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Abstract: In response to the problems traditional multi-view document clustering methods separate the multi-view doc-

ument representation from the clustering process and ignore the complementary characteristics of multi-view document

clustering, an iterative algorithm for complementary multi-view document clustering CMDC was proposed, in which
the multi-view document clustering process and the multi-view feature adjustment were conducted in a mutually unified
manner. In CMDC algorithm, complementary text documents were selected from the clustering results to aid adjusting
the contribution of view features via learning a local measurement metric of each document view. The complementary
text document of the results among the dimensionality clusters was selected by CMDC, and used to promote the feature
tuning of the clusters. The partition consistency of the multi-dimensional document clustering was solved by the measure
consistency of the dimensions. Experimental results show that CMDC effectively improves multi-dimensional clustering
performance.
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R G SRR, o 2] YRR AL
W TR AR RIS 2 4R SO 22 S e, A
SCHEHR TR T AT EEAR A 2 NE: P-MLRSSC
(pairwise MLRSSC). C-MLRSSC (centroid MLRSSC)
T, SEOCE T WOCER23].

3) MSC TIAS (multi-view subspace clustering
with intactness-aware similarity) . 478 7| F £ 4E &
KA EAME, Wang S0P H i 4 e gmis i) 4
AAE BRI e, il MSC_IAS. SEe ik
BZHANT . AMiner $454E: k=30, d=600. MHN
HAREE: k=6, d=1500. SR K WOCHR[24]

[FIRE T B HAN AN AN 12000 265K 5:
ilE CMDC FEEZ AL RIRBOR . 3R 3 ATLLEH,
CMDC 5i%AE AMiner #3546 4 THRCR o W
2, FCJFE R SCTE R YRS T 2 0GR IR SRR UL
SEBRIa AV Tk, HEZERK, HAH 4
JE RAH OG SCHR IR 25 — R 2L, L IL R SRR B
1, AMiner AN LAMEEF . LT AMiner
A4, MHN HEEER 3 ANRIRYERE LA S
H, HAMEETY, Kb 4EE AR TR R B .

TESCHEfE, CMDC 13 (0P AN £ F MTCUBC ®3 A SHRRAMRENW
§ N - s AMiner MHN
T T A 2 5 P W B R
AERIEE R %G8, AR BOE AL B B My emeans 07 0760
VRN T 38 SN SR B (03 PR T 75 e o i T PMLRSSE 0526 078
RS2, CMDC B 7E 4 /4 FE L B4 CMLRSSE 083 o8t
T %ﬂ}ﬁ‘];&% . }J\ CMDC Aﬁ{{?ﬁ] MTCUBC %/f MSC_IAS 0.769 0.854
(25 T 5 64 36 0T A% SCHEH 9 B RN S AR 4 2 cvpe 080 Sl
*F2 B E RS EE NMI
Hik AMiner f§ 524k i AMiner i )" 4k fF MHN Fr @4k & MHN 1F 34 MHN == B4
k-means 0.679 0.710 0.525 0.825 0.709
MTCUBC 0.783 0.733 0.606 0.851 0.621
CMDC 0.818 0.850 0.668 0.837 0.756
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