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ABSTRACT

“Machine learning” and “artificial intelligence” have emerged as prominent applications in the last ten years. In the scientific

and media communities, you could hear both phrases used interchangeably or with distinct meanings. Our goal in writing this is

to define each of these words and their connection to Al, with a focus on machine learning’s role in the field. Our conceptual

framework, based on a survey of the literature, elucidates machine learning’s function in the development of (artificial) intelli-

gent agents. Therefore, our goal is to provide a foundation for future research and (interdisciplinary) conversations by clarifying

key terms.

INTRODUCTION

Mark Zuckerberg emphasized the need of Facebook’s “Al
tools (... to) identify hate speech (... )” or “ (... ) terrorist
propaganda” at his April 2018 testimony before the US senate [1].
Most of the time, researchers in the area of (supervised) machine
learning would refer to the process of finding certain occurrences
on social media platforms as a classification problem [2]-[4]. In
spite of this, the phrase artificial intelligence (Al) is frequently used
synonymously with machine learning due to AI’s growing popu-
larity [5]. This is true not only in the aforementioned interview
with Facebook’s CEO but also in many theoretical and applica-
tion-oriented contributions in recent literature [7]-[9]. Even though
he knows it is incorrect, Carner(2017) says he still uses Al to mean
machine learning [10]. However, when discussing methodologies,
ideas, and outcomes, such fuzziness could cause many mistakes in
both theory and practice.

The lack of useful scientific definition, despite the termi-
nology’ widespread usage, is remarkable. Therefore, the purpose
of this study is to explain the connection between Al and machine
learning. Our discussion of the function of machine learning used
by Al instances, more specifically by intelligent agents. The capa-
bilities and deployment of intelligent agents are seen via a machine
learning lens in order to achieve this.

Our article has three main contributions. To begin, we ex-
tend the theoretical framework of Russel & Norvig (2015) [11] by
decomposing the “thinking” layer of an intelligent agent into two

distinct sublayers: “learning” and “executing”’. The second part of
our work is demonstrating how this difference allows us to separate
the various Al-related machine learning contributions. A continuum
between human engagement and agent autonomy is defined, thirdly,
by drawing on the implementations of the execution and learning
sublayers (“backend”).

The next section of this article begins with a literature
survey covering important works in Al and machine learning, Our
conceptual framework, which emphasizes machine learning’s contri-
bution to Al, is then presented and elaborated. We finish with a sum-
mary, present constraints, and a forecast, and use that information to
generate a research plan for the future.

2. Related work

As a base for our conceptual work, we first review the different no-
tions, concepts, or definitions of machine learning and artificial in-
telligence within extant research. In addition, we elaborate in greater
detail on the theories which we draw upon in our framework.

2.1. Terminology

Machine learning and artificial intelligence, as well as the terms data
mining, deep learning and statistical learning are related, often pres-
ent in the same context and sometimes used interchangeably. While
the terms are common in different communities, their particular us-
age and meaning varies widely.
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For example, statistical learning—a collection of methods
and techniques for acquiring information, making predictions, and
making choices via the construction of models from data sets—
is the main emphasis in the discipline of statistics [12]. When seen
through the lens of statistics, machine learning becomes an applica-
tion of statistical learning [13].

One subfield of computer science known as machine learning is
concerned with finding effective ways to use available computing
power to address specific issues [14]. Although machine learning
draws on statistical techniques, it also incorporates approaches that
aren’t strictly based on statisticians” work. This has led to the de-
velopment of novel methods and approaches that have been well
recognized and appreciated in the area [15], [16]. In particular, deep
learning has gained a lot of attention recently [17]. The multi-pro-
cessing layers that make up deep learning models allow them to
learn data representations with varying degrees of abstraction. For
example, in voice recognition [18] and picture recognition [19], deep
learning has greatly enhanced machine learning’s capabilities.

Data mining stands in contrast to the aforementioned concepts; it
is the practice of using quantitative analytical approaches to address
practical issues, often in commercial contexts [20]. Data mining, as it
pertains to machine learning, is the process by which useful machine
learning models are produced. The goal is not to learn more about
ML algorithms; rather, it is to use them on data and draw conclu-
sions. Data mining therefore has machine learning as its cornerstone
[21]. Artificial intelligence, on the other hand, makes use of methods
like statistical learning, machine learning, and using other methods,
such as descriptive statistics, to imitate artificial intelligence.

The rest of this work is built upon Figure 1 and the words described
in this paragraph. Nevertheless, there is contentious debate over the
general language and linkages of the notions [22]. Thus, this papet’s
primary objective is to shed light on the jargon and, more specifical-
ly, to define machine learning’s function inside artificial intelligence.
We take a closer look at machine learning and Al to help you grasp
the concepts better.

2.2.

The term “machine learning” refers to a collection of methods

Machine learning

used to train computers to solve problems automatically, rather than
requiring human intervention [23]. Unsupervised and supervised
machine learning are generally distinct from one another. Since the
most popular approaches are supervised, we will be concentrating
on the latter in this study [24]. Learning in supervised machine learn-
ing is constructing knowledge about a task by analyzing a set of
instances, or “past experience” [25]. Although statistical approaches
are used throughout the learning process, problem-solving does not
need human modification or programming of rules or tactics. Build-
ing a model using an algorithm on a collection of known data points
to acquire insight on an unknown set of data is the ultimate goal of
all (supervised) machine learning approaches [11], [26].

Model initiation, performance estimation, and deployment are the
three primary stages of a machine learning model’s process, but the
exact definitions of these phases could vary somewhat among pro-
cesses [27]: A human user selects an appropriate machine learning
method, describes the issue, and prepares and analyzes the data set

during the model start phase. Afterwards, a well-performing con-
figuration is chosen based on its performance in accomplishing a
certain job after the performance estimation validates numerous pa-
rameter permutations characterizing the method. As a last step, the
model is implemented and used to solve the problem using data that
has not been previously seen.

One important part of human cognition is learning, which is de-
fined as “the processes by which the sensory input is transformed,
reduced, elaborated, stored, recovered, and used” [28, p. 4]. In order
to make sense of incoming data, humans use abstract knowledge,
which allows them to analyze massive amounts of data. Machine
learning models may, in a limited way, imitate human intelligence
because of their adaptability.

On the other hand, machine learning is just a collection of tech-
niques that may be used to create analytical models that can be inte-
grated into bigger I'T artifacts by learning patterns in existing data.

2.3.
A number of academic fields have contributed to our understanding
of artificial intelligence (Al), including computer science[18,19], phi-
losophy[20,21], and futures studies [22, 23]. Since computer science
is the most applicable discipline for distinguishing between Al and
machine learning and for determining the role of machine learning

Artificial intelligence

in the former, it is the primary emphasis of this study.

There are many subfields within artificial intelligence research [11].
They diverge, first, in their focus on the goal of Al applications
(thinking vs. acting), and second, in the nature of the decisions they
want to make (pursuing a human-like choice vs. an ideal, logical con-
clusion). As seen in Table 1, this differentiation gives rise to four
separate lines of inquiry.

Artificial intelligence (AI) must be a computer with a mind, accord-
ing to the “Cognitive Modeling” (thinking humanly) stream [34].
Furthermore, this entails carrying out human-level reasoning [35],
using the same inputs as a person would and arriving at the same
conclusion [36] based on the same reasoning stages.

According to the “Laws of Thought” school of thought, which em-
phasizes logical reasoning, Al must always choose the best course of
action, regardless of how a human might respond.

Computational models [37] that represent logic are therefore neces-
sary for Al to adhere to the rules of cognition.

That artificial intelligence (AI) must behave intelligently while in-
teracting with people is implied by the “Turing Test” (i.c. behaving
humanely) stream. Artificial intelligence (AI) has to be able to do
human-level work to achieve these goals [38]. The Turing Test can
verify these conditions [39)].

The “Rational Agent” school of thought concludes by viewing Al
through the lens of an intelligent [40] or rational [11] agentl. Not
only does this agent behave independently, but it does so with the
goal of attaining the logically optimal result.

Determining what intelligence is and then applying that definition to
the development of intelligent robots is another possible approach
to defining Al. A measurement of intelligence is defined by Legg
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and Hutter [41] using psychological criteria, theories of human in-
tellect, and intelligence tests. Their formulation is the basis of an
agent-environment paradigm that they use to characterize intelli-
gence and, more specifically, artificial intelligence when the agent in
question is a computer. The “acting rationally” stream is quite close
to their concept.

Research in the area of artificial intelligence also focuses on how to
categorize Al systems, in addition to trying to define Al in general.
The Seatle

Separating weak Al from strong Al is recommended in [42]. A pow-
erful Al really has mental states, unlike a weak Al that only acts like
it thinks. On the other hand, Gubrud [43] classifies Al according to
the nature of the job. In each given subject, an artificial general intel-
ligence (AGI) system can perform at least as well as a human brain,
but it doesn’t need any specific training or instruction from a person.

state of mind. A narrow Al, on the other hand, is one that compares
well to or even surpasses the human brain in very restricted domains

[44].

Because of its significance in relation to AI machine learning imple-
mentation, the “Rational Agent” stream will be investigated more
below. In Section 3, we will revisit the other three lines of inquiry
and demonstrate their compatibility with our agent-based Al system.

The “Rational Agent” school of thought holds that agent behavior
is the ultimate manifestation of intelligence. These beings exhibit
five traits: they “operate autonomously, perceive their environment,
persist over a prolonged time period, adapt to change, and create and
pursue goals” [11, p. 4]. Instead of acting in isolation, an agent’s ac-
tions are defined in relation to the environment in which it operates.
The robot is able to identify its surroundings by its sensors, process
the data provided by its agent software, and then carry out an ac-
tion using its actuators. Acting in a way that maximizes the predicted
result according to this performance metric—based on the agent’s
present and historical knowledge of the environment and the alter-
native actions—is another need for being a rational agent.

According to Russel and Norvig, there are four distinct kinds of
agents in the agent program [11] when it comes to the broad defi-
nition of agents: The difference between a basic reflex agent and
a model-based reflex agent is that the latter takes the agent’s inter-
nal state into account in addition to sensor input when making a
reaction. In order to accomplish its objectives, a goal-based agent
chooses the optimal course of action. An objective may be satisfied
in one of two ways: either by achieving it or by failing to do so. A
utility-based agent, in contrast, seeks to maximize a full utility func-
tion rather than a discrete one. A program may be extended to make
an agent a learning agent. In this kind of learning agent, one part
is responsible for making decisions based on sensor data, while the
other partlearns from its surroundings, creates its own issues, and, if
feasible, makes improvements to the performance part.

An agent, their surroundings, and an objective make up the agent-en-

vironment paradigm. A person’s intelligence may be defined as their
“capacity to achieve goals in a wide range of environments” [41, p.
12]. Perceptions created by the environment provide input to the
agent. Some perceptions are just observations of the world around
the agent, while others are reward signals that show how well the
agent has done in achieving its objectives. The agent takes these sig-
nals as input, processes them, and then relays the results to its sur-
roundings.

3. A framework for understanding the role of machine learn-
ing in artificial intelligence

In order to understand the interplay of machine learning and Al, we
base our concept on the framework of Russel & Norvig [11]. With
their differentiation between the two objectives of Al application,
acting and thinking, they lay an important foundation.

3.1.

Machine learning’s place in artificial intelligence may be better

Layers of agents

grasped from a vantage point that focuses on the creation and de-
ployment of smart agents. This viewpoint is essential because it helps
us to relate the various parts of machine learning to the capacities
of smart agents. Looking at the thinking and acting capabilities of
an intelligent agent and applying this to software architecture, we can
say that the acting capabilities are the frontend and the thinking por-
tion is the backend. For the sake of autonomy, flexibility, and parallel
development, software developers normally keep form and function
completely distinct [45]. The environment’s interface is known as the
frontend. Many forms are possible. A humanoid template with ex-
panded expressive capabilities [48], a machine-readable web interface
[46], or a human-readable application [47] are all possible forms of
intelligent agent interfaces. Technically speaking, the frontend can’t
communicate with its surroundings without sensors and actuators.
Through the frontend, sensors report any changes or events in the
environment, which are then sent to the backend. For example, they
may decipher the temperature readings from a manufacturing equip-
ment [49] or interpret the graphics from a human interaction [50].
In contrast, components that move and regulate a mechanism are
known as actuators. In contrast to sensors, which only collect data,
actuators do something, such automatically purchasing stocks [51] or
modifying a humanoid’s facial expressions [52]. To put an agent’s ar-
tificial intelligence to the test of how well it mimics human behavior,
one may say that the Turing test [39] occurs when the environment
interacts with the frontend, specifically when sensors and actuators
work together. Although every frontend has sensors and actuators,
the specific frontend design is irrelevant to our work. What is crucial
is the existence of a backend-independent, encapsulated frontend.

The backend provides the necessary functionalities, which depict
the thinking capabilities of an intelligent agent. Therefore, the agent
needs to learn and apply learned knowledge.

In consequence, machine learning is relevant in this implementation
layer. When regarding the case of supervised machine learning, we
need to further differentiate between the process task that is building
(=training) adequate machine learning models [21] and the process
task that is executing the deployed models [53]. Therefore, to further
understand the role of machine learning within intelligent agents, we
refine the thinking layer of agents into a learning sublayer (model
building) as well as an executing sublayer (model execution)2. Hence,
we regard the necessary implementation for the learning sublayer as
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the learning backend, while the executing sublayer is denoted by the
executing backend.

3.2. Types of learning

To begin with, the learning backend determines whether or not the
intelligent agent can learn. Then, it specifies how the agent may
learn, including the exact algorithms it employs, the data processing
type it employs, and the notion

is dealt with, etc., drift [54]... Thus, we use the language of Russel and
Norvig [11] and distinguish between two categories of intelligent
agents: simple-reflex agents and learning agents. This distinction is
particularly relevant when looking at Al from a machine learning
standpoint, as it determines whether the thinking layer’s underlying
models are static (simple-reflex) or dynamic (learning). Both may be
found in more modern works of literature. Using a hospital pneu-
monia early warning system as an example of a simple-reflex agent,
Oroszi and Ruhland [55] construct and test a plausible agent model,
although the adaptive learning that occurs after deployment may be
crucial. Anaphora resolves [56], pedestrian prediction, and other do-
mains also often use agents with single-trained models.

or annotating objects [58]. Additionally, instances for learning agents
may be found in more recent research. With an emphasis on con-
stantly constructing and updating models inside agents, Mitchell et
al. [59] introduce the idea of “never-ending learning” agents. Lieb-
man et al. (2019) construct a self-learning bot designed to
suggestions for musical playlists [60]. Some more examples include
controlling heat pump thermostats [61], understanding the mean-
ing of words [63], or an agent acquiring collective knowledge across
several jobs [62].

Both the agent’s general design and the impact of machine learning
are affected by the decision on this feature in general (simple-reflex
vs. learning agent). The second graphic shows the overall structure
that we were able to construct. Finally, in the execution sublayer of a
simple-reflex agent, machine learning occurs as a once-trained mod-
el. On the other hand, it helps a learning agent’s model in the exe-
cution sublayer to become better over time. The execution layer is
responsible for acquiring environmental information and feedback,
which is the basis of this improvement.

3.3. Continuum between human involvement and machine involve-
ment

When it comes to the executing backend and the learning backend,
it is not only of importance if and how underlying machine learn-
ing models are updated—but how much automated the necessary
processes are. Every machine learning task involves various process
steps, including data source selection, data collection, preprocessing,
model building, evaluating, deploying, executing and improving (e.g.
[21], [53], [64]). While a discussion of the individual steps is beyond
the scope of this papet, the autonomy and the automation of these
tasks as an implementation within the agent is of particular interest
in each necessary task of the machine learning lifecycle [27].

For instance, while the execution of a once-built model can be faitly
easily automated, the automated identification of an adequate data
source for a new problem or retraining as well as a self-induced mod-
el building are more difficult. Therefore, we need to view the human
involvement in the necessary machine learning tasks of an intelligent
agent, as depicted in figure 3. While it is hard to draw a clear line
between all possible forms of human involvement in the machine
learning-relevant tasks of an intelligent agent, we see this phenome-
non rather as a continuum. The continuum ranges between none or
little agent autonomy with full human involvement (e.g. [65]— [67])
on the one extreme as well as the full agent

autonomy and no or little human involvement for the delivered task
on the other (e.g [68]-[70]). For example, an intelligent agent with
the task to autonomously drive a car considering the traffic signs
already proves a high degree of agent autonomy. However, if the
agent is confronted with a new traffic sign, the learning of this new
circumstance might still need human involvement as the agent might
not be able to “completely learn by itself” [71]. Therefore, the neces-
sary involvement of humans, especially in the thinking layer (= exe-
cuting backend and learning backend), is of major interest when de-
scribing Al and the underlying machine learning models. The degree
of autonomy for each step of machine learning can be investigated
and may help to characterize the autonomy of an agent in terms of
the related machine learning tasks.

4. Research
tificial intelligence

priotities for machine- learning-enabled at-
Still in its conceptual stages is the offered framework of machine
learning and its function inside intelligent agents. Further study might
clarify the language and explore unknown area for machine-learning
enabled artificial intelligence, given the misconceptions and ambigu-
ity of the two phrases [6-9].

The first step is to construct the framework iteratively and empirical-
ly. In order to test the efficacy of the framework, we must first locate
several examples of intelligent beings in diverse fields. It would be
fascinating to see the mapping between the framework and Al ini-
tiatives that use machine learning, both in academia and in the real
wortld. It would be even more interesting to quantify the percentage
of these projects that use learning agents compared to those that
do not. In addition, these kinds of examples would be useful for
learning about the human element required by modern intelligent
agents, which would allow us to ascertain the “degree” of autonomy
these agents need in relation to all parts of their operation (learning,
acting, and executing).

Secondly, one area that should be improved is the need to engage less
people. Our previous discussion has shown that we see this spec-
trum as a continuous line between human intervention and agent
autonomy. There are two options that spring to mind right away. The
concepts and techniques of transfer machine learning center on the
idea of moving models and other forms of information from one
setting to another [72]. As further studies in this area uncover po-
tential and application-oriented methods to use transfer, this might
definitely aid in reducing human participation.

use machine learning to automatically adjust to new or altered duties

[73].

Not only is it important to consider the initial model construction
process, but also how to handle changes in the environment, when
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thinking about models that have already been deployed as part of
the backend-layer. There are a lot of ideas in the so-called “concept
drift” sector on how to adjust models and identify changes, but there
haven’t been many successful applications [54], [74].

5. Conclusion

The purpose of this study is to define machine learning and its func-
tion in Al, with a focus on intelligent agents. We provide a paradigm
that emphasizes the two examples of learning agents and simple-re-
flex agents, and the potential role of machine learning in both. A
basic reflex agent is an intelligent agent that uses machine learning
models as pre-trained models and is unable to learn anything new
from its surroundings. We refer to this layer of executing knowledge
as the executing backend when discussing implementation details. In
this scenario, the agent may make use of machine learning models
that have already been created, but it cannot create or update its own
models. A learning agent, on the other hand, is one that can take in
data from its surroundings and use that information to refine the
machine learning models used by the execution sublayer. In order
for learning agents to make use of machine learning for model cre-
ation and training, they have an extra sublayer called the learning
backend.

The level of independence needed by the agent’s machine learning
must be captured before these two sublayers may be implemented.
The human element is the main emphasis here, as it pertains to the
data collecting and algorithm selection processes that are fundamen-
tal to machine learning;

The current study has various limitations and is currently in its con-
ceptual stage. To begin, while the suggested framework does help
us better comprehend machine learning in Al, we still need further
empirical research to determine how well current Al applications
that make use of machine learning fit into this scheme. To verify
the model and assess its amount of depth, Al designers might be
interviewed by experts. In addition, to better comprehend the level
of autonomy of state-of-the-art agents, we need to discover tech-
niques to measure the human engagement in Al activities connected
to machine learning,

Our paradigm is still in its infancy, but it should help researchers
and practitioners use more accurate language when talking about Al
and machine learning, It stresses how crucial it is to avoid using the
phrases while simultaneously highlighting the function of machine
learning in the context of a certain agent implementation.
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