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Personalized Education in the AI Era:
What to Expect Next?

Setareh Maghsudi, Andrew Lan, Jie Xu, and Mihaela van der Schaar

Abstract—The objective of personalized learning is
to design an effective knowledge acquisition track that
matches the learner’s strengths and bypasses her weak-
nesses to ultimately meet her desired goal. This concept
emerged several years ago and is being adopted by
a rapidly-growing number of educational institutions
around the globe. In recent years, the boost of artificial
intelligence (AI) and machine learning (ML), together
with the advances in big data analysis, has unfolded
novel perspectives to enhance personalized education in
numerous dimensions. By taking advantage of AI/ML
methods, the educational platform precisely acquires
the student’s characteristics. This is done, in part, by
observing the past experiences as well as analyzing the
available big data through exploring the learners’ fea-
tures and similarities. It can, for example, recommend
the most appropriate content among numerous accessi-
ble ones, advise a well-designed long-term curriculum,
connect appropriate learners by suggestion, accurate
performance evaluation, and the like. Still, several as-
pects of AI-based personalized education remain un-
explored. These include, among others, compensating
for the adverse effects of the absence of peers, creating
and maintaining motivations for learning, increasing
the diversity, removing the biases induced by the data
and algorithms, and the like. In this paper, while
providing a brief review of state-of-the-art research, we
investigate the challenges of AI/ML-based personalized
education, and discuss potential solutions.

Keywords: Artificial intelligence, Learning platform, Ma-
chine learning, Personalized education

I. Introduction
The last decade has witnessed an explosion in the num-

ber of web-based learning systems due to the increasing
demand in higher-level education, the limited number of
teaching personnel, advances in information technology
and artificial intelligence, and, more recently, COVID-
19. In the past few years, to enhance the conventional
classrooms, to bridge the constraints of time and distances,
and to improve fairness by making high-quality education
accessible, most universities have integrated Massive Open
Online Course (MOOC) platforms such as the edX con-
sortium in their education systems. Also, several schools
have added online labs to their structures, where students,
especially those who cannot access physical labs, can
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Fig. 1. The baseline ecosystem of AI-empowered personalized edu-
cation.

perform experiments. Besides, there has been significant
growth in the development of other online educational
tools that simplify learning. These include, for example,
the software for text summarization in different domains,
also to produce questions and tests, followed by evalua-
tion, which can be great assistance not only to students
but also to teachers. Several advantages of these systems
over traditional classroom teaching are: (i) They provide
flexibility to the student in choosing what to learn and
when to learn; (ii) They do not require the presence of
an interactive human teacher; (iii) Often, the capacity in
terms of the number of participants is significantly larger
than the synchronous presence teaching form. Figure
1 shows the baseline ecosystem of online personalized
education, including all the stakeholders, together with the
crucial factors and performance metrics.

However, the currently available online teaching plat-
forms have significant limitations. To a large extent,
personalized education has been mainly diminished to
a specific type of ’recommender system’, although its
potential goes far beyond advising a series of lectures
on an online platform that might be interesting to a
specific user. One fundamental difference between existing
recommender systems and personalized education is the
optimization objective: The former focuses on some form
of user engagement to maximize profit, which is system-
centric and relatively easy to quantify, whereas the latter
focuses on some form of learning outcomes, which is
student-centric and hard to define.

ML/AI-enabled education is a response of great poten-
tial to the current shortcomings. It creates a new and
more flexible learning technology genre that adapts to
student learning and allocates resources as obliged. It
takes advantage of the strengths of both online tools and
individual tutoring. As such, AI-enabled personalized edu-
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cation promises to yield many of the benefits of one-on-one
instruction at a per-student cost similar to large university
lecture classes. The system applies to both online courses
and courses that have a hybrid of classroom and on-
line instruction. As shown in Figure 2, ML/AI-enabled
education comprises of a large set of decision-making
strategies that collectively map the available data together
with the individual features to a variety of personalized
educational materials and recommendations.

Data can be collected on performance in both tra-
ditional assignments (problem sets, computer programs,
laboratory) as well as online exercises and tests. It includes
built-in assessment tools as an essential part of its opti-
mization of lesson sequences. As such, it supports the edu-
cational community in developing new teaching modalities
in a broad range of disciplines. However, despite intensive
research efforts in this decade, a variety of aspects of
personalized education remain unexplored, including both
dark- and bright sides. In this paper, we discuss six core
topics, review existing work, outline their limitations, and
propose future research directions; see Figure 3 for an
overview.

When discussing any form of education, quality is an
inevitable keyword. The quality of education depends
largely on the quality of the available learning content
and the quality of the personalized recommendations that
guide each learner to the most suitable learning content. So
far, the researchers have studied the production of learning
content, from developing AI-driven smart learning content
such as intelligent, interactive textbooks and game-based
learning platforms to automatically generating learning
content from the wild. Reference [1], for example, devel-
ops a sentence deletion method for text simplification.
Besides, in [2], the authors investigate the effectiveness
of discourse in multimedia to extract the knowledge from
the textbooks. Moreover, a large body of the existing work
investigates the recommendation of both macro-level and
micro-level learning content, including courses in learners’
degree plans as well as specific remedial content such as
lecture notes, videos, and practice problems. For example,
in [3], the authors take advantage of a multi-armed bandit
framework to optimize the selection of learning resources
and questions to satisfy the needs of each individual
student. Moreover, another paper develops an e-learning
recommender system framework based on two concepts:
peer learning and social learning, which encourage stu-
dents to cooperate and learn jointly. Despite great efforts,
there remain several challenges to address. These include
content recommendation at heterogeneous levels, the rec-
ommendation of a bundle of connected contents followed
by performance evaluation, and the Pareto-optimization
of conflicting objectives in the content recommendation.
We discuss these progress and the future steps in Section
II.

Historically, education is tightly coupled with evalua-
tion. In personalized education, assessment and evaluation
concern both the learner’s performance and the effective-
ness of the intelligent learning platform. Early approaches

for learner’s assessment such as the ’classical testing the-
ory’ (CTT) use summaries of graded standardized tests.
Recent approaches include ’item response theory’ (IRT)
models that enable the estimation of latent knowledge
mastery levels and knowledge tracing models that pursue
the evolution of a learner’s knowledge. In [4], the authors
compare the CTT and IRT. Methods such as ’comput-
erized adaptive testing’ improve the efficiency of assess-
ments. The current approaches to evaluate the learning
platforms use rigorous experiments, often large-scale ran-
domized controlled trials. In this area, open problems in-
clude the prediction of learners’ future performance, which
enables providing better recommendations and more accu-
rate feedback. This is referred to as the knowledge tracing
(KT) problem, for which several methods are developed
in the past few decades. As an example among many
others, some papers discuss a Bayesian framework for KT.
Another challenge is to reduce the information loss while
grading the arrived input from the learner, by accurate
interpretation of knowledge level based on the test design.
We elaborate and address such challenges in Section III.

The huge advances in science, technology, and health-
care have changed the working life of humans. Individuals
have way more alternatives to choose a job, they tend to
change their job more frequently than before, are more
open to mobility, and the career spans a long period of life.
As such, continuing education, which aims at advancing
one’s educational process, as well as lifelong learning,
i.e., pursuing additional professional qualifications, are
important components of educational policy in the world.
Implementing these two concepts successfully has a sig-
nificant impact on social welfare by developing new skills
that enhance personal- and professional life. During the
past decade, AI-/ML-based personalized education has
been under intensive investigation from several perspec-
tives; nonetheless, the aforementioned aspects are largely
neglected. Indeed, personalized education shall accompany
the learner throughout her life, which can be difficult
and costly to implement. Other challenges include lack
of appropriate data, potentially long delay to feedback,
high diversity, and fast dynamics in the environment.
For example, in [5], the authors design a new genre of
educational technology-personal computer systems- that
support learning from any location throughout a lifetime.
Another research direction is to enable learning system
to learn continuously. Reference [6], e.g., investigates the
ability of neural networks to enable life-long learning. We
elaborate more on this topic in Section IV.

Similar to any other task, humans require motivation for
learning. Generally, incentives for learning can be defined
as an inducement or supplemental reward that serves as a
motivational device for intended learning [7]. Presumably,
the most conventional models of incentive are the ’grade’
and ’certificate’, which are implemented as a part of learn-
ing platforms to motivate the students. The strength of
such motivation depends on the validity and acceptance of
such certificates by different authorities such as employers.
Nonetheless, employing AI methods enables for incentive
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Fig. 2. The basic concept of AI-powered personalized education.

Fig. 3. A list of (some of) the topics in personalized education,
organized by three different aspects: technical, personal, and social.
We focus on six of them in this paper.

design far beyond handing a certificate. This includes, for
example, monetary rewards in the form of bonuses for
online learning materials. The incentives can be induced
also by soft-methods such as gamification based on the
learner’s characters to promote continuous learning, or
adapting the features of the learning environment based
on the learner’s traits to engage her in the learning process
as far as possible. In [8], for example, the authors inves-
tigate the effects of gamification on students’ motivation
from several perspectives. We discuss such challenges and
methods in Section V.

Education is social and learners can extremely bene-
fit from their peers. Therefore, it is urgent to develop
effective ways to build networks that serve as a conduit
of knowledge for learners to interact with each other. In
the current form, personalized education suffers from a
lack of student-student and student-teacher connections
and interactions, which have an unquestionably positive
impact on learning through discussions, joint efforts, and
brainstorming. For example, Reference [9] investigates
and compares the influence of such communities from
both students’- and teachers’ perspectives. As another
example, in state-of-the-art research, the authors study
the building and sustaining community in asynchronous
learning networks, i.e., when the learners are physically
separated. Despite the past research efforts, we believe

that capitalizing on AI and ML methods, online platforms
have more to offer, especially, for building the knowledge-
and expertise networks that facilitate the assimilation and
dissemination of knowledge, and consequently, by enabling
close interactions (in terms of mentorship, friendship,
coworkers, and the like), creating knowledge. Personalized
education platforms can promote autonomous network
formation by encouraging learners to interact. Moreover,
the platforms can establish links among those learners that
satisfy some similarity conditions and hence can be useful
to each other for cooperation, inspiration, and motivation.
Still, it is vital to notice that online contacts can be lost
easily, and the learners, especially at early ages, are more
prone to feeling isolated and depressive. We elaborate on
these issues in Section VI.

In many different ways, education affects the well-being
of humans, and thereby the society, both in the short-
term and long-term. As such, fairness is a highly important
aspect of education, regardless of being in conventional
classrooms form or in modern platforms that can person-
alize the learning experience. Despite this great impor-
tance, personalized education, similar to its traditional
counterpart, might result in- and strengthen inequality.
This arises, for example, due to unequal access to the
learning platforms, biases in training data, inaccuracy in
algorithm design, and the like. Indeed, existing research
shows that some subgroups of students, mainly those
privileged also in conventional education forms, would
profit from personalized education more than their peers.
To address such issue more religiously, there has been
intensive effort to develop appropriate fairness models
[10]. Moreover, several research works study the fairness
of predictive algorithms in educational settings. Another
crucial issue is ’diversity’. Today, it is well-established that
diversity promotes innovation and efficiency in the work-
ing place. Nonetheless, given the social-responsibility of
education, only recruiting diverse talents does not suffice.
AI-based personalized education platform can be a boost
to diversify the education environment, for example, by
rewarding collaborative learning in diverse networks. We
discuss these topics in Section VII.

II. Content Production and Recommendation
The quality of education ultimately depends on the

quality of the learning content. Creating new content
requires the wisdom of human content designers and ed-
ucational experts; to date, AIs have not shown the capa-
bility of creating learning content on their own. However,
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they still have plenty to offer in content production by
automating mundane jobs and helping humans in tasks
where human input is necessary. Specifically, the role of
AI should be to i) take away repetitive tasks that can be
automated and ii) assist humans by providing feedback
extracted from data during the process of content pro-
duction in a human-in-the-loop manner. There are ample
future research directions in content production; we list a
few below.

• Content summarization and question gener-
ation: In many educational domains, knowledge is
factual. For example, in History, one often needs
to remember specific detailed facts about historical
events. Even in scientific domains such as Biology,
there is also factual knowledge such as the size and
life span of an animal. In this case, there are many
natural language processing (NLP)-based tools that
can be used for content production. For example,
text summarization tools can sort through long, some-
times redundant textbook sections and extract key
facts for remedial studies. This is not only helpful
but also sometimes crucial to certain learner groups,
such as those with learning disabilities. Moreover,
automatic question generation can effectively produce
high-quality factual assessment questions that have
short, textual answers [11]. An example of automated
question generation is shown in Table I; we reversed
a long short-term memory (LSTM) network-driven
question answering pipeline trained on common ques-
tion answering datasets, turned it into a question gen-
eration pipeline, and applied it to textbooks. Human
experts have indicated that the quality of generated
questions is higher than that generated by other
methods. See [11] for details.

• Multi-modal content understanding: Many ed-
ucational domains involve multi-modal learning con-
tent, such as text, formulas, figures, and diagrams.
When a learner fails to answer an assessment ques-
tion correctly, personalized education systems need
to automatically retrieve relevant content to help the
learner resolve their confusion (by retrieving examples
and explanations) or give the learner more practice
opportunities (by retrieving assessment questions).
Retrieving content within the same modal is relatively
easy; for example, when a learner answers a textual
question incorrectly, it is possible to use information
retrieval methods to extract relevant textbook chunks
or lecture slides. However, when the most helpful con-
tent is in another modality, for example, when a Venn
diagram is the most effective at helping a learner clear
up a misconception in a probability question involving
text and mathematical formulas, it is hard to retrieve
the diagram. Therefore, more work needs to be done
when the domain includes multi-modal content; To
understand these content modalities and use them
for content production, we need to learn universal
representations across all modalities, possibly using

embedding approaches to map multiple modalities
into a shared vector space.

• Human-in-the-loop content design: Even for hu-
mans, learning content is not created in one shot;
just like textbooks have different editions, learning
content is frequently edited and updated over time.
Therefore, during this multi-step process, we can use
AIs to act as (possibly even interactive) assistants
to content designers. Duties that can be assigned to
AIs include i) Analyzing learners’ data to identify
the areas of priority for new content and assessment
questions that need to be improved (see Section III
for discussions on how existing learner assessment
models can also provide information on question
quality); ii) Providing drafts of instructor responses
and perform automated checking of human-generated
content using NLP tools; iii) Using crowdsourcing to
put the learning content together by soliciting on-
demand feedback. The last task is especially impor-
tant in online educational settings, where learning
follows during frequent exchanges between learners
and human instructors and assistants [12].

Even with high-quality learning content, the presenta-
tion, i.e, the personalized recommendation of the right
learning content to the right learner at the right time
is crucial to optimize the learning outcomes. Fortunately,
this is an area where AIs can excel at: By automatically
deploying recommendations and analyzing the data of
learners’ performance, they can quantify the effect of
learning content on certain learners in terms of specific
learning outcomes to detect the most effective ones. On the
contrary, humans, even educational experts in the past,
use theoretical models of learning and do not fully take
advantage of this data. Among several directions for future
research in this area, we discuss a few in the following.

• Recommendations at the microscopic and
macroscopic levels: Learning content is organized
at multiple levels, down to individual paragraphs
and assessment questions, and up to courses and
textbooks that organize several pieces of learning
content together. Therefore, we need to study content
recommendations at multiple levels: (i) microscopic
level such as individual questions and lecture video
suggestions [13]; and (ii) macroscopic level such as
course recommendation, especially for learners taking
massive open online courses (MOOCs) [14].

• Efficient experimentation and synthetic learner
models: Traditionally, the fields of learning science
and education have relied on rigorous A/B testing to
validate the educational impact of learning content,
usually in terms of its ability to improve learning
outcomes for learners in the experimental group over
those in the control group. However, this approach
leads to long experimental cycles since i) one can
typically validate only one learning content at a time,
and ii) metrics such as long-term learning outcomes
naturally require long experimental cycles. Therefore,
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Context (Biology) : On each chromosome, there are thousands of genes that are responsible for determining the genotype
and phenotype of the individual. A gene is de�ned as a sequence of DNA that codes for a functional product. The human
haploid genome contains 3 billion base pairs and has between 20,000 and 25,000 functional genes.

3 billion base pairs between 20,000 and 25,000

How many base pairs are on the human genome? How many functional genes are on the human haploid
genome?

TABLE I
Example of two automatically generated assessment questions for two different answers with the same input context

from a textbook. The answers are underlined and marked with different colors in the input context.

it is imperative to search for novel tools that enable
rapid experimentation. Possible solutions include us-
ing Bayesian optimization to test multiple contents si-
multaneously, or utilizing reinforcement learning (RL)
as more and more learners use a piece of learning
content. In the past, using RL to learn instructional
policies (content recommendation can be viewed as
a form of the instructional policy) has been limited
due to the lack of large-scale real learner data; how-
ever, recent approaches have looked at using data-
or cognitive theory-driven synthetic learner models to
simulate learner data.

� Con
icting objectives: There is no uni�ed ob-
jective in personalized learning since learning out-
comes itself is de�ned at multiple timescales. The
optimal action may di�er across di�erent objectives.
For example, the learning content used in a practice
session that maximizes a learner's performance on
the midterm exam tomorrow may di�er from the one
that maximizes their overall course grade, which may
di�er from the one that maximizes their chance of
getting a speci�c job after graduation. Therefore, We
need to develop personalization algorithms that can
balance multiple objectives and even resolve potential
con
icts among these objectives. We also need to
understand how these objectives interact with each
other; for example, what skills taught in courses
and schools carry over after graduation, which is a
key issue in lifelong learning (discussed in detail in
Section IV).

Figure 4 shows the interplay between di�erent elements,
such as context, prediction, feedback, and the like, to
optimize the course recommendation. It is worth noting
that the approaches described above are generic in the
sense that they have wide applicability to di�erent edu-
cational areas including signal processing, possibly with
minor domain-dependent adaptations. As an example, in
[15], the authors apply several of the aforementioned ideas
to developeTutor, a personalized web-based education sys-
tem that learns the optimal sequence of teaching materials
to show based on the student's context and feedback about
the previously shown teaching materials. In an experiment,
they apply the eTutor system in the following scenario:
The students have studied digital signal processing in
the past. The role of eTutor is to recommend learning
materials to the students with the goal of refreshing their

Fig. 4. A detailed framework for course recommendation.

minds about discrete Fourier transform in the minimum
amount of time. The e-tutor shows better performance
compared to a random- and a �xed-selection rule.

III. Assessment and Evaluation

A key problem in learner assessment is to estimate how
well they master each knowledge component/concept/skill
from their responses to assessment questions. Related
works can be broadly classi�ed into two categories: i)static
models that analyze the generated data as learners take
an assessment and thereby assuming that each learner's
knowledge remains constant during the assessment, and ii)
dynamic models that track learners' progress throughout
a (possibly long) period as their knowledge levels evolve.
Below we provide a short overview of each category.

� Static models- Item response theory (IRT): The
basic 1PL IRT model characterizes the probability
that a learner answers a question correctly as

P(yi;j = 1) = � (aj � di );

where yi;j denotes the binary-valued graded response
of learner j to question i , where 1 implies a correct
response and 0 otherwise. Moreover,aj 2 R and
di 2 R are scalars that correspond to the learner's
ability and the question's di�culty, respectively. Also,
� (�) is a link function that is usually the sigmoid
function or the inverse probit link function. Later
extensions include 2PL IRT models that add another
multiplicative scaling parameter. This parameter cor-
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