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One-step Tensor Learning for Multi-view Subspace Clustering

ZHAO Xiao-Jia® XU Ting-Ting' CHEN Yong-Yong' XU Yong"?

Abstract A surge of the existing multi-view subspace clustering algorithms generally learn the third-order tensor
representation first and then fuse the learned representation tensor into a unified affinity matrix. However, since
they learn the representation tensor and the affinity matrix independently, they cannot seamlessly capture their
high-order correlation. To address this challenge, we propose a novel multi-view subspace clustering method based
on one-step tensor learning (OTSC) to jointly learn the representation tensor and affinity matrix. Specifically, we
impose the low-rank tensor constraint on the representation tensor to explore the correlation of high-order cross-
views dexterously, utilize the adaptive nearest neighbor strategy to reconstruct a flexible affinity matrix, and adopt
the alternating direction method of multipliers (ADMM) to optimize our model. Extensive experiments on real
multi-view data demonstrated the superiority of OTSC compared to the state-of-the-art methods.
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Table 2 Summary of all real-world multi-view databases
I S A S B 5 ML GBS
Extended YaleB 640 38 3 THI# FE%
ORL 400 40 3 [RHEEES
3Sources 169 6 3 EarEs
BBCSport 544 5 2 g &
UCI-Digits 2000 10 3 FEHF
COIL_ 20 1440 20 3 PRI

XFEC R AR T E S LUT 12 Bk
BRI AT R, oA HE 3 P g ] SR K
(SVC) 19 FrZHEI S (MVC) J7ik. AT A SVC
TIEBEAT XY B, A8 22 A0 B BB A B3 TR
HU SSCPA, LRRP, RSS! =il 2771k, IF
W BB U R A5 R 11 MIRAT I MVC 7k, B
FARBAFR G 0 i (RMSC)!, ZREMEE S 2 ALK
T EEE (DIMSC) M, ARk Tk B 201 1) 2 ML+
2 HEIE (LT-MSC) O, HEhALE 2 K22
(MLAN) "L, Z WK 7k & 2 #k MM (.-SVD)7, Jk
F I Z AR (GMC), JE1E 1 2 0 72 ]
B (LMSC)L sk E KR (SCMV-3DT)™L, £
P 72 A B 2R (IR k& 27 =) (LRTG)MS
IRk B A% T E R /IME (WTNNM) 0 1 AL )
g B MISF A 2 SR PR R 1) 72 (8] 2R 2K (GLTA)™

ZHERE: BT EUN S o, B,y 5K, H
o, B, v 73 RN R TE 5 0 FE R B I 044 350
HIngE P AEAR Y TR ST R, K O HE N H
BT (6) WS H B THSH o 5 K @it (20b)
KRGS, B P HBEXN S o, 4, K #1T7Z
Bk . L, KA S o Fiy NES
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177 10 ek, FFid s T ALK ST )P 45
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Table 3 Parameter setting
e/ e « ¥ K
Extended YaleB 1 0.005 5
ORL 0.1 0.05 12
3Sources 0.1 50 8
BBCSport 0.05 5 8
UCI-Digits 0.2 2 15
COIL_ 20 0.05 1 5

R, Ly, Y RN i M EAR T R AR H
SERRZE, 6((map(L;) = Y;) R IEH R BFEAR A
B NMI HBAREC 2 SUN:

I(L,Y)
H(L)+ H(Y)

Horp, H() RoRls, 1() R EARLR, ATRRN:
I(L,Y)= H(L)+ HY)-H(L YY) &N TL 5y
Z IR AHRRERE . AR F 4050 RS B2 A [m] ok
BRUWN—RHNRH, HARE X EZ WS
2 SCHR (7).
3.2 SLWEER

SEOCHR [47) YRR, ASCHE R T A A A K
BRZIEHEHT SR BRI, JFH WOTSC %ok,
LRGN 4 ~ 32 6 o, IHE T FRoRm I E
FKER, PRILH YRR KA Rl W s

NMI = (23)

% 4 H¥E4E Extended YaleB. ORL [IEE45 5

Table 4  Clustering results (mean + standard deviation) on Extended YaleB and ORL
K KA Ty ACC NMI AR F - score Precision Recall
SSClhest 0.587+0.003  0.534+£0.003  0.430£0.005  0.487+0.004  0.4514+0.002  0.50940.007
FAL Py i LRRpest, 0.615+0.013  0.627+0.040  0.451+0.002  0.508+0.004  0.481+£0.002  0.53940.001
RSShest 0.74240.001  0.787+0.000  0.685+£0.001  0.717+£0.001  0.704+0.001  0.730+0.000
RMSC 0.2104£0.013  0.157+£0.019  0.060£0.014  0.155:£0.012  0.151+£0.012  0.159+0.013
DiMSC 0.6154£0.003  0.636+£0.002  0.453+£0.005  0.504:£0.006  0.481+0.004  0.534:40.004
LT-MSC 0.6264£0.010  0.637+£0.003  0.459+£0.030  0.521:£0.006  0.485+0.001  0.539+0.002
MLAN 0.346+0.011  0.352+£0.015  0.093+£0.009  0.213+£0.023  0.159+0.018  0.321+0.013
t-SVD 0.652+0.000  0.667+£0.004  0.500+£0.003  0.550£0.002  0.51420.004  0.59040.004
Extended YaleB

E 2N WIRrS GMC 0.434+0.000  0.449+£0.000  0.157+£0.000  0.265:£0.000  0.204+0.000  0.37840.000
LMSC 0.598+0.005  0.568+0.004  0.354:+£0.007  0.423+£0.006  0.390+0.006  0.463+0.005
SCMV-3DT  0.4104£0.001  0.413+0.002  0.18540.002  0.2764+0.001  0.24440.002  0.31840.001
LRTG 0.954+0.000  0.905+£0.000  0.899+£0.000  0.90940.000  0.90820.000  0.91140.000
WTNNM  0.64840.005  0.6614+0.002  0.501+0.000  0.552+0.000  0.533+0.000  0.573-:0.000
GLTA 0.5714£0.002  0.630+£0.005  0.510+£0.005  0.560-£0.004  0.544+0.004  0.576+0.006
. OTSC 0.96940.001  0.9344£0.001  0.93140.002  0.93740.002  0.93540.002  0.93940.002
ATk WOTSC 0.9724-0.000  0.9434-0.000  0.9384-0.000  0.9444-0.000  0.9424-0.000  0.946--0.000
SSClhest 0.76540.008  0.893+£0.007  0.694+0.013  0.682£0.012  0.673+0.007  0.764+0.005
FAL Py i LRRpest, 0.7734£0.003  0.895+0.006  0.72440.020  0.731+0.004  0.701£0.001  0.754+0.002
RSShest 0.846+0.024  0.938+£0.007  0.798+£0.023  0.803+0.023  0.759+0.030  0.85240.017
RMSC 0.723£0.007  0.872+£0.012  0.645+£0.003  0.654:£0.007  0.607+£0.009  0.709+0.004
DiMSC 0.838+0.001  0.940+£0.003  0.802:£0.000  0.807+£0.003  0.764+0.012  0.856+0.004
LT-MSC 0.79540.007  0.930+£0.003  0.750£0.003  0.768+£0.004  0.766+0.009  0.837+0.005
MLAN 0.705+£0.02  0.854+0.018  0.384+0.010  0.376+0.015  0.25440.021  0.72140.020
ORL t-SVD 0.9704£0.003  0.99340.002  0.96740.002  0.9684-0.003  0.9464+0.004  0.9914-0.003
Z R GMC 0.633+£0.000  0.857+£0.000  0.337£0.000  0.360-£0.000  0.2324+0.000  0.8010.000
LMSC 0.877+0.024  0.949+0.006  0.839+£0.022  0.843+0.021  0.806+0.027  0.88440.017
SCMV-3DT  0.839+0.012  0.908+0.007  0.763+0.018  0.7694+0.017  0.74740.020  0.792+0.016
LRTG 0.933+£0.003  0.970£0.002  0.905+£0.005  0.90840.005  0.88840.004  0.92840.007
WTNNM  0.96740.000  0.99240.000  0.9604+0.000  0.952+0.000  0.946:0.000  0.968-:0.000
CGLTA 0.976+£0.002  0.994+0.006  0.958+£0.024  0.963+£0.019  0.952+0.035  0.989+0.012
. 0TSC 0.9834-0.002  0.988+0.001  0.964+0.003  0.96510.003  0.9584-0.004  0.972-0.001
Ak WOTSC 0.93840.000  0.972+£0.000  0.907£0.000  0.909:£0.000  0.885+0.000  0.936+0.000
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Table 5  Clustering results (mean =+ standard deviation) on 3Sources and UCI-Digits
g K J5i: ACC NMI AR F' - score Precision Recall
SSChest 0.7624£0.003  0.694+0.003  0.658+0.004  0.743£0.003  0.7694£0.001  0.71940.005
LT LRRpest 0.647+0.033  0.542+0.018  0.486+0.028  0.608+0.033  0.594+0.031  0.636+0.096
RSSpest 0.72240.000  0.601+£0.000  0.533+0.000  0.634+0.000  0.679+0.000  0.595--0.000
RMSC 0.583+0.022  0.630+£0.011  0.455+0.031  0.557+0.025  0.635+0.029  0.497-+0.028
DiMSC 0.795+0.004  0.727+0.010  0.661+0.005  0.748+0.004  0.711+0.005  0.788--0.003
LT-MSC 0.7814£0.000  0.69840.003  0.651+0.003  0.7344£0.002  0.716£0.008  0.75440.005
MLAN 0.77540.015  0.676+0.005  0.580+0.008  0.666+0.007  0.756+0.003  0.594--0.009
t-SVD 0.781+£0.000  0.67840.000  0.658+0.000  0.745+0.000  0.683+0.000  0.818--0.000
SRources EZVACYIRTS GMC 0.693+0.000  0.622+0.000  0.443+0.000  0.605+0.000  0.484+0.000  0.804--0.000
LMSC 0.912+£0.006  0.826+0.007  0.842+0.011  0.887+0.008  0.873+0.007  0.87740.012
SCMV-3DT  0.440+0.020  0.386+£0.009  0.22640.012  0.411+0.009  0.399+0.012  0.42540.016
LRTG 0.94740.000  0.865+0.000  0.881+£0.000  0.909+0.000  0.91140.000  0.906--0.000
WTNNM 0.793+40.000  0.692+0.000  0.679+0.000  0.761+£0.010  0.693+0.000  0.845-+-0.000
CLTA 0.859+£0.008  0.753+£0.015  0.713+£0.014  0.775+£0.011  0.827+0.009  0.7300.013
o 0TSC 0.95340.000  0.8804-0.000  0.89340.000  0.91840.000  0.91440.000  0.922--0.000
e WOTSC 0.94740.000  0.867+0.000  0.888+0.000  0.914+0.000  0.909+0.000  0.920+0.000
SSClhest 0.8154£0.011  0.840+0.001  0.770+0.005  0.794+0.004  0.747+0.010  0.848--0.004
LT LRRpest 0.8714+0.001  0.768+0.002  0.736+0.002  0.763+0.002  0.759+0.002  0.767-+0.002
RSSpest 0.81940.000  0.863+0.000  0.787+0.000  0.81040.000  0.756+0.000  0.872-+-0.000
RMSC 0.915+0.024  0.822+0.008  0.789+0.014  0.811+£0.012  0.797+0.017  0.826--0.006
DiMSC 0.703+£0.010  0.772+0.006  0.652+0.006  0.695+0.006  0.673+0.005  0.718-+0.007
LT-MSC 0.803+£0.001  0.7754£0.001  0.72540.001  0.7534£0.001  0.7394£0.001  0.76740.001
MLAN 0.874+0.000  0.910+0.000  0.847+0.000  0.864+0.000  0.797+0.000  0.943--0.000
o t-SVD 0.9554£0.000  0.932+0.000  0.924+0.000  0.932+0.000  0.93040.000  0.934--0.000
vk bisits EZVACYIRTS GMC 0.736+0.000  0.815+0.000  0.678+0.000  0.713+0.000  0.644+0.000  0.799-+0.000
LMSC 0.893+£0.000  0.815+£0.000  0.783+0.000  0.805+0.000  0.79840.000  0.812--0.000
SCMV-3DT  0.930+0.001  0.861+0.001  0.84640.001  0.861+0.001  0.859+0.001  0.86440.001
LRTG 0.981+£0.000  0.953+0.000  0.957+0.000  0.961+£0.000  0.961+0.000  0.962--0.000
WTNNM 0.99840.000  0.99340.000  0.99440.000  0.99540.010  0.998+0.000  0.995--0.000
CLTA 0.99740.000  0.992+0.000  0.993+0.000  0.994+0.000  0.994+0.000  0.994+0.000
B 0TSC 0.983+£0.001  0.95840.001  0.962+0.001  0.966+0.001  0.9654+0.000  0.96640.002
e WOTSC 0.983+40.000  0.958+0.000  0.962+0.000  0.966+0.000  0.965+0.000  0.966--0.000
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Xt R, AT IR AE A B B L R R ROCR AR T
LRTG. XM T g il t-SVD *f Hd s
LAY s SR AT IR A, LA B i 4 16 75 A S
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Table 6  Clustering results (mean + standard deviation) on BBCSport and COIL-20
g K Tk ACC NMI AR F - score Precision Recall
SSClhest 0.627+£0.003  0.53440.008  0.364+0.007  0.565:£0.005  0.427+0.004  0.83440.004
LT LRRpest 0.836+0.001  0.698+0.002  0.705+£0.001  0.776+£0.001  0.768+0.001  0.784:0.001
RSSpest 0.878+0.000  0.714£0.000  0.7174£0.000  0.78440.000  0.787+£0.000  0.7820.000
RMSC 0.826+0.001  0.666+0.001  0.637+0.001  0.719+£0.001  0.766+0.001  0.677+0.001
DiMSC 0.92240.000  0.7852£0.000  0.813+£0.000  0.8584£0.000  0.846+£0.000  0.8720.000
LT-MSC 0.460+£0.046  0.22240.028  0.167+0.043  0.428+0.014  0.32840.028  0.62940.053
MLAN 0.721£0.000  0.779£0.000  0.591£0.000  0.7144£0.000  0.567+£0.000  0.962-0.000
t-SVD 0.879+£0.000  0.765£0.000  0.784+0.000  0.834:+£0.000  0.863+0.000  0.80740.000
BCSport EZVACYIRTS GMC 0.807+£0.000  0.760£0.000  0.7224£0.000  0.7944£0.000  0.727+£0.000  0.87540.000
LMSC 0.847+0.003  0.7394£0.001  0.749+0.001  0.8104£0.001  0.799+£0.001  0.82240.001
SCMV-3DT  0.980+£0.000  0.92940.000  0.935+0.000  0.95040.000  0.959+0.000  0.94240.000
LRTG 0.943+£0.005  0.8694£0.009  0.840+0.012  0.879+£0.000  0.866-0.006  0.89240.014
WTNNM 0.963+0.000  0.900£0.000  0.908+£0.000  0.93040.000  0.950+£0.000  0.91140.000
CGLTA 1.0004-0.000  1.0004-0.000  1.0004-0.000  1.0004-0.000  1.0004-0.000  1.0004-0.000
; 0TSC 0.970+£0.000  0.9144£0.000  0.911+£0.000  0.933+£0.000  0.92840.000  0.93740.000
e WOTSC 0.985+0.000  0.95040.000  0.957+0.000  0.967£0.000  0.963+0.000  0.9714+0.000
SSChest 0.803+£0.022  0.93540.009  0.798+0.022  0.809+£0.013  0.734+0.027  0.80440.028
AR T % LRRpest, 0.761+£0.003  0.829+0.006  0.720+0.020  0.734+0.006  0.717+0.003  0.751£0.002
RSSpest 0.837+£0.012  0.930£0.006  0.789+£0.005  0.8004£0.005  0.717+£0.012  0.8974+0.017
RMSC 0.685+0.045  0.8004+0.017  0.637+0.044  0.656£0.042  0.620+0.057  0.69840.026
DiMSC 0.77840.022  0.846£0.002  0.732+£0.005  0.7454£0.005  0.739+£0.007  0.75140.003
LT-MSC 0.804+£0.011  0.8604£0.002  0.748+0.004  0.760-£0.007  0.741+£0.009  0.77640.006
MLAN 0.862+£0.011  0.9614£0.004  0.835+£0.006  0.84440.013  0.758+£0.008  0.95340.007
t-SVD 0.830+£0.000  0.88440.005  0.786+0.003  0.800-£0.004  0.785+0.007  0.8080.001
cotL-20 EZVACYIRTS GMC 0.791£0.001  0.941£0.000  0.7824£0.000  0.7944£0.000  0.694£0.000  0.92940.000
LMSC 0.806+£0.013  0.8624+0.007  0.765+0.014  0.7764£0.013  0.770+£0.013  0.78340.013
SCMV-3DT  0.701+0.028  0.8104+0.009  0.635+0.003  0.654+0.029  0.61440.039  0.702+0.018
LRTG 0.927+£0.000  0.97640.000  0.928+0.000  0.932:£0.000  0.905+0.000  0.96140.000
WTNNM 0.9024£0.000  0.9454£0.000  0.893+£0.000  0.89840.010  0.897+£0.000  0.9000.000
CGLTA 0.903+£0.006  0.9464+0.001  0.8914+0.007  0.897+£0.006  0.893+£0.013  0.90040.001
. 0TSC 0.936+£0.004  0.9834-0.004  0.9384-0.006  0.94140.006  0.906:£0.007  0.9794-0.006
K WOTSC 0.9604-0.026  0.976+0.004  0.934+0.025  0.93810.024  0.9184-0.042  (0.959+0.004
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