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ABSTRACT
Most clustering algorithms produce a single clustering solution.
Similarly, feature selection for clustering tries to find one feature
subset where one interesting clustering solution resides. However,
a single data set may be multi-faceted and can be grouped and in-
terpreted in many different ways, especially for high dimensional
data, where feature selection is typically needed. Moreover, differ-
ent clustering solutions are interesting for different purposes. In-
stead of committing to one clustering solution, in this paper we
introduce a probabilistic nonparametric Bayesian model that can
discover several possible clustering solutions and the feature subset
views that generated each cluster partitioning simultaneously. We
provide a variational inference approach to learn the features and
clustering partitions in each view. Our model allows us not only to
learn the multiple clusterings and views but also allows us to auto-
matically learn the number of views and the number of clusters in
each view.

Keywords
multiple clustering, non-redundant/disparate clustering, feature se-
lection, nonparametric Bayes, variational inference

1. INTRODUCTION
Given unlabeled (or unsupervised) data, one of the first methods a
data analyst might use to explore the data is clustering. Clustering
is the process of grouping similar instances together. Most clus-
tering algorithms find one partitioning of the data [12]. However,
in high-dimensional data like text, image and gene data, instances
can be grouped together in several different ways for different pur-
poses. For example, face images of people can be grouped based
on their pose or clustered based on the identity of the person. Web-
pages collected from universities may have one clustering scheme
based on the type of the web-page’s owner: {faculty, student, staff}.
Another clustering scheme could be based on the web-page’s topic:
{physics, math, engineering, computer science}. The third scheme
could be based on which university the web-page belongs to. Often
in real applications, the clustering solution found is not what the
analyst or scientist is looking for, but the other possible groupings

after removing the unwanted solution. In some cases, the analyst
may simply want to discover all possible unique clustering solu-
tions of the data.

Clustering is a difficult problem. Moreover, the difficulty is com-
pounded by that data may be multi-faceted (i.e., there may be sev-
eral possible clustering interpretations from a single data). In high-
dimensional data, typically not all features are important; some fea-
tures may be irrelevant and some may be redundant. Thus, the need
for feature selection for clustering [9]. When designing a feature
selection algorithm for clustering, one needs to define a criterion
for selecting which of two or more alternative feature subsets is the
relevant/interesting subset. Why choose one feature subset, when
all the alternative feature subset views might be interesting to the
user? Features irrelevant to one clustering interpretation, may be
relevant to another clustering solution. In the web-page example,
some of the words may be relevant to clustering the data based on
university and other words may be more appropriate for grouping
the data based on the web-page’s owner. In this paper, our goal is
to discover multiple clustering solutions in different feature subset
views simultaneously.

To find multiple clustering partitions in different feature views, we
model our data by a nonparametric Bayesian generative process:
each feature is assumed to come from an infinite mixture of views,
where each view generates an infinite mixture of clusters. This non-
parametric Bayesian model allows us not only to learn the multiple
clusterings and views but also allows us to automatically learn the
number of views and the number of clusters in each view. In this
paper, we introduce our probabilistic model and provide the vari-
ational inference steps necessary to learn all the parameters and
hidden variables.

The rest of this paper is organized as follows. Section 2 reviews
related work. In Section 3, we present our nonparametric model
and variational method for learning. In Section 4, we report and
discuss the results of our experiments on both synthetic and real
data. And finally, we provide our conclusions and directions for
future work in Section 5.

2. RELATED WORK
There are recent interests in finding more than one clustering inter-
pretation. Given a data set with a clustering solution, Gondek and
Hofmann in [10] suggest finding an alternative non-redundant clus-
tering by a conditional information bottleneck approach [6]. Bae
and Bailey in [1] utilize cannot-link constraints imposed on data
points belonging to the same group by a previous clustering and ag-
glomerative clustering in order to find an alternative non-redundant



clustering. In Qi et al. [20], they find an alternative projection of
the original data that minimizes the Kullback-Leibler divergence
between the distribution of the original space and the projection
subject to the constraint that sum squared error between samples
in the projected space with the means of the clusters they belong
to is smaller than a pre-specified threshold. Their method approx-
imates the clusters from mixtures of Gaussians with components
sharing the same covariance matrix. These three [10, 1, 20] only
addresses finding one alternative clustering. However, for complex
data there may be more than one alternative clustering interpreta-
tion. In Cui et al. [7], their method finds multiple alternative views
by clustering in the subspace orthogonal to the clustering solutions
found in previous iterations. This approach discovers several al-
ternative clustering solutions by iteratively finding one alternative
solution given the previously found clustering solutions. All these
methods find alternative clustering solutions sequentially (or itera-
tively). Another general way for discovering multiple solutions is
by finding them simultaneously. Meta clustering in [4] generates a
diverse set of clustering solutions by either random initialization or
random feature weighting. Then these solutions are meta clustered
using an agglomerative clustering based on a Rand index for mea-
suring similarity between pairwise clustering solutions. Jain et al.
in [13] also learn the non-redundant views together. Their method
learns two disparate clusterings by minimizing two k-means type
sum-squared error objective for the two clustering solutions while
at the same time minimizing the correlation between these two clus-
terings. Like [7], [4] and [13], the approach we propose discovers
multiple clustering solutions. Furthermore, like [4] and [13], our
approach finds these solutions simultaneously. However, unlike all
these methods, we provide a probabilistic generative nonparamet-
ric model which can learn the features and clustering solutions in
each view simultaneously.

Recently, there are several nonparametric Bayesian models intro-
duced for unsupervised learning [19, 3, 11, 22]. The Chinese Restau-
rant Process (CRP) [19] and the stick-breaking Dirichlet Process
Model [3] only assume one underlying partitioning of the data sam-
ples. The Indian Buffet Process (IBP) assumes that each sample is
generated from an underlying latent set of features sampled from an
infinite menu of features. There are also nonparametric Bayesian
models for co-clustering [22]. None of these model multiple clus-
tering solutions. There is, however, concurrent work that is inde-
pendently developed that provides a nonparametric Bayesian model
for finding multiple partitionings, called cross-categorization [17].
Their model utilizes the CRP construction and Gibbs sampling for
inference. Here, we propose an approach that utilizes a multiple
clustering stick-breaking construction and provide a variational in-
ference approach to learn the model parameters and latent vari-
ables. Unlike Markov chain Monte Carlo samplers [18] including
Gibbs sampling, variational methods provide a fast deterministic
approximation to marginal probabilities.

3. NONPARAMETRIC MULTIPLE CLUSTER-
ING MODEL

Given data X ∈ Rn×d, where n is the number of samples and d
the number of features. X = [x1,x2, . . . ,xn]T = [f1, f2, . . . , fd],
where xi ∈ Rd are the samples, the columns fj ∈ Rn are the fea-
tures, and (·)T is the transpose of a matrix. Our goal is to discover
multiple clustering solutions and the feature views in which they
reside. We formulate this problem as finding a partitioning of the
data into a tile structure as shown in Figure 1. We want to find
a partitioning that partitions the features into different views and
the partitioning of the samples in each view. In the tile figure, the
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Figure 1: Tile structure partitioning of the data for multiple
clustering in different feature views.

columns are permuted such that features that belong together in the
same view are next to each other and the borders show partitions
for the different views. In Figure 1, the samples in each view are
clustered into groups where members from the same group are in-
dicated by the same color. Note that the samples in different views
are independently partitioned given the view; moreover, samples
belonging to the same clusters in one view can belong to different
clusters in other views. Here, we assumed that the features in each
view are disjoint. In future work, we will explore models that can
allow sharing of features between views.

In this paper, we design a nonparametric prior model that can gen-
erate such a latent tile structure for data X . Let Y be a matrix of la-
tent variables representing the partitioning of features into different
views, where each element, yj,v = 1 if feature fj belongs to view v
and yj,v = 0 otherwise. And, let Z be a matrix of latent variables
representing the partitioning of samples for all views, where each
element, zv,i,k = 1 if sample xi belongs to cluster k in view v and
zv,i,k = 0 otherwise. We model both latent variables Y and Z from
Dirichlet processes and utilize the stick-breaking construction [21]
to generate these variables as follows.

1. Generate an infinite sequence wv from a beta distribution:
wv ∼ Beta(1, α), v = {1, 2, . . .}. α is the concentration
parameter for a beta distribution.

2. Generate the mixture weights πv for each feature partition v
from a stick-breaking construction: πv = wv

∏v−1
j=1 (1−wj).

3. Generate the view indicator Y for each feature fj from a
multinomial distribution with weights πv: p(yj,v = 1|π) =
πv , denoted yj ∼ Mult(π) =

∏q
v=1 π

yj,v
v and q is the

number of views, which can be infinite.

4. For each view v = {1, 2, . . .}, generate an infinite sequence
uv,k from a beta distribution: uv,k ∼ Beta(1, β), k =
{1, 2, . . .}. Here, β is the concentration parameter for a beta
distribution.

5. Generate the mixture weights ηv,k for each cluster partition
k in each view v from a stick-breaking construction: ηv,k =

uv,k

∏k−1
`=1 (1− uv,`).

6. Generate the cluster indicator Z for each view v from a multi-
nomial distribution with weights ηv,k: p(zv,i,k = 1|η) =

ηv,k or zv,i ∼ Mult(η) =
∏kv

k=1 η
zv,i,k

v,k and kv is the num-
ber of clusters in view v, which can be infinite.



We are now ready to generate our observation variables X given the
latent variables Y and Z. For each cluster in each view, we draw
cluster parameter θ from an appropriate prior distribution with hy-
perparameter λ: θ ∼ p(θ|λ). Then, in each view v, we draw the
value of the features in view v for sample i: xv,i ∼ p(xv,i|θv,zv,i),
where zv,i is equal to the cluster k that sample i belongs to in view
v, and xv,i = (xi,j : yj,v = 1) is the vector of features in view v.

Figure 2 shows a graphical model of our nonparametric multiple
clustering model. Our joint model p(X, Y, Z, W, U, θ) is:

Y

X

W

Z U

θ
clusters

∞ views

α

β

λ

∞n samples

d features

Figure 2: Graphical model for our nonparametric multiple
clustering model.

p(X|Y, Z, θ)p(Y |W )p(W |α)p(Z|U)p(U |β)p(θ|λ) (1)

=

[
q∏

v=1

n∏
i=1

p(xv,i|θv,zv,i)p(zv,i|ηv,i)

]
[

q∏
v=1

kv∏
k=1

p(θv,k|λ)p(uv,k|β)

]
d∏

j=1

p(yj |π)

q∏
v=1

p(wv|α)

where q is the number of views and kv is the number of clusters in
view v, n is the number of data points and d is the number of fea-
tures. Here, in our nonparametric model, q and kv can be infinite.
Note that previous models for multiple clustering explicitly enforce
non-redundancy, orthogonality or disparity among clustering solu-
tions [10, 1, 7, 20, 13]; whereas, our model handles redundancy
implicitly, since redundant clusterings offer no probabilistic mod-
elling advantage and are penalized under the prior which assumes
that each view is clustered independently.

3.1 Variational Inference
It is computationally intractable to evaluate the marginal likelihood,
p(X) =

∫
p(X, φ)dφ, where φ represents the set of all parame-

ters θ and latent variables, Y , Z, U , and W . Variational methods
allow us to approximate the marginal likelihood by maximizing a
lower bound, L(Q), on the true log marginal likelihood [15].

ln p(X) = ln

∫
p(X, φ)dφ

= ln

∫
Q(φ)

p(X, φ)

Q(φ)
dφ

≥
∫

Q(φ) ln
p(X, φ)

Q(φ)
dφ = L(Q(φ)),

using Jensen’s inequality [5]. The difference between the log marginal
ln p(X) and the lower bound L(Q) is the Kullback-Leibler diver-
gence between the approximating distribution Q(φ) and the true

posterior p(φ|X). The idea is to choose a Q(φ) distribution that
is simple enough that the lower bound can be tractably evaluated
and flexible enough to get a tight bound. Here, we assume a dis-
tribution for Q(φ) that factorizes over all the parameters Q(φ) =∏

i Qi(φi). For our model, this is

Q(Y, Z, W, U, θ) = Q(Y )Q(Z)Q(W )Q(U)Q(θ) (2)

The Qi(·) that minimizes the KL divergence over all factorial dis-
tributions is

Qi(φi) =
exp 〈ln P (X, φ)〉k 6=i∫

exp 〈ln P (X, φ)〉k 6=i dφi
(3)

where 〈·〉k 6=i denotes averaging with respect to
∏

k 6=i Qk(φk). Ap-
plying Equation 3, we obtain our factorial distributions, Qi(φi)
functions as:

Q(W ) =

q∏
v=1

Beta(γv,1, γv,2) (4)

Q(Y ) =

d∏
j=1

Mult(πj) (5)

Q(U) =

q∏
v=1

kv∏
k=1

Beta(γv,k,1, γv,k,2) (6)

Q(Z) =

q∏
v=1

n∏
i=1

Mult(ηv,i) (7)

where γv,· are the beta parameters for the distributions on W , πj

are the multinomial parameters for the distributions on Y , γv,k,·
are the beta parameters for the distributions on U , and ηv,i are the
multinomial parameters for the distributions on Z. Note that these
variational parameters for the approximate posterior Q are not the
same as the model parameters in Equation 1 although we have used
similar notation. For our infinite models, we apply truncated varia-
tional distributions as in [3].

The update equations we obtain using variational inference are pro-
vided below:

γv,1 = 1 +

d∑
j=1

πj,v (8)

γv,2 = α +

d∑
j=1

q∑
l=v+1

πj,l (9)

γv,k,1 = 1 +

n∑
i=1

ηv,i,k (10)

γv,k,2 = β +

n∑
i=1

kv∑
l=k+1

ηv,i,l (11)

πj,v ∝

[
n∏

i=1

p(xv,i|θv,zv,i)

]
Mult(πj,v|γv) (12)

ηv,i,k ∝ p(xv,i|θv,zv,i)Mult(ηv,i,k|γv,k) (13)

Note that all parameters on the right hand side of the equations
above are based on the parameter estimates at the previous time
step and those on the left hand side are the parameter updates at
the current time step. The variational parameter ηv,i,k can be in-
terpreted as the posterior probability that view v of data point i is
assigned to cluster k. The parameter πj,v can be interpreted as the



posterior probability that feature j belongs to view v. We iterate
these update steps until convergence.

3.2 Observation Models
In this paper, we provide two common observation probability mod-
els for modeling cluster components in mixture models: the Gaus-
sian component and the multinomial component model. The Gaus-
sian model is widely used for real-valued data where samples are
assumed to be variations of some prototype. Multinomial model is
appropriate for discrete data, such as text.

Gaussian Component. Assuming p(xv,i|θv,zv,i) comes from
a Gaussian distribution, our parameter vector θv,zv,i comprises the
mean µv,zv,i

and covariance Σv,zv,i of our Gaussian distribution
in view v and the cluster zv,i (the cluster sample xv,i belongs to).
We apply a normal-inverse Wishart distribution, the conjugate prior
to a Gaussian distribution as our prior p(θv,zv,i |λ). The hyperpa-
rameter λ is a vector composed of the mean m0, covariance S0,
inverse scale matrix Ψ0, and parameter p0. The Gaussian likeli-
hood distribution, p(X|Y, Z, θ) is:

p(X|Y, Z, θ)

=

q∏
v=1

n∏
i=1

1

(2π)dv/2|Σv,zv,i |1/2

exp

(
−1

2
(xv,i − µv,zv,i

)T Σ−1
v,zv,i

(xv,i − µv,zv,i
)

)
where the indices indicate the corresponding view v and cluster
component zv,i that sample i belongs to in each view and dv is the
number of features in view v.

Applying variational approximation, we have Q(θv,k) for each
view v and cluster k as:

Ψ
dv/2
v,k

(2π)dv/2|Σv,k|1/2
exp(−1

2
(µv,k −mv,k)T Ψv,kΣ−1

v,k(µv,k −mv,k))

|Sv,k|pv,k/2|Σv,k|−(pv,k+dv+1)/2 exp(− 1
2

trace(Sv,kΣ−1
v,k))

2pv,kdv/2πdv(dv−1)/4
∏dv

j=1 Γ((pv,k + 1− j)/2)

where mv,k, Sv,k, Ψv,k and pv,k are the parameters of the poste-
rior normal-inverse Wishart distribution for cluster k in view v.

And the update equations are:

mv,k =
nv,kx̄v,k + Ψ0m0

nv,k + Ψ0
(14)

Ψv,k = Ψ0 + nv,k (15)
pv,k = p0 + nv,k (16)

Sv,k = S0 +
∑

xv,i∈k

(xv,i − x̄v,k)(xv,i − x̄v,k)T

+
nv,kΨ0

nv,k + Ψ0
(x̄v,k −m0)(x̄v,k −m0)

T (17)

where x̄v,k is the sample mean of x in cluster k of view v and nv,k

are the number of samples in cluster k in view v. The parame-
ters µv,k and Σv,k are updated by their expected values under the
variational distribution.

Multinomial Component. Assuming p(xv,i|θv,zv,i) comes from
a multinomial distribution, our parameter vector θv,zv,i comprises

of the probability of occurrence for each feature in view v and clus-
ter zv,i:

ρv,zv,i,1, . . . , ρv,zv,i,dv ,

where dv is the number of features in view v. We use a Dirichlet
distribution, the conjugate prior to a multinomial distribution as our
prior p(θv,zv,i |λ), with hyperparameters λ = {α0,1, . . . , α0,dv}.
The multinomial likelihood distribution, p(X|Y, Z, θ) is:

q∏
v=1

n∏
i=1

p(xv,i|θv,zv,i) =

q∏
v=1

n∏
i=1

ρ
xv,i,1
v,zv,i,1 · · · ρ

xv,i,dv
v,zv,i,dv

(18)

Here, we use the notation xv,i,l to be the value of the lth feature in
view v in sample i.

Applying variational approximation, we have Q(θv,k) as:

Q(θv,k) =
Γ(

∑dv
l=1 αv,k,l)∏dv

l=1 Γ(αv,k,l)
ρ

αv,k,1−1

v,k,1 . . . ρ
αv,k,dv−1

v,k,dv
(19)

where αv,k,· is the parameter for the posterior Dirichlet distribution
in cluster k of view v. And the update equation is:

αv,k,l = α0,l + xv,k,l (20)

where xv,k,l is the count of the lth feature in cluster k of view v.
The parameters ρv,k,l are updated by their means under the varia-
tional distribution.

4. EXPERIMENTS
In this section, we perform experiments on both synthetic and real
data to investigate whether our algorithm gives reasonable multiple
clustering solutions. We first test our method on two synthetic data
sets in Section 4.1 to get an understanding of the performance of
our method. Then we test our method on three real data in Sec-
tion 4.2: a face image, a machine sound and a text data. We com-
pare our method, we call nonparametric multi-clust, against two
recently proposed algorithms for discovering multiple clusters: or-
thogonal projection clustering [7] and de-correlated k-means [13].
We also compare our method against related single-view cluster-
ing algorithms: a probabilistic approach that performs feature se-
lection and clustering simultaneously (FSC) [16], and a baseline
nonparametric Dirichlet process mixture model (DP-Gaussian or
DP-Multinomial) [3].

In orthogonal projection clustering, they first reduced the dimen-
sionality by principal component analysis [14] (retaining 90% of
the total variance)). Then, instances are clustered in the principal
component space by k-means clustering algorithm to find a domi-
nant clustering. Because the means of clusters represent the clus-
tering solution, data are projected to the subspace that is orthogonal
to the subspace spanned by the means. In the orthogonal subspace,
they use PCA followed by the clustering algorithm again to find
an alternative clustering solution. This process is repeated until all
the possible views are found. In de-correlated k-means [13], they
simultaneously minimize the sum-squared errors in two clustering
views and the correlation of the mean vectors and representative
vectors between the two views. They apply gradient descent to
find the clustering solutions. In de-correlated k-means, both views
minimize sum-squared errors in all the original dimensions. In
FSC [16], they add a feature saliency, a measure of feature rele-
vance, as a missing variable to a probabilistic objective function. To
add feature saliency, they assumed that the features are condition-
ally independent. They then derived an expectation-maximization
(EM) [8] algorithm to estimate the feature saliency for a mixture



of Gaussians. They are able to find the features and clusters simul-
taneously. They can also automatically determine the number of
clusters based on a minimum message length penalty. We also com-
pare with a nonparametric Dirichlet process mixture [3] to serve as
a baseline. In all our experiments, we apply the Gaussian cluster
component for the synthetic, image and sound data and the multi-
nomial cluster component for text data for our method, FSC and
the DP mixture. We set the concentration parameter α and β in
our experiment to 10. We set q = d and kv = n/2 for all views.
We similarly set the concentration parameter in the DP mixture to
10 and the maximum number of clusters k = n/2. We set our
hyperparameters for the Gaussian model as m0 = 0 and S0 = I
identity, and for the multinomial model as α0,l = 1. For FSC, we
set the maximum number of clusters equal to twice the true num-
ber of clusters. For both orthogonal projection and de-correlated k-
means, we set the number of clusters and views equal to the known
number of clusters and views.

To show how well our method compares against competing meth-
ods in discovering the “true” labeling, we report the normalized
mutual information (NMI) [23] between the clusters found by these
methods with the “true” class labels. Let C represent the clustering
results and L the labels, NMI = MI(C,L)√

H(C)H(L)
, where MI(C, L)

is the mutual information between random variables C and L and
H(·) is the entropy of (·). Note that in all our experiments, labeled
information are not used for training. We only use them to measure
the performance of our clustering algorithms. Higher NMI values
mean the more similar the clustering results are with the labels; and
it only reaches its maximum value of one when both clustering and
labels are perfectly matched.

4.1 Experiments on Synthetic Data
To get a better understanding of our method and test its applicabil-
ity, we first perform our approach on two synthetic data sets. The
first synthetic data is a data set with two alternative views. The sec-
ond synthetic data is a high dimensional data with three indepen-
dent clustering views. We want to test whether or not our algorithm
can deal with high dimensionality and more than two views.

The first synthetic data is generated from six features with 600 in-
stances. Three Gaussian clusters are generated in feature subspace
{F1, F2, F3} with 200, 200 and 200 instances in each cluster with
identity covariances. We call this view 1. The other three Gaussian
clusters are generated in feature subspace {F4, F5, F6} with 200,
100 and 300 instances respectively and with identity covariances.
Similarly, we call this view 2. Figure 3 shows 3-D scatterplots of
the two views. The colors in both plots reflect the labels for view 1
(one color for each cluster label). Note that the clusters in view 2
are independent of the labels in view 1 as shown by the mixing of
the colors in each cluster in subfigure (b).

Figure 4(a) is the tile structure for the true labeling in each view
for synthetic data 1. Figure 4(b) shows the tile structure discovered
by our method. Here, our algorithm was able to correctly learn the
number of views and number of clusters in each view as shown
by the number of tile partitions in the figure. Our algorithm suc-
cessfully discovers the two views in the dataset as shown by the
similarity between the two tile structures. Our algorithm finds the
feature subspaces corresponding to the two views (i.e., feature sub-
set F1, F2, F3 for the first view and feature subset F4, F5, F6 for
the second view). In the tile figure, the samples/rows were per-
muted such that samples that belong together in view one are close

(a) View 1 (b) View 2

Figure 3: Scatter plots for synthetic data 1.

(a) True Labeling (b) Algorithm Result

Figure 4: Tile partitioning structure for the first synthetic data:
(a) the tile structure from the true labels and (b) the result of
our algorithm.

together. Note that the samples that belong together in view one
need not belong together in view two. Hence, the random structure
in view two.

The second synthetic data is 100-dimensional with 1000 instances
and three independent views. In each feature set (F(1..30), F(31..60)

and F(61..100)), random vectors with three Gaussian components
are generated. Figure 5(a) is the tile structure for the true labeling
in each view. Figure 5(b) shows the tile structure discovered by our
method. Our algorithm successfully discovers the three views in
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(a) True Labeling (b) Algorithm Result

Figure 5: Tile partitioning structure for the second synthetic
data: (a) the tile structure from the true labels and (b) the result
of our algorithm.

the dataset as shown by the similarity between the two tile struc-
tures. Our algorithm is able to find the feature subsets correspond-
ing to the three views and also the correct number of views and
number of clusters in each view.

Table 4.1 reports the NMI values obtained by the different meth-
ods on both synthetic data. For the multiple clustering methods,
for each known view, we report the clustering that has the highest



NMI with that view. For the single clustering methods, we report
the NMI of that clustering with each of the true labeling views.
The best results are highlighted in bold. The results show that our
method obtained consistently the best NMI for all views. Orthogo-
nal projection is able to find view 1, but degrades it’s performance
in finding the second and third views. De-correlated k-means is
able to find the two views for synthetic data 1, but fails to find the
third view in synthetic data 2. Note that the single clustering meth-
ods, DP-Gaussian and FSC, only found the most dominant view,
view 1 on both data sets and performed poorly on the other views.

Table 1: NMI Results on Synthetic Data 1 and 2

DATA 1 DATA 2
VIEW 1 VIEW 2 VIEW 1 VIEW 2 VIEW 3

OUR METHOD 0.89 0.91 0.85 0.83 0.88
ORTHO. PROJ. 0.87 0.66 0.83 0.61 0.53
DEC. K-MEANS 0.84 0.87 0.83 0.75 0.46
FSC 0.86 0.20 0.83 0.14 0.17
DP-GAUSSIAN 0.85 0.21 0.84 0.13 0.18

4.2 Experiments on Real-World Data
We now test our method on three real-world data sets to see whether
we can find meaningful clustering views that correspond to human
labeling. We select data that have high-dimensionality and multiple
possible partitionings. In particular, we test our method on a face
image, a sound data and a text data.

4.2.1 Experiments on Face Data
The face dataset from UCI KDD repository [2] consists of 640 face
images of 20 people taken at varying poses (straight, left, right, up),
expressions (neutral, happy, sad, angry), eyes (wearing sunglasses
or not). The two dominant views of this face data are: identity
of the person and their pose. These two views are non-redundant,
meaning that with the knowledge of identity, no prediction of pose
can be made. We test our method to see whether we can find these
two clustering views. Each person has 32 images with four equally
distributed poses. The image resolution is 32 × 30 pixels, result-
ing in a data set with 640 instances and 960 features. For this
data, we first applied principal components analysis [14] to extract
appearance-based features [24] and reduce the dimensionality by
keeping only the first 100 eigenvectors correponding to the largest
eigenvalues. The first 100 eigenvectors retains a total of 99.24% of
the overall variance.

Figure 6 shows the mean image of each cluster discovered by our
method in view 1. Notice that view 1 corresponds to the identity
of the face image. Similarly, in Figure 7, we show the mean im-
age of each cluster discovered by our method in view 2. Here,
view 2 corresponds to pose of the face image. To provide us with
a summary of the features selected by our algorithm in each view,
we display the top two features (eigenvectors) corresponding to the
largest variance in each view and show them as images, also known
as eigenfaces [24]. Figure 8 shows the first two eigenfaces for view
1 and Figure 9 shows the first two eigenfaces for view 2. Note that
the eigenfaces (images) in view 1 as shown in Figure 8 make sense.
It captures the face and background pixel information important
for distinguishing identity. The eigenfaces in view 2 as shown in
Figure 9 captures information necessary for distinguishing pose.
Table 2 presents the NMI results for all methods on the three real
data. The results show that our method successfully finds the two

clustering views of the face data with the highest NMI values com-
pared to all the competing methods. Again, FSC and DP-Gaussian
only find one view; their NMI values for view 2 are very low.

Figure 6: Mean image corresponding to identity from the face
data.

Figure 7: Mean image corresponding to pose from the face
data.

Figure 8: First two eigenfaces selected by our method for view
1 (based on identity) on the face data.

4.2.2 Experiments on Machine Sound Data
This data is comprised of accelerometer acoustic signals of varying
machines. The purpose of this project is to recognize the differ-
ent machine types from these sound signals. In this data, there are
three kinds of machine sounds: pump, fan, motor. Each instance
of sound can be from one machine, or mixture of two machines, or
mixture of three machines. The three views in this data are: pump
or not pump, fan or not fan, and motor or not motor. There are
280 sound samples with 100000 FFT features. We used only the



Figure 9: First two eigenfaces selected by our method for view
2 (based on pose) on the face data.

1000 highest FFT points as our features. Table 2 shows that our
method obtained the best NMI results for all views. We observe
that the dominant motor view is not that dominant as reflected by
the poor NMI results for FSC and DP-Gaussian. This also shows
that the features for the other views can hurt the performance of sin-
gle clustering algorithms, even ones that can also perform feature
selection together with clustering simultaneously (FSC).

4.2.3 Experiments on WebKB Data
This data set 1 contains html documents from four universities:
Cornell University, University of Texas, Austin, University of Wash-
ington and University of Wisconsin, Madison. We removed the
miscellaneous pages and subsampled a total of 1041 pages from
four web-page owner types: course, faculty, project and student.
We pre-processed the data by removing rare words, stop words,
and words with low variances, resulting in 350 word features. The
two views are either based on university or based on owner type.
The results in Table 2 show that our method outperformed all the
other methods in finding the two views in terms of NMI. Similar to
the machine sound data, in this data, the dominant school view is
not as dominant compared to the owner-type view, resulting in poor
NMI results for FSC and DP-multinomial. Again this shows that
when data is multi-faceted, the features for the other views can hurt
the performance of single clustering algorithms, even ones that can
also perform feature selection and clustering simultaneously (FSC).

We also analyzed the words in each view discovered by our algo-
rithm. The top ten most frequent words in view 1 (based on owner-
type) is: student, project, research, theorem, department, report,
group, science, faculty, system. The top ten most frequent words
in view 2 (based on school) is: Cornell, finance, social, Washing-
ton, Texas, visual, define, Wisconsin, program, Madison. Note that
these words make sense and are descriptive of their corresponding
views.

5. CONCLUSIONS AND FUTURE WORK
Traditional clustering algorithms output a single clustering solu-
tion. In this paper, we introduced a new method for discovering
multiple clustering solutions. A difficulty with clustering in high-
dimensional spaces is that not all features are important to find the
interesting cluster structure. To add to this difficulty, there is no one
criterion for clustering that works well for all applications. Thus,
finding the best feature subset and clusters usually has the dilemma
of selecting the best solution out of several reasonable alternatives.
In the multiple clustering paradigm, we avoid this dilemma by al-
lowing the algorithm to discover different possible clustering solu-
tions in different feature subset views.
1http://www.cs.cmu.edu/afs/cs/project/theo-20/www/data/

Table 2: NMI Results on Real-World Data
FACE DATA

IDENTITY POSE

OUR METHOD 0.86 0.63
ORTHOGONAL PROJECTION 0.67 0.38
DE-CORRELATED K-MEANS 0.70 0.40

FSC 0.82 0.06
DP-GAUSSIAN 0.84 0.03

MACHINE SOUND DATA

PUMP MOTOR FAN

OUR METHOD 0.82 0.87 0.83
ORTHOGONAL PROJECTION 0.73 0.68 0.47
DE-CORRELATED K-MEANS 0.64 0.58 0.75

FSC 0.12 0.42 0.26
DP-GAUSSIAN 0.25 0.32 0.16

WEBKB TEXT DATA

OWNER SCHOOL

OUR METHOD 0.62 0.68
ORTHOGONAL PROJECTION 0.43 0.53
DE-CORRELATED K-MEANS 0.48 0.57

FSC 0.16 0.38
DP-MULTINOMIAL 0.26 0.39

Data may be multi-faceted, such that different feature views may
provide different possible clustering interpretation. We introduced
a probabilistic nonparametric Bayesian model for this type of richly
structured multi-faceted data. Moreover, we provided a variational
inference approach to learn the features and clusters in each view
for this model. Besides learning the latent features and clusters
per view, our Bayesian formulation also allows us to automatically
learn the number of views and the number of clusters in each view.
Our results on synthetic and real-world data show that our method
can find multiple alternative views of the data with accuracies com-
petitive to other multiple clustering methods. In addition, our ap-
proach is able to discover the feature subsets in each view with clus-
ter accuracies competitive to a state-of-the-art unsupervised feature
selection method [16]. Our current model assumes that the fea-
tures in each view are disjoint; however, the interesting multiple
clustering views may share some common features. One of our
future research directions is to explore models that allow feature
sharing. Another direction we are currently working on are hierar-
chical clustering extensions of our model.
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