55 48 FH5 4 1) B RO E 40 (A ARBEERR) Vol. 48 No. 4
2025 4% 8 J JOURNAL OF NANJING NORMAL UNIVERSITY ( Natural Science Edition) Aug. ,2025

doi:10.3969/j.issn.1001-4616.2025.04.010

P DS R A SR B ke g T 7 E S KT R7S

Rped, AT, KA

d

(LI e RO 2 B 5 B S 324 B 1195 ZR M 215163)
2N KA ERB 2 S AR BE, TLIR 931 215006)

[(FEE] W RIEBEN LA H D & H R SRR R & TOhR S AR HEAT [ 3 E A, 17— R I g e
T AR RE AR AR = 1 ()L, E T, 2042 W T BB P 205 42 50 [ 0 42 4 50408 8 7 465 4 1Y (5124 M % Il e 43k
SR, X7 VAP WA [l S — | A 202 W [l A 500k 22 6 4o 42 0% WR A i = AR 5 2 1 W s g
SR A5 A TRl W ] A A e R B S . R T A b R 1) B A SCHR T — o 2 g [ ) 2
BT R AR I 2 W A B SR AR T — R 0 R A A R R, A6 AR R R
FEREA Y Ja R A5 B, NI AR B T 8088 (9 R 0 R 4544 , S8 A e 7 AR A X Bk s . S A0 R 1 Y4 ) A
P SR E R EE A SCHE AR ) U 5 | AKR 22 B0HY 1 JEEGE NI A S B e TR R AR BRI AR SCHE 9 A
LB A X SR A 2 WS R M RR RN RR B A AT T SIS E. SUYRAE SRR I AR SO R R R A AN R S ik
BT REAR AT i 1) 1 R,

(SRR PMEEIA2=  BA R, SRR R W g 1, 1 Ye85aE

[FESZES]TPIS] [ XHEFREL A [ XEHS ]1001-4616(2025)04-0096-10

Semi-Supervised Sparse Regression Based on Local Adjacency Graph
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Abstract : Semi-supervised regression( SSR) algorithms leverage a small amount of labeled samples along with a large
pool of unlabeled samples for modeling regression functions,which can alleviate the high costs associated with obtaining
labeled data to some extent. At present, graph-based SSR algorithms have been proposed, which can employ adjacency
matrices to dig the underlying data structure. However, existing graph-based SSR methods are confronted with two primary
challenges. First,existing methods rely on the fully-connected graph on data that is susceptible to noise and outliers.
Second, the sparsity of current SSR algorithms leaves room for enhancement. To address these issues, this paper proposes
a novel semi-supervised sparse regression algorithm. This algorithm designs a new graph, the local adjacency graph,which
focuses on the local connectivity of samples. This graph generation method preserves the local manifold structure of the
data and mitigates the impact of noisy samples. Furthermore ,our algorithm capitalizes on the sparsity-inducing property of
the 1-norm regularization by incorporating a 1-norm regularization term for the model coefficients into the optimization
problem , effectively enhancing the model’s sparsity. Empirical validation is performed on nine real-world datasets to
evaluate the SSR performance and the sparsity of the proposed algorithm. Results demonstrate that our method achieves
superior performance across various experimental setups.

Key words: semi-supervised regression learning,adjacency matrix, graph generation , sparsity, 1-norm regularization
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3.1.1 IFH 36 4R

SCHGI A RATEE T PR PR FE AR : 295 #I%R 22 (root mean squared error, RMSE ) 1 55 & ( degree of
sparsity ,SD) . Tl —{>F b F R 2 (0] 051 5303k i 00 14 1 , F8 A O R /N SRR AR 7R 1 aﬂzﬂ ):—/I\?E*/]?FH
KA TSR (R A2, 0 60 P (ED B OR SR 7 R At ™ T 001 % ik P S B A T

B )5 iR 2% A8 v] LAFROR ELSE 5 T 9*%2[@5"]5?@%7?%,%4}:&%%/7?7@:

RMSE(y, f(x,))= jlzu -7, (24)
A 0 WA 091
UL « b bR BB GO BT i w o OB L A A

length(w)— || w
ey O w1

length(w) ’ (25)

K, length (w) Frn i w A, gt HOTR AL, (| w [l s w B9 0 JE%L
3.1.2 sk

AR e B 5 6 RARSCH LT 1 oA, A4 -

® COREG\( Fl COREGLY . X iR 5 2 #0 & 3E T COREG Ay Wi B [ml 954wk, BT AR A 2 kb 1E T
COREG,x Hl COREG,, 7351 1 7 kNN F1 SVR 47 5] Y- T30

® SS-SVR'*/ ;SS-SVR ( semi-supervised SVR) J&2¥ Wi B 37 335 [ 2 [0 9 WL Y T . 1% 81 ["] COREG —
B AR AT ORI 2R A0 e Il 5k

® LapSVR'"* il LapRLSR'"" - 33 0 530 5 #1025 1 P (90 2 W [0 U9 5. R G0 1) 2 BE AN )
LapSVR i T & NHUBA 2% pR %K, 1T LapRLSR {1 T e/ —3fedii 2k

® NILP'®) . NILP ( Node influence-based label propdgatlon)ﬂzﬁ?ﬂ w5 R s 2 4G R A I TR R
AR AT AT LU ZRAE h B TCAR AR A S AR 2 (B, SRS (0T SVR HEAT 19127~
3.1.3 ##EL

SEESHIRATHSR A TR A T 4 M 9 A TR AR, 4 ok A Kaggle M%) Boston housing
Garments worker productivity ,Happiness Index 2018-2019 Marketing , & H StatLib 3 Bodyfat, 3k H Hastie
%{ﬁ/\kﬂiﬁﬂﬁ Los Angeles ozone, AN K H UCH BudE 5 2 1Y) Concrete slump test, Real estate valuation .

Servo. X SERLPRAE Y TEAN G B a0 1 FiR.
K1 INELHIEENER

Table 1 Description of nine benchmark datasets

e/ S LG Z S BEAK FHERC | Bk LG E S BEAKL FHIEEL
Dataset 1 Boston housing®! 506 13 Dataset 6 Servol V) 167 4
Dataset 2 Bodyfat "] 252 14 Dataset 7 Garments worker productivity*’ 691 13
Dataset 3 Los Angeles ozone!*! 330 9 Dataset 8 Happiness Index 2018-2019%] 312 9
Dataset 4 Concrete slump test!"! 103 10 Dataset 9 Marketing!®! 171 3
Dataset 5 Real estate valuation'! 414 6

LITRE A https://www. kaggle. com;; I R#HA https://lib. stat. cmu. edu/datasets/ ; Ll R A https://hastie. su. domains/ElemStatLearn/
data.html ; td] T#A https://archive.ics.uci.edu/ml/index. php.

3.1.4 HHXE
LAG-S3R —A0 5 T 4 BS80S EL B BB |k e ANBUBR K REIZSEL & A% S50 p.
XF T LAG-S3R FIH A JL AP 45 s, FeAIT5 78 {1070, 107, -+, 10° | A4 3 Bl P9 9 o G 1E 000 4k 2 50 i {1
LAG-S3R (TSR k76 {3,7,15,20 | (3G Fl N EH XT?FﬁﬁﬁﬁH & ANHUBAR R pRE N B FRATTHR
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X LA v o B i S B AR 5 B FH R SRR BT 4 1) A VR A T . XA B AR SCHR A S
R 28 I UE 7 A TSR0 L 5 IR R4 SR A A e A 25 2R
3.2 EWERSWH
3.2.1 FWBEMAERE

R T RS M MU 55 b MR FRATMIN GRS h BEALPEE 10% MIREAIE I A AR S FEAR
AT A DN ZRREAS R 43 BIBED LR 30% 60% \90% HIEEA N TChRZREA.

Bl 1 /R T LAG-S3R KA 6 FikH S A 5 46 5 30% .60% \90% TChr A REAR I DL T A4
RMSE 224k ithZk. MEHa] LIS BT 458

(1) BlAE TChR%s bl n , 35 1) RMSE i ZAE KRG T 23R RS X Wi T AR (5
X [ U 00 53 P B 19 2 M2 1 TG 114 5

(2) NILP S iU PERE AL 22 | X FT RS PR Ry 20312 A P 1 &I H R B AN REAR i M 3= B I 25 A0 15 12, 5

(3) LapSVR Fl LapRLSR FYZEHA Y | HAL T NILP. 7E5-S0iE A0 | i3 PN 1k RE IR A S U sl kAR 10
g5 (HILBARYER 22 T COREG fil LAG-S3R;

(4) PiFh COREG ik BUARAE— SR 13RI T e 0% [ml U5 TP B, {EL S A Sk AT Al b F A< SC
$E ) LAG-S3R i

(5) LAG-S3R FEIEFE R4 L T ABFRAR T S5ethe 14 1m0 U3 F50 0 2485 28 i the 32 B T Jmy 3R 2 42 R A 1 S
IEWIT 5 I XS i RE A T i B Y.

251 125 15.0
20+ 100 1251 il COREG,, =k~ LapRLSR
o w# COREG,,, —%- LapRLSR @ 75 -+ COREG,, =k- LapRLSR @ 100 COREG, NILP
g 15t COREG,, NILP < COREG,,,, NILP g SS-SVR LAG-S3R
~ SS-SVR LAG-S3R 2 50F SS-SVR LAG-S3R % 75 LapSVR
ok LapSVR LapSVR
1 P —— . DY O
o o b
5 1 i 0 1 J 2.5 1 J
30 60 90 30 60 90 30 60 90
Unlabeled rate/% Unlabeled rate/% Unlabeled rate/%
(a) Dataset 1 (b) Dataset 2 (c) Dataset 3
35 40 201
30 35
25T s COREG,, —%- LapRLSR 30 +" COREGyw  —k= LapRLSR
- ® COREGkNV NIEP m - -:#: COREG,, == LapRLSR 0 COREGy4,, NILP
»n 20 SVR v 25 COREGy, NILP n SS-SVR LAG-S3R
z 15 SS-SVR LAG-S3R E SS—SVR’ LAG-S3R E 15F LapSVR -
e~ LapSVR ~ 20 LanSVR ~ f EEEE R e
(1) et U 15 o S *=-Z_-C *
5 1) SRR
O 1 J S 1 J 1.0 1 J
30 60 90 “30 60 90 30 60 90
Unlabeled rate/% Unlabeled rate/% Unlabeled rate/%
(d) Dataset 4 (e) Dataset 5 (f) Dataset 6
0.7 90 20
0.6 80 -
0.5F  ..e. COREG,, —k- LapRLSR 70" "+ COREG,, =k LapRLSR 15 &+ COREG,,, =#=LapRLSR
o COREGyy, NILP
204t COREG NILP 2 ook 5 COREGy, NILP
g 04 o 2 60 SS-SVR LAG-S3R 2 SS-SVR LAG-S3R
5 031 SS-SVR LAG-S3R 2 50 LapSVR > 10 LapSVR —
- LapSVR S ~ D
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Fig. 1 RMSE obtained by seven methods over nine benchmark datasets with different unlabeled rates
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3.2.2 BRI

R T B AR R g TRATFE VISR RE A 5 90% Tobn B AEATE LT, 1l Y ZRe A v 36 i 2
6] T A AR BB 1Y 20% 40% 60% HIFEAAE R M A REAS . 3k Ll REA IR A IBIE R 0.5 J7 2578 0.25
B 0T A R 3k SR AR L — 2P B (AR A S AT AR S FE AR (AR B (E IR L v s Vo 1 35153
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Fig.2 RMSE obtained by seven methods over nine benchmark datasets with different sample noise rates
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Table 2 DS obtained by seven methods over nine benchmark datasets with 60% sample noise rate

AR PR COREG COREGgyy SS-SVR LapSVR LapRLSR NILP LAG-S3R
Dataset 1 0.00+£0.00 0.03+£0.01 0.09+0.06 0.00+0.00 0.00+£0.00 0.06+0.14 0.35+0.48
Dataset 2 0.00+£0.00 0.03+0.04 0.15+0.08 0.00+0.00 0.00+£0.00 0.00+0.00 0.86+0.08
Dataset 3 0.00+0.00 0.01+0.01 0.02+0.03 0.00+0.00 0.11+0.25 0.01+0.13 0.29+0.15
Dataset 4 0.00+£0.00 0.06+£00.04 0.00+0.00 0.00+0.00 0.00+£0.00 0.01+0.01 0.45+£0.39
Dataset 5 0.00+£0.00 0.04+0.03 0.02+0.04 0.00+0.00 0.00+£0.00 0.01+0.01 0.19+0.16
Dataset 6 0.00+0.00 0.03+0.04 0.12+0.08 0.20+0.45 0.00+0.00 0.01+0.01 0.77+0.06
Dataset 7 0.00+0.00 0.08+00.01 0.43+0.29 0.01+0.01 0.01+0.01 0.24+0.26 0.91+0.03
Dataset 8 0.00+£0.00 0.02+0.02 0.11+0.05 0.00+0.00 0.03+£0.05 0.00+0.00 0.11+£0.01
Dataset 9 0.00+£0.00 0.04+0.03 0.08+0.02 0.00+0.00 0.00+£0.00 0.01+0.01 0.57+0.23
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