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Abstract

Nonnegative Matrix Factorization (NMF), as a group representation learning model, produces part-based representation
with interpretable features and can be applied to various problems, such as text clustering. The findings indicate that the
NMF model with Kullback-Leibler divergence (NMFk) exhibits promising performance in the task of text clustering.
However, existing NMF-based text clustering methods are defined within a latent decoder model, lacking a verification
mechanism. Recently, self-representation techniques have been applied to a wide range of tasks, empowering models to
learn and verify representations of their input data autonomously. This paper proposes a self-representation factorization
model for text clustering that incorporates semantic information into its learning process. The Semantic-aware Encoder-
Decoder NMF model based on Kullback-Liebler divergence (SEDNMFk), integrates encoder and decoder factorizations
into a Kullback-Liebler cost function that mutually verify and refine each other, resulting in the formation of more distinct
clusters. To further enhance the semantic properties of the method, we add a tailored semantic regularization to the model.
Due to its autoencoder-like architecture, SEDNMFk, and utilization of contextual information, produces more informative
word embeddings with generalization abilities that are applicable to out-of-sample data. We present an efficient and effec-
tive optimization algorithm based on multiplicative update rules to solve the proposed unified model. The experimental
results on the seven well-known datasets show that the proposed SEDNMFk model outperforms other state-of-the-art text
clustering methods in both fully observed and out-of-sample settings.

Keywords Nonnegative matrix factorization - Encoder-decoder structure - Kullback-Leibler divergence - Self-
representation - Text clustering

1 Introduction

Text clustering is a process of extracting useful knowledge

or patterns from text collections that are not well-formed

or partially formed, by grouping texts into different clusters

based on their content similarity . This task can assist in

i ) organizing, summarizing, and visualizing large amounts of

> Fardin Akhlaghian Tab text data, such as news articles, social messages, scientific
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papers, etc [1, 2]. Text clustering is a difficult task because
text data are often noisy, high-dimensional, and ambigu-
ous [3], and it additionally requires choosing suitable data
representation methods for different types of text data and
applications [4, 5]. Representation learning is a fundamental
topic in unsupervised learning and an essential step for vari-
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ous applications [6—8]. Its main objective is to overcome
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as computer vision, clustering, and information retrieval,
where direct use for model learning is not feasible [9]. Fur-
thermore, effective data representation can also contribute
to improved performance and generalization in downstream
tasks [10].

Nonnegative Matrix Factorization (NMF) is a dimension-
ality reduction and data representation technique proposed
by Lee and Seung [11], and has demonstrated its effective-
ness in various applications such as data clustering [12, 13],
community detection [14—17], text clustering [18, 19], topic
modeling [20], face recognition [21, 22], matrix completion
[23-25], link prediction [26, 27], cross-modal retrieval [28],
and hyperspectral image unmixing [29]. NMF incorporates
the nonnegativity constraint and thus obtains the parts-based
representation as well as enhancing the interpretability of
the issue correspondingly. Text clustering using NMF usu-
ally decomposes a term-document matrix into a term-cluster
matrix and a cluster-document matrix [30]. The term-cluster
matrix can be interpreted as a representation of how terms
are associated with different clusters or topics, while the
cluster-document matrix reveals how documents are related
to these clusters.

Different applications and data types use various cost
functions to measure NMF approximation quality. Square
error distance (SED) or Frobenius norm is the most common
cost function for a wide range of applications, including text
clustering [31]. Various methods have been developed to
perform text clustering and topic modeling using this cost
function. For example, semantic-assisted NMF (SeaNMF)
[32] employs the basic NMF to decompose the term-docu-
ment matrix and semantic correlation matrix into the shared
latent space of the term-topic matrix. Deep NMF topic mod-
eling [33] explores the unsupervised deep NMF framework
which contains two parts, the first part is the unsupervised
deep neural network for representing data and the second
part is the basic NMF to earn the term-topic matrix. Non-
negative Matrix Tri-Factorization (NMTF) has proven to be
useful for data co-clustering [34]. In the text clustering task,
NMTF decomposes the term-document matrix into three
nonnegative latent factor matrices. Parallel Nonnegative
Matrix Tri-Factorization (PNMTF) [35] proposes a scal-
able method that is capable of updating matrix factors in
parallel for text co-clustering tasks. The Kullback-Leibler
divergence, commonly referred to as KL-divergence, func-
tions as a cost metric within the context of NMF [36], align-
ing with the concept of additive Poisson noise [37]. It is
proved that NMF with KL divergence (NMFk) is equivalent
to Probabilistic Latent Semantic Indexing (PLSI) [38] and
it has been used for text clustering. Regularized Asymmet-
ric NMF (RANMEF) [39] uses NMFk as the main objective
function and the similarity between documents as regular-
ized constraints. Similar to the SeaNMF model, Semantic
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NMFk (SeNMFk) [40] decomposes the term-document
matrix and word-word co-occurrence matrix to the com-
mon space of a term-topic matrix. In addition, this model
ensembles multiple NMFk to determine an accurate latent
number of topics in text corpora. More recently, Yuan et al.
[41] introduced Biorthogonal-GNMF, employing general-
ized S—divergence as a dissimilarity metric instead of the
Euclidean distance for matrix comparison. Moreover, they
integrated biorthogonal constraints into the factorization,
guaranteeing both feature orthogonality and data sparsity
in representation. Recently, Concept Factorization (CF), a
matrix factorization technique, has gained attention for its
applications in image clustering, data representation, and
combined tasks [42]. It works by representing concepts as
linear combinations of data points and approximating data
points as linear combinations of these concepts [43].
Existing NMF-based text clustering methods, such as
NMFk and SeaNMF, typically operate within a decoder-
only framework, decomposing the term-document matrix
into latent factors without a mechanism to verify or refine
these representations against the input data. This lack of
verification stems from their reliance on a single-directional
factorization, which assumes the latent space accurately
captures the data structure without explicitly checking its
consistency. In real-world applications, such as news article
clustering or social media analysis, this limitation can lead
to suboptimal performance due to the inability to adapt to
noisy, high-dimensional, or out-of-sample data. Without a
feedback loop to validate the learned clusters, these models
may produce less distinct or interpretable groupings, reduc-
ing their effectiveness in dynamic, large-scale text process-
ing tasks where robustness and generalization are critical.
Despite the interpretable part-based representation
offered by the aforementioned methods and the integra-
tion of semantic information, there exists a notable absence
of research that systematically investigates the synergistic
interplay between self-representation and semantic infor-
mation integration within these methods. This research gap
specifically concerns the investigation into the comprehen-
sive effects of combining self-representation and semantic
information on key aspects such as model performance,
interpretability, and the ability to generalize to out-of-sam-
ple data. This research aims to address this research gap by
developing an innovative self-representation NMFk model.
The proposed SEDNMFk differs significantly from exist-
ing NMF-based methods, such as NMFk, SeaNMF, and
BO-SNMEF, by integrating an encoder-decoder framework
with semantic regularization into a unified KL-divergence-
based cost function. Unlike NMFk and SeaNMF, which
rely on decoder-only factorization and lack a verification
mechanism, SEDNMFk employs a self-representation
approach where the encoder (transforming data into latent
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space) and decoder (reconstructing the input) mutually
refine each other, enhancing cluster accuracy and general-
ization, particularly for out-of-sample data. While SeaNMF
incorporates semantic correlations and BO-SNMF uses 3
-divergence with biorthogonal constraints for noise robust-
ness, SEDNMFk uniquely combines word-word co-occur-
rence information (via SPPMI) as a tailored regularization
term with the encoder-decoder structure, improving both
interpretability and clustering performance. This novel
synergy enables SEDNMFk to outperform state-of-the-art
methods by capturing both local semantic relationships and
global data structure, addressing limitations in robustness
and adaptability found in prior works. Distinct from prior
NMF-based approaches that focus solely on decoder factor-
ization, our work introduces SEDNMFk, which combines
an encoder-decoder structure with semantic regularization
using word-word co-occurrence information. This novel
integration not only improves clustering accuracy but also
provides new insights into achieving interpretable and gen-
eralizable representations for text data, surpassing the limi-
tations of existing methods. This model not only achieves
high text clustering performance with superior generaliza-
tion ability but also attempts to enhance the interpretability
of NMF, thereby bridging the existing gap between model
performance and interpretability within the context of NMF.

Recently, the Encoder-Decoder NMF model has been
introduced for community detection tasks, which consists
of decoder and encoder factorization modules [44]. The
Decoder part is a basic NMF that reconstructs the origi-
nal data matrix from a multiplicative of factors matrix
(X =~ WH), and the encoder part transforms the original
data matrix to latent representation space using basis matrix
(H ~ W T X). This self-representation model integrates
both decoder and encoder terms into a unified cost func-
tion. In this paper, we propose a novel Semantic Encoder-
Decoder NMF with KL-divergence (SEDNMFk) for text
clustering. This model integrates encoder and decoder NMF
parts based on the KL-divergence loss function compatible
with the text clustering problem. In this self-representation
model, encoder and decoder NMFk modules by refining
and verifying each other can form more precise clusters
and learn global topic modeling information. Consequently,
the extracted term-cluster matrix by this model has gen-
eralization properties and can handle out-of-sample docu-
ments more efficiently. In addition, to induce local semantic
information and to enhance interpretability, word-word
co-occurrence information is incorporated into this model
by defining a tailored regularization term. This paper also
develops an optimization scheme to solve the cost function
by multiplicative updating rules. The key contributions of
this paper are summarized as follows:

e We introduce a novel Semantic Encoder-Decoder NMF
with KL-divergence that leverages a self-representation
mechanism to enhance document clustering, topic mod-
eling, and generalization for both in-sample and out-of-
sample data.

e The proposed model incorporates word-word co-occur-
rence information as semantic regularization, improving
clustering performance and interpretability.

e We develop an efficient optimization scheme with tai-
lored multiplicative updating rules to solve the unified
cost function, ensuring rapid and effective convergence.

This paper has the following structure: First, the back-
grounds of basic NMF, Encoder-Decoder NMF, and NMF
with KL divergence are introduced in Section 2. In Section
3, the proposed models and their numerical solutions are
presented. The experimental results that show the effective-
ness of our method are provided in Section 4. Finally, the
conclusion will be provided in Section 5.

2 Background

This section introduces some preliminaries including, basic
NMF, Encoder-Decoder NMF, and NMF with Kullback-
Leibler Divergence models. In this paper, we use capital
bold letters (like X) for matrices, lowercase bold letters
(like ) for vectors, and regular letters (like @) for scalars.
We also use x;, /), and X; to mean the i-th column vec-
tor, the j-th row vector, and the element in the i-th row and
j-th column of matrix X, respectively. In addition, KL
divergence and Frobenius norm are denoted by D(.||.) and
II-|| 7, respectively.

2.1 Basic nonnegative matrix factorization

Given nonnegative data matrix X € R4*" consists of n
samples where each sample has d features. NMF is a tech-
nique that decomposes the matrix X into two nonnegative
matrices W and H, such that X ~ W H. This factoriza-
tion provides a part-based representation of the data, where
each element is approximated as a nonnegative combination
of the basis vectors, &; =~ W h;. Thus, the objective func-
tion of NMF with Frobenius norm is defined as follows:

. _ . 2
vxxvl}gz:f—\lX WHI|3% st. W,H >0, (1)

where ||.|r indicates the Frobenius norm of a matrix,
W € R%¥*F is the basis matrix, H € R¥*" is the low
dimensional representation matrix, £ is dimension of the
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low-dimensional representation [36]. The update rules asso-
ciated with the objective function (1) are

XHT
2
W —Wo e 2)
WTX
HeHo — 2 3
CHYWTwa ®)

where © indicates the Hadamard product.

2.2 Encoder-decoder nonnegative matrix
factorization

From the previous model, we can infer that the NMF model
depends only on the decoder loss function that reconstructs
the original input X from the latent space. Furthermore,
having only a decoder structure requires executing the
whole procedure for every out-of-sample as input for the
factorization process. To address these issues and utilize
the autoencoder’s representation learning potential, one of
the most effective approaches is to modify the loss func-
tion to include the encoder stage in the factorization process
[45]. This modification enables the unification of the loss
functions between the encoder and decoder stages. The loss
function of the Encoder NMF with Frobenius norm can be
considered as follows:

) _ w2
vI{/l’l-I[_llﬁEf—”H W'X|% st. W,H>0, @)

The objective function of encoder-decoder NMF is:
min Lot = || X - WH|} +|H - W X[ st. W.H =0, )

Bing-Jie et al. [46] proposed multiplicative updating rules
to update W and H:

2XHT
W e W 6
W OWHE T XxXTW ©

oW X
- - 7
HeHOwrwarna @)

2.3 Nonnegative matrix factorization with
kullback-leibler divergence
Kullback—Leibler (KL) measures divergence between two

distributions which is used as a common cost function to
quantify the approximation. In the context of NMF, KL

@ Springer

divergence represents an asymmetric measure of divergence
between two matrices [36] as follows,

d n
X
min Ly = D(X||WH) = X;;log =
W 22N,
- Xij + [WH]IJ st. W, H >0.

This divergence quantifies how different the distribution X
is from the distribution W H, and it is always greater than
or equal to zero. It only becomes zero when X = WH.
However, it cannot be considered as a distance due to its
absence of symmetry, thus violating the properties of a met-
ric, and is often referred to as a divergence. The multiplica-
tive update rules that were proposed by Lee and Seung for
minimizing this cost function are as follows [36]:

> iy Hij Xz /[W Hij
Z;‘L:1 Hy;

Wik < Wik (9)
Wi Xi; /(W H]ij

d
Hk:j — ij Zi:l Zd W
i=1"Vik

(10)

3 Proposed model

This section proposes the Semantic Encoder-Decoder NMF
model with Kullback-Leibler divergence (SEDNMFk), a
specialized factorization for text clustering problem. Its suc-
cess is mainly due to four factors: (1) It employs a KLD loss
to be robust against Poisson noise distribution and to cover
the input sparsity; (2) In a KLD-based framework, it adds
an encoder NMF term to the Decoder NMF that refines and
verifies the factorization process, providing a mechanism
to handle the out-of-sample data; (3) It adds the semantic
correlation information to the proposed Encoder-Decoder
NMFk by a tailored regularization to enhance the semantic
properties of factorization; (4) It integrates the above into
one joint learning problem and adopts an efficient alternat-
ing minimization strategy for optimization. The illustration
of the proposed model is presented in Figure 1.

3.1 Pre-processing

We employ the term frequency-inverse document frequency
(tf-idf) vector space model to represent documents [47].
Consider the given documents D = {d;,ds,...,d,}, and
the terms V' = {1, vg, ..., v, } occur in the documents. The
tf-idf for i-th word and j-th document is defined as:

tf—idf(’l)i, dj) = tf(’l}i7 dj) X ldf(”UZ), (ll)
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Fig. 1 The illustration of the
semantic Encoder-Decoder NMF
with Kullback—Leibler divergence

Q KL-based
Decoder

model (SEDNMFk) ccoder
KL-based Encoder Factorization X Factorization
Word-
Data Matrix T Cluster Matrix Cll(l);tcr Data Matrix
X al H “ W X
T Semantic KL-based
Lsepnmrk = D(X||WH) + AD(H||W ' X) +~D(S|WQ) Matrix Semantic
S Regularization

Table 1 Notation used in this paper

Notation Description

Term-document (word-document) matrix.
Word-word co-occurrence (SPPMI) matrix.
Latent factor matrix of words.

Latent factor matrix of documents.

Latent factor matrix of contexts.

Number of distinct words in the vocabulary.
Number of documents in the corpus.

n:”@@mgmx

Number of clusters.

(n+1)

+1, 12)

where tf(v;, d;) is the number of occurrences of v; in d; and
df(v;) denotes the number of documents in which v; occurs.
The term-document matrix X € RP*™ is created by Eq.
(11), where X;; = tf-idf(v;,d;). The important symbols
used in this paper are summarized in Table 1.

3.2 Encoder-decoder NMFk

Given a nonnegative term-document matrix X € RP*"™,
each row of input corresponds to a word and each column
corresponds to a document. NMFk (8) tries to discover two
nonnegative matrices W and H where W € RP*¢ is a
term-cluster matrix and H € R*" is a cluster-document
matrix. To enhance the quality of representation and handle
out-of-sample, EDNMFk introduces encoder part which
transform term-document matrix X into the cluster-docu-
ment representation H using term-cluster matrix W, with
KL divergence loss function as follows:

min EEk:D(HHWTX)
W, H>
- 13)
—ZZHkJIOg WTX] — Hij + W' X]ij,
k=1j=1

EDNMFk combines encoder (13) and decoder (8) parts into
a unified cost function as follows:

: _ T
whin  Lepk = D(X[|WH) + AD(H|W " X)
= ZZX” log — Xy + [WH];;
i=1 j=1 (14)
A ZHk] log ——=—L_— [W } — Hyj + W X]y;

k=1j=1

where the parameter A controls the importance of self-
expression representation.

3.3 Semantic encoder-decoder NMFk

The term-document matrix X € RP*™ provides a global
perspective by representing each word solely based on its
frequency across the documents. In this study, for capturing
local information, we extract the word co-occurrence matrix
S € RP*P| which can measure the associations among
words [48]. A word-word co-occurrence matrix is a way of
representing the relationship between words in a text based
on how frequently they appear together in a certain context.
The context can be defined as a window of words around
the target word. The matrix has words as both rows and col-
umns, with each cell representing the frequency or weight
of the co-occurrence between the corresponding row word
and column word. We further rely on a non-linear trans-
formation of the word-word co-occurrences, based on the
Point-wise Mutual Information (PMI) [49]. The PMI is an
information-theoretic measure widely used to quantify the
association between pairs of outcomes arising from discrete
random variables. PMI quantifies how frequently the two
words co-occur, relative to their independent occurrences.
The expression for PMI is,

@ Springer
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Cit X D 1ev Cil

PMI(:, 1) =
0.0) (Zzev Cit X D iey Cil

) (15)

where co-occurrence ¢;; counts the word pairs i and /, and
>_i1ev cu counts the total number of word pairs. Addition-
ally, jev Cirand > icv Cit give the number of times words
i and [ appear independently. To ensure non-negativity, the
SPPMI word-context matrix S is defined by shifting the
PMI using a constant 7 > 0 and taking the maximum of the
resulting value and 0 as follows,

S; 1 = max(PMI(i,1) — log(7),0), Vi,le{1,2,..,p}. (16)

It has been demonstrated that word and context embeddings
can be obtained by factorizing the SPPMI word-context
matrix S [50]. According to the sparsity of the word-context
matrix S and to define a regularization compatible with the
KLD-based objective function (14), we introduce a seman-
tic regularization term as follows:

P P
i, R(S) = DSIITQ) = Y- 3 Siulos o Su-+ [7QUa.

i=1 =1

(17

where T' and @ are word embedding and context embed-
ding matrices, respectively. This term improves the distinc-
tion of clusters, particularly when dealing with complex
datasets involving multiple classes. To learn a more infor-
mative word embedding from the frequency information X
and the semantic information S, we define a shared factor
for self-representation (14) and semantic factorization (17)
by assuming T' = W. Finally, by adding semantic regular-
ization term (17) to the EDNMFk model (14), the objective
function of Semantic EDNMFk (SEDNMFk) is expressed
as follows:

min  LSEDNMFk
W,H,Q>0

- DX|WH) + AD(HHWTX) +D(S|WQ)

= ZZX,J 1og — Xi; + [WH]J,;
i= 1] 1 (18)
+ A Hy,log ————— Hkx-f—[WTX]k‘
;; J [WTX] J J
HZZ&Z log rror, — S+ (Wl
i=1 [=1

where hyperparameter -y controls the contribution of seman-
tic information.

@ Springer

3.4 Optimization

The objective function (18) is non-convex, and thus quite
challenging to solve. To obtain the optimal solution of the
SEDNMFk objective function, we apply the multiplicative
update rules of LsgpNMEk to optimize W, H, and Q alter-
natively and iteratively. The constraint set for the objective
function includes W >0, H > 0, and Q > 0. Therefore,
the Lagrange function £ is given by introducing Lagrange
multipliers ¥, ®, and T’ where ¥ = [¥;;], ® = [®y;] and
I' = [[';]. Finally, the Lagrange function of the SEDNMFk

L(W.H,Q)
P n
=1 j=1
~ ¢ Hy; T
kfljzl
+ 7;;511 log WQ — Su+ [WQlu
—Tr(YW ") —Tr(®H") - Tr(I'Q").

The first-order partial derivatives w.r.t W, H and @ are

oL ~ X "
=— H,.— H,.
Wi ; MIWH]; *Z kg

Hy;
+A(- Z Xy )Z, + Z Xi5) (20)
P
+(= ZQM -+ Zle — Yik,
=1
oL £ X |~
_ = — mk J + Wik'
OH}; ; (W H]i; ; (21)
+ A(—log[W T X]i; + log Hyj) — dr;s
and
oL L Sit .
95 N, 5" Wik — Y. 22
900 ; FTV O ; k= Ykl (22)

By setting the first-order partial derivatives to zero, we have:
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1/% = ZHk] +ZHI€]
H
ZXU Wng'

Z le

+ ZXW (23)

+Zle

Z Wzk + Z Wzk

(24)
)\(—log[W X]kj + longj),
p Sil P
Vo = — ; Wit T, T ; Wik (25)

Based on the Karush-Kuhn-Tucker (KKT) conditions
Vi Wi, = 0, ¢pjHg; = 0, and 73 Qr = 0, we obtain all
the updating rules, where they are written in matrix form
as follows:

X T H T S AT
waH +AgixX JrVWQQ

26
Wewo 1HT + 21X 7T +~41Q7 (29
WX+ Aog(W'X)
H+«H WH 27
CHY TR Mog(H) @7)
T SQ
__waq (28)
Qe QO =5y

where ® indicates the Hadamard product and 1 is matrix
of all ones. The optimization process of SEDNMFk is pro-
vided in Algorithm 1.

iterative approach (Algorithm 1) to tackle the non-convex
optimization problem. In each iteration, the three factor
matrices, W, H, and @Q, are updated. The computational
complexity of multiplying the matrix X € RP*™ with the
factor matrices, which are H € R°*™ and W € RP*¢, is
O(pnc). Consequently, the time complexity of updating H
is O(pnc), aligning with other NMF models. The complex-
ity of updating W and @ depend on the time complexity
of calculating the SPPMI for all words, which is O(p?).
As a result, updating W and @ have a time complexity of
O(p®c). Since matrix multiplication is the dominant fac-
tor, the overall complexity per iteration of the algorithm is
O(pnc + p?c). In conclusion, the overall complexity of the
proposed algorithm is directly proportional to the number
of iterations ¢ required for convergence, falling within the
range of O(t(pnc + p*c)). This complexity indicates that
SEDNMFk scales efficiently with the number of documents
(n) and vocabulary size (p), making it practically viable for
large-scale text clustering tasks, especially given its rapid
convergence demonstrated in experiments.

4 Experimental results

In this section, extensive experiments are conducted to vali-
date the effectiveness of the proposed model in comparison
to 10 baseline and state-of-the-art models on seven bench-
mark datasets. These experiments include performance
evaluation, parameter analysis, ablation study, and out-of-
sample analysis, which are discussed in detail.

4.1 Datasets

We perform the experiments on seven datasets to show
the superior performance and generalization abilities of

Input: Term-document matrix X, number of cluster ¢, scale parameter A\, semantic

parameter 7;
Output: Cluster-document matrix H;

: Calculate SPPMI matrix S according to (16);

. Initialize W, H, and @ matrices randomly;

1
2
3: while Convergence do
4

Update word-cluster matrix W according to (26);
Update cluster-document matrix H according to (27);
Update word-context matrix Q according to (28);

5
6
7: end while
8: return W, H, and Q;

Algorithm 1 Semantic Encoder Decoder NMFk (SEDNMFk)

3.5 Complexity analysis

The proposed Semantic Encoder-Decoder NMF employs an

SEDNMFk versus the other compared methods. WebKB
dataset is the web pages from the computer science depart-
ments of some universities that were manually grouped
into seven categories including Student, Faculty, Course,

@ Springer
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Project, Staff, Department, and Other by the CMU text
learning group in 1997. We did not use the Other category
because the page contents are very different in this group.
The Department and Staff categories are also not used
because there were only a few pages from each university in
them. The four selected categories include 4199 documents.
BBCNews dataset is a collection of news articles from the
BBC News website that are categorized into five topics
(Business, Entertainment, Politics, Sport, and Tech). This
dataset consists of 2225 documents from 2004-2005. The
third dataset is Reuters-21578 which contains 21578 texts
that appeared on the Reuters news-wire in 1987. We use two
versions of Reuters-21578 (i.e. Reuters4c and Reuters10c)
with four and ten clusters that contain 7632 and 9979 texts,
respectively. AGNews dataset is a collection of news arti-
cles from different sources that are categorized into four
topics (World, Sports, Business, and Sci/Tech). Finally, the
20Newsgroups dataset has 18821 texts from newsgroups,
divided into 20 different topics. Some topics are closely
related, while others are distinctly different. The YahooAn-
swers dataset consists of 60000 user-generated questions
and their corresponding answers, organized into 10 distinct
categories. A summary of the datasets is provided in Table 2

4.2 Evaluation metrics

To evaluate the proposed method’s performance, we use
three quantitative metrics, Normalized Mutual Information
(NMI), Accuracy (ACC), and Adjusted Rand Index (ARI)
to measure the performance of clustering. Based on Mutual
Information (MI), NMI is a metric that quantifies the over-
lap between two distributions in a normalized manner. It is
computed as the fraction of the mutual information of the
distributions and the mean entropy of the distributions. The
Mutual Information (MI) criterion for clusterings C and Y
is defined as

MI(C,Y) = ) log 2L Yi)
( ) cjeazyjeyp(c y;) log p(c)p(yy) (29)

where p(c;) and p(y;) characterize the likelihood that
documents are contained within cluster ¢; and cluster y;,

Table 2 The detailed of the real-world datasets

Dataset #document #word #class
WebKB 4199 2000 4
BBCNews 2225 2000 5
Reutersdc 7632 500 4
Reuters10c 9979 1000 10
AGNews 7600 1000 4
20Newsgroups 18821 4000 20
YahooAnswers 60000 1000 10

@ Springer

respectively. On the other hand, the probability p(c;, y;) sig-
nifies the likelihood that the documents belong to both clus-
ter ¢; and cluster y; simultaneously. As an extension of the
MI, NMI is expressed as

MI(C,Y)
max(H(C), H(Y))

NMI(C,Y) = (30)

where H(C) and H(Y) give, respectively, the entropy values
of the sets C and true labels Y.

The Clustering Accuracy (ACC) measure shows the pro-
portion of documents that are correctly assigned to their true
classes based on the clustering results. Its specific formula
is as follows:

)
n

where n stands for the total count of documents. Each docu-
ment is assigned an actual label denoted as y; and the func-
tion §; = map(c;) represents the optimal mapping function
that reorganizes the cluster labels to align as closely as pos-
sible with the actual labels. The §(.,.) function is applied,
yielding a value of 1 when y; equals 9; and 0 otherwise.

The Adjusted Rand Index (ARI) quantifies the similar-
ity between two cluster sets. ARI scores can range from
negative values, when the resemblance is lower than ran-
dom chance, to a maximum score of 1, when the clusters
are a perfect match. The equation for calculating ARI is as
follows:

ARI(C,Y) =

(32)

where C refers to the clustering results, and Y denotes the
true ground-truth clustering labels. n;; represents the num-
ber of documents that are common to both cluster ¢; and
cluster y;, while n;, and n_; stands for the document count
within cluster ¢; and cluster y;, respectively.

4.3 Compared methods

We compare our proposed method, SEDNMFk with seven
other models, including baselines and state-of-the-art NMF
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clustering methods. The comparison methods are listed as o EDA-TEC is a self-representation approach designed

follows:

e NMF model factorizes the input matrix based on square
error distance (SED) [36].

for text clustering tasks, combining a deep autoencoder,
graph regularization, and elastic loss to enhance feature
representation and clustering performance [10].

e NMFK utilizes Kullback-Leibler divergence (KL-diver- 4.4 Results

gence) for evaluating the quality of approximation [36].

e EDNMF is an NMF extension that integrates encoder  To evaluate the efficiency of the proposed model, the clus-
and decoder factorization terms [46]. tering quality of the SEDNMFk and other methods are com-
o SeaNMF maps the term-document matrix and semantic ~ pared on the seven real-world datasets. The Results of each
correlation matrix into a shared term-cluster space for =~ method are evaluated by using NMI, ACC, and ARI metrics,

topic modeling [32]. which are presented in Tables 3—5. We run each method 10
o WRNMTF performs word clustering and document  times and report the mean and standard deviation. In each
clustering, by a regularized Nonnegative Matrix Tri-  table, the best results are marked by bold and the second-
Factorization [48]. best ones are marked by underline. From the Tables 3—-5, we

e RANMF adds graph regularization to NMFk, which  can derive that:

learns the semantic features of documents [39].

e DGLCEF proposes the dual-graph global and local con- e Our proposed SEDNMFk method achieves the best

cept factorization to better reveal the complex inner
manifold [51].

e BO-SNMF is a novel NMF model that incorporates
-divergence and biorthogonal regularization, allowing
it to learn a representation of the data that is robust to
noise and outliers [41].

e OEDFS (Orthogonal Encoder-Decoder Feature Selec-
tion) integrates feature selection into the NMF frame-
work, focusing on discriminative features that enhance
clustering performance [52].

performance across all datasets in terms of NMI, ACC,
and ARI metrics. BO-GNMF emerges as the second-
best-performing method on most datasets after our pro-
posed model. While BO-SNMF provides improvements
over traditional NMF variants by accounting for noise
and outliers through beta-divergence and biorthogonal
regularization, our method gains a significant additional
boost by incorporating self-expressive representations
and semantic information. On average, SEDNMFk
achieves higher NMI, ACC, and ARI scores than the

Table 3 NMI results for seven datasets. The top-performing result is showcased in bold format, while the second-best is indicated with an under-

line
Method WebKB BBCNews Reuters4c Reuters10c AGNews 20Newsgroup YahooAnswers
NMF mean 0.3052 0.7697 0.3472 0.4604 0.2368 0.4773 0.0475
std 0.0153 0.0436 0.0171 0.0360 0.0430 0.0070 0.0095
NMFk mean 0.3649 0.7621 0.5460 0.5202 0.3607 0.4562 0.1106
std 0.0300 0.0640 0.0482 0.0201 0.0393 0.0091 0.0321
EDNMF mean 0.3091 0.7317 0.3777 0.4666 0.2538 0.4402 0.0613
std 0.0081 0.0601 0.0483 0.0401 0.0120 0.0140 0.0083
WRNMTF mean 0.3525 0.6752 0.3595 0.4118 0.2762 0.4879 0.0964
std 0.0091 0.0582 0.0108 0.0431 0.0140 0.0110 0.0092
SeaNMF mean 0.3559 0.7350 0.3575 0.4818 0.2713 0.4781 0.0907
std 0.0091 0.0651 0.0021 0.0201 0.0140 0.0081 0.0063
RANMF mean 0.3463 0.7974 0.5482 0.5249 0.3551 0.5090 0.1235
std 0.0162 0.0750 0.0302 0.0261 0.0751 0.0293 0.0260
DGLCF mean 0.3527 0.7816 0.4461 0.5007 0.3152 0.5126 0.1208
std 0.0150 0.0420 0.0210 0.0220 0.0210 0.0170 0.0124
BO-SNMF mean 0.3719 0.8203 0.5567 0.5482 0.4007 0.5333 0.1285
std 0.0125 0.0659 0.0334 0.0182 0.0368 0.0017 0.0253
OEDFS mean 0.3216 0.7232 0.4430 0.4683 0.2621 0.4813 0.0882
std 0.0141 0.0924 0.0589 0.0402 0.0210 0.0147 0.0094
EDA-TEC mean 0.4153 0.7803 0.5632 0.4781 - 0.5256 -
std 0.0.137 0.0506 0.0589 0.0402 - 0.0108 -
SEDNMFk mean 0.4026 0.8318 0.6085 0.5571 0.4177 0.5531 0.1339
std 0.0170 0.0092 0.0630 0.0150 0.0530 0.0211 0.0165
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Table 4 ACC results for seven datasets. The top-performing result is showcased in bold format, while the second-best is indicated with an under-
line

Method WebKB BBCNews Reuters4c Reuters10c AGNews 20Newsgroup YahooAnswers
NMF mean 0.5311 0.8965 0.5195 0.4561 0.4641 0.4553 0.1856
std 0.0193 0.0634 0.0116 0.0480 0.0510 0.0110 0.0143
NMFk mean 0.6473 0.8612 0.7015 0.4766 0.6323 0.4668 0.2749
std 0.0431 0.0640 0.0538 0.0420 0.0680 0.0330 0.0346
EDNMF mean 0.5634 0.8810 0.5974 0.4753 0.4537 0.4279 0.2147
std 0.0380 0.0640 0.0439 0.0340 0.0370 0.0270 0.0232
WRNMTF mean 0.6040 0.7823 0.5203 0.3695 0.4824 0.4790 0.2514
std 0.0528 0.0630 0.0377 0.0290 0.0701 0.0170 0.0421
SeaNMF mean 0.6045 0.8538 0.5245 0.4565 0.4676 0.4597 0.2612
std 0.0528 0.0940 0.0041 0.0201 0.0450 0.0210 0.0311
RANMF mean 0.5860 0.8906 0.7247 0.5009 0.6458 0.4973 0.2966
std 0.0184 0.0980 0.0399 0.0330 0.0980 0.0540 0.0372
DGLCF mean 0.6340 0.9024 0.4307 0.4861 0.5552 0.4860 0.2871
std 0.0322 0.0620 0.0210 0.0310 0.0530 0.0220 0.0253
BO-5NMF mean 0.6428 0.9273 0.7027 0.5080 0.6869 0.5372 0.3052
std 0.0369 0.0700 0.0372 0.0501 0.0530 0.0145 0.0310
OEDEFS mean 0.5718 0.8435 0.6501 0.4955 0.5642 0.4632 0.2467
std 0.0201 0.1230 0.0741 0.0286 0.0528 0.0129 0.0115
EDA-TEC mean 0.6521 0.9045 0.7271 0.4935 - 0.4872 -
std 0.0245 0.0712 0.0406 0.0360 - 0.0240 -
SEDNMFk mean 0.6933 0.9388 0.7620 0.5761 0.7255 0.5551 0.3207
std 0.0210 0.0041 0.0570 0.0460 0.0570 0.0370 0.0366

Table5 ARI results for seven datasets. The top-performing result is showcased in bold format, while the second-best is indicated with an underline

Method WebKB BBCNews Reutersdc Reuters10c AGNews 20Newsgroup YahooAnswers
NMF mean 0.2273 0.7891 0.1404 0.2863 0.2252 0.3040 0.0232
std 0.0181 0.0790 0.0075 0.0601 0.0490 0.0110 0.0077
NMFk mean 0.3583 0.7615 0.4882 0.3809 0.3670 0.3341 0.0836
std 0.0349 0.0950 0.0693 0.0430 0.0510 0.0160 0.0129
EDNMF mean 0.2471 0.7510 0.2257 0.3044 0.2365 0.2135 0.0356
std 0.0418 0.0940 0.0821 0.0601 0.0220 0.0219 0.0050
WRNMTF mean 0.3338 0.6337 0.1421 0.1777 0.2584 0.3299 0.0578
std 0.0470 0.0801 0.0240 0.0610 0.0680 0.0170 0.0102
SeaNMF mean 0.3066 0.7397 0.1431 0.3087 0.2515 0.3047 0.0519
std 0.0090 0.1060 0.0051 0.0280 0.0210 0.0120 0.0085
RANMF mean 0.3306 0.8030 0.5120 0.4030 0.3624 0.3735 0.0979
std 0.0196 0.0981 0.0457 0.0451 0.0970 0.0250 0.0174
DGLCF mean 0.3204 0.8019 0.2594 0.3481 0.2715 0.3690 0.0905
std 0.0280 0.0750 0.0590 0.0230 0.0470 0.0130 0.0166
BO-SNMF mean 0.3418 0.8451 0.4844 0.4167 0.4292 0.4066 0.1019
std 0.0430 0.0881 0.0400 0.0565 0.0502 0.0085 0.0113
OEDFS mean 0.2583 0.7245 0.3218 0.3053 0.2521 0.3142 0.0502
std 0.0201 0.0595 0.0766 0.0407 0.0753 0.0231 0.0076
EDA-TEC mean 0.4016 0.7981 0.5542 0.3836 - 0.3655 -
std 0.0304 0.0745 0.0651 0.0205 - 0.0172 -
SEDNMFk mean 0.3983 0.8567 0.5952 0.4917 0.4410 0.4262 0.1043
std 0.0296 0.0090 0.0640 0.0310 0.0660 0.0230 0.0102
second-best methods by 0.025, 0.046, and 0.061, re- example, NMFk performs well partitioning against the
spectively. This means that SEDNMFk can discover Frobeniuos-base model in most datasets except BBC-
more accurate clusters than the other methods. News and 20Newsgroup. The more recent KL-based
e The experiments show that the performance of the model (i.e., RANMF) shows low performance on Web-
compared methods varies across different datasets. For KB and 20newsgroup. However, our self-representation
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framework outperforms other methods across all the
evaluated datasets.

o In terms of NMI criteria, the Frobenious-based mod-
els slightly outperform the KL-based models on the
20Newsgroup. However, due to using semantic infor-
mation the SEDNMFk model achieves the best result
among all the models on this complex dataset.

e The results demonstrate that the SEDNMFk method le-
verages both local and global information from words
and documents, consistently achieving stable and strong
performance across a wide range of text datasets with
diverse characteristics, including vocabulary size, num-
ber of clusters, and number of documents.

The superior performance of SEDNMFk over other meth-
ods can be attributed to its unique integration of self-repre-
sentation and semantic information within a KL-divergence
framework. Unlike traditional NMF variants (e.g., NMF
and NMFKk), which rely solely on decoder-based factor-
ization, SEDNMFK’s encoder-decoder structure enables
mutual refinement and verification of clusters, enhancing
the robustness and precision of the learned representations.
The incorporation of semantic regularization via the SPPMI
matrix further enriches the model by capturing local con-
textual relationships, which improves cluster distinctiveness
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and interpretability—particularly beneficial for complex
datasets like 20Newsgroups. Additionally, the KL-diver-
gence cost function aligns well with the sparse, noisy nature
of text data, providing a probabilistic foundation that out-
performs Frobenius norm-based methods in generalization,
as evidenced by the out-of-sample results. Compared to
advanced models like BO-SNMEF, which leverages -diver-
gence and biorthogonal constraints for noise robustness,
SEDNMFk’s combination of self-expression and seman-
tic awareness offers a more comprehensive representation,
resulting in higher NMI, ACC, and ARI scores across all
datasets.

4.5 Parameter analysis

In this section, we analyze the influence of the hyperparam-
eters on the clustering performance, where A and ~ control
the contribution of self-expression and semantic informa-
tion, respectively. In a grid search, we analyze the simul-
taneous effect of both parameters on the proposed model.
Figures 2—4 illustrate the NMI, ACC, and ARI of the pro-
posed method with various A and ~ on six datasets. Note
that in these heatmap figures, the two axes correspond to
the A and ~y parameters and the measures are represented
by color, where darker colors indicate better results. In this

l 0.60
] 0.59
0.58

0.57

| -0.56
] -0.55
] -0.54
00 01 05 ) 1.0 15 20 1033

(c) Reutersdc

0.0 0.001 0.01 0.02 0.05 0.1

0.55

0.54

0.53

0.52

-0.51

-0.50

-0.49

0.0 0.0010.005 0.01 0.05 0.1

-0.48

00 01 05 1.0 15 20
A

(f) 20Newsgroup

@ Springer



157 Page 12 of 18 International Journal of Machine Learning and Cybernetics (2026) 17:157
5 0.69 5 - 0.76
° e 0.90 0.75
— - wn
o 0.68 o - o -
o o = 0.74
5 9 0.85 N
3- 0.67 8 S - 073
S S S
> > - 0.72
8 e -0.80 S -
S -0.66 S S -0.71
3 3 3
[S] [S] S - -0.70
o -0.65 S 075 S
o o o -0.69
S S =
-0.64 -0.70 ‘ -0.68
00 01 05 1.0 15 2.0 00 01 05 1.0 15 20
A A
(a) WebKB (b) BBCNews (c) Reuters4dc
_ 0.58 _ 0.72 _
IS s- 3
0.54
n 0.56 n 0.70 n
o - o o
S S 068 S
g. ] 0.54 g : 51 0.52
e .° 0.66 ©
o = g -0.50
S [ 0-52 S -0.64 3 ’
— — —
8- 8 8
s -0.50 s -0.62 S -0.48
3 = -0.60 =
' ‘ ' ' ' -0.48 ' ' -0.46
00 01 05 1.0 15 2.0 00 01 05 1.0 15 2.0
A A
(d) Reuters10c (e) AGNews (f) 20Newsgroup
Fig. 3 Parameter analysis (in terms of ACC) on the A and ~y parameters
o o -
o - (== .
p 0.39 S 0.84 S} 0.58
3 0.38 3- 0.82 8.
S S S 0.56
5 0.37 9 0.80 N
3 S 2] 0.54
~9 036 »° 0.78
[T} o -
S S 2 -0.52
S -0.35 S -0.76 IS .
Ll — —~
8 -0.34 8 -0.74 8- -0.50
S S S
° -0.33 ° -0.72 °
S S S -0.48
-0.32 -0.70 :
00 01 05 1.0 15 20 00 01 05 1.0 15 2.0 00 01 05 1.0 15 20
A A A
(a) WebKB (b) BBCNews (c) Reutersdc
— 0.50 044 — 0.42
o o
5. 0.48 0.42 8 040
S S
S. 0.46 2 0.38
S 0.40 S
> 0 0.36
= -0.44 S | |
S S
— -0.38 — -0.34
8- -0.42 8
- 0.36 - 032
o -0. o
=X -0.40 S
' ‘ : : -0.30

0.0

0.1

05 1.0 15
A

(d) ReuterslOc

2.0

00 01 05 10 15 20
A

(e) AGNews

Fig. 4 Parameter analysis (in terms of ARI) on the A and ~ parameters

@ Springer

00 01 05 10 15 20
A

(f) 20Newsgroup



International Journal of Machine Learning and Cybernetics

(2026) 17:157

Page 13 0f 18 157

Fig. 5 Ablation study on the effect
of regularization terms of the 0.81
proposed method based on NMI
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experiment, we chose small values for v, ranging between
0 and 0.1, since over-emphasizing semantic regularization
leads to poor performance when 7 is large. Also, we experi-
mented the proposed model with different values of A from
{0,0.1,0.5, 1, 1.5, 2}. From Figures 2—4, we can derive that
for Reuters10c, and 20Newsgroup larger ~y usually gener-
ate better performance, which indicates that the semantic
information is more important compared to other datasets.

Reuters4c Reuters10c AG News

dataset

20 Newsgroup

On the other hand, for BBCNews, Reuters4c, and AGNews,
larger A usually leads to higher performance which implies
self-expression is more important. According to the Figures,
an acceptable performance can be achieved when the values
of the parameters A and ~y are close to 1 and between 0.001
and 0.01, respectively.
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4.6 Ablation Study

The proposed model is a basic Decoder NMFk that includes
two complementary modules, the Encoder term and the
semantic term for realizing self-representation and incor-
porating semantic information, respectively. In this study,
we evaluate how these two modules enhance the cluster-
ing performance of the basic NMFk. The NMIs, ACCs, and
ARIs of the proposed model in different settings are shown
in Figures 5-7. Specifically, case I (v = A = 0) means the
proposed method equivalent to NMFk, case II (A = 0) rep-
resents the scenario where the encoder term is exclude,
Case III (v = 0) represents EDNMFk, and finally, Case
IV denotes the SEDNMFk model with both encoder and
semantic terms. From Figures 2-4, it is possible to derive
the following conclusions:

e On all six datasets, Cases II and III outperform Case I in
terms of NMI, ACC, and ARI proving the efficiency of
both encoder and semantic term.

o On most datasets, Case III produces better NMI, ACC,
and ARI scores than Case II; however, on 20newsgroup,
Case II outperforms Case III across these metrics. This
observation implies that, in the proposed model, the en-
coder component often holds more significance than the
semantic component.

e To sum up, both terms play a crucial role in significantly
enhancing performance. Their individual contributions
are not only important on their own but also work in
tandem, making them highly effective when combined.
Moreover, they are consistent and complementary
to each other, reinforcing their collective impact and

ensuring that the overall performance remains robust
and reliable across various scenarios.

4.7 Out-of-sample analysis

In this section, we repeat experiment 4.4 to analyze the
generalization of the proposed model in the out-of-samples
scenario. In an unsupervised manner, we split each dataset
into two parts: 80% as the in-sample (train) dataset and 20%
as the out-of-sample (test) dataset. The model is trained on
the in-sample datasets to find the best projection matrix W.
Then, to extract the cluster membership H' for the out-of-
sample set X', projection matrix W maps it to the cluster
space by H' = WX’ where W is the pseudo-inverse of
matrix W. However, for the encoder-decoder models, we
can also use the simpler and faster formula H' = W T X',
We run each method 10 times and report the mean and stan-
dard deviation of three performance metrics in Tables 6-8.
Based on the results presented in these tables, our proposed
SEDNMFk method maintains its top performance across all
datasets for NMI, ACC, and ARI metrics. BO-SNMF again
emerges as the second best method after our SEDNMFk in
some cases. While BO-SNMF demonstrates good general-
ization ability due to its robust beta-divergence formulation,
our proposed SEDNMFk exhibits even better generaliza-
tion by effectively combining self-expression and semantic
terms along with the KL-divergence. The superior out-of-
sample performance highlights the enhanced generaliza-
tion capabilities of our SEDNMFk framework compared to
existing NMF variants. In summary, our proposed SEDN-
MFk method, by unifying self-expressive representations,
semantic information, and the KL-divergence base, achieves

Table 6 NMI results for test samples of seven datasets. The top-performing result is showcased in bold format, while the second-best is indicated

with an underline

Method WebKB BBCNews Reuters4c Reuters10c AGNews 20Newsgroup YahooAnswers
NMF mean 0.3014 0.7516 0.3693 0.4960 0.2560 0.4815 0.0430
std 0.0110 0.0620 0.0390 0.0150 0.0548 0.0060 0.0051
NMFk mean 0.3347 0.7848 0.5122 0.5263 0.3539 0.5026 0.0704
std 0.0280 0.0874 0.0201 0.0220 0.0460 0.0150 0.0055
EDNMF mean 0.3107 0.7195 0.3887 0.5120 0.2645 0.4471 0.0681
std 0.0150 0.0270 0.0180 0.0270 0.0280 0.0220 0.0077
WRNMTF mean 0.3445 0.6877 0.3695 0.4592 0.2676 0.4821 0.0512
std 0.0123 0.0508 0.0170 0.0400 0.0388 0.0170 0.0071
SeaNMF mean 0.3467 0.7681 0.3963 0.5099 0.3370 0.4857 0.0498
std 0.0090 0.0421 0.0020 0.0140 0.0580 0.0120 0.0077
RANMF mean 0.3515 0.7880 0.5022 0.5305 0.3593 0.5035 0.0821
std 0.0250 0.0980 0.0457 0.0450 0.0490 0.0250 0.0128
DGLCF mean 0.3375 0.7547 0.3993 0.5227 0.3259 0.5198 0.0731
std 0.0210 0.0750 0.0590 0.0350 0.0374 0.0130 0.0080
BO-5NMF mean 0.3174 0.7707 0.4447 0.5323 0.3923 0.5249 0.0805
std 0.0048 0.0879 0.0292 0.0350 0.0196 0.0024 0.0090
SEDNMFk mean 0.3751 0.7904 0.5778 0.5413 0.4025 0.5362 0.0928
std 0.0154 0.0353 0.0392 0.0310 0.0660 0.0230 0.0107
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Table 7 ACC results for test samples of seven datasets. The top-performing result is showcased in bold format, while the second-best is indicated

with an underline

Method WebKB BBCNews Reuters4c Reuters10c AGNews 20Newsgroup YahooAnswers
NMF mean 0.5379 0.8751 0.5367 0.4544 0.4709 0.4431 0.1799
std 0.0270 0.0910 0.0101 0.0150 0.0550 0.0180 0.0097
NMFk mean 0.6290 0.8869 0.6967 0.5050 0.6531 0.4976 0.2160
std 0.0270 0.0950 0.0370 0.0201 0.0610 0.0310 0.0074
EDNMF mean 0.5297 0.8551 0.6075 0.5058 0.4862 0.4215 0.1897
std 0.0320 0.0130 0.0091 0.0301 0.0070 0.0301 0.0130
WRNMTF mean 0.6570 0.8187 0.5649 0.4663 0.4616 0.4591 0.1862
std 0.0123 0.0721 0.0201 0.0418 0.0210 0.0210 0.0051
SeaNMF mean 0.6722 0.8802 0.5451 0.4782 0.5811 0.4502 0.1867
std 0.0080 0.0690 0.0030 0.0170 0.0630 0.0160 0.0082
RANMF mean 0.6489 0.8734 0.7033 0.5179 0.6568 0.4925 0.2274
std 0.0250 0.1001 0.0510 0.0450 0.0580 0.0290 0.0203
DGLCF mean 0.6183 0.8665 0.5816 0.4959 0.5417 0.4718 0.1945
std 0.0250 0.0901 0.0590 0.0401 0.0420 0.0130 0.0104
BO-5NMF mean 0.5821 0.8775 0.6129 0.5176 0.6638 0.4894 0.2155
std 0.0317 0.1082 0.0794 0.0506 0.0512 0.0130 0.0124
SEDNMFk mean 0.6736 0.8943 0.7548 0.6043 0.6716 0.4983 0.2507
std 0.0270 0.0710 0.0330 0.0320 0.0710 0.0160 0.0117

Table 8 ARI results for test samples of seven datasets. The top-performing result is showcased in bold format, while the second-best is indicated

with an underline

Method WebKB BBCNews Reutersdc Reuters10c AGNews 20Newsgroup YahooAnswers
NMF mean 0.2372 0.7638 0.1722 0.3094 0.2300 0.2860 0.0191
std 0.0301 0.1050 0.0090 0.0110 0.0601 0.0090 0.0035
NMFk mean 0.3282 0.7901 0.4539 0.3976 0.3585 0.3606 0.0357
std 0.0310 0.0950 0.1102 0.0201 0.0620 0.0230 0.0040
EDNMF mean 0.2309 0.7349 0.2386 0.3454 0.2413 0.3125 0.0280
std 0.0401 0.0140 0.0201 0.0540 0.0202 0.0520 0.0075
WRNMTF mean 0.3245 0.6894 0.1981 0.3105 0.3117 0.2871 0.0243
std 0.0248 0.0830 0.0101 0.0500 0.0350 0.0210 0.0065
SeaNMF mean 0.3408 0.7877 0.1967 0.3185 0.3447 0.3009 0.0252
std 0.0120 0.0780 0.0040 0.0160 0.0701 0.0150 0.0065
RANMF mean 0.3485 0.7812 0.4406 0.4102 0.3669 0.3625 0.0442
std 0.0501 0.1200 0.0510 0.0260 0.0580 0.0160 0.0080
DGLCF mean 0.3057 0.7673 0.1964 0.3268 0.3377 0.3088 0.0344
std 0.0310 0.0920 0.0590 0.0370 0.0501 0.0110 0.0082
BO-SNMF mean 0.2654 0.7801 0.3831 0.3947 0.4019 0.3720 0.0427
std 0.0284 0.1277 0.0374 0.0477 0.0264 0.0092 0.0065
SEDNMFk mean 0.3638 0.7989 0.5454 0.5236 0.4121 0.3853 0.0601
std 0.0293 0.0705 0.0370 0.0369 0.0450 0.0120 0.0076

state-of-the-art clustering performance on both in-sample
and out-of-sample data across all the benchmark datasets.

4.8 Convergence analysis

In this section, we conduct an empirical analysis of the
convergence behavior of the SEDNMFk algorithm. Figure
8 demonstrates how this method consistently minimizes
the objective function in accordance with the update rules

explained in Section 3.4. The diagrams within this figure
depict the number of iterations on the X-axis and the cor-
responding objective function values on the Y-axis. Conse-
quently, based on the observed convergence patterns across
various datasets, it can be confidently concluded that this
method exhibits convergence. The findings from Figure 8
indicate that the model converges rapidly, reaching conver-
gence within a reasonable number of iterations.
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Fig. 8 Convergence analysis of the
proposed model on six datasets 97500 580001
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5 Conclusion

This paper proposed the Semantic Encoder-Decoder Non-
negative Matrix Factorization with KL-divergence (SED-
NMFk) model. Building upon the foundations of the
encoder-decoder NMF model, this novel method has suc-
cessfully addressed the challenge of accuracy and inter-
pretability in text clustering task. The SEDNMFk model
not only achieves high text clustering accuracy but also
places emphasis on generalization, in integrating encoder
and decoder NMFk modules and formulating a unified cost
function based on KL-divergence. This self-representation
model refines and verifies clusters while learning interpre-
table topic modeling information. As a result, the term-
cluster matrix extracted by this model demonstrates robust

@ Springer
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generalization properties, making it highly effective for
handling out-of-sample documents. Incorporating word-
word co-occurrence information as a tailored regularization
term further enhances the model’s ability to capture seman-
tic information, making it more suitable for real-world text
clustering scenarios. The optimization scheme proposed in
this paper, based on multiplicative updating rules, ensures
the efficient and accurate convergence of the cost function.
To validate the efficiency and effectiveness of the SEDN-
MFk model, extensive experiments were conducted on vari-
ous datasets, including fully observed and out-of-sample
settings. The results demonstrated the model’s superiority
in terms of clustering performance and its capability to
handle unseen documents effectively. Furthermore, with
a low computational complexity and rapid convergence,
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SEDNMFk offers scalable performance suitable for large-
scale text clustering applications.

Several directions for future research and development
can further enhance its capabilities and applicability. While
the KL-divergence is a powerful tool for measuring the
similarity between probability distributions, it is just one of
several divergence measures. The model could be extended
to beta-divergence to cover some other specific distributions
or problems. In addition to word-word co-occurrence infor-
mation, other side information, such as partial label infor-
mation, could be incorporated into the SEDNMFk model
to develop it into a semi-supervised model. The SEDNMFk
model was designed for text clustering, but it could be
extended to handle other tasks besides clustering, such as
recommender systems and link prediction.
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