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ABSTRACT
In today’s applications we face the challenge of analyzing
databases with many attributes per object. For these high
dimensional data it is known that traditional clustering al-
gorithms fail to detect meaningful patterns: mining the full-
space is futile. As a solution subspace clustering techniques
were introduced. They analyze arbitrary subspace projec-
tions of the data to detect clustering structures. Recently,
public available mining software integrates subspace clus-
tering as a novel mining paradigm and sets the stage for its
wide applicability. Though, a common standard to describe,
exchange and process the subspace clustering results is still
missing, which hinders the application in practice.

In this work, we propose an extension of the PMML stan-
dard to describe mining models resulting from subspace clus-
tering methods. Thus, we bridge the gap between the dif-
ferent tools and realize a common baseline the user can rely
on. Our extension considers the various aspects subspace
clustering models have to cope with, going beyond the ones
of traditional clustering. We will integrate this novel PMML
extension in the next version of our OpenSubspace toolkit.

Categories and Subject Descriptors
H.2.8 [Database Management]: Database Applications—
Data Mining ; I.5.3 [Pattern Recognition]: Clustering

General Terms
Standardization, Algorithms, Experimentation

1. INTRODUCTION
Clustering is a mining task for automatic grouping of sim-

ilar objects while separating dissimilar ones [10]. For today’s
high dimensional data, however, traditional full-space clus-
tering approaches fail to detect meaningful patterns since
irrelevant dimensions obfuscate the clustering structure [5].
Using global dimensionality reduction techniques like PCA
(principle components analysis [12]) is not sufficient to solve
this problem: by definition, all objects are projected to the
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Fig. 1: Example of subspace clusters hidden in lo-
cally relevant subspace projections

same lower dimensional subspace. However, as Fig. 1 illus-
trates, each cluster might have locally relevant dimensions
and objects can be part of multiple clusters in different sub-
spaces. These effects cannot be captured by global dimen-
sionality reduction approaches.

Recently, subspace clustering techniques were introduced,
aiming at detecting locally relevant dimensions per cluster
[16, 24]. They analyze arbitrary subspace projections of the
data to detect the hidden clusters. Typical applications for
subspace clustering include gene expression analysis, cus-
tomer profiling, and sensor network analysis. In each of
these scenarios, subsets of the objects (e.g. genes) are simi-
lar regarding subsets of the dimensions (e.g. different exper-
imental conditions).

This novel mining paradigm is provided to the user by
toolkits as OpenSubspace [21, 19] and ELKI [1], which in-
clude subspace clustering capabilities and hence set the stage
for its wide applicability. Though, a common standard to
describe, exchange, and process the subspace clustering re-
sults is still missing, hindering the practical application.

In this work, we fill this gap by extending PMML [8, 25],
which is a common standard for sharing data mining re-
sults. While traditional clustering methods are considered
in the PMML standard, the extension to subspace cluster-
ing is nontrivial due to the complex properties of subspace
clustering results. Overall, our PMML extension considers:

• each cluster is described by a set of representative at-
tribute vectors (in contrast to a single attribute vector,
as in the current PMML standard) and a set of relevant
dimensions

• by distinguishing between best assignment and region
assignment of data objects to clusters, our PMML ex-
tension allows us to unify nearly all existing subspace
clustering models



• by grouping subspace clusters into views we realize dif-
ferent degrees of overlap between clusters, thus includ-
ing the paradigms of projected clustering, subspace
search, and multi-view clustering.

In the following section we formalize a generic subspace
clustering model that generalizes subspace clustering ap-
proaches introduced in the literature, and in Section 3 we
introduce our extension of the PMML standard and the pro-
posed XML schema.

2. SUBSPACE CLUSTERING MODELS
Different subspace clustering models were proposed in the

literature. Their common baseline is the general definition of
a subspace cluster C = (O,S) as a subset of objects O ⊆ DB
that are similar in a subset of dimensions S ⊆ Dim. In the
following we assume Dim = {1, . . . , D} and DB = RD. A
subspace clustering Result is a set of subspace clusters Ci

with i = 1, . . . , k.
To find a meaningful description of such subspace cluster-

ing models, we do not have to store the actually clustered
objects but some compact representation of the clusters.
This representation has to reflect the underlying clustering
model. The current PMML 4.0 standard [25], for example,
represents traditional full-space clusters by a center-based
approach, i.e. for each cluster a representative vector is de-
termined. The actual clustering is obtained by assigning ob-
jects to the nearest representative based on some distance
function. However, for reflecting subspace clustering mod-
els, we need a more general representation, and it has to
unify several paradigms of subspace clustering models.

Basically, three paradigms of subspace clustering models
can be distinguished: cell-based approaches, density-based
approaches, and center-based approaches.1 After introduc-
ing our general representation of subspace clustering models
based on a unified definition, we show how each of these
three paradigms can be realized upon that.

2.1 A Unified Model for Subspace Clustering
One key aspect of subspace clustering is to measure the

similarity of objects in different subspace projections S ⊆
Dim. Similar to the traditional clustering model as in-
troduced in the PMML standard, we measure the over-
all distance between two objects based on univariate (one-
dimensional) distance functions. Let o ∈ DB be an object,
we denote with o|d its projection to the dimension d. Then
for each dimension d ∈ D an individual distance function
distd can be specified. These individual distance functions
are combined to multivariate (subspace) distance functions
distS . For example an univariate distance could measure
the absolute difference of two attribute values distd(x, y) =
|x − y| while the multivariate distance function aggregates
over each relevant dimension of the subspace distS(o, p) =
1
|S|

∑
d∈S distd(o|d, p|d). Based on these subspace distance

values, the overall subspace clustering model can be defined.
Similar to traditional clustering and as in the current

PMML standard, we allow for our subspace clustering model
the so-called best assignment method: based on representa-
tive center vectors for each cluster, an object is assigned
to that cluster which yields the smallest distance. Since in

1This distinction was similarly introduced in a recent eval-
uation study for subspace clustering [21].

a subspace clustering each cluster is located in a different
subspace projection (which is stored along with each clus-
ter), for each cluster we have to use an individual distance
function. Overall, this best assignment methods leads to a
partitioning of the database into disjoint clusters.

This principle, however, is not applicable to most of the in-
troduced subspace clustering methods. The huge majority
of subspace clustering approaches allows overlapping clus-
ters since an object naturally belongs to multiple clusters
due to the different subspace projections (cf. Fig. 1). Thus,
as an extension of the current PMML standard, we introduce
a second assignment method: the region assignment princi-
ple. Given a representative center vector, each object that is
located within a specified region around the center belongs
to the cluster. The region is specified based on the maximal
allowed deviation w.r.t. the center vector. Thus, by specify-
ing deviation values for the univariate and/or multivariate
distance functions, a region is uniquely determined.

Since in region based approaches often more than one rep-
resentative per cluster is selected, our model allows to select
more than one center vector per cluster. Furthermore, for
each center vector our models allows to specify a different
region. Based on this region assignment, objects can belong
to several clusters in a single as well as in different sub-
spaces. Objects that are not located in any region are noise
or outlier objects.

Overall, our definition of subspace clustering models is
given as follows:

Definition 1. Subspace clustering result
A subspace clustering result Result = {C1, . . . , Ck} can be
described by

• a set of univariate distance functions distd for each
dimension d ∈ Dim

• a multivariate (subspace) distance function distS

(combining the univariate distances)

• a flag whether the best assignment principle or the
region assignment principle is used

• and for each subspace clusters Cj we store

– the set of locally relevant dimensions Sj

– a set of center vectors Centersj ⊆ RD

(all in subspace Sj)

– and for each center vector cj.i ∈ Centersj

∗ univariate deviation values ∆d
cj.i for d ∈ Sj

∗ a multivariate deviation value ∆cj.i

If best assignment is selected, an object o ∈ DB belongs
to the subspace cluster C ∈ Result in which the minimal
subspace distance is obtained (to one of its center vectors),
i.e. o belongs to the cluster

C = arg min
Cj∈Result

min
cj.i∈Centersj

distSj (o, cj.i)

If region assignment is selected, an object o ∈ DB belongs
to any subspace cluster Cj ∈ Result with

∃cj.i ∈ Centersj :

distSj (o, cj.i) ≤ ∆cj.i ∧ ∀d ∈ Sj : distd(o, cj.i) ≤ ∆d
cj.i

Note: If similarity functions (in contrast to distance func-
tions) are used min and ≤ are replaced by max and ≥.
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Fig. 2: Cell-based subspace clusters

In the following, we show how the different subspace clus-
tering models introduced in the literature can be represented
as instantiations of our unifying model.

Cell-Based Subspace Clustering.
In cell-based subspace clustering each cluster corresponds

to a set of connected hypercubes in a certain subspace S,
as illustrated in Fig. 2. While some approaches assume an
apriori defined grid [3, 23, 27], other approaches use arbi-
trarily positioned hypercubes [26, 29, 30, 17]. In some of
these approaches the connectivity is ignored such that each
cluster corresponds to a single hypercube.

Cell-based subspace clusters are a certain instantiation of
our general representation: As univariate distance functions
distd we choose the absolute difference of the attribute val-
ues. For each cluster we store the center vectors which corre-
spond to the mean vectors of the corresponding hypercubes.
The extent/width of a hypercube in each relevant dimen-
sion is specified by ∆d

cj.i . The multivariate distances are
not used for cell-based approaches and therefore ∆cj.i =∞.
Since an object can belong to multiple clusters, we have to
select region based assignment.

Density-Based Subspace Clustering.
In density-based subspace clustering [13, 15, 4, 20, 9], clus-

ters correspond to connected dense regions in the data space
(cf. Fig. 3). Instead of using hypercubes for representation,
arbitrary objects can be select as representatives and each
other object located in a certain neighborhood of the repre-
sentative belongs to the cluster. Thus, in our general rep-
resentation, we have to select the representative objects as
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Fig. 3: Density-based subspace clusters

the center vectors. The neighborhood is specified by the dis-
tance function distS and the value of ∆cj.i . The univariate

deviation values are ignored by choosing ∆d
cj.i =∞. Again,

region assignment has to be selected.

Center-Based Subspace Clustering.
In center-based subspace clustering approaches [2, 18, 28]

objects are assigned to their nearest representative based
on the (cluster individual) subspace distance function (cf.
Fig. 4). Thus, in contrast to the previous definitions we do
not permit overlapping clusters, but enforce disjoint ones.
This corresponds to the so-called projected clustering ap-
proaches. In our general definition we simple have to choose
for each cluster a single center vector which corresponds to
the representative and we have to select the best assign-
ment method. As a special case, our model also contains
traditional clustering by simply selecting the whole set of
dimensions as relevant for each cluster.
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Fig. 4: Center-based subspace clusters

Summary.
We showed that our unifying representation covers all es-

tablished subspace clustering models and even generalizes
these. For example, selecting more than one center vector
for each cluster and choosing best assignment is not studied
in the literature so far.

In the following section we extend our model to cover mod-
els highly related to subspace clustering.

2.2 Multiple Views
So far, our model allows the selection between best assign-

ment (disjoint clusters) and region assignment (potentially
highly overlapping clusters). This, however, is too limited
for some approaches proposed in the literature.

In subspace search [6, 14], for example, one first identifies
a set of interesting subspaces and in each of these subspaces a
clustering step is performed. Thus, within a single subspace
we get disjoint clusters but clusters of different subspaces
can overlap.

Generalizing the idea behind subspace search, we obtain
the multi-view clustering paradigm [22]: Given a database,
multiple meaningful clusterings may exist. Each clustering
highlights a different view on the data (e.g., a certain sub-
space). While the clusters in a single view are potentially
disjoint, between different views one naturally observes over-
laps. This idea cannot be realized with our unifying model
introduced so far.

As a solution, we propose to group the subspace clusters
into views. For each view the user can specify whether best
assignment or region assignment should be selected.



Definition 2. Subspace clustering with multiple views
Definition 1 is extended by

• the subspace clusters are grouped into views V1, . . . , Vm

with
⋃

Vx = Result and Vx ∩ Vy = ∅ for x 6= y

• for each view Vx either best or region assignment is
selected

The assignment procedure introduced in Definition 1 is per-
formed for each view Vx individually (by restricting the set
of clusters to Vx).

As an example, we could simply group those clusters to-
gether in one view which have identical subspaces; these
subspaces could be the ten best rated subspaces based on
subspace search. By selecting the best assignment principle
for each group, we achieve disjoint clusters within each view
but overlapping clusters between them.

Overall, by grouping clusters into views our model cov-
ers the subspace clustering related paradigms of multi-view
clustering [11, 7] and subspace search [6, 14].

3. PMML EXTENSION
The next section describes the XML schema used for spec-

ifying subspace clustering models. Our extension is based on
the traditional representation of clustering results as used in
the PMML 4.0 standard. Thus, we only highlight the novel
aspects of our extension and refer the current PMML stan-
dard [8, 25] for the other parts.

<xs:element name="SubspaceClusteringModel"> 
 <xs:complexType> 
  <xs:sequence> 
   <xs:element ref="Extension" minOccurs="0" maxOccurs="unbounded"/> 
   <xs:element ref="MiningSchema"/> 
   <xs:element ref="Output" minOccurs="0" /> 
   <xs:element ref="ModelStats" minOccurs="0"/> 
   <xs:element ref="ModelExplanation" minOccurs="0"/> 
   <xs:element ref="LocalTransformations" minOccurs="0" /> 
   <xs:element ref="SubspaceComparisonMeasure"/> 
   <xs:element ref="ClusteringField" minOccurs="0" maxOccurs="unbounded"/> 
   <xs:element ref="MissingValueWeights" minOccurs="0"/> 
   <xs:element ref="SubspaceView" maxOccurs="unbounded"/> 
   <xs:element ref="ModelVerification" minOccurs="0"/> 
   <xs:element ref="Extension" minOccurs="0" maxOccurs="unbounded"/> 
  </xs:sequence> 
  <xs:attribute name="modelName" type="xs:string" use="optional"/> 
  <xs:attribute name="functionName" type="MINING-FUNCTION" use="required" /> 
  <xs:attribute name="algorithmName" type="xs:string" use="optional"/> 
  <xs:attribute name="numberOfViews" type="INT-NUMBER" use="required"/> 
 </xs:complexType> 
</xs:element> 
 
 
  
Fig. 5: XML schema for subspace clustering models

Fig. 5 shows the general model to represent subspace clus-
tering results. The important aspects are highlighted in bold
font. The user has to specify the used subspace distance
function (SubspaceComparisonMeasure) and a list of views
(SubspaceView) corresponding to the grouping of subspace
clusters. The number of views is given by the attribute num-

berOfViews. The remaining elements are taken over from
the traditional clustering model [8].

The specification of a subspace distance function is shown
in Fig. 6. We distinguish two steps: First, how to actually
combine the univariate distance functions to a multivari-
ate one by using a ComparisonMeasure [8]. According to
the current PMML standard, this includes for example the
euclidean distance, city block distance, or the jaccard coeffi-
cient. The important difference in our case, however, is that
for each subspace cluster only those univariate distances are
combined by the measure that are specified as relevant (cf.
example in the next section). Thus, for each subspace we

<xs:element name="SubspaceComparisonMeasure"> 
 <xs:complexType> 
  <xs:sequence> 
   <xs:element ref="Extension" minOccurs="0" maxOccurs="unbounded"/> 
   <xs:element ref="ComparisonMeasure"/> 
   <xs:element ref="Extension" minOccurs="0" maxOccurs="unbounded"/>    
  </xs:sequence>  
  <xs:attribute name="subspaceNormalization" use="required"> 
   <xs:simpleType> 
    <xs:restriction base="xs:string"> 
     <xs:enumeration value="none"/> 
     <xs:enumeration value="product"/> 
     <xs:enumeration value="inverse"/> 
    </xs:restriction> 
   </xs:simpleType> 
  </xs:attribute> 
 </xs:complexType> 
</xs:element> 
 
  

Fig. 6: XML schema for subspace distance functions

get a (preliminary) multivariate distance distScomb. In the
second step, we propose a normalization w.r.t. the current
subspace (subspaceNormalization). Since each subspace
cluster potentially comprises different dimensions, a normal-
ization could be necessary to ensure a fair comparison of the
distance values. We include three different kinds of normal-
ization leading to the following subspace distance functions:

• none: distS(o, p) = distScomb(o, p)

• product: distS(o, p) = |S| · distScomb(o, p)

• inverse: distS(o, p) = 1
|S| · dist

S
comb(o, p)

For completeness, we present the schema of the Comparison-
Measure as well as the required univariate distance functions
distd, given by COMPARE-FUNCTION, in Fig. 7. These two el-
ements are described in [8].

 
<xs:element name="ComparisonMeasure"> 
 <xs:complexType> 
  <xs:sequence> 
   <xs:element ref="Extension" minOccurs="0" maxOccurs="unbounded"/> 
   <xs:choice> 
    <xs:element ref="euclidean"/> 
    <xs:element ref="squaredEuclidean"/> 
    <xs:element ref="chebychev"/> 
    <xs:element ref="cityBlock"/> 
    <xs:element ref="minkowski"/> 
    <xs:element ref="simpleMatching"/> 
    <xs:element ref="jaccard"/> 
    <xs:element ref="tanimoto"/> 
    <xs:element ref="binarySimilarity"/> 
   </xs:choice> 
  </xs:sequence> 
  <xs:attribute name="kind" use="required"> 
   <xs:simpleType> 
    <xs:restriction base="xs:string"> 
     <xs:enumeration value="distance"/> 
     <xs:enumeration value="similarity"/> 
    </xs:restriction> 
   </xs:simpleType> 
  </xs:attribute> 
  <xs:attribute name="compareFunction" type="COMPARE-FUNCTION" default="absDiff" /> 
  <xs:attribute name="minimum" type="NUMBER" use="optional"/> 
  <xs:attribute name="maximum" type="NUMBER" use="optional"/> 
 </xs:complexType> 
</xs:element> 
 
 
<xs:simpleType name="COMPARE-FUNCTION"> 
 <xs:restriction base="xs:string"> 
  <xs:enumeration value="absDiff" /> 
  <xs:enumeration value="gaussSim" /> 
  <xs:enumeration value="delta" /> 
  <xs:enumeration value="equal" /> 
  <xs:enumeration value="table" /> 
 </xs:restriction> 
</xs:simpleType> 

Fig. 7: Traditional comparison functions (cf. [8])

In Fig. 8 the schema of the views is given. For each view a
list of subspace clusters (SubspaceCluster) has to be speci-
fied. Please note that the subspace clusters of a single view
are not necessarily located in identical subspace projections
but individual relevant dimensions can be used. Further-
more, the selected assignment method (assignmentMethod),
either best or region assignment, has to be given.



<xs:element name="SubspaceView"> 
 <xs:complexType> 
  <xs:sequence> 
   <xs:element ref="Extension" minOccurs="0" maxOccurs="unbounded"/> 
   <xs:element ref="SubspaceCluster" minOccurs="1" maxOccurs="unbounded"/> 
   <xs:element ref="Extension" minOccurs="0" maxOccurs="unbounded"/> 
  </xs:sequence> 
  <xs:attribute name="name" type="xs:string" use="optional"/> 
  <xs:attribute name="numberOfClusters" type="INT-NUMBER" use="required"/> 
  <xs:attribute name="assignmentMethod" use="required"> 
   <xs:simpleType> 
    <xs:restriction base="xs:string"> 
     <xs:enumeration value="best"/> 
     <xs:enumeration value="region"/> 
    </xs:restriction> 
   </xs:simpleType> 
  </xs:attribute> 
 </xs:complexType> 
</xs:element> 
 
  

Fig. 8: XML schema for multiple views

<xs:element name="SubspaceCluster"> 
 <xs:complexType> 
  <xs:sequence> 
   <xs:element ref="Extension" minOccurs="0" maxOccurs="unbounded"/> 
   <xs:group ref="INT-ARRAY"/> 
   <xs:element ref="CenterVector" minOccurs="1" maxOccurs="unbounded"/> 
   <xs:element ref="Extension" minOccurs="0" maxOccurs="unbounded"/>   
  </xs:sequence> 
  <xs:attribute name="name" type="xs:string" use="optional"/> 
  <xs:attribute name="numberOfCenters" type="INT-NUMBER" use="required"/> 
 </xs:complexType> 
</xs:element> 
 
<xs:element name="CenterVector"> 
 <xs:complexType> 
  <xs:sequence> 
   <xs:element ref="Extension" minOccurs="0" maxOccurs="unbounded"/> 
   <xs:group ref="NUM-ARRAY”/> 
    <xs:group ref="NUM-ARRAY" minOccurs="0" maxOccurs="1"/> 
   <xs:element ref="Extension" minOccurs="0" maxOccurs="unbounded"/>   
  </xs:sequence> 
  <xs:attribute name="multivariateDeviation" type="NUMBER" use="optional"/> 
 </xs:complexType> 
</xs:element> 
 
  

Fig. 9: XML schema for subspace clusters

Finally, the actual subspace clusters and their representa-
tive center vectors (cf. Fig. 9) have to be declared. The rel-
evant and non-relevant dimensions of each cluster are given
by an array of binary numbers, i.e. 1 denotes a dimension as
relevant and 0 as non-relevant. Afterwards the list of center
vectors (CenterVector) is given. Besides the required coor-
dinates of each center vector, one optionally has to specify
the maximal allowed deviation values (if region assignment
is selected). The multivariate deviation value ∆cj.i with re-

spect to the subspace distance distS is given by the attribute
multivariateDeviation while the univariate deviation val-
ues ∆d

cj.i are given via an array. Note: In our specification
we use full-dimensional arrays (covering each dimension of
the data space) to describe the coordinates and the univari-
ate deviations of the center vectors, even if some of these
values are ignored due to the restrictions given by the rele-
vant dimensions of the current subspace cluster. However,
these additional values could be used for visualization pur-
poses or further statistics of the centers.

Overall Example.
An example for an instantiation of our overall subspace

clustering model is shown in Fig. 10. According to the tra-
ditional clustering model [8], in a first step some data pre-
processing can be specified: the attributes to be clustered
can be declared and mandatory normalizations of the data
can be performed.

In the second step the distance functions are set up. In
the example we use the absolute difference per dimension,
combine these values via city block distance and normal-
ize with the inverse subspace cardinality. Thus, the sub-

space distance used for a given subspace S is instantiated as
distS(o, p) = 1

|S|
∑

d∈S |o|d − p|d|.
Last, the actual views and subspace clusters are speci-

fied. The example contains two views with two subspace
clusters each. The first view uses best assignment and the
clusters are located in the subspaces {shoesize, weight} and
{age, shoesize, weight} given by the binary arrays 0 0 1 1
and 1 0 1 1. Furthermore, for each cluster just a single center
vector is used. In the second view we use region assignment.
Thus, besides the coordinates of the center vectors the max-
imal allowed deviation values have to be specified. In this
example, multivariate and univariate deviation values are
specified; though, selecting just one of these would also be
possible. While the first cluster of the second view uses just
one center vector, the second cluster is described by two
different center vectors.

 

 

<?xml version="1.0" ?> 
<PMML version="4.0" xmlns="http://www.dmg.org/PMML-4_0" 
xmlns:xsi="http://www.w3.org/2001/XMLSchema-instance"> 
 

D
a
t
a
 
p
r
e
p
a
r
a
t
i
o
n
 

 

 <DataDictionary numberOfFields="3"> 
  <DataField name="age" optype="continuous" dataType="double"/> 
  <DataField name="salary" optype="continuous" dataType="double"/> 
  <DataField name="shoesize" optype="continuous" dataType="double"/> 
  <DataField name="weight" optype="continuous" dataType="double"/> 
 </DataDictionary> 
 <SubspaceClusteringModel modelName="Exemplary Subspace Clustering" 
 functionName="clustering" numberOfViews="2"> 
  <MiningSchema> 
   <MiningField name="age"/> 
   <MiningField name="salary"/> 
   <MiningField name="shoesize"/> 

 <MiningField name="weight"/> 
  </MiningSchema> 
  <LocalTransformations> 
   <DerivedField name="normSalary" optype="continuous" dataType="double"> 
    <NormContinuous field="salary"> 
     <LinearNorm orig="39000" norm="0"/> 
     <LinearNorm orig="39800" norm="50"/> 
     <LinearNorm orig="41000" norm="100"/> 
    </NormContinuous> 
   </DerivedField> 
  </LocalTransformations > 
 

D
i
s
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n
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s
 

 

  <SubspaceComparisonMeasure subspaceNormalization=”inverse”> 
   <ComparisonMeasure kind=”distance”> 
    <cityBlock/> 
   </ComparisonMeasure> 
  </SubspaceComparisonMeasure> 
  <ClusteringField field="age" compareFunction="absDiff"/> 
  <ClusteringField field="normSalary" compareFunction="absDiff"/> 
  <ClusteringField field="shoesize" compareFunction="absDiff"/> 
  <ClusteringField field="weight" compareFunction="absDiff"/> 
 

V
i
e
w
 
1
 

 

  <SubspaceView name=”view 1” numberOfCluster=”2” assignmentMethod=”best”> 
   <SubspaceCluster name="cluster A" numberOfCenters=”1”> 
    <Array n="4" type="integer">0 0 1 1</Array> 
    <CenterVector> 
     <Array n="4" type="real">0 0 35.1 80.4</Array> 
    </CenterVector> 
   </SubspaceCluster> 
   <SubspaceCluster name="cluster B" numberOfCenters=”1”> 
    <Array n="4" type="integer">1 0 1 1</Array> 
    <CenterVector> 
     <Array n="4" type="real">9.3 0 20.2 30.5</Array> 
    </CenterVector> 
   </SubspaceCluster> 
  </SubspaceView> 
 

V
i
e
w
 
2
 

 

  <SubspaceView name=”view 2” numberOfCluster=”2” assignmentMethod=”region”> 
   <SubspaceCluster name="cluster C" numberOfCenters=”1”> 
    <Array n="4" type="integer">1 1 0 0</Array> 
    <CenterVector multivariateDeviation=”5”> 
     <Array n="4" type="real">55 50 0 0</Array> 
     <Array n="4" type="real">3.5 2 0 0</Array> 
    </CenterVector> 
   </SubspaceCluster> 
   <SubspaceCluster name="cluster D" numberOfCenters=”2”> 
    <Array n="4" type="integer">1 1 0 0</Array> 
    <CenterVector multivariateDeviation=”6.5”> 
     <Array n="4" type="real">25 20 0 0</Array> 
     <Array n="4" type="real">3 4 0 0</Array> 
    </CenterVector> 
    <CenterVector multivariateDeviation=”6.5”> 
     <Array n="4" type="real">30 28 0 0</Array> 
     <Array n="4" type="real">3 4 0 0</Array> 
    </CenterVector> 
   </SubspaceCluster> 
  </SubspaceView> 
 

 

 

 </SubspaceClusteringModel> 
</PMML> 

 

Fig. 10: Exemplary subspace clustering model de-
scribing two views each with two subspace clusters



4. CONCLUSION
In this paper, we presented an extension of the PMML

standard to subspace clustering models. This extension en-
ables PMML to describe subspace clustering results from
several different subspace clustering paradigms, providing a
common, still-missing standard for sharing subspace clus-
tering models between different data mining tools. To ob-
tain such an extension, we developed a unifying model for
subspace clustering, and we showed for the three most es-
tablished subspace clustering paradigms and the orthogonal
multi-view clustering paradigm that these are instantiations
of our general model. We will integrate the proposed PMML
extension in our OpenSubspace toolkit [21, 19].
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