The Fortieth AAAI Conference on Artificial Intelligence (AAAI-26)

Constructing Superior Representations Beyond the Original Documents via a
Contrastive Gaussian Fusion Network for Clustering

Ao Shen'*, Ruizhang Huang

1,2%

, Jingjing Xue'?*, Ruina Bai

1.2+

'Text Computing & Cognitive Intelligence Engineering Research Center of National Education Ministry,
College of Computer Science and Technology, Guizhou University, Guiyang 550025, China
?Laboratory of Big Data, College of Computer Science and Technology, Guizhou University, Guiyang 550025, China
aoshen5664 @ 163.com, rzhuang @gzu.edu.cn, jingjingxue.gz @ gmail.com, rnbai @ gzu.edu.cn

Abstract

Document clustering plays an important role in text min-
ing and information retrieval. Existing methods primarily fo-
cus on document-intrinsic features, overlooking dataset-level
features and consequently failing to construct superior rep-
resentations. We propose a Contrastive Gaussian Fusion
Network (CGFN) that can construct superior representa-
tions beyond the original documents. Specifically, CGFN
fuses the Gaussian distributions of neighbor-derived infor-
mation and intrinsic textual features in the latent space. By
incorporating contrastive learning into the fusion process,
our proposed method is able to learn high-quality represen-
tations while simultaneously mitigating noise and minimiz-
ing information loss. Experiments on four real-world datasets
demonstrate that CGFN outperforms state-of-the-art meth-
ods, achieving superior clustering by robustly capturing holis-
tic distributions and neighbor patterns.

Introduction

Background Document clustering is a key task in data
mining. Variational Autoencoders (VAEs) (Kingma, Welling
et al. 2013) enhance this process by mapping inputs to latent
probability distributions, thereby facilitating effective simi-
larity discovery and cluster formation.

Motivation However, existing methods, primarily focus-
ing on document-intrinsic features, overlook crucial dataset-
level features. This reliance on individual documents for dis-
tribution estimation is problematic due to the inherent spar-
sity and high dimensionality of text data (Bond-Taylor et al.
2021), leading to incomplete latent representations and in-
accurate latent distribution estimation. Consequently, they
often fail to construct superior representations that capture
the full spectrum of semantic and structural information.
Recently, incorporating structural information (e.g., neigh-
bor data like document networks or co-occurrence graphs)
to augment intrinsic textual document features has emerged
as a promising method to enrich representations (Bai et al.
2023).
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Figure 1: Challenges in integrating neighbor data. Here, X
denotes the input space, Z represents the feature space, and
¢, (z|z) is the encoder. The symbols z; and ¢; denote the i-
th input and its corresponding category respectively.

Challenge While incorporating neighbor information is
promising, integrating such data presents two significant
challenges.

First, VAEs are susceptible to posterior collapse (Bowman
et al. 2016), where the learned approximate posterior distri-
bution collapses to the prior, failing to capture meaningful
variations in the input data. As shown in Figure la, x1, x2,
and z3 originate from distinct categories but their latent se-
mantic distributions tend to collapse into overlapping con-
figurations. This issue intensifies when incorporating neigh-
bor information, as complex constraints exacerbate opti-
mization pressure. The complex neighbor constraints create
a simplistic optimization shortcut where the model can sat-
isfy neighbor requirements by collapsing its representation,
rather than learning meaningful data-specific features. Ul-
timately, this leads to ineffective distribution learning and
compromised clustering performance.

Second, while beneficial, current fusion approaches for
integrating intrinsic textual and neighbor data often intro-
duce noise or cause critical information loss. This funda-
mentally hinders modeling interactions between distinct in-
formation sources. For example, naively concatenating dis-
tribution parameters (like means and variances) fails to cap-
ture meaningful cross-modal relationships, highlighting the
need for more sophisticated fusion mechanisms. As shown



in Figure 1b, data points z; and x5 belong to blue class c; .
However, due to missing information, x5’s learned repre-
sentation lies closer to the green cy distribution in feature
space and farther from 1, resulting in its misclassification
to co during clustering and adversely affecting performance.
Such mechanisms must preserve essential information while
enabling coherent distributional modeling.

Contribution To address these challenges and construct
superior representations beyond the original documents, we
propose the Contrastive Gaussian Fusion Network (CGFN).
CGFN is a novel framework designed to enhance docu-
ment clustering by robustly fusing the Gaussian distribu-
tions of neighbor-derived information and intrinsic textual
features in the latent space. By incorporating contrastive
learning into this fusion process, CGFN effectively learns
high-quality representations while simultaneously mitigat-
ing noise and minimizing information loss.

Specifically, to combat posterior collapse, CGFN intro-
duces a Consistency Enhancement Module (CEM). This
module weakens the KL-divergence regularizer, allowing
the posterior distribution to deviate from the prior, thereby
protecting weak signals from textual data, enabling the dis-
tribution to carry more input-related information, and avoid-
ing excessive compression of informative features. For dis-
tributional fusion, our framework introduces a Contrastive
Gaussian Fusion Module (CGFM) that effectively integrates
intrinsic textual and neighbor data. Through Gaussian fu-
sion, this module minimizes critical information loss, over-
coming limitations of traditional fusion strategies. Via con-
trastive learning, it selectively incorporates intrinsic textual
features while filtering neighbor noise. The resulting distri-
bution preserves dominant intrinsic textual semantics while
reducing noise propagation, thereby improving fusion fi-
delity.

The key contributions of this study are as follows:

* We present CGFN, a novel deep document cluster-
ing framework that addresses distributional information
scarcity through distribution-level fusion of intrinsic tex-
tual and neighbor data, leading to enhanced latent repre-
sentations and improved clustering accuracy.

We design the Consistency Enhancement Module
(CEM), which dynamically regulates the disentangle-
ment degree during ELBO optimization to alleviate
po-sterior collapse, thereby fostering more accurate and
robust distributional learning.

We introduce a distribution-friendly fusion strategy aug-
mented with a Contrastive Gaussian Fusion Module
(CGFM). By leveraging contrastive learning to align dis-
tributions and supplement consensus information, this
strategy effectively mitigates information loss and noise
issues in traditional fusion methods.

Experiments on four real-world datasets demonstrate that
CGFN delivers superior performance compared to exist-
ing methods. Its fusion strategy and contrastive learning
mechanism effectively preserve distributional character-
istics and uncover neighbor patterns, contributing to its
strong results.
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Related Work
Deep Document Clustering

Deep clustering models leverage deep neural networks to
learn feature representations essential for clustering. For in-
stance, Deep Clustering Network (DCN) (Yang et al. 2017)
integrates the representation learning capabilities of neu-
ral networks with traditional clustering methods (e.g., K-
Means (Hartigan and Wong 1979)), gaining widespread at-
tention and application in recent years. Building upon this
framework, Deep Embedded Clustering (DEC) (Xie, Gir-
shick, and Farhadi 2016) incorporates a joint learning strat-
egy, where autoencoders learn data embeddings and repre-
sentations are iteratively refined through clustering center
optimization to achieve enhanced clustering accuracy. These
models effectively exploit sample feature information to un-
cover clustering structures, have achieved significant suc-
cess recently. Structural Deep Clustering Network (SDCN)
(Bo et al. 2020) introduces structural information into deep
clustering by employing a dual self-supervised mechanism
that integrates autoencoder and graph neural network fea-
tures to enrich latent representations and improve clustering
performance. However, the unobservable dimensionality re-
duction process in neural networks renders decision bound-
aries and clustering results difficult to interpret visually, thus
restricting the explainability of these deep clustering mod-
els.

Generative Models for Document Clustering

Variational Autoencoders (VAEs) have emerged as promi-
nent generative models for text clustering, leveraging dis-
tributional learning to infer latent structures. Early founda-
tional works, such as VaDE (Jiang et al. 2016) and GM-
VAE (Dilokthanakul et al. 2016), notably employed Gaus-
sian Mixture Models (GMMs) as priors for latent space
clustering. Subsequent advancements focused on integrat-
ing diverse aspects, including local/global structures (DGG
(Yang et al. 2019)), hierarchical latent trees (LTVAE (Li
et al. 2018)), and multi-VAE ensembles (MVAE (Ye and
Bors 2021)). More recent efforts have addressed critical
challenges like enhancing scalability (S3VDC (Cao et al.
2020)), exploiting mutual information (DC-VAE (Xu et al.
2020), DFVC (Ji et al. 2021)), and mitigating representation
collapse (LIDVAE (Wang, Blei, and Cunningham 2021),
LINPC (He et al. 2019a)).

However, these methods rely solely on single-document
features to estimate distributions. In high-dimensional
sparse text spaces, this leads to incomplete representations
(Xu and Durrett 2018), as isolated documents cannot ad-
equately model complex data geometries. Consequently,
clustering performance degrades when document distribu-
tions are poorly estimated—a fundamental limitation our
work addresses through neighbor knowledge fusion.

Posterior Collapse

Posterior collapse in Variational Autoencoders (VAEs) is
often addressed by dynamically modulating the Kullback-
Leibler (KL) divergence term within the Evidence Lower
Bound (ELBO). Common approaches include monotonic



and cyclical KL annealing (Higgins et al. 2017; Alemi et al.
2018; Kim and Mnih 2018; Chen et al. 2018; Fu et al. 2019).
The [-VAE introduces a scaling factor S to balance re-
construction quality and latent compression, though using
B # 1 violates the strict variational objective(Alemi et al.
2018).

Beyond KL term modulation, other prevention methods
include free-bits techniques that introduce thresholds to the
KL term(Kingma et al. 2016; Pelsmaeker and Aziz 2019).
Architectural modifications, such as applying batch normal-
ization (BN-VAE)(Zhu et al. 2020), using posterior vari-
ance dropout(Shen et al. 2021), or incorporating distance
constraints (0-VAE)(Razavi et al. 2019), have also been ex-
plored. Furthermore, employing non-Gaussian priors (e.g.,
von Mises—Fisher(Guu et al. 2018; Davidson et al. 2018) or
uniform distributions(Van Den Oord, Vinyals et al. 2017;
Zhao, Lee, and Eskenazi 2018)) can decouple KL terms
from data instances. Objectives can also be augmented with
mutual information constraints, often through aggregated
posterior-prior divergences(Zhao, Song, and Ermon 2019)
or mutual posterior divergence(Ma, Zhou, and Hovy 2019).
Lastly, strategies to address optimization imbalances in-
volve strengthening the encoder (e.g., aggressive optimiza-
tion(He et al. 2019b), EM training(Li et al. 2023), pre-
training(Li et al. 2019)) and weakening the decoder (e.g.,
non-autoregressive architectures(Semeniuta, Severyn, and
Barth 2017) or input masking(Petit and Corro 2021)).

Proposed Model

The network structure of the proposed model is illustrated
in Figure 2. The entire architecture of the CGFN model con-
sists of four main parts: Gaussian inference module, con-
trastive Gaussian fusion module (which contains Gaussian
fusion module and contrastive learning module), consis-
tency enhancement module and clustering module.

Gaussian Inference Module

The CGFN model employs two channels to learn represen-
tations from intrinsic textual data  and neighbor data z’, re-
spectively. Here, ' enhances semantic information by min-
ing neighbor patterns:
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We employ the inference network of the VAE framework
for each channel. In particular, given data x, the mean and
variance of the distribution representations are processed as
follows:

h=g(Wa+b) @)
p=Wyuh+b, S
logo = Wyh + by 4)

where h is the hidden representation from inference net-
work, g is the activation function, W and b are weight and
bias of inference network respectively. Inference module ob-
tain p and log o through two linear neural networks with pa-
rameters W,,, b, W, and b,.
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Contrastive Gaussian Fusion Module

The Contrastive Gaussian Fusion Module (CGFM) com-
prises two modules. Both modules are instrumental in the
fusion process, effectively integrating intrinsic textual and
neighboring data.

Gaussian Fusion Module This module primarily per-
forms parameter-level fusion of two distributions from the
previous module, yielding a new Gaussian distribution. Us-
ing the inference network, x and z’ can be converted
into latent semantic distributions, specifically N (u,o?) and
N(u', o). The probability density functions (PDFs) of the
distributions N (1, 0%) and N (u’, 0'?), denoted as f; () and
fa(a') respectively, are given as follows:

1

_(z=w)?

f1 (.’L‘) = 7@06 202 (3)
, 1 _(@=p")?
fola') = ———e "5 ®)
2ro

In order to enrich the feature representation of semantic
information, the model adopts the method of Gaussian prod-
uct, which multiplies two Gaussian variables to obtain a new
variable z:

1 _(@—px)?
[(z) = fi(z) f2(a") = nge 202 (7)
Wo?+ po”
S (®)
2 12
2 g~ o
= aren )

where Sy is a constant, also known as the scale factor, then
we get
(10)
To constrain the model to generate z using a Gaussian dis-
tribution, the model uses the reparameterization trick, where
the random variable e from the standard normal distribution
is introduced to obtain the latent variable by z = pu, +e® o,
so that the generative process can be back-propagated. This
process can be formalized as follows:

z~ N(z;uz,ag)

g (2|2, 2") = N(z; iz, 02) (11)

where ¢, (z|z,2") represents the posterior distribution,
which is modeled by the encoder.

Contrastive Learning Module This module primarily
leverages contrastive learning to extract shared salient infor-
mation from intrinsic textual and neighbor data, while min-
imizing information loss and enhancing fusion robustness.
For the contrastive part, i, o2, i/, o’ are processed by a
projection MLP head, which is denoted as h and transforms
one distribution to match the other. Denoting the two out-
put vectors as i = h(u) and 6 = h(o), we minimize their
negative cosine similarity:

D(Ny, Na) = KL(N (1, 6%)|N(1',0™))  (12)
Following, we define a symmetrized loss as:
Lefm = 5D(Ni,Na) + §D(No, Ny) - (13)
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Figure 2: The overall framework of the proposed CGFN.

Consistency Enhancement Module

To mitigate distribution collapse, we propose the consis-
tency enhancement module:

Leem = Eqv(z\m,x/)[logpe(x‘z)]
— BDkL|ap(2|z,2') || po(2)] (14)

where pg(z|z) denotes the generative decoder reconstruct-
ing input x, and py(2) represents a prior following a standard
normal distribution.

The [ coefficient is pivotal in balancing latent regular-
ization and reconstruction accuracy. While 5 > 1 improves
factor disentanglement in image data by emphasizing KL di-
vergence, this approach often compromises reconstruction
fidelity. In contrast, textual data demands a distinct strat-
egy: over-regularization via high S values disrupts contex-
tual dependencies by forcing orthogonal latent dimensions,
which degrades feature discriminability and clustering sta-
bility. To address this, we advocate § < 1 to retain linguistic
structures in the latent space. By reducing KL pressure, our
formulation preserves hierarchical semantic-syntactic rela-
tionships critical for downstream tasks, thereby preventing
distribution collapse without sacrificing informative latent
correlations. This approach ensures robust representations
while avoiding the fragmentation of coherent textual fea-
tures.

Combining the objectives from the Consistency Enhance-
ment Module (L..,,) and the Contrastive Learning Module
(L¢¢m), the overall loss for the representation learning phase
is defined as:

Ecgfm = Ecem + a‘ccfm (15)

Clustering Module

This module forms specific clusters by iteratively optimizing
cluster assignments and refining the learned feature space.
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Through the Gaussian fusion module, the Consistency En-
hancement Module (CEM), and the Contrastive Gaussian
Fusion Module (CGFM)’s contrastive learning component,
the model acquires a feature representation z with seman-
tically enriched information. However, the composite ob-
jective function only incorporates reconstruction loss and
Gaussian distribution fusion constraints, lacking explicit
guidance for clustering structures. To address this, the clus-
tering layer introduces soft assignments g;; derived from
Student’s t-distribution to model the similarity between sam-
ples z; and cluster centers o0;:

+1

(14l )*"T

>, (1+Ilzl o/n> =R

2
where v = 1 is the degrees-of-freedom parameter. This for-
mulation adaptively adjusts the similarity measure based on
sample-cluster proximity.

To further enhance clustering purity, we compute a target
distribution p;; by sharpening the soft assignments. Specifi-
cally, g;; is squared and normalized across both samples and
clusters to emphasize high-confidence allocations:

2
(qij/ Ez dij )
2
Z_j’ (qij//Zi Qij')
This double normalization ensures p;; reflects confi-
dent cluster assignments while maintaining probability con-
straints.

Finally, the Kullback-Leibler (KL) divergence between P
and @) enforces consistency between the refined target dis-

tribution and soft assignments:
b
5 5 Dij log =

qij = (16)

a7

Dij

Ly = KL(P|Q) = (18)



Algorithm 1: CGFN

Input: input data z, number of neighbors &, maximum iter-
ation M.
Output: clustering results R
1: Construct neighbor dataset =’ using the data = via Equa-
tion 1;
Initialize CGFN model parameters 6;
Initialize p with K-means on representation learned by
the pretrained CGFN;
for iter € 0,1,..., M do
Use z to compute () via Equation 16;
Calculate P via Equation 17;
Calculate L.4fpm and Ly;via Equation 15 and Equa-
tion 18;
Update the parameters of the model;
end for
Calculate the clustering results R;
return R.

2:

w

AN A

10:
11:

Minimizing Ly, iteratively aligns the soft assignments @)
with the target distribution P, effectively distilling high-
confidence cluster predictions into the feature space and im-
proving clustering coherence. Algorithm 1 shows the train-
ing process of the whole model.

Experiments
Experimental Settings

Datasets Four real-world datasets were used to conduct
extensive experiments. The statistics of these datasets are
summarized in Table 1.

Dataset Samples | features | Classes
BBC 2225 10000 5
Abstract 4306 10000 3
BBCSports | 737 4613 5
Reuters-10k | 10000 2000 4

Table 1: Summary of datasets

The BBC dataset was derived from the BBC News cor-
pus, which comprises 2225 articles published between
2004 and 2005 across five thematic categories: business,
entertainment, politics, technology, and sports.

The Abstract dataset is composed of research paper ab-
stracts published on the Aminer platform, primarily fo-
cusing on three academic domains: Information Commu-
nication, Databases, and Graphics.

The BBCSports dataset originates from the BBCSports
corpus, comprising 737 articles categorized into five
sports domains: athletics, cricket, football, rugby, and
tennis.

Reuters-10k comprises approximately 820000 English
news texts labeled with categorical tags. We only use four
root Categories: corporate, government, market, and eco-
nomic. Through subsequent multi-stage filtering of these
texts, we derived a refined subset of 10,000 documents.
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Evaluation Metrics To measure the performance of the
clustering task, three popular clustering evaluation metrics
are utilized: ACC (Accuracy), NMI (Normalized Mutual In-
formation), and ARI (Average Rand Index). For each evalu-
ation metric, a higher value implies better clustering perfor-
mance. Denote Y = y1, 92, ..., yn as the ground-truth label
and C = ¢y,c9,...,cn as the predicted cluster label. The
ACC is defined as follows:

ACC = Zyl’

where m(c;) is the mapping function that ranges over all
possible one-to-one mappings between Y and C'.

I(Y,C)
max[H(Y) + H(C)]

l

19)

NMI =

(20)

where I(Y,C) represents mutual information between Y
and C, H(Y') and H(C) represents information entropy of
Y and C.

RI — E[RI]
max(RI) — E[RI|

where RI is the rand index, which represents the Rand In-
dex, calculated as the ratio of agreeing pairs to the total num-
ber of data point pairs, F[RI] denotes the expected Rand
Index under random clustering assignments, accounting for
statistical chance in label allocations.

ARI =

2y

Compared Methods This article selected three types of
clustering models for comparative experiments, namely tra-
ditional clustering models such as K-means (Hartigan and
Wong 1979), LDA (Blei, Ng, and Jordan 2003), etc.; deep
clustering models such as AE (Hinton and Salakhutdinov
2006), IDEC (Guo et al. 2017a), DCEC (Guo et al. 2017b),
VAE (Kingma, Welling et al. 2013), VaDE (Jiang et al.
2016); Structural semantic fusion clustering models such as
VGAE (Kipf and Welling 2016), SDCN (Bo et al. 2020),
DSEDC (Ren et al. 2023), SEDCN (Bai et al. 2022).

Implementation Details This article uses CGFN for pre-
training on each dataset and selects Adam optimization al-
gorithm as the model optimizer. For the BBC and Reuters-
10k datasets, the learning rate is set to 0.0005, and for the
Abstract and BBCSports datasets, the learning rate is set to
0.001. The dimension of the encoder is set to input d-500-
500-128, where d is the dimension of the input data dimen-
sion, and the dimension of the decoder is set to 128-500-
500-d. Except for the input and output layers, ReL.U nonlin-
ear functions are used for activation. The pretraining epochs
are set to 50, the maximum iteration M is set to 3000, the
convergence threshold is set to 0.1% , and the training batch
size is set to 256. Finally, each result is run a total of 10 times
and averaged to avoid extreme situations. When searching
for neighboring texts through Equation 1, choose the method
that includes the variables themselves. In the experiment, the
number k of knn searching for neighboring texts is set to 50.
The 8 parameter of L., is set to 0.1, and the parameter «
of L is set to 0.1.



Methods BBC Abstract BBCSports Reuters-10k
ACC | NMI | ARI | ACC | NMI | ARI | ACC | NMI | ARI | ACC | NMI | ARI
K-means | 51.58 | 30.88 | 20.50 | 69.18 | 38.26 | 27.69 | 5524 | 32.44 | 2591 | 54.04 | 41.54 | 27.95
LDA 45.66 | 23.90 | 18.25 | 80.19 | 29.47 | 36.44 | 59.63 | 44.67 | 32.42 | 55.46 | 25.27 | 26.07
AE 53.60 | 39.93 | 1990 | 75.56 | 45.26 | 39.95 | 67.16 | 49.13 | 29.76 | 74.90 | 49.69 | 49.55
IDEC 83.60 | 66.56 | 61.07 | 88.63 | 63.89 | 68.68 | 73.41 | 60.52 | 47.13 | 73.40 | 48.51 | 54.11
DCEC 88.91 | 75.03 | 74.78 | 92.80 | 73.33 | 79.42 | 62.42 | 64.39 | 48.08 | 72.28 | 51.22 | 55.60
VAE 65.14 | 54.06 | 40.67 | 81.14 | 52.82 | 51.32 | 63.74 | 30.12 | 28.57 | 61.33 | 33.20 | 19.79
VADE 29.65 | 7.30 | 6.06 | 61.79 | 23.46 | 27.64 - - - 40.22 | 30.57 -
VGAE 84.13 | 53.20 | 57.72 | 7543 | 61.26 | 67.49 | 60.11 | 54.48 | 28.36 | 60.85 | 25.51 | 26.17
SDCN 77.55 | 6528 | 62.58 | 93.03 | 72.90 | 79.11 | 78.43 | 68.29 | 55.46 | 77.15 | 50.82 | 55.36
SDCMS | 76.18 | 64.56 | 56.51 | 91.08 | 70.85 | 74.30 | 67.44 | 59.35 | 55.75 | 76.61 | 51.79 | 51.05
DSEDC | 76.73 | 61.25 | 51.06 | 88.57 | 63.71 | 68.32 | 65.81 | 58.79 | 48.52 | 73.15 | 53.19 | 58.02
SEDCN | 76.29 | 73.60 | 67.55 | 93.73 | 75.87 | 81.72 | 71.64 | 65.27 | 58.43 | 73.76 | 55.33 | 61.26
CGFN 95.77 | 86.76 | 89.71 | 94.59 | 78.68 | 84.31 | 94.44 | 85.79 | 84.61 | 75.71 | 58.83 | 57.11
Table 2: Clustering results on real-world datasets
Methods BBC Abstract BBCSports Reuters-10k
ACC | NMI | ARI | ACC | NMI | ARI | ACC | NMI | ARI | ACC | NMI | ARI

CGEN-f | 72.07 | 44.36 | 43.69 | 62.22 | 33.02 | 31.09 | 58.87 | 34.05 | 26.50 | 54.20 | 26.01 | 22.67
CGFN-r | 72.80 | 51.20 | 43.87 | 78.14 | 45.75 | 44.64 | 64.59 | 5091 | 39.45 | 61.71 | 43.28 | 38.19
CGFN-c | 81.78 | 63.45 | 61.20 | 87.48 | 61.25 | 65.82 | 74.93 | 58.40 | 47.40 | 72.40 | 54.09 | 51.45

Table 3: Ablation results on real-world datasets

Experimental Results and Analysis

Table 2 presents the clustering results of the three types of
clustering models across four datasets. The analysis is as fol-
lows:

As shown in Table 2, the CGFN model significantly out-
performs all comparative models on the NMI metric across
all four datasets. This finding strongly demonstrates that
CGFN, by enhancing distributional information via Con-
trastive Gaussian fusion, exhibits a clear advantage over
models focusing solely on intrinsic data features. This en-
hancement enables CGFN to leverage the fused distributions
to enrich semantic feature learning, thereby improving clus-
tering performance.

Compared to the best-performing baseline, CGFN
achieves NMI improvements of 11.73, 2.81, 17.50, and 3.50
percentage points on the BBC, Abstract, BBCSports, and
Reuters-10k datasets, respectively. These gains substantiate
the effectiveness of CGFN. This improvement stems from
CGFN’s explicit consideration of the importance of latent
distribution information for clustering. Through its dual-
input architecture, CGFN injects structurally augmented in-
formation into the decoder layer, leveraging textual neigh-
borhood relationships to enrich semantic learning. Simulta-
neously, the distribution fusion mitigates the risk of distribu-
tion collapse and facilitates clustering from the semantically
richer fused distribution, leading to enhanced accuracy.

In the Reuters-10k dataset, certain classes have signifi-
cantly larger sample sizes than others. Consequently, mis-
classifications within minority classes contribute less to
overall accuracy metrics (ACC/ARI), potentially causing
bias due to data imbalance. The NMI metric, however, fo-
cuses on the correlation between clustering results and true
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labels and exhibits lower sensitivity to such imbalance, re-
sulting in stronger robustness. Therefore, NMI is selected as
the primary evaluation metric for assessing CGFN’s cluster-
ing performance.

Ablation Study

To validate the effectiveness of distribution information en-
hancement and the consistency constraint strategy, this pa-
per conducted tests on four real-world text datasets: BBC,
Abstract, BBCSports, and Reuters-10k. The results are pre-
sented in Table 3. Three variant models were designed
for comparative analysis: CGFN-c, CGFN-r, and CGFN-f.
Specifically:

CGFN-c removes the clustering layer from the original
model while retaining all other operations and parameter set-
tings.

CGFN-r further eliminates the consistency constraint
strategy from CGFN-c, replacing it with the original regu-
larization technique of variational autoencoders (VAE).

CGFN-f additionally abandons the Contrastive Gaussian
fusion method in CGFN-r, adopting the traditional single-
input encoding approach of VAE.

As shown in Table 3, CGFN-c outperforms CGFN-r with-
out extreme fluctuations in any metrics. This preliminar-
ily confirms that the consistency constraint strategy sig-
nificantly alleviates distribution collapse and validates its
efficacy for clustering tasks. Furthermore, introducing the
distribution information enhancement module to CGFN-r
substantially improves its performance over CGFN-f. This
strongly demonstrates that the enhancement module en-
riches latent semantic distribution information, thereby fa-
cilitating cluster-friendly latent representations.



(a) Clustering Visualization for VAE

(b) Clustering Visualization for our CGFN

Figure 3: Visualization of clustering results from VAE and our CGFN on four datasets: BBC, Abstract, BBCSports, and Reuters-

10k. Different colors represent distinct clusters.

Clustering Visualization

To visually compare and evaluate clustering performance,
experiments were conducted on four real-world datasets
(BBC, Abstract, BBCSports, and Reuters-10k) using a Vari-
ational Autoencoder (VAE) with an added clustering layer
(no distribution enhancement), and CGEFN. t-SNE was em-
ployed to visualize high-dimensional clustering results in
two dimensions (Figure 3).

CGFN consistently outperformed the standard VAE
across all datasets. CGFN produced tighter, denser clusters
with sharper inter-cluster boundaries, demonstrating supe-
rior discrimination and clustering effectiveness. This signif-
icant improvement confirms that enhancing distribution in-
formation enables the model (CGFN) to better capture rich
semantic features, yielding more discriminative and accurate
representations.

CGFN’s advantage stems from its unique distribution en-
hancement mechanism, which fully leverages dataset distri-
bution information during training to learn more accurate
and discriminative semantic representations. In contrast, the
standard VAE’s lack of distribution enhancement resulted in
poorer clustering performance and more disordered clusters.

Conclusion

This paper proposes CGFN, a clustering model that lever-
ages contrastive learning to fuse multiple Gaussian dis-
tributions from diverse document representations. It ad-
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dresses distribution collapse and information loss issues in
VAE-based clustering when integrating neighbor data. The
model introduces a Contrastive Gaussian Fusion Module,
which effectively integrates neighbor data, enriching distri-
butional information completeness and accuracy. Addition-
ally, a Consistency Enhancement Module further optimizes
the learning process, improves posterior distribution quality,
and effectively mitigates distribution collapse. Experiments
on four real-world datasets demonstrate that CGFN achieves
significant NMI improvements over other clustering mod-
els. However, if neighbor and textural data are approximate,
Gaussian fusion’s effectiveness in integrating distributional
information is weakened. Designing clustering-friendly dis-
tribution fusion methods is an important direction for future
research.
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