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Abstract

Large-scale distributive Artificial Intelligence (Al) systems that can cooperatively complete difficult learning tasks must
replace traditional centralised Al systems in order to support emerging cross-device applications for Al. Because of its
significant impact on cost savings, latency reduction, scalability improvement, and the elimination of server-side
management, among other benefits, Server Less computing has become more and more prominent over the past 10 years
as an intriguing new sector. Nevertheless, comprehensive surveys that would aid academics and developers in
comprehending the importance of server-less computing in various scenarios are still lacking. The idea of server-less
machine learning is examined in this study, along with how it can revolutionise the creation and application of Al
algorithms. Engineers can concentrate on creating and refining machine learning models instead of worrying about
maintaining the fundamental framework by utilising server-less platforms. The study explores the advantages of server-
less machine learning, such as lower the time to market, scalability, and cost. It also covers how server-less machine
learning may be integrated with widely used platforms and services to provide seamless model deployment and education.
The difficulties of data management, performance optimisation, and security assurance in server-less machine learning
settings are also covered in the study. The report attempts to shed light on an opportunity of Server Less technology in
democratising Al development and speeding cloud innovation through this thorough analysis.

Keywords: - Artificial Intelligence (Al), Machine Learning, Large-Scale Distributed, Al Development, Managing Data,
Server Less, Transformative Impact, Cloud, Security, Building And Training, Optimizing Performance.

l. INTRODUCTION

The speedy progress in machine learning and Atrtificial Intelligence (Al) has created novel opportunities for resolving
intricate issues and stimulating creativity in diverse sectors. But historically, creating and implementing Al models required
a lot of infrastructural administration, [1, 2], which prevented many organisations from utilising Al technology to its fullest.
ServerLess computing has arisen as a paradigm-shifting solution to this problem, transforming the creation and application
of Al models on the cloud [1]. A more streamlined and effective method of developing artificial intelligence is provided
by ServerLess machine learning, which is the combination of ServerLess technology and machine learning technology [1].
Developers can concentrate on creating and refining machine learning models instead of worrying about the intricacies of
overseeing underlying infrastructure when using ServerLess platforms [2, 3]. Organisations can now democratise Al
development and make it available to a wider spectrum of developers and companies thanks to this paradigm change [2,
3].

The last few years have seen a rise in the use of ServerLess in both industry and academics. With its straightforward
Function-as-a-Service (FaaS) development approach, [3], which fulfilled the cloud's initial promise of elasticity and fine-
grained pay-as-you-go for actual consumption, it drew in businesses and developers [2]. Designers do not have command
over the code's location while it runs in a FaaS environment, nor do they need to worry about scaling [3]. Server Less cloud
providers increase visibility by eliminating servers, or at the very least, by making them more readily available [3]. In
systems with distributed components, visibility is a classic problem that remains to be sufficiently resolved. Transparency
means hiding the intricacies of systems that are distributed from application programmers and users. Access transparency,
according to Colourist, [3, 4], allows for the same processes to be utilised for gaining access local and external resources
[4, 5].

However, combining computational and programming frameworks of local and remote computing is not a novel idea.
According to them, "a new distributed computing paradigm is announced and a furious bout of language and protocol
design takes place™ approximately every ten years [4, 5]. Every iteration produces a fresh wave of modern software, [5],
and programmes are migrated to the hottest and most recent architecture. We think that the current iteration of the Server
Less Compute paradigm will converge at the necessary level of resource abstraction to allow for transparent [5]. Mapping
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this idea to newly developing disaggregated computing resources (memory, storage, and computation) is what we refer to
as the Server Less End Game, and it finally allows for infinitely variable scaling [5, 6].

Doubling Machine Learning (DML) models have several methodology extensions and applications in fields like as
banking, economics, and COVID-19 research, [6], and are growing in popularity among statisticians, economics
researchers, and data scientists. Through the use of DML models, researchers can take use of the superior predictive ability
of algorithms developed using machine learning inside a reliable statistical structure to perform causal estimation of
parameters and inference. The Python and R package Double ML, [6, 7], which estimate double machine learning models,
have just been released [7, 8]. They have an adaptable object-oriented architecture [6, 7]. According to the Berkeley View
on ServerLess Computing, ServerLess cloud computing is expected to become the predominant and standard framework
for cloud computing in the ensuing ten years and is gaining traction among researchers and industry participants [8, 9]. The
Function as a Service (FaaS) model lowers the barrier to entry for cloud computing technologies by putting nearly all
operational and maintenance tasks under the purview of cloud providers [9]. The great elasticity of ServerLess computing
in terms of automated on-demand scaling based on the actual volume of computing requests is one of its main advantages
[9, 10]. The pricing structure of ServerLess computing is a further significant benefit. Provisioning fees do not apply; [9],
only resources that are actually used will be charged [9, 10].

1.1 ServerLess Computing

A fundamental tenet of ServerLess computing is that the user only needs to create a cloud function—typically in an
advanced programming language like Python—while the cloud provider handles all server deployment and management
[10]. Because the user essentially just defines the function code that needs to be executed and declares what circumstances
should trigger those function calls, [10, 11], these server-less cloud function offerings are frequently referred to as Function
as a Service (FaaS). In particular, ex-ante supply of computational resources is not necessary [11].

The cloud provider has the authority to automatically increase resources in response to the volume of requests made to the
FaaS [11]. Compared to a traditional cloud server, where the user must determine in advance which requirements best suit
the impending computing duties, this is one of the main contrasts [11, 12]. You can find general talks about ServerLess
computing on this website, including its latest advancements and difficulties [12]. In addition, ServerLess computing is
becoming more and more popular for a range of machine learning applications, such as serving models generated by deep
learning or, more broadly, for hyper parameter tuning and ML model training [12]. One more fundamental idea in
ServerLess computing is the price structure [13]. Typically, billing is based on the resources that are actually used, not the
resources that were provided. With AWS Lambda, [13, 14], the billing granular has been lowered to millisecond billing,
meaning that the pricing is highly fine-grained and proportionate to the execution time. One important parameter that the
user sets while using AWS Lambda is the RAM that the function has access to at runtime [14].

In addition, AWS Lambda scale other resources in proportion to RAM allotted, such as CPU power [15]. The maximum
ram allocable has historically been progressively grew, and most recently, it was significantly expanded from a maximum
of 3 GB to 10 GB. This translates to a maximum of 6 vCPUs that are available in a single FaaS request, [15], according to
AWS. Because of their inherent extreme flexibility, [16], ServerLess computing technologies have quite stringent limits
on computing resources for a single request. The maximum runtime while utilising AWS Lambda is fifteen minutes [16].
But with the latest improvements, ServerLess computing is becoming more and more appealing for computationally
demanding jobs like machine learning [16, 17].

1.2 A Brief Overview of Double Machine Learning

In a number of studies, Double Machine Learning (DML) was created and presented as a general framework. It is discussed
how DML can be used to several model types, including interactive regression analysis interactive intermediate variables,
[17], as well as partially models based on linear regression. Many model classes, [17], including reinforcement learning,
transformation models, generalised additive models, constantly treatment impacts, dynamic treatment effects, Gaussian
graphic models, difference between differences designs, and many more, have recently been added to the DML framework
and related techniques [16]. The statistical determination for a causal parameter 6y is typically of importance in these DML
applications.
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Fig. 1 Architectural Design: Double ML-Server less. [17].
1.3 Server Less Double Machine Learning

Like PyWren, our prototype the implementation DoubleMLServerLess is meant to be used in an interactive manner: The
user can access a high degree of Parallelism with a on the demand and pay-per-request interaction for the computationally
demanding duties during the estimation of DML models, while also running a Python session on a local machine or server
[17, 18]. Our version is more tailored to the unique use case of DML models than PyWren, which enables the execution of
nearly arbitrary parallel activities, such as map reduce. There are numerous cloud companies that offer ServerLess FaaS
[18]. Our AWS Lambda-powered prototype Dual ML ServerLess system is created in Python and is an addition to the
Double ML package.

1.4 Obijectives of the study

e Examine how deploying machine learning solutions can be made easier for individuals and small businesses by
examining how Server Less Al can help.

e Determine and suggest best practices for server-less architecture-based machine learning application design,
deployment, and management.
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e Compare the efficiency parameters (throughput, latency, etc.) of machine learning activities carried out by server-
less functions to those carried out by server-based methods.
1. LITERATURE REVIEW

The increased interest and acceptance of ServerLess computers in the context of Al model creation and deployment is
reflected in literature on ServerLess machine learning. Many facets of ServerLess machine learning have been thoroughly
investigated by scholars as well as practitioners, including its advantages, difficulties, uses, and influence on cloud-based
Al technology.

1. Features of Serverless Machine Learning: The benefits of ServerLess machine learning have been emphasised
by several research projects. ServerLess computing reduces operational complexity and overhead by releasing
developers from the burden of managing infrastructure, [18], allowing them to concentrate entirely on creating
and training Al models [18]. Because pay-as-you-go pricing models only charge for the resources used during
model training and inference, ServerLess systems guarantee cost-effectiveness [18].

2. Driving Al innovation in the cloud: The revolutionary effect of ServerLess computing ML on Al innovation in
the cloud has been covered in great detail in the literature. ServerLess computing democratises access to Al by
lowering entry barriers for developers, [18, 19], allowing a wider range of entrepreneurs and developers to take
advantage of Al capabilities.

3. Integrate with popular machine learning frameworks: Scholars have investigated how well-known machine
learning frameworks and services can be integrated with ServerLess machine learning [19]. ServerLess platforms
facilitate the easy utilisation of pre-existing machine learning libraries by developers by supporting frameworks
such as Tensor Flow, PyTorch, and scikit-learn [19, 20].

4. Challenges and concerns: The literature has also pointed up ServerLess machine learning-related issues and
concerns [19, 20]. The processing and analysis of massive volumes of data in the cloud by organisations raises
serious concerns about data management. Successful Al model building requires effective data access, [20],
storage, and retrieval [20, 21]. Additionally, it is crucial to guarantee data security and privacy, especially when
working with sensitive data in a ServerLess architecture. Building confidence and preserving data integrity require
addressing security concerns and adhering to data protection laws.

5. Application scenarios and case research: Scholars have investigated a range of practical uses for ServerLess
machine learning across many sectors. Successful ServerLess methods have been implemented for tasks like
image identification, anomaly detection, processing of natural language, and automated forecasting, as shown by
case studies [21]. These papers demonstrate the revolutionary effect of ServerLess computing in democratising
Al development and spurring creativity in a variety of fields.

1. METHOD

The principle of ServerLess machine learning is examined in this study along with its importance in the context of cloud
computing. It explores the advantages of ServerLess computing, which are especially helpful when developing and
implementing Al models [20]. These advantages include the cost-effectiveness scalability, [21], and shortened time-to-
market. Moreover, the smooth training and distribution of models is made possible by the integration of ServerLess
machine learning with well-known machine learning frameworks and services, which gives businesses the ability to
effectively use Al capabilities [20]. Beyond resource and cost optimisation, ServerLess machine learning has many more
advantages. Because ServerLess platforms are flexible, [20, 21], businesses can adjust to changing workloads by
dynamically scaling computing resources to match demand and cutting down on idle time. Because training and inference
workloads in machine learning can fluctuate greatly over time, this elasticity is very beneficial [20].

Furthermore, ServerLess machine learning speeds up model deployment and experimentation, allowing programmers to
rapidly iterate and improve their Al model [22, 23]. Businesses may respond more quickly to changing consumer demands
and market trends by implementing Al-driven solutions [23, 24]. But there are also particular difficulties with ServerLess
machine learning, such as efficient data management, performance optimisation, and ServerLess environmental security.
Data management becoming essential as enterprises use the cloud to analyse and analyse massive volumes of data. Since
the ServerLess architecture handles sensitive data, protecting data security and privacy is crucial [23].
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Our goal in this study is to examine the transformational potential of ServerLess machine learning, as well as its advantages,
drawbacks, and implications for the creation and application of artificial intelligence [23]. Organisations can revolutionise
computing through the cloud, accelerate innovation, and democratise access to Al by embracing server-less computing in
the context of machine learning. The field of Al development is expected to change as ServerLess machine learning
advances, becoming more scalable, efficient, and accessible [23]. This will pave the way for a day when Al-driven solutions
will affect enterprises and society at large [22].

V. RESULT

Organisations can reap several benefits from the notable advancements in Al model creation and deployment that have
resulted from the implementation of server-less machine learning [24]. Engineers may concentrate on creating and refining
Al models instead of worrying about the intricacies of managing the infrastructure by utilising ServerLess computing
technology. As a result, Al-driven solutions now have lower operating costs, [23, 24], are more cost-effective, and have a
faster time to market [24]. Standard machine learning packages and ServerLess platform have seamlessly integrated to
accelerate the model construction process, enabling organisations to take advantage of pre-existing Al tools and knowledge
in a ServerLess ecosystem [24, 25].

V. DISCUSSION

The conversation around server-less machine learning revolves around its revolutionary effect on Artificial Intelligence
(Al) development, the advantages of scalability and affordability, and the difficulties associated with data management,
security, [26], and privacy.

1. Transformative Impact on Al Innovation: ServerLess machine learning has made Al development more
accessible, which has revolutionised Al innovation. The removal of obstacles related to infrastructure management
enables a wider spectrum of developers and enterprises to fully utilise the capabilities of artificial intelligence
[27]. This democratisation has sped up the adoption of Al-driven solutions across a range of industries, resulting
in creative uses and improved ability to make decisions [26, 27].

2. Scaling and Cost-Effectiveness: The benefits of cost-effectiveness and scalability in ServerLess machine
learning have been covered in great detail in the literature. Businesses can optimise both cost and performance by
dynamically scaling their computing resources in response to changing workloads [28. 29]. Organisations can
save money and optimise resources [30], by using the pay-as-you-go pricing model, which guarantees that they
only pay for the resources utilised during model instruction and deduction [31, 32].

3. Challenges in data management, protection, and privacy: There are additional difficulties with ServerLess
machine learning in the areas of managing information, protection, and privacy. In ServerLess contexts, [32, 33],
successful Al model development requires efficient data storage, access, and retrieval. To protect confidential
information within the ServerLess architecture, organisations need to follow data protection laws and have strong
data security safeguards in place [33, 34]. Resolving security issues is essential to gaining the trust of stakeholders
and customers.

The field of developing and implementing Al models has changed as a result of the widespread use of ServerLess machine
learning [34, 35]. Organisations have benefited from lower operational complexity, cost effectiveness, and quicker time-
to-market for Al-driven products by utilising ServerLess computing [35, 36]. A wider range of entrepreneurs and
developers are now able to take use of Al capabilities thanks to the democratisation of Al development, which has also
encouraged creativity. ServerLess machine learning has shown to be a substantial benefit in terms of scalability and the
effectiveness of costs. It has made it possible for organisations to optimise costs and scale computer resources in response
to changing workloads. The pay-as-you-go pricing strategy guarantees resource efficiency and cost savings.

VI. CONCLUSION

A novel paradigm known as ServerLess machine learning has taken off, changing the way Al models are developed and
implemented in the cloud. Significant progress has been made as a result of the adoption of ServerLess computing,
providing enterprises with scalable, affordable, and effective solutions for developing and implementing Al models. The
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disruptive power of ServerLess machine learning, along with its advantages, drawbacks, and consequences for Al
innovation, have all been examined in this research.

This study investigates the use of ServerLess cloud computing in double machine learning model estimation. Our Double
ML-ServerLess prototypes.

A wider spectrum of developers and enterprises may now take advantage of Al capabilities thanks to ServerLess machine
learning, which has democratised Al development. ServerLess computing democratises access to Al by doing away with
the hassles of maintaining infrastructure. This promotes creative applications and speeds up the adoption of artificial
intelligence-driven solutions across a range of industries. The two main benefits of ServerLess machine learning are
scalability and affordability. Organisations can optimise performance and cost, leading to resource effectiveness and
expenditure savings, by having the flexibility to dynamically scale hardware and software based on changing workloads.
By matching costs to actual utilisation, the pay-as-you-go pricing approach guarantees that businesses only pay for those
assets used during Al model training and inference. But issues with privacy, security, and data management must be
carefully considered. In a ServerLess context, developing Al models successfully requires efficient data accessibility,
storage, and retrieval.

Furthermore, to protect sensitive data in the ServerLess architecture, strong data security protocols and adherence to data
protection laws are essential. To sum up, ServerLess machine learning is a revolutionary method for developing and
implementing Al models that allows businesses to fully utilise Al in an economical and expandable way. Organisations
may expedite their adoption of Al-driven solutions and increase the impact, efficiency, and accessibility of Al by embracing
ServerLess computing.

FUTURE WORK

The advancement of ServerLess machine learning offers the potential to influence the future in which Artificial Intelligence
(Al) will be widely used to solve complicated problems and create new opportunities for businesses and society in the age
of intelligent automation.
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