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Abstract: In fashion e-commerce, predicting item compatibility using visual features remains a signif-
icant challenge. Current recommendation systems often struggle to incorporate high-dimensional
visual data into graph-based learning models effectively. This limitation presents a substantial op-
portunity to enhance the precision and effectiveness of fashion recommendations. In this paper, we
present the Visual-aware Graph Convolutional Network (VAGCN). This novel framework helps
improve how visual features can be incorporated into graph-based learning systems for fashion item
compatibility predictions. The VAGCN framework employs a deep-stacked autoencoder to convert
the input image’s high-dimensional raw CNN visual features into more manageable low-dimensional
representations. In addition to improving feature representation, the GCN can also reason more
intelligently about predictions, which would not be possible without this compression. The GCN
encoder processes nodes in the graph to capture structural and feature correlation. Following the
GCN encoder, the refined embeddings are input to a multi-layer perceptron (MLP) to calculate com-
patibility scores. The approach extends to using neighborhood information only during the testing
phase to help with training efficiency and generalizability in practical scenarios, a key characteristic
of our model. By leveraging its ability to capture latent visual features and neighborhood-based
learning, VAGCN thoroughly investigates item compatibility across various categories. This method
significantly improves predictive accuracy, consistently outperforming existing benchmarks. These
contributions tackle significant scalability and computational efficiency challenges, showcasing
the potential transformation of recommendation systems through enhanced feature representation,
paving the way for further innovations in the fashion domain.

Keywords: fashion recommendation systems; representation learning; graph convolutional networks

1. Introduction

Fashion recommendation systems (FRS) have become indispensable tools to increase
user engagement and satisfaction by providing a personalized shopping experience [1,2].
Traditional recommendation systems (RSs) have relied on user behaviors, such as viewing
client activity, purchase history, click-through rate, navigating habits, etc., to suggest
products that resonate with user preferences [3,4]. However, these systems often overlook
the full spectrum of available data, mainly the visual information essential for fashion items,
and are decisive in suggesting outfits that are both visually compelling and aesthetically
appealing [5].

As e-commerce platforms continue to expand, there is a need for more scalable meth-
ods to solve such problems, such as link prediction within RSs. Link prediction, mainly
when applied through graph neural networks (GNNSs), is essential for enhancing the
capabilities of recommendation systems [6]. It involves predicting the likelihood of a
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relationship between two nodes in a graph, which, in the context of fashion, translates to
the compatibility between items. This technique is more powerful than traditional recom-
mendations. It has broad applications beyond recommendation, particularly in solving
challenging problems like the sponsored search problem found on web platforms, where
modeling and understanding complex relationships among items can profoundly impact
the relevance and effectiveness of search results [7]. By leveraging GNNs for link prediction,
FRS can adopt a more nuanced approach that considers user history and the intricate visual
relationships between fashion items, thus bridging the gap between user preferences and
item compatibility [8].

GNN:Ss help RS perceive diverse relationships more effectively in large networks [9].
In fashion e-commerce, GNNs have excellent potential to model user-item transactions
and item-item interactions collectively. This capability allows GNNs to perform a multi-
dimensional comparison of similarities between items in style, color, and fabric [10]. In-
tegrating GNNs enables a deeper understanding of product compatibilities, enhancing
recommendations by identifying the intrinsic patterns that drive fashion trends and con-
sumer preferences [11]. Although GNNs bring significant benefits to FRS, the complexity of
high-dimensional data is still a bottleneck in modern Al systems, and most cases of graph-
based learning are used in e-commerce platforms [12,13]. Traditional GCNs, while effective,
often scale poorly to the large datasets characteristic of many such environments [14]. This
limitation is mostly because of the difficulty of directly embedding high-dimensional visual
features into the structure of the graph needed for capturing the information content of the
visual data [15-17].

To address these challenges with FRS, our study introduces the VAGCN, a model
that enhances graph-based learning frameworks by incorporating advanced visual feature
extraction techniques. First, we reduce the high-dimensional CNN features to a compact,
low-dimensional latent space via a deep autoencoder architecture. In addition to its utility
in assisting with the curse of dimensionality [18,19], this step retains the most important
features that provide deeper insight for a refined relationship of item compatibility [20].
Given the results from our previous work, which empirically found highly significant
performance enhancement in clustering by compressed feature maps [21,22], our approach
extends these benefits to compatibility assessments and fashion item recommendations.
By embedding these compressed features directly into a GCN’s graph structure during
pre-training, it refines such selection with advanced denoising techniques to ensure that
the visual data strongly interacts with the model’s predictive capabilities. The proposed
VAGCN can effectively process large-scale graph data and enhance prediction accuracy
by incorporating neighborhood information during testing. This integration enables the
VAGCN to interpret complex inter-item relationships effectively, producing compatibility
predictions closely aligned with visual preferences influencing consumer behavior in
fashion e-commerce. This paper advances the field of fashion recommendation systems
through several key contributions:

e We introduce the VAGCN, which utilizes enhanced visual features in the graph-
based learning process to improve the model’s understanding of complex product
relationships.

*  We develop a sophisticated graph-based model that leverages compressed node fea-
tures via a deep-stacked autoencoder. This approach reduces computational load
while integrating latent visual data, enabling a comprehensive analysis of fashion item
compatibility.

*  We optimize the GCN architecture by decreasing hidden units across layers, balancing
efficiency and accuracy.

*  Weinvestigate the impact of neighborhood size on the effectiveness of graph-based
learning, providing evidence to optimize the balance between accuracy and computa-
tional efficiency.

*  We demonstrate the effectiveness of the VAGCN through rigorous validation across
various fashion categories, comparing its performance with existing methods.



Mach. Learn. Knowl. Extr. 2024, 6

2113

We organize the rest of the paper as follows: Section 2 discusses related work and iden-
tifies FRS gaps using graph-based methods. Section 3 details the methodology, elaborating
on the VAGCN architecture and the integration of enhanced visual features. Section 4
discusses the experimental setup, and Section 5 compares our model’s results with those
of other state-of-the-art models across various datasets. The final Section 6 concludes and
summarizes our findings, as well as discusses potential directions for future research.

2. Related Work
2.1. Content-Based Fashion Recommenders

Our most similar application, content-based recommendation systems, has evolved to
meet the industry’s complex needs. These systems analyze item attributes and integrate
advanced machine learning techniques, mainly leveraging visual feature extraction models.
Adapting content-based models to address the fashion domain specifically utilizes both
the visually appealing and useful features of apparel. As identified in early studies by He
and McAuley et al. [23,24], these RSs have evolved from extracting static item features
to capturing dynamic fashion trends informed by visual data [25]. This methodology
evolution has significantly shifted the capabilities of recommendation engines, enhancing
their predictive abilities and enabling them to respond more effectively to the changing
dynamics of fashion trends.

Fashion content-based recommendation systems have significantly advanced to meet
the complex demands of the e-commerce apparel market. Traditionally reliant on text
and metadata, these systems now use advanced image analysis techniques to enhance the
user experience by offering personalized outfit selections based on style, brand, color, and
size [26]. Using deep learning models like ResNet-50 and feature extraction methods such
as bag of words, TF-IDF, and word2vec [27,28], these systems have improved their ability
to match content and respond to dynamic fashion trends accurately.

Researchers have conducted most recent evaluations of these advanced methods to
determine the effectiveness of various features for fashion recommendation. A case in point
is the work of Jagadeesh et al. [29] and Deldjoo et al. [30], who have studied how textual
and visual features (and different CNN architectures) have been utilized and compared
in the context of performing multimodal fashion item modeling. Jagadeesh et al. [29]
discovered that color is more important for describing products than texture, highlighting
visual features” importance in recommendation systems. Deldjoo et al. [30] evaluated
several visual fashion RSs, including Visual Bayesian Personalized Ranking (VBPR) [31],
DeepStyle [32], and others, using pre-trained models like AlexNet, VGG-19, and ResNet-50,
focusing on both accuracy and the qualitative assessment of visual similarities between
pairs of images.

2.2. Graph-Based Learning

Graph-based models, especially GCNs, have made substantial progress in advanced
FRS by adeptly modeling complex relationships within large datasets of e-commerce plat-
forms. These models are especially well-suited for capturing relational data between items
and users, which is essential for understanding user-item interaction patterns and provid-
ing cohesive item compatibility recommendations. To tackle specific issues such as the cold
start problem, researchers have also incorporated knowledge graphs (KGs). For example,
Yan et al. [33] employed User-Item KG to effectively learn about user-item relationships.
Zhan et al. [34] propose a novel Attentive Attribute-Aware Fashion Knowledge Graph
(A3-FKG) to enhance personalized outfit recommendations by incorporating fine-grained
insights at the item and outfit level. Similarly, Dong et al. [35] used a fuzzy technique
to model relationships between the human body, fashion theme, and design factor in a
knowledge base to provide an interactive and adaptive design recommendation.

Integrating autoencoders with GCNs marks a significant advancement in FRS, provid-
ing an efficient way to address the high-dimensionality challenge. Autoencoders compress
raw CNN-extracted features into a more manageable latent space, enhancing the GCN'’s
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capacity to process and learn from these features efficiently. These hybrid models are critical
in FRS because visual attributes have a significant impact on item compatibility and style
coherence. The work by Li et al. [36], along with studies by Liu et al. [37] and subsequent
research [38,39], demonstrates how integrating multiple types of features into a cohesive
model can greatly improve the scalability and performance of recommendation systems.

To further explore the potential of these models, the autoencoder-constrained graph
convolutional network (AEGCN) introduced by Ma et al. [40] showcases an innovative
architecture where the autoencoder component is designed to reduce information loss
during graph operations, such as Laplacian smoothing. In addition, Kipf and Welling’s
Variational graph auto-encoder (VGAE) [41] was introduced as a method for unsupervised
learning over graph-structured data, using latent variables to learn meaningful latent
embeddings of undirected graphs. This model, which pairs a GCN encoder with an inner
product decoder, exhibits improved predictive accuracy for link prediction in citation
networks, especially when it leverages node features.

2.3. Predicting Visual Compatibility in Fashion

A core aspect of modern FRS is predicting visual compatibility between fashion items.
McAuley et al. [24] initially approached this problem by learning a compatibility metric
from CNN features, a foundational step towards more nuanced visual compatibility models.
Veit et al. [42] further elaborated on this by using a Siamese network to learn compatibility
from images, improving the system’s predictive accuracy. Such improvements have led to
models that can effectively recommend items that are not only individually appealing but
also stylistically coherent when paired or grouped [34,43,44].

To improve FRS, put together all of the state-of-the-art algorithms for image analysis
using deep learning, graph-based learning methods, and dimensionality reduction using
autoencoders. These technologies ultimately render value in scaling big and large graphs
with automation to combat overfitting, with efficient feature engineering and compact
representation. This improvement enables the FRS to process large datasets well, resulting
in more visually pleasing and stylistically consistent recommendations. The forward
march of these systems is vital to keep up with a sector that is rapidly adapting and thus
maintains the ability to effectively manage the often complex processes associated with
fashion e-commerce [3,26].

3. Method

Managing high-dimensional data is essential in the rapidly evolving domains of artifi-
cial intelligence and computer vision. The complex nature of this data demands innovative
approaches that facilitate efficient processing without compromising information integrity.
To address this challenge, our study presents the VAGCN model, designed to compress
data features effectively, thereby enhancing their utilization within GCNs.

Figure 1 demonstrates a comprehensive overview of our methodology, designed ex-
plicitly for predictive compatibility scoring of fashion items using GCNs. The architecture
facilitates advanced feature processing and enhances the accuracy of compatibility pre-
dictions. Moreover, all notations employed in the method section are detailed in Table 1,
ensuring clarity and ease of reference.

In the initial phase, we utilize the image feature set extracted using the CNN-F archi-
tecture [45], as detailed in study [24]. This process captures every unique characteristic of
the fashion images, representing them in a high-dimensional 4096-D vector space, ensuring
detailed feature capture (Figure 1a).
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Table 1. Notations and Descriptions.

Notation = Description
x Original input data
b Noisy version of input data
Y Latent representation of data
b Reconstructed version of original input data
W, W’ Weight matrices represent the encoder and decoder, respectively.

bt Vectors represent the bias vectors for the encoder and decoder, respectively.

fer fa The activation functions for the encoder and decoder, respectively
G = (V,E) Graph contains nodes V and edges E
X Node feature matrix
d Dimensionality of feature vector
HD Node representation after I graph convolutional layers
D Normalized Laplacian matrix
pij Predicted probability of an edge between nodes i and j
hl(L), h](-L) Representations of nodes i and j at the L-th layer, respectively
P Probability matrix indicating the likelihood of edges between nodes.
A Adjacency matrix of the graph
a b | Ideally they arf identical —|
Input Layer x . NOiSX Reconstructed
Each Item 4096-D input ¥ input
CNN Feature ':{>
Extractor Nose Encoder Decoder %
4096-D feature @ fe fd *
vector out Latent Space
Representation
c — d e = =]
ye he Ze
-:E-:I\ y2 -:E-:l\% h ) \ :j—) g
ys / ha // 2 2 / b o i 83
\ S— (= == =) \ = =] .\ s ° g
-:E-) yi ys :D = e ] \m <= (. I:D p_— z1 > <

z
~ -
Zs
Embedding
space

S - -] h7 — S —
), T

Graph with latent node features GCN encoder Edge Prediction Layer

Figure 1. The diagram illustrates the model for predicting the compatibility scores of fashion items.
(a) Feature extraction using CNN-F architecture produces a 4096-dimensional vector x from each
fashion image, capturing detailed image features. (b) A deep-stacked autoencoder transforms these
features into a latent space y, optimizing for subsequent processing. (c) We construct a relational
graph by effectively merging item interactions (e.g., ‘also viewed’, “also bought’, ‘bought together”)
with node latent features, thereby enhancing data relational insights. (d) A tailored GCN encoder
refines the graph, and then an edge prediction layer computes item compatibility scores.

To further refine these features, the process continues by utilizing autoencoders
(Figure 1b). Notably, the Denoising autoencoder (DAE) partially improves noise reduction
and helps in data compression of features to more compact and informative forms. This
step is pivotal for preparing the features for subsequent graph neural network processing
and optimizing them for efficient node representation.

Transitioning to the GCN encoder (Figure 1c), we address the challenges of irregular
graph structures, which traditional CNNs often struggle to manage. Inspired by the
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Variational Graph autoencoder [41], our GCN encoder uses a layered structure supported
by an adjacency matrix. This matrix is essential in transforming node data into a robust
embedding space, encapsulating the complex inter-node relationships.

The Edge Prediction Layer, shown in Figure 1d, is the final stage of our methodology,
in which the GCN-refined node representations are examined to predict edges between
nodes. This layer, produced by the MLPDecoder architecture within our VAGCN model,
evaluates node-pair embeddings to predict compatibility scores. Further sections delve
into the detailed methodologies used in our study.

3.1. Enhanced Data Representation via Autoencoders

Autoencoders are pivotal in our methodology for encoding high-dimensional input
data into a more structured and compact format. An autoencoder is structurally composed
of two fundamental parts: the encoder, which compresses the input data using unsuper-
vised learning, and the decoder, which reconstructs the data from its compressed form.
This architecture excels at producing efficient, abstract data representations, significantly
improving performance in computational tasks such as classification and clustering. Within
the GNNs, our model uses these compressed image features as node features.

Consider our raw input data represented as x to elucidate. This data transforms into
a noise-added variant, denoted as ¥, through a stochastic process described by qp (x | X).
The corrupted input % is then transformed into a hidden representation, y, via the encoding
function fe, expressed mathematically as:

]/:fe(Wf‘Fb) 1)

where W denotes the weight matrix, b the bias vector, and f. the activation function,
typically employing mechanisms like the Rectified Linear Unit (ReLU). The encoded data y
is subsequently used to reconstruct an approximation £ of the original input x using the
decoding function f;:

2= faWy+V) 2

where W’ and b’ are the weight matrix and bias vector for the decoder, respectively, with f;
serving as the activation function for the decoder. The overarching aim of this architecture is
to minimize the reconstruction error, L,(x, ), thereby enhancing the autoencoder’s ability
to isolate and refine key features, surpassing traditional identity mapping constraints [22].

3.2. GCN Encoder

The GCN is a specialized architecture that excels at processing graph-based data
structures. It is a mathematical transformer that converts information from its original
domain to an embedding space. The GCN employs a sequence of graph convolution
layers, as demonstrated in Figure 2, to gradually convert the initial node features into more
abstract, low-dimensional embeddings suitable for downstream tasks. This transformation
is accomplished by applying successive graph convolution operations that refine and
condense the node features at each layer, as demonstrated by the transition from 256 node
features to 64 node features in the architecture depicted. Applying a ReLU activation
function to each layer improves the model’s capacity to detect intricate patterns in the data
by introducing non-linearity.

GCNs, unlike traditional CNNSs, excel in handling irregular, non-Euclidean graph
structures. This capability addresses CNN’s limitations in graph applications and integrates
innovative solutions within the graph processing domain. Kipf et al. [41] designed a semi-
supervised graph convolution model with multi-layer propagation, significantly impacting
our GCN design.

Consider a graph G = (V, E), where A is the adjacency matrix that details the complex
relationships between nodes, and D is the degree matrix. Each element D;; aggregates the
connections in the i-th row of A. The GCN performs its primary convolution operation as
follows [41,46]:
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H*Y = ReLU(D12AD-12HIW D) @)

where A = A + I incorporates self-connections by adding the identity matrix I, W()
denotes the weight matrix for the I-th layer, o represents a non-linear activation function
such as ReLU, and H(!) are the activations at the [-th layer, beginning with H() = Y, the
matrix of node features.

Input Graph GCN encoder Embedding space
T 3 L
Ye Graph Convolution Graph Convolution Graph Convolution Zs
l - (256 channels) (128 channels) (64 channels) ‘ -
ya Y2 — z2
VA 5
\y‘ — ( ( e ( :D - /-:
e ys he o z Zs
7 \:{\ e he Ls 7 \ —
v ‘ ha P
h : hz hs 74 ! 2
— hs 2 hs ;
256 node features 7 ) * h h hs hs
T = hi hs ——— O "
- Relu “h Relu hs Relu
Latent Features Y “lhe — J — —
ho he i
he . Decoder
. h: h:
he Ry hs <
. \h h: \h h:
" i e s o s
hy W ho | o : L \ Compatibility
\\h hs ha score
3 )
‘ v v v
\/
<\ 256 node features 128 node features 64 node features

Figure 2. The diagram illustrates the GCN workflow, which begins with the initial input graph,
which contains 256 node features. Subsequent graph convolution layers reduce the dimensionality to
64 features, utilizing ReLU activations for nonlinear transformations. The process concludes in the
embedding space, where an MLP decoder utilizes node embeddings to calculate compatibility scores
between nodes.

Despite its effectiveness, the standard GCN model faces challenges in handling diverse
node and link types, which can limit its utility in detailed assessments of node interactions
and compatibility predictions.

Our refined approach extends the GCN framework to accommodate a wider array
of nodes and links. We redefine the graph G = (V,E) to encompass entities such as
products and relational links, including “also viewed” and “purchased together’. Each node
is characterized by a feature vector x1, x, . .., Xy, which is transformed into y1, 2, ..., yn €
R?, where d represents the dimensionality.

The GCN encoder begins processing with latent feature vectors y; extracted via an
autoencoder, capturing essential attributes like shape, color, and size. CNNss initially derive
these features, and a stacked denoising autoencoder refines them to produce a condensed,
low-dimensional representation.

The encoder then incorporates these refined features with data from nearby nodes,
accomplishing this by [41]:

N;={jeV|A;=1} (4)
The GCN functions as an aggregator of local neighborhood information, symbolized by

hi = fenc(#i, N;), and maps data from RF to RF ", This aggregation, facilitated by a deep
GCN with several hidden layers, results in [46]:

S
H(l+1) — ReLU(Z D;l/ZAﬁs—l/zH(l)Ws(l)> (5)
5=0

where | ranges from O to/ — 1, and H 0) = Y. The matrix D; is diagonal, with its ele-
ments d; = 2;7:1 Ajj, and each convolution layer possesses a specific weight matrix w!

sized R%*%+1, The parameter s sets the neighborhood scope during training, with S = 1
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typically focusing on immediate neighbors. The weights Ws(l), located in RF*F', are en-
hanced through techniques like batch normalization, dropout, and weight regularization,
optimizing the network’s performance.

3.3. Edge Prediction Layer

The Edge Prediction Layer is crucial for deducing probable edges or relationships
between nodes after the GCN encoder has processed them. This layer employs the
MLPDecoder architecture within our VAGCN model, similar to Garcia and Bruna’s work [47].
Primarily functioning as a multi-layer perceptron (MLP), this layer analyzes the embed-
dings of node pairs to determine the existence and strength of edges between them.

Given two nodes, i and j, the probability of an edge or compatibility between them is
computed using the following formula:

pii = o(|lzi — zjllw" +b) (6)

(L) (L)
1
respectively. Thé vector w is a learnable weight, and b is a bias term, with ¢(-) being the
sigmoid activation function that normalizes the output to the range [0, 1].

This prediction mechanism culminates in a matrix P, where each element P;; denotes
the predicted probability of a connection between nodes i and j. This matrix provides a
detailed view of the potential relationships across the graph, reflecting the sophisticated
learning achieved through the node embeddings.

Algorithm 1 illustrates the procedural steps employed by our model to assess compat-
ibility scores between fashion items by effectively utilizing visual features and advanced
graph-based analysis.

where z;" and z:"’ represent the embeddings of nodes i and j at the L-th layer of the GCN,

Algorithm 1 VAGCN Model for Predictive Compatibility Scoring

Require: Visual features of images X, Adjacency matrix A
Ensure: Compatibility score matrix P between items
1: Initialization:

2: Set L =3 > Number of GCN layers
3: SetS=1 > Neighbourhood context scope
4: for each fashion image do

5: Extract CNN-F features, resulting in high-dimensional vector X

6: end for

7. Compress X to obtain latent feature representation Y

8: Obtain Z by executing Z = GCN_ENCODER(Y, A) > Embedding space
9

: Obtain P of nodes i and j by executing P;; = EDGE_PRED(Z, i, )
: Return compatibility score p

=
=]

11: function GCN_ENCODER(y, A)

12: Initialization:

13:  Set A to Identity matrix I

14: Set Ajtol+ A

15: Set initial feature vector H®) to Y

16: for each layer [ from O to L — 1 do

17: Compute H*1) as ReLU(D~1/2AD-1/2HOWW)
18: end for

19: return H()

20: end function

N
—_

: function EDGE_PRED(Z, i, j)

222 Compute P;; as 0(||z; — zjl|w” + b)
23: return P
24: end function
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3.4. Computational Complexity

In this study, we implemented several strategies to improve the computational cost
of compatibility prediction. Firstly, using a deep-stacked autoencoder, we significantly
reduced the node representation feature set from 4096 to 256 as a preprocessing step. For
a three-layer autoencoder, the time complexity can be calculated as O(n - D - d), where D
is the original feature dimension and d is the dimension of the hidden layers. Due to the
precomputed features, this preprocessing step reduces the dimensionality of the input data,
enabling faster computations in subsequent steps without increasing the computational
burden of the real-time application.

The VAGCN model’s computational complexity for predictive compatibility scoring
consists of several key steps. The algorithm utilizes three graph convolutional layers (L = 3)
and considers neighbors one step away (S = 1). The core of the complexity lies in the
GCN encoder function, which normalizes the adjacency matrix and performs the convolu-
tion operations. Specifically, the adjacency matrix normalization step, A = D~1/2AD~1/2,
involves matrix multiplication with a complexity of O(|E| - d), where |E| is the num-
ber of edges and d is the feature dimension. Each graph convolutional layer computes
new node embeddings, with the primary operations being matrix multiplications of the
form AH(I)W(I), having a complexity of O(N - d?) per layer, where N is the number of
nodes. Given that there are L layers, the total complexity for the convolution operations is
O(L-N -d?).

The Edge Prediction Layer computes the compatibility score by calculating the differ-
ence between node embeddings and applying a logistic function, which has a complexity
of O(d) for each node pair. Therefore, the overall computation complexity for the algo-
rithm is dominated by the graph convolutional operations, leading to a final complexity of
O(L-N-d*>+ |E|-d).

Additionally, integrating the visual features into the GCN added complexity as we
needed to balance computational load with model accuracy. Instead of using a uniform
256 hidden units for each layer in the 3-layer GCN architecture, we adopted a more efficient
architecture with decreasing hidden units: d1) = 256, d2) = 128, and d® = 64. This
design reduces the computational burden and improves performance and accuracy, as our
comparative results show. Lastly, during training, we consider neighbors only one step
away (S = 1) instead of a larger number of neighbors, which minimizes the number of
operations. However, during testing, we consider a larger number of neighbors to ensure a
thorough evaluation, which increases the computational complexity to O(L - N - sl - d?).
This increase in complexity is necessary for making more accurate predictions during testing
while the training process remains efficient. These optimizations collectively address the
technical challenges and enhance the algorithm’s efficiency while maintaining or even
improving predictive performance.

4. Experimental Implementation

We evaluate the VAGCN model across various datasets, providing a comparative anal-
ysis against established baselines and examining key performance indicators. The intent
is to comprehensively understand the model’s operational efficacy and transformative
potential in fashion-oriented e-commerce platforms.

4.1. Dataset

We utilize the Amazon products dataset, which encompasses over 180 million prod-
uct relationships spanning nearly six million distinct items, primarily in the fashion sec-
tor [23,24]. This dataset provides a robust framework for analyzing compatibility across
various fashion segments, including men’s, women’s, and children’s apparel. We classify
product interactions into three categories: also_viewed, bought_together, and also_bought,
assuming that products purchased or added to the cart together are compatible. The ana-
lytical results are summarized in Table 2, which details the intricate interaction dynamics
within this dataset.
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Table 2. Statistics of each dataset categorized by relation.

Category Relation # Nodes # Edges Avg. Degree
Men also_viewed 105,462 787,048 13.80
bought_together 30,415 45,160 2.85
also_bought 49,660 441,987 16.52
Women also_viewed 263,312 2,692,366 18.97
bought_together 93,726 155,344 3.19
also_bought 121,963 1,771,173 26.97
Boys also_viewed 6695 24,380 7.04
bought_together 2306 2572 2.17
also_bought 5897 22,460 7.42
Girls also_viewed 19,854 103,938 9.85
bought_together 5671 6962 2.38
also_bought 11,962 63,822 10.15
Baby also_viewed 11,258 78,148 13.31
bought_together 6250 9681 3.03
also_bought 11,148 113,021 19.66

4.2. Feature Extraction and Graph Construction

The visual features for fashion items, extracted using a CNN pretrained on the Im-
ageNet dataset, capture complex attributes such as shapes, colors, and textures. These
features are subsequently condensed via an autoencoder, forming the basis for our graph
construction, where nodes represent products and edges reflect compatibility relationships.
To enhance the model’s training process, we construct a training set comprising both pos-
itive edges and negative edges. Positive edges are directly extracted from the existing
connections in the adjacency matrix A, representing compatible product pairs. Conversely,
we randomly generate negative samples by selecting an equal number of non-relationships
that do not exist as edges in the adjacency matrix. These non-relationships represent prod-
uct pairs that have not been viewed or bought together, providing a clear contrast to the
positive pairs and helping the model effectively learn to distinguish between compatible
and incompatible items. This methodology ensures a comprehensive learning scenario,
facilitating the model’s robust performance in predicting product compatibility.

4.3. Model Training

Training of the VAGCN begins with the autoencoder component. We initialize the
model with normalized input vectors corresponding to the feature dimensions of the
dataset. This autoencoder progresses through several dense layers, ultimately reducing the
feature space to a 256-dimensional hidden layer that captures essential characteristics of
fashion images. Optimization is carried out using stochastic gradient descent (SGD) with a
learning rate of 0.1 and momentum of 0.9. ReLU activation is employed across all layers
to preserve non-linear processing capabilities. The training aims to minimize the mean
squared error across 100 epochs with a batch size of 256 to refine the network for accurate
feature extraction tailored to fashion item compatibility [22].

Subsequently, the model trains a GCN using the encoded 256-dimensional vectors. The
GCN is structured into layers with (256, 128, 64) hidden units each [48]. During this phase,
the learning rate is adjusted to 0.01, with no weight decay implemented to preserve delicate
feature representations. A dropout rate of 0.5 [49] and batch normalization are applied to
ensure generalization and training stability [50]. Over 300 epochs, the GCN learns to discern
intricate relationships between fashion items, enhancing product compatibility prediction
accuracy. The data split used for training, validation, and testing follows the proportions
of 80%, 10%, and 10%, respectively, as outlined in [24], to ensure a fair comparison with
established methodologies.
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4.4. Baseline Models

To properly evaluate the model, it is important to benchmark its performance against

classical approaches. We evaluate our model with the baseline methods offered by McAuley
etal. [24]:

Category Tree (CT): This method directly utilizes Amazon’s intricate category tree,
exploiting the structured hierarchies inherent in the platform’s product categories.
The CT approach acts as a benchmark to gauge the upper-performance limit of an
image-based classification model, particularly in its ability to discern category-specific
distinctions.

Weighted Nearest Neighbor (WNN): The WNN method applies a classification paradigm
that utilizes weighted distances between data points. This approach emphasizes the
importance of each neighbor’s contribution to the classification decision, enhancing
prediction accuracy.

Compatibility Metric on CNN-Extracted Features (McAuley et al.): This technique, origi-
nally described by McAuley et al. [24], focuses on visual compatibility prediction. It
is based on a compatibility metric that utilizes features extracted from CNNs. This
metric, reliant on the distance within the feature embedding space, offers insights into
the compatibility between product pairs.

Employing these baselines allows us to critically assess the relative performance of

our proposed model, with a specific focus on its efficiency and reliability in a real-world
application scenario.

4.5. Model Evaluation Matrices

The performance of the VAGCN model is rigorously evaluated using a comprehensive

suite of metrics designed to reflect both accuracy and practical applicability in real-world
e-commerce scenarios. Detailed evaluations include:

Loss Analysis: To track the model’s performance during training and validation, we
use a cross-entropy loss function, as defined in [51]. The loss function is expressed as:

R
Lly.9) =+

\Mz

[—yilog(o (7)) — (1 —yi) log(1 — o (9:))] 7)

i=1

where y; represents the actual label, and §; is the predicted value before applying
the sigmoid function, o (§;) = ﬁ, which converts it into a probability. The first
term, —y;log(c(7;)), penalizes the model when the true label is 1, and the prediction
is incorrect (i.e., J; is close to 0). The second term, —(1 — y;) log(1 — o (7;) ), penalizes
the model when the true label is 0, and the prediction incorrectly suggests a positive
outcome (i.e., 7; is close to 1). By summing these penalties across all N samples, the
function provides a measure of how well the model’s predictions match the actual
labels. This balanced approach ensures the model learns effectively, helping prevent
overfitting and improving its ability to generalize to new data.

Accuracy Measurement: Accuracy metrics quantify the model’s ability to align predic-
tions with actual labels. This is calculated as:

N
Accuracy = % Y 1(round(c(9;)) = vi) (8)
i=1

where the round function maps the sigmoid output to the nearest integer.

Area under the ROC Curve (AUC) Evaluation: We compute the area under the Receiver
Operating Characteristic Curve (AUC-ROC) to assess the model’s ability to distin-
guish between compatible and incompatible item pairs, which is indicative of model
performance [52]. The AUC is calculated as:
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where ¢ is the threshold for classifying predicted probabilities as positive or negative.
*  Neighborhood-Based Evaluation: In the fashion industry, understanding outfit compati-
bility extends beyond analyzing individual items. Insights from neighboring nodes
can provide a comprehensive view, particularly when integrating the visual attributes
of multiple nodes. In our model, the k-neighborhood of a node i in the relational graph
is defined by the set of k nodes accessible through a layered traversal method akin to
‘breadth-first-search’. During the testing phase, each dataset encompasses the primary
items and their associated K-neighborhoods. This allows for systematically evaluating
our model’s performance as the value of k is varied. For k = 1, the model focuses
on the features directly linked to the outfit's node. However, as k increases, the item
embeddings begin to utilize knowledge from a wider array of neighboring nodes. This
expanded neighborhood evaluation method is employed explicitly during the testing
phase. Detailed results for varying k values are presented in subsequent sections.

5. Results & Discussion
5.1. VAGCN Performance and Comparisons

In our comprehensive evaluation, we compared the performance of the VAGCN
model to baseline methods using several key e-commerce interaction metrics, including
also_viewed, also_bought, and bought_together. This comparative analysis was conducted
across diverse product categories: men, women, boys, girls, and babies. Our results, as
detailed in Table 3, show that the VAGCN model not only meets but consistently exceeds
the performance of established benchmarks like the Category Tree (CT), Weighted Nearest
Neighbor (WNN), and the methodologies developed by McAuley et al. For instance, in
the men’s category, the VAGCN achieves an accuracy of 97.1%, notably surpassing the
91.6% recorded by McAuley et al., which amounts to a substantial improvement of 5.5%.
This advancement underscores VAGCN's superior capability in integrating complex visual
data into the graph-based learning framework, which is essential for accurately predicting
visual compatibility in fashion items.

Table 3. Accuracy of VAGCN and baseline models across top-level categories for also_viewed,
also_bought, and bought_together interactions, detailing performance at neighborhood settings
k = 10. The bold indicates the best accuracy in each category.

Category Method Also_Viewed Also_Bought Bought_Together
CT 88.2% 78.4% 83.6%
Men WNN 86.9% 78.4% 82.3%
McAuley et al. k = 10 91.6% 89.8% 92.1%
VAGCN k = 10 (Ours) 97.1% 95.9% 94.4%
CT 86.8% 79.1% 84.3%
Women WNN 78.8% 76.1% 80.0%
McAuley et al. k =10 88.9% 87.8% 91.5%
VAGCN k = 10 (Ours) 96.7% 93.9% 94.9%
CT 81.9% 77.3% 83.1%
Bovs WNN 85.0% 87.2% 87.9%
y McAuley et al. k = 10 94.4% 94.1% 93.8%
VAGCN k = 10 (Ours) 96.1% 96.0% 94.5%
CT 83.0% 76.2% 78.7%
Girls WNN 83.3% 86.0% 84.8%
McAuley et al. k = 10 94.5% 93.6% 93.0%

VAGCN k = 10 (Ours) 96.8% 95.8% 93.9%
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Table 3. Cont.

Category Method Also_Viewed Also_Bought Bought_Together
CT 77.1% 70.5% 80.1%
Baby WNN 83.0% 87.7% 81.7%
McAuley et al. k =10 92.2% 92.7% 91.5%
VAGCN k = 10 (Ours) 96.7% 95.1% 92.9%

Similarly, the VAGCN model also excels in the also_bought and bought_together
interactions, demonstrating its robustness across different types of e-commerce interactions.
For the also_bought interaction in the women’s segment, VAGCN records an accuracy of
93.9%, a significant gain of 6.1 percentage points over McAuley et al.’s 87.8%. In the Boys
category, VAGCN further illustrates its effectiveness with an accuracy of 96.0% for the same
interaction type, outperforming McAuley et al.’s 94.1%. These results highlight VAGCN'’s
ability to capture and utilize complex relational and visual data effectively, facilitating
precise compatibility predictions across a broad spectrum of products. This performance
not only showcases the technical strengths of the VAGCN framework but also its practical
utility in enhancing recommendation accuracy in the dynamic environment of fashion
e-commerce.

Furthermore, the Receiver Operating Characteristic (ROC) curves for the women’s
and men’s category interactions illustrate the model’s robust performance across different
k values (see Figure 3). For the women’s category, the area under the curve (AUC) for
also_viewed interactions improves from 0.98 at k = 1 to a perfect 1.00 at k = 10, indicating
near-perfect classifier performance at higher neighborhood settings. Similarly, for the
men’s category, the AUC for also_viewed interactions begins at 0.98 at k = 1 and reaches
0.99 by k = 10. Comparable trends are observed in the AUC values for also_bought
and bought_together interactions across both categories, where the AUC values reach or
closely approach 1.00, underscoring the exceptional discriminatory ability of the model to
accurately classify compatible and incompatible item pairs with minimal false positive rates.
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Figure 3. ROC Curves for the Women’s and Men's category interactions across different k values,
showing the AUC metrics.
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5.2. Loss Analysis

The evaluation of performance metrics obtained from our training sessions with
the VAGCN underscores its efficacy, especially when applied to the women’s and men’s
datasets. As depicted in Figure 4, the training loss has a tendency towards approaching
zero, which indicates the model’s high level of accuracy in accurately fitting the dataset.
The validation loss exhibits a consistent decrease and then reaches a stable point at a low
level, highlighting the model’s capacity to effectively adapt to new data, which is essential
for practical implementation.
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Figure 4. Training and Validation Loss Trends for the VAGCN, demonstrating effective error mini-
mization and consistent performance throughout the training process.

In addition, the accuracy metrics observed during these sessions were highly promis-
ing. Training accuracy consistently increased, peaking at around 95%, while the validation
accuracy recorded significant gains, reaching up to 85% (see Figure 4). These measures
demonstrate that the model is accurately capturing the patterns in the dataset without
overfitting. The model’s durability and capability to generate accurate predictions are
highlighted by its ability to achieve high accuracy and low loss during both the training
and validation phases.

5.3. Impact of Neighborhood Size

Evaluating the VAGCN across varying neighborhood sizes (k-values) provided sig-
nificant insights into its performance, specifically regarding its predictive capabilities in
the men’s and women’s categories. The results, as depicted in Figure 5, reveal a marked
improvement in test accuracy as the neighborhood size increases from k = 1 to k = 20. After
reaching this stage, the accuracy stabilizes, remaining at approximately 95% for both cate-
gories. This observation suggests an optimal k-value threshold, beyond which additional
neighboring nodes contribute minimally to further accuracy gains, thus highlighting an
efficiency frontier for computational resources versus predictive performance.
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Women's - Test Accuracy vs. k Values Men's - Test Accuracy vs. k Values
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Figure 5. Test Accuracy versus Neighborhood Size (k-values) for Men’s and Women’s Categories,
indicating accuracy stabilization beyond k = 20 for various interaction types.

This analysis validates the effectiveness of a neighborhood-based evaluation strategy,
where extending the node context to an optimal point significantly enhances the model’s
predictive accuracy. It is essential to determine the best k-value for refining the VAGCN
model in real applications. This will ensure that contextual data is used optimally for
correct compatibility assessments while avoiding unnecessary computing costs.

5.4. Parameter Evaluations

Our performance analysis of two distinct GCN configurations, illustrated through
training loss and accuracy plots in Figure 6, reveals significant differences. The GCN
with decreasing layer sizes (256, 128, 64) demonstrates a more stable reduction in training
loss from the outset, avoiding the initial spikes in loss observed in the uniform GCN
configuration (256 x 3). This stability is essential for consistent learning across epochs. The
architecture, which decreases the number of features from 256 to 64 in each layer, effectively
combines features from nearby nodes. This configuration aligns with insights from the
VAGCN study, highlighting the benefits of careful feature scaling and neighborhood sizing
in enhancing model performance while minimizing computational overhead.
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Figure 6. Training loss and accuracy comparison between the GCN configurations (256, 128, 64) and Uni-
form GCN (256 x 3), showcasing the superior stability and efficiency of the decreasing layer size model.
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Further parameter evaluation focused on learning rates, which demonstrated a significant
advantage when using a rate of 0.01. As shown in Figure 7, this learning rate effectively
and quickly reduces loss, stabilizing at an optimal level that leads to the highest accuracies
observed across all tested datasets. After an initial rapid decline, the rate stabilizes, ensuring
consistent and excellent performance while avoiding the overfitting of the model. This finding
indicates that a higher learning rate effectively navigates the model’s complex loss surface,
efficiently locating optimal solutions. Consequently, a learning rate of 0.01 accelerates the
initial phases of model training and improves long-term generalization capabilities.
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Figure 7. Performance comparison of different learning rates, indicating how a 0.01 learning rate
achieves an optimal balance between rapid convergence and robust generalization.

5.5. Visualization of Compatibility Score

In our study, we employ graph visualization to analyze the link prediction task on a
dataset composed of women'’s fashion items, as shown in Figure 8; visual representation
serves as a powerful tool to discern how different items are predicted to be compatible
or incompatible based on their visual attributes. In the graph, each edge connects a
pair of items, with the edge weight reflecting the predicted compatibility score. This
methodological approach facilitates the identification of potential patterns and relationships
within the dataset, thereby offering insights into how various attributes—such as color,
style, and texture—play a role in compatibility predictions.
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Figure 8. Visualization of link predictions in a women’s fashion test dataset, illustrating compatibility
scores between item pairs. The scores are normalized between 0 and 1, where values closer to 1
indicate high compatibility and values closer to 0 denote low compatibility.
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This visualization underscores the model’s ability to identify and quantify aesthetic
relationships between diverse fashion items and enhances our understanding of the ele-
ments contributing to successful outfit combinations. Through this analysis, we can better
appreciate how the model leverages visual attributes to facilitate robust and intuitive
compatibility assessments.

6. Conclusions

In conclusion, our model has demonstrated its importance as a key innovation in
fashion e-commerce by addressing the complex challenge of predicting item compatibility
through visual feature analysis. The VAGCN framework has successfully converted high-
dimensional CNN features into actionable insights by utilizing GCN with deep-stacked
autoencoders, thereby improving the precision of compatibility predictions across various
fashion categories. However, while the VAGCN model demonstrates significant improve-
ments, it has certain limitations. Specifically, it may face challenges in extremely sparse
or cold-start scenarios where relational data is limited. Additionally, the compression of
high-dimensional visual features could result in the loss of fine-grained details, potentially
affecting recommendation accuracy in some cases.

Looking forward, we see immense potential in combining GCNs with advanced
techniques in representation learning or feature transformation, which can further refine
the model’s ability to capture and utilize high-dimensional visual data. Future work
could also focus on integrating multi-modal learning or incorporating textual descriptions
alongside visual features to enrich item representations. This combination could lead to
more personalized and visually cohesive recommendations, paving the way for the next
generation of intelligent, visually aware recommendation systems.
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