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Abstract

The Minimum Description Length (MDL) principle is
commonly used to evaluate machine learning models. In
clustering, it may be used to assess the overall quality of da-
ta clustering or in the implementation of clustering algo-
rithms for guiding the search for possible clusterings. In this
paper, we explore the latter approach. We describe a new
clustering algorithm, which uses an MDL-based measure
during the process of creating clusters. The algorithm pro-
cesses the data instances to be clustered one at a time and
uses them to form new clusters or assigns them to already
created ones. Instead of using distances (as in other popular
algorithms) this process is controlled by evaluating the
overall clustering quality at each step based on the MDL
measure. The basic advantages of the algorithm are its sim-
plicity, lack of adjustable parameters, and low computation-
al complexity. The computation of the MDL score for the
current clustering, which is performed for each instance,
doesn’t depend on the number of instances in the clusters
and is linear with the number of attributes. The performance
of the algorithm is evaluated on benchmark datasets.

Introduction

To assess clustering algorithms various criteria are used.
Criterion functions are also used in the implementation of
clustering algorithms for guiding the search of possible
clusterings. In this paper we explore this approach. We
first define a clustering evaluation measure based on the
Minimum Description Length (MDL) principle. Given a
particular clustering of the data, it provides a numeric score
representing the number of bits to encode the clustering
model. Thus, according to Occam’s Razon concept, the
lower the number of bits is, the better the clustering quality
is. Then, we propose an algorithm that works similarly to
the Canopy clustering algorithm (McCallum et al. 2000),
where instances to be clustered are removed from the data
set one at a time and used to create new clusters or as-
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signed to already created ones. Instead of using distances
(as in the Canopy algorithm), in our algorithm this process
is controlled by evaluating the overall clustering quality at
each step based on the defined MDL measure. We illus-
trate the performance of the algorithm on a few datasets
from the UCI ML repository compared to two traditional
clustering algorithms, k-means and EM.

Related Work

All approaches to clustering use some kind of evaluation
measure for the clustering quality and differ in the way
clusters are created so that the clustering quality is maxim-
ized. In (Markov 2015) the authors present a hierarchical
clustering algorithm based on using selected attributes to
split data in clusters. To choose the attributes they use an
unsupervised attribute ranking scheme based on the Mini-
mum Description Length (MDL) principle described in
(Markov 2013). There are other approaches that also inte-
grate clustering with attribute selection. In (Devaney and
Ram 1997) the category utility function and the Cobweb
clustering algorithm are used for this purpose. In (Dy and
Brodley 2004) the authors explore the EM framework and
use the scatter separability and maximum likelihood evalu-
ation functions to find proper subsets of attributes. Another
group of methods uses information-based measures. A
method called entropy reduction is proposed in (Dash and
Liu 2000). It measures the entropy in data, based on a
normalized distance between pairs of instances and evalu-
ates attributes by the reduction of the entropy when the
attribute is removed from data. This and other methods are
empirically evaluated for the purposes of text clustering in
(Liu et al. 2003). The approach of (Markov 2013) is similar
in spirit to the one described in (Mitra et al. 2002), which
uses an information compression measure to create clusters
with highly similar features and selects a feature from each
cluster. The use of MDL may be traced back to the classi-
cal work (Quinlan and Rivest 1989), which uses MDL to
select the attributes that partition the dataset during the



process of creating a decision tree, however in the presence
of class labels.

Other approaches use MDL for clustering model evalua-
tion. These approaches differ in the specific MDL encod-
ing scheme, and in the way, clusters are generated. In
(Kontkanen 2005) MDL is used to evaluate grouping of
data items that can be compressed well together, so that the
total code length over all data groups is optimized. Thus,
efficient compression indicates underlying regularities that
are common to all members of a group, which in turn may
be used as a similarity metric for the purposes of cluster-
ing. In (Lai et al. 2009) a distance-based clustering tech-
nique using MDL for evaluating clusters is proposed. Our
approach also uses MDL for clustering model evaluation;
however, it creates clusters in an incremental manner by
processing data instances one at a time and using them to
create new clusters or assigning them to already created
ones. In this respect it is similar to the Canopy clustering
algorithm (McCallum et al. 2000), however instead of us-
ing distances, in our algorithm this process is controlled by
evaluating the overall clustering quality at each step based
on an MDL measure.

MDL-based Clustering Evaluation

Consider an information theory setting for encoding (or
communicating) a dataset D with the shortest message
using the attribute-value description language. Assume that
there are m attributes and k different attribute-value pairs
that occur in D, i.e. m = [x| and k = |U,p x|, where x is a
data instance. Encoding D means encoding each instance
xeD, which in turn means choosing a subset of m attribute-
value pairs out of k possible ones. As the number of choices
is equal to the number of m-combinations of a set with k
elements, the probability of this choice is

p(x) = (%)

m

(assuming that data are uniformly distributed). According to
information theory the minimal code length (in bits) of the
message about the occurrence of instance x in data is

L(x) = —log,p (x) = log, (,I;)

To get the minimal code length of the data we multiply the
minimal code length of x by the number of instances, i.e.

k

L(D) = ID| x log, ;)
Let us consider a clustering of the data into n clusters, i.e.
D = Cy U C, U... U Cy. This clustering may be viewed as
an alternative description of the data, a hypothesis H.
According to the MDL principle (Quinlan and Rivest 1989)
the best hypothesis should minimize the code length of the
data described by the hypothesis. Formally, this means
minimizing the sum of the code length of the hypothesis
itself and the code length of the data given the hypothesis,

i.e. L(H)+L(DIH), or maximizing the difference L(D)-
L(H)-L(D|H), called Information Compression.

Assuming that there are k; attribute-value pairs in each
cluster Ci, we can represent the minimal code length of H as

LU = B (log, () + oge )
The term in the sum represents the number of bits needed to
encode the description language for each cluster (choosing
ki out of k attribute-value pairs) and the cluster label
(choosing one out of n cluster labels). Once we
communicated the hypothesis, encoding each cluster comes
to encoding each instance in C;. Using the same reasoning
as for computing L(D) and summing up over all clusters we
represent the code length of the data given the hypothesis as

k;
LODIH) = Bi,1Cil log, ()
Thus MDL of H (clustering C; U C; U... U Cp) is
MDL(C, U C, U...U C,) = X, MDL(C;) ,

where Y-, MDL(C;) =

k k:
3t (10g2 (i) + log2 m +1cil10g (1)) @

Let us discuss an example of computing MDL using the
classical play tennis dataset (Mitchell 1997), shown in
Table 1 (the play column shows the original class label).

outlook temperature | humidity | windy play
sunny hot high false no
sunny hot high true no
overcast hot high false yes
rainy mild high false yes
rainy cool normal false yes
rainy cool normal true no
overcast cool normal true yes
sunny mild high false no
sunny cool normal false yes
rainy mild normal false yes
sunny mild normal true yes
overcast mild high true yes
overcast hot normal false yes
rainy mild high true no

Table 1. Paly Tennis dataset

In this dataset we have 4 attributes (m=4), and the total
number of different attribute-value pairs is k=10 (3 values
of outlook, 3 values of temperature, 2 values of humidity,
and 2 values of windy). Thus the code length of the data is

L(D) = |D| x log, (11:1) = 14 x log, (140) ~ 108.00

Let us consider three clustering models: H; — a single
cluster containing all instances, H, — 14 singleton clusters,
each one containing a data instance, and Hs — the clustering
based on the values of attribute temperature. When n=1
formula (1) is reduced to L(D), thus MDL(H;) = 108.00. In



clustering H, each instance is a cluster, so ki = 4 (the
number of attributes) and MDL(Hy) is

10 4
MDL(H,) :14x(logz( 4J+ log,14 +1x Iog2(4D =161.30

Hypothesis Hs has three clusters — Chot, Cmitg, and Ccool, €ach
one containing the instances with the same value of the
temperature attribute. The corresponding cluster parameters
are Knot = 7, Kmita = 8, Keool = 7, |Chot| =4, |Cmild| =6, |CcooI| =
4. The MDL of hypothesis Hsis computed as:

10 7
MDL(C,,,) = Iogz( ; j+ log, 3+4x |0g2[4j =29.01

10 8
MDL(C,i4) = Iogz( 8 ]+ log, 3+6x |092[4J =43.85

10 7
MDL(C,,) = Iogz( 7 ]+ log,3+4x |092(4j =29.01
MDL(H,) = MDL(C,,,) + MDL(C,,,) + MDL(C,,,,) =101.87

According to their MDL the best clustering is Hs. Also, it
is the only one that provides data compression, i.e.
MDL(Hs) < L(D). For the other two the compression is
negative or zero, i.e. it takes more information to encode
the data using the hypothesis than to encode the data alone.

This example also illustrates the idea of using MDL to
create clusters based on the attribute values, which is ex-
plored in (Markov 2015). In this paper, we use the same
MDL computation, however we create clusters using a
different approach. Our algorithm is described in the next
section.

MDL Clustering Algorithm

The algorithm is shown in Figure 1. It starts with the initial
dataset D, considered as a single cluster.

1. Input data D
2.C=90
3.While |D| > 0] for each xeD do the following:
MDL; = MDL(D\x U C U {x})
MDL, = MDL(D\x U C + x)
D =D\x
If MDL, < MDL, thenC = C U {x}
elseCc=C+x
4. Return clustering C

Notes:

e MDL is computed according to Formula (1).

e (C + x means inserting x in one of the
clusters in C, which minimizes MDL.

Figure 1. MDL clustering algorithm

Then at each step, an instance is removed from D and ei-
ther added to one of the existing clusters or used to create a
new cluster. Thus, for each instance two MDL scores are
computed — one, when the instance is removed from D and
added to an existing cluster and another one, when the in-
stance is removed from D and used to create a new cluster.
Computing these scores requires updating the attribute
value counts for each cluster (k; in Formula 1), which can
be done by one pass through the attributes to add or re-
move their corresponding values. Thus, with m attributes,
d data instances, and n clusters, the running time of the
algorithm is bounded by O(mnd). This computational
complexity is lower than other popular algorithms (like k-
means and EM) because our algorithm does not use itera-
tions and convergence.

An example run of the MDL algorithm on the soybean-
small dataset (described in the next section) is illustrated in
Figure 2.

MDL vs. Instance Number

MDL
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Figure 2. Algorithm performance on soybean-small dataset

The dashed line shows the values of MDL; and the solid
line — the values of MDL,. The points when MDL; <
MDL, are indicated with arrows and show when a new
cluster is added. This cluster is shown by the distribution of
the four class labels.

Empirical Evaluation

We evaluated our clustering algorithm on 18 datasets from
the UCI ML repository (Bache and Lichman 2013),
summarized in Table 2. We selected pure categorical, pure
numeric and mixed datasets with various number of
attributes and number of instances (deep and shallow data)
and also included a very sparse dataset (reuters-2class). In
the datasets, indicated with the suffix “~bin”, the numeric
attributes were discretized into 2-bins. The reuters-2class
dataset was created from the original reuters dataset by
including the instances from the two largest classes. The
class labels were ignored during clustering, and used only
for computing the accuracy. Our MDL algorithm was



Classification Accuracy | Davies-Bouldin Index Silhouette Index

k-means [EM |MDL |k-means|{EM |MDL k-means |EM |MDL

0.49 0.55| 0.76 173 | 192 3.52 0.19 0.12| 0.06

0.57 0.51| 0.76 215 | 217 2.16 0.24 10.20| 0.09

0.79 0.74] 0.61 3.71 |3.00 4.01 0.14 ]0.16| 0.02

0.73 0.73| 0.73 175 | 175 1.75 0.33 0.33( 0.33

0.96 0.94] 0.71 1.07 | 1.07 311 040 (037 0.01

0.59 0.67 | 0.54 2.02 | 1.86 1.77 0.00 {0.00| 0.01

0.57 0.63 | 0.70 183 | 248 4.85 0.07 0.06 | 0.01

0.56 0.66 | 0.70 421 | 422 6.52 0.09 |[0.02| 0.04

0.89 091 | 0.65 2.00 |2.00 2.02 0.08 0.08 | 0.07

094 1094 0.89 048 (049 | 0.0 0.66 |0.66| 0.49

0.49 0.64 | 0.67 143 | 149 2.15 0.14 0.11 | 0.07

0.45 0.55| 0.73 149 | 137 2.02 0.11 0.18 | 0.10

0.67 072 0.65 | 20.23 |[31.75| 34.44 0.30 [0.23| 0.05

0.67 0.63 | 0.58 225 | 2.02 1.43 0.00 0.00 | 0.04

0.66 0.60 | 0.65 078 |0.71 2.08 049 ]052]|0.26

1.00 1.00| 1.00 0.79 |0.79 0.79 0.48 0.48 | 0.48

0.41 0.39 | 0.66 221 [204| 225 0.00 |0.01| 0.05

b Attributes | ol
ataset nstances | Classes
Nom | Num Dataset
anneal 32 6 898 5
anneal-bin 32 0 898 5 anneal _
australian 9 6 690 2 annealjbln
australian-bin 15 0 690 2 australian
australian-bin
breast 0 9 699 2
- breast
ecoli 0 7 336 8 -
ecoli
german 13 7 1000 2
_ german
german-bin 60 0 1000 2 -
— german-bin
iris 0 4 150 3 —
iris
iris-3bin 4 0 150 3 ris-3bi
iris-3bin
lymph 15 3 148 4 lymph
lymph-bin 18 0 148 4 lymph-bin
reuters-2class | 2806 0 853 2 reuters-2class
segment 0 19 2310 7 segment
segment-bin 19 0 2310 7 segment-bin
soybean-small | 35 0 47 4 soybean-small
soybean 35 0 683 19 soybean
vehicle 0 18 846 4 vehicle

0.37 0.37 | 0.46 210 | 1.96 1.83 0.03 [0.03| 0.04

Table 2. Datasets used for evaluation

compared with the k-means and Expectation Maximization
(EM) algorithms. We didn’t consider our early MDL-based
algorithm (Markov 2015) because it was a hierarchical
approach, while k-means an EM are partitioning algorithms
as ours. We used the Weka system (Hall et al. 2009) and
ran the algorithms with their default parameters and the
number of clusters set to the known number of classes
(ground truth). To minimize their dependence on
initialization (the initial clustering) we ran each one 10
times with different random seeds and the clustering, which
minimized the sum of squared errors for k-means and
maximized the log-likelihood for EM, was used for
comparison.

We used three well-known clustering evaluation
measures — classification accuracy, Davies-Bouldin Index,
and Silhouette Index. The classification accuracy uses the
known class labels (ground truth) and is computed as the
proportion of instances from the majority class in the
clusters (the result from classes-to-clusters evaluation in the
Weka system). The Davies-Bouldin Index is a measure of
cluster separation and calculates the average similarity
between each cluster and its most similar cluster, with
lower values indicating better clustering. The Silhouette
Index measures how similar an instance is to its own cluster
compared to other clusters, ranging from -1 to +1, with
higher values indicating better clustering. The results from
computing these measures on each datasets are shown in
Table 3.

The experimental results show that the performance of
our MDL algorithm is generally comparable with k-means
and EM. It shows good classification accuracy and

Table 3. Evaluation results

outperforms k-means and EM on most of the datasets, while
its Davies-Boulding and Silhouette scores are relatively
lower. This may be explained with the mechanism it uses to
create clusters, minimizing their MDL score. This means
maximizing the number of shared attribute values in the
clusters, which seems consistent with the class labeling of
data instances (ground truth). The k-means and EM
algorithms try to create clusters with better statistical
properties, which are directly measured with the Davies-
Boulding and Silhouette metrics. Another trend in the
results is that our algorithm performs better on datasets with
more nominal than numeric attributes. This is because the
MDL measure is more sensitive to data that have more
shared attribute values, while the numeric attributes usually
have many distinct values. The results from the reuters-
2class dataset show that our algorithm can also deal with
highly dimensional and sparse data, but still not as well as
k-means and EM. This can be explained with the way the
cluster MDL score is computed. With high dimensional
sparse data, adding or removing a single instance from the
cluster changes its score insignificantly. These features of
our MDL algorithm need to be further investigated with
more extensive experiments and will be addressed in the
future studies.

Conclusion

In this paper, we described an MDL-based measure for
evaluating clustering quality and presented an algorithm
that uses this measure for clustering. We evaluated our
algorithm on a set of benchmark data and showed that its




performance is comparable with two traditional clustering
algorithms, k-means and EM. The empirical study showed
that the algorithm performs well with categorical and low
dimensional data and the clustering it creates is close to the
ground truth. We also identified the reason why the
algorithm doesn’t perform well with numeric data, which
lies in the mechanism of computing the MDL measure. As
originally designed our MDL encoding scheme is based on
counting attribute values, which obviously works well with
categorical data. In this respect, modifying the MDL
encoding scheme to deal with numeric data would be a
possible way to improve the algorithm. Our future work
will be focused on this direction, along with a deeper
analysis of the advantages and drawbacks of our algorithm
when applied to bigger and more diverse datasets.
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