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Abstract This paper discusses the use of natural language or ‘conversational’
agents in e-learning environments. We describe and contrast the various applica-
tions of conversational agent technology represented in the e-learning literature,
including tutors, learning companions, language practice and systems to encour-
age reflection. We offer two more detailed examples of conversational agents, one
which provides learning support, and the other support for self-assessment. Issues
and challenges for developers of conversational agent systems for e-learning are
identified and discussed.

1 Introduction

This paper provides an overview of the use of natural language or ‘conversational’
agents in educational systems. With the growing maturity of conversational tech-
nologies, the possibilities for integrating conversation and discourse in e-learning
are receiving greater attention in both research and commercial settings. Conver-
sational agents have been produced to meet a wide range of applications, includ-
ing tutoring (e.g. [11,[2],[3]), question-answering (e.g. [4],[5],[6]), conversation
practice for language learners, (e.g. [7],[8]), pedagogical agents and learning com-
panions (e.g. [9],[10],[11],[12]), and dialogues to promote reflection and meta-
cognitive skills (e.g. [13],[14]). Conversational agents build on traditional educa-
tion systems, providing a natural and practical interface for the learner. They are
capable of offering bespoke support for each individual, and to recognise and
build upon the strengths, interests and abilities of individuals in order to foster en-
gaged and independent learners.
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The paper has four further parts. Section two introduces conversational agents
and their use in e-learning systems, describing and contrasting their various appli-
cations. Using these examples, we then consider the evidence for the value of us-
ing conversational agents in educational technology in section three. Section four
introduces two extended examples of conversational agents in e-learning, and dis-
cusses their aims and development, before we identify and discuss issues for con-
sideration by developers of conversational agents in educational systems in section
five.

2 Conversational Agents in E-Learning

This section examines the literature from the artificial intelligence in education,
intelligent tutoring systems and associated educational technology and e-learning
fields, revealing a substantial research and development effort focussed on the ap-
plication of conversational agents in educational software. We describe some of
the key examples below and consider the strengths of natural language supported
systems in section 3.

The design, implementation and strategies of conversational systems employed
in e-learning varies widely, reflecting the diverse nature of the evolving conversa-
tional agent technologies. The conversations are generally mediated through sim-
ple text based forms (e.g. [2]), with users typing responses and questions at a key-
board. Some systems use embodied conversational agents (e.g. [1]) capable of
displaying emotion and gesture, whereas others will use a simpler avatar (e.g.
[14]). Voice output, using text to speech synthesis is used in some systems (e.g.
[1]), and speech input systems are increasingly viable (e.g. [15]).

One of the most substantially investigated areas for the use of natural language
dialogue in e-learning has been in providing tutoring. The AutoTutor project [1] is
a notable example of this, providing tutorial dialogues on subjects including uni-
versity level computer literacy and physics. The tutoring tactics employed by Au-
toTutor assist students in actively constructing knowledge, and are based on ex-
tensive analysis of naturalistic tutoring sessions by human tutors. The technology
behind the system includes the use of a dialogue manager, curriculum scripts and
latent semantic analysis. This system has been demonstrated to give a grade im-
provement of .5 to .6 SD units when compared to control conditions for gains in
learning and memory.

Another tutoring system employing dialogue is Ms Lindquist [2], which offers
‘coached practice’ to high school students in algebra by scaffolding ‘learning by
doing’ rather than offering explicit instruction. Early work with the system found
that students using Ms Lindquist did fewer problems, but that they learned equally
well or better than students who were simply told the answer. The results also
suggested that the dialogue was beneficial in maintaining student motivation. The
authors concluded that Ms Lindquist was a ‘Less is More’ approach, where learn-



ers tackled fewer problems, but learnt more per problem when they were engaged
in an intelligent dialogue [2].

A final example of natural language tutoring is the Geometry Explanation Tu-
tor [3] where students explain their answers to geometry problems in their own
words. The system uses a knowledge-based approach to recognize explanations as
correct or partially correct, and a statistical text classifier when the knowledge-
based method fails. Studies with the Geometry Explanation Tutor [16] found that
students who explain in a dialogue learn better to provide general explanations for
problem-solving steps (in terms of geometry theorems and definitions) than those
who explain by means of a menu.

The second major grouping we identify is that of pedagogical agents and learn-
ing companions. Learning companions are simulated characters that act as a com-
panion to the student, and take a non-authoritative role in a social learning envi-
ronment [17]. In general, a pedagogical agent will be a more authoritative teacher
[17]. These agents, which may employ gesture, synthesised speech and emotional
facial displays, have been investigated in domains ranging from helping children
to learn plant biology [9] through to continuing medical education [10] and naval
training [18]. Research into the roles which may be played by a pedagogical agent
or learning companion has investigated agents as mentors, peers, experts or in-
structors [11]. In some systems the student must teach the agent [19], or interact
with agent peers or co-learners [12], who may even include trouble makers in-
tended to provoke cognitive dissonance to prompt learning [20]. Researchers have
also investigated user preferences for level of agent expertise. Findings suggest
that in general, similarities in competency between an agent and learner have posi-
tive impacts on learners’ affective attainments, such that academically strong stu-
dents showed higher self-efficacy beliefs in a task after working with a high-
competency agent, while academically weak students showed higher self-efficacy
after working with a low-competency agent [21].

Other research has examined the provision of conversational agents for ques-
tion and answer. For example, TutorBot [4] simulates a didactic tutor and allows
the user to retrieve information from a knowledge source using natural language in
a question/answer schema. Other question-answering systems have included a stu-
dent discussion board [5] where the conversational agent mines a corpus to re-
trieve an answer based on cosine similarities between the query post and the cor-
pus passages, and the Intelligent Verilog Compiler Project [6] which allows
learners to ask questions in English that query the same ontology as is used to
provide the system's 'help' texts. This style of use most closely mirrors the most
common use in commercial environments where conversational agents are used
for information retrieval (see [22] for examples).

Conversational agent systems have been proposed to offer conversation prac-
tice for language learners. Jia [23] found that users were dissatisfied with the res-
ponses provided by a basic ALICEbot (www.alicebot.org) implementation, and
the pattern-matching mechanism was deemed insufficient for use as a foreign lan-
guage practice environment. In contrast, Jabberwacky [7]



(www.jabberwacky.com) uses a very different technology to ALICEbots, learning
from all its previous conversations. It has been suggested for providing language
practice; Fryer and Carpenter note that agents are willing to repeat the same ma-
terial as often as students require. They also argue that chatbots give students the
opportunity to use varying language structures and vocabulary (for example slang
and taboo words) which they may otherwise get little chance to experience [7].
Chatbots trained on a corpus have been proposed to allow conversation practice on
specific domains [8]. This may be restrictive as the system can then only ‘talk’ on
the domain of the training corpus, but the method may be useful as a tool for lan-
guages which are unknown to developers or where there is a shortage of existing
tools in the corpus language [8]. The chatbots may also be augmented with non-
corpus content.

Finally, we note the use of dialogue as a prompt for reflection. Grigoriadou et
al. [13] describe a system where the learner reads a text about a historical event
before stating their position about the significance of an issue and their justifica-
tion of this opinion. Answers are classified as scientific, towards-scientific or non-
scientific, and a dialogue generator produces "appropriate reflective diagnostic
and learning dialogue for the learner". CALMsystem [14] promotes reflection of a
different kind. Users answer questions on the domain, and state their confidence in
their ability to answer correctly. The system infers a knowledge level for the stu-
dent based on their answers, and encourages the learner to engage in a dialogue to
reflect on their self-assessment and any differences between their belief and that of
the system about their knowledge levels. Studies have shown this dialogue im-
proved self-assessment accuracy significantly more than reflection based only on
visual inspection of the system and learner beliefs [24].

This section has demonstrated the wide variety in conversational systems in e-
learning. Implementations may employ full embodied conversational agents with
emotion or gesture display, synthetic voice output, simple text-based output, di-
alogue with an accompanying avatar, and many variants or combinations of these.
Developers have integrated conversational capabilities into systems for a range of
reasons. We now discuss some of these motivations and benefits.

3  Motivations for Using Natural Language in E-Learning

As shown in section 2, conversational agents may offer improvements in grades or
other measurable learning gains. AutoTutor [1] was able to demonstrate improve-
ment better than an (untrained) human tutor, while Ms Lindquist [2] showed effi-
ciency benefits as users learnt more from fewer exercises. Motivation and user en-
gagement enhancements have also been frequently noted (e.g. [2], [11], [7]). In
some cases motivation may be actively supported through deliberate motivational
tutoring techniques; in others it may be a useful by-product of exposure to a novel
technique. If motivational benefits are to be retained, then this novelty cannot be



relied upon, and further research into deliberate scaffolding of affect may be re-
quired.

A key feature of conversational agents in e-learning is the use of a natural
communication method; dialogue is a medium through which nearly all learners
are familiar with expressing themselves. Proponents of using natural language in
educational (and other) interfaces argue that the use of normal communicative be-
haviour allows users’ cognitive resources to be spent on the learning task, rather
than stretched by application in the communication medium [25]. Computer lite-
racy, and familiarity with online chatting media, is becoming ubiquitous and a
greater number of users are expected to find conversing with their e-learning tool
a feasible option.

Systems may include an escalation mechanism, allowing conversations meeting
certain criteria (for example, causes for concern) to be forwarded by email or SMS
to teachers, either in real time, or in later summaries (e.g. in TeachBot, section 4).
This allows teachers to offer further support where weaknesses are identified, and
illustrates the power of using conversational systems in parallel with existing
teaching methods.

Social learning enables students to interact with other people, such as teachers
or fellow students (real or computer-simulated), during learning activities [17].
There may be possibilities to integrate conversational agent systems in Learning
2.0 communities, as assistants, moderators, guides or as virtual peers within the
community. Dialogue and anthropomorphic characteristics of pedagogical and
conversational agents may help support the social dimension of e-learning activi-
ties, and the social context has been argued to catalyze the cultivation of, and mo-
tivation for, knowledge [17].

Conversational agents may also support learning reinforcement in a particular
activity — rather than or in addition to teaching new concepts. TeachBot (see sec-
tion 4) helps students while undertaking classroom tasks or homework, with users
carrying out elements of work (e.g. planning, note-making, drafting) alone, and
then returning to the bot at intervals to receive further support. In combination
with the provision of PDAs to individual learners, this approach allows learners to
have a personalised supporter constantly beside them at their desk.

Natural language e-learning further offers learning reinforcement where it is
used to encourage users to review self-assessments of their ability to tackle ques-
tions on a given topic [14]. It can help students review their actual knowledge, ex-
plaining and defending their understanding. These prompts to students to consider
their understanding allow learning in previous contexts to be reinforced by the
conversational interaction. Formative or summative assessments may also be de-
rived from conversational agent dialogues, and may be used to deliver feedback to
either students or teachers.



4 Examples

This section details two examples, selected to illustrate different uses of conversa-
tional agents in e-learning and blended learning. Both are built using the Lingubot
[22] technology, but the aims and designs of the systems are very different. The
first example (CALMsystem) is for a specific (and novel) use: the conversational
agent offers students the opportunity to engage in negotiation, as an adjunct to a
wider open learner model system. In contrast to this, the conversational agent in
the second example (TeachBot) provides the principal interface for a range of
learning support functions. Rather than focussing on tutoring or providing a spe-
cific learning task in itself, it helps students with their existing class or homework
tasks.

Our first example is CALMsystem - the Conversational Agent for Learner
Modelling. CALMsystem provides a browser-based environment which allows
learners to view the learner model (the representation of their understanding of
various topics traditionally used by an intelligent tutoring system to adapt to the
learner’s needs), created as they answer questions within the system. Whenever
the learner answers questions they are required to state their confidence in their
ability to answer questions on that topic, thereby creating a model of their own
self-assessments for the topics which is held in parallel with the system's infe-
rences about their knowledge. The opportunity to view their learner model in this
way is intended to encourage self-directed learning, and the development of meta-
cognitive skills.

The conversational agent offers learners an opportunity to discuss their learner
model through a natural language interface. They are encouraged to discuss any
differences between their own and the system's assessments of their knowledge,
and to negotiate changes to the model through a range of strategies including ac-
cepting the system's recommended knowledge level, asking the system to explain
or justify its beliefs, asking for further information from the model, attempting to
reach a compromise with the system about their abilities, or answering further test
questions in order to justify their own belief and provide additional evidence to the
system. Negotiated learner modelling systems have previously been developed
which utilised menu-selection [26] or conceptual graphs [27] to facilitate this ne-
gotiation. Laboratory trials of these systems suggested potential for engaging
learner reflection, but the negotiation methods may have been restrictive or unna-
tural to users. CALMsystem proposes that offering negotiation (a new direction
for conversational agents) via natural language conversation will be more flexible,
naturalistic and intuitive for learners. Investigations have also indicated the benefit
of allowing learners to have limited conversations which are not on-topic, i.e.
‘smalltalk’. This appears to be valuable in helping users to engage and develop
rapport with the agent [28].
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Figure 1 CALMsystem interface showing conversational agent in parallel with a browser display

The browser-based environment of CALMsystem operates independently of
any intelligent tutoring system, thereby allowing access to users from a variety of
platforms. It does not intend to be a teaching system, instead focussing on the ben-
efits that arise from encouraging users to develop their metacognitive skills, im-
prove their self assessment, and to develop as independent learners who can plan
where they need to target their study. Studies with 55 UK Primary school children
(aged 8-11) have found that children who interacted with CALMsystem including
the conversational agent improved the accuracy of their self-assessments, and re-
duced the discrepancy between their own and the system assessments significantly
more than children who used the environment without support from the conversa-
tional agent [14],[24].

The second example is TeachBot, a family of intelligent personalised learner
support systems being developed by Elzware Ltd, in conjunction with Bristol
(UK) City Learning Centres. TeachBots are designed for use by individual stu-
dents to consolidate their knowledge of a subject and to act as a helper, providing
advice in approaching and completing tasks such as writing an essay or designing
a piece of furniture. In this way, TeachBot combines functions usually seen dis-
cretely in other conversational agents, such as tutored support by breaking ques-
tions into sub-questions (e.g. [2]), encouraging students to explain concepts in
their own words (e.g. [3]), offering question-answering (e.g. [6]) and the social
support of a learning companion (e.g. [17]).

TeachBot agents can be customised to provide support across a range of sub-
jects, with previous versions supporting A-level (aged 16 - 18) Design and Tech-
nology students. The more advanced TeachBot implementation currently under-
going trials in Bristol schools has been developed to support Year 9 and 10



students (aged 13-15) studying for their GCSE in English Language. In addition to
running on standard PCs, TeachBot has been developed for use on 3G connected
handheld devices, providing readily accessible support to students both within and
beyond the classroom.

The principal TeachBot interface, for user input and delivering material, is pro-
vided by the conversational agent, based, like the CALMsystem chatbot, on Lin-
gubot technology. This is supplemented by a reactive avatar, showing emotions
appropriate to the current conversation, and by access to a list of Frequently Asked
Questions (FAQs) (see Figure 2).

Once logged in, the system guides the user through the appropriate aspects of
their task, offering advice and challenging the user to consider different options
and approaches. The notable difference between this and tutoring systems (e.g.
[11,[2],[3]) that provide the learning objective and task or exercise is that Teach-
Bot supports the user in their current activity from outside the system. For exam-
ple, it may guide a student through critiquing the choice of materials in a design
project, or assist in planning or structuring a piece of written work. The system
modifies its level of response and advice based on the progress of the student
through the discussion and on their ability to demonstrate understanding of an
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C. A group of words that make sense before you need to
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Stuck? Try asking me one of
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What is a Compound Sentence?
What is voice?

What about Informal?
What about Formal?

What about Form?

What is an Ellipsis?

What about Editing?

What about Dialect?

What are Dashes good for?
What is a Connective?
What is a Key Word?

What is a Conclusion?

Figure 2 TeachBot Interface



Building on the native functionality of the Lingubot system, the system pro-
vides extensive logging and analysis capabilities. This allows the learner’s
progress to be monitored, through analysing their responses and their path through
the various building blocks in which the subject matter is organised. Students are
able to direct the TeachBot to the area where they want support — if this is in the
middle of a topic discussion then their current state is recorded to enable them to
return subsequently. The TeachBot can guide students to identified areas of weak-
ness, but it will not prevent them from revising a topic at which they have already
shown themselves proficient, if the student wishes.

Finally, the system includes feedback to teachers on the progress of students,
both individually and as a group. It can also offer real-time alerts to a teacher via
SMS or email, allowing the teacher to provide additional support where necessary.

The English TeachBot system has recently successfully completed trials in sec-
ondary schools in Bristol. Some seventy Year 9 (aged 13-14) students used
TeachBot to support them while they undertook a non-fiction writing task. In post
trial questionnaires, students reported that the system was helpful, easy to use, and
fun. Teachers reported a much greater degree of engagement with the tasks than
they would have expected, and that it had built confidence in the students, remind-
ing them of material that they had been taught and helping them to apply it. The
system is currently undergoing further developments to expand the content and
improve performance, prior to large scale trials aimed at assessing the learning
gain achieved through using the system.

5 Questions Facing Conversational Agent Developers

There are a wide range of issues and challenges faced by developers and research-
ers using conversational agents in e-learning systems. Section 5.1 considers the
conversation process itself, raising issues of conversation scope, control and struc-
ture. Section 5.2 addresses selected technical issues relating to the implementation
of conversational technology, which can have far reaching effects on system archi-
tecture.

5.1 Conversational Process — Scope, Control and Structure

What is the conversational agent going to offer; what is its scope? The scope
has substantial implications on system design. While conversational agents have
demonstrated e-learning benefits, decisions must be taken about the role of the
agent (is it a peer, instructor, motivator, critic?) and about its level of expertise. It
must be established what the conversational agent will provide — tutoring, discus-
sion, negotiation, information presentation, answering help queries, companion-
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ship, or another function? This establishing of agent purpose informs further de-
sign, including:

Who controls the direction of the interaction - user or conversational agent?
This question relates to conversation interaction, including initiative (can both the
user and the agent introduce conversation topics?), and direction of information
flow (does the system present content regardless of user input, or do user inputs
influence the outputs of the conversational agent?). For example, a system de-
signed as an interface to an FAQ system may be largely information presentation
(based on user requests), while a design allowing greater user proactivity will be
more complex in order to ensure that these inputs can be dealt with appropriately.
Agent proactivity may also necessitate access to external systems’ data if this is to
be incorporated in the conversational agent’s utterances. If the conversational
agent is to be proactive in initiating conversation, then this may need to be con-
strained to certain circumstances, for example when the user is not busy elsewhere
in the system.

What freedoms do users have through the interface; what must you prevent?
In the case of the learner model described in section 4, the intention is that user
responses may lead to modifying data held in the learner model. In the case of an
FAQ system, you would not expect user inputs to affect either the system’s con-
versational knowledge base, or its external FAQ structure. More complex might
be a system where the user is allowed to make some modifications, but not others,
or perhaps may only make changes in certain circumstances, again demonstrated
in section 4.

Do you need to structure the paths along which learners may proceed? This
relates to the purpose of the system. Are users expected to focus on a particular
task (and perhaps be prevented from straying), or are they intended to explore the
conversational dimensions as they choose? In a very focused task user inputs may
need to be closely guided, for example by the use of modal dialogue boxes or re-
stricted multiple choice options. Some systems value allowing the learner to de-
velop a social interaction with the conversational agent, and so may allow some
off-topic chat. The examples in section 4 support this ‘smalltalk’ capability to as-
sist in building rapport with the conversational agent, but employ counters to en-
sure that the user does not remain in smalltalk for too long before being guided
back to the learning task.

What will users say? This relates to the knowledge elicitation which may be re-
quired early in development, soon after the scope of the conversational agent is
determined. While dialogue systems must be able to handle unexpected inputs,
understanding what inputs are expected is crucial. Indications of likely content
may be provided by techniques such as Wizard-of-Oz studies (where a human
‘wizard’ simulates part of the behaviour of a final system), by analysis of existing
FAQ and help files, or through early prototyping with representative users.

How do you handle unexpected responses elegantly? All natural language sys-
tems will face unexpected inputs at some point, either through the user employing
language that hadn’t been anticipated, or through typing, spelling or grammatical
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errors. A certain amount of tolerance to errors can be achieved through simple
techniques such as spell checking, but a strategy is required to ensure that users
receive suitable responses, even if their input was not successfully or completely
parsed. At a basic level this could be by asking the user to correct or re-enter their
input, possibly telling the user which part of their utterance was understood, and
requesting that they rephrase the unrecognized element. [26] employs a more
complex solution, which specifically asks the user to define unknown concepts be-
fore adding them to its knowledge base and mapping their semantic relation to ex-
isting concepts. Underpinning these techniques, most systems employ a simple
“safety net”, which catches errors not handled by other techniques and produces a
response that ensures that the conversation proceeds.

How do you handle synonymous expressions? Just as there will always be un-
expected inputs, even expected responses predicted by developers may be ex-
pressed in multiple ways. Simple pattern matching is unlikely to be sufficient for a
robust conversational system, as it could result in phrases going unrecognised
while synonyms are successfully handled. Similarly, a statement may be made
with alternative grammar or voices, and each should be recognised. In addition to
synonyms, local argots and Internet or text slang may need to be incorporated; the
prevalence of this in Internet chat may influence the language used by learners in a
conversational learning scenario.

5.2 Technical Issues — Implementation

What approach to natural language understanding should you adopt? There
are a range of Natural Language Understanding (NLU) techniques that can be ap-
plied in the development of conversational agents. They can be categorised into
two main groups: word/phrase matching and softer statistical techniques.
Word/phrase matching techniques, as used in the example systems above, attempt
to match the user’s input with specific words or phrases, in order to categorise a
user’s response. Practical systems, such as those based on AIML
(www.alicebot.org) offer the ability to encode synonyms, to offer flexibility in ex-
pected responses. More capable systems (including Lingubot) offer powerful ma-
cro capabilities that allow input recognition based on arbitrarily complex sentence
structures as well as the constituent words and synonyms. The challenge of estab-
lishing a wide and rich enough set of recognitions to cope with the potential range
of user inputs (and expected misspellings) should not be underestimated. For ex-
ample in CALMsystem, the recognition for “belief” includes over 100 alternative
words and phrases. This task is simplified to some extent through the use of pre-
defined word lists available in some packages, but even these need to be checked
and amended to support the specialist use of language in the subject domain.
Statistical NLU techniques generally rely on an analysis of word frequency and
associations across a wide corpus of appropriate texts. Latent Semantic Analysis
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(which is used, for instance, in AutoTutor [1]) is a typical example of this type of
approach, and can provide an estimate of similarity between text fragments. This
in turn allows user inputs to be matched to expected inputs, and appropriate res-
ponses generated. Such techniques can be very powerful, but their development
and application is more complex than a typical word matching based approach.
How do you select software to implement your selected NLU technique?
Once an NLU approach has been selected, a further decision has to be made re-
garding the software to be used. For word based approaches, both open source
and commercial solutions are available. A notable example of open source natural
language recognition software is the successful ALICEbot family of systems.
ALICEbot implementations are available in a range of programming languages,
and are based on a based on AIML, an XML compliant language for programming
responses and recognitions. AIML includes extensions allowing the software to
invoke calls to other systems, extending the capability of the system beyond sim-
ple recognition and response behaviour, and allowing more complex behaviour,
including the querying of databases or additional forms of language processing.
Commercial natural language engines (such as Lingubot) offer the developer a
pre-developed NLU toolset and generally provide a wider range of facilities (such
as logging and conversation analysis), as well as product support. As an alterna-
tive to these solutions, developers may wish to code their own systems.

How much testing will be required? Conversational interfaces often require
considerable testing and iteration cycles before they can be considered to be ma-
ture enough for unsupervised use [29]. Commercial systems often undergo over
two thousand conversations, and associated updates and corrections, before reach-
ing a fully operational state. This testing can have a significant effect on project
timescales.

6 Summary

This paper has explored the variety of conversational agent applications and tech-
niques in the e-learning literature, identifying a variety of agent purposes and
strategies including tutoring, language practice, learning companions, pedagogical
agents, question answering and encouraging learner reflection. Reported benefits
to learners include improvements in grades, motivation, engagement and meta-
cognitive skills. Teachers may also benefit from the ability of conversational sys-
tems to provide assessment, reporting and additional classroom tools. Through de-
tailed examples we have described two innovative uses for conversational agents
in e-learning, and demonstrated their use as tools in a larger e-learning system and
for the provision of support to parallel classroom activities. We have explored a
wide range of issues relating to the development of conversational agents, includ-
ing questions regarding the design of conversational process and issues relating to
technical implementation. We conclude that conversational agents have a valuable
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role to play in future e-learning and blended learning systems and we expect their
use to become increasingly common and progressively more capable as this tech-
nology continues to develop.
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