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AI and Education: 
Grand Challenges

the way educational problems drive AI in education 
(AIED) research to create new learning systems as 
well as the foundational knowledge that will en-
able them to be built. The fi gure also introduces 
the term intelligent tutoring systems (ITS), which 
is generally considered a near synonym of AIED. 
The fi gure shows how we can create AIED/ITS sys-
tems by drawing upon existing AI theories, tools, 
and techniques (represented by the downward arc 
at the lower left, showing pure applied research). 
Equally, the demands of the systems may drive re-
searchers to make advances in fundamental AI, 
as indicated by the upward arc at the lower right, 
representing use-inspired basic research.

AIED research has had a similar relation-
ship to models of human cognition, affect, moti-
vation, and so on. The fi gure shows that these, 
too, can drive fundamental AI research and that 
there is a reciprocal relationship, with fundamen-
tal AI serving to create models that inform under-
standing of cognition. There are additional links 
between models of understanding of human cogni-
tion and AIED systems. Important AIED research 
includes studies of people, to gain understanding 
of what makes for effective learning and teach-
ing. Similarly, the gold standard for evaluation 
of AIED systems measures whether they enhance 
learning outcomes; this can inform models of 
cognition.

This inaugural article in the new AI in Educa-
tion department provides an overview of both 
the classic and emerging architectures for AIED 
systems, pointing to the many aspects of AI that 
play an important role in creating these systems. 
What is AIED? One way to answer this question is 
to look at the key publication venues for the 
AIED research community (http://ijaied.org/about). 

The 15th biennial AI in Education conference 
(AIED) will be held in 2013, and the 11th Intelli-
gent Tutoring Systems conference, which runs in al-
ternate years with AIED, was held earlier this year. 
The International Journal of Artifi cial Intelligence 
in Education began publishing in 1989. Much has 
stayed the same since then in terms of the goals of 
AIED. Of course, with the huge advances in AIED 
and technology, there have also been important 
changes. Figure 2 shows the typical architecture of 
AIED systems, with the key elements in boxes and 
the relevant AI research in unboxed italics.

The boxes with italicized labels were part of 
the vision of the earliest AIED researchers, who 
aimed to create personalized teaching systems. 
They were attempting to enhance learning out-
comes by the huge margins that a highly skilled 
human teacher can achieve in one-to-one teach-
ing, which can raise the performance of the aver-
age 50 percent–achieving student by two sigmas, 
to the levels achieved by the top 5 percent in typi-
cal classrooms.2

This vision had a focus on the solitary learner, 
whereas more recent work takes account of the 
broader learning context, in terms of the other 
people involved and the learning context. Among 
the other people involved are the learners’ parents.

Not all AIED systems have all the elements in 
the fi gure, not even all the italicized ones. How-
ever, one of the most common is the learner 
model, which holds a representation of the learn-
er’s current knowledge, misconceptions, prefer-
ences, goals, and so on. The model needs to rep-
resent those aspects of the learner that will drive 
the whole system, including interpretation of the 
learner ’s actions and the system’s generation of its 
own actions. This is, arguably, the core of AIED/
ITS systems because it enables the system to “care 
precisely” about the learner;3 the model enables 
the system to better understand the learner, and it 
drives teaching personalization. The fi gure shows 
it in bold because its nature has changed.

The educational applications of AI—typical 

of much AI research—are a combination of 

what Pasteur’s Quadrant describes as use-inspired 

basic and pure applied research.1 Figure 1 illustrates 
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Figure 2 shows the learner model 
as closely linked to two other key  
elements: domain expertise and 
teaching expertise. In practice, AIED 
systems need to have a tight coupling  
across these elements: all three need 
to operate together for effective 
teaching. The left side of the figure 
characterizes aspects of AI that are 
important for all three elements, re-
flected in the core topics of recent 
conferences.4,5 For example, one 
strand aims to improve AI theories, 
tools, and techniques for knowledge 
representation, semantic reasoning, 
and reasoning under uncertainty. 
AIED systems need to operate with 
uncertain, inconsistent, and noisy 
sources of information about the 
learner. For example, learners make 
slips as well as guesses that happen 
to be the correct answer. Above all, 
AIED systems are designed to be non-
monotonic; that is, the model is ex-
pected to change as the student learns!

The fourth element of the classic 
AIED systems view is the user inter-
face. This encompasses a very wide 
range of AIED research across per-
ception, interface generation, and in-
telligent immersive environments, as 

Figure 2 indicates. Many AIED re-
searchers strive to create interfaces 
that enhance learning effectiveness 
by making the interaction natu-
ral and compelling. For example, a 
long-term, important strand of AIED  
research has aimed to provide natural- 
language interfaces, calling for natural- 
language understanding and generation  
and, in some cases, speech under-
standing and generation. Recent 
AIED research has made strong con-
tributions to creating interface agents 
in the form of an avatar that provides 
both language, facial expression, and 
an identity associated with aspects 
such as race and gender.6 There 
has also been considerable work 
on creating interfaces that interpret  
the learner’s affective and motiva-
tional state. The figure mentions 
some of the other, diverse interface 
approaches, such as simulations and 
game environments.7

Figure 2’s depiction of an AIED 
architecture shows teaching exper-
tise driving interface actions and in-
terpreting the information from the 
learner, drawing upon the learner 
model and domain expertise. There 
has been a large body of diverse 

AIED research up to now. Impor-
tantly, some strands of work have 
matured to the point where they 
can “move into the wild,” into class-
rooms and widely used online learn-
ing systems. One important develop-
ment has been the establishment of 
systems founded on cognitive theo-
ries, and there has been real progress 
in creating tools that make it easier to 
build upon components of previous 
systems. This is important in giving 
a foundation for exploring new chal-
lenges and for moving towards real-
world deployment. Examples include 
the widely deployed cognitive tutors 
and constraint-based tutors in daily 
use by thousands of students.8,9

The remaining elements of the fig-
ure are not part of the orthodox view 
described so far. Rather, they reflect 
more recent and emerging trends, 
notably the way it treats the learner 
model as more than simply part of 
an AIED system. It can have a direct 
link to an interface as an open learner 
model.10 More than this, it can be a 
first-class citizen and exist indepen-
dently of any single system.11 The fig-
ure also shows that there is a role for 
models of other actors. This is part 

Figure 1. Problem-driven AI research. 
Educational needs drive AIED research, 
which both draws on and contributes  
to AI theories, tools, and techniques.  
A similar synergistic two-way relationship 
holds between AIED and research in 
human cognition with AI.
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Figure 2. Key elements of AI in Education systems. From its foundation, AIED 
research has had four core elements: a model of the learner, domain expertise, 
teaching expertise, and interfaces. Recent research takes a broader view, 
recognizing the importance of other people and rich collections of digital  
learning resources.
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of the task of supporting the individ-
ual learner as part of a broader social 
and learning group, but it involves 
challenges of sharing data. Increas-
ingly large collections of data about 
learners and their learning processes 
create an important and growing role 
for machine learning and data min-
ing, reflected in the emergence of the 
educational data mining community 
(www.educationaldatamining.org) 
with its own annual conference and 
journal.12

The remaining part of the figure 
is the domain resources, which rep-
resent the wealth of learning objects 
and tools available, especially on the 
Web. So, for example, recommender 
technologies can play an important 
role for AIED.13 Broadly, most areas 
of AI research are relevant to and can 
be informed by AIED research.

The importance of AIED research 
has been increasingly recognized, as 
reflected in identified “grand chal-
lenges.” For example, the Comput-
ing Research Association identified 
just five Grand Research Challenges in 
Information Systems (http://archive. 
cra.org/Activities/grand.challenges). 
One of these, A Teacher for Every 
Learner, described the potential for 
computing to transform education, 
enhancing learning outcomes for all 
and transforming the way that peo-
ple learn throughout their lives—the  
Grand Research Challenge aimed to 
provide all learners with learning envi-
ronments that “approach the effective-
ness of a one-on-one human tutor.” The 
challenge proposed specific research 
toward that goal in terms of highly ef-
fective personalized teaching systems, 
simulation-based educational software, 
massive multiplayer online games, col-
laborative authoring, learning in con-
text, and just-in-time learning.

The National Academy of Engi-
neering has identified 14 Grand Chal-
lenges for Engineering, one of which 

is to Advance Personalized Learn-
ing (www.engineeringchallenges.org/
cms/8996/9127.aspx). The challenge 
description points to successful Web-
based personalized learning materials 
and systems, as well as recommender 
systems that help the learner find the 
right materials from the vast array 
available. It points to the potential of 
educational data mining, which can 
exploit the digital traces from digi-
tal learning activities. Like the fig-
ure above, the challenge recognizes 
the two-way link between the human 
brain and learning-systems engineer-
ing, based on neuroscience and medi-
cal measurement technology.

The UK Computing Research Com-
mittee identified nine Grand Chal-
lenges in Computing Research. One, 
Learning for Life, calls for the creation 
of technology that lets each learner 
learn as he or she can and wants to 
do, and that connects the right teach-
ers and learners. This challenge notes 
the need for effectiveness at the levels 
of the individual, groups, and society. 
Unlike the other Grand Challenges,  
this one goes beyond the individual 
learner. Another UK Grand Challenge 
is Memories for Life, recognizing that 
we are defined by our memories. Aug-
mented cognition is linked to a broad 
view of AIED, since our augmented 
memories are critical to lifelong and life-
wide learning. A third challenge, called 
Bringing the Past to Life for the Citizen, 
lays out a bold vision of exciting learn-
ing in history and cultural heritage. In 
all, about half of these Grand Chal-
lenges relate strongly to AIED research.

One last example of such vision-
ary statements comes from the re-
port of the Microsoft Being Human: 
Human-Computer Interaction in the 
Year 2020 forum (http://research.
microsoft.com/en-us/um/cambridge/
projects/hci2020/). The report points 
to a range of aspects of learning, in-
cluding formal learning contexts as 

well as learning with emerging mobile 
and ubiquitous-interaction devices. It 
recognizes the potential importance 
of rich and fine-grained data from the 
learner ’s digital footprints. This can 
change the nature of assessment and 
provide parents with richer under-
standing of a child’s progress. It also 
recognizes the importance of learning 
in relation to lifelong health needs, 
particularly as people age and need to 
take account of challenges to health 
and wellness. Emerging technology 
can capture valuable data about these 
and other aspects of life, but we need 
to enable people to make effective use 
of that information. While this vi-
sion is cast as dealing with human- 
computer interaction, it is replete with 
AI and AIED challenges—which is 
characteristic of the nature of AIED.

AIED has already achieved much. 
At the same time, its progress has high-
lighted the potential to achieve practical 
and profound improvements in educa-
tion. Much work lies ahead in tackling 
the Grand Challenges. We need to both 
exploit and contribute to research in 
cognition and AI to establish validated 
AIED tools and techniques. When we 
have established collections of these, 
it will be feasible, perhaps even easy, 
to build the new elements in the AIED 
architecture and to modify existing el-
ements to tune them to different learn-
ing contexts. The challenges include 
a combination of building intelligent 
systems with empirical studies, both 
in lab and in the wild, to accumulate  
evidence of the learning benefits of 
these tools, techniques, and systems. 
Upcoming articles will address these 
and other emerging issues.
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