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1 Abstract

In this paper we describe aframework that helps gudents
lean from examples. When presenting a new example, the
framework uses natural language generation techniques and
a probabili stic student model to tailor the example to the
student's domain knowledge. Tailoring consists of
seledively introducing gaps in the example solution, so that
the student can pradice @plying rules leaned from
previous examples in problem solving episodes of difficulty
adequate to her knowledge. Filli ng in solution gaps is part
of the meta-cognitive skill known as <lf-explanation
(generate explanations to oneself to clarify an example
solution), which is crucia to effedively lean from
examples. In this paper, we describe how examples with
tailored solution gaps are generated and how they are used
to suppat students in leaning through gp-filling self-
explanation.

11 Keywords
Interadive Information Presentation, Computer-aided
Education, User Modeling, Natural Language Generation

2 Introduction

We describe a framework that helps gudents lean
from examples by generating example problem solutions
whose level of detail is tailored to the students domain
knowledge. The framework uses natural language
generation techniques and a probabilistic student model
to seledively introduce gaps in the example solution, so
that the student can pradice plying rules leaned from
previous examples in problem solving episodes of
difficulty adequate to her knowledge.

The rationale behind varying the level of detail of an
example solution lies on cognitive science studies
showing that those students who self-explain examples
(i.e., generate explanations to themselves to clarify an
example solution) learn better than those students who
read the examples without elaborating them [1]. One kind
of self-explanation that these studies dowed to be
correlated with leaning involves filling in the gaps
commonly found in textbodk example solutions (gap
filling self-explanation). However, the same studies also
showed that most students tend not to self-explain

spontaneously. In the cae of gap filling, this
phenomenon could be due to the fad that gap filling
virtually requires performing problem solving steps while
studying an example. And, becaise problem solving can
be highly cognitively and motivationally demanding [10],
if the gaps in an example solution are too many or too
difficult for a given student, they may hinder self-
explanations aimed &t filli ng them.

We ague that, by monitoring how a student’s
knowledge danges when studying a sequence of
examples, it is posdble to introduce in the examples
solution gaps that are not too cognitively demanding, thus
fadlitating gap filli ng self-explanation and providing a
smocoth transition from example study to problem
solving. We ae testing our hypothesis by extending the
SE-Coach [4], an Intelligent Tutoring System (ITS)
designed to suppart self-explanation of physics examples
like the one shown in Figure 1.

This problem is novel in ITS reseach, as it requires
sophisticaed natural  languege generation  (NLG)
techniques. While the NLG field has extensively studied the
process of producing text tailored to a model of the user’'s
inferential cgpabiliti es [e.g., 6, 7, 11], the gplication of
NLG techniques in ITS are few and mainly focused on
managing and structuring the tutorial dialogue [e.g., 8, 5],
rather than on tailoring the presentation of instructional
meaterial to a detail ed student model.

Several NLG computational models proposed in the
literature generate cncise text by taking into acount the
inferential cgpabiliti es of the user. [11] generates effedive
plan descriptions tailored to the heaer's plan reasoning
cgpabilities. [6] is an example of models that take into
acount the heaer’s logical inference capabiliti es. And [7]
propcses a system that relies on a model of user's
probabilistic inferences to generate sufficiently persuasive
arguments.

In contrast, our generation system tailors the mntent and
organization of an example to a probabilistic model of the
user logical inferences, which alows us to explicitly
represent the inherent uncertainty involved in asessng a
leaner’s knowledge and reasoning processes. Furthermore,
our system meintains information on what example parts



are not initialy presented (i.e., solution gaps), which is
criticd to suppat gap-filling self-explanations for those
students who tend not to self-explain autonomously.

SOLUTICN

W solve this problem by applying Mewtons' 2nd law.
Wiz choose the wanon as the body .

EXAMPLE 2: Person pulling & wagon

A person pulls a loaded wagon.
The wagon has mazs m = 100Ky, One of the forces acting on the wagon is its weight W,
The person pulls it with 5 force
F of 100 MNewwtons:,

applied st 30 degrees from

the horizontal.

The wagon's weight W is directed dovwreard.
The force M exerted by the ground on the wagon is
a normal force.
Thiz normal force M is directed upward.
FIMD We choose a coordinste system with the X axis
13 the force M exerted onthe directed to the right and the " axis directed upward
wagon by the ground Therefore the weight has componerts:
2 The accelerstion a of the wagon. Wy =
W_x=0.
The normal force M has components:

Finally, the pulling force F on the wagon has components:
F_y =F * cos(60)
F_x=F * cos(30)
Because the v component of the net force an
the weagon is:
Met-force_yw = M_y +W_w + F_y,

FREE BODY DIAGRAM:

+ _’

the ¥ component of the wagon's acoelerstion is:
F ay=0
the general equation for Newton's 2nd law applied to

the wagon along the Y axis, Met-Force_y = m*a_y,
Wiaggon [m = 100Kg)| becomes:
P -+ Froos(E0) = 0.
Since the value of the wagon's weight W is:
W= m*y = 980 Mewtons,

W

Figure 1. Sample Newtonian physics example

In the rest of the paper, we first briefly ill ustrate our general
framework for example generation (see [2] for more
details), and then we describe arrent reseach diredions
we ae pursuingto improve its effediveness

3 The Framework for Example Generation

As®sdng leaning from instructional material requires to
ded with urcertain information. We can only assssusers
leaning from indired evidence for instance by monitoring
the users' realing behavior from their focus of attention or
by examining wers explanations of portions of the
material. The SE-Coacdh framework uses Bayesian networks
to express and reason about the uncertainty involved in
asssdngleaning from example solutions.

Figure 2 shows the achitedure of the SE-Coach framework
for generating tailored example presentations. The part of
the framework labelled “before run-time” is responsible for
generating the internal representation of an example
solution from (i) a knowledge base (KB) of domain and
planning rules (for Newtonian physics in this particular
applicaion); (i) aformal description of the example initia
situation, given quantities and sought quantities [4]. A
problem solver uses these two knowledge sources to
generate the example solution represented as a dependency
network, known as the solution graph. The solution graph
encodes how ead intermediate result in the example
solution is derived from a domain or planning rule and from
previous results matching that rule’s preconditi ons.

In the SE-Coadh, every time astudent is srown an example,
the corresponding solution graph provides the structure for
a Bayesian retwork that uses information on how the
student reads and self-explains that example to generate a
probabilistic asssanent of how well the student

understands the example and the related rules [3]. The prior
probabiliti es to initialise the rule nodes in the Bayesian
network come from the long-term student model (seeFigure
2), which contains a probabili stic assesament of a student’s
current knowledge of ead rule in the KB. This assesanent
is updated every time the student finishes gsudying an
example, with the new rule probabiliti es computed by the
corresponding Bayesian network.

The SE-Coach Example Generator (EG), seeright part of
Figure 2, uses the probabilistic student model to
automaticdly tailor the detail level of an example
description to the student’s knowledge, in order to stimulate
and suppart gap-filli ng self-explanation.

EG is designed as a standard pipelined NLG system [9]. A
text planner [12] seleds and organizes the example mntent,
then a microplanner and a sentence generator redize this
content into language. In generating an example, EG relies
on two key communicative knowledge sources (right part of
Figure 2): (i) a set of explanation strategies that allow the
text planner to determine the eample's content,
organizaion and rhetorica structure; (ii) a set of templates
that spedfies how the seleded content can be phrased in
English.
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Figure 2: Framework for example generation

The seledion and organisation of the example content relies
on the solution gaph and on the probabilistic long term
student model. It consists of two phases, text planning and
revision, to reducethe complexity of the plan operators and
incresse the dficiency of the planning process Text
planning seleds from the solution graph a knowledge pod
of al the propasitions (i.e., goals and fads) necessary to
solve agiven example, and it organizes them acwording to
ordering constraints also extraded from the solution graph.
The output of this phase, if redized, would generate afully
detailed example solution. After text planning, a revision
process uses the a@sesament in the student’s longterm
model to dedde whether further content seledion can be
performed to insert appropriate solution gaps.

More spedficdly, the revision process examines ead
propasition spedfied by a primitive communicdive adion
in the text plan and, if acording to the student model there
is high probability that the student knows the rule necessary
to infer that propasition, the adion is de-adivated. De-
adivated adions are kept in the text plan but are not
redized in the text, thus creaing solution gaps. However,
de-adivated adions may be redized in follow-up
interadions.



As an illustration of the dfeds of the revision processon
content seledion, compare the example solutions own in
Figure 1 and Figure 3

SOLUTION

The force M exerted by the ground on the wagon is
& narmal force.
Thiz normal force N is directed upward.
The pulling force F on the wagon has components:
F_v =F * cos(60)
F_x=F *co=(30)
and the Y component of the wagon's accelerstion is:
ay=0
The general equation for Meswton's 2nd law applied ta
the wagon along the ¥ axiz, Net-Force_y = m*a_y,
becomes:
M- W+ Frooz(B0) = 0.
Since the value of the wagon's weight WWis:
W= m*g = 980 Mewtons,

Figure 3: Portion of Example 1 with solution gaps

Figure 1 displays the worked out solution for Examplel
with no solution gaps. In contrast, the same portion of
Examplel solution shown in Figure 3 is much shorter,
including several solution gaps. As previously described,
EG determines what information to leave out by consulting
the long-term probabili stic student model. In particular, the
concise solution in Figure 3 is generated by EG if the
student model predicts that, among other things, the student
has a good understanding of when Newton’s soond law
should be gplied, of how abody to apply the law should be
seleded, and o the weight force Even if a student has
sufficient knowledge to fill i n the solution gaps inserted by
the revision process she may not adualy perform the
required inferences when studying the example. As a matter
of fad, cognitive science studies dow that most students
tend not to self-explain spontaneoudly [1]. Thus, once the
text plan is revised and redized, the system presents the
concise example with todls designed to stimulate gap filli ng
self-explanation. These tools help a student deted gaps in
an example solution and fill them in. In particular, when the
student has deteded a gap and deddes to fill it i n, the SE-
Coadh's interface adivates a dialogue box containing a
blank for ead missng step for the student to fill in. Since
the interface arrently does not process natural language
input, the student fill s ead blank by seleding an item in the
asociated pull-down menu. EG generates the entries in this
menu by applying the redisation component to unredised
communicative adions in the text plan, and uses them to
provide immediate feadbad on the student’s sledion.

4 Current Work

We ae arrently expanding the framework presented above
along three diredions. First, we ae improving and testing
the interface todls designed to help students in the gap
filing process We ae airrently experimenting with
different interface designs and we plan to conduct user
studies that can help us ®led the most effedive one.

Seoond, we intend to exploit the prediction capabilities of
the probabili stic student model to refine the strategies that

EG uses to dedde when to leave out a solution step.
Currently the model is used to diagnose the student’'s
understanding of the relevant physics rules given the
student interadion with the system. The results of this
diagnosis, i.e., the updated rule probabiliti es, are then used
diredly to dedde if the student can use eab ruleto derive a
corresponding solution step, and if so to deadivate that step
in the presented solution. This approach is reasonable if we
asume that we dways insert only gaps that include only
one missng solution step. However, if we want to insert
gaps that consist of chains of two or more steps, the fad
that the student has enough krowledge to infer ead of these
steps in isolation does not imply that the user can adually
make the dain of inferences, becaise of the increased
cognitive load that this process entails. Thus, we ae
working on using the student model to predict, given one or
more dains of deadivated steps sleded as described in
the previous sdion, if the student can adually derive them
given the aurrent rule probabiliti es in the model. The third
diredion of reseachisin NLG. First, we plan to investigate
how the example text plan can be used to maintain the
coherence of the other example portions, when the student
fill sa solution gap. Second, we will start working on how to
integrate the generation of the textual example solution and
of the graphicd elements of the example (e.g. the freebody
diagram). Third, we am to verify whether a template-based
approach to redizaion is sufficiently powerful to cover our
target domain of physics examples.
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