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ABSTRACT

In an effective process of cluster analysis, it is indispensable to validate the good-
ness of different partitions after clustering. Existing internal validation indices
are implemented based on distance and variance, which cannnot catpure the real
“density” of the cluster. Moreover the time complexity for distance based indices
is usually too high to be applied for large datasets. Therefore, we propose a novel
internal validation index based on the differential entropy, named internal purity
(IP). The proposed IP index can effectively measure the purity of a cluster without
using the external cluster information, and successfully overcome the drawbacks
of existing internal indices. Based on six powerful deep pre-trained representation
models, we use four basic clustering algorithms to compare our index with thir-
teen other well-known internal indices on five text and five image datasets. The
results show that, for 90 test cases in total, our IP index can return the optimal
clustering results in 51 cases while the second best index can merely report the
optimal partition in 30 cases, which demonstrates the significant superiority of
our IP index when validating the goodness of the clustering results. Moreover,
theoretical analysis for the effectiveness and efficiency of the proposed index are
also provided.

1 INTRODUCTION

The goal of clustering is to divide a set of samples into different clusters such that similar samples are
grouped in the same clusters. As one of the most fundamental tasks in machine learning, clustering
has been extensively studied in many fields, such as text mining (Guan et al.,|2012a), image analysis
(Zhou et al.| 2011) and pattern recognition (Guan et al.| 2012b). With the advance of deep learning,
it has been proved that running any classical clustering algorithm (e.g., K-means) over the learned
representation can yield better results (Xie et al., 2016; Huang et al., 2020; |Dang et al., 2021). The
main reason behind this is that the deep neural networks can effectively extract highly non-linear
features that are helpful for clustering.

However, besides the data representation, the outcome of clustering is still affected by other factors
(Xu & Wunschl |2005; |Yang et al.,[2017). For example, different clustering algorithms usually lead
to different clustering results in a specific dataset. Even for the same algorithm, the selection of
different parameters may affect the final clustering results (Halkidi et al., |2000). Thus, within an
effective process of cluster analysis, it is inevitable to validate the goodness of different partitions
after clustering and select the best one for application. Here the best one refers to not only the
proper parameters but also the best partition that fits the underlying data structure. In fact, many
clustering validation measures have been proposed over past years and they can be categorized to
external validation and internal validation (Wu et al., [2009; |Liu et al.,|2013). Specifically, external
validation indices assume the “true” cluster information is known in advance, and they use the
supervised information to quantify how good is the obtained partition with respect to prior ground
truth clusters. However, such prior knowledge is rarely available in many real scenarios. Then,
internal validation indices become the only option for evaluating the clustering result.

Internal clustering validation usually measures the clustering result based on following two criteria
(Liu et al., 2013; [Fraley & Raftery,|1998): (1) compactness, which measures how closely related are
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Figure 1: Drawback illustration for computing compactness based on distance and variance

the samples within the same cluster, and (2) separation, which measures how clusters are separated
from each other. In general, distance and variance are two main strategies to implement compact-
ness and separation. However, validation indices based on these implementations suffers following
drawbacks that limit their performance.

First, for distance based index, given two clusters, the same distance computation result cannot
guarantee the same compactness. We use the example shown in Fig[I(a)] for explanation. Partic-
ularly, two clusters are grouped into two cubes respectively and each cube represents the volume
of the corresponding vector space. Suppose the volume of two cluster vector spaces are the same
and the average pairwise distance of each cluster is also the same, measures like Silhouette index
(Rousseeuw, |1987) will consider they have the same compactness. However, from the density per-
spective, the left cluster should be tighter than the right one. Though indices like S_Dbw (Halkidi
& Vazirgiannis, |2001), DBCV (Moulavi et al., 2014) and DCVI (Xie et al., [2020) also propose the
density related concept, the density is still calculated based on the distance instead of the volume
of vector space. Then, many existing indices require computing pairwise distances for compactness
or separation, which would be prohibitively time-consuming for a large high-dimensional data set
(Cheng et al., [2018).

Second, variance based compactness computation usually view lower variance as the indicator of
higher tightness. However, this is misleading in some cases. As shown in Fig. [I[(b)] we can easily
observe that cluster B is more compact than cluster A. But the variances for both clusters are the
same, which makes measures like standard deviation index (SD) (Halkidi et al.,2000) fail to provide
a reliable validation. In fact, covariance here is more suitable to measure the compactness, i.e., the
covariances among pairs of variables in cluster A is smaller than that of cluster B.

Therefore, we dedicate this paper to a novel internal validation index, named internal purity (IP).
Here the purity refers to how “pure” the semantic of a set of samples are. For example, a cluster
of similar texts describe a specific event. Hence, from the perspective of compactness, we want
a cluster to be as pure as possible, while for the separation perspective, a clustering partition of
lower purity is favored. To evaluate the purity, we apply the idea of information entropy (Shannon,
1948)) and more specifically, the differential entropy (Cover & Thomas,|1991)) is used for evaluation
due to that the embedding variables are usually continuous in deep clustering. Furthermore, using
differential entropy can help us to overcome the aforementioned drawbacks of existing measures.
First of all, unlike the average pairwise distance, the nature of the entropy lends itself to measuring
the “information density” (Zu et al.| 2020) of a vector space (Cheng et al.,|1999). Then, theoretical
studies have shown that computation of differential entropy actually considers the variance of each
variable and the covariance between variables (Johnson et al.,[2014), which makes it more effectively
measure the compactness of a cluster. Last but not least, since the differential entropy computation
requires merely one iteration over the whole cluster, it needs less computation time compared with
computing average pairwise distance.

In fact, from the perspective of information theory, there is another information criterion (Bishop &
Nasrabadi, |2006) that can be used for evaluating clustering partitions (Akogul & Erisoglul [2016),
i.e., estimating the quantity of information loss based on model performance and complexity, where
model performance can be evaluated by using a probalilistic framework, such as log-likelihood and
model complexity by the number of parameters in the model (Akogul & Erisoglu, 2016). Akaike
information criterion (AIC) (Akaikel,|1974) and the Bayesian information criterion (BIC) (Schwarz,
1978)) are two indices of this criterion. As will be shown later in the paper, our IP index can actually
be regarded as a form of such criterion through mathematical derivation. But different from AIC and
BIC, our IP index also takes into account the traditional internal clustering criteria, i.e. compactness
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and separation, whereas AIC and BIC can not. Moreover, some existing works have shown that
AIC and BIC indices have poor performance and are prone to overestimate the number of clusters
in dataset (Windham & Cutler;, (1992 |[Hu & Xul 2004). Hence, our IP index is more competitive for
evaluating the clustering results based on its capability to capture different criteria.

Note that, although the term “purity” has been used in external validation (Wu et al.l 2009) and
the entropy has also been used as the measurement, the definition as well as the computation of
our internal purity is quite different since no supervised information is known in advance in our
validation setting. To summarize, our contributions are threefold:

1. To tackle the effectiveness and efficiency problems of existing measures, we propose to use
differential entropy to measure the purity of a cluster as well as a partition.

2. Following the traditional perspective of compactness and separation, we design a new in-
ternal validation index based on the nature of the proposed purity measure. Moreover,
theoretical analysis for the effectiveness and efficiency of the proposed internal purity is
also provided.

3. Based on six powerful deep pre-trained models, we use four basic clustering algorithms
to compare our index with thirteen other well-known internal indices on five text and five
image datasets. The results show that for 90 test cases, our IP index can return the optimal
clustering results in 51 cases while the second best index can merely report the optimal
partition in 30 cases.

The remainder of this paper is organized as follows. Section [2] briefly reviews the existing internal

indices. Section 3 introduces preliminaries. Section 4 presents our internal purity index. Section 5
reports the results of experimental evaluation. Finally, Section 6 concludes the paper.

2 RELATED WORK

Table 1: The description of well known internal clustering validation indices.

Measure Notation Description

Root-mean-square  standard RMSSTD RMSSTD of a cluster is the square root of the variance of all the attributes.
deviation

Calinski-Harabasz index CH CH is the ratio of the sum of between-clusters scatter and of within-cluster scatter for all
clusters.

I index 1 I measures compactness by calculating the distance from the samples in a cluster to their
cluster center and the separation based on the maximum distance between cluster centers.

Dunn index Dunn Dunn uses the farthest distance between samples in cluster as the compactness and uses the
distance between the nearest samples in different clusters as the separation.

Silhouette index S S measures compactness based on the pairwise distance in a cluster and separation based on
the average distance between a sample and all other samples in the next nearest cluster.

Davies-Bouldin index DB DB measures compactness by calculating the average distance between samples in a cluster
to their cluster center and the separation based on the distance between cluster centers.

Xie-Beni index XB XB defines compactness as average center-based distance and separation as the minimal
squared distances between cluster centers .

Standard deviation index SD SD measures compactness based on variances of samples in a cluster, and separation based

on distances between cluster centers.

S_Dbw validation index SDbw  S_Dbw measures compactness based on variances of samples in a cluster, and separation
based on average density among clusters.

Clustering validation index CVNN CVNN measures compactness based on pairwise distance in a cluster and separation based

based on nearest neighbors on the idea of k-nearest neighbor (kNN).

Density-Based Clustering DBCV DBCYV measures compactness based on maximum edge weight of the minimum spanning tree
Validation and separation based on minimum reachability distance between nodes in different clusters.
Density core based clustering DCVI DCVI measures compactness based on maximum weight value of the minimum spanning
validation index tree and separation based on the minimum value of minimum distances between samples in

different clusters.

The internal clustering validation indices measure the quality of clustering by the internal informa-
tion of the dataset and no other external information is used. We group the internal indices to two
categories based on how the criteria of compactness and separation is calculated, i.e., distance-based
and variance-based. We briefly summarize several well known indices in Table[I]

Distance-based. Indices in this category either use pairwise distance or cluster center based dis-
tance to measure the compactness and the separation. DB (Davies & Bouldin, [1979), I (Maulik &
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Bandyopadhyayl, 2002)) and XB (Xie & Benil [1991) measure compactness based on average center-
based distance. Dunn (Dunnl [1973)) measures compactness based on maximum pairwise distance.
DBCYV and DCVI select the most representative pairwise distance for measuring the compactness.
However, using center based or a single pairwise distance in the cluster to represent the compactness
for the entire cluster cannot provide stable performance (Liu et al.,|2013). Our IP index uses all the
samples in the cluster which is more stable. Although S and CVNN can use all samples in the cluster
by computing average pairwise distance, they have high time complexity. Moreover, as mentioned
in Section 1} these average pairwise distance-based indices cannot correctly reflect the density of a
vector space.

Variance-based. Indices in this category assume lower variance indicates better compactness.
RMSSTD (Halkidi et al., 2001), CH (Calinski & Harabasz, (1974), SD and S_Dbw measure com-
pactness based on variances of samples in a cluster. As a representative, CH further measures the
separation by computing the between-cluster variance based on cluster centroids. However, these
variance-based indices are not good measures since two clusters with same variance may have dis-
tinct density.

3 PRELIMINARIES

In this section, we first present the concept of entropy and differential entropy. Then we introduce
the computation of differential entropy for a multivariate normal distribution. Note that, though the
normal distribution assumption made here seems restrictive, it still works for datasets that deviate
from the assumption as long as we use their deep representations. This is because the distribution
of deep representation has been proved to be close to the normal distribution (Lee et al.| 2018;
Daneshmand et al., 2021)).

3.1 ENTROPY AND DIFFERENTIAL ENTROPY

In information theory, the entropy of a random variable is the average level of “surprise” or “un-
certainty” inherent in the variable’s possible outcomes (Shannonl [1948). In other words, it can be
used to measure the uncertainty of data. Entropy includes two classes: entropy for discrete random
variables and entropy for continuous random variables. i.e., differential entropy.

Given a discrete random variable V', with possible outcomes v, ..., v,,, we assume the probability
of V being v; is P;. The entropy of V' is formally defined as (Shannon, |1948)):

Entropy(V) = =Y _ Pilog P; (1)
=1

Given a continuous random variable V', with a probability density function p(v). The differential

entropy is defined as (Cover & Thomas}, [1991):
+ o0

Dif fEntropy(V) =~ [ plo)logp(v)de @

— 00

3.2 DIFFERENTIAL ENTROPY OF THE MULTIVARIATE NORMAL DISTRIBUTION

T

The multivariate normal distribution of a d-dimensional random vector H = (H',..., H%)" can
be written in the following form (Goodfellow et al., [2016)):
H ~ Ny(p, %) 3)
with d-dimensional mean vector
T
p=E[H]=(E[H'],E[H?],...,E[HY) ©))
and d X d covariance matrix
2, =E[(H - ') (H — )] = Cov [H', H] )

such that 1 < ¢, < d, and X is a positive definite matrix. The differential entropy of multivariate
normal distribution is given by (Ahmed & Gokhale, |1989):
rank(X) n rank(X)

Dif fEntropy(H) = 5 5

In(27) + %ln |%| (6)
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where, rank(X) is the rank of X and |X| is the determinant of covariance matrix. If the covari-
ance matrix 3 is not full rank, the multivariate normal distribution is degenerate (Rao et al., |1973).
Then, the rank(X) < d and the determinant of covariance matrix is degenerated as the pseudo-
determinant.

4 INTERNAL PURITY

In this section, we first present the implementation details for our proposed internal purity (IP) index,
and then provide theoretical analysis for its effectiveness and efficiency.

4.1 IP IMPLEMENTATION

Following the traditional criteria of internal clustering validation, IP index consists of following two
main components, i.e., compactness purity (C'P) and seperation purity (S P). The former measures
the average differential entropy of clusters to judge the compactness of the clustering result, while
the latter evaluates the separation between clusters based on the differential entropy of the space
formed by the center of each cluster.

Compactness. Let H be the feature space, where H = {hy,...,hx}*. Supposing that N samples
are clustered into k clusters, i.e. Hy, ..., Hy, the compactness C P for k clusters is defined as average
differential entropy of k clusters:

k
1
CcpP= p ; Dif f Entropy(H;) @)

Given a specific dataset, we can get a feature representation of each sample x; through the pre-
trained deep model f(-), i.e. h; = f(=x;). Then, for k-th cluster we can get {h¥,...,hE}T € Hy,
where m is the number of data samples in the k-th cluster. So Hy, is a m x d matrix composed of
feature representations corresponding to samples in the Hy. H} can be viewed as a set of points in
d-dimensional space. Moreover, we usually assume feature matrix H}, follows multivariate normal
distribution when we have no prior knowledge of the distribution of these points (Goodfellow et al.}
2016) and existing works have demonstrated that the distribution of the hidden representation is
close to the normal distribution (Lee et al., 2018} Daneshmand et al., [2021). Hence we can obtain
the differential entropy of a cluster Hy, by Eq. (6).

Separation. Let 1), be the centroid of the k-th cluster Hy, i.e., i, = — 27;1 h;, h; € Hy, where

m

m is the number of data samples in the k-th cluster.. The separation S P for k clusters is defined as
differential entropy of the feature matrix H,, formed by £ cluster centers

SP = Dif fEntropy(H,) 8)

where H,, = {p1, ..., iy} T. Here we also assume that the centers of clusters follow a multivariate
normal distribution. Hence, we can obtain the differential entropy of this distribution by Eq. (6).

IP Index. Based on C'P and S P, the IP index for a clustering result of k clusters is defined as

IP=CP-SP 9)

As shown above, our IP index takes the form of subtracting the intercluster separation from the
intracluster compactness. A lower value of IP indicates a better clustering result.

4.2 THEORETICAL ANALYSIS

Effectiveness. According to Eq. (6), we can see that the differential entropy of multivariate normal
distribution is proportional to the determinant of the covariance matrix. The determinant of the
covariance matrix is usually called generalized variance (Johnson et al} |2014). For a fixed set of
data, generalized variance is proportional to the square of the volume generated by the d deviation
vectors (Johnson et al.,[2014). i.e.,

Generalized variance = |X| = (N — 1)~%( volume )? (10)
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Based on Eq.(I0), we know the reason why our internal purity can avoid the drawbacks of distance
or variance based indices. Specifically, the form Lﬁme embedded in the Eq. lb indicates the
real density for a given vector space. Then, according to Eq. (9), we can further obtain following
formula (detailed derivation is listed in Appendix [A):

k k
11 1+1In(27) |1
IP = 3 (k i:E 1 In|3;| — In Eu|> + Yy lk ;:1 rank(%;) — rank(%,)

part_1 part2

Y

This formula is similar to the information criterion (Bishop & Nasrabadi, 2006) mentioned in the
introduction. According to this criterion, the part_1 of Eq. can be considered as the evaluation
of the model performance and the part_2 as the measure for the model complexity. This formula
also indicates that our proposed IP index can also capture what traditional information criterion
based indices want to measure.

Efficiency. The time complexity of IP computation is decided by the complexity of both compact-
ness and separation. For compactness, the time complexity of calcualting the covariance matrix is
O(d? |Cy]) and the determinant of covariance matrix complexity is O(d*37%) (Aho & Hopcroft,
1974). Hence, the complexity of calcualting the compactness of a cluster is O(d” |Cy| + d**"°),
then the complexity for k clusters is O(Nd? + kd*37). For seperation, we have to calculate &
cluster centroids, and the covariance matrix formed by % cluster centroids and the corresponding
determinant. So the complexity of seperation is O(Nd + kd?> + d?37®). Usually, d < N and
k < N, then, the complexity of IP index is O(Nd?), which makes it affordable for large-scale and
high-dimensional datasets.

5 EXPERIMENTS

In this section, we compare the performance of IP with other 13 well-known internal indices, namely,
SD, Dunn, I, XB, S, CH, DB, AIC, BIC, S_Dbw, CVNN, DBCV and DCVI. Note that, we didn’t
consider RMSSTD since it need subjective determination for the shift point of its curve (Halkidi
et al., 2001; Vendramin et al.l 2010). Similar to existing works (Halkidi et al.l 2000; [Liu et al.,
2013 Moulavi et al., [2014), we use the task of determining optimal cluster number for evaluation
purpose. The general evaluation procedure is as follows: (1) we first use the existing pre-trained
deep model to transfer the dataset to a representation matrix; (2) a set of clustering algorithms are
then applied to the representation matrix and different clustering partitions can be obtained with
different parameters; (3) finally, we compute the internal index for each partition and get the best
partition as well as its corresponding optimal cluster number.

5.1 SETTINGS

Datasets. We use five text datasets and five image datasets. The statistics of these datasets are shown
in Table 2] and [3| respectively. For text datasets usages, we cluster the train sets of SearchSnippets
(Phan et al.,[2008)), Biomedical (Xu et al., 2017}, StackOverflow (Xu et al.,2017) and WebofScience-
11967 (Kowsari et al.,|2017), and 10,000 randomly selected texts from each class on Yahoo!Answers
(Zhang et al., |2015). For image datasets usages, we cluster the test sets of CIFAR-10 (Krizhevsky
et al., 2009), MINST (LeCun et al., [1998)) and FashionMNIST (Xiao et al., |2017), and 10,000
randomly selected imagess in the test set of CINIC-10 (Darlow et al.l 2018). For ImageNet-10
(Chang et al.l 2017), the train set is directly used. Moreover, we also use five real-world datasets
from UCI Machine Learning Repository (Frankl 2010) for evaluating how our IP index performs
over dataset without deep representation, and details can be seen in Appendix

Evaluation Metrics. Since the information of true clusters are known for above datasets, i.e., classes
are given, we can use external indices to evaluate the best clustering result each internal index
selected and then further judge which internal index is better. Three external indices are used in our
experiments, i.e., Accuracy (ACC) (Wu & Scholkopf, |2006), Adjusted Rand Index (ARI) (Hubert;
& Arabiel [1985)) and Normalized Mutual Information (NMI) (Chen et al.|[2010). Larger ACC, ARI
and NMI indicate better clustering result. Details of the implementation of the three external indices
can be seen in Appendix
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Pre-trained Representation Models. To extract feature representations, we use following six pre-
trained models. For text datasets, Bidirectional Encoder Representations from Transformers (BERT)
(Devlin et al.,[2019), Sentence-BERT (SBERT) (Reimers & Gurevych,2019) and Simple contrastive
sentence embedding framework (SimCSE) (Gao et al., |2021) are used. We use the average of all
output embeddings as the feature representation of each text sentence on the three models. For image
datasets, we use Vision Transformer (ViT) (Dosovitskiy et al.;,2021)), Swin Transformer (Swin) (Liu
et al.,|2021) and Bidirectional Encoder Representations from Image Transformers (BEiT) (Bao et al.,
2021). The generation of feature representations in different image models follows the suggestion by
their original work. Note that since the unsupervised nature of clustering, we don’t further fine-tune
above pre-trained models with the experimental datasets.

Experimental Setup. Above models are implemented based on Huggingface’s transformers (Wolf
et al., 2020) and Sentence Transformers (Reimers & Gurevychl |2019). Detailed model configura-
tions are listed in Appendix [C] Our internal index is implemented based on scikit-learn (Pedregosal
et al.,|2011)) and SciPy (Virtanen et al.,2020). Then based on above setup, we use four different clus-
tering algorithms for generating partitions, including K-Means, GMM, agglomerative hierarchical
clustering (AHC) (Ward Jr, |1963) and density-based spatial clustering of applications with noise
(DBSCAN) (Ester et al.,{1996). In the experiments, the numbers of clusters or components are in
the search range from 2 to L\/NJ (Pal & Bezdek,|1995) (Bezdek & Pall |1998) for K-Means, GMM
and AHC. Two parameters are needed for DBSCAN, min_samples and eps. For min_samples,
we choose min_samples € [5,100] and step size is 5. For eps, we obtain the minimum and max-
imum values of pairwise distances for each dataset and employ 50 different values of eps equally
distributed within this range. Morever, since the AIC and BIC are implemented based on the current
clustering model, within-cluster-sum-of squares is applied in /{-Means , AHC and DBSCAN (Man-
ning}, 2008)), maximum likelihood function applied in GMM. The experimental results are averaged
over five random runs for each validation index.

Table 2: Statistics of text datasets. Table 3: Statistics of image datasets.
Dataset Split Samples Classes Dataset Split Samples  Classes
SearchSnippets Train 12340 8 CIFAR-10  Train+Test 50,000+10,000 10
Biomedical Train 20000 20 MNIST Train+Test 60,000+10,000 10
StackOverflow Train 20000 20 FashionMNIST Train+Test 60,000+10,000 10
WebofScience-11967 Train 11967 7 ImageNet-10 Train 13000 10
Yahoo!Answers  Train 1,400,000 10 CINIC-10  Train+Test 90,000+90,000 10

5.2 EFFECTIVENESS STUDY BASED ON EXTERNAL EVALUATION

The evaluation results based on external indices of ACC, ARI and NMI are shown in Table [5} [6]
] and [I0] where the best results are highlighted in bold and the optimal k each index select,
i.e. opty, and the true cluster number in each dataset, i.e. dataset-k, are provided. Moreover, we
also count the number of best results that each internal index can achieve and report them in Table
Obviously, compared with other 13 indices, our IP index has significant advance in achieving
the best results. Specifically, for all 90 cases, our IP index can produce 51 best results, while the
second top index AIC only has 30 best results. Finally, IP index outperforms other indices greatly
with respect to different domains, i.e., text and image. Due to space limitations, every clustering
algorithm evaluation results can be seen in the Appendix [D]respectively.

Table 4: Number of best clustering results based on counting over Table @, E], and
SD Dunn I XB S CH DB S_Dbw CVNN DCVI DBCV AIC BIC IP

Text datasets 0 0O 0 0 3 0 O 0 0 0 0 17 0 26
Image datasets 0 o 0 0 0 7 O 0 0 0 0 13 3 25
All datasets 0 0O 00 3 7 0 0 0 0 0 30 3 51

Text datasets. In Table [5] we can also observe that our IP index outperforms other indices except
StackOverflow and Yahoo!Answers. In Table [6] the index S has the best results in three cases.
However, it is distance based method which has higher time complexity than our IP index. In Table
although the index AIC has the results in nine cases, the optimal & value selected by it is far from
the true number of classes on Biomedical and Yahoo!Answers.

Image datasets. In Table [§] CH obtains three best cases in terms of ACC, ARI and NMI on
ImageNet-10, respectively. However as shown in Table [0] where Swin is the representation model,



Under review as a conference paper at ICLR 2023

Table 5: BERT based clustering results on five text datasets. (15 cases: 5 datasets x 3 evaluation metrics)

SearchSnippets - 8 Biomedical - 20 StackOverflow - 20 WebofScience - 7 Yahoo!Answers - 10
ACC ARI NMI opt;, ACC ARI NMI opt, ACC ARI NMI opt;, ACC ARI NMI opt, ACC ARI NMI opt;
SD 2156 0 001 2 5 0o 001 2 50 0 001 2 176 0 002 2 1001 0 0.02 2
Dunn 2156 0 001 2 5 0 001 2 50 0 00l 2 1761 0 002 2 1004 0 005 2
I 2156 0 001 2 5 0o 001 2 50 0 001 2 176 0 002 2 1001 0 0.02 2
XB 2156 0 001 2 5 0o o001 2 50 0 001 2 176 0 002 2 1001 0 0.02 2
S 2156 0 001 2 5 0 00 2 50 0 00l 2 176 0 002 2 1001 0 0.02 2
CH 33.63 1222 16.68 2 9.66 252 821 2 629 0.17 053 2 2939 1799 2863 2 129 0.7 185 2
DB 2156 0 001 2 5 0o 00l 2 50 0 001 2 176 0 002 2 1001 0 002 2
SDbw 21.64 0.01 0.18 3 5 0 001 2 50 0 00l 2 176 0 002 2 1005 0 007 3
CVNN 21.67 0.01 1.01 14 534 0 066 2 562 002 043 2 1785 002 046 2 1004 0 0.05 2
DCVI 2156 0 001 2 5 0o o001l 2 50 0 001 2 176 0 002 2 1001 0 002 2
DBCV 2341 05 1.13 3 828 074 387 6 595 0.06 058 3 1943 014 08 3 1001 0 0.02 2
AIC 27.84 18.61 37.90 25 24.50 13.88 28.20 40 22.34 9.99 22.61 44 40.88 2469 36 3 29.52 11.86 19.31 19
BIC 34.65 1406 1973 2 9.82 294 993 2 632 0.15 046 2 2942 1843 2934 2 1223 024 1.01 2
IP  54.18 33.58 42.31 11 31.96 15.86 27.29 16 538 0.01 039 2 47.93 31.90 40.83 9 1997 259 690 4
Table 6: SBERT based clustering results on five text datasets. (15 cases: 5 datasets x 3 evaluation metrics)
SearchSnippets - 8 Biomedical - 20 StackOverflow - 20 WebofScience - 7 Yahoo!Answers - 10
ACC ARI NMI opt; ACC ARI NMI opt, ACC ARI NMI opt, ACC ARI NMI opti, ACC ARI NMI opty
SD 21.89 0.06 126 13 624 003 38 38 511 0 038 7 1892 -002 677 12 104 0 122 14
Dunn 21.58 0.01 0.07 2 5 0 002 2 501 0 001 2 1762 0 002 2 1001 0 002 2
I 2155 0 001 2 51 0 019 2 50 0 001 2 1762 0 002 2 1001 O 002 2
XB 2155 0 o001 2 504 O 009 3 501 O 001 2 1762 0 002 2 1001 0 002 2
S 2156 0 002 2 5 0 0.02 2 69.32 5887 68.85 24 24.83 22.11 50.31 35 1146 7.73 332 96
CH 3487 1381 20.16 2 99 449 144 2 987 542 2415 2 3296 244 4034 2 1673 427 783 2
DB 2155 0 001 2 504 O 009 3 501 O 001 2 1762 0 002 2 1001 0 002 2
SDbw 21.6 0 009 2 546 0 146 20 528 0 113 17 1762 0 0.02 2 1004 0 007 3
CVNN 21.87 001 063 4 61 003 227 7 513 0 036 4 2297 051 1477 6 1004 0 004 2
DCVI 2155 0 001 2 624 003 38 38 501 0 001 2 1762 0 002 2 1001 O 0.02 2
DBCV 2149 -0.03 074 3 128 076 138 6 21.17 2.26 29.04 18 1842 0.25 0.86 3 16.78 0.34 1252 22
AIC 2392 18.75 47.28 39 31.33 21.43 40.99 55 35.87 35.11 61.24 62 23.08 20.95 49.890 36 2525 16.81 34.92 35
BIC 35.67 15.15 2276 2 990 4.88 1577 2 9.88 596 2434 2 3296 2236 38.61 2 17.64 583 10.69 2
IP  57.30 43.66 53.67 12 46.85 27.87 41.49 17 5499 1935 61.4 14 5519 42.03 53.75 10 44.1 20.28 30.29 7

Table 7: SimCSE based clustering results on five text datasets. (15 cases: 5 datasets X 3 evaluation metrics)

SearchSnippets - 8

Biomedical - 20

StackOverflow - 20

WebofScience - 7

Yahoo!Answers -

10

ACC ARI NMI opt;,; ACC ARI NMI opt, ACC ARI NMI opt;, ACC ARI NMI opt, ACC ARI NMI opt

SD 2165 0.05 1.03 11 886 025 734 12 6.64 0.02 3.18 10 1762 O 002 2 1001 O 0.02 2
Dunn 21.56 0 0.01 2 5 0o 002 2 502 0 003 2 1762 0 002 2 1001 O 0.02 2
I 2156 0 001 2 5 0 002 2 504 0 008 2 1762 0 002 2 1001 O 0.02 2
XB 2156 0 001 2 5 0 002 2 504 O 008 2 1762 0 002 2 1001 O 0.02 2
S 2156 0 001 2 503 O 008 2 502 O 006 2 1762 0 002 2 1001 0 002 2
CH 3044 629 104 2 975 321 1021 2 921 31 9.67 2 31.69 21953576 2 177 422 792 2
DB 2156 0 001 2 51 0O 043 9 504 O 008 2 1762 0O 002 2 1001 O 0.02 2
SDbw 216 0 009 2 61 003 28 22 545 0 112 14 1762 0 002 2 1004 0 007 3
CVNN 21.65 -0.01 052 4 9.5 034 79 5 886 021 741 4 1813 004 101 2 1003 0 0.04 2
DCVI 2156 0 001 2 5 0 002 2 633 001 38 42 1762 0 002 2 1001 O 0.02 2
DBCV 21.04 027 1325 114 891 193 603 3 929 165 586 3 189 027 0.83 3 1009 0 02 4
AIC 2442 16.24 37.81 3 26.95 16.24 32.03 46 4191 34.70 55.67 52 55.65 38.40 44.50 8 22.73 11.32 23.95 30
BIC 31.38 9.01 1431 2 979 299 959 2 796 1.15 342 2 3204 2247 36.68 2 18.14 502 949 2
IP  50.33 30.74 39.79 12 1131 099 12.65 3 68.74 46.44 59.22 20 4898 33.74 4450 11 1472 092 6.19 2

the best partitions in terms of ACC, ARI and NMI are found by our IP index again, which indicates
that the representation model can influence the clustering result. Moreover, when comparing with
the results of ImageNet-10 in Table[9]and[IQ]it is interesting to find that: (1) Different representation
models may have great impacts on the clustering result, e.g., the best ARI score of Swin based clus-
tering can be as high as 99.64 while it drops to 0.65 dramatically when the representation model is
changed to BEiT; (2) Even for the same representation model, the optimal clustering results found
by different internal indices could vary a lot, e.g., the ARI score of I index is 0 while our IP index
and several indices can provide optimal partition ARI score of 99.64.
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Table 8: ViT based clustering results on five image datasets. (15 cases: 5 datasets x 3 evaluation metrics)

CIFAR-10 - 10 MNIST - 10 FashionMNIST - 10 ImageNet-10 - 10 CINIC-10 - 10
ACC ARI NMI opt;, ACC ARI NMI opt;, ACC ARI NMI opt;, ACC ARI NMI opt, ACC ARI NMI opt;

SD 1049 0 139 7 1134 0 002 2 1001 O 002 2 3434 511 3603 9 1001 O 002 2
Dunn 1001 O 0.02 2 1134 0 002 2 1000 O 002 2 1003 O 006 2 1001 O 0.02 2
1 1001 0 002 2 1134 0 002 2 1001 O 002 2 1004 O 008 2 1001 O 002 2
XB 1001 O 0.02 2 1134 0 002 2 1001 O 0.02 2 8752 8.8 91.19 9 1001 O 0.02 2
S 1001 0 002 2 1134 0 0.02 2 1002 O 004 2 89.13 88.5590.82 13 1001 0 002 2
CH 1955 852 2994 2 1587 19 353 2 19.81 11.31 25.14 2 9221 89.12 93.75 9 19.02 7.6 2643 2
DB 1001 O 0.02 2 1134 0 002 2 1001 O 002 2 1004 O 008 2 1001 O 0.02 2
SDbw 11.52 0.02 432 16 1134 0 002 2 1001 O 002 2 2041 138 1856 14 1003 0 008 2
CVNN 11.09 0.02 275 7 1295 0.12 246 2 1282 034 456 3 155 043 1018 4 1086 0.03 1.71 2
DCVI 1001 0 002 2 1134 0 002 2 1001 O 002 2 1003 0 006 2 1001 O 0.02 2
DBCV 11.46 0.13 151 3 14.66 1.24 3.17 3 1569 1.79 444 3 6796 45.14 71.31 10 28.71 425 3043 7
AIC 28.21 26.67 57.69 46 13.55 7.57 22.90 40 16.94 11.68 33.89 41 33.01 36.74 72.87 54 27.31 21.82 48.74 44
BIC 1955 852 2994 2 16.02 1.99 3.69 2 19.87 11.66 26.08 2 19.74 644 2737 2 19.02 7.60 2643 2
IP 75.87 58.89 70.24 10 1452 043 328 2 1248 039 411 2 53.08 17.88 56.16 8 59.47 38.70 54.43 10

Table 9: Swin based clustering results on five image datasets. (15 cases: 5 datasets X 3 evaluation metrics)

CIFAR-10 - 10 MNIST - 10 FashionMNIST - 10 ImageNet-10 - 10 CINIC-10 - 10
ACC ARI NMI opt;, ACC ARI NMI opt, ACC ARI NMI opt;, ACC ARI NMI opt, ACC ARI NMI opts

sD 1001 0 002 2 1531 078 824 3 1001 O 002 2 56.1 2167 59.71 10 1001 0 002 2
Dunn 1001 O 002 2 1137 0 004 2 1001 O 002 2 1002 O 003 2 1001 O 002 2
1 1001 0 002 2 1137 0 004 2 1001 O 002 2 1002 0 003 2 1001 O 002 2
XB 1001 O 002 2 1137 0 004 2 1001 O 002 2 1002 0 003 2 1001 O 002 2
s 1001 0 002 2 1137 0O 004 2 1004 O 008 2 1002 O 003 2 1004 O 0.08 2
CH 20.0 17.35 4025 2 1947 494 945 2 19.99 13.57 33.58 2 99.84 99.64 99.47 10 19.89 14.32 30.65 2
DB 1001 O 0.02 2 11.15-0.01 038 2 1001 O 002 2 1002 O 003 2 1001 O 002 2
S_Dbw 13.62 0.13 7.21 11 1377 031 6.63 4 1052 O 1.16 7 1392 02 888 13 1003 O 008 2
CVNN 129 0.1 55 5 13.63 029 637 3 11.31 003 225 4 1282 0.09 555 6 1487 027 923 8
DCvI 1001 0 002 2 1138 0 007 2 1001 O 002 2 1012 O 027 2 1001 0 002 2
DBCV 2344 1.51 23.05 15 16.18 1.23 944 3 13.68 036 742 3 57.78 22.57 60.58 10 22.38 1.95 24.05 12
AIC 4381 47.01 73.79 33 16.28 8.50 18.35 32 21.25 13.79 3429 30 50.88 55.04 79.93 42 35.38 29.84 54.39 33
BIC 20.00 17.35 40.25 2 19.49 499 956 2 1747 6.73 1588 2 19.81 4.56 2370 2 19.89 14.32 30.65 2

IP 9538 90.12 90.14 10 1674 148 857 2 35.18 20.10 3448 7 99.84 99.64 99.47 10 68.57 52.89 62.36 10
Table 10: BEiT based clustering results on five image datasets. (15 cases: 5 datasets x 3 evaluation metrics)
CIFAR-10 - 10 MNIST - 10 FashionMNIST - 10 ImageNet-10 - 10 CINIC-10 - 10

ACC ARI NMI opt;; ACC ARI NMI opt;; ACC ARI NMI opt, ACC ARI NMI opt, ACC ARI NMI opty
sb 1001 0 002 2 1136 0 002 2 1001 0 002 2 1001 0 002 2 1001 0 002 2

Dunn 1001 O 002 2 1138 0 006 2 1001 O 002 2 1001 O 002 2 1003 O 008 2
1 1001 0 002 2 1136 O 002 2 1001 O 002 2 10001 O 0.02 2 1001 O 0.02 2
XB 1001 O 002 2 1136 O 002 2 1001 O 002 2 1001 0 002 2 1001 O 002 2
S 1001 0 002 2 1136 O 002 2 1001 O 002 2 1001 O 0.02 2 1002 0 0.04 2
CH 1721 497 921 2 2038 566 1348 2 19.67 11.79 24.09 2 2377 7.23 2093 3 17.09 342 693 2
DB 1001 O 002 2 1136 0 002 2 1001 O 002 2 1001 0 002 2 1001 O 002 2
SDbw 1001 0 002 2 1058 -0.04 1.72 10 12.08 023 6.15 20 11.46 0.05 3.18 12 1003 0 0.08 2
CVNN 10.18 0 036 2 2073 242 1448 3 219 285 228 6 1445 0.77 573 3 1132 0.07 099 2
DCvI 1001 0 002 2 1136 O 002 2 1001 O 002 2 1001 O 0.02 2 1001 O 0.02 2
DBCV 12.28 023 1.62 4 12.05 005 142 3 1018 0 019 3 13.15039 334 4 1001 O 003 2
AIC 13.15 5.37 16.88 43 17.76 10.41 27.92 37 2293 17.30 41.39 36 16.72 9.69 28.51 57 11.92 4.10 13.84 42
BIC 17.44 5.17 9.61 2 2041 571 13.57 2 19.78 12.05 2475 2 1829 5.62 13.19 2 1724 353 744 2
IP 2471 8.01 13.62 7 2385 648 1836 3 37.62 20.75 38.08 7 14.01 0.65 523 2 21.17 4.69 9.88 7

6 CONCLUSIONS

In this paper, we propose internal purity (IP), a novel internal validation index. IP index uses the
differential entropy to measure the purity of a cluster and the cluster centers of a partition. Based
on the theoretical analysis, the nature of our IP index can help overcome the effectiveness and
efficiency drawbacks of existing internal indices. Extensive experiments over different datasets of
text and image domains also show that, our IP index can significantly outperform other thirteen
well known internal indices when selecting the optimal partition and cluster number with different
deep representation models. Although normal distribution assumption is indeed restrictive in our IP
index, it won’t affect the usage of our method over the data after deep representation. Considering
that deep representation is already widely used, we believe that our method is still very practical.
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B EVALUATION METRICS

In our evaluations we used three common external validation indices: Accuracy (ACC), Adjusted
Rand Index (ARI) and Normalized Mutual Information (NMI). The ACC and NMI range between 0
and 1, and the ARI ranges between -1 and 1. Larger ACC, ARI and NMI indicates better clustering
result.

ACC is computed as follows:

SN, 6 (yi, map (¢;))
N

where y; is the true cluster label, ¢; is the cluster label obtained by clustering, and d(zx,y) is an
indicator function returning 0 (x # y) or 1 (x = y). map(-) transforms the cluster label ¢; to its
true cluster label by the Hungarian algorithm (Papadimitriou & Steiglitz, |1998). The larger the ACC
value is, the better the clustering result.

ACC =

12)

ARI is computed as follows:

RI - E[R]] a+b
ARI=——-2  RI=
1— E[RI] cy

13)
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where CV is the total number of possible pairs in the dataset, a is the number of pairs of samples
that are in the same ground truth class and in the same cluster, b is the number of pairs of samples
that are in different ground truth class and in different cluster. E[RI] is the expected RI. Larger ARI
indicates better clustering result.

NMI is computed as follows:

I(A, B)

NMI(A, B) = TROED

(14)

where A is the predicted labels and B the ground truth labels. I is the mutual information and H is
the entropy.

C MODEL CONFIGURATION

BERT is based on bert-base-uncased, SBERT is based on all-distilroberta-vl, SImCSE is based
on unsup-simcse-roberta-base, ViT is based on wvit-base-patchl6-224-in21k, Swin is based
on swin-base-patchd-window7-224 and BEIT is based on beit-base-patch16-224-pt22k, where
BERT, SBERT, SimCSE, ViT and BEiT return 768 embedding size, and Swin returns 1024 embed-
ding size.

D CLUSTERING EVALUATION RESULTS UNDER A SINGLE CLUSTERING
ALGORITHM

As before, we first present the statistical results of each clustering algorithm and report them in Table
[LT] Obviously, compared with other 13 indices, our IP index has significant advance in achieving the
best results under each clustering algorithm. Specifically, for all 90 cases, our IP index can produce
52 best results, while the second top index SD only has 13 best results in K -Means. Our IP index can
produce 44 best results, while the second top index S only has 15 best results in GMM. Our index
can produce 37 best results, while the second top index DBCV only has 17 best results in AHC.
Although CH can produce 63 best results while our index only has 26 best results in DBSCAN, our
index is better than CH in the other three clustering algorithms. Finally, IP index outperforms other
indices greatly with respect to different domains, i.e., text and image. Then the specific results of

each clustering algorithm can been in and respectively.
Table 11: Number of best clustering results based on counting over K-Means, GMM, AHC and DBSCAN
SD Dunmn I XB S CH DB SDbw CVNN DCVI DBCV AIC BIC IP

K-Means
Text datasets 4 2 0 0 4 0 0 2 1 2 1 0 0 30
Image datasets 9 3 0 6 4 3 7 5 2 7 1 1 22
All datasets 13 5 0 6 8 3 7 7 7 4 8 1 1 52
GMM
Text datasets 1 0 0 0 6 0 0 3 0 0 10 0 25
Image datasets 3 0 0o 2 9 0 2 2 1 1 4 1 0 19
All datasets 4 0 0o 2 15 0 5 1 1 4 11 0 44
AHC
Text datasets 4 8 0o 2 10 0 5 6 0 6 6 0 0 15
Image datasets 12 4 0o 3 4 3 3 8 6 6 11 0 0 22
All datasets 16 12 0 5 14 3 8 14 6 12 17 0 0 37
DBSCAN
Text datasets 0 0 0 0 0 33 0 0 1 0 4 0 0 7
Image datasets 0 0 0 0 330 0 0 3 0 1 0 0 19
All datasets 0 0 0 0 3 63 0 0 4 0 5 0 0 26

D.1 THE CLUSTERING RESULTS ON K-MEANS

In this section, we only use K-Means to evaluate the clustering results. Since the random initial-
ization nature of K -Means, the experimental results are averaged over five random runs for each
validation index. The evaluation results based on external indices of ACC and ARI are shown in

Table and[T7] the evaluation results in terms of NMI are shown in Table

14
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[22] and 23] where the best results are highlighted in bold. Moreover, the optimal & results
each index select can be seen in Fig. [2] B} B o] [6]and[7] Obviously, for almost all cases, our IP index
outperforms other indices and is close to the real k value represented in red dash line.

Table 12: BERT based K -Means clustering results on five text datasets.

SearchSnippets

ACC

Biomedical
ARI ACC ARI

StackOverflow WebofScience
ACC ARI ACC ARI

ACC

Yahoo!Answers
ARI

SD
Dunn

XB

CH
DB
S_Dbw
CVNN
DCVI
DBCV
AIC
BIC

27.98+10.23
27.39+12.76
33.63+0.03
17.2243.37
10.05+0.59
33.63+0.03
10.22+0.39
9.85+0.51
33.63+0.03
10.18+0.93
9.73£0.59
33.63+0.03
33.63+0.03

17.91+6.21 29.31+0.01 14.64+0.01
17.35%7.89 12.79+0.76 7.4+0.70
12.22+0.06 9.66+0.00 2.52+0.01
11.19£2.12 29.31+0.01 14.64+0.01
6.606+£0.24 9.66+0.00 2.52+0.01
12.2240.06 9.66+0.00 2.52+0.01
6.67£0.18 29.31+0.01 14.64+0.01
6.60£0.15 11.38+0.43 6.58+0.23
12.2240.06 9.66+0.00 2.52+0.01
6.70£0.41 11.59£0.29 6.74+0.30
6.45+0.13 11.87+0.81 6.90+0.46
12.22+0.06 9.66+0.00 2.52+0.01
12.22+0.06 9.66+0.00 2.52+0.01

8.42+0.01 0.90+0.00 40.66+0.01
7.65+3.05 1.47+£291 8.48+0.44
6.29+0.00 0.17£0.00 29.39+0.01
8.42+0.01 0.90+0.00 29.39+0.01
8.4240.01 0.90+0.00 29.39+0.01
6.29+0.00 0.17£0.00 29.39+0.01
10.96+0.01 2.41+0.01 40.66+0.01
12.9240.66 7.05+0.23 8.20+0.39
6.29+0.00 0.17£0.00 29.39+0.01
13.14£0.65 6.98+0.35 8.60+0.21
12.58+0.27 6.87+0.08 8.49+0.20
6.29+0.00 0.17£0.00 29.39+0.01
6.29+0.00 0.17£0.00 29.39+0.01

6.24+0.27
17.99+0.01
17.99+0.01
17.99+0.01
17.99+0.01
24.36+0.02
6.09+0.12
17.99+0.01
6.22+0.19
6.26+0.26
17.99+0.01
17.99+0.01

24.36+0.02 19.97+0.03 2.59+0.02
25.98+8.58 10.18+3.11
12.90+0.03
12.90+0.03
12.90+0.03
12.90+0.03
16.52+0.02
12.59+1.53
12.90+0.03
11.91x0.94
11.93+0.76
12.90£0.03
12.90+0.03

0.70+0.01
0.70£0.01
0.70+0.01
0.70£0.01
1.89+0.01
5.19£0.56
0.70+0.01
5.03x0.27
4.99+0.25
0.70+0.01
0.70+0.01
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Figure 2: The optimal k value found by each index on BERT representations for text datasets.

Table 13: SBERT based K -Means clustering results on five text datasets.

SearchSnippets Biomedical StackOverflow WebofScience Yahoo!Answers

ACC ARI ACC ARI ACC ARI ACC ARI ACC ARI
SD  24.24+10.15 18.27+7.29 41.16£12.78 26.50+7.84 59.66+20.26 36.43+15.51 22.85+8.38 20.20+6.95 17.93+4.80 11.96+3.05
Dunn 16.94+4.66 13.09+£3.74 21.37+6.59 14.58+4.54 28.78+13.07 17.78+11.57 15.8249.60 13.22+8.97 22.08+11.56 13.23+4.27
1 34.87+0.01 13.81£0.01 9.90+0.01 4.49+0.01 13.47+2.01 6.32+0.96 32.96+0.00 24.40+0.00 16.73+£0.02 4.27+0.02
XB 23.68+10.79 17.73+£7.92 41.23+4.3 24.88+3.90 31.16+£20.08 16.51+13.09 35.72+16.36 29.44+11.80 12.49+1.07 8.44+0.75
S 11.10+£0.36  8.31+£0.28 47.26+£1.79 29.9+0.98 69.32+1.48 58.87+1.17 24.83+3.17 22.11+2.29 11.46+0.48 7.73+0.33
CH 34.87+0.01 13.81+0.01 9.90+0.01 4.49+0.01 9.87+0.00 5.42+0.00 32.96+0.00 24.40+0.00 16.73+0.02 4.27+0.02
DB  10.94+0.19 8.21+0.16 16.88+0.39 11.30+0.39 53.35+17.02 30.44+12.35 29.03+3.31 25.34+2.50 11.41+0.36 7.54+0.19
S Dbw 10.92+0.40 8.23+0.03 16.42+0.75 10.84+0.29 20.32+0.86 19.40+1.21 9.94+0.27 8.28+0.17 11.27+0.50 7.54+0.26
CVNN 34.87+0.01 13.8120.01 9.90£0.01 4.49+0.01 20.76+5.32 9.43+2.33 32.96+0.00 24.40+0.00 23.42+0.01 10.14+0.04
DCVI 10.79+£0.39 8.18+0.20 17.04+1.47 11.52+0.99 63.17+12.44 40.40+9.5 10.79+0.66 8.52+0.16 12.09+0.99 7.87+0.50
DBCV 10.88+0.13 8.26+0.18 16.96+0.93 11.40+0.78 55.40+5.40 43.65+8.77 10.67+0.80 8.66+0.42 11.36+0.25 7.52+0.13
AIC  34.87+0.01 13.81+0.01 9.90+0.01 4.49+0.01 9.87+0.00 5.42+0.00 32.96+0.00 24.40+0.00 16.73£0.02 4.27+0.02
BIC 34.87+0.01 13.81+0.01 9.90£0.01 4.49+0.01 9.87+0.00 5.42+0.00 32.96+0.00 24.40+0.00 16.73+0.02 4.27+0.02
IP  55.68+4.06 42.57+2.72 47.34+1.16 28.59+0.93 72.61+1.62 50.25+3.00 58.60+1.81 44.50+1.46 50.14+2.26 27.07+1.71
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Figure 3: The optimal & value found by each index on SBERT representations for text datasets.

Table 14: SimCSE based K-Means clustering results on five text datasets.

SearchSnippets Biomedical StackOverflow WebofScience Yahoo!Answers
ACC ARI ACC ARI ACC ARI ACC ARI ACC ARI
SD  10.77+0.80 7.35+0.69 21.06+8.20 9.47+6.35 61.42+2.06 46.07+0.99 49.01+1.77 34.49+1.44 17.29+1.72 8.74+0.83
Dunn 24.24+13.22 15.72+8.27 23.10+1.61 11.34+1.41 38.60£14.71 28.25+6.46 22.47+17.29 16.78+11.43 30.93+£11.3 12.3+3.89
I 30.44£0.01 6.29+£0.01 9.75+0.00 3.21+0.00 9.21+0.02 3.10+£0.02 31.69+0.00 21.95+0.00 17.70+0.04 4.22+0.02
XB  11.25+1.54 7.49+0.94 17.39+0.01 6.63£0.01 60.40+3.08 45.69+1.47 43.59+0.00 28.19+0.01 11.22+1.66 5.49+0.97
S 10.52+0.62 6.82+0.44 9.75+0.00 3.21+£0.00 63.36+1.61 46.99+0.71 31.69+0.00 21.95+0.00 17.70+0.04 4.22+0.02
CH 30.44+0.01 6.29+0.01 9.75+0.00 3.21+0.00 9.21+0.02 3.10+0.02 31.69+0.00 21.95+0.00 17.70+0.04 4.22+0.02
DB  10.82+0.67 6.98+0.19 14.76+1.06 8.93+0.54 63.25£3.11 46.71+1.33 43.59+0.00 28.19+0.01 10.26+0.25 4.89+0.10
S_Dbw 10.32+0.42 6.75+£0.09 13.67+0.28 8.14+0.20 19.57+0.55 17.19£0.29 8.64+0.62 6.98+0.24 10.27+0.5 5.07+0.26
CVNN 30.44+0.01 6.29+0.01 17.39+0.01 6.63+0.01 9.21£0.02 3.10+£0.02 31.69+0.00 21.95+0.00 17.70+0.04 4.22+0.02
DCVI 10.26+0.31 6.65+0.05 14.47+0.28 8.79+0.21 21.49+1.03 18.53+1.13 9.04+0.19  7.13+0.17 10.38+0.5 5.07+0.21
DBCV 10.04+0.22 6.67+0.20 13.99+0.74 8.44+0.52 21.71+1.54 18.57+£1.72 9.3240.48 7.17+0.23 10.41+0.46 5.06+0.24
AIC  30.44+0.01 6.29+0.01 9.75+0.00 3.21+£0.00 9.21+0.02 3.10+0.02 31.69+0.00 21.95+0.00 17.70+0.04 4.22+0.02
BIC 30.44+0.01 6.29+0.01 9.75+0.00 3.21+0.00 9.21+£0.02 3.10+0.02 31.69+0.00 21.95+0.00 17.70£0.04 4.22+0.02
IP  50.33+0.82 30.74+0.99 37.96+0.19 20.06+0.10 68.74+1.38 46.44+1.36 48.98+3.73 33.74+2.07 37.03+0.15 14.75+0.16
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Figure 4: The optimal £ value found by each index on SimCSE representations for text datasets.

Table 15: ViT based K -Means clustering results on five image datasets.

CIFAR-10 MNIST FashionMNIST ImageNet-10 CINIC-10
ACC ARI ACC ARI ACC ARI ACC ARI ACC ARI
76.07£0.96 58.84+1.63 31.17+0.23 11.71+0.29 33.40+0.01 21.72+0.02 80.06£12.91 71.44+20.37 17.66£1.71 13.29+1.35
23.10+4.86 10.71£3.00 29.19+0.89 10.64+0.31 35.25+2.63 20.33+0.51 57.15£38.37 51.34+42.69 29.28+3.54 20.03+2.69
19.55£0.00 8.52+0.00 15.87£0.00 1.90£0.00 19.81£0.00 11.31+0.00 23.68+5.32 9.90+4.10 19.02+0.00 7.60£0.00
23.10+4.86 10.71+3.00 28.78+0.03 10.5+0.03 19.81£0.00 11.31+0.00 92.21+5.75 89.12+6.89 19.02+0.00 7.60+0.00
68.07+2.29 57.42+0.96 15.87+0.00 1.90£0.00 30.14+0.00 18.93£0.00 89.13+2.84 88.55+1.85 53.86+1.07 41.14£0.69

SD
Dunn
I
XB
S

CH
DB

S_Dbw
CVNN
DCVI

DBCV

AIC
BIC

19.55+0.00
23.10+4.86
18.60+4.88
23.10+4.86
19.70+4.89
17.36x1.05
19.55+0.00
19.5540.00

8.52+0.00 15.87+0.00
10.71+3.00 30.82+0.07
16.85+4.55 7.50£0.21
10.71£3.00 15.87+0.00
15.08+0.63 7.61+0.33
15.35£0.69 7.73£0.26
8.52+0.00 15.87+0.00
8.52+0.00 15.87+0.00

1.90£0.00 19.81+0.00
11.44+0.40 19.81+0.00
4.41£0.07 8.92+0.24
1.904£0.00 19.81+0.00
4.3840.13 8.89+0.11

4.39£0.12  9.10x0.31

1.904£0.00 19.81+0.00
1.90£0.00 19.81x0.00

11.31£0.00 92.21£5.75 89.12+6.89

11.31£0.00 68.95+40.62 6|
6.16£0.07 66.31x16.12 5
11.31£0.00 52.64+8.71
6.21+0.19 84.74+30.79 8

0.95+48.98
0.61+£24.24

31.27+9.35

2.49+31.77

6.21+0.13  92.36+8.83 91.64+7.17

11.31£0.00 19.80+0.01
11.31£0.00 19.80+0.01

8.40+2.17
8.40+2.17

19.02+0.00
19.02+0.00
15.33£1.65
19.02+0.00
15.05+0.76
14.62+0.76
19.02+0.00
19.02+0.00

7.60£0.00
7.60£0.00
11.99+1.1
7.60+0.00
11.73+£0.43
11.38+0.39
7.60£0.00
7.60+0.00

1P

75.87£0.03 58.89+0.09 31.37£0.36 11.73+0.33 39.75£1.08 21.87+0.23 72.14£13.20 58.87+20.65 63.39£0.96 40.94+2.68
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Figure 5: The optimal £ value found by each index on ViT representations for image datasets.

Table 16: Swin based K -Means clustering results on five image datasets.
CINIC-10

CIFAR-10
ACC

MNIST

ARI ACC

ARI

FashionMNIST
ACC ARI

ImageNet-10
ACC

ARI

ACC ARI

—— AIC BIC CH CVNN DBCV DB —— DCVI Dunn —— | XB —— SD —— S S_Dbw —a— IP(Ours) == real k
—_— —_— 16
=== 90 90 I 14 0] ST N
75 75 12 /\/\ . \/ \
60 60 10| m———ee 60
~ ~ ~ ~
45 45 8 /;, 45
30 30 6] if 30
15 15 4 15 —————————~
A ———
) ] e N )
. s 0 of T 2 " ! ol J
i 2 3 4 5 i 2 3 4 5 i 2 3 4 5 i 2 3 4 5 i 2 3 4 5
CIFAR-10 MNIST FashionMNIST ImageNet-10 CINIC-10

SD
Dunn

XB

CH
DB
S_Dbw
CVNN
DCVI
DBCV
AIC
BIC

I 20.00+0.00 17.3540.00 19.47+0.01
S 91.44+1.36 88.85£1.13 19.47+0.01
20.00£0.00 17.35£0.00 19.47£0.01
86.76+0.02 82.11+0.06 27.69+0.03
20.07+0.51 19.90+0.41 8.32+0.37
86.76+0.02 82.11+0.06 19.47+0.01
20.66+0.86 20.28+1.29 8.19+0.34
21.14£1.04 20.88+1.02 8.37+0.34
20.00+0.00 17.35+0.00 19.47+0.01
20.00+0.00 17.35+0.00 19.47+0.01

86.76+0.02 82.11+0.06 21.12£3.69

82.98+5.17 79.2243.93 27.69+0.03 9.13+0.02
81.19+6.46 78.84+6.64 22.27+0.60 10.56+0.10

4.94+0.00
5.78+1.89
4.94+0.00
4.94+0.00
9.13£0.02
4.38+0.32
4.94+0.00
4.25£0.12
4.35£0.19
4.94+0.00
4.94+0.00

30.85+0.00 20.65£0.00 99.84+0.00 99.64+0.00

19.99+0.00 13.57+0.00 83.78+15.16 82.85+16.46
4.56+0.07

99.64+0.00
90.75+1.70
99.64+0.00
99.64+0.00
99.64+0.00
99.64+0.00

19.99+0.00 13.57+0.00
34.27+0.01 20.760.03
24.65+0.00 15.22+0.00
19.9940.00 13.57£0.00
30.85+0.00 20.65+0.00
9.05+0.44 6.20+0.13
19.99+0.00 13.57+0.00

19.81+0.06
99.84+0.00
88.86+2.29
99.84+0.00
99.84+0.00
99.84+0.00
99.84+0.00

9.70£0.68 6.62+0.28 89.81+14.18 89.18+15.15

9.34£0.29  6.44+0.08
19.99+0.00 13.57+0.00
19.99+0.00 13.57+0.00

99.84+0.00
19.81+0.06
19.81+0.06

99.64+0.00
4.56+0.07
4.56+0.07

35.64+13.51

56.69+15.68

63.12+£3.42 51.65+2.45
29.44+11.03
14.32+0.01
44.02+12.84
52.94+2.19
14.32+0.01
52.62+0.17
16.93+3.28
19.72+3.02
14.81x1.31
16.30£1.25
14.32+0.01
14.32+0.01

19.89+0.00

65.29+2.47
19.89+0.00
68.87+0.11
20.72+3.52
27.01+3.98
18.52+2.05
20.43+1.39
19.89+0.00
19.89+0.00
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Figure 6: The optimal % value found by each index on Swin representations for image datasets.

Table 17: BEiT based K -Means clustering results on five image datasets.

CIFAR-10

ACC ARI ACC

MNIST

ARI

FashionMNIST

ACC ARI ACC

ImageNet-10

ARI

CINIC-10
ACC ARI

SD
Dunn

XB

CH
DB
S_Dbw
CVNN
DCVI
DBCV
AIC
BIC

S

21.4942.10 6.26+0.84 20.38+0.00 5.66+0.00 30.89+0.00 20.06+0.00 32.44+5.43
8.54+1.36 3.67+0.55 9.92+0.73 6.57+0.32
I 17.2120.00 4.97+0.01 19.77£0.01 5.72+0.00
22.20+0.02 6.24+0.01 19.77+0.01 5.72+0.00
17.21£0.00 4.97+0.01 19.77£0.01 5.72+0.00
17.21+0.00 4.97£0.01 20.38+0.00 5.66+0.00
12.92+1.37 5.44+0.61 19.77+0.01 5.72+0.00
7.63+0.33 3.29+0.15 9.73+0.48 6.46+0.29
17.21£0.00 4.97+0.01 20.38+0.00 5.66+0.00 41.49+2.10 23.91+0.88 31.62+0.03
7.66£0.16 3.30£0.10 9.48+0.27 6.42+0.12
7.76£0.24 3.33+£0.08 9.22+0.29 6.22+0.11
17.21+0.00 4.97+0.01 20.38+0.00 5.66+0.00
17.21+0.00 4.97+0.01 20.38+0.00 5.66+0.00

13.45+1.27 10.33+0.71 12.80+2.60
19.67£0.00 11.79+0.00 23.77£0.00
19.67+0.00 11.7940.00 23.77+0.00
19.67+0.00 11.7940.00 17.37+0.03
19.67£0.00 11.79+0.00 23.77+0.00
19.67+0.00 11.7940.00 23.77+0.00
12.51£0.58 9.86+0.53 11.64+1.24

12.13£0.90 9.51£0.59 11.44£0.52
12.15+0.83 9.37+0.35 11.06+0.25
19.67£0.00 11.79+0.00 17.37£0.03
19.67+0.00 11.7940.00 17.37+0.03

16.65£2.08

6.25+1.25
7.23+0.00
7.23+0.00
4.08+0.03
7.23+0.00
7.23+0.00
6.77£0.63

12.25+0.03

6.68+0.31
6.58+0.15
4.08+0.03
4.08+0.03

18.10£0.91 5.83+0.07
7.31£0.42 2.64+0.19
18.03+0.07 2.97+0.01
18.76+0.02 3.39+0.01
17.09£0.00 3.42+0.00
17.09+0.00 3.42+0.00
18.76+0.02 3.39+0.01
7.04£0.47 2.63+0.20
17.09+0.00 3.42+0.00
7.14£0.43 2.56x0.16
7.25+0.63 2.59+0.15
17.09£0.00 3.42+0.00
17.09+0.00 3.42+0.00

17

IP  23.7940.04 7.1620.07 20.38+0.00 5.66+0.00 37.99+0.53 23.16+0.19 37.35£1.50 18.47+1.13 23.64+0.06 8.37+0.03
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Figure 7: The optimal k value found by each index on BEiT representations for image datasets.

Table 18: BERT based K -Means clustering results in terms of NMI on five text datasets.

SearchSnippets  Biomedical StackOverflow = WebofScience = Yahoo!Answers

SD 37.51+£0.89 26.6+0.02 2.51£0.01 36.26+0.07 6.9+0.02
Dunn 37.43£0.69 28.84+0.16 5.93+12.07 35.78+0.17 19.03+0.82
I 16.68+0.1 8.21£0.02 0.53+0.0 28.63+0.01 1.85+0.01
XB 36.82+0.24 26.6+0.02 2.51+0.01 28.63+0.01 1.85+0.01
S 37.5+0.35 8.21+0.02 2.51+0.01 28.63+0.01 1.85+0.01
CH 16.68+0.1 8.21£0.02 0.53+0.0 28.63+0.01 1.85+0.01
DB 37.05+0.05 26.6+0.02 6.99+0.01 36.26+0.07 4.79+0.02
S_Dbw 37.47£0.47 28.95+0.1 28.42+0.46 35.96+0.25 19.87+0.26
CVNN 16.68+0.1 8.21+0.02 0.53+0.0 28.63+0.01 1.85+0.01
DCVI 37.41+£0.56 29.01+0.17 28.34+0.59 35.67+0.28 20.08+0.37
DBCV 37.30+0.37 28.95+0.14 28.44+0.37 35.72+0.20 19.98+0.20
AIC 16.68+0.10 8.21£0.02 0.53+0.00 28.63+0.01 1.85+0.01
BIC 16.68+0.10 8.21£0.02 0.53+0.00 28.63+0.01 1.85+0.01
1P 42.31+3.01 27.09+0.23 10.56+0.12 40.83+0.21 6.90+0.02

Table 19: SBERT based K -Means clustering results in terms of NMI on five text datasets.

SearchSnippets  Biomedical StackOverflow  WebofScience = Yahoo!Answers

SD 46.56+2.27 42.18+1.56 67.69+13.39 49.52+2.64 34.19+0.64
Dunn 45.25+1.54 39.61£0.95 49.53%12.21 46.2+3.58 32.72+43.21
I 20.16+0.04 14.4+0.02 30.84+3.87 40.34+0.0 7.83+0.03
XB 46.34+2.46 38.98+2.85 49.97£14.62 51.89+3.15 33.06+0.21
S 43.57+0.42 42.56+1.03 68.85+0.79 50.31+0.63 33.2+0.39
CH 20.16+0.04 14.4+0.02 24.1540.01 40.34+0.0 7.83+0.03
DB 43.5+0.44 38.79+0.18 65.69+12.34 51.5+0.95 33.06+0.34
S_Dbw 43.42+0.22 38.73+£0.14 56.35+0.45 44.22+0.32 33.15+0.14
CVNN 20.16+0.04 14.4+0.02 41.61+6.51 40.34+0.0 17.17+0.05
DCVI 43.26+0.16 38.91£0.34 71.36+5.24 44.27+0.22 33.04+0.2
DBCV 43.59+0.55 39.14+0.34 67.50+2.55 44.32+0.39 32.99+0.26
AIC 20.16+0.04 14.40+0.02 24.15£0.01 40.34+0.00 7.83+0.03
BIC 20.16+0.04 14.40+0.02 24.15+0.01 40.34+0.00 7.83+0.03
1P 53.45+1.26 42.16x1.04 72.94+0.62 54.34+0.82 34.80+1.88

Table 20: SimCSE based K -Means clustering results in terms of NMI on five text datasets.

SearchSnippets  Biomedical StackOverflow = WebofScience  Yahoo!Answers

SD 37.06+0.53 20.81+6.61 58.68+0.86 44.6+0.26 23.82+0.3
Dunn 37.78+0.9 23.05+1.48 52.1£1.7 41.89+2.24 22.03+0.79
I 10.4+0.01 10.21+0.01 9.67+0.06 35.76+0.0 7.92+0.04
XB 36.84+0.36 17.85+0.03 58.69+0.9 43.53+0.02 23.13+0.31
S 36.69+0.44 10.21£0.01 59.28+0.35 35.76+0.0 7.92+0.04
CH 10.4+0.01 10.21+0.01 9.67+0.06 35.76+0.0 7.92+0.04
DB 37.13£0.5 32.08+0.18 59.12+0.9 43.53+0.02 23.3+0.14
S_Dbw 37.06+0.19 32.02+£0.28 51.4+0.16 39.39+0.12 23.33+0.24
CVNN 10.4+0.01 17.85+0.03 9.67+0.06 35.76+0.0 7.92+0.04
DCVI 37.02+0.29 32.1+0.21 51.55+0.17 39.55+0.18 23.27+0.39
DBCV 37.1240.67 31.9240.25 51.25+0.50 39.55+0.19 23.12+0.24
AIC 10.40+0.01 10.21+0.01 9.67+0.06 35.76+0.00 7.92+0.04
BIC 10.40+0.01 10.21+0.01 9.67+0.06 35.76+0.00 7.92+0.04
1P 39.79+0.57 31.55£0.08 59.22+0.79 44.50£1.09 20.93+0.11

18



Under review as a conference paper at ICLR 2023

Table 21: ViT based K-Means clustering results in terms of NMI on five image datasets.

CIFAR-10 MNIST FashionMNIST  ImageNet-10  CINIC-10

SD 71.26+0.6 20.38+0.42 33.31+0.02 87.49+7.95 45.4+0.57
Dunn 34.92+6.81 18.6+0.58 33.15+1.3 67.19+£30.54  42.84+3.18
I 29.94+0.0 3.53+x0.0 25.14+0.0 35.96+9.22 26.43+0.01
XB 34.9246.81  18.34+0.04 25.14+0.0 93.75+2.19 26.43+0.01
S 67.94+1.29 3.53+0.0 29.67+0.0 90.82+0.92 55.92+0.55
CH 29.94+0.0 3.53+0.0 25.14+0.0 93.75+2.19 26.43+0.01
DB 34.92+6.81  19.86+0.37 25.14+0.0 70.62+35.5 26.43+0.01
S_Dbw 53.7£2.06 23.7740.33 33.31+0.13 78.58+10.88  44.83+0.45
CVNN  34.92+6.81 3.53+0.0 25.14+0.0 68.42+8.85 26.43+0.01
DCVI  50.72+4.67  24.09+0.28 33.2940.11 87.89£18.48  44.79+0.26
DBCV  52.80+0.56  24.18+0.24 33.20+0.19 93.22+4.06 44.76+0.12
AIC 29.94+0.00 3.53+0.00 25.14+0.00 31.51+4.42 26.43+0.01
BIC 29.94+0.00 3.53+0.00 25.14+0.00 31.51+4.42 26.43+0.01
1P 70.24+0.07  20.74+0.42 34.88+0.71 82.93+8.36 56.89+0.73

Table 22: SWin based K -Means clustering results in terms of NMI on five image datasets.

CIFAR-10 MNIST FashionMINIST  ImageNet-10  CINIC-10

SD 87.75£1.38  14.19+0.03 34.89+0.0 99.47+0.0 62.9+1.44
Dunn 86.77£2.03 17.9+0.11 33.58+0.0 93.33+6.56 53.86+3.46
I 40.25+0.0 9.45+0.01 33.58+0.0 23.7+0.31 30.65+0.03
XB 88.77+0.05  10.41%2.14 35.76+0.08 99.47+0.0 58.06+8.9
S 89.9+0.59 9.45+0.01 29.48+0.01 94.61+0.47 63.88+0.51
CH 40.25+0.0 9.45+0.01 33.58+0.0 99.47+0.0 30.65+0.03
DB 88.77£0.05  14.19+0.03 34.89+0.0 99.47+0.0 62.41+0.08
S_Dbw  63.45£0.26  20.07+0.18 33.42+0.29 99.47+0.0 50.18+1.46
CVNN  88.77+0.05 9.45+0.01 33.58+0.0 99.47+0.0 39.91+5.19
DCVI  63.44+£0.55  19.76+0.11 33.63+£0.2 95.77+5.36 49.21+0.4
DBCV  63.64+0.52  19.85+0.26 33.63+0.24 99.47+0.00 49.78+0.60
AIC 40.25+0.00 9.45+0.01 33.58+0.00 23.70+0.31 30.65+0.03
BIC 40.25+0.00 9.45+0.01 33.58+0.00 23.70+0.31 30.65+0.03
1P 90.14+0.02  13.69+0.02 34.10+0.33 99.47+0.00 61.97+0.97

Table 23: BEiT based K-Means clustering results in terms of NMI on five image datasets.

CIFAR-10 MNIST FashionMINIST  ImageNet-10  CINIC-10

SD 11.58+0.76 13.48+0.0 36.27+£0.0 28.71+0.33 12.86+0.44
Dunn 17.76+0.33  30.53%0.15 40.68+0.32 24.77+8.03 14.55+0.26
I 9.21+0.02 15.36+0.0 24.09+0.0 20.93+0.0 7.99+0.06
XB 11.03+0.02 15.36+0.0 24.09+0.0 20.93+0.0 7.97+0.02
S 9.21+0.02 15.36+0.0 24.09+0.0 10.4+0.01 6.93+0.0
CH 9.21+0.02 13.48+0.0 24.09+0.0 20.93+0.0 6.93+0.0
DB 16.92+0.11 15.36+0.0 24.09+0.0 20.93+0.0 7.97+0.02
S_Dbw 17.8+0.15 30.74+0.41 40.66+0.25 28.66+0.1 14.82+0.12
CVNN 9.21+0.02 13.48+0.0 39.98+1.29 23.58+0.03 6.93+0.0
DCVI 17.99+0.12  30.84+0.37 40.53+0.18 28.55+0.08 14.73+0.2
DBCV  17.77+0.17  30.84+0.45 40.57+0.24 28.47+0.18 14.75+0.17
AIC 9.21+0.02 13.48+0.00 24.09+0.00 10.40+0.01 6.93+0.00
BIC 9.21+0.02 13.48+0.00 24.09+0.00 10.40+0.01 6.93+0.00
1P 12.39+0.06  13.48+0.00 39.24+0.21 28.50+0.62 13.69+0.10

D.2 THE CUSTERING RESULTS ON GMM

In this section, we only use GMM to evaluate the clustering results. Since the random initialization
nature of GMM, the experimental results are averaged over five random runs for each validation
index. The evaluation results based on external indices of ACC and ARI are shown in[24} 23] 26}
[28and[29] the evaluation results in terms of NMI are shown in Table[30} B1] 32} [33] B4]and 33] 33|where
the best results are highlighted in bold and the optimal k value each index selecet is provided in Fig.
[8L 01 [T0L [TT} [T2] and [T3] Obviously, for almost all cases, our IP index outperforms other indices and
is close to the real k value represented in red dash line.
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Table 24: BERT based GMM clustering results on five text datasets.

SearchSnippets

ACC

ARI ACC

Biomedical

ARI ACC

StackOverflow

ARI ACC

‘WebofScience

ARI ACC

Yahoo!Answers

ARI

SD

1 34.65+0.11

XB  24.46x10.60

N 9.87+0.52
CH  34.65+0.11
DB 9.84+0.76
S_Dbw 9.44+0.51
CVNN 34.65+0.11
DCVI  9.63£0.52
DBCV 9.73+0.58

AIC

BIC  34.65+0.11

27.19£7.62
Dunn 30.72+15.00

27.84+1.16

14.06+£0.27 9.82+0.00 2.94+0.00 6.32+0.00

15.42+6.13 26.04£3.78 12.38+2.60 8.01+0.00

6.58+0.22 9.82+0.00 2.94+0.00 8.01+0.00
14.06£0.27 9.82+0.00 2.94+0.00 6.32+0.00
6.62+0.34 27.38+3.58 13.55+2.17 10.73£0.01 2.34+0.01 40.88+0.01
6.35+0.29 11.66+0.38 6.78+0.26 12.54+0.46 6.71+0.26 8.23+0.20
14.06+0.27 14.88+3.35 6.65+2.36 6.32+0.00 0.15+0.00 29.42+0.01
6.44+0.24 11.78+0.42 6.85+0.27 12.73+0.40 6.85+0.28 8.73+0.80
6.57+0.35 11.98+0.65 6.99+0.52 12.59+0.39 6.73+0.23 8.68+0.23

17.25+4.15 29.45+0.05 14.73+0.15 13.98+1.96 3.48+0.66 40.88+0.01 24.69+0.01 19.76£1.95
15.60£6.96 14.31+8.35 5.56+5.12 7.18+1.94

0.59+0.98 12.54+5.19 8.99+3.76 26.13+3.34

0.15£0.00 29.42+0.01
0.65£0.00 29.42+0.01
0.65+0.00 29.42+0.01
0.15+0.00 29.42+0.01

18.61£0.62 24.50£1.69 13.88+1.33 22.34+0.48 9.99+0.30 40.88+0.01

14.06+0.27 9.82+0.00 2.94+0.00 6.32+0.00 0.15+0.00 29.42+0.01

18.43£0.06 12.23+0.26
18.43+0.06 12.23£0.26
18.43+0.06 12.23+0.26
18.43+0.06 12.23+0.26
24.69+0.01 14.78+2.58
5.93+0.10 13.52+3.18
18.43+0.06 20.80+2.99
6.30£0.33 12.04+0.35
6.25+0.21 12.51+0.60

3.06+1.00
9.76+3.00
0.24+0.05
0.24£0.05
0.24+0.05
0.24+0.05
1.25£0.97
5.66+1.31
3.82+1.98
4.98+0.14
5.2240.19

24.69+0.01 29.52£1.72 11.86+0.62

18.43+0.06 12.23+0.26

0.24+0.05

1P

—4— AIC BIC

50.68+2.20

CH CVNN

DBCV

DB —— DCVI

Dunn

XB —— | —— SD

30.71+2.89 31.96+0.11 15.86+0.19 18.07+2.63 5.05£1.00 45.54+2.47 29.92+1.96 20.54+2.65

3.70+£1.80
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Figure 8: The optimal k value found by each index on BERT representations for text datasets.

Table 25: SBERT based GMM clustering results on five text datasets.

SearchSnippets Biomedical StackOverflow WebofScience Yahoo!Answers
ACC ARI ACC ARI ACC ARI ACC ARI ACC ARI
SD  26.25+8.66 20.43+6.14 35.15+13.42 22.66+7.93 68.51+4.92 44.19+1.52 29.92+7.39 25.65+4.88 16.96+3.60 11.36+2.20
Dunn 47.67+17.86 31.03+15.55 22.96+6.51 14.98+4.38 16.34+8.99 12.31+9.13 48.45+9.46 35.36+6.95 28.41+15.81 14.68+10.31
1 35.67+0.01 15.15£0.02 9.90+0.00 4.88+0.00 10.81+2.08 6.48+1.47 32.96+0.06 22.36+5.31 17.64+0.01 5.83+0.02
XB 24.44+13.63 18.61+9.88 38.32+£5.06 23.23+3.83 56.17+19.87 35.29+13.00 38.96+15.02 32.11+11.81 16.10+4.46 10.63+2.87
S 10.73£0.61 8.18+0.27 47.98+1.09 29.86+0.65 70.54+3.54 55.39+2.68 50.09+18.15 40.88+13.47 11.71+£0.55 7.71+0.36
CH 35.67£0.01 15.15£0.02 9.90+0.00 4.88+0.00 14.48+6.51 9.7245.59 35.50+5.75 26.14+3.15 17.64+0.01 5.83+0.02
DB  10.87+0.60 8.28+0.18 17.30£1.17 11.52+0.54 66.22+9.54 42.33+£5.46 30.57£5.56 26.44+4.10 11.44+0.66 7.53+0.22
S_Dbw 10.54+0.50 8.07+0.14 16.37+0.68 10.88+0.37 19.58+0.56 18.80+0.48 10.59+0.58 8.40+0.11 11.38+0.57 7.50+0.19
CVNN 35.6740.01 15.15£0.02 9.90+0.00 4.88+0.00 14.46+6.47 8.43+3.52 37.25+9.65 27.80+6.87 17.64+0.01 5.83+0.02
DCVI 10.83£0.92 8.34+0.60 17.07+1.12 11.30+0.36 60.63+7.88 39.93£5.34 11.59+1.12 9.33+0.98 12.10+0.72 8.00+0.63
DBCV 10.61+£0.51 8.11+0.08 17.41+0.76 11.5620.74 59.76+17.46 43.85+12.50 11.22+0.96 8.90+0.44 11.39+0.56 7.54+0.20
AIC  23.92+1.16 18.75%0.70 31.33%1.09 21.43+1.16 35.87+2.84 35.11+£2.28 23.08+1.53 20.95+1.02 25.25+0.99 16.81+0.57
BIC 35.67+0.01 15.15+0.02 9.90+0.00 4.88+0.00 9.88+0.02 5.96+0.42 32.96+0.06 22.36+5.31 17.64+0.01 5.83+0.02
IP  57.30+4.07 43.66+2.36 46.85+1.94 27.87+1.68 72.37+1.53 48.45+4.56 55.19+4.24 42.03+3.05 45.03+3.29 23.31+2.54
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Figure 9: The optimal % value found by each index on SBERT representations for text datasets.
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Table 26: SimCSE based GMM clustering results on five text datasets.

SearchSnippets Biomedical StackOverflow WebofScience Yahoo!Answers

ACC ARI ACC ARI ACC ARI ACC ARI ACC ARI
SD  15.83+4.84 10.15+3.17 32.91+4.88 18.41+3.51 61.59+6.52 43.41+5.43 55.1049.34 36.36+4.02 16.35+2.34 8.28+1.13
Dunn 33.02+17.80 14.36+11.62 18.74+8.19 8.88+5.44 26.20+21.59 15.46+16.05 32.04+0.01 22.47+0.00 21.70+7.96 6.84+4.06
I 31.38+0.07 9.01+£0.08 9.79+0.01 2.99+0.05 7.96+0.39  1.15+0.30 32.04+0.01 22.47+0.00 18.14+0.02 5.02+0.03
XB  16.25£8.42 10.77+5.87 30.73+4.27 16.05+2.12 63.69+3.62 45.64+0.57 39.03+6.38 26.00+3.23 16.02+2.16 8.14+1.12
S 10.49+£1.13  6.762£0.43  9.79£0.01 2.99+0.05 62.76+3.02 46.48+1.35 32.04+0.01 22.47+0.00 18.14+0.02 5.02+0.03
CH 31.38+0.07 9.01+0.08 9.79+0.01 2.99+0.05 12.76+0.07 6.87+0.16 32.04+0.01 22.47+0.00 18.14+0.02 5.02+0.03
DB  10.03£0.58 6.53+0.18 14.11+0.94 8.77+0.60 62.63+3.41 45.37+1.95 47.91+6.26 32.42+5.57 10.03£0.40 4.92+0.18
S_Dbw 10.06£0.60 6.50+0.14 13.53+0.61 8.39+0.31 19.82+0.58 17.14£0.33 8.70+0.33 6.85+0.06 9.98+0.43 4.85+0.19
CVNN 31.38+0.07 9.01+0.08 13.63+2.10 5.86+0.69 12.76+0.07 6.87+0.16 32.04+0.01 22.47+0.00 18.14+0.02 5.02+0.03
DCVI 10.82+0.51 6.94+0.21 13.51+0.90 8.39+0.47 19.81+0.95 17.15£0.51 9.06£0.59 7.16+0.33 9.89+0.47 4.88+0.16
DBCV 10.39+0.41 6.6120.18 13.9420.79 8.64+0.45 19.65+0.67 17.01£0.29 9.50+0.93 7.42+0.55 11.92+1.91 5.91+0.98
AIC  24.42+0.68 16.24+0.67 26.95+0.12 16.24+0.18 41.91£1.33 34.70+1.16 55.65+3.13 38.40+0.60 22.73+1.23 11.32+0.63
BIC 31.38+0.07 9.01+0.08 9.79+0.01 2.99+0.05 7.96+0.39  1.15£0.30 32.04+0.01 22.47+0.00 18.14+0.02 5.02+0.03
IP  48.29+3.91 28.3242.62 37.99+0.19 20.13+0.27 67.49+2.51 46.21+1.64 46.41+3.61 31.83+1.66 35.25+2.82 13.63+2.11
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Figure 10: The optimal k value found by each index on SimCSE representations for text datasets.

Table 27: ViT based GMM clustering results on five image datasets.

CIFAR-10 MNIST FashionMNIST ImageNet-10 CINIC-10
ACC ARI ACC ARI ACC ARI ACC ARI ACC ARI
SD  69.11£7.08 53.05+7.04 29.68+1.74 10.71£1.32 32.48+1.42 20.68+1.42 82.27+11.64 74.07+17.78 29.36+12.92 20.61+7.21
Dunn 47.27+22.57 37.26+20.70 27.63+0.78 9.12+0.86 36.40+2.84 20.57£0.59 29.66+14.00 20.69£18.36 31.04+4.50 22.81+4.38
1 21.56+4.01 13.31+3.64 16.02+0.00 1.99+0.00 19.87+0.00 11.66£0.00 23.54+5.34 7.83%5.13 19.50+0.26 11.93+2.41
XB  47.29+18.92 34.67+18.36 28.50+0.94 10.13+0.95 19.87+0.00 11.66+0.00 88.33£10.28 83.08+14.68 33.74+8.85 21.73+8.83
N 67.83+3.34 55.1242.36 16.02+0.00 1.99£0.00 30.11£0.05 18.94£0.02 93.07+4.07 91.18+4.83 56.74+1.70 41.36+0.87
CH 19.78+0.12 12.16£2.03 16.02+£0.00 1.99+0.00 19.87+0.00 11.66+0.00 91.79+8.84 87.97+12.49 19.50+0.26 11.93+2.41
DB 56.61+21.38 44.40+21.24 30.00£1.93 11.01x1.52 19.87£0.00 11.66+0.00 55.09+40.42 43.88+48.49 20.44+8.11 12.69+3.87
S_Dbw 17.48+2.12 16.01£2.14 7.37+0.25 4.23+0.15 8.80+0.28 6.19+0.08 68.18+25.51 61.39+24.20 16.34+2.99 12.91+2.31
CVNN 31.12+16.21 19.98+12.77 16.02+0.00 1.99+0.00 19.87+0.00 11.66+0.00 54.54+17.79 37.92+24.98 21.15+3.77 13.71+5.17
DCVI 20.83+5.34 19.66+5.79 7.38+0.29 4.23+0.15 8.87+0.32 6.29+0.18 51.29425.36 45.91+28.08 15.33+1.13 12.02+0.88
DBCV 16.33+0.37 14.75£0.39 7.49+0.28 4.34£0.12 8.97+0.38 6.35£0.15 81.05£19.39 79.76£19.90 15.65+0.94 12.07+0.80
AIC  28.21+1.97 26.67+2.46 13.55+0.94 7.57+0.50 16.94+0.72 11.68+0.51 33.01+3.63 36.74+4.01 27.31£1.26 21.82+0.62
BIC 19.78+0.12 12.16+2.03 16.02+0.00 1.99+0.00 19.87+0.00 11.66+0.00 19.74+0.18 6.44+2.80 19.50+0.26 11.93+2.41
IP  73.60+3.53 56.39+3.39 30.78£1.05 12.05+0.25 38.90£1.80 21.32+0.61 80.96+9.90 73.42+16.84 59.47+4.88 38.70+5.14
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Figure 11: The optimal k value found by each index on ViT representations for image datasets.
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Table 28: Swin based GMM clustering results on five image datasets.

CIFAR-10 MNIST FashionMNIST ImageNet-10 CINIC-10
ACC ARI ACC ARI ACC ARI ACC ARI ACC ARI
SD  74.07£21.13 68.91£25.07 28.46+0.55 10.12+0.60 30.82+0.04 20.60+0.09 71.76+26.80 62.11+34.91 64.82+6.10 50.99+4.16
Dunn 39.90420.25 36.86+22.86 20.17+1.05 7.16£2.97 14.74+5.20 10.06+3.56 43.87+25.01 39.57+29.21 19.89+0.00 14.65+0.01
1 23.84+5.40 14.03£6.86 19.49+0.00 4.99£0.00 17.47+£2.30 6.73+6.26 29.87+17.30 18.27+27.22 19.89+0.00 14.65+0.01
XB  72.37+16.35 68.17+19.63 19.49+0.00 4.99+0.00 34.26+0.02 20.77£0.01 83.72£11.50 79.47£16.85 55.96£16.19 43.67+13.05
S 83.33:8.91 81.36+7.57 19.49+0.00 4.99+0.00 24.65+0.02 15.29+0.02 89.65+9.85 91.17+8.50 50.51+15.02 43.66+9.85
CH  23.874#8.67 19.3248.78 19.49+0.00 4.99£0.00 22.79+2.56 14.62+0.94 88.53£13.27 84.43£19.69 19.89+0.00 14.65+0.01
DB 82.76+8.17 78.84+5.87 28.32+0.59 9.92+0.79 30.82+0.04 20.60£0.09 69.77+£29.93 64.12+36.75 68.13+1.34 53.41+0.74
S_Dbw 22.27+2.93 21.81+4.03 8.48+0.77 4.45+0.37 9.10+0.15 6.25+0.05 60.25+34.43 54.26+43.70 20.37+4.74 16.66+4.43
CVNN 58.54+18.89 51.50+22.25 19.49+0.00 4.99+0.00 22.79+2.56 14.62+0.94 61.81£35.55 51.92+43.60 19.89+0.00 14.65+0.01
DCVI 21.19£1.21 20.73%1.67 8.33%£0.53 4.46+0.30 9.35%0.53 6.47+0.37 59.82+24.42 57.67£31.36 17.27£0.42 13.75+0.43
DBCV 22.19+2.53 21.36+2.61 8.37+0.61 4.43+0.34 9.49+0.37 6.50+0.23 88.31£10.26 87.30+11.75 17.52+1.38 13.92+1.18
AIC  43.81+2.50 47.01+3.22 16.2840.72 8.50+0.46 21.25+1.51 13.79+0.80 50.88+£6.23 55.04+£6.82 35.38£1.05 29.84+0.77
BIC  19.94+0.13 13.46+6.12 19.49+0.00 4.99+0.00 17.47+2.30 6.73+6.26 19.93+0.10 10.43£7.96 19.89+0.00 14.65+0.01
IP 80.96+8.35 76.12+7.75 28.42+0.74 9.84+0.73 35.63+£0.63 20.43+0.60 71.76+26.80 62.11+34.91 68.57+2.84 52.89+1.34
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Figure 12: The optimal & value found by each index on Swin representations for image datasets.

Table 29: BEiT based GMM clustering results on five image datasets.

CIFAR-10 MNIST FashionMNIST ImageNet-10 CINIC-10
ACC ARI ACC ARI ACC ARI ACC ARI ACC ARI
SD  21.48+2.12 6.24+0.86 20.41+0.00 5.71+0.00 30.93+0.00 20.18+0.00 32.67+1.49 16.38+0.58 17.33+1.18 5.65+0.30
Dunn 14.57+3.94 4.83+0.51 13.62+6.34 8.06+2.58 37.01+13.94 22.12+7.14 22.53+5.43 7.72+4.03 8.17+3.26 2.92+1.07
1 17.44£0.01 5.17+0.01 23.39+£3.32 8.00£2.10 19.78+0.00 12.05+0.01 22.81£2.87 6.98+2.41 18.37+0.07 3.09+0.10
XB  21.75+1.02 6.12+0.28 20.15+0.36 5.72+0.01 19.78+0.00 12.05+0.01 22.81+2.87 6.98+2.41 18.77+0.02 3.40+0.01
S 17.44£0.01 5.17+0.01 20.15£0.36 5.72+0.01 19.78+0.00 12.05+0.01 21.54£3.49 6.20£2.59 17.24+0.01 3.53+0.01
CH 17.4440.01 5.17+0.01 20.41+0.00 5.71+0.00 19.78+0.00 12.05+0.01 24.10+0.07 8.07+0.07 17.24+0.01 3.53+0.01
DB 15.8542.58 6.69+1.09 22.24+3.11 7.1241.92 19.78+0.00 12.05+0.01 24.93+6.12 9.04+5.71 18.77+0.02 3.40£0.01
S Dbw 7.26+0.38 3.15+0.10 9.25+0.25 6.20+0.16 12.37+0.42 9.49+0.42 11.13+0.60 6.51+0.33 6.82+0.28 2.45+0.05
CVNN 17.44+0.01 5.1740.01 23.94+3.22 7.91£2.00 38.93+£3.04 23.02+1.09 22.49+5.22 8.22+1.54 17.24+0.01 3.53+0.01
DCVI 7.49+0.24 3.24+0.04 9.23+0.27 6.23+0.12 12.30+0.66 9.40+0.27 11.30+0.79 6.55+0.39 6.81+0.27 2.45+0.06
DBCV 7.73+0.71 3.30+0.17 9.32+0.42 6.31+0.19 12.31+0.43 9.46+0.32 11.39+0.77 6.57+0.30 8.21%£1.97 2.91+0.61
AIC 13.15+0.49 5.374£0.20 17.76+0.61 10.41£0.43 22.93+1.37 17.30+£0.93 16.72+0.77 9.69+0.43 11.92+0.72 4.10+0.19
BIC 17.44+0.01 5.17£0.01 20.41+£0.00 5.71+0.00 19.78+0.00 12.05+0.01 18.29+0.53 5.62+2.08 17.24+0.01 3.53+0.01
IP  24.71+0.84 8.01+0.77 23.99+3.27 8.06+2.17 37.42+1.10 23.07+0.12 34.54+1.97 14.80+1.99 23.42+0.56 7.56+0.93
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Figure 13: The optimal % value found by each index on BEiT representations for image datasets.
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Table 30: BERT based GMM clustering results in terms of NMI on five text datasets.

SearchSnippets  Biomedical StackOverflow  WebofScience = Yahoo!Answers

SD 37.58+0.78 26.71+0.09 9.22+1.41 36.58+0.02 7.46+1.89
Dunn 29.92+9.06 13.73£7.16 1.66+2.67 36.36+0.80 17.02+4.09
I 19.73+0.38 9.93+0.03 0.46+0.00 29.34+0.09 1.01+0.08
XB 37.21£0.62 23.74+3.16 1.9540.00 29.34+0.09 1.01+0.08
S 37.28+0.53 9.93+0.03 1.95+0.00 29.34+0.09 1.01+0.08
CH 19.73+0.38 9.93+0.03 0.46+0.00 29.34+0.09 1.01+0.08
DB 37.18+0.56 25.25+2.76 6.83+0.02 36.58+0.02 3.31+£2.19
S_Dbw 37.14+£0.59 29.06+0.16 28.23+0.34 35.57+0.20 20.10+0.24
CVNN 19.73+0.38 16.23+3.96 0.46+0.00 29.34+0.09 8.02+2.56
DCVI 37.19+£0.54 29.04+0.16 28.19+0.50 35.71+0.29 20.00+0.19
DBCV 37.25+0.49 28.99+0.22 28.21+0.43 35.65+0.27 19.98+0.16
AIC 37.90£1.35 28.20+0.42 22.61+0.90 36.58+0.02 19.31+0.93
BIC 19.73+0.38 9.93+0.03 0.46+0.00 29.34+0.09 1.01+0.08
1P 39.72+3.34 27.29+0.22 10.24+0.75 39.99+0.86 7.90+2.39

Table 31: SBERT based GMM clustering results in terms of NMI on five text datasets.

SearchSnippets  Biomedical = StackOverflow = WebofScience  Yahoo!Answers

SD 47.39+1.81 40.99+1.46 73.45+1.32 51.19+1.30 33.89+0.88
Dunn 38.06+12.30 35.70£7.21 35.38+14.75 49.13+4.77 24.87+13.05
I 22.76+0.08 15.77+0.01 26.03+3.54 38.61+5.12 10.69+0.04
XB 46.07+2.45 37.98+£2.70 67.64+8.79 52.77+3.41 33.68+1.00
S 43.33+0.50 42.35+1.02 70.06+1.78 55.55+3.59 32.87+0.24
CH 22.76+0.08 15.77+0.01 33.03+£11.52 42.54+3.66 10.69+0.04
DB 43.39+0.44 39.06+0.23 72.45+3.47 51.63+1.18 32.94+0.32
S_Dbw 43.24+0.41 38.94+0.27 56.16+0.14 44.10+0.16 32.99+0.28
CVNN 22.76+0.08 15.77+0.01 31.81£10.45 43.09+4.91 10.69+0.04
DCVI 43.36+0.51 39.02+0.30 70.78+2.69 44.66+0.47 32.99+0.35
DBCV 43.32+0.35 39.07+£0.44 67.94+6.02 44.43+0.24 32.87+0.20
AIC 47.28+0.69 40.99+0.49 61.24+0.70 49.89+0.57 34.92+0.26
BIC 22.76+0.08 15.77+0.01 24.34+0.41 38.61+5.12 10.69+0.04
1P 53.67+0.74 41.49+1.37 73.36+1.38 53.75+1.52 31.05+2.63

Table 32: SimCSE based GMM clustering results in terms of NMI on five text datasets.

SearchSnippets  Biomedical StackOverflow = WebofScience = Yahoo!Answers

SD 36.56+0.74 30.05£3.48 56.74+3.70 45.44+1.32 23.67+0.08
Dunn 2491+11.65 18.64+8.52 25.18+22.26 36.68+0.03 11.93+5.44
I 14.31£0.07 9.59+0.23 3.4240.87 36.68+0.03 9.49+0.05
XB 37.34£1.95 28.08+1.78 58.44+0.42 40.85+3.82 23.62+0.27
S 36.53+0.43 9.59+0.23 58.79+0.62 36.68+0.03 9.49+0.05
CH 14.31+0.07 9.59+0.23 17.38+0.35 36.68+0.03 9.49+0.05
DB 36.64+0.49 31.99+0.16 58.22+1.31 44.47+1.17 23.28+0.17
S_Dbw 36.52+0.41 31.98+0.15 51.26+0.25 39.13+0.16 23.17+0.28
CVNN 14.31+0.07 15.47+1.66 17.38+0.35 36.68+0.03 9.49+0.05
DCVI 36.58+0.27 31.95£0.18 51.31%0.17 39.33+0.26 23.23+0.17
DBCV 36.49+0.45 32.01£0.17 51.22+0.20 39.43+0.33 23.34+0.30
AIC 37.81£0.82 32.03+0.22 55.67+0.49 45.72£1.02 23.95+0.36
BIC 14.31+0.07 9.59+0.23 3.42+0.87 36.68+0.03 9.49+0.05
IP 37.53+2.35 31.62+0.16 59.04+1.18 44.09+0.67 19.74+2.35

D.3 THE CUSTERING RESULTS ON AHC

In this section, we only use AHC to evaluate the clustering results. The evaluation results based on
external indices of ACC, ARI and NMI are shown in Table A0 and 1] where the best
results are highlighted in bold. Moreover, the optimal %k each index select, i.e. opty, and the true
cluster number in each dataset, i.e. dataset-k, are provided in table. Obviously, for almost all cases,
our IP index outperforms other indices and is close to the real k value.
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Table 33: ViT based GMM clustering results in terms of NMI on five image datasets.

CIFAR-10 MNIST FashionMNIST  ImageNet-10 CINIC-10
SD 68.10+£2.73 19.27£2.05 31.80£2.09 88.97+5.79 48.07+2.57
Dunn 54.67+16.57 16.84+1.01 33.67£1.32 45.84+22.36 44.33+3.45
I 34.39+5.86 3.69+0.00 26.08+0.02 31.42+11.87 29.52+1.71
XB 54.94+14.94 17.74£1.14 26.08+0.02 91.94+4.53 43.49+9.78
S 68.52+1.01 3.69+0.00 29.65+0.06 93.39+2.09 55.65+0.73
CH 31.93£1.09 3.69+0.00 26.08+0.02 93.29+3.84 29.52+1.71
DB 60.54+17.25 19.38+2.10 26.08+0.02 58.61£36.52 41.16+8.23
S_Dbw 53.23£1.10 23.85+0.17 33.36+0.22 83.84+9.27 45.17+1.16
CVNN  42.37+15.17 3.69+0.00 26.08+0.02 68.65+£15.96 31.99+6.20
DCVI 54.70+£2.32 23.77+0.11 33.44+0.15 69.08+22.06 44.67+0.44
DBCV 52.47+0.29 23.82+0.24 33.41+0.31 87.92+8.31 44.53+0.24
AIC 57.69+0.95 22.90+0.32 33.89+0.59 72.87+£1.03 48.74+0.35
BIC 31.93£1.09 3.69+0.00 26.08+0.02 27.37+6.07 29.52+1.71
1P 69.58+1.44 20.59+0.70 34.09+0.54 88.17+4.96 54.43+2.33
Table 34: SWin based GMM clustering results in terms of NMI on five image datasets.
CIFAR-10 MNIST FashionMNIST  ImageNet-10 CINIC-10
SD 81.29£11.95 15.46+0.89 34.84+0.11 81.69+22.68 61.36+2.92
Dunn 60.62+15.95 13.06+4.80 33.67+0.37 63.54+26.27 31.41+0.02
I 37.72+11.88 9.56+0.00 15.88+16.19 40.07+£26.62 31.41+0.02
XB 81.82+7.77 9.56+0.00 35.70+0.16 92.86+5.52 57.20+8.49
S 86.39+2.44 9.56+0.00 29.63+0.02 95.33+£3.89 57.4246.34
CH 43.57+11.96 9.56+0.00 31.23£2.17 94.35+6.23 31.41+0.02
DB 86.36+2.29 15.16£1.04 34.84+0.11 78.83+30.79 63.05+1.19
S_Dbw 64.05+1.55 19.84+0.34 33.34+0.22 69.50£33.65 50.15+1.84
CVNN  74.76+10.36 9.56+0.00 31.23+£2.17 69.56+33.83 31.41£0.02
DCVI 63.69+0.82 19.86+0.27 33.47+0.19 75.52+28.87 48.98+0.52
DBCV 63.83£1.10 19.87+0.28 33.54+0.22 95.25+3.81 48.98+0.70
AIC 73.79+1.01 18.35+0.23 34.68+0.31 79.93+£2.47 54.39+0.22
BIC 35.08+9.18 9.56+0.00 15.88+16.19 32.40+11.47 31.41+£0.02
1P 85.57+£2.73 15.05+0.82 34.10+0.34 81.69+22.68 62.36+0.71
Table 35: BEiT based GMM clustering results in terms of NMI on five image datasets.
CIFAR-10 MNIST FashionMNIST  ImageNet-10 CINIC-10
SD 11.60£0.72  13.57+0.00 36.40+0.01 28.39+0.65 13.03£0.29
Dunn 12.74+4.29  29.10+2.33 41.33+1.25 20.15+7.62 14.58+0.57
I 9.61+0.02 18.87+£3.23 24.75+0.02 20.27£3.51 8.32+0.10
XB 11.07+0.01 14.29+0.98 24.75+0.02 20.27£3.51 7.97+0.03
S 9.61+0.02 14.29+0.98 24.75+0.02 17.9745.46 7.44+0.02
CH 9.61+0.02 13.57+0.00 24.75+0.02 21.83+0.02 7.44+0.02
DB 17.11+£0.27 17.48+3.79 24.75+0.02 21.61£5.15 7.97+0.03
S_Dbw  17.72+0.12  30.82+0.28 40.57+0.13 28.51+0.15 14.81£0.16
CVNN 9.61+0.02 17.54+3.63 39.58+1.34 17.84+5.44 7.44+0.02
DCVI 17.68+0.08  30.77+0.24 40.49+0.19 28.53+0.23 14.82+0.13
DBCV  17.73+0.05  30.72+0.23 40.55+0.14 28.53+0.15 14.60+0.39
AIC 16.88+0.28  27.92+0.64 41.39+0.36 28.51+£0.29 13.84+0.12
BIC 9.61+0.02 13.57+0.00 24.75+0.02 13.19+£1.59 7.44+0.02
1P 13.62+1.10  17.37+3.49 39.52+0.45 25.39+1.40 13.03+0.86
Table 36: BERT based AHC clustering results on five text datasets.

SearchSnippets - 8
ACC ARI NMI opty,

Biomedical - 20
ACC ARI

NMI opty.

StackOverflow - 20
ACC ARI NMI

WebofScience - 7
opt, ACC ARI

NMI opty

Yahoo!Answers - 10
ACC ARI NMI opty,

SD 13.08 8.07
Dunn 19.21 12.5
I 3727 12.84
XB 13.08 8.07
S 30.79
CH 30.79
DB 10.93
S_Dbw 10.75
CVNN 49.09
DCVI 10.75
DBCV 10.75
AIC 30.79
BIC 30.79

7.06
7.02
25.14
7.02
7.02

38.17 98
39.08
2483 3
38.17
877 182 2
877 182 2
37.96
37.92
3789 5
37.92
37.92
877 182 2
877 182 2

25.61
12.26
9.49
28.52
9.49
9.49
28.52
12.9
12.88
12.26
12.26
9.49
9.49

57

98

110

111

111
111

11.87
6.93
2.77

13.24
2.77
2.77

13.24
7.22
5.13
6.93
6.93
2.77
2.77

2253 17
27.95 141
889 2
25.08 10
889 2
889 2
25.08 10
27.84 126
1394 3
27.95 141
27.95 141
889 2
889 2

10.86 1.56 7.69 4
13.8 7.16 28.78 141
6.57 0.18 0.64 2
10.86 1.56 7.69 4
857 0.7 312 3
6.57 0.18 0.64 2
10.86 1.56 7.69 4
13.8 7.16 28.78
6.57 0.18 0.64 2
13.8 7.16 28.78
13.8 7.16 28.78
6.57 0.18 0.64 2
6.57 0.18 0.64 2

42.58
20.48
31.52
31.52
31.52
31.52
42.58
9.69
31.52
9.69
9.69
31.52
31.52

25.51
13.75
21.39
21.39
21.39
21.39
25.51
6.5
21.39
6.5
6.5
21.39
21.39

40.41
36.2
34.22
34.22
34.22
34.22
40.41
352
34.22
35.2
352
34.22
3422

3 185 277 642 3
50 29.73 9.68 16.78 15
2 183 275 638 4
2 185 277 642 3
2 1576 2.06 384 2
2 1576 2.06 384 2
3 1925256 89 6
09 20.66 8.12 19.12

2 1576 2.06 384 2
14.18 5.64 19.63
14.18 5.64 19.63
2 1576 2.06 384 2
2 1576 2.06 384 2

IP  64.6 33.29

43.96 7

28.8

13.93

2538 15

14.49 395 10.54 17

24

53.72 31.44 39.73
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Table 37: SBERT based AHC clustering results on five text datasets.
SearchSnippets - 8 Biomedical - 20 StackOverflow - 20 WebofScience - 7 Yahoo!Answers - 10
ACC ARI NMI opty ACC ARI NMI opty ACC ARl NMI opt;, ACC ARI NMI opt, ACC ARl NMI opty
SD 3557 25.65 49.98 32 32.46 19.31 33.88 42 33.66 1043 50.1 8 30.12 2423 473 29 29.65 16.86 32.17 28
Dunn 36.09 1529 2818 2 979 3.03 1107 2 955 3.05 1976 2 32.66 23.76 3821 2 18.08 549 11.96 2
I 3609 1529 28.18 2 1373 506 1687 3 134 329 2539 3 3266 23.76 3821 2 18.08 549 11.96 2
XB 1495 9.61 4441 111 17 606 19.86 4 33.66 1043 50.1 8 56.46 44.25 52.39 13 17.66 10.13 31.23 74
S 7199 5375 5841 10 979 3.03 11.07 2 62.84 4621 60.04 26 62 42.84 5005 6 48.68 24.18 33.95 11
CH 36.09 1529 28.18 2 979 3.03 1107 2 955 3.05 1976 2 3266 23.76 3821 2 18.08 549 11.96 2
DB 14.95 9.61 44.41 111 17.76 10.74 34.44 141 2601 7.9 4283 6 56.46 44.25 52.39 13 13.53 7.44 30.59 99
SDbw 14.95 9.61 4441 111 17.76 10.74 34.44 138 51.75 17.02 59.97 13 11.96 8.44 41.59 109 13.53 7.44 30.57 100
CVNN 36.09 1529 2818 2 979 3.03 11.07 2 21.72 574 374 5 32.66 23.76 3821 2 18.08 549 11.96 2
DCVI 14.95 9.67 44.42 110 17.76 10.74 34.44 141 26.93 24.17 53.42 141 11.96 8.44 41.59 109 13.53 7.44 30.57 100
DBCV 1495 9.61 4441 111 17.76 10.74 34.44 141 26,93 24.17 53.42 141 11.96 844 41.59 109 13.53 7.44 30.57 100
AIC 36.09 1529 28.18 2 979 3.03 11.07 2 955 3.05 1976 2 32.66 23.76 3821 2 18.08 549 11.96 2
BIC 36.09 1529 2818 2 979 3.03 1107 2 955 3.05 1976 2 32.66 23.76 3821 2 18.08 549 11.96 2
IP 6101 33.17 508 5 244 88 2589 8 5499 1935 614 14 62 4284 5005 6 441 20.28 3029 7
Table 38: SimCSE based AHC clustering results on five text datasets.
SearchSnippets - 8 Biomedical - 20 StackOverflow - 20 ‘WebofScience - 7 Yahoo!Answers - 10
ACC ARI NMI opty ACC ARl NMI opt; ACC ARI NMI opt;, ACC ARI NMI opt; ACC ARI NMI opt),
SD 121 677 37 111 1626 407 1628 4 3594 2634 50.39 76 50.25 33.08 4424 10 25.96 4.37 1799 4
Dunn 487 26.19 40.03 12 17.69 10.48 29.97 112 897 231 1585 2 2892 19.04 3028 2 1636 1.74 825 2
1 4323 1467 2897 4 12,68 359 1291 3 1286 438 2503 3 2892 19.04 3028 2 21.54 321 13.79 3
XB 121 677 37 111 1626 407 1628 4 897 231 1585 2 40.13 24.49 3835 3 1636 1.74 825 2
S 121 677 37 111 97 297 991 2 5428 368 53.09 30 2892 19.04 3028 2 1636 1.74 825 2
CH 3221 882 1597 2 97 297 991 2 897 231 1585 2 2892 19.04 3028 2 1636 1.74 825 2
DB 121 677 37 111 1626 4.07 1628 4 57.99 23.79 5446 19 50.25 33.08 44.24 10 9.55 4.41 21.78 100
SDbw 12.1 677 37 111 1444 869 30.09 141 24.81 19.33 48.93 141 10.79 7.28 38.48 109 10.3 4.65 21.84 95
CVNN 3221 882 1597 2 97 297 991 2 897 231 1585 2 2892 19.04 30.28 2 21.54 321 13.79 3
DCVI 12.1 681 37.01 110 1444 8.69 30.09 141 24.81 19.33 48.93 141 10.79 7.28 3848 109 9.55 4.41 21.78 100
DBCV 12.1 6.81 37.01 110 14.44 8.69 30.09 141 24.81 19.33 48.93 141 10.79 7.28 3848 109 9.55 4.41 21.78 100
AIC 3221 882 1597 2 97 297 991 2 897 231 1585 2 2892 19.04 3028 2 1636 1.74 825 2
BIC 3221 882 1597 2 97 297 991 2 897 231 1585 2 2892 19.04 3028 2 1636 1.74 825 2
IP 3882 13.99 2574 3 28.86 13.73 25.62 11 3631 1593 43.76 10 52.45 3444 4456 9 21.54 321 1379 3
Table 39: ViT based AHC clustering results on five image datasets.
CIFAR-10 - 10 MNIST - 10 FashionMNIST - 10 ImageNet-10 - 10 CINIC-10 - 10
ACC ARI NMI opt, ACC ARl NMI opt, ACC ARI NMI opt, ACC ARI NMI opt, ACC ARI NMI opt;,
SD 2644 10.03 3634 3 3107 1174 1967 9 3038 16.69 351 4 87.52 828 91.19 9 614 3504 52.82 10
Dunn 50.37 3895 56.87 6 29.57 10.74 17.82 6 30.38 16.69 351 4 19.85 9.56 33.86 2 1843 632 23.59 2
1 1847 602 246 2 2352 543 922 4 1979 991 2848 2 29.65 1654 492 3 1843 632 23.59 2
XB 2644 10.03 36.34 3 21.82 378 822 3 1979 991 2848 2 87.52 828 91.19 9 1843 632 2359 2
S 6092 499 63.19 16 1688 2.69 533 2 1979 9.91 2848 2 91.85 92.36 9299 12 57.36 35.96 52.69 9
CH 1847 602 246 2 1688 2.69 533 2 1979 991 2848 2 87.52 82.8 91.19 9 1843 632 2359 2
DB 2644 10.03 36.34 3 3001 1145 19.61 8 1979 9.91 2848 2 87.52 828 91.19 9 1843 632 2359 2
SDbw 22.16 18.31 52.76 81 881 476 2404 99 996 6.26 3255 99 87.52 82.8 91.19 9 17.01 12.04 43.28 100
CVNN 2644 10.03 3634 3 1688 2.69 533 2 2297 1136 27.83 3 5923 4923 783 6 1843 632 2359 2
DCVI 50.37 38.95 56.87 6 881 471 24.02 100 9.96 6.16 32.52 100 39.58 25.55 61.52 4 17.06 12.18 43.31 99
DBCV 20.17 16.16 51.81 100 8.81 471 24.02 100 9.96 6.16 32.52 100 91.85 92.36 92.99 12 17.01 12.04 43.28 100
AIC 1847 602 246 2 1688 2.69 533 2 1979 991 2848 2 19.85 9.56 33.86 2 1843 632 2359 2
BIC 1847 6.02 246 2 1688 2.69 533 2 1979 991 2848 2 19.85 9.56 33.86 2 1843 632 23.59 2
IP 7092 51.77 6426 10 29.57 10.74 17.82 6 3857 2217 3424 8 8752 828 91.19 O 46.74 28.84 4871 7

D.4 THE CUSTERING RESULTS ON DBSCAN

In this section, we only use DBSCAN to evaluate the clustering results. The evaluation results based
on external indices of ACC, ARI and NMI are shown in Table 42} [43] [44] [43] [46] and [47] where the
best results are highlighted in bold and Top-3 best results are underlined. Moreover, the optimal k&
each index select, i.e. opty, and the true cluster number in each dataset, i.e. dataset-k, are provided
in table. Our index is either on par or slightly better than competing indices.
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Table 40: Swin based AHC clustering results on five image datasets.

CIFAR-10 - 10 MNIST - 10 FashionMNIST - 10 ImageNet-10 - 10 CINIC-10 - 10
ACC ARI NMI opti, ACC ARI NMI opt, ACC ARI NMI opti, ACC ARI NMI opt, ACC ARI NMI opt;

SD 85.92 80.08 86.43 9 19.36 409 7.85 3 31.8 21.96 37.75 4 99.66 99.25 98.94 10 64.77 47.09 58.26 12

Dunn 19.94 18.12 424 2 2354 638 996 4 1997 13.79 3416 2 39.93 18.49 57.59 4 19.35 14.62 33.03 2
1 19.94 18.12 424 2 1693 2.01 446 2 1997 13.79 3416 2 2993 10.73 43.02 3 19.35 14.62 33.03 2
XB 8592 80.08 8643 9 1693 2.01 4.46 2 3443 20.54 36.51 5 99.66 99.25 98.94 10 27.79 18.64 4335 3
S 80 839 85.83 11 1693 2.01 446 2 1997 13.79 3416 2 91.03 91.92 9497 14 43.62 38.8 5297 5
CH 1994 18.12 424 2 1693 2.01 446 2 1997 1379 3416 2 99.66 99.25 98.94 10 19.35 14.62 33.03 2
5 3

DB 8592 80.08 86.43 9 1693 2.01 446 2 3443 20.54 36.51 99.66 99.25 98.94 10 27.79 18.64 43.35
S_Dbw 463 46.79 72.51 34 8.66 4.35 19.86 99 9.81 6.36 33.21 100 99.66 99.25 98.94 10 20.7 15.57 48.79 86
CVNN 76.7 7292 8399 8 1693 2.01 446 2 1997 1379 3416 2 99.66 99.25 98.94 10 27.79 18.64 43.35
DCVI 21.2 19.46 62.25 100 8.66 4.34 19.86 100 9.81 6.36 33.21 100 39.93 18.49 57.59 4 18.74 14.08 48.21 100
DBCV 19.94 18.12 424 2 8.66 434 19.86 100 9.81 6.36 33.21 100 99.66 99.25 98.94 10 18.74 14.08 48.21 100
AIC 1994 18.12 424 2 1693 201 446 2 19.97 13.79 34.16 19.97 9.85 3528 2 19.35 14.62 33.03
BIC 1994 18.12 424 2 1693 2.01 446 2 19.97 13.79 34.16 19.97 9.85 3528 2 19.35 14.62 33.03

w

QN
[ ST S

IP  93.62 86.56 87.01 10 24.03 7.17 123 8 35.03 21.09 35.54 99.66 99.25 98.94 10 61.49 47.21 57.78

Table 41: BEIT based AHC clustering results on five image datasets.

CIFAR-10 - 10 MNIST - 10 FashionMNIST - 10 ImageNet-10 - 10 CINIC-10 - 10
ACC ARI NMI opt;, ACC ARI NMI opt, ACC ARI NMI opt;, ACC ARI NMI opt, ACC ARI NMI opt;
SD 20.67 621 9.42 5 20.87 6.04 12.07 2 34.74 21.87 38.85 5 16.54 392 11.21 2 17.19 3.82 693 2
Dunn 10.19 4.14 16.66 79 11.17 6.93 32.16 100 1548 11.7 41.01 84 2045 4.67 1625 3 7.55 2.34 13.6 100
I 1696 3.96 7.56 2 22,61 59 182 4 199 1247 2597 2 2045 4.67 1625 3 1788 35 846 3
XB 1759 385 7.53 3 20.87 6.04 12.07 2 199 1247 2597 2 2045 4.67 1625 3 17.19 3.82 693 2
S 16.96 3.96 7.56 2 20.87 6.04 12.07 199 1247 2597 2 2045 4.67 1625 3 17.19 3.82 693 2
2 2
2 3
1

2
CH 1696 396 7.56 2 20.87 6.04 12.07 2 199 12.47 2597 16.54 3.92 11.21 17.19 382 693 2
DB 844 337 17.15 98 22.61 59 182 4 199 1247 2597 20.45 4.67 16.25 9.22 279 1296 73

SDbw 8.16 331 17.2 100 11.17 6.93 32.16 100 13.48 10.15 40.73 97 12.78 6.87 28.54 113 7.55 2.34 13.58 99

CVNN 16.96 3.96 7.56 2 20.87 6.04 12.07 2 42.72 23.03 42.06 10 16.54 392 11.21 2 17.19 3.82 693 2

DCVI 8.16 331 17.2 100 11.17 6.93 32.16 100 12.6 9.71 40.64 100 12.78 6.87 28.54 114 7.55 2.34 13.6 100

DBCV 8.16 331 17.2 100 11.17 6.93 32.16 100 12.6 9.71 40.64 100 12.78 6.87 28.54 114 15.06 4.36 12.15 29
AIC 1696 396 7.56 2 20.87 6.04 1207 2 199 1247 2597 2 16.54 392 1121 2 17.19 3.82 693 2
BIC 1696 396 7.56 2 20.87 6.04 12.07 2 199 1247 2597 2 1654 392 11.21 2 17.19 382 693 2
IP 2523 7.05 126 8 23.85 648 1836 3 37.62 20.75 38.08 7 32.19 159 2649 14 21.17 4.69 988 7

Table 42: BERT based DBSCAN clustering results on five text datasets.

SearchSnippets - 8 Biomedical - 20 StackOverflow - 20 WebofScience - 7 Yahoo!Answers - 10
ACC ARI NMI opt, ACC ARI NMI opt;, ACC ARI NMI opti, ACC ARI NMI opt;, ACC ARI NMI opt;

SD 2156 0 001 2 5 0 001 2 501 0 00l 2 176 0 002 2 1001 0 002 2
Dumn 2156 0 00l 2 5 0 001 2 500 0 00l 2 1761 0 002 2 1004 0 005 2
I 2156 0 001 2 5 0 001 2 501 0 00l 2 176 0 002 2 1001 0 002 2
XB 2156 0 001 2 5 0 001 2 501 0 00l 2 176 0 002 2 1001 0 002 2
S 2156 0 00l 2 5 0 00l 2 501 0 00l 2 176 0 002 2 1001 0 002 2
CH 2463 029 539 2 922 145527 2 645 028 091 2 2586 3.49 1452 4 1186 0.18 094 2
DB 2156 0 00l 2 5 0 001 2 501 0 00l 2 176 0 002 2 1001 0 002 2
SDbw 21.64 001 018 3 5 0 001 2 501 0 00l 2 176 0 002 2 1005001 007 3
CVNN 21.67 001 101 14 534 0 066 2 562 002 043 2 17.85002 046 2 1004 0 005 2
DCVI 2156 0 001 2 5 0 001 2 500 0 00l 2 176 0 002 2 1001 0 002 2
DBCV 2341 0.5 1.3 3 828 074 387 6 595 006 058 3 1943 0.4 08 3 1001 0 002 2
AIC 2156 0 003 2 501 0 003 2 501 0 00l 2 176 0 002 2 1002 0 004 2
BIC 2156 0 003 2 501 0 003 2 501 0 00l 2 176 0 002 2 1002 0 004 2
IP 2174 038 434 2 923 136 7.2 2 538 001 039 2 1838 005 034 2 13.65 0.95 2.86 2
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Table 43: SBERT based DBSCAN clustering results on five text datasets.

SearchSnippets - 8 Biomedical - 20 StackOverflow - 20 WebofScience - 7 Yahoo!Answers - 10
ACC ARI NMI opt, ACC ARI NMI opt, ACC ARI NMI opt; ACC ARI NMI optp, ACC ARI NMI opty
SD 21.89 006 126 13 624 0.03 38 38 511 0 038 7 1892 -002 677 12 104 0 122 14

Dunn 2158 001 007 2 5 0 002 2 500 0 00l 2 1762 0 002 2 1001 0 002 2
I 2155 0 001 2 51 0 019 2 501 0 00l 2 1762 0 002 2 1001 0 002 2
XB 2155 0 001 2 504 0 009 3 500 0 001 2 1762 0 002 2 1001 0 002 2
S 2156 0 002 2 5 0 002 2 501 0 002 2 1762 0 003 2 1001 0 002 2
CH 2446 218 437 2 1308 4.39 1773 3 2605 4.78 37.69 9 42.56 1119 3583 7 21.33 3.23 1461 5
DB 2155 0 001 2 504 0 009 3 500 0 001 2 1762 0 002 2 1001 0 002 2

SDbw 216 0 009 2 546 0 146 20 528 0 113 17 1762 0 002 2 1004 0 007 3

CVNN 21.87 0.01 0.63 4 6.1 003 227 7 513 0 036 4 2297 051 1477 6 1004 0 004 2
DCVI 2155 0 001 2 624 003 38 38 501 0 001 2 1762 0 002 2 1001 0 002 2

DBCV 2149 -0.03 074 3 128 076 138 6 21.17 226 29.04 18 1842 025 086 3 1678 0.34 1252 22
AIC 2156 0 003 2 5 0 002 2 500 0 002 2 1762 0 003 2 1003 0 006 2
BIC 2156 0 003 2 5 0 002 2 500 0 002 2 1762 0 003 2 1003 0 006 2
P 219 012 113 2 1224 3.13 1618 3 6.17 0.08 239 2 19.09 062 228 2 11.96 024 197 2

Table 44: SimCSE based DBSCAN clustering results on five text datasets.

SearchSnippets - 8 Biomedical - 20 StackOverflow - 20 WebofScience - 7 Yahoo!Answers - 10
ACC ARI NMI opt; ACC ARI NMI opt, ACC ARI NMI opt;, ACC ARI NMI opt, ACC ARI NMI opty
SD 21.65 0.05 1.03 11 886 025 734 12 6.64 0.02 3.18 10 17.62 0 0.02 2 1001 0 0.02 2

Dumn 2156 0 001 2 5 0 002 2 502 0 003 2 1762 0 002 2 1001 0 002 2
I 2156 0 001 2 5 0 002 2 504 0 008 2 1762 0 002 2 1001 0 002 2
XB 2156 0 001 2 5 0 002 2 504 0 008 2 1762 0 002 2 1001 0 002 2
S 2156 0 001 2 503 0 008 2 502 0 006 2 1762 0 002 2 1001 0 002 2
CH 2629 3.09 579 2 9.8 227 702 2 754 037 1.77 2 2646 6.05 15.68 3 14.78 0.95 6.26 2
DB 2156 0 00l 2 51 0 043 9 504 0 008 2 1762 0 002 2 1001 0 002 2

SDbw 216 0 009 2 61 003 285 22 545 0 112 14 1762 0 002 2 10.04 0.01 007 3

CVNN 21.65 -001 052 4 915 034 79 5 886 021 741 4 1813 004 101 2 1003 0 004 2

DCVI 2156 0 001 2 5 0 002 2 63300138 42 1762 0 002 2 1001 0 002 2

DBCV 21.04 027 13.25 114 891 193 603 3 929 165 586 3 189 027 083 3 1009 0 02 4
AIC 2156 0 001 2 5 0 002 2 502 003 2 1762 0 002 2 1001 0 002 2
BIC 2156 0 00l 2 5 0 002 2 502 0 003 2 1762 0 002 2 1001 0 002 2
IP 216 029 1.88 2 1131 099 12.65 3 54 001 031 2 259 566 1516 3 1472 092 6.19 2

Table 45: ViT based DBSCAN clustering results on five image datasets.

CIFAR-10 - 10 MNIST - 10 FashionMNIST - 10 ImageNet-10 - 10 CINIC-10 - 10
ACC ARI NMI opt, ACC ARI NMI opt;, ACC ARI NMI opt, ACC ARI NMI opt;, ACC ARI NMI opt

SO 1049 0 139 7 1134 0 0.02 2 1001 0 0.02 2 3434 511 3603 9 1001 O 0.02 2

Dunn 10.01 0 002 2 1134 0 0.02 2 1001 O 0.02 2 1003 O 006 2 1001 O 0.02 2
1 1001 0O 002 2 1134 0 002 2 1001 O 0.02 2 1004 O 008 2 1001 O 0.02 2
XB 1001 O 002 2 1134 0 002 2 1001 O 0.02 2 1004 O 008 2 1001 O 0.02 2
S 10.01 0 002 2 1134 0 002 2 1002 0 004 2 7564 62.69 79.51 10 10.01 O 0.02 2
CH 3268 16.62 4009 5 1555 0.82 399 2 19.68 3.19 1292 3 7563 59.05 7806 9 38.18 13.33 42.86 7
DB 10.01 O 002 2 1134 0 002 2 1001 O 0.02 2 1004 O 008 2 1001 O 0.02 2
SDbw 11.52 0.02 432 16 1134 0 002 2 1001 0 0.02 2 2041 138 1856 14 10.03 O 0.08 2
CVNN 11.09 0.02 275 7 1295 0.12 246 2 12.82 034 456 3 155 043 10.18 4 10.86 0.03 171 2
DCVI 10.01 0 002 2 1134 0 002 2 1001 O 0.02 2 1003 0 006 2 1001 O 0.02 2
DBCV 1146 0.3 151 3 1466 124 317 3 1569 179 444 3 6796 4514 7131 10 2871 425 3043 7
AIC 10.01 O 003 2 1135 0 003 2 1001 O 0.03 2 1003 O 006 2 1002 0 0.04 2
BIC 10.01 O 003 2 1135 0 003 2 1001 O 0.03 2 1003 O 006 2 1002 O 0.04 2
IP 3738 1191 4458 8 1452 043 328 2 1248 039 411 2 53.08 1788 56.16 8 2501 3.63 2638 5
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Table 46: Swin based DBSCAN clustering results on five image datasets.

CIFAR-10 - 10 MNIST - 10 FashionMNIST - 10 ImageNet-10 - 10 CINIC-10 - 10
ACC ARI NMI opt, ACC ARI NMI opt;, ACC ARI NMI opt;, ACC ARI NMI opt, ACC ARI NMI opty
SD 1001 O 0.02 2 1531 078 824 3 1001 0 0.02 2 56.1 21.67 59.71 10 10.01 0 002 2

Dunn 10.01 0 002 2 1137 0 004 2 1001 0 0.02 2 1002 0 003 2 1001 0 002 2
1 1001 0 002 2 1137 0 004 2 1001 0 0.02 2 1002 O 003 2 1001 O 002 2
XB 10.01 0 002 2 1137 0 004 2 1001 0 0.02 2 1002 0 003 2 1001 O 002 2
S 1001 0O 002 2 1137 0 004 2 1004 0 008 2 1002 O 003 2 1004 0 0.08 2
CH 3374 18.58 4217 5 1898 328 589 2 1923 3.09 167 3 7378 43.41 7346 10 14.56 127 248 2
DB 1001 O 0.02 2 11.15-0.01 038 2 1001 O 0.02 2 1002 O 003 2 1001 O 0.02 2

S Dbw 13.62 0.13 7.21 11 13.77 031 6.63 4 1052 0 1.16 7 1392 02 888 13 10.03 0 0.08 2

CVNN 129 0.11 55 5 1363 029 637 3 11.31 0.03 225 4 1282 0.09 555 6 14.87 027 923 8

DCVI 10.01 0 002 2 1138 0 007 2 1001 O 0.02 2 1012 O 027 2 1001 O 0.02 2

DBCV 2344 1.51 23.05 15 16.18 1.23 944 3 13.68 036 742 3 57.78 22.57 60.58 10 22.38 1.95 24.05 12
AIC 10.01 O 003 2 1137 0 004 2 1002 0 0.04 2 1002 O 0.03 2 1004 0 008 2
BIC 1001 O 003 2 1137 0 004 2 1002 0 004 2 1002 0 003 2 1004 0O 0.08 2
P 3374 1858 4217 5 1674 148 857 2 1923 3.09 167 3 7378 4341 73.46 10 26.19 429 2826 13

Table 47: BEiT based DBSCAN clustering results on five image datasets.

CIFAR-10 - 10 MNIST - 10 FashionMNIST - 10 ImageNet-10 - 10 CINIC-10 - 10
ACC ARI NMI opt;, ACC ARI NMI opt;, ACC ARI NMI opt;, ACC ARI NMI opt;, ACC ARI NMI opt;
sb 1001 0 002 2 1136 O 002 2 1001 O 002 2 1001 O 002 2 1001 O 0.02 2

Dumn 1001 O 002 2 1138 0 006 2 1001 0 002 2 1001 0 002 2 1003 0 008 2
I 1001 0 002 2 1136 0 002 2 1001 0 002 2 1001 0 002 2 1001 0 002 2
XB 1001 0 002 2 1136 0 002 2 1001 0 002 2 100l 0 002 2 1001 0 002 2
S 1001 0 002 2 1136 0 002 2 1001 0 002 2 1001 0 002 2 1002 0 004 2
CH 1426 124 271 2 1177 0 211 2 25.11 1558 33.44 3 17.05 2.29 8.19 2 13.08 0.54 2.69 2
DB 1001 0 002 2 1136 0 002 2 1001 0 002 2 100l 0 002 2 100l 0 002 2

SDbw 1001 0 002 2 1058 -004 172 10 1208 023 615 20 11.46 0.05 3.18 12 1003 0 008 2

CVNN 1018 0 036 2 2073 242 1448 3 219 285 228 6 1445077 573 3 1132 007 099 2

DCVI 1001 0 002 2 1136 0 002 2 1001 0 002 2 100l 0 002 2 1001 0 002 2

DBCV 1228 023 1.62 4 1205 005 142 3 1018 0 019 3 1315039 334 4 1001 0 003 2
AIC 1001 0 003 2 1136 0 002 2 1001 0 003 2 1002 0 003 2 1001 0 003 2
BIC 1001 0 003 2 1136 0 002 2 1001 0 003 2 1002 0 003 2 1001 0 003 2
TP 1303 055 273 2 2073 242 1448 3 2665 1504 3126 3 1401 0.65 523 2 1304 0.57 195 2

E EVALUATION RESULTS ON UCI DATASETS

In this section, we compare our index with other 13 indices on five real-world datasets from UCI
Repository (Frank| 2010). Table@]lists the basic statistics of these datasets. The evaluation results
based on external indices of ACC, ARI and NMI are shown in Table 9] where the best results are
highlighted in bold and the optimal k each index select, i.e. opty, and the true cluster number in each
dataset, i.e. dataset-k, are provided. Our index is either on par or slightly better than competing
indices.

Table 48: Statistics of UCI datasets.

Dataset Samples Attributes Classes
Wine 178 13 3
Satimage 6,435 36 6
Ecoli 336 7 8
ControlChart 600 60 6
Letter 20,000 16 26
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Table 49: Clustering results in terms of ACC and ARI on five UCI datasets.

Wine - 3 Satimage - 6 Ecoli - 8 ControlChart - 6 Letter - 26
ACC ARI NMI opt;, ACC ARI NMI opt, ACC ARI NMI opt;, ACC ARI NMI opt, ACC ARI NMI opts
SD 100 100 100 2 99.72 99.56 99.18 3 79.63 7543 78.02 2 100 100 100 2 83.7 77.01 81.24 2

Dunn 69.23 59.72 74.63 2 99.51 99.22 98.87 4 8391 80.1 7857 3 7194 5943 70.04 2 69.29 65.8 88.24 18
1 100 100 100 2 100 100 100 3 60.87 44.64 63.09 4 100 100 100 2 4932 16.53 41.27 5
XB 100 100 100 2 100 100 100 3 81.63 86.46 8094 2 100 100 100 2 33.92 14.59 693 52
S 100 100 100 2 100 100 100 3 82.61 84.81 8041 2 100 100 100 2 3392 1459 693 52
CH 97.85 9598 94.03 2 99.56 99.28 98.77 3 79.63 7543 78.02 2 80.99 69.04 74.05 2 33.92 1459 69.3 52
DB 100 100 100 2 100 100 100 3 81.63 86.46 8094 2 100 100 100 2 49.32 16.53 41.27 5
SDbw 100 100 100 2 66.81 51.02 64.19 3 79.63 7543 78.02 2 100 100 100 2 49.32 16.53 41.27 5
CVNN 100 100 100 2 100 100 100 3 81.63 86.46 80.94 2 100 100 100 2 7458 O 0 2
DCVI 100 100 100 2 100 100 100 3 81.63 86.46 80.94 2 100 100 100 2 4932 1653 41.27 5
DBCV 100 100 100 2 100 100 100 2 82.61 84.81 8041 2 100 100 100 2 83.7 77.01 81.24 2
AIC 60.11 4026 503 2 2375 0.02 0.15 2 44.18 339 10.11 2 3396 1447 3949 2 409 0 004 2
BIC 60.11 4026 50.3 2 2375 0.02 0.15 2 44.18 339 1011 2 3396 1447 3949 2 409 0 0.04 2
1P 100 100 100 2 100 100 100 2 82.61 84.81 80.41 2 100 100 100 2 83.7 77.01 81.24 2

F TF-IDF BASED CLUSTERING RESULTS

Table 50: TF-IDF based clustering results in terms of ACC and ARI on five text datasets.

SearchSnippets - 8 Biomedical - 20 StackOverflow - 20 ‘WebofScience - 7 Yahoo!Answers - 10

ACC ARI NMI opt;, ACC ARI NMI opt, ACC ARI NMI opt;, ACC ARI NMI opt, ACC ARI NMI opty

SD 70.09 55.18 81.01 6 30.77 1.32 304 10 64.53 30.59 6553 15 178 0 005 2 21.14 024 9.04 16
Dunn 86.76 80.73 81.3 3 87.17 74.01 68.15 2 64.53 30.59 65.53 15 91.52 87.06 86.94 6 21.36 041 121 2
1 62.5 3193 56.09 2 3131 -2.1 1499 2 5808 257 574 8 1801 O 0.09 3 2171 041 281 3
XB 625 3193 56.09 2 3131 -2.1 1499 2 51.77 21.39 50.17 6 178 0 0.05 2 21.71 041 2.81 3
S 1437 943 539 167 17.14 8.16 31.47 135 30.01 16.06 39.78 132 11.46 7.05 35.63 103 16.88 0.99 16.02 47

CH 625 3193 56.09 2 3131 -2.1 1499 2 5857 2924 66 31 3255 2371 3876 2 21.14 0.24 9.04 16
DB 625 3193 56.09 2 30.77 132 304 10 58.08 257 574 8 178 0 005 2 2171041 281 3
SDbw 625 31.93 56.09 2 3131 -2.1 1499 2 3406 57 2548 2 178 0 0.05 2 2171 041 281 3
CVNN 19.76 -0.3 1042 51 3131 -2.1 1499 2 51.77 21.39 50.17 6 178 0 0.05 2 21.71 041 281 3
DCVI 625 3193 56.09 2 3131 -2.1 1499 2 5808 257 574 8 178 0 0.05 2 2171041 281 3
DBCV 1437 9.43 539 167 86.54 72.81 68.46 2 2022 12.88 56.06 168 18.01 0 0.09 3 1005 0 003 2
AIC 33.64 10.13 1425 2 864 13 385 2 697 06 249 2 3097 1534 248 2 16.63 2.79 507 2
BIC 33.64 10.13 1425 2 864 13 38 2 697 06 249 2 178 0 005 2 16.63 2.79 507 2
IP 3364 10.13 1425 2 864 13 385 2 697 06 249 2 3917 181 31.19 3 1621 1.79 341 3

In this section, we evaluate ther clustering results on five text datasets. Text representations are
obtained by computing TF-IDF features on the 1500 most frequently occurring word stems. As
shown in Table 50| our method degrades when the data is represented without the assumption of
normal distribution.
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