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Introduction



UFS

» Unsupervised feature selection vs. Feature extraction
» Select a subset of input features without labels
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PCA

» Given X = (xq,X2,...,%,) € R¥" principal component analysis (PCA) is

1
i ZIX — ww T X3
pmin 5l I3

st. WTw=1,

)

min  — Tr(WTXXT W)
WeRdxp

st. WIw=1,
» Unsupervised feature selection by sparse PCA

min  —Tr(WTXXT W)
WeRIxp

st. WIW =1, |[W|y<s

» The i-th feature can be measured by ||w'|| since z; = (w!T, w

2T

PRI

, W

» The dimension number is often omitted when it does not cause ambiguity
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Model

» (Q1) How to learn feature structures
' M (N N
min = Te(WTXXT W) ] - L

e - -
st. WIW =1, [W|ao<s mmEl momm
(a) gr;ginal ®) Oblainc;by £5,9-norm

b = Iw

. T
in  — TxxT . - b :
min - — Te(WTXXT W) -&i -

st. WIW =1, [Wlao <st, [Wo <9 o ommmomm o ommn o,

(c) Obtained by fg-norm (d) Obtained by double sparsity

» Double Sparsity Constrained Optimization for Feature Selection (DSCOFS)

» ||W]2,0 < s1: Global feature selection
> ||W]lo < s: Local feature selection



Algorithm

> Proximal alternating method (PAM)

» Model reformulation
min  — Tr( WTXXT W)
st. WIW =1, Wl < s, [Wlo <s

¢
min_ — Tr(WTXXT W)
wW,Y,Z
s.t. WTW = /, HY||2,0 < S1, HZ”O <s
wW=Y W=Z2
¢
min_ — Te(WTXXTW) + i [|W — Y|[E + || W — Z||3

w,Y.zZ

[RAR)

st. WTW =1, Y20 <s1, [|Z]lo <



Algorithm

» Input: X, p1, p2, S1, S2, T1, T2, T3
> Initialize: (W?°, Y?, Z°)
» While not converged do

» Update W**! by

min
w

— Tr(WTXX W) + || W = Y5 + po|W — Z¥[5 + || W — W5
st. Ww=1

» Update Y**! by
min W — Y&+ 7Y — YR
st ||[Y]l20 < s

> Update Z**! by
min WS — Z|F + )| Z — 273

s.t. ||Z||0 <s



Convergence

» Denote the objective function as
F(W,Y,Z) == Te(WTXXTWX) + | W = Y[ + 2| W — Z|[3

> Suppose that 8 > max{2(\g + A1),2mA;}
» (Theorem) Let {(W, Yk Z¥)} be the generated sequence. Then the following properties
hold:

> {f(Wk, Yk ZK)} is strictly nonincreasing

» The sequence {(W, Y* Z¥)} is bounded

> limy oo |[(WHFL YEHL ZKHL) (W YK ZF)||p = 0

» Any accumulation point (W*, Y*, Z*) of the sequence {(W¥*, Y, Z¥)} is a
stationary point in the sense that

0 VA(W*, Y*, Z*) + N(W*, Y*, Z*)



Experiments

» Compared methods

>

vvyVvyy

>

LapScore: He-Cai-Niyogi, NIPS, 2005

UDFS: Yang-Shen-Ma et al, [JCAI, 2011

SOGFS: Nie-Zhu-Li, IEEE TKDE, 2021

RNE: Liu-Ye-Li-Wang et al, KBS, 2020

SPCAFS: Li-Nie-Bian-Wu et al, IEEE TPAMI, 2023
FSPCA: Nie-Tian-Wang et al, IEEE TPAMI, 2023
SPCA-PSD: Zheng-Zhang-Liu et al, arXiv:2309.06202

» Implementation setups

>
>
>

Initialization: RandOrthhMat
Sparsity level: s € {10,20,...,100}, s, € {0.1,0.2,...,0.9}dp
Stopping criteria:

“r()(kJrl7 Yk+1,Zk+1) _ f(Xk, yk’ Zk)|
1+ |f(XK, YK, ZF)|

<103



Experiments

» Synthetic datasets
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Experiments

» Real datasets: Accuracy (ACC) 1

Datasets AlLfea LapScore UDFS SOGFS RNE FSPCA SPCAFS SPCA-PSD DSCOFS

CoIL20 57.74.04.03 54.82+3.91 | 58.71+3.47 | 49.66+4.81 | 55.84+4.41 | 50.15+4.70 | 54.39+3.67 | 56.57+3.05 | 60.51+4.63
(100) (100) (100) (90) (100) (100) 100) (100)

USPS 65.12.04.05 62.02+4.09 | 59.524+2.97 | 55.58+3.07 | 46.04+2.69 | 67.38+4.36 | 67.34+4.49 | 65.38+4.26 | 69.67+4.97
(90) (60) (100) (100) (60) (100) (100) (100)

. 59.29+6.33 | 68.58+£6.99 | 65.12+£6.89 | 64.05+6.65 | 60.19+6.55 | 71.37+7.68 | 72.224+8.02 | 73.12+8.48

lung_discrete | 65.10+6.44

(70) (100) (100) (100) (40) (100) (80) (100)

GLIOMA 56.84.05.24 58.88+3.96 | 56.80+4.85 | 57.44+6.16 | 58.32+7.31 | 47.92+4.61 | 50.60+5.02 | 59.28+5.01 | 60.88+6.31
(90) (100) (70) (90) (80) (20) (90) (80)

UMIST 41.0742.38 40.13+£2.79 | 47.12+£2.49 | 41.70£3.17 | 40.354+2.26 | 46.70+2.29 | 46.78+2.51 | 47.98+2.91 | 48.10+3.01
(100) (40) (100) (90) (100) (90) (90) (70)

warpPIE1OP | 25.6741.90 28.94+1.66 | 41.42+3.18 | 46.90£3.89 | 29.57+2.96 | 28.01+2.27 | 48.76+3.86 | 43.74+3.91 | 49.00+3.88
(100) (20) (20) (90) (50) (50) (70) (40)

52.214+2.76 | 41.95+£2.07 | 49.31+£2.32 | 47.124+2.06 | 53.62+2.36 | 53.04+2.33 | 51.91+2.15 | 59.67+3.46

Isolet 57.89+3.82

(100) (100) (100) (90) (100) (100) (70) (100)

MSTAR 77.0447.08 67.87+£3.49 | 78.15+£5.80 | 73.74£5.89 | 69.16+6.03 | 75.52+6.22 | 80.80+5.95 | 79.70+6.43 | 82.59+7.41
(90) (90) (100) (100) (70) (100) (90) (100)

Average 55.81+4.71 | 53.02+3.62 | 56.53+4.04 | 54.93+4.53 | 51.314+4.30 | 53.69+4.47 59.14+4.44 | 59.60+4.47 | 62.94+5.27




Experiments

» Real datasets:

Normalized mutual information (NMI) 1

Datasets ALLfea LapScore UDFS SOGFS RNE FSPCA SPCAFS SPCA-PSD DSCOFS

COIL20 75.3741.96 69.59+1.48 | 73.54+1.76 | 68.92+1.84 | 70.43+1.92 | 68.50+1.56 69.98+1.45 69.85+1.41 | 76.25+1.71
(100) (100) (100) (100) (100) (100) (100) (100)

USPS 61.1202.01 59.46+1.80 | 54.694+2.11 | 52.96+1.54 | 45.36+1.93 | 62.00+1.87 | 60.98+2.37 | 60.90+2.02 | 64.06+2.58
(100) (100) (100) (90) (60) (100) (100) (100)

. 56.79+3.99 | 64.84+5.09 | 59.70+5.24 | 61.63+5.83 | 58.264+6.39 | 69.09+5.61 | 70.93+5.46 | 70.98+7.00

lung_discrete | 62.85+5.13

(100) (100) (100) (70) (40) (100) (80) (100)

GLIOMA 48.8605.72 51.03+2.48 | 47.224+3.53 | 48.67+£10.98 | 48.62+6.32 | 21.94+5.28 | 24.144+6.97 | 51.44+5.62 | 51.06+6.19
(100) (10) (100) (100) (100) (100) (90) (80)

UMIST 63.67+1.85 61.16+1.71 | 62.00+1.58 60.79+1.54 | 55.92+1.57 | 65.27+1.58 66.23+1.60 | 66.25+1.72 | 67.24+1.85
(100) (100) (100) (70) (100) (90) (100) (100)

warpPIE10P | 25.07-:2.83 25.13+1.73 | 46.1843.30 | 52.124+3.25 | 32.674+3.31 | 23.90+£2.01 | 52.63+3.33 | 46.02+3.70 | 52.65+3.29
(90) (20) (20) (90) (50) (50) (70) (50)

69.77+£1.20 | 56.29+1.11 | 67.40+1.44 | 64.274+0.95 | 70.79+1.12 | 67.71+1.33 | 69.69+0.80 | 75.01+1.35

Isolet 75.72+1.70

(100) (100) (100) (90) (100) (100) (100) (100)

MSTAR 82.4243.31 74.10+£1.76 | 76.454+2.47 | 76.39+1.70 | 66.874+1.99 | 78.39+2.17 | 80.33+2.50 | 79.17+2.77 | 81.14+3.13
(100) (90) (100) (80) (90) (100) (90) (100)

Average 61.89+3.07 | 58.38+2.02 | 60.15+2.62 | 60.87+3.44 | 55.72+2.98 | 56.13+2.75 | 61.39+3.15 | 64.28+2.94 | 67.30+3.39




Experiments

> Ablation studies: Feature similarity rate (FSR)

FSR =

Datasets [Wlo < s ACC 1 NMI 1 FSR

COIL20 X 60.25+4.52 | 75.89+1.58 84
4 60.51+4.42 | 76.25+1.71

USPS X 68.69+4.79 | 61.25+2.39 68
Vv 69.67+4.97 | 64.06+2.58
. X 71.42+£7.95 | 69.74+6.11

lung_discrete 92
v 73.12+8.48 | 70.98+7.00

GLIOMA X 58.24+5.04 | 49.76+6.12 85
VA 60.88+6.31 | 51.06+6.19

UMIST X 47.334+3.05 | 67.44+1.88 %5
Vv 48.104+3.01 | 67.24+1.85

warpPIE10P X 47.914+4.99 | 51.194+3.79 89
4 49.00+3.88 | 52.65+3.29
X 57.29+3.44 | 72.82+1.87

Isolet 52
A 59.67+3.46 | 75.01+1.35

MSTAR X 82.06+£6.87 | 81.01+2.41 99
v 82.59+7.41 | 81.14+3.13
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Contrastive Learning



Motivation

» (Q2) How to learn data distributions

. 1 T 2
min §||X - WW' X|%
s.t. WTW = /, ||W||2)0 S S1, ||W||0 S So

» Convex loss: £1-norm, £5 1-norm, quantile, Huber
» Nonconvex loss: ¢p-norm, {> ,-norm, SCAD, MCP, capped ¢;

» Contrastive learning: learn a discrimination model between positive and negative pairs

; s o ) /m
g1




Motivation

> Let X = (x1,%2,...,%,) and Y = (y1,¥2,...,¥n) be two different pairs, the contrastive
loss is defined as

Le(X,Y) = % Z(Lc(xi) + Le(y;))
exp(s(xi,y;)/7)
ST o5k, %5)/7) + Sy xp(5(x,¥,)/7)
o exp(s(ys. x1)/7)
Lelyi) = o8 S Sy ) + S b (3 %))

» s(x,y) = x 'y is the similarity metric, 7 is the temperature parameter

Lc(x;) = —log

A simple framework for contrastive learning of visual representations
T Chen, S Kornblith, M Norouzi... - ... on machine learning, 2020 - proceedings.mir.press

... In our contrastive learning, as positive pairs are computed in the same device, the model
can exploit the local information leakage to improve prediction accuracy without improving ...
YR U9 3| WSIRRE: 22684 HEXXE FRE 24 ThRA 99



Model

» DSCOFS with contrastive learning (DSCOFS-CL)
1
min  Z[|X — WW T X|2
w2
s.t. WTW: /, HW||2’0 < s, ”WHO <s
¢
min  Le(X, ww'X)
s.t. WTW: /, HW”ZO §51, ||WH0 SSQ
¢
min  AL(X, XZ) + (1 - MLA(WTX, WTX2Z)

s

st WIW =1, [Wao < s1, [[W]o < 5
rank(Z) < r, Diag(Z) =0
» rank(Z) < r represents the global structure
» Diag(Z) = 0 avoids the case where Z = E



Architecture

>

DSCOFS-CL = Double Sparsity + Graph Learning + Contrastive Learning

e
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Algorithm

» Proximal alternating method (PAM)
min - ALe(X, XZ) + (1 — ML(WTX, WTX2Z)

s.t. WTW = I7 ||W||2,0 < S1, ||W||0 <s
rank(Z) < r, Diag(Z) =0
I

: _ T T
w N o AL(X,XZ) + (1= NL(WTX, WTXZ)

s.t. IPll2,0 < s1, [|Qllo < sp,rank(Y) < r, Diag(Z) =0
W'W=1I,Z=YW=P, W=Q
U

i L(X, XZ 1=ANL(WTX W'XZ JIWTwW — 12
W,ZIT/TP,Q ALo(X, )+ ( A)L( ) )+ | IR

+alZ =Y+ BIW = PlE + W - Q%
s.t. H'D”ZO < S1, ||Q||0 < S, rank(Y) < r, Dlag(Z) =0



Algorithm

» Input: X, \, i, a, B, 7, S1, S, I, T1, T2, T3, T4, Ts
> Initialize: (W?°,2Z° Y° P° Q°)
» While not converged do

» Update W**! by

min (1 - MNLA(WTX, WTXZ) + p|WT W — 13

+BIW = PAIE + AW = QI +m | W — WH&

v

Update Z¥*! by
min ALc(X, XZ) + (1 = LW T X, WHLT xZ)

+allZ = Y¥E + 7l Z - 24
s.t. Diag(Z) =0

v

Update Y**1
Update P+!
Update Q**!

vy



Algorithm

» Define

F(W,Z,Y,P,Q) = ALo(X, XZ) + (1 = N)L(WT X, WT XZ)
+u|WTW =1 +al|Z = Y[§ + BIW = PIE +IW - Ql%
+6(2) +46(Y)+4(P)+4(Q)

> We call (W,Z,Y,P,Q) is a critical point if 0 € 9f(W,Z,Y, P, Q)

» (Theorem) For each k, the sequence {(W¥*, Zk Yk Pk Qk)} generated by our PAM
algorithm converges and 0 € Of (W*, Z*, Y*, P*, Q@*) with

lim (W*, Z5, Y5 Pk QK = (W*, Z*, Y*, P*, Q%)
k— 400
» Sufficient decreasing
» Lower bounds for iterations

» Kurdyka-Lojasiewicz properties



Experiments

> Real datasets: Accuracy (ACC) 1

Datasets AlLLfea LapScore UDFS SOGFS RNE SPCAFS SPCA-PSD DSCOFS SPCA-CL DSCOFS-CL

coi2o | 57741403 54.82+3.91 | 58.71+3.47 | 49.66+4.81 | 55.84+4.41 | 54.39+3.67 | 56.57+3.05 | 60.51+4.63 | 60.31+3.49 | 61.32+£5.18
(100) (100) (100) (90) (100) (100) (100) (90) (80)

USPS 65.12-44.05 62.02+4.09 | 59.52+2.97 | 55.58+3.07 | 46.04+2.69 | 67.34+4.49 | 65.38+4.26 | 69.67+4.97 | 68.88+4.05 | 70.82+4.77
e (90) (60) (100) (100) (100) (100) (100) (80) (100)

GLIOMA | 56.845.24 58.88+3.96 | 56.80+4.85 | 57.44+6.16 | 58.32+7.31 | 50.60+5.02 | 59.28+5.01 | 60.88+6.31 | 61.48+6.20 | 63.16+7.46
(90) (100) (70) (90) (20) (90) (80) (40) (50)

UMIST | 41.0742.38 40.13+2.79 | 47.124+2.49 | 41.70+3.17 | 40.354+2.26 | 46.78+2.51 | 47.98+2.91 | 48.10+3.01 | 49.55+3.00 | 50.95+3.15
(100) (40) (100) (90) (90) (90) (70) (60) (70)

Isolet 57.80-03.82 52.21+2.76 | 41.954+2.07 | 49.31+2.32 | 47.12+2.06 | 53.04+2.33 | 51.91+2.15 | 59.67+3.46 | 60.53+3.75 | 63.22+3.50
o (100) (100) (100) (90) (100) (70) (100) (90) (90)

MSTAR | 77.0447.08 67.87+3.49 | 78.15+5.80 | 73.74+5.89 | 69.16+6.03 | 80.80+5.95 | 79.70+6.43 | 82.59+7.41 | 81.57+6.28 | 81.22+5.59
(90) (90) (100) (100) (100) (90) (100) (100) (100)

Average | 59.28+4.88 | 55.994+3.50 | 57.04+3.69 | 54.57+4.24 | 52.814+4.13 | 58.83+4.00 | 60.14+3.97 | 63.57+4.96 | 63.72+4.46 | 65.12+4.94

(a) COIL20

(b) USPS

(c) GLIOMA

(d) UMIST

(e) Isolet

(f) MSTAR




Experiments

» Real datasets: Normalized mutual information (NMI) 1

Datasets | AlLfea LapScore UDFS SOGFS RNE SPCAFS | SPCA-PSD | DSCOFS | SPCA-CL | DSCOFS-CL

COIL20 | 75371 06 | 69505148 | 73544176 | 68.92+1.84 | 70.43:£1.92 | 60.98+145 | 60854141 | 76.2511.71 | 7479148 | 75.76::1.76
(100) (100) (100) (100) (100) (100) (100) (100) (90)

USPS | 61104201 | 59465180 | 54.60=211 | 52.96=154 | 4536193 | 60.08+2.37 | 60.902.02 | 64.06:+2.58 | 6229240 | 63.95:2.67
B (100) (100) (100) (90) (100) (100) (100) (100) (100)

GLIOMA | 48.86.570 | 51-03+2.48 | 47.22+3.53 | 48.67410.98 | 48.626.32 | 24.14:6.97 | 51.44:5.62 | 51.06+6.19 | 50.95+4.10 | 51.7145.03
(100) (10) (100) (100) (100) (90) (80) (60) (70)

umisT | 63.674185 | BL16HLTL | 62005158 | 60795154 | 65.92+157 | 66.23+1.60 | 66.25:-1.72 | 6724185 | 60.08+1.84 | 70.54-1.70
(100) (100) (100) (70) (90) (100) (100) (80) (70)

foret | 75724170 | 6977120 | B6.205111 | 67.40+144 | 64.27+0.05 | 67.71+133 | 60.60+0.80 | 75.01+135 | 75.41+151 | 77324137
e (100) (100) (100) (90) (100) (100) (100) (100) (100)

MISTAR | 82491331 | 74104176 | 76.4542.47 | 76.39+170 | 66.67-199 | 80.33+2.50 | 79.17+2.77 | 81.14:43.13 | 78.63+250 | 7888160
(100) (90) (100) (80) (100) (90) (100) (100) (100)

Average | 67.86:2.76 | 64.19+1.74 | 61.70+2.00 | 62.5243.17 | 58.58+2.45 | 61.56:+2.70 | 66.2242.39 | 69.13:2.80 | 68.68+2.31 | 69.69-2.36

(a) COIL20

(b) USPS

(c) GLIOMA

(d) UMIST

(f) MSTAR




Experiments

» Friedman tests (Ho: There is no significant » Post-hoc Nemenyi tests
difference of compared methods)
Critical Distance=4.9047

‘ Methods ‘ Ranking ‘ P-value ‘ Hypothesis 9 8 7 6 5 4 3 2 1
LapScore 6.83
UDFS 6.50 RNE — DSCOFS-CL
SOGFS 7.50 SOGFS DSCOFS
LapScore PCA-CL
RNE 750 0.00001 Reject UDFS SPCA-PSD
SPCAFS 5.83 SPCAFS

SPCA-PSD 4.83
DSCOFS 2.33
SPCA-CL 2.33

DSCOFS-CL 1.33
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Deep Unfolding Networks



Motivation
> (Q3) How to learn regularization parameters
: _ T T Tw _ 112
w0 o Me(X XZ) 4+ (1= NL(WT X, WTXZ) 4 p|WTW — 1]}
+alZ = Y&+ BIW = P& +1IlW - QI

s.t. IPll2,0 < s1, ||Qllo < sz, rank(Y) < r, Diag(Z) =0
> u,a, 3,7 € {107%,107%,1072,10°, 102, 10,105}
> s, €{10,20,...,100}
> 5 €{0.1,0.2,...,0.5}dp
> r=0.1d
> A=05

» From iterative optimization to deep unfolding networks

» Gregor-LeCun, Learning Fast Approximations of Sparse Coding, ICML, 2010
» Chen-Liu-Yin, Learning to optimize: A Tutorial for Continuous and Mixed-Integer
Optimization, SCCM, 2024



Model

» Consider structured sparse PCA

.1
min S [X = WW X[+ N[ Wil + ul| Wi
st. WIW =1

> Alternating direction method of multipliers (ADMM)

. T w2
min §||X7WW X||g +AllY

2,1+ pl| Z]|1
st. WW=I| W=Y, W=Z
)
1
LW, Y, Z,A 1) = SIX = WWIX|E + AV a1 + pll 2]l

FAW Y)W YR w2y Dw - 2



SPCA-Net

» Update W-block

1
min  F(W) == SIIX = WWTX][f + %HW - Y A alf + §||W - Z+0%/Bl%

st. Wiw=1
N3
min - F(W*) + (VAW ), W — W¥) + 2i||w - WHR
n
st. WIw =1
N[}
Wk+1 _ UVT
N3

W = LargNet(U, V")



SPCA-Net

» Update Y-block

min A|Y
Y

«
o1+ X =Y+ A /alf
4
YKL — sign(|| X5 4+ AR /a)2) o max (|| X T + AR Jall, — M a, 0)

¢

Yk+1 - Xk+1 + /\k/Oé

4

Y*t1 = GSoftNet(X ! + A/, A/ar)



SPCA-Net
» Update Z-block
: B
min pl|Z[ly + SIX< = 2+ N%/B)E

4

ZK = sign(X* +N%/B) 0 max(| X< 4+ N*/8] — /3, 0)

4

Zk+1 _ XK nk/ﬂ

— mReLUUX"“ +N%/B| — u/B)

4

ZK+1 = SoftNet(X 1 + 1% /3, 1/ B)



SPCA-Net

> Input: X, A\, p,a, 8
» |nitialize: (WO, Yo, Zz0 A0, I'IO)
» While k=1,...,K do

» Update W**! by

W = LargNet(U, V")
> Update Y *! by

Y*1 = GSoftNet(X ! + A /o, A/a)
> Update Z**! by

7k = SoftNet(X ™ + N*/B, u/B)
> Update A“*1 ¥+ by

AT = Linear( WXt YA AR o), MF = Linear(WX'!, Z51 ¥, )
» Qutput: Trained W



Architecture

> All papameters (\, i, o, 3) are trained in an end-to-end manner
» The loss is defined as

1 - _ _
Loss = 7 [|IX — WW X+ AW (l2,0 + pl| Wl

Output




Experiments

» Real datasets: Accuracy (ACC) 1

[ Datasets | ALLfea | LapScore | UDFS | SOGFS RNE [ FSPCA SPCAFS | SPCA-Net |
COlLoo | 58-97+4.99 | 53.01£3.61 [ 56.70+3.00 | 49.66+3.63 | 55.16+3.35 | 51.71+3.05 | 54.63+3.64 | 57.46-2.76
(10) (100) (70) (100) (20) (50) (100) (90)
lolet | 99-18+3.19 | 52.56:2.83 | 4111171 | 48.93+2.69 | 47.30+2.01 | 54.15+2.69 | 5226281 | 58.43+4.31
(10) (100) (100) (100) (80) (70) (100) (100)
UMIST | 4168246 | 3071308 | 38.64+161 | 43.81+2.08 | 41.01+£2.05 | 46.58+2.34 | 47.32+3.48 | 47.58::4.97
(10) (100) (40) (80) (90) (100) (80) (70)
MSTAR | 8081876 | 6821457 | 81.257.48 | 73.46=561 | 77.82+6.16 | 78.74+£520 | 78.63:8.68 | 81.90-:6.87
(10) (100) (100) (100) (100) (30) (90) (100)
0 - ="
04
0 i
0 Mo
== ‘ ‘
? umber o et s " umber o et s " Number o s b ofsltedfaes
(a) COIL20 (b) Isolet (c) UMIST (d) MSTAR




Experiments

> Real datasets: Normalized mutual information (NMI) t

[ Datasets | ALLfea [ LapScore | UDFS [ SOGFS | RNE [ FSPCA | SPCAFS [ SPCA-Net |

COlL2o | 76-04+1.69 [ 69.01=1.53 [ 69.12+1.17 | 68.031.59 | 70.76+2.07 | 68.41=1.60 [ 70.29+131 [ 72.21+2.68
(10) (100) (80) (100) (100) (100) (100) (90)

lolet | 70-09+L77 [ 69.86+1.26 | 56.73+1.05 | 67.154145 | 64.741.28 | 71.12+1.11 | 69.18%133 | 71.80+1.59
(10) (100) (100) (100) (90) (80) (100) (100)

UMisT | 6407176 | 6123215 | 55.43£1.50 | 61.46+2.03 | 56.0841.80 | 64.94+165 | 66.26+1.74 | 66.627.52
(10) (100) (80) (70) (60) (100) (100) (70)

MSTAR | 8396314 | 73.00+1.62 | 78.18+3.64 | 76.56+1.54 | 78.26+2.51 | 78.87+2.52 | 79.62+2.30 | 80.67+3.47
(10) (100) (90) (100) (100) (90) (100) (90)

s s
—+—SPCANe / o spoaNe

20 40 0 80 100 ey 40 o0 80 100 20 40 60 80 100 20 40 60 80 100
Number of selected features Number of selected features Number of selected features Number of selected features
() COIL20 (b) Tsolet (©) UMIST (d) MSTAR



Experiments

» Ablation studies
‘ Datasets ‘ Network ‘ ACC 1 ‘ NMI 4 ‘

x 55.12+2.67 | 70.44+1.37
coIL20 Vv | 57.46+2.76 | 72.21+2.68 )
olet x 51.84+2.82 | 67.02+1.43 » Effect of deep unfolding stages
soe v | 58.4314.31 | 71.80+1.50 )
UMIST x| 40.65-2.20 | 55.88:1.62 038
Vv 47.58+4.97 | 66.62+7.52 0.57°F
x 80.6516.47 | 80.53:2.41
0.56 -
MSTAR Vv | 81.906.87 | 80.67+3.47
© 055
Q
‘ Datasets ‘ Dynamic ‘ ACC t ‘ NMI 1 ‘ <054t
x 56.71-3.83 | 71.49£3.67
053+
colL20 Vv | 57.46+2.76 | 72.21+2.68
ot x 52.06+3.71 | 68.91+2.36 0521
v | 58.43+14.31 | 71.80£1.59 051
2 4 6 8 10
x 42.63+2.78 | 60.12£1.69 ;
UMIST v 47.58.4.97 | 66.62.7.52 Number of stages
x 80.74:5.28 | 80.59.:3.67
MSTAR Vv | 81.90+6.87 | 80.67:3.47




Outline

Large Language Models



Motivation

> (Q4) How to learn feature selection

T T r--
min - —Tr(W XX W) m
T = '
st. W W=, [W[y<s

Datasets LLM Selected Features

» From deep learning to large language models (LLMs)
» Cho-Cund-Srivastava et al, LMPriors: Pre-Trained Language Models as Task-Specific
Priors, NeurlPS, 2022
» Han-Yoon-Arik et al, Large Language Models Can Automatically Engineer Features
for Few-Shot Tabular Learning, ICML, 2024

> Li-Tan-Liu, Exploring Large Language Models for Feature Selection: A Data-centric
Perspective, SIGKDD, 2025



DeepSeek
» Guo-Yang-Zhang et al, DeepSeek-R1: Incentivizing Reasoning Capability in LLMs via
Reinforcement Learning, arXiv:2501.12948
> Arrieta-Ugarte-Valle et al, 03-mini vs DeepSeek-R1: Which One is Safer?

arXiv:2501.18438
» Muennighoff-Yang-Shi et al, S1: Simple Test-time Scaling, arXiv:2501.19393

» Gao-Jin-Ke et al, A Comparison of DeepSeek and Other LLMs, arXiv:2502.03688
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Method

» Dataset-specific Context
Using data collected via a telemarketing campaign at a Portuguese banking institution
from 2008 to 2013, we wish to build a machine learning model that can predict whether a
client will subscribe to a term deposit (target variable). The dataset contains a total
of 16 features (e.g., age, marital status, whether the client has a housing loan). Prior
to training the model, we first want to identify a subset of the 16 features that are
most important for reliable prediction of the target variable.

» Main System Prompt

» Output Format Instruction
Here is an example output: "concept-1": "has credit in default ", "reasoning":
"Clients with credits in default might be more hesitant to open new financial products
due to their current financial situation and may be deemed a higher risk by the bank.
Therefore, the score is 0.9.", "score": 0.9.

» Main User Prompt

Provide a score and reasoning formatted according to the output schema above.



Method

>

>

Dataset-specific Context
Same as above

Main System Prompt

Please use the Random Forest (/ forward sequential selection / backward sequential
selection / recursive feature elimination RFE / minimum redundancy maximum relevance
selection MRMR / filtering by mutual information MI ) model to directly analyze the
dataset samples. This is a classification task, where "Class" represents the
classification. Please analyze the importance scores of these features. The score range
is [0.0, 1.0], and the score of each feature should be different. The output format is
as follows, in JSON file format.

Output Format Instruction
Same as above

Main User Prompt
Same as above



Expriments

» Compared methods
» DeepSeek-R1 (2025-01-20)

» GPT-03mini (2025-01-31) > Statistics of datasets
> GPT-4.5preview (2025-02-27) ‘ Datasets | Samples [ Features
» LASSO Bank 45211 16
» Forward sequential selection (Forward) Credit-G 1000 20

. . Pima Indians Diabetes 768 8
» Backward sequential selection (Backward) Give Me Some Credit | 120269 10
» Recursive feature elimination (RFE)
» Minimum redundancy maximum relevance

selection (MRMR)
Mutual information (MI)

A\

» Random feature selection (Random)



Experiments

» LLMs vs. Data-driven methods

G

& & o
(a) Bank (b) Credit-G
B P P
(c) Pima Indians Diabetes (d) Give Me Some Credit

] = -



Experiments

» LLMs + Data-driven methods vs. LLMs vs.

Credit-G
080
075
U om0
]
o
XS
GPT.4 Spreview
060 —+— DeepSeek-R1
—=— Random
055 —— GPT-o3mini+Forward
GPT.oamini

o 0 o8 0
Fraction Selected

methods

Data-driven
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& Jé«fw
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Experiments

» More interesting things should be investigated
> Consider large datasets with more features, especially larger than thousands
> Apply DeepSeek-R1 with different parameters, including 7B, 14B, 32B, 70B
» Try RAG and fine-tuning to improve the stability and reliability
>

Expand to regression tasks, analyze feature correlation, etc

mm DeepSeek-R1 $150.00
140 GPT-03mini
GPT-4.5preview

Price

$75.00

40 $37.50

$4.40
014 $0.55 0.5 $1.10 $2.20

Cached input Input output




Outline

Future Work



Future Work

» Al for optimization

. Steps in the pipeline of optimization model

Smart Predict-then-

O Possible Al solutions for each step
Optimize

‘ Possible algorithms for each Al solution

Q

— — — = Subordinate Relation



Future Work

>

4
>

Ramamonjison-Yu-Li et al, NL4Opt Competition: Formulating Optimization Problems
Based on Their Natural Language Descriptions, NeurlPS, 2022

Yang-Wang-Lu et al, Large Language Models as Optimizers, ICLR, 2024

AhmadiTeshnizi-Gao-Udell, OptiMUS: Scalable Optimization Modeling with (MI)LP
Solvers and Large Language Models, ICML, 2024

Gao-Jiang-Cai et al, StrategyLLM: Large Language Models as Strategy Generators,
Executors, Optimizers, and Evaluators for Problem Solving, NeurlPS, 2024

Romera-Paredes-Barekatain et al, Mathematical Discoveries from Program Search with
Large Language Models, Nature, 2024

Jiang-Shu-Qian et al, LLMOPT: Learning to Define and Solve General Optimization
Problems from Scratch, ICLR, 2025

Thank you for your attention

xcxiu@shu.edu.cn
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