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Abstract

Incomplete multi-view clustering aims to handle clustering problems where samples
are missing in some views. Incomplete multi-view spectral clustering with adaptive
graph learning (IMSC_AGL) is a representative method in this field, which learns a
global consensus representation by jointly performing graph learning and spectral clus-
tering, and performs well on multiple datasets. However, this method only imposes an
orthogonal constraint on the consensus representation, making it difficult to ensure a
clear clustering structure and high discriminability; moreover, when views are missing,
noise in the cluster indicator matrices of individual views interferes with consensus
learning. To this end, this paper introduces a structured pairwise constraint term in-
to the IMSC_AGL framework, encouraging the learning of a discriminative consensus
representation with a block-diagonal structure via auxiliary variables, and theoretical
analysis shows that this improvement does not incur additional high-order computa-
tional burden. Experiments on multiple incomplete multi-view datasets demonstrate
that the proposed method outperforms IMSC_AGL and other comparison methods,

verifying the effectiveness of the improvement.
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PR, TiEfRIE 2 B ILR R IR & R k.
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R, N IERR R SISO LR, 51 5 ) A HOx iy 850 19 A 0 TR It 48 i
T HEREE

o SRHHT T BGIBURI I ARIE, EY) T RSO RSN B S, R T 5
ISR 2 R AR 0 4285 1 SRS M .

2. XTI 1E

2.1. EEARE L

TSR IRAVR R — M T R M 2 M B SR B, O B AR A X ) e 4y 3 A AT B R B R AT
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Algorithm 1 {LidF2

HWIN: AEBEZIEHHEX®, SURRSIEFEGY, MEH, KiHe, S8, o, X, o REAR
#5500, p=0.01, p=1.1, 7=10"5,
Mgk FI A E R LT A0 ERTEZ™, B G #5238 by 07 5 B R AT R AR A 2> AR SR W 4R
HF®, FIHOAT)PIENU, MAEWNEALRE, Cy, Co, Ca¥Iia AZHERE
BT
A E
FIHAR (9)HEHLTRZO,
FIRAAR (12) EHTEWO,
FIR A (10)EHEES™,
FIFHAR (15)BEHAEF®,
FIRAAR (13)EHLTEE®,
HHrhiig I HIFC,, Cy, Cs.
FFEE R
FIR AR 17 EHEZRU,
FIHAZ (19)EHEEM,
: RS B H 2 5
BEZFEI#HE:

e A -

© ® X

Yy =Y, Z, —E,|| <7, |Zy —Sullo <7, |Zy — W, <7, [W,1-1|| <7
Wi U

5. SCh
5.1. HiEE

NV TR FERITERE, BATESN 2B EITResels, IR RN SR TR E AN
BRRE, DB HMIRBOR . ik BdE £ 5 AMSRCVL. ReutersflYale, HAKHHA LN
T

(1) MSRCV1: ZHIEEC G, 7250, 210 sk aEE, SiREEGRNEMHF T
FREAE AR, (2) Reuters: ZEREMEMLEL 6135, FL600% ¥ A R, 5K
A3 B0 B [ — R E UEAE, VG, R, RORRNE AP YL R AR, P R 4 P A A
(3) Yale: ZEREM TSN 1655k NIGEIE, B AXN1IKER. RIEAFRDERAML. *&
AR TR LA BT N R, R T — A U 4R

R M VEANE B TR 1o R SE s 2 A E AR AR SR I B, FRATITE 52
HE) 2 A0 B B B it A S A SE RS, 2 AR R R RN 10% 20% 30% FIA0%HIA e Z
pA g

Table 1. Statistics of the datasets
= 1. BIEEEERIT

AETTE S L 2L Fo FEAY AR B R AR R

MSRCV1 6 7 210 1302 / 48 / 512 / 100 / 256 / 210
Reuters 5 6 600 21531 / 24892 / 34251 / 15506 / 11547
Yale 3 15 165 4096 / 3304 / 6750
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5.2. SEEFE

FATEI TR L%, BRI T

(1) BSV [18]: 38 ik K 45 AN 40 B o ol 2 B AS R 250 A8 B0 78 A0 A 3, I 5 0 57 350k A 400 1 4
1TK-means 53K, FMEBERELE R, (2) Concat [10]: SBSVEIEIRML, ZE LN ERIAEARDT
Ab T A FRE R R I BMEIA TS, BRI A WL R MR AE R B — L, ARG AT K-means 3R
FRFJAFIEEL R, (3) DAIMC [8]: 1ZI7IEFE T IACEARGUR FE > RAESE, R REAS 5515 BN
AR 7 2 G — T FER R, R G 57 LR R P DA SRR FEA 4. (4) PIC [19]: %757k
R FH R B D A 4 R A SE AR BEHE B, R i 2% 1) R A R ARLRE JZ T, RIS AN B 8 B vy
TP RS 5 2 ALK Rl R 2 [ BRI, JE U R YR 4R 5 &AL BRI Rl & 5Reg. (5) IMG [10]:
MBI E A SRR, RSB RR . RSN RE R, EA E
A )AL 22 1 MR PRI (R G5 A AL SR B, (6) GPMIVC [9]: %051k LR G B A il A 3l K R I X0
KIPVCHIEY R EZ B, IFalid 51N EHE 2 8 IR0 S 7 10 T A R O B 25400 11 1A 48 1)
P LT 454, (7) IMSC_AGL [11]: I FIMRRR R 7S AW B R R SR AAE A 2 B 45 1 O Fo 4k i
N TR R e R, B S R R 2 R IR AL R e s, I 51N B[R] 1E AR 35027 3]
AR A FFEA R IR,

AR Z AT AR 5 BRI R KRG, 4 BN (ACC), I — (LT (3
B (NMI) A 51 2% (Recall) 20 MESh, APRUEATHE, 03[ — i de, BATERFBIRR T
XF BT A B B 38 [ S A A B A0 46 oD AT TH B, Gt A Bl SR AE SRR R ON10%, 20%,  30%:
A0% I B & TEARME, T SR ARG B M8 5 77 ZE HEAT X 2y M

5.3. SLINER KRR

% 2~4 JE/R TMSRCV1, Yale5ReutersiX = /MR GR F N10%, 20%, 30%-540%1)
THOLT &b AR IE S 7 2, HA i R E A A ST e s T s AR AE, Rk
WHE N TR J5ETE MR AR AR T AR, B 1R 7 = AN ER R LATE J7 V5 7R A R Bk 26 7R ) B
I ACCE LA

Table 2. Overall mean and variance of ACC for each algorithm on three datasets under four missing rates

*® 2. FEPBEA=EEEE LT IUMERE N HACC MBS T E

Bk MSRCV1 Yale Reuters

BSV 0.642857(=£0.003159) 0.601515(=0.006988) 0.419583(=£0.017175)
Concat 0.680952(40.005941) 0.459091(=£0.00356) 0.36875(+0.032369)
DAIMC 0.805952(=£0.001729) 0.65(40.000474) 0.388333(=£0.004924)

PIC 0.85(=£0.00158) 0.739394(£0.001053) 0.43(=£0.0036)

IMSC_AGL 0.898810(=0.000565) 0.65(£0.027141) 0.497917(40.001075)

IMG 0.629762(40.013717) 0.556061(40.009021) 0.496667(40.000346)
GPMVC 0.759524(40.002094) 0.612121(40.005265) 0.229167(40.000019)

Ours 0.933333(+£0.000257)  0.746970(40.000548)  0.60375(+0.000147)
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Table 3. Overall mean and variance of NMI for each algorithm on three datasets under four missing rates

*® 3. FEBA=EEEE LT IUMBA R N HINMLEAEME 577 2

Bk MSRCV1 Yale Reuters
BSV 0.534083(=£0.008308) 0.587830(=£0.005128) 0.229438(+£0.014243)
Concat 0.577520(40.009979) 0.453324(40.002892) 0.187481(40.025948)
DAIMC 0.701844(=0.001803) 0.656068(=0.000842) 0.205016(=0.00406)
PIC 0.758608(40.002083) 0.717877(+£0.000283)  0.485740(+0.006546)
IMSC_AGL 0.815480(=£0.000974) 0.664139(40.014665) 0.317402(=£0.001002)
IMG 0.493688(£0.00908) 0.590965(40.004748) 0.315065(40.000513)
GPMVC 0.669176(=0.00099) 0.627524(=0.00207) 0.019113(=£0.000013)
Ours 0.866860(+0.001049) 0.716059(40.000656) 0.393718(=£0.00042)

Table 4. Overall mean and variance of Recall for each algorithm on three datasets under four missing rates

* 4. BEIFEAEABHRE LT IR E T K Recal I A K(E 575 22

Hk MSRCV1 Yale Reuters
BSV 0.450689(40.012294) 0.275527(£0.014414) 0.259024(+0.004387)
Concat 0.482162(+0.016718) 0.140321(+0.001172) 0.254383(+0.010219)
DAIMC 0.653082(40.004006) 0.440551(£0.000929) 0.251005(=+0.001326)
PIC 0.735514(40.002546) 0.519161(+0.001266) 0.470762(+0.006638)
IMSC_AGL 0.800491(40.001802) 0.447115(£0.020326) 0.335789(+0.00055)
IMG 0.475839(+0.009412) 0.348990(£0.006997) 0.310492(+£0.000085)
GPMVC 0.611885(40.001287) 0.395676(+0.003607) 0.169735(=£0.000004)
Ours 0.865496(+0.00091) 0.533594(40.000768) 0.417817(+0.000033)

M 2R DVE H, AR FEE = AN ERE S EIMACCRRINE 577 21 B M T HAbX tL A
%, FEM AR T 51N B AR A Rtk LS ROK 2 HIMSC_AGLAL R HUAT, R W] HOKE &) 2
S GL AN S AR S B HA M. hR 3 53R 4R, At EAfE = a4 B
FINMI 5 Recall S R ME 5 77 Z IR BEAROL T BLSR:, RE A Bl S MUE HPICE AR AT, PICFH A
SR 2 SO AL S 7 i AR AR DL BERE RS, S MY THT ETAIE 1 A SCHITR FH 0 ST SR A B AN 58
3 22 WL P Bt I A A (3 P P A A

ME AT ARER R, A S RELE A AR R T B SHE T PR B A0 T FoAt s BBk, RIMaE
FEGRRFEIRA0% MG OL T, HAER AR IR B, RINZSEE A R R k.

5.4. SRS

TR SN SHIIUE, A SCREU TSR0 Jegy e RisEE & {107°,1077,...,10%,
10°}e FEBEN, MHITEIL T, X Ag, o R B RE LT AR SBHEMERRBCR, WEs, o
MR AL s BEJE RE N, ar XN, AR A RIS SR RIS R AR S5 N B ROx 20 ARTBURT L ) 2
HUPRBURIE AT AL, SR 2fR. WA AL S 8afE[100,10%) 70 N 5%
RIMER AR, JCHGRAEIL00 BRI I HOR et

DOI: 10.12677/aam.2026.1510412 257 I FH#e e t J


https://doi.org/10.12677/aam.2026.1510412

skith, JEARHE

MSRCV1 Yale Reuters

—@—Bsv
—ll— Concat
—A— DAIMC
PIC
—k— IMSCAGL
——IMG
r | —¥%—GPMVC
® | —»—ours

0.4 0.35 0.15
10 20 30 40 10 20 30 40 10 20 30 40

Missing Rate (%) Missing Rate (%) Missing Rate (%)

Figure 1. Variation curves of ACC for each algorithm on three datasets under different missing rates
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Figure 3. Convergence on the MSRCV1 dataset with 10% missing rate and comparison of running time of each
algorithm
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Table 5. Comparison of ablation experiment results on the MSRCV1 dataset
& 5. fEMSRCV1Hda sk LI Rl SL I 4 RS b

ke 3R ‘ IMSCAGL ‘ Ours
‘ ACC NMI Recall ‘ ACC NMI Recall
10% 0.919048 0.838574 0.834461 0.952381 0.902968 0.901565
20% 0.914286 0.839151 0.830844 0.938095 0.875885 0.875448
30% 0.895238 0.811273 0.793457 0.928571 0.863591 0.854133
40% 0.866667 0.772924 0.743201 0.914286 0.824997 0.830839
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