
-40 -30 -20 -10 0 10 20 30 40
First Eigenvector from [Intro. ML]



Linear methods

200 -

100

Eigenvalues

0 N N
40 50 60 70
Eigenvectors
(b) Proportion of variance explained
T o ey e A
0.8 AT
&
Z0B K
o
g
x 0.4 - e
0.2/ SRR =
0 | | | | I I I
0 10 20 30 40 50 60 70
Eigenvectors from [Intro. ML]



Linear methods

Multidimensional Scaling (MDS)

keep the distance into a lower dimensional space

O ®

for linear transformation, o o
W is an n*k matrix

\
'OO/ RENG
T T 9 O @) 2
argmmifnZ(HfBi W —x; W| - ||z; — x;|) o

©,J




Linear methods

2000

Helsinki
1500

~Moscow

1000

+Dublin

-London it

500 -

North
Atlantic

. parié ‘ -Berlin
«Zurich

~500 rLisbon : -Madrid L

-1000

" +lstanbul
Rome

-1500

- Athens
@
Q5 4 ;
W@ saler:ivsoooo

n, e e pn el

MALTA e
‘

L"‘""m

_2000 i i i i i i i i i
-2500 -2000 -1500 -1000 -500 0 500 1000 1500 2000

from [Intro. ML]



[Linear methods

Linear Discriminant Analysis (LDA)

find a direction such that the
two classes are well separated -

7z =wlx

m be the mean of a class
s? be the variance of a class

maximize the criterion

(my — my)?
$? + 85

J(w) =

-

W

m,

",




Linear methods

Linear Discriminant Analysis (LDA)

(m —mz)° = wim-—wim)?
T T
= w (m—mp)(m —mp) w
= wlSzw

st = D> (whx! —myp)*r!
t

> wlhixt —my)(x' —myp)Twr!
t

= wisw
st + 85 =wliSyw Sw = S1+S>
The objective becomes:

(w) = -mp)2  wiSgw  [wl(m; —my)|°
JW) = — o = W Tsow TS
Sl +SZ Wi dww WidSww




Linear methods

Linear Discriminant Analysis (LDA)

The objective becomes:
T(w) = (m —mz)?>  wiSgw  [wl(m —my)|°

s?+s5  wiSyw wTSyw
T _ T _
w'(m; —m;) 2(my —my) - ¥ (m; mz)SWw _ 0
wliSyw wiSyw

Given that w! (m; — m>) /w!ISyw is a constant, we have

w = ¢Syt (my — mp)

just take ¢ = 1 and find w



Linear methods

-25 -2 -1.5 -1 -0.5 0 0.5 1 1.5 2 2.5 from [IIltI'O ML]



|

Left-right pose

ST Lighting direction

asod umop=dn

Manifold learning



Manifold learning

A low intrinsic dimensional data embedded in a
high dimensional space

cause a bad distance measure




Manifold learning

ISOMAP

1. construct a neighborhood
graph (KNN and &-NN)

2. calculate distance matrix
as the shortest path on the
graph

3. apply S on the distance
matrix




000
. . 0000
Manifold learning 3
L
o0
Optdigits after Isomap (with neighborhood graph). °
150~
100 -
50 -
O -
-50 -
-100 -
-150° C
-15 150

from [Intro. ML]



Manifold learning

Local Linear Embedding (LLE):

1. find neighbors for each instance

2. calculate a linear reconstruction for an instance

Z X" — Zwrsxfr) 12
r s

3. find low dimensional instances preserving the
reconstruction

Z lz" — ZWrSZSHZ
r s

x space z space



Manifold learning

1.5

-1.5

2.5

from [Intro. ML]



Manifold learning

4

more manifold learning examples

ucpuexe ey

Wrisi rofalion



-

o

| B—
) EI ﬂﬂ
ﬂl.ﬂﬂﬂ

IHEEI
-..E-ﬂﬂ
lllﬁl
EEEEI

uopenaue yae do |

Bottom kop articulation
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more manifold learning examples

Manifold learning
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