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KIEREEE (KNN)
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S8 1: &FKE (K=5)

B(X2Y2)
T 2 ITERIEE
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A(X1.Y1)

SR
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X1 X2 o

Euclidean Distance between Arand B2 = /(Xz-X1)2+{Yz-Y1)2
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KIEREEE (KNN)
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KNN Example (K=3) - CIFAR-10 Images in 2D PCA Space
Test Image, 3 Neighbors, and KNN Neighborhood Circle
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https://github.com/facebookresearch/dino

)

Pretraining

Features

(_/ ) Q>

Inputs

ID test

———

Fine-tuning Linear probing

Randomly O Backprop Randomly Backprop

initialized =~ initialized .- _L
head QO head QQ
O Frozen Features

85.1% 82.9%

Average accuracies (7 ID datasets)
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RER  (Decision Tree)

internal
(split) node

A general tree structure

11

12

14

a terminal (leaf) node




RER  (Decision Tree)

A decision tree

Is bottom Is bottom
part green? part blue?




RER  (Decision Tree)

O RERE—MPiE 53 28eko I HRE

O RS AL
> SUETRE -> PHIkGSH
> B FARIREHIE: RS
I
> HHE: RIES A
> IREMSHE: RETSE, KE— D HESE P
> BEMSE: HFHES, DRYEEE
> WRTEREIE N T AR REEE




RER  (Decision Tree)

O RERE—MPiE 53 28eko I HRE

O SyNERZHIEFERIZSEEIRT, KBED DT

O SFRNERAIMALE (ERENE. BEERKX
AT, NISKRAEEIER ST

bkt IEH R




R (Decision Tree)
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RER  (Decision Tree)
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R (Decision Tree)

Probabilistic prediction
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/
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RER]  (Decision Tree)
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@ HREEHEER: TE—KE5 % CIFAR-10 B d
Decision Tree Structure (max_depth=3)

@ RRIE: BEoXKBGERMNRRMHITRE, BEEHIMHHILE. "= 05"

samples = 4
> XIT REHAET S Jaas';‘iz#%.;!i
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FIMEER: &

PCA1l <=25
gini = 0.5
- REISE HNREMOENS, BRT A e ~alpre]

0 m.
. WFF—AEE 2
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RERPIRIUAL o

At each node S;, given a data attribute 4;
For each possible feature:
For each value of this feature in the data set:

This estimates the cost of

Evaluate function I (Sj,Aj) ‘ splitting training data into

left/right* components (S, 57)
*: leaf 1, leaf 2

Chose the best feature and value for splitting on

<

Split data according to this function

until termination criterion is met, e.g.
 no more data to split
maximum depth is reached

REPEAT



RERPIRIUAL o

At each node S;, given a data attribute 4;
a random subset of
For feature:
a random subset of values _
For eael=vatae Of this feature in the data set:

This estimates the cost of

Evaluate fu nCtion I(S],AJ) ‘ splitting training data into

left/right* components (S, S7)
*: leaf 1, leaf 2

Chose the best feature and value for splitting on

<

Split data according to this function

until termination criterion is met, e.g.
 no more data to split
maximum depth is reached

REPEAT



RERPIRIUAL

=5 WA —F2EE1E
- IRIEEERD HIEE)

- BIREHIREREIEERI (S, 4))

g% (Information gain)
SIS



% (Entropy)

IN

R IBREATRIZEKT

+

_|_
o0
tﬁ@

Very impure group Less impure Maximum purity

- WERE, FAMEEMEIK,




& (Entropy)

Entropy is defined as
H=— Z p(yi) log, p(yi)

YkEY
where p(y,) = p(y = k) is the probability of class &

p(y1) = p(y2) = 5/10=1/2 p(y1) = 7/9 p(y1) =7/7 =1
p(y2) = 2/9 p(y2) =0
_|_
+
+£00
O +
Very impure group Less impure Maximum purity
-> maximum entropy -> minimum entropy

H=-2* Vs logy Vs = 1 H ==- (7/9 log, 7/9 + 2/9 log, 2/9)

0.7642 H=-Tlogz1=0



(E218z5 (Information Gain)

- iR (S RIE R EIERH N IR SEZF SR LS EEEBIIRES
Fr&4ERIEY

1(S;,4)) = H(S;) — ¥ ,j—j} H(S})

- R

Information gain = Entropy(parent) — [weighted average
entropy(children)]



=Ri#z¢ (Information Gain)

I(S;, J)_H(S) le ]‘ H(S)
with
H(S) = — Z p(Vi) logz p(Yk)

YKEY

« y = class labels i.e. for binary class y = {0, 1}
 p(yy) is probability of class k at given node/leaf;

= total number of data points reaching node j;
Sjl| = total number of data points reaching leaf i of node j;
» A; = data attribute




=Ri#z¢ (Information Gain)

» il RARANE R B m

Child node 2:
+
++
1 @
O +O 40and7 +

11 instances

Child node 1

12 instances

100 and 2 +

Parent node:

23 instances: 14 O and 9 +




=Ri#z¢ (Information Gain)

» il RARANE R B m

Child node 2

+ T

O
_|_
O +9

H(S?) = —(14—1 log (%)) — (% log (%)) =0.946

Child node 1

Parent node:

H(S;) = —(;—: log (;—:)) - (% log (%)) =0.966

H(S') = —(% log (g)) — (12—2 log (%)) =0.650



(=B1Ez5 (Information Gain)

s T RERI A ETHE

12 ©0.650 + 2 x 0.946 = 0.792
23 23



[EEE
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7 (Information Gain)

F T BRI A LTHE -

bas
(=2
&
[
1

12 +0.650 +% x 0.946 = 0.792

23
st .
I1(S;,4)) = H(S;) 2 I‘s_j} H(S})

D EAERIETEE

\

I(S;,4;)= 0.966 — 0.792 = 0.163
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FEFNZZM (Random Forest)

O JREEIMAIIERE: ERANRSRITHYFIRTAR N AT e Fia el

O B4R BENFHFE = RSARFH—ETTN

. EREIEE: S/SEESEES

- BifiRE: 8319 "W BE—TRRN (BRERE), i i i

. BTN EFTERERLERE, S

O AN (FERR):

Final Result

- [EREE (FRNEE): ERrE R RNTRERIFEE

-+ DRIEE (FRZR): FrERERH:

HYSERIREE

SERE, FEERE




FEFNZZM (Random Forest)

> BEIFFMERRIXEE: SRAFS
> AEE "EE" ? (ERMEEXE):
o HRRMEENBIR: BFZFHmE, FUURNIEE,

Decision Tree-2 Decision Tree-N

o FMEEN: B ETIE , We —MERT T | "

RRRRRRRRRRRRRRRR

o BRRM: REWMZEER "ERE"
> WMAGRIE "ERME" ? . SIABEHLTE)
(1) SuEpEHNEE . =R RA—8D)IZRE0E KZES

Final Result

(2) FSHERBINEEY: BXDERTR, RERE DL
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IFEENL (SVM)

O SVMBIEIRE: AIl—%&% (8
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2H) ATLUSEH

E=Ss
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ﬁ%hidﬂ (SVM )

O SVME5iBig

Jm@=0@-X"a)'(y —X"a)

BIEEHRKH
HSH70
XX"a =Xy

a=Xx")"1Xxy

RRSFEFES X) BX

IFRIRIEL -

X2

Linear Classification

X1

R?&IE%%-/\\\ 1 ngl' /\\\Ti&lu\

SVM Classification

Optimised
hyperplane

X1




ﬁ%hidﬂ (SVM )

O SVM5E5Z&EZEIFRIRILL: RAXTEHER, R E RS

Logistic Regression Linear SVM
Training Score
0.7 1 . ~| | —e— CV Score
o 0.6
(o)
O
wn
L 0.5-
—&— L1 CV Score
0.4 - —&— L1 Training Score
—&— |2 CV Score
L2 Training Score

100 200 100 200
Training Samples
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O &4al 9 vs. AT H

° o s ©
.0 ... AAAAA ..
= r E_I-Jj b Aaka
» A AA @
A

AT e oryy S




IS

SVM: JREEHES
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SVM: RXTVENX

OIFEE: N AMER (x1,51), (X2,92), -, (Xnoyv)

ys): R

t x,€eR” H y.e{—1,1}., BREANPEBNEEMET

o NI MXBIRBER T ERN: W x+b=0

wix,+b=>1 X+ y,=+1

FHEXTIIZRE

cexw x, +b<—1 X%+ y,=—1

—y,(w'x;+b)—1=0




SVM: 37

- Bt HERIWNRBBREES (B "ZiFEE" )
+ BMNYRENTS5IZERIER

-

linearly separable data 4
[ : ¢
: Margin = g
[Iwl|
@
[} 4]
."4 .
Support Vector: Vs
@ @ Support Vector ¢
@] @ ‘
®
®
wix+b=-1 -
wix+b=0 .
- : 5]
wix+b=1 v /2]



SVM: ZHEFRIEV U ER

SVM HEHR SR A — SR ALEA X5 RS SR E
B8 (Margin) BIANEN S [ = ﬁ

AL BtR:
1
ATERALER, ShFaiMe 5wl

+ SVM {RALEEATK: l?@ﬂ: GCEBSTFHBBERT)
minimize 7 |[w]|? RAE 5 K T

w,b
s.t. y(w'x,+b)=1, i=1, N/

...’




SZIFEENCER

« Hard Margin to Soft Margin SVM

¥ Hard Margin Classification

V¥ Soft Margin Classification




SVM: ZHEFRIEV U ER

- IBINEERYETIIN

The Soft Margin SVM

N
T
min 5wl +C;€;

subject to  y;({w,x;) + b) > 1-¢;,
=10

fori=1 ... .

C: regularization parameter. ||w/||?: the regularizer.




SVM{EA: XFBRZ

N
D
min §||W|| T C;fi

subject to  y;((w,x;) + b) > 1-¢,
=

@ We use a; > 0 and ~; > 0 as the Lagrange multipliers.

e «;: w.r.t. the constraint that examples are correctly classified.
e ~;: w.r.t. the non-negativity constraint of the slack variable.

N
1
£(W, baﬁ,a,’)’) = 5”“’”2 + ngl
i=1

N N
=) " ai(yi((w,xi) + b) =1+ &) — > i
i=1

i=1




SVM{EA: XFBRZ

1 N N N
e = ClWIP+ CY & =D ailyil(w,xi) + b) =1+ &) - gviff

i=1 i=1

N
0L
w' — Z Oéi}’ixiT
i=1

ow
N
0L
% = —;Oﬁ}’i
o= C—oai—ni

0¢;




SVM{EA: XFBRZ

. N N N
£ = §||w||2 + ng, — Za;(y,-((w,x,-) +b)—1+4¢;) — ;'Yigi

0L

ow
oL

ob
0L

o&;

i=1
N
i T
w —E QjYiX;
i=1

N
S g
i=1

C—aji—n1i

i=1

@ Maximizing the Lagrangian by
setting -g% =0T,

N
W = E Q;yiXj.
i=1

@ The optimal weight vector is a linear
combination of the examples x;'s.

@ Xx;'s with a; > 0: support vectors.




SVM{EA: XFBRZ

Substituting the expression for w into the Lagrangian, we have

N N N N
1
(¢ 7)) = EZZy;yja;aﬂxi,xj)—Zyiai<zyj'ajxj, Xi>
i—1 j=1

i=1 j=1
N N

N N N
+CZ& — be;ai — Zai — Zaiﬁi — Z%‘Ei-
i=1 i=1 =1 i=1 i=1

@ No terms involving the primal variable w.



SVM{EA: XFBRZ

The Dual SVM

N

1 N N
min 5 E ZYi}’J'aiaj<xia Xj> - z o

(8
i=1 j=1 i=1

N
subject to > yia; =0,
i=1

0<a;<C forall i=1,...,N.

o a=[ay, --,an]" € RV: Lagrange multipliers.




SVM: %K%

\
Z

N N N
mcjn 5 E E yiyjoiog x,,xj El o
f=

i=1 j=1

N
subject to > yja; =0,
=l

0<a;<C forall i=1,...,N.

@ We can see the inner product occurs only between examples. No
inner products between examples and parameters!

@ The primal SVM: # optimization variables: feature dimension D.

@ The dual SVM: # optimization variables: the number N of examples.

Il
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SVM: #ZER%8
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SVM: %K%

1 N N N
mcin EEZ yiyjoio(Xi, X;) Za;

N
subject to > yja; =0,
i=1

0<a;<C forall i=1,...,N.

@ We can see the inner product occurs only between examples. No
inner products between examples and parameters!

o Kernel trick: consider ¢(x;) to represent x; (¢ : X — H).

o Consider a similarity function k(x;,x;) = (¢(x;), ¢(x;))s instead of
defining ¢(-) and computing the resulting inner product.
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SVM: ¥R

« INEISVMiZRZL  (Kernels) ESVMMEELELER]FAIZOMUE

- HZREOTER M ARIIES, BINHERLLDRERS

— linear k(x%,) =X X,
: G GE 3 g e > xd
— polynomial f(X,X,) = (7 X, X, +0)
— Gaussian or radial basis /c(xl,xz):cxl)(f 7|x, —x,|| )

— sigmoid k(x,,X,)=tanh(y X, -X, +¢)




Linear SVM

° Poly SVM Sigmoid SVM
.
L]

RBF SVM

.55,

Linear SVM

RBF SVM

Sigmoid SVM




Z5): FHSVMB{TBI B2

|

@ EEFOEEIG: —KFOEM CIFAR-10 Bl

@ SVM RER: I ERR(EF FIRTS51:
EMCREREREL: (RoR(E = (W1 * F54E1) + (W2 * 51E2) + b
FHISE: w1=0.5 w2=-0.8, b=0.2
TR REIGISIE: 151E1=-0.5, 51E2=1.2
I8 REHE = (0.5%-0.5) + (-0.8 *1.2) + 0.2 = -1.11

PRIM: RR(E 2 0=> "RE" ,RRE<0=> "

GEER. hEeE - 1 11 => TR ¥

o

SVM Example -
CIFAR-10 Images and Decision Boundary in 2D PCA Space
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