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Abstract In the era of big data, the pressing need to integrate data from diverse sources and
perspectives becomes increasingly apparent. Multiple kernel clustering (MKC), as a crucial data
mining technique, exhibits unique advantages in capturing data features by combining multiple
kernel functions, particularly in handling heterogeneous data from various sources. Consequent-
ly, it has been widely employed in the real world. The field of MKC has made significant strides,
yet enhancing computational efficiency and clustering accuracy remains a focal point of research.
Researchers are delving into a variety of efficient algorithms and techniques, including representa-
tion learning, neighborhood kernel learning, subspace clustering, and graph clustering. Among

these, tensor nuclear norm technology garners significant attention for its deep exploration of the
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structural makeup and higher-order information within multi-view data. For instance, Xie et al.
introduced the multi-view subspace clustering method based on tensor singular value decomposi-
tion (+-SVD) method, proposing the multi-view subspace clustering approach based on tensor
singular value decomposition (t-SVD-MSC). In pursuit of greater robustness and clustering per-
formance, Gao et al. explored a weighted tensor nuclear norm based on t-SVD, devising an effi-
cient algorithm to optimize the minimization of the weighted tensor nuclear norm (WTNNM)
problem. Nonetheless, tensor-based methods face the challenge of high computational complexi-
ty. Late fusion strategies offer an effective way to address complexity issues and boost computa-
tional efficiency. MKC based on late fusion strategy improves the computational efficiency of
MKC to linear computational complexity by fusing at the clustering decision level, achieving en-
couraging clustering performance. However, they are still limited by the following two draw-
backs: (1) The fused base partition matrices cannot be learned or optimized during the clustering
process, leading their performance to be directly constrained by the clustering representation ca-
pability of the base partition matrices; (2) Existing methods explore consistency and complemen-
tarity among views by adjusting view weights but ignore the inherent higher-order correlations
between views, resulting in a lack of ability to fully exploit multiple kernel information. To ad-
dress the aforementioned challenges, this paper proposes a novel low rank tensor and active re-
construction induced late fusion multiple kernel clustering algorithm (LTAR-LFMKC), breaking
the bottleneck of base partition matrix representation capability and learning meaningful high-or-
der cross-view information. Specifically, this method actively reconstructs decision layers and
calibrates them during the late fusion process. The reconstructed representations are stacked into
a tensor to derive clearer cluster structures across views and directly learn a consistent clustering
partition. To solve the resultant optimization problem, this paper carefully designs a six steps al-
ternative optimization strategy, ensuring convergence into local optima while remains high com-
putational efficiency. In addition, this paper carries out the comprehensive experiments on nu-
merous benchmark datasets, and experimental results demonstrate the performance improvement
of the proposed LTAR-LFMKC. Specifically, the clustering accuracy is improved by an average
of 22.9% to 53.4% on benchmark datasets, and computational efficiency is enhanced by several
hundred times, fully validating the effectiveness and efficiency of LTAR-LFMKC.

Keywords multiple kernel clustering; late fusion; tensor nuclear norm; active reconstruction
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®3 ANRHA LTAR-LFMKC 5+t b B R R R EE R (ACCr) R %

BE\EIEE ProteinFold Plant Nonpl Caltech101 4 Area Scenel5 CCV Flower102  ALOI100 Reuters
Avg-KKM 29.0+1.5  61.340.9 49.740.2 28.6+0.8 83.040.0 43.2+18 19.640.6 27.1+0.8 64.5+1.3 45.5+1.5
SB-KKM 33.8+1.3  51.24+1.1 57.54+0.1 33.940.8 74.74+0.0 39.3+0.2 20.14+0.2 33.0+10 64.7+1.6 47.240.0
MKKM 27.041.1  56.1420.6 49.3220.2 16.640.4 74.580.0 41.240.1 18.020.5 22.440.5 6.440.1 45.4F15
LMKKM 22.440.7 — — — 73.7420.0 40.97420.1 18.670.1 — 67.3%1.4 —
ONKC 36.3+1.5  41.440.2 56.740.0 28.240.9 71.140.0 39.9+1.4 22.440.3 39.550.7 67.9+1.3 41.8+1.2
MKKM-MR 34.74+1.8  50.340.8 50.440.0 28.540.8 71.740.0 38.441.1 21.240.9 40.240.9 68.5=1.5 46.2+1.4
LKAM 37.741.2  47.620.0 55.0220.0 24.870.8 49.974:3.8 41.420.5 20.470.3 41.420.8 65.241.0 4554 0.0
LFMKC 33.0%1.4  59.540.6 48.740.2 31.5%1.1 83.3F20.3 45.841.0 25.120.5 38.4%1.2 68.4F=1.4 45716
NKSS 36.4+0.7  43.340.0 61.6+2.6 40.440.3 20.04+0.2 41.740.8 65.14+1.2

SPMKC 17.840.5  51.440.1 5104 0.0 — 74.340.0 38.040.1 16.24+0.2 25.640.4 51.94+1.5 —
HMKC 35.3%1.5  64.24:0.1 54.320.1 — 89.240.0 50.540.1 32.840.5 47.741.3 70.331.9 46.9740.4
SMKKM 34,7419 49.540.5 52.040.0 30.640.9 70.840.0 43.6+E1.0 22.240.7 42.50.8 64.3F1.4 45.540.7
OPLFMVC 3.1+2.6  47.34+3.1 45.44+0.6 28.5+1.2 65.3+1.5 43.9+18 23.74+0.9 30.4+1.0 52.3+2.1 43.94+1.0
LSMKKM 36.3%1.5 57.1420.8 69.3220.0 30.540.8 71.840.4 44.541.6 21.54 0.9 43.84&1.0 66.5%=1.3

AIMC 33.6220.0  47.97420.0  45.97420.0 27.240.0 63.120.0 44.5320.0 24.520.0 41.0420.0 54.520.0 43.220.0
OMSC 31.840.0  56.5220.0 44.420.0 28.940.0 67.240.0 41.740.0 25.120.0 38.9420.0 48.640.0 42.470.0
HFLSMKKM 33.8%1.1  43.640.1 25.1420.5 59.0422.0 41.740.4 18.580.3 35.8240.8 64.841.0 37.520.8
GMC 29.340.0  39.440.0 48.3% 0.0 24.44 0.0 29.540.0 26.940.6 16.8+0.4 34.140.0 77.940.0 —
TLIMSC 34.640.0 27.240.0 35.940.0 42.1+0.0 16.040.0 32.4+0.0 78.4+0.0 33.1+0.0
LTBPL 321411 48.240.0  63.940.0 42.7+1.2 40.1+0.7

UGLTL 68.6%+1.2 77.240.0 87.6%£1.6 71.5+0.0 94.4%5.1 84.5+1.4 —
WTNNM 43.241.7 61.720. 0 — 65.2420.0 76.121.2 47.7+0.0 61.740.9 — —
KCGT 54.0%£3.0  56.440.0  49.840.0 39.740.5 78.8%+2.1 —
X R 34.3+13  52.8+0.5 55.440.1 34.6+0.8 66.7+0.6 46.8+F1.0 24.3+0.5 41.1+0.9 63.5+1.2 43.8+0.8
LTAR-LFMKC  62.2+ 3.2 88.8+0.6 82.2+0.0 88.0+1.0 97.4+0.0 96.8+ 2.9 79.0+3.0 79.6+1.9 86.4+1.2 93.5+5.7

(D LFMKC # 3Cik [ 2042 DLt 3 ol ik 3 3k
PR RCR RI R et i TR Z X t ik,
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HMKC 5] A T2 AL J7 2% DLt R AR R 240715 5F
WS T PEREIR T, it , LFMKC 76 T A3 B 4 F i
ACC MR Y46 b5 43 M LA 3.42%6.2.93%6.5.05%
6.42%.9.50% My M i T ONKC, MKKM-MR,

LKAM,NKSS,SPMKC; ifif HMKC 7 ff A %4 4 -
() ACC PEfEF- ¥ 48 b1 40 5 LA 4.81% .11, 64 %%,
14.76%,7.34% . 11.99% . 3. 70% ML H M i T
LFMKC, NKSS, SPMKC, SMKKM, OPLFMVC,
LSMKKM. #J LLF B4 i A JF sk i 55, HMKC
PR ERE AR B T I LR

O YT A IR L AT AT LIRS 5 & 3R



2000 it ) Bl &5 i 2025 4F
F4 AXRYH LTAR-LFMKC 5=+ &3t b EE B R TR (NMIY% SR %
BOE\EIE S ProteinFold Plant Nonpl Caltech101 4 Area Scenel5 CCV Flower102 ~ ALOI100 Reuters
Avg-KKM 40.3%1.3  26.5220.9 17.2420.5 50.020.5 62.240.0 41.32420.7 16.820.4 46.040.5 77.740.7 27.470.4
SB-KKM 411411 16.941.1  11.320.0 53.440.5 53.940.0 37.940.1 17.740.1 48.740.4 80.340.5 25.540.0
MKKM 38.040.6  19.540.5 15.0220.5 40.140.3 53.840.0 38.64-0.1 15.040.4 42.740.2 22.340.2 27.340.4
LMKKM 34.740.6 52.740.0 38.840.1 14.440.1 79.740.5
ONKC 44.440.9  10.540.2 11.840.0 49.9+0.5 46.240.0 37.740.6 18.5+0.2 56.140.4 79.840.5 22.340.4
MKKM-MR 43.741.2  20.4420.4  14.8220.0 50.222420.5 47.00.0 37.32420.6 18.020.4 56.740.5 80.940.6 25.3240.7
LKAM 46.2420.6  13.9220.0 16.0220.0 47.60.4 21.622.0 42.120.1 17.620.2 56.94:0.3 78.2240.4
LFMKC 41,7411  23.440.8 13.040.1 52.540.5 62.21.5 42.740.2 20.1240.3 54 940.4 79.640.5 27.4740.4
NKSS 46.540.5  14.240.0 — — 38.841.1 39.440.2 16.940.2 58.640.2 78.440.5 —
SPMKC 27.340.5  24.240.0 11.740.0 53.240.0 39.340.1 12.140.1 42.340.2 69.4+1.0
HMKC 45.34+1.1  32.940.4 10.740.0 69.740.1 45.940.1 27.6+0.2 61.5+0.4 80.840.6 30.440.5
SMKKM 44.44+1.1  16.940.9 11.240.0 51.8+0.5 45.840.0 40.640.6 18.240.3 58.640.5 77.74£0.7 27.740.2
OPLFMVC 40.042.0  13.321.0  8.470.4 49.140.7 50.623.4 41.3220.8 18.120.7 47.240.4 72.4F0.9 24.8%E1.5
LSMKKM 45.241.2  20.841.0  22.6220.0 51.840.6 44.622.2 41.440.8 17.820.4 60.020.5 79.940.4 27.020.6
AIMC 42.940.0  13.940.0  7.940.0 48.3%0.0 36.120.0 41.64:0.0 19.0240.0 54640.0 72.240.0 24.3240.0
OMSC 38.040.0  20.940.0  7.540.0 48.940.0 41.540.0 39.07420.0 19.120.0 52.8%E20.0 67.620.0 24.720.0
HFLSMKKM 44.740.6  18.640.1 48.240.2 37.340.8 44.040.3 15.140.2 55.1+0.3 78.740.4 18.6+0.8
GMC 25.940.0  0.840.0  9.840.0 31.4+0.0 0.940.0 18.940.5 15.6+0.2 41.940.0 80.340.0
TLIMSC 39.740.0 — — 47.3420.0 5.4220.0 40.720.0 10.720.0 48.240.0 85.9240.0 7.9720.0
LTBPL 43.440.7  10.740.0  8.320.0 — 9.840.8 36.120.3 — — — —
UGLTL 43.3+0.7 48.91+0.0 96.1+0.5 56.340.1 94.4+2.1 58.9+0.5 94.140. 4 —
WTNNM 51.040. 8 21.540.0 — 37.740.0 74.740.5 74.740. 4 — —
KCGT 75.7+1.7  23.14£0.0  5.740.0 35.97420.3  94.1+0. 4 —
FHIMRE 44.140.9  20.040.4 15.340.1 53.6+0.4 43.140.6 45.040.4 21.040.3 57.240.3 76.540.5 24.740.5
LTAR-LFMKC  74.3+1.6 75.74+1.3 61.1£0.0 96.1+0.3 91.9+0.0 95.5+1.3 76.1+1.0 90.6+0.9 94.0+0.3 87.4+7.0
F5 AXEYUH LTAR-LFMKC 5=+ &3t b EZMBEERE(PUR LR E
RV VG ProteinFold Plant Nonpl Caltech101 4Area Scenel5 CCV Flower102  ALOI100 Reuters
Avg KKM 37.441.7  61.340.9 72.540.2 30.540.8 83.040.0 47.841.4 23.740.5 32.340.6 66.62=1.3 53.040.4
SB-KKM 39.441.2  53.240.5 65.340.1 35.8+0.8 74.740.0 42.840.1 23.3+0.2 38.440.7 67.3%+13
MKKM 33.741.1  56.1420.6 71.2420.2 18.040.5 74.580.0 44.3420.2 22.240.5 27.840.4  6.8+£0.1 52.940.5
LMKKM 31.241.0 — — — 73.740.0 44.340.2 22.040.1 — 69.5+1.3 —
ONKC 42.741.3  49.0420.1  62.320.1 30.14£0.9 71.140.0 43.6420.9 24.620.3 45.620.7 70.1=1.2 52.620.3
MKKM-MR 41.941.4  56.740.1 60.420.0 30.640.8 71.740.0 42.441.0 23.740.7 46.340.8 70.7E1.3 52.240.6
LKAM 43.740.8  54.5220.0 61.6220.1 26.840.7 50. 6= 22.7 46.0320. 3 23.3420.2 48.040.6 67.020.8 55.470.0
LFMKC 39.3%1.5  59.540.6 69.740.1 33.640.9 83.320.3 49.440.5 28.220.4 44.640.8 70.6=1.3 53.2740.4
NKSS 44.840.6  46.12420.0 — — 64.121.8 44.1420.2 23.620.3 48.840.4 67.240.9 —
SPMKC 23.740.7  59.0420.1  63.920.0 — 74.3420.0 42.6220.1 20.8240.3 31.24:0.4 54.8%1.2 —
HMKC 42.941.9  64.2420.1  64.120.0 — 89.240.0 53.14£0.1 36.5%0.4 54.540.8 72.3%1.5 53.9240.1
SMKKM 41.8%1.5  54.3220.3  60.4220.0 32.740.8 70.820.0 48 4741.3 25.3240.5 48.640.7 66.4F=1.3 53.320.0
OPLFMVC 36.442.6  50.54+2.4 64.34+0.9 29.8+1.3 73.743.5 46.84+1.7 26.9+0.8 34740.7 543420 51.7+12
LSMKKM 42.641.5  58.521.1 70.620.0 32.540.9 71.820.4 49.3%1.6 24.720.6 50.240.9 69.1FE1.1 52.920.2
AIMC 38.9420.0  55.5220.0 61.9220.0 28.540.0 63.120.0 48.634-0.0 28.620.0 44.640.0 56.320.0 52.820.0
OMSC 37.24240.0 57.62£0.0 63.0£0.0 30.0220.0 67.240.0 44.840.0 27.940.0 42.340.0 50.940.0 49.820.0
HFLSMKKM 41.840.9  54.72420.0 27.5420.5 61.541.4 46.040.4 21.580.3 43.740.6 67.321.0 46.940.8
GMC 32.640.0  39.740.0 66.840.0 26.8+0.0 31.6+0.0 27.940.6 20.9+0.4 38.940.0 79.040.0 —
TLIMSC 38.020.0 — — 28.740.0 37.4420.0 46.4740.0 19.0%0.0 38.120.0 79.740.0 34.120.0
UGLTL 70.240.3 81.84+0.0 90.6+1.2 75.340.0 95.443.5 53.140.9 87.94+1.1
WTNNM 49.34+1.1 68.040.0 — 65.2420.0 80.9240.5 69.020. 6 — —
KCGT 68.5+2.2  56.4+0.0 61.4+0.0 43.440.3 88.2+1.1
PR 41.441.3  55.940.4 66.5+0.1 36.640.7 67.740.6 50.4+0.8 27.940.4 47.4+0.6 65.64+1.0 51.2+0.3
LTAR-LFMKC  73.6+2.1 88.840.6 85.240.0 90.84+0.8 97.4+0.0 97.0%2.0 81.2+1.5 86.9F+1.1 88.6+0.9 94.1+4.7
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F6 AXIRHM LTARLFMKC 5=+ ML BEiENBREE (RO ERK

BE\EIEE ProteinFold Plant Nonpl Caltech101 4 Area Scenel5 CCV Flower102  ALOI100 Reuters
Avg-KKM 14.44+1.8  24.6+1.2 17.640.3 15.5+0.7 62.440.0 26.0+1.1 6.6+0.2 15.5+0.5 5L.4+15 21.8+E1.4
SB-KKM 15.14+1.2  13.940.9 16.8+0.1 20.1+0.5 55.5+0.0 21.4+0.1 6.7+0.1 18.9+0.6 54.6+1.1

MKKM 12.140.7  17.440.6  15.840.4 6.240.3 55.440.1 22.620.1 5.740.2 12.14£0.4 2.0+0.1 21.8%1.4
LMKKM 7.840.4 — — — 52.0420.0 22.97420.1 5.6220.0 — 55.241. 1 —
ONKC 18.04+1.1  9.8+0.1  14.240.0 15.14£0.7 47.14£0.0 23.5+0.9 7.740.1 24.9+0.5 55.4+1.1 20.3+0.3
MKKM-MR 17.241.5  19.040.2  8.5£0.0 15.140.6 48.040.0 22.740.9 7.240.3 25.540.6 56.5=1.1 23.140.6
LKAM 20.141.1  9.140.0  10.420.0 12.440.5 16.6=1.6 24.840.4 6.920.1 27.240.6 53.940.9 24.140.0
LEMKC 16.1£1.5  21.740.8 14.140.2 17.740.8 62.8%E1.0 27.320.4 9.440.2 25.5%1.0 54.3%=12 22.1E1.6
NKSS 18.540.6  9.240.0 — — 35.94+1.7 22.840.1 6.240.2 27.540.5 54.34+1.3 —
SPMKC 4.440.3  19.140.0 11.240.0 43.440.0 21.240.1 4.240.1 14.540.4 32.242.4

HMKC 19.041.6  31.0%0.2  12.840.0 — 74.84+0.1 32.540.1 14.0420.2 34.241.1 58.441.6 22.620.5
SMKKM 17.6%£1.9  16.920.8  8.0£0.0 17.220.6 46.540.0 25.440.9 7.520.2 28.520.8 51.5%1.4 22.1£0.8
OPLFMVC 15.44+2.3  1L3+1L8 9.14+0.6 15.1+0.8 50.1+4.2 26.6+1.0 7.94+0.6 19.4+1.0 43.2+1.8 20.6+0.5
LSMKKM 19.941.2  19.741.4  35.040.0 17.240.8 43.140.4 26.3%1.4 7.340.3 29.740.9 55510 21.60.2
AIMC 19.0£0.0  13.520.0  8.520.0 14.120.0 32.240.0 28.020.0 9.020.0 29.840.0 45.140.0 20.020.0
OMSC 15.940.0  20.8£0.0 7.84£0.0 15.740.0 39.740.0 25.940.0 7.84£0.0 26.940.0 37.440.0 17.8+0.0
HFLSMKKM 18.64+1.0  12.040.0 48.840.0 12.5+0.4 30.4+0.3 25.7+0.1 6.3+0.1 23.24+0.6 54.4+0.9 13.6+0.7
GMC 2.9740.0 0.040.0 11.140.0 0.940.0 0.0£0.0 2.540.0 5.640.2 2.04£0.0  26.970.0 —
TLIMSC 15.320. 0 — — 12.240.0 2.020.0 24.720.0 4.040.0 19.0220.0 69.740.0 0.5240.0
LTBPL 15.740.8  7.5+40.0  20.0740.0 — 9.640.8 23.0+0.5 — — —
UGLTL 42.84+0.4 86.8+1.5 57.2+0.1 92.314.8 35.8+1.1 82.7+1.2

WTNNM 24.4%1.1 17.840.0 35.6420.0 67.141.2 51.241.1 — —
KCGT 47.4+3.4  18.340.0  6.120.0 21.440.3 80.6+2.2 —
YR 18.2+1.2  17.6+0.4 17.040.1 22.340.6 41.9+0.5 30.840.8 10.0+0.2 28.7+0.7 5L1+£1.1 19.740.6
LTAR-LFMKC  50.3+2.9 74.0%+1.0 57.540.0 87.24+1.1 93.2+0.0 94.3+2.9 70.3+3.0 77.0%2.4 83.1+1.1 88.1+10.4
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#x7 AXRHEA LTAR-LFMKC 534 btk &% i 8% 15 4TI @ 3t bk & CHLf 2 s)
B\ S E 4 ProteinFold Plant Nonpl  Caltechl01  4Area Scenel5 CCV  Flower102 ALOII00  Reuters
MKKM 0. 8964 2. 2695 20. 864 78.596 3. 6623 12.313 25. 943 73. 470 138. 22 301. 36
LMKKM 387. 04 — — — 185. 14 665. 57 2797. 8 — 39247 —
ONKC 2. 2594 12.656  123.60 140. 42 46. 755 79. 285 268. 68 414. 45 639. 93 2159. 1
MKKM-MR 1. 2601 8. 8523 85.126 78. 368 6. 7474 12. 420 30. 355 99. 434 126. 04 398. 62
LKAM 1.8104 28.169 361. 15 265. 42 119. 69 168. 39 569. 29 1106. 2 2194. 9 5656. 5
LFMKC 1. 0644 1.5419 11. 031 49. 880 3. 7660 8. 0331 24. 395 77.743 96. 819 41. 380
NKSS 21. 684 516. 39 366. 38 651. 82 2197.9 6757.0 11362
SPMKC 16. 177 70. 697 586. 28 — 225. 60 1373.8  4337.6 19193 69022 —
HMKC 14. 164 26. 238 138.16 — 16. 971 37.208 122. 24 1837.1 3415.5 1724. 3
SMKKM 2.8167 13. 746 18. 159 119. 79 44. 819 18.915 68. 214 393. 37 410. 38 937.09
OPLFMVC 0. 5692 1.3099 6.7930 39. 992 1.0738 2.3429 6. 4595 85.706 123. 27 49.162
LSMKKM 2.4147 3. 4047 60. 010 235. 42 104. 79 262. 69 989. 30 2059. 6 3237. 4 9531.5
AIMC 0. 6204 0.7790  3.3778  28.795  0.6562 2. 2632 4. 2910 43.917 63.091 19.736
OMSC 4. 2627 5.1713 22. 769 296. 71 17. 626 24. 322 42.777 383. 98 520. 82 138. 50
HFLSMKKM 55. 654 84. 367 152. 75 2481. 2 560. 95 1054. 8 2621. 3 43898 4838.1 5800. 1
GMC 1.9474 17. 564 180. 58 226. 23 7.6763 37. 545 196. 31 486. 11 682. 20 —
TLIMSC 2. 8264 — — 536. 17 42.795 64. 295 180. 86 441. 99 876. 23 9400. 3
LTBPL 73.129 518. 88 14859 — 6502. 3 6638. 9 — — — —
UGLTL 2. 9899 34. 669 918. 91 967. 05 63. 093 62. 496 317. 14 867. 96 2442. 9
WTNNM 76. 943 2800. 6 70398 — 1783. 1 1298. 4 13255 34717 — —
KCGT 17. 762 193. 97 253. 35 236. 72 836. 05 1211. 6 3989. 3 328. 49 603. 33 —
S ¥ I ) 30. 253 207.55 4412.5 365. 32 475. 81 595. 89 1458. 8 5402. 8 6678. 8 2415. 0
LTAR-LFMKC 0. 4855 0.6920  4.7921 52.539  0.7829 1.6039  3.5653  21.458  46.669 29. 267
4.6 %;‘é%%ﬂﬁ*ﬁ 100, Scenel5 . W— JEew.
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ProteinFold 30.3+1.9 545428 31L.1+1.8 56.4+3.1 62.2£3.2
Plant 51.740.4 78.6+0.4 75.5%+0.8 78.6+0.1 88.8%0.6
Nonpl 39.4+0.7 76.4+1.2 43.940.0 70.740.0 82.2%0.0
Caltechl0l 27.64+0.6 82.6+£1.8 66.9+2.0 8.7£1.7 83.0%x1.0
4Area 83.0£0.0 95.240.0 91.84+0.0 96.04+0.0 97.4%0.0
Scenel5  43.3+1.8 91.443.8 72.2+1.7 90.3+50 96.8%2.9
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based methods face the challenge of high computational com-
plexity. Late fusion strategies offer an effective way to ad-
dress complexity issues and boost computational efficiency.
Yet, these strategies are constrained by the representational ca-
pabilities of the base partition matrix cluster structure and over-
look the potential higher-order relationships among views.

To address the aforementioned challenges, we propose a
novel late fusion multiple kernel clustering algorithm—Low-
Rank Tensor and Active Reconstruction-induced Late Fusion
Multiple Kernel Clustering (LTAR-LFMKC). This method
surpasses the bottleneck of representational capacity in tradi-
tional late fusion strategies. Leveraging the emerging tensor
nuclear norm technique based on tensor singular value de-
composition (-SVD), it can effectively explore spatial struc-
tures and higher-order information across data views while
significantly reducing computational complexity. By making
decisions at the active reconstruction level and calibrating and
optimizing during the late fusion process, LTAR-LFMKC
can adeptly distill clearer cluster structures from multiple
perspectives, leading to directly learned consistent clustering
partitions.
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