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Abstract: The challenge of how to create computers that automatically get better through experience is
addressed by machine learning. Situated in the nexus of computer science and statistics, as well as the
foundation of artificial intelligence and data science, it is one of the rapidly expanding technical topics of
today. Current advances in machine learning have been fueled by the creation of novel learning theories and
algorithms as well as by the constant proliferation of low-cost computing and internet data. In science,
technology, and business, data-intensive machine learning techniques are being adopted, which is resulting in
a rise in the use of evidence in decision-making in a variety of fields, including marketing, manufacturing,
healthcare, education, financial modeling, and law enforcement.
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Introduction

The field of machine learning is concerned with two linked questions: How can one build computer
systems that do things on their own? Enhance with time and experience? Additionally which basic laws of
statistics, computation, and information theory apply to all learning systems, including those in computers,
people, and organizations? The study of machine learning is crucial for answering these fundamental problems
in science and engineering as well as for the incredibly useful computer software that it has generated and
implemented in numerous fields.

Over the past 20 years, machine learning has advanced significantly from being a lab curiosity to a
useful technology with broad commercial use. Machine learning has become the go-to technique in artificial
intelligence (Al) for creating useful software for tasks like computer vision, audio recognition, natural language
processing, robot control, and other applications.

Nowadays, a lot of Al system engineers understand that, depending on the application, it can
sometimes be far simpler to train a system by providing it with instances of desired input-output behavior than
to manually programme it by predicting the correct response for every conceivable input. Machine learning has
also had a significant impact on computer science and a variety of other industries that deal with data-intensive
problems, like consumer services, the identification of problems in intricate systems, and the management of
supply chains. Similar wide-ranging effects have been seen in other empirical sciences, such as biology,
cosmology, and social science, as machine-learning techniques have been created to analyze large-scale
experimental data in unique ways. A list of some recent uses for machine learning can be found in Fig. 1.

The challenge of increasing a performance metric during task execution through some kind of training
experience is known as a learning problem. For instance, one objective in learning to identify credit card fraud is
to categories each credit card transaction as either "fraud" or "not fraud." The accuracy of this fraud classifier
may be the performance indicator that needs to be improved, and the training set might be a set of past credit
card transactions that have all been flagged as fraudulent or not in hindsight. Alternatively, an alternative
performance metric might be defined, one that penalizes more when "fraud" is mistakenly labeled as "not fraud"
than when "not fraud" is mistakenly labeled as "fraud." Another way to define a different kind of training
experience would be to include instances of labeled and unlabeled credit card transactions.

To address the broad range of data and problem types seen in many machine-learning challenges, a
variety of machine-learning algorithms have been created (1, 2). From a conceptual standpoint, machine-
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learning algorithms can be understood as sifting through a vast array of potential programmes in order to choose
one that maximizes the performance metric, with the use of training data.

The representation of candidate programmes (such as decision trees, mathematical functions, and
general programming languages) and the methods used to search through this space of programmes (such as
evolutionary search methods and optimization algorithms with well-understood convergence guarantees) are
two aspects of machine-learning algorithms that differ greatly from one another. Here, we concentrate on
strategies that have shown to be especially effective thus far.

Several algorithms concentrate on function approximation problems, in which the learning problem is
to increase the accuracy of a function that is embodied in an input transaction (e.g., given an input transaction,
output a "fraud" or "not fraud" label). Experience is comprised of a sample of known input-output pairs of the
function. The function can be expressed directly in certain situations as a parameterized functional form;
implicitly, it can be found by a factorization, optimization, or search procedure, Process or one that is based on
simulation. The function typically depends on parameters or other adjustable degrees of freedom, even when it
is implicit. And training is the process of determining these parameters' values in order to maximize the
performance metric.

Theoretically characterizing the skills of certain learning algorithms and the intrinsic complexity of any
given learning problem is a crucial scientific and practical goal, regardless of the learning algorithm: To what
extent is the algorithm able to learn from a given kind and quantity of training data? To what extent is the
algorithm resistant to errors in the training data or in the modeling assumptions? Is it possible to create a
successful solution for a learning problem given a certain amount of training data, or is the learning problem
inherently unsolvable? These theoretical explanations of machine-learning algorithms and issues usually draw
on the well-known frameworks of computational complexity theory and statistical decision theory. The goal is
to simultaneously characterize the sample complexity (how much data are required to learn accurately) and the
computational complexity (how much computation is required), and to specify how these depend on features of
the learning algorithm, such as the representation it uses for what it learns. In fact, attempts to theoretically
characterize machine-learning algorithms have led to blends of statistical and computational theory (3-6).
Optimization theory is a particular type of computational analysis that has shown to be especially helpful
recently. Its upper and lower bounds on the rates of convergence of optimization procedures combine well with
the formulation of machine-learning problems as the optimization of a performance metric (7, 8). Machine
learning as a topic of research is at the intersection of computer science, statistics, and several other disciplines
that focus on inference and decision-making under uncertainty, as well as automatic improvement over time.
The study of human learning psychology, evolutionary biology, adaptive control theory, educational methods,
neuroscience, organizational behavior, and economics are examples of related fields.

While there has been more communication between these domains over the last 10 years, we have only
begun to explore the possible synergies and the variety of formalisms and experimental techniques that are
employed in these many fields to research systems that get better with time.

Factors advancing machine learning:

The ability of networked and mobile computer systems to collect and transfer enormous volumes of
data has grown rapidly over the past 10 years; this phenomenon is frequently referred to as "Big Data."
Scientists and engineers who gather these kinds of data have frequently looked to machine learning to find
answers to the challenge of extracting meaningful information, forecasts, and choices from these kinds of data
sets. The sheer volume of data necessitates the development of scalable processes that combine statistical and
computational methods aspects, but the problem is not just in the volume of contemporary data sets but also in
the fact that a large portion of them are granular and customized. Transportable Large volumes of data on
specific people can be collected via devices and embedded computing, and machine learning algorithms can use
this information to tailor their services to the requirements and situations of each unique user. Additionally, by
connecting these customized services, a broader service that leverages the quantity and variety of data from
several users while still being tailored to their specific wants and situations can be created. Many sectors of
business, research, and government have examples of this tendency towards collecting and analyzing vast
amounts of data to boost productivity and services. Historical crime data is used to help assign local police to

3303



Tuijin Jishu/Journal of Propulsion Technology
ISSN: 1001-4055
Vol. 44 No. 6 (2023)

specific locations at specific times; historical traffic data is used to improve traffic control and reduce
congestion; large experimental data sets are captured and curate to accelerate progress in biology, astronomy,
neuroscience, and other data intensive empirical sciences. Historical medical records are used to determine
which patients will respond best to which treatments. It seems like we are only beginning a long-term trend
towards more evidence-based, data-intensive decision-making in many facets of government, business, and
science.

orange O73 =

Fig.1 Machine learning applications Many fields of science and technology are being significantly impacted by
machine learning; recent examples of successful applications include speech and natural language processing
(top left), robotics and autonomous vehicle control (top left), and (bottom), computer vision applications
(middle), and brain research (right). [The panel in the middle is taken from (29). R. Girshick annotated the
images in the bottom panel with object identification; the images are from the ImageNet collection.]

Large-scale data is becoming more and more important in all spheres of human Endeavour, which has
put additional demands on the underlying machine learning algorithms. Large data sets necessitate algorithms
that are computationally tractable, highly personal data demands algorithms that minimize privacy
consequences, and the availability of vast amounts of unlabeled data makes it difficult to create learning
algorithms that can leverage it. The ensuing sections examine the impact of these needs on the latest
advancements in machine-learning algorithms, theory, and application.

Fundamental techniques and current advancements: Supervised learning techniques are the most used
machine-learning approaches (1). Supervised learning systems, such as email spam classifiers, facial recognition
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systems over images, and patient diagnostic systems, all represent the function approximation problem
previously discussed. In these systems, the training data is a set of (x, y) pairs, and the objective is to generate a
prediction y* in response to a query x*. The inputs could be simpler objects like texts, photos, graphs, or DNA
sequences, or they could be more complicated objects like classical vectors. In a similar vein, other varieties of
output y have been investigated.

Many studies have been conducted on problems such as multiclass classification (where y takes on one
of K labels), multilevel classification (where y is labeled simultaneously by several of the K labels), ranking
problems (where y provides a partial order on some set), and general structured prediction problems (where y is
a combinatorial object such as a graph, whose components may be required to satisfy some set of constraints). A
great deal of progress has been made by concentrating on the simple binary classification problem, in which y
takes on one of two values (for example, “spam™ or "not spam"). Part-of-speech tagging, where the objective is
to concurrently label every word in an input phrase x as being a noun, verb, or other part of speech, is an
example of the latter problem. Real-valued components of y or a combination of discrete and real-valued
components are also included in supervised learning scenarios.

The majority of the time, supervised learning systems use a learnt mapping f (x) to generate an output y
(or a probability distribution over y given x) for every input x. There are numerous methods for mapping
functions, such as logistic regression, decision forests, decision trees, support vector machines, neural networks,
kernel machines, and Bayesian classifiers (1). To estimate these various mapping types, a range of learning
algorithms has been presented. Additionally, generic methods like boosting and multiple kernel learning
combine the results of numerous learning algorithms.

Methods for learning f from data frequently draw on concepts from numerical analysis or optimization
theory; advances are driven by the unique nature of machine learning issues, such as the fact that the objective
function or function to be integrated is frequently the sum over a large number of components. The variety of
learning algorithms and architectures reflects the variety of application requirements; different architectures
capture various mathematical structures, provide varying trade-offs between computational complexity, data
volume, and performance, and offer varying degrees of amenability to post-hoc visualization and explanation.
Deep networks, which are multilayer networks of threshold units, each of which computes some basic
parameterized function of its inputs, are one significant area of recent advancements in supervised learning (9,
10). Gradient-based optimization techniques are used by deep learning systems to modify the parameters of such
a multilayered network in response to faults at the output. By utilizing contemporary parallel computing
architectures, like graphics processing units initially designed for video games, deep learning systems with
billions of parameters have been constructed. These systems can be trained using the vast arrays of images,
videos, and speech samples that are accessible on the Internet. Large-scale deep learning systems have produced
significant increases in performance over earlier methods in computer vision (11) and speech recognition (12).
These systems have had a significant impact in these fields in recent years.

Input image Convolutional feature extraction RNN with attention over image Word by word
generation
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A bird flying over a body of water .
Fig. 2. Deep networks automatically generate text labels for photos. A recurrent neural network trained to
produce a written caption (top) uses the output of a convolution neural network taught to understand photos.
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The sequence at the bottom illustrates how the network focused word-by-word on various areas of the input
image to create the caption, word by word. [Reproduced from (30) with permission]

One way to think of deep networks' core layers is as learnt representations of the incoming data. Deep
learning algorithms that find useful representations of the input without the need for labeled training data have
also been developed, even though supervised learning techniques have accounted for a large portion of the
field's practical success in deep learning (13). In machine-learning research, the overall issue is known as
unsupervised learning, or the second paradigm (2).

In general, unsupervised learning entails the examination of unlabeled data while making assumptions
about the data's structural characteristics, such as algebraic, combinatorial, or probabilistic aspects.
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Figure 3. Topic models in A document is seen as a collection of words when using the topic modeling analysis
methodology, and each word is thought to have been produced by an underlying set of subjects (shown by the
colors in the figure). Each document is characterized by a probability distribution over subjects (histogram),
which are topics and probability distributions across words (leftmost column). These allocations are deduced
from examining a set of documents and may be used to categorize, index, and condense the text of those
documents. [From(31). Association for Computing Machinery, Inc. all rights reserved. Reprinted with consent ]

Assuming, for instance, that the data are on a low-dimensional manifold, one can seek to clearly
identify that manifold from the data. Principal components analysis, manifold learning, factor analysis, random
projections, and auto encoders are a few examples of dimension reduction techniques that make various specific
assumptions about the underlying manifold, such as that it is a smooth nonlinear manifold, a collection of sub
manifolds, or a linear subspace. The topic modeling framework shown in Fig. 3 is another illustration of
dimension reduction.

Following the definition of a criterion function that incorporates these presumptions, optimization or
sampling algorithms are created to maximize the criterion. These algorithms frequently make use of general
statistical concepts like maximum likelihood, the technique of moments, or Bayesian integration.

Another way to look about clustering is as the problem of partitioning the observed data (and a rule for
predicting future data) when there aren't any labels explicitly saying which division is intended. Numerous
clustering techniques have been created, all of which are predicated on particular notions about what constitutes
a "cluster." Computational complexity is a major problem in both dimension reduction and clustering because
the idea is to take advantage of the extra huge data sets that become accessible when supervised labels are not
used.

Reinforcement learning is a third major paradigm in machine learning (14, 15). In this instance, the
data found in the training set falls somewhere between supervised and unsupervised learning. The training data
in reinforcement learning are assumed to provide merely a hint as to whether an action is proper or not; if an
action is incorrect, there remains the difficulty of identifying the correct action. This is in contrast to training
examples that show the correct output for a given input. More generally, it is presumed that reward signals in the
context of input sequences refer to the entire sequence; credit or blame for individual actions in the sequence is
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not explicitly given. In fact, while bandit problems—simplified versions of reinforcement learning—are studied,
these problems typically involve a general control-theoretic setting in which the learning task is to learn a
control strategy (a "policy™) for an agent acting in an unknown dynamical environment. The learned strategy is
then trained to choose actions for any given state with the goal of maximizing its expected reward over time.
Over time, there has been a growing connection between control theory and operations research, thanks to the
development of formulations like partially observed Markov decision processes and Markov decision processes
(15, 16). The principles of policy iteration, value iteration, rollouts, and variance reduction are commonly used
in reinforcement-learning algorithms, with modifications made to meet the unique requirements of machine
learning (e.g., large-scale problems, few assumptions about the unknown dynamical environment, and the use of
supervised learning architectures to represent policies). The use of reinforcement learning algorithms to predict
the response of dopaminergic neurons in monkeys learning to associate a stimulus light with a subsequent sugar
reward is one prominent example of the strong connections between decades of work on learning in psychology
and neuroscience (17).

Despite the fact that these three learning paradigms aid in concept organization, a lot of recent research
incorporates combinations of these categories. For instance, discriminative training combines structures created
for unsupervised learning with optimization formulations that employ labels; while semi supervised learning
uses unlabeled data to supplement labeled data in a supervised learning setting. The process of using training
data to choose from a family of models as well as to fit a model is known as model selection. It is important to
note that training data do not always clearly suggest Choosing a model results in the application of Bayesian
optimization techniques and algorithms designed for bandit situations. Engaged education

Emerges when the student is given the option to select data points and ask the instructor for specific
information, like the label of an example that isn't otherwise labeled. The goal of causal modeling is to identify
which variables causally influence other variables, as opposed to just finding predictive relationships between
them (for example, a high white blood cell count can predict the presence of an infection, but the infection is
what causes the high white blood cell count). Across all of these paradigms, a variety of factors affect how
learning algorithms are designed, such as whether data are available in batches or arrive sequentially over time,
how data have been sampled, the need for users to be able to understand the learned models, and robustness
problems that occur when data deviate from pre-existing modeling assumptions.

New developments:

Because machine learning is still relatively new, it is growing quickly, frequently through the creation
of novel formalizations for problems in the area that are motivated by real-world applications. (The creation of
recommendation systems, as shown in Fig. 4, is one example.) Concern for the environment in which machine-
learning algorithms function is one of the main trends propelling this expansion. While a classical machine-
learning system consisted of a single programme running on a single machine, it is now common for machine-
learning systems to be deployed in architectures that include thousands or tens of thousands of processors,
meaning that communication constraints and issues of parallelism and distributed processing take centre stage.
This means that the word "environment" in this context also refers to the computing architecture. In fact, as Fig.
5 illustrates, machine-learning systems are becoming more and more like intricate software suites that operate
on massively parallel and distributed computing platforms, offering data analysts a variety of services and
methods.

The term "environment" can also refer to the data source, which can include a group of individuals who
might be concerned about their privacy or ownership, an analyst or decision-maker who might have specific
needs from a machine-learning system (like that the output be able to be visualized), or the social, legal, or
political context in which the system is being implemented.

Other agents or machine learning systems may also be a part of the environment, and the entire group
of systems may be antagonistic or cooperative. In general, environments give a learning algorithm access to a
variety of resources while imposing limitations on those resources. Researchers in machine learning are
formalizing these relationships more and more in an effort to create algorithms that can be proven to work well
in a variety of settings and that explicitly let users express and manage resource trade-offs.
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As an illustration of resource limitations, consider a scenario in which a group of people who value
their privacy supply the data. The concept of "differential privacy" can be used to formalize privacy. It describes
a probabilistic channel between the data and the outside world such that an observer of the channel's output
cannot conclusively determine whether or not specific individuals have given data (18). Traditionally,
differential privacy has meant ensuring that queries to a privatized database (such as "what is the maximum
balance across a set of accounts?") yield results that are almost identical to those given on the no private data.

In the context of machine learning, recent research has brought differential privacy into contact with
predictions or other inferential claims (e.g., "given the data I've seen so far, what is the probability that a new
transaction is fraudulent?") (19, 20). Users can select a desired level of privacy that considers the types of
questions that will be asked of the data and their own personal utility for the answers by putting the overall
design of a privacy-enhancing machine-learning system within a decision-theoretic framework. For instance, if a
person's genome is being used to determine insurance rates, they might be prepared to disclose the majority of
their genome to further study on a hereditary condition, but they might also demand more strict protections.

<
—
& G2

Figure 4: Systems of recommendations. A machine-learning system that uses data to show connections between
a group of users (people, for example) and a group of goods (products, for example) is called a
recommendation system. When a user and a product are linked, it indicates that the user has expressed interest
in the product in some way, possibly even by making a previous purchase. The challenge for machine learning
is to use the data from all users to recommend other products that a particular user would find interesting.

Another resource that must be controlled within the larger framework of a distributed learning system
is communication. For instance, administrative boundaries or the bulk of the data preventing its consolidation at
a single location may cause it to be dispersed throughout several physical sites. We could want to impose a bit-
rate communication constraint on the machine-learning algorithm in such a scenario. By trading off these
quantities against the amount of data, solving the design problem under such a constraint will typically
demonstrate how the learning system's performance deteriorates under decreases in communication bandwidth.
However, it can also demonstrate how the performance improves as the number of distributed sites (such as
machines or processors) increases (21, 22). This field of study seeks to determine lower constraints on feasible
performance and the particular algorithms that reach those lower bounds, much like in classical information
theory.

3308



Tuijin Jishu/Journal of Propulsion Technology
ISSN: 1001-4055
Vol. 44 No. 6 (2023)

Bringing the types of statistical resources explored in machine learning—such as the quantity of data
points, the dimension of a parameter, and the complexity of a hypothesis class—into touch with the traditional
computational resources of time and space is a primary objective of this overall area of research. A bridge of
this kind can be found in the "probably approximately correct” (PAC) learning paradigm, which examines how
the addition of a polynomial-time computation restriction affects the relationship between error rates, training
data size, and other learning algorithm parameters (3). Recent developments in this field of study include a
number of lower bounds that identify fundamental performance gaps that can be filled by using polynomial- and
exponential-time methods to solve specific machine-learning problems (such as sparse principal components
analysis and sparse regression) (23). However, the trade-offs between time and data at the heart of the issue are
not near the polynomial/exponential limit. Algorithms whose time and space needs are linear or sub linear in the
issue size (number of data points or number of dimensions) are needed for the enormous data sets that are
becoming more and more common. Methods like random projections, algorithm weakening, and sub sampling
are the subject of recent research because they allow for scalability without sacrificing statistical control (24,
25). The ultimate goal is to be able to provide machine-learning systems with budgets for time and space in
addition to accuracy criteria, and have the system locate an operating point that enables the realization of such
needs.
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Figure 5: Stack for data analytics. Distributed and parallel computing platforms serve as the foundation for
layered architectures that support scalable machine learning systems. The architecture shown here, an open-
source data analysis stack created at the University of California, Berkeley's Algorithms, Machines and People
(AMP) Laboratory, consists of three layers: ones that provide distributed storage, data management, and
processing; ones that interface with underlying operating systems; and one that offers fundamental machine-
learning capabilities like streaming, sub sampling, pipelines, graph processing, and model serving.

Possibilities and difficulties:

Even with its applications and business triumphs, machine learning is still a relatively new topic with a
lot of untapped research potential. Comparing the Kinds of learning we see in naturally occurring systems with
the state-of-the-art machine-learning techniques can highlight some of these prospects, Existing systems,
including those involving people and other animals, businesses, economy, and biological evolution. For
instance, whereas the majority of machine learning While humans clearly acquire a wide range of skills and
knowledge through years of varied training experience, both supervised and unsupervised, in a simple-to-more-
difficult sequence (e.g., learning to crawl, then walk, then run), algorithms are designed to learn a single specific
function or data model from a single data source. This has prompted some researchers to start looking into the
issue of how to build computer programmes that are perpetual or never-ending, capable of operating
continuously for years and learning thousands of related skills or functions within an overall architecture that
enhances the system's capacity to learn one skill based on the knowledge of another (26—28). The concept of
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mixed-initiative, team-based learning is also implied by the similarity to natural learning systems. For instance,
people frequently work in teams to collect and analyze data, in contrast to the current machine learning systems
that typically operate in isolation to analyze the given data (e.g., biologists have worked as teams to collect and
analyze genomic data, bringing together diverse experiments and perspectives to make progress on this difficult
problem). Artificial intelligence techniques that can collaborate with humans to analyze large, complex data sets
could combine machine learning's ability to extract minute statistical patterns from large datasets with human
analysis's capacity to draw from a variety of prior knowledge to produce new theories and plausible
explanations. Many theoretical findings in machine learning are applicable to all learning systems, including
natural evolution, animals, organizations, and computer algorithms. As the discipline develops, it's possible that
algorithms and theory related to machine learning may offer more and more models for comprehending learning
in brain systems, organizations, and biological evolution. Additionally, machine learning may gain from
continuing research into these other kinds of learning systems.

Like any potent technology, machine learning poses concerns about what applications society should
support and which to prohibit, as previously noted, the drive in recent years to gather new types of personal data
due to its financial worth raises clear privacy concerns. Another ethical question that is brought up by the
growing value of data is who will control and have access to internet data, as well as who will profit from it.
Nowadays, companies gather a lot of data for targeted purposes that increase revenues; there is little to no
incentive for sharing this data. Nonetheless, if the public could access the data for free, society might gain a
great deal from it, even from already-existing online data.

To demonstrate, let's look at a straightforward example of how society could profit from data that is
currently available online by using it to reduce the likelihood that infectious diseases would cause a global
pandemic. It is possible to combine location data from online sources (such as cell phone location data, credit
card transaction data from retail outlets, and security camera data from public and private buildings) with online
medical data (such as emergency room admissions) to create a simple system that would notify people right
away if someone they were in close contact with the day before was just admitted to the emergency room with
an infectious disease, informing them of the symptoms to watch out for and the precautions they should take.
There is a clear conflict and trade-off between individual privacy and public health in this situation, and society
as a whole must decide how to resolve it. The main take away from this scenario is that, even if the data are
already available online, society does not already have the laws, norms, cultures, or other systems necessary to
allow it to use them for its benefit, should that desire arise.

Despite the fact that these are data about each of us, a large portion of them are actually privately held
and owned. These kinds of factors imply that machine learning will probably rank among the 21st century's
most revolutionary technologies. Even though the future cannot be predicted, society must start thinking about
how to optimize its advantages right away.
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