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@ Linear regression, least squares method
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@ Multiple linear regression
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@ Gradient descent
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@ Multi-class Learning Methods
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8.1 Linear Regression

Lol E) 3

B9 )3 R —Ap @ BT RN A S REE TR L,
Linear regression is a model that makes predictions through linear combination of
attributes.
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» What is Linear Regression?

* Linear regression is a model that makes predictions Linear Regression

—8— Regression

through linear combination of attributes. ==
* Goal: Find a straight line (&%) ,plane (-F&) ,or
higher-dimensional hyperplane (5 %A -F &) that

minimizes the error between predicted and actual

values.

* Coreidea: Use the simplest linear relationship to

approximate complex real-world patterns. (| & & %
MR X R F AERGIE, )



81 ILinear Regression

> Basic form

e General Form of Linear Models

f(X) =wixq1+WoXs+---+Wgxg+b

X = (X1, X2, **X g)1s an example described by attributes, which X; is the value of
on the i-th attribute.

* Vector form

fxX)=wlx+b
Wherew = (W1, Wo, ---W g)are the weights / 4L & (importance of each feature)

b is the bias / 1/ & (overall offset).



81 ILinear Regression

» Advantages of Linear Models
 Simplicity | i X & %
 Easy to understand, implement, and compute.(% T2 ##. £INA=1+5)
* Interpretability | T %&£ 1% 7%
* The weight w; directly shows the importance and direction of influence of
feature X ;.
« Foundation | 2 #2414 7%

* The comerstone for many nonlinear models (e.g., neural networks).



81 ILinear Regression

» A Practical Example

* Task: Predict if a watermelon is good.

e Model: f(x) =0.2 X color+ 0.5 X stem (#&#%) + 0.3 X sound+ 0.1

Interpretation | #% 2.

Stem (0.5) has the largest weight — Most important feature.

Sound (0.3) > Color (0.2) — More significant than color.



817 ILinear Regression : ‘f‘ﬁiilk‘%{

> Handling Discrete Features (&&¥ & #4KF4E)
* Features are not always numbers. How do we handle them?
¢ 1. Ordered Features (e.g., Size: Small, Medium, Large) | A 54342 ()42, R
LX)

Method: Map to continuous values. ( B4} & 42 {4)

Example: Small—0.0, Medium—0.5, Large—1.0



81 ILinear Regression

> Handling Discrete Features (&&¥ & #4KF4E)

* Features are not always numbers. How do we handle them?

2. Unordered Features (e.g., Type: A, B, C) | L 54542 (#]4m, seff: A, B, C)
Method: One-Hot Encoding. (7 # 43 #3)

Example: Type A — [1, 0, 0], Type B — [0, 1, 0], Type C — [0, 0, 1]



81 ILinear Regression

» The Goal of Linear Regression

* Givendataset D = {(Xx1, V1), (X2, V2), -, (Xm, Vm)}, each sample has single
attribute.
* We want to find the best w and b so that:
f(x;))=wx+Db
f (x;) is as close as possible to y; for all i.
linear regression (& Mw=1)a)

The aim of the linear model is to leam a linear model that predicts the actual

value output labels as accurately as possible.
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> Parameter Estimation: Least Squares Method(£ & f&#: & p=F#¥)

 Core Idea: Minimize the Sum of Squared Errors (SSE).(z /1MLi%k £ -F 75 #= (SSE))

(w*,b") = arg mmz — ;)

(w,d) 4

= arg mlnz — WIL; — b
(w,b) 54

&2 (w, b) R NMEL 5 A FEAAZ ] 691% £ s ML,
B )a P s /KA A KA
F—FHABEITA LRI ARIRRKIE B Z Fogm].
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> Parameter Estimation: Least Squares Method(£ & f&#: & p=F#¥)

* Minimum Squared Error

Ms

— WT; — b
=1

* The derivatives of v and / are obtained respectively as follows:

a .y m m
et 2 (w3t~ 3 - )

OBwy) -
T 2 (mb - Z (y; — wxz)>
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> Parameter Estimation: Least Squares Method(£ & f&#: & p=F#¥)

* Getting a closed-form (1] X) solution

m

- 1 .
* where x—azllesthemeanofxi
1=



8.2 Multivariate Linear Regression

3 ALMET Y2

LENMAYG SANERBER, WHFROGEEELARNL S AR,
When each sample is described by multiple attributes, the linear model is called
multiple linear regression.
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» Multivariate Linear Regression

e Given dataset

D = {(wlayl)a(w2vy2)7°"7(mm7ym)}

* Objective of multivariate linear regression

f(x;)) =w'x; +b suchthat f(x;) >y



82 IMultivariate Linear Regression

» Multivariate Linear Regression

fi&ﬁ;k

ANHUE UNIVERSITY OF SCIENCE & TECHNOLOGY

« Transforming w and b into vector form W = (w; b) , the dataset is represented

as.

y:

(3311

L1

(Y1525 - - -

X929

\xml L'm?2

L1d 1\

Lod

Lmd 1)

Sym)

(wl 1\

2




82 IMultivariate Linear Regression

» Multivariate linear regression - Least square method

* Core Idea: Minimize the Sum of Squared Errors (SSE).

A* Eal

w" = argmin (y — Xw)' (y — Xw)
* Let g, = (y — Xw)" (y — Xa) > the derivative of W yields:

OF
2 =2X" (X —
e (Xw —y)

« Letting the above equation equal zero yields the closed-form solution for the W

optimal solution

XX =Xy



82 IMultivariate Linear Regression

» Multivariate linear regression - Least square method

« If X1 X is a full-rank matrix (i# #% 4E %) or a positive definite matrix (iE € 4&

%) , then
w* = (XTX) ' XTy

-1
« where (X1 X) ~ is the inverse matrix (i# 45 %) of X1 X , the linear

regression model is denoted as:

1

f @)=z} (XTX) X'y



82 IMultivariate Linear Regression

» Multivariate linear regression - Least square method

AN

« I X1 X is nota full-rank matrix, multiple solutions for W can be derived.

* The selection of which solution to output is determined by the leaming algorithm's
inductive preference, with regularization being a common practice. (it 3£} —#
VER ST Rl 5 3 B ke W dT2, w AR =251 A BN AL
(regularization) .)




82 IMultivariate Linear Regression

) % gz XY
> Limitations of the Least Squares Method (& /> =% &85 RHE)

 Matrix Inversion Problem | 4& % K i% =] #

* Fails if XTX is not invertible (e.g., too many features, correlated features).

« Computational Cost | ++ 3 & & 5

* Calculating the inverse has a complexity of O(n®), slow for large n.

« WHIEMEM LR OM), T K6y nikiR.

* Sensitivity to Outliers | X 53 & & 4% 2

* Squared error heavily penalizes large errors, making the model swayed by outliers.

s FHFREAFEEAKXRRE, BERERIHBFFAR A,



82 IPolynomial Regression

> Limitations of Linear Regression (£,
M= 2 69 5 PR
* Real-word relationships are often nonlinear. A
straight line may not fit well.
* A curve fits better than a straight line.— 55 #) 4}t

B ARPEAT AT,
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8.2 IPolynomial Regression

> Add Polynomial Features | % &8 : 3w 3 R X K4E

* The quadratic polynomial regression model is
h(x;0) =6, +0,x, +0,x, + 0,57 + 0,55 + 0,x,x,
* Polynomial regression problems can be transformed into multiple linear regression

problems through variable transformation.

A _ - - .2 - 2 -
X2 =X 3,2 TXy 4,283 TX 5,84 =Xy , %5 = XXy,

* Then the quadratic polynomial regression model is transformed into a quintic

linear regression model:

h(x;0) =6, +0,z, + 0,z, + 0,2z, + 0,z, + 0.z,

CAESE (W) L AR AT LR R A K,



8.3 Gradient Descent Method
T &k

BERE—ALE, BRIAXFMALE (RO HKERDME) .
Imagine you're on a mountain and want to reach the lowest valley (minimum of a
cost function).



83 IGradient Descent Method

> When Least Squares Fails (% & /> =3 ik k& 8(8)

* Problem: Computing w = (X™X)™ XTY can be:
* Fails if XTX is not invertible (e.g., too many features, correlated features).

* Conm We need an iterative, approximate approach.

* Calc KA ER—AFiE Koy, LT ik,

o HHAEME LR R N Om), xR niRIE.

« TImpossible online | £.i% /& %4 5 5] (requires all data at once | E 2P A 33—k
PEHTN)



83 IGradient Descent Method

» The Intuition: Finding the Valley | A M & : FR LS

* Imagine you're on a mountain and want to reach the lowest valley (minimum of a
cost function). 78 F AR £ — L b, A% 2|8 g K090 5,
* Strategy:
* Look around to find the steepest downhill direction (the negative gradient).>
AW B, REREGTLr® (AHET ™) .
 Take a step in that direction (determined by the leaming rate). 2 A8 N7 §) i4
—¥ (T RKEFIFERZ) .
* Repeat until you reach the bottom (convergence).

- THAHEAAESK LSO .



83 IGradient Descent Method

» Fundamental Principle of Gradient Descent (36 & F 6928 R )

* The fundamental principle of gradient descent is to iteratively update model
parameters in the direction opposite to the gradient vector of the function. (i# L &
WIEEARY N, SEHBME W E AT e TR LA, )

* This approach enables the fastest possible descent in the function value, allowing
the model to rapidly approach the function's minimum point until convergence.
Ultimately, it achieves a minimized cost function and optimal model parameter
values.(7Z 7 ik e SF I H FAL O MR T %, AR P18 07 ofy B0 IMEA AL 2K
S AT KA DA B e AR B, )



83 IGradient Descent Method

> The Intuition: Finding the Valley | EME & : FR LD

* We want to minimize a cost function J(w) (e.g., Mean Squared Error). 5 /]»L— 4>
ARAEH 2 Hw) (Bldm, HHRE) .

« Gradient (#% /%): The vector of partial derivatives of J with respect to each
parameter w ;. X5 A AN A W 6918 F AR AT ) 2

* Update Rule (for each parameter j):

* W;=W;-a* (0N(w)/ow;)

* Where | £ ¥

* o (alpha) is the leaming rate or step size(% 3] F & ¥ K)

* (0J(w)/dw ) is the gradient of J with respect to w; | J %] w; #94% &



83 IGradient Descent Method

f(x)

1 =g
J(Bﬂ:el} 0|

minimal %’J\E



83 IGradient Descent Method

» The Three Variants:Batch Gradient Descent (BGD) | #t 4 E F &

* Uses all training examples to compute the gradient in each iteration.

o BRI AR BTR D] SR A At Hok B

FIE B
SEEFh A

|

|
m
1 : : :
Wj = Wj — QEZ ((h(x(l)) = y(l)) . xj(l))
i=1

(RE&E#Hw; , (=0,1,..,n))



83 IGradient Descent Method i‘ﬁiilk%{'

» The Three Variants:Batch Gradient Descent (BGD) | #t 4 E F &

Pros: Stable convergence to global minimum (for convex functions).

o Rk 2 bz M T o550 .

* Cons: Very slow for large datasets.
e T RXAHERIETRER,



83 IGradient Descent Method

» The Three Variants:Stochastic Gradient Descent (SGD) | EpLbE B T &

Uses one random training example to compute the gradient in each iteration.

AR % AR AR — AR AL SRAE Ao FAD

SL B

wii=wj — a(h(x®) — y®)x,®
(BLE&EHw; , (7=0,1,..,n))

Pros: Very fast, can escape local minima.

Pob: BB, ST VAR B B #R s ML,

Cons: Noisy updates, may not converge to exact minimum.

e RAITARE, TRARATFAILEE] ME.



83 IGradient Descent Method

» The Three Variants:Mini-batch Gradient Descent (MBGD) | N3t =46
BT &

* Uses a small random subset (batch) of examples to compute the gradient.
c RA—NDIEMEATE E) FHBA.
* Pros: Balance of speed and stability. Most common in practice!

o b REBRMEGTE. TERPRETA

/
SEEF b=1 (BE*R*%E"FB%,SGD)\
b=m (HtE#HE FF BGD)
b b=batch_size, BERE2HVE
_ (k) iz, EIHE32,64,128%.,
W= —ay Z (h(x®) ~y®) 5 (/NS T MBGD)

(BLEHw; | U 0,1,..,n))



83 IGradient Descent Method kg RK¥E

ANHUI UNIVERSITY OF SCIENCE & TECHNOLOGY




8.3 IGradient Descent Method k&2 R¥

ANHUE UNIVERSITY OF SCIENCE & TECHNOLOGY

Gradient . - .
Type £ Computation Speed i# % i;ablhty A& }L;s; Case i |
B A N
All data FT A %% o Very Stable 3F Small datasets ]
b =2 e 1
: One example Very Fast 3F & Unstable 7~4& Online learning
i ) 2 : n
Stochastic B4 KK e = £ 2 )
. Most ML
Mini-batch 4t small baich 4 Fast & Stable 4& = problems X % 4

b2
b3 e ML =28




83 IGradient Descent Method

» Summary

« Gradient Descent is an iterative optimization algorithm for finding local minima.#%
BT A —Mi KIACHE &, B TF&RE=RE M.

* It's essential for large-scale machine leaming where closed-form solutions are
impractical. 2 K AR ML B % ] FLAT ), BAH XNBEAEH.

 The leaming rate a is critical and must be carefully chosen/tuned.%? 5) £ o £ X%
B, LIRAT ik /A,

* It enables online leaming and can handle non-convex functions (like neural

networks).'C X F A& F ], FETULEIEDL HE (eiPE L) .



83 IGradient Descent Method

» Summary

« Gradient Descent is an iterative optimization algorithm for finding local minima.#%
BT A —Mi KIACHE &, B TF&RE=RE M.

* It's essential for large-scale machine leaming where closed-form solutions are
impractical. 2 K AR ML B % ] FLAT ), BAH XNBEAEH.

 The leaming rate a is critical and must be carefully chosen/tuned.%? 5) £ o £ X%
B, LIRAT ik /A,

* It enables online leaming and can handle non-convex functions (like neural

networks).'C X F A& F ], FETULEIEDL HE (eiPE L) .



8.4 Logit Regression . Logistic
Regression

SNEILER R, FHE)

KAV Ko=)z B T 5 R4 F5 52

Can we use linear regression for classification tasks?



8.4 ILogit Regression / Logistic Regression

» From Regression to Classification

* Question: Can we use linear regression for classification tasks?
 Challenges | Bk :
* Linear regression outputs continuous values, but classification needs discrete
labels
c AN E AL, EoRERERARSE
* Real-world probabilities are bounded between 0 and 1
o ESRHERARFALIRA 041 Z ]



8.4 ILogit Regression / Logistic Regression ‘f‘ﬁii—f-*%{'

» From Regression to Classification
* Ideal function: Unit step function 43 M- 3K & %%

0 2z<0
y=105 z=0
L1 z>0

o [2FLE KB B REL. TR - AL



8.4 ILogit Regression / Logistic Regression

» Logistic Function
* Logistic function (sigmoid):

o AHFILE L H/TH L4 (sigmoid)

_ 1
Y = l+e=~
* Properties | 4§14

« Monotonic and differentiable | 317 =T #%

« Bounded between 0 and 1 | FEF] 2042122 ]9]

* Smooth curve | -F 7 # £




8.4 ILogit Regression / Logistic Regression

> Logistic Regression Model

* Combine linear regression with logistic function:

1
y=1+e—(WTx+b)
lnli]y=WTx+b

o YA AXK A 69T GEHE
o M 1-y =T HLA B A| &9 T e tE



8.4 ILogit Regression / Logistic Regression

> Logistic Regression Model
« Odds (JL#): Ratio of probability of success to probability of failure. 5% 7 # % 5

K A F g PUAR

gagse Ty =% ¥ Log-odds = In (L)
y= L=n

* Log-odds (*} # JL#%): Natural logarithm of odds JUZ &9 | A 3L
 Maps probabilities from [0,1] to (-co, +o0) | 48T M [0,1] 8 5F %] (00, +00)
* Linear relationship with features | 545 /2 2 & M % A
 Enables linear regression framework | =T VA & F & 14 =) )2 1E &



8.4 ILogit Regression / Logistic Regression

> Logistic Regression Model
* Logistic

~ = 1z —
1Y . y ~ p(y I)lnp(y 1|m):’UJT$—|—b
1—y ply=0]|x)
* Obviously , there are -
eW x+b
1
ply=0]|z)=

1+ efwTa:—l—b

O) % fiis x K ¥

ANHUE UNIVERSITY OF SCIENCE & TECHNOLOGY



8.4 ILogit Regression / Logistic Regression

> Logistic Regression Model
o MAKMRET: AR CIFEALERE L, ARBFEREA TR (RKRABESE)

FHEGX A KR PR K5 {E! Maximum likelihood method  (#4 k Ak
/X iE) is the method of selecting the parameter values that maximise the
probability of the observed data occurring as the optimal estimate.

* Given dataset [,y )™

* Maximise the probability that a sample belongs to its true label

* Maximise the Log-Likelithood Function

= Zlnp(yz- | @i;w;, )
i=1



8.5 Linear Discriminant Analysis

PP B 27
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ANHUE UNIVERSITY OF SCIENCE & TECHNOLOGY

8.5 ILinear Discriminant Analysis

»> How to best separate two classes? .o .o
* Imagine you're looking at scattered dots in 3D space. ecoe XX

— p @e0O0OOC® eoocoo0
o AR AR A e A b AR TE oo oo
& @0

Goal: Find a viewpoint that makes the separation most clear.

A7 RE| =R AW R X7 090 A .



8.5 ILinear Discriminant Analysis k&2 R¥

ANHUE UNIVERSITY OF SCIENCE & TECHNOLOGY

»> How to best separate two classes?

* LDA finds the best line to project data so _, T
L9

that:
. LDARSIRAE B BARY BIE, R . /

* Same-class points are close together | F]
RERTRREL

 Different-class points are far apart | 7~ 5|
£ SR T BT 5
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8.5 ILinear Discriminant Analysis

> How to best separate two classes?
* LDA finds the best line to project data so

L9
that:

. LDARSIRAE B BARY BIE, R . /

* Same-class points are close together | F]
RERTRREL

 Different-class points are far apart | 7~ 5|
£ SR T BT 5

LDA can also be regarded as a supervised 0
dimensionality reduction technique.

LDAAST AL A —Ar B B &g K




8.5 ILinear Discriminant Analysis

» The idea of LDA:

) % it x k%

ANHUE UNIVERSITY OF SCIENCE & TECHNOLOGY

* The projection points of the same class are as close as possible, and the

covariance between projection places is minimised. 7 £ 7|45 % E AT %L, HE&

B# &N eyt oy £ M.

* The projection points of different classes are as far apart as possible, and the

distance between different class centres is maximised. 7~ 5 £ #|3% % & AT fitin &,

HAE KA P o) 88 5 x KA.

4 L
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85 ILinear Discriminant Analysis i‘ﬁiilk%{

> How to Measure “Closeness” and “Separation”?defT# <8 {7 H“ix
%99?
e Introducing Scatter Matrices (42 4E %)
o RXNWRELEMS Sy: HER EXHEAGHHUALE

S, = 2o+ 21
=Y (@—mo) (T — o) + D (w—p) (w— )"
x€eXg reXq

o AMBEIEES,: HERRAEAHFEARAPSHIES
Sy = (Ho — Hl) (Ho — Nl)T

-aﬁ&ﬁ:ﬁk%éﬂ
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8.5 ILinear Discriminant Analysis
> Generalized Rayleigh Quotient (J~ L% #] %)

o oK EA AL IR AR | Tuming Classification into an Optimization

Problem w'S,w
J =

wlS,w

e W AT FH W9

AN IW) - R KRERFEH. PLEAAESR



8.5 ILinear Discriminant Analysis

> Why Do We Need Lagrange Multipliers?

o HAMABR KL IW), 12 w I = 4578 | We want to maximize J(w), but w
cannot be arbitrarily scaled.
* Add constraint: (7x/m 29 £ 5 1F)
w! Spyw = 1
o FACE] B RTETH L RPN A L L KA | Lagrange multipliers tum

constrained problems into unconstrained ones



8.5 ILinear Discriminant Analysis

» Introduction to Lagrange Multipliers

* Core Idea: Incorporate Constraints into the Objective Function

max J(w) s.t. g(w)=0

w

 Construct Lagrangian (#]3& 354% B B & %%):
L(w,A) =J(w)—\-g(w)

o H & AARI45F0 B KT | where A is the Lagrange multiplier



8.5 ILinear Discriminant Analysis

»> Applying Lagrange Multipliers in LDA

#4545 20 B & 3% | Constructing the Lagrangian Function

L(w, ) = w' Sw — A (wTSww — 1)

%—A: X84 % | First term: Between-class scatter
%W wRT L REH | Second term: Constraint with multiplier
B AR: K Lf w A= L #9444 | Goal: Find extremum of L w.r.t. w and A



85 ILinear Discriminant Analysis iﬁii-f-*%{'

» Solving for the Optimal Projection Direction

o XFAiA&BR B kK F H 44 & | Take Derivatives and Set to Zero

ok = 28w — 2AS;w =0
ow
o EWFT U ARAR F] A -
* Simplify to generalized eigenvalue problem: Shw = AS,w

o & w Bph A F FH & | The solution w is the optimal projection direction



8.5 ILinear Discriminant Analysis

» Extension to Multi-Class and Dimensionality Reduction

« LDA RXRZHRE, LR LEHEZ% 5% | LDA is Both a Classifier and a
Supervised Dimensionality Reduction Method

c (kX MELEHREIEME, KB %ANEF 5 | Multi-class: Use global
scatter matrices, solve for multiple projection directions

« BHFBMREZEMET 5L 5 TAA | Low-dimensional projection aids
classification and visualization

« LDA T4 Ah 43 4ER I 518 B | LDA can serve as a feature extractor



8.6 Multi-class Learning Methods
KA %9 %

Most real-world problems have more than 2 classes!

X % B AR R A AL 24K A
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8.6 IMulti-class Learning Methods

» From Binary to Multi-class

* Digit recognition (0-9) — 10 classes | #5124 (0-9) — 104~ 7]
 Animal species classification — 100+ classes | 37 47447 5 & — 100+/4~ % 7
 Language identification — 100+ classes | 75 3 124] — 100+/4~% 7]

Avyorlq of lqnguages )
Dred:g actual:1 pred:3 actual:2 pred:6 actual:4 & %\&. M {‘%\ Q M 3 o T
«tﬁ“ %?:h é L

pred:8 actual:9 pred:5 actual:3 red:2 actual:8
A hj} LL{ \

pred:9 actual:4 pred:7 actual:8 pred:9 actual:7 9’&;\5’%%@
LlL) e RAE e ; 7 ‘..Eii_ R

.

% .sw W &%@ ’i‘«, . == .w‘

R e IR T O



86 IMulti-class Learning Methods ‘ﬁ'&iilk‘%{

» From Binary to Multi-class

Problem: Most classifiers are designed for binary tasks!

FIAL: K Z 8O RBEN =5 RMEF T

Solution: Convert multi-class into multiple binary problems.

BaFE: WZ2oRPIAHZBEN ZANS=0 R FIA,



8.6 IMulti-class Learning Methods

> Strategy 1: One-vs-One (OvO)|—%f —

* Basic Idea: Every class vs every other class! (FA~X 5] 5434 £ 5] rt
1)

 For N classes, we train:
N(N —1)
2
* Each classifier leams to distinguish between exactly 2 classes.

C BADRBS I E ST EA

binary classifiers



8.6 IMulti-class Learning Methods

> Strategy 1: One-vs-One (OvO)|—%f —

* OvO Training Process
* 4 classes (A,B,C,D) — 6 binary classifiers
© @NEA >N AL E)
Classifier 1: A vs B Classifier4: B vs D
Classifier 2: A vs C Classifier5: Cvs D
Classifier 3: A vs D Classifier 6: B vs C
* Training data for A vs B: Only samples from A and B!

* Avs Boyn| 4R40dE: R B AfeBaYAE A



8.6 IMulti-class Learning Methods

> Strategy 1: One-vs-One (OvO)|—%f —

* OvO Prediction Process
« For a new sample: | X T — /374 A
* Submit to all N(N-1)/2 classifiers | 32 X - F7 A NN-D)2/4 5 £ %
 Each classifier votes forone class | /N5 X B — N XA FE

* Class with most votes wins! | #-Z 5% % &9 £ 7| K |



8.6 IMulti-class Learning Methods

> Strategy 1: One-vs-One (OvO)|—%f —

* Voting example:

A vs B — votes for A (A vs B — X Z4A)
A vs C — votes for A (A vs C — 3L Z24A)
A vs D — votes for D (A vs D — 3 Z4D)
B vs C — votes for C(B vs C — 3£ 240
B vs D — votes forB (B vs D — 3 Z 4 B)
Cvs D — votes for C(Cvs D — 3£ Z240)

K &2 x K ‘%L

ANHUE UNIVERSITY OF SCIENCE & TECHNOLOGY

Final: A:2 votes, B:1 vote, C:2
votes, D:1 vote — Winner: ?
w4 A%, B:ilEk, C2%,
D:1% — & 7



8.6 IMulti-class Learning Methods

> Strategy 2: One-vs-Rest (OVR)|—%F K 4

« Basic Idea: One class vs all other classes combined!—/~ £ 3| 5 BT A H A4 £ 3]
48 5% FL |
 For N classes, we train:
N binary classifiers

 Each classifier answers: ''Is this class X or not class X?"

s NG RBEEL: "X XAX, TRIFXAHX? "



8.6 IMulti-class Learning Methods

> Strategy 2: One-vs-Rest (OVR)|—%F K 4

* OvR Training Process
* 4 classes (A,B,C,D) — 4 binary classifiers(d M £ 7] > 45X &)
* C(lassifier1: A vs (B,C,D)
* Classifier2: B vs (A,C,D)
* C(lassifier 3: C vs (A,B,D)
* Classifier4: D vs (A,B,C)
* Training data for A vs Rest: All samples! A=positive, others=negative

c Avs et %4EiE: FTAMERN A=E X, Hip=H X



8.6 IMulti-class Learning Methods

> Strategy 2: One-vs-Rest (OVR)|—%F K 4

* OvR Prediction Process
« For a new sample: | X T — /374 A
« Submit to all N classifiers | 32 X AT AN/ X &
 Each classifier gives a confidence score | &N X B4k B2 5%

« Class with highest confidence wins! | & 12 & 5 5 89 £ 7 K I



8.6 IMulti-class Learning Methods

> Strategy 2: One-vs-Rest (OVR)|—%F K 4

* OvR Prediction Process
 Confidence scores: | 13 & 5%
* Classifier 1 (A vs Rest): confidence = 0.85
* Classifier 2 (B vs Rest): confidence = (.42
* Classifier 3 (C vs Rest): confidence = (.73
* Classifier4 (D vs Rest): confidence = 0.61




8.6 IMulti-class Learning Methods k&2 R¥

ANHUE UNIVERSITY OF SCIENCE & TECHNOLOGY

> OvO vs OvR: Pros and Cons

Aspect 7y & OvO —3*f— OVR —xf f &
s N K %2
)l:l;gber of classifiers %% N(N-1Y2 (2 %) N (2 )
2L 2
Training data per classifier & N 7
Smaller ({22 %) Larger (FT A $c4%)

X kR &

Training time 1 4 B Shorter per classifier #/~% | Longer per classifier &4~ %&

X BAFE 42 A K
Testing time M 3X, B 4] Longer (F BT A 5K &3 %) | Shorter (R ENAN £ &)
Imbalanced data F~-F#7 #c 4& Less affected = %5 v 1] More affected % % vh X

More classifiers to store &

Storage 414 P B HEE

Fewer classifiers 2 'y X &




8.6 IMulti-class Learning Methods

> Strategy 3: Many-vs-Many (MvM) | % %} %

 Basic Idea: Group classes into positive and negative groups! | & K & 3% FF X
A 28 A B KA 5 R

* We need: | & 11E &

* A coding matrix (% 25 #E %)

« M binary classifiers M/>— X %)

* A decoding scheme (#% 275 %)



8.6 IMulti-class Learning Methods

> Strategy 3: Many-vs-Many (MvM) : Coding Matrix Example
* For4 classes (A,B,C,D), using 3 classifiers:

* Where: | & ¥

Ly,

P T
& i ;
= L
-

:

5

,‘_ﬁ
1943

ANHUE UNIVERSITY OF SCIENCE & TECHNOLOGY

Class Classifier 1 Classifier 2 Classifier 3
A +1 -1 -1
B -1 +1 -1
C -1 -1 +1
D +1 +1 -1

« +1 means "treat as positive class" | +1 & =" A ER"

« -1 means "treat as negative class" | -1 & ="#LK4 A X"

¥



8.6 IMulti-class Learning Methods

» Strategy 3: Many-vs-Many (MvM)

* MvVM Training Process
* Look at coding matrix column | & % % 53 4& [4 &9 7]
* Group classes with +1 as positive | J+169 X 7] 540 4 E X
 Group classes with -1 as negative | J-109 £ 5] 520 % i1 X
 Train binary classifier | | % — 5 X &
« Example for Classifier 1: | 5% 218971
* Positive: A, D (because column has +1 for A and D)

* Negative: B, C (because column has -1 for B and C)



8.6 IMulti-class Learning Methods

» Strategy 3: Many-vs-Many (MvM)

* MvM Prediction Process
e Get predictions from all M classifiers | A B A MA~ 5 X 2 K AN
* Get a code vector of length M | 1% 2| K & ) M9 %% 25 &) =
« Compare with each class's code | 5 &£ 7] &9 % A4 L&
* Choose class with smallest distance | 2t 4% & 5 50> 89 £ 7|
* Example:
e Predicted: [+0.9, -0.8, -0.7]
* Distances: d(A)=0.3, d(B)=2.1, d(C)=2.2, d(D)=1.7



86 IMulti-class Learning Methods —i‘ﬁiilk'w’
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» Strategy 3: Many-vs-Many (MvM): Error Correcting Output Codes
(ECOC)




8.6 IMulti-class Learning Methods

» Strategy 3: Many-vs-Many (MvM)

* Why Enror Correction Works?
Without error correction: | X 7/ ] 4%
 True code: [+1, +1, +1, -1, +1]
* Prediction: [+1, +1, -1, -1, +1] < 1 error at position 3
* Result: Wrong classification!
* With error correction: | 7 2] 4% -
* We find closest valid code in codebook.

 C(Closestis [+1, +1, +1, -1, +1] — Class A!



8.7 Class Imbalance Problem

R | A% 1= AR

What happens when a dataset contains 998 negative examples and 2 positive ones?

B —ANBIEE A 98B, 2ANIEA B B4R A6 AR



8/ IClass Imbalance Problem

> What is Class Imbalance?

*  When the number of training examples varies considerably across different
classes. & 1~ F] XA 69 0| A AR Z £ 7 BE KW
e Imbalanced dataset (A~-F#7 %38 &)
e Class 0 (LE]| % %): 998 samples
e Class 1 (% ]|V %$0): 2 samples

* A classifier can achieve 99.8% accuracy if it retums only negative examples.



8/ IClass Imbalance Problem

> Solution 1 - Oversampling (it R4£)

© Y BAMANKE
* Simple oversampling: Randomly duplicate minority class samples
« RREERM: HEMEH S BEBELR
* Problem: Leads to overfitting! (model sees same examples repeatedly)

A FEGMES! (BAVTEFEHMEGELR)

FRRERNHA (EH)



87 IClass Imbalance Problem ﬁ'ﬁiilk"?

> Solution 2 - Undersampling (R £4£)

* B ZBRFAANEE
* Simple undersampling: Randomly remove majority class samples

c RERRHE: EHBREBEFL

* Problem: Loss of potentially useful information!

WA ERBAENHRAE L

RASATH, NEEASLBE



8/ IClass Imbalance Problem

> Solution 3 - Threshold Moving (B{&#3h)

* AR EOSBAEAE AT AEZRBL

Standard: Predict positive if probability > 0.5
A deREE>05 MAHERX

Threshold moving: Find optimal threshold using validation set

WA B 4R A B e & 3R 2] F AR



8/ IClass Imbalance Problem ﬁ'ﬁiilk"?

> Basic Strategy - Rescaling (Re-weighting)

 Idea: Adjust decision threshold based on class ratio | AR 3% £ 7| YL A7) 18] £ & %K
&
* Standard classification: Predict positive if p(y=1|x) > 0.5

Y
>

* Rescaled classification: Predict positive if p(y=1|x) > threshold

_|_
) m
1—y > m—

* However, accurately estimating m-/m+ is often difficult!



