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Abstract

In this paper we analyze the problem of intelligent product matching in digital marketplaces for which
one requires evaluation of similarity of various records that describe products but may differ in format,
content or volume of multimodal data. The subject area of this scientific research represents an intersection
of entity resolution (ER) problem solving methods: record matching and multimodal data analysis. It
is of extreme relevance in a fast-growing platform economy with the e-commerce market expanding
exponentially. The main purpose of this research is to develop and test an intelligent multimodal model
based on transformer architecture to improve the accuracy and robustness of product matching in digital
marketplaces. The authors developed a model integrating textual, visual and tabular attributes which
enables us to identify similar products, find competitive offers, detect duplicates and perform product
clustering and segmentation in a more effective manner. The proposed approach is based on the self-
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attention mechanism which enables contextual-semantic relations modeling of various-nature data. In
order to extract the vector representation of text descriptions, language models are applied, in particular
the Sentence-BERT architecture; for the graphical component Vision Transformer is used; and tabular
data are processed using specialized learning mechanisms based on TabTransformer structured data. The
experiment we carried out demonstrated that the developed multimodal model efficiently solves the task
of product matching in digital marketplaces in an environment of significant variability of product items
and data heterogeneity. Additionally, the results suggest that the model can be adapted successfully for
application in other product categories. The results obtained confirm the efficiency and expediency to
apply the multimodal approach for digital marketplace product matching implementation. This allows the
e-commerce market participants to significantly improve the quality of inventory management, increase

pricing efficiency and strengthen their competitive advantages.
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Introduction

he rapid development of the platform econ-

omy in recent decades has been driven by

the emergence and widespread adoption of
digital platforms serving as intermediaries between
buyers and sellers. Marketplaces as digital platforms
enable sellers to access a broad audience, while pro-
viding buyers with convenient services for searching
and comparing product offers from various sellers. At
the same time, managing product data and matching
have become a complex scientific challenge the res-
olution of which inextricably affects both the direct
and indirect economic performance indicators of all
participants in e-commerce platforms. Direct indica-
tors include factors influencing the choice of pricing
model, while indirect indicators involve such aspects
as the effectiveness of product promotion, accuracy
of recommendations and consumer satisfaction. It is
also evident that these direct and indirect indicators

are causally linked. The relevance of this research is
determined by the growing volume of e-commerce
markets and expanding assortment of goods on digi-
tal platforms, which create a need for more advanced
mathematical and instrumental methods in econom-
ics capable of automated and even intelligent and reli-
able product matching within a large flow of hetero-
geneous information in digital marketplaces.

From a scientific point of view, the issue of prod-
uct matching (identification of product records) is
closely related to the task of entity resolution (herein-
after referred to as ‘ER’), which is a process of align-
ing entities while accounting for potential duplicates.
However, in the context of marketplaces, this prob-
lem is extended by the use of multimodal data in the
product description. Indeed, product descriptions in
marketplaces generally include not only textual infor-
mation but also images and characteristics presented
in a tabular form.



Below is a brief review of reference literature
divided into two logical sections: personalization with
regard to the specifics of e-commerce, and ER in the
context of algorithmic approaches to matching.

A number of studies representing the scien-
tific foundation of this research focus on analyzing
user behavior, developing recommendation systems
and evaluating the features of product categories in
e-commerce (H. Angermann, M. Mao, F.-T. Abdul
Hussien, A. Fletcher, P. Ristoski, M. Cheung, et al.).
Most researchers emphasize the importance of an
integrated approach application to process the tex-
tual descriptions, images and metadata in order to
improve recommendation accuracy and detect hidden
relationships within large datasets (big data). Analysis
of these studies in the context of matching highlights
the need to apply multimodal data processing tech-
nologies to accurately match not only product titles
and characteristics but also their visual attributes.

Another line of research within the subject area
of this study involves classical tasks such as dupli-
cate record detection, entity matching and the devel-
opment of algorithms for accurate data integration
(W.W. Cohen, S.S. Aanen, J. Devlin, A.K. Elmagar-
mid, N. Reimers, J. Wang, H. Kopcke, et al.). The
works of these authors examine various similarity met-
rics, including Levenshtein distance and its analogs,
language models and case-based learning methods
enabling the construction of patterns for identification
of potential matches. Additionally, the issue of scala-
bility of solutions is often raised, from the development
of batch-processing software to high-load systems pro-
cessing dynamic data streams in real time. The rapid
advancement of deep learning architectures, particu-
larly those based on transformers caused a shift from
automated feature search to intelligent methods detect-
ing complex patterns. These approaches are especially
relevant for digital marketplaces, where the prompt-
ness and reliability of processing large-scale data with
various economic properties, including price dynamics
represent crucial factors.

Thus, the existing research confirms the impor-
tance of applying advanced economic and mathemat-
ical methods in the development of product match-
ing systems in marketplaces based on multimodal
data processing. However, several questions remain
open in the reviewed literature: how to optimally
combine features, which approaches are most effec-
tive for analyzing multimodal data, and how to adapt
the developed models to the new products and data
sources. This study proposes a multimodal model
based on a transformer architecture that can process
data from various sources and enables the sequen-
tial and efficient integration of different modalities
through an attention mechanism and multi-level
representations for more accurate product matching.
The approach proposed contributes to the mathemat-
ical and instrumental methods in economics aimed
at building robust systems for big data analysis, while
also supporting scalability and accommodating the
high dynamism of e-commerce platforms. The scien-
tific contribution of this paper includes the develop-
ment and validation of an approach that allows for
the simultaneous integration of textual, visual and
tabular data within a unified modular system based
on a transformer architecture.

The aim of this study is to develop and validate
such a model that ensures high accuracy and robust-
ness in product matching across large datasets of
product listings, which are typically found in modern
digital marketplaces.

The article is divided into four sections. The first
section is devoted to the potential and applicabil-
ity of product matching on digital marketplaces.
The second section analyzes the existing approaches
and formulates the product matching task for digital
marketplaces. The third section presents the devel-
opment of a multimodal product matching model for
digital marketplaces (MMMP). The fourth section
discusses the application of the model for evaluating
product similarity in the Wildberries digital market-
place.



1. Potential and applicability
of product matching
in digital marketplaces

Product matching refers to the process of align-
ing (linking) products to determine which items are
identical or essentially similar, ensuring that the same
product is correctly recognized even if it appears under
different titles, descriptions, or identifiers. For exam-
ple, when equivalent models of a smartphone from the
same brand are offered by different sellers in market-
places, their specifications, images and even the nam-
ing format may vary significantly.

Product matching is a fundamental component
widely used in various modern digital ecosystems,
including marketplaces, classified ad platforms,
e-commerce services and other online platforms.
From the buyer’s perspective, product matching sig-
nificantly enhances the shopping experience by ena-
bling quick and easy comparison of similar product
offerings from different sellers [1]. For example, by
implementing a product matching system that consoli-
dates similar listings into a unified and well-structured
collection of comparable offers, buyers can be spared
the need to look through numerous variations within
the same product category. Such a system would pro-
tect buyers from encountering duplicate or mislead-
ing offers that often make product selection a confus-
ing and time-consuming task. Instead, buyers would
be able to quickly compare prices, reviews, and seller
ratings, which ultimately improves search relevance,
enhances overall shopping satisfaction and supports
more informed and rational decision-making. More-
over, product matching can also be used to generate
personalized recommendations based on the analysis
of consumer behavior [2], preferences and past pur-
chases, helping to discover the most suitable products,
increasing commitment and enhancing the overall
value of the platform.

From the seller’s perspective, product matching
helps analyze competitive offers [3], enabling them

to adjust and develop their pricing strategies based on
real-time market trends [4]. Digital marketplaces accu-
mulate vast amounts of product data; however, without
proper processing and structural organization, much
of this information remains fragmented, inconsistent
and difficult to analyze effectively. For instance, many
sellers list the same product on platforms with slight
variations in the name, images, description, or charac-
teristics. Without product matching, sellers are forced
to manually track and compare thousands of listings,
which is a highly time-consuming and costly process
prone to errors. Automated identification and linking
of similar products make it possible to consolidate scat-
tered information into a unified coherent data reposi-
tory which becomes a valuable source for further analy-
sis and decision-making based on the current market
environment. Possessing such a data source enables the
application of algorithmic pricing models that rely on
market assessments, as they allow for real-time moni-
toring of competitor prices and market demand fluctua-
tions. This opens the door to dynamic pricing strategies.
As a result, sellers can adapt their offerings in real time
according to consumer behavior and the existing mar-
ket environment, ensuring that product prices remain
competitive and attractive to buyers without affecting
margins. Such flexibility enables the identification of
emerging trends and allows for proactive responses to
seasonal fluctuations, promotional activities and eco-
nomic shifts, ultimately contributing to long-term and
sustainable development in the highly competitive digi-
tal platform market. Product matching also plays a cru-
cial role in advertising and marketing campaigns. One
of its main advantages in this context is the ability to
optimize advertising costs. By correctly identifying sim-
ilar products offered by other sellers, unnecessary com-
petition can be avoided, helping to eliminate wasted
expenditures and redirect the budget toward more
profitable niches. In addition to advertising, product
matching also enhances cross-selling opportunities. By
intelligently linking complementary, frequently pur-
chased, or otherwise related items, sellers can create
more attractive offers for consumers.



Another important application of product match-
ing algorithms lies in their role in fighting fraud and
detecting counterfeit goods, thereby assisting platform
operators in maintaining trust, safety and the integ-
rity of ecosystems [5]. With the rapid development and
growing influence of e-commerce platforms on public
life, incidents involving fraudulent listings, counterfeit
items, and deliberately misleading products are becom-
ing increasingly common, posing a serious challenge to
the industry. Such illicit activities not only harm end
consumers but also undermine overall trust in digital
platforms and the business of law-abiding sellers [6].
The need for counterfeit detection is especially crucial
in many product categories, such as electronics, phar-
maceuticals and cosmetics. In these segments, coun-
terfeit goods can pose not only financial risks but also
direct threats to consumer health and safety. In this
context, product matching algorithms serve as a vital
tool for preventing the appearance of listings and offers
from unauthorized resellers or the sale of low-quality
counterfeit products disguised as reputable brands.

Based on the above, it is reasonable to conclude that
the potential and capabilities of product matching go
well beyond the scope of a simple tool for solving a
single task. It can be stated that product matching is
a fundamental technology that enables the optimiza-
tion of various business processes, supports fraud pre-
vention and enhances the efficiency of pricing strate-
gies which ultimately contributes to the creation of a
more transparent and user-friendly ecosystem for all
the participants in the e-commerce market, including
both consumers and sellers.

2. Analysis of existing approaches
and formulation of product matching
problem in marketplaces

2.1. Product matching based
on attribute value similarity
and set-theoretic methods

Product attribute matching based on value sim-
ilarity can be referred to fundamental matching

approaches relying on comparison of textual and
numerical fields across various characteristics to
determine how closely they align [7]. Textual attrib-
utes are typically assessed using metrics such as Lev-
enshtein distance, Jaro-Winkler distance or TF-IDF
(Term Frequency — Inverse Document Frequency),
which allows for determination of how similar two
text fragments are while accounting for differ-
ences in spelling [8]. Numerical attributes (e.g.,
price, weight, dimensions, etc.) are usually evalu-
ated by calculating absolute or relative deviations.
Once individual similarity metrics are created and
computed for each attribute, they are aggregated
(commonly through a weighted sum) to produce
an overall similarity evaluation between products
being compared. If the indicator obtained exceeds
a predefined threshold, the products are considered
similar. Additionally, in the set-theoretic approach
each product listing is designed as a set of atomic
elements (of features, n-grams, tokens, etc.). Simi-
larity between items is determined using classical
metrics such as the Jaccard, Serensen—Dice, or the
Simkovich—Simpson index. Due to the computa-
tional simplicity, this approach provides high speed
and easy scalability. However, it ignores word order
and context, which significantly limits its accuracy.
Key advantages of this approach include its relative
simplicity, transparency and ease of implementa-
tion. However, its main limitations lie in handling
large and diverse product categories, dealing with
low-quality or noisy data and its severely restricted
ability to capture semantic meaning.

2.2. Product matching based
on a rule-based expert system

A natural extension of the attribute value compari-
son approach is the development of rule-based sys-
tems [9, 10]. Rule-based product matching is built
using expert-defined logical constructs that describe
the functioning of a specific domain and help deter-
mine the degree of similarity between products being



assessed. Each rule typically evaluates a subset of well-
defined attributes and applies simple logical condi-
tions or threshold values (e.g., “If the brand name is
identical and the Levenshtein distance between model
names is less than two, then the two products can be
considered similar”). Since this approach relies on
system of rules directly encoding the expert knowl-
edge, it is generally quick and easy to understand.
However, when applied to broad and complex prod-
uct categories, the rule system can become cumber-
some and difficult to maintain. It also requires con-
stant manual updates and enhancement. Moreover,
because each rule must be determined manually by
domain experts, the system is prone to human error
and ultimately turns out to be insufficiently adaptive
and excessively overloaded.

2.3. Product matching
based on taxonomies
and ontologies

These methods rely on in-depth contextual and
semantic analysis of domain-specific information
and use structured representations to map relation-
ships between products and their attributes in the
form of a knowledge graph [11, 12]. These relation-
ships can indicate shared characteristics (e.g., belong-
ing to a certain brand or product family), hierarchi-
cal inheritance or descriptive associations. Modeling
data through a dependency graph allows for deeper
exploration of available information by incorporat-
ing context, internal relationships between entities
and hidden patterns. Instead of relying solely on
pairwise attribute comparison, this approach ena-
bles the identification of complex dependencies, the
use of intricate logical relationships and the evalua-
tion of structural features in aggregate. Additionally,
the constructed ontologies and taxonomies can make
a significant contribution to the standardization or
alignment of fragmented information, which is par-
ticularly important when integrating data from mul-
tiple sources [13]. Key advantages of this approach

include its holistic perspective, which enables the dis-
covery of clusters and related components of equiv-
alent products by analyzing entire subgraphs some-
times revealing matches missed by simpler methods.
However, building and maintaining a comprehensive
knowledge graph as a rule represents a labor-inten-
sive and resource-demanding process that requires
regular updates as a product assortment expands or
new data sources emerge. Furthermore, incomplete
or inconsistent taxonomies and ontologies can dra-
matically affect matching accuracy, which potentially
negates the benefits of this approach.

2.4. Product matching
based on machine learning

Machine learning and deep neural network
approaches treat the product matching as an objec-
tive functional optimization task [14, 15]. In this
formulation, a pre-trained model evaluates a set
of product attributes and determines whether they
correspond to an equivalent item. Classical machine
learning methods begin with choice and engineer-
ing a feature collection to construct a representa-
tive description of a product. These engineered fea-
tures are then passed into a binary classifier (such
as logistic regression, random forest or support vec-
tor machines (SVM), etc.) which is trained to dis-
tinguish similar products based on dependencies in
the original attribute space. Application of these
methods requires a labeled dataset with indication
of target class labels, enabling the model to learn
how similarities and differences in features affect
the probability of a match. While classical machine
learning methods can achieve high predictive accu-
racy, they rely on labels, strong domain expertise
and meticulous engineering of initial attributes,
which necessitate ongoing adaptation in case of
changes in data or their distribution. Deep learn-
ing methods significantly reduce or even eliminate
the need for costs related to manual feature engi-
neering by automatically learning patterns from raw



data. Common base models include recurrent neu-
ral networks (RNNs), long short-term memory net-
works (LSTMs) and convolutional neural networks
(CNNs). These models process the input attributes
to generate embedding representing characteristic
vector which is then used to assess product similar-
ity. Key advantages of deep learning models include
their ability to more accurately handle noisy or het-
erogeneous data, absence of need for manual fea-
ture engineering, and greater robustness when pro-
cessing previously unknown inputs. However, they
also face challenges in capturing and interpreting
semantic meaning and still require availability of
labeled data.

2.5. Formulation of the task
for product matching
in marketplaces

Based on the analysis and the operational specif-
ics of digital marketplaces, it becomes clear that typi-
cal challenges in product matching include: ambigu-
ous descriptions and the use of marketing terms, data
duplication and missing information, multi-format
inputs (text descriptions, images, tabular attrib-
utes) and varying levels of details. All these factors
increase the risk of incorrect matches or, conversely,
missed potential matches. Therefore, it is necessary
to develop a multimodal model capable of processing
both the visual component and product characteris-
tics while accounting for their semantic meaning. This
task formulation reflects the heterogeneous nature of
the data and the high variability of the digital environ-
ment. Relying solely on attributes is often insufficient
and can result in matching errors, especially when key
product differences are visible in images. In a simi-
lar manner, images alone can be ambiguous or appear
almost identical. Thus, by integrating these compo-
nents into a single system, the model will be able to
perform product matching more effectively and com-
prehensively.

3. Multimodal product
matching model
for marketplaces (MMMP)

Let there be a set of product information cards
Q=1{p, p,, p; -, p,} containing information about
each product. The task is to design a model ¥ (1) that
maps the set £ into a space R? such that the resulting
vector representation enables the assessment of simi-
larity between any pair of products from £2 according
to (2), where S is a similarity measure:

Wp) = (X, X, X;, ..., X,); P, €82, (1)

S:R'xR'— [0, 1]. 2)

Since the model must process multiple modalities,
its conceptual representation can be decomposed into
component parts as shown in (3):

ll/(p’) = Concat (lpﬁile(pi)’ ¢image(pi)’ lpmemdata(pi)); pi € Q’ (3)

where ¢, encodes the product name into a vector rep-
resentation;

. encodes the product image into a vector repre-
image
sentation;

¥, wiwe €NCOdes the product attributes into a vector

representation.

Since it is necessary to account for context and
semantic meaning, this paper proposes using the trans-
former architecture introduced in [16] as the founda-
tion. It is known that this architecture can represent
textual data in vector form and, due to its attention
mechanism combined with deep neural networks, it
effectively captures semantic and contextual features
[17]. Unlike traditional embedding generation models
such as Word2Vec [18] and GloVe [19], which assign
a fixed vector to each word, the transformer generates
dynamic, context-dependent embeddings. This means
that the same word can have different representations
depending on the context in which it appears in a sen-
tence. Given that this paper focuses on vector repre-



sentation, only the encoder block of the transformer is
relevant. The encoder architecture consists of three key
components: a multi-head self-attention mechanism,
a residual connection and normalization layer and a
feedforward neural network. Let us examine the main
transformations involved.

Let there be a set of input tokens 7= {7, 7,, 1,, ...,  },
each of which is associated with its own embedding as
defined in (4):

Embed: 7, — e, e R, 4)

where d

model

corresponds to the dimensionality of the
model’s embeddings.

To account for the order of elements, positional
encoding of the form (35, 6) is used:

. . oS
PE(pOS,2l):SIH(1()OOIZ)mj, (5)
) 0S
PE(Pos,Zl + 1) = COS(I()O()]:)—ZWW} (6)

where pos is the position in sequence;

i is the dimensionality.

Then, the input to the first encoder block is given
by (7):

X= (e1 +pe,e, +pe,,....e + pen)e]R"Xd’""df’. (7)

Each encoder block contains an attention mecha-
nism component that uses query (Q), key (K) and value
(V) matrices, which are defined as follows in (8):

Q=XW?2 K=XWKV=xw"
W WE W e R (8)

where WP, WX and WY are the trainable parameters of
the model;

d, is typically defined as the ratio of d, , to the number

model

of attention heads.

The attention-based importance score is computed
according to (9):

i

The transformer architecture uses multiple attention

T
Attention(Q, K,V )= softmax{QK jV. )

heads, which are concatenated as shown in (10) and (11):

head, = Attention (Q, K, V), (10)

MultiHead(X) =

= Concat (head,, head,, head,, ... head )W°,  (11)

where the matrix W7 is also a trainable parameter of
the model.

An important component of the transformer archi-
tecture is the residual connection [20] and normaliza-
tion layer [21], applied after the attention mechanism
as shown in (12):

X, = LayerNorm (X + MultiHead(X)).  (12)
Each encoder block also includes a feedforward neu-
ral network, typically in the form of a two-layer MLP
(13) with a nonlinearity such as ReLU (or GeLU):
FFN(X ) = max(0, X

attn I/Vl—}_bl)I/VZ-i_bz’ (13)
after which, the residual connection and normali-
zation layer is applied again. The output from one
encoder block is then transferred sequentially through
N similar encoder blocks, producing the final output. A
conceptual representation of the encoder architecture

is shown in Fig. 1.

The task of determining the similarity between prod-
uct titles requires a reliable representation of sentence
semantics that allows for effective and accurate com-
parison of textual content. Traditional transformer-
based models, such as BERT (Bidirectional Encoder
Representations from Transformers) [22], have dem-
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e Embed

onstrated significant success across a wide range of nat-
ural language processing (NLP) tasks. However, BERT
is optimized for token-level tasks and does not gener-
ate fixed-size, holistic sentence-level embeddings. To
overcome this limitation, Sentence-BERT [23] is pro-
posed, which is specifically designed to generate sen-
tence-level embeddings and employs a Siamese neural
network architecture. Unlike BERT, which processes
each pair independently, Sentence-BERT encodes
input into a dense fixed-size vector enabling efficient
computation of cosine similarity between sentences
in vector space. Moreover, Sentence-BERT can learn
using contrastive loss functions of the form (14), which
explicitly optimize the model for identifying semantic
similarity between sentences rather than just capturing
contextual token-level relationships:

L=0-y)||fe)-fG) +

+y max(0,m [ £ () - £ ), (14)

where x, and x,are a pair of items;

Y, is a binary label that takes the value 0 if the objects
are similar, and 1 if they are different;

m defines the margin that separates the items.

Based on the above and in line with the stated task,
this study proposes using Sentence-BERT to generate

Multi-Head
Attention

Add Add
& —> FFN _— & ——
Norm Norm

__________________________________

high-quality sentence embeddings that enable effective
assessment of similarity on the basis of semantic rela-
tionships between product titles presented in textual
form. In this way, we obtain a robust implementation
of the ¢
dings, we apply cosine similarity as the similarity met-
ric (15):

... component. Using the generated embed-

Sim(e;, ) (15)

_a
el

To define the visual component of the model D iage
it is important to consider that digital platforms host
alarge variety of products with significant differences
in image quality, angle, lighting, shadows, and the
positioning of elements. These factors collectively
render traditional similarity assessment methods
insufficiently effective. It is known that traditional
convolutional neural networks, such as ResNet [24]
and EfficientNet [25] are widely used for image sim-
ilarity search. However, these models rely on local
convolutions and therefore have a fixed receptive
field, which can limit their ability to capture distant
or disjoint relationships between elements within
an image. In product matching, fine-grained rela-
tionships between elements such as logos, labels,
and shapes are crucial, and CNNs often struggle to
effectively process such dependencies. Furthermore,



CNNs tend to be highly sensitive to the aforemen-
tioned variations in images, which raises further
concerns about their suitability for solving the cur-
rent task. To address this issue, this study proposes
the use of the vision transformer (ViT) architecture,
as described in [26]. The vision transformer (ViT)
processes images as a sequence of patches and uses
an attention mechanism to capture both local and
global relationships within the image. Unlike CNNs,
which extract features in a hierarchical manner, the
vision transformer analyzes the entire image simul-
taneously, allowing it to dynamically focus on the
most relevant areas. This distinctive property makes
ViT particularly useful for assessing the similarity
of clothing items, electronics and consumer goods,
where differences in texture, brand placement, and
various distortions can significantly impact the final
similarity score. Another important advantage of the
vision transformer in the context of this task is its
high robustness to occlusions in images. For exam-
ple, ViT can correctly identify a product model even
if the brand logo is partially obscured or the image
is captured from a different angle, something tradi-
tional CNNs typically struggle with. It is also worth
noting that vision transformers offer strong poten-
tial for integrating image and its textual description
to compute semantic similarity between them [27].
This is especially valuable in product search scenar-
ios, where different textual attributes (such as title,
description, brand, model, etc.) and the correspond-
ing image can be associated to check compliance.

Based on the above, this study proposes defining
‘/)imuge as a multistage pipeline consisting of pretrain-
ing, fine-tuning and subsequent evaluation.

In the first stage, we perform initial training on
a large dataset to learn generalized representations
and extract fundamental features. Let f, denotes a
vision transformer (ViT) parameterized by 0 and let
there be a dataset containing images of all products
I={x,x,, x,, ..., x }. Using the self-supervised distil-
lation method DINO [28], we optimize according to

(16) and generate an initial embedding for each prod-
uct image as shown in (17):

0" =arg min Lg, (f,, ). (16)
0

eizf[Q‘(x,.)inel, (17)

In the second stage, we adapt the vision trans-
former. To do this, we use subsets of product images
obtained by dividing I into categories and price seg-
ments, and by performing fine-tuning according to
(18):

2
[ eo=7 ()], -

L =max >

S AR A

(18)

where x_ is the anchor object;
x, denotes the object similar to the anchor;

x, represents the object that is different from both x,
and X,

After completing the fine-tuning process, we use
(15) to evaluate the similarity between any pair of vec-
tor representations e, and e. The described pipeline
ensures high efficiency and accuracy of the ¢/,  com-

image

ponent.

When defining the third component of the model
¥, oudara 1L 18 important to consider that product char-
acteristics in digital
ous types of data, such as numerical variables (e.g.,
weight, volume, or dimensions) and categorical vari-
ables (e.g., configuration, color, or composition).
Traditional approaches often rely on multilayer per-

marketplaces include vari-

ceptrons (MLPs) or ensemble methods, which fre-
quently struggle to detect complex interactions in a
multitude of diverse features, in the absence of prior
feature engineering. Given the nature and specifics
of the domain, it is reasonable to assume that certain
features within the tabular representation of prod-
uct attributes may interact with each other in a non-
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Fig. 2. Architecture of the v

trivial way. These interactions are crucial for the task
at hand, as even minor differences (such as between
“cotton” and “poly-cotton” in composition) can
significantly impact the perceived identity of char-
acteristics. As previously discussed, the core of the
transformer architecture is the attention mechanism,
enabling detection of how the attributes are inter-
related. The context-dependent embeddings gener-
ated by the transformer form vector representations
that position similar elements close to each other in
the feature space, taking their interrelationships into
account. This enables more accurate differentiation
of similar products based on their available attributes.
Moreover, the attention mechanism effectively iden-
tifies feature interactions in an automated manner,
eliminating the need for domain experts and manual
feature engineering. In addition to its high flexibil-
ity with respect to input features, the transformer is
also effective at handling missing or distorted data,
which is a common issue on large e-commerce plat-
forms. Furthermore, several studies [29, 30] exploring
the application of transformers to tabular data have

\/

component.

metadata

shown that such architectures can outperform tradi-
tional approaches.

Based on the above, the ¢
model is defined using the concept of a tabular trans-
former. The architecture adapted for the task at hand,

component of the

metadata

as proposed in this study, is shown in Fig. 2. To evalu-
ate the similarity between any pair of products using
the tabular transformer, we apply (15).

The proposed tabular transformer architecture
effectively generates vector representations of prod-
uct attributes by applying context-dependent embed-
dings for categorical features, specialized processing
of numerical variables and an attention mechanism
to capture complex interactions. This is particularly
relevant in large-scale and heterogeneous catalogs,
which are typical of digital marketplaces.

After defining all components, the final similarity
measure is specified using a weighted scoring method
as shown in (19):



S(p,p,)=wSim(#,, (2)th,, (1)) +
W, S (8,0 (P) 1,0 (1)) +

. 19
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Here the weighting coefficients w,, w, and w, can be
flexibly adjusted to account for the characteristics and
specific requirements of the matching task.

4. MMMP application
for product similarity assessment
in Wildberries marketplace

As part of the experiment, a decision was made to
conduct a study on products listed on the Wildberries
platform. The primary focus is on the product cat-
egory “Smartphones,” which was chosen due to sev-
eral important factors. First, smartphones are com-
plex technical devices with a wide range of features,
including both numerical attributes (e.g., memory
size, battery capacity, etc.) and categorical attributes
(e.g., brand, operating system, etc.). This makes them
a suitable object for testing in heterogeneous features
environment. Second, the assortment of such devices
in marketplaces is quite extensive and diverse, allowing
the model operation to be examined on highly variable
data. Third, this category is one of the most popular
and in-demand in marketplaces, which adds prac-
tical significance to the results of the study. In com-
bination these factors provide an effective setting for
testing the model’s ability to assess product similarity.
Thus, selecting the “Smartphones” category enables
evaluation of the proposed model under real-world
conditions, offering sufficient complexity and diver-
sity to assess its performance. It follows that a success-
ful application of the model in this product group can
be extended to other categories, including technically
complex goods.

During the experiment, a dataset was collected con-
sisting of 12233 product listings. Each listing contains
information about a specific item available on the plat-

form and includes the following features: X1 — product
image, X2 — product title, X3 — color, X4 — model,
X5 — SIM card type, X6 — operating system, X7 —
operating system version, X8 — warranty period,
X9 — dust and water protection rating, X10 — dis-
play type, X11 — screen size, X12 — screen resolution,
X13 — screen refresh rate, X14 — screen protective
coating, X15 — internal storage capacity, X16 — RAM,
X17 — main camera, X18 — front camera, X19 — lens
features, X20 — built-in flash, X21 — battery capac-
ity, X22 — processor model, X23 — number of pro-
cessor cores, X24 — network standard, X25 — wireless
interfaces, X26 — satellite navigation, X27 — connec-
tor type, X28 — additional features, X29 — package
contents, X30 — product description, X31 — country
of manufacture, X32 — number of SIM cards, X33 —
product condition, X34 — processor clock speed,
X35 — product weight with packaging, X36 — service
life.

A sample of the collected data is shown in 7able 1.

Before using the collected data to train the model,
thorough preprocessing was carried out to ensure data
quality, consistency and suitability for further analy-
sis. These procedures included cleaning, duplicate
removal, handling of missing values, correction of
inconsistencies, normalization of numerical data and
tokenization of textual information. Additionally, out-
lier detection and removal were performed to minimize
the impact of anomalous values.

After training the model, similarity scores were
obtained for the products shown in Table 1, with the
results presented in Table 2. The effectiveness of the
proposed method was also evaluated by comparing it
with a naive baseline approach based on Jaccard index,
applied without prior tokenization.

The experimental part of the study confirmed the
effectiveness of the proposed approach. Specifically,
the data in Table 2 illustrate the example of similar-
ity scores calculated by the MMMP model for four
product listings (Product 1, Product 2, Product 3, and
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Table 1.
Sample of collected data
Product 1 Product 2 Product 3 Product 4
Image
Tite Apple iPhone 16 Pro Max | Apple iPhone 16 Pro Max | Galaxy S24 Ultra 512 GB | Xiaomi 14 12/256 GB 5G
Gold/Desert 512 GB White 1 TB Yellow White RST
Price 168 750 182 267 159 800 77 585
Model iPhone 16 Pro Max iPhone 16 Pro Max S24 Xiaomi 14
0S version i0S18 10S 18 Android 14 Android 14
Warranty period 1 year 1 year 1 year 1 year
. Super Retina XDR OLED | Super Retina XDR OLED .
Display type ProMotion Prolotion Dynamic AMOLED 2X LTPO AMOLED
Screen size 6.9” 6.9" 6.8 6.36"
Screen resolution 2868x1320 2868x1320 3120x1440 2670x1200
Internal storage capacity 512 GB 17TB 512 GB 256 GB
RAM 8 GB 8 GB 12 GB 12 GB
Wireless inferfaces Wi-Fi 7, NFC; Wi-Fi 7; NFC; Wi-Fi; NFG; Wi-Fi; IR-Port; NFC;
Bluetooth 5.3 Bluetooth 5.3 Bluetooth Bluetooth

Product matching in digital marketpla
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Table 2.

Product similarity assessment

Product 1 Product 2 Product 3 Product 4

MMMP 1 0.98657 0.877564 0.544109
Product 1

Jaccard 1 0.308 0.11 0.077

MMMP 0.98657 1 0.883621 0.549463
Product 2

Jaccard 0.308 1 0.10 0.11

MMMP 0.877564 0.883621 1 0.670598
Product 3

Jaccard 0.11 0.10 1 0.13

MMMP 0.544109 0.549463 0.670598 1
Product 4

Jaccard 0.077 0.1 0.13 1

Product 4). The highest similarity score (0.98657) is
observed between Product 1 and Product 2, indicat-
ing successful identification of nearly identical items
despite differences in descriptions and data modalities.
Simultaneously less similar items (such as Product 1
and Product 4) received significantly lower similarity
score (0.544109), demonstrating the model’s ability to
correctly distinguish between groups of products with
different sets of attributes and descriptions. Similar
results (0.549463 between Product 2 and Product 4,
and 0.670598 between Product 3 and Product 4) show
that the model is capable of recognizing even subtle
differences in product characteristics while also detect-
ing meaningful patterns in their descriptions. Thus,
the proposed approach reliably identifies both clear
and nuanced matches and avoids incorrect grouping of
products that are, in fact, different.

The results obtained confirm that the transformer-
based multimodal model is capable of effectively
solving the product matching task in the presence
of a wide variety of product listings and heterogene-
ous data sources. Accurate identification of product
records in marketplaces reduces the risk of duplica-
tion and analytical errors, positively impacting all
stages of economic activity within the digital plat-
form ecosystem. It also helps both sellers and buyers
to navigate the product assortment more accurately,
simplifying the decision-making process. Moreover,
the results obtained demonstrate the model’s correct
functioning in relation to the defined task making
possible its application in intelligent product match-

ing in marketplaces.



Conclusion

In the course of this study, the task of intelligent
product matching in digital marketplaces was pro-
posed and solved. This task requires comprehensive
analysis and processing of multimodal data, as well
as the application of modern instrumental methods
within the framework of an economic and math-
ematical model (MMMP). The first section of the
article highlighted the potential of product matching
in marketplaces as typical representatives of digital
platforms and demonstrated the relationship between
intelligent matching capabilities and key economic
performance indicators within the e-commerce mar-
ket. The second section analyzed existing approaches
to entity resolution (ER) and multimodal data anal-
ysis, revealing the core challenge of product record
matching in marketplaces: the fact that products
are described by different sellers with varying lev-
els of details and in different formats (text, images,
tabular attributes, etc.). The third section described
the detailed development process of the multimodal
product matching model (MMMP) whose core is
composed of transformer-based modules for process-
ing textual, visual, and tabular data. The proposed
architecture takes into account the flexibility of the
attention mechanism and is capable of self-learning
as product assortments expand and new unstructured
descriptions emerge with consideration of visual data
components. MMMP enables effective integration of
diverse input data modalities and captures complex
contextual relationships which are critical for accu-
rate determination of product similarity or dissimilar-
ity, considering pricing characteristics.

Finally, in the fourth section, the application of the
proposed model for assessing product similarity in the
Wildberries marketplace was demonstrated, where the
results confirmed the high accuracy and stability of the
MMMP operation.

Thus, the main conclusions of the article can be
summarized in an axiomatic form:

¢ the high relevance of multimodal analysis for product
matching tasks has been substantiated in the context
of the growing diversity of product listings in market-
places;

¢ the potential of transformer architectures for the
integrated processing of textual, visual and tabular
features has been established;

¢ the need for further adaptation of such models to
evolving market conditions has been identified;

¢ the MMMP model has been developed, which can
be used both in academic research of intelligent
product record identification in marketplaces and
for practical purposes by participants in the e-com-
merce market — where matching accuracy is cru-
cially important, for instance, in pricing, and thus
for establishing an equilibrium model of supply and
demand.

The results of this work demonstrate that a well-
designed deep learning architecture that integrates
multiple data modalities provides a significant
advantage over simpler and more narrowly focused
existing solutions. Moreover, the application of such
models contributes to enhancing the transparency
and effectiveness of analytical tools, which ulti-
mately helps strengthen the trust of sellers and more
importantly, the trust of buyers in a given market-
place as a whole.

Future research directions within the chosen sub-
ject area may include expanding the set of processed
modalities (e.g., incorporating video reviews or audio
information) and developing self-learning mecha-
nisms that allow the model to automatically recon-
figure itself in response to changes in data struc-
ture. Additionally, the continued development of
the MMMP model suggests the integration of active
learning methods (in real time), as this would enable
faster accumulation and processing of relevant exam-
ples to refine matching criteria, including in the envi-
ronment of marketplaces. m
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