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Abstract: - Public institutions generally share personal information on their websites. That allows the
possibility to find personal information when performing internet searches quickly. However, the personal
information that is on the internet is not always accurate and can lead to misunderstandings and ambiguity
concerning the accessible postal address information. That can be crucial if the information is used to find the
location of the corresponding person or to use it as a postal address for correspondence. Many websites contain
personal information, but sometimes as people change the web address, information is not up to date or is
incorrect. To synchronize the available personal information on the internet could be used an algorithm for
validation and verification of the personal addresses. In the paper, a hyperparameter tuning for address
validation using the ROBERTa model of the Hugging Face Transformers library. It discusses the
implementation of hyperparameter tuning for address validation and its evaluation to achieve high precision
and accuracy.
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1 Introduction of vocabulary usage. Language nuances can breed
The proliferation of digital information on the semantic confusion due to the presence of synonyms
internet is experiencing exponential growth, with (Words with 1.dent.1cal meamngs) and polysemy (a
numerous websites, particularly those affiliated with single word with divergent meanings). )
public institutions, disseminating personal data. As an example, the term "Avenue" might be
Nonetheless, it's important to note that the data abbreviated Var.la‘tzly as "Av." "av," or "Ave."
obtained from diverse internet sources is not always Further exemplifying polysemy, the street name
correct, [1]. An increasing number of individuals are "rug d_e TlVOl_l" 1S .present in both Marseilles and
turning to online resources to access pertinent Paris, illustrating this phenomenon, [6].
address-related information, as the internet's It's pertinent to acknovyledge that the orde.r of
unhindered  accessibility ~ facilitates swift gddtess. components dlffers. among ~ various
communication, [2]. However, this accessibility institutions. ~ Notably, ~ certain  establishments
carries the inherent risk of encountering outdated prioritize the 1n(;1u510n of street numbers - before
information, potentially leading to street names, while others position house addresses
misinterpretations and severed connections with after the street name.
intended recipients, [3]. Thus, the accurate Complications arising from erroneous 'address
acquisition of address information stands as pivotal databases, characterized by duplicate entries and
for effective communication. inconsistent variants, give rise to a complex
It's crucial to emphasize that the composition of landscape where accurate data retrieval becomes
postal address entries displays greater diversity both arduogs and unreliable. The datg classification
compared to conventional descriptors, [4], [5]. encompassing names and addresses.ls unders_cqred
Conversely, not all components of an address are by ldIOS}-/pCI‘a'tIC att'rlbutes that contrlt?ute to dlStln?t
essential for practical use. For instance, the provided complexities in their management. This data domain
address above notably excludes the "Postal code" is particularly susceptible to volatility due to the
entry. Similarly, instances exist where suite details dynamic nature of mstltu.tlona.l affiliations, address
are absent. A significant challenge in verifying changes, and name modifications. Moreover, data

internet-sourced addresses pertains to the intricacies input for names and addresses frequently exhibits
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cluttered tendencies, as front-end interfaces allow
free-form entry, often incorporating comments and
additional data without validation.

Further complicating matters is the subjective
nature inherent in the representation of names and
addresses. Individuals possess the liberty to express
identical entities in varied ways, despite referring to
the same entity. Unfortunately, a universally
accepted standard or framework that could
encapsulate name and address data while
simultaneously evaluating its quality remains
conspicuously  absent. ~ This  challenge is
compounded by the intricate interplay of cultural
contexts within France, which significantly
influence the interpretation and management of
name and address data.

2 Related Work

2.1 The Sections Present Recent Relative
Research of the ROBERTA Language
Model Applied in Address Verification

In the study conducted by, [7], a deep learning
methodology is introduced to enhance the quality of
global address data utilized for imported food safety
management. The proposed approach involves the
classification of wuser input addresses into
administrative divisions specific to the respective
country. By transforming the addresses into
standardized formats, the quality of the address data
is assessed and enhanced.

Within the context of research, [8], a filtering
approach named Distill-AER has been put forth.
This technique is designed to facilitate the
transformation of knowledge extracted from a well-
populated labeled dataset of standard addresses in
the realm of Big Data. The objective is to adapt this
knowledge for the targeted task of recognizing
entities within addresses that hold a specific
significance. To facilitate this transfer, a labeled
spoken dialogue dataset containing address entities
is constructed through the utilization of the data
augmentation paradigm.

The study, [9], introduces a two-stage address
validation =~ methodology = that  incorporates
standardization and classification steps, both
leveraging the ROBERTa pre-trained language
model. The proposed approach is evaluated through
experiments conducted on real datasets, showcasing
its effectiveness and reliability.
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2.2 Other Machine Learning Techniques
Applied for Address Validation

The study, [10], presents HyPASS, a software
detailed in their study, which encompasses a hybrid
approach combining Software-Defined Networking
(SDN) principles with host discovery and address
validation techniques. The primary objective of
HyPASS is to mitigate source spoofing attacks by
enhancing network security measures.

The paper by, [11], introduces an automated
probabilistic method, based on a hidden Markov
model (HMM), that utilizes national address
guidelines and an extensive national address
database. This approach aims to process raw input
addresses by performing cleaning, standardization,
and verification tasks.

The study, [12], introduces a novel robust
architecture called DeepParse in their paper, which
is specifically designed for postal address parsing.
This architecture implements address parsing and
also reflects Named Entity Recognition (NER)
problems. DeepParse treats input data at various
levels such as characters, trigram characters, and
words, to extract features and carry out address
validation. The model was trained using a
synthetically generated dataset and subsequently
tested with real addresses.

In the research carried out by, [13], an
application of one-dimensional transformation in
CNN (Convolutional Neural Networks) is utilized
for address parsing.

The results obtained from the evaluation
demonstrate a high accuracy for a labeled dataset
comprising nearly 20,000 samples. Notably, the
proposed network architecture possesses a scalable
nature, eliminating the need for any pre- or post-
processing stages.

The authors in, [14], introduce a tool designed
for the annotation of electronic health records. The
research focuses on training random forests to
identify ~ patients = who  are  experiencing
homelessness. To validate the efficacy of each
model, a 10-fold cross-validation technique is
employed.

3 Standards for Postal Address in

France

3.1 French Standard Overview

In France, postal addresses follow a specific format.
Here is the standard structure for a postal address in
France:
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e Recipient's Name: Full name of the person or
organization to which the mail is addressed.

e Building Number and Street Name: The
building number comes before the street name.
For example, "12 Rue de la Paix" (12, Peace
Street).

e Postal Code and City: The five-digit postal code
comes before the name of the city. For example,
"75001 Paris" (75001 being the postal code for
the 1st arrondissement of Paris).

e (Cedex (Optional): If the recipient's address

includes a Cedex (Courrier d'Entreprise a

Distribution Exceptionnelle) number, it should

be included on a separate line below the postal

code and city. Cedex is used for mail addressed
to specific companies, organizations, or
government agencies that have their distribution

system. For example, "Cedex 2" or "CEDEX 2".

Country (Not required for domestic mail)

If the mail is being sent from outside of France,
the country name should be included in uppercase
letters at the last line of the address. For domestic
mail within France, the country name is not
necessary.

An example of a postal address in France:
Monsieur Jean Dupont

12 Rue de la Paix

75001 Paris

France

It's important to note that the exact format may
vary slightly depending on the region or specific
requirements of the local postal service, [15].

It is prudent to consistently cross-validate
prevailing norms and directives set forth by La
Poste, the national postal service of France.
Alternatively, one may opt to engage in dialogue
with the intended recipient to ascertain any
supplementary details that could potentially be
deemed requisite.

3.2 Proposal for Address Model

Fig. 1 introduces an address denoted as Adr = {adr
i, ..., adr »}, where adr signifies a collection of
addresses adr;, and 'i' denotes a word, while n'
signifies the address's length. The primary objective
of parsing Adr is to allocate a label 'l' to each word
adr; within Adr from the corresponding set of
address tags denoted as T;

T={P, C, CO, SR, BN, CE, SN, PB}.
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These tags find their definitions in the address
model depicted in Figure 1, whereby the address
tags symbolize composite attributes.
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Fig. 1: Address model
There are also several commercial paid

applications and services that could be used for the
verification of postal addresses like la Poste API,
Google Maps Geocoding API, SmartyStreets,
Experian Data Quality, and Loqate.

4 Overview of the Tasks Involved in

Hyperparameter Tuning

1. Data Preparation:
Collection and preprocessing of the proposed
datasets for address validation (French BAN corpus
and French higher education).

This step includes:
e cleaning and labeling data with both correct
and incorrect addresses
e splitting the data into training, validation,
and test sets.

2. Pre-trained Model Selection:
Hugging Face's ROBERTa model is chosen for the
address validation task.

3. Tokenization:
Choosing an appropriate tokenization strategy for
the data address validation task.

4. Model Architecture:
Include fine-tuning the ROBERTa model
address validation.

for

5. Hyperparameter Tuning:
Hyperparameters tuning can include modification of
the following parameters, [14]:
e [Learning Rate: parameter essential for
model convergence between le-5 and le-3.
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Techniques such as learning rate schedules
can be applied.
Batch Size: adjustment of the batch size

concerning the computer hardware
limitations and the size of the data.
Normally, the smaller batch sizes

correspond to smaller learning rates.
Number of Epochs: determination of the
appropriate  number of epochs through
experimentation and avoiding overfitting
Weight Decay: regularization of
parameter to control overfitting.
Warmup Steps: implementation of warm-up
steps for the learning rate scheduler.
Gradient Accumulation: useful parameter
for limited GPU memory.

Early Stopping: This can be used to avoid
overfitting.

Loss Function: choosing or customization
of the loss function that is suitable for
address validation. It should reflect the
nature of your task, possibly considering
token-level or sequence-level metrics.
Evaluation Metrics: definition of evaluation
metrics that are relevant for address
validation, such as accuracy, F1 score, or
other custom metrics.

the

Other machine learning techniques that
could be applied, [16], [17]:

Regularization: application of dropout or
other regularization techniques to prevent
overfitting.

Fine-tuning Strategy: experimentation with
different fine-tuning strategies. Techniques
like gradual unfreezing of layers or
differential learning rates can be used.

Data Augmentation: augmentation of the
dataset with variations of addresses, to
improve model robustness.
Cross-Validation: performance of k-fold

cross-validation to assess the model's
generalization and  identify  optimal
hyperparameters.

Grid search or Random search: consider
using grid search or random search to
automate hyperparameter tuning.
Monitoring and Logging: implementation of
a system to monitor and log the training
process and results, allowing tracking of the
performance of different hyperparameters.
Hardware and Parallelism: depending on the
resources available, it is possible to explore
distributed training to speed up the tuning
process.
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e Deployment and Inference:
deployment of the model for inference in a
production environment.

5 Description of the Algorithm for
Hyperparameter Tuning using

Optuna
Figure 2 describes the algorithm for hyperparameter
tuning that is proposed for address validation.

Create a study with maximize direction of
optimization and 10 number of trials:

Define a study- specific hyperparameter
search space:

learning_rate:=(le-6.1e-3):

Load the ROBERTa pre- trained tokenizer
and model:
Prepare the training data:

Define the input addresses:

Replace the actual labels with 0 for
incorrect address and 1 for correct address:
Tokenize the input text:

Creation of DataLoader for the training data
Set up optimizer with the trial suggested
learning rate with number=:3 epochs:

Fine- tuning loop:

For epoch in range of number of
epochs

For batch in DataLoader
Return the evaluation metric value

Fig. 2: Pseudo-code of the algorithm for
hyperparameter tuning for address validation

6 Experiments and Results
The last phase of the model defined in Figure 2 is
described in this section.

Currently, the BAN contains 25 million
addresses across France. The parsing and
classification of the dataset were conducted using
two real-world datasets.

The first dataset is the BAN, which comprises
millions of structured addresses extracted from the
French database. The second dataset is a collection
of 3,683 structured addresses from a French higher
education database.

e The French BAN corpus, comprising 25
million addresses extracted from the
database.

education dataset
of 3,683

e The French higher
encompasses a collection
addresses.
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Fig. 3: Evaluation of the datasets

From the data provided from the evaluation
represented in Figure 3, it is possible to conclude
that the results when using Dataset 2 have high
precision and F- measure.

Fig. 4: Comparison of the evaluation results when
applying fine-tuning and hyperparameter tuning.
Fig.4 is presented as a comparison of the results
with hyperparameter tuning and only with fine-
tuning that is presented in the article, [18]. The
results show better performance when applying
hyperparameter tuning with Optuna.

7 Conclusion

The increasing number of internet sites containing
personal information and addresses is constantly
growing on the internet, and this data needs to be
synchronized and updated, [18]. The websites
providing personal information are typically public
institutions’ websites. This information is generally
used by everyone to find addresses (for writing
letters or locating office coordinates).

These sites change their content frequently, and
the information needs to be updated daily to ensure
the online information is accurate, [19], [20]. This
has led to the development of an algorithm for
address verification using hyperparameter tuning
with Optuna, which can be used to align data from
various internet sources. The paper describes an
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algorithm for address verification using the Optuna
with  ROBERTa model, [21], [22], [23]. The
proposed algorithm achieves a 98.5\% accuracy rate
and a relatively high F-measure in comparison to the
other algorithms applied in address validation, [24],
[25], [26].
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