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Abstract: Amidst the rapid evolution of fashion e-commerce, efficiently matching massive inventories with personalized de-
mands requires the objective quantification of aesthetic styles. However, traditional manual annotations are subjective and
costly, while low-level visual features struggle with the ”semantic gap” against high-level user preferences. To address these
challenges, this study proposes LUCID (Latent Unsupervised Clustering with Interactive Display), an unsupervised latent space
representation learning and clustering visualization network driven by vision-language priors. LUCID first utilizes a pre-trained
Contrastive Language-Image Pre-training (CLIP) image encoder to extract high-dimensional semantic visual features. To over-
come the “curse of dimensionality,” it employs an auto-encoder integrated with a contrastive learning mechanism to compress
these features into denoised, low-dimensional latent vectors. Subsequently, the K-means algorithm automatically clusters these
representations, and Uniform Manifold Approximation and Projection (UMAP) generates an intuitive two-dimensional fashion
style distribution map. This end-to-end workflow completely circumvents the reliance on manual labels, achieving effective
feature dimensionality reduction and semantic refinement. Extensive experiments demonstrate that LUCID’s unsupervised clus-
tering aligns highly with human consensus, achieving ACC, NMI, and ARI scores of 84%, 75%, and 69% on the DeepFashion
dataset, with strong generalization on Fashion-MNIST (68%, 69%, 56%). Ultimately, this research effectively bridges the
aesthetic semantic gap, providing robust technical support for intelligent fashion analysis systems.
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1 Introduction

Driven by digitalization, intelligent design, and personal-
ized consumption, the fashion industry is shifting from
mass production toward data-driven style understanding and
user-centered product personalization. Recent studies on
metaverse-oriented design systems and automatic style gen-
eration indicate that human cognition modeling, intelligent
interaction, and generative personalization are becoming im-
portant directions for future design intelligence [1, 2]. In this
context, fashion products are no longer merely functional
commodities; instead, they increasingly serve as carriers of
aesthetic preference, lifestyle expression, and personalized
identity. Therefore, accurately quantifying fashion styles and
organizing large-scale visual fashion data into interpretable
aesthetic groups have become critical tasks for intelligent

T Corresponding author: Yan Hong
# These authors contributed equally to this work.
* Academic Editor: Zhaohui Wang

fashion analysis, recommendation systems, and design deci-
sion support [3].

Existing fashion recommendation and style analysis
methods have made considerable progress, but several limi-
tations remain. Early studies mainly relied on manual labels,
collaborative filtering, or user-item interaction histories to in-
fer consumer preferences, which often neglected high-order
visual attributes and aesthetic semantics [4, 5]. Although deep
learning-based methods have improved automated visual fea-
ture extraction, many convolutional neural network-based
frameworks still primarily capture low-level visual patterns,
such as color, texture, contour, and local shape, while strug-
gling to represent high-level aesthetic concepts such as “min-
imalist”, “romantic”, “vintage”, and “street style” [6, 7].
This semantic gap between low-level image representations

© 2026 The authors. This article is an open access article distributed under the terms and conditions of the Creative Commons Attribution (CC BY) license

(https://creativecommons.org/licenses/by/4.0/).


https://doi.org/10.64509/jdi.13.119

40

and high-level human aesthetic cognition restricts the ef-
fectiveness of existing models in complex fashion analysis
scenarios.

Another important challenge lies in the high cost and
subjectivity of manual annotation. Supervised fashion anal-
ysis systems usually require large-scale and fine-grained la-
beled datasets, but aesthetic labels are inherently ambiguous,
context-dependent, and influenced by individual cognition.
This makes label construction expensive and potentially bi-
ased. In contrast, unsupervised deep clustering provides a
promising way to discover latent fashion style structures
without relying heavily on manual annotations. Representa-
tive methods such as Deep Embedded Clustering and Im-
proved Deep Embedded Clustering integrate feature learning
with clustering objectives and have demonstrated the poten-
tial of learning compact latent representations from high-
dimensional data [8, 9]. However, when applied to real-world
fashion images, traditional deep clustering models often over-
rely on pixel-level reconstruction losses, causing style-related
features to become entangled with irrelevant visual noise,
including background, lighting, human posture, and shoot-
ing environment [10]. Such feature entanglement may lead
to clustering drift, where images are grouped according to
non-aesthetic factors rather than meaningful fashion styles.

Recent advances in multimodal representation learning
provide new opportunities for addressing these issues. Large-
scale multimodal models have shown strong cross-modal
semantic alignment capabilities and can extract visual rep-
resentations containing richer high-level semantic priors [11,
12]. Meanwhile, contrastive representation learning encour-
ages semantically similar samples to be closer in the latent
space while pushing dissimilar samples apart, which is ben-
eficial for filtering out irrelevant visual interference and im-
proving the discriminative capacity of learned features [13].
Nevertheless, existing fashion clustering and recommenda-
tion systems still tend to output isolated recommendation
lists or rely on conventional dimensionality reduction meth-
ods to generate static scatter plots [14, 15]. These presentation
forms are insufficient for revealing continuous aesthetic gra-
dients, transition patterns, and interpretable style boundaries,
thereby limiting their practical value in intelligent design and
personalized product development [16].

To overcome these limitations, this study proposes La-
tent Unsupervised Clustering with Interactive Display (LU-
CID), an unsupervised latent space representation learning
and clustering visualization framework for fashion style quan-
tification. Specifically, a pre-trained multimodal visual en-
coder is first employed to extract high-dimensional semantic
visual features from fashion images. Then, a deep auto-
encoder integrated with a contrastive learning mechanism
compresses these features into denoised and discriminative
low-dimensional latent vectors. Subsequently, K-means clus-
tering is conducted in the refined latent space to automatically
discover fashion style groups. Finally, nonlinear dimension-
ality reduction is used to project the learned latent repre-
sentations into a two-dimensional aesthetic distribution map,
enabling intuitive visualization of fashion style boundaries
and transition relationships.

The main contributions of this study are summarized as
follows:

Yuetal /J. Des. Intell. 2026 1(3):39-50

* A vision-prior-driven unsupervised clustering framework
is proposed for fashion style quantification, which es-
tablishes an end-to-end pipeline from high-dimensional
semantic feature extraction to latent representation refine-
ment and aesthetic clustering.

* A joint representation learning mechanism based on auto-
encoders and contrastive learning is developed to alleviate
feature entanglement and enhance the discriminability of
latent fashion style representations.

* An interpretable nonlinear visualization strategy is intro-
duced to transform refined high-dimensional latent rep-
resentations into a two-dimensional aesthetic distribution
map, providing intuitive support for fashion style analysis
and design-oriented decision-making.

* Extensive experiments on Deep-Fashion and Fashion-
MNIST demonstrate that the proposed LUCID framework
achieves superior clustering performance and strong gen-
eralization capability compared with mainstream unsuper-
vised clustering baselines.

The remainder of this paper is organized as follows.
Section 2 reviews related work on fashion visual feature
extraction, deep unsupervised clustering, and multimodal rep-
resentation learning. Section 3 presents the proposed LUCID
framework and its optimization mechanism. Section 4 reports
the experimental setup, comparative results, ablation studies,
and visualization analysis. Section 5 concludes this paper and
discusses future research directions.

2 Related Work

This study focuses on the unsupervised quantification and
visualization of fashion aesthetic styles, involving interdis-
ciplinary research areas such as fashion visual analysis,
deep clustering, multimodal representation learning, and in-
terpretable design intelligence. Existing studies have pro-
vided valuable foundations for intelligent fashion recom-
mendation and visual style understanding, but limitations
remain in terms of semantic representation, annotation de-
pendence, feature disentanglement, and interpretable visual-
ization. Therefore, this section reviews related studies from
three perspectives: fashion visual feature extraction and style
quantification, deep unsupervised clustering mechanisms, and
vision-language priors with contrastive representation learn-
ing.

2.1 Fashion Visual Feature Extraction and
Style Quantification

The automated extraction of fashion visual attributes is a
fundamental task for intelligent fashion analysis and recom-
mendation systems. Early fashion recommendation methods
mainly relied on collaborative filtering, user-item interaction
histories, and manually designed features to match con-
sumer preferences with fashion products [3, 4]. Although
these methods are effective for capturing historical preference
patterns, they often neglect the high-order visual attributes
embedded in fashion images, such as silhouette, texture,
fabric, style, and aesthetic atmosphere. Image-based recom-
mendation methods further incorporated visual signals into
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the recommendation process, improving the ability to iden-
tify visually similar or substitutable fashion items [5, 14].
However, these methods still mainly focus on product-level
retrieval and recommendation rather than explicit fashion
style quantification.

With the rapid development of deep learning, convolu-
tional neural networks have become widely used in fashion
image understanding. The success of deep convolutional
models in large-scale image classification has provided an
important foundation for visual representation learning [17].
In the fashion domain, deep learning-based fashion analy-
sis frameworks can automatically learn visual representations
and support tasks such as clothing classification, attribute
prediction, and style recognition [6]. Studies on fashion
style representation have also explored the modeling of vi-
sual clothing style through heterogeneous relationships and
co-occurrence patterns [7]. Furthermore, fashion-specific vi-
sual systems, such as capsule wardrobe generation, demon-
strate the potential of computational models to understand
style compatibility and aesthetic consistency [18]. Large-
scale fashion benchmarks, such as DeepFashion, have further
promoted the development of robust clothing recognition,
attribute prediction, and fashion retrieval models [19]. In ad-
dition, Fashion-MNIST has been widely used as a lightweight
benchmark for evaluating machine learning algorithms on ap-
parel image classification tasks [20]. These studies provide
important technical support for intelligent fashion analysis.

Nevertheless, existing supervised fashion analysis
paradigms still face two major limitations. First, the perfor-
mance of supervised models depends heavily on large-scale
manually annotated datasets, while fashion aesthetic labels
are subjective, ambiguous, and often inconsistent across an-
notators. Second, traditional visual models tend to capture
low-level image features such as color, texture, and shape, but
struggle to fully represent high-level aesthetic concepts such
as “minimalist”, “romantic”, “vintage”, or ‘“avant-garde”.
This semantic gap between low-level visual features and
high-level human aesthetic cognition restricts the applicabil-
ity of existing methods in complex fashion style analysis and
design decision-making scenarios.

2.2 Deep Unsupervised Clustering Mecha-
nisms

To reduce the dependence on manual labels, deep unsuper-
vised clustering has become an important research direction
for discovering latent structures from high-dimensional data.
The core idea is to combine the nonlinear feature mapping ca-
pability of deep neural networks with unsupervised clustering
objectives, enabling the model to learn compact and cluster-
friendly latent representations. Classical deep representation
learning studies have shown that auto-encoders can effec-
tively reduce the dimensionality of high-dimensional data
while preserving important structural information [21, 22].
Related theories such as sparse coding and independent com-
ponent analysis also indicate that meaningful representations
can be learned by extracting compact and disentangled latent
factors from complex visual inputs [23, 24].
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Auto-encoder variants have been extensively explored
for robust latent representation learning. Denoising auto-
encoders learn stable representations by reconstructing clean
inputs from corrupted observations, which improves the ro-
bustness of feature extraction under noisy conditions [25].
Variational auto-encoders introduce probabilistic latent vari-
ables and provide a generative perspective for unsupervised
representation learning [26]. Adversarial auto-encoders fur-
ther regularize latent distributions through adversarial train-
ing, enhancing the flexibility of latent space modeling [27].
These methods provide useful foundations for learning com-
pact representations from complex visual data.

Deep Embedded Clustering (DEC) is one of the represen-
tative methods in this field. It first uses an auto-encoder to map
high-dimensional data into a low-dimensional latent space,
and then optimizes clustering assignments by minimizing the
Kullback-Leibler divergence between the soft assignment dis-
tribution and an auxiliary target distribution [8]. Improved
Deep Embedded Clustering (IDEC) further introduces recon-
struction loss during clustering optimization to preserve the
local structure of the latent space [9]. Other studies have
attempted to learn clustering-friendly spaces by jointly opti-
mizing deep representation learning and K-means objectives
[28], or by integrating representation learning with hierar-
chical image clustering in an end-to-end framework [29].
Variational Deep Embedding (VaDE) combines variational
auto-encoders with Gaussian mixture modeling, showing that
generative latent variable models can also be used for un-
supervised clustering [30]. These studies demonstrate the
effectiveness of deep clustering in discovering latent data
structures without explicit supervision.

K-means remains a classical and efficient partitioning al-
gorithm for multivariate observations and is still widely used
as an initialization or baseline method in clustering studies
[31]. However, directly applying distance-based clustering al-
gorithms to high-dimensional feature spaces may suffer from
distance concentration and reduced metric discrimination
[32]. This issue is particularly serious for high-dimensional
visual features, where redundant or noisy dimensions may
weaken meaningful aesthetic similarity. Therefore, latent-
space dimensionality reduction before clustering is necessary
for learning compact and discriminative fashion style repre-
sentations.

However, applying traditional deep clustering models di-
rectly to fashion images remains challenging. Real-world
fashion images usually contain high-variance noise, including
complex backgrounds, diverse human postures, illumination
changes, and shooting angles. If the model over-relies on
pixel-level reconstruction losses, it may allocate excessive
capacity to reconstruct irrelevant visual details rather than
learning intrinsic fashion style features. This may lead to
feature entanglement and clustering drift, where samples are
grouped according to background or photographic condi-
tions rather than meaningful aesthetic styles [10]. Therefore,
a more discriminative latent representation learning mecha-
nism is required to filter out style-irrelevant interference and
preserve core aesthetic information.
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2.3 Vision-Language Priors and Contrastive
Representation Learning

Recent advances in multimodal representation learning pro-
vide new opportunities for overcoming the semantic gap in
fashion style quantification. Large-scale multimodal models
learn cross-modal alignment between visual and textual infor-
mation, enabling visual features to contain richer high-level
semantic priors [11, 12]. Compared with conventional im-
age encoders trained only on category labels, vision-language
representation models are more capable of capturing ab-
stract semantic concepts and user-oriented descriptions. In
particular, Contrastive Language-Image Pre-training (CLIP)
learns transferable visual representations from large-scale
natural language supervision, making it suitable for extracting
high-level semantic visual priors from fashion images [33].
Recent fashion-domain vision-language studies further show
that general vision-language models need to be adapted to
fine-grained fashion semantics. For example, FashionSAP in-
troduces fashion symbols and attribute prompts to explicitly
model fine-grained fashion attributes and improve fashion-
domain vision-language representation learning [34]. This
characteristic is particularly valuable for fashion analysis,
where aesthetic styles are often expressed through subjective
and language-related concepts.

Contrastive learning also plays an important role in im-
proving representation quality. By constructing positive and
negative sample relationships, contrastive learning encour-
ages similar samples to be closer in the latent space while
pushing dissimilar samples apart. Early contrastive mapping
studies demonstrated that invariant representations can be
learned by reducing the distance between similar pairs and
enlarging the distance between dissimilar pairs [35]. Con-
trastive Predictive Coding further showed the potential of
contrastive objectives for unsupervised representation learn-
ing [36]. More recent frameworks, such as SimCLR, have
demonstrated that contrastive learning can learn effective vi-
sual representations from unlabeled data through carefully
designed data augmentation and instance discrimination ob-
jectives [37]. This mechanism helps the model learn more dis-
criminative and robust feature representations without relying
heavily on manual labels.

In fashion recommendation, contrastive multimodal mod-
eling has been used to improve personalized recommendation
performance across diverse body shapes and user preferences
[13]. From the perspective of design intelligence, human cog-
nition modeling and advanced product personalization further
indicate that future fashion systems need to connect user
cognition, style generation, and interpretable design decision-
making [1, 2]. These studies suggest that intelligent fashion
systems should not only recognize existing visual patterns,
but also support personalized aesthetic understanding and
design-oriented decision support.

Despite these advances, existing fashion clustering and
recommendation systems still have insufficient interpretabil-
ity. Many systems output discrete recommendation lists,
which are useful for retrieval but cannot reveal the continu-
ous relationships among fashion styles [5, 14]. Some studies
use dimensionality reduction methods such as t-SNE to visu-
alize high-dimensional data, but static scatter plots may still
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be insufficient for explaining aesthetic gradients and style
transition structures [15, 38]. Uniform Manifold Approxi-
mation and Projection (UMAP) provides another nonlinear
manifold learning method that can preserve both local neigh-
borhood structures and global data relationships, making it
suitable for visualizing complex latent distributions [38]. In
addition, the black-box nature of deep learning models limits
their transparency in design-oriented decision-making pro-
cesses [16]. Therefore, it is necessary to construct a complete
technical pipeline that integrates high-dimensional semantic
feature extraction, latent space refinement, unsupervised style
clustering, and interpretable visual presentation.

As shown in Figure 1, this study aims to build an intelli-
gent fashion analysis pipeline based on latent space aesthetic
refinement. The proposed framework connects semantic fea-
ture extraction, deep auto-encoder-based latent representation
learning, style clustering, and visual distribution mapping,
thereby supporting the transformation from unstructured fash-
ion images to interpretable aesthetic style groups.

Digital Purchase
| Analyties

(=N .
| =@ Data Modeling

ACC 84% AR Global
NMITS% Collaboration

ARI 69%

System Performance
Dashboard
Asset
Management

Back-end
operations

Front-end
o analytics

End-to-End Intelligent
Transformation

= 4’9,~,

ey o“%
Up, A
" &€ Strage, - e e J 3
e )
Q i
Deep Autoencoder D

Deep Clustering

Lrec |&/R0& — | DEC |5—
A =

@
®
i L
E ctu
Latentspace D g

Latent space D

Feature maps  Feature map

oa e
t = 5 3 :

o High-dimensional
representations

oo 8786788~ Loom

Visual Encoder
Figure 1: Panoramic Architecture of the Intelligent Fashion
Business Pipeline Based on Latent Space Aesthetic Refine-

ment.

3 Methodology

To construct the Latent Unsupervised Clustering with Interac-
tive Display (LUCID) framework for fashion aesthetic quan-
tification, this study develops an end-to-end unsupervised
learning pipeline that integrates vision-language semantic pri-
ors, deep auto-encoder-based latent representation learning,
contrastive feature refinement, clustering optimization, and
aesthetic distribution visualization. The overall objective is to
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Figure 2: Comprehensive Methodological Workflow of the LUCID Framework

transform high-dimensional and unstructured fashion images
into compact, discriminative, and interpretable latent style
representations.

As shown in Figure 2, the proposed framework consists
of four main modules: visual feature extraction, latent space
representation learning, deep clustering, and two-dimensional
style visualization. First, fashion images are processed by a
pre-trained Contrastive Language-Image Pre-training (CLIP)
visual encoder to obtain high-dimensional semantic features.
Second, a deep auto-encoder compresses the original feature
vectors into a low-dimensional latent space while preserv-
ing essential aesthetic information. Third, contrastive learning
and clustering loss are jointly introduced to improve intra-
cluster compactness and inter-cluster separability. Finally, the
refined latent representations are clustered by K-means and
projected into a two-dimensional visual map for interpretable
fashion style analysis.

3.1 Framework of LUCID

Let 2" = {x;}}, denote a set of fashion images, where N
is the number of samples. Each image x; is first transformed
into a high-dimensional semantic visual feature vector by
a pre-trained visual encoder. The extracted feature can be
represented as
xi = fu(x:), x €RY, (1)
where fy () denotes the visual feature extractor, and d is the
dimensionality of the original feature representation. In this
study, the input feature dimension is set to d = 768, follow-
ing the high-dimensional semantic representation generated
by the visual encoder.
The goal of LUCID is to learn a nonlinear mapping func-
tion that transforms the original feature x; into a compact

latent representation z;, which can be formulated as

z; = fo(xi), z; €R"™, 2
where fp(-) denotes the encoder parameterized by 6, and
m is the dimension of the latent representation. In the pro-
posed architecture, m is set to 32 to obtain a compact and
cluster-friendly representation. Such nonlinear dimensional-
ity reduction follows the general principle of deep represen-
tation learning and auto-encoder-based feature compression
[21, 22].

3.2 Dimensionality Reduction Based on Auto-
Encoder

The auto-encoder is adopted to reduce the dimensionality
of high-dimensional fashion features while preserving the
essential structure of the original visual representation. It
consists of an encoder and a decoder. The encoder maps
the input feature into a low-dimensional latent vector, while
the decoder reconstructs the original feature from the latent
representation. The encoding process is defined as

z; = fo(Xi) = 0 (W.x; +b,), 3)

where X; denotes the perturbed input feature, W, and b, are
the weight matrix and bias vector of the encoder, respectively,
and o (-) denotes the nonlinear activation function.

The decoder reconstructs the original feature representa-
tion from the latent vector, which is formulated as

% = go(2:) = 0 (Wazi+by), @
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where gy (-) denotes the decoder parameterized by ¢, Wy
and by, are the weight matrix and bias vector of the decoder,
respectively, and X; is the reconstructed feature.

For a deep stacked auto-encoder, the layer-wise encoding
process can be written as

W — o (w<l>h§"” +b<”) L I=12,....L, (5

where hl@ =X, hSL) = z;, and L denotes the number of
encoding layers.

Correspondingly, the layer-wise decoding process is de-
fined as

b= (WORD b)), i=Li-11 ©

The reconstruction loss is used to preserve the main infor-
mation contained in the original visual feature. It is calculated
as

Z % — %3 ©)

This reconstruction ob]ectlve helps the model retain useful
aesthetic information while suppressing irrelevant noise. To
further enhance robustness, the input feature is perturbed be-
fore encoding, following the idea of denoising representation
learning. This design is consistent with the view that com-
pact latent factors can improve the representation of complex
visual inputs [23, 24].

In the proposed LUCID architecture, the encoder fol-
lows an expand-then-compress structure. The original 768-
dimensional input is first expanded to 1536 dimensions to un-
fold the feature space, and then gradually compressed through
384 and 96 dimensions to a 32-dimensional latent vector. This
structure avoids premature information loss and improves the
discriminative capacity of the latent representation.

I'CC_i

3.3 Contrastive Latent Representation Refine-
ment

Although the auto-encoder can reduce feature dimensional-
ity, reconstruction loss alone may cause the model to preserve
style-irrelevant information such as background, lighting, and
shooting environment. Therefore, a contrastive learning con-
straint is introduced to refine the latent representation. For
each sample, two augmented views are generated and en-
coded into latent vectors z; and zi+, which form a positive
pair. Other samples in the mini-batch are regarded as negative
samples. The contrastive loss is defined as

1 exp (sim(z;,z;")/7) ®
Feon =N L ST exp (sim(z2,)/7)

where sim(+,-) denotes cosine similarity, and 7 is a temper-
ature parameter. By minimizing Equation (8), visually and
semantically similar fashion samples are encouraged to be
closer in the latent space, while dissimilar samples are pushed
apart. This mechanism improves latent feature discrimina-
tion and helps alleviate feature entanglement in fashion style
clustering [13].
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3.4 Joint Clustering Mechanism

After obtaining the latent representations, K-means is first
applied to initialize the cluster centers. Let 4 ; denote the cen-
ter of the j-th cluster, where j = 1,2,...,K. Following deep
embedded clustering methods [8, 9], the similarity between
latent representation z; and cluster center p; is measured
using Student’s ¢-distribution:

~1
(14 =il

qij = 9

K ( +Hzl 1254 )

where g;; represents the soft assignment probability of sample
i belonging to cluster j.

To emphasize high-confidence assignments and improve
intra-cluster compactness, an auxiliary target distribution is
constructed as

2 /yN
PO L (10)

S (/5 ai)

The clustering loss is then defined as the Kullback-Leibler
divergence between the target distribution P and the soft
assignment distribution Q:

N K Dii
Zau =KL(P||Q) :ZZ ,Jlog Ly (11)

i=1j qij

By minimizing Equation (11), ambiguous samples are gradu-
ally assigned to more appropriate clusters, and the latent space
becomes more suitable for fashion style grouping.

3.5 Joint Optimization Objective

The final objective of LUCID integrates reconstruction loss,
contrastive loss, and clustering loss into a unified optimization
framework:

gzeﬁec""a%on +ﬁ-=%lu; (12)

where o and f are trade-off coefficients used to balance
contrastive representation refinement and clustering optimiza-
tion.

The model parameters are updated through backpropaga-
tion. The cluster centers are updated according to

a«:?i:lu
8uj ’

Mj—pi—1m (13)

where 7 denotes the learning rate.
The encoder parameters are optimized by considering
reconstruction, contrastive, and clustering constraints:

0+ 06— n%f (14)
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The decoder parameters are mainly optimized by the
reconstruction objective:

azec
20

Through this joint optimization process, the proposed frame-
work simultaneously preserves essential visual information,
suppresses irrelevant noise, and improves the clustering struc-
ture of the latent space. Compared with two-stage clustering
strategies, this end-to-end learning mechanism can obtain
more compact and discriminative fashion style representa-
tions [28, 29].

¢—9¢—n (15)

3.6 Aesthetic Distribution Visualization

After optimization, the learned latent representations are used
for fashion style clustering and visualization. The final cluster
label of sample i is obtained by

yi = argmaxg;;. (16)
j

To make the clustering results more interpretable, the
refined latent vectors are further projected into a two-
dimensional space. Conventional linear dimensionality re-
duction methods may fail to preserve complex nonlinear
relationships in high-dimensional aesthetic spaces. Therefore,
nonlinear manifold visualization methods are more suitable
for presenting fashion style distributions and transition pat-
terns [15]. The visualization process can be expressed as

w="7(z), weR? (17)
where ¥'(-) denotes the nonlinear visualization mapping
function, and u; represents the two-dimensional coordinate of
the i-th fashion sample.

In this way, the proposed LUCID framework constructs
a complete technical pipeline from high-dimensional seman-
tic visual features to compact latent representations, unsu-
pervised fashion style clusters, and interpretable aesthetic
distribution maps. This enables fashion style quantification
to support both computational analysis and design-oriented
decision-making.

4 Experiments

4.1 Dataset

To evaluate the effectiveness, robustness, and generalization
capability of the proposed LUCID framework, experiments
were conducted on two fashion-related datasets with differ-
ent visual characteristics. The first dataset is Deep-Fashion,
which is used as the main experimental dataset. The second
dataset is Fashion-MNIST, which is adopted as a supplemen-
tary validation dataset to test the generalization capability of
the proposed framework under a simpler visual distribution.
Deep-Fashion is used as the core dataset in this study, as
shown in Figure 3. Specifically, the Category and Attribute
Prediction Benchmark subset is adopted for experimental
evaluation. After preprocessing operations, including unified
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cropping, denoising, and image normalization, high-quality
fashion images are used for feature extraction and cluster-
ing analysis. The dataset contains diverse clothing categories
and rich visual attributes, such as texture, fabric, cut, part,
and style, which makes it suitable for evaluating fashion style
quantification and unsupervised aesthetic clustering.

Fashion-MNIST is used as an additional validation
dataset. It contains grayscale fashion images from ten basic
apparel categories. Compared with Deep-Fashion, Fashion-
MNIST has lower image resolution and simpler visual con-
tent. Therefore, it is suitable for testing whether the proposed
LUCID framework can maintain stable clustering perfor-
mance across different data distributions.

ecoece

LR B B B -

Figure 3: Random samples from the Deep-Fashion dataset

4.2 Baseline Models

To demonstrate the superiority of the proposed LUCID frame-
work, several representative traditional and deep clustering
methods are selected as baselines. These models include
DEC, IDEC, DCN, VaDE, and JULE. DEC learns low-
dimensional representations by using an auto-encoder and
optimizes clustering assignments through Kullback-Leibler
divergence [8]. IDEC further improves DEC by preserving
local structure during clustering optimization [9]. DCN com-
bines deep representation learning with K-means clustering to
learn clustering-friendly latent spaces [28]. JULE integrates
image representation learning and agglomerative clustering
in an end-to-end framework [29]. These baselines are widely
used in unsupervised representation learning and clustering
analysis, providing a meaningful comparison for evaluating
the effectiveness of LUCID.

4.3 Image Feature Extraction Model

Unlike traditional image encoders trained only on general
image classification tasks, this study uses a pre-trained multi-
modal visual encoder to extract semantic-rich fashion image
features. The extracted feature vector has a dimensionality of
768. To filter style-irrelevant local noise and generate com-
pact latent representations suitable for clustering, these high-
dimensional features are further processed by the proposed
auto-encoder.

As shown in Table 1, the encoder adopts an expand-then-
compress structure. The 768-dimensional input feature is first
expanded to 1536 dimensions to unfold the semantic fea-
ture space, and is then gradually compressed through 384 and
96 dimensions to a 32-dimensional latent vector. This struc-
ture helps retain important fashion style information while
alleviating the curse of dimensionality.
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Table 1: Encoder Feature Mapping Network Architecture

Layer Input Feature FC 1 FC2 FC3 Latent Vector
Output Dim. 768 1536 384 96 32
Activation - RelLLU RelLLU ReLLU Linear/ReLLU
Regularization - Dropout (0.5) Dropout (0.5) Dropout (0.5) -

4.4 Model Training Parameters

The experimental environment is configured with Ubuntu
22.04, an NVIDIA GeForce RTX 4090 GPU with 24 GB
memory, Python 3.10, PyTorch 2.1.2, and CUDA 11.8. Dur-
ing training, the 768-dimensional visual features are nor-
malized and then fed into the symmetric auto-encoder. The
network is optimized using stochastic gradient descent with
a learning rate of 1 and a momentum of 0.9. The model is
trained for 100 epochs with a mini-batch size of 250.

The detailed parameter configuration of the auto-encoder
is shown in Table 2. The model contains 3,623,648 trainable
parameters in total. The encoder gradually compresses the
input feature into a 32-dimensional latent vector, while the
decoder reconstructs the original 768-dimensional represen-
tation from the latent space.

Table 2: Autoencoder Network Parameter Overview

Layer Name Output Shape Parameters
input (Input Layer) (None, 768) 0
encoder_0 (Dense) (None, 1536) 1,181,184
encoder_1 (Dense) (None, 384) 590,208
encoder_2 (Dense) (None, 96) 36,960
encoder_3 (Dense) (None, 32) 3,104
decoder_3 (Dense) (None, 96) 3,168
decoder_2 (Dense) (None, 384) 37,248
decoder_1 (Dense) (None, 1536) 591,360
decoder_0 (Dense) (None, 768) 1,180,416

Total Parameters - 3,623,648
Trainable Parameters - 3,623,648
Non-trainable Parameters - 0

4.5 Evaluation Metrics

To objectively evaluate clustering performance, three com-
monly used metrics are adopted: Clustering Accuracy (ACC),
Normalized Mutual Information (NMI), and Adjusted Rand
Index (ARI) [39, 40]. ACC and NMI range from O to 1, where
a larger value indicates better clustering performance. ARI
ranges from —1 to 1, where a positive value indicates that the
clustering result is better than random assignment.
Clustering Accuracy measures the best matching between
predicted cluster labels and ground-truth labels. It is defined

as
11 (i =m()
N i
where y; denotes the ground-truth label, y; denotes the pre-
dicted cluster label, m(-) is the optimal mapping function
between predicted labels and ground-truth labels, N is the
total number of samples, and 1(-) is the indicator function.

ACC = max (18)

Normalized Mutual Information evaluates the mutual de-
pendence between the predicted clustering distribution and
the ground-truth label distribution. It is calculated as

1(Y,Y)

NMI = .
H(Y) +H(Y)} /2

; 19)

where [ (Y,I?) denotes the mutual information between the
ground-truth label set Y and the predicted label set Y, and H (-)
denotes information entropy.

Adjusted Rand Index evaluates the consistency between
two partitions while correcting for random chance. It is
defined as

xi (%) - %Z’@)
ARI = 2 ) B
Hm vx(p)] - B

Here, n;; denotes the number of samples shared by the i-th
ground-truth class and the j-th predicted cluster, while a; and
b; denote the corresponding marginal sums.

4.6 Comparative Experiments

To comprehensively assess the performance of LUCID, com-
parative experiments are conducted against mainstream clus-
tering baselines on Deep-Fashion and Fashion-MNIST. The
results are shown in Table 3 and Figure 4. Missing baseline
results are denoted by “~"".

As shown in Table 3 and Figure 4, LUCID achieves the
best overall performance on the challenging Deep-Fashion
dataset, with an ACC of 0.839, an NMI of 0.754, and an ARI
of 0.693. Compared with DEC and IDEC, LUCID obtains
higher clustering accuracy and better cluster consistency. On
Fashion-MNIST, LUCID also achieves stable generalization
performance, with an ACC of 0.683, an NMI of 0.692, and
an ARI of 0.560. These results demonstrate that the pro-
posed framework can learn compact and discriminative latent
representations for fashion style clustering.

Table 3: Clustering Performance Across Datasets

Model Deep-Fashion Fashion-MNIST
ACC NMI ARI ACC NMI ARI
DEC 0.780 0.678 0.590 0.516 0.546 0.419
IDEC  0.791 0.716 0.633 0.529 0.557 0.428
DCN 0.723 0.699 0.614 0.531 0.571 0.386
VaDE  0.801 0.745 0.662 0.578 0.630 -
JULE  0.809 0.752 0.679 0.562 0.608 -
LUCID 0.839 0.754 0.693 0.683 0.692 0.560
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Figure 4: Performance comparison of clustering algorithms on
Deep-Fashion

4.7 Ablation Studies

To analyze the contribution of each key component in LU-
CID, ablation studies are conducted on the Deep-Fashion
dataset. The controlled variables include optimizer, learn-
ing rate, momentum, training epochs, and batch size. The
compared variants are as follows.

Pure K-means is used as a no-dimensionality-reduction
baseline, where K-means is directly applied to the 768-
dimensional visual features. Auto-Encoder (AE)+K-means
first compresses the original features into 32-dimensional la-
tent vectors using a standard auto-encoder and then applies
K-means clustering. Variational Auto-Encoder (VAE)+K-
means replaces the standard auto-encoder with a variational
auto-encoder. Adversarial Auto-Encoder (AAE)+K-means
replaces the standard auto-encoder with an adversarial auto-
encoder. LUCID represents the full model with Denoising
Auto-Encoder (DAE)-based latent representation learning
and end-to-end joint optimization.

The ablation results in Table 4 show that dimensionality
reduction is necessary for high-dimensional fashion feature
clustering. Directly applying K-means to 768-dimensional
features only achieves an ACC of 0.587. After auto-encoder-
based dimensionality reduction, AE+K-means improves ACC
to 0.749, indicating that nonlinear latent representation learn-
ing is beneficial for clustering. Compared with two-stage
methods, LUCID achieves the best ACC of 0.839 and ARI
of 0.693, demonstrating the effectiveness of joint optimiza-
tion. This result confirms that integrating reconstruction, con-
trastive representation refinement, and clustering objectives
can produce a more discriminative latent space.

Table 4: LUCID Core Component Ablation Results
Model Variant Dimensionality Optimization ACC ARI

K-means None Traditional 0.587 0.481
AE+K-means Standard AE ~ Two-stage 0.749 0.617
VAE+K-means VAE Two-stage 0.743 0.615
AAE+K-means AAE Two-stage 0.776 0.632
LUCID DAE Joint 0.839 0.693

Note: The corresponding NMI values are 0.705, 0.765, 0.685,
0.672, and 0.754, respectively.

4.8 Hyperparameter Sensitivity Analysis

The preset number of clusters is an important hyperparameter
in unsupervised clustering. An excessively large K may cause
over-clustering, where semantically similar fashion samples
are split into several small clusters. Conversely, an excessively
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small K may cause under-clustering, where visually and se-
mantically different styles are incorrectly merged. To ensure
fair comparison with baseline models, the objective category
number of the datasets is used, and K is set to 10 in the main
experiments.

To further examine the distribution structure of the learned
latent representations, dimensionality reduction visualization
is conducted on the Deep-Fashion dataset. As shown in
Figure 5, the latent representations learned by LUCID form
relatively clear style regions. Samples belonging to similar
fashion styles tend to be close to each other in the projected
space, indicating that the proposed model can effectively
preserve aesthetic similarity in the latent representation.

Visual Embedding Space 1 Visual Embedding Space 2 Visual Embedding Space 3 Visual Embedding Space 4
Figure 5: UMAP dimensionality reduction visualization of
the Deep-Fashion dataset

4.9 Confusion Matrix Analysis

The confusion matrix is used to further analyze the rela-
tionship between predicted clustering labels and ground-truth
labels. As shown in Figure 6, since unsupervised learning
does not use ground-truth labels during training, predicted
cluster indices do not necessarily correspond directly to the
original label order. However, the confusion matrix still shows
strong local aggregation patterns. Most samples from the
same category are concentrated in specific predicted clusters,
indicating that LUCID can effectively capture deep fashion
style features and generate meaningful clustering results.

Confusion Matrix
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Romantic French Style
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Figure 6: Confusion matrix of the Deep-Fashion dataset
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4.10 Failure Case Analysis and Limitations

Although LUCID achieves superior overall clustering per-
formance, several failure cases can still be observed from
the confusion matrix and visualization results. As shown in
Figure 6, some fashion styles are more likely to be confused
when they share similar visual attributes. For example, casual
street-style samples may be assigned to athleisure-style clus-
ters, because both categories often contain loose silhouettes,
sports-inspired details, dark or neutral colors, and similar
wearing scenarios. Similarly, minimalist basic-style sam-
ples may overlap with comfortable loungewear-style samples
when the garments share simple contours, low-decoration
surfaces, and soft fabric appearances.

These failure cases indicate that the proposed model still
has limitations in distinguishing fine-grained fashion styles
with highly similar visual cues. Since LUCID mainly relies on
visual semantic features, it may not fully capture contextual
information such as wearing occasion, user intention, fabric
hand feel, or cultural style interpretation. In addition, styles in
fashion are naturally continuous rather than strictly discrete.
Therefore, partial overlap between adjacent categories does
not necessarily indicate a completely incorrect representa-
tion, but rather reflects the inherent ambiguity and transitional
nature of fashion aesthetics.

The above analysis suggests that future improvements
should incorporate richer multimodal information, such as
textual product descriptions, user comments, material at-
tributes, and purchase behavior, to further enhance fine-
grained style discrimination. Moreover, adaptive clustering
strategies could be introduced to reduce the dependence on
a fixed number of clusters and better capture emerging or
hybrid fashion styles.

4.11 Visualization Verification

To further verify the interpretability of the clustering re-
sults, Figure 7 visualizes the distribution of ten fashion style
clusters in a two-dimensional latent space. The visualization
result shows that fashion styles are not completely isolated
from each other. Instead, different styles present smooth tran-
sitions and partial overlaps, which is consistent with the
nature of fashion aesthetics. For example, casual, street, and
athleisure styles may share visual elements, while formal and
business styles may form adjacent regions in the latent space.

4
ga HT W

Figure 7: Dimensionality reduction visualization of cluster-
ing results

Fashion Dimension 2

Overall, the experimental results demonstrate that LUCID
can effectively bridge high-dimensional fashion visual rep-
resentations and interpretable aesthetic style structures. The

Yuetal /J. Des. Intell. 2026 1(3):39-50

combination of multimodal semantic priors, auto-encoder-
based latent space learning, contrastive feature refinement,
and clustering optimization enables the proposed model to
achieve both strong quantitative performance and intuitive
visual interpretability.

5 Conclusions

This study proposes LUCID, an unsupervised latent space
representation learning and clustering visualization frame-
work for fashion style quantification. By integrating mul-
timodal semantic priors, auto-encoder-based dimensionality
reduction, contrastive representation refinement, and cluster-
ing optimization, the proposed framework transforms high-
dimensional fashion visual features into compact and inter-
pretable latent style representations. Experimental results on
Deep-Fashion and Fashion-MNIST demonstrate that LUCID
achieves superior clustering performance and stable gener-
alization compared with mainstream unsupervised clustering
baselines. In addition, the visualization results show that the
learned latent space can effectively reveal style boundaries
and aesthetic transition patterns, providing useful support
for intelligent fashion analysis and design-oriented decision-
making.

Future research will further investigate adaptive clus-
tering strategies, multimodal user preference modeling, and
human-in-the-loop design intelligence systems to enhance the
practical value of fashion style quantification in personalized
product development.
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