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ABSTRACT

Agglomerative clustering, and Ward's method in particular, provides good clustering accuracy for most applications. However, its use has been
limited by quadratic time complexity which makes it slow for large datasets. It also consumes O(N?) memory in the case of non-vectorial data. In
this work, we propose a fast variant of Ward's method which reduces the number of distance calculations and only needs O(N) memory. It works by
constraining the merges to neighbor nodes on a graph. The graph used in the method is a novel fully connected graph which consists of multiple
approximate travelling salesman problem (TSP) solutions. This avoids the problems caused by disconnected graph components which may happen
with a kNN graph. The method is general and works for all types of data where a distance function can be defined. For a dataset of size 1.28 million,
the proposed method has a speedup factor of 25:1 for identical results with the best exact implementation of Ward's method. The algorithm allows
a flexible compromise between clustering result quality and running time. For a moderate degradation in quality (NMI 0.90 to 0.80), the speedup
factor improves further to 625:1. The proposed TSP-graph can also be used in other applications where a connected neighborhood graph is needed.

2022 Elsevier Ltd. All rights reserved.

1. Introduction

Agglomerative clustering is a hierarchical clustering method
which iteratively merges clusters until all points are in the same
cluster [1]. Compared to k-means type of partitional clustering, it
has the benefit that it produces a result with all possible number of
clusters. It has been used widely for many different types of
applications, including version identification of malware programs
[2], estimating the number of wolves by clustering their howls [3],
vector quantization [4], language processing [5] and in the
biological sciences [6,7].

However, the use of agglomerative clustering has been limited
by high time complexity and memory use. For example, a
straightforward implementation of Ward's agglomerative
clustering method has O(N?) time complexity. Speedup methods
exist that can improve the processing time to O(N?), but they either
have a high O(N?) memory requirement [8] or they are only
applicable for data in Euclidean space [9, 10]. Approximation
methods can provide results even faster, but they have thus far
been limited to only vector data [11, 12].

In this work we present a new method to speedup Ward's
agglomerative clustering in a way which is applicable for any type
of data for which a distance function can be formulated. It works
by constraining the merges to neighbor nodes on a graph.

We use a novel 7SP-graph for the graph. It is built from
multiple approximate travelling salesman path (TSP) solutions

* Corresponding author.

which makes it fully connected. It contains only the most relevant
links which are in most cases the same that an exact Ward’s
method would have used in the merge process. At the same time,
it disregards most of the pairwise distances which are usually
between faraway points. It requires only O(7N) memory where T’
is the number of TSP solutions (typically less than 100).

2. Agglomerative clustering

In this section we shortly discuss how agglomerative clustering
works and recall the previous improvements on its performance.
We use the following notations:

Xmi The i’th point in cluster m

d(x,y) Distance between points x and y

Cn The m’th cluster

Cm Centroid of cluster m

Ny, Size of cluster m

S Sum of squared pairwise distances inside cluster m

Sus Sum of squared pairwise distances between clusters
Aand B

The sums are calculated as follows:
Nm Nm
n=). D,

i=1 j=i+1
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Agglomerative clustering is a bottom-up hierarchical method
which starts by putting every point into its own cluster. Clusters
are then iteratively merged by joining the two clusters that are
closest to each other according to some linkage criteria (Table 1).
In this work we focus on Ward's method which minimizes the sum
of squared errors (SSE). Compared to k-means type of clustering,
agglomerative clustering has the benefit that it produces a result
with all possible number of clusters (2...N).

Originally the Ward's method was presented only for numerical
data [1]. Later Wishart [6] gave values for Ward's method that
allow updating cluster distances after the merge using the Lance-
Williams formula [13]. This effectively allows running Ward's
method for any kind of data where initial pairwise distances
between all points are defined. The generality of Ward's method
has also been discussed in [5, 14].

Table 1. Different ways of calculating merge cost between
clusters 4 and B.
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The use of Ward's method has been limited by its high time
complexity and memory requirements. A straightforward
implementation requires O(N°) processing time [15]. Several
techniques can make the method faster without compromising
quality. Kurita uses heap data structure and a distance matrix to
reduce the time complexity to O(N?logN) but it increases memory
requirement to O(N?) [16]. The NN-chain algorithm reduces time
complexity to O(N?) [17, 8]. This algorithm is fastest according to
Miillner [18] when input is stored as a distance matrix.

Franti&Kaukoranta [9] proposed to store only the nearest
neighbor pointers, and in this way, reduce the memory requirement
to O(N). They refer to as Fast Exact PNN. In case of vector data,
the cluster means (centroids) can be used to calculate merge cost
between two clusters in O(1) time [19]. Further speed-up is
achieved by the lazy update strategy [10], which delay the updates
of the nearest neighbor pointer until it is picked from the heap.
Miillner uses these same ideas in their Generic linkage algorithm
[8]. However, all these variants are lower limited by the same time
complexity of Q(N?).

A further improvement for Ward's method is possible for
certain types of data. In [4] mean-distance ordered partial search
(MPS) was used to speed up the search for the nearest cluster. The
MPS works for datasets that have low intrinsic dimensionality.
These include for example, 2D data or high dimensional data
distributed along the diagonal.

Different ways of approximation can make agglomerative
clustering even faster. In [11] O(N logN) time complexity was
achieved by constraining merges between nodes in a kNN graph.
Bouguettaya et al. [12] used k-means to generate a reduced dataset
and then clustered that using the agglomerative method. However,
these speedup approaches limit the applicability of the method to
only Euclidean data.

3. TSP-graph

The TSP-graph (Algorithms 1-2) consists of multiple linear
orderings of the dataset combined into one graph (Figure 3). In the
process of building the linear orders (Figures 1-2), we aim to

minimize the sum of distances between consecutive points.
Therefore, they can be seen also as crude solutions to the
Travelling Salesman Problem (TSP).

3.1. Motivation

The TSP-graph is related to other neighborhood graphs, such as
k nearest neighbor graph (kNN), and thus, it can potentially be
used for other applications beyond agglomerative clustering. As
the TSP graph is built from linear orderings of the data, it
guarantees that the graph is fully connected. This is an advantage
over kNN graph, which can contain disconnected components
especially when using low values of k. The consequence of this is
an occasional need for full searches for finding new nearest
clusters when the ANN list exhausts [27].

TSP-graph has also the benefit of having a fixed upper bound
for the number of neighbors. In TSP path, the nodes have only two
links. Constructing 7 paths can therefore produce at most g=2T7
neighbors. Conversely, in the ANN graph one node may be the
nearest neighbor for several other nodes, and the number of
neighbors is upper bound only by the kissing number [25], which
grows exponentially with the dimensions. This affects
recommendation systems where the same items tend to become
recommended repeatedly [26].

3.2. Construction of the graph

The construction of a single TSP path starts by selecting two
random points from the data. The dataset is then split into two
groups based on which of these two points are closest. After
splitting, a connection is added between the groups. The process
continues hierarchically until each group has only one point.

Figure 1.‘C’onstructing a crude TSP solution by hierarchical
random point division.

After splitting a group, we need to solve the connections to the
adjacent cluster. To achieve this, we keep track of the connections
between the groups and analyze them. In Figure 2, suppose we
split the group AB, containing A and B, and suppose the previous
connection was C-(AB)-D. After the split, we have two options:
either the connection C-A-B-D or C-B-A-D. We choose the one
with the smallest path between the representatives of C, A, B and
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Figure 2. To connect to groups after s-p;lit, the algorithm
selects the shortest path.
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Figure 3. Multiple TSP solutions combined to the TSP-graph.

Algorithm 1: createTSPGraph(X,T)
1 g = new Graph();

2 for i=1:T

3 tsp = [1,2...N]

4 llnode = new linkedList():;

5 tsp = randomPairDivision (X, tsp,llnode)
6 for j=1:N-1

7 g.addLink (3, j+1)

8 return g

Algorithm 2: randomPairDivision (X,tsp,llnode)
1 if size(tsp) <= 1:
2 return tsp

3 A = rand(l,size(tsp))

4 B = rand(1l,size(tsp))

5 tspA=[];tspB=[]

6 for x in tsp:

7 if d(X[x],X[A]) < d(X[x],X[B]):

8 tspA.add (x)

9 else:
10 tspB.add (x)
11 LA = d(X[A],X[1llnode.left.id])
12 IB = d(X[B],X[1llnode.left.id])
13 RA = d(X[A],X[llnode.right.id])

1

14 RB = d(X[B],X[1llnode.right.id])
15 (nodeLeft,nodeRight) = llnode.split()

16 if LA+RB < LB+RA:

17 nodeLeft.id=A; nodeRight.id=B;

18 tsplL = randomPairDivision (X, tspA,nodeLeft)
19 tspR = randomPairDivision (X, tspB,nodeRight)
20 else:

21 nodeLeft.id=B; nodeRight.id=A;

22 tspl = randomPairDivision (X, tspB,nodeLeft)
23 tspR = randomPairDivision (X, tspA,nodeRight)
24 tsp = tspL+tspR

25 return tsp

F igure 4. In graph constrained é.éélomerative clustering
merges are allowed only between neighbors in the graph.

4. Clustering using TSP-graph

The main bottleneck of agglomerative clustering is the need to
calculate all O(N?) distances between clusters when selecting the
pair of clusters to merge. Instead of calculating distances between
all clusters, we allow merges only between nodes that are
neighbors in the graph. The TSP-graph has a maximum of g=2T
neighbors for each node, which reduces the possible merges from
O(N?) to O(gN). We consider values 7=2...100 in our experiments.

4.1. Merge Cost

We follow the Ward's method and optimize the sum of squared
errors (SSE) when selecting the two nearest clusters to merge. The
SSE is most often calculated in centroid based clustering as the

sum of distances to the nearest centroid. This limits its use to
vectorial data as the centroid cannot be calculated for all types of
data. However, the SSE can also be formulated in a more general
way by using the sum of all squared pairwise distances inside the
cluster. This allows to use it for all types of data for which a
distance function can be formulated:

SSE = Z Z A, )2
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The key point here is to notice that the squared distance to the
centroid is the same as the expected squared distance to any point
in the cluster. This in turn can be calculated as the average of
squared distances to all points in the cluster. The equation is true
in case of Euclidean distance. It does not apply generally to all
distance functions because the concept of centroid cannot always
be defined. In practice, optimizing the same (sum of pairwise
distances based) cost function works also in case of other distance
functions, as we will show in the experiments section.

By using Equation 1 we can also formulate the merge cost by
using the sum of pairwise distances. The merge cost for the
clusters A and B is the SSE of the new cluster AB minus the SSE
values of the clusters A and B:

MergeCost(A,B)=SSE sg—SSE,—SSEp

_2(Sp+Sp+Sap) _2'Sp_2'Sp (2)
np+npg np np

4.2. The TSPg-clu algorithm

The TSPg-clu algorithm (Algorithm 3) takes as input the
dataset X, number of clusters &, and the number of TSP-solutions
to use in the graph (7). As output, it returns k£ non-overlapping
clusters. In case a the dendogram or all possible clusterings are
wanted as result, they can be constructed from the merge order
which is also returned as result from the algorithm. In this case the
algorithm should be run for parameter i=1.

The algorithm starts by creating the TSP-graph from multiple
random travelling salesman path (TSP) solutions. The algorithm
can also be run on other types of graphs if they are fully connected.

A heap is created from the graph nodes (Algorithm 3, line 2) so
that the graph node with the smallest distance (merge cost) to the
nearest neighbor is maintained at the top of the heap. There are two
nodes (the closest pair) with the same distance to the nearest. It
does not matter which one of them appears at the top.

The merge process starts by picking the top node from the heap
(Algorithm 3, line 7). This node is then merged with its nearest
cluster. This merge process (lines 6-10) continues until the
specified number of clusters (k) is reached.

4.3. Merge operation

The merge operation (Algorithm 4) joins given clusters A and
B (represented by graph nodes) together and updates both the
graph (lines 5-24) and the heap (lines 25-35) data structures
accordingly.

The graph is modified by updating the distances (merge costs)
to other clusters from the newly merged cluster. When merging
clusters A and B, the new cluster C=AUB inherits all connections
that the individual clusters had to other nodes. For all of those, the
merge cost needs to be updated.



Algorithm 3: TSPg-clu(X,T, k)
1 g = createTSPGraph (X, T)
2 h = createHeapFromNodes (g)
3 N = size(X)
num_clu=N
mergeOrder =[]
while num clu > k:
node=h.pop ()
mergeNodes (node, node.nearest)
9 mergeOrder.add ([node.id, node.nearest.id])
10 num_clu--
11 Cluster = []
12 FOR i=1..k
13 node=h.pop ()
14 Cluster[i] = node.points
15 RETURN Cluster,mergeOrder
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Updating the merge cost (Eq. 2) requires calculating Scx (pdist
in the pseudocode), the sum of squared pairwise distances to all
neighbor clusters X (lines 5-19). Also the internal sums of pairwise
distances (line 21) need to be calculated.

Calculation of the sum of squared pairwise distances (Scx) is
the bottleneck here (lines 5-19). It takes O(n4-ny) steps to calculate
it by brute force in the general case. However, when merging
clusters A and B, if both have a connection to cluster x in the graph
(lines 5-9), then the sum of squared pairwise distances to X, (Scx)
can be calculated simply by Scx = SaxtSsx. If only A has
a connection to X (lines 10-17), then we estimate Sgx by sampling
50 random pairwise distances and multiplying their mean value by
1: 3056

For the special case of Euclidean data, we can further speed up
the Scx calculation to O(1) by using centroids. For this purpose,
we derived the following equation using the Equation 2 and the
Equation 13 in [19]. It allows to calculate Scx based on the distance
of centroids of cluster C and X:

S)(ﬂTA
na nx

Sc'nX (3)

Scx=d(cc.cx)neny +

This requires updating the centroid of the new cluster based on
the old centroids for clusters A and B, as follows:

cc=cq'w+cp(w—1), where w=ny/(ng+ng) (4)

Also, the sets that contain points belonging to the cluster need
to be merged (line 24).

After modifying the graph, also the heap must be updated. The
heap is ordered based on the distance to nearest neighbor and the
nearest neighbor may change for those nodes which consider either
A or B as their nearest neighbor. For each of them, finding the new
nearest requires looping all O(¢) adjacent nodes. This would add
considerably to the computational costs of the merge. Therefore,
we use lazy evaluation instead, and mark each of those nodes as
dirty (line 27). If a dirty node happens to be at the top of the heap,
its nearest neighbor would be updated (lines 31-35). This
continues until the top node of the heap is not dirty. The lazy
evaluation is possible because the merge costs only increase during
the process due to the monotony property [10].

! http://cs.uef.fi/sipu/datasets

Algorithm 4: mergeNodes (nodeA,nodeB)
1 common = nodeA.neighbors N nodeB.neighbors
2 onlyA = nodeA.neighbors \ common
3 onlyB = nodeB.neighbors \ common
4 newneigh = {}
Update graph:
— 5 FOR x IN common
6 S_AX = nodeA.neighbors([x].pdist
7 S_BX = nodeB.neighbors([x].pdist
8 a.pdist=SAX+ SBX; a.id=x
9 newneigh.add(a)
10 FOR x IN onlyA
11 SAX = nodeA.neighbors[x].pdist

12 IF data.type == euclidean

13 SBX = CalcUsingCentroid(nodeA,x) // Eq. 3
14 ELSE

15 SBX = EstimateBySampling (nodeB, x)

16 a.pdist= SAX+SBX; a.id=x
17 newneigh.add(a)
18 FOR x IN onlyB
19 // Similarly as above
20 nodeA.neighbors = newneigh
21 nodeA.internalSum = nodeA.internalSum
22 + nodeB.internalSum + nodeA.nearest.pdist
23 nodeA.centroid = // Eq. 4
L 24 nodeA.points = nodeA.points U nodeB.points
Update heap:
[ 25 FOR x IN nodeA.neighbors
26 IF x.nearest == nodeA OR x.nearest == nodeB
27 heap.nodes[x.id] .outdated = TRUE
28 x.cost = calcCost (noded,x) // Eq. 2
29 h.remove (nodeB) ;
30 nodeA.outdated = true;
31 WHILE heap.topNode.outdated == TRUE
32 node=h.pop ()
33 node.nearest = ARGMIN{x.cost: x € node.neighbors}
34 node.outdated = FALSE
L 35 h.add (node)

5. Experimental setup
5.1. Datasets

We have selected a collection of datasets that are suitable for
the SSE cost function of the Ward’s method. We generated new
numerical datasets (RC-var and RC-N) and string datasets (Cntr-v
and Cntr-N) for this study. Other datasets are previously published.
We use edit distance in case of the string datasets. The new
datasets are published online!.

Basic benchmark: These are well-known [20] 2-dimensional
clustering benchmark datasets (s1-s4,unbalance,birchl,birch2).
They are used to show that the tested algorithms can solve easier
datasets, which can still be challenging to many algorithms such
as k-means.

RC-v: 100 random gaussian clusters. Dimensionality D=64,
N=200,000. The dataset has 13 different variants with variance of
the clusters varied from 0.20 to 0.50 with 0.025 steps. Centroids
of'the clusters were uniformly distributed in random positions with
each attribute in the range [10..11].

RC-N: Otherwise same as RC-v, but the size of clusters is
varied. Dataset has 9 different variants with size N=[5k, 10k, 20k,
40k, 80k, 160k, 320k, 640k, 1280k]. Other parameters were fixed
as follows: D=64, variance=0.425.

Cntr-v: String dataset with 48 clusters where names of
european countries represent the centroids of the clusters and
objects are randomly transformed strings formed from the
centroid. For example: [urnaine, okraino, kpanev, krae, ukrainef,
uxkkaine, xukraine,...] in case of Ukraine cluster. The dataset has
8 variants where amount of transformation is gradually increased.
Each cluster has 750 strings and total dataset size is N=36,000.

Cntr-N: Dataset is otherwise same as Cntr-v, but in this case
the size of the dataset (size of clusters) is varied, and



transformation amount is kept fixed. The dataset has six different
variants with sizes N=[2400, 4800, 9600, 19200, 38400, 76800].

5.2. Algorithms

The focus of our work is to provide a faster alternative to
Ward's method. The benchmark therefore focuses on speed
comparison with Ward's method. We do not aim for
comprehensive quality comparison with other algorithms as the
good performance of Ward’s method is well known. We mainly
compare with the two fastest known exact Ward implementations
(fclu and pnn-mps) [4,18]. We also selected two other algorithms
(fclu-avg and genie) for comparison to show that the quality of
Ward's method is competitive also in cases like string data where
itis rarely used. We aimed to select also other Ward approximation
methods to compare with, but to the best of our knowledge, no
such methods exist which would also maintain the generality of
the Ward's method.

felu: The fastcluster software? by [18]. This is currently the
fastest implementation of several (exact) agglomerative linkage
methods. It has O(N?) time complexity for Ward's method, average
linkage and several others. We use the ward’s method (fclu-ward)
and average linkage (fclu-avg) from this package.

pnn-mps: Implementation by Virmajoki [4]. This includes
similar Ward algorithm as fclu but includes also mean-ordered
partial distance search which speeds up the algorithm in case of
data with high real dimensionality, and in case of low intrinsic
dimensionality. It applies only to vector data.

genie: The genie algorithm from [21]. Graph based
agglomerative clustering algorithm that uses a minimum spanning
tree and gini-index based cost function.

TSPg: The proposed method®. The number after the name
signifies how many TSP paths were used. For example, TSPg-5
used five.

5.3. Quality

Clustering quality is measured against ground truth using two
metrics: normalized mutual information (NMI) [22] and centroid
index (CI) [23]. The NMI values are within the range [0,1], where
1.0 indicates correct clustering. The CI value represents the
number of incorrectly detected clusters so that a value of 0
indicates a correct clustering. The CI gives an intuitive cluster-
level overview of the correctness of the clustering, whereas NMI
provides a more fine-grained measurement.

6. Results

The results for the more challenging datasets (RC- and Cntr-
variants) are shown in Figure 5. A summary of the results is shown
in Table 2, which includes selected cases from the RC- and Cntr-
sets as well as results for the easier basic benchmark sets (s1-B2).

The basic benchmark results (s1-B2 in Table 2) show only
small differences between the tested algorithms. All algorithms
can solve (CI=0) almost all these datasets. The genie algorithm has
slightly better NMI results than others for most of these datasets,
although it fails in case of the unbalance dataset.

There are larger differences in case of the more challenging
datasets (RC- and Cntr-variants). The fclu-ward and TSPg-100
methods provide equally good results for all datasets although
TSPg-100 is much faster for the larger datasets. The speedup factor
was 243372/9423 = 26:1 for the largest case (N=1,280,000) of the
RC-N sets. As can be seen in Figure 5 for RC-N and Countries-N
cases, TSPg scales much better than fclu-ward, so for larger
datasets the speedup factor would increase further. The other

2 http://danifold.net/fastcluster.html

methods (fclu-avg and genie) had significantly worse results for
these sets.

For the Countries-N string datasets a smaller number of TSP
solutions was enough to provide good results and the TSPg-10
variant had equal (NMI within 0.01) results with fclu-ward, but
with a speedup factor 17:1. For the case of string data we could not
do a comparison with larger datasets because the fclu-ward method
requires O(N?) memory from the use of a distance matrix. The
algorithm consumed 23.7GB memory for the largest N=76,800
dataset. In comparison, the TSPg-20 variant consumed only
720MB (3%) of memory for the same dataset. The numerical
datasets did not have the same problem with memory usage as the
fastcluster package had a memory efficient implementation for the
case of Euclidean data which did not require the full distance
matrix. The pnn-mps is the fastest exact Ward method for the 2D
datasets of the basic benchmark. For the high-dimensional datasets
the MPS speedup method does not work and pnn-mps is roughly
3-4 times slower than fclu-ward.

If fast running time is more important than quality, the TSPg-5
variant provides good results (mean NMI 0.89 vs. 0.91) compared
to fclu-ward much faster. For the RC-N case the speedup factor
was 614:1 for a moderate quality reduction of NMI from 0.90 to
0.80. For easier datasets, such as RC-var with variance=0.3, there
were no difference in quality compared to fclu-ward.

7. Conclusions

We proposed a new clustering method that approximates
Ward's method while providing results several orders of
magnitude faster. Unlike other approaches to speed up Ward's
method, it also maintains its generality and can be applied to any
type of data for which a distance function can be formulated.

A key part of the method is a structure called TSP-graph which
can be constructed in O(N log N) time. The TSP-graph has many
potential applications in addition to speeding up Ward’s method.
For example, it could be used as an index structure for nearest
neighbor search in the same way as kNN graph has been used [24].
It could also be used to improve other graph-based clustering
algorithms [21]. The single TSP solutions could be used as a fast
way to sort objects like images or strings while preserving their
proximity.
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Table 2. Results for the basic benchmark sets and selected cases from the countries and random clusters sets. From the Cntr-N
and RC-N sets we selected the largest cases (N=76,800 and N=128,000), from the RC-v set the case with variance=0.4, and from
the Cntr-v sets the case with transformation=44%. The highest NMI values are highlighted with bold. The smallest time values

that achieved equivalent results (within 0.01 NMI) with exact ward implementation are also highlighted.

NMI

sl s2 s3 s4 unb al a2 a3 Bl B2 RC-v RC-N Cntr-v Cntr-N mean
TSPg-2 098 092 0.77 0.70 1.00 0.97 097 0.98 0.92 1.00| 0.62 0.62 0.69 0.79 0.85
TSPg-5 0.98 0.93 0.77 0.70 1.00 0.96 0.97 0.98 0.92 1.00| 0.84 0.80 0.79 0.86 0.89
TSPg-10 0.98 0.93 0.77 0.70 1.00 0.96 0.97 0.98 0.92 1.00| 0.89 0.85 0.81 0.88 0.90
TSPg-20 0.98 0.93 0.77 0.70 1.00 0.96 097 0.98 0.92 1.00| 0.91 087 | 0.82 0.88 091
TSPg-100 [0.98 0.93 0.77 0.69 1.00 0.96 0.97 0.98 0.92 1.00( 0.93 0.90 0.81 0.88 091
pnn-mps 0.98 093 0.78 0.69 1.00 0.96 097 0.98 0.92 1.00( 0.93 - - - -
fclu-ward 098 0.93 0.77 0.69 1.00 096 097 0.98 092 1.00] 093 0.90 0.81 0.87 091
fclu-avg 0.98 0.93 0.75 0.67 1.00 0.96 0.97 0.98 092 1.00| 0.77 - 0.05 0.05 -
genie 0.99 0.93 0.78 0.72 0.75 0.97 0.98 0.98 0.94 1.00| 0.75 0.02 0.64 0.61 0.79

CI

sl s2 s3 s4 unb al a2 a3 Bl B2 RC-v RC-N Cntr-v Cntr-N mean
TSPg-2 0 0 0 0 0 0 0 0 0 0 0 0 2 1 0.24
TSPg-5 0 0 0 0 0 0 0 0 0 0 0 0 1 1 0.16
TSPg-10 0 0 0 1 0 0 0 0 0 0 0 0 1 1 0.20
TSPg-20 0 0 0 1 0 0 0 0 0 0 0 0 1 1 0.21
TSPg-100 0 0 0 1 0 0 0 0 0 0 0 0 1 1 0.23
pnn-mps 0 0 0 1 0 0 0 0 0 0 0 - - - -
fclu-ward 0 0 0 1 0 0 0 0 0 0 0 0 0.21
fclu-avg 0 0 3 4 0 0 0 0 1 0 67 - 46 46 -
genie 0 0 0 0 4 0 0 0 0 0 31 71 14 17 9.79

Time (seconds)

sl s2 s3 s4 unb al a2 a3 Bl B2 RC-v RC-N Cntr-v Cntr-N
TSPg-2 0.03 0.03 0.03 0.03 0.04 0.01 0.03 0.05 1 1 12 120 14 21
TSPg-5 0.06 0.06 0.06 0.06 0.08 0.03 006 0.10 3 40 396 25 45
TSPg-10 0.10 0.10 0.10 0.09 0.15 0.04 0.11 0.17 4 4 100 857 41 75
TSPg-20 0.19 0.19 0.19 0.18 028 0.08 020 032 8 7 213 1797 81 126
TSPg-100 |[0.90 0.90 091 0.89 132 047 0.90 142 33 27 | 1004 9423 385 646
pnn-mps 0.08 0.08 0.08 0.08 0.13 0.03 009 0.17 31 28 |25356 - - -
felu-ward 0.13 0.18 0.13 0.14 025 0.10 020 027 57 57 | 6906 243372 366 1306
fclu-avg 042 047 042 047 061 0.17 046 0.72 257 196] 1978 - 298 1229
genie 0.13 0.13 0.13 0.13 020 0.05 0.14 028 49 49 | 2153 73099 60 107
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Figure 5. Results for the datasets of random gaussian clusters (RC-v and RC-N) and country names (Cntr-v and Cntr-N).




