Addresses Standardization and Geocoding using

Natural Language Processing
by
Meiirgali Mussylmanbay
Submitted to the Department of Data Science

in partial fulfillment of the requirements for the degree of

Master of Science in Data Science
at the
NAZARBAYEV UNIVERSITY
July 2022
(© Nazarbayev University 2022. All rights reserved.

Department of Data Science
July 27, 2022

Dr. Adnan Yazici
Professor
Thesis Supervisor

Certified Dy . ...

Enver Ever
Associate Professor
Thesis Committee

Certified Dy . ...

Askar Boranbayev
Assistant Professor
Thesis Committee

Accepted Dy .. ..o

Vassilios D. Tourassis
Dean, School of Engineering and Digital Sciences






Addresses Standardization and Geocoding using Natural

Language Processing
by

Meiirgali Mussylmanbay

Submitted to the Department of Data Science
on July 27, 2022, in partial fulfillment of the
requirements for the degree of
Master of Science in Data Science

Abstract

Geocoding, the process of converting the textual addresses into a pair of coordinates,
is a preliminary step in spatial analysis. However, converting addresses into latitude
and longitude is not a trivial task as they are presented as arbitrary text, mostly
lacking completeness, and do not follow a concrete fixed structure. Therefore, the
thesis discusses the theoretical fundamentals of textual data normalization and stan-
dardization techniques and presents adequate practical approaches to how addresses
written in various ways can be brought to a single standard.

For binding the textual addresses with their appropriate geocodes, we have con-
ducted practical experiments using the data collected from 5 publicly available sources
and such tools as Elasticsearch, including its built-in BM25 similarity algorithm, as
well as a state-of-the-art algorithm - BERT. Also, we have admitted Open Street
Map address structure as a golden standard and cosine similarity algorithm as a text
similarity algorithm. The practical outcomes of the models were verified on randomly
chosen 100 records. The results were visualized on the map to illustrate the applicable
cases of geocoding usage.

Further, the raw address data and address standardization results serve as train
and test data to predict the closest address and adequate geocodes for given arbi-
trary address representations. For the thesis, we used models based on Transformer
architecture, namely TH and BART, for predicting 'correct’ addresses. In addition,
BLEU was used as a reference metric to compare the models’ accuracy.

Overall, the thesis can boast rich theoretical background information and be a
practical reference to how clean addresses can be revealed using state-of-the-art mod-
els given non-standard addresses.
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Chapter 1

Introduction

The background information required to comprehend the thesis is supplied in this
chapter. The background of address standardization and geocoding, as well as their
significance and relevance, are covered in the first section. The remaining parts de-
scribe the motivation for the thesis, the purpose of the thesis, the problem statement,

the status of related research, and the main content and organization of the thesis.

1.1 Background

With the upcoming era of big data and the rapid development and broad use of
Geographical Information Systems (GIS), volumes of diverse data are being collected
across several areas (Coetzee & Judith, 2009). The ability to assign coordinates to
these data and the continuation of research into big data from a spatial perspective
appears to be essential requirements (Jing et al., 2021). A crucial area of study is
the spatial information-containing words known as addresses, which might be the
primary means by which residents communicate geographical information or location
(Tian et al., 2016).

The address is one of the most used methods to define an indirect geographical
location. The indirect reference uses geographical codes or names about a known
location without precise coordinates. In a broader sense, an address is a geograph-

ical description for all types of service delivery, including physical services like mail



delivery, commodities delivery, utility services, and emergency dispatch, as well as
more abstract services like a credit application, tax collecting, customer relationship
management, and land administration (Cetl et al., 2018).

Addresses by using a structured composition of geographical names and identi-
fiers identify the permanent location of a property, such as a parcel of land, building,
section of a building, or other structure. Cetl et al. (2018) stated that, although
all national and local address systems share similar concepts and general properties,
differences still exist in the formal and informal standards, rules, schemas, and data
models worldwide. Addressing cannot be standardized internationally because ad-
dresses have a solid cultural connotation and also because addressing is governed by
the laws of a particular country.

To reliably identify an address in a broader context, it must be coupled with several
address components that specify its placement within a certain geographic area. Each
component of an address indicates a spatial identifier, such as the name of a street,
city, district, postcode, region, , municipality, or country. An address’s geographic
position or spatial location is represented by a spatial point including information
on its origins. An address identifies a location through a geospatial reference system

(GRS), and there are three categories of GRS:

(i) A geographic identifier reference system identifies the location by a label or

code.

(ii) The linear reference system determines the location concerning a segment of
a linear geographical object and the distance along this segment from a given

point.

(iii) The location is specified by a coordinate reference system concerning a geodetic

datum.

Geocoding is generally understood to translate a locational description, such as
an address, into a geographic representation, such as geographic coordinates (lati-
tude and longitude). It may be applied in a wide variety of domains such as health

care and emergency crime analysis, route planning, political science, localization of
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administrative and social governmental services, and computer science (Goldberg et
al., 2007). Moreover, this technique is essential in several scientific fields since it
is often the initial stage in creating geographic data utilized in later spatial analy-
sis. Therefore, geocoded data’s precision, granularity, and dependability are of the
utmost relevance in studies that utilize address data as their underlying geographic
data source. Goldberg et al. (2007) gives a general overview of the concept of geocod-
ing, including its historical developments and future challenges where geocoding is
defined as finding a geographically referenced code representing an input address de-
termined by a processing algorithm. The processing algorithm consists of general of

the following steps (Goldberg et al., 2007):

(i) Normalization and standardization. In this step, the input address is trans-
formed into a standard form, for instance, by removing punctuation and recog-
nizing abbreviations. The words in the input string (or substrings of the input

string) are also tokenized (i.e., classified as belonging to a specific input type).

(ii) Weighting attributes. The attributes obtained from tokenizing are weighted to
measure the similarity of the input address with the addresses in the reference

data set.

(iii) Search the reference set for a match and output the geographical coordinates.

Address standardization, which may be summed up as the translation of an ad-
dress from one format to another, is a crucial stage in the geocoding process and
several other disciplines that require precise addresses. These other disciplines in-
clude health, natural and manufactured risks, law enforcement, the environment and
agriculture, land-use planning, and education. The objectives of these disciplines in-
tersect when they need the construction of substantial (i.e., enormous volume) and
exact locational data sets to support their respective endeavors, sometimes in the
form of massive databases. Since a considerable portion of the acquired address in-
formation is incomplete or unclear, address standardization is vital in compiling such

resources. (Goldberg et al., 2014).
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Standardizing addresses is one of the steps that comprise the data cleansing pro-
cess. The degree of "cleanliness" of input data may be one of the most significant
determinants of a geocodes success or failure (Goldberg, 2008). Address information
is regarded as "dirty" for various reasons, including using non-standard acronyms,
attribute orderings, and basic data input errors. In addition, to address standard-
ization, the input data cleansing procedures consist of address normalization and
parsing. Address normalization identifies the component components of an address.
In contrast, parsing is typically regarded as the portion of the normalization algo-
rithm that seeks to determine the most probable address attribute to connect with

each component of the input address.

1.2 Motivation for this Thesis

Address information is essential for a large number of industries, including both the
government and business. According to Meticulous Research (2021), the geospatial
analytics market is expected to reach 256 billion US dollars by 2028. We should clarify
that when people refer to geospatial data, they are often describing address-related
data (a specific address, ZIP code, a specific latitude, and longitude which have been
matched to a relevant address written in a text format, Global positioning system
data, remote sensing data). Thus, conventional address information that human
beings are used to exploit is also the type of geospatial data. Remarkably, geospatial
analytics based on conventional addresses is characterized by extra steps, including
address standardization and geocoding processes.

A few cases may be outlined as major ones among the cases of geospatial analyt-
ics. The most obvious one is market segmentation, where the goal is to divide cus-
tomers into groups with common characteristics. The customer data augmented with
geocoded data from ZIP codes associated with a concrete customer can contribute to
the geographical visualization distribution of the customer segments, which in turn
assists in promotional activity. Another case is asset management. Physical asset

management refers to the systematic monitoring of equipment, buildings, and other
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physical property. It is known that geospatial data has been used by law enforcement
agencies to predict and prevent crimes in a number of ways, including mapping crime
data, issuing alerts on events of interest, and predicting future crime figures based
on historical data and known patterns. Geospatial analytics can contribute to trans-
portation enhancement and logistics planning. In this case, based mostly on GPS
data, logistics companies can re-plan and improve their ordinary routes. Geospatial
analytics may be directly used in location planning. Companies face numerous consid-
erations when they are deciding where to locate a new store, restaurant, healthcare
facility, or other commercial property. A very common example is how geospatial
analytics can be used in deciding where a new restaurant should be located, includ-
ing market targeting, analysis of competitors in an area, and understanding the cost

associated with operations (mainly supply).

These cases demonstrate how address information can be used in practice. On
the other hand, an initial analysis of open databases used in Kazakhstan that contain
address information related to persons and assets illustrates that addresses are stored
in unstructured formats. Unstructured textual address data result in multiple repre-
sentations of the same entities. These addresses obviously need to be cleaned before

they can be used in the analysis; otherwise, it will yield a weak and wrong analysis.

Address Register intends to produce, accumulate, and process data on addresses
in Kazakhstan. A unique code of real property has been developed within Address
Register; it is called address registration code, and consists of 16 digits (gov.kz (Uni-
fied Platform of Internet Resources of State Bodies), 2022). Although setting up an
Address Register was one of the steps toward address standardization, due to its lack-
ing geocoding information, namely latitude and longitude, the address information

stored in the Address Register may hardly be used in geospatial analysis.

Given the fact that the integration of Address Register with the information sys-
tems of public agencies was started in 2013; and currently, 14 governmental bodies are
connected to Address Register, there are still databases in which addresses are stored
in a form different from the standard set in Address Register (nitec.kz (National In-

formation Technologies), 2022). Thus, these addresses need to be standardized first.
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Postal codes may also be used to address standardization. Generally, postal codes
are assigned to geographical areas, and sometimes they may also identify individual
addresses. In 2016, Kazakhstan switched to a new system of postal codes consisting of
7 symbols. Within a new system of postal codes, each object has its own unique postal
code. It was planned that the deployment of the new system would be finished by 2016
(bizgid.kz (Postal Codes of Kazakhstan), 2022). The postal codes used before 2016
identify the only common geographical area and fail to identify individual objects. In
fact, currently, both systems are in use. Thus, postal codes of the new format cannot
be used to extract standardized address information as they are not spread broadly.

As it is stated earlier, in a number of databases, address information has been
stored as text chunks. In some cases, this information is presented in the form of a
semi-structured text, but there are also cases when addresses are stored as arbitrary
text data. Also, it should be noted that addresses are gathered from human beings,
mostly at service provisioning, and can be characterized as one of the samples of
natural language. Given the fact that the conversion of conventional addresses into
geospatial information requires a unification of different forms of a single factual
address, in practice, address standardization can be considered as the task of text
similarity, which can be solved by using Natural Language Processing (NLP). In fact,
being a subfield of artificial intelligence, NLP has progressed a lot due to innovations
recently made by giant tech companies. Recent NLP advances promise a bright and
solid solution for the task of address standardization and geocoding.

The addresses unattached to a person are open data that can be used for scientific
and applied tasks. Given the fact that these addresses can be more or less easily

accessed, data scarcity is not considered an obstacle to this thesis.

Data privacy issues

The Kazakh legislation defines personal data as data recorded on an electronic, paper,
and (or) other material carriers which belong to a concrete person or can be used to
identify a concrete person.

Given the definition of personal data, we presume that the addresses which are
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not attached to concrete persons cannot be qualified as personal data. First, there
is no information to whom these addresses belong. Second, compared to personal
data such as full name, registration number, and others alike, there are almost zero
chances to identify the person based on pure address information.

In addition, according to article 6 of the Law of the Republic of Kazakhstan,
“About personal data and their protection” there are two types of personal data:
publicly available personal data and the data of restricted access (or confidential
data) (Shapovalova, 2022). There are a number of sources that might be classified as
the sources of publicly available data, to name a few, bibliographic guides, telephone
books, and address books. A small search over the Internet resulted in finding the
sources, mostly online address books, which list addresses of various caliber. For
instance, an online Phonebook of Nur-Sultan (n.d.) and Phonebook of Almaty (n.d.).

On the other hand, the legislation of the Republic of Kazakhstan also defines
confidential data, which should be protected and cannot be revealed to the public
(Shapovalova, 2022). The following secrets are certainly defined as the confidential
data by the legislation of the Republic of Kazakhstan:

e personal and family secrets
e commercial or entrepreneurial secrets, adoption secrets

e secrecy of correspondence, telephone conversations, postal, telegraph and other

messages

e medical secrecy and professional secrecy of healthcare professionals
e the secrecy of retirement savings, insurance, and vote

e tax, attorney, bank, and investigation secrecy

e court judgement, juror's secrecy, notary secrecy

After scanning the various laws and codes on the subject of what each secrecy covers,
we have drawn the conclusion that pure addresses collected from different public
sources without attachment to any entity or person and taken out of context cannot

reveal any confidential data.
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1.3 Purpose of the Thesis

The major purpose of the thesis is to present a practical solution for address standard-
ization and binding geodata to the non-standard address written in an arbitrary form
in Russian and Kazakh languages using advanced NLP methods and demonstrate the
proposed solution’s efficiency. To achieve the major purpose, I plan to investigate
the address structure set in the Address Register. Besides the national standard, I
also intend to research other available open source and proprietary standards. As I
achieve an initial goal within the thesis, I plan to develop a model which will predict
a standardized address to a given non-standard address written in the arbitrary form
in Russian or Kazakh languages. Figure 1-1 shows a flow chart that explains the

overall project workflow.

icsearch

populate OSM index

populate OSM index
populate OSM with vectors

vy
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Figure 1-1: Flow chart of this work
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1.4 Related Works

Currently, different researchers from all over the world have adopted different methods
and approaches to standardize addresses with a correct outcome, that is, with a high
degree of accuracy and a low probability of address loss and errors. In this section, we
present previously conducted studies and examples of their methods and techniques

for address standardization and geocoding.

Abbasi (2005) stated that address standardization is a subcategory of information
extraction (IE) from semi-structured records. Information extraction is concerned
with identifying predefined types of information from text. Abbasi (2005) has ana-
lyzed numerous information extraction techniques and discussed how rule-based in-
formation extraction techniques, such as RAPIER (Robotic Automated Production
of Information Extraction Rules) and GRID (Global Rule Induction for text Docu-
ments), can be utilized to address standardization in the same manner as the HMM

(Hidden Markov Model) model.

In the past several decades, a substantial amount of Computer Science research
has been devoted to tackling the parsing difficulty. According to Christen and Belacic
(2015), the most prevalent method for address standardization is the manual speci-
fication of transformation and parsing rules, and AutoStan is a well-known example
of this methodology in biomedical research. AutoStan first analyzes the input string
into individual words, and with the help of a re-entrant regular expression analyzer,
each word is then mapped to a token of a certain class. Moreover, Christen and
Belacic (2015) proposes an alternative to these rule-based deterministic approaches,
a technique based on HMM to clean and standardize addresses and reach a 72.87%
address level matching using Geocoded National Address File (GNAF) data.

According to Lu et al. (2019) the current address standardization methods are
mainly divided into two types: address matching based address normalization meth-
ods and natural language processing-based address standardization methods. The
method of address standardization based on address matching classifies the address

before obtaining a standardized address based on the matching mechanism. Kang et
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al. (2015) establishes a tree model for the address and improves the address matching
rate by creating the spatial constraint link between the address components. Y. Wang
et al. (2016) proposes a standard processing approach based on address tree layer-
by-layer matching concurrently considering the address location connection. This
approach employs geographic location information to increase the accuracy of ad-
dress standardization by facilitating matching throughout the standardization pro-
cess. Based on the dictionary matching technique, the address normalization method
provided by Ying et al. (2017) has greater operational efficiency and particular ad-
dress text parsing value. However, this solution depends too heavily on the standard
address database and does not effectively manage element-missing and address-error

1ssues.

The NLP-based address standardization technique accomplishes high-precision
address matching by constructing a natural language model directly. On the basis of
the Bayes probability model and cosine similarity, Yu and Zhang (2019) presents an
address normalization approach that uses a finite state automaton to modify the levels
of the address. Address normalization performed by Higuera and Oncina (2013) using
a probabilistic finite automaton, which can finish the matching task in a polynomial
amount of time but has the drawback of being heavily data dependent. In contrast, to
address matching algorithms, algorithms based on natural language models demand

models and data of a higher quality.

Tian et al. (2016),in his paper, proposes an optimal approach for Chinese geocod-
ing address matching with three components: address modeling, address standardiza-
tion, and address matching. The suggested model is structured around a standardiza-
tion process based on an address tree model proposed in a Kang et al. (2015)‘s study.
This paradigm parses and organizes the address string into a collection of address
elements X and a semantic collection S. Create the root node and retrieve address
element X1. Finally, all the semantic components in S1 related to X1 are traversed
to generate semantic address nodes, which are then linked to the root node (Matci &

Avdan, 2018).
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1.5 Main content and organization of the Thesis

The thesis is organized and contains as follows. After chapter 1, Introduction, comes
chapter 2, Theory, where the relevant theory that is needed to understand the basic
concepts of the NLP methods used in the framework of a research question is given.
In chapter 3, Methodology, the data sets, text similarity methods, and ML models are
presented. Chapter 4, Experiments and Results, describes different experiments on
training models and evaluation. Moreover, the discussion part is included. In chapter

5, Conclusion, the conclusion of the thesis is presented.
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Chapter 2

Theory

This chapter presents the general theoretical foundation and the main references for
the thesis. The first part focuses on the levels of Address Standardization. After,
general information about Geographical Information Systems is presented. The re-
maining parts contain the theory of implementing Sentence embedding methods, Text

similarity metrics, and the Elasticsearch search engine.

2.1 Different Levels of Address Standardization

Standardization of addresses is the process of checking and correcting address records
to a standard format, according to an authoritative database, consisting of several
stages. In our case, referring to Goldberg et al. (2014)’s numerous studies, we consider

this process on three main levels:

The input address data

Diverse fields collect locational input data in several formats and with differing degrees
of precision. One of the significant obstacles faced by individuals who want correct
address data is the presence of low-quality or partial input data. Consequently, the
main objective of address collecting systems should be to reduce the uncertainties
produced when the fundamental parts or qualities of address data are frequently

omitted by accident. The ideal situation is to gather the most comprehensive and
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accurate information possible at the start of any address data gathering operation.
According to Goldberg (2008), the desired level of completeness in address data is
referred to as the “gold standard”.

Address normalization

Address normalization might be regarded as a preparatory step to effective address
standardization. This phase in the process involves, as a general rule, identifying the
component elements or features of an address so that such address can afterward be
translated into another format of the user’s choosing. A normalization algorithm must
find the "gold standard" address characteristic to correlate with each input address
component. Consequently, address normalization is essential to the address cleaning
procedure. Without defining which text relates to which address characteristic, it
is not easy to translate the text among standard formats or utilize it for feature
matching. In geocoding, various normalizing strategies may be employed, including

replacement, context, and probability-based normalization.

Address standardization

In the most narrow sense, address standardization is the process of changing an ad-
dress from one normalized format to another. It is closely related to normalization
and depends significantly on how well the normalization process works. In a nutshell,
standardization is transforming normalized data into the format required by later
address processing system components like a geocoder. A shortage of a standard
format for addresses can be used for various reasons and by various organizations,
making it difficult for data to be shared between them. An agreement to implement
a standard format is necessary for interoperability. In order to develop an address
standardization system, it is necessary to overcome the fact that different organiza-
tions (government, academia, etc.) may demand or utilize more than one address
standard for various purposes, including those not related to geocoding. As a result,
translation between shared address standards may be necessary following attribute

identification and normalization.
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2.2 Geographical Information Systems

Geographic Information System (GIS) integrates hardware and software to store,
analyze and map spatial data (Elwood, 2006). GIS allows users to visualize (i.e., map)
geographic aspects of data including locations or spatial concentrations of phenomena
of interest.

Geographic information science, often known as geospatial information studies, is
a significant subfield within the broader academic topic of geoinformatics, commonly
abbreviated as GIS (“Geographic information system (GIS)”, 2021). Many diverse
procedures, technologies, and methodologies fall under the umbrella name of GIS.
Engineering, planning, logistics, insurance, telecommunications, and other business-
related fields can benefit from its use. Since location-enabled services rely on spatial
analysis and visualization, GIS and location intelligence technologies provide the core
of these services.

Improved functionalities of GIS have been developed due to recent advancements
in computer technology, remote sensing, GPS, and communication technology. Ar-
cGIS, QGIS, OpenStreetMap, and GoogleMaps are some of the many available com-
mercial and open source GIS software applications. These applications allow users to
manipulate and analyze geographic data by visualizing statistics such as climate data
and trade flows on maps constructed from layer-building techniques. Moreover, many
academic organizations and departments in the humanities and the sciences employ

GIS software for revolutionary research purposes.

2.3 Word and Sentence Embedding

For machine learning algorithms to function with textual input, the data must first
be converted into numerical data that an algorithm can comprehend. In other words,
the words must be given meaning for machine learning and deep learning algorithms.
This is not as simple as with graphics or images, which can be represented simply by

numbers. In most cases, word embedding methods convert text into vectors. These
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are models that have been trained to map words or phrases into a real-valued vector of
a fixed size in a way that meets specific semantic and linguistic requirements (Vusak
et al., 2021).

Word embedding algorithms are the standard way to improve the performance
of models in many NLP tasks. The wide range of applications have reported im-
provements upon integrating word embedding, including machine translation (Zou et
al., 2013), syntactic parsing (Weiss et al., 2015), text classification (Kim, 2014) and
question answering (Bordes et al., 2014).

In contrast to word embedding, sentence embedding is proposed to provide dis-
tributed representations for texts of various lengths, from single phrases to full publi-
cations. In addition to text categorization, information retrieval, question answering,
and query rewriting, it has been utilized extensively and efficiently in various domains
(Xing et al., 2018). Sentence embedding approaches portray sentences as continuous
vectors in a low dimensional space, representing the connections among many words
and phrases in a single vector. The vector of a phrase is traditionally constructed by
weighing and averaging the word vectors of its elements (Lamsiyah et al., 2019). Re-
cently, more elaborated architectures have been introduced to construct more viable
sentence representations, such as Doc2vec, SentenceBERT, InferSent, and Universal

Sentence Encoder.

2.4 Text Similarity Metrics in NLP

It is becoming increasingly important to use text similarity measures in tasks such
as information retrieval, text classification, and document clustering to detect and
track topics of interest, as well as for question-answering, text summarization, and
machine translation (Gomaa & Fahmy, 2013). Finding similarities between words is
a crucial aspect of text similarity, which is subsequently utilized as a foundation for
identifying similarities across sentences, paragraphs, and documents.

There are four major categories of text similarities measures (Alqahtani et al.,

2021). The string-based similarity measure is one of the oldest methods. The main
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forms of string-based similarity comprise both character-based similarity and token-
based similarity functions (Kuipers, 2013). The corpus-based similarity follows se-
mantic approaches. The methodology aids in the determination of similarity between
two concepts in terms of information from the respective corpora, which is a collec-
tion of electronic, spoken, or written text. These methods enshrine some predefined
set of sentences coupled with their translation in other dialects, with the intention of
matching the input text within the corpus and the final translations (Kuipers, 2013).
The knowledge-based similarity measures are defined as a series of semantic measures
enlisted for information adopted from semantic networks. The aim of such infor-
mation is geared towards the identification of the extent of similarity within words.
Knowledge-based similarity consists of semantic relatedness and semantic similarity.
Hybrid classification similarity measures do not form a distinct group. They are
combinations of the previous approaches in an effort to attain their merits (Kuipers,
2013). These approaches work on recursive approaches to tackle limitations of the
other measures.

Many experiments were conducted with different similarity learning algorithms
over various datasets. According to Liu et al. (2014); Mohammadi and Khasteh (2020)
the Cosine text similarity algorithm is more accurate than other similar algorithms
such as the Euclidean distance, Pearson correlation coefficient (PCC), Jaccard, and
Mean Square Difference (MSD) in terms of measuring the similarity or difference
between texts. Moreover, traditionally the Cosine measure has been shown to perform
well for the textual datasets (Qamar, 2010). All these metrics have their specification

to measure the similarity between two queries.

2.5 Search engine: Elasticsearch

Elasticsearch is an open-source distributed database system capable of real-time
full-text search and analytics and has been successfully used in conjunction with
a gazetteer to identify street addresses and assign latitude and longitude coordinates.

It is implemented in Java via the Apache Lucene library (Kumar et al., 2018). Ac-
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cording to the book "Elasticsearch Server" it is "widely utilized in many common or
lesser-known search and data analysis platforms" today (Kuc & Rogozinski, 2016).
It was initially released in 2010, and its popularity has grown steadily over the years
afterward.

Designed for managing Big data, Elasticsearch is document-oriented instrument.
The information in Elasticsearch is stored as JSON documents. All of a document’s
fields are searchable and indexed by default (Figure 2-1). Elasticsearch’s near real-
time search is made possible by its default behavior of refreshing the index once every
two seconds (Sonawane et al., 2018). Items fields that are stored as JSON documents
are mapped, and all items within an index will have the same field mapping. Field
mapping options include string, boolean, data, geo-point, and geo-shape and can be
explicitly set by the user or dynamically mapped by Elasticsearch. Items can be bulk
uploaded, and each item in an index is assigned a unique identifier. The aggregation

capabilities of Elasticsearch allow it to execute complicated analyses on the stored

data (Divya & Goyal, 2013).

QUERY RESPONSE

{ "query": { { "took": 13,
"match": { "timed_out": false,
"full_address": "_shards": {
"Kabanbay Batyr 57"}}} "total": 7,

v v

API
- A A A A g
(" ¥ L y L B
INDEX
\ J

Figure 2-1: Simple Elasticsearch query works

A working Elasticsearch server may be launched immediately after installation,
even with the default configuration, due to the system’s ease of installation and
configuration. The primary benefits of an Elasticsearch architecture are horizontal
scalability and effective load balancing (Zamfir et al., 2019).

According to Bartlett (2019), Elasticsearch was selected for geographic informa-
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tion retrieval and storage for the collection due to its relatively simple structure that
permitted the creation of one index to store lexicons and a second index to house
Collection texts. The lexicons use the geo-point and geo-shape field types to store
geographic coordinates of the locations being sought; thus, the lexicon index functions
as both lexicon and gazetteer.

Elasticsearch default document sorting uses the TF-IDF model to calculate the
score of text similarity. In the TF-IDF model, there are two factors that affect
the ordering of correlation: Term Frequency (TF) and Inverse Document Frequency
(IDF), which respectively represent the occurrence frequency of a certain word in the
document and the number of documents in the document set . The higher the word
frequency, the higher the relevance. The more documents, the lower the relevance.

The equation 2.1 shows the equation for score:
q
score(q,d) = Z /TFyq % IDFZ % norm(t, d) * boost(t)2™" (2.1)
t

where Score is a relevancy score. The norm is a regular value for the length of a field;
the shorter the field, the higher the weight. Boost silent is 1, so the user can assign
weights.
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Chapter 3

Methodology

3.1 Datasets

In this work, in order to implement the address standardization task, we first needed
to designate the data as a database of dirty addresses and clean addresses. Dirty
addresses are addresses from different public sources that we use as input data that
will need to be standardized and geolocations defined for each address. Meanwhile,
clean addresses are an Open Street Map (OSM) database standardized addresses with
geolocation, which we will take as the "gold standard", as noted in the section 2.1.
For storing, processing, and searching data, the PostgreSQL (v.14), which is a free
and open-source relational database management system emphasizing extensibility
and SQL compliance, and the Elasticsearch (v.8.2.3) search engine (section 2.5) were

used.

3.1.1 Data collection

We have collected one database of dirty addresses from 5 different open public sources.
Each of the tables of dirty address source consists of six columns (full address, region,
district, city, street, housenumber) and contains about 300,000 records, for a total of

1,500,000 addresses (Table 3.1).

In our work, several different sources with addresses were considered clean ad-
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‘ ‘ full address region district city street housenumber ‘ ‘

MAHI'MCTAYCKAA AKTAY AKTAY 4 3 MAHI'MCTAYCKA AKTAY AKTAY 4 3
AKTIOBUHCKAS¢ YUJICKUY OVBLJT IEHUHA 32 AKTIOBMHCKAS$1 VUIJICKU OUBLIT JIEHUHA 32
JKAMBBIJICKAS LIIYCKUN 111V KUPTU3BAEBA 22 ZKAMBBIJICKAST IIYCKUNA my IIKNPTU3BAEBA 22
AJIMATUHCKA ST AKCYCKUI KEHZKBIPA OPTAJIBIK 3 AJIMATUHCKAST AKCYCKUI KEH?KBIPA OPTAJIBIK 3
ATBIPAYCKASL ATBIPAY ATBIPAY COBETCKUI 123 ATBIPAYCKA 1 ATBIPAY ATBIPAY COBETCKUI 123

Table 3.1: "Dirty address" database‘s table contents

dresses: the Address Register of the Republic of Kazakhstan, as well as other databases
with addresses from GIS applications like Google Maps, ArcGIS, and OSM. The Ad-
dress Register of the Republic of Kazakhstan (AR), which is a unified register of
addresses of real estate objects on the territory of the Republic of Kazakhstan, includ-
ing administrative-territorial objects from regions and cities to houses and apartment
numbers, was very suitable as a "gold standard". This database is presented as an
open-source; however, no data on the geolocation of localities is presented. In the
case of Google Maps and Arcgis, addresses are represented with geo data; however, to
access this data, a license purchase is needed, that is, an issue of high cost. Therefore,
we settled on the address database provided by OSM, which is available in open form
and, in addition, contains addresses geodata.

OSM is an open-source dataset with map data from all over the world (“OSM
map features”, 2018). The data has been collected by crowdsourcing, which means
that the content is collected from a great number of people. Since crowdsourcing
never stops working, OSM has a chance of being updated as fast or faster and as
accurate or more accurate than leading licensed map services. It uses the open data
under the Open Database License (ODbL) published by Open Data Commons, part
of the Open Knowledge Foundation. The license allows anyone to copy, distribute and
present the data as long as OSM is credited with "(©) OpenStreetMap contributors"
(OpenStreetMap, 2018).

The data with Kazakhstani addresses were downloaded in .osm.pbf format from
the www.geofabric.de website, which provides raw data from the OSM dataset. This
file was uploaded to PostgreSQL using the osm2pgsql command-line tool, which is
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used to import OSM data into a PostgreSQL database for rendering into maps and
many other uses. In the end, we received an OSM database of Kazakhstani addresses

with geodata consisting of 8 tables. (Table 3.2):

table schema table name rows n

‘ osm__ kz.public ‘ planet osm_nodes ‘ 20268350 ‘

‘osm_kz.public‘ planet osm_ways ‘ 2325858 ‘

‘ osm__kz.public ‘ planet _osm_polygon ‘ 1843927 ‘
476440
385523

‘ osm_kz.public ‘ planet osm _line

‘ osm__kz.public ‘ planet _osm_point

‘ osm_kz.public ‘ planet osm _rels 11014

| |
| |
‘ osm__kz.public ‘ planet osm_roads ‘ 47093 ‘
| |
| |

‘ osm__kz.public ‘ spatial ref sys

Table 3.2: Contents of the "osm_kz" database with number of rows in each table

3.1.2 Data cleaning and preparation

In the process of data preparation, that is, in the process of cleaning and converting
raw data before processing and analysis, we paid special attention to the records with
empty data that we discovered during the general analysis of the whole data. It
is important to note that the data preparation process is an important step before
processing and often involves making corrections to the data, reformatting the data,
and combining datasets to enrich the data.

In the case of the dirty address database, we needed to clear the cells of each
column with a NULL value. As we know in practice, records with empty values have
a negative impact on data analysis and processing. Due to the fact that data with
dirty addresses from different sources were manually entered by people, in addition
to empty values, it was also revealed that some columns have incorrect values like
punctuation marks("!!", "*") spaces (" ", "-"), and others ("no address", "###").
Such cases as lack of records or spaces instead of records would mean that the address

would be incomplete, and this would affect the poor outcome in the results of the work.
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Accordingly, we have deleted records with similar incorrect values. Moreover, using
the concatenation function, we added new columns like region_ district, city  street,
which are necessary for further use. Also, a city street wvectors column with empty
cells was created, where during the experiments, vector values (formed using the word
embedding encoders) for each entry of city street will be recorded. With the removal
of empty values from each column, there was a slight decrease in data. Finally, we
received a dataset with five tables (a separate table for each source) consisting of
columns: full address, region, district, city, street, housenumber, region  district,
city _street, city street_housenumber, city street _wvector. A description of the final

prepared dataset with dirty addresses is given in Table 3.3.

table schema table name rows n
‘ dirty address.address ‘ sourcel 300k ‘ 294967 ‘
‘ dirty _address.address ‘ source2 300k ‘ 292816 ‘
‘ dirty address.address ‘ source3 300k ‘ 290352 ‘
‘ dirty address.address ‘ sourced 300k ‘ 278585 ‘
‘ dirty address.address ‘ sourced 300k ‘ 205010 ‘

Table 3.3: Contents of the "dirty address" database with number of rows in each
table

In the process of analyzing the "osm kz" database, we found that not all addresses
are complete. That is, points and numbers are represented without a city or street.
Hence we used the PostGIS‘s (an open source software program, that adds support
for geographic objects to the PostgreSQL object-relational database) st contains and
st_distance functions to get the rest of the data from spatial relationships. In other
words, the necessary data was collected from each table into one table. Consequently,
also deleting records with empty values and concatenating some columns, we prepared
a dataset of enriched clean data with osm_id, full address, region, district, city,
street, housenumber, region_ district, city street, city street housenumber, location

(longitude-latitude) columns consisting of a total of 663 679 addresses (Table 3.4).

In conclusion, we have prepared datasets like dirty address - consisting of 5 tables
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table schema table name rows n

‘ osm__kz.address osm__ 700k 663679

Table 3.4: Contents of the "osm kz" database with number of rows in a table

and defined in our work as dirty addresses source, and osm_kz - consisting of one

table and defined as clean addresses source.

3.2 Methods of binding geodata to addresses

In accordance with section 3.1.2, we have prepared a dataset of dirty addresses that
need to be brought into a standard form and also define geodata for them. This is
one of the main tasks of this stage. In addition, at the end of these works, we will
receive ready-made data with dirty and corresponding clean addresses for use in our
proposed machine learning model.

Elasticsearch itself, which is the fastest search engine (Section 2.5), is used as a
storage for a clean address, where we query for each dirty address its clean appearance.
Since we are talking about searching and matching addresses, that is, working with
data in text form, we have tried out methods of text similarity. Thus, we propose
two different methods that have coped very well with this task. The first is the
BM25 similarity algorithm in Elasticsearch, and the second is the Sentence embedding
method. All tests, comparisons, and relevant analyses and conclusions regarding these

methods are more detailed in the 4.2 section.

3.2.1 BMZ25 similarity algorithm in Elasticsearch

When it comes to information retrieval, the Okapi BM25 similarity algorithm is a
ranking function that search engines as Elasticsearch employ to determine the rele-
vance of documents to a particular search query. BM is an acronym that stands for
best matching. Okapi BM25 similarity (BM25) is the configuration that is now used
by default in Elasticsearch. It is a TF-IDF-based similarity that includes built-in "tf"

normalization and is thought to be more effective for use with shorter fields (elastic.co,
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2022). Although it is not the most recent model in natural language processing for
document retrieval to be considered state-of-the-art, it is a highly common trade-off
between accuracy and scalability.

The BM25 function assigns a score to each document in a corpus that is based
on how relevant the content is to a particular text query. It is a probabilistic model
that compares the frequency with which it appears in the provided text for each word
of the query to the frequency with which it appears in the whole corpus. Suppose a
term from the query frequently appears in the document but also frequently in many
other documents. In that case, it is likely to be considered less essential than a word

frequently appearing in the document but seldom appearing throughout the corpus.

For a query @, with terms qy,...,q, , the BM25 score for document D is shown in

the equation 3.1.

f(g,D) - (ky +1)
flg) +ki-(1—b+b- 120

davg

(3.1)

BND&ILQ%zii[DF@hD)
=1

where:

f(qi, D) is the number of times term ¢; occurs in document D.

|D| (length of the document) is the number of words in document D.

davg 1s the average number of words per document.

b and k; are hyperparameters for BM25. k; - controls non-linear term frequency
normalization (saturation), the default value is 1.2. b - controls to what degree
document length normalizes "tf" values, the default value is 0.75.(elastic.co,

2022)

For example, in the query “Mangylik-el street Baikonyr district”, words “street”
and "district", which should be present in all documents, whereas “Mangylik-el” or
“Baikonyr” should be more specific of a small subset of documents. Hence those latter

words will be weighted more in the BM25 score of each documents.
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3.2.2 BERT encoder and Cosine similarity in ElasticSearch
BERT encoder

Along with the BM25 similarity algorithm, for determining the binding of geodata to
dirty addresses, we used the Sentence embedding technique BERT, which, in prelimi-
nary comparison with other techniques like GloVe and Universal Sentence Embedding,
turned out to be better (see the section RESULTS).

In the area of deep learning, natural language representations are commonly em-
ployed as features for machine learning tasks or pre-training. Devlin et al. (2018)
proposed a new pre-trained language representation model BERT (Bidirectional En-
coder Representations from Transformers), which has set an excellent performance
on various sentence-pair similarity comparison tasks. BERT consists of several trans-
former encoder layers that enable models using it to extract deep language features
on both token-level and sentence-level (T. Wang et al., 2022). BERT pushes the state

of the art in NLP by combining two powerful technologies:

— It is based on a deep Transformer encoder network, a type of network that can

process long text efficiently by using self-attention.

— It is bidirectional, meaning that it uses the whole text passage to understand

the meaning of each word.

The fundamental component of the BERT network (figure 3-1) is the BERT En-
coder block, which is responsible for its implementation. It is constructed out of 12
layers of consecutive transformers, each of which has 12 attention heads. It is es-
timated that there are 110 million parameters in all. Every token that is sent into
the block is first inserted into a learned embedding vector that is 768 positions long.
After that, each embedding vector undergoes a progressive transformation each time

it travels through one of the BERT Encoder layers:

— Through linear projections, every embedding vector creates a triplet of 64-long

vectors, called the key, query, and value vectors.
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Layer ¢

Figure 3-1: The BERT base architecture (Devlin et al., 2018)

— The key, query, and value vectors from each of the embeddings are fed into a
self-attention head, which generates a single vector that is 64 vectors long for
each input triplet. Because each and every output vector from the self-attention
head of BERT is a function of the whole input sequence, it is possible to say

that BERT is aware of its context.

— A single embedding vector utilizes 12 distinct triplets of key, query, and value
vectors, all of which pass through their individual self-attention heads. These
triplets are created using separate linear projections. Because of this, each
self-attention head can concentrate on a distinct facet of the tokens’ dynamic

interaction with one another.

— First, the output from each of the self-attention heads is concatenated together;
then, after passing through a further linear projection and a feed-forward layer,
both aid in leveraging deep non-linearity, the concatenated output is used. To

further strengthen the robustness of the system, residual connections from ear-
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lier states are utilized.

The outcome is a sequence of changed embedding vectors that are delivered 11
more times via the same layer structure. After the twelfth encoding layer, the em-
bedding vectors include more precise information about each token. When doing
classification tasks, "CLS" (the default) will only deliver the converted embedding
of the first token; this is often the most effective method. The result of calling
"Sequence" is the transformed embedding for each of the input tokens. As an aggre-
gate sequence representation for NSP (next sentence prediction), the BERT network
structure carries a unique classification token denoted "CLS". In order to convert
"Sequence" into one vector, a mean pooling operation is used. Each of these tokens
within "Sequence" has a value of 768. This pooling method will take the average of
all token embeddings and compress them into a single 768 vector space, so producing
a 'sentence vector’.

SentenceTransformers is a Python framework for state-of-the-art text and sentence
embeddings. Each sub neural network takes in data, maps it to a high-dimensional
feature space, and then outputs the resulting representation. By computing the
distance between the two representations, such as cosine distance, researchers can

compare the similarity of the two input sentences.

Cosine similarity

Cosine similarity evaluates the similarity between two inner product space vectors.
It is determined by the cosine of the angle that exists between two vectors, and it
reveals whether or not the vectors point in a direction that is nearly identical to one
another (Han et al., 2012). In text analysis, it is frequently utilized as a measurement
tool for document similarity. It is useful to use it to compare texts or, for instance,
to provide a rating of documents in relation to a specified vector of query terms. Let
x and y be two vectors for comparison. Using the cosine measure as a similarity

function, we have
x-y

Tl (32)

sim(x,y) =
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where ||x|| is the Euclidean norm of vector x = (21, 22, ..., xp),

defined as \/x% + 234 .. 422

Conceptually, it is the length of the vector. Similarly, ||y|| is the Euclidean norm
of vector y. The measure computes the cosine of the angle between vectors x and
y. A cosine value of 0 means that the two vectors are at 90 degrees to each other
(orthogonal) and have no match. The closer the cosine value to 1, the smaller the
angle and the greater the match between vectors. As a example, suppose that x and y
are the vectors, where x=(0,0,2,0,0,2,0,3,0,5) and y=(1,0,1,0,1,1,0,2,0,3), how similar
are x and y:

X y=0x14+0Xx0+2x14+0x04+0x14+2x1+0x04+3x24+0x0+5x3=25
|[x||=v/02 + 02 + 22 + 02 + 02 + 22 + 02 + 32 + 02 + 52=6.48

yl[=V12 4+ 0% + 12 + 02 + 12 + 12 4+ 02 + 22 + 02 + 32=4.12

sim(x,y)=0.94

Cosine similarity is superior to Euclidean distance because even if two text docu-
ments are separated by a vast Euclidean distance, there is a possibility that they are

contextually near (Kanani, 2019).

3.3 SequenceToSequence Models

SequenceToSequence (Seq2Seq) model can be utilized for a variety of sequence translation-
related tasks.Translating an input sequence into an output sequence of any length
(independent of the input sequence length) is known as Sequence Translation (figure
3-2). SequenceToSequence model which provided by the ArcGIS Developers (2022) is
built on top of Hugging Face (2022¢) transformers (state-of-the-art Machine Learning
for PyTorch, TensorFlow) library. A wide variety of transformer architectures can be
accessed through this library. Early studies on transfer learning for NLP utilized
recurrent neural networks (Peters et al., 2018), but "Transformer" architecture-based
models have recently become more prevalent. The Transformer was initially demon-
strated to be useful for machine translation, but it has since been implemented in

several NLP contexts (Devlin et al., 2018). All of the models we explore are based
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Figure 3-2: High-level view of sequence translation. (ArcGIS Developers, 2022)

on the Transformer design due to its growing ubiquity.

The APIs provided by Transformers make it easy to obtain and train state-of-
the-art models. Using pre-trained models saves time, cost, and resources by reducing
the need to start from scratch with a new model. The transformer architecture, as
proposed in the Vaswani et al. (2017), consists of an encoder block and a decoder
block. ALBERT, BERT, and other recent transformer-based architectures rely solely
on the transformer’s encoder. While other models, such as GPT, GPT-2, and others,
only use the decoder part. For Seq2Seq tasks, however, both the encoder and decoder
are required. TH, mBart, and Bart are examples of architectures that maintain both

the encoder and decoder.

3.3.1 The "Transformer" model

The original Transformer is a six-layered Encoder-Decoder architecture that generates
a target sequence from a source sequence using the Decoder. At a high level, the
Encoder and Decoder are composed of a self-attention layer and a feed-forward layer.
An additional attention layer enables the Decoder to map its necessary tokens to the
Encoder for translation. Self Attention permits the search of remaining inputs at
various positions to identify the significance of the currently processed input. This
is conducted on all input words to achieve more excellent encoding and contextual
comprehension of all words.

Transformer architecture was developed to induce parallelism in LSTM, and RNN’s

sequential data, where input tokens are delivered instantly and matching embedding
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are formed concurrently via the Encoder. For instance, a pre-trained embedding
space like GloVe, which maps a word to a vector that can be trained on the fly, can
be utilized to save time. Nonetheless, the same tokens in different sequences may have
various meanings resolved by a positional encoder that generates context-based word
information about its position. As a result, attention vectors are generated that iden-
tify the significance of the i** word in a sequence concerning other words, which is put
back into the attention layer to increase contextualization further. These attention
vectors are then supplied into the feed-forward Neural Network. For the following
"Encoder’ or Decoder’s "Encoder-Decoder Attention’ block, they are changed in to a
more digestible form.

The latter receives Encoder output and Decoder input embedding, which executes
attention between them. This provides the importance of the Transformer’s input to-
kens in relation to its destination tokens since the decoder establishes the actual
vector representation between source and target mapping. The decoder predicts the
following word using softmax, which is carried out across many time steps until the
token representing the completion of the sentence is generated. There are residual
connections followed by a layer normalization (Ba et al., 2021) step at each Trans-
former layer to accelerate training during backpropagation. All of the transformer

architectural details are demonstrated in Figure3-3.

Encoder and Decoder Stacks

Encoder: Six N = 6 identical layers make up the encoder’s structure. There are
two sub-layers under each of the main layers. The first is a multi-head self-attention
mechanism, while the second is a straightforward, position-wise, completely linked
feed-forward network. We apply a residual connection (He et al., 2016) around each
of the two sublayers, followed by layer normalization (Ba et al., 2021). Therefore,
LayerNorm(z + Sublayer(z)) is the output of each sub-layer, where the function
implemented by the sub-layer is Sublayer(z). To support these residual connections,
all model sublayers and embedding layers provide outputs with the dimension d,,oqe

= 512.
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Figure 3-3: The Transformer model architecture. (Vaswani et al., 2017)

Decoder: The decoder is also N = 6 identical layers stack. The decoder adds the
third sublayer (Encoder-Decoder Attention) to each encoder layer in addition to the
two already there, allowing it to execute multi-head attention on the encoder stack’s
output. Similar to the encoder, residual connections, followed by layer normalization,
are utilized around each sublayer. A further modification is made to the decoder
stack’s self-attention sublayer in order to stop positions from paying attention to
following positions. This masking, along with the fact that the output embeddings
are off by one position, makes sure that the predictions for position 7 can only be

based on the known outputs at positions before 1.

Attention

A mapping between a query and a collection of key-value pairs to output is an at-
tention function, where the query, output, and the key-value pairs are vectors. The
output is generated as a weighted sum of the values, with the weight allocated to

each value being determined by a compatibility function between the query and the
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relevant key.

Multi-head attention: MHA increases the ability of the model to emphasize dif-
ferent positions of sequence markers by implementing attention in parallel several
times. Using a linear layer into the expected dimensions, the resulting individual
output data or attention heads are combined and transformed. Each of the numerous
heads permits observing the sequence components from a different perspective while
giving equivalent token representations. Due to the high dot product, each token’s
self-attention vector may weigh the word it represents more heavily than other words.
This is ineffective, given that the objective is to achieve identically evaluated inter-
actions with all tokens. Therefore, self-attention is computed eight times, yielding
eight distinct attention vectors for each token, which are utilized to generate the final
attention vector for each token through a weighted sum of all eight vectors. The
resulting multi-headed attention vectors are calculated in parallel and sent to the
feed-forward layer.

Masking: Each consecutive target token 7;,; is created using the same number of
source tokens (S, ..., S;+,) in the encoder. However, in an autoregressive decoder,
only prior time-stepped target tokens (7Ty, ..., T;) are used for future target prediction
purposes, a phenomenon known as causal masking. This is supplied to maximize
the learning of the target tokens that will be subsequently translated. Consequently,
during parallelization through matrix operations, the forthcoming target words are
masked to zero so that the attention network cannot look into the future. The above-
described Transformer resulted in substantial enhancements to the NLP area. This
results in an abundance of high-performance designs, which are described in the fol-

lowing sections.

Queries, Keys, and Values

Attention mechanism input consists of target token Query vector Q, its associated
source token Key vector K, and embedding matrices Values V (Singh & Mahmood,
2021). Using inner dot product, mapping source and target tokens in machine trans-

lation may be quantified based on the sequence similarity of each token. In order to
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ensure correct translation, the key must have a high dot product value with its related
query. Assume ) € {Lg, D} and K € {Lk, D}, where Lg, Lk represent target and
source lengths, and D signifies the dimensionality of the word embedding. Softmax is
employed to generate a probability distribution in which all Query, Key similarities

add up to one, hence directing greater attention to the most closely matched keys.

W = softmaz(Q.KT) where Wey, € {Lg, Lk} (3.3)

Assuming that values and keys are generally similar, a query assigns a probability

of a match to the key, therefore:
Zatt = Attention(Q, K, V) = softmaz(Q.K").V = Wey.V (3.4)

Position-wise Feed-Forward Networks

Additional attention sub-layers are also included in our encoder and decoder’s feed-
forward networks. These feed-forward networks apply to each position individually

and identically. A ReLLU activation is sandwiched between two linear transformations.
FFN(:L’) = max(O,le +b1)W2 +bQ (35)

Despite using the same parameters in different positions, linear transformations em-
ploy distinct parameters for each layer. Another approach to describe this is as two
convolution layers with a kernel size of 1. Input and output dimensions are d, o1 =

512, but the dimension of the inner layer is dy; — 2048.

Embeddings and Softmax

Similar to other sequence transduction models, we transform input and output tokens
to vectors of dimension d,,,q. using learned embedding. In addition, we employ
the conventional linear transformation and softmax function to turn the decoder
output into projected next-token probabilities. Similar to (Press & Wolf, 2016), in

our approach, the two embedding layers and the pre-softmax linear transformation
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share the same weight matrix. In the embedding layers, those weights are multiplied

by V dmodel .

Positional Encoding

Since our model does not feature recursion or convolution, we must inject information
about the relative or absolute location of the tokens in the sequence for the model to
make use of the sequence’s order. In order to accomplish this, "positional encodings"
are added to the input embeddings at the bottom of the encoder and decoder stacks.
The positional encodings and embeddings have the same dimension model, allowing
the two to be added. There are learned and fixed many choices of positional encodings
(Gehring et al., 2017).

In this work, we use sine and cosine functions of different frequencies:

PEpos 2 = Sin(pos/lo()(]()?i/dmodez) .
3.6
PEpos72i+1 = COS(pOS/lOOOOQi/dmodel)

where pos is the position and ¢ is the dimension. That is, each dimension of the

positional encoding corresponds to a sinusoid.

3.3.2 BART - Transformer based Generative Model

Bidirectional and Autoregressive Transformer (BART) is a denoising autoencoder
constructed with a sequence-to-sequence model that is suitable for a wide variety of
tasks (Singh & Mahmood, 2021). Two levels of pre-training exist: where the further
text is distorted by an arbitrary noising function; in a latter, a Seq2Seq model is
learned to restore the original text (Lewis et al., 2019). The greatest advantage of the
approach where random adjustments not restricted to length changes are applied to
the original text is noise flexibility. Two noise variations that stand out are shuffling
the original sentence’s order randomly and using a filling scheme in which texts of any
length are randomly replaced by a single masked token. BART deploys all possible

document corruption schemes as shown below in figure 3-4.
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Figure 3-4: Denoised BART model and its noising schemes. (Singh & Mahmood,
2021)

BART uses the standard Seq2Seq2 Transformer architecture from Vaswani et al.
(2017) which, despite its simplicity, can be seen as generalizing BERT (due to the
bidirectional encoder), GPT (with the left-to-right decoder), and many other more
recent, pre-training schemes.

The Encoder part of BART uses BERT’s bi-directional encoder to find the best
way to represent the sequence it is given. The BERT encoder gives out an embedding
vector for each token in each text sequence it receives, as well as another vector with
information about the whole sentence. Thus, the decoder can train for both token-
level and sentence-level tasks, providing a solid foundation for any future fine-tuning
tasks. Figure 3-5 depicts how masked sequences are utilized for pre-training. As in
the transformer sequence-to-sequence model, each layer of the BART decoder also
pays attention to the last hidden layer of the encoder. However, unlike a BERT,
BART doesn’t use an extra feed-forward network before word prediction. To put it
another way, BART has about 10% more parameters than the BERT model (Lewis
et al., 2019).

A decoder must read the token- and sentence-level representations of an input text
sequence in order to translate them to the output target. However, when utilizing
a similarly built decoder, tasks such as predicting the next sentence or tokens may
perform badly since the model requires a full input prompt. In these instances, we
want model architectures that can be trained to generate the next word in a sequence

by examining only the preceding words. Consequently, a causal or autoregressive
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model that uses just historical data to forecast the future is useful.

The GPT1 model utilized a similar design to the decoder portion of the original
Transformers. GPT progressively stacks 12 such decoders such that only prior tokens
can influence the current token computation(Lewis et al., 2019). The architecture
is shown in Figure 3-6. Moreover, GPT-1 task-based architecture and magnified
views of transformer-based decoder figure are included in the paper’s Appendix B-1.
Similar to the original Transformer decoder, The GPT decoder also employs a masked

multi-headed self-attention block and a feed-forward layer.
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Figure 3-6: GPT decoder
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Despite separating the decoder from the encoder, the input to the decoder would
still be a learned representation (or embedding) of the initial text sequence. Therefore,
BART connects the bi-directional encoder to the autoregressive decoder in order to
produce a denoising auto-encoder architecture. Based on these two components, the
complete BART model would appear, as seen in Figure 3-4.

The BART model was trained on many different datasets and tasks as SQuAD
(Rajpurkar et al., 2016), MNLI (Williams et al., 2017), XSum (Narayan et al., 2018),
and comes in different sizes: BART-base (140m paramteres, 6 layers), BART-large
(400m parameters, 12 layers) and etc. (Hugging Face, 2022a).

3.3.3 T5 - Transformer based Generative Model

Text-to-text Transfer Transformer (T5) (Raffel et al., 2020) is an encoder-decoder
model pre-trained on a multi-task mixture of unsupervised and supervised tasks and
for which each task is converted into a text-to-text format whose basic architecture is
Transformer, which was proposed by Vaswani et al. (2017). The core principle behind
T5’s encoder-decoder architecture is to receive a text as input and generate new text
as output. It achieves state-of-the-art on multiple tasks, which shows the power of
the large pre-training model and Seq2Seq paradigm.

In general, the T5 implementation roughly adheres to its suggested form Vaswani
et al. (2017). First, an input token sequence is translated to an embedding sequence,
which is subsequently supplied to the encoder. Each "block" in the encoder con-
sists of two subcomponents: a self-attention layer and a tiny feed-forward network.
Layer normalization (Ba et al., 2021) is performed to each subcomponent’s input.
Activations are just rescaled in a reduced variant of layer normalization. After layer
normalization, a residual skip connection connects each subcomponent’s input to its
output (He et al., 2016). Within the feed-forward network, on the skip connection,
on the attention weights, and at the input and output of the entire stack, dropout
(Srivastava et al., 2014) is implemented. The structure of the decoder is similar to
that of the encoder, except that it includes a standard attention mechanism after each

self-attention layer that attends to the encoder’s output. The decoder’s self-attention
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mechanism also employs an autoregressive or causal version of self-attention, which
only allows the model to focus on previous outputs. The final decoder block’s output
is fed into a dense layer with a softmax output, the weights of which are shared with
the input embedding matrix. Before being further processed, the outputs of all Trans-
former attention mechanisms are concatenated. TH uses a simpler form of position
embeddings in which each "embedding" is merely a scalar added to the associated
logit used to compute the attention weights, while the original Transformer employed
a sinusoidal position signal or learned position embeddings. To sum up, T5 is basi-
cally comparable to the original Transformer provided by Vaswani et al. (2017) with
the difference of removing the Layer Norm bias, relocating the layer normalization
outside the residual route, and employing a new position embedding strategy.

The T5 model was trained on unlabeled data created with a more refined version of
Common Crowl (an organization that crawls the web and freely provides its archives
and datasets to the public (Xia, 2014)) - Colossal Clean Crawled Corpus(C4), and
it comes in different sizes: T5-small (60m parameters, 6 layers), T5-base (220 m
parameters, 12 layers), Th5-large (770m parameters, 24 layers) and etc. (Hugging
Face, 2022a).

3.3.4 Model Evaluation Metric

We require measurements to validate transformed texts’ quality and accuracy to as-
sess our models. We utilize the Bilingual Evaluation Understudy (BLEU) to evaluate
the T5 and BART Transformer models. BLEU is an algorithm to assess machine-
translated text quality and is knowns as an inexpensive and automated metric (Hugging
Face, 2022b). It was one of the first metrics to correlate highly with how people eval-
uated quality.

Individual translated parts, often sentences, are scored by comparing them to
a collection of high-quality reference translations. These ratings are then averaged
over the whole corpus to determine the overall quality of the translation. Neither
comprehensibility nor grammatical accuracy is considered.

In BLEU score calculation we have the target sentence and the predicted sentence.
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The first step is to compute Precision scores (number of corrected predicted and total
predicted) for 1-grams through 4-grams and combine them using the formula below
3.7:

)t BT

N
ST
=

GeometricAveragePrecision(N) = (p1)4 - (p2)4 - (p3)

In order to offset that predicted sentence could come as one-word Brevity Penalty is

calculated by the formula 3.8:

Life>r (3.8)

el=rleife <=

Where ¢ is predicted length = number of words in the predicted sentence and r is
target length = number of words in the target sentence Finally, to calculate the Bleu
Score, the Brevity Penalty with the Geometric Average of the Precision Scores are

multiplied as shown in 3.9:

BLEU(N) = BrevityPenalty - GeometricAverage PrecisionScores(N)  (3.9)
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Chapter 4

Experiments and Results

Our study can be divided into two large parts; in the first, we use the BM25 and
BERT text similarity methods for binding geodata to dirty addresses, while we get a
dataset, which we use in the last to compare the transformer models T5 and BART.
As hardware, we used NVIDIA DGX A100, which is a universal system for the entire
artificial intelligence infrastructure, consisting of 8 GPUs of 40 GB each, as well as
a CPU of 256 cores. These impressive characteristics of this equipment immensely

helped us to save time in the process of completing tasks in both parts.

4.1 Experimental Setup

Working with ElasticSearch, we used Python with the Elasticsearch library. First of
all, we indexed the OSM dataset (section3.1.2) to Elasticsearch as described in 2.5
section, and created a query for finding similar addresses of a dirty dataset from the
OSM index (clean dataset). Queries for matching the full address (full address col-
umn) did not produce the appropriate results since there are many similarities in the
region and district in the full addresses, and the text similarity methods allocate much
attention to numbers rather than texts. In this regard, to improve the accuracy of the
query, we added a filter, where before searching for an address, it is first compared to
the region-district and house number, where if the house numbers do not match the

requested address, they are skipped. Furthermore, the matching was carried out for
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the values of the city and street only. For these purposes, we used the appropriate
columns(region_ district, housenumber, city street), that we created during the data
preparation process (section 3.1.2). Using the iteration function, we queried each ad-
dress of the dirty dataset. In order to ensure or enhance performance while querying,
the dirty dataset data was preprocessed. Moreover, we used multiprocessing, which
enabled the DGX A 100 to utilize multiple cores of a CPU to run tasks and processes
in parallel. This parallelization leaded to significant speedup in tasks that involve
much computation. In our case , we have reduced the processing and execution time
of the request to 1.5 minutes. Whereas without multiprocessing, it took 3 hours to
process each table with 300,000 dirty dataset addresses. For "city street" matching
(Figure 4-1), the BM25 similarity method was used, which is built-in and used by
default in Elasticsearch and presented as baseline for binding geodata to addresses
in our study. The query process is as follows: The address from the dirty dataset
“gquery*: {"bool”: {
"must": [
{"match": {"osm city street": {"query": query city street}}}],
"falter™: |
{"term": {"osm_region": query_region}},
{"term": {"osm district": query district}}],

"should": [
{"match": {'osm _housenumber': {"query": query housenumber}}}]}}

Figure 4-1: Matching query in Elasticsearch

is matched with each address of the OSM index, where the "city street" similarity
score (described in 3.2.2) will be formed. The OSM index address with the highest
score will be the most similar for the queried dirty address. The higher the score,
the more similar the addresses. Each dirty address queried is recorded in a new data
frame with a similar clean address (OSM) defined with the corresponding geodata
and similarity score. This created a dataset with standard (clean) and non-standard
(dirty) addresses used as input data for training/validation of Transformer models.
In our proposed Sentence embedding method, we use the BERT (described in
3.2.2) encoder to vectorize "city _street" of clean (OSM) and dirty datasets, where

then CosineSimilarity (described in 3.2), comparing the similarity of vectors, reveals
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the most similar addresses by the score value (Figure 4-2). To sum up, the querying

"script_score": {
"query": {"bool": {
"filiter": [
{"term": {"osm_region": query_region}},
{"term": {"osm _district": query district}}],

"should": [
{"match": {"osm_housenumber": {"query": query_housenumber}}}1}},
“Soript™s {
"source": "cosineSimilarity(params.query vector, 'osm _city street vector') + 1.0",

"params": {"query vector": query city street_vector}}}

Figure 4-2: Cosine Similarity query in Elasticsearch

process of the proposed method is similar to the BM25 method that we described
above, with the exception of two cases; the former is we create a new OSM index,
where during the indexing process, a vector will be created for each "city street"
value using BERT encoder and written to the field city street wvector. In the case of
dirty addresses, its "city street" is vectorized during the querying process. Further-

more, the latter is that Cosine similarity script score query is implemented.

In our study we use the Seq2Seq (section 3.3) model proposed by ArcGIS De-
velopers (2022) whose architecture is based on the original Transformer (Vaswani
et al., 2017). SequenceToSequence class constructor accepts two named arguments
data and backbone. Where data is prepared dataset with two columns: standard
(clean address) and non-standard (dirty address), and backbone is a pretrained
transformer model based on the transformer architecture of choice: T5 and Bart
(section 3.3.1). All work with the models was performed using the arcgis library for
Python in the NVIDIA DGX A100 device with eight 40GB GPUs.

First of all, we imported 200,000 addresses (standard & non-standard) from the
prepared dataset ( 1,500,000 addresses) where the similarity score is greater than
the overall mean. After by cyrtranslit Russian and Kazakh letters of addresses are
transformed into Latin and saved as .csv format for further use. As mentioned above,
training data must have two columns, one for input text and the other for translated
output text. In the above example, non-standard address is the input text column,

which is dirty address of our dataset, and standard address is the output text col-
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umn which is the clean address (table 4.1). In this step, data preparation includes
dividing the data into training and test sets, creating the necessary data structures to
load data into the model, and so on. The function prepare_textdata of the Sequence-
ToSequence class allowed to directly read training samples in the above format and
automate the entire process. When calling this function, we provided the following
arguments: train file as the .csv dataset; batch size as 16; task as the sequence
translation; text columns as dirty address; and label columns as clean address.

Thus, we have prepared the data for the training.

H non-standard_addresses (dirty_address) standard _addresses (clean_address) H
juzhno-kazahstanskaja, enbekshinskij, shymkent, mikrorajon sever, 7 shymkent, shymkent, enbekshinskij rajon, mikrorajon teriskej (sever), 7
akmolinskaja, esil’skij, esil’, ulica gagarina, 11 akmolinskaja oblast’, esil’, esil’skij rajon, ulica gagarina, 11
almaty, turksibskij, turksibskij, ulica fuchika, 100 almaty, almaty, turksibskij rajon, ulica fuchika, 100
akmolinskaja, akkol’skij, akkol’, tihaja, 20 akmolinskaja oblast’, akkol’, akkol’skij rajon, ulica tihaja, 22
aktjubinskaja, aktobe, aktobe, zarechnyj-3, 266 aktjubinskaja oblast’, aktobe, aktobe g.a., zarechnyj-3, 674
almatinskaja, alakol’skij, usharal, sh. ajmanova, 4 almatinskaja oblast’, usharal, alakol’skij rajon, ajmanova, 4
karagandinskaja, karaganda, imeni kazybek bi, pereulok ryleeva, 16  karagandinskaja oblast’, karaganda, karaganda g.a., ryleeva pereulok, 16

Table 4.1: Standard and non-standard addresses for training

The next step was to define the backbone for the Seq2Seq model; whereas the
baseline, we chose the BART transformer model presented by ArcGIS Developers
(2022) and our proposed transformer model T5. Before training models, we found
optimum learning rates accessible through the model’s ir_find() method included in
the ArcGIS library. In machine learning (ML), the learning rate (LR) (Murphy, 2012)
is a tuning parameter that defines the step size at each iteration while approaching
a loss function’s minimum. It indicates how quickly ML models "learn." When the
learning rate is low, model training will take a long time since the steps toward the
minimal loss function are so few, and if it is high, training may not converge or
even diverge (ArcGIS Developers, 2022). We trained the model using fit() method
till the validation loss (or error rate) continued to go down with each training pass
also known as epoch. This is indicative of the model learning the task. By default,
the earlier layers of the model (i.e., the backbone) are frozen. Once the last layers
have been sufficiently trained, the earlier layers are unfrozen (by calling unfreeze()
method of the class) to further fine-tune the model. After unfreezing, we re-found

the optimal learning rate and also continued to train. In order to get desired results,
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we assigned epochs in different sizes for the Th model: 5-3, 7-5, and for Bart: 5-3,

7-5, respectively.

4.2 Results

As a result of working with the BM25 and Sentence Embedding (BERT text simi-
larity + Cosine Similarity) methods, we received two datasets with dirty addresses,
clean addresses determined by these methods with their corresponding geodata, as
well as a similarity score. BM25 gives a score from 0 to 48, and Sentence embedding

(BERT + Cosine Similarity) gives a score from 1 to 2 (tables 4.2 and 4.3). We do

dirty_address lean_address_OSM Tat_Ton Score

2KaMObLICKas, Tapas, Tapas, caataHaT M. a. , 29 ZKanmGbiickas obmacrs, Tapas, Tapas I'A., Carranar Mukpopaiion, 29 71.35152737518501,42.88895107260998  17.21896
76.86426195000921,5; 989912765  21.316845
: 76.6210716829815: 074606 19.726704

6 69.93299310000229,42 343 13.012959
69.59270460576687,42.31279637937487  16.803616

T1aBJ10JAPCKas, T1ABI0/1ap, TABJI0IAPCKO, IPeyIIOK ceneprbil, 8 Tasaoapekan obaacts, Hasiojaperoe, Haniomap T-A., CeBepHblil Hepeyiok, 8

AINATHHCKAN, KapacaficKiii, Ka ait Gatbipa, 36 AvaTinokan o6aacth, Kackenen,

1eH, Kaj

107K HO-KA3AXCTANCKA, CATlPAMCKHT . xiGer-oa, 15

TIBIMKCIT, ath-papaBHiiCKItii, auth-(papaGIiCKHii, y 1A cBoGob!, 428

Table 4.2: "BM25 similarity method results"

dirty_address clean_address_OSM Tat_lon score

AKMOJIICKAR, APIATBIICKHT, apiiadibl, JUKoJUlactiacha, 9 AKMOUIHICKs 06:1acTh, ApHiaiibl, ApUiaibiicKiit pafion, ynia JLxomioctiacsa, 9 72.17588996617735,50.82065860577256 1.9884919
AKMOIICKAR, KOKIIeTay, KOKHIETay, C6llo Kpachbill Ap 1€010ron, 22 AxMoTCKas obacTy, Kpaciniii 51p, Kokieray TA., Teoloron yimia, 2 60.25525381895931,53.31 730849349184 1.9660609
KovTanalickan, KocTanafickii, 5a1060bCK, Jenia, 10 Kocrarafickan o  Bapeuioe, Koctamaficrni pafion, Jlemina, 11 63.74039157005866,53.23506 154706411 _1.9630688
KbISbLIODUHCKas, GalIKORbID, GAlKORbID, TIyIIKO, 7 Kiisniiop uickan o6aacts, Bafikonyp, Bafikontip TA., yiia TiyiKo, 7 63.31458103356063,45.02650587562673__ 19775601
AINATINCKas, CADKAILICKNT, capKait, bty Tiiia, 20 AvaTHicKan o6aacth, Capraiii, CapKaiickiii pafion, Baryrina, 47 70.9288626082061,45.402840603183 10456124

Table 4.3: "Sentence Embedding method results"

not have an exact formula for comparing such different types of scores. Therefore, to
determine which of the above methods coped with the task of similarity more cor-
rectly and efficiently, we used the manual method. That is, 100 addresses randomly
selected from each dataset were compared visually. As a result of our comparison, the
BM25 method coped with 82 addresses correctly, whereas the Sentence embedding
with 76. Accordingly, we can conclude that within the framework of our work, the
default Elasticsearch BM25 method is 8% better than Sentence embedding. Dataset

with BM25 similarity method results was chosen for the use in model training.

The figure 4-3 illustrates an example of "Heat mapping" created by the identified

coordinates (lat and long) while using similarity methods for dirty addresses. In this
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way, it is possible to visualize the country’s statistics according to fertility, death,

divorce, crime, and the others on a map.
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Figure 4-3: Drawing points on the map (heatmap) by coordinates (lat and lon)

Baseline model BART and our proposed T5 were trained in 2 steps due to the
need for unfreezing the model, as noted in section 4.2. After unfreezing, new learning
rates for Th and BART (Figure 4-4) were determined. The learning rate in each
model changes dramatically. Concerning the BART model, the low learning rate is

determined after five epochs, and in the T model after seven epochs.

T5 5-3 eps T5 7-5 eps BART 5-3 eps BART 7-5 eps
LR-1: 0.00010964781961431851 LR-1: 0.0001584893192461114 LR-1: 5.248074602497728e-05 LR-1: 4.365158322401661e-05

s /

S 7
T55-3 eps T57-5 eps BART 5-3 eps BART 7-5 eps
Fieds ABEE I DREe 07 LR-2: 0.0005754399373371565 LR-2: 0.00010964781961431851 LR-2: 1.202264434617413¢-05
T - A
i \
[ )\

Figure 4-4: BART and TH models learning rates

Figure 4-5 demonstrates validation and training losses for each model, where we

see the lowest validation loss in the T5 model with 7-5 parameters. The T5 and Bart
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models with parameters in 5-3 epochs have a not low but decreasing validation loss,
in contrast to the Bart model with a parameter in 7-5 epochs, which almost has a
stable loss. As noted in section 4.1, validation loss must steadily decline for proper

training.

T5 5-3 eps BART 5-3 eps
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Figure 4-5: Validation losses for T5 and BART 5-3 and 7-5 epochs

It is important to note that when we assigned parameters for the T5 model as 10-5
epochs and 20-10 epochs (Figure 4-6), we found that validation loss did not change
in any way in the first and even began to increase in the latter. Thus, we decided
that for training transformer models with the sequence translation task, the size of
the epochs should not be significant, that is, up to 7 epochs.

Table 4.4 illustrates the results of the training of transformer models. As we can
see in BART, there is a slight difference between 5-3 and 7-5 parameters. BART
with parameters in 7-5 has good results even though it had an almost stationary
validation loss. In contrast, in TH, we can see a big difference in validation loss, where
parameters 7-5 is 0.015 and 5-3 is 0.024. Also, our proposed model T5 with parameters
7-5 reaches a maximum BLEU value of 0.9925 compared to BART, where BLEU is
0.9910. Moreover, the T5 and BART models trained on our data were evaluated
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Figure 4-6: Validation losses for T5 10-5 and 20-10 epochs

Model Training pass Training loss Validation loss Seq2Seq Accuracy BLEU
| Ts.base | 0epochs-depochs | 0.021941 | 0024103 | 0.994782 | 0.987827 |
\ | Tepochs-5epochs | 0.007877 |  0.015900 | 0.996827 | 0.992522 |
| BART-base | 2ePochs-3epochs | 0.012364 | 0.020994 | 0.995775 | 0.989808 |
\ | Tepochs-bepochs | 0.007027 | 0.019840 | 0.996297 | 0.991038 |

Table 4.4: T5 and BART models results

on randomly selected 100 non-standard addresses (not in the training dataset) to
predict its standard version. The results are demonstrated in Table 4.5 and A.1,
where, according to the BLEU evaluation metric, T5 with parameters of 7-5 epochs

turned out to be the best.

Model seq2seq ccuracy BLEU
| BART 5-3 epochs | 0.9958 | 0.9898 |
| BART 7-5 epochs | 0.9963 | 0.9910 |
| T55-3 epochs | 0.9948 | 0.9878 |
| T5 7-5 epochs | 0.9968 | 0.9925 |

Table 4.5: T5 and BART evaluation results

BLEU is an important evaluation metric (model’s get_model metrics() method)
in our study for comparing models, as noted in section 3.3.4; therefore, we can con-

clude that the proposed T-5 copes with translation tasks better than baseline BART.
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Chapter 5

Conclusion

Within the thesis, we have aimed to solve the task of converting arbitrary written
primarily by humans addresses into a standard format and adequate geocoding using
state-of-the-art NLP algorithms and ML models. To reach the goal, we have collected
the so-called dirty addresses mainly submitted by the citizens of the Republic of
Kazakhstan when receiving various services. Overall, our dataset contains 1,5 million
records from 5 publicly available sources.

The first part of the research is related to normalization and standardization pro-
cedures. Before the standardization, we had pre-processed the raw data by applying
data cleansing and enrichment techniques; then, we processed the records using the
BM25 ranking function and the Sentecn Embedding algorithm consisting of BART
text similarity and cosine similarity algorithms. Finally, we admitted the OSM index
consisting of approximately 700 thousand records as a golden standard reference data
as it was open and available and contained geocodes and textual address representa-
tions. It should be noted that the very first approach was to use a national address
registry as the golden standard. However, the original idea was not feasible due to
the registry lacking geocodes.

As a result, each normalized textual record containing address information was
bound with adequate geocodes. However, one of our discoveries at this step is the
overall poor performance of address matching when comparing the complete ad-

dresses—unlikely, filtering out the addresses by district and house number before
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matching displayed better results. We found this happened as there were significant
similarities in the region and district names in the complete addresses—also, the text
similarity methods allocated much attention to numbers rather than texts. The prac-
tical outcomes of the address standardization were assessed manually by comparing
the results on randomly selected 100 records. We conclude that the BM25 method is
8% better than the Sentence embedding combined method.

The second part of the research used the dataset with dirty, and ’clean’ records
obtained earlier at the address standardization step. In the research, we admitted the
BART model as a baseline and ran the proposed TH model with various settings on
epoch numbers. According to BLEU metric, an algorithm for evaluating the quality
of machine - translated text, T5 (0.992522) outperformed BART (0.991038) at the
setting of 7-5 epochs.

The thesis results demonstrate that using the performance of the T5 model to
predict addresses given arbitrary written non-standard incomplete addresses is a rea-

sonable approach for implementing the solutions to solve live practical cases.
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Appendix A

Tables

dirty "non-standard" addresses predicted "standard" addresses

KaparaHJnHCKasi 00/1acThb, abaii, abaiickuil paiion, yimia K TaH, 7

KaparaHJuMHCKasi, abaiickuii, Kapabac, y/JIuna KasakcTaH, 7

MaHIHCTAayCKas, aKTay, aKTay, 5, 3 MaHrucTaycKas o0/1acThb, aKTay, aKTay r.a., 5 MuKpopaiion, 3

ceBepo-Ka3axCTaHCKasl, KbI3blzKapeKuii, 6ecked, coperckas, 103 ceBepo-KazaxcraHcKas o0/1acThb, GeCKo/b, KbI3bLIKAPCKHIl paiioH, coBerckas yiua, 103

alIMaTHHCKAd, KaMOBLICKITT, Kapra/bl, anaTay, 77 aJIMaTHHCKast 00J1aCTh, KapraJbl, XKaMOBUICKHil paiion, anaray yumia, 77

HYP-Cy/ITaH, ajJMaThl, MUKPOPAHOH T0r0 BOCTOK, TIep. aKKoJ, 7 HYP-CY/ITaH, HyP-CyJITaH, Pailon aMaThl, TIePey/IoK aKKOJT

aKTIOOHHCKAs, aKTO0e, a/IMATHI, BOK3a/IbHas, 64 akTIOOHHCKast 06,1acTh, aKTobe, aKTobe I.a., BOK3aIbHas yimia, 64

aKTIOOHHCKas 001acTh, aKTobe, aKTobe .

akTioOnHCKas, akTobe, Hyp-cynran, abyixaup xama, 27 , IpOCIeKT abuiKaiibip xana, 27/1

aKMoJInHCKast, OypabaiicKuil, My nHCK, yIuia TeMupssesa, 7 aKMOJIMHCKasl 06/1acThb, IydnHCK, Oypabaiickuii paifon, yimna remupssesa, 7

KocTaHalicKasi, KocTaHail, KocraHaii, kueBckas, 18 KocTaHajicKag 00J1acTh, KocTaHaii, KocTaHaii I.a., KHeBCKad yJIHIa, 5

aJIMaThI, aIMaThl, GOCTaHLIKCKHI paiion, mpocneKT rarapuna, 181

mmra, 67

aJIMaThl, G0CTaNIBIKCKII, aMaThl, rarapuna, 181

AKMOJIMHCKas!, epeiiMeHTayCKuii, epeiimenTay, yimnia Gorendast, 67 AKMOJIITHCKast 06,1acTh, epeiiMenTay, epeiiMeHTaycKmii paiion, Gorenbas

akTIOONHCKas, aKTobe, aKTebe, MOCKOBCKast, 154 akTIOONHCKas 061acTh, aKTobe, aKTOOE I.a., MOCKOBCKas yiania, 154

-

pKeCTaHCKas 00IaCTh, IIapIapa, MmapIapuHCKHil paiioH, "aHOB, 5

TypKecTaHCKas 00JIACTh , IAPJAPUHCKHIT Ao, mapapa, yIuna aiiMaxaH 1

aKTIOONHCKAs, [aJKAPCKU, ajkap, IyIKiHa, 75 akTIoOHHCKas 06/1acTh, MaJKap, MaJlKapcKuii paifoH, yiuia mymKknHa, 75

HaBJIoJapcKast, JeOsKIHCKIIT, aKKy, IyIKnHa, 46 HaBJIofapcKast 06/1acThb, mapbaKkThl, MepGak THHCKHIT paiioH, myImmKnHa yinia, 46

KBI3BLJIOP/IHHC! KbI3BIIOPJMHCKAS 00JIACTD, KBI3bLIOP/A, KbI3BUIOD/A T.a., aKMedeThb, 26

ast, KbI3bLIOP/IA, KBI3BLIOP/IA, akMedeTh, 26

AKMOJIMHCKASI, CTEITHOTOPCK, aKCy, YA rabuTa Mycpenosa, 29 AKMOJIMHCKAsT 00/1aCTh, CTEITHOTOPCK, CTEIHOIOPCK T.a., YJIHIa rabuta Mycpenosa, 29

MaHrucrayckas, oefineyckuit, beiiney, yiuia u. cyxeybaes, 3 MaHrucrayckas obactb, Oeiiney, Gefineyckuii paiton, usana cyzxeybaes, 3

KocTaHaifcKasi, KoCTaHalCKHIi, 3apeynoe, ceBepHblii, 426 KocraHaiicKasi 00J1aCTb, 3apevHoe, KOCTAHANCKII paifloH, ceBepHBbIil mepeyIiok, 4

I02KHO-Ka3aXCTaHCKasi, caifpaMCKiii, Kapacy, IKoJIbHas, 25 TypKeCTaHCKasi 00/1acTh, Kapacy, cailpaMCKuil pailon, yJImia mKoibHast, 23

KocTaHaiicKasi, CAapbIKOJILCKHIA, TarMILCKHUI, TaArHJILCKNI, yinia Jennna, 11 KoCcTaHaicKast 06/JIaCTh, CAPBIKOJIb, CAPBIKOJILCKII paiion, yinia jexanna, 10

AJIMaTHHCKAs, KapacaiicKmii, paitbiMGekcKmii, abaif, yima 1 konaes, 115 anMaTHHCKas 00s1acTh, abail, Kapacaiickmii paiton, yia Geitbrrmmmk, 115

aThIpayCKas, aTbIpay, aTeipay, 1up. Oamxanr, 26 arbIpaycKas 00JIaCTh, aTBIpay, aThIpay T.a., Gaxxamr, 26

TypKecTancKas 00/1acThb , JKeTbicaiickuii paifon, »Kerbicail, yinia kasnbex ou, 17 TypKecTaHcKast 00/1acTh, capsralil, capsralicKiil paiion, kasubex 6u ymuma, 17

KbI3BIIOPIMHCKAsT, ITHEIMACKHIL, miesin, yiauia jgocbon jaTka, 13 KBbI3bLIOPAMHCKAs 00/1aCTh, apaslbCK, apasbekiuii pafion, gocbon garka, 13

BOCTOUHO-Ka3aXCTalCKasd, KypPIyMCKHii, KypuyM, Majipibacsa, 73 BOCTOUHO-Ka3aXcTalcKas 00/1acTh, KypuyM, KypayMCKuii paiion, yinna mMamnipibacsa, 69

KBI3BITOP/IMHCKAST, Ka3aIMHCKHIT, apaHIMHCKII, KoxKabaksl, yimia Gefibnrmmmk, 27 KBI3BITOP/MHCKAST 00/TaCTh, Ka3aJIMHCK, Ka3aIMHCKHil paifoH, yimia Geibnrmmmk, 27

aHOB, H ‘

\ |
\ |
\ |
\ |
\ |
\ |
\ |
\ |
\ |
\ |
\ |
\ |
\ \
\ |
‘ 107KH0-Ka3aXCTancKasd, caifpaMCKiii, akcykent, 6asyarr mosak, 70 TypKecTaHcKas 00/1acTh, aKCYKeHT, caiipaMcKiii paifon, yiimia Kajjiaskosa, 70 ‘
\ |
\ |
\ |
\ |
\ |
\ |
\ |
\ |
\ |
\ |
\ |
\ |
\ |
\ |

KaparanjiHCKasi, Kaparanjia, oKTsa0pbCKHil, yini@a JepMoHToBa, 188 KaparasjIiHCKas 00/1aCTh, Kaparan/a, Kaparatja r.a., JepMoHToBa, 188

Table A.1: Predicted addresses by proposed T5 Transformer model (7-5eps)
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Appendix B

Figures

Figure B-1: GPT-1 task-based architecture (top) and magnified views of transformer
based decoder (bottom). (Singh & Mahmood, 2021)
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