NPIR Description

NPIR is a clustering algorithm which explores the characteristics of the data
points to group similar data points into the same clusters and dissimilar data
points into different clusters. It is based on the nearest neighbor search technique
in finding a k-nearest neighbor to a certain point. The algorithm iterates to
assign data points to the most suitable clusters. It performs Election, Selection,
and Assignment operations to assign data points to appropriate clusters. In this
section, we discuss the algorithm details, operations, and pseudocode. A simple
example is also presented to illustrate the algorithm more further. Furthermore,
the complexity of the algorithm is discussed.

1 NPIR description and steps

The main idea of NPIR is to find the nearest neighbors for the points that
are already clustered based on the distance between them and cluster them
accordingly. In general, NPIR names the nearest neighbors for the points that
are already clustered as Nearest points. Thus, NPIR finds the Nearest point
for an already assigned point and then clusters the Nearest point to the same
cluster of the assigned point under some conditions which are discussed in this
section.

The algorithm takes as an argument a data set containing the points that
need to be clustered along with three parameters that need to be determined
before running the algorithm, the parameters are:

e The number of clusters (k). The value of k can be any integer larger than
1.

e The indexing ratio (IR). This parameter controls the amount of possible
reassignment of points. That is, higher I R value means that the assigned
points have more possibility for reassignment. In contrast, lower I R value
means that the assigned points have less possibility for reassignment. The
value of IR should be between 0 and 1.

e The number of iterations (7). It determines the number of times the algo-
rithm repeats. Therefore, the algorithm terminates when the maximum
number of iterations i is reached. The value of ¢ can be any integer larger
than 0.



At a preparatory stage, the algorithm generates the distance vector for each
point. The distance vector of a point is a vector that contains all the other points
in the data set sorted in ascending order according to the distance between them
and the corresponding point. In addition, a pointer is defined for each distance
vector which indicates the current index of the vector. At this stage, the current
index of the pointer for all vectors refers to the first index of the vector. In
practice, K-dimensional tree [2, 1, 3] can be used instead of the distance vectors
for large data sets to calculate the distance between each pair of points which is
discussed more further at the end of this section. However, we use the distance
vector data structure for small data sets and we consider it in our discussion for
simplicity.

Furthermore, suppose we have 4 points in space with defined distances be-
tween them as shown in Figure 1. Each point has its own corresponding distance
vector and a pointer at the first index of the vector. For example, a distance
vector for a given point P1 consists of points P2, P4, and P3 which are sorted
according to the distance between them and P1 with distance values of 3, 6,
and 8 respectively. In addition, the current index of the distance vector for P1
is the index of P2 which is defined using the pointer of the distance vector of
P1. The figure also shows the distance vector and its corresponding pointer for
points P2, P3, and P4. The distance vectors and their pointers are used later
to select the points that are considered for clustering.
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Figure 1: Data Points and the Distance Vector for each based on the distance
between each pair of point.
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The algorithm starts by randomly assigning an initial point for each cluster
resulting in k initial points. The initial points are used to assign other points to
the clusters. The algorithm then iterates for a predefined number of iterations
according to the ¢ parameter discussed earlier. For each iteration in 4, inner
iterations are also executed to allow for assignment for the unassigned points
and reassignment for the already assigned points. For each inner iteration,
one point is considered for assignment using the following operations which are
illustrated in an example of 28 points:



e Election: It randomly elects one of the points that are already assigned
to a cluster and names it as 'Elected' or shortly as 'E' which is illustrated
in Figure 2. Upon the assignment of the initial points, the election is
done for one of the initial points. In contrast, the remaining elections
are done for one of the already assigned points. The election operation
is random and is conducted in no predefined order. Furthermore, a point
might be elected several time while other points are not elected at all.
The randomness behavior of such operation gives advantage of defining
different shapes for clustering and enhancing the diversity of searching for
data points in space.

e Selection: The point at the pointer of the distance vector of the Elected
is selected and is named 'Nearest' or shortly as '"N' and the pointer is
incremented by one for possible next selection. Figure 3 illustrates the
selection process for the Nearest; Figure 3a illustrates the selection of the
Nearest and Figure 3b illustrates incrementing the pointer.
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Figure 2: Election Operation which randomly elects one of the points that are
already assigned to a cluster.
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Figure 3: Selection operation. (a) Selection of P2 as the Nearest point for point
P7 which is the point with an index at the pointer of the distance vector of the
Elected; (b) increment pointer of the distance vector of the Flected.

e Assignment: To assign the Nearest to the cluster of the Elected, a check



must be made in order to decide if the Nearest should be assigned to the
same cluster as the Elected. The following are possible conditions for the
Nearest:

— Case 1: The Nearest is not yet assigned to a cluster. In this case,
the Nearest is directly assigned to the cluster of the Flected and
the Elected is marked as the 'Assigner' or shortly as 'A' for the
Nearest. Therefore, the Assigner is the point that has been Elected
and has successfully assigned the point to its cluster (see figure 4a).
In addition, the Nearest is added as a descendant to the Assigner.
A tree data structure with hash table is used for marking preceding
parent and descendants.

— Case 2: The Nearest is already assigned to the same cluster of the
Elected. Therefore, no reassignment is made (see figure 4b). As a
complementary step, the Elected might become the new Assigner
for the Nearest if it is closer to the Nearest than its old Assigner.

— Case 3: The Nearest is already assigned to a different cluster than
the Elected. In this case, the algorithm checks if the Nearest should
move from its cluster to the cluster of the Elected by measuring the
distance between the Nearest and its Assigner, and the distance
between the Nearest and the FElected. Then it compares the two
calculated distances. The following apply:

x Case 3a: If the distance between the Nearest and the Assigner
(d1) is less than or equal to the distance between the Nearest
and the Elected (d2), then the Nearest does not move to the
cluster of the Elected (see figure 4c).

x Case 3b: If the distance between the Nearest and the Assigner
(d1) is greater than the distance between the Nearest and the
Elected (d2), the Nearest moves to the cluster of the Flected
(see Figure 4d) and the FElected is marked as the Assigner for
the Nearest. In addition, the Nearest is added as a descendant
to the Assigner. The reassignment of the Nearest to the clus-
ter of the Flecetd can avoid the termination of cluster shaping
process at early stage. It is highly probable that the points on
the boundaries will be finally reassigned according to the corre-
sponding elected point. Unlike partitional clustering algorithms
like K-means which usually fall in local optima and get stuck into
fixed shapes of clusters, NPIR explores more shapes by reassign-
ing points over the course of iterations and can handle arbitrary
shaped clusters.

The inner iterations terminate when all points are assigned and TotallIndex
value is reached. The TotalIndex value is calculated using the following formula:

TotalIndex = Round(IR *n?) (1)



(d) Case 3b: Different cluster (d1 > d2) — Reassignment

O Unassigned point O Cluster 1 Cluster 2@ Cluster 3

Figure 4: Assignment operation. (a) Casel: Unassigned Nearest is assigned to
the cluster of the FElected; (b) Case2: No assignment for the Nearest if it is
assigned to the same cluster of the Elected; (c) Case 3a: No assignment for the
Nearest if it is assigned to a different cluster than the Elected and d1 <= d2;
(d) Case 3b: Reassignment of the Nearest to the cluster of the Elected if it is
assigned to a different cluster than the Elected and d1 > d2.



where IR is the indexing ratio, and n is the number of points. Totallndex
value represents the amount of possible reassignment of points. n? represents
the size of all the distance vectors since n points have n number of elements in
the distance vector. Therefore, TotalIndex represents the total indices reached
for all the points which is the amount of possible reassignment of points since
IR value falls between 0 and 1. This allows for more possible reassignment of
points depending on the IR value even after all points are already assigned.

Furthermore, when the inner iterations terminate, pointers are reset and
points to the first element of the distance vector for all the points which allows
for more possible reassignment of points for the next iteration in 4.

NPIR is described by the pseudocode given in Algorithm 1. As shown from
the pseudo code, The algorithms accepts 3 parameters; k, IR, and ¢ along with
the set of points that are considered for clustering. The preparatory steps are
performed in lines 2 - 4 which creates the distance vector and calculates the
TotalIndex value. The algorithm starts in line 5 upon selecting the initial
points. i iterations are performed in lines 6 - 22 where it terminates when the
value of i is reached. For each iteration in 7, inner iterations are performed to
assign points to clusters which are performed in lines 7 - 20 where it terminates
when all points are clustered and TotalIndex value is reached. For each inner
iteration, the election, selection, and assignment operations are performed
in lines 8, 9 - 11, and 12 - 19 respectively. Case 1, 2, and 3 of the assignment
operation are shown in the if statement in line 12. Each iteration in ¢ terminates
by resetting the pointer for all the distance vectors as shown in line 21. The
algorithm then returns the predicted assignment for each point as presented in
line 23.

The following notes are applied in the algorithm:

e Distance vectors construction can be replaced by K-dimensional tree data
structure [2, 1] for faster execution. K-dimensional tree is a binary search
tree used with nearest neighbor search tasks to organize data points into
K-dimensional space with the aim of finding a nearest point to some other
point in the fastest possible way. It can be used in NPIR for large data
sets to fasten the process of constructing the nearest neighbors of every
data point in space. Thus, we can construct the K-dimensional tree at the
preparatory stage and use it in later stages for finding the Nearest of an
Elected in the Selection operation.

e When an assigned point is selected as the Nearest from an Elected point
and is reassigned to the cluster of the Flected, all the descendants of the
Nearest point are also reassigned to the cluster of the Flected. Descen-
dants are the points that have the Nearest or any other descendant of the
Nearest as their Assigner.

e If the IR value is zero which results in zero value of T'otalIndex, then the
inner iteration terminates just upon assignment of all points. That is, the
algorithm executes in its simplest form where an iteration terminates once
all points are assigned. Also, if the IR value is 1 which is the maximum



Algorithm 1 NPIR Pseudo Code
Input: Points, K, IR,
Output: The predicted assignments
1: procedure NPIR
2: Initialize index, iterations
3: create a distance vector for each point containing sorted distances be-
tween this point and all the other points

4: TotalIndex =Round(IR * (#Points)?)

5: Select k random points as the initial points for the clusters

6: repeat

7 repeat

8: blueRandomlyblack elect an assigned point and mark it as
Elected (E)

9: Select bluethe point at the pointer of the distance vectorblack of
the Elected

10: Mark the selected points as Nearest (N)

11: Increment FElected pointer by 1

12: if Nearest is not assigned yet to a cluster or

13: (Nearest is assigned to a different cluster
14: than the Elected and
15: distance(N,E)<distance(NN,A)) then

16: Assign the Nearest and its bluedescendantsblack to the clus-
ter of the Elected

17: Mark the FElected as the Assigner (A) for the Nearest

18: blueAdd the Nearest as a descendant to the Assignerblack

19: if blueOld cluster of the Nearest becomes emptyblack then

20: blueAssign a random point to the old empty cluster of the

Nearestblack

21: end if

22: end if

23: until All points are clustered and index++<TotalIndex

24: Set the pointer to the first element of the distance vector for all points

25: until iterations+4 <4

26: return the predicted assignments

27: end procedure




value for the IR, then all the points are marked as Nearest by every other
point marked as FElected. In other words, the pointer for all the points
reach the last index for the distance vector for each iteration in 4. This
adds unnecessary complexity having more election of points with more
selection of far points with no reassignments which is not recommended.

Upon moving the Nearest to the cluster of the Elected and if the cluster
of the Nearest contains the Nearest and its descendants only, then a new
random point is selected to be clustered to the cluster of the Nearest
so that the cluster is not left empty and the k value is preserved. The
random point is selected from the pool of points that are not yet assigned.
However, if all the points are already assigned, then the random point is
selected from the pool of points that are already assigned and is assigned
to the cluster of the Nearest along with its descendants.

An FElected point might be elected more than once allowing for the selec-
tion of a different Nearest by the Elected which makes the detection of
dense clusters more possible and more reassignments are also possible.

If case 3 is applicable for the Nearest but the Nearest does not have an
Assigner which is the case if it was selected as an initial point, then the
decision is made for case 3b and the Nearest is reassigned to the cluster
of the Elected to allow for less identification of null Assigners and less
dependency on the random selection of the initial points which can avoid
fixed shaped clustering at early iterations.
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