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. Introduction

O 4M (Han Kyungseok)
- AefOfstw AP EZ IS HA 0t (2024.03 ~ present)
- Data

Mining & Quality Analytics Lab (Z’d% 1)
O Research Interest
- Regression

- Deep Learning

O E-Mail

- hanks6125@korea.ac.kr
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. Background
B Regression?

O Regress : Return to former or less developed state , =|Z0&, E|&
O SYWHo B4 #4 A0|Q BAS B Y

O YHI™ O 2 (assificationO| Discrete dassesS O

O 27 22 LYot 2O0t0A] 5%t A2 =dd =
- Prediction : Ol 1A Q| HIO|EH 22 E O|2i2| 4t OF
- Quantifying Relationships : =& #H7F e [, =5 HaTF Ol HEX|E HEFHECZ 240
OSZHEH FANLIEHZ =20l

- Detecting trends and patterns : 2|7 Line (£ Curve)

A

v
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. Background

B OLS (Ordinary Least Squares)

O Regression 0| M2| 713 &4 R4+&= OLS
- Z|AXFSH 2 18058 Legendrelf 28l Z|Z= = M| QtE| R0, 1821F Gauss’t O|2 L= U A|H YBIE[AXISH,
% OLSE 343ta
- OLS% AHESHH 28 FE 2 (Unbiased Estimator)E 22 = US. 5, & E HO[EL =5 HO[EZte] #AZ
Moz Jpdet mf, MY 3| ZEe A+=B S 8 &= A1 0] A2 7|Cigf2 O E T

E[B]=8 B: DI A4

A
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. Background

B Assumption Needed

O 0|9} Zte EmAX

-
@ Linearity : X2t y= & 2tA O L.
@ Constant Error Variance : ZtX}=
® Independent Errors : XtXt=

@ No Multicollinearity :

® Normality : TtAtE
® Exogeneity : 52 Hof QX2

g2k2 Ao M Gauss-Markov 2|0 2|8l Ot2lf 67+X| 7t S BtZsforgt
2 Ty = X2 22 "M 2HA 7 OFL|CF,
S=A0|CH & EF A0 X7F 2 HLE ZPA| LEEFLEX] @80 L™E S
= SYX0|0{0F B X, W) MEBO| BXITF SHT) MBO| YHES S o
=8HSs= ME2O|AH S22 F=H OHE.
57 09 YHLEE BED
ME Ma0| glojofet, S EX €] =0

+*
*
+*

*

+*
+
+*
+*

/

X

[Linearity]
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[Constant Error variance]

[Normality]

[No Multicollinearity]
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. Background
B Assumption Needed

E[B] =

Normal Equation2| 5l g = (X"X)~1xTY
= (X'X)"IXT(XB + ¢€)
= (X"X)"IX"XB + (X'X)"1XTe
= B+ (XX)"1X e s ATIA = AAT =

E[B] = E[B + (X"X)"1X¢]
=B+ E[(X'X)"1X"€]
=B+ E[(X'X)7'X"] x E[€] z
=B+ E[X TX) X %0 - XEXtO| 7| Ch 2

- E[B] =
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. Classic

B Regression Models

O Ridge
- High VarianceE =53t} &
- 3| A=0f| L2 PenaltyE F0{5t0 VarianceE £0|11

Ral
oo

L

1 L A
J(#) = — Z(;ﬁ — i)+ 3“31”2

O Lasso

- Ridge's poor performance on outliers
- 2|7 A==0 L1 PenaltyE £ 0, Ridge2t He| €& A5 022 USOHE|EE X522 feature

selectione =& sStA &E.
- Ridge= ZE H =7} &0} o2 outlierd] Y3l

IO = 23 (- g 4| A6
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. Classic

B Regression Models

O Support Vector Regression

- SYM2| OfO[C|O{of| M &, Z2EHO| & 2|4 (Regression Line) Y.
- 5|8 2Kt te WO U= A= 022 7hF5t, HOL= H[O|E P 4T 0| 7|05t & &
IIl}:IéH — ||T.L‘|| + C Z(gz + &)
ot
/ A
0 —
_t'
x
X = P ;
-
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. Classic

B Regression Models

O Random Forest Regression
- 02 7] 28 EC|E =¥5

- Regression =XM== 248 S22 &0, 2 2 EQF XA LE7IO[ &

Reduction = Varianceparent —

O Boosted Regression Tree

- FRE HUHCE SOt Tree 7|EF 2.

(X, v)

Data Mining
KOREA .{‘
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l= Ensemble 2 &I z+Zt

(X, r;)

(wieg - Varianceleg + Weight - Variancerghe )

PSPy — P

(X, ryg)
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. Classic

B Regression Models
O ElasticNet
- L1, L2 penaltyE Z%
O Least Angle Regression
- lterativet Al X, 2 EIFSIEA ATEA 7} 2 g0t

O RANSAC (RANdom SAmple Consensus) regression
- Iterative model. threshold ¢ € doliz11, EEHO|H=E EE ME Fitting 5t ¢ LH0| U= Datas
Inlier0i| Lt JH& B2 |nlierE Z&sts Y ME &S

o

A

O Huber Regression
S O|AK|Of BIZOIR| YEE SAESE HE
Lg2 viflal <90

HuberLoss = {2

o|a| — %ﬂf} otherwise
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. Classic

B Regression Models

3=

Multivariate Adaptive Regression Splines

Polynomial Regression

Weighted Least squares

Generalized Least squares

QA AT ENT M, M HEtS SOl i 2

Bayesian Regression

& Alx-E =9, HlO[EH 2 At X4

Quantile Regression

= 7l0fl et 2 2eeS 23800 Ho|H el Bt

Ordinal Regression

ME HIO|HE 0| =5te 2 Y’
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. Relationship with Deep Learning

B General Regression Neural Network

O 19914, Donald F. Spechtd] 2|5 M2t 73 HESA
- 3|4, 2509 Ar27}4s, Online dynamic systemOfl A2t Structure

—h

- &f5 parameter’t 81& (Non-parametric)

Input layer Pattern layer Summation laver  Output layer

;

&7

A

BRI\

.
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. Relationship with Deep Learning

B General Regression Neural Network

O GRNN2 o5 H|O[H & H 2 2|0 ME ZhX[ 1 U= SEHO A A%
O MZ2 HOEH x 7t SO H 220 MFE ot5 HOo[HLe| RAEE 5T

lnpzlt laver Pattern layer Summation laver Output laver

>»G,

ZLE= EH HOIES
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. Relationship with Deep Learning

B General Regression Neural Network
FALE= OF2f o] HE &5 A8
-S ME2 O|O|H ZQIE x2f st | OB of iR H|O|E{ 7+ R 22| = AHE|of et AHe[7f 747t ™

o o o =
ZUs BHN2 USRS

K(z,2;) = e~ 4/

di = (x —z)" (x — x;)

Data Mining
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. Relationship with Deep Learning

B General Regression Neural Network
O Summation layer= 27l2| = EZ O|R0{X|H, 44 X 22 = =E¢

N N
_'I?—_Xr L S_ZyiK(ma-'ﬂi} =2 L E. D—ZK(m,mi}
=1 i=1

Input layer Pattern layer Summation laver Output layer

Zl(} ,
26,

KOREA Data Mining
o
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. Relationship with Deep Learning

B General Regression Neural Network
O & EH2 o2t 20| ot5 HO|HA MER2 LS| FAIEE 7|H 2 ot /5B Y

[nput layer Pattern layer Summation laygr  Output layer
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. Varying Coefficient Model

Logistic 2|7 Of| A{

K 1 r
= —_— = = X
g 10g<1_#>, K=TTom N=F+h

VCM (GenerallinearMode)) :  E[Y'|X =z, Z = z] = p(x; Bo, B(2)) = g (Bo +

B(z) k)

O} 7| M B(z) = z B0 2t EEtX| = 2| A=<

=
[ H -d XIS S

4ol
o 9% 4
Data Mining
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. Varying Coefficient Model

e
<

(=1}
=

u A

, Bp(2)) |

B(z) = (Bi(2), Ba(2), ...

Bi(z) =a+b-z

Neural net

Tree

Spline

W)

L
>
o]

c
<

P
T

=}
(€]
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. Varying Coefficient Model
u oH

O Bl2)ZHe CHFR DY 74 BB St

Mg ol U=

Data Mining
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. Cyclic Boosted VCM

n 72
O VCMO| Boostingtt Cyclic St5= 220N, B(2)& ot SN2 E o g
n 202E
For|j =1,...,p:| Z FeatureE =AM =2
If £ < Kj: Z|CH Tree 245
(i) Calculate partial derivatives, for i =1,..., n:
itHRY yZk Ill- o =4 p.9.| LossQ.| GradientS -0l A
9, g _
9ij = ﬁiija—ﬁ(#;yi) R ' EU l(‘“) L
H p=p(x;:50.8(zi)) v=PR0+08(zi) T x;

(ii) |Fit tree [regions

Tree 7l 41 2
k. . k) (k)
AR argmin S 3 () -4t
A Ajediz;eA
A= 25 LIS £ Tree,
O| Tree= X; Qty 2to| ZHAH|E z S7H0| A
KOREA Data Mining
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. Cyclic Boosted VCM

n 20gE

I Tree
(iii) Adjust terminal node values, for|l|=1,..., \ﬁ(kd‘”:
~(k.j . |( 1 (3 5
,},E( J) _ arg min Z Ll ut (,f 0 +}3(zi)7mf, + Jz-j) ,yi)
YER L Ak
:Zi €A,

E e —r
LossS X|ASISHH= E™A gammas &3

(iv) Update coefficient function

Data Mining
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. Cyclic Boosted VCM

e

g5 = 5 5Ll

p=p(z;i;B0,8(z:))

XL | X2 | X3 | x4 Xo | Xy | X | Y Z z = [0, 40] g
X1 | X2 | X13 | Xpa X2 | X1 | Xy Y1 2 ‘ 811
' '
X1 | X2 | Xo3 X4 Xo52 | Xg51 | Xy Y, Z Al A2 821
[0, 20) [20, 40]
A, :1,35H HE
A, :2,46H HE
~11 - k) _(k))?
A — aIgjnln T T (q,fj_ — g} )
AjeAdiz; €A + + 3
020 TZHOI M 7H5 3 BE 27|12 KA B (Bu* )/
Loss7} B WOHX| = W22 27|12 & ot ojn) 831
851

Data Mining
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v=Bo+B(2i) T x;
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. Cyclic Boosted VCM

e

z =10, 40]
|
' I '
A A, A,
[0, 10) [10, 20) [20, 40]
Y1 ) Y3

ar

(iii) Adjust terminal node values, for [ =1,..., \j(k=j)|:

o~ h,l . o ‘rﬁ‘ 3
q;{_( 1) = arg min Z L (u ! (,ﬁn +ﬁ(Z£)T$i + '}’mij) a’yz‘)

yeR .
i:ziEﬁEk‘.J]

Data Mining
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. Cyclic Boosted VCM
m 2n2E

z =10, 40]

|
' : v

Al AZ A3
[0,10)  [10,20)  [20, 40]

y,=0.5 y,=-0.1 y5=0.2

(iv) Update coefficient function

) ) (ki
Bi(z) < Bj(z) +¢5 Y ]l{zeAi},\r,;: )

Aigﬁ[-‘ﬂd}
,80 = 1, Ej = 0.1
Bo(=1)+0.1 x0.5 = 1.05 if z € [0,10)
Bi(z) = {Bo(=1) +0.1 x —0.1 = 0.09 if z € [10,20)
Bo(=1)+0.1 0.2 = 1.02 if z € [20,40)

KOREA Data Mining
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. Cyclic Boosted VCM

B Contnibution
O =AM ol AH|O|E= ottt 22 0| H™HO| US
AMEEE =S

-Zt SR Hex 2 710 S 22| 5t =X 7sol2 2 AutE M = QU : Feature selection 7S

. a3
O Simulation Data2 & ¥
Attention | Expression
-X= 8K (S = 87, x22t x82 A& A 4= 0.5, 1 20 = =&
— 5] 0.5
- B E Xx= " 0, constant varianceE 7} X| = Normal distribution ';Ei; L
P2 — 722
- True Regression FunctionO| [[t2f 20271 2| Ci| O] & &S Bs () %szll(xg)sin(gxg)
By(x) Lo
_ T 4 1
H ($) — JB(:E) €L B5(x) %:}:4
Be(x) 573
}/1"- | X = L ~ N (ﬁi (mi) *1) B7(x) 0
Bs(xz) |0

Table 1: True coefficient functions j3;(x) for the simulated data

Data Mining
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Cyclic Boosted VCM

uE
Train  Test
True 1.002 0.996
Intercept 1.791 1.792
GLM 1.524 1.527
TVCM 1.008 1.013

LocalGLMnet 1.002 1.005

Table 2: MSE results for the simulated data example.

GLM TVCM

Data Mining
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. Robustness in Regression

B Introduction

Question 1. In the context of linear regression, if a model
has "small” standard risk, how "small” can its adversarial
risk be? Is it possible to be robust while being accurate?

’ = - ’
Adversarial Risk, & M| & 542 22 o] 25 = HOfLt A Bt o= /=712
Z =2 UL E GX|SIHAM SA|0| ZHAES ST = U272

Data Mining
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. Robustness in Regression

B Goal

o0

T AEs FHE

J

_
()

Mo E 1%

Yy

O 2| 220 A Het e of Z7/d 9] TradeoffS

B Contributions

O &Ho| cro|o| a7 . =2t

s=d=400

1073

1074

1073

if0<d <1,
=1,

if 0
if 6 > 1.

d—o,
log d,
L,

{

[Diagram]

TAl=h

!

K
0

7

?j)\

F

~NO

(]
L
>

o]
c
<
P
T

=}
¢}
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. Robustness in Regression

B Key Definition
O Standard Risk
- DEIO| LHI™ Ol MM oSS o] @F. &, 3240| gle= MEoAML| 0= et

1y — HA
E(w) := E[(fu(z) — v)*] = |lw — wq|% + o°
w: = 7k X, wy : H 7HS A, 02 B0]E A ~ N(O, 0?)

O Adversarial Risk

-s4S 2UE Wl =0] S0 2XRE=AE 8. MUY sH2 x| A2 #HS 6

ujn
ol
A}

- -g_7:|7+5 ”5”<r x-| ot A '<'5|-01|k|

, 65 HESI0 REHO| (SFE U=t + Us d&Es S
- &, Adversarial Riske §8 34 4k r YoM 20| 2 5 = X4 0|5 LF4UY

o 1 OE
. 0|43t Atsto| mEI e x|oko| ZEAMS JHEI AFE[Q

Data Mining
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. Robustness in Regression

B Key Definition

O Optimal Adversarial Risk

-SAZE r M ZAE0[ 2, F 0= 027t 7hE 22 SEl

o

rlo

Eopi(r) == min E(w,r)

weRd
Wopt (;J

O d1#2HEl Adversarial Risk
- Ridge Regression HE 2 LIEILHD, Hrote 2|&23= SHJEE 0] HXH Frst 0| HXEE,
dAHdE dostA E.

E(w,r) :=E | sup (fu(z + 48) — y)°

||| <r

E[u:, r) = o + |w — "U--‘nH?i: + "'EH'U-"HE

Data Mining
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. Robustness in Regression

B Robustness via Regularization

st Risk : E(w,r) := 02 + |[|jw — wo | + r2|wl|?

[w — wpl|& + A|w]|?

wP™* () := arg min
weRd

Data Mining
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. Robustness in Regression

B Robustness via Regularization

wP™T (\) 1= arg min ||w — wp||% + A|w||?
weRd -
-2 =R0ME 7Y =2 positive definite matrix BE =1 ¢ 58 AIZ 20| F,

wPTOX(Q) = arng/réiRI}iHW - Wo||g + A||w||2

s 2E(w —wp) +2ABw =0

D) |Iw = wol|2, = (W — wo)TE(w — wy)
Vi (W = wp)TZ(w — wy)) = 2Z(w — wy) Iw —Iwy + 2ABw =0
(Z + 2AB)w = Zw,

ii) A||w| |2B = A *w!Bw
~w = (Z+2AB) 13w,

V,, (A * wTBw) = 2ABw

2|2} Z 0| Closed-form2| ol & ¥ 2.

Data Mining
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. Robustness in Regression

B Robustness via Regularization

O A = r2 0|22, proximal wE& T5}H Attacker's norm 1} & 810] ot2je| *|H RiskE &

ojo

Eope(r) = EGWP*(2),7) = |[wP"%(2) — wol|] + 72| lwrrex )|

- 5 proximal wE TSR, A = 2 0|1, 0] If BHO| BAYS HTI2 AT + YU,
- d2jLt o] H2 B ZE r oM RHO| ZUN0| ELhs HOIX|, BY HHH £ opy
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. Robustness in Regression

B Accuracy vs Robustness Tradeoffs
O l'='='°| X2, 2U82 RXISHHM =& |XI5t= Ol AS
- F, 340 ozt ZHE2 /K| SPHAME, Standard Error ¢ 2 =115t A X| 24

IT LS

ojo

O M2tM, 34 ZEr >0, 58 2%l £ > 0, A2|1 W, 2 e-accurate model O|2}11 g If,

W, = {-u_.r - R¢ | .&(‘HJ) < E”}

= {w e R* | ||w — wo|ls|< |e||wos

—

Eopt(r,€) := min_E(w,r)
. £

KOREA Data Mining
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. Robustness in Regression

B Accuracy vs Robustness Tradeoffs

O e-accurate We & 7| ¢l 2| 7|== sl of

(o)

FoER A 8%t e S =Y

JIweroxr2) — wll

||W0||z

ru(r) = [A(wrrox(r2)) =

)0 <e<eg) 2 8% 5 AN ELLAEL 5{& AE &A 2783 %4,
v |
Jwr o (3) = woll = EllwolE w = (5 +24B) " S,

S 20M A plre) & 7 5 AL, O o[ 3= [o,r2) Off RUS.
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. Robustness in Regression

B Accuracy vs Robustness Tradeoffs

O e-accurate We & &7| 26l 2| 7|=2 24| o}

|]0I-

FoER A 8%t e S =Y

JIweror ) — wol

ru(r) = [A(wrrox(r2)) =

||W0||z
i) Bt & 2 g, () 2l BR, Al ) = r2 22 HIZ 59 E|
S, QAL IAXIECE =2 SEIO[EE Frst SHOMO 2Ad 2T 4245 ElDe A

o|2} Z2 AMEHE Free Lunch 21 &

O Free Lunch
- 518 2% ¢ 0| UAIZt g, O1AY 1 M

od
- Erieh oEto|E A = 2 EE 2%, SH4ZE 0 Cish XXl ZHdE =ESIHM 85 X5t fiS
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UKN(RIEKSEIQ .‘:‘ Quality Analytics 37 /38



. Robustness in Regression

B Condusion

O Main Idea
-2A L5 r 058 @K e O CHS A3t Tp2t0jE A\ E X™HSH= HHHES HIA
- SA LT r Qo 3L QA AAZ, g MA
- 5|8 2Kt e Of A G ep CHH| HALE 2 O] A[F A, M 9 XA
- €2 g, 0|10, A = r2 Y Of Free Lunch =710| J&5IH A F&d 2 F &X 7t

O Contributions

- 37 BHoIMQ ChYT BHLEC 518 X 0N YUNS HEFoR Bt
- YTE MY S8 Ny 2|23 B

Xl

d

- QPETO| BN E Hsh

Ko
I
2
-
=2
Rl
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