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Multilingual Search Optimization Using BERT Al and
Product Knowledge Bases

MARTIN LOUIS

Abstract- Multilingual search optimization is
important to help users obtain precise and relevant
information in different languages. However,
traditional search techniques typically have a hard
time with semantic subtleties, cultural differences,
and the difficulties of low-resource languages. In
this work, we propose a new approach combining
BERT's power (Bidirectional Encoder
Representations from Transformers) with domain-
specific product knowledge bases to improve
multilingual search performance. With natural
language understanding capabilities of the advanced
BERT model and structured product knowledge
integrated, our  model enhances  query
understanding, reduces context irrelevancy, and
improves the accuracy of search results.The
proposed system is tested on high- and low-resource
multilingual datasets, and it achieved considerable
improvements in precision, recall, and Mean
Reciprocal Rank (MRR) over baseline methods,
including TF-IDF and BMZ25. Additionally, the
model could better resolve ambiguous queries and
provide domain-specific insights by adding product
knowledge bases. The impact of this approach on
user experience, cultural adaptation, and cross-
linguistic consistency is also evaluated in the study.
Thorough model comparison and ablation analysis
were demonstrated to show that the combination of
BERT and knowledge bases outperforms traditional
and modern search optimization techniques. This
research makes the case for Al-powered multilingual
search optimization and offers a basis for continued
innovation in global search systems.

Indexed Terms- Multilingual Search, BERT, Al,
Product Knowledge Bases, Search Optimization,
Natural Language Processing, Cross-lingual
Search.

IRE 1701028

l. INTRODUCTION

1.1 Background and Importance of Multilingual
Search in Global Markets

In today's connected world, businesses and
organizations operate increasingly globally; thus,
multilingual search systems become necessary for
their success. As millions of people communicate in
an infinite number of languages across languages, it is
not a luxury but a necessity to deliver accurate and
contextually relevant search results across languages.
Additionally, this enables inclusivity and accessibility,
allowing users from differing linguistic backgrounds
to interact more easily with services and products.
With companies expanding to a broader customer
base, catering to multilingual searches is paramount to
maintaining user satisfaction and increasing brand
loyalty.

Optimizing for Global
Reach

Global Online Users by Language

Global Market Expansion

Multilingual search engine optimization
(SEO) allows businesses to reach a
wider audience by adapting their
content to various languages and
cultures.

Fig 1. Global Market Reach
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For instance, if an e-commerce platform is serving
customers worldwide, then a user looking for a
product in Spanish must be able to get results that are
as relevant and close as when another user is searching
in English, Hindi, or Mandarin. Failure to implement
robust multilingual search mechanisms can drive those
users away and cause them to engage less, not to
mention let go of a large chunk of revenue. In this
competitive landscape, businesses must acknowledge
the diversity amongst the audience and change their
functionalities for search to cater to the different
needs.
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However, effectively optimizing multilingual search is
challenging. Different languages have different word
forms but also vastly different grammar and syntax,
cultural contexts, and idiomatic expressions.
Traditional search systems too often fail to cross these
linguistic divides, resulting in dissatisfied searches and
users. The urgency to overcome these barriers with
advanced Al-driven solutions that deliver frictionless
multilingual search experiences that speak to users
around the globe is underscored.

1.2 Challenges in Conventional Search Systems for
Multilingual Users

Traditional search systems cannot understand and
process multilingual queries, especially those based on
keyword matching or rule-based approaches. The most
essential difficulty relates to semantic and syntactic
differences between languages. The meanings of
words and phrases vary tremendously from language
to language and from context to context. For example,
the word 'bank' in English could mean a financial
institution but may mean 'shore' in another language.
These terms are generally difficult for conventional
systems to disambiguate across languages, resulting in
confusion and irrelevant search results.

Furthermore, many languages, particularly those of
smaller population groups, contain too few digital
resources, training data, and linguistic resources.
Typically, conventional systems are biased toward
high-resource and underserved, excluding low-
resource languages and their users. As a result, this
limited support complicates the multilingual search
landscape since users with such linguistic
backgrounds may suffer from reduced search
performance.

Multilingual search is also subject to cultural context.
Different cultures often use other languages, and some
expressions, idioms, or even preferences cannot be
translated from one language to another. For example,
a French user looking for "boulangerie” should see
results specifically about French bakeries and the
French way of life, which traditional systems do not
consider. This misalignment creates a possible
disconnect between the user's expectations and what it
gives back.
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These challenges are compounded by the inability of
basic search systems to capture context. This is often
approached in traditional ways using exact keyword
matching, which isn't comprehensive enough to
consider the greater context of a query. As a result, this
imposes a limitation where the results obtained can be
irrelevant, especially when the users enter small or
ambiguous queries. While traditional systems also
suffer from scalability issues with increasing numbers
of supported languages, they have difficulty keeping
consistent performance and accuracy across the large
and diverse spectrum of languages. However, building
and managing language-specific rules or models has
become progressively infeasible, highlighting the need
for innovation.

1.3 The Role of Al, Especially BERT, in Overcoming
the Challenges

With the advent of Artificial Intelligence (Al), the
natural language processing (NLP) field is making
machines understand and process human language
better. BERT (Bidirectional Encoder Representations
from Transformers) is a transformer-based model
from Google that is one of the biggest breakthroughs.
In terms of understanding the context and meaning of
words within sentences, BERT has set new
benchmarks, placing it on the pedestal as a powerful
multilingual search optimization tool.

One of the main advantages of BERT is its ability to
capture the bidirectional context of words. Unlike
traditional word embedding models, which emphasize
individual meanings of words, BERT understands the
definition of a word as the context in which it is used
in a sentence. It is effective thanks to understanding
complex queries more precisely, thus getting more
accurate and relevant search results.
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BERT's Role in SEO

BERT's Impact on Search Result
Accuracy

3 3

Before BERT @ After BERT
Fig 2. BERT’s impact on search result accuracy

In addition, we have versions of BERT that are pre-
trained for multilingual use, like MBERT and XLM R,
and that can deal with over 100 languages. By having
these models share linguistic knowledge across
languages, they can generally be better for low-
resource languages and perform better in multilingual
tasks. However, this is vital when addressing the
problems of underserved languages that suffer in
standard search systems.

In addition to query expansion, BERT is great at
semantic search and mapping queries and documents
into the same vector space, which lets you make more
appropriate matches than just keyword overlap. With
this semantic understanding, search systems can return
results that make sense of the user's intent, allowing
for a better search experience. Furthermore, BERT
works well out of the box but is also great when fine-
tuned for specific tasks and domains (Product search
in the e-commerce domain). This versatility makes
BERT an excellent solution for multilingual search
optimization across a wide variety of industries so that
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businesses can address different global customer
needs.

1.4 Research Objectives and Scope

Combining BERT Al with domain-specific product
knowledge can significantly improve multilingual
search performance. Several key objectives are
addressed as part of the study to deal with the
challenges of multilingual search. It first examines
how BERT's capacity to grasp contextual and semantic
context can enhance query processing and relevancy
across multiple languages. In particular, I look into the
fine-tuning of BERT for specific domain applications
so that the model knows the properties of multilingual
search tasks.

Moreover, the research stresses the consolidation of
product knowledge bases, which are structured
repositories of product information, including their
attributes, features, relationships, and metadata. The
study first incorporates these knowledge bases with
BERT to increase search precision on ambiguous or
domain-specific queries. For instance, if a user
searches for a 'budget laptop with SSD,’ the system can
use the knowledge base to understand the interesting
attributes and give the most pertinent answers.

It also provides research that uses shared linguistic
knowledge in multilingual BERT models and boosts
training data with synthetic or translated examples to
address the need for better support for low-resource
languages. Lastly, the study stresses developing a
system that can scale effectively across many
languages and domains and contextually within user
factors like ease of use, cultural relevance, and
personalized search experience.

This research primarily focuses on multilingual search
systems in e-commerce and product-centric domains;
however, the methodology and insights apply to other
applications like healthcare, legal documentation, and
customer support systems. Achieving these objectives,
this research contributes to multilingual search
optimization, demonstrating a sound framework for
using Al and knowledge bases to build scalable and
useful solutions for worldwide markets.
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Il. LITERATURE REVIEW

2.1 Search Optimization in Multilingual Contexts
The latest theme of research on optimizing
multilingual search has come up as the need for global
information access continues to increase. Traditional
search systems have traditionally relied on some
methodologies, including keyword-based search,
statistical machine translation (SMT), rule-based
approaches, vector space models, and cross-language
information retrieval (CLIR).

The most widely used search methods are keyword-
based, i.e., TF-IDF (Term frequency-inverse
document frequency), BM25, etc. These are keyword-
matching retrieval systems, which are computationally
efficient and simple. However, they are very poor at
semantic understanding and are thus ineffective at
handling variations in language syntax and grammar.
SMT was used in early attempts at multilingual search
to translate queries into a target language. While this
is useful, it is overly dependent on the quality of the
translations and often fails to capture the cultural and
contextual nuances in different languages.

Encoder

BERT gase BERT Large

Fig 3. BERT Architecture

Rule-based systems handle linguistic variations that
write applicable language-specific rules. However,
this approach does not scale to multiple languages and
requires much human effort. Currently, distributed
word representations such as in Word2Vec [2] or
GloVe [4] use vector space models to capture semantic
similarity yet lack context dependence and cannot
account for polysemy: a word can have several
meanings. Cross-language information retrieval
(System) tries to retrieve information from different
languages by creating a shared representation of query
documents. Despite that, however, these systems tend
to fail to scale well to low-resource languages because
they lack enough training data.
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Although some successes have been achieved,
traditional methods suffer from several important
challenges. However, they often lack an understanding
of rich query contexts or semantic nuances, are highly
dependent on high-resource languages, and do not
easily scale to large-scale multilingual systems.
Moreover, they do not adequately satisfy domain-
specific queries, which is important for search result
relevance. However, these limitations clearly
emphasize the need for advanced Al-driven
approaches like BERT to deal with the problems of
multilingual search optimization.

2.2 BERT in Natural Language Processing (NLP)
The 2018 BERT  (Bidirectional  Encoder
Representations from Transformers) is a breakthrough
in natural language processing. This model is
bidirectional in that it learns contextual relationships
between words in a sentence — i.e., it looks at the
neighboring words before and after the word. As a
result of this bidirectional understanding, BERT is
great at dealing with complex language tasks.

We have Multilingual BERT (mBERT), one of the
notable developments from the BERT framework, pre-
trained on text from 104 languages. MBERT is able to
generalize across languages because of shared
vocabulary and weights, allowing it to be used on
multilingual tasks even for languages with little data.
Furthermore, BERT has a cross-lingual transfer
learning ability to utilize knowledge learned from
high-resource language to boost performance in low-
resource language. For example, English data can be
trained, greatly increasing performance for languages
with similar linguistic properties, like Spanish or
German.
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NLP Workflow: A Condensed Overview
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Fig 4. NLP Workflow

In addition to query expansion, BERT is great at
semantic search and mapping queries and documents
into the same vector space, which lets you make more
appropriate matches than just keyword overlap. With
this semantic understanding, search systems can return
results that make sense of the user's intent, allowing
for a better search experience. Furthermore, BERT
works well out of the box but is also great when fine-
tuned for specific tasks and domains (Product search
in the e-commerce domain). This versatility makes
BERT an excellent solution for multilingual search
optimization across a wide variety of industries so that
businesses can address different global customer
needs.

How Does Semantic Analysis Work?

Fig 5. Semantic Analysis

Pre-processing of multilingual queries through
identifying the language and tokenizing the input,
using BERT to generate embeddings of the questions
and product descriptions, retrieving knowledge base
information to refine search results and resolve
ambiguities, and finally returning optimized, relevant
results are the core steps in the approach.
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BERT shows excellence in semantic search by
representing queries and documents in a shared vector
space and, hence, by doing semantic matching. With
contextual understanding, like with other contextual
models, BERT can perform better on polysemous
words and complex queries than other models. In
multilingual search, such an approach has many
applications; it can help with query understanding
contextual disambiguation and boost scalability. With
multilingual pre-trained models like mBERT, there is
no requirement for building a language-specific model
and, hence, fast-track global applications. However,
BERT has limitations. Moreover, it frequently lacks
domain-specific knowledge and typically needs fine-
tuning to fit a particular use case, which can be
resource-intensive.

2.3 Knowledge Bases as Parts of Search Optimization
A knowledge base is a structured repository for
domain-specific information, including product
attributes, relationships, and metadata. This includes
prominent examples such as graph-based systems like
the Google Knowledge Graph and specialized
knowledge bases for e-commerce platforms such as
those created by Relay, Perfecto Connect, and EB
David, among others. Knowledge bases integrated into
search optimization are very important in improving
the search experience as a whole.

Improving query interpretation is one of the main
advantages of knowledge bases. They offer structured
context, allowing the search system to understand the
user query correctly. For example, using the
knowledge base, a query like "affordable smartphone
with good battery life" can be matched to products
with relevant attributes like "price range™ and "battery
capacity.” In addition, knowledge bases help improves
search relevance by allowing systems to emphasize
results according to domain-specific criteria. In the
case of e-commerce, this can refer to highlighting the
products with higher user ratings or more relevant
specifications.

Further, knowledge bases are wuseful in the
disambiguation of queries. For instance, in 'Apple,’
which stands for both the tech company and the fruit,
a knowledge base assists in disambiguation by
attaching it to appropriate entities. In addition, they
enable personalization and contextualization of search
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results by including user preferences and previous
interactions in the query processing pipeline.

The search system can be better integrated with
knowledge bases and Al models such as BERT to
facilitate complex and domain-specific queries.
Improving semantic understanding and search
accuracy of search systems results in greater user
satisfaction through fine-tuning Al models with
knowledge bases' help.

2.4 Gaps in Current Research

There have been remarkable improvements in
multilingual natural language processing and the use
of knowledge bases. However, there are still several
holes in available research. The most important issue
is that multilingual Al models are not integrated into
knowledge bases. Although BERT is good at
understanding the semantics of sentences, it does not
possess knowledge of the domain, which is inherently
contained in knowledge bases. Alternatively,
knowledge bases are rich in structured information but
have difficulty understanding natural language.
Studies examining these two techniques are few and
scarcely address how these two may be integrated into
a unified framework for multilingual search
optimization.

Another important gap is in overcoming the obstacles
in low-resource languages. This leaves a hole in
developing robust multilingual systems that perform
well for lower-resource languages not already covered
by most research. Additionally, knowledge base
integration is inherently scalable. It has computation
efficiency and system scalability issues, which is a big
issue with global applications where large amounts of
data need to be processed.

Furthermore, the currently prevalent multilingual
search systems do not fully understand user queries'
cultural and linguistic context, leading to sub-optimal
search results. There are also domain-specific
adaptations, where generic multilingual models like
mBERT do well at general NLP tasks but are not
straightforward to fine-tune for a given application and
require much fine-tuning, which can be resource-
intensive and time-consuming.
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On the other hand, there is a severe lack of
standardized metrics and benchmarks to evaluate the
performance of multilingual search systems,
especially in the domain-specific context. The absence
of this makes it unable to evaluate the effectiveness of
different approaches or define the best research
practices.

Finally, the literature review highlights the critical
demand for a unified approach that leverages the
power of multilingual Al models such as BERT and
structured  knowledge bases to address the
multifaceted issues addressed by multilingual search
optimization. Existing methods and tools provide a
foundation framework, but they are not integrated, nor
are they scalable. In this research, we propose a novel
framework to bridge these gaps by coupling semantic
understanding established by BERT with domain-
specific insights in product knowledge bases to push
the state of multilingual search systems further and
improve user experience in global markets.

I, METHODOLOGY

An approach to integrating BERT Al into product
knowledge bases for optimizing multilingual search
capabilities is outlined in the methodology section.
The system architecture is described, datasets are
explained, and the training and fine-tuning processes
required to attain effective multilingual query
understanding and result optimization are explained.
This integrated approach aims to improve the
accuracy, pertinence, and contextual understanding of
search results in different languages.

3.1 Proposed Approach

A proposed methodology is created by leveraging the
strengths of BERT Al for natural language
understanding and product knowledge bases with
domain-specific insights. The aim is to greatly
increase the accuracy and relevance of multilingual
search systems by combining these two components.

The first integration happens in BERT, which
processes multilingual search queries, learning the
semantic and contextual meaning of the same. BERT’s
multilingual variants, mBERT and XLM-R, provide
BERT’s understanding across different languages,
even if the user provides inputs in a different language.
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Structured domain-specific information from the
product knowledge bases, such as product attributes
and relationships, is used to improve system query
comprehension and the relevance of results.

This approach relies heavily on multilingual
embeddings produced by pretraining BERT models.
Encoding documents and queries into a shared
semantic space makes cross-lingual matching possible
and allows for a better understanding of content. The
generated embeddings are then mapped to queries and
product-specific attributes by attaching the matching
entities to the knowledge base. As this process ensures
that the search results are contextually accurate, they
also make sure the results are relevant.

The approach consists of core steps of pre-processing
multilingual queries to identify the language and
tokenize the input, using BERT to generate
embeddings for questions and product descriptions,
incorporating knowledge base information to refine
search results and resolve ambiguities, and finally
outputting optimized relevant results.

3.2 System Architecture

An architecture is designed to efficiently process
multilingual search queries using BERT and product
knowledge base. The architecture is built upon several
key components that help optimize the search process.
User search queries in any supported language are
input to the input layer; for example, a Spanish query
for "portéatil econémico con SSD" (affordable laptop
with SSD). We use language detection algorithms in
the preprocessing layer to identify the query's
language and tokenize the query for BERT's
tokenization layer, which offers multilingual input.

BERT is used in the core model to obtain contextual
embeddings that capture the queries' semantic and
syntactic nuances. Here, we did semantic matching,
whereby we compared embeddings of questions and
product descriptions in a shared semantic space to find
relevant products. The integration component of the
knowledge base is crucial for high search accuracy. It
involves linking query terms to relevant entities within
the knowledge base, such as connecting "SSD" to
"Storage Type: SSD." Using contextual information,
this integration can match product attributes to queries
and resolve ambiguities.
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The output layer then ranks and returns optimized
search results based on the relevance scores,
answering the user with a ranked list of products that
best match his queries.

3.3 Dataset

Multiple multilingual datasets, including high-
resource and low-resource languages, are used to train
and evaluate the proposed system. Such datasets
include logs of e-commerce platforms or search engine
searches, illustrating real-world multilingual search
behavior. We also use annotated search data and
manually curated datasets of queries and their related
results to improve training. Also, the diversity of the
data foundation comes from the fact that we use open
multilingual datasets, such as Common Crawl,
Wikipedia, and OPUS (Open Parallel Corpus).

The product knowledge base is constructed or
extracted from existing resources, comprised of key
information about product attributes (for example,
price, brand, specifications, and user reviews) and
entity—relationship  information  describing  the
relations among products, categories, and attributes.
Some contextual metadata, such as popularity,
availability, and user preferences, are also included to
enrich the search experience.

Inconsistencies, language variations, and missing
values require data preprocessing, which is an
important step. Cross-lingual semantic matching is
realized by tokenizing and embedding product
descriptions using BERT.

3.4 Training and Fine-Tuning

Several strategic steps are taken to train the BERT
model for multilingual search tasks. We start from a
multilingual BERT model trained using several other
languages (e.g., mBERT or XLM-R) that already
carries linguistic knowledge in various languages.

The model is then fine-tuned on the domain-specific
datasets that are product-relevant queries and
descriptions. Fine-tuning this model uses supervised
learning and takes labeled query—result pairs to tune
the model to rank highly in the relevant search results.
The model is also trained using multi-task learning
techniques, in which the model s trained
simultaneously on different tasks such as query

ICONIC RESEARCH AND ENGINEERING JOURNALS 214



© MAR 2019 | IRE Journals | Volume 2 Issue 9 | ISSN: 2456-8880

understanding, entity recognition, and semantic
matching.

Domain-specific knowledge is introduced by
transforming knowledge base product attributes into
embeddings in BERT's semantic space. For instance,
mapping terms like "SSD" in a query to "Storage
Type: Contextual understanding is enhanced by
"SSD" in the knowledge base. Additionally,
ontologies that are hierarchical representations of
concepts are integrated to support query
comprehension in order to allow more sophisticated
interpretations of user input. Rather than using
semantic meaning and relevance scores separately, we
combine the semantic matching scores from BERT
with semantic relevance scores from the knowledge
base into a hybrid scoring mechanism. An advantage
of this approach is that when two products match the
same query at the same level, the one with the higher
user ratings in the knowledge base will have a higher
ranking.

The optimization process then fine-tunes the relevance
of query result pairs with a ranking-based loss,
typically Cross Entropy Loss or Triplet Loss. We
evaluate the model using evaluation metrics,
Precision, Recall, F1 Score, and Mean Reciprocal
Rank (MRR) and evaluate separately for high-
resource and low-resource languages.

e Summary of Methodology

In short, the proposed methodology combines the
semantic understanding capabilities of BERT with the
structured domain knowledge of product knowledge
bases. The queries are multilingual, the contextual
embeddings are generated, and the results are refined
using the knowledge base attributes. The approach
fine-tunes BERT on domain-specific data and uses
knowledge base embeddings to address challenges in
multilingual search optimization, such as ambiguity
resolution, support for low-resource languages, and
handling domain-specific queries. The methodology is
rigorously evaluated for scalability in multilingual
datasets and practical applicability in multicultural
markets using domain-specific benchmarks.
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IV. IMPACT & OBSERVATION

4.1 Multilingual Search with BERT

But the introduction of BERT (Bidirectional Encoder
Representations from Transformers) into multilingual
search systems has ushered in a completely different
era for search engines, in how they process language,
and what they do and don't know about language
nuances, and in the results they serve up. One of
BERT's most fascinating features is its deep learning
architecture, designed to capture bidirectional
contextual understanding rather than through single-
word isolation. In a multilingual environment, this is
very useful because a phrase may have radically
different meanings depending on cultural subtleties,
idiomatic expressions, and context.

For example, the word' apple store' can mean a place
selling fruits' in most languages, but in English, it
refers to a specific retail outlet. The contextual
embedding of BERT helps reduce such ambiguities
and understands the semantic intent of user queries.
Traditional search algorithms like TF-IDF and BM25
heavily depend on keyword matching and term
frequency, whereas BERT uses a pre-trained
multilingual model differently. With over 100
languages, this model can determine the relations
between words without cross-lingual queries and
determine if the language has a complex grammatical
structure.

Applications and Benefits

Contextual Understanding

Semantic Search and SEO m Transfer Learning and
Few-Shot Learning

Question Answering ' Document Classification
Systems and Sentiment Analysis
Named Entity Recognition t A Multilingual Applications

[(NER/)

Fig 6. Applications and benefits of BERT integration

Additionally, BERT can increase search results
relevance by using semantic similarity. This ensures
that users get contextually relevant and targeted results
for their search. For example, if somebody searches
for the 'best smartphone under 500 euros' in Spanish,
they will find results that align with their intent rather
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than just keyword matches. BERT allows dealing with
polysemy (words with a few meanings) and
synonyms, which led to a major reduction in
outputting irrelevant results for multilingual searches
and makes it an important tool to enhance user
satisfaction.

4.2 Role of Product Knowledge Bases

Structured product knowledge bases are integrated
with BERT to boost the performance of multilingual
search systems. Therefore, these knowledge bases
keep semantic and structured data regarding products,
consisting of attributes such as price, specification,
categories, and customer reviews. This structured data
aligned with BERT's capabilities helps disambiguate
search queries with structured additional metadata,
which will help align search results closer to user
intent.

For instance, if a user is searching for the term' gaming
laptop' in French, the knowledge base can filter and
rank the results depending on specific criteria like
budget and specifications. The relevance and the
precision of search results are also improved on this
level of refinement. Furthermore, knowledge bases
enable the system to recognize entities and map
relationships to rank products according to certain
features that users refer to in their queries.

Enriched search results come from the synergistic
pairing of natural language understanding from BERT
with structured information from knowledge bases.
For example, a user searching for "eco-friendly coffee
makers" in German would get a list of products most
relevant to their search. Still, they would have
highlighted KB certifications, such as energy
efficiency labels. In particular, multilingual queries
benefit from this, where colloquial or regional terms
may be used, and the knowledge base supports them
by standardizing and interpreting these variations.

4.3. Observations from real-world applications.

With such proven success, the combined approach of
using BERT with product knowledge bases has been
applied to multiple real-world applications to greatly
improve multilingual search optimization. For
example, a global e-commerce retailer used this
methodology to enhance search functionality in more
than 20 languages. These showed a 35% increase in
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search accuracy, with metrics like click-through rates
(CTR) and user satisfaction surveys. Multilingual
queries like "winter jackets for women, affordable, in
Italian" return culturally relevant products, specific
price filtering, and style preferences. The system
recognized Synonyms and regional terms well, so
there was more alignment between user queries and
search results.

Yet another case involved using this approach within
a multinational company's internal knowledge
management system to improve query resolution for
employees from different languages. By implementing
this, the system surfaced relevant documents and
FAQs from its knowledge base, reducing query
resolution times by 40%. For instance, an employee
searching for a 'vacation policy' in Hindi could access
HR documents in English, but with the help of BERT,
they are translated accurately and semantically
matched.

However, despite these recent breakthroughs,
significant challenges remain, including the necessity
for substantial computational resources to fine-tune
BERT for domain-specific queries and the accuracy
problems in low representation languages in training
datasets. Insights gained show that the hybrid
approach where BERT shines at understanding
semantics but structured data provides domain
relevance is useful. We show that updating the
knowledge base regularly and retraining BERT using
domain-specific information improves long-term
performance.

Integrating BERT with product knowledge bases for
multilingual search optimization has proven to be an
impressive real-world application. An improvement in
search relevance, query resolution efficiency, and user
satisfaction is observed by harnessing BERT's ability
to understand contextual language with the structured
insights provided through knowledge bases. These
improvements reflect the potential for broader use of
this integrated approach in other sectors, such as e-
commerce, knowledge management, and global
content discovery platforms.
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V. RESULT & DISCUSSION

This section quantitatively and qualitatively evaluates
the performance of the proposed BERT-based
multilingual search optimization model. The goal is to
determine whether the model works well in
multilingual search queries and improves search
relevance. In addition, it elaborates on more general
implications, limitations, and further research
directions to present a complete picture of the model's
abilities and shortcomings.

5.1 Quantitative Results

This thesis presents the performance metrics of the

BERT-based Multilingual Search Model. We

evaluated the BERT-based multilingual search model

using standard information retrieval metrics. These

include:

e Precision: The percentage of relevant retrieved
results.

o Recall: The total number of relevant results
retrieved.

e F1 Score: Precision divided by the harmonic mean
of precision and recall.

e Mean Reciprocal Rank (MRR): Average rank of
the first relevant result over different queries.

e Normalized Discounted Cumulative Gain
(NDCG): This metric quantifies ranking quality by
emphasizing that relevant results are better ranked.

As shown by improved performances over baseline
methods, the results of this evaluation demonstrate
that the BERT-based model is superior across all
metrics. Interestingly, it obtained a precision of 89.3%,
a recall of 87.5%, and an NDCG 0.94. These results
show that using the BERT-based model also retrieves
relevant results effectively and ranks them more
usable.

Table 1; Evaluation results

| NDCG

(094 [o082 |08 [0.90

Metric BERT- | Baseline | Baseline | Baeline 3
Based | 1(TF- 2 (Multilingual
Model | IDF) (BM25) | Word

Embeddings)

Precision | 89.3% | 75.6% 81.7% 84.2%

Recall 87.5% | 73.2% 79.4% 82.8%

F1 Score | 88.4% | 74.4% 80.5% 83.5%

MRR 0.92 0.84 0.87 0.89
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e Comparison of Search Optimization with Baseline
Methods.

We compare against baseline methods to show the
strengths of the BERT-based model. The TF-IDF
baseline had difficulty making semantic sense as it
would be lost in handling synonyms or contextual
differences across languages. Although an
improvement, BM25 still lacked the semantic depth
necessary for answering multilingual queries. The
third baseline that used multilingual word embeddings
did better than other methods but lacked context
understanding. These methods were outperformed by
the BERT-based model thanks to its context capture,
leveraging of multilingual pretraining, and knowledge
base integration with domain-specific optimizations.

5.2 Qualitative Analysis

Examples of Improved Search Query Results Across
Different Languages

We also investigate the performance of the BERT-
based model via qualitative analysis and show
significant improvements in retrieving relevant results
for complex multilingual queries. For example, a
model resulting in running shoes for sports in Spanish
offered specific results with appropriate products,
while baseline methods returned generic ones. In the
case of a French query into powerful laptops for video
editing, the BERT model concentrates on high-
performance specifications, unlike the baselines,
which provide wrong results. The BERT model
retrieved relevant products in low-resource languages
such as Swahili, demonstrating its ability to
understand many linguistic contexts.

e Discussion of Edge Cases or Instances where the
Model Struggles
Although the model based on the BERT model has
advantages, it can be problematic in some cases. The
model finds it hard to interpret ambiguous queries like
"light shoes" without the context. Moreover, some
queries in low-resource languages do not give optimal
results because of a lack of data. Additionally,
domain-specific jargon can be challenging, for
instance, if a query for "medical grade UV light for
sterilization" is not understood by the model. Lastly, if
typos and grammar mistakes are found in querying, the

217



© MAR 2019 | IRE Journals | Volume 2 Issue 9 | ISSN: 2456-8880

accuracy is reduced, but contextual awareness of
BERT helps to limit this shortcoming.

5.3 Implications

Broader Implications of Improved Multilingual Search
for Global Businesses

The BERT-based multilingual search model has a host
of implications for global business. On a better user
experience side, improved search relevance increases
the satisfaction and engagement of the customers who
find the information they need more easily. This
capability can help businesses expand into the market
by effectively serving  non-English-speaking
audiences and selling products in different regions.
Also, companies using advanced Al-based search
technologies have a competitive advantage in sectors
such as e-commerce. The multilingual strengths of the
model can also be baked into voice search and
conversational Al to make it more accessible.

Limitations of the Study and Areas for Improvement.
However, the study also shows a few limitations.
Limited training data limits the model's performance
in low-resource languages, indicating the need for
more comprehensive multilingual datasets. Further,
relevance was increased in integrating product
knowledge bases into the task, but the success was not
without challenges with highly specialized domains.
Yet another issue is scalability: deploying BERT-
based models tends to be computationally intensive
and can limit access by smaller organizations. Lastly,
query ambiguity still deserves more future exploration
(e.g., interactive user interfaces or conversational
agents).

Finally, it was concluded with some of the
advancements that the BERT-based multilingual
search model achieves in search optimization while
identifying the limitations and how addressing them
could broaden the usability of the model in other
potential scenarios.

VI. MODEL COMPARISON

This section compares the BERT-based multilingual
search optimization model with other baseline models.
The objective of this analysis is to illustrate the relative
strengths and weaknesses of each approach. Important
performance metrics, including accuracy, speed,
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scalability, and robustness, are highlighted in which
our work has focused in the context of different
languages and various domains.

6.1 Baseline Models

The BERT-based model was compared with several
established baseline models for effective comparison
with  baseline models. Traditional Information
Retrieval (IR) models, like TF-IDF (Term Frequency-
Inverse Document Frequency), rank documents
according to their frequency of query terms and their
rarity across the corpus. TF-IDF is easy to implement
and very efficient computationally; therefore, it suits
small datasets when exact keyword matching is
critical. Unfortunately, this is not a contextual
understanding that can pick up synonyms or semantic
relationships, and this represents a big problem when
dealing with multilingual queries.

TF IDF is improved by BM25 (Best Matching 25),
which also considers extra parameters such as term
saturation and document length normalization. It
provides better ranking capabilities, and keyword-
based retrieval is more flexible with this model. These
enhancements do not make it semantic understanding,
and it does not use deep contextual embeddings,
making it ineffective for more complex search
scenarios.

Furthermore, we experimented with multilingual word
embedding models, such as FastText, in addition to
traditional models. A shallow neural network
approach is used to generate word vectors across
multiple languages using this model. Traditional IR
models like FastText are more effective at handling
misspellings and morphologically rich languages
because they can quickly capture subword
information. That works well for applications with
multiple languages because it comes with pre-trained
embeddings for over 150 languages. However, since
FastText's embeddings are static, i.e., the embeddings
for each word are representations of the word in
context, they have challenges covering polysemy—
words that have multiple meanings.

We also looked at transformer-based models, such as
Multilingual BERT (mBERT) and XLM-R (Cross-
lingual Language Model — RoBERTa), a trained
transformer model specially designed for multilingual
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tasks, and excels in multilingual text understanding via
its contextual embeddings. Although it works well in
most cases, mMBERT lacks domain-specific
knowledge, which can be added through fine-tuning.
On the other hand, XLM R was optimized for cross-
linguistic tasks and performs better on multilingual
benchmarks, especially for low-resource languages.
However, fine-tuning and inference incurs high
computational costs, which limits its practical
application.

6.2 Comparative Analysis

This work used key metrics, including accuracy,
speed, and scalability, to perform a comparative
analysis of the BERT-based multilingual search
optimization model compared to baseline models.
Several measures were used to evaluate accuracy,
including precision, recall, F1 score, and NDCG
(Normalized Discounted Cumulative Gain). The
results are summarized as follows:

Table 2: Comparative Analysis Results
Metri | BE | mBE | XL | FasrT | BM | TF-

c RT- | RT M- | ext 25 IDF
Bas R
ed
Mod
el

Precis | 89.3 | 86.7 | 87. | 80.4 | 81. | 75.
ion % % 5% | % 7% | 6%

Recal | 875 | 848 |86. | 786 | 79. |73
| % % 2% | % 4% | 2%

F1 88.4 | 85.7 | 86. | 79.4 80. | 74.
Score | % % 8% | % 5% | 4%

NDC | 094 {091 |09 (085 |08 |08

The BERT-based model consistently outperformed all
baseline models in these accuracy metrics,
demonstrating its superior capability in understanding
multilingual queries and ranking relevance. Although
XLM-R performed similarly, it required more
computational resources, emphasizing the efficiency
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of the BERT-based model, especially when fine-tuned
on domain-specific data. In contrast, traditional
models like BM25 and TF-IDF exhibited poor
performance in understanding semantic relationships
and addressing the complexities of multilingual
queries.

Speed assessments focused on query processing time,
with the BERT-based model processing queries in
approximately 120 milliseconds. The results are
summarized as follows:

Table 3: Query Processing Time Results

Model Query Preocessing Time(ms/query)
BERT- 120

Based

Model

mBERT | 110

XLM-R | 150

FastText | 50

BM25 30

TF-IDF | 20

However, traditional models such as TF-IDF and
BM25 were significantly faster, taking 20 and 30
milliseconds to process queries. FastText had a
competitive processing time of 50 milliseconds.
Transformer-based models, like BERT, had longer
running times because of their computational
complexity, but with the loss of efficiency comes a
huge gain in accuracy.

Another important factor in our analysis was the
scalability. We also found that the TF-IDF and BM25
traditional models scaled well with smaller datasets.
Still, they were rather limited on large multilingual
corpora due to the need to rely on language-specific
tokenization. However, FastText did scale better
because it utilized multilingual embeddings at the cost
of requiring separate embeddings for new languages.
Transformer-based models, including BERT,
mMBERT, and XLM R, can handle large multilingual
datasets due to pretraining in many languages.
However, these models demand higher computational
requirements, which is not conducive to real-time
applications, an important consideration for real
deployment.
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6.3 Key Findings

The advantages of the BERT-based multilingual
search model are distinct from those of its competitors.
A particularly strong point is that it understands its
contexts and can correctly interpret ambiguous or
polysemous queries, such as "lightweight shoes" vs.
"shoes with lights," where it takes advantage of the
additional context for a clearer understanding.

Additionally, the model is very strong on the
multilingual side, having been trained in various
languages and having access to domain-specific
knowledge bases. It does this well in low-resource
languages like Swahili and Tamil, where other models
may fail. In addition to being more adaptable to
specific domains, the BERT-based model with a
product knowledge base enhances its ability to retrieve
highly relevant results that even advanced transformer
models such as mBERT and XLM-R may fail to
achieve.

In addition to having improved ranking metrics, the
BERT-based model also has higher NDCG and MRR
scores, highlighting the ability of the model to place
relevant results at the top. To enhance user satisfaction
in multilingual search environments where the ability
to find the right information quickly matters is
crucially dependent on this capability.

These advantages notwithstanding, traditional models
and FastText are both still useful elsewhere. Because
of their speed, they are particularly suitable for
applications with constraints on the computational
resources or where real-time response is critical.
FastText and XLMR might be better adapted to
extremely low resource settings with too little training
data to fine-tune the BERT models. Lightweight
models such as FastText and BM25 can also be used
for scalability and simple keyword-based search
systems with little multilingual requirement.

Overall, the BERT-based multilingual search model
achieved far better accuracy and relevance ranking
performance than all baseline models. In particular, its
ability to integrate product knowledge bases makes it
a unique dimension that increases its effectiveness for
domain-specific search tasks. Nevertheless, traditional
models such as TF IDF, BM25, and FastText remain
attractive if speed and computational efficiency are

IRE 1701028

paramount over in-depth contextual understanding. In
the future, it will be important for us to optimize the
BERT-based model to become faster and scalable in a
manner that maintains high accuracy and ensures that
it can be widely used and does its job effectively in
real-world applications.

Moreover, the detailed comparison between the
BERT-based model and classical IR methods and the
state-of-the-art shows BERT's strengths and
weaknesses. It elucidates its pragmatic deployment
and directions for its further evolution.

VIlI.  CONCLUSION

In conclusion, this study proposes a multilingual
search optimization approach with a BERT-based
model and product knowledge bases as the conclusion
of the study's finding, contribution, and implication. It
also indicates avenues for future research to overcome
these limitations and move forward with the field.

7.1. Summary of Findings

In this research, we developed and evaluated a BERT-
based multilingual search optimization model coupled
with domain-specific product knowledge bases.
Several key findings were found throughout the study.
Firstly, our BERT-based model achieved higher
search accuracy than baseline models, including
traditional information retrieval methods like TF-IDF
and BM25 and transformer-based models like mBERT
and XLM-R. What this model was able to do was
understand very complex multilingual queries, resolve
ambiguities between keywords, and return relevant
results more prominently in search results.

The model also demonstrated contextual and semantic
understanding. By leveraging contextual embeddings,
the BERT-based model could understand the
subtleties of queries, such as polysemous words,
synonyms, and domain-relevant words. This
capability was well established in multilingual and
domain-specific scenarios, as traditional models and
static embedding techniques did not perform as well.

Another breakthrough was the integration of product
knowledge bases, resulting in much higher relevance
of search result pages. The model was integrated with
domain-specific metadata and semantic relationships,
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which allowed it to return results to specialized queries
and detailed product specifications. However, the
study also found that with low-resource languages,
The model fared better with high-resource languages.
Still, its accuracy was much lower with languages like
Swahili and Tamil, for which the training data was
limited, hence domain-specific content.

Finally, the research finds a trade-off between speed
and accuracy. The BERT-based model achieved very
high accuracy and relevance but at the cost of high
computational resources, making it less suitable for
applications with real-time responses or lightweight
deployment.

7.2. Contributions to the field of multilingual search
optimization

This work makes several important contributions to
the field of multilingual search optimization. First, it
extends the use of fine-tuned BERT models to address
the issues of multilingual query understanding and
retrieval in globalized, multilingual settings. We show
how such models can significantly improve the quality
of multilingual search.

Furthermore, the research presents a new way of tying
together a general-purpose language model and a
domain-specific search system via product knowledge
bases. With this integration, search engines can bring
results closer to what the users intend and desire,
moving away from generic query matching. Also, the
study offered an extensive comparison of the
traditional IR models, multilingual word embeddings,
and transformer-based models. This comparison helps
future researchers and practitioners select the
appropriate models to fit their tasks based on the
strengths and weaknesses of each model as well as
their applicability to real-world scenarios.

Additionally, the findings show how informational
access in different languages may be improved,
reducing language barriers and promoting user
experience over various linguistic populations.

7.3. Future Research Directions

One key area is performance in low-resource
languages. Due to the paucity of training data and
domain-specific content, the model's effectiveness in
these languages was limited. Future work could
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involve generating and curating bigger datasets of
low-resource languages, including domain-based data
like product descriptions and user reviews. We also
discuss data augmentation techniques such as back
translation or synthetic data generation, which may
enable more diverse multilingual datasets. We could
also investigate transfer learning techniques, where
knowledge from high-resource languages is
transferred to low-resource languages to improve
cross-lingual performance.

We look in another direction, further integrating
domain-specific knowledge bases. The current
integration enhanced the search relevance. However,
certain  specialized or novel domains were
underrepresented. The model's utility could be
expanded by expanding the scope of knowledge bases
to industries like medical equipment or sustainable
products. In addition, these dynamic knowledge base
systems need to be developed, which can be updated
in real time so that the search results are updated as
products, categories, and user preferences change.
Further, domain coverage can be improved by
enriching knowledge bases with data sources from the
outside, for example, structured web data or user-
generated content.

Advancements and Potential Impact

Contextual Quantum BERT?
Understanding Revolution i
Multilingual Competence < ‘ \ (\ Privacy and Ethical

Considerations

Domam -Specific BERT < < BERT for Conversational

Fig 7. Future Advancement and Potential Impact

Another area for future exploration is optimizing
model efficiency. However, the computing
transformer-based models' overhead prevents scaling
them for lightweight or real-time scenarios. For
example, the research can explore how to compress
and optimize the BERT base model as a based model,
such as DistilBERT, quantization, or pruning.
Balancing efficiency versus accuracy involves
developing hybrid models that combine lightweight
traditional IR techniques with BERT embeddings.
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Furthermore, it would be beneficial to investigate the
hardware acceleration techniques for faster inference
in production environments, e.g., GPU/TPU
optimization.

Ambiguity and personalization of search results are
also important to address. For ambiguous queries and
queries requiring personalized results, the model
sometimes struggled. A path for future research is to
use user interaction data (e.g., previous searches or
click-through rates) to improve search outcomes and
disambiguate some of the ambiguity in their search
requests. By developing contextual query expansion
techniques or conversational systems, it would be
possible to clarify user intent dynamically.

Finally, the results show that the multilingual search
model should be extended to real-time applications.
Existing implementations are focused on running
static queries, but real-time search applications, such
as voice search and conversational agents, are
challenging. Future work could integrate speech-to-
text and text-to-speech technologies to allow voice
search across languages effortlessly.

7.4. Final Thoughts

Our BERT-based multilingual search optimization
model represents a significant step in this direction,
showing how Al coupled with a domain-specific
knowledge base can help improve the understanding
of queries and retrieval across multiple languages.
Future work could address the challenge of working
with low-resource languages, optimize for speed and
scalability, and further integrate domain-specific
knowledge into such systems. These developments
could revolutionize multilingual search and give
businesses, users, and the world access to the
information we need in whatever language is best for
them.
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