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Over the past ten years, "artificial intelligence” and "machine learning™ have gained reputation.In discipline and the
broadcasting, both phrases are usually charity, sometimes with the same meaning and other times with distinct
ones. Our goal in this study is to define the terminologyand their respective meanings, with a attention on machine
learning's role in artificial intelligence. After a thorough analysis of pertinent research, we offer a conceptual
frameworkthat makes clear how machine learning is used to create (artificial) intelligent agents. Therefore,our goal is
to offer more terminological clarity as well as a foundation for future study and (interdisciplinary) conversations.
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1. Introduction

Mark Zuckerberg emphasized the need of Facebook's "Al tools (...) to (...) recognize hatred
talking (...)" or "(...) guerrilla publicity" in his April 2018 US Senate testimony [1]. In the realm
of (supervised) machine learning, researchers would often refer to problems like this one—
identifying particular instances inside social media platforms—as categorization tasks [2]-[4].
Though, by increasing admiration of artificial intelligence (Al) [5], the period Al is frequently
castoff interchangeably with machine learning—not only by Facebook’s CEO in the instance
overhead or in extra conferences [6], then too crossways numerous theoretical and application
-concerned with contributions in current works [7]-[9]. Cerner (2017) goes so far as to say that,
despite knowing better, he still refers to machine learning as Al [10]. However, when
discussing techniques, ideas, and outcomes, this kind of uncertainty can result in numerous
mistakes in practice as well as study.
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It's remarkable that there isn't much useful scientific definition despite the terminology being
used often. Therefore, the drive of this education is to clarify the meaning of the phrases
artificial intelligence and machine learning. We go into further detail about how machine
learning functions in artificial intelligence instances, precisely in intelligent managers. In order
to do this, we approach the capabilities of bright managers and their implementation from the
position of machine learning.

Three things our paper contributes. The first thing we do is broaden the hypothetical outline of
Russel & Norvig (2015, [11]) by decomposing the intelligent agent's "rational” sheet into
distinct "learning™ and "executing" sublayers. Secondly, we demonstrate how this distinction
lets us to discern numerous machine learning aids aimed at intelligent managers. Third, we
label a continuum amid humanoid engagement and means independence founded on the
implementation and knowledge sublayers' ("backend™) implementations.

We initially examine pertinent research in the domains of artificial intelligence and machine
learning in the next sections of this work. After that, we go over and enlarge on our theoretical
framework, emphasizing how machine learning advances artificial intelligence. We then use
that information to generate a research agenda for the future and wrap up with a summary,
present constraints, and a forecast.

2. Related work

We first examine the many definitions, ideas, and classifications of artificial intelligence and
machine learning found in current investigation as a foundation for our conceptual work.
Furthermore, we go into further depth on the theories that our framework is based on.

2.1. Terminology

The words data mining, deep learning, statistical learning, and machine learning are similar,
frequently occur in the same context, and are occasionally used synonymously with artificial
intelligence. Although the phrases are used often in many societies, there are significant
differences in how they are used and used.
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Figure 1. Common language used in this paper

For sample, arithmetical knowledge—defined as a group of methods and procedures to acquire
info, forecast results, and brand judgments by building replicas after a information set—is the
chief stress of the statistical learning area [12]. Machine learning may be thought of as an
application of arithmetical knowledge after the perspective of figures [13].

Machine learning is a division of processer discipline that emphases on creating operative
algorithms to tackle computationally intensive issues [14]. While machine learning brands use
of arithmetical methods, it also incorporates techniques that are not solely derived from the
earlier research of mathematicians, foremost to fresh and extensively recognized aids to the
area [15], [16]. In new ages, here has remained a rising attention in deep learning in particular
[17]. Multiple processing layers make up deep learning models, which may learn pictures of
information with various degrees of concept. Machine learning has significantly better thanks
to deep learning, as demonstrated by its use in image recognition [19] and speech [18]. As an
alternative to the words mentioned above, data mining refers to the practice of using
guantitative analytical techniques to address issues in the real world, such as those that arise in
commercial contexts [20]. Information removal is the procedure of creating relevant machine
learning models in the setting of machine learning. The objective is to apply machine learning
algorithms to statistics in directive to obtain visions, not to advance our understanding of these
techniques. Thus, it is possible to think of machine learning as the base for data mining [21].

Artificial intelligence, on the additional pointer, mimics intelligence in computers by using
methods like machine learning, statistical learning, or other methods like descriptive statistics.

The terms specified in this paragraph and Figure 1 serve as the framework for the rest of this
study. Nonetheless, there is disagreement regarding the general nomenclature and connections
between the ideas [22]. Consequently, the purpose of this study is to shed additional light on
the jargon and, extra precisely, to describe machine learning's home in artificial intelligence.
We look more closely at both machine learning and artificial intelligence to get a better grasp
of the concepts.

2.2. Machine learning

Machine learning is the period for a collection of methods that are frequently applied to address
a range of real-world issues with the aid of computer systems that possess the ability to solve
problems without the need for explicit programming [23]. We can distinguish between
supervised and unsupervised machine learning in general. Since the most popular approaches
are supervised in nature, we will concentrate on the latter for the duration of this work [24]. In
the context of supervised machine learning, learning refers to the process of constructing
knowledge about a task through a sequence of instances, or "past experience” [25]. While
statistical techniques are employed in the learning process, human rule or strategy
programming is not necessary to address an issue. To be more specific, the goal of (supervised)
machine learning approaches is to create a model by using an algorithm on a collection of
known data points in order to get knowledge about an unknown set of data [11], [26].

As a result, while the methods involved in “creating” a machine learning model differ widely
in how they define its phases, they often use the following three primary stages: model
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beginning, enactment approximation, and arrangement [27]: A hominid worker identifies a
problematic, gets ready and procedures a facts collection, and selects an appropriate machine
learning method for the job at hand through the model commencement phase. Subsequently, in
the process of estimating performance, several combinations of parameters that describe the
algorithm are verified, and an optimal formation is chosen founded on how effectively it solves
a particular job. Finally, the perfect is organized and place hooked on repetition to resolve the
problem using hidden information.

But machine learning is only a collection of techniques that make it possible to identify designs
in already- current information, producing logical replicas that can be integrated into more
complex IT products.

2.3. Artificial intelligence

Different study fields, including computer science [18, 19], philosophy [20, 21], and stocks
educations [22, 23], are the foundation of the field of artificial intelligence (Al). Since computer
science is the most pertinent discipline for determining machine learning's contribution to
artificial intelligence and for distinguishing between the two, we primarily concentrate on it in
this study.

It is possible to divide Al research into several research streams [11]. These streams diverge
with regard to the purpose of using Al (thinking vs. acting) and the nature of decision-making
This difference gives rise to four study streams, each of which is shown in Table 1.

An artificial intelligence (Al) must be a computer with a mind, according to the "Cogpnitive
Modeling" (thinking human) stream [34]. This involves thinking like a human [35], not just
by using the same input to produce the same result as a person would, but also by using the
same reasoning processes that resulted in the same conclusion [36].

According to the "Laws of Thought" stream, an Al must reason properly and come to theright
conclusion regardless of what a humanoid could respond.

Objective .
2 Humanly Rationally
Application
to
A Cognitive “Laws of
Ankge Modeling thought **
Acting Turing Test Rational Agent
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Table 1. Al study torrents founded on Russell & Norvig [11]

Consequently, an Al must use computational models [37] that represent logic in order to adhere
to the rules of cognition. According to the "Turing Test," or "acting humanely," an Al must
behave sensibly while dealing with people. An Al necessity execute humanoid duties at most
as well as humans in order to complete these jobs [38]. The Turing Test [39] can be used to
verify these conditions.

Lastly, an Al is seen as a normal [11] or brainy [40] agentl by the "Rational Agent" stream.
This agent acts independently and with the intention of achieving the optimal result based on
logic.

Another method of describing artificial intelligence is to define intelligence as a whole and
then use the knowledge gained to build machines that are intelligent. Legg and Hutter [41]
describe a measurement of intelligence using psychological criteria, ideas of human intellect,
and intelligence tests. They discuss intelligence in overall and artificial intelligence in
particular—if the agent is a machine—using an agent-environment framework based on their
concept. Their paradigm has a lot of resemblance to the "acting rationally" stream.

In the realm of Al study, categorization of Al is another issue in addition to broad definitions.
It is suggested by Searle [42] to distinguish amid frail and sturdy Al. A powerful artificial
intelligence is a mind with mental states, whereas a weak Al only acts like a mind. Gubrud
[43], however, classifies Al according on the nature of the job.
An artificial general intelligence (AGI) is a machine that functions generally, that is, in all
domains, at least as well as a human brain but without the need for awareness. A restricted All,
on the other hand, is one that can only perform certain, constrained tasks better than the human
brain [44].

Since machine learning is crucial to the application of artificial intelligence, we shall delve
deeper into the "Rational Agent" stream in the sections that follow. In part 3, we will revisit
the other three research streams and demonstrate their compatibility with our agent-based Al
system.

The "Rational Agent" stream contends that agents' actions reveal intelligence in and of
themselves. These agents "operate autonomously, perceive their environment, persist over a
prolonged time period, adapt to change, and create and pursue goals" are the five characteristics
that define them [11, p. 4]. An agent determines its behavior in relation to the environment it
interacts with, not for itself. It uses its sensors to detect its surroundings, an agent software to
process the incoming data, and actuators to carry out an action. In order for an agent to be
considered rational, it must also operate in a way that maximizes the predicted result as
determined by this performance metric, taking into account both past and present
environmental information as well as potential course of action.

In relations of the overall classification of causes, the agent program may be divided into four

categories, according Russell & Norvig [11]: A model-based reflex agent additionally takes
into account the internal state of the agent, while a basic reflex agent just responds in response

Nanotechnology Perceptions 20 No. S13 (2024)



485 Samidha et al. Reimagining Scheherazade: Feminist and....

to its sensor data. When making decisions, an agent with goals determines which course of
action is best. A goal's fulfillment is a binary choice, meaning it may either be accomplished
or not. A utility-based agent, on the other hand, seeks to maximize the entire utility function
rather than a single, binary aim. By expanding its software, an agent can develop into a learning
agent. The components of such a knowledge manager are then a enactment component that
chooses an act grounded on device statistics and a knowledge element that gathers input from
the situation, creates its own challenges, and, if feasible, enhances the presentation component.

Three elements make up the agent-environment framework: an manager, an situation, and a
area. The "agent's aptitude to attain areas in a varied choice of surroundings" is measured in
terms of intelligence [41, p. 12]. Perceptions that are created by the environment provide input
to the agent. Perceptions can be of two types: those that are reward signals indicating how
successfully the agent is accomplishing its goals, and those that are observations of the
environment. The agent chooses what to do and sends signals back to the environment based
on these input signals.

3. A outline for sympathetic the part of machine learning in artificial intelligence

We build our approach on the framework developed by Russell & Norvig [11] in order to
comprehend the interaction between Al and machine learning. They provide a crucial basis by
distinguishing among the dual goals of Al claim: acting and thinking.

3.1. Layers of agents

When attempting to understand machine learning's role in artificial intelligence, we must adopta
viewpoint that prioritizes the creation of intelligent beings. This point of view is crucial
because it allows us to match the capabilities of intelligent agents with the many objectives
andcomponents of machine learning. By converting an intelligent agent's thinking and acting
abilities into terms used in software architecture, we may conclude that the acting abilities can
be compared to a frontend and the thinking abilities to a backend. In order to promote more
flexibility and independence as well as parallel development, software developers frequently
rigorously separate form from function [45]. The frontend is the interface via which the
environment exchanges messages. It comes in several forms. It might be a human-readable
software [47], a machine-readable web interface [46], or even a humanoid template with
enhanced expressive skills [48] in the case of intelligent agents. Actuators
and sensors are the two technology components required for the frontend to communicate with
the surroundings. After sensing events or changes in the surroundingenvironment, sensors use
the frontend to relay data to the backend. They can decipher photographs of a machine-human
interaction [50] and an industrial production machine'stemperature [49]. Actuators, on the
other hand, are the components responsible for controlling and moving a machine. While
sensors just assess data, actuators carry out actions, such as autonomously buying stocks [51]
or changing the facial expressions of a humanoid [52]. One may contend that the Turing test
[39] takes place at the interface—that is, the combination of sensors and actuators—between
the environment and the frontend in order to evaluate the Alof the agent and its capacity for
human behavior. The fact that a frontend is contained and independent of the backend is what
counts for our purposes, despite the fact that every frontendincorporates sensors and actuators.
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Figure 2. Theoretical outline|

The functionality required to demonstrate the intelligent skills of an bright manager are
provided by the backend. As a result, the agent must acquire and use new information. Machine
learning is therefore crucial at this application coat. In the context of supervised machine
learning, it is important to distinguish among the procedure tasks of developing (=training)
suitable machine learning models [21] and running the models once they have been deployed
[53]. Consequently, we further develop the thinking layer of agents into a learning sublayer
(model building) and an executing sublayer (model execution)2 in order to better grasp the
function of machine education inside intelligent agents. Therefore, we consider the learning
backend to be the necessary application for the learning sublayer, and the performing backend
to be the representation for the performing sublayer.

3.2. Types of learning

First, the knowledge backend determines if the intelligent agent is capable of learning, and
second, it determines in what way the manager learns—for example, by using certain
algorithms, using a particular kind of data processing, managing concept drift [54], and so on.
Thus, we use the nomenclature from Russel & Norvig [11] by talking about simple-reflex
agents and learning agents, two distinct categories of intelligent agents. This distinction is
notably relevant to a machine learning approach to Al, which takes into account whether the
underlying models in the thinking layer are updated and adaptively (learning) or simply
reflexive (simple-reflex) after training and never again. Appropriate instances for both can be
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discovered in current literature. Oroszi and Ruhland develop and implement an early warning
system for pneumonia in hospitals as an illustration of simple-reflex agents [55]: While
developing and testing the agent's model yields compelling results, the system's ability to adapt
after deployment may be crucial. Agents using single-trained models are also often seen in
several domains, such as object annotation [58], pedestrian prediction [57], and anaphora
resolutions [56, 57]. However, newer literature also provides learning agents with instances.
The idea of "neverending learning" agents, which emphasize constantly creating and updating
models inside of agents, is presented by Mitchell et al. [59].

Liebman et al. provide an example of such an agent by creating a self-learning agent for music
playlist suggestions [60]. Additional examples include controlling heat pump thermostats [61],
having an agent gain collective knowledge across many jobs [62], or teaching an agent word
meanings [63].

The excellent on this eye in over-all determines the general architecture of the manager as well
as the involvement of machine learning. Figure 2 shows an overview of the framework we
came up with. at summary, machine learning occurs at the execution sublayer of a simple-
reflex agent as a once-trained model. On the other hand, it helps a learning agent's learning
sublayer in the execution sublayer by continually enhancing the model. The execution layer
gathers information and input from the environment, which is the basis of this enhancement.

3.3. Range amid humanoid participation and mechanism participation

Not only is it critical to consider if and how the underlying machine learning models are
updated, but also how much automation is applied to the essential procedures in the executing
and learning backends. Each machine learning activity entails a number of process phases, such
as choosing the data source, gathering data, preprocessing, creating the model, assessing,
deploying, carrying out, and refining (e.g. [21], [53], [64]). The independence and
mechanization of these activities as an application inside the manager is of special relevance
in each essential activity of the machine learning lifecycle, even though a treatment of the
individual phases is outside the purview of this work [27].

(o] Agent autonomy: None Full

* - +
; , Degree ™ of autonomy
x Human involvement: Full None

Figure 3. Grade of manager independence and humanoid participation

For example, it is relatively easy to automate the execution of a model after it has been formed,
but it is more challenging to automatically choose a suitable information basis for a new
challenge or reeducation, as well as self-induced model creation. As a result, we must see
human participation in the essential machine learning activities of an intelligent agent, as
shown in figure 3. We view this phenomena more as a continuum than a sharp distinction
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between the many ways that humans might participate in machine learning-related tasks that
are significant to an intelligent robot.

On one extreme of the continuum is complete agent autonomy with no or little human
participation for the job being performed (e.g. [65]-[67]), while on the other is full agent
autonomy with either minimal or no human involvement (e.g. [68]-[70]). An intelligent agent
given the duty of driving a car while observing traffic signs, for instance, already demonstrates
a high level of agent autonomy. But, in the event that the agent encounters a novel traffic sign,
it may still require human assistance to learn about this novel situation since the agent may not
be able to "completely learn by itself" [71]. Thus, while discussing Al and the underlying
machine learning models, it is important to note that humans are required, particularly at the
thinking layer (i.e., executing backend and learning backend). It is possible to examine the level
of autonomy at each stage of the machine learning process, which might aid in characterizing
an agent's autonomy with respect to the associated machine learning tasks.

4. Investigation urgencies for machine learning-enabled artificial intelligence

The machine learning framework that has been provided, along with its function in intelligent
agents, is still conceptual in nature. Nonetheless, considering the vagueness and
misconceptions surrounding the two phrases [6-9], we believe there is need for more study to
help define language and identify unexplored areas for artificial intelligence powered by
machine learning.

Initially, the framework must be continuously and iteratively developed, together with
empirical validation. We must determine several instances of intelligent beings from diverse
fields and assess how effectively the framework works with them. It'd be intriguing to observe
how Real-world and scholarly machine learning supported Projects using artificial intelligence
align with the framework. additionally perhaps quantify which portion of such initiatives
that use learning agents and that agents that don't learn Reducing the amount of human
interaction that is required would be the second interesting feature. As previously said,we
regard this spectrum to be a continuum between Agent autonomy and human participation.
Two Immediately, alternatives spring to mind. The techniques of transfer machine learning
address potential issues with how to move models, or information, from one from an
environment of source to one of goal [72]. This might, in fact, aid in reducing human
participation, as additional research in this subject might provide opportunities
and application-focused methods to use transfer machine learning for automated task
adaptation that is new or altered [73].

Furthermore, with regard to backend-layer models that have already been deployed, it is
important to consider not only the models' original construction but also how they adapt to
environmental changes. Although there are numerous opportunities to identify changes and
modify models in the so-called subfield of idea drift, effective application fields are still
uncommon [54], [74].

5. Conclusion

In this study, we clarify the function of machine learning within artificial intelligence—in
particular intelligent agents. We offer a structure, which draws attention to the two instances
of learning and simple-reflex. agents and the potential application of machine learning in
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Every single one of them. In brief, models for machine learning is possible to use them as
trained models in an intelligent agent—capable of learning nothing extra environmental
insights (basic reflexive material). In terms of execution, we refer to this as layer beneath the
execution knowledge rear end. In this instance, the agent can make use of (Earlier developed)
machine learning models—however not create and maintain its own. However, if the agent is
able to absorb information from its surroundings and then update the machine learning models
within the It is a learning agent that is an execution sublayer. Acquiring knowledge Another
layer that agents have is the learning backend, which allows them to employ machinelearning
in terms of creating and instructing models

It's critical to record the level of autonomy that the machine learning in the agent has while
implementing these two sublayers. demands. This component emphasizes the human
participation in the required machine learning activities, For instance, gathering data or
selecting an algorithm.

The current research has certain limitations and is still conceptual in nature. Initially, even if
the suggested paradigm enables a deeper comprehension of empirical research on machine
learning in Al is yet need to assess how well-suited this technique is for current machine-
learning-enabled Al applications. Professional Al designers' interviews might verify the model
and finish, as well as assess the degree of detail. Additionally, we must figure out how to
measure the Human participation in activities pertaining to machine learning within artificial
intelligence to better comprehend the extent of independence of cutting-edge agents.
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