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Abstract

Multi-view clustering (MVC) aims at exploring category
structures among multi-view data in self-supervised man-
ners. Multiple views provide more information than single
views and thus existing MVC methods can achieve satis-
factory performance. However, their performance might
seriously degenerate when the views are noisy in practical
multi-view scenarios. In this paper, we formally investigate
the drawback of noisy views and then propose a theoretically
grounded deep MVC method (namely MVCAN) to address
this issue. Specifically, we propose a novel MVC objective
that enables un-shared parameters and inconsistent clus-
tering predictions across multiple views to reduce the side
effects of noisy views. Furthermore, a two-level multi-view
iterative optimization is designed to generate robust learning
targets for refining individual views’ representation learning.
Theoretical analysis reveals that MVCAN works by achiev-
ing the multi-view consistency, complementarity, and noise
robustness. Finally, experiments on extensive public datasets
demonstrate that MVCAN outperforms state-of-the-art meth-
ods and is robust against the existence of noisy views.

1. Introduction

Recently, real-world applications generate increasing multi-
view data where one sample is described from multiple
views, multiple modalities, or multiple groups of features. To
handle such multi-view data, multi-view clustering (MVC) is
an effective self-supervised clustering approach and has been
applied in many fields (e.g., industry [47], internet [12], and
medicine [18, 38]), which can recognize the category struc-
tures and patterns without label supervision. In addition to
traditional MVC [51, 56], deep learning based MVC is usu-
ally built on self-supervised methods like contrastive learn-
ing [34] and self-training [33], which has been attracting
researchers’ attention in recent years [0, 20, 39, 42, 62, 71]
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and we conduct a review for related work in Appendix A.
The success of existing MVC methods lies in that they
are able to explore the consistency and complementarity
among multi-view data [23, 42, 70], thereby outperforming
single-view clustering (SVC) methods [27, 30, 37, 57]. The
consistency indicates that multiple views have the consistent
information which is helpful for recognizing the same cate-
gory [4, 46, 67]. For example, multiple views with the con-
sistent category information can enhance the recognition of
the category semantics, thereby eliminating the interference
of non-semantic information. The complementarity means
that different views contain the complementary information
which is conducive to reciprocally correcting and supple-
menting each other [22, 41, 60, 64]. In other words, the com-
bination of multiple views can help discover category struc-
tures that cannot be discovered by individual views. How-
ever, a challenge is that consistency and complementarity of
multiple views are still abstract concepts. To conceptually
explore them, previous methods usually leverage different
views to supervise each other for learning their common rep-
resentations, and build consistent clustering predictions for
all views’ agreement. For instance, some methods conduct
contrastive learning among multiple views for achieving con-
sistency of representations/predictions [5, 15, 25, 63]. Some
methods integrate multiple views’ representations to explore
their complementarity and generate a unified cluster partition
for optimization as self-training manners [49, 55, 58, 62].
Despite important advances, experiments reveal that
MVC is not necessarily superior to SVC in some practi-
cal multi-view scenarios (see Sec. 4.2). This is because
features extracted from some views might be noise, which
could be not only useless but even detrimental for clustering.
For example, we consider a situation of observing animals at
night, where the view captured by infrared cameras is infor-
mative but the view from optical cameras is noisy. Contrary
to informative views, noisy views can play a negative role
in recognizing their common category such that many MVC
methods exhibit decreased performance compared to a SVC
method that is performed on the optimal single view. This



practical dilemma could affect the effectiveness of MVC and
this paper shortly entitles it Noisy-View Drawback (NVD).
We find two reasons that the NVD negatively affects the
performance of existing MVC methods in practical scenar-
ios: I) To obtain fused representations, many methods have
to leverage additional neural networks shared by all views
[24, 50, 52, 69, 73]. However, the clustering objective pun-
ished on the noisy view might be dominant that on other
informative views, causing the shared parameters in that
neural networks to fit the noisy view and thus missing the
useful information of other views. II) For multi-view data,
obtaining consistent clustering predictions for all views is a
consensus in previous methods [31, 42, 53, 60, 68, 72]. Nev-
ertheless, it is suboptimal to force the clustering prediction
of the noisy view to be the same as that of other views, in-
versely, this process might make the representation learning
and clustering on the informative views degenerate.

In this paper, we consider the NVD and propose a the-
oretically grounded deep MVC method termed MVCAN:
Multi-View Clustering Against Noisy-view drawback. Firstly,
based on the aforementioned two reasons, the proposed clus-
tering objective I) requires that the parameters in neural net-
works are un-shared for individual views and II) optimizes a
subproblem that allows inconsistent clustering predictions
among different views’ soft labels. Hence, MVCAN designs
parameter-decoupled deep models of learning representa-
tions and soft labels for different views, aiming to avoid the
side effects of noisy views. Secondly, MVCAN establishes
a two-level multi-view iterative optimization for training the
parameter-decoupled models. To be exact, 7 -level leverages
the representations and soft labels to optimize a robust learn-
ing target, which makes MVCAN able to explore the useful
information among informative views and be robust to noisy
views. R-level automatically matches the learning target
with soft labels to optimize the representations of individ-
ual views. Finally, we conduct extensive comparison and
ablation experiments to demonstrate the effectiveness of our
method. In summary, the contributions of this work include:

* The NVD is pervasive but challenging for MVC, which
motivates us to research the robustness towards noisy
views. To eliminate the two reasons that noisy views hin-
der clustering effectiveness, we propose a novel clustering
objective constrained with two specific conditions.

To effectively train a parameter-decoupled model for each
view, we propose a two-level multi-view iterative optimiza-
tion strategy. Extensive experiments on public datasets
demonstrate that our MVCAN outperforms state-of-the-art
methods and is robust against the existence of noisy views.
In the literature, almost no work theoretically describes the
consistency and complementarity of multi-view learning.
This paper attempts to theoretically investigate the con-
sistency and complementarity relations among multiple
views, and explain the achieved noise robustness.

2. Background and Analysis

Notations. We denote {X¥ € RV*Pv}V_ as a multi-view
dataset which contains N samples with V' views. Z" €
RYN*dv and Y? € RV*X are the learned representations
and soft labels for data in the v-th view. D,, and d,, denote the
dimensionality of X and Z", respectively. K is the cluster
number. More notation details are shown in Appendix A.

2.1. Preliminaries

Deep embedded clustering (DEC [57]) is a self-supervised
SVC method providing an effective optimization paradigm to
promote learning representations and clustering. Specifically,
DEC learns representations Z from data matrix X of a single
view, and conducts end-to-end clustering by learning soft
labels Y with trainable cluster centroids {u; }szl in the
representation space of Z. DEC formulates Y as follows:

(1+ [|zs — pyl13) "
Yij = —% 12 €Y, (1)
2o (T4 lzi — myl3)

where z; = £ (x;) € Z is the new representation of the i-th
sample x; € X, obtained by the deep encoder network g
with the parameters ®. (1+||z;—u,||3) " can be interpreted
as the representation similarity in our Definition 1. We have
> Y =1 and y;; represents the probabilistic soft label
indicating that the sample x; comes from the j-th cluster.
Then, DEC establishes the learning target T € RV*X to
refine Y and Z by training the model parameters, where

)2 N -
ti; = (yw) /Zi:l Yij cT. )

Si% (w22 v

Indeed, Eq. (2) enhances the elements of large values in the
soft labels Y for each sample. As a result, this self-training
paradigm establishes the learning target T to push the soft
labels Y to learn the cluster structures with high confidence.

2.2. Analysis of Noisy-View Drawback (NVD)

The aforementioned learning paradigm inspires a lot of de-
velopments and is one of the most widely used approaches to
conduct deep MVC [14, 49, 55, 58, 60]. For MVC, previous
methods usually learn the representations Z" and soft labels
Y" for individual views, and then leverage the fusion strate-
gies to explore useful information hidden in multiple views,
e.g., early fusion [49, 55] and late fusion [58]. They also
construct the learning target T with Eq. (2) to train models.

Although some efforts [45, 49, 55, 66] consider the view
diversity and propose weighting strategies in fusion modules,
previous methods usually require shared network parame-
ters and consistent clustering predictions for multiple views,
whose models might be not robust when meeting low-quality
even noisy views in practical scenarios (will be verified in



Sec. 4.2). To illustrate this, we denote {Z"}Y_, as all views’
representations and consider an ideal clustermg objective:

HllIl E

where we write Y? = Fg (Y?|{Z"}Y_,) through the fusion
module F, and ® denotes the set of parameters shared by
all V views. T is the unified learning target for training
the consistent soft labels {Y?}Y_, of all views. With the
ground-truth label matrix L € {0 1}V* K we further have
the following theorem to indicate the relationship between
clustering effectiveness and clustering objectives of views:

T = Fe(YHZ" )% 3)

Theorem 1. Denoting Y = LA, where A € {0,1}5*K
makes Y maximally match the learning target T. Then,
the clustering accuracy can be calculated as ACC =
& (N = LY —TJ) = 1= Y — T In Eg. (), if
O is shared by multiple views and their soft labels {Y}V_,
have consistent learning target T, we have

1
ACCSl—W( max ||Y f@(YmHZU}U 1)||F

1<m<V
“4)
T - f@(Y”I{Z“}Ll)H%).

To be speciﬁc we denote m” = argmaxj<m<y ||Y -

Fo(Y"{Z 1) . and [[¥ — Fo (Y™ [{Z7}) VI
could reflect the largest clustering loss ||T —
Fo (Y™ |{Z"}V_,)||2., which corresponds to the view with

the worst quality or the most noisy view. No matter how the
set of parameters © is optimized, for the m*-th view, the
unclear cluster structures and inherent noise properties of
Z™ make it difficult for Y™ to fit the learning target T.
Therefore, the noisy view has a large clustering loss that
is difficult to minimize, i.e., | T — Fo (Y™ V%,
which usually dominates the optimization of other views
in Eq. (3). This makes the shared parameters © tend to fit
the noisy view, resulting the model degeneration on other
views which have the small clustering losses that are easy
to minimize, e.g., >, [T — Fo(YHZ }Y_))|%. As
a consequence, the noisy view will limit the clustering
effectiveness due to the upper bound in Eq. (4). The detailed
proof and example analysis are provided in Appendix B.

3. Methodology

To mitigate the side effects of noisy views, we propose Multi-
View Clustering Against Noisy-View Drawback (MVCAN),
whose frame diagram is given in Appendix A due to space.

3.1. Clustering Objective Against NVD

Based on Theorem 1, we consider two conditions to con-
strain the multi-view clustering objective for MVCAN. The
first condition is that we require the network parameters to

be decoupled for all views instead of using shared modules
when generating {Z”,Y"}Y_,, and the second condition is
that we allow different views to have different clustering
predictions instead of consistent ones during training stages.

Accordingly, we modify the optimization objective in

Eq. (3) and propose a novel multi-view clustering objective:

: v vV vV |2
{@1{};% D ITAY — F&.(Y"|Z") %
5t.0°NO" =3,a,bc{1,2,...,V},a#b, )

AY(AY)T =1k, A" € {0, 1} 77K,

where we write YV = Fg&.(Y"|Z") whose calculation fol-
lows Eq. (1). Z¥ = £%.(X") and £}. denotes the encoder
of individual view. Moreover, we specifically illustrate the
two conditions in Eq. (5) as follows (their effectiveness will
be verified by ablation experiments presented in Sec. 4.3):
Condition 1: In this framework, the set of parameters
©" includes {u}};L, and @ of the v-th view. We lever-
age @ N O = @ a,b€{1,2,...,V} a # bto indicate
that {@V}Y_, are un-shared for each other, so as to avoid
the limitations caused by the NVD as analyzed in Sec. 2.2.
This condition designs the parameter—decoupled models of
learning representations {Z"}Y_, and clustering predictions
{Y"?}V_, for individual views, aiming to eliminate the dom-
inated influence of noisy views on other informative views.
Condition 2: Before updating the parameters {@v}Y_,,
we solve a subproblem in the multi-view clustering objec-
tive, that is, minga.yv SV ITAY — F&.(Y?|ZY)2,
which leads to S.V_, [TAY — F&.(Y|Z%)|% <
21‘}/:1 IT — F§.(Y?|Z")||%. For each view, this sub-
problem is equivalent to mina. | TAY — Y?||% in which
AV € {0,1}5%K achieves the maximum match between the
learning target T and the soft labels Y. For each view, T is
adjusted to correspond with Y” by A" and we can treat this
process as to obtain a different learning target TV = TA".
This condition makes the clustering loss smaller, as well
as considers that it does not make sense to learn consistent
clustering predictions for both informative and noisy views.

3.2. Two-Level Multi-View Iterative Optimization

In brief, to overcome the NVD, MVCAN does not adopt
previous strategies that multiple views need shared network
parameters and consistent clustering predictions, but how
can Eq. (5) explore the useful consistent and complementary
information from multiple views? To this end, we propose
a two-level multi-view iterative optimization framework for
effectively training the parameter-decoupled models.

T -level iteration. Firstly, we propose a 7 -level iteration
to generate the robust learning target T for Eq. (5). T-
level iteration will not change the parameters {©V, AV}V_,,
making the models still satisfy the parameter decoupling.



For each iteration in the 7 -level, we design the scaling ma-
trix W ; to automatically explore the informative levels
of views for obtaining the scaled representation Z;), and
then produce the robust soft labels Y ;) for obtaining T (the
theoretical analysis in Sec. 3.3 will demonstrate that Y ()
achieve the consistency and complementarity across multiple
views, as well as the noise robustness for the noisy views).
Concretely, in the ¢-th iteration of 7-level, MVCAN
infers the scaled representations Z;) € RN*2. dv from
all views, by the multiplication between the already
scaled/normalized representations [Z1 /A ZV] €

RN>2. v and the scaling matrix W ;) € R0 dv X2y du;

Ziy = H(Z| W, 2" Z",...,Z")
=[z' 7 ZV] W,
1 1
W(t)I 2 2
_— v winT
=[z" z* ... ZV]
wX)IV
(6)

where W () is a block diagonal matrix (W 1) = I), of which
each block is the multiplication between the unit matrix
IV € {0,1}%*% and the scaling factor wf,) € R for the
individual view. Based on the scaled representations Z; 1)<
MVCAN generates the robust soft labels Y ;) € RVX
in the t-th iteration. To be specific, Y () should reflect the
cluster structures among Z ), and thus we leverage a variant
of Eq. (1) to compute Y ;). Specifically, z;;) € Z) and we
formulate Y ;) = F'(Y (1)|Z)) as follows:

(14 [|Zi) — Cj(t)H2)71
K
Y im (U4 llzigy — €5ll3) 1

where {c;) € R & }ngr represent the cluster centroids
of Z in the ¢-th iteration. Note that {c;()}/<, are com-
puted by K -means [27] from the scratch in each iteration, it
will not change the parameters {@v, A?}V_, . Furthermore,
denoting I and H as mutual information and entropy, respec-
tively, we base on the normalized mutual information be-
tween the robust soft labels Y ;) and the soft labels Y of in-
dividual view, and denote the iterative strategy of the scaling
matrix as W(t+1) = Q(W(t+1) |Y(t)7 Yl7 le7 R ,YV), in
which we compute w%’t +1) for each view by

Yijt) = €Yy, ()

. —exp( 21(Y"; Y1) >€W ®
() H(Y") + H(Y ) s

To effectively calculate Eq. (8), we first transform Y" and
Y ;) into one-dimensional label vectors y* and y ), respec-
tively, where §; = argmax; y;;, Jir) = argmax; Yij(t)
and then calculate the normalized mutual information be-
tween y and y (4. Since the computations of Y ;) and
{Y"}V_, are all un-/self-supervised, in effect, MVCAN can

automatically recognize the informative levels of different
views based on the mutual information among the soft la-
bels, and then generate different scaling factors in W ;1) to
constrain the representations of all views for next iterations.

After finishing the iteration of the robust soft labels Y(t),
we utilize Eq. (2) to obtain the robust learning target, written
as T = T(T|Y ). Hence, the robust learning target T is
based on the already learned representations and soft labels,
ie., {Z',Y"}Y_,. The T-level iteration process outputs
T whrch is further leveraged to refine {Z¥, YV}"_, for all
views by the multi-view clustering objective in Eq. (5).

R-level iteration. R-level iteration focuses on training
the parameters {®v, A*}V_, for individual views by opti-
mizing Eq. (5). Considering the Condition 2 of Eq. (5), we
first obtain AV* = minav |TAY — Y?||% with Hungarian
algorithm. For each view, A”* produces a different learning
target TV = TA"™ and then Eq. (5) can be transformed into
the following clustering objective (denoted by L?):

L7 min [T = Fgu (Y"|Z")||%- ©)
Additionally, we follow previous deep MVC methods [43,
49, 55, 58, 62] and adopt deep autoencoders (a popular self-
supervised representation learning method) to learn the new
representations of multi-view data. Letting £&. and Dy
respectively denote the encoder and decoder, our method re-
quires that the network parameters ®¥ and ¥" of each view
are un-shared for other views according to the Condition 1
of Eq. (5). Therefore, for the v-th view, the reconstruction
XV = DY, (Z) is only related to Z” = £4,(X"), and the
representation learning objective (denoted by L?) is:

£y: min X =Dy (€5 (X)IE (10)
In ‘R-level iteration, the loss function to train the parameter-
decoupled model of each view includes following two parts:

LY =LY+ ALY, (11)

where A achieves the trade-off between £ and LY. Mean-
while, we have {@2, ¥* &2} N {O, ¥° &b} = & a,b €
{1,2,...,V},a # b which overcomes the mutual interfer-
ence among different views during training their network
parameters. The R-level iteration process refines the rep-
resentations and soft labels {Z?, YV}Y_, which are further
leveraged to obtain better learning target T. Atlast, Y 4 out-
puts clustering results for all multi-view data and Algorithm 1
concludes the training steps of MVCAN (the effectiveness
of two losses and iterations will be verified in Sec. 4.3).

3.3. Theoretical Analysis of Multi-View Consistency
& Complementarity & Noise Robustness

Moreover, we attempt to theoretically illustrate why MV-
CAN works with the following definitions and theorems:



Algorithm 1: Training steps of MVCAN

Input: Dataset {X"}V_,, Epochs E, Ty, Ty, K, A
Initialize { @V, ©Y le by Eq. (10) and initialize
{{uy}< 1) with K-means, W) = I
fore e {1,2,...,E/T»} do
11 T-level infers T from all views’ {Z", Y }¥_,.
fort € {1,2,...,7T1} do
Update Z ) by Eq. (6)
Update Y ;) by Eq. (7)
Update W ;1) by Eq. (8)
Update T = T (T|Y ) as Eq. (2)
Il R-level learns {Z",Y"} for each view with T.
forve {1,2,...,V} do
Compute A? by mina. | TA? — Y?||% in
Eq. (5) with Hungarian algorithm
Update ®", ¥, and {p} szl on X" for T
epochs by Eq. (11) with mini-batch Adam

O:ltpllt: The cluster assignment of the i-th sample
arg max; y;;(t) where y;;5¢) € Y (), all views’

model parameters {®*, ¥", {uy}1 AU},

Definition 1. Denoting D(a,b) = |la— b||§ as squared
Euclidean distance between the representations a and b,

S(a,b): L

= D@D (0,1] (12)

is defined as the representation similarity between a and b.
Formally, y;; € (0, 1] holds given Eq. (1).

Definition 2. (¢, z, u - Noisy-view) For Vz; € Z", it be-
longs to the noisy view if Iuy, uy, and € > 0 such that
D(z!, ug) — Dzl )| < =, Szl u2) ~ S(z!, uy), and
Yi, = Ys, where € is a sufficiently small value. Otherwise,
z; is the informative view.

Then, the following theorems suggest that Y ;) achieves
our concluded consistency, complementarity, and noise ro-
bustness with regard to {Y"}Y_; in the framework of M V-
CAN. All proofs of theorems are provided in Appendix B.

Theorem 2. Denoting Lx as the K-means objective,
Lx(Z)) is equivalent to punishing different scaling fac-
tors on { L (Z)}Y_, under the consistency constraint of
multiple views’ cluster centroids.

Theorem 2 analyses the effect of the scaling matrix W ;)
to constrain the optimization of individual views in the scaled

representation Z ), which reduces the side effects of noisy
views when 7T -level iteration discovers the cluster structures.

Theorem 3. (Consistency) If a sample representation is
informative in multiple views and has the same cluster as-
signments in these views, its cluster assignment in Y () is
the same as that in these views.

Theorem 3 indicates that y;;;) € Y () follows {yfj €
Y?}Y_, when they have consistent clusters, which reflects
the property of consistency among multiple views.

Theorem 4. (Complementarity) If a sample representation
is informative in multiple views where it has different cluster
assignments, we have two cases according to the differences
of similarity among the clusters.

Case 1: if the differences of similarity among the clusters
are equal, its cluster assignment in'Y (1) is the same as that
in the informative view with the largest scaling factor.

Case 2: if the differences of similarity among the clusters
are not equal, its cluster assignment in’'Y (;y is more likely to
be the same as that in the informative view with the largest
scaling factor.

Theorem 4 indicates that y;;;) € Yy follows y;; €
Y with a large scaling factor when different views have
inconsistent clusters, which leverages the view with high
confidence to correct other inconsistent views.

Theorem 5. (Complementarity & Noise robustness)

Case 1: if a sample representation is informative in some
views and is noisy in other views, its cluster assignment in
Y (1) is the same as that in the informative views.

Case 2: if a sample representation is noisy in all views, its
cluster assignment in'Y (1) is the same as the common cluster
assignments existing in these views.

Theorem 5 illustrates the noise robustness of our method
that makes the robust soft labels Y (;) mitigate the side effects
of noisy views. For example, z; € Z" is noisy in individual
view but the corresponding scaled representation z; ;) € Z)
is informative, so the influence from noisy views on the soft
labels y;;1) € Y(4) are reduced. Additionally, Theorems
4 and 5 can be together interpreted as the complementar-
ity among multiple views, i.e., the combination of multiple
views is conducive to outperforming single views and dis-
covering comprehensive cluster patterns (which cannot be
explored in single-view data) across multi-view data.

4. Experiments
4.1. Settings

We briefly introduce the experimental setup and show more
implementation details in Appendix. Our code is provided in
https://github.com/SubmissionsIn/MVCAN.
Datasets. We conduct experiments on eight public
datasets and four noise-simulated ones, and their details
are listed in Appendix C. First, four normal multi-view
datasets (easy for clustering) include BDGP [3], DIGIT [36],
COIL [29], and Amazon [40]. Second, we construct four
noise-simulated datasets on the four datasets to test the noise
robustness of methods in extreme scenarios, where we ran-
domly sample noise to build an additional view and obtain


https://github.com/SubmissionsIn/MVCAN

Table 1. Clustering performance gains (%) of MVC methods compared with SVC method (DEC-BestV) on four normal multi-view datasets.

Method BDGP DIGIT COIL Amazon

ACC NMI ACC NMI ACC NMI ACC NMI
DEC-BestV [57] 92.6 81.9 80.9 78.9 76.6 81.5 47.0 325
DEC-WorstV [57] 45.7-46.9 29.1-52.8 54.8-26.1 64.1-14.8 73.53.1 77.4-4.1 37298 27.9-46
DMIC [58] 67.8-24.8 46.5-35.4 97.6+16.7 96.2+17.3 91.3+14.7 93.8+12.3 63.3+16.3 65.3+32.8
DIMC-net [55] 97.5+4.9 91.1+9.2 90.4+9.5 87.3+8.4 98.5+21.9 97.5+16.0 62.5+15.5 66.9+34.4
GP-MVC [49] 97.6+5.0 93.4+11.5 58.6-22.3 69.8-9.1 86.1+9.5 77.5-4.0 53.9+6.9 57.1+24.6
CoMVC [45] 80.7-11.9 67.4-145 98.5+17.6 97.4+18.5 98.1+21.5 97.8+16.3 68.1+21.1 60.6+28.1
DIMVC [60] 98.1+5.5 93.8+11.9 97.6+16.7 96.0+17.1 93.4+16.8 93.5+12.0 77.1+30.1 81.3+48.8
DSMVC [42] 52.9-39.7 38.3-43.6 82.0+1.1 81.4+2.5 90.8+14.2 96.5+15.0 37.6-9.4 29233
DSIMVC [43] 98.0+5.4 94.0+12.1 99.0+18.1 97.1+18.2 99.7+23.1 99.0+17.5 64.6+17.6 57.8+25.3
CPSPAN [15] 91.5-1.1 77.2-4.7 84.8+3.9 82.1+3.2 80.4+3.8 85.1+3.6 71.24242 60.8+28.3
SDMVC [62] 98.5+5.9 95.0+13.1 99.8+18.9 99.5+20.6 97.0+20.4 95.6+14.1 57.9+10.9 66.5+34.0
MVCAN [ours] 98.4+5.8 95.3+13.4 99.5+18.6 98.8+19.9 99.6+23.0 99.1+17.6 82.6+35.6 86.7+54.2

Table 2. Clustering performance gains (%) of MVC methods compared with SVC method (DEC-BestV) on four real-world multi-view

datasets. “n/a” denotes the unavailable clustering result due to high computational costs.

Method DHA RGB-D Caltech YoutubeVideo
ACC NMI ACC NMI ACC NMI ACC NMI
DEC-BestV [57] 72.6 79.3 43.6 40.1 88.2 81.6 20.9 20.4
DEC-WorstV [57] 30.4-42.2 43.5-35.8 15.0-28.6 5.1-35.0 354528 19.6-62.0 26.6+5.7 0.0-20.4
DMIC [58] 64.4-82 73.9-54 31.7-11.9 28.5-11.6 83.1-5.1 80.3-13 15.1-5:8 15.3-5.1
DIMC-net [55] 60.3-12.3 73.5-5.8 35.6-8.0 32.4-7.7 75.0-13.2 68.5-13.1 n/a n/a
GP-MVC [49] 73.1+0.5 81.5+22 38.5-5.1 32.6-75 80.3-7.9 77.6-4.0 12.4-85 10.3-10.1
CoMVC [45] 67.4-52 79.2-0.1 42.0-1.6 41.3+1.2 72.5-15.7 68.8-12.8 18.1-2.8 17.9-2:5
DIMVC [60] 79.5+6.9 84.7+5.4 46.943.3 41.4+13 87.2-1.0 80.7-0.9 15455 12.5-79
DSMVC [42] 77.4+4.8 83.6+4.3 43.3.0.3 40.6+0.5 90.5+2.3 84.7+3.1 17.8-3.1 18.0-2.4
DSIMVC [43] 64.0-8.6 77.3-2.0 45.8+2.2 41.0+0.9 76.7-11.5 67.5-14.1 19.0-1.9 18.8-1.6
CPSPAN [15] 67.1-55 80.0+0.7 42.4-12 38.3-1.8 84.8-3.4 73.9-7.7 23.0+2.1 22.0+1.6
SDMVC [62] 80.2+7.6 85.4+6.1 44.1+0.5 40.7+0.6 85.3-29 79.1-2.5 18.6-2.3 18.0-2.4
MVCAN [ours] 84.8+12.2 87.5+8.2 48.0+4.4 41.7+1.6 93.6+5.4 88.7+7.1 24.2433 24.3+3.9

NoisyBDGP/DIGIT/COIL/Amazon for the four individual
datasets. Third, we conduct experiments on four real-world
multi-view datasets (hard for clustering) including DHA
[21], RGB-D [72], Caltech [8], and YoutubeVideo [28].
Comparison methods. We compare our MVCAN with
the following 10 self-supervised clustering algorithms. To
be specific, DEC [57] is a popular deep SVC method and
we leverage this baseline to investigate the side effects of
NVD on MVC methods. DMJC [58], DIMC-net [55], GP-
MVC [49], DIMVC [60], and SDMVC [62] are DEC-based
deep MVC methods which usually establish consistent soft
labels for achieving clustering consistency. DMIC [58],
DIMC-net [55], GP-MVC [49], and DSMVC [42] mainly
incorporate weighting strategies to obtain fused representa-
tions. CoMVC [45], DSIMVC [43], and CPSPAN [15] are
contrastive learning based deep MVC methods which lever-
age contrastive learning to learn common representations.

4.2. Comparison Results and Analysis

Tables 1, 2, and 3 list clustering effectiveness of comparison
methods on all datasets. The performance is evaluated by
clustering accuracy (ACC) and normalized mutual informa-
tion (NMI), and the average values of 10 runs are reported.

DEC-BestV and DEC-WorstV denote the results of the SVC
method DEC on the best and the worst views, respectively.
Firstly, we compare DEC-BestV with DEC-WorstV and
can easily find that the clustering results of DEC-WorstV
is not ideal for many samples, that is, many samples that
are correctly clustered by DEC-BestV are incorrectly clus-
tered by DEC-WorstV (especially for real-world multi-view
datasets in Table 2). This suggests that the view qualities
of multi-view datasets are different, where the views with
unclear cluster structures could be considered as noisy views
for clustering. Secondly, most of MVC methods achieve
performance gains on normal datasets (red results in Table 1)
but have performance degeneration on real-world datasets
(green results in Table 2) when taking DEC-BestV as the
baseline. The side effects of noisy views adversely affect
many MVC methods and thus we observe that some multi-
view methods are not robuster than the single-view method
in terms of clustering effectiveness. Despite some of these
MVC methods leverage weighting strategies to balance dif-
ferent views, the noisy-view drawback still prevent them
from learning effective cluster structures in some practical
scenarios. Thirdly, our method MVCAN obtains much better
performance than DEC-BestV across all datasets and gener-
ally achieves the best or comparable performance among all



Table 3. Clustering performance gains (%) of MVC methods compared with SVC method (DEC-BestV) on four noise-simulated datasets.

Method NoisyBDGP NoisyDIGIT NoisyCOIL NoisyAmazon
ACC NMI ACC NMI ACC NMI ACC NMI

DEC-BestV [57] 92.6 81.9 80.9 78.9 76.6 81.5 47.0 325
DEC-WorstV [57] 22.2-70.4 0.2-81.7 12.4-68.5 0.4-78.5 16.4-60.2 2.8-78.7 12.0-35.0 0.4-32.1
DMIC [58] 63.7-28.9 59.4.225 80.7-0.2 82.843.9 85.6+9.0 92.1+10.6 54.3+7.3 46.6+14.1
DIMC-net [55] 78.9-13.7 68.4-13.5 71.6-93 76.5-2.4 87.5+10.9 91.8+10.3 43.6-34 37.3+4.8
GP-MVC [49] 80.7-11.9 78.4-35 49.1-31.8 63.5-154 69.4-7.2 72.9-8.6 40.4-6.6 39.8+7.3
CoMVC [45] 63.8-28.8 51.6-303 86.9+6.0 84.6+5.7 90.6+14.0 93.6+12.1 61.8+14.8 52.6+20.1
DIMVC [60] 94.942.3 87.6+5.7 88.7+7.8 93.7+14.8 89.0+12.4 91.7+10.2 63.6+16.6 66.7+34.2
DSMVC [42] 57.1-355 41.8-40.1 73.7-72 72.2-6.7 81.8+52 84.1+2.6 36.6-10.4 25.9-6.6
DSIMVC [43] 95.1+2.5 85.2+43.3 90.4+9.5 90.5+11.6 98.8+22.2 97.8+16.3 54.7+7.7 54.1+21.6
CPSPAN [15] 73.2-19.4 53.5-28.4 11.8-69.1 0.3-78.6 15.8-60.8 3.3-782 12.4-34.6 0.4-32.1
SDMVC [62] 89.6-3.0 83.6+1.7 75.8-5.1 72.2-6.7 81.0+4.4 89.2+7.7 55.4+8.4 61.0+28.5
MVCAN [ours] 98.0+5.4 95.1+13.2 99.0+18.1 98.4+19.5 99.2+22.6 98.8+17.3 72.8+25.8 73.2+40.7

MVC methods. For example in Table 2, MVCAN improves
the best comparison methods by 4%, 1%, and 3% ACC val-
ues on DHA, RGB-D, and Caltech, respectively. The results
indicate that MVCAN is able to explore the useful consistent
and complementary information among informative views,
as well as achieve the noise robustness to noisy views.
Since the performance of MVC could be interfered with
noisy views in datasets, it is encouraged to test the robust-
ness of algorithms with extreme noise interference [45, 66],
which can guide the algorithm design of MVC for practi-
cal scenarios. To this end, we conduct comparison experi-
ments on noise-simulated multi-view datasets as shown in
Table 3. Compared with Table 1, Table 3 suggests that most
of MVC methods have degenerated results but our MVCAN
still achieves comparable performance. Specifically, MV-
CAN surpasses the best comparison methods by 7%, 5%,
1%, and 6% NMI values on the four noise-simulated datasets.
This further demonstrates the effectiveness of our method.

4.3. Ablation Study

In this subsection, we investigate the effectiveness of each
part of our method in detail from the following aspects.

Table 4. Importance of two conditions in clustering objective.

Conditions BDGP DIGIT NoisyBDGP | NoisyDIGIT
©" A" | ACC NMI | ACC NMI | ACC NMI | ACC NMI
@) v 973 921 | 98.6 98.0 | 97.7 946 | 902 933
(ii) v 66.0 477 | 840 735 | 60.2 339 | 61.1 599
(i) | v 4 984 953 | 995 988 | 98.0 951 | 990 984

Table 5. Importance of two loss components in optimization.

Components BDGP DIGIT NoisyBDGP | NoisyDIGIT
L7 Ly ACC NMI | ACC NMI | ACC NMI | ACC NMI
(a) 643 522 | 768 723 | 499 315 | 741 705
b | v 948 842 | 787 747 | 944 839 | 769 748
(c) v 798 709 | 87.0 943 | 726 574 | 59.1 702
@ | v v 984 953 | 995 988 | 980 951 | 990 984

Two conditions in clustering objective. We investigate
the importance of the two conditions in Eq. (5). As shown

el

(a) ACCwvs. T (b) ACC vs. T

Figure 1. Different training iterations of 7 -level (a) and R-level
(b) in the proposed two-level multi-view iterative optimization.

in Table 4, (i) ®" denotes the first condition of un-shared
parameters for all views and (ii) A" indicates the second
condition that multiple views are not required to be consis-
tent. One could find that the results shown in (iii) achieve
the best performance, which verifies the effectiveness of our
MVCAN to mitigate the side effects caused by the noisy-
view drawback. Concretely, the un-shared {®°}Y_, of all
views eliminate their unfavourable interference. Moreover,
{Av}V_, absolve the noisy views of conformity with the
other views when minimizing the clustering objective.

Two loss components in optimization. Table 5 lists the
results of MVCAN with different loss components, where
(a) denotes the clustering results of K-means on the direct
concatenation of multi-view data. Compared with (a), both
(b) and (c) can obtain improvements due to the representa-
tion learning objective achieved by LY and the clustering
objective achieved by L7, respectively. (d) obtains the best
performance which indicates that the representation learn-
ing objective and the clustering objective have the effect of
mutual promotion in our MVCAN, verified their importance.

Two-level multi-view iterative optimization. Figure 1
shows the performance by changing 7 and 75 in the first
iteration of 7 -level iteration and R-level iteration. Based
on the results, we have the following observations. When
T, = 1 (i.e., the framework is without 7 -level iteration),
MVCAN is unable to infer the scaling factors for different
views to generate the more effective robust learning target
T. Similarly, when 75 = 1 (i.e., the framework is without



R-level iteration), MVCAN cannot learn the more effective
representations with the learning target. When 77 and 75
increase, the performance also improves, which shows the
effectiveness of our two-level multi-view iterative optimiza-
tion. For all tested datasets, we set 77 = 2 and 75 = 100.

4.4. Model Analysis

This part showcases loss convergence and hyper-parameter
analysis to further understand our proposed method.

o0 s e a0 0% [T TR )

E)
Epoch

(b) NoisyBDGP

E
Epoch

(a) BDGP

Figure 2. Loss vs. Epoch on BDGP and NoisyBDGP.

—— BDGP
DIGIT

(a) ACC vs. A (b) NMI vs. A

Figure 3. ACC and NMI vs. X on different datasets.

Loss convergence analysis. Figure 2 plots the clustering
loss curve during training and we could observe that the
model has good convergence properties. Moreover, it is
worth noting that the loss values of the noisy views are
larger than that of other views, which is consistent with
our analysis in Sec. 2.2. Specifically, the features of the
noisy views are not informative and have unclear cluster
structures, which makes the clustering loss of noisy views
difficult to be minimized. Therefore, we propose to constrain
un-shared parameters and inconsistent clustering predictions
for multiple views in the multi-view clustering objective of
MVCAN, to alleviate the adverse impact of noisy views on
the optimization process of other informative views.

Hyper-parameter analysis. The hyper-parameter of M V-
CAN includes the trade-off A in Eq. (11), and Figure 3 shows
the clustering effectiveness by traversing A. The results indi-
cate that ) is insensitive in the range of [10%, 10%]. Addition-
ally, the cluster number K in the model is changeable. As
shown in Figure 4, on DIGIT and NoisyDIGIT, we utilize ¢-
SNE [26] to visualize the scaled representations learned with
different cluster numbers. For these two datasets, we mark
the representations with ground-truth labels and the truth
K is 10. We could observe that MVCAN can learn clear
cluster structures on the datasets with noise interference as
that on normal ones, indicating the robustness of our method

ok "umg’?ﬁ
e Pt . oW

@K=5 (b) K =10 ©K =15
- - ® .

| Bl ™ - ¥
My . | 2w %
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Figure 4. Visualization of the representations learned with different
prior cluster numbers on DIGIT (a-c) and NoisyDIGIT (d-f).

for noisy views. When K is small (e.g., K = 5), we can
observe that the representations of digits with similar shapes
are gathered together, e.g., “4-7-9” in Figure 4(a). When
K is large (e.g., K = 15), we observe that the representa-
tions of the same digits are separated into two clusters, e.g.,
“5” in Figure 4(c) (colored in yellow). Consequently, MV-
CAN could learn the coarse-grained or fine-grained cluster
structures by changing the prior knowledge of K.

5. Conclusion

This paper investigates the pervasive but challenging prob-
lem in multi-view clustering, i.e., Noisy-View Drawback
(NVD). To mitigate this issue, we proposed a novel deep
multi-view clustering method dubbed MVCAN. Comprehen-
sive theoretical and empirical results verified the superior
performance of MVCAN, together with the effectiveness of
our proposed two conditions in clustering objective and of
our two-level multi-view iteration in optimization.

We expect our work to produce beneficial impacts for
self-supervised multi-view learning where the information
qualities obtained from different views are difficult to be
guaranteed and thus they bring noisy information. For exam-
ple, if the views from some sensors/modalities are faulty or
unreliable in unsupervised ensemble environments, it might
be promising to take the NVD into account to design al-
gorithms as did in MVCAN. In addition, future work still
needs to be devoted to reducing the sensitivity of parameter
initialization in deep model and the class number.
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Appendix A: Framework, Related Work, and Notations
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Figure 1. Illustration of the noisy-view drawback (NVD). The informative views have distinct representation similarities, which can
promote clustering due to their consistency and complementarity. However, the noisy views have indistinct representation similarities. For
instance, the views extracted from faulty or inapplicable sensors will bring noisy information and hinder clustering, making it be of practical

significance to investigate the noise robustness.
— T — —»{Z”]v1_> — T — -
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(a) Two-level multi—vtew iterative optimization

Zyy = H(Zw) Wy, 24 2%, .., Z%)
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Wy = (Wl Yie-1), YL Y, ., YY)
Loy = H(Zp| W, 2422, ..., 27)

XV — Egv — 2V — Fgv — Y ——TAY Yoy = F' (Yo lZery)

Un-shared XV — B T =T (T|Y))
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parameters (b) R-level iteration (¢) 7-level iteration

Figure 2. The frame diagram of our MVCAN. Specifically, (a) MVCAN utilizes the two-level multi-view iterative optimization strategy
to train the model for clustering multi-view data {X"}¥_,, where (b) R-level iteration adjusts T for corresponding to each Y by A"Y
and updates the decoupled model with un-shared network parameters for V' views, to obtain their individual representations {Z“}v 1 and
clustering soft labels {Y?}Y_1; (c) T-level iteration is established to infer the robust learning target T based on the already learned {Z"}}_;
and {Y”}vzl (including the 1terat10ns of scaling matrix W ), scaled representation Z ), and robust soft labels Y (;)). Note: W () plays
the role of scaling the values of different dimensions of Z;), so we name it the scaling matrix. Y ;) finally predicts the clustering results.

In the literature, existing multi-view clustering (MVC) methods could be divided into two groups, i.e., traditional methods
and deep methods. In this paper, we briefly introduce traditional MVC methods and focus on deep MVC methods as follows.

Traditional MVC methods learn the representations of multi-view data for clustering by leveraging the classical machine
learning technologies, such as graph MV C [36, 54, 67], subspace MVC [4, 17, 73], kernel MVC [23, 24, 46], and matrix
factorization MVC [53, 65]. Typically, many traditional MVC methods are limited by their representation capability of shallow
models such that they usually perform clustering tasks with the limited feature forms and data scales [31, 48, 52, 69].
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Table 1. Notations and their descriptions in this paper.

Notations Descriptions
N the number of samples or the data size
v the number of views in the multi-view dataset
K the number of clusters in the multi-view dataset
1,7,k,v,t,e,m* the index notations
X the data for a single-view method, x; € X
Z the learned representation in a single-view method, z, € Z
Y the learned soft labels in a single-view method, y;; € Y
T the learning target, t; € T, ¢;; € T
XV the v-th view’s data for a multi-view method, x} € X"
zv the v-th view’s representations learned by a multi-view method, z} € Z*
YV the v-th view’s soft labels in a multi-view method, y; € Y?, yfj cY"?
XV the v-th view’s reconstructed data for a multi-view method
D, the dimensionality of X¥ and X"
dy the dimensionality of Z"
o the encoder with parameter ® for a single-view method
i the j-th cluster centroid in a single-view method
Eqv the v-th view’s encoder with parameter ®* for a multi-view method
Dy the v-th view’s decoder with parameter ¥* for a multi-view method
i the j-th cluster centroid in the v-th view for a multi-view method
Feo the fusion module F with the parameter ® shared for multiple views
& the v-th view’s clustering module F* with the parameter ®” in MVCAN
D(a,b) the squared Euclidean distance between representations a and b
S(a,b) the similarity between representations a and b
€ a sufficiently small value in Definitions
) a threshold in Theorems
L the ground-truth label matrix
A the matching matrix to calculate the clustering accuracy
Y the transformed prediction label matrix, y; € Y, 9;; € Y
Av the matching matrix in the Condition 2 of MVCAN
LIg, IV the unit matrices
W the scaling matrix in MVCAN, “’E)t) €W
Z the scaled representation in MVCAN, z;(y) € Z)
Y the robust soft labels in MVCAN, y;;»n € Y
Cit) the j-th cluster centroid of Z ) in the ¢-th iteration
LY the representation learning objective of the v-th view in MVCAN
LY the clustering objective of the v-th view in MVCAN
Lk the clustering objective of K-means
LY the loss function to train the deep model of the v-th view in the R-level iteration of MVCAN
A the hyper-parameter to achieve the trade-off between £} and L
Ty the iteration number in the 7 -level iterative optimization
T the iteration number in the R-level iterative optimization
E the number of training epochs
arg max; y;;;) | the final cluster assignment for the i-th sample based on the robust soft label y;;1) € Y 1)

During past years, many deep MVC methods have been proposed [13, 59, 64]. The mainstream techniques used in deep
MVC methods belong to self-supervised learning. Deep autoencoder [2] is the most poplar model used for deep MVC
[20, 59, 60], which conducts data reconstruction processes and can create basic self-supervision signals for unsupervised
clustering tasks. Some deep MVC methods are based on the aforementioned machine learning technologies, such as deep
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subspace MVC [1] and deep graph MVC [7]. These methods usually leverage the representation learning capability of deep
autoencoder networks as well as the data mining capability of traditional technologies. Additionally, many work investigate
various deep learning technologies to develop deep MVC methods. For example, some work [19, 49, 59, 72] combine
GAN [10] with clustering objective for multiple views. Some work [20, 45] introduce the contrastive learning [20, 44] to learn
the consistency of multi-view representations for clustering. Establishing clustering pseudo labels is an important approach to
achieve end-to-end MVC. In research work, one of the most popular learning paradigms in deep MVC is based on the single-
view clustering (SVC) method with self-training, entitled deep embedded clustering (DEC [57]), e.g., [7, 49, 55, 58, 59, 62],
which establishes pseudo labels and then produces self-supervised signals to learn the clustering-oriented representations.
Compared with traditional methods, deep MVC methods usually have superior representation capability and scalability.

In practical multi-view scenarios, sample features extracted from some views could be noisy and might have harmful
information for MVC. Although some efforts take the view quality into account and propose weighting strategies in the fusion
of multiple views [32, 45, 49, 55, 66], the low-quality views could be treated as a special case of noise and both the noisy
views and the low-quality views will make it difficult to uncover the effective cluster patterns for most existing MVC methods.
Because the model network parameters in fusion methods [24, 45, 49, 50, 52, 55, 69, 73] usually are shared for multiple views,
and many methods hope to obtain consistent clustering predictions for different views [31, 32, 42, 53, 60, 62, 66, 68, 72],
the noisy-view drawback (NVD) is easy to make the learning of all views degenerate, and thus losing the useful consistency
and complementarity among multiple views. The work most similar to ours are the precursor deep MVC studies [60, 62],
which construct a consistent self-supervised clustering objective for multiple views and design a weighted concatenation of
multi-view features, respectively. As NVD might cause that MVC is not necessarily better than SVC and limit the application
of MVC methods, it is a meaningful but challenging goal to address the NVD and we require ongoing solutions. In this
paper, we modify the multi-view clustering objective to allow for inconsistent clustering results across different views in
parameter-decoupled models, and propose an iterative approach to learn the robust self-supervised target for addressing NVD.

Appendix B: Theoretical Analysis and Proofs

Definition 1. Denoting D(a,b) = ||a — b||§ as squared Euclidean distance between the representations a and b,

S(a,b) = m S (0, 1]

is defined as the representation similarity between a and b. Formally, y;; € (0, 1] holds given Eq. (1).

Letting pg and py denote the a-th and the b-th cluster centroids in the representation space of Z", z{ € Z", we have
S(z), 1) > S(2}, 1) = yi, > iy and S(z7', 1ug) < Sz, wy) = i, < Yy, because

A A

" = (14 | ue)|3)-!
S A+ |2y — uy]3)
o S(z8,u))
Y S uy)
x S8(z} p.}’).

79

Definition 2. (¢, z, u - Noisy-view) For ¥z € Z7, it belongs to the noisy view if 3uy, uy, and € > 0 such that |D(z}, uy) —
D(zy, wy)| <e Sz}, 1) = S(z),uy), and y}, = y3, where € is a sufficiently small value. Otherwise, z; is the informative
view.

Theorem 1. Denoting Y = LA, where A € {0, 1} K%K makes Y maximally match the learning target T. Then, the

clustering accuracy can be calculated as ACC = & (N — 3|Y = T||3) = 1 — 2 |Y = T||%. In Eq. (3), if © is shared by

multiple views and their soft labels {Y°}Y_, have consistent learning target T, we have

1 V m v v v
ace <1 - g ((ma, 1Y - Fo(Y" U2 IR ) - IT - Fo(¥* (2 Kol ).
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Proof. Motivated by the proof in [32], we first consider the following equation:
IY = Fo(YHZ Vo)lF — IT — Fo (Y HZ" 1) IE
=113~ T3 + | Fo (Y HZ W_y) I3 — 1 Fe (Y HZ W5 — 277 (Y - T) Fo(Y*{Z' 1))
(N = ITJ3) + (1Fe (Y HZ N3 — IFe (Y HZ N )I3) — 277 (Y - T)" Fo(Y*|{Z}_y))
= (N = | T|3) + 27 (T - ¥)" Fo(Y'{Z})))

(N = ITJ3) + 275 (Fo (Y HZ"}_)) (T -Y) "),

where the term of matrix trace could satisfy the inequality:

277 (Fo(Y'[{Z"}}_)) (T - ¥)")
=2 Z yi(tf —37)
=2 Z yitl =yl

=2 ) (i y;‘)ktik> — <§ y&%)

£V

K K
oy (zy;}ktzg (zyy>‘
6y | \k=1 k=1

<2y J1-

ti £V
=2 ) 1

ti £V
=Y - T}

Then, we have

IY = T% > IY - Fo(YHZ H_)IF — IT = Fa(Y'HZ H_)|E — N + I T|%

1<m<V

> (s, 1Y = Fo(YPIZV LI ) 1T~ Fo(X 2V ~ N+ (g T

> (s, 1Y Fo (Y™ (2 VLI ) - IT - Fo(X"1 (20 -

Furthermore, the clustering accuracy becomes
1 1, < 1 -
A =—(N—Z|IY-T|%)|=1- —=|Y -T2
cC =5 (N =3IV =TI}) =1 5oI¥ - T}

1—2}V(< max [V~ Fo(Y" ({27 >|F)—||T—f@<w{zv}¥_1>||%),

which completes this proof. O

A specific example for illustrating Theorem 1. Given the DEC framework as a specific example, we denote Z™ and
Z", respectively, as the representations of the informative view and the noisy/low-quality view. The shared parameters are
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the K cluster centroids U = [u;, U, ..., Ux], Which are the common cluster centroids for the all views’ representations.
Based on Z™ and U as formulated in Eq. (1), the informative view’s representation Z"* has clear cluster structures and thus its
clustering loss L7 is easy to minimize. However, based on Z™ and the same U as formulated in Eq. (1), the noisy/low-quality
view’s representation Z™ has unclear cluster structures and thus its clustering loss £ is hard to minimize. On the one hand,
since the training objectives of multiple views have the same learning target T, the large £ will dominate the small £ if
their optimizations are not decoupled. On the other hand, the minimization of the noisy view’s clustering loss £ will change
the shared K cluster centroids U, causing that U is not suitable for the informative view’s representations Z™. As a result, the
NVD of low-quality or noisy views destroys the method’s robustness.

Theorem 2. Denoting Lx as the K-means objective, Li (Z ) is equivalent to punishing different scaling factors on

{Lk(Z¥)}Y_, under the consistency constraint of multiple views’ cluster centroids.

Proof. For clarity, we may omit the iteration symbol () of Z;), W), and c;y) in next proofs. Then, the K-means objective
on Z (i.e., Z)) can be formulated as:

N K
Lk(Z) ZHSHZ > iz — ¢l

i=1 j=1
N K V
:Inivnzzz Hw”z}’ — w”p;?Hz,s.t. cj = [p} p? e !J«;/] w
M5 o1 =1 =1
v N K
:z:(w”)2 mivnzz ||z:’ - u;?H;,s.t. c; = [ujl u? HY] w
v=1 A
v
:Z(w”)QﬁK(Z”),s.t. c;=[u w5 ... uw]wW,

Il
—

v

where c; and u} denote the j-th cluster centroid of Z and Z”, respectively. First, we can find that (w")?Lx (Z") punishes
different scaling factors on different views. Second, if the K-means objective is conducted on Z" individually, the obtained
cluster centroids for the same cluster of two views might have different samples, e.g., uf = >, . z7/|Q%| and p? =
>icar 22 /|02 where Q@ # Q. However, the constraint condition ¢; = [u} u3 ... )| W makes Q% = Q" = Q°
such that wuy = 37, g0 w2 /|Q%), wPub = Y g wb2l/|Q°), and ¢; = 3, cq. 2i/|Q°] for Va,b € {1,2,...,V}.
Therefore, the constraint condition could be treated as the consistency constraint of multiple views’ cluster centroids, which
guarantees that the cluster centroids c;, u;, u?, R p}/ are obtained from the consistent samples among multiple views. [

Theorem 3. (Consistency) If a sample representation is informative in multiple views and has the same cluster assignments in
these views, its cluster assignment in Y(t) is the same as that in these views.

Proof. For clarity, we take two views as example, z; = [wlzi1 wQZ?] € Zandweletc; = [wl u} w? uﬂ denote the ideal

cluster centroid in the scaled representation space of Z, where u; and pjz are the cluster centroids in the 1-st view and the 2-nd
view of the j-th cluster, respectively. For any two clusters, e.g., ¢; and co, we have

Dlawser) = |[w'al wial] - [} wil]|:
= [w'al —wul]f; + [lu?z} — w?ui;
= ) o} = willy + )2 || — wd]l;
= (w')*D(z;, uy) + (w?)*D(z], u).
Similarly, D(z;, c2) = (w')?*D(z;, u3) + (w?)?*D(z?, u3). Furthermore, we have
D(zi,¢1) — D(zi, c2) = (w')*D(z, ui) + (w?)*D(27, ui) — (w')*D(zi, u3) — (w?)*D(2, u3)
= (w')? (D(z;, 11) — D(z;, 13)) + (w?)* (D(27, ui) — D(2},13)) -
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If yl, > yl, and y% > y32,, the sample is informative in both views and has the same cluster assignment, i.e., D(z}, ul) <

D(z}, u}) and D(z2, u?) < D(z2, u3). Then, the following inequality holds:
D(Ziﬂ Cl) - D(zi7 02) = (wl)Q (D(Z117 ui) - 'D(Z}, u%)) + (w2)2 ('D(Z?, ”%) - 'D(Z?, H%)) <0,

which indicates that y;; > ;. Similarly, if y}; < y) and y3 < y5, we have D(z},ul) > D(z},ud), D(z?, ) >
D(z?,u3), and D(z;,¢1) — D(zi,ca) > 0 which indicates that y;; < y;2. As a result, the sample has the same cluster
assignment in Y 4 as that in the informative views, i.e., Y' and Y2 O

Theorem 4. (Complementarity) If a sample representation is informative in multiple views where it has different cluster
assignments, we have two cases according to the differences of similarity among the clusters.
Case 1: if the differences of similarity among the clusters are equal, its cluster assignment in'Y (y) is the same as that in the
informative view with the largest scaling factor.
Case 2: if the differences of similarity among the clusters are not equal, its cluster assignment in 'Y () is more likely to be the
same as that in the informative view with the largest scaling factor.
Proof. Letting AV = |D(z?, uy) — D(z?, uy)|, and I'V = |S(z7, uy) — S(z¥, uy)| denote the difference of similarity, we
have Al = A? = |8(zzl7 Hl) - S(Z%, H§)| = |S(Z%, ”%) - S(Z?, p%)l

Case 1: if (D(z},nl) — D(z}, wd))(D(z7, u3) — D(z7,u3)) < 0 and A' = A2, the sample is informative in both views
but it has different cluster assignments (i.e., arg max; y,; # arg max; y7;), and the differences of similarity are equal I'" = T'2.
In this case, we obtain a boundary condition:

ID(Z}’ u%) - 'D(le, u%) = D(Z?> ”%) - D(Z127 Mf),
and thus D(z;, ¢1) — D(z;, c2) in Theorem 3 becomes

D<Zi’ Cl) - D(Ziv c2) = (w1)2 (D(Z117 U%) - D(Zz‘lv H%)) + (w2)2 ('D(Z?, }J%) - 'D(Z?, Hg))
(wh)? = (w*)*)(D(2}, 11) — D(z;, 13))-

If w! > w2, we further have
yill > y1'12 = D(Z%, H%) < D(Zzlv H%)
= D(zi,cl) < 'D(Zi,Cg)
= Yi1 > Y2

and yil1 < yilz = Yi1 < Yi2-
If w! < w?, we similarly have
2 2 D(z2. u? D(z2. u?
Uil > Yio = (zl i ul) < (Zz ’ H'Q)
= D(z;, 1) > D(z;, 1)
= D(z;,¢1) < D(zi,c2)
= Yi1 > Yi2

and y3 < y% = yi1 < Yi2. = holds because (D(z}, ui) — D(z}, ud))(D(22, u?) — D(z?, u3)) < 0. In conclusion, the
sample has the same cluster assignment in Y () as that the view with the largest scaling factor.

Case 2: if (D(z},nl) — D(z}, Wd))(D(2?, u3) — D(z7,u3)) < 0 and A’ # A2, the sample is informative in both views
but it has different cluster assignments (i.e., arg max; yilj # arg max; yfj), and the differences of similarity are not equal
It #£12

In this case, if y}; < y) and y3 > y%, i.e., D(z;, ui) > D(z}, ud) and D(z?, u?) < D(z?, u3), there is a threshold § as
D(z;, u1) # D(z;, u3) and D(z7, ui) # D(z7, u3):

A? _ D(z} u3) - D(z,u7)

"= AT Dlal,ul) - Dol ub)
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When w! is large so that % > §, we have

(w!)? | Dls?, ) D2, )
(2~ Dla. uf) — Dlal, i)

:>(’LU1)2 (D(zzv !J%) - D ZZ ) "12)) + (D(Zz27 u%) - D(Z?7 H%)) >0
:>D(Z7;7C1) — 'D(Zi, CQ) >0
=Yi1 < Yi2,

which indicates y}l < Yk = yi1 < Yia, i.e., the sample has the same cluster assignment in Y (1) as that in the view with the

scaling factor w!

When w? is large so that E )2 < 6§, we have

Houp) — Dz

=Yi1 > Yi2,

which indicates y% > y% = yi1 > Yi2, i.e., the sample has the same cluster assignment in Y (1) as that in the view with the
scaling factor w?.

Similarly, if v}, > yk and y2 < y%, i.e., D(z}, ul) < D(z}, ul) and D(z2, u?) > D(z2, u3), we have the same conclusions.
Therefore, if we put a large scaling factor on the v-th view, the sample is more likely to be have the same cluster assignment as
that in the v-th view. O

Theorem 5. (Complementarity & Noise robustness)

Case 1: if a sample representation is informative in some views and is noisy in other views, its cluster assignment in 'Y () is
the same as that in the informative views.

Case 2: if a sample representation is noisy in all views, its cluster assignment in Y (yy is the same as the common cluster
assignments existing in these views.

Proof. Case 1: if a sample is informative in some views and is noisy in other views, we can treat all noisy views as one noisy

view and all informative views as one informative View e.g.,

1

z; = [w'zf w"z] denotes the noisy view and z7 = [w°z w’z!| denotes the informative view, where z{ and z? are

noisy while z¢ and z{ are informative. Letting w¥ = 1 in Theorem 3, D(z;, ¢1) — D(z;, c2) becomes
D(zi,c1) — D(z;,¢2) = ’D(z%, p'}l) + D(Z?, ’J%) - D(z%, u%) - D(z?, ug)

If |D(z}, ui) — D(z}, ul)| < e and D(z?, u3) # D(z?, u3), i.e., the sample is noisy in the 1-st view but informative in the
2-nd view. As ¢ is a sufficiently small value, we have

D(zi’ cl) - D(Ziv CQ) ~ D(Z?, ”'%) - 'D(Z?, H%)
According to the definitions, we obtain the conclusion:

v >y = D(z;,13) < D(z], 13)
= D(zi,cl) < D(Zi,CQ)
= S(zi,cl) > S(ZZ‘,CQ)
= Yi1 > Yi2

and y? < y% = vi1 < ys2, which indicates that the sample has the same cluster assignment in Y ;) as that in Y? of the
informative views.
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Similarly, if D(z}, u1) # D(z}, u3) and |D(2z7, u?) — D(2?, u3)| < &, the sample has the same cluster assignment in Y (4
as that in Y of the informative views.

Case 2: For any three clusters, e.g., ti, u3, and p} in the 1-st view, u2, u3, and u3 in the 2-nd view, if a sample is noisy in
all views, there is no harm in supposing that D(z}, ui) ~ D(z}, ul) < D(z}, ui) and D(z2, u?) > D(z?, u3) ~ D(z?, u3),
e, yh ~ yh > yls and y3 < y% =~ yZ%. In this situation, the sample is noisy in two views and the common cluster
assignments are y, and y2, for these two views.

First, we can consider this situation D(z}, ui) ~ D(z}, ui) and D(z?, u?) > D(z?, u3). According to Theorem 3, we
have

D(Zia Cl) - D(Zi7 CQ) = (w1)2 (D(Zzlv u%) - D(Zi17 u%)) + (w2)2 (D(Z?a H%) - D(Z?, p%))
(w2)2 ('D(Z?, H?) - D(z127 u%)) > 07

Q

which indicates that y;1 < y;2.
Then, we can consider this situation D(z}, u) < D(z}, u}) and D(z?, u3) ~ D(z?, u3). According to Theorem 3, we
have
D(Zia 02) - D(zi7 CB) = (w1)2 (D(Zzlv u%) - D(Zzlv u'fli)) + (w2)2 (D(Z?a ”’3) - D(va u%))

(w')? (D(=;, u2) = D(z;, 13)) <0,

Q

which indicates that y;5 > ;3.

Therefore, y}; &~ Yyl > yis, v2 < Y% ~ Y% = Yio > Vi1, Yia > Yi3. Although the sample is noisy in the two views, the
scaled representation z; is informative and its cluster assignment in Y ;) is consistent with vl € Y! and y% € Y2 Indeed,
y} and y% commonly denote the 2-nd cluster, and they are defined as the common cluster assignments existing in these two
views. O

The proofs in the above theorems can be easily extended to the situation of multiple views.

Complexity analysis. In 7 -level iteration, K-means will be adopted to calculate the cluster centroids for Z) €
RN*XU-1 40 which has the complexity of O(NK 21‘;/:1 dy). Egs. (2, 6, 7, and 8) only involve the computation pro-
cess with the complexity of O(N ). In R-level iteration, mina v | TA” — Y?||% needs the computation of Hungarian algorithm
with the complexity of O(K?3). The loss function of Eq. (11) of all views is with the complexity of O(N 21‘1;1 d, + VNK).

Both 7- and R-level iterations can converge, and the total complexity is O(E /T (T, (N K Z}J/:l d,) + VK3 +VNK)) with
respect to iterations 77 and 75, epoch F, and data size N. The complexity to train deep autoencoders is also linear to N.

Appendix C: Setting Details and More Experimental Results

Table 2. Information of datasets

Name |4 N K Features
BDGP 2 2,500 5 1750/79
DIGIT 2 5,000 10 (32x32x1) x 2
COIL 3 720 10 (32x32x1) x 3
Amazon 3 4,790 10 (32%x32x3) x 3
NoisyBDGP 3 2,500 5 1750/79/10
NoisyDIGIT 3 5,000 10 (32x32x1) x 3
NoisyCOIL 4 720 10 (32x32x1) x 4
NoisyAmazon 4 4,790 10 (32x32x3) x 4
DHA 2 483 23 110/6144
RGB-D 2 1,449 13 2048/300
Caltech 6 1,400 7 48/40/254/1984/512/928
YoutubeVideo 3 101,499 31 512/647/838

Datasets. Our experiments are conducted on 8 public datasets including 4 noise-simulated ones, as listed in Table 2.

Firstly, four normal datasets include BDGP [3], DIGIT [36], COIL [29], and Amazon [40]. Different views of these datasets
often are informative views that have consistent semantic category information, and thus their hidden cluster structures are
relatively easy to be discovered. Concretely, BDGP is a drosophila embryos dataset where each sample contains a visual
view and a textual view. DIGIT (i.e., MNIST-USPS [36]) is a dataset of handwritten arabic numbers in which each sample
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has two views (paired by two digits with the same label) coming from MNIST and USPS, respectively. COIL and Amazon
(i.e., Multi-COIL-10 and Multi-Amazon [61]) are also two artificially constructed multi-view datasets, which are formed
by following the manner of constructing MNIST-USPS [36]. COIL is a multi-view dataset and the multiple views of one
object are captured by the cameras from different visual angles. Amazon consists of the commodity images, such as bicycles,
bags, and earphones, where the raw samples are single-view RGB images and their augmented data are obtained by rotation,
horizontal flip, and color filter to further construct the multi-view dataset.

Secondly, we construct 4 noise-simulated datasets (namely NoisyBDGP, NoisyDIGIT, NoisyCOIL, and NoisyAmazon) on
the four normal datasets to test the noise robustness of methods in extreme scenarios. These datasets have both informative
views and noisy views, which is helpful to understand the stability of comparison methods under extreme noise interference.
For each dataset, we randomly sample noise to build an additional view and obtain NoisyBDGP, NoisyDIGIT, NoisyCOIL,
and NoisyAmazon, respectively. To reduce the computational burden, all image samples are scaled to 32 x 32 x 1 (DIGIT,
COIL, NoisyDIGIT, and NoisyCOIL) or 32 x 32 x 3 (Amazon and NoisyAmazon) pixels.

Thirdly, we also conduct experiments on four real-world datasets including DHA [21], RGB-D [72], Caltech [8], and
YoutubeVideo [28]. These datasets usually have non-negligible noisy views that is from real-world multi-view environments,
so that it is relatively difficult to explore their hidden cluster information. Specifically, DHA is a multimodal dataset that
leverages RGB and depth features to capture human actions. RGB-D contains different indoor scenes described by image
features and textual descriptions. Caltech is a popular multi-view datasets which has six views (Gabor, WM, CENTRIST,
HOG, GIST, and LBP) to represent image samples. YoutubeVideo is a large-scale dataset containing video contents with
cuboids histogram, HOG, and MISC features.

Implementation. For a fair comparison, we adopt the same network structures to implement the models for all deep MVC
methods like previous work [11, 57, 58]. Concretely, for the vector input (BDGP, NoisyBDGP, DHA, RGB-D, Caltech, and
YoutubeVideo), the autoencoder adopts the fully connected network with the architecture of X¥ — 500 — 500 — 2000 — Z¥ —
2000 — 500 — 500 — X" For the image input (DIGIT, COIL, Amazon, NoisyDIGIT, NoisyCOIL, and NoisyAmazon), the
autoencoder adopts the convolutional neural network whose architecture is X" — 32 — 64 — 64 — Z¥ — 64 — 32 — 32 — X
with the kernel size of 4 X 4, the stride of 2, and the padding of 1. The activation function in networks is ReL.U [9]. For
the proposed MVCAN, the dimensionality of all {Z"}"_, is set to 10. Adam [16] with a learning rate of 0.0001 is adopted
for mini-batch optimization with the batch size of 256. To make the optimization of multiple views be away from mutual
interference, the deep model structure achieves the decoupling of network parameters for multiple views and we respectively
construct V' decoupled Adam optimizers for V' different views. In T -level iterative optimization, 77 = 2. In R-level iterative
optimization, 75 = 100. MVCAN is implemented by PyTorch [35], and more implementation details can be found in our
code (https://github.com/SubmissionsIn/MVCAN) together with datasets and trained models. To implement the
clustering and representation learning optimization objectives of MVCAN, we adopt the mean squared error (MSE) in PyTorch
to compute the optimization loss of £ and L.

For the comparison methods, we tune the parameters for all baselines as suggested in their published work. Specially, since
the original DMJC [58] conducts the single-view image clustering by exploring multiple views from the same samples, we
adopt the proposed variant of DMJC-T and the multi-view data replaces the input of the single-view data in experiments.
For the incomplete multi-view clustering methods (i.e., DIMC-net [55], GP-MVC [49], DIMVC [60], DSIMVC [43], and
CPSPAN [15]), their missing rates are set to 0. All experiments are run on a same device with NVIDIA GeForce RTX 3090
GPUs (24.0GB caches) and 11th Gen Intel(R) Core(TM) i5-11600KF @ 3.90GHz (64.0GB RAM).

More experimental results. We provide more experimental results which can not be shown in the paper due to its space
limitation. The clustering effectiveness is evaluated by three widely used metrics, i.e., clustering accuracy (ACC), normalized
mutual information (NMI), and adjusted rand index (ARI).

Table 3. Importance of two conditions in clustering objective on four normal datasets.

Conditions BDGP DIGIT COIL Amazon

Ok AY ACC NMI ARI ACC NMI ARI ACC NMI ARI ACC NMI ARI
(6] v 0.973 0.921 0.935 0.986 0.980 0.982 0.942 0.924 0.886 0.795 0.810 0.714
(ii) v 0.660 0.477 0.451 0.840 0.735 0.690 0.913 0.868 0.825 0.685 0.696 0.536
(iii) v v 0.984 0.953 0.961 0.995 0.988 0.989 0.996 0.991 0.990 0.826 0.867 0.779
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Table 4. Importance of two conditions in clustering objective on four noise-simulated datasets.

Conditions NoisyBDGP NoisyDIGIT NoisyCOIL NoisyAmazon
(SN A’ ACC NMI ARI ACC NMI ARI ACC NMI ARI ACC NMI ARI
(i) v 0.977 0.946 0.949 0.902 0.933 0.884 0.890 0.912 0.851 0.667 0.747 0.621
(ii) v 0.602 0.339 0.305 0.611 0.599 0.436 0.806 0.832 0.719 0.523 0.514 0.390
(iii) v v 0.980 0.951 0.957 0.990 0.984 0.986 0.992 0.988 0.987 0.728 0.732 0.614
Table 5. Importance of two loss components in optimization on four normal datasets.
Components BDGP DIGIT COIL Amazon
L7 LY ACC NMI ARI ACC NMI ARI ACC NMI ARI ACC NMI ARI
(a) 0.643 0.522 0.245 0.768 0.723 0.635 0.839 0.927 0.838 0.441 0.373 0.268
(b) v 0.948 0.842 0.874 0.787 0.747 0.658 0.826 0.888 0.787 0.498 0.452 0.322
(c) v 0.798 0.709 0.656 0.870 0.943 0.867 0.876 0.957 0.876 0.724 0.817 0.678
(d) v v 0.984 0.953 0.961 0.995 0.988 0.989 0.996 0.991 0.990 0.826 0.867 0.779
Table 6. Importance of two loss components in optimization on four noise-simulated datasets.
Components NoisyBDGP NoisyDIGIT NoisyCOIL NoisyAmazon
L7 Ly ACC NMI ARI ACC NMI ARI ACC NMI ARI ACC NMI ARI
(a) 0.499 0.315 0.253 0.741 0.705 0.611 0.828 0.875 0.785 0.432 0.371 0.269
(b) v 0.944 0.839 0.864 0.769 0.748 0.651 0.813 0.867 0.780 0.487 0.455 0.341
(c) v 0.726 0.574 0.381 0.591 0.702 0.504 0.686 0.782 0.612 0.423 0.423 0.258
(d) v v 0.980 0.951 0.957 0.990 0.984 0.986 0.992 0.988 0.987 0.728 0.732 0.614
(a) ACCvs. Ty (b) NMI ws. T1 (c) ARI vs. Ty
(d) ACC vs. Ty (e) NMI vs. T> (f) ARI vs. Ta

Figure 3. Different training iterations in 7 -level (a-c) and R-level (d-f) of the proposed two-level multi-view iterative optimization.
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Figure 5. Clustering effectiveness vs. A on four normal datasets and on four noise-simulated datasets.
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Figure 6. Visualization of the representations learned with different prior knowledge of cluster numbers on four normal and four noise-
simulated datasets. BDGP (a-c), DIGIT (d-f), COIL (g-i), Amazon (j-1), NoisyBDGP (m-o0), NoisyDIGIT (p-r), NoisyCOIL (s-u),
NoisyAmazon (v-x).
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