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Deep Feature Selection study

2 x-S
X—3S 2
where U is orthonormal to the column space of X, C € R™~P)*P satisfies CTC =
2§ —S271S >0, S is diag{s} and s=(sy, ... 5,) has nonnegative entries.

[XX1T[XX] = X=XU-x"1S)+UcC
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XX XA = | = S =2 X =X(1-3"15)+0C

2
where U is orthonormal to the column space of X, C € R™P)*P satisfies CTC =
2§ —SZ71S >0, S is diag{s} and s=(sy, ... 5,) has nonnegative entries.

1

V2
*X=|0 [, Z=]1,27t =1]
1
V2
1
_ ~ V2 -
e X=XA-Z1S+U0c=| o0 [(1]=1]1]S) + UC
1
V2

CAU AutoML LAB 4



Deep Feature Selection study

ol

‘ IS positive semi-definite matrix,
IFF 2 —S>0and 2S—-SX71Ss>0
Equi-correlated knockoffs:
Sj = 2Amin(E) A1, where X/ X; = 1 —s;, diag{s} < 2X"X
=> minimize |(X] X;)|
S1 =2Apin(E)AN1=2A1=1
S =1
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Deep Feature Selection study
peqUred B M

where U is orthonormal to the column space of X, C € R™P)*P satisfies CTC =
2§ —SZ71S >0, S is diag{s} and s=(sy, ... 5,) has nonnegative entries.

X=X1-2"19+0cC

e Ul'X=0and UTU =1
- Deterministic U

1: Perform QR decomposition |X 0,5, | = [Qx Qo] R

2: U« Q,
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U is orthonormal to the column space of X, UTX =0 and UTU =1

1: Perform QR decomposition [X 0,x,| = [Qx Qo] R
1
— 0
V2
[X 0| =] 0 0
! 0
V2

« QR decomposition:

A=QR where A is a m X n complex matrix, Q is a m X n unitary matrix and
Ris a nXxn upper triangular matrix.

If A is real matrix, then, Q is orthogonal matrix.

If A has n linearly independent columns, then the first n columns of Q
form an orthonormal basis for the column space of A.
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* QR decomposition: A=QR

If A has n linearly independent columns, then the first n columns of Q
form an orthonormal basis for the column space of A.

e Gram-Schmidt process:

Given linearly independent set of vectors {vy, ..., v} In an inner product
space V (i.e. R™), calculate orthonormal basis {e, ..., ex}
Uy =7
Uy = Uy — PTOjy, (V)
Uz = vz — projy, (vz) — projy, (vs)

Ug
| [ugl]
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Deep Feature Selection study

U is orthonormal to the column space of X, UTX =0 and UTU =1

1: Perform QR decomposition [X 0,x,]| = [Qx Qo] R

- [07Q41[X 0nxp| =R

Qx X Qx0[_|@x X O

QX Q70] [efXx O

+ If A= QR is QR decomposition of 4, QTQ =1 and R is an upper
triangular matrix

2: U« Q,
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Deep Feature Selection study

U is orthonormal to the column space of X, UTX =0 and UTU =1
1: Perform QR decomposition [X 0,x,]| = [Qx Qo] R

1
— 0
V2 911 912 913
X 0nxp] =] 0 0| =|921 G22 Q23|R
_i 0 431 432 433
V2

- Thin decomposition phase:
1

1
Uy =01 = (\/—»O —TE) “qin =5 4 = 0, q31 = G
Uy =V — PTOJul(Uz) =(0,0,0) ~ q12=04g2, =0, g3, =0
- Full decomposition phase:

11 X Q13+ Q21 X Q23+ Q31 X q33 =0, q12 X Q13+ 22 X Q23+ (32 X q33 =0
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Deep Feature Selection study

U is orthonormal to the column space of X, UTX =0 and UTU =1
1: Perform QR decomposition [X 0,x,]| = [Qx Qo] R

1
— 0
V2 911 912 913
X 0nxp] =] 0 0| =|921 G22 Q23|R
1 0 q31 932 433
V2

- Full decomposition phase:

1 1
x/_ix d13+ 0 X gz3 _ﬁx g3z =0, 0X q13+0X q3+0X q33 =0 = q13= Q33

q13= q33=t, \/t2 +t2 +q55=1

=> t=—, . = — =0 ==
=2 U=7 T q13T 5 q23 =V Q33 = 5
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Deep Feature Selection study

U is orthonormal to the column space of X, UTX =0 and UTU =1
1: Perform QR decomposition [X 0,x,]| = [Qx Qo] R

1
— 0
V2 911 912 913
[XOnxp]= 0 0| = 1921 4922 q23(R
_i 0 431 432 {33
V2

- Reassign g2, q22 and gs;:

1 1

\/_EX qi2+ 0 X QZZ—EX 32 =0 -> g1 —q32 =0
1 1
5 X Q12 0 X g2 +ﬁx 32 =0->q1,+ q3, =0

“ Q2= Q32 =0, gy =1 for UTU =1
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Deep Feature Selection study

U is orthonormal to the column space of X, UTX =0 and UTU =1
1: Perform QR decomposition [X 0,x,]| = [Qx Qo] R

1 0 1 0 1
V2 V2 V2
X 0usp]=] 0 oO|=| 0 1 0fR
1 1 1
V2 V2 V2
2. U « QO

1 1
0 NG 0 7
Qo can be [1 0| by Gram-Schmidt process. - U=[1 0
1 1
0 NG 0 7

CAU AutoML LAB




Deep Feature Selection study

XRTXR = o F T

5 > X=X0-x"15)+UcC
where U is orthonormal to the column space of X, C € R™~P)*P satisfies CTC =
2§ —SZ71S >0, S is diag{s} and s=(sy, ... 5,) has nonnegative entries.
X'™X=2—-Sand X'X =% 3
i X=A+X

ATX=KX-X)"X=2-5-32=-5 = ATX = =S

S=XX=U+X)TUA+X)=ATA+X—-2S = ATA=2S
Choose an orthonormal matrix U € R™("~P) then A can be expressed as

A = XB + UC with B € RP*P, C € R("P)*P

mMXp)=MmXp)X(pXp)+MXn—-p))X({(n—p)Xp)
UTX =XTU=0and UTU =1
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R B D S
XXT[XX] = ‘z S T |
where U is orthonormal to the column space of X, C € R™~P)*P satisfies CTC =
2§ —SZ71S >0, S is diag{s} and s=(sy, ... 5,) has nonnegative entries.
- X=A+X
- ATX =-S
ATA =28
A=XB+UC
Ur'X =XTU=0and UTU =1
—S=ATX=XTA=XT(XB+UC)=3B+0 = B=-x71§
2S =ATA=B"XT +CcTU")(XB+UC) =BTEsB+C'C
~ =S¥ 1S+ CTC = CI'C =25 -S371S N
X=A+X=XB+UO)+X=X-X2"1S+UC=X(0-2"1S)+UC

X=X1-2"19+0cC
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Deep Feature Selection study

peqUred B M

)

where U is orthonormal to the column space of X, C € R(P)XP gatisfies CTC =
2§ —SZ71S >0, S is diag{s} and s=(sy, ... 5,) has nonnegative entries.

« 71 =11], S =1
e 2S5 —S¥Is=2x1]-11| x|1]| x|1] = |1] = CTC

« CTC = |1|, € € R P)*P (4 = LLT by Cholesky decomposition where L is a
lower-triangular matrix)

X=X1-2"19+0cC

: C:‘%‘ e R=P)Xp ¢ € RP*P and CTC,=CTC = 25 — S £~1S

. ¢ =|1], C = \é\
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Z—S‘
)

where U is orthonormal to the column space of X, C € R™~P)*P satisfies CTC =
2§ —SZ71S >0, S is diag{s} and s=(sy, ... 5,) has nonnegative entries.
1

XX XA = | = S X =X(1-3"15)+0C

0 —= 1
2 =11, =111, U=t of, =]
1
O -
7 0 L 1
) N 7z g | 7z
F=x(-31)+0c=|o0 |1 =[1Ix[1D+]1 o x‘0‘= 1l x=10 |
1 1 0 _ 1
7 0 7 7
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L1
V2
1
0 3 ;. L £
° — _i — 2\/E -1 § 2\/E
X = V2 O'Z__L 1 2 7| L 1'
0 1 2V2 2V2
2
o -1
2
S = (1) 2 by Equi-correlated knockoffs (minimum eigen value is 0.65),

0.64 0.09 -0.09

0.38 —=0.53 0.53 0.93 -0.44
U=|064 0.09 -—0.09] by QR decomposition, C=[ 0  0.82
0.13 0.81 0.19 0 0

—0.13 0.19 0.81
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X=X0-x"15)+0UcC

x‘(1)(1)+

0.69

0.15

0.69
—0.08

0.08

0.64
0.38
0.64
0.13
—0.13

—0.42
—0.67
0.08
0.54
0.28
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0.09
—0.53
0.09
0.81
0.19

—0.09
0.53
—0.09
0.19
081

X

0.93
0
0

—0.44
0.82
0
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0.71 —0.5 1
0 05 j———
0 0.5 55 1 |
0 —05
0.69 —0.42
0.15 —0.67
X=[069 008|=X%~| ', "%
—0.08  0.54 '
0.08 0.28
= XTX ~ XTX
rv _oTw | 0 =035 o o _| 1
LA ‘—0.35 0 ‘ 25 ‘—0.35
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Deep Feature Selection study
peqUred B M

where U is orthonormal to the column space of X, C € R(P)XP gatisfies CTC =
2§ —SZ71S >0, S is diag{s} and s=(sy, ... 5,) has nonnegative entries.

X=X1-2"19+0cC

1) The original set and the knockoff set have the same covariance matrix.

2) Swapping an original and corresponding knockoff does not change
covariance with other features.

3) The correlation between original and corresponding knockoff is defined as
low as possible.
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Deep Feature Selection study

* Next Step is to calculate feature statistics .
It the W; is large positive value, the f; is more likely to be selected.

“If an original variable cannot be distinguished from its knockoff version in the
regression model, it is identified as having a null effect”

* In KnockoffGAN (Jordon et al., 2018),
Lp = Ygeqo,ya E x~p,[E g-py[S —log(D((X.X)_ . )) + (1= S5)-log(1 - D((X,X) NI

« Generating Knockoffs methods -> imitating originals by a specific approach

swap(S)

* In my opinion, by imitating correlation structure, control the null features with
a lot of collinearity and by knockoffGAN, control the redundant features and
Features that are not unique.
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- 2t=E A ZH2E 13239 A} (7| E0= 1267 SHAG
our |l o | AR A | | oim | em | A | A | ok | bR | Arot| atet [ x| xiw | 2| 22 | oret | otet|
e EbERzplze|lzolRe|2Z0RER|IZ0EEZOEERZOZR O | ® Joluel © | ® o
AX 11085[081(042|047]0.64|0.63|0.73|0.66 0 0 0.52
AX 21091]089|0.75|10.721093(093(093| 0.9 0 0.70
AX 31096[096|095[094[095|10.96|0.94|0.95 0 0 0.76
AX 410941094082 084|082|084|0.79(0.75 0 0 0.67
AX 5/0.81[0.81[0.36{0.37|0.34|0.36|0.32|0.38 0 0 0.38
AX 6 0 0 0.00
CO 11 0.96 | 0.96 0.96
CO?2 0.89(0.89{091[091[09110.89(0.86| 09 |091]0.88 0.90
CcO 3 0 0 |0.00
SA 1 0.96 0.92 0.96 0.93 0.96 0.95
SA 21| 0.96 0.92 0.96 0.93 0.96 0.95
A 0.67
|
0% 100%
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세그멘테이션 현황 테이블

		type		눈 (L)		눈 (R)		시신경 (L)		시신경 (R)		내직근 (L)		내직근 (R)		외직근 (L)		외직근 (R)		상직근 (L)		상직근 (R)		하직근 (L)		하직근 (R)		상안검 (L)		상안검 (R)		지방 (L)		지방 (R)		눈물 주머니 (L)		눈물 주머니 (R)		안와 (L)		안와 (R)		합계

		AX 1		0.85		0.81		0.42		0.47		0.64		0.63		0.73		0.66														0		0										0.52

		AX 2		0.91		0.89		0.75		0.72		0.93		0.93		0.93		0.9														0		0										0.70

		AX 3		0.96		0.96		0.95		0.94		0.95		0.96		0.94		0.95														0		0										0.76

		AX 4		0.94		0.94		0.82		0.84		0.82		0.84		0.79		0.75														0		0										0.67

		AX 5		0.81		0.81		0.36		0.37		0.34		0.36		0.32		0.38														0		0										0.38

		AX 6																																		0		0						0.00

		CO 1		0.96		0.96																																						0.96

		CO 2						0.89		0.89		0.91		0.91		0.91		0.89		0.86		0.9		0.91		0.88																		0.90

		CO 3																																						0		0		0.00

		SA 1				0.96				0.92												0.96				0.93				0.96														0.95

		SA 2		0.96				0.92												0.96				0.93				0.96																0.95

		계																																										0.67
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- 33 Tdeforg ofF:
A 25 YR
(1) M2 F=71=l 2tAH0f Cfsl =2t0[A M- XY (AX1~5, CO1~3, SA1~2)
(2

A& (AX1~5), == FOL| (AX6), 2tet (CO3), A MK O|H %Y
c Choll, #7220 S22 MBEX| = %5 72T (AX1, AX5 85}

(@) LI X (ZAS RQISh £ 0L £20|2 (AX6) M B

- s 95 52 2= O|O]X]
- O[Ol M, Xt= MO RIE|O[H0] 0242 O|O|X|of CHat MO O|H & AE
- A= 6.1~6.7: (1), (2) Tl
6.8~6.14:  (3), (4) T
O

6.15~6.24: Ats @F % &G == A 1HE O|M
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Industry-University Collaboration Project

AmHAH M= 7] 2 H =22
International Conference on Computer Science, Industria ol a JIx
| Electronics(ICCSIE) 16th Aug 2021, Seoul,Korea (south) 08/16 (22 =) 8/1
1138th International Conference on Management and In 09/18-19 9/3
formation Technology (ICMIT),Seoul, Korea (south)
International Conference on Computer science and Infor 09/20 9/6
mation Technology (ICCSIT), Seoul, Korea (south)
1178th International Conference on Artificial Intelligence
and Soft Computing (ICAISC) 12/4-5 119

1182nd International Academic Conference on Develop 12/4-5 1119

ment in Science and Technology (IACDST)
Ir:]’;ernatlonal Symposium on Advanced Intelligent Syste 129 (O &) NEME ol
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