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Abstract. This paper presents a paralellization of the incremental al-
gorithm inc-k-msn, for mixed data and similarity functions that do not
satisfy metric properties. The algorithm presented is suitable for process-
ing large data sets, because it only stores in main memory the k-most
similar neighbors processed in step t, traversing only once the training
data set. Several experiments with synthetic and real data are presented.
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1 Introduction

The k-nearest neighbor classifier (k-NN) [1] has been widely used as a non-
parametric technique in Pattern Recognition due to its simplicity and good
performance. The classical k-NN algorithm classifies a new object storing the
whole training set in main memory and computing the distance of the training
objects with the new object. Then, the algorithm sorts the obtained distances
and finally, it obtains the k-objects with the lowest distance. The assigned class
to the new object will be the majority class of the k-most similar objects.

Since this paradigm is used in different applications, several alternatives of k-
NN classifiers have been developed. Some of them are presented in related work
as fast k-NN classifiers [2, 3]. These algorithms have been developed to process
large datasets over several problems, such as on-line value analysis, air traffic
control or intrusion detection. However, some of these problems are defined by
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datasets with high dimensionality, where a comparison function can be very ex-
pensive, so it is recommended to decrease the number of comparisons with the
training objects [4]. To solve different classification problems, it is necessary to
process large training sets, which in some cases storing them in main memory
is not feasible. Examples of problems with large training sets are: hyperspec-
tral images of high resolution with at least 256 bands [5], banking or company
transactions groups [6] and so on. To process this kind of problems, several in-
cremental and static k-NN algorithms have been developed [7, 8]. However, if
data are updated, these k-NN algorithms must be executed again to process the
new whole training set. This drawback limits the use of static algorithms when
updates are inevitable. For example, in sampling methods for data mining, it is
required to have algorithms that allow updates in both, the sample and the origi-
nal data, in order to evaluate the accuracy of the sample [9]. As an alternative to
solve this problem, it has been developed a k-NN algorithm that allows updates
over the dataset in an incremental way [10]. In environments where datasets
are not static, k-NN algorithms can do the sample periodically; therefore they
provide the accuracy of the data using an efficient way.

Nevertheless, most of these proposed k-NN classifiers have been designed to
process only numeric data, which use metric functions. In this way, these methods
apply metric properties to reduce the number of comparisons between objects.
However, many real applications are described by numeric and categorical at-
tributes (mixed data) [11] and in some cases, the comparison function does not
satisfy these metric properties. For this reason, it is not always feasible to apply
the developed k-NN classifiers to process objects with mixed descriptions.

In order to solve this problem, it has been developed a fast k-Most Similar
Neighbor algorithm (k-MSN ), which works with mixed data and uses a tree
structure [12]. Although this algorithm gives a solution to the drawbacks pre-
sented in this section, k-MSN does not allow updates in the training set because,
due to its static construction, it has to generate again the tree for including a
new object. Recently, an incremental k-most similar algorithm (denoted by inc-
k-msn) which works with mixed data and processes large data sets has been
proposed [13]. This algorithm allows updates in the training set. However, when
the size of the data set is very large or the dimentionality of the attributes is
medium or high, the processing time of this algorithm increases significantly.
Different applications in data mining require k-NN and k-MSN algorithms that
allow updating the training set. Besides, it is important to avoid storing the
whole dataset in main memory, especially when the set is very large. In the
area of learning and information processing, when a significant amount of data
is processed, in order to make more efficient the construction of a model, sev-
eral algorithms have been parallelized [14, 15]. Some of them use multiprocessor
computer architecture [16].

In this work, it is presented a paralellization of inc-k-msn, denoted by par-inc-
k-msn, which gives a solution to some of the above problems, with the following
contributions:
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– The proposed paralellization of inc-k-msn allows processing large and very
large mixed datasets, using a processing time significantly less than the in-
cremental algorithm inc-k-msn. Besides, par-inc-k-msn allows inserting new
objects to the training set, obtaining the k-most similar neighbors doing only
the comparison of the inserted objects with the object to be classified, with-
out processing again the whole updated training set. In addition, to classify
a new object, it only traverses once the training set.

– par-inc-k-msn is feasible to be executed in personal computers or worksta-
tions with multi-core processors using multi-thread programming.

2 Definition of the Problem

Let U be an object universe, which it is not necessarily finite. Each object oi ∈
U is described by an attribute set R = {x1, x2, ..., xn}, and the objects are
distributed in d-classes {S1, S2, ..., Sd}. Each attribute xi ∈ R can takes values
of a set Mi, i = 1, ..., n, which determines the nature of the attribute, numeric
or categorical. Let TM = {o1, o2, ..., om}, TM ⊆ U be the training set of the
objects belonging to U . When mixed data are handled, a fundamental concept is
the analogy or similarity between objects, which can be formalized by a function
of similarity or dissimilarity [17].

A comparison criterion Ci : Mi × Mi → Li is associated to each attribute
xi, i = 1, ..., n, where Ci (xi(o), xi(o)) = min{y}, y ∈ Li if Ci is a dissimilarity
criterion between values of the attribute xi or Ci (xi(o), xi(o)) = max{y}, y ∈
Li if Ci is a similarity criterion between values of the attribute xi. Ci is an
evaluation of the similarity (or dissimilarity) degree among any two values of
the attribute xi, i = 1, ..., n, where Li is a totally ordered set. A magnitude
can be computed between each pair of objects in U . This magnitude is obtained
applying a similarity function FS, which can be defined by any subset of R.
When mixed data are handled, there are similarity functions that do not satisfy
the triangle inequality [18].

The problem in this work is about supervised classification, from a training
set TM , the algorithm allows assigning to a set of objects ot ∈ U , ot /∈ TM a
specific class Si, i = 1, ..., d.

3 The Proposed Algorithm

To perform the classification task, the proposed paralellization generates several
threads running in different cores, assigning to each one a portion of the training
data set. In the same way that inc-k-msn, each thread generated by par-inc-k-
msn processes one by one the assigned portion of objects of the training set, even
if new objects are added to it. par-inc-k-msn does not store the whole training
set in main memory. Each generated thread only keeps the object to be classified
and their k-most similar neighbors computed until step t (i.e. when the object t
of the training set has been processed).
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For each object of the training set that par-inc-k-msn processes, the k-most
similar neighbors are obtained in a partial way, distributed in the spawned pro-
cesses. When all objects in training set are processed, the proposed algorithm
computes the same k-most similar neighbors than the classical algorithm, join-
ing the partial k-msn calculated by each thread, but with the difference that
par-inc-k-msn can continue adding new objects, following the same processing
philosophy used with the first training objects. This fact guarantees that the
accuracy of the classifier does not decrease. The principal difference of the pro-
posed algorithm and static algorithms reported in related work is that these
latter need the whole training set to obtain the k-most similar neighbors. On
the other hand, par-inc-k-msn generates the k-most similar neighbors between
each object of the training set and the object to be classified. In this way, at
step t+1, the algorithm allows using the k-neighbors generated with the objects
processed until step t, with the remaining training objects. This procedure al-
lows to the proposed algorithm handling new added objects to the training set,
processing them as any other training object. This characteristic makes differ-
ent the proposed algorithm from the developed static algorithms, which have to
process again the whole training set when it is updated.

In a general way, par-inc-k-msn works as follows: first, the algorithm calculates
the number of objects assigned to each process shall, dividing the size of initial
training set, by the number of threads to generate. Second, each thread is created
and the portion of objects to be processed by it is assigned. Third, each thread
executes the inc-k-msn algorithm, but working only over its portion of assigned
objects, and when each process terminates, then the thread sends to the main
process the list of the generated k-msn. Finally, the main process generates the
list of k-msn. To generate the resultant list, each element is taken incrementally
of the partial lists to add or delete it to the current list of k-neighbors. It may
be that some elements previously stored being displaced by other elements that
are more similar neighbors than they. If new objects are added to training set
or there are new objects to be classified, the same procedure is applied. The
diagram of the proposed paralellization is shown in Figure 1.

4 Experiments

In this section, in order to show the performance of par-inc-k-msn, a comparative
table with some training sets reported in [12] is presented. Besides, it is shown the
results of the proposed algorithm and the inc-k-msn algorithm over large training
sets to compare their behavior. In the first example, to verify the behavior of
the proposed algorithm using 2, 3 and 4 threads, it was taken only the tests
that show the processing time of the fast k-msn algorithm, reported as the
most efficient algorithm in [12]. This work uses 4 synthetic datasets with: 2000
(1800 training objects and 200 test objects), 3000 (2700 training objects and
300 test objects), 4000 (3600 training objects and 400 test objects) and 7200
(6480 training objects and 720 test objects) objects. In addition, it is shown the
results obtained by inc-k-msn algorithm. All datasets reported in [12] have 2
attributes and a value of k = 1. Similarly, other dataset was generated with the
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Fig. 1. Diagram of the proposed paralellization, usign h-threads

previous characteristics, in order to do a reliable comparison between processing
times. These results are shown in table 1. par-inc-k-msn algorithm was designed
in Java using multi-thread programming. In [12] was reported that tests were
performed in a PC Intel Pentium Processor 3.0 Ghz, with 4 cores and 1 GB of
RAM memory. In the other hand, all previous tests for inc-k-msn and par-inc-
k-msn were performed in a PC with Intel Pentium Processor 3.3 Ghz, with 4
cores, 8 GB of RAM memory and using Mandriva Linux 2010.

Table 1. Processing time in seconds, obtained by fast k-msn, inc-k-msn and par-inc-
k-msn, generating 2, 3 and 4 threads, with k = 1

Objects to Training Test Processing time (in seconds)
algorithm paralellization

process objects objects fast k-msn inc-k-msn 2 process 3 process 4 process

2000 1800 200 0.485 0.4 0.4 0.2 0.2

3000 2700 300 0.812 0.6 0.6 0.3 0.3

4000 3600 400 1.139 0.8 0.8 0.8 0.4

7200 6480 720 7.63 4.32 2.16 2.16 0.72

726480 6480 720000 7630 4320 2160 2160 720
(2.1 hr) (1.2 hr) (0.6 hr) (0.6 hr) (0.2 hr)

In the second example, several synthetic datasets were used, each one with
the following characteristics: a) 6 sets, from 500,000 to 3,000,000 of objects,
with increments of 500,000 objects, described by 3 features, with k = 5, and
classifying one object. Results of these experiments are shown in figure 2.
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Fig. 2. Processing time in milliseconds, obtained by inc-k-msn and par-inc-k-msn,
generating 2, 3, 4, 5 and 6 process, with k = 5

Table 2, shows the value of the ratio between the processing time execution
of the incremental algorithm and their paralellization with 2, 3, 4, 5 and 6
processors, using as reference the values shown in figure 2. Besides, in this table,
are incorporate the: minimum, maximum, average, and ideally ratio values, as
a result of dividing the processing time between the number of used processors.
These test were performed in a PC with AMD processor 3.5 Ghz, with 6 cores,
8 Gb of RAM memory and using Mandriva Linux 2010.

Table 2. Ratio between processing times of the incremental algorithm and their par-
alellization

Objects processed 2 process 3 process 4 process 5 process 6 process

500000 1.84 2.55 3.54 4.10 4.17
1000000 2.4 2.95 3.62 4.44 4.44
1500000 1.95 2.83 3.57 4.12 4.23
2000000 1.98 2.78 3.55 4.15 4.41
2500000 1.64 2.30 2.71 5.76 5.90
3000000 1.57 3.01 4.72 6.14 6.35

Minimum value 1.57 2.30 2.71 4.10 4.17
Maximum value 2.04 3.01 4.72 6.14 6.35

Average 1.83 2.73 3.61 4.78 4.91

Ideally 2 3 4 5 6

4.1 Discussion

In table 1, it can be noticed that proposed par-inc-k-msn algorithm has a higher
behavior over fast k-msn and inc-k-msn algorithms, since it was designed to
process large datasets (millions of data) and its application over this kind of
datasets is adequate (including large training and/or test sets). When par-inc-
k-msn uses a greater number of threads running in the cores of processor, the
processing time decreases significantly. Besides, it is important to highlight that
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algorithms like fast k-msn do not have the property of adding new training
objects without the necessity of processing again the whole training set, property
included in the proposed algorithm. In figure 2, it can be observed a higher
behavior of the proposed algorithm over the inc-k-msn algorithm. When used
5 and 6 threads, par-inc-k-msn maintains its processing time stable, even when
the number of objects in the training set increases significantly. As we can see
in table 2, the average ratio obtained with the parallelizing algorithm is less and
near than the ideal ratio, for all tests. Therefore, par-inc-k-msn is a good option
to process large datasets. In addition, the following formula was obtained using
the estimated time of how long it takes the algorithm to process a data set, using
n-processors: T/(k ∗ n), where T is the processing time used by inc-k-msn and
k = 0.9 was estimated, according to the results obtained.

5 Conclusions

This work introduces a paralellization of inc-k-msn, called par-inc-k-msn, which
can handle mixed data and similarity functions that do not satisfy metric prop-
erties. The proposed algorithm allows processing datasets without storing them
in main memory, besides new objects can be added to the training set, with-
out processing again the whole training set. Besides, par-inc-k-msn advantages
the resources provided by computers with multi-core processors. The proposed
algorithm is able to process several similarity functions as well as distances to
generate the k-most similar neighbors. However, the algorithm is not designed to
process functions that are computed with all training objects, like the median.
This is because the algorithm does not store all the comparisons with the train-
ing objects and it does not sort all the computed similarities. Other limitation
of the proposed algorithm is that it cannot work with non-symmetric similarity
functions.

In this work, there is not a specific application over a real problem using the
proposed algorithm. However, there are several real classification problems for
which the application of the proposed algorithm is appropriated, because they
increase the number of the objects from the original dataset. Some applications
of this kind are: a) detection and classification of epidemics in population, since
the original sample of infected patients may increase with different mutations of
the virus; b) fraud detection with credit card payments, where different ways of
frauds are increased as they are detected; and so on.
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