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Abstract

Multi-view clustering has gained increasing attention by uti-
lizing the complementary and consensus information across
views. To alleviate the computation cost for the existing
multi-view clustering approaches on datasets with large
scales, studies based on anchor have been presented. Al-
though extensively adopted in the real scenarios, most of
these works ignore to learn an integral subspace revealing
the cluster structure with anchors from different views being
aligned, where the centroid and cluster assignment matrix can
be directly achieved based on the integral subspace. More-
over, these works neglect to perform the alignment among
anchors and integral subspace learning in a unified model on
the incomplete multi-view dataset. Then the mutual improve-
ments among aligning anchors and learning integral sub-
space are not guaranteed in optimizing the objective function,
which inevitably limit the representation ability of the model
and result in the suboptimal clustering performance. In this
paper, we propose a novel anchor learning method for incom-
plete multi-view dataset termed Scalable One-pass incom-
plete Multi-view clustEring by Aligning anchorS (SOME-
AS). Specifically, we capture the complementary information
among multiple views by building the anchor graph for each
view on the incomplete dataset. The integral subspace reflect-
ing the cluster structure is learned with the alignment among
anchors from different views being considered. We build the
cluster assignment and centroid representation with orthog-
onal constraint to approximate the integral subspace. Then
the subspace itself and the partition are simultaneously taken
into account in this manner. Besides, the mutual improve-
ments among aligning anchors and learning integral subspace
are able to be ensured. Experiments on several incomplete
multi-view datasets validate the efficiency and effectiveness
of SOME-AS.

Introduction

Multi-view data are usually extracted from different sensors
in real applications (Li et al. 2022a; Wu et al. 2023a; Qin
et al. 2022a; Sun et al. 2023; Qin et al. 2022¢,b, 2023b; Li
et al. 2022b; Qin et al. 2023c; Yuan et al. 2024; Qin, Pu,
and Wu 2023a,b; Sun et al. 2024; Qin et al. 2024d; Li et al.
2023b; Qin and Qian 2024; Qin et al. 2024a, 2025; Li et al.
2023a; Qin et al. 2024b,c), which is different for the data
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with single view (Qin, Wu, and Feng 2021; Qin et al. 2023d;
Pu et al. 2024; Qin et al. 2023a, 2022d). For instance, a clip
of the video can be decomposed into the text descriptions,
sound records and pictures, which are achieved by producer,
microphone and camera, respectively. Multi-view informa-
tion of the data can be widely employed to improve the ex-
pressive ability of the model. Due to the promising capa-
bility in revealing the intrinsic structure of data, multi-view
clustering has drawn increasing attentions by leveraging the
consensus and complementary information across views in
learning a desired representation. Consequently, how to uti-
lize the information from multiple views is the key to in-
crease the final performance for clustering.

The existing algorithms for multi-view clustering can be
roughly classified into several classes including subspace
clustering (Zhang et al. 2020), methods based on kernel
(Liu 2021), non-negative matrix factorization (NMF) (Cai,
Nie, and Huang 2013) and methods built on graph (Liu
et al. 2022). To be specific, subspace clustering methods
aim to learn consistent subspace representation across views.
Methods based on kernel adopt the specified kernel learning
framework, which apply the kernel matrix from the prede-
fined kernel matrices. NMF is able to utilize the multi-view
data in matrix factorization. Methods built on graph employ
a unified graph structure to explore the multi-view data. Al-
though these methods can achieve promising performance,
their capabilities in scaling up are heavily restricted by the
high complexity. Then, it is necessary to give efficient al-
gorithms for dealing with multi-view clustering issues of
large-scale data. To alleviate the computation cost for the
existing multi-view clustering, studies based on anchor have
been recently presented (Li et al. 2022¢; Kang et al. 2020;
Sun et al. 2021; Yu et al. 2023). Instead of building the full
graph, these methods aim to construct the anchor graph be-
tween the entire dataset and anchors. Then the time com-
plexity reduces from O(n?) to O(n?) in this manner. For
instance, Li et al. (Li et al. 2022c¢) attempted to achieve a
joint graph based on an adaptive weighted and parameter-
free fusion framework. Kang et al. (Kang et al. 2020) inde-
pendently obtained the anchor graph of each view by em-
ploying the pre-defined clustering centers as anchors. Sun et
al. (Sun et al. 2021) incorporated the anchor into the opti-
mization process, resulting in a unified anchor graph among
different views. Despite numerous methods proposed for im-
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Figure 1: Framework of the proposed SOME-AS.

proving multi-view clustering in diverse manners, most of
them are under the assumption that all data are available
(Gao et al. 2015). However, due to sensor malfunction or
data corruption in real scenarios, data points are usually par-
tially available (Wu et al. 2023b; Bi, He, and Luo 2023).
The absence of data points from different views increases
the difficulty of studying complementary and consensus in-
formation, leading to the incomplete multi-view clustering
problem. Liu et al. (Liu et al. 2022) utilized the anchor graph
to reduce the complexity of algorithm, which is able to cap-
ture the structure for clustering with incomplete views. Li
et al. (Li, Jiang, and Zhou 2014) adopted the L; regulariza-
tion and non-negative matrix decomposition terms to learn a
shared potential representation based on the incomplete data
points. Wen et al. (Wen et al. 2023) captured the complemen-
tary information across views by building the view-specific
anchor graph, which refines the correspondence of anchors
from different views.

Although extensively adopted in the real scenarios, most
of the existing methods based on anchor for large-scale
datasets ignore to learn an integral subspace revealing the
cluster structure with anchors from different views being
aligned, where the centroid and cluster assignment matrix
can be directly achieved based on the integral subspace. As
is known, the distribution of data points across views would
be biased since the incompleteness of multi-view data (Wen
et al. 2023) and the corresponding misalignment issue for
the learned anchors arises. Moreover, they neglect to per-
form the alignment among anchors and learning the integral
subspace in a unified model on the incomplete multi-view
dataset. Then the mutual improvements among aligning an-
chors and learning integral subspace are not ensured in op-
timizing the objective function, which inevitably influence
the representation ability of the model and result in the sub-
optimal clustering performance.

In order to deal with the above challenging issues, we pro-
pose a novel anchor learning method for incomplete multi-
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view dataset termed Scalable One-pass incomplete Multi-
view clustEring by Aligning anchorS (SOME-AS), shown in
Fig. 1. To be specific, we capture the complementary infor-
mation across views by building the anchor graph for each
view on the incomplete dataset. The integral subspace re-
flecting the cluster structure is learned based on the align-
ment among anchors from different views. The alignment
is realized by designing a mapping to adequately obtain the
anchor correspondence among views in the learning process.
We build the cluster assignment and centroid representation
with orthogonal constraint to approximate the integral sub-
space. Then the subspace itself and the partition are simul-
taneously taken into account in this manner. Meanwhile, the
alignment among anchors and integral subspace learning are
integrated into a unified model to improve the quality for
clustering. We then design an alternative algorithm with five
six steps to handle the formulated optimization problem. The
major contributions in our work are summarized as:

1. We learn the integral subspace reflecting the cluster
structure with the alignment among anchors across views
being considered, which guarantees that the integral sub-
space learning and the partition are simultaneously per-
formed. The mapping for adequately obtaining the an-
chor correspondence among views is designed to solve
the alignment issue among anchors in this work.

2. We formulate the alignment among anchors and learning
integral subspace into a unified model, which ensures the
mutual improvements among these two parts in optimiz-
ing the objective function. An alternative algorithm with
six steps is designed for solving the formulated optimiza-
tion problem.

. Extensive experiments are performed on several incom-
plete benchmark multi-view datasets to demonstrate the
superiority of SOME-AS compared with the representive
methods based on effectiveness and efficiency under dif-
ferent metrics.



The Proposed Method

Problem Formulation To learn an integral subspace reveal-
ing the cluster structure with anchors across views being
aligned for incomplete multi-view clustering on large-scale
dataset, we develop a scalable one-pass incomplete multi-
view clustering by aligning anchors. It is able to align the
anchors among different views in learning an integral sub-
space, which reveals the shared cluster partition and depicts
the structure of data. Meanwhile, the alignment among an-
chors and the integral subspace learning are integrated into
a unified model, resulting in more promising representa-
tion capability. Given multi-view dataset {XP?}}_;, we in-
troduce the alignment mapping P, centroid representation
F € R™F and cluster assignment Y € R¥*™, which satisfy
PI'P, =Iand FTF = I.Then the corresponding objective
function is written as

- 2 T T
Pir,lll;‘r,lYHPpr —FY||%, st. Py P, =1, FF F =1,

k
Y;J S {031}3 ZEJ :1’ VJ:1’27 1,

i=1

ey

where Z,, € R™™ denotes the anchor graph of each view.
Y;; = 1if the j-th data point belongs to the i-th cluster
and 0 otherwise. Accordingly, the integral subspace can be
approximated based on the centroid and cluster assignment
matrix, which directly ensures the reliability of the built
model from aligned anchor graphs and the underlying data
structure.

To improve the clustering performance, we choose to
learn anchors instead of using the traditional anchor strategy,
which avoids relying on the quality of anchor initialization.
The procedure is formulated as:

Dﬁhl”)(plfp'_*4pzf]¥puia
Ap,Z,,

)
st. ATA, =1, Z', =1, Z, >0,

where the orthogonal constraints AI:pr = I is imposed to
make the learned A, more discriminative. The term Z,H,
can describe the similarity between anchors and the avail-
able data points of the p-th view. We then unify anchor learn-
ing, alignment among anchors and integral subspace learn-
ing into a model to enhance the clustering performance as
follows:

min
Py, F\Y,Ap,Z,

Z VI%HXPHP - AprHp”%«"
p=1
+Y_allZlE + > BIPBZ, - FY |3,
p=1 p=1
3
st. ALA, =1, Z)1; =1,
T T T
Zp2>20, P,P,=1 F ' F=1I ~v1=1,
k
}/ij € {071}7 Z)/ZJ = ]-v VJ = 1727"’ )y 1
i=1
where 7y, determines the weight contribution of each view,
a > 0 and 8 > 0 indicate the balance parameter. Note
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that ~y, would be large if | XPH, — A,Z,H,|/% is small.
The above formulation is a multi-view least-square residual
model to some extent, which is able to mitigate the influ-
ence of outliers with the two power residual for inducing the
robustness.

Optimization The optimization problem in Eq. (3) is non-
convex with all variables being considered. We develop an
iterative algorithm to solve this formulated problem, which
consists of the following optimization subproblems.

1) Optimization of {Z,,}1_,: With P, !, Y and A,, being
fixed, we write the optimization of {Z, },_; as follows:

v
> _allZl%,

v
n%inz | XPHy — ApZy Hy || +
P p=1 p=1

v 4)
+Y BIPZ, — FY |3, st. Zi1 =1,, Z, > 0.
p=1

We then remove the irrelevant items and rewrite Eq. (4) as:
Ir%ipn Tr(Z} Zy(vHoHY + (B + a)l))
—2Tr(ZF (WP ALXPH,HT + BPTFY)),  ©)

sit. Zp 1l =1n, Z, > 0.

After denoting ZIJ] as the j-th column in Z,,, we can obtain

. 1 j (12 j iNT
win g~ 3, st 20 (=1 ©
where f” _ ﬂ[PEFY]M""’)’y[A;(XPHPHE)]'ij and [PTFY]
p RS, By At p

indicates the entry for the j-th column and ¢-th row in
PpT FY. Based on the Kahn-Kuhn-Tucker (KKT) condi-
tions, we can achieve:

z) = max(f] +1;1;,0), (7)

where 7 is the Lagrangian multipliers obtained by Newton’s
method. It needs the time complexity of O(nlid) to update
{Z}p—1, where d = 37’ d, and d,, is the dimension of
XP.

2) Optimization of { P, };_,: With Z,,, ', Y and A,, being
fixed, we write the optimization of P, Zil as follows:

v
. T
min > 1ﬁ||Ppr — FY|%, sit. Bl P, =1.
-

(®)

It equals to

T T
max Tr(P, W), s.t. Py Py =1, 9)

where W), = FYZPT. The optimal solution for P, is ¥ pX%,
where X p and ¥ p are matrices comprising the first [ left and
right singular vectors of W,.

3) Optimization of {Ap}f):lz With Z,,, F', Y and P, being
fixed, we write the optimization of {A4,}7_; as follows:

v
H}linZ’Y,%”XpHp - ApZPHpH%v
P p=1

s.t. AZ;AP =1.

(10)



It can be rewritten as
T Ty _
IE&,XTT(AP Jp), st. Ay Ay, =1, (11)
where J, = X pHpHpT ZpT . The optimal solution for A, is
v AZE, where Y4 and W4 are matrices consisting of the
first  left and right singular vectors of J,.
4) Optimization of F': With Z,, A,, Y and P, being fixed,
we write the optimization of F' as follows:

. 2 T —
m;nzgﬂnppzp —FY|}, st. FIF, =1.
-

12)

It can be rewritten as follows:

mIgXTr(FTB), st. FTF =1, (13)

where B = Z;Zl BP,Z,YT. The optimal solution for F is

VU Z%, where ¥ and ¥ r are matrices comprising the first
[ left and right singular vectors of B.

5) Optimization of Y: With Z,,, A,,, F" and P, being fixed,
we write the optimization of Y as follows:

: _ 2
H%}n;ﬂnppzp FY||F,

. (14)

stV €40,11, ) Vi =1,¥j=1,2,--- ,n.
i=1
Since the above optimization problem can be independently
solved for each object, we can obtain

v
. Y R4 112
IQ}?;IIPPJZPJ FY. ;%

15)
s.t. Y. €{0,1}F, ||V ]l = 1.
The optimal row is achieved by
i* =arg;min Y _||P;7Z;7 — FY. ||, (16)

p=1

6) Optimization of v: With Z,, A,, F', Y and P, being
fixed, we write the optimization of - as follows:

rggnZvﬁHX”Hp — ApZpHyll3, st.AT1=1. (17

P p=1

According to Cauchy-schwarz inequality, we then update -
as follows:

V|| XPH, — Ay ZyHy ||
Y1 VIIXPH, — Ay Zp Hy |l
Due to the optimal solutions of all sub-problems and convex
property, the objective function in Eq. (3) monotonically de-
creases in each iteration until the convergence is achieved.
Considering that the lower boundary of the objective func-
tion is zero, the proposed SOME-AS is able to converge to
the local optimum. The procedure of solving SOME-AS is
shown in Algorithm 1.

p =

(18)
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Algorithm 1: Algorithm of SOME-AS

Input: Incomplete dataset { X?}_,, number of
clusters k, missing index {H,};_1;

Output: Cluster assignment Y.
Initialize: Initialize P, F,Y, A,, Z,, and y;
repeat

Update P, with Eq. (9);

Update A, with Eq. (11);

Update Z,, with Eq. (7);

Update F' with Eq. (13);

Update Y with Eq. (16);

Update + with Eq. (18);
until convergence;

Complexity Analysis

The proposed SOME-AS consists of six optimization sub-
problems as above mentioned. It costs O(nld) for updat-
ing {Z,},_;. The computation cost of calculating { P, },_;
is O((ni? + [®)v) for all columns. It needs O(nld + (*d)
in obtaining the optimal {A,}%_,. It costs O(nl*v) time
to optimize F'. The computation cost of O(Ink) is needed
for computing Y. It needs O(nld) to update 7. There-
fore, the overall computation cost to solve SOME-AS is
O(nld + (nl? + I3)v + 12d + nl?v + Ink). Consequently,
the total time cost of optimizing SOME-AS is O(n) consid-
ering the property of multi-view datasets with large scales
G.e.,n>k,d,m).

Experiment

In this section, we conduct extensive experiments to verify
the superiority of SOME-AS in terms of clustering results
and running time on seven real-world datasets, which in-
cludes several multi-view datasets with large scales. Mean-
while, the parameter analysis, ablation experiments and con-
vergence investigation are also performed to achieve a com-
prehensive study.
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Data sets BSV MIC MKKM-IK  AWP DAIMC APMC MKKM-IK-MKC EEIMVC V3H  FIMVC-VIA AUP-ID Ours
ORL 24.304+0.5037.601+1.5059.824+-2.00 68.6240.05 68.004+2.3065.52+1.80  64.92+2.40  73.20+2.2067.00+1.42 76.304+2.90 76.001+-2.4078.201-0.05

ProteinFold 22.2040.50 15.8040.5026.00=41.0529.00£0.95 28.70£1.60 - 17.90+0.80  27.90+£1.7017.40+£0.50 28.10+1.30 30.2041.4032.5640.90
BDGP 34.954+1.0025.4040.60 32.204+0.20 23.604+0.2028.104+0.03 28.144+0.04  40.80+0.22  44.00+0.03 43.62+0.65 39.851+0.05 48.104-0.1050.224-0.03
SUNRGBD  6.1240.05 14.6040.40 11.3240.50 17.0040.00 17.0540.00 17.354+0.60  16.80+0.50  16.75+0.50 - 16.89+0.50 17.2040.50 18.0040.10
NUSWIDEOB] 12.0040.00 - - - 13.80+0.40 - - 12.701+0.20 - 12.9540.05 15.4240.30 17.004-0.00
Cifar10 - - - - 95.80+£0.50 - - - - 96.201+0.05 96.301+0.2098.354+0.10
MNIST - - - - 95.60=£0.40 - - - - 98.10£0.02 98.154-0.0599.20=£0.01

Table 1: Clustering performance (ACC%=+STD%) on all datasets.

Data sets BSV MIC MKKM-IK  AWP DAIMC APMC MKKM-IK-MKC EEIMVC V3H  FIMVC-VIA AUP-ID Ours
ORL 48.5040.50 56.50+0.8075.9241.20 83.80+0.15 82.90+1.0080.104+0.50  79.72£1.50  85.3541.3081.0040.30 88.02+1.00 87.50=+1.20 89.80+0.50
ProteinFold 27.5540.50 16.7041.00 33.6540.50 36.1240.50 37.80+1.00 - 24.90+0.80 36.05+0.7822.78+0.52 36.2010.80 37.701-0.90 39.804-0.05
BDGP 12.90+0.75 4.5040.80 7.45+0.18 4.7040.15 8.71£0.03 8.094+0.02  16.40+0.20  19.9040.1224.20+0.50 15.1040.20 23.70+0.2025.204-0.02
SUNRGBD  3.2540.05 21.3040.30 15.304-0.2023.7240.1021.554-0.5022.5040.30  20.52+0.40  20.85+0.30 - 21.5040.30 22.554-0.4024.004-0.50
NUSWIDEOB]J 2.70£0.05 - - - 11.95+0.30 - - 10.4010.20 - 10.30+0.05 11.8040.10 12.2040.05
Cifar10 - - - - 90.50+0.42 - - - - 91.20+0.02 91.254-0.2093.0040.50
MNIST - - - - 93.85+0.40 - - - - 95.78+0.04 95.624+0.2095.7010.02

Table 2: Clustering performance (NMI%=+STD%) on all datasets.
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with different missing ratios under ACC.

Datasets and Compared Methods

We adopt seven widely used datasets in the evaluation. ORL
consists of 400 face images and 3 views, whose dimensions
are 3304, 4096 and 6750, respectively. BDGP contains 2500
samples from 5 categories. ProteinFold is a protein dataset
consisting of 27 classes, whose data size is 2500. SUN-
RGBD is the dataset containing 10335 samples from 45 cat-
egories. NUSWIDEOB]J consists of 30000 samples from 31
classes. Cifar10 contains 50000 images from 10 categories.

NMI (%)

MNIST is the digit dataset consisting of 60000 samples. For 75 ‘ ‘ ‘
these datasets, we randomly remove samples from differ- 10% 30% Miss?:%rate 70% 90%
ent views to achieve the corresponding incomplete multi- @ O;L

a

view dataset, which is consistent with the works in (Li et al.
2022d).
In the experiment, we adopt 11 representive methods for

incomplete multi-view clustering, which consists of BSV with different missing ratios under NML
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Figure 4: Clustering performance of SOME-AS on dataset

Figure 5: Clustering performance of SOME-AS on dataset



Data sets BSV MIC MKKM-IK  AWP DAIMC APMC MKKM-IK-MKC EEIMVC V3H  FIMVC-VIA AUP-ID Ours
ORL 9.00+£0.50 17.5041.1046.3042.40 58.70£0.00 56.80+£2.5550.80£2.30  53.404+2.95  63.701+2.9054.324+1.20 68.2243.20 67.7042.90 68.90+2.00

ProteinFold 12.3540.05 10.4040.40 14.30£0.50 12.40£0.20 16.99+1.00 - 8.90+0.50  15.6541.3010.5240.17 15.58=+0.80 16.79+£1.00 17.20+£0.50
BDGP 28.7240.5229.904+0.05 25.204+0.12 32.604+0.50 31.2040.00 31.224+0.05  30.20+0.15  32.95+0.0535.40+0.30 31.68+0.02 35.524-0.10 38.001-0.05
SUNRGBD  6.90£0.02 9.50£0.31 7.00£0.15 11.6040.1210.9640.4010.784+0.05  10.08+0.50  10.22+0.15 - 7.89+£0.05 11.7640.1013.20£0.02
NUSWIDEOB] 10.9240.00 - - - 8.62+0.20 - - 7.80+0.05 - 7.82+0.05 11.7240.5013.28+0.05
Cifar10 - - - - 92.20+£0.50 - - - - 92.824+0.12 92.9540.1594.204+0.10
MNIST - - - - 95.31£0.61 - - - - 96.68£0.05 96.904-0.0097.10=£0.00

Table 3: Clustering performance (F1-score%+STD%) on all datasets.

Data sets BSV MIC MKKM-IK  AWP DAIMC APMC MKKM-IK-MKC EEIMVC V3H  FIMVC-VIA AUP-ID Ours
ORL 26.92+0.8040.9041.20 62.8042.00 70.50£0.00 71.854+1.50 69.20£1.20  67.60+£2.20  76.0042.1070.20=1.00 78.6042.20 78.81+£2.00 80.504-0.05
ProteinFold 25.4040.10 19.8040.8030.9041.0031.9240.0034.95+1.52 - 22.80+0.80  33.10+£0.0722.40+£0.50 33.70+1.10 35.9941.77 37.2040.02
BDGP 36.7240.6025.7040.20 33.4040.20 24.00-£0.00 28.424-0.01 28.45+£0.03  41.254+0.15  46.5040.1245.42+0.70 40.1040.17 49.00+£0.1549.204-0.30
SUNRGBD  13.0040.1032.404-0.3027.004-0.30 37.504-0.00 34.424-0.07 33.254+0.52  32.95+0.30  33.60+£0.50 - 34.3040.50 34.554-0.60 36.204-0.35
NUSWIDEOB] 13.70+0.05 - - - 23.45+0.50 - - 21.90+0.15 - - 21.9540.1023.70+£0.20
Cifar10 - - - - 95.80+£0.50 - - - - 96.20+0.00 96.324-0.2097.004-0.05
MNIST - - - - 97.60=£0.50 - - - - 98.274+0.05 98.48+0.0599.201+0.03

Table 4: Clustering performance (Purity%+STD%) on all datasets.

(Ng, Jordan, and Weiss 2001), AWP (Nie, Tian, and Li

ACC 2018), MIC (Shao, He, and Yu 2015), MKKM-IK (Liu et al.

2017), DAIMC (Hu and Chen 2018), EEIMVC (Liu et al.

783 2021), V3h (Fang et al. 2020), APMC (Guo and Ye 2019),

fs MKKM-IK-MKC (Liu et al. 2020), FIMVC-VIA (Liu 2021)
and AUP-ID (Wen et al. 2023).

To measure the performance for clustering, we employ
four commonly used metrics including ACC, NMI, F1-score
and Purity. Each experiment is repeated for 10 cycles to
achieve the average results and variance. For the parameters
of the compared methods, we set them as the recommended
ones in the corresponding literatures. We perform all exper-
iments on a computer with AMD Ryzen 5 1600X Six-Core
Processor.

) o o There are total two parameters needed to be determined
Figure 6: Sensity investigation of anchor number on dataset. in the experiment, i.e., & and 3, where « is the param-
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eter of Frobenius norm and [ corresponds to the align-

ment mapping parameter. We select them in the range of

[0.001,0.01,0.1, 1, 10] on dataset. According to Figs. 2-3,

we find that satisfied results can be achieve when « and /3

ACC are both 0.1. Moreover, it is observed that the clustering per-

785 formance is relatively stable in the given range of parameters

78 on dataset.

775

77 i Experimental Results

765

We report the clustering results on different multi-view
datasets under four metrics in this section and adopt N/A
to denote the unavailable results caused by out-of-memory
errors. According to Tables 1-4, we can have conclusions as:

Fnd s 1. The proposed SOME-AS shows better performance than
(a) ORL compared methods on most datasets, demonstrating its
superiority in effectiveness under different metrics. For
Figure 7: Ablation study on dataset. example, the proposed SOME-AS achieves more desired
performance than MKKM-IK on SUNRGBD dataset un-
der four metrics, i.e., 1.20%, 3.48%, 2.12% and 3.25%.
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(a) Time comparison of different methods on all incomplete (b) Objective value of SOME-AS on ORL dataset.

datasets.

Figure 8: Time comparison and objective value.

2. Different from the traditional multi-view clustering
methods built on subspace, the anchor-based works usu-
ally behave better on most cases, which are suitable for
datasets with large scales.

. Among the compared methods based on anchor, the pro-
posed SOME-AS is obviously more superior by intro-
ducing the latent integral subspace built on the cluster
structure of the data with anchors from different views
being aligned.

We also compare the clustering results of different meth-
ods (FIMVC-VIA and AUP-ID) with several missing rates
for comparison. According to Figs. 4-5, we find that the
proposed SOME-AS is more stable than other incomplete
multi-view clustering methods on dataset. The advantages
can be explained by the fact that learning the integral sub-
space reflecting the cluster structure with anchors from dif-
ferent views being aligned is helpful for incomplete multi-
view clustering with different missing rates.

Sensity Investigation and Ablation Study

To analyze how the amount of anchors influences the final
performance, we perform experiments by varying the num-
ber of anchors [ in the range of [1k, 2k, 3k] and showing the
corresponding results. As shown in Fig. 6, we observe that
the proposed SOME-AS is not significantly affected by the
number of anchors.

To validate the effectiveness of the alignment among an-
chors across views in learning an integral subspace reveal-
ing the cluster structure, we perform an ablation study and
report the experimental results in Fig. 7, where “case 1” in-
dicates that this strategy is not adopted and “case 2” repre-
sents the opposite one. According to Fig. 7, we find that the
strategy of learning an integral subspace revealing the clus-
ter structure with anchors from different views being aligned
is able to improve the clustering performance on dataset,
which demonstrates the necessarity of this adopted strategy
in the proposed SOME-AS.
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Running Time Analysis and Convergence Study

We list the running time of different incomplete multi-view
clustering methods to demonstrate the efficiency of the pro-
posed SOME-AS. According to Fig. 8, we observe that
SOME-AS is able to significantly reduce the running time
with the guidance of the constructed anchor graphs com-
pared with methods based on the graph on most datasets. Be-
sides, SOME-AS achieves desired clustering performance
and needs relatively little running time, which well balances
the effectiveness and efficiency. Compared to some incom-
plete multi-view clustering methods based on anchor, i.e.,
FIMVC-VIA, the proposed SOME-AS requires more run-
ning time introduced by the alignment mapping. Consider-
ing the achieved desired performance on most datasets, the
time costs consumed by SOME-AS is worthwhile.

We perform experiments to analyze the convergence of
SOME-AS on some datasets. Based on Fig. 8, we observe
that the objective value of SOME-AS monotonically de-
creases in each iteration, verifying the convergence.

Conclusion

This paper proposes a novel scalable one-pass incomplete
multi-view clustering by aligning anchors. The complemen-
tary information across views is captured by building the an-
chor graph for each view on the incomplete dataset. The in-
tegral subspace revealing the cluster structure is learned by
taking the alignment among anchors from different views
into consideration. The cluster assignment and centroid rep-
resentation with orthogonal constraint are built to approxi-
mate the integral subspace. Extensive experiments demon-
strate the efficiency and effectiveness of SOME-AS on sev-
eral incomplete multi-view datasets under different metrics.
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