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Abstract

Multi-view clustering has been shown to boost cluster-
ing performance by effectively mining the complementary
information from multiple views. However, we observe that
learning from data with more views is not guaranteed to
achieve better clustering performance than from data with
fewer views. To address this issue, we propose a general
deep learning based framework that is guaranteed to re-
duce the risk of performance degradation caused by view
increase. Concretely, the model is trained to simultaneously
extract complementary information and discard the mean-
ingless noise by automatically selecting features. These
two learning procedures are incorporated into one unified
framework by the proposed optimization objective. In the-
ory, the empirical clustering risk of the model is no higher
than learning from data before the view increase and data
of the new increased single view. Also, the expected clus-
tering risk of the model under divergence-based loss is no
higher than that with high probability. Comprehensive ex-
periments on benchmark datasets demonstrate the effective-
ness and superiority of the proposed framework in achiev-
ing safe multi-view clustering.

1. Introduction

Multi-view data, which contains data collected from dif-
ferent sources, exists widely in real-world application sce-
narios. For example, video can be represented by audible
and visual information, and images can be characterized
by different descriptors. As an important topic in multi-
view learning, multi-view clustering (MVC) aims to par-
tition similar instances into the same group and dissimilar
instances into different groups by utilizing the complemen-
tary information in multi-view data [35, 46]. Through the
well-designed learning mechanism, multi-view clustering
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can fully discover the potential structure hidden in multi-
view data and achieve better clustering performance.

Figure 1. Clustering performance degradation phenomenon.

However, in real-world scenarios, multi-view data are
collected and constructed dynamically, which leads to an in-
creasing number of views. For instance, a new view will be
added to the original multi-view dataset after a new descrip-
tion is proposed. Thus, a natural problem is, will the clus-
tering performance of the multi-view model degrade when
the number of views increases? Intuitively, data of the in-
creased view contain both semantic features and meaning-
less noise. The former can provide complementary infor-
mation that is beneficial for improving clustering perfor-
mance. The latter, however, may bring the risk of clustering
performance degradation. That is, more views do not nec-
essarily guarantee to promote the clustering performance.
Sometimes, on the contrary, conducting clustering on the
dataset with more views may obtain worse results than that
with fewer views. This performance degradation caused by
view increase is observed in our experiments. As shown in
Figure 1, the clustering performance of some MVC meth-
ods degenerates when the number of views increases, which
verifies the fact that conducting clustering on datasets with
more views will not always be better. Besides, single-view
can be regarded as a special variant of multi-view. Thus, any
multi-view model can be directly applied to obtain a single-
view result on data of the new increased view. This result
may perform better than the multi-view model, which has
been verified and discussed in [34]. Therefore, how to re-
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the new increased view xp contains more noise than use-
ful complementary information. Thus the proposed frame-
work should discard the new increased view to eliminate
its negative impact on the cluster performance. Besides,
when λ1 = 1, our proposed framework happens to be the
single-view variant. Under this situation, the new increased
view contains more useful complementary information than
noise. Thus, directly conducting clustering on the new in-
creased view may achieve better performance. Further, we
analyze the empirical risk of the proposed framework and
obtain the following theorem.

Theorem 1. Let the empirical clustering risk of the model
learning from data of the new increased view be

L̂p
n =

1

n

n∑
i=1

L(C(Fp(x
p
i ))). (3)

The empirical clustering loss of the model learning from
data before view increase is denoted as

L̂{1,··· ,p−1}
n =

1

n

n∑
i=1

L(C(F{1,··· ,p−1}({xv
i }p−1

v=1))). (4)

Let L̂∗
n be the optimal value of the optimization prob-

lem in Eq. (2). We can prove that L̂∗
n is no higher

than the minimum of L̂{1,··· ,p−1}
n and L̂p

n, namely, L̂∗
n ≤

min{L̂{1,··· ,p−1}
n , L̂p

n}.

Proofs of theorems in this paper are provided in the ap-
pendix due to the space limit. Theorem 1 shows that our
framework can achieve empirical safe multi-view cluster-
ing, i.e., Definition 2. That is, the empirical risk of the
multi-view model trained by the proposed framework is no
higher than that of the model learning from data before view
increase and data of the increased view.

3.4. Divergence-based Safe Multi-view Clustering

In Section 3.3, we propose a general framework for deep
learning clustering method to achieve multi-view safeness,
which can be extended to any deep learning based cluster-
ing methods by replacing {Fp,F{1,··· ,p−1},F{1,··· ,p}, C}
and L with specific deep neural network and cluster-
ing loss. To verify the effectiveness of our frame-
work, we set the clustering loss L to the widely used
divergence-based loss [12, 35, 46]. Besides, the architec-
ture of {Fp,F{1,··· ,p−1},F{1,··· ,p}, C} are set to the version
adopted in [35, 46]. In this architecture, the output of safe
module (i.e., Eq. (1)) is fed to a fully connected layer to ob-
tain hidden features h(p). Then the cluster assignments y(p)

are obtained from the hidden features by another fully con-
nected layer and a Softmax layer. In this way, we can obtain
an example of the proposed framework named Deep Safe
Multi-view Clustering (DSMVC). According to Eq. (2), the

objective of the proposed DSMVC can be formulated as

min
λ∈Λ

{
min
θ∈Θ

L(λ,θ)

}
, (5)

with

L(λ,θ) = 1(
K
2

) K−1∑
l=1

∑
s>l

Y
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(p)
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n
2
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∑
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2
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D
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(6)
Y(p) ∈ Rn×K represents the partition matrix, Y(p)

i,: = y
(p)
i .

K(p) ∈ Rn×n is the Gaussian kernel matrix, K
(p)
ij =

exp(∥h(p)
i − h

(p)
j ∥22/(2σ2)). D(p) ∈ Rn×K represents the

similarity matrix between the cluster assignments and the
standard simplex ej ∈ RK , i.e., D

(p)
ij = exp(∥y(p)

i −
ej∥22). The first term in Eq. (6) aims to make the clus-
ter assignments belong to one cluster more compact and
that belong to different clusters more separable. The sec-
ond and the third term are optimized to make the pre-
dictions to be orthogonal and close to the standard sim-
plex. The overall learning procedure is summarized as fol-
lows. First, the features from data before and after view
increase are obtained from F{1,··· ,p−1} and F{1,··· ,p}. The
features from the new increased view are obtained from
Fp. Then the hidden features are computed by Eq. (1),
i.e., hp = S({xv}pv=1; {F}p), and the objective L(λ,θ)
is calculated by Eq. (6). Second, for a specific value λ,
the optimal solution of the inner subproblem is obtained by
θ∗(λ) = argminθ∈Θ L(λ,θ) via gradient descent. Third,
the optimal solution of the outer subproblem is obtained by
λ∗ = argminλ∈Λ L(λ,θ∗(λ)) via gradient descent. The
aforementioned process is repeated until convergence. On
the one hand, for a group of given safe coefficients λ, the
optimization can be regarded as a vanilla deep multi-view
clustering process where the model is trained to extract
complementary information from multi-view data. On the
other hand, the safe coefficients are optimized to make the
model automatically select proper features from the feature
extractors. Thus, this optimization problem can make the
model extract complementary information and discard the
meaningless noise by automatically selecting features.

3.5. Theoretical Analysis

Recent work in [27] has made significant breakthrough
in deriving sharper generalization bound for kernel and ap-
proximate k-means. In [18], a unified theoretical frame-
work for analyzing the generalization of clustering is pro-
posed. In this part, we study the generalization bound of the
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proposed DSMVC method. Let S : X 2 7→ R+ be a sim-
ilarity function which maps a given instance pair into spe-
cific similarity. H = [H1,2, · · · , HK−1,K , H1, · · · , HK ]
denotes a collection of partition functions Hl,s : X 2 7→ R+

for l = 1, . . . ,K− 1, s = l+1, . . . ,K and Hl : X 2 7→ R+

for l = 1, . . . ,K that partitions given instance pairs into
disjoint clusters. Then the criterion of the divergence-based
clustering framework can be formulated as

L̂n(S,H) =
1

n2
(
K
2

) K−1∑
l=1

K∑
s=l+1

n∑
i,j=1

S(xi,xj)Hl,s(xi,xj)

+
1

2
(
n
2

) K∑
l=1

n∑
i,j,i ̸=j

Hl(xi,xj).

(7)

To simplify the notation, S(xi,xj)Hl,s(xi,xj) and
Hl(xi,xj) are denoted as gS,Hl,s

(x,x′) and gHl
(x,x′), re-

spectively. Let gS,H denote the vector-valued function, i.e.,
gS,H := (gS,H1,2

, · · · , gS,HK−1,K
, gH1

, · · · , gHK
). Then

the expectation of Eq. (7) is defined as

L(gS,H) =E

[
1(
K
2

) K−1∑
l=1

K∑
s=l+1

gS,Hl,s(x,x
′)

]

+ E

[
K∑
l=1

gHl(x,x
′)

]
,

(8)

where {x,x′} is an instance pair sampled from µ. The fam-
ily of gκ,h is denoted as

G := {gS,H |gS,H(x,x′),∀ x,x′ ∈ X}. (9)

To derive the generation bound, we introduce the following
assumptions.

Assumption 1. Assume that S, Hl,s for l = 1, . . . ,K −
1, s = l+1, . . . ,K and Hl for l = 1, . . . ,K are symmetry,
namely, S(x,x′) = S(x′,x), Hl,s(x,x

′) = Hl,s(x
′,x),

and Hl(x,x
′) = Hl(x

′,x) hold for all instance pairs
(x,x′) ∈ X 2. Also, we assume that the hypothesis functions
gS,Hl,s

(·, ·) ∈ [0,M ] for l = 1, . . . ,K−1, s = l+1, . . . ,K
and gHl

(·, ·) ∈ [0,M ] for l = 1, . . . ,K where M > 0 is a
constant.

Remark 1. In the appendix, we show that the loss func-
tion in Eq. (6) is an example of the clustering framework in
Eq. (7). Also, it is verified that hypothesis functions corre-
sponding to this loss satisfy Assumption 1.

It is worth noting that under this clustering framework, the
criterion is calculated on a pair of instances, which leads
to an independent degree of order O(n2). Therefore, di-
rectly analyzing the generalization bound via Rademacher
complexity is infeasible. To addressed this issue, inspired
by [3, 4, 18], the non i.i.d. summation form is transformed
into a i.i.d. summation form by utilizing the permutations in

U -process. In this way, the generalization of the proposed
deep safe multi-view clustering framework can be derived.
Let Lp and L{1,··· ,p−1} be the expectation of Eq. (3) and
Eq. (4), respectively. The expectation of Eq. (6) is denoted
as L. Based on Theorem 1 and Assumption 1, we obtain the
following theorem.

Theorem 2. For any 0 < δ < 1, the following inequality
holds with at least probability 1− δ:

L+ ϵ ≤ min{L{1,··· ,p−1},Lp}+ c1√
n
+ c2

√
log 2

δ

2n
, (10)

where c1 and c2 are constants dependent on K and M . ϵ is
formulated as ϵ := min{L̂p

n, L̂
{1,··· ,p−1}
n } − L̂∗

n.

We define δn as δn = c1/
√
n + c2/

√
log(2/δ)/2n. One

can see that limn→+∞ δn = 0 holds. According to Theo-
rem 1, ϵ ≥ 0 holds. Also, ϵ is a constant on a given dataset
D. Therefore, Theorem 2 shows that, with high probabil-
ity, the expected clustering risk of the proposed model is
bounded by the sample-dependent complexity terms and the
minimum value between the expected clustering risk of the
multi-view model learning from data before view increase
and data of the new increased view. That is, there exists a
constant ϵ such that the expected clustering risk of the pro-
posed DSMVC is at least ϵ lower than that of the model
learning from data before view increase and data of the in-
creased view with high probability 1 − δ. To summarize,
the proposed DSMVC is theoretically guaranteed to achieve
safe multi-view clustering in terms of both empirical and
expected clustering risks, which could be the best result to
achieve multi-view safeness under the case that all ground-
truth labels are not available.

4. Experiments
4.1. Experimental Setup

Datasets. The experiments are conducted on several bench-
mark multi-view datasets. Digit [5] consists of 2,000 in-
stances and each data point is represented by six features,
including profile correlations, Fourier coefficients of the
character shapes, Karhunen-Love coefficients, morphologi-
cal features, pixel averages in 2 × 3 windows, and Zernike
moments. Caltech [7] is consist of five features from RGB
image, including WM, CENTRIST, LBP, GIST, and HOG.
We select 1,400 instances from 7 classes and construct a
multi-view dataset. VOC (PASCAL VOC 2007) [6] contains
9,963 image-text pairs from 20 different categories. Fol-
lowing [35, 46], 5,649 instances are selected to construct a
two-view dataset, where the first and the second view is 512
Gist features and 399 word frequency count of the instance
respectively. RGB-D (SentencesNYUv2) [14] is an indoor
scenes image-text dataset where the image is described by
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(a) Epoch 0 (b) Epoch 40 (c) Epoch 80 (d) Epoch 120

Figure 5. t-SNE visualization of the hidden features on Multi-MNIST dataset with increasing training epochs.

Components Metrics
Fp F{1,··· ,p−1} F{1,··· ,p} ACC NMI Purity
✓ 0.871 0.774 0.871

✓ 0.767 0.724 0.784
✓ 0.841 0.741 0.841

✓ ✓ 0.889 0.803 0.889
✓ ✓ 0.731 0.675 0.742

✓ ✓ 0.901 0.830 0.901
✓ ✓ ✓ 0.919 0.847 0.919

Table 5. Ablation study on Caltech. “✓” in the table represents
DSMVC with the corresponding component.

Safe coefficients analysis. We then investigate the safe
coefficients (i.e., λ1, λ2, and λ3) learned by the proposed
DSMVC, whose values are presented in Figure 3. It can be
seen that the proposed DSMVC can learn a group of non-
sparse safe coefficients on all datasets. As discussed in Sec-
tion 3.3, a group of sparse safe coefficients means that the
model degenerates to the single-view variant (i.e., DSMVC
(single)) or the vanilla variant (i.e., DSMVC (vanilla)).
Note that the learned safe coefficients are the optimal so-
lution of the outer subproblem according to Eq. (2). Based
on Theorem 2, a group of non-sparse safe coefficients cor-
responds to the case that the expected clustering risk of
DSMVC is lower than that of the single view variant and
the vanilla variant with high probability. Indeed, the ob-
servations on all datasets show that DSMVC does perform
better, which demonstrates that DSMVC enjoys consistency
between theoretical and experimental results.
Ablation study. In this part, we design an ablation study to
demonstrate the superiority of the proposed safe multi-view
mechanism. As mentioned in Section 3.3, the proposed
deep safe multi-view clustering framework contains three
feature extractors, including a single-view extractor which
receives data of the new increased view and two multi-view
feature extractors which receive data before and after view
increase respectively. Thus, there are seven combinations
between these three feature extractors and the cluster as-
signment module. We experimentally evaluate these com-
binations on Caltech with all the views, i.e., Caltech-5V

dataset. As shown in Table 5, the proposed DSMVC out-
performs all other combinations, which indicates that each
component in the proposed framework is contributed to the
clustering performance.

5. Conclusion
In this work, we propose a deep learning based frame-

work to achieve multi-view safeness under the case where
views dynamically increase. By the proposed optimization
problem, our framework can extract complementary infor-
mation and discard the meaningless noise. In theory, the
empirical clustering risk of the proposed DSMVC is no
higher than learning from data before the view increased
and data of the new increased view. And the expected clus-
tering risk of the proposed DSMVC is no higher than that
with high probability. Comprehensive experiments demon-
strate the effectiveness of the proposed method in reducing
the risk of clustering performance degradation caused by
view increase. We believe that our work will bring more in-
sights in improving the robustness of multi-view clustering
on real-world scenarios. The main limitation of this work
is that the performance of the trained models may be af-
fected by the limited optimization skills. Future work may
focus on designing more effective optimization approaches
and extending the proposed framework to scenarios where
data with missing views.
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