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Abstract

In recent years, the e-commerce sector has experienced exponential growth as
more retailers and brands have opened online sites to reach a worldwide consumer
base. The rise in online marketplaces and comparison sites, where consumers
may evaluate and buy goods from different vendors or companies, is another
effect of the digital transformation. But this has also resulted in a proliferation
of sellers and products, making it challenging for buyers to identify the ideal
items and for vendors to connect with their intended clientele. Product matching
has emerged as a critical problem for efficient decision-making in the retail and
supply chain management sectors in response to these challenges. Purpose of the
product matching is to match identical or nearly same products across various
sources across, such as different e-commerce websites, based on features and their
attributes. It can help retailers to find in demand products and boost sales. On the
other hand, customers can take benefit from technologies by finding products they
needed, compare across different aggregators, and make decisions to purchase.
However, product matching is a challenging task. In most cases same products
have different names, descriptions and image cards. With its recent breakthroughs
in object detection and image categorization, deep learning has come a long way.
A convolutional neural network may identify identical products based on the
input picture and text, which might be a label or tag. In this work, three pre-
trained deep convolutional models: MobileNet-V2, VGG-19, and ResNet-50, are
implemented to find the most identical products based on text and image data.
The best model for similarity detection based on text and image has been found
using a variety of performance assessment techniques, including cosine similarity,
Levenshtein distance, and custom metric score. The study concludes that the
Mobilenet model is the best suitable model for handling these laborious tasks and

supporting the development of a digital strategy plan.
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Annarmoa

Kazipri kezze 3/1eKTPOHIBIK, KOMMEPIUs NHIYCTPUACHl SKCIIOHEHTTHAIIBI TYP/IE
OCiIl KaTKaHbIH/bI KOpill TypMbI3. udpibiK TpaHcdopMalius COHbIMEH KaTap
TYTBHIHYIIBLIAD OPTYPJii OU3HECTeH TayapJsap/ibl CaJbICTBIPBII, CATBHII aja aJa-
TBIH OHJIAMH cafiTTap CaHbIHBIH, apTybIHA OKeJIl. Byl cOHbIMEH KaTap CaTyIIbl-
Jlap MeH TayapJ/iap CaHBIHBIH apTybIHa oKeJill »KaTblp. Ochbl Moce el ey yImiH
TayapJiap/ibl coifkecTeH/Iipy Tiz0erin backapya KoHe OOJIIIeK cay/a cajajapbliH-
Jla, THIM/II TITelniM KaObLIaay YIIiH aJIlOPUTM »Kasyra MiHjeT 0oJiibl. Tayapiapibl
cofikecTen 1ipy Oesriji 6ip aTpudyTTapra HeMece MYMKIHJIIKTEPre HeTi31ereH op-
TYPJIi 9JIEKTPOHIBIK, KOMMEPIIUsI BeO-cailTTaphbl CUSIKTHI OPTYPJIi Ko31ep OoiibIHIIIa,
yKcac HeMece 0ipJieit eHiMep Il coifkecTeH/1ipy nporiecin oiaipesai. by cayarep-
JIep CypaHbICKA Me OHIMJEP/l aHbIKTayfa, OoJap/blH KOPBIH OacKapyabl Kakcap-
TyFra »KoHe caTylbl apTThipyra KemekTecei. COHbIMEH KaTap TYTbIHYIIbLIAPFa
i13J1ereH eHIMJIepiH Tabyra, Oarajiapibl CaJbICTBIPYFa YKOHE CATBHIII aJdy TYpPaJibl
Heri3jesred memiiM KabbLIgayra KeMekTecemi. Auraiiia, Tayapiapibl coiikecTeH-
Jpy KypJiesi Mocese OOoJIbIT TabbLIajbl. bacThl cebenrepl oHIMAEP/IIH OPTYPJI
aTay/iaphbl, CUIIaTTaMaapbl »KoHE aTpuOyTTaphl 0OJIYbl MYMKIH HEMece opTypJi
caHaTTap MeH iMmKi caHarTapja TiziMjeayl MyMKin. OObekTiHI aHbIKTay »KOHE
KEeCKIHJIl caHaTTayJ arbl COHFBI »KETICTIKTEPIMEH TePeH, OKbITY Y3aK KOJIJIaH ©T-
Ti. KoHBOJIIOIUSIIBIK HEPOHIBIK »KeJIiHI Haiiga/IaHblll, Kipic KeCKiHI MeH MOTIHIe
HETi3JIe/ITeH YKCAC 3JIEMEHTTEP/II ColKecTeH 1ipy 0oJiybl MyMKiH. Byir 3eprTreyie
MOTIH/IK K0HEe KeCKIH JAepeKTepiH IMaiigaiana OThIPHI, Kail KeCKIHAep iH eH VK-
cac eKeHIH aHBbIKTay VIIH aJAbIH aJja JalblHJaJraH YIII TepeH KOHBOJIIOIUOHIbI
mogiesib (MobileNet-V2, VGG-19 xone ResNet-50) naitnanansiiaaer. Morin mMen
KECKIHI'e Herl3Jle/INeH YKCACTBIKThI aHbIKTAY/IbIH €H KaKChl VJ/Ticl KOCUHYC YKCa-
CTBITHI, JIeBeHIITEeNH KAITBIKTHITEI YKOHEe TEeHIeJIeTiH MeTPUKAJIBIK, YITaii bl Koca
aJIFaHIa, OHIMJILIKTI Oarajay/iblH OPTYPJi 9IicTepiH KOJJAaHY apKbLIbl TaObLI-
nbl. 3eprrey HoTmKecinjge Mobilenet mojesti ochl ayblp MiHJIETTEPIl IIEIIyTe eH

KOJIAMIbI METO/II OOJIBIIT TAaObLIATHIH JIereH KOPBIThIHIbIFA KeJITiK.



AnHOTAaNUA

B nocreanne ronbl phIHOK 3JEKTPOHHON KOMMEPIIUN PAcTeT B I'e€OMETPUUIECKO
nporpeccun. Lnudpoas TpanchopMmals TakxKe NMpUBEIa K YBEJIUIEHUIO KOJIHU-
JeCTBa OHJIAH-TOPIOBBIX ILJIOIIAJIOK U CAlTOB arrperaropon, Ije KJIHEHTbl MO-
I'yT CpaBHUBATb U HPUOOpPETATh MPOJAYKTHI M3 Pa3/JMIHBIX MarasuHoB. OmpHako
9TO TaKyKe NPUBEIO0 K YBEJMYEHUIO KOJMYECTBa IPOJAYKTOB U IIPOIABIOB. UTO-
Obl PEIUTb 3TU MIPOOJEMBI, 000D MPOJLYKTOB CTaJ BarkKHeMIell 3ajgadeil i
3P DEKTUBHOIO NPUHATUS pelieHuil B cdepe yrpapeHus IenoIKaMi TOCTaBOK
n po3Hu4HOil Toprosiu. CorocraBieHne MMPOIyKTOB — 3TO MPOIECC CONOCTaBIE-
HUsI [TOXOXKMX WU MJIEHTUUIHBIX HPOAYKTOB U3 PA3INUHBIX HCTOUHHKOB, TAKIX
KaK pas/ImdHble BeO-CaiThl 9JIEKTPOHHON KOMMEPIUN, Ha OCHOBE OIPEJIe/IeHHBIX
aTpudyTOB mim (PYHKIUHA. DTO MMOMOTaeT puTeiljiepaM U OpeHjiaM OIpeIe/dTh
IPOJYKTHI, IOJIb3YIOIINECs: CIIPOCOM, YJIYUIaTh yIpaBJeHHe 3allacaMi U YBeJIu-
YUBATh MPOJAXKHI. DTO TaKrKe IIOMOraeT KJIMeHTaM HaXOJUThb HYZKHbBIE IIPOJIYK-
ThI, CPABHUBATH I€HbI U IPUHIMATHL 0OOCHOBaHHBIE pellleHns o moKynke. OmpHako
COIIOCTABJIEHNE IPOAYKTOB — CJIOXKHAsl U TPYIHAs 3ajada, [MOCKOJIbKY IIPOJIyK-
Thl MOT'YT HUMETbh Pa3Hble Ha3BaHUsl, ONUCAHUS U aTPUOyThl M MOI'YT OBITH IIe-
peUNC/IeHbl B PA3JIMYHBbIX KaTEropusix M IojKaTeropusix. biaromapst HeJaBHUM
HIPOPbIBAM B 00JIACTH KOMIILIOTEPHOI'O 3PEHUs U KAaTeropusalunl H300pazKeHni
rIyOoKoe o0ydeHHne Iar"yso jajieko Biepej. Vcrnosb3yst ¢cBepTOYHYIO HelpOH-
HYIO CeTh, MOXKHO HJIEHTU(MUINPOBATHL CXOJHBIE 9JEMEHTbI Ha OCHOBE BXOHOIO
n300parkKeHnsl U TEKCTa, KOTOPbIl MOYKeT ObITh METKOW M TeroM. B sTom uc-
CJIeJIOBAHIH UCIIOJIb3YIOTCs TPHU IIPEIBAPUTE/ILHO 00YUeHHbIe IJIyOOKNE CBEePTOY-
ubie Mogiesiu (MobileNet-V2, VGG-19 u ResNet-50), uTobbl onpejie/inThb, Kakue
n300pakKenns: HanboJiee MOX0XKHU, UCIIOJIb3YsI TEeKCTOBbIEe U I'paduiecKue JaHHbIe.
Jlydiast Mojiesib i 0OOHApY»KEHNsT CXOJCTBa Ha OCHOBE TEKCTa M N300parKeHusd
OblLiIa HaiijleHa C MCIO0JIB30BAHUEM Pa3JIMIHbIX METOJIOB OIEHKH TPOU3BOIUTEIIb-
HOCTH, BKJIIOUasl KOCHHYCHOE CXOJICTBO, paccTogHme JIeBeHIITeiiHa 1 OIeHKY I10JIb-
30BaTeJILCKOI MeTpuKu. B ncciiegoBanun jenaercd BbIBOJ, YTO Mojiesib Mobilenet
sIBJISIETCSI HarbOoJ1ee OIXO/ISIIEel MOAEIbIO /ISl PEIIeHNsT ITUX TPYI0EMKIX 3a1ad

U HOJJAEPXKKI pa3pabOoTKu IL1aHa UG POBOil cTpaTeruim.
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NLP — Natural Languages Processing
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VGG — Visual Geometry Group

ResNet — Residual Neural Network

BERT — Bidirectional Encoder Representations from Transformers
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Chapter 1

Introduction

In recent years, too many people and industries have become interested in the
application of Al to their needs. Customers need to find necessary products from
multiple aggregators, and year by year it becomes more challenging due to the
large amount of offers. On the other hand, industries need to be competitive
among all similar business offers. They want to analyze competitors by compar-
ing their prices, stock availability, descriptions, or even reviews from customers.
Also, big companies have started to implement dynamic price changes, which
mostly rely on competitors’ prices. Examples of such companies are Amazon,
eBay, Wildberries, Ozon, and Kaspi. Companies like Technodom, Sulpak, and
Mechta have the same products in stock, so it will be beneficial for them too to
compare their own products with competitors’ stock. So there has become a need
for an accurate product matching algorithm. Currently, matching algorithms are
based on either image comparison or textual comparison by description and name
of the item. Those methods are not really effective in comparison with the hybrid
method of both textual and image data comparison. We started by comparing
various methods of text and image analysis of products, and then we used anal-
ysis from both methods to measure accuracy. An example of a product card is
shown in figure 1.1 This thesis investigates cutting edge item matching methods.
Our proposal is to assess and contrast various methods by utilizing both public
matching benchmarks and up-to-date industrial data. We also offer suggestions

on how various approaches may be applied to problems with product matching.
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Figure 1.1: Image card sample.

1.1 Motivation

The quest for efficient product matching has been the guiding principle behind a
lot of AI research powered by machine learning. It is clear that various machine
learning techniques have been tried out and compared with respect to product
matching yet none is the best algorithm for it. So as to enable them make smart
choices and outcompete their business rivals, businesses have to select the most
appropriate machine learning algorithm for product matching. One might find it
hard to pick out which machine learning algorithm would work best from a range
of them as these are software and so their efficiency would vary according to their
characteristics, they were designed to solve and data sets they operate with. Fur-
thermore, relative examinations measuring product similarity or dissimilarity by
means of embeddings can be useful. The results of this study should help busi-
nesses make decisions by offering insightful information about the suitability of
various machine learning algorithms when paired with specific embedding tech-
niques. In addition to offering suggestions for further research in this area, the
study will add to the body of information already available on machine learning

algorithms for product matching.

To sum up, current retailers are more and more interested in applying deep

learning and machine learning algorithms to keep customers returning by fore-



casting product demand, coming up with personalized offers and more. It is one
of the useful steps before employing any of these activities is product matching,

which can be employed for both cleansing and enriching product data.

1.2 Literature review

Numerous studies and approaches to related problems have been made in the
field of Product Similarity Matching. Problems with product matching have been
addressed with both supervised and unsupervised learning approaches. In [1], four
different classifiers are trained for product matching: Random Forest, Support
Vector Machines (SVM), Naive Bayes, and Logistic Regression. The Random
Forest classifier yielded the best results, according to the study. Logistic regression
is also used in [2]| to match offers with product specifications. Consequently, there

was at least 85 percent precision for 37 categories of electrical products.

SVM and decision trees are employed in [3] to detect duplicates. The study only
looked at text similarity, and it revealed that whether or not the SVM technique
performed better than the unlearned baseline it was compared to relied on the
data. The SVM model worked better when the test data and training data were
comparable. Additionally, the outcome demonstrated that SVM outperformed
decision trees. In [4], SVM is also employed to distinguish between representations
and offers pertaining to the same product. The outcome demonstrated that, based

on the product category, the F-measure ranged from 45 percent to 55 percent.

A novel semi-supervised clustering method for product matching was intro-
duced by Martinek [5]. It combines a sizable unlabeled data set with a mini-
mally labelled data set. This approach shows promise in increasing clustering
accuracy while lessening the resource-intensive labelling procedure necessary for
fully supervised learning models. Supervised approaches need the use of big la-
belled datasets, which makes them scalable even if they are frequently more accu-
rate. The author’s suggestion of semi-supervised learning is a potential remedy,
but further research is needed to determine its true efficacy and generalizabil-
ity. Comprehensive data sets that accurately represent the varied and dynamic

nature of e-commerce inventories are also required. While the semi-supervised



clustering method for product matching proposed by Martinek et al. is an inno-
vative approach to working with the huge and often inaccurate data sets typical
of e-commerce, but it comes with its fair share of challenges. One of the key
disadvantages is its dependence on the quality of the small amount of labeled
data it uses, which can have a significant impact on the overall training outcome:
if this data is not representative or of high quality, the model may not perform
effectively. Additionally, these methods can be computationally intensive, which
may limit their applicability in smaller or less resource-rich settings. There is also
a risk of overfitting, especially due to the constraints used to control the cluster-
ing process. These constraints, while useful, require careful calibration to avoid
fitting too closely to specific features of the training data, potentially reducing
the model’s ability to generalize to new, unseen data. Despite these challenges,
this approach remains attractive due to its potential to reduce the need for exten-
sive manual labeling while maintaining machine learning capabilities for product

matching.

On the other hand, researchers from Greece proposed a new unsupervised algo-
rithm for product name matching based on morphological analysis, which effec-
tively addresses some of the shortcomings of previous methods that relied heavily
on Internet search engines [6]. This algorithm works in two stages: it first pro-
cesses product names to create combinations and permutations of words, and then
uses these combinations to calculate match scores. Although this method greatly
improves efficiency and scalability compared to methods that rely on external data
sources, it is not without limitations. In particular, this approach may have prob-
lems with highly varied and creatively written product names that do not follow
predictable patterns, and there may be potential missing matches when product
descriptions vary significantly. Moreover, using fixed combinations of words can
lead to missing deeper semantic similarities that may link products described in
significantly different terms, creating problems in environments with very hetero-
geneous data. Additionally, the computational cost, although reduced, can still
be significant for datasets with extremely large numbers of products, where even

minor inefficiencies increase.

Researchers from University of Mannheim focused into the problem of matching



products using advanced deep learning techniques, particularly recurrent neural
network (RNN)-based models and BERT (Bidirectional Encoder Representations
from Transformers) |7]. The main purpose was to discern subtle nuances in prod-
uct data. These methods are particularly good at dealing with the high variability
and complexity inherent in textual product descriptions, which often include var-
ied terminology and inconsistent formatting. The strength of RNN and BERT
lies in their ability to generate contextual representations of text by enhancing
the ability of model to understand and match semantically similar but lexically
different product lists. Compared to traditional machine learning techniques the
deep learning approaches demonstrate superior performance in learning directly
from raw data. In the same time traditional machine learning models often rely
on hand-crafted features and simpler statistical models. Traditional methods like
decision trees or linear classifiers typically require extensive feature engineering
to handle the text variability in product matching. In contrast, deep learning
models automate feature extraction. Learning intricate patterns in large datasets
that would be unfeasible to model manually. But this comes at the cost of in-
creased computational demand and opacity. Deep learning models like BERT
require substantial computational resources, which often require powerful hard-
ware like GPUs for training. Moreover, black box nature makes them less inter-
pretable than their traditional counterparts, which can be a significant drawback
in applications where understanding model decisions is crucial. Thus, while deep
learning offers substantial advancements in accuracy and learning capacity, it re-
quires considerable resource investment and presents challenges in transparency

and interpretability.

Existing strategies have been frequently employed in tackling the problems sur-
rounding the domain. This is in contrast to traditional machine learning models
which are less successful when it comes to product matching. These models often
rely on extensive feature engineering to handle textual changes in product descrip-
tions. By integrating these traditional models with deep learning approaches, it
is possible to combine the strengths of both: the interpretability and simplicity
of classical machine learning models as well as the deep feature extraction capa-

bilities of neural networks. Martinek et al. demonstrated how semi-supervised



learning reduces time spent labeling while retaining accuracy with only a little
amount of supervision. In addition, there have been other studies that show
that morphological analysis can be used successfully without having any need
for additional data sets and help enhance scalability or efficiency in various do-
mains.Supervised methods also showed their limits. However, these methods may
struggle with highly varied product titles and could miss deeper semantic links

between products.

In light of these findings and the existing gaps in the literature, the power of
convolutional neural networks for product matching is significant. These models
are known for their robustness in extracting hierarchical features from images and
can complement text-based methods by providing a multi-modal approach that
potentially improves the accuracy and robustness of product matching systems.
By integrating modern CNN and RNN architectures, research can address some
of the limitations noted in text-only methods, such as problems with semantic
understanding and processing noisy data. Moreover, an ensemble method com-
bining these models can further enhance the system’s ability to generalize across
different data sets. Overall, the study provides a comprehensive solution and
contribution to the product matching problem, which enhances the capabilities
of deep learning models in e-commerce with a focus on practicality and scalabil-
ity, and promotes the integration of image and text data into product similarity

problem.

1.3 Related works

In the domain of eCommerce product data analysis and comparison, several ap-
proaches have been explored to extract, represent, and match product attributes
across retailers’ platforms. This section reviews pertinent works addressing named
entity extraction, feature representation, and similarity assessment in the context

of eCommerce product data.

WalmartLabs has developed a system that extracts attributes from product
titles in large eCommerce catalogs like Walmart’s. Short texts often do not have

any syntax, which makes it difficult when trying to understand them. By using



conditional random fields and structured perceptron models and also combining
them with a hand-picked normalization technique authors have proposed an in-
teresting method of solving this problem. The main goal of extracting brand
attributes is to illustrate this method. This research points out the importance of
systems that extract attributes for better organization and comparison of prod-
ucts on retail websites, thereby comparing the suggested approach against other

methodologies [8].

Rosie Hood’s paper adds to this discourse by talking about how important it is
to have features when analyzing product data, including human language sounds
or images among other things. They understand that transforming product data
in text form into what computers can work on requires application of techniques
associated with Natural Language Processing. This paper thus emphasizes on
application of word embedding models towards fulfilling this objective thereby
making it easier for us to have them electronically without necessarily storing them
in terms that can be understood manually. Furthermore, it discusses computer
vision focusing on how convolutional neural networks extract feature vectors from
product images 1.2, thus facilitating reliable product comparison and classification

using visual qualities [9].

The authors in the next work follow their suggestion that in the subsequent
paper they come up with an all-round technique for matching products that are
founded on a number of reliable attributes of the products comprising title, de-
scription, images as well as price. Some of the components in this system include
title similarity measure, image similarity evaluation, attribute extraction and price
outlier detection. Main focus there is on finding core characteristics, like brand,
state, color, and model number, while measuring differences between values for
each attribute contained in different product listings. Adding that this research
shows how to identify those prices which are far from the average thus increas-
ing chances that people manage to find what they want instead of another thing

online on various online markets [10].

These sources collectively contribute to the advancement of methodologies for
analyzing and comparing product data in eCommerce settings. From the extrac-

tion of fine-grained attributes to the representation of textual and visual features

7



and the assessment of product similarity across various dimensions, these works
offer valuable insights and techniques essential for enhancing product data orga-

nization, matching, and comparison across diverse retail platforms.

Figure 1.2: Image based comparison algorithm

1.4 Statement of Results

In chapter 4 we will show our results. We will consider which method efficiently
in item matching. In figure 1.1 given product description sample, so this is our
important data. The present study delved into the domain of product compari-
son, specifically examining the performance of machine learning approaches. Our
findings emphasize the existing gaps in the capabilities of machine learning tech-
niques and underscore the need for further advancements in the form of deep
learning models. The purpose of this Thesis is to address the challenge of prod-

uct matching approaches. Specifically, our focus lies in developing a deep learning

8



based approach for accurately match same products from different sources. While
acknowledging the limitations of existing methods, we consider them as a foun-

dational step for future investigations in this domain.



Chapter 2
Background

2.1 Natural Language Processing

Since its start in the 1950s, NLP research has concentrated on a wide range of
tasks, including text summarization, information extraction, machine translation,
question-answering, information retrieval, topic modelling, and, most recently,
opinion mining. Syntax was the topic of extensive research in the early days of
NLP. In addition to being inspired by the prevalent idea of syntax-driven pro-
cessing, which gained implicit or explicit support from academics in the field,
this emphasis on syntax was prompted by the obvious requirement for syntactic

processing in language interpretation.

Although the relevance of semantics in NLP was clear from the start, the re-
search community first concentrated on solving syntax because machine learning
techniques were more directly applicable in that domain. However, some re-
searchers understood the importance of semantics and thought it was a more
difficult challenge, or they thought a semantically-driven strategy would be more
successful. Using semantic categories and semantic case frames, for instance,
groups led by Masterman and Ceccato investigated semantic pattern matching.
Ceccato, in particular, used semantic networks to represent knowledge and world

information to improve linguistic semantics.

As stressed by Minsky in 1968, other works recognized the requirement of incor-

10



porating outside knowledge to interpret and react to linguistic input. In Schank’s
1975 paper, the function of semantics was clearly emphasised, with a focus on
general-purpose semantics that encompassed case structures for representation
and semantically driven processing. These changes signaled an increasing under-
standing of the value of semantics and the application of semantic knowledge in

furthering NLP research.

First-order logic (FOL), a logical system composed of axioms and inference
rules, has subsequently become one of the most widely used representation systems
in Natural language processing. Predicates with complex relational structures and
supporting syntax, semantics, and, to a lesser extent, pragmatic expressions, are
successfully formalized using FOL. The correct placement of symbol groups is
determined by syntax, assuring their well-formedness. Well-formed expressions’
meanings are defined by semantics. In contrast, pragmatics uses contextual in-
formation to strengthen linkages between diverse semantic components, which is

critical for tasks such as word meaning disambiguation.

However, monotonicity is a problem for logic-based methods. The number of
entailed sentences increases as more knowledge is given to the knowledge base,
which contradicts a basic feature of human reasoning—the ability to freely and
flexible change of opinion. Solutions like linear logic and default logic have been
suggested as ways to solve this problem. Raymond Reiter developed default logic,
which seeks to formalize presumptions such "all birds fly". However, problems
occur when statements that are generally true but deviate from the general norms,

such as "penguins do not fly," are formalised using default logic.

The production rule, which Chomsky established in 1956, is another frequently
used model for defining natural language. There is a working memory that stores
ongoing memory claims in a production rule system. These production rules are
stored in a volatile working memory. Each production rule is written as "IF
(conditions) THEN (actions)", with each rule consisting of a set of conditions

and a subsequent set of actions.

A production rule system’s core operation is a three-step cycle: "recognise",

"resolve conflict" and "act". This cycle will continue until there are no more

11



rules relevant to working memory. During the "recognise" stage, the system
identifies the rules whose antecedent conditions are met by the working memory
that is now in use. The conflict set is the name given to these rules. The system
chooses an appropriate subset of rules from the conflict set to be applied during
the "resolve conflict" stage. The system conducts the chosen actions, which may

include changing the working memory, in the final "act" stage.

The modularity of production rule systems is one of their benefits. The system
can be managed and maintained more easily by grouping the production rules

into modules.

Each rule in a production rule system runs independently of the others, mak-
ing it simple to add and remove rules. The modular architecture of production
rule systems lends them flexibility and adaptability. Production rule systems are
characterised by a basic control structure and easily comprehensible rules for peo-
ple. This is because the terminology used to encode the rules is meant to be
understandable to people, and the rules are often derived from expert behaviour

or knowledge.

However, as the size of the production rule system expands, scalability may
become a problem. A system with thousands of rules requires a lot of maintenance
work to manage. It gets increasingly difficult to ensure the appropriate operation
and coordination of rules as the number of rules rises. As a result, maintaining a

complex production rule system can be time- and resource-consuming.

The Ontology Web Language (OWL), which McGuinness and Van Harmelen
introduced in 2004 [11], is another noteworthy NLP approach. The Resource
Description Framework (RDF) is an XML-based vocabulary that OWL enhances
to offer a more complete set of capabilities for ontology representation. Classes,
class properties, relationships between classes, limitations on those relationships

and properties may all be defined with its help.

RDEF supports the subject-predicate-object model when stating claims about
resources. Semantic consistency and ontology categorization are guaranteed by
RDF-based reasoning engines. Particularly OWL focuses on precisely describing

static structures, making it appropriate for representing declarative information.
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OWL has restrictions, though.

First off, OWL demands rigorous definitions, which makes it unsuitable for
describing information with varying degrees of confidence. It works better to
convey factual or objective knowledge. It is also challenging for OWL to express
knowledge that is temporally dependent, making it challenging to capture data

that is dynamic or has temporal dependencies.

These restrictions show that although OWL is an effective tool for capturing
some forms of information, it may not always be the best option, especially when

dealing with subjective or temporal aspects.

Network-based methods are in fact frequently employed in NLP, with Bayesian
networks (sometimes referred to as belief networks) serving as a notable illustra-
tion. A framework for expressing joint probability distributions over connected
hypotheses is provided by Bayesian networks, which were first described by Pearl
in 1985. To depict the causal links between variables in a Bayesian network, arcs

in a directed acyclic graph (DAG) are utilised.

Subjective levels of confidence can be represented using Bayesian networks.
To determine the likelihood of events, they expressly take prior knowledge into
account and pool the available evidence. To compute a belief network’s joint
distribution, one must comprehend the conditional probability Pr(P|parents(P))
for each variable P. However, figuring out these probabilities for each variable
can be difficult, particularly for activities involving a lot of data processing. The

statistical tables for such networks might be difficult to maintain and update.

Additionally, the expressiveness of Bayesian networks is constrained, compara-
ble to that of propositional logic. Semantic networks are hence frequently chosen
in NLP research. Semantic networks give you more options for expressing and cap-
turing intricate connections between concepts and entities. They offer a graphic
representation that makes knowledge and meaning easier to understand and more

richly represented.

Developed by Sowa in 1987 [12], a semantic network is a graphical represen-

tation that shows knowledge as interconnected nodes and arcs. There are many
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different types of semantic networks, including assertional and definitional net-

works.

The "IsA" interactions between concepts and their subtypes are the main focus
of definitional networks. These connections create generalizations that enable all
of the subtypes of a supertype to inherit the properties specified for the supertype.

The information is often taken as true in definitional networks.

On the other hand, assertional networks are used to make claims, and the data
they contain is thought to be partially true. In assertional networks, contingent
truth is more often determined by common sense than by default logic. In as-
sertional networks, the propositions are supported by sufficient arguments, where

the arguments support the proposition.

Semantic networks give knowledge an organized and illustrative representa-
tion, making it easier to identify relationships and to reason about the data they

include.

Semantic networks originated with research by Simmons and Quillian [13] in
the early 1960s. Marvin Minsky developed this idea further in his Society of Mind
hypothesis in the late 1980s. According to Minsky, varied agents working together
to do various cognitive tasks including remembering, comparing, generalizing,
analogizing, and anticipating lead to the development of human intelligence. The
artificial intelligence community was enthused by this idea of human cognition,

which inspired the development of practical knowledge bases for NLP tasks.

A number of well-known initiatives, such as Cyc, WordNet, Thought-Treasure,
and the Open Mind Common Sense project, were inspired by Minsky’s notion.
Doug Lenat created Cyc, a logic-based database of common sense information.
WordNet is a global database of word senses that was developed by Christiane
Fellbaum [14]. A system for interpreting stories was created by Erik Mueller and
is called Thought-Treasure [15]. Rather than being manually generated by profes-
sional technologists, the Open Mind Common Sense project is a second-generation
common-sense database where information is given by online volunteers and pre-

sented in natural language.
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As part of the Open Mind Common Sense project, a significant amount of
common sense information was acquired and is currently being used to a range of
natural language processing tasks, such as opinion mining, story telling, textual
emotion sensing, and casual conversation interpretation. By incorporating and
utilizing common sense information in natural language processing tasks, these

efforts have advanced NLP research.

Their technological specialties. It is true that the pace of progress in NLP
has not always kept up with the quick changes in the digital landscape, even if
there have been substantial achievements in NLP research, such as the creation

of numerous models and techniques as previously described.

Natural language understanding’s intricacy is one cause of this discrepancy.
Due to the complexity and ambiguity of language, it is difficult for robots to
effectively understand and produce writing that is human-like. In addition, when
languages change over time, new slang, idioms, and cultural references are added,

making NLP jobs much more challenging.

The enormous quantity of data and computing power needed for developing
and deploying complex NLP models is another aspect. It gets more and harder to
comprehend and interpret all the information accessible as the number of digital

stuff expands exponentially.

It is crucial to remember that NLP research has advanced significantly in recent
years. Machine translation, sentiment analysis, question answering, and text syn-
thesis have all seen significant improvements thanks to the development of deep
learning techniques, which were made possible by technology improvements and

the availability of enormous datasets.

Additionally, combining NLP with other cutting-edge technologies like rein-
forcement learning, graph neural networks, and knowledge graphs has the poten-

tial to overcome some issues and advance the field of NLP research.

It is anticipated that NLP research will continue to grow at an accelerated rate
as we observe the ongoing technological evolution and the rising demand for nat-

ural language processing capabilities. The future of human-computer interaction

15



and intelligent systems depends on researchers and practitioners actively inves-
tigating novel ideas and methodologies to enhance language understanding and

generation.

It is true that a significant trend in the area is the move away from word-based
approaches toward a more consistent exploitation of semantics in NLP systems.
Although words are the basic building blocks of language, they frequently lack
the depth and context necessary for proper meaning representation and deeper

understanding.

NLP systems can capture a deeper grasp of language by focusing on multi-word
expressions and the accompanying semantics and sentac. Idioms, collocations,
and named entities are examples of multi-word formulations that have distinct
meanings and nuances that are difficult for single words to adequately convey.
NLP systems can comprehend language more complexly by taking into account
the compositional character of language, in which words are combined to create

new meanings.

Sentic and semantic integration is essential for decision-making and common
sense in NLP. information the world, its people, events, and relationships, as well
as being able to use logic and judgment to base judgments on this information,
are all components of common sense knowledge. Sentics, which includes emotive
information, gives language an additional layer of meaning by allowing systems to

understand subtle emotional cues, individual viewpoints, and sentiment analysis.

Deep learning models, knowledge graphs, and other improvements in semantic
representations have given NLP systems new ways to capture and use semantic
data more efficiently. These methods make it possible to describe links, ideas,

and hierarchies, which improves comprehension and inference abilities.

NLP research strives to advance the precision, contextual comprehension, and
reasoning capacities of NLP systems along the "Semantics Curve," ultimately
enabling more natural and intelligent interactions between humans and machines.
Figure 2.1 illustrates how NLP research is said to have developed over three

distinct periods or curves.

16



NLP System Performance ..y BestPath

-
_____

‘i 950 2000 2050 2100 Time

Figure 2.1: Envisioned evolution of NLP research through three different eras or
curves.

2.2 Computer Vision

There are two goals for computer vision. From a biological research standpoint,
computer vision aims to create computational models of the human visual system.
From an engineering standpoint, computer vision aims to develop independent sys-
tems that can do certain tasks that the human visual system can (and frequently
surpasses) in many scenarios. In vision research, one of the most common tasks
is to extract 3D and temporal information from time-varying 2D data, such as
that obtained by one or more television cameras. Understanding such dynamic

circumstances is involved in a broader sense.

It is clear that the two goals are interconnected. The characteristics and fea-
tures of the human visual system serve as a common source of inspiration for
engineers developing computer vision systems. Conversely, computer vision algo-

rithms offer insights into the workings of the human visual system.

The field of computer vision is usually recognised as having its start in Larry
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Roberts. In his 1960 PhD thesis from MIT, he investigated the possibility of ex-
tracting 3D geometrical information from 2D perspective images of blocks (poly-
hedra) [16]. After this study, a number of Al researchers examined computer

vision within the blocks world paradigm at MIT and other locales.

In due course, scientists concluded that real-world images required attention.
As a result, a significant amount of research was needed for "low-level" vision tasks
like edge recognition and segmentation. A major turning point was the paradigm
created by David Marr (cir. 1978) at MIT, who used a bottom-up approach to

scene understanding [17].

Binocular stereo is utilised to construct a 2.5 D drawing of the scene after 2D
photographs are processed using low-level algorithms to create the "primal sketch"
(directed edge segments, etc.). In closing, as seen in figure 2.2 The objects in the
scene are represented in 3D models by high-level (structural analysis, a priori
knowledge) methods. This is perhaps the most significant study on computer

vision that has ever been conducted. "No one can drive us out of the paradigm
|

a number of scholars declared.

created for us by Marr,'

Figure 2.2: 3D structures of objects with all the hidden lines removed.

Nonetheless, a number of computer vision experts have lately called for a more

top-down and varied approach after realising some of the drawbacks of Marr’s

18



paradigm. To put it briefly, Marr’s programme is extremely difficult to execute,
but more significantly, most computer vision applications do not need the ac-
quisition of complete 3D object models. In computer vision-based autonomous
vehicle navigation, for example, it may be necessary to ascertain just if an object
is approaching or receding from your automobile, rather than its exact three-
dimensional motion. The "Purposive Vision," as this new paradigm is sometimes
called, proposes that algorithms should be goal-driven and in many cases may
even be qualitative [18]. Yiannis Aloimonos of the University of Maryland is

among the principal proponents of this new paradigm.

The subject of computer vision research is well known for its difficulties. There
are very few scientific issues that have been satisfactorily resolved. Computer
vision technologies pale in contrast to the human visual system, which is just
too efficient for many tasks (such as face identification). This is among the main
reasons why this problem exists. People can recognise faces in a variety of settings
with different lighting, perspectives, emotions, etc. For the most part, we have
little trouble recognising a friend from a photo taken years ago. Moreover, it
appears that we have an infinite capacity to learn faces for recognition at a later
time. Building an autonomous system that works as well as this one appears to

be unattainable.

The use of image similarity technology is now more advantageous than ever.
The majority of common software can now effectively perform picture similarity
algorithms due to the growing use of high-tech computers. There are numerous
industrial uses for this technology, including supply chain management, manu-
facturing, retail, healthcare, and security. Businesses seeking to incorporate this
technology into their operations for high economic value now have more options

thanks to its recent strong growth and demand.

Open-world learning and active vision, object component connection, multi-
modal detection, pixel-level detection, etc. are some of the challenges that must
be overcome for effective integration of future image similarity algorithms to yield

important results and major breakthroughs in recent years.
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2.3 Product matching

In the retail industry, it’s not uncommon for product references to offer scant
information. This is most commonly seen in different print and digital media
(flyers, banner ads, etc.) where the products that are highlighted are often not
accompanied by a unique name or model number, universal product code (UPC)
or global trade item number (GTIN). In the 1970s, UPC was first created as
a North American standard for supermarkets [19]. GTIN was developed subse-
quently and was intended to serve as a global standard for supply chain logistics
and product identification. A numbering superset of UPC is called GTIN [20].

For many stakeholders, being able to recognize products from lists or adverts
holds enormous promise. From the perspective of the customer, products in niche
markets can be more easily located due to the simpler identification of products
from listings. It also enables systems to assemble products from several suppli-
ers and provide reliable information, saving clients time and money. Through
the provision of more comprehensive product listings, pertinent advertising, im-
proved product suggestions, and other services, businesses may use this data to
improve the consumer experience. When products from various sources can be
easily recognized, even when they are vague, it is to the immediate advantage of
consumers, advertisers, and product aggregators. A fuller examination of these

advantages can be found in |21].

There are several types of product identification challenges. Certain product
attributes may not have values, or the information may be insufficient. If certain
values are not consistently recorded in the appropriate fields within a structured
product record, such as when the product’s brand is stated in its name but not in
the brand field, the product data may become contaminated. Sometimes product
listings are just a list of features; for example, "Apple iPhone 15 Pro Max 5G
8GB RAM 256GB"; there may be no division or obvious labelling of the product’s

name, brand, price, or other details.

In addition to the product data itself, retailers frequently classify their prod-
ucts into disparate, incompatible taxonomies, which presents further issues. A

Chromebook—is it a laptop? Should apparel that is intended for both men and
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women be categorized together or kept apart? Diverse merchants often make
judgements that are characterised by imprecise or inconsistent classifications and
distinctions, making it difficult to extract information from the meta-structure
containing the product data. The difficulties that contemporary systems en-
counter are covered in more detail in [21]. The domain’s primary areas of focus
are the comparison and conversion of unstructured to structured records, the de-
termination of the attributes that most strongly suggest a true match (as well as
the common errors among these attributes), the maintenance of scalable method-
ologies as dataset sizes increase, and the handling of all possible data errors,

incompleteness, and other less-than-perfect situations [22].

Since 2018, a large number of new publications have been published in the topic
of product matching. While previously published studies were spaced further
apart to allow for reference and building upon past work, new publications on
essentially identical approaches have begun to surface only months apart [23|. The
increasing amount of overlapping work in the field has made direct comparisons

between more recently published methodologies and approaches less common.

There are several factors contributing to the increased interest. Human access
to data has increased throughout time, more or less steadily, since the development
of computers. This is true for both publicly available academic data and data
that businesses collect and record. The abundance of useful and instructive data
combined with the creation of big data processing techniques and tools has greatly

increased the accessibility of product matching for both businesses and academics.

Consumers’ inclination to purchase online is increasing in tandem with the
expansion of data and data accessibility [24]. While traditional brick and mortar
stores like Walmart are growing their online presence, Amazon continues to grow
every year. As consumer spending shifts more and more into the virtual economy,
businesses are investing more money in improving their online platforms. Product
matching’s ability to improve everything from product sites to product suggestions

is making it more and more valuable [20].

Proposed solutions, like many contemporary issues, are derived from a wide

range of scientific fields. Product matching is no different, utilizing several ad-
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ditional well-established domains: Record Linkage, Natural Language Processing
(NLP), Computer Vision (CV), Scraping, Classification.

Blocking is crucial for computationally effective classification approaches. Over
the past 50 years, numerous classification techniques have been suggested and
tested. The typical pair-wise classification approach does not handle transitive
closure concerns caused by many conflicting matches during linkage. This chal-
lenge is solved by more recent approaches, such as group classification or rephras-

ing the problem to make advantage of clustering methods [19].

Text parsing and comprehension are the main goals of natural language pro-
cessing, or NLP. Numerous subproblems that come up during product matching
can be solved with NLP approaches. As demonstrated in, converting unstruc-
tured data into structured data is a typical use case. In a similar vein, resolves
conflicting category or attribute names across product listings by using a linkage
task. Textual attributes have been represented and features for classifiers have
been created using NLP techniques such as Term Frequency - Inverse Document
Frequency (TF-IDF) [24].

Computer Vision (CV) is a transformative technology in the realm of product
matching, automating the process of identifying and comparing items through
visual analysis. Utilizing algorithms, CV examines images and videos to exe-
cute detection, classification, and matching tasks. Its application is particularly
prevalent in retail and e-commerce for inventory management, ensuring the accu-
racy and contemporaneity of product listings. Moreover, CV enhances customer
experiences by suggesting visually similar products, thus improving satisfaction
and engagement. The continuous advancement in CV technologies promises in-
creased precision and efficiency, cementing its role as a critical tool in modern

retail operations.

The technique of gathering data from websites is known as scraping. Search
engine and e-commerce site data can be used to create and link databases for addi-
tional study. A cutting-edge web scraping framework called DEXTER is designed
to extract product records. For example, earlier studies frequently employed their

own datasets for linkage theory analysis. For their functions to be effective, prod-

22



uct aggregation services such as Google Products and Bing Product Catalogue

depend on comparable web searches [22].

Traditional machine learning approaches are widely used in academics, as well
as industry [22]. Deep learning now outperforms classic machine learning mod-
els with sufficient data. Recent studies demonstrate that deep learning algo-
rithms provide cutting-edge performance. Mudgal et al. [25] provide an excellent

overview of the trade-offs involved in designing deep learning models.

Publications in this topic are contributed to by a variety of parties with different
goals. Businesses have used techniques created in this field to implement large-
scale, practical goods [24]. Several firms have published papers that progress
the subject. Companies may collaborate with academic institutions to provide
access to data for practitioners. Academia advances cutting-edge techniques while
simultaneously making them accessible. Magellan [26] is a prime example of a

user-friendly and adaptable architecture for linking records.

It is reasonable to expect data to anticipate the future in a field driven by data.
The age of deep learning is, in many respects, just getting started. Although it
has proven useful in many fields, there is still room for innovation and creativity in
its application. Future product linking systems will certainly integrate previously
unusable data. Deep learning has revolutionized the use of picture data, but
this is only the beginning. Future systems will presumably use consumer activity
data, including interests, purchases, and demographics. As technology advances,
corporations will increasingly adopt these approaches. Technical factors, such as
using scalable frameworks and accurately evaluating performance in a changing

product landscape, will be given priority.

There is a need to compare existing systems’ performance across various data
sets. Recent attention in this field has resulted in diverse approaches that have
yet to be evaluated or merged. Identifying the advantages and disadvantages
of different approaches remains a key topic. The usefulness of using individual

product linking techniques on industrial data is investigated in this thesis.

23



Chapter 3

Methodology

3.1 Data Preprocessing

Preprocessing is done on the available raw data once it has been collected from a
reliable source. It is necessary to ensure that the deep learning model produces
the best results.

In this chapter, we present our approach for a product matching both using
natural language processing and computer vision. The data used to evaluate our
method was taken from open source task with items from wildberries and yandex
market [27]. Initially, two json files were given. Each size was 4.5 gb for yandex
market items and 2.6 gb for wildberries items respectively. Json file with yandex
market items contains 1472566 rows and 19 columns, while json with wildberries
items contains 1079155 rows and 22 columns. Also author provided csv file with
matched Ids. This table was used to match the same item from both jsons. After
joining all 3 data, 14702 matched pairs found. In wildberries table image urls
were invalid, so image link parser was written. The code is located in Appendix

B. After that kept only image urls and titles from both marketplaces 3.1.

The following steps provide a detailed description of our method. The ac-
companying flowchart provides a concise overview of our proposed approach. On

figure 3.2 clearly shown preprocessing steps of text data.

Certainly, preprocessing of data is an essential step before training a model.
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Figure 3.1: Final dataset.
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Figure 3.2: Preprocessing Steps.
Here are the different stages of text preprocessing typically performed to get
ready the data for training:
1. To lowercase: all letters to same register.

2. Cleaning and normalization: This stage involves removing unwanted char-
acters, such as punctuation marks or special symbols, and converting the text to

a consistent format.

3. Tokenization: The text is divided into individual tokens, such as words or

subwords. This process helps break down the text into meaningful units.

4. Stemming: Stemming involves reducing words to their base form by re-
moving prefixes or suffixes. It helps consolidate variations of words and improve

generalization.

5. Text normalization: This step involves applying additional techniques such
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as removing excessive whitespace, handling repeated characters, or converting

accented characters to their base form.

In terms of images, the first step in this strategy is to resize the images. Using
the Tensorflow library, each image has been shrunk to 224 by 224 so that the
deep learning model can train more quickly on smaller images. Depending on
the quantity and size of pixels, the neural network model must learn a lot while
working with a larger input image. Therefore, scaling images is thought to be
one of the most effective data pre-processing methods for lowering the training
overhead. The photos are enhanced and pre-processed to lessen model bias and
increase their generalizability before the image embedding is extracted. Following
this stage, an array of images is created and fitted to the models in order to

extract the image embedding.

These preprocessing stages help clean and transform the text data into a format

that is more suitable for feature extraction and training machine learning models.

3.2 Matching methods analysis

3.2.1 VGG-19

To retrieve the image’s style and content representation, centre layer of the model
is used. Low-level features like edges and textures are represented by the excita-
tion response of the first few layers of the network, which starts at the input layer.
The final few levels, which represent more complex elements like wheels or eyes,
reflect the number of layers that decreases. We are utilising a pre-trained im-
age classification network, the VGG-19 network structure. To define content and
stylistic representations from photographs, these intermediary layers are required.
Here is an illustration of the model’s structure, which consists of a custom model
's convolutional neural network composed by a series of convolutional layers and
maximum pooling layers and is more direct than the initial half of VGG-19 model
3.3 .

There are two maximum pooling layers and five convolutional layers in this

model. Each convolutional layer is followed by a ReLU activation function. Cus-
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Figure 3.3: VGG-19 model structure.

tom models are designed to extract feature representations from input photos. A
new model that we have defined produces feature representations at various levels.
To get these feature representations, you have to extract the model’s convolutional
layer outputs. Feature representations of the image are considered as model out-
puts at various levels. For these feature representations, high-dimensional tensors
are used with each channel representing a different feature. Although feature rep-
resentations consist of more semantic characteristics at higher levels, they contain
more low-level features at lower levels. We can obtain features on different lev-
els extracting them with different numbers of convolution and maximum pooling

layers.

Three of the 19 layers are fully connected, while 16 of the layers are convolu-
tional. It goes by the name convolutional neural network, and uses as its database
ImageNet, a model trained on roughly one million photos. ImageNet can clas-
sify images into over a thousand categories, for instance, tools, gadgets, vehicles,
planes, bikes, dogs, numbers etc. The measurement could accept at most 224 x

224 pixel images and it is fairly good in photo category. Using this model with
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pretrained weights has led to the discovery of transfer learning notion. As the
name suggests, transfer learning is the process of moving information from one
model to another. Because you do not have to start from scratch every time a
model has to be trained, it saves a significant amount of time and computing
resources. It entails building another model off of an existing one. Many of them
offer pre-trained models, which may be used as a starting point to transfer the re-
sults to a new model for increased accuracy and reduced processing requirements.
For instance, by utilising a trained model that can recognise animals based on
their eyes, you may train a new model to recognise animals based on their other
parts of the body. The architecture of VGG-19 can be seen in 3.4.
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Figure 3.4: VGG-19 architecture.

3.2.2 MobileNet-V2

The primary building component of MobileNet V2 now looks like this 3.5, however

it still uses depthwise separable convolutions.

This time, the block contains three convolutional layers. The final two are the
ones we are already familiar with: a 1x1 pointwise convolution layer comes after a
depthwise convolution that filters the inputs. But today, this 1x1 layer has a new
role. The number of channels in V1 was either doubled or kept constant by the

pointwise convolution. However, it decreases the quantity of channels in V2. This
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Figure 3.5: Main building blocks of MobileNet-V2.

layer is currently called the projection layer since it projects data with a large
number of dimensions (channels) into a tensor with a significantly lower number
of dimensions. For example, the depthwise layer operating on a tensor with 144
channels may be reduced to just 24 channels by the projection layer. This kind of
layer is also referred to as a bottleneck layer since it reduces the amount of data
that travels over the network. The new kid on the block is the initial layer. This
convolution is also 1x1. Its objective is to increase the data’s channel count prior
to depthwise convolution. As a result, this expansion layer essentially performs
the reverse of the projection layer, always having more output channels than input

channels.

MobileNet in practical applications is an effective and portable CNN architec-
ture. To develop a lighter model, MobileNet essentially uses depth-resolvable con-
volutions in place of the standard convolutions utilised in prior designs. The Mo-
bileNet width multiplier and resolution gain are two new global meta-parameters
that allow model writers to trade off speed and compact size for latency or ac-

curacy. To build MobileNet, deep separable convolutional layers are used. Point
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convolution and depth convolution make up each depth separable convolution
layer. If depth and point convolutions are counted independently, MobileNet has
28 layers. By optimising the width factor meta-parameters, we may minimise the
4.2 million parameters that constitute a typical MobileNet. The architecture of
MobileNet-V2 is shown in 3.6.
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Figure 3.6: MobileNet-V2 architecture.

3.2.3 ResNet-50

Resneth0 is a well known Resnet architecture acknowledged for its 50 layers and
happens to be amongst the most popular ones. In 2015, it achieved the greatest
performance on the ImageNet dataset. Connected by residual connections are a
number of convolutional layers in each of these sixteen residual blocks which make
up ResNetb0. It’s crucial to remember that the architecture includes fully linked
layers, pooling layers, and a softmax output layer for classification. An image of
size 224x224x3 is fed into the ResNet50’s input layer. The image’s RGB colour

channels are represented by the number 3.

A well-liked neural network that addresses the issue of training deep neural
networks is called ResNet, or residual network. Neural networks with more than
140 layers are now very simple to train thanks to the development of ResNet.
Because the gradients were inversely connected, they disappeared after every layer

before ResNet. This indicates that performance achieves saturation after a given
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number of layers. ResNet uses identity connectivity, a method that deals with the

problem of vanishing gradients, to achieve this. The architecture of ResNet-50 is

shown in 3.7.
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Figure 3.7: ResNet-50 architecture.
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Chapter 4

Results

4.1 Quantity of data

The data will be represented in some vector or numeric format. At first we wait
for some words in data, but for machine learning analysis, the words will be
represented in vector or digit format. Images were resized, shrunked to 224 by

224 and scaled so that the deep learning model can train more quickly.

The data have about 14.000 rows with matched item names and matched image
urls from both sources. Although the data was from open sourced document, we
had to parse links to product images from wildberries site, because initial urls were
out of date and invalid. The code is located in Appendix B. Titles our main source
of information, which is very beneficial in matching same products. Images also
our main source of information, because rarely aggregators use different images

on the same item.

In the preprocessing stage, several essential steps are taken to prepare the
text data for further analysis. Firstly, special characters are removed from both
the title and body of the text. This helps eliminate any unwanted symbols or
punctuation that may hinder the accuracy of subsequent processing steps. Next,
repeated words were removed, because they can be noise for our model. To ensure
consistency and avoid issues with word matching, all characters in the text are

converted to lowercase. Lastly, the words are stemmed, which involves reducing
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them to their base or dictionary form. This step helps capture the core meaning
of the words and reduces variations, such as different tenses or plural forms, to
enhance the accuracy of subsequent analysis tasks. By performing these pre-
processing steps, the text data is cleansed and standardized, ready for various
natural language processing techniques and machine learning algorithms. The

code is located in Appendix A. Preprocessed titles can be seen in figure 4.1

: df[['wildb_title', 'wildb_title_preprocessed', 'ydx_title', 'ydx_title_preprocessed']].sample(10) g * 4+ & F 0

wild_title wildb_title_preprocessed yex_title ydx_title_preprocessed

Menosas maruuTHan nocka *Cepaue® MEN0B MarHWTH A0CK CEpAL ANs Ma'"“T.?ﬁiiﬁm?:;z:::m’f: MarHWTH Meno gock doskidyou cepau ana

2099 Ans il + M MR AETEK [ BKT QETCK
XONDOMNBHAK, KOMNNEXT | feTcxan

WEN | QETCXAN MPHBENsHAS YEpHAR FpHGEnsH YapH e rpUGEnsH Men
“exon LYAMBDA REGUL ans Samsung wexon lyambda regul ans samsung “eon LYAMBDA REGUL ans Samsung

903 Galaxy A30s/AS0/AS0s (LAOG-RG- galaxy 1305500505 1a06rgaS0bk  Galaxy A30S/ASO/AGOs (LADG-RG-ASO- X" WATRCH e Ain S Soy
A50-BK) Black black EK) Black

6145 Maccamnoe macno Chicco Baby maccamu macn chicco baby moments Chicco Macno maccaxwoe Baby  chicco macn maccamm baby moments 200

Moments 200 mn 200 mn Moments, 200 rn (1]

Manka=nnaKweT NNACTWKOBAR  NankannaWwer nnacTuxos erichkrause " " .
1617 ErichKrause Diamond Original, A4,  diamond original a4 YyepH & nakeT no 4 Er'chk'a[';:mnuf:'g:";‘::':i'::o::; erichkrause noprden mai:r?:;:':'::n:
“epHbIf (B nakeTe no 4 wr.) wr 9 Ly v Lo

9546 HaGop mucTpysenton BOXYM Habop mHCTpyMenT Goxym bal781214 Habop wicTpymenTos BERGER Boxym Habop UMCTRYMENT berger Gonym

BGOTA-1214, 78 wr. 78 wr BGO78-1214, 78 npeam. bg0781214 78 npeam

7219 YrownwhoBANbHER MaWKKa yrnownkdosansH Mawnk  YIUIM Wutepckon YLLUM-180/1800M, 1800 YWM MHTEpCKon yiwmi1801800m 1800 T

YIWM-1801B00M, 180mm, 1800 BT VWM 18018008 180wmm 1800 8T ET, 180 mm 180 Mwm
Pamka ons BeiknYaTensi v po3aTok PEMK QA BEKNIOYETEN W podeTox  3PA 14-5102-28 3PA Pamka Ha 2 nocTa,

T09 amcinan cTexns 3pa Elegance anodn cTexn ap elegance ronys ctexno, 3pa Elegance, ronyGoi+Gen » 1:|5]ziii?::k’;%é;;?;;{;;g

ronyBoi 14-5102-28 14510228 (5/5011200) 3
1581 Asporpad AGS7/0.2 asporpad ags702 Aaporpad Fubag AGS7/0.2 asporpad fubag ags702

LA ROCHE-POSAY | HYDRAPHASE UV Ia roch hycraphase uv inten: La Roche-Posay Hydraphase UV Intense la rocheposay hydraphase uv intense
6985 INTENSE LEGERE MHTamcHembii le .-uemuc“ :12:;:!! H'-' g::x:;c‘v%n o s"; Legera MHTEHCHBHERA YBNERHAKWMA legere uHTEHCHEH yBNANHRA s ©
YENAXHAKWMWA $mona Ans nuua 9 ¥ AL S fo";OTJI mou] © 3UMTOR or UV Ans nMua, wen ¥ 33wmT or ans nuy we o ofinact nexonst 50
SPF20, 50 mn. F ofnactu gekonete, 50 mn Mn
- "IAMOK HABECHOM ""PARK"™" Y
8160 amox HasecHoik U/SD. 3amoK Haseck 450 RS B sawmox wasech park 450 112120

Figure 4.1: Preprocessed titles.

In the future engineering steps, we employ the CountVectorizer to convert our
text documents into a matrix of token counts. This process allows us to represent
the textual data in a numerical form, enabling further analysis. Additionally,
we utilize the tf-idf transformer to transform the count matrix into a normalized
tf-idf representation by formula 4.1.1. This transformation helps capture the
importance of each token in the document collection by taking into account both
the term frequency (tf) by formula 4.1.2 and the inverse document frequency (idf)
by formula 4.1.3. By incorporating these techniques, we enhance the effectiveness

and depth of our text analysis and modeling approaches.

tf idf(t,d, D) = tf(t, D) = idf (t, D) (4.1.1)

tf (t,d) =log(1+ freq(t,d)) (4.1.2)
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N

df (t, D) =1
idf(t. D) Og(count(dED:tEd)

) (4.1.3)

For the images, the first step in the preprocessing stage is to resize the images.
Using the Tensorflow library, each image has been shrunk to 256 by 256 so that
the deep learning model can train more quickly on smaller images. Depending on
the quantity and size of pixels, the neural network model must learn a lot while
working with a larger input image. Therefore, scaling images is thought to be
one of the most effective data pre-processing methods for lowering the training
overhead. The photos are enhanced and pre-processed to lessen model bias and
increase their generalizability before the image embedding is extracted. Following
this stage, an array of images is created and fitted to the models in order to
extract the image embedding. The code is located in Appendix C. Product match

by images from different sources can be seen in figure 4.2

Mon Paris Floral NapdromepHan Boga Yves Saint
ﬂ&pt?lOMe_?Haﬂ goda 50 mn Laurent Mon Paris Floral, 50 mn
(wildberries) (yandex market)

100% OPHIHHARN

Yves Saint Laurent
Man Paris Floral

Figure 4.2: The same images from different sources.

4.2 Main results of work

Deep learning techniques play a major role in both decision-making and behaviour
analysis. To predict matching commodities, three deep learning models that have
already been trained are utilised. One of these is transfer learning, which produces
exact results by using a weight that has previously been trained. It starts by
linearly organising the array, and then it assigns a score to each component of the
image to analyse it. Essentially, it is adding extra relevance to every aspect of the

picture, which will help with identification later on.
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In this job, three deep learning based algorithms including Vgg-19, Mobilenet,
and Resnet-50 are utilized. The superlative model having the most weighted cus-
tom metric can be employed. This metric is founded upon the principle that
similar images should exhibit greater cosine similarity while the Levenshtein dis-
tance for text ought to be minimized. The weights are assigned to each metric so
that, for example, cosine similarity is assigned 0.6 and the normalised Levenshtein
distance is assigned 0.4. This is because the product image is the same every-
where in the world, but the text may vary depending on linguistic constraints. As
a result, a weighted sum of both metrics is taken into consideration for model eval-
uation. The implementation of several libraries was facilitated by NumPy, plotly,
scipy, sklearn, TensorFlow, Keras, OpenCV, tqdm, and others. The reason Google
Collab should be employed when training these models is its availability of free
GPU services while CNN is needed in this suggested process. The programming
is done with Python language. The following specifications have been required to
put this model into practice: google colab with 12GB RAM, 4 CPU Cores and
GPU Nvidia P100.

Every implemented model must be evaluated using the normalised Levenshtein
distance, custom metric, and cosine similarity. The problem at hand involves
recommendation, specifically multiclass recommendation. To assess several pre-
trained deep learning models, test data is used to calculate cosine similarity,
Levenshtein distance, and a proprietary metric. All measures are intended once
each model has been trained on training data and evaluated on test data. The
best model for suggesting related products is determined by calculating the custom
metric’s highest value. To see how the implemented models compare, bar charts
are plotted. Because the dataset is big, it takes roughly 4 hours to train each

model.

4.2.1 Results

Image embedding is retrieved using models like VGG-19, ResNet-50, and Mo-
bilenet, which have been developed using the train data. Following the model’s
processing of each image, the list’s image embeddings are concatenated. More-

over, these models predict the five most similar images based on the test image,
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and their cosine similarities are computed in relation to the test image.

To determine the similarity between the image - Cosine Similarity, and for the
text - Levenshtein Distance respectively is used. The custom metric is a total
similarity score that has been computed using these two metrics. When it comes
to similarity detection, the model with the greatest custom metric score will be
considered the most efficient. The results of these metrics indicate the likelihood

of this approach being used in actual e-commerce portal applications.

The average cosine distance for the Mobilenet Model is 0.88. The average co-
sine similarity score for VGG-19 is 0.75. Whereas the average cosine similarity for
ResNet50 is 0.70. Afterwards, the text data is retrieved and their levenshtein dis-
tance is computed with regard to test dataset based on the suggested five images.
The average normalised Levenshtein distance for the VGG-19 model is deter-
mined to be 0.42, while the normalised Levenshtein distance for the MobileNet
and ResNet-50 models are respectively 0.48 and 0.51.

The best model is the one with the lowest normalised Levenshtein distance and
the highest average cosine similarity. A custom metric, or total similarity score,
has been calculated based on the Cosine Similarity and Levenshtein Distance to
make this calculation considerably simpler. Figure 4.3 displays for each model
Average Cosine, Levenshtein distance and the custom metric in relation to test

dataset.

It has been determined through analysis of the numbers in the bar chart pre-
sented in Figure 4.3 that the custom metric for the MobileNet model is 0.74.
Whereas the custom metric score for the ResNet-50 model is 0.68 and for the
VGG-19 model is 0.70, all three metrics were obtained for this model by following
the equivalent processes stated above. The MobileNet model has demonstrated

the greatest results for similarity detection for test dataset.

We measured accuracy by finding the closest item and compare it with ground
truth item. The code is located in Appendix D. In terms of accuracy MobileNet
model showed the highest score - 0.82, while VGG-19 showed 0.77 accuracy and
ResNet-50 0.75 accuracy respectively.

36



Comparison of Models
Metric

Cosine distandce

0.8 1 Levenshiein distance
Custom mietric
Acouracy

0.6 4

Score

0.4 4

0.2 4

0.0 =

Mickilemet VGG-19 ResNet50
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Figure 4.3: Different Models comparison: Cosine similarity vs Normalized Leven-
shtein distance vs Custom metric.

The results of the studies indicate that MobileNet Architecture is the most
effective model for matching product similarities, outperforming other models like
VGG-19 and ResNet-50. MobileNet is a lightweight convolutional-layered model
that is extremely intricate and deep. Based on the aforementioned analysis, the
mobilenet model performs exceptionally well in terms of cosine similarity and is
marginally closer to other models in terms of Levenshtein distance output. The
findings of all models are equivalent because they are all deep models that were
trained using ImageNet data. Although the matched products predicted by these
algorithms are nearly identical to the mobilenet model, the custom metrics value
is lower, the Levenshtein distance is larger, the cosine similarity is smaller and
the accuracy is the highest. Because the dataset is big, it takes over four hours

to train each model. Result can be found in table 4.2.1

Table 1: Results metrics of models

Cosine distance | Levenshtein distance | Custom metric | Accuracy
Mobilenet 0.88 0.48 0.74 0.82
VGG-19 0.75 0.42 0.70 0.77
ResNetH0 0.70 0.51 0.68 0.75

Description: Comparison of various models based on different metrics including
Cosine distance, Levenshtein distance, Custom metric and Accuracy.

Finally, in order to present the results of our work, a web platform was created.
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Here, you can upload the URL of an item image and the title of the item 4.4.
The algorithm will find the best match from the list of items provided earlier.
For demonstration purposes, 1000 items were uploaded. The code is located in

Appendix E and Appendix F.

Product Matching

image LIRL
hiips:favaatars. mas ymedex. netiget-mpi] BESSZmg_dBTT1IBSIMINIT 1041 prgl
Titde:
Baren JOC Cokor Kpota-pacns, .21 coatses CoTTnsd Broeiims msirymmnsh nenarusas, 100 un
Input Irsage: -
Ingut Title: Barex JOC Color Kpaiu-apica, 821 cudnib chTnisi Bnosdm

WY PN, 100 M

Similarity Score: 0.7866 772849559784

i
Matched image:
Matched Title: Kpes-xpacaa gna sonoc 9.21 Cuess coemrn Bncegem
WY PONENEHEA 100N, Mwan JOC COLOR

Figure 4.4: Web Platform
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Chapter 5

Conclusion

Finding the products that match the best or predicting which ones are the most
comparable are still difficult tasks. In this study, images and text embeddings,
together with the labels corresponding to each image, are extracted using the
first pre-trained deep convolutional models. After determining the Levenshtein
distance and the model cosine similarity, a custom metric is calculated. Based on
the text and image with the greatest custom metric score, average normalised Lev-
enshtein distance, and average cosine similarity, the pretrained Mobilenet model

may be trained to find most relevant items or comparable images.

The deep convolutional architecture and lightweight design of this model are
important implementation factors. A dataset including about 14000 images with
corresponding titles is used in this prediction and analysis study to identify compa-
rable images. By identifying the most comparable products based on the image
and text that contains the label or tags associated with the image, this study
achieved its goal of detecting similar goods. Finally, in order to present the re-
sults of our work, a web platform was created. Under the hood, a pre-trained

MobileNet model was used to find similar images.

The study also shed light on the pervasive challenge of working with limited
computational capabilities, the obtained results are somewhat limited to their
optimal results due to the limited amount of product images and their titles.

Future research can incorporate a more sophisticated matching product system
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with the vast amount of product image and labelled tag data, undoubtedly leading
to improved accuracy and outcomes. More processing power will result in a faster
training time for these models. E-commerce companies can save a great deal of
time by classifying identical products with more accuracy. These methods can
also be applied to recommendation systems, which assist customers in making

the best decision.
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Appendix A

Preprocessing

1 def preprocess_text(text):

2 text text.lower ()
A text = re.sub(r’[~\w\s]’, ’’, text)

6 words = word_tokenize(text)

8 stemmer = SnowballStemmer ("russian"

9 stemmed_words = [stemmer.stem(word) for word in words]

11 unique_words = list(OrderedDict.fromkeys (stemmed_words))

13 preprocessed_text = ’ ’.join(unique_words)

15 return preprocessed_text
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Appendix B

Parsing image urls

def get_img_link(item_id):

item_id = str(item_id)

vol = str(item_id) [:len(item_id) -5]
part = str(item_id) [:len(item_id) -3]

img = 7’

for i in range(1l, 17):

i = str(i)

if int (i) <10:

i= 207+

url = f’https://basket-{i}.wbbasket.ru/vol{vol}/part{part}/{item_id

}/images/big/1.webp’

response = requests.get(
url,
headers=headers,

timeout=10

if response.status_code ==

img = url
break
if response.status_code != 200:
img = response.status_code

return img

200:
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Appendix C

Preprocessing images

1 def

load_and_preprocess_image (image_url, model_name) :
size = (224, 224)

response = requests.get(image_url)

img = Image.open(BytesIO(response.content))

img = img.convert (’RGB’)

img = img.resize(size, Image.NEAREST)

img_array img_to_array (img)
img_array = np.expand_dims(img_array, axis=0)
if model_name == ’vggl9’:
return preprocess_input_vggl9 (img_array)
elif model_name == ’mobilenetv2’:
return preprocess_input_mobilenetv2(img_array)
elif model_name == ’resnetb0’:

return preprocess_input_resnet50(img_array)
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Appendix D

Evaluation

1 def evaluate_accuracy(similarity_scores, initial_df):

2 correct_matches = 0
3 for idx, scores in enumerate(similarity_scores):
1 max_sim_index = np.argmax(scores)

5 correct_index = idx

7 if max_sim_index == correct_index:

8 correct_matches += 1

10 accuracy = correct_matches / len(similarity_scores)

11 return accuracy
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Appendix E

Web platform backend

from
from
from

from

fastapi import FastAPI, HTTPException
fastapi.middleware.cors import CORSMiddleware
pydantic import BaseModel

typing import List, Dict

import pandas as pd

import numpy as np

from
from

from

io import StringlIO
Levenshtein import distance as levenshtein

sklearn.metrics.pairwise import cosine_similarity

import re

import nltk

s nltk

nltk

5 from

from
from
from

from

.download (’stopwords’)

.download (’punkt’)

nltk.stem import PorterStemmer
nltk.tokenize import word_tokenize
nltk.corpus import stopwords
collections import OrderedDict

nltk.stem.snowball import SnowballStemmer

import requests

from

23 from

from
from

from

tensorflow.keras.preprocessing.image import img_to_array, load_img
io import BytesIO
PIL import Image

tensorflow.keras.applications import MobileNetV2

tensorflow.keras.applications.mobilenet_v2 import preprocess_input as

preprocess_input_mobilenetv2

app

FastAPI ()
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app.add_middleware (
CORSMiddleware ,
allow_origins=["*"],
allow_credentials=True,
allow_methods=["*x"],

allow_headers=["*"],

class Item(BaseModel):
image_url: str

title: str

class DataFrameInput (BaseModel):
data: List[Dict[str, strll

5 df = pd.read_csv(’wildb_dataset.csv’)

wilbd_embeddings = np.load(’wilbd_embeddings.npy’)

def load_and_preprocess_image (image_url, model_name) :
size = (224, 224)
response = requests.get(image_url)
img = Image.open(BytesIO(response.content))
img = img.convert (’RGB’)

img = img.resize(size, Image.NEAREST)

img_array = img_to_array (img)
img_array = np.expand_dims (img_array, axis=0)
if model_name == ’vggl9’:

return preprocess_input_vggl9 (img_array)
elif model_name == ’mobilenetv2’:

return preprocess_input_mobilenetv2(img_array)
elif model_name == ’resnetb0°’:

return preprocess_input_resnet50(img_array)

5 def get_model_features(df, model, preprocess_function,

model_features = []

for img_path in df [col]:

processed_img = load_and_preprocess_image (img_path,

preprocess_function)
features = model.predict(processed_img)
features = features.flatten ()
model_features.append(features)

return np.array(model_features)

def preprocess_text(text):
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text

text.lower ()

text re.sub(r’[~\w\s]?’, ’’, text)

words = word_tokenize (text)

stemmer = SnowballStemmer ("russian"

stemmed_words = [stemmer.stem(word) for word in words]
unique_words = list(OrderedDict.fromkeys(stemmed_words))

preprocessed_text = ’ ’.join(unique_words)

return preprocessed_text

5 Qapp.post("/calculate_similarity")

; async def calculate_similarity(item: Item) -> Dict:

global df
global wilbd_embeddings

input_image = item.image_url

input_title = item.title

df _to_compare = pd.DataFrame (data={’img’: [input_image], ’title’: [
input_titlel})

df _to_compare[’title2’] = df_to_compare.title.apply(preprocess_text)

df = df .rename(columns={’wildb_title_preprocessed’: ’title’, ’wildb_img’

>img’})

mobilenetv2_model = MobileNetV2(weights=’imagenet’, include_top=False,

input_shape=(224, 224, 3))

ydx_img_features = get_model_features(df_to_compare, mobilenetv2_model,

’mobilenetv2’, ’img?’)

score_list = []

for i in range(len(wilbd_embeddings)):

score = cosine_similarity([wilbd_embeddings[i]], ydx_img_features)

[o] [0]
score2 = levenshtein(df.title[i], df_to_compare.title2[0]) /100

total_score = 0.6xscore+0.4*x(1-score?2)

score_list.append(total_score)

max_index = np.argmax(score_list)
max_score = score_list[max_index]+0.3

df = df.reset_index(drop=True)
matched_title = df.wildb_title[max_index]

matched_image = df.img[max_index]

if max_score<0.7:

matched_title ’No match’

Il

matched_image = ’No match’
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if

return {

"input_image": item.image_url,

"input_title": item.title,

"similarity_score
"matched_image":
"matched_title":

__name__ == "

import uvicorn

uvicorn.run(app, host

": max_score,
matched_image,

matched_title

__main__":

="127.0.0.1", port=8000)

o1
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Appendix F

Web platform frontend

<!DOCTYPE html>
<html lang="en">
<head>
<meta charset="UTF-8">
<meta name="viewport" content="width=device-width,
<title>Product Matching</title>
<style>
body {
font-family: Arial, sans-serif;
margin: O;
padding: 20px;
background-color: #f0f0fO0;
X
.container {
max-width: 600px;
margin: auto;
padding: 20px;
background-color: #fff;
box-shadow: 0 O 10px rgba(0, 0, 0, 0.1);
border -radius: 8px;
X
.form-group {

margin-bottom: 15px;

}
label {
display: block;
margin-bottom: 5px;
X

input [type="text"], input[type="file"] {
width: 100%;
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initial-scale=1.0">



padding: 8px;
box-sizing: border-box;
b
button {
padding: 10px 15px;
background-color: #007bff;
color: #fff;
border: none;
border -radius: 5px;
cursor: pointer;
b
.result {
margin-top: 20px;
padding: 15px;
background-color: #e0ffeO;
border: 1px solid #b2ffb2;
border -radius: 5px;
b
</style>
</head>
<body >
<div class="container">
<h1>Product Matching</h1>
<div class="form-group">
<label for="image-url">Image URL:</label>
<input type="text" id="image-url" required>
</div>
<div class="form-group">
<label for="title">Title:</label>
<input type="text" id="title" required>
</div>
<button onclick="submitForm()">Find</button>
<div id="result" class="result" style="display:none;"></div>
</div>

<script>
async function submitForm() {
const imageUrl = document.getElementById(’image-url’).value;

const title = document.getElementById(’title’).value;

const response = await fetch(’http://127.0.0.1:8000/
calculate_similarity’, {
method: ’P0OST’,
headers: {
>Content -Type’: ’application/json’,

>Accept’: ’application/json’
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T,

body: JSON.stringify ({ image_url: imageUrl, title: title })

B

if (!response.ok) {
const errorText = await response.text();
alert (‘Error: ${errorTextl}‘);

return;

const data = await response.json();
document .getElementById (’result’) .style.display = ’block’;
document . getElementById(’result’) .innerHTML = ¢

<p>Input Image: <img src="${data.input_image}" alt="Input
Image" width="100"></p>

<p>Input Title: ${data.input_titlel}</p>

<p>Similarity Score: ${data.similarity_scorel}</p>

<p>Matched Image: <img src="${data.matched_imagel}" alt="
Matched Image" width="100"></p>

<p>Matched Title: ${data.matched_title}</p>

}

</script>

</body>

¢ </html>
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