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Abstract

Generative Al is a potent force behind many exciting innovations in digital identity verification. Specifically,
new kinds of neural networks apply to a range of issues around giving people secure access to valuable services.
These innovations challenge the field of digital identity verification to embrace them and expand from merely
preventing impersonation to also serving a range of other needs in new ways with a similarly broad range of
technologies. Financial services offer a notable example of video-based identification that is being approached
in innovative new ways. The coinciding range of methods exemplifies the diversity in methods of digital identity
verification, from token-based technologies to knowledge-based technologies, something that offers an
additional layer of privacy and security benefits when lending itself to a contextual approach, which Al-
informed generative video methods are easily capable of producing reasonable results.

Given past findings that half of institutions are likely to implement generative video ID methods next year, only
60% of representatives view existing methods as strong. The arrival of generative Al technologies brings with
itan opportunity to innovate for digital identity. This opportunity is a strong strategic asset needed to meet the
current pain points of customers being asked to submit sensitive data twice or expected to furnish state or
national identity details, which, if tied up in a massive breach, has the potential to seriously exacerbate the
financial world's exposure to crime while it provides a reproduction path for large-scale identity theft and
perpetration of identity crimes. A highly correlated driver is the lack of secure password protection.
Keywords: Generative Al, Digital Identity Verification, Neural Networks, Secure Access, Impersonation
Prevention, Financial Services, Video-Based Identification, Token-Based Technologies, Knowledge-Based
Technologies, Privacy Benefits, Security Benefits, Contextual Approach, Generative Video Methods,
Institutional Adoption, Pain Points, Sensitive Data, Identity Breaches, Identity Theft, Identity Crimes, Password
Protection.

1. Introduction

quest of the developed (and, to a lesser extent,
developing) world. Identity verification—the use of
one’s digital existence to confirm a physical
relationship—is a growing concern for national financial
regulators and cannot help but grow more prevalent.
Over $15 billion has been earmarked for global KYC and
AML spending for this current year alone. While
nanotechnological approaches to this problem remain
promising to eventually render physical identity
verification secure, the digital world cannot afford to
wait for that level of development. Consumer trust in

Digital identity verification is an emerging and necessary
element of our increasingly digital world. As
computational power grows and the derivation and
usage of data continue to evolve, the ability to confirm
the digital presence of an actual person will be crucial to
enshrining authentic digital existence. Generative Al
represents a new direction for development in first
principle identity verification. This paper outlines the
application of Identity B-GAN, a novel generative
adversarial network that can generate realistic digital
identity documents given only textual descriptions.

As the world has become more digital, the question of
what constitutes secure and acceptable digital identity
verification methods has exploded to the forefront.
Creating secure, easily established, and often changed
methods of proving digital identity has become a central

electronic transactions remains, and is likely to remain
for some time, a hinge pin of global financial activity. The
levels of activity and relevance of the innovation
discussed herein warrant the use of a new regime of
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alternative consideration.
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Fig 1 : Generative Al in Finance

To illustrate the significance of digital identity
verification in the context of national security, the
regulated, financially based sector of this
transdisciplinary discussion: consumer banks. The paper
theorizes that several social efficiency factors overlap in
digital financial transactions. These have to do with ease
of use, technology in development to make compliance
increasingly efficient, and broader questions of the
potential efficacy and security of national-level
regulation and oversight. The following sections will
discuss the historical and social efficiency context of
national and international eKYC and AML finance
initiatives through the lens of a potential paradigm shift
in elements of digital identity verification.

1.1. Background and Significance

Digital identity verification will increasingly become an
integral part of our digital society. It allows individuals
and institutions to perform transactions electronically,
safely, and securely. In practice, electronic identity
verification is accomplished using a username and
password or other forms of identity authentication to
confirm a person's identity. Over time, electronic
transactions have flourished, making traditional
electronic identity checks unreliable and susceptible to
threats, such as malicious cyber activities and online
fraud. These threats have lately prompted continuous
research, necessitating the investigation of Al models
and their power in digital identity verification. As a
result, a new artificial neural network architecture has
been proposed to address several identity verification
issues using trainable features captured from scanned
real-world images.

One of the most crucial aspects of any transaction is
verification. Though it might seem simplistic, verification
is responsible for validating that the right user is being
permitted access. This has been commonly achieved
through one method: something you know - such as a
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password, PIN, or personal question. Nonetheless,
because of the increasing number of criminals who have
acquired this personal information, it is no longer
considered trustworthy. Over the years, the complexity
and rate of cyberattacks have amplified the way
technology develops at a rapid pace. The increasing
number of cyberattacks has pushed research towards
cooperation between technology and neuroscience to
create neural networks used in machine learning. Neural
networks are essentially mathematical models that
discern patterns and predict outputs from inputs that are
represented as layers of abstracted neurons. The
continuous history of technology over the years has seen
the distribution of financial services, insurance, and
other transactions, as well as the setting up of funds and
operations in place. This has created a system for not just
these companies, but many others to offer loans, provide
financial services, hold federal payments, and give the
green light on federal operations. The digital identity
process is important for this to work continuously.

1.2. Research Objectives

The present research explores how generative artificial
intelligence can spur future research in the domain of
digital identity verification through a systematic
literature review. Generative Al refers to an architectural
subset of Al systems that leverage artificial neural
networks to generate non-existing data samples
according to some existing underlying structure. The
past few decades have seen an increasing interest in Al
systems and machine learning in the context of digital
identity verification. A significant part of that literature
is populated by work that expands frameworks based on
traditional machine learning and Al approaches to
include architectures capable of generatively creating
new samples. The objectives of this research are
threefold. First, to point out the strengths and limitations
characterizing traditional methodologies. We will
outline the main shortcomings and challenges of their
use in digital identity verification.

Second, we aim to evaluate existing scientific literature
to formulate a clear understanding of the possible use of
generative neural networks in developing a novel
technological framework for digital identity verification.
We aim to provide real-world applications and case
studies to illustrate clearly what generative Al can do and
the possible implications for financial security
methodologies today and tomorrow. A special
theoretical consideration of the ethical implications of
using such technology will be taken into account. The
research is making an important contribution to the state
of the relevant art. Third, our goal is to provide a
consensus on these issues and outline possible
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contributions and future research projects in this field.
Ethical considerations in digital security technologies
and how to build them are important issues for economic
growth and expansion. By looking at the theory of Al and
digital identity verification, this paper seeks to expand
the debate further and allow interested researchers to
explore future research paths in the domain.

Equation 1 : Identity Encoding Function:
I = Fnn(D)
Where:
e I: Encoded digital identity representation.
s Fnn: Neural network-based encoding function.
s D: Input data (biometric features, documents, etc.).

2. Fundamentals of Digital Identity
Verification

Digital identity verification underpins many financial
and government transactions. It underlies secure trust
and agreement between parties in transactions in the
digital economy. Cost-effective access to identity
verification is crucial to empowering cross-border
transactions and allows for the agreement of trusted
access to digital platforms. Traditional methods that
often use a combination of a government-issued
identification document supported by long-term proof of
good character offer limited perspectives or profiles of
people. These methods also do not account for illegal
activities once an identification credential has been
issued and fail to account for attributes above normal
identification checks. Separation of legal status from
identity credentials will allow innovation in
identification. Furthermore, as data sources are often not
shared but have some correlation, their synthesis into a
profile is attractive but needs to maintain privacy and
ethics for both people and the data sources. Privacy
constraints can offer defection if care is not used to
deliver personal data in such a synthesized profile.

Attributes of the verification process include "liveness"
of people matching, privacy by aggregation, and skills or
professional registration or knowledge. We need to be
aware of data ethics and privacy for data sources when
matching digital and non-digital profiles. Neural
networks, viewed through their generative Al ability to
create profiles from many data sources, show potential
for providing another data source for matching digital
and other profiles. It is noted that each of the relevant
data sources to create the digital and other profiles has
its associated error or effectiveness profiles. Data
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portability is another emerging issue, giving individuals
control over some of their data resources. Verification
processes should underpin data-linked profiles which
require some verification of the "real" person. The
verification of the "real” person, either for traditional
methods or new IDV technologies, may utilize a one-to-
one matching of an image of the face with the digital
profile facial features; in more secure applications, a
dynamic interaction with the person matching with or
without the use of biometrics is undertaken. It is the face-
to-face meeting and placing of the image in a sequence
for visual matching that is relevant to the liveness
attribute.
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Fig 2 : Digital Identity Model

Authenticator
Enroliment/
Issuance

2.1. Traditional Methods

While numerous different identification and
authentication paradigms exist, the range of methods
that are widely used to identify and authenticate
individuals is quite limited. These methods include
something you know (like a password), something you
have (like a key), something you are (like a biometric),
and somewhere you are (such as an RFID chip).
Password security is only as good as (a) the complexity
of the password and difficulty for a bad actor to guess, or
(b) the security of the hardware storing the password.
The simple fact that people can forget a memorized
password, recorded passwords by humans can be
guessed or recorded by malware, and that security
questions may also be recorded has led to the need for
password reset functions. The run on passwords has led
to a range of passwordless and password alternative
solutions. Physical identification documents with one-
time PINs like credit cards are also a mass-market
solution for physically user-present registration and
real-time user-approved authorization.

The most widely implemented physiological biometrics
include retinal imaging, iris recognition, facial
recognition, finger imaging/fingerprints, and voice
recognition. Behavioral biometrics such as typing style,
gait, location, device and network credentials, and
navigational patterns can also be used as interpretations
of house automation. Digital identity verification of
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users' devices, networks, and behavioral habits is also
more common, and in some cases, bots can be cross-
analyzed to check for basic self-consistency.
Unfortunately, all of the common authentications rely on
an artifact, potentially being fabricated or duplicated. All
of these new solutions have helped authenticate an
individual, although all of them also suffer from intrinsic
limitations. These include poor scalability, which leads to
poor user adaptability and negative user experience.
Although many security token solutions assume implicit
multifactor being sufficient, without the presence of any
personal data from the user, or for cases in which the
verification system is not being actively target-attacked
by a professional, this method may not be completely
secure. There are also several international standards
regarding this area, and popular frameworks result in
only one recognition/authentication server in the whole
world. Especially if the supported device is a modern,
safe, fast Wi-Fi connection, the range of physical PIN
technology can virtually cover the entire planet. In the
end, it is stated that today, with the worldwide economy
going digital, we need a significant increase in the global
capability to securely identify users online, with
assurances to others for secure records of such online
verifications; to accommodate the increasing number of
mobile users, protect high-value transactions; respect
privacy and reduce digital surveillance abuses.
Therefore, in a business situation where the security of
biometric information is essential, such as financial
transactions, sophisticated approaches are used instead
of image-based in authenticating all of the details and
risks, using modern approaches to biometric signals
which are as specific to an individual as a digitized voice
with the same qualities as a one-time TAN. All the
hardware solutions have many convincing pieces of
evidence to date, but cyber experts often state and
endorse that the risk is never zero. Therefore, some
confidentiality risk analyses should be used after
conducting all that is being transmitted subjunctive
issues. All in all, the area of whether digital identity is
secure enough or not varies depending on how secure an
entity requires.

2.2, Challenges and Limitations

Adversarial Attacks. Traditional face-based verification
systems fail to identify and verify individuals in
scenarios with complicated backgrounds or adverse
conditions. At the same time, the growing prevalence of
deep learning allows adversaries to create images that
cause these systems to fail. In cases where deep neural
networks make a mistake, it can be used to trick the
system. Moreover, with an increase in attacks on large
systems, concerns about forgery are becoming more
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significant. Unwieldy Procedures. Some of the most
secure identity verification systems require extensive
and often time-consuming video footage or documentary
proof from the user, which can serve as a significant
deterrent for users needing quick identity verification.
User complaints about being asked for video ID every
time they logged in, which initially discouraged the use
of a digital exchange service.

Biometrics in Public Space. Image-based verification
methods leverage biometric information, but concerns
remain regarding storing and using it. Due to the invasive
nature of using this information, some organizations
decide not to store video or images. This further
complicates verification methods. Accessibility. Not all
users can access online video chat. This limits the user
base that some companies can serve. Privacy. Privacy is
becoming a significant concern for users. Consumers are
increasingly concerned about access to and misuse of
their personal information. Convenience. Users expect a
quicker process. The proliferation of chatbots and faster
services offering quicker verification have influenced the
acceptable duration of video verification. Slow processes
can cause users to skip the process entirely. All of these
issues make it unlikely that traditional methods of
verification will be able to meet the growing need for
digital identification and verification by innovative
systems.

Fraud and Misuse: Traditional means of identity
verification can fail to keep users' data safe. Attackers
can hack into databases containing user data to obtain
critical information, often sold, known as identity theft.
These dangerous activities can often lead to numerous
criminal activities such as identity theft, a shortage of
funds, destruction of credit scores, and many others. The
digitalization of many sectors and processes makes it
imperative to find an innovative and secure way to prove
one's identity. Given the current issues with identity
verification detailed above, there is a need for innovative
digital verification systems. Systems with the capabilities
discussed earlier need to be adaptive to address the
issues raised above.

3. Generative Al in Identity Verification

A. Introduction and Relevancy of Generative Al

To effectively explain generative Al and its ramifications
in the context of digital identity verification, an
understanding of the term 'generative Al' itself is
necessary. The term 'generative' connotes an origin of
something, usually the creation of a mental or visual
image or a sound, and this is at the heart of the term's
relation to Al. Generative Al, or neural networks, has the
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potential to create something new by training on new
data. In the realm of digital identity verification, this
innovation in data synthesis and pattern recognition
could revolutionize the currently dominant practices.
Certain extremist and illicit groups also stand to be
combated by safe, innovative technologies in this field.
Extreme and dangerous groups are often funded through
illicit cash flow channeled via the mechanisms described
in this report, digital identity manipulation. Generative
Al has the potential to be the basis of enhanced security
and customer experience innovations in the digital
verification process. Generative Al-enhanced digital
identity verification software could enhance user
security and experience by incorporating generative Al
technology at multiple links in the process.

B. Review of Potential Applications for Generative Al in
Identity Verification

Generative Al could directly enhance the security of any
digital identification ecosystem by creating measures
particular to the time, location, and biometrics of a
verification request. User-specific, but short-lasting
digital identification would allow for flexible, more
secure verification endpoints unique to the qualities of
the user's request, and would halt would-be hackers'
verification before progress was even made in a modern
system. The use of human-imperceptible generative Al
could hypothetically create a more secure future, a future
in which breakthroughs in AI/ML reduce the number
and severity of cyber-attacks.

3.1. Overview of Generative Al

Significant progress in artificial intelligence and machine
learning has opened new frontiers in data analysis,
interpretation, and synthesis. As part of this broader
trend, generative Al seeks to develop algorithms capable
of generating synthetic data that mimics real-world
examples. This technology leverages basic statistical
principles alongside advanced neural networks known
as generative models. These models learn the underlying
features of data distribution and leverage this
understanding to generate new data that appears very
similar to real-world examples. Deep learning has driven
major advances in generative Al, allowing researchers to
generate increasingly high-fidelity data samples in
complex, high-dimensional spaces characteristic of many
real-world datasets. There are numerous advanced
applications of this technology in a diverse range of
sectors, including the development of synthetic training
data and surveillance footage for training data-hungry
models. The most popular approach to creating
generative models is to develop an adversarial
relationship between two interdependent networks: the
generator and the discriminator. This methodology,
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known as adversarial training, has revolutionized the
field of generative modeling, leading to the development
of a broad range of models that can produce strikingly
high-fidelity synthetic data never before possible. This is
a form of a zero-sum game, with the generator and
discriminator locked in a tug-of-war where the generator
aims to produce such high-fidelity synthetic data that the
discriminator can no longer differentiate between
synthetic and real data. Generative Al is an exciting and
rapidly growing industry, with limitless applications
across many sectors. Recent years have seen a dramatic
increase in the production and application of generative
models that provide everything from image translation
and generation to video synthesis. Advances in
generative adversarial networks have paved the way for
researchers and commercial entities to use generative Al
to simulate chemistry, art, robotics, and so on. Specific to
the fintech space, promising research with potential for
real-world applications includes the use of GANs for
implicit generative modeling of complex order flows and
behavior in well-functioning markets.

Equation 2

V = o(WI +b)

Identity Verification Decision:

Where:
s V. Verification output (1 for match, 0 for mismatch).
s W Weight matrix learned by the neural network.
s I Identity representation.
s D:Bias term,

e o Activation function (e.g., sigmoid).

3.2. Applications in Digital Identity Verification
Generative Al can also be applied when it comes to digital
identity verification, beginning with creating synthetic
data for DNNs using generative Al, which can support a
range of processes. While current systems' hardware
identifies and scores risk during online verification
scenarios, the integration of GANs can result in the
creation of improved training datasets and models. The
use of synthetic data derived from original documents in
training is expected to improve the robustness of the
model due to a more comprehensive range of features,
resulting in increased performance as well as reduced
biases. Another application would be to use it in real-
time online verification scenarios, where a reference
document is available to perform an identity match. With
the aid of generative Al, a deepfake of the face in the
reference document can be created and matched to the
user to determine whether the user is genuine or not.
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The use of synthesized data resulting from their
generative Al tool will provide multiple benefits over
current model performances, potentially allowing
higher-level security-sensitive applications. Creating a
state-of-the-art verification solution will further enrich
the user experience in terms of usability, efficiency,
convenience, and comfort of verifying their identity,
along with securing future digital verification processes.
It can lead not only to innovation in digital verification
systems but also enhance the security of the process. As
a result, the ecosystem of verification technology will
retain its trustworthiness. At present, digitally verifying
the identity of another party or entity makes use of a
combination of facial biometrics and document
verification, leveraging machine learning architectures
predominantly. Technological advancements have
equipped bad actors with the ability to generate or
modify digital multimedia content, such as deepfake
videos. As a result, the digital verification process
currently in use is not sufficiently reliable, and further
innovation is needed to ensure trustworthiness.

Fig 3 : Digital Identity Verification

4. Neural Networks in Financial
Security

Neural networks are making great strides in enhancing
security measures in the financial world. When it comes
to digital identity verification, they are put to work
analyzing large datasets to confirm the identity of a user
and their history, detecting fraud by looking at their
behavior and the devices used, or detecting anomalies in
the physical biometric or behavioral data itself. Whether
done at the endpoint or in real-time at an authentication
server, geared for security and usability, they leverage a
power in size that now improves far beyond traditional
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deep learning systems, painting a fuller picture of who is
on the other end of the digital transaction to operate
safely while still granting the most amount of freedom in
financial transactions to the rightful individual. While
generative Al impacts financial security, during
generations it can only work on variables it is
accustomed to control unless it is built with a concerted
effort for what could be. Accordingly, the hybridization
of generative Al and neural networks allows one system
to first predict, based on its vast computational training
on industry tools, what is to come and therefore what it
could see when applied if a fraudulent event radical
enough to create new data occurred. This combination of
neural networks adding risk prediction stakes to a
known system already giving openings for advanced
attack paths gives a new view of potential future events.
A card generation attack in late 2014 left banks clogged
with unauthorized transactions amounting to a $40.9
million loss due to a failure in the month-long attack
which allowed fraudsters to transact safely on cashout
accounts by predicting their behavior. This threat was
identified between July and November 2014, before
scale, and an alert was deployed to the network
preventing card use. For validation on the present, there
was no comment beyond the pipeline about whether or
not this was predictive or a post-attack threat. GANs for
network traffic simulations were predicted to emerge as
early as 2014. Within credit card fraud prevention and
counterterrorism network monitoring, there exist pre-
fraud alert systems. Regarding the possibility of attack
vectors in increasing onset event prediction, no evidence
exists.
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Fig 4 : The Power of Neural Networks in Financial
Technology

4.1. Introduction to Neural Networks

Neural networks are becoming increasingly popular,
gaining importance in a variety of technical and business
fields. Neural networks can adapt to perform tasks that
are becoming increasingly hard to define using
traditional computer programming. The strength of
neural networks lies in their ability to identify patterns,
errors, and omissions in large amounts of data, allowing
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for increased computing intelligence in many
applications. A basic neural network is made up of layers.
The first layer receives data, which can be broken down
into a multitude of nodes, which then carry the data
through to other layers and nodes for processing using
weights. Activation functions are used to determine the
output from the layers, with backpropagation processing
the outcome against a known target in an error
calculation. It evaluates the model’s performance based
on the difference between predictions and ground truth
data, communicating the result for weight adjustment. It
is important to remember that, as with any machine
learning model, the performance of the model is highly
dependent on the data used to train it. Also, the model’s
tuning is an important process, which ensures the model
parameters match the specifics of the given dataset.
Neural networks have evolved from simple systems to
advanced deep learning frameworks. Different neural
network architectures are used for many real-world
applications, such as convolutional neural networks for
image recognition and recurrent neural networks for
time series.

4.2. Role in Financial Security

Neural networks play a pivotal role in enhancing the
security of financial transactions. A typical application
revolves around fraud detection and prevention,
especially within banking and other financial
institutions. A straightforward approach is to use the
existing transactional data of the end users, typically
their history of transactions over a certain period. These
transaction patterns are fed into a neural network where
the network 'learns' the profile of the genuine customer
along with the behavior pattern. The trained network
can analyze an incoming stream of transactions for the
same person and compare the new stream with the
learned patterns. Any significant or sudden deviation in
the new sequence of transactions will be interpreted as
fraud and flagged. The unique aspect of neural networks'
deployment in this area pertains to their ability to adapt
against changing and dynamically emerging fraud.

The best feature of the neural network lies in its ability
to provide immediate and real-time decision-making.
This neural network will process the data as it comes in
real-time and does not rely on batch processing. The
global pattern and local pattern can be analyzed by the
neural network. However, 30% of businesses, banks, and
financial commission agencies have used and executed
the neural network model for evaluating fraud in online
financial transactions because the neural network model
gives better accuracy in detecting fraud and provides
better results compared to other models.
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5. Case Studies and Use Cases

Several case studies and use cases illustrate the
deployment of generative Al in digital identity
verification solutions. Companies are using generative
Als to render synthetic fraud worthless. This
technological fusion deters most identity theft and
account takeovers, resulting in a net decrease in
investment in cybersecurity. This frees up resources,
which can be allocated between customer acquisition
and R&D, thereby reintroducing growth. Additionally,
superior accessibility over handheld or desktop devices
is part of applications developed with generative Al
elements. These capabilities have allowed companies to
capture vast market shares ahead of competitors seeking
to copy the technology.

Initial deployments of m-Visa were piloted in August
2016 onboard several consulates. There has been proof
positive that the leveraging of technology provides
future-proofed solutions to deter fraud, as demonstrated
in specific use cases: the m-Visa project and the rapid
increase in incoming documentation acquired by a global
service provider. Even with zero verifiable information
being obtained, the mobile capture module utilizing the
technology was able to create a usable biometric face
sample. This is the "glue" that keeps the identity
verification system complete. This is the substantiation
point that ties a social media image to an application for
an e-visa or e-residence permit. The technology
rendered all subsequent technologies or techniques used
against its creation to be worthless. A case was made that
a chip and pin system stops fraud; all of a sudden, the
latency of products and solutions dried up in the market
because the risk was taken out.

Equation 3 : Identity Generation via Generative
Model:

—_— T -
Igf:n G (21 E"}
Where:
e I, Generated digital identity.
s (5: Generative model (e.g., GAN, VAE).
* 7z Latent vector or noise input.

* (. Model parameters.
5.1. Real-world Examples of Generative Al in Digital
Identity Verification

While generative Al is still a relatively new and emerging
field, several companies have already adopted it in
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digital identity verification. Many of these are fintechs,
neobanks, and other financial services, suggesting that
not only is there both promise and already established
practical applications of the technology but that it can
also potentially be a key factor for differentiation in an
increasingly crowded landscape of consumer financial
services. Below we offer a selection of these companies
to showcase how they have harnessed generative
modeling to supplement or even replace more
traditional identity verification measures. The neobank
Monzo was the first in the industry in the UK to use
generative Al for onboarding. Up to 90% of documents
submitted for KYC purposes are analyzed through
automated systems that Monzo built in-house. The Al
converts and cleans data down to the quality required for
the next stage, OCR. This innovative approach has
enabled Monzo to use the leaner and faster OCR systems
as little as 10% of the time. Life ID uses Al and generative
models to make spoof attempts on identity documents.
The Dutch company generates training data. For
training, Life ID uses millions of unaltered selfies
alongside generations of these selfies enhanced with
filters. They then train an ML model to understand the
pixel patterns of these limitations. During the
verification process, Life ID activates this generative
model, which uses these patterns to convert non-filtered
selfies back into filtered versions. Life ID then uses a
classifier to detect this transformation. When combined,
the Al-generated synthetic data for verification and the
adversarial network used to verify can run in real time.
This method can detect spoofers even where the real
document and the imposter share a genetic similarity.
During the training, however, Life ID was faced with
challenges including finding a clear cause-and-effect
relationship between the digital image and the
transformation of all image-making steps. Idente is a
Brazilian KYC facial recognition platform that operates
using facial biometrics, proof of life, and some mobile
onboarding data. Currently, the company performs Anti-
Money Laundering checks but aims to help businesses
use facial recognition and proof of life in compliance for
initial and ongoing KYC checks of new and existing
customers in the following sectors: B2C, B2B, anti-fraud,
insurance, cooperatives, banks, fintech companies, and
businesses. To do this, Idente uses a support vector
machine to detect fingerprints on official documents.
Idente has trained data that includes official documents
with a fingerprint overlay and facial photograph in both
grayscale and color to generate an algorithm that
combats face and ID spoofs. Face++ is a self-service
image manipulation platform. The latter source of
training employed the Face market to hire actors to
pretend to change their features in a laboratory setting
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for photographs. Face++ engaged with academics to
consult on the training and fine-tuning of their model.
Retinadoc develops deep learning analysis of Optical
Coherence Tomography images and performs static
comparisons between the image data and external data
repositories that have overlapping data. This company
does not produce images but uses them to verify the
images of ocular images. Ocean Protocol helps Al
companies to monetize the data they produce during
their services. While individual examples differ, a
consistent theme arises from the details above:
companies in an array of industries have adopted
generative models to enhance their identity verification
processes. Both businesses and marketplaces are using
Al to generate data and establish Al-driven processes
that require the generation of data. Moreover, companies
that generate data include Al models, with the example
of banks using deep learning to make risk-based credit

decisions being a prime demonstration.

client platform APl request i

G

Fig 5 : Adaptive Identity Verification
6. Future Directions and Challenges

Fundamental challenges remain in leveraging generative
Al to creatively impersonate authorized users or abuse
systems for digital identity verification. For instance, a
neural network model capable of reconstructing low-
resolution images into high-definition versions could be
modified to generate faces of non-existent people, raising
questions regarding the boundary between realism and
creativity. Similarly, other recent trends indicate
different shifts in technology as well as user
expectations, emphasizing machine learning over neural
networks, or transferring knowledge to simpler,
information-preserving representations. It is also
important to note that the nature of adversarial systems
is largely reactive; a design strategy with security in
mind should seek to be adaptable in the same way as
one's defenses, as cyber threats themselves constantly
change.
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There are several key challenges and opportunities that
conventional digital identity verification systems have to
navigate to capitalize on the new technological
advancements, aside from the ongoing trend to continue
Al training and pathologically increase capability.
Technological capabilities and challenges dealing with
ethical, social, and regulatory issues that come hand in
hand with the deployment of such systems will present
significant barriers and entry points for a large swathe of
stakeholders. Research is nevertheless ongoing and
stands as a public priority. Collaborative efforts across
institutions are crucial, and research agencies and
entities around the world continue to push boundaries in
an attempt to understand and secure systems further.
Research and emerging technologies in the field of digital
identity can be broken down into identification,
representing the past and present, and verification, and
their synthesis, pointing towards the future. Future
innovations will seek to leverage the untapped data
sources and technologies that we have explored here to
improve upon the identification and verification
procedures that we understand today.

6.1. Emerging Trends

Today, a new era powered by increased technological
sophistication is reshaping the landscape for digital
identity. Indeed, traditional verification methods
increasingly give way to new, technology-driven forms of
identity verification, reaching unprecedented levels of
accuracy and reliability. Artificial intelligence algorithms
increasingly hold the keys to verifying our digital
identities. Whereas many of today’s digital identification
systems are document-based—usually offline—
innovations in Al and machine learning have spotlighted
the issue of user-centric authentication. Verification
methods, according to emerging trends in the field, are
no longer primarily driven by the degree of certainty
with which the validator knows the claimant, but
increasingly by values closely aligned with privacy
preservation and convenience.

It is without a doubt that we are entering this kind of
revolution where the authentication paradigm is shifting
from the token to the thing you have, the thing you know,
and the thing you are. There have been numerous trends
in digital identity verification introduced in various areas
to reflect the emerging vision of verification as a primus
motor of wider endeavors, technology, or political
undertakings, each presenting, like the solutions
constructed in the spirit of this paradox, a departure
from what we have known as traditional. At the frontline
of these trends in digital verification are photo biometric
authentication traits and decentralized identity systems.
The ultimate aim of digital verification trends is
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capturing emerging phenomena, both sensational and
minute, as well as transformations in progress. These
trends, in turn, seek to argue for the need for
preparedness to be ready to consider incorporating new
developments in already advanced fields. Human errors
and security vulnerabilities are aspects that deter digital
identification in good trust environments, especially in
banks and financial institutions. Therefore, new
mechanisms based on automation and trust technologies
have been proposed to address these challenges to
maintain the safety and security of digital inclusion while
safeguarding people's digital identity. Digital identity
verification systems perform checks against ID
document metadata and the individual's personal
information to determine whether they are lying.

The need for an Al-based solution has been under
discussion since this system is comparatively inefficient
and error-prone. The Al system has revolutionized the
digital verification system but still requires users to
expend much effort and patience in digitally verifying
themselves using their identity documents and faces.
Once your system passes all these parameters, your
identity will be verified, resulting in good digital trust.
Despite different burgeoning trends in the field of digital
identity verification, the basic essence of the entire
process of having auto-narrowing to make secure and
error-proof digital trust systems has not been discussed
yet with evidence and rationale.
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Fig 6 : Digital identity in financial services

6.2. Ethical and Regulatory Considerations

Considerations for the Responsible Use of Al Legislation
around the use of Al is becoming increasingly common.
Recently, a proposed framework for the regulation of Al
to govern the ethical use of Al has been released, which
places a focus on the goals of the use of Al rather than Al
itself. Some portion of this discussion, depending on the
use of Al, may be applicable. Where digital identity
verification can impact users’ rights and freedoms,
future research and technological adoption should take
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into account the underlying issues. It is often wise to aim
for higher and more equitable standards than the bare
minimum to ensure the just and fair treatment of all
stakeholders in identity systems. Concerning all
technologies employing Al, key considerations include
ensuring consent is obtained for technologies processing
personal data and respecting data protection and privacy
rights. This is important for the innovation and instance
of generative Al for digital identity verification and
otherwise.

Ethical Approval and Regulatory Compliance. In terms of
verification and authorization for processes that involve
personally identifiable information or are legally
binding, meeting the requirements of independent
regulators is paramount. Within the UK, documents are
currently accepted which confirm identity. A recent
announcement outlines how regulators will work
globally to enable firms that provide data checking or
fraud prevention solutions to work collaboratively.
Given the reliance of 'whole economy' fraud prevention
on the speed of communication between firms checking
multiple fraud data sources, it is a logical point of entry
for the interaction between regulators, industry, and
academia to exploit the emerging trust that can be placed
in generative internet traffic. Innovators are responsible
for considering the ethical and regulatory implications of
the technologies they develop. Regulatory sanctions for
identity verification are dealt with in specific sections.
Safe-to-Fail Requirements, Regulatory Compliance, and
Ethical Risk Treatment. Regulatory sanctions for identity
verification can be found in specific sections. These rules
require technological advancements in the industry and
can be enhanced by generative Al. We have a moral
philosophical necessity to ensure that we comprehend
and are mindful of the potential negative outcomes of
these technologies. Regulatory bodies and firms should
have confidence in the security standards that have been
applied and can be added requirements for those
involved in generating these images.
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