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Abstract. We describe results from analyzing a corpus of human-proofs. The corpus study presented here analyzes these phenomena
human tutorial dialogue, which are aimed at identifying, formalizing quantitatively. We show, in particular, that natural language is used
and automating natural tutoring in the domain of calculus, in particumuch more frequently by tutors than by the students, and that the
lar symbolic differentiation. We analyzed a corpus of human-humarinterleaving of natural and symbolic language is heavily dependent
tutoring dialogues, focusing on three areas important to system desn the interface modality. Thus, additional analysis is needed before
velopment: interleaved symbolic and natural language, domain modieciding whether and how to support interleaved language and math-
eling, and tutorial dialogue strategies. We provide empirical verifi-ematical input in a particular tutoring domain. We discuss the factors
cation of previous results on interleaving natural and symbolic lan-and possible solutions in Section 6.
guage, and show that the properties of interleaving are highly depen- Our analysis of subtasks involved in tutoring symbolic differentia-
dent on the input modality. We describe a task model for our domaintion provides evidence that basic algebra skills, especially simplifica-
and provide corpus data to show that the model must cover basic ation of expressions, are of major importance in tutoring differentia-
gebra skills as well, which are involved in differentiation. We verify tion. While this is not particularly surprising, it was not obvious to us
the applicability of an existing annotation scheme for tutoring alge-in the beginning of the study. Moreover, it is not taken into account
bra in our domain, and propose that it be extended to cover studeim some e-learning systems which use computer algebra systems to
initiative. support tutoring mathematics (for example, in interactive exercises
in the LeActiveMath system [8]). Our study underscores the impor-

. tance of using human data to appropriately design both tutoring and

1 Introduction e-learning systems, and provides an example of how corpus analysis

This paper provides an analysis and discussion of language and dige be used to support domain modeling.
baper p Y guag Finally, our study provides evidence demonstrating that an anno-

logue phenomena involved in tutoring mathematics, aimed at bUiIdiation scheme devised for tutoring algebra problem-solving [15] can
ing BEEDIFF, a tutorial dialogue system in symbolic differentiation. g ag P 9

. : . S be transferred to a different mathematical domain. We describe our
In this case study, we assume that implementing tutorial dialogue re-

quires modeling of at least three different aspects of dialogo: corpus analysis to establish the applicability of the scheme, and also

. . - show where extension is needed, specifically, in accounting for stu-
versational expertisédescribing the language students and tutors S e
dent initiative. We propose a coarse-level classification of student

use).domain expertisédescribing the reasoning strategies NEcessary orances which can be further refined in order to be incorporated
for interpreting student input and generating intelligent feedback)'nto this model

and pedagogical expertisédescribing tutorial strategies that tutors The remainder of the paper is structured as follows. In Section 2,

apply to help students learn). There has been a substantial amount of .. . . . .
. . we first describe our data collection. In the three following sections,
research in these three areas (e.g. [2, 18, 15, 5]), but it is not clear o
. . . . we report on the results of our corpus analysis with respect to the

how well results from one tutoring domain can transfer in a different ? i )
language used by tutors and students (Section 3), domain modeling

one. . o . ; .
. - . (Section 4), and tutorial dialogue modeling (Section 5). We discuss

We show how the analysis of a sample of tutorial dialogue in the - . . . . .
. . o . our findings in Section 6, and follow with a discussion of future work
domain at hand can provide unexpected insights into the nature of the . . )
. oE - . .~ ~and evaluation based on our analysis in Section 7.
domain and heavily influence decisions taken when implementing a
tutoring system. We focus on studying the following phenomena in

our corpus: the role of interleaving natural and symbolic language2 Data Collection

frequency of referring expressions, a task model and the contribuoyr gata collection environment separated tutees (henceforth: stu-
tion of different subtasks to the dialogue, and a high-level model ofyents) from tutors physically, and thus restricted their modes of com-
tutoring moves. ) ] o munication. They could only interact using natural language via a

Previously, Wolska and Kruijff-Korbayav[18] identified inter-  cpat interface where interlocutors could send each other text mes-
leaved natural and symbolic language, various reference phenorgages entered via a PC keyboard and use a special editor to enter
ena, and informal or imprecise natural language descriptions as keyomplex mathematical expressions. Text and formulas could be in-
challenges in interpreting language in a corpus of tutoring algebraigsymixed. The messages sent by both parties were logged for later
1 School of Informatics, University of Edinburgh, email: evaluation. The students screen is shown I-n Flgure L :

{ ‘mdzikovs | dreitter | jmoore y @inf.ed.ac.uk The tutor could observe the student’s actions in re_al-tlme on a sec-
2 DFKI - German Research Centre of Artificial Intelligence, Saarbruecken 0nd computer screen. Students and tutors were trained to use the in-

Germany, emailClaus.Zinn@dfki.de terfaces prior to the data collection session.
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Figure 1. Data collection environment, student'’s screen.

- Figure 2 shows the number of formulas and textual utterances,
- I JSF + separately for students and tutors, in each of the 19 sessions. Tu-
= + tors, steering the dialogue, dominate the verbal discourse quantita-
++ F tively, yet they let the students do the mathematical work. Students
produced fewer utterances (mean= 16.6 utt/session) than tutors
(1 = 47.3) but entered more formulas per sessipn= 17.4) than
T T T T T T T T tutors (w = 10.2).
Students’ formulas are also significantly longer € 13.8 ele-
number of textual utterances ments/formula) than tutorsu(= 9.8, p < 0.001). This is likely to
be due to the problems that the students had to solve: the derivative
of a termX tends to be longer thak .2
To investigate how participants combined mathematical and nat-
ural language, we looked at the use of inline mathematical nota-
tion, where formulas were written using a semi-standard textual no-
Tutors helped students solve problems in symbolic differentiationtation rather than the dedicated formula editor provided. We marked
a domain with which participants have been made familiar in classup complete formulas such ass’(x) = sin(x) asinline for-
Students were able to see web pages containing previously preparstilas, and also individual mathematical terms suchvassed in
basic explanations of the rules of differentiation upon the tutor’s re-sentences. Tutors wrote inline formulas more often than students
quest. did: in addition to 559 formulas written with the formula editor,
Two experienced mathematics instructors (as tutors) and 14 firstve found 118 formulas written in textual form inline, of which 25
year mathematics or science undergraduate students of University wfere written by the students and 93 by tutors, a reliable difference
Edinburgh (as tutees) were paid to participate. The resulting corpug¢® = 69.5, p < 0.001).
consists of 19 dialogues. It contains 1650 utterances (with textual and The results show that our math input editor, though present, was
symbolic parts), 5447 tokens and 559 formulas. only used when convenient. Even though tutors had more practice
with it than students, they did not switch to the formula editor as of-
. . ten: one third of all formulas entered by tutors were entered by key-
3 Analyzing Mixed Language board. A reason for this might be that tutors felt pressed to respond
3.1 Quantitative analysis of dialogue quickly a_md skipped th(_a comparatively inefficient’, mouse-driven for-
mula editor. Also, as discussed above, students’ formulas are gener-
As a first step in the exploratory analysis of our data, we were in2lly more complex than the tutors’, because tutors are giving students
terested in the proportions of the dialogue attributed to tutors and
students, i.e., who is talking and how long their utterances are. SuchThis analysis only included formulas entered with the math editor because
parameters influence the focus of a dialogue system implementation.we do not yet have a parser for formulas written inline (discussed below).
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Figure 2. Types of student (crosses) and tutor (circles) utterances per
dialogue.




feedback and hints rather than giving step-by-step answers with con-here were 904 domain-relevant utterances in the annotated data,
plex structure, as students do. evenly distributed between tutors (468) and students (436).
The choice of input (formula editor or inline formula) has further ~ The student utterances frequently contained only a formula which
effects for mathematical input, as discussed in the next section.  contributed to the solution. 330 (76%) student utterances consistent
of only a formula. Out of the remaining 106 utterances with natural
3.2 Linguistic realization of multimodal input language, 59 (56%) c_ontained qnly language, and 49 (43%) mixed
language and symbolic expressions. For tutors, 425 out of 468 ut-
From a linguistic perspective, we were interested in the extent tQerances (91%) contained natural language, and 247 (58%) of those
which interlocutors integrated mathematical formulas into their |an'contained mixed natural |anguage and formulas. Thus interleaved
guage. This, again, has important consequences for a resulting danguage and symbolic expressions were used by both students and
alogue system, impacting the analysis of linguistic input, and theutors, but students tended to use significantly less language in gen-
(multi-modal) generation. eral.
We found symbolic expressions were intermixed often with natu- - As noted above, formulas represent common anchors for referring
ral language, either as noun phrases or clauses, with varying degregpressions. In addition to deictic references which point to the input
of verbalization of mathematical content: field content, interlocutors often used referring expressions to pick

(1) the 6 is also multiplying theos(6z — 2) out parts of formulas:

(2) yessin'(z) = cos(x) ) o
(3) Remember that the derivative 6ifi is cos (4) OK. The expression for is right but do you really mea% or
dy:)

The fact thasin’(z) = cos(z) holds, for instance, can be expressed ,_.dz * . .

symbolically (2), or as an English sentence with words referring to(5) Multiply right bracket by 5, not left
mathematical operators and functions (3). These observations are .
compatible with results of a prior study in the domain of set theory !N the 106 student utterances we annotated as domain-relevant
proofs [18]. which also contained natural language, 36 (34%) contained a ref-

We found, however, that the choice of the input method had knock€reNnce to a part of a previous formula. For tutors, out of 425 utter-
on effects for linguistic integration. Through the intermixing of input 21C€S containing language, 138 (32%) contained references to parts

methods (formula editor and text input), the dialogues were inherof other formulas. Thus referential expressions are used frequently by

ently multimodal, and users preferred not to integrate the modalitie0th students and tutors. This highlights the importance of handling
Formulas input with the special editor were most often standalonereference in both interpretation and generation, discussed further in

even though (as seen in Figure 1) a student or a tutor could have ea3€ction 6.
ily continued the sentence after the formula. Instead, we observed
it:sh:r;itae)(dgsed deictic pronouns to refer to the content of the formul.'i1 Domain Modeling

Tutor: Try differentiating this example: 4.1 Differentiation

y = (a® - 30)°
Student: 5(z® — 3x)* x 322 — 3
is this still the same thing?

The students were tutored primarily in the application of the Chain
Rule, defined as follows:
Symbolic expressions written with the math editor were more 4 [f(g(x))] d . d
likely to be standalone rather than integrated with an utterance. For- dx
mulas composed with thg dedicated editor were integrated in a naﬁs application involves several steps, which can be formalized as a
ural language utterance in 186 cases, compared to 368 cases wh%rlgk model The task model, which describes the task of building a
_they were ngt. n contrast_, keyb_oard-compo_sed formulas and numeériferivative in terms of simpler, partially ordered sub-tasks, helps to
ical expressions were typically integrated with natural language (13 identify which parts of the task a student is currently tackling, and
utterances, compared to 6 standalone expressions). The correlatign . . . !
T - . o - . how tutors address student actions to provide (corrective) feedback
between linguistic integration and input modality is statistically reli- or scaffolding help in case a student is stuck
2 . ; i .
able (" = .166'68’p < 0'9001)' W.e belle\(e that this contrast be The task model for derivatives for a given functigr= f(g(z)) is
tween non-integrated multi-modal input with the formula editor and , ¢ . (1) Rewritey to recognizable forng (equivalence trans-
integrated language input with textual notation has implications forformations)' (2) Identifyg to be of form (g(x)): (3) Identify “inner”
both interface design and development of interpretation componentg ' p

for tutorial systems in the domain of mathematics. We discuss thos ¢ = g(z)) and 05‘“” w = f(”yf)) I_ayersdczfy; “) D|ffe2in.tlate
in more detail in Section 6 €ach of the layers: compute derivative0f5Z, and ofw, %2; (5)

i y _ dw  dz. i iva-
To further study how formulas and informal descriptions of math-Comblne results‘j—@ T dz = da? and (6) Normallze result. (equiva
ematical terms are used in our data, we first marked up domainl-ence transformations) to bring the function into a canonical form.

relevant utterances, defined as utterances which contribute to the To obtain a better picture on sub-task distribution in our corpus, we

task of solving the differentiation problem, or questions and answerd€veloped an a.nnotz.;lt!on scheme Wh'Ch ISa S|.mp||f|cat|.on of our Fask
relevant to the topic. These included both utterances which useH‘Odel' and Wh'Ch_ o_hvndes the task into applying the d|ﬁeren_t|at|on
symbolic math directly, and utterances where mathematical concepf&”es' and normalizing the result. We then segmented our dialogues

were expressed in natural language,, What is the rule for roots? according to the following scheme:

I
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=
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S
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P
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4 This excluded idle chit-chat, as well as greetings, acknowledgments, andl Users also frequently named pointing to parts of formulas as a desirable
feedback without explicit mathematical content. feature in post-hoc interviews.



Closing domain reasoning components.
Remarks Intro. For the general case of tutoring systems, the finding illustrates that
State Problem 3% Rer;ojrks an empirical evaluation of the domain using data collected in a real-
(o]

Other
10%

Solve
34%

istic environment helps avoid pitfalls in the implementation of sym-
bolic systems, which occur when formally interesting problems are
addressed by the developer instead of the problems that often occur
in real-life dialogue.

5 Student and Tutor Dialogue Strategies

So far, we have identified the language and the domain reasoning
that tutors use when conducting one-on-one dialogue. Both resources
inform the instantiation and selection of tutorial strategies. The goal

of our corpus annotation and analysis is to discover strategies used
by experienced tutors in our domain.

A number of annotation schemes, for instance, [15, 7, 16, 12, 10],
analyze tutorial dialogue at various levels of detail. In the following,
we present a discussion of corpus annotation aimed specifically as
a data source for building a tutorial dialogue system. We found that

Intro. Remarks: A sequence of tutor and student utterances at theMCArthur et al. [15] (henceforth McA) was the most useful for our

beginning of a sessior,g, social, student assessment. Similar re- purposes, because this study was conducted in a similar domain (re-
marks at intermediate p’)o’ints in t,he dialogue were label@thsr medial algebra tutoring) and focused on the transformations needed

State Problem:A sequence of tutor turns presenting the problem ortO so!ve equations. More_over, the McA scheme IS formulated using
) . a notion of a task-model independent of the particular math domain.
exercise the student is supposed to solve. . . . . . .
] It provides a detailed catalogue of various tutorial strategies, and is
Solve: A sequence of turns that starts afate Problemand that ased around a notion ofaurrent taskshierarchy, which fits well
attempts to construct the problem’s solution. This includes studenli) i . . . Y ! .
. . . e . \1V|th the corpus analysis we discussed in the previous section.
intermediate steps, proposed solutions, tutorial hints, and tutorial

. - In the McA scheme, a dialogue is structured around a sequence of
feedback on student actiorBolvemay also include a transforma- top-levelsolve-problemasks divided into smaller steps. A dialogue
tion of the initial problem statement into a form that allows the P P ps. gu

L o ; . segment for each subtask is structured around a standard script, usu-
application of derivation rules; for example, to transfoﬁa into o . ) . .
1/ @ ally consisting of a task introduction, performing the task itself, per-
3x .

] formance assessment by the tutor, and a wrap-up stage. The tutor’s
TidyUp: A sequence of student and tutor turns that are devoted t@ecision making is governed by a tutorial planning process, which
“tidying-up”, i.e. simplifying or normalizinga given solution.  consists of first selecting a pedagogical purpose to be achiewgd (
This segment usually follows Solvesegment, but is optional in diagnosis or remediation), and then selecting an appropriate tutorial
some cases (either because the student presented a reasonable t@éﬂnique to achieve the purpose.
as part oSolve or the tutor does not insist on term normalization).  \while McA's scheme allows for a rich and detailed analysis of tu-
Closing Remarks:A set of tutor and student utterances to end a tu-yqyiq) dialogue, we found that its complexity made it difficult to ap-

Figure 3. Distribution of the different task segments

torial session. . ply. Thus, as a first step, we made a performed coarse-grained anal-
Other: All other utterances that do not fall into any of the above ys;js and identified a purpose for each utterance, without referring to
categories. McA. Our set of purposes quickly converged toward purposes con-

sistent with McA, thus confirming its validity in our domain.

The results of this annotation are presented in Figure 3, which shows For tutor’s utterances, the utterance purposes from McA we found
that term normalizationT{dyUp) takes up the largest part of the over- in our analysis wereGreeting/GoodbyeTask Management i.e.
all dialogue effort, followed bySolveturns. This result was unex- choice of problems and transitions between tasksywledge As-
pected, forcing us to realize that any effective machine-based tutagsessment questions by the tutor aimed at discovering the general
must be able to teach differentiati@s well asbasic rules of al-  state of student's knowledg&ask Introduction- various tutor ac-
gebraic manipulation (identifying common factors, operator precetions in introducing a new problem and relating it to previous prob-
dence orderingetc). This had direct implications on the design of lems, andPerformance Assessmearid Remedial which cover the
our domain reasoning components discussed in Section 6. interactions related to problem solving, including giving positive and

The particularly large portion cfidyUp utterances is an artefact negative feedback on individual steps, hints and other kinds of reme-
that results from the way differentiation is taught: normalization of dial strategies.
equations is an important step, because the normalized formula al- These purposes covered most but not all of the dialogue. Based
lows the student to intuitively spot options to further transform theon our analysis, we extended the scheme with 3 additional pur-
formula (e.g., produce another derivation) and to actually estimat@osesSelf-Correctionour tutors made mistakes sometimes and then
the shape of the curve that the equation models. It also demonstrateeeded to correct themselv&ession Managemersince most stu-
that our proposed task model needed to be improved, by differentidents did more than one session, tutors discussed where to pick up
ating individual steps in the normalization stage as we do in the difa thread left off during a previous session, or mentioned that the
ferentiation stage. We are currently conducting a more fine-grainegdession is ending soon; ahtigh-level Performance Assessment
annotation where all student contributions are marked with the aptors sometimes gave feedback about the student's overall progress
propriate step in the task model, and which will be used to refine then abilities, which wasn't relevant to the immediate task, d&$'im
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Figure 4. Transition diagram showing the various utterance types found in a subset of our corpus. Dotted transition lines indicate null-transitions, where no
input from the student is needed. All other transitions are triggered by interaction. Shaded nodes represent the student’s utterance types, others the tutor’s one

sure you are now an expert in the Chain RuM/& classified those applicable to our dialogues, except in places where students took ini-
as a separate category, so that a future analysis may help uncover tiigive. We also found some examples difficult to classify in terms of
patterns which lead tutors to give this kind of additional feedback.McA strategies, often the utterances which performed two functions
McA's recappingpurpose did not appear in our dialogues. at once: for example, there were a number of knowledge assessment

McA provides a detailed classification of student’'s utterancesqueries which suggested a correct procedure in addition to query-
based on their correctness. However, it assumes that there is littlag student knowledge. Extending the scheme to account for those
student initiative in dialogue, and all student utterance codes are dexchanges, and further annotation and analysis of the strategies en-
fined as responses to previous tutor utterances. This was not entiretpuntered in our dialogues is part of our ongoing work.
consistent with our analysis. While in most cases the tutor indeed
had initiative, in some cases we found students taking initiative by
asking additional questions or stating generalizations. These led 6 Discussion
exchanges difficult to account for satisfactorily with McA's classifi-
cation. Therefore, we developed an initial classification scheme foAlthough our data was specific to the domain of differentiation, the
students’ purposes, classifying student utterances into 5 types:  study points out a range of issues to be faced by builders of tutorial
dialogue systems in general.

From the point of view of natural language processing, it is clear
that the interleaving of natural language with formulas is a major re-
quirement. Some of our findings confirm the qualitative observations
e Give Partial Solution:The student solves an arbitrarily large part gained on the DIALOG corpus [13] fgr se.t theory proofs. H.owever,

of the problem. we_prowde a more detailed quaqtltatlve plct_ure of mte_rleavmg sym-

- T . .. bolic and natural language, and its referential properties. Our analy-
e Ask QuestionThe student takes initiative in steering the tutorial _. .
strategy. sis shows the difference between how frequently students and tutors
used natural language, and we found an effect of the input method on

Of the above types, onlgive Partial Solutioncan be rated in interleaved language not noted in that study, namely that interleaving
terms of correctness, and we intend to use McA classifications tasually happened when formulas were written in informal “inline”
further refine the annotation of utterances marked with this purposenotation rather than with a formula editor.

Our annotation shows relationships between tutoring purposes. A The difference may be due to the multi-modal nature of our in-
bigram analysis of the transitions between categories (Figure 4) cgpout. The input in the DIALOG study consisted of language that was
serve as a qualitative model of the tutoring process. It demonstratemnhanced with elementary symbols from set theory. Moreover, the
communicative conventions and scheme: Neither do tutors terminat@ath expressions in their corpus could easily be written in one line,
the dialogue without givingreedbackand sayingsoodbyg, nor do  in contrast with fractions and exponentials, which are frequent in our
they jump from &Greetingto aTask Introductiorright away without  corpus, and which require complex formatting to be readable, and
assessing the student’s abilities and/or letting the student know whaannot easily be laid out in the same line with text. In our case, stu-
to expect Task Managemept dents and tutors combined formulas and natural-language texts us-

Once the more coarse-grained analysis was complete, we annig their keyboards, and often treated the input editor as a separate,
tated two dialogues with tutorial strategies based on McA. Consisnon-integrated modality while we originally expected it to be more
tent with the above analysis, we found that the entire scheme is welhtegrated based on DIALOG study results.

e Greeting, Goodbye(sub-dialogues are contained in one node for
simplification).

e FeedbackThe student informs the tutor whether a principle or a
step in the solution has been understood.
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When users are given the option to provide multimodal input, thisficulties with differentiation per se. In fact, such basic skills were
does not mean that all of the input method modalities are actuallyutored more frequently than differentiation itself (see the task dis-
used, even if the domain suggests this. Multimodal material is protribution chart in Figure 3). While this may seem obvious, simplifi-
duced by users when it is felt to be appropriate, and with the inputations are not necessarily accounted for in implemented interactive
method that is the most convenient, as happened in our data colledifferentiation exercise systems [8]. Moreover, existing computer al-
tion. System developers cannot ignore the user’s choice of modalitgebra systems such as PRESS or MAPLE [6, 14] simplify the expres-
in the subsequent linguistic processing. This means in our case thatons differently than students are expected to do: for example, they
the system needs to be able to identify and analyze symbolic lammay order the polynomials from the lowest to the highest monomial
guage in the textual notatibras well as deal with referential input degree, and they do not perform factorization. Our corpus analysis
and deixis in combination with the structured input. highlighted teaching expression simplification as an important tuto-

The large percentage of mixed language for tutors that occurredal goal in the context of symbolic differentiation, and we are cur-
in our corpus suggests that it is essential to implement interleavrently working on a domain reasoner which includes a model of the
ing of natural and symbolic language in generating tutorial feedbackalgebraic manipulations necessary in simplification. We believe this
On the input side, however, that most student utterances containedrasult may extend to other domains involving algebraic equations.
stand-alone formula, and formulas from the input editor were rarely From the point of view of pedagogical expertise, our contribution
integrated with language when they were entered together. A usdies in evaluating the applicability of McArthur’s coding scheme to
ful strategy for domains with complex formulas may be to keep thetutoring symbolic differentiation. We found that the scheme needs
formula editor separate from student input, used the same way de be extended, in particular, to account for student initiative, ses-
scratch paper or a blackboard in a human-human tutoring sessiosion management and global performance evaluation performed by
The main focus will then be on developing appropriate methods fotutors in our domain. We proposed three new categories for tutor’s
resolving references to the contents of formula field rather than on inpurposes, and a classification for student utterance purposes, which
terpretation of interleaved formulas and textual input as done in [19]will be further refined in ongoing research.

Introducing an ability to point parts of formulas instead of describing
them may also be helpful. This result is also important for building
other dialogue systems in the math domain, because it suggests that Future Work

the complexity of the input changes the nature of the language anghs analysis is a first step toward building a tutorial dialogue system
the best way to interact with the student. in the domain of differentiation, and building models of tutorial di-
Since a substantial percentage of both student and tutor utterancgﬁ)gue_ To build the BEDIFFtutorial dialogue system, we need to
(33%) used references to parts of previous formulas, it is importantonsiger two separate but related questions. One is how to build com-
to develop language and reasoning components capable of handlingiational models of tutorial dialogue which can be implemented in
such references. To interpret re_ferentlal expressions, a declaratl\gcomputer system. Our study contributes to answering this question
model of term structure supporting references sucthastop part  py quantifying the occurrence of various linguistic and tutoring phe-
is necessary, similar to [19]. To generate referential expressions, ifomena in human-human dialogue. We will use the resuilts to deter-
addition to identifying a buggy rule or an incorrect assumption usedyine which features should be modeled in a tutorial dialogue system

by the student, the domain reasoner should be able to precisely dg5 make it capable of handling the phenomena common in human-
scribe the location of an error, for exampléhere is a small mistake 1, man dialogue.

in the denominatorThe latter capability is perhaps more important, e question that we have not yet answered with our analysis is the
given that tutors used significantly more mixed language in our dosgje of the different features we have investigated in learning. Previ-
man. . o _ous studies in conceptual domains demonstrated that the proportion
‘Additionally, the nature of dialogue may necessitate integrationys st,dent language in dialogue is correlated with learning [9], and
with a theory of task salience. Consider the following fragment: studies of human-human tutoring generally show effect sizes up 2
(6) utt70: studenti5a2/3(52° — 6)" star_ndard deviations in comparison effect size of 1 standard deyiation
(7) utt71: student: or is the 3 still negative? achieved by computer tutors [4, 3]. It has been argued previously
that producing explanations is important in learning geometry [1].
There are two different instances of 3 in utt70: a powefifiand  However, no conclusive evidence about the contribution of student
a coefficient in the denominator. This reference was unambiguouslinput to learning is available at this point, and investigating the role
understood as the latter, because in the course of problem solvingf student-generated language in learning is an open research ques-
only the denominator changed recently. These types of referencegn.
were consistently produced and correctly interpreted by both tutors A computer system provides a platform for experimentation with
and students. We do not yet have a theory to help disambiguatatures of dialogue that is easier to control than human-human stud-
such referential ambiguity, but one possibility would be to includejes. Once the BEDIFFsystem is built, we can evaluate several fea-
a salience factor decaying over time for parts of the solution whichures which may be correlated with learning. First, we are planning
change, similar to making recently visually changed objects salienfo compare two versions of the system: a model-tracing version us-
in spatial reference resolution [11]. ing only a formula input field and a limited set of input buttons such
While our application domain is symbolic differentiation, our cor- as “OK”, “Yes”, “No”, “Help”, and a system supporting full natural
pus study showed that a significant number of student errors are dygnguage input. This will allow us to determine the contribution of
to difficulties with algebraic transformatione.g, identifying com-  student language to learning (within the limitations of current lan-
mon factors, rewriting square roots as polynomials) rather than difguage understanding technology).
6 This can be simplified by introducing to users a standard syntax of “inline” We can also use the system to evaluate the effectiveness of dif-

expressions which they can use, similar to what we observed in the corpi@rent tutoring strategies, by comparing versions of the system using
but clearly formalized to make symbolic expressions easy to identify. different strategies. A similar analysis has been conducted by Fiedler




and Tsovaltzi [17], showing differences in learning gains between[4]
socratic and didactic strategies in a domain-specific hint ontology.

An appropriate annotation scheme is clearly necessary for evaluat[5]
ing the role of different tutoring strategies in dialogue. The McArthur
scheme provides a detailed classification of possible remediations,
such as compare this problem to a similar one, state the next goalS]
or tell the student to try again. Our analysis indicates that this clas-
sification is compatible with our domain, though we analyzed most 7]
dialogues using only the most coarse-grained level of McA, and more
dialogues need to be annotated with the full scheme to verify its reli-
ability. (8l

The McArthur scheme is stated in terms not specific to a given
domain (e.g. “state high goal”). This was important in transferring it [g]
successfully to our domain, but to implement these strategies in prac-
tice, we may need to develop a more detailed domain-specific ontol10]
ogy of goals and concepts, similar to the hinting ontology developed
for proof domains [10]. We are planning to further analyze the cor-
pus to better understand how general tutoring strategies of McArthyn 1
are realized in our domain as the next step.

The classification of student utterances we proposed is also coarse-
grained in keeping with our current corpus analysis. We are Workin%z]
on developing a more detailed annotation scheme describing what
students do in our corpus, including different kinds of help queries
and explanations of their actions. [13]

8 Conclusion

We presented a corpus analysis aimed at informing the developme[r}tll]
of a tutorial dialogue system in the domain of differential calculus.[15]
We empirically verified the claims of [18] with respect to interleaved
language and symbolic expressions. We showed that tutors use s%gi]
nificantly more language than students, and that interleaving of nat-
ural language and mathematical expressions is highly dependent ¢v]
input modality, which has to be taken into account in system de-
sign. We demonstrated the data-driven development of a task model,
which helps determine common student errors, and quantify the timg g
spent on various task stages. We verified the applicability of a tuto-
rial dialogue annotation scheme proposed by [15], and extended it
to cover cases of student initiative. Our study demonstrates that evéh]
though corpus analysis results with respect to language and tutoring
can be transferred from different domains, additional study and ex-
tensions to existing schemes may be needed to cover a new domain.
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