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SCALABLE TEXT CLUSTERING
BASED ON WORD EMBEDDINGS
AND NOISE ANALYSIS
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Abstract. Text data clustering is a key component of unstructured text message
analysis. To utilize these methods, text data must be converted into vector
representations, i.e., word embeddings must be performed. This paper presents a
modification of the HDBSCAN* clustering algorithm using custom distance metrics
from the Minkowski family (L1, L2, Loo) and parameters specifically tailored for
clustering unstructured text data. A major contribution is a novel evaluation metric
based on the relative point density of identified clusters and surrounding noise
formations (‘“clouds”). Beyond assessing overall clustering quality, this metric
highlights problematic dense accumulations within the noise that require additional
manual analysis. Experimental evaluation on the “20 Newsgroups” dataset
demonstrated that clustering quality is independent of the a parameter but highly
sensitive to the distance metric, with Loo yielding the best results. The nomic-embedding-
v1 model significantly outperformed gte-v1.5 in both the silhouette score and the proposed
relative density metric.

Keywords: text clustering, word embedding, large language models, machine
learning, Python.

INTRODUCTION

In text analysis, clustering holds significant potential precisely due to the
embedding algorithms [1] applied to these texts. The vector spaces generated by
these language models exhibit high-quality features, thus, employing various
distance metrics and clustering models for subsequent classification yields robust
spatial relationships between texts with similar or related content. The clusters
constructed in this manner can later be used either alongside automatic
summarization models to generate labels or categories for incoming texts, or
directly to classify texts based on their cluster membership.

The development of large language models has also led to a proliferation of
text embedding models, as this represents a core functionality of neural networks
for text analysis. Models achieving top results on the MTEB (Massive Text
Embedding Benchmark) [2] are typically very high-dimensional, meaning they
require high memory usage and tend to be relatively slow. Therefore, this study
focuses on comparing models that are significantly faster yet still provide high-
quality embedding results. These include models such as: nomic-embedding-v1 [3],
gte-v1.5 [4], and stella_en 400M_v5 [5].

This study focuses on and explores the hierarchical clustering algorithm
HDBSCAN [6]. Further research is conducted on a modification of the
HDBSCAN* clustering method, utilizing a custom metric and other parameters
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specifically tailored for clustering unstructured text data. The study also applies
a technique for extracting flat clustering based on cluster stability.

OVERALL DESCRIPTION OF THE HDBSCAN* ALGORITHM AND ITS
GENERALIZATION

The HDBSCAN clustering method utilized in this study is based on the following
approach. Initially, the set of points to be clustered is transformed into a connected
graph based on the geometric properties of the points. In the next step, edges
corresponding to points that are too far apart are removed. This process is iterative,
resulting in a set of connected graph components that represent the expected
clustering.

This method is then implemented using a generalization of the HDBSCAN*
algorithm. Initially, the space of the original data is transformed according to its
density and sparsity. The cluster hierarchy is then condensed based on the minimum
cluster size. Stable clusters are selected from the condensed tree. A minimum
spanning tree is constructed from the graph, weighted by distance. Clusters are
identified based on density to separate noise. For density estimation, distance
metrics are used.

We consider a generalized metric:

dy(a,b) = max{core,(a), corei(b),d(a,b)},

where corey (a) represents the distance to the k-th nearest neighbor (distances from
point a are sorted in ascending order); d(a, b) represents the distance between
points a and b. Different variations of this distance will be considered as one
method of modifying the HDBSCAN* algorithm.

The structure of the algorithm involves finding clusters with higher density.
Real-world data often contain outliers and corruption, which will be perceived as
noise in the analysis.

The foundation of the algorithm is single-linkage clustering, which can be
quite sensitive to noise: a single noisy data point may act as a “bridge” between
high-density clusters, connecting them together. The algorithm must be robust to
noise. Therefore, we employ the generalized distance dy (a, b) which sparsifies the
noise without affecting the high-density clusters. A caveat here is that increasing &
increases the number of points that are interpreted as noise.

The first step of the algorithm involves constructing a graph of the data, where
the edge weights represent distances between points according to the chosen metric.
The graph is constructed as follows: for each point x we find a radius 7, (x) such
that a circle with this radius contains a fixed number of points — k. In the study [7],
a value of k = 100 was empirically shown to provide a well-balanced trade-off
between cluster coherence and noise sensitivity in short-text clustering, and we
adopt this setting in our algorithm. Next, for an increasing positive parameter r we
select all points for which 7, (x) < r. Within this set of points, we connect the

points with edges where the distance ||xi - Xj || < ar. This process is iterated by

increasing r. In this way, we obtain a connected graph from all our points. Our
modification of the HDBSCAN* algorithm involves varying the parameter a and
considering different distance metrics d(a, b).
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In the next step, we consider a threshold value, starting high and gradually
lowering it. We discard any edges whose weight exceeds this threshold.
By discarding edges in this manner, we divide the graph into connected
components.

Thus, we construct a hierarchy of connected components for different
threshold levels, where the threshold is the weight of the discarded edges.

Detailed Algorithm Description

A connected component of a graph consists of n? edges. To build an efficient
algorithm, it’s important to optimize and reduce the number of edge removal steps.
This requires finding a minimal set of edges such that removing any edge from this
set would disconnect components. Additionally, the set must not include any lower-
weight edge that could reconnect those components.

Therefore, in the first step of the algorithm, we construct a minimum spanning
tree of the graph, weighted by distance, using Prim’s algorithm [8], following the
original HDBSCAN* formulation [9], in which Prim’s algorithm is used to
compute the MST of the mutual reachability graph. We build the tree edge by edge,
always adding the edge of the smallest weight that connects the current tree to
a vertex not yet included in it. In the end, we obtain a single tree — a hierarchy
covering all the data points, not yet separated into distinct clusters. Hence, this
resulting tree must be further processed to extract the actual clusters. After this, the
second step of the algorithm begins.

Initially, we define the minimum cluster size — a key parameter in HDBSCAN.
With this value specified, we can now traverse the hierarchy and, during each split,
check the number of points in the resulting clusters. If one of the resulting parts has
fewer points than the minimum cluster size, it is treated as part of the parent cluster
(i.e., the cluster before the split in the hierarchy) and is not considered an inde-
pendent cluster.

Later, we distinguish true clusters from isolated points based on their stability
during the splitting process. Clusters that persist through many levels of the
hierarchy are considered valid and expected, while short-lived clusters are likely
artifacts of the method. If, at a certain step during splitting, we obtain both
components that have fewer points than the minimum cluster size, then that cluster
is no longer subject to further splitting. Another possible situation is as follows: one
of the two components after a split has fewer points than the minimum cluster size,
while the second component is further split at a later step into two or more parts,
each of which satisfies the minimum size condition. In this case, the smaller first
component is considered noise, i.e., points not belonging to any cluster in the sense
of density-based clustering [9].

We now formalize the stability of a cluster with respect to splitting. To do this,
we need a measure other than distance — one that captures cluster persistence.

For this, we will use 1 = where distance is the weight of the edge in the

distance
graph. For a given cluster, we can define two values: 4;;,+r — the lambda value at

which the cluster emerges during the split of its parent cluster and Ageq¢p — the
lambda value at which the cluster itself splits into two parts that are either both
smaller than the minimum cluster size, or both larger. For points p belonging to the
portion of the cluster which contains fewer points during the split, we define A, —
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the value at which this point ceases to belong to the cluster (i.e., the point of the
split). Since the point can only fall out of the cluster after the cluster has formed
and before it has fully split, we have Ap;tn < Ay < Ageqtn-

Having these values, we can define a stability score for each cluster:

Scluster = 2 (Ap - Abirth)-

pEcluster

Next, an iterative process is carried out to determine stable clusters, starting
from the leaf nodes of the tree. For each cluster, its stability is computed and
compared to the sum of the stabilities of its child clusters. If the sum of the
stabilities of the child clusters is greater than the cluster’s own stability, the parent
cluster’s stability is discarded and replaced with this sum for use in further steps.
Conversely, if the cluster’s own stability is greater than the sum of its children’s
stabilities, then this cluster is considered valid, and all its “descendants” cease to
be considered as such, even if they were previously.

After completing the iteration up to the root node of the tree, all remaining
valid clusters are selected and form the final clustering result. At this point, any
data points that are not part of any selected cluster are labeled as noise.

The implementation of this algorithm supports the Minkowski distance family
and uses references to standard libraries.

For any natural number m, the L, distance between n-dimensional vectors X
and y is defined as:

in the limiting case, the Chebyshev distance L., is defined as:
Lo (%,y) = max|x; — yil,
1<isn

where x; and y; are the i-th components of X and y, respectively.
Below is the code for computing the L,, distance, where m is any natural number:

d = 0.0
while i <= n:
d =d + (fabs(X[1i] - Y[i])) ** m

i=1i+1
d=d** (1 / m
The code for computing the L., distance:
d =10.0
while 1 <= n:
d = max(d, fabs(X data[i] - Y datal[il]))
i=1i+1
The code for clustering:

clf = hdbscan.HDBSCAN (min cluster size=100,
min samples=10,

156 ISSN 1681-6048 System Research & Information Technologies, 2026, Ne 2



Scalable text clustering based on word embeddings and noise analysis

cluster selection epsilon=0.0,
metric='euclidean', # setthe
metric value to “11", “12",
# “infinity”,
the code for which is given above

cluster selection method='eom',
alpha=1, # iterate over the values for
alpha:
# array([0.5 ,0.625,0.75,0.875,1. ,1.125,1.25, 1.375,
1.5,1.625,1.75,1.875, 2. ])
prediction data=True)
cluster labels2 = clf.fit(u2) B
dblabels2 = cluster labels2.labels

n clusters2 = len(set(dblabels2)) - (1 if -1 in
dblabels2 else 0)
n noise2 = list (dblabels2).count (-1)

METRICS FOR EVALUATING THE RESULTS OF THE ALGORITHM

To evaluate the results of the algorithm, we use the following metrics: Silhouette
Score Algorithm and our custom metric based on relative cluster density. Let’s
consider each in more detail.

Silhouette Score Algorithm

The silhouette score is a metric for evaluating the optimal number of clusters for a
specific dataset. It is defined as:

b(x;) — a(x;)
max(a(x), b(x))

where S(x;) — the silhouette score for a specific point x;; a(x;) =
1

ICrl-1

S(x;) =

> jecyi=j A(xi, x;) — is the average distance from x; to other data points in
1
lc;]
distance from x; to data points in another cluster Cy; |C;| — is the number of points
in cluster C;; d(x;,x;) — is the distance between points x; and x;; a(x;) — reflects
the cohesion of x; with its own cluster; b(x;) — reflects the separation of x; from
its neighboring cluster; a(x;) = 0 and b(x;) = 0 are distances, so the denominator
is always the larger of the two. From this expression it follows directly that S(x;) €
[—1,1]. A value of S(x;) close to 1 (when a(x;) < b(x;)) indicates that the data
is properly grouped. Lower values suggest weaker clustering for that point.

the same cluster C;; b(x;) = min;4; { Yjec, A(x;, xj)} — is the smallest average

. 1
We compute the average silhouette score for a cluster as: §; = ol Yjec, S(xi).
]

This average value, S;, represents how tightly grouped all points are within
cluster C;.
An implementation of this metric is available in standard libraries.
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Metric Based on Relative Cluster Density

As a result of the clustering algorithm's execution, in addition to the constructed
clusters, noise points remain, which we will treat as a special cluster C_;.

Next, we consider Cj, — the cluster closest to some cluster C;. Let py; be the
distance between these two clusters, defined as the smallest distance between any
pair of points from the two clusters. We then consider the set of points that are

within a distance of Pkj / o from points in cluster (; but do not belong to (; itself.
This set represents a portion of the noise cluster C_; and we refer to it as the
“cloud” of cluster C; denoted as N(C;).

At each step, after constructing the cloud N(C;) we update the noise cluster
C_1 by removing the cloud points assigned to N(C;).

Then we compute the distance matrix between all points in the union of
the cluster and its cloud. The first part of the matrix rows corresponds to the
cluster points, and the rest to the cloud points. For each point, we find the
minimum distance to any other point. We define 7;; as half of this minimum

distance, and use it as the radius of a sphere covering that point. The
: . /2y .
corresponding volume is calculated as: V;; = 1"("—+i]) For example, in an
2

7T4'TL']'8

120
quasi-volume of a cluster as: V(C;) = X; V;;, as the sum of all found volumes
for the points of the cluster. The same approach is used to compute the quasi-
volume of the cloud: V(N(C;)).

Rather than solving the highly complex sphere packing problem, we
approximate the volume occupied by a cluster or cloud by covering the point set
with spheres. This quasi-volume offers a practical and efficient estimation of spatial
density.

8-dimensional space, the volume becomes: V;; = . We then compute the

Icjl

Now, we define the point density for the cluster and its cloud as: v((;) = v
J

and v(N(Cj)) = % Using these, we define the relative density as:
W = % Under typical conditions, y; lies in the range [0, 1]. The average
j

relative density across all clusters is given by: Ugpg = 2. ; % The smaller the value

of Ugyg the higher the quality of the clustering.

In practice, the analysis of clouds based on relative densities revealed that
dense structures can form within the noise itself, causing u > 1 in some cases.
To account for this, we perform a secondary clustering within the noise, using a
smaller parameter k£ = 3. This allows us to identify small, dense structures inside
the noise — these are treated as microclusters. We then repeat the cloud construction
and relative density calculation process for both the main clusters and these newly
detected microclusters.

The code for quasi-volume and density computation:

def compute volumes (cluster points, cloud points):
dimensions count = cluster points.shapell]
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combined points = np.vstack((cluster points,
cloud points))
dist matrix = distance matrix(combined points,

combined points)
np.fill diagonal(dist matrix, np.inf)
num_cluster points = len(cluster points)
radii = np.min(dist matrix, axis=1) / 2.0
volume coeff = (np.pi ** (dimensions count / 2.0)) /
gamma (dimensions count / 2.0 + 1)
cluster volumes = np.sum(volume coeff *
(radiil:num cluster points] ** dimensions count))
cloud volumes = np.sum(volume coeff *
(radiil[num cluster points:] ** dimensions count))
return cluster volumes, cloud volumes
def compute density(num points, volume):
return num points / volume if volume > 0 else 0

The code for the relative density metric:

def compute relative density metric(X, labels):
unique labels = np.unique (labels)
clusters labels = unique labels[unique labels >= 0]
clusters count = clusters labels.shape[0]
dimensions count = X.shape[1l]
noise = X[labels == -1]
clusters = []
for label in clusters labels:
clusters.append(X[labels == label])
relative densities = []
clouds = []
for cluster in clusters:
min distance = float('inf')
nearest cluster = None
for other cluster in clusters:
if np.array equal (other cluster, cluster):
continue
dist = np.min(distance matrix(cluster,
other cluster))
if dist < min distance:
min distance = dist
nearest cluster = other cluster
cloud radius = min distance / 2.0
cloud points = np.array([point for point in noise
if np.min(distance matrix ([point], cluster)) <=
cloud radius])
if cloud points.shape[0] > O:

noise = np.array([point for point in noise if
point not in cloud points])
else:
cloud points = cloud points.reshape (0,

cluster.shape[l])
clouds.append (cloud points)
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V Cj, V. O Cj = compute volumes (cluster,
cloud points)
v _Cj = compute density(len(cluster), V Cj)
v 0 Cj = compute density(len(cloud points),
V.0 Cj) 1if VO Cj > 0 else O
mij=vO0Cj / v Cj
relative densities.append(m j)
relative densities = np.array(relative densities)
return np.average (relative densities),
np.max(relative densities),
np.argmax (relative densities)

The code for detecting microclusters:

def select microclusters(noise, alpha=1.0,
metric="'11"):

microclusters clf =
hdbscan.HDBSCAN (min cluster size=3, metric=metric,
allow single cluster=True,
cluster selection method='eom', alpha=alpha,
prediction data=True)

microclusters labels =
microclusters clf.fit (noise).labels

return microclusters labels

During the experiments, the test set “20 Newsgroups” [10] was used with the
nomic-embedding-vl model. Before clustering, the dimensionality of the vectors
was reduced to 2 using the UMAP (Uniform Manifold Approximation and
Projection) algorithm [11].

METRIC-BASED EVALUATION OF RESULTS

Results for L, distance

Table 1. Results for L; distance, without detection of microclusters

a Number of Nl.lmbel: of Silhouette H
clusters noise points Havg Hmax
0.5 13 488 0.4583341 0.2483888 1.8959304
0.625 13 488 0.4583341 0.2483888 1.8959304
0.75 13 488 0.4583341 0.2483888 1.8959304
0.875 13 488 0.4583341 0.2483888 1.8959304
1.0 13 488 0.4583341 0.2483888 1.8959304
1.125 13 488 0.4583341 0.2483888 1.8959304
1.25 13 488 0.4583341 0.2483888 1.8959304
1.375 13 488 0.4583341 0.2483888 1.8959304
1.5 13 488 0.4583341 0.2483888 1.8959304
1.625 13 488 0.4583341 0.2483888 1.8959304
1.75 13 488 0.4583341 0.2483888 1.8959304
1.875 13 488 0.4583341 0.2483888 1.8959304
2.0 13 488 0.4583341 0.2483888 1.8959304
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Table 2. Results for L; distance, with detection of microclusters

Number of
a Nl.lmbelf of Silhouette -
clusters micro- | Moise points Havg Wonax
0.5 13 33 81 0.2096269 | 0.0634202 1.2623597
0.625 13 33 81 0.2096269 | 0.0634202 1.2623597
0.75 13 33 81 0.2096269 | 0.0634202 1.2623597
0.875 13 33 81 0.2096269 | 0.0634202 1.2623597
1.0 13 33 81 0.2096269 | 0.0634202 1.2623597
1.125 13 33 81 0.2096269 | 0.0634202 1.2623597
1.25 13 33 81 0.2096269 | 0.0634202 1.2623597
1.375 13 33 81 0.2096269 | 0.0634202 1.2623597
1.5 13 33 81 0.2096269 | 0.0634202 1.2623597
1.625 13 33 81 0.2096269 | 0.0634202 1.2623597
1.75 13 33 81 0.2096269 | 0.0634202 1.2623597
1.875 13 33 81 0.2096269 | 0.0634202 1.2623597
2.0 13 33 81 0.2096269 | 0.0634202 1.2623597

Results for L, distance

Table 3. Results for L,distance, without detection of microclusters

Number of Number of . U
a . . Silhouette
clusters noise points Havg Hmax
0.5 12 398 0.4269198 0.1081406 0.3881788
0.625 12 398 0.4269198 0.1081406 0.3881788
0.75 12 398 0.4269198 0.1081406 0.3881788
0.875 12 398 0.4269198 0.1081406 0.3881788
1.0 12 398 0.4269198 0.1081406 0.3881788
1.125 12 398 0.4269198 0.1081406 0.3881788
1.25 12 398 0.4269198 0.1081406 0.3881788
1.375 12 398 0.4269198 0.1081406 0.3881788
1.5 12 398 0.4269198 0.1081406 0.3881788
1.625 12 398 0.4269198 0.1081406 0.3881788
1.75 12 398 0.4269198 0.1081406 0.3881788
1.875 12 398 0.4269198 0.1081406 0.3881788
2.0 12 398 0.4269198 0.1081406 0.3881788

Table 4. Results for L, distance, with detection of microclusters

Number of
a Nl.lmbel: of Silhouette -
clusters | micro- noise points Havg Mmax
0.5 12 22 64 0.2885321 0.4568041 14.3478839
0.625 12 22 64 0.2885321 0.4568041 14.3478839
0.75 12 22 64 0.2885321 0.4568041 14.3478839
0.875 12 22 64 0.2885321 0.4568041 14.3478839
1.0 12 22 64 0.2885321 0.4568041 14.3478839
1.125 12 22 64 0.2885321 0.4568041 14.3478839
1.25 12 22 64 0.2885321 0.4568041 14.3478839
1.375 12 22 64 0.2885321 0.4568041 14.3478839
1.5 12 22 64 0.2885321 0.4568041 14.3478839
1.625 12 22 64 0.2885321 0.4568041 14.3478839
1.75 12 22 64 0.2885321 0.4568041 14.3478839
1.875 12 22 64 0.2885321 0.4568041 14.3478839
2.0 12 22 64 0.2885321 0.4568041 14.3478839
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Results for L., distance

Table 5. Results for L, distance, without detection of microclusters

a Number of Nl.lmbel.‘ of Silhouette #
clusters noise points
Bavg Hmax
0.5 10 330 0.5597064 0.0439711 0.1670099
0.625 10 330 0.5597064 0.0439711 0.1670099
0.75 10 330 0.5597064 0.0439711 0.1670099
0.875 10 330 0.5597064 0.0439711 0.1670099
1.0 10 330 0.5597064 0.0439711 0.1670099
1.125 10 330 0.5597064 0.0439711 0.1670099
1.25 10 330 0.5597064 0.0439711 0.1670099
1.375 10 330 0.5597064 0.0439711 0.1670099
1.5 10 330 0.5597064 0.0439711 0.1670099
1.625 10 330 0.5597064 0.0439711 0.1670099
1.75 10 330 0.5597064 0.0439711 0.1670099
1.875 10 330 0.5597064 0.0439711 0.1670099
2.0 10 330 0.5597064 0.0439711 0.1670099

Table 6. Results for L. distance, with detection of microclusters

Number of Number of H
a . . Silhouette
clusters micro- noise points Havg Wimax
0.5 10 18 64 0.3375369 0.0391937 0.3494590
0.625 10 18 64 0.3375369 0.0391937 0.3494590
0.75 10 18 64 0.3375369 0.0391937 0.3494590
0.875 10 18 64 0.3375369 0.0391937 0.3494590
1.0 10 18 64 0.3375369 0.0391937 0.3494590
1.125 10 18 64 0.3375369 0.0391937 0.3494590
1.25 10 18 64 0.3375369 0.0391937 0.3494590
1.375 10 18 64 0.3375369 0.0391937 0.3494590
1.5 10 18 64 0.3375369 0.0391937 0.3494590
1.625 10 18 64 0.3375369 0.0391937 0.3494590
1.75 10 18 64 0.3375369 0.0391937 0.3494590
1.875 10 18 64 0.3375369 0.0391937 0.3494590
2.0 10 18 64 0.3375369 0.0391937 0.3494590

The results (Tables 1-6) revealed that for each distance, the number of clusters
and noise points does not depend on alpha, but this number changes for different
distances.
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GRAPHICAL RESULTS
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Fig. 2. Clustering with L, distance and a = 0.75; = 1.0; = 1.25
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Fig. 3. Clustering with L, distance and a = 0.75; = 1.0; = 1.25

The analysis of the graphical results (Figs. 1-3) indicates that for any fixed
distance metric, the clustering outcome does not depend on the choice of a: within
each figure, the three subplots corresponding to a = 0.75, 1.0, and 1.25 exhibit
identical cluster boundaries, cluster counts, and point-to-cluster assignments. At the
same time, the clustering outcome is highly sensitive to the choice of distance
metric: comparing figures at the same « (e.g., the first subplot of Figs. 1-3) reveals
substantial differences in cluster structure.

RESULTS OF METRIC-BASED COMPARISON

The Silhouette Score metric evaluates clustering results as follows: a value close to
1 indicates that the data points are well-clustered, a lower score suggests poorer
clustering performance. The score ranges from -1 to 1.

From the results Tables 1-6, we can observe that for each distance metric,
changing alpha has no effect on the outcome. At the same time, the best results are
achieved using the L., distance, which is evident from the following: the silhouette
score is the highest for L., and the relative density u is the lowest, indicating high-
quality clustering.

Since the clustering quality does not depend on the choice of ¢, it is sufficient
to set a to a constant value (e.g., « = 1) for further use of the algorithm.

Table 7. Metrics using nomic-embedding-v1 without microcluster detection for o= 1

Distance Silhouette Havg Hmax
L 0.4583340883255005 0.24838879949347553 1.895930397872204
L, 0.42691975831985474 0.1081405606418731 0.388178799611063
L, 0.5597063899040222 0.04397112285035522 0.16700987081107002
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Table 8. Metrics using nomic-embedding-v1 with microcluster detection for a= 1
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Fig. 4. Clustering using nomic-embedding-v1 with L, L,, and L, distances

From the Tables 7, 8 we can see that the best result is achieved for the L

distance.

For comparison, let’s present the silhouette score value calculated on the

initially labeled clusters:
S(C) = 0.21342362.

As we can observe, this result is worse than the result produced by the
clustering method. This can be explained by the fact that the data is strongly mixed,
making it very difficult to formally separate into distinct clusters. The initially
labeled clusters are shown in Fig. 5.
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10 A ‘,%
- .
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Fig. 5. Initially labeled clusters from the “20 Newsgroups” test set
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Results Using the gte-v1.5 Text Embedding Model

In this set of experiments, the same test dataset was used, but the gte-v1.5 model
was applied for text vectorization. As in the first experiment, dimensionality
reduction to 2 dimensions was performed using UMAP prior to clustering.

Table 9. Metrics using gte-v1.5 without microcluster detection for a = 1

Distance Silhouette Havg Hmax
Ly 0.4408782422542572 0.4250197224211738 3.1405633170589624
L, 0.39475032687187195 0.24075141157025212 1.2032307329322984
L, 0.4177089333534241 0.3099177220964534 1.4140965575553588

Table 10. Metrics using gte-v1.5 with microcluster detection for a = 1
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Fig. 6. Clustering using gte-v1.5 with L, L,, and L., distances

The obtained metric values differ significantly from those achieved using the
nomic-embedding-vl model. With gte-v1.5, the u values are higher, and the
silhouette scores are lower compared to the results obtained with the first model.
See Tables 9, 10 and Fig. 6 for detailed metrics and clustering results across
different distance metrics.
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CONCLUSION

In the first stage of the algorithm, clustering was performed using a modification
of the HDBSCAN* with a minimum cluster size parameter set to £ = 100, following
prior empirical recommendations. This produced an initial set of clusters. However,
analysis based on the proposed relative density metric x revealed that several high-
density point formations remained among the unclustered (noise) data.

To address this, a second clustering pass was applied specifically to the noise
using a smaller minimum cluster size parameter set to & = 3. This step enabled the
identification of compact, dense formations that were not captured in the first stage —
referred to in this study as microclusters. While the choice of £ in this secondary
step is heuristic and data-dependent, this two-stage approach allowed for a more
nuanced interpretation of the dataset.

Nevertheless, even after this refinement, some microclusters exhibited high
relative density values u, with s occasionally exceeding 1, which also affected
the average relative density uave. A u value greater than 1 may indicate underlying
issues in the data structure, suggesting that certain regions require manual
inspection. These cases fall outside the capacity of the formal algorithm to resolve.

Furthermore, experimental results showed that the gte-v1.5 embedding model
performed noticeably worse than nomic-embedding-vl, both in terms of the
silhouette score and the relative density metric. This demonstrates the importance
of selecting embedding models that preserve meaningful distance relationships for
downstream clustering tasks.

Overall, the proposed relative density metric # proved to be a practical and
informative tool for evaluating clustering quality. It complements traditional
metrics by capturing local density consistency and highlighting potentially
problematic regions in the data, making it a valuable complement to conventional
evaluation methods such as the silhouette score.
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MACHITABOBAHA KJIACTEPHU3AIIISI TEKCTOBUX JAHUX HA OCHOBI
BKJIAJJEHHA CJIB TA AHAJII3 IYMY / O.0. Illyrsak, I'.b. Tlomkom3is,
O.A. IToxuimeHko

AHoranin. Knacrepusamisi TEKCTOBHX JaHUX € KIIOYOBOIO YACTHHOIO aHANI3y
HECTPYKTYPOBAaHHX TEKCTOBHUX IOBI1NOMJICHB. [IJI1 BUKOPHUCTAHHS IIMX METOMIB
TEKCTOBI JaHi MOTPiOHO NEPETBOPUTH y BEKTOPHI IOJAHHS, TOOTO IPOBECTH
BkyageHHs ciiB. [lomano moxudikanito anropurmy knacrepmsarii HDBSCAN* 3
BHUKOPUCTAHHSIM BJIACHUX METPUK BiJCTaHi 3 poarHu MiHkoBCcbkoro (L1, L2, Loo)
Ta MapaMerpiB, CHENmiaJbHO aJaNTOBAHUX JUIS KIacTepu3amnii HeCTPYKTYpOBaHHX
TEeKCTOBHX JaHuX. Kio4oBMM 3m100yTKOM € HOBa METPHKA OI[IHIOBAaHHS,
0 TPYHTYETHCS HAa BIAHOCHIH IIITBHOCTI 3HAMICHUX KJIACTEPIB Ta HABKOIUIIHIX
IIyMOBUX yTBOpeHb («xMap»). OKpiM OIIHIOBAaHHSA 3arajbHOI  SIKOCTI
KJIacTepH3allii, MeTpuka BKa3ye Ha MPOOIEMHI IIIBHI CKYITYCHHS €JIEMCHTIB y
myMi, SIKi HOTpeOyIOTh MOAATKOBOTO PYyYHOro aHamizy. EkcmepuMmeHTansHe
oLiHIOBaHHA Ha HaOopi maHmx <« 20 Newsgroups» moOKa3ajgo, IO SKICTh
KJIaCTepH3allil He 3aJIeXKUTh BiJl MapaMeTpa ¢, aje € AyKe YYTIUBOIO 10 BUOOPY
METPHKH Bi[CTaHi, MPUIOMY HalKpamy pe3ynsTaté 3abesmeuye Loo. Momensb
nomic-embedding-vl 3HauHO mepeBepmma gte-vl.5 K 3a CHIyeTHHM
KoeiIieHTOM, TaK i 3a 3aIPONOHOBAHOK METPHUKOIO BiTHOCHOI IIITBHOCTI.

Kuro4oBi cjioBa: TekCcTOBa KIacTepU3allist, BKJIaICHHS CITiB, BEUKI MOBHI MOJIETII,
MaIIrHHe HaB4aHHs, Python.
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