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Abstract. Constraint-based modeling has been used in many applicatéas of Intelligent Tutoring Systems as
a powerful means to analyse erroneous student solutiongamerate helpful feedback. In contrast to domains
where the structure of the problem under consideratiowalla constraint to (almost) uniquely determine the
possible cause of a particular student error there are afhygications, where a multitude of competing error
explanations has to be considered. In such cases condiematl models alone hardly meet the requirements
for a student model. Instead a constraint-based modellglsarves the purpose of error diagnosis and needs
to be complemented by additional components for diagn@écson based on general or individually tailored
heuristics.

By investigating the apparent and strong parallelism betwsonstraint-based modeling and model-based
diagnosis, this paper identifies four major sources of amityighat need to be considered when using constraint-
based modeling and describes options for dealing with tiitusiin which alternative error descriptions are avail-
able. Examples are primarily drawn from the area of foreagguage learning.
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INTRODUCTION

Constraint-based modeling (CBM) has demonstrated its migéntial as a powerful approach for build-
ing Intelligent Tutoring Systems, which identify miscoptiens of a student and possible shortcomings
of her solutions as a basis for initiating suitable instiar@l actions. A number of systems have been
built using this technology in various application domafitrovic et al., 2001). Less clear, though,
seems to be the precise role such a model plays within thelbeechitecture of a particular tutoring
system. Here the individual perspectives vary betweenrstateding CBM

e as a student model, as it was originally proposed by Ohlske®4(),

e as a diagnostic approach (Mitrovic et al., 2003), or even
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e as a domain model (Martin and Mitrovic, 2000).

On the one hand, all these conceptualizations seem to bgustfied, but at the same time they also
appear to be limited in some sense: viewing CBM as a studeuelhis motivated by the fact that
constraint violations indeed can tell us crucial inforraatabout a student’s current level of achievement.
Later, however, it will become apparent, that in applicatitnmains with a higher degree of ambiguity
constraint violations alone are not sufficiently informeatto provide a clear enough picture, from which
an appropriate instructional response can be generatctlgirUnder such conditions, the view of CBM
as a diagnostic engine seems more appropriate. It can feiedlens model with analytic information
about student solutions, but is no substitute for such a mo@a the other hand, the potential of a
CBM is not restricted to diagnosis alone. Under favouraloieditions it can even be devised to serve
as an expert module, which at least to some degree is ablévedagiven problem entirely on its own.
Unfortunately, this is not necessarily always the casehegxample of the balancing-bracket constraint
taken from (Mitrovic and Ohlsson, 1999) can show:

If the code for a Lisp function has N left parentheses, thaseth be N right parentheses as
well (or else there is an error).

Although this constraint perfectly serves the purposeeatéctingcases of unbalanced expressions in the
student solution, it is not able tocalizethem properly or even produce an appropriate correction pro
posal. To compensate this deficiency Martin and Mitrovicd@Z0extended the model by an additional

problem solving component, which is able to derive cormecproposals from the observed constraint
violations and a given model solution.

In order to obtain a better understanding of the conditiordeuwhich CBM can make contributions
with different degrees of diagnostic depth, we first willéstigate the relationship between CBM on the
one hand andnodel-based diagnosin the other. It should become clear that whenever a constrai
based model can be cast in terms of the behaviour of infoomaity coupled components, a level of
model adequacy is reached which allows it to be used immeddiat an expert module. Unfortunately
this is not always the case.

By analysing different examples for various types of modédimation from the domain of second
language learning, we then draw our attentioantbiguityas a major challenge for more advanced CBM
solutions. Ambiguity presents a particular problem to CBigicause it introduces yet another dimension
into the space of possible constraint violations: in additio the normal situation of having possibly
several constraints violated simultaneously by one anddhge student solution, we now are faced with
the existence odlternative view®on a conflict in the student’s solution, where each of thetszradtives
can give rise to a perfectly valid error description and rhagmain involve a number of distinct constraint
violations.

Ambiguity is a defining property of a particular problem domadt therefore cannot be completely
avoided without losing essential characteristics of thenaio to be taught. Using mainly examples
from foreign language learning we will investigate the origf ambiguity in more detail and discuss its
consequences for the application of constraint-basedméagstechniques. In particular we will identify
four areas which can be considered major sources for antyigaimely
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¢ a limited observability of internal variables of the prablelomain,
e polysemy of symbols used in the problem domain,

e alternative conceptualizations of domain knowledge, and

e uncertainty about the intended structure of the studealigtisn.

These problem classes then can be used to determine th®leaghistication an appropriate problem
solution requires.

Ambiguity in the problem domain inevitably leads to diagimsincertainty, if erroneous solutions
have to be considered. Itis this uncertainty which preveaistraint violations from being used directly
as a student model. Faced with ambiguity a constraint-besmiel usually provides a vast variety of
diagnostic information, which needs to be filtered and cosdd, before it can be used in a practical
tutoring system. The section on hypothesis selection willlévoted to this issue.

CONSTRAINT-BASED MODELING

Formally, constraints are pairs consisting of a relevara gnd a satisfaction part (Ohlsson, 1994).
They are used to describe conditions which must hold foryegyeartial) solution contributed by the
student. Using the relevance part, constraints can beadilmwards specific exercise (types) and spe-
cific (structurally determined) configurations within aiggd student solution. Additional requirements,
which have to be fulfilled in that specific situation, are abdethe satisfaction part. From a formal point
of view, constraints are universally quantified logicalniolae consisting basically of an implication

relevance part- satisfaction part ()

i.e. whenever the relevance part evaluates to true thdagaimn part must do so as well. If, however,
a constraint is violated this indicates a shortcoming ofstuglent solution and possibly hints to a mis-
conception of the student. Thus, constraint violations lbarused to trigger appropriate instructional
actions.

CBM comes with a number of advantages. First of all, it omgahe need for a directly runnable
expert module, which would be able to carry out the given lgmbsolving steps on its own and is
difficult to develop for many application areas. Instead MC&ms at defining instructionally relevant
equivalence classes, i.e. establishing abstractionsdofidtual solution attempts. By not prescribing
a particular sequence of solution steps, but checking fairergeneral requirements a solution has to
meet, CBM offers the student a remarkable degree of freedosutimit innovative solutions and even
invites her to explore the space of possible solutions witlamy further restriction. If in the worst case
constraints accidentally happen to be too weak to precisdirict the space of admissible solutions,
erroneous solutions can be left uncommented by the systawverteless, such a behaviour compares
favourably with alternative approaches, where model itions inevitably cause the rejection of unusual
solutions which are fully acceptable, but have not beenarpeby the system developer.
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Furthermore, CBM appears to be neutral with respect to dfgppedagogical approach and can be
used both in incremental scenarios, where the solutioteglyaf the student is monitored step by step
and partial results have to be evaluated, and batch-likeemnaetich only considers complete solutions
to be checked for errors. After all, the decisive questionsifig CBM in the design of tutoring systems
is one of knowledge acquisition: is it possible to cast thabfgm domain in terms of sufficiently strong
constraints, which also provide useful abstractions abweitemerging skills of a student? To answer
that question, we will investigate a number of subprobleromfthe area of foreign language learning,
which introduce a number of interesting characteristiad mght shed some light on the potential and
the limitations of the CBM approach.

CBM is based on the idea that in many domains learning taleg@s learning from performance
errors, whereby errors result from declarative knowleddpckv has not yet been internalized. Second
language acquisition in controlled learning environmeglike in a common student-teacher setting, is a
particularly instructive example for this kind of cogniidlevelopment:

Firstly, language is taught as a kind of declarative knog#eldy providing the student with

e sample utterances,
e facts about the meaning of words and their grammatical ptiese

e rules about how to combine words in a proper way, to evertumlild up meaningful and well-
formed complex language constructs, and

e guidelines about the appropriateness of certain uttesameéer particular circumstances.

Usually, teaching (part of) a grammar in such a way is by nhonaeafficient for the development of

applicable language skills in a student. In any case, thmileg process has to be complemented by
intensive repetitive exercises. Such exercises allow tilndegt to actively practise language use, thus
helping her to internalize the acquired knowledge and ntpitiaccessible for communicative purposes.

Secondly, language production (the active and thus moreritaugt part of language use) is not
a consciously guided process of reasoning, which can baddaoy applying a particular predefined
sequence of solution steps. In this respect natural larrgugammunication differs considerably from
other cognitive tasks like algebra or computer programmildgder normal circumstances, the process
of generating language utterances can hardly be observestews its ultimate outcome definitely can.
Therefore, the incremental analysis of partial resultsoisanprimary goal in a language learning envi-
ronment.

Thirdly, language communication is an activity primarilyiged by the speaker’s personal inten-
tions. Although for practical purposes the space of possitientions can be narrowed down to a certain
degree (e.g. by formulating an explicit exercise task, yvigling a textual or pictorial description of
a real-world scenario, or by simulating a restricted kindliaflog), there is obviously no way to fully
take control of a person’s intentions without renderingdbmmunicative setting completely unnatural.
Again this is a remarkable difference to other learning saskhere the aspired outcome of an exercise
can clearly be specified by verbal or non-verbal means.
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Finally, active language use is always a problem of choitevden a large number of possible al-
ternative expressions. Here, the analytical nature of C8bf great advantage, since by not prescribing
particular solutions it opens up possibilities for creati@anguage use, instead of requiring the student to
merely replicate predefined patterns.

CBM starts from the assumption that the observation of atcains violation allows us to draw
a direct conclusion about the current cognitive state ofstaeent. However, experience with natural
language data gives rise to the suspicion that this can lem timk granted only as long as the domain
under consideration allows us to make some important siyimudi assumptions, namely

e the preconditions of a constraint are always sufficientlgreg touniquelyidentify the relevance
of the particular constraint and

¢ the satisfaction part of a constraint evaluates to a trullevilnat can be determined independently
from the outcome of other constraint applications.

Both assumptions may be adequate for many of the situatiandléd in simple domains, like algebra,
where both, the numerical value of a number and its role ivargproblem are beyond any doubt. This
situation, however, will change dramatically if differekinds of ambiguity have to be managed using
CBM.

MODEL-BASED DIAGNOSIS

To better highlight the differences between different aaion classes for CBM, we need to put the
approach on a more formal foundation, something we caneehising the descriptive framework of
model-based diagnosis (MBD) (Reiter, 1987). MBD is basedhemotion of informationally coupled
components. Components receive their semantics via asgmpsitive description of their behaviour

type,(X) — out(X) = f(in(X)). 2)

Note that formally there is a strong analogy between thigesgion and the formal description of a
constraint in CBM: the premise simply contains a type chemkddtion, whereas the conclusion states
a (perhaps complex) input-output relationship which a comemt of the given type has to fulfill. To
be able to perform diagnostic reasoning, component desgergpare additionally guarded by a "normal-
behaviour” assumption

type (X) A —abnormalX) — out(X) = f(in(X)) (3)

which can be retracted as soon as the observed behaviouersaggpbe in conflict with the desired one.
Thus, constraints are defeasible and can be violated.

Despite the apparent similarity of formulae 1 and 2 therefimmdamental difference which should
be noted: While under the CBM approach constraints are defina way that allows them to be eval-
uated independently from each other, here we might be facddsituations in which the truth value
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1 2 0 5

Fig.1. Component-based conceptualization of an addition probl

of the satisfaction or even the relevance part dependssamptionsibout the behaviour of neighbour-
ing components. As we will see, such dependencies are andiateeonsequence of ambiguity in the
diagnosis problem and require computationally more chgiley solution procedures.

As a first approach to conceptualize a simple addition eserigir natural numbers, the semantics
of a component for computing a (one-digit) sum ‘d@nd a carry over 'oyt from three input digits can
be described as

type-suniX') A —abnormalX) —
out.(X) = (in1(X) +ina(X) + in.(X)) mod10 4)
A out.(X) = (iny(X) +ing(X) +in.(X)) // 10

Components of this type can then be combined to build moregmamodels for multi-digit addi-
tion, by providing appropriate type declarations and cotividy statements (cf. Figure 1)

type-sum(sum) A type-sum(sum) A type-sum(sur)

ing(sumg) =3 A ing(sumy) =8 A in.(sumg) = out.(sum) A...A in.(sum) =0 ©)

These axioms taken together comprisedistem descriptioy, a complete specification of the problem
given to the student, e.g.

3 3 8
+ 8 7 7
? 0?2 7?2 ?

If now a student solution (anbservationO) becomes available, i.e. in the example of Figure 1 the
number 1205
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out.(sumg) = 1 A out.(sumg) = 2 A out.(sum,) = 0 A out.(sum ) =5 (6)
the complete set of axioms can be used to check the correctig3. For that purpose, normality
assumptions are kept as long as no counter-evidence isateail A diagnosisD then is a subset of
retracted normality assumptions which together with thetesy description is sufficient to derive the
observation

SUDEO (7)
and is minimal in the sense that there is no proper subsét which also allows the derivation of the
observation. Any set of abnormality assumptions which @amferred under this definition can be said
to provide aminimal explanatiorfor the inconsistency of the axiom system. The empty diaighas$
course, corresponds to an error-free observation.

In our example this kind of reasoning results in

D, = {abnormal(sum) }

being a diagnosis, since the student obviously was not algeoperly add the two digits 3 and 7 in the
second column plus a carry over of 1 from the rightmost onelo&er analysis, however, reveals that
there is another minimal explanation namely

Dy = {abnormal(sum)}

based on the assumption that the student was not able (@mtfdoydetermine the carry over in the
rightmost column properly.
Two important lessons can be learned from this example.

e The diagnostic precision of the chosen axiomatizationiry/fiow. Although the procedure is able
to roughly determine the place where the error occurredasit fs not in a position to deliver a
pedagogically useful diagnosis.

e In spite of its disappointingly weak diagnostic informatjceven such a simple axiom system
systematically producedternative error interpretationgor a faulty system.

While I will return to the second issue in the section on leditobservability, | would like to discuss
the first one in more detail already now, because it toucheduhdamentals of domain knowledge
acquisition.

Raising the adequacy of diagnostic information for pedagdgurposes always requires the design
of a more sophisticated axiomatization of the domain at h@mna roughly equivalent approaches are at
our disposal

e to introduce different fault-modes for the components inroodet, e.g. for not being able to add
digits and for not being able to handle the carry over prgper

A corresponding axiomatization for a subtraction taskvegiin (Self, 1992)
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Fig.2. An alternative axiomatization of the addition domain

1 2 5

e to break down components into a more fine-grained desaniptio

Following the second possibility, the bipartite definitifiom components of type 'sum’ as given above
already suggest a split into two sub-components for addigitscand for carry-over computation respec-
tively

type-3addX) A —abnormalX) — out(X) = (iny(X) + inz(X) + in.(X)) mod 10 (8)
type-carnf X) A mabnormalX) — out(X) = (in1(X) + iny(X) +in.(X)) // 10 9)

An appropriate "wiring” for our addition problem is given Kigure 2. Now the two minimal explana-
tions D3 = {abnormal(carry)} and D, = {abnormal(adg)} more precisely pinpoint the two possible
reasons for the error. Note that none of the explanationmsée be more plausible, because (a) the
correct handling of the carry over at the leading positiodidates unquestionably that the student is
well aware of the concept itself, and (b) all additions ex¢bp flagged one have obviously been treated
properly.

Although the diagnostic ambiguity did not vanish, the newaratization provides us with a po-
tentially useful criterion to select among competing ehypotheses. Imagine for that purpose, that now
the student solution would have been 1105. In that case wiheod up with three alternative diagnoses

D5 = {abnormal(carry), abnormal(carry)},
Dg = {abnormal(add), abnormal(carry)}, and
D7 ={abnormal(add), abnormal(adg)}.

A criterion for error selectioncould now be applied, based on a consistency assumptiar: explana-
tions are preferred if they exhibit a recurrent problem &f skudent. In the above case this would have
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Fig.3. A third axiomatization of the addition domain

been diagnosi®s;, which addresses a problem of carry-over treatment at anghbueading positions.
This possible error cause is even better highlighted inhird tonceptualization of Figure 3, which is
based on addition components for two digits, and treatsdd#ian of the carry over separately.

type-add X ) A —abnormalX) — out(X) = (iny1(X) + inz2(X)) mod 10 (10)
type-add-¢X) A —abnormalX) — out(X) = (in1(X) + ing(X)) mod 10 (11)
type-carry X) A —mabnormalX) — out(X) = (iny(X) +ina(X)) // 10 (12)

Note that under this axiomatization the two types of additomponents "add’ and 'add-c’ have exactly
the same semantics. The difference in their type assignhanbdnly been introduced to better support a
hypothesis selection based on a consistent-behavioumasism. Thus, among the possible diagnoses

Dg = {abnormal(carry),abnormal(carry)},
Dy = {abnormal(add-¢),abnormal(carry)},
D, = {abnormal(carry),abnormal(add-g},
Dy; = {abnormal(add-¢),abnormal(add-g},
D1» = {abnormal(adg),abnormal(adg)},

there is only a single one (namely; ;) which shows consistent behaviour ft components of a par-
ticular type.
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As we have seen, model-based diagnosis is also a powerflibtabagnosing student solutions. Its
main advantage consists in only being basegaositive description®f normal component behaviour.
All diagnostic information is derived from conflicts betwethis positive knowledge and a particular
observation. In this respect MBD shares its main advantagigsCBM in general. In particular, no
anticipation of possible errors is necessary.

MBD can always be applied, as long as a suitable decompuositim informationally coupled
components can be found. Since the semantics of comporgeuisscribed by constraint formulae,
from a superficial viewpoint MBD seems to be a special caseBWIC At this level of detail the main
difference between the two approaches obviously congidtsel guidelines they provide for specifying
constraints. While CBM besides the general condition ofépehdence imposes no further restrictions on
form and content of a constraint, MBD requires constraiotgrecisely mirror the component structure
of a domain. Whenever it becomes necessary to emphasizgifterence in the sequel we will call the
restricted models of MBD also component-based ones.

Since in MBD constraints are restricted to only local inputput relationships of components the
space of possible conceptualizations is narrowed downidenrably. Nevertheless these guidelines are
not strong enough to uniquely determine a model structummadst cases. As we have seen already,
different decompositions into model components are stiigible.

As long as the observation is a complete and certain one,dpttoaches show indeed an almost
identical behaviour. The fundamental differences onlyobee visible if ambiguity is involved and MBD
also has to establish a global consistency of the axiom mysterder to be able to explain the obser-
vation in terms of component behaviour and error assungti@n the one hand, it is this additional
requirement that allows a model-based axiomatization todeel as an expert module. Being based on
a model of correct behaviour it is not only able to derive edescriptions but can also generate cor-
rection proposals for the student directly. On the othedhassumptions on the abnormal behaviour of
components become sensitive to their context. This mutegédence requires the propagation of the
consequences of a local error assumption through the wbakraint net to check its compatibility with
other assumptions elsewhere.

In contrast, the independence of constraints in CBM easestr@int checking considerably but
makes it rather difficult to achieve a comparable diagngstécision in domains with a high degree
of ambiguity. Apparently, there is no fundamental differerbetween the two diagnostic approaches
from a knowledge representation perspective. Both arelglesstances of a constraint-based model.
Constraints, however, are differently processed by difieconstraint evaluation procedures. It is one
of the main purposes of this paper to determine which kindooktraint satisfaction procedure will be
appropriate for which class of applications.

SOURCES OF AMBIGUITY

To identify why and under which conditions ambiguity is arpntant issue in a tutoring system, we

first review the algebraic exercise of the preceding se@gain before turning our attention to a series

of more challenging problems typically encountered whexgosing errors in language utterances.
Natural language is notorious for its inherent ambiguity #rerefore can serve as an ideal source
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of examples to illustrate the difficulties of solving amhbigis diagnosis problems. We will determine
four different domain characteristics which turn out to b&jon sources of ambiguity. Our goal for such
an analysis will be threefold;

1. to provide a kind of checklist which can be used to find outtliar other application domains will
suffer from similar pitfalls,

2. toindicate solution methods which have been succegsfpfllied in the corresponding application
domains, and

3. toillustrate how increasingly ambitious system sohsidor a complex problem domain like for-
eign language learning can be built by successively rengotfie limitations of earlier versions
which, of course, have been imposed deliberately to avaiticpéar types of ambiguity.

Limited observability

When considering the first axiomatization given in Figure & lave seen an explanatory ambiguity
turning up, which prevented us from being able to simply cotaphe most plausible error position. This
is the first type of ambiguity we have to consider: given aaieraxiomatization one cannot uniquely
infer from the data whether a constraint is violated or notour case the uncertainty has obviously been
caused by the inability to directly observe carry-over ealbetween the three columns of the addition
problem. Thus, the two carry overs need to be considitednal variablesof the model whose values
are not restricted by any outside information. In all theregkes discussed so far it remains unclear,
whether the carry over was completely dropped, or the stualgtnally took it into account, but failed to
add it correctly at the position next to the left.

Although this explanatory ambiguity cannot be avoided wuthseriously modifying the original
problem, different modeling approaches allow us to deditedy arbitrate between diagnostic precision
on the one hand and diagnostic ambiguity on the other, dépgd which kind of domain knowledge
can be provided and how effective the available selectidearz are.

The more limited the visibility of certain model informatias, the more explanatory ambiguity has
to be expected. This can easily be confirmed by comparing xtoenatization of Figure 2 with that
of Figure 3, where the doubling of internal variables giviee to a proportional increase in the output
ambiguity.

Proposing to additionally include "slipper’ components|f$1992) certainly introduces an extreme
case of limited visibility into the axiomatization. "Slipp’ components have to be inserted between the
algebraic components proper and the observation, in codaotlel unpredictable slips of the student

type-slippefX) A —abnormalX) — out(X) = in(X) (13)

Thus, arbitrary substititutions of elements of the studmhation are licensed. The "real” result, i.e. the
one the student actually had in mind, is made highly invésifl an outside observer. Accordingly, a
huge number of spurious error hypotheses (exponentiakimtimber of "slipper” components) will be
generated by the diagnostic inference, which can only bepeosated for by very powerful selection
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criteria.

From a tutoring perspective it is important to note that thidbiguity resulting from limited access
to system-internal variables prevents instructional liee#t to be immediately invoked by individual
constraints. In such cases CBM can no longer be consideradlant modeper se Usually several
competing error explanations will be available, which nésdbe combined with additional evidence
from other sources, e.g. additional observations or delegreferences. Although sometimes, as in the
addition example above, students can be asked to providaigseng information, in many cases such
an interaction renders the exercise task somehow unnatural

Unlimited observability is only granted, if all conditiomsside the satisfaction part of a constraint
can be evaluated immediately. That means not only that thehr value can be directly derived from
the observation, but also that in combinatorial problentepdhe evaluation should restrict itself to only
locally available information. Both conditions are vi@dtin the above mentioned addition exercises,
where the most plausible diagnosis does not only dependeoaltbervation of a single component but
also on hypotheses about the fault mode of neighbouring. ones

Polysemy

Polysemy is not only a well known phenomenon in human comaatioin but also happens to be a
popular technique in the design of programming languages:amd the same symbol receives several
different meanings, among which the actual one has to betsdlaccording to the context in which the
symbol appears. Take as an example the ’+-sign, which irtiaddo its normal semantics for adding
numerical values, could also be used to concatenate stirggen append lists.

An artificial kind of polysemy is introduced if "spelling” esrs are also considered. In many cases
they can be corrected in quite different ways and therefegeire to maintain precise assumptions about
their origin, which might cause other constraints to faigjiite different ways (Menzel, 2004).

From a diagnostic perspective polysemy makes the analysidgm considerably more difficult,
because now two highly intertwined tasks have to be carnigdgionultaneously: (1) to select the most
plausible meaning of the observed symbols (a process ystadled disambiguation) and (2) to deter-
mine possible constraint violations given the disambigdaheaning.

The notion of polysemy is used here in its widest possiblssamd as such is abundant in natural
language. For instance, the English wdish carries both number features, singular and plural, but is
disambiguated if being placed in an appropriate contthése fish On the semantic level words like
bank denote completely different things and with respect to regmatic function one and the same
utterance can convey quite different speaker intentiamghe following we will start to consider simple
examples from the area of morpho-syntax and try to extendypipeoach to more ambitious problems
later on.

Even though in most cases ambiguous word forms are suffigidisambiguated by their context,
their ambiguity may easily resurface if a diagnosis of esxaurs constructions is attempted. Consider the
example sentence
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number number
determiner noun verb

{plural} {singular,plural} {singular}

these fish stinks

Fig.4. A component-based model for a simple agreement problem

These fish stinks.

Here we are faced with an agreement problem involving twopmmrants for number agreement, which
has to hold between determiner and noun on the one hand (&nygihoun) and noun and finite verb
on the other ('numbekoun-vers). Using a set-based representation for feature handéiegmembership
can be used to denote the assignment of (possibly alteehdéiature values. Thus, the number slot of
the word formfish is mapped to the feature set {singular,plural}’. Such aresgntation is not only
advantageous for an efficient implementation by mearsooétraint propagation techniquebut also
facilitates an alternative conceptualization as disaligs¢he following section.

For the simple agreement problem two components are reuitdch are informationally coupled
at the noun (c.f. Figure 3)

type-number(numbefeinoun A type-number(numbefoun-verd (14)

out(numbelget-noun = IN(NUMDbETHoun-ver (15)

For agreement to hold between two word forms the followingditions have to be satisfied:

e the intersection of the two feature sets at the input and tityeud of a component has to be non-
empty, and

e all values not in the intersection have to be excluded frorth&r consideration in other (neigh-
boring) constraint evaluations.

The latter condition takes into account, that agreementirarsitive relationship and the procedure for
constraint checking needs to compute the transitive abostihis is ensured by introducing an update

2English is morphologically a rather poor language, whepeaking” examples are hard to find. We will discuss more
plausible applications in other languages later on.

%To simplify the presentation of more complex models for #flep natural language examples, from now on components
are represented as arc labels, whereas boxes correspoardatoles, i.e. word forms filled in from either the exercisatext,
or the student response.
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semantics into our axiomatization (which is needed for &inieht implementation as a constraint prop-
agation procedure anyhow), thus changing the nature otredmts from a passive condition checker to
a mechanism of active value assignment

type-number(X)\ —abnormal(X)— in(X) := out(X) := in(X) N out(X) # (16)

The observation is derived from the input sentence by mebasdectionary, which maps input word
forms to logical combinations of morpho-syntactic feasur&eplacing word forms by their dictionary
entries we come up with the following value assignménts

in(numbergetnoun = {plural} A out(numbelket.noun = {Singular, plural}

A out(humbemgun-very = {Singular} (17)

This example illustrates that the transitive nature of egrent is indeed crucial for an adequate behaviour
of the diagnosis: both agreement conditions in Figure 4aisfied locally (either in the singular reading
or the plural one). Global consistency, however, can onlgdtablished assuming one of two alternative
error hypotheses

D13 = {abnormal(numbeget.nou)
D14 = {abnormal(numbegoun-verd) }

Note that any attempt to exclude certain interpretatioomfthe space of alternativespriori does
not result in a satisfactory solution of the diagnosis peohlsince the different error interpretations usu-
ally have different degrees of plausibility in differentndexts. In our example the plausibility probably
will depend on how many fish have to be considered in a paatic@denario.

Unfortunately, the necessity to establish global consgstdas an immediate consequence: the out-
come of a constraint violation no longer can be determinedlly but also needs to consider the outcome
of constraint applications at neighboring componentscé&lacal agreement is not a sufficient condition
to infer the absence of an error, all possible combinatidnsror hypotheses have to be checked for
global plausibility, which in complex constraint systemight already incur a substantial computational
effort.

Obviously the existence of word forms with different morghmtactic readings confronts us with
the same type of ambiguity as we have already observed inltlitan example: considering a component-
based constraint in isolation we cannot determine uniquélgther it holds or not. However, this un-
certainty has quite different reasons now. While it was edusy a limited observability in the addition
example, it is an inherent property of the observable dathenagreement task. In a broader sense,
morpho-syntactic ambiguity of word forms could also be idereed a special case of limited observabil-
ity: although word forms are fully visible to the diagnosticocedure, the value assignments established
by them are not. In contrast to the carry over of an additi@r@se, the intended selection of a grammat-
ical feature can not easily be elicited from the student evittheavily disturbing the natural conditions

4Although agreement relations are in fact symmetrical, wepkine traditional notation and refer to the two connection
points of a component as 'in’ and 'out’.
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case

gender

number

casq

select=local/direct

inflection ype

Fig.5. A component-based model for the agreement within a Geprepositional phrase

of human language production.

Of course, alternative axiomatizations to the ones sugddst MBD are possible. As long as we are
concerned with rather simple agreement problems as thendfiglire 4, where only a single two-valued
feature is involved, the usual local constraints

agree(determiner,noun,number)

agree(noun,verb,number) (18)
could be complemented by an additional non-local condtlikim
ambiguous(noun,number)- agree(verb,determiner,number) (29)

It requires verb and determiner to also agree with respaairaber if there is a number ambiguity at the
noun® Apparently the advantage of this alternative modeling sts®f all constraints being completely
independent from each other. Thus, they can be checkedlatisoand, if violated, directly invoke
an appropriate error message. Unfortunately, the apprdaeh not provide a general solution to the
ambiguity problem, since it simply moves the difficultiesrfr the algorithmic level into the composition
of the constraint set. It fails already if slightly more cdepagreement problems need to be considered.

The reason is that MBD always establishes global consigtim@ particular value assignment and
a particular set of error assumptions. If global consistes@bandoned, diagnosis results in incomplete
and often misleading error descriptions. To avoid this fmobwhen designing independent constraints
would require to combine local constraints into global otasng all combinationsof component fail-
ures forthe same value assignmdnto account. Only then can the necessity to check the aatish
part independently from the outcome of other constrainfiegions be properly addressed. We will
discuss a similar axiomatization within the MBD framewonkthie next section.

5T. Mitrovic, personal communication.



16 W. Menzel / Constraint-based modeling and ambiguity

Situations in which global consistency is crucial but cano® easily modeled with independent
constraints occur frequently in languages with a fairljhnaorphology. Figure 5 shows an example for
the correctness conditions of a German prepositional phfllse model is based on agreement compo-
nents and similarly defined ones for value restriction, Wiaie needed to model e.g. case government. It
also includes selectional restrictions imposed by the,werks distinguishing local PPs from directional
ones. For an utterance like

Es liegt hinter der Tische
local local,dat masc,nom,sg masc,nom,pl
direct,acc all,gen,pl masc,gen,pl
masc,acc,pl

(It is lying behind the tables)

a MBD produces the correct double error
D15 = {abnormal(casgrep-noun, abnormal(casgoun-dej}-
whereas the axiomatization with the above given non-looabtraint is not even able to detect an error,

since the three word forms agree pairwise but, unfortupatelt all three together. Similarly Holland
(1994) complains that typical foreign language tutoringtegns diagnose a sentence like

*Wir  stehen auf die Berg.
local local,dat  femin,nom,sg  masc,nom,sg
directacc  femin,acc,sg masc,dat,sg
all,nom,pl masc,acc,sg
all,acc,pl

(We are standing on the mountain.)

into a single error description
D14 = {abnormal(gendegetnoun}-

which is clearly inappropriate, because the verb requiréscal prepositional phrase, which in turn
translates into a dative case requirement for the noun dogkguently also for the determiner. Simply
replacing the determiner with the corresponding mascdtma wouldn’t help either because it triggers
a contingent case error. Therefore, a double error assomigtirequired to describe the situation cor-
rectly to the student. Again, the problem is caused by eiimmnadequate model or an insufficiently
general procedure for constraint solving in domains witigh degree of ambiguity. If the general CBM
approach should be maintained, but the loss of diagnosticiggon cannot be tolerated, constraints will
become extremely complicated.

The example of a German prepositional phrase can serve asdailfystration for the degree of
sophistication which can be achieved by means of a puretyriedased approach. Although a consid-
erable degree of flexibility is already available, exersiaee still restricted to the particular phrase type
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s-gender a-gender
s-number . a-number
antecedent possessive noun
S-person a-case
Oma ihre Brille

Fig.6. A model for exploring the use of German possessive pramoun

for which the model has been designed. Therefore the soligistill far from what a natural commu-
nication would require. Nevertheless, even simple diadggean be simulated already, as long as the
student is made aware of the system limitations

System: Wo hast du Omas Brille gefunden?
(Where did you find grandma'’s glasses?)
Student: Auf dem kleinen Tisch.
(On the small table.)

In limited domains, such a model can be made fairly "wat@eft which even suggests inviting
the student to experiment with it, i.e. to explore the spdqgaoasibilities with the goal of inferring the
underlying regularities. A good example for such a domaihéscorrect use of the German possessive
pronoun, which requires obeying different agreement cams with the antecedeandwithin the cor-
responding noun phrase (stem vs. affix inflection). Figurbdivs an outline of the model structure. It
can easily be integrated into a slot-filling exercise like

System: Omaantecedenscht ... Brillegovemor
Grandma is looking for ... glasses

where only the possessive can be chosen by the student,ashiibeeother two variables (governing noun
and antecedent) are controlled by the system.

Obviously, the application of a feature-based diagnosisoislimited to the agreement between
complete word forms. Word forms can be decomposed along theiphological structure and the
combinability of morphemes is again modeled by means ofifeatgreement components. This way
at least parts of the inflectional regularities of a languege be included into the range of possible
exercises. Irregular inflectional forms likgoed can be analysed and properly explained to the student.
This leads to interesting applications in inflectionallghrianguages, e.g.

e missing stem inflection (umlaut) in German

die Gabel ... (mit)den Gabeln (the fork/with the forks)
der Apfel ... *(mit) den Apfeln  (the apple/with the apples)
— 'Apfeln’ requires umlaut in plural
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number paradigm
. gender noun- number
determiner ending noun
case gender
die -S Apfel

Fig.7. A component-based model for German noun inflection

paradigm

animatedness animatedness
)

I stress adjective noun-

ararspen N 7 \\_number 7
part of speech

part of speech
Xxopomi- -as -a maron-

Fig.8. A component-based model for Russian noun phrase inftectio

e inappropriate choice of gender specific inflectional payadi in German

die Schachtel ... die Schachteln (the box/the boxes)
*die Apfel ... *die Apfeln (the apple/the apples)
— 'Apfel’ is masculine, not feminine

e phonologically inappropriate inflectional paradigms insBian

HOBLIZI moMm but Goanmo#i mom (new house/big house)
* GOJIBIIBIA TOM

— Boawmoit has word stress on the ending, which therefore must chaoge fr
-w1i1 {0 -oi1

e phonetically inappropriate inflectional paradigms in Raiss

HOBBIZ moMm but wmanemprmii mom  (new house/small house)
* MAJIEHLKBLIN OOM

— the rootmasennk- ends with a hard consonant but the endingi can only
be used with a soft one

The corresponding models are given in Figure 7 and 8 respécti

The approach can easily be extended to also include ordexdrements (linear precedence: Ip)
and even dominance restrictions like obligatorinesg ¢onditional obligatoriness—), optionality (),
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select=local/direct

prepos. + graduating
determiner particle
case
gender Ip —
number
|
exor noun ] A4 P adjective ]
. <
cas o ec\\oﬂ Y
\

preposition lp /

select=local/direct

Fig.9. A component-based model for German prepositional phrase

mutual incompatibility (exor), or mutual necessity) of constituent components (Menzel, 1990). Fig-
ure 9 shows a corresponding model for a German prepositighrase. The additional constraints con-
tribute to a considerably increased syntactic flexibildy the student, which now covers

e optional adjectival modifiersunter dem [linken] Stuhl (under the [left] chair)

e optional maodification of adjectivesinter dem [ganz] linken Stuhl (under the leftfmost] chair)
e nominalization of adjectivesnter dem linken (under the left on@nd even

e phonological contractionunterm Stuhl (under the chajr)

and make possible the diagnosis of a broad range of additesrar types, among them reorderings,
missing obligatory elements, etc.

Alternative conceptualizations of domain knowledge

Diagnosing morpho-syntactic errors by means of agreenm@mponents results in error hypotheses re-
flecting a particular view on an erroneous situation: if daiarconstraint has been found to be violated,
this diagnostic result corresponds to the assumption tigastident did not obey (or was not aware of)
the underlying grammatical regularity, i.e. madeuke error. Thus, the system presumes a lack of (ap-
plicable) generalised grammar knowledge. There exisisgher, a complementary view on agreement
errors, which considers the student being fully aware ofuhderlying constraints, but instead mak-

ing wrong assumptions on the actual lexical value assigtsrniarthe dictionary of a language. Under
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number number
number
determiner noun verb
{plural} {singular,plural} {singular}
these fish stinks

Fig.10. A component-based model for factual errors diagnosigyogement problem

this perspective the student committethet error by perhaps not knowing that the word fotimeseis
actually plural, not singular.

Both perspectives address completely different cognpingblems of the student, require specific
instructional actions to be taken and are differently glaasin different exercise contexts. This in-
troduces a second important class of ambiguity into thendisic problem. Even if a unique value
assignment would allow the violation of a constraint beietedmined uniquely, we end up with several
competing error descriptions reflecting different poiritgiew.

Like rule errors, their fact-based counterparts can alsdibgnosed using the model-based ap-
proach. They require, however, components which selsabaef the features from the dictionary to
be checked for equality

type-number-lex(numbefey) A type-number-lex(numbejour)

A type-number-lex(numbeg) ¢
out(numberyey) = out(numbengyn) = out(hnumbekern) (21)
type-number-lex(X)\ —abnormal(X)— out(X) := subset(in(X)) (22)

The observation is identical to that of the original modglifrigure 10 shows the corresponding model
layout. Note that the choice of a subset from a given set isnadeberministic operation, which again

requires search to find the optimal combination of compometnactions. Such an approach is only
feasible because the selection is controlled by the veongtequality requirement from the connectivity
axioms.

Choosing appropriate value subsets amounts to determanpayticular value assignment among
the possible ones. Thus morpho-syntactic ambiguity isessieely removed during the course of com-
putation. Having eventually a unique assignment availabtaild even allow unrestricted constraints
in the original CBM sense to be applied. However, the adgmntat a simpler constraint application
procedure is traded for the necessity to enumerate allljesslue combinations.
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Fact-based diagnoses for lexical value assignments difier rule-based ones, primarily in that
they are more closely connected to a correction possibilityey are therefore perfectly suited to pre-
cisely identify those positions in a student’s utteranceergha repair would be necessary in order to
remove a constraint violation. While a single rule error iany cases can be repaired at both connection
points of the violated agreement component, a factual etvaays pinpoints a single word form, which
needs to be exchanged. Consider, for instance, the English phrasethis apples which causes a
single rule error diagnosis (missing number agreementidntbe repaired in two different waytiese
applesor this apple These two options are then directly expressed by meansoddlternative fact error
descriptions. Hence, fact diagnoses are also inherentbigarmus and therefore cannot be transformed
into feedback immediately.

Since it is strictly correction oriented, an axiomatizatizased on lexical value assignments turns
out to be an ideal choice for an expert module: in additioneimdp able to precisely determine possible
positions for a repair, the feature assignments inferrethbydiagnostic procedure can be used directly
to retrieve appropriate word form substitutions from thetidnary. Therefore, correction possibilities
can be offered to the student, which transform her solutibm & correct one using the lexical choice of
the original utterance. Thus, model-based diagnosis addéxalue assignments combines four major
advantages of constraint-based modeling;

It offers the student a high degree of flexibility to crealjveonstruct individual exercise solutions
within the limits of the model and the dictionary.

It provides diagnoses which closely reflect the correctiaented viewpoint of a student.

It is capable of a precise error localization.

It produces diagnostic results precise enough to geneoatection proposals from them on de-
mand.

Accordingly, diagnoses of lexical value assignments seeoptimally meet the requirements of training
scenarios for second language acquisition. These adwsjthgwever, do not obviate the necessity of
rule-based diagnoses, which due to their grammar-cenpenegective in some cases much better reflect
the general picture of a constraint violation by e.g. beinlg & summarize a well-formedness condition
for a complete phrase. If, for instance, the utterance

auf die kleinen Tische (onto the small tables)

which happens to be a perfectly correct prepositional ghfasa directional adverbiaPutting some-
thing there), has been used by mistake in an environment which requilesahone Gomething being
there) the error can be described to the student either by mearndedst two simultaneous fact-error
explanations
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The determiner and the noun have wrong case (accusatieadhst dative).

which correspond to the two necessary correctiatis {~ denand Tische— Tischen. A rule-based
explanation, on the other hand, can express the same irfomia a more general way

The prepositional phrase is of wrong case (accusativedadsiédative),
i.e. it is a directional instead of a local one.

because both the preposition and the adjective are amlsguitl respect to the dative/accusative dis-
tinction.

If desired, both axiomatizations could even be combinedhiwia single model. Experience has
shown, however, that such a merge not only results in an epégaaly high number of competing error
hypotheses, but also that mixed diagnoses consisting@find fact errors are usually too difficult to be
understood by a language learner (Menzel, 1992).

Structural uncertainty

Up to now, all modeling was done based on the simplifying mggion that components and their types
can be determined unambiguouslyor to the diagnosis itself. While the algebraic exercises asede
satisfy this precondition in a natural way, natural languaigining requires restricting the possible tasks
somewhat artificially for that purpose. Similar approadh@ge also been used for dealing with program-
ming languages. Although their syntax is highly deterntiniand the degree of polysemy rather low,
programming languages still offer a great number of sotugiossibilities to a particular problem. In the
SQL-tutor (Mitrovic, 1998), for instance, a query is prestured by means of a specifically designed
user interface, where the student has to fill in her solutma distinct slots for the different clauses.

If we now talk about natural language in a more unrestricexks, however, such methods are
not easily applicable. Human language (even on a begintees) is characterized by a great variety
of lexical and structural formulation alternatives, and a tutoring systaust be able to deal with them
appropriately, if a communicatively meaningful use of laage is aspired to. This variety makes the
disambiguation problem even more challenging: in addittselecting among alternative value assign-
ments for the components of a diagnostic problem, possibieswf combining them need to be decided
upon.

Unfortunately, even the very existence of a component {ergagreement) hinges upon a syntactic
relationship being established between particular woneh$o So, for instance, the head noun of a noun
phrase has to be nominative and must agree in number anchpeitbothe finite verb of a sentence, if
it is meant to be its subject. In case of an object, howeveagreement is required at all, but instead
the verb may govern the case of the noun phrase (usually &éeisr dative). Hence yet another type
of ambiguity is introduced into the diagnostic problem: dd#@ion to ambiguous value assignments and
different diagnostic perspectives now we have to deal wiéhpgroblem that not even the relevance of a
constraint can be determined uniquely!
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Computing the syntactic structure of a sentence, cglbeding is not a trivial task. Especially for
languages with a relatively free word order, like German os$tan, it relies heavily on the very same
conditions we would like to retract during our model-baseydosis. Thus we seem to be trapped in a
vicious circle: to diagnose constraint violations in aretdhce, we need its syntactic structure, but we
cannot determine the syntactic structure, if we permitteatyi constraint violations. Any attempt to do
so would inevitably lead to an unmanageable explosion irsite of the hypothesis space. This vicious
circle can only be broken if both processes (parsing andi@nsretraction) are integrated into a unified
solution procedure and additional constraining infororafrom independent sources is made available
to compensate for the loss of guiding information in caseoofstraint violations.

Such an integration can be achieved by means of a parsingnsysised omweighted constraints
Instead of the binary retraction scheme we used so far, nowighivdescribes thdegreeto which a
constraint violation can be accepted by the system. Cantsrare not directly used to describe the
possible combination of word forms in the observation, bstrict the space of structural interpretations
(i.e. trees) into which the observations can be organizégerG natural language utterance, the system
is expected to determine (1) its optimal syntactic structmd (2) the constraints violated by the opti-
mal structure, where optimality is defined again by constreiolations. Parsing, therefore, becomes a
constraint optimization procedurevhich tries to find a structural interpretation for the ihgentence
violating as few and as least important constraints as ples@roth et al., 2005a) (Foth et al., 2005b)
(Schroder et al., 2000).

Among the available solution methods for constraint optation transformation-based algorithms
have been most successful. Starting from an initial depsoydstructure (usually one that satisfies at
least the unary constraints) they try to repair constraiitions by successively modifying the current
structural interpretation. The search is guided by theesdbe available diagnostic information, and the
effort spent so far. Although the optimal solution cannotgo@ranteed, such procedures obtain good
approximations in many cases (Daum et al., 2003). Theiiqudatt advantage is the availability of a full
structural description at an arbitrary point in time whi@nde improved further in subsequent repair
steps. The computation can be terminated if no further ingarent is expected or a prespecified time
limit is exceeded.

To determine the optimal structure a weight aggregatioemmehhas to be defined, which in our
case will be the product of constraint weights for all comisits assumed to be violated by a structure.
Under this multiplicative combination scheme a number ofst@int violations for comparatively weak
constraints can override a relatively strong one wed versa Note, however, that absolute constraints
with a weight of zero cannot be retracted at all.

The availability of gradually retractable constraintsoals the system developer to differentiate
between knowledge sources of different strength. As ushate are normal well-formedness condi-
tions like agreement, government, valency requirements seong linear ordering requirements, which
should be enforced by the system and reported to the studéotated. Additionally, various kinds of
preferencegan be incorporated, which are helpful (1) to guide the $efmcthe optimal interpretation,
(2) to decide in case of otherwise unresolvable ambiguitgl, @) to arbitrate between different sources
of evidence. This way, a huge body wficertain knowledges exploited for disambiguation, which in a
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PMobD

SuBJ

AMOD :

Die Brille liegt auf dem linken Tisch

Fig.11. A dependency tree for a simple German sentefbe {lasses are on the left tab)le.

crisp grammar without weights would not be available.

Constraints are defined over dependency relations holditvgden two word forms and relations are
annotated with a label (cf. Figure 11). A suitably definedadatonstraints forms aeighted constraint
dependency gramm&wWCDG), which assigns a dependency structure to the worddaf a sentence.

For reasons of efficiency constraints should be restriatashty access locally bounded substruc-
tures consisting of at most two dependency edges (i.e. fawd iorms) simultaneously. As usual
constraints consist of a relevance part and a satisfacion Retractability is not explicitly expressed,
because it can be indirectly inferred from the constraingive

In addition to the use of preferences, separate descrilgti@is can be established, as another way to
compensate for the weak restrictive power of retractabtestraints. Thus it becomes possible to model
relationships originating from semantics, world knowledgnd the specifics of the application scenario
independently of the syntactic structure. Defeasible rimgpponstraints facilitate a (bidirectional) in-
formation flow between the description layers. In such ahitgcture world knowledge can be used
immediately during parsing without, however, making pagsiepend too strongly on the availability of
this knowledge under all circumstances.

Here, the exploitation of weighted constraints is espbciaiportant, because the syntax-semantics
interface is dominated by strong preferences, which sonestimight be deliberately violated by a
speaker to achieve a certain communicative effect. Thipdwpe.g. in case of selectional restrictions,
which usually are a powerful means to disambiguate an uitersespecially if it contains syntactic er-
rors. However, sometimes they might need to be retractedrecgse of metaphorical language use: e.g.
only living beings can drink, but sometimes a car is said tddeking as well.

Constraints in WCDG are strictly passive. They only checletiar the satisfaction part is fulfilled,
whenever a dependency edge or a pair of them satisfies thamekepart. No value assignments can be
carried out and no structure building as in unification grarsms possible. In this respect constraints in
WCDG again resemble those of CBM. They differ, however, at {i) WCDG constraints are weighted,
and (2) they are not evaluated directly on properties of tidest input, but on a huge space of structural
hypotheses derived from it.
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WCDG-constraints consist of five components delimited Hgree

e an application pattern which can be seen as belonging toellegance part, since it specifies
whether the constraint is defined for a single dependencg aduary: '{X:SYN}') or two edges
(binary: '{X:SYN,Y:SYN}) and the level the constraint haaccess to (here in both cases the
syntactic description),

e aname, which is used to uniquely identify the grammar radigla violated by the student,
e a class, which the constraint belongs to,

e the constraint weight, i.e. a number between zero and onle, an

e alogical formula describing the structural requirementsafell-formed utterances.

A constraint has access to the lexical and positional in&tion at both the dominating word form of an
edge ('Xcategory’) and the dominated word form ((¥ategory’). Moreover, the label of a dependency
edge can be retrieved using the function 'X.label'.

Constraints can roughly be divided into three classes

¢ hard constraintavhich ensure that elementary requirements of syntacticefiraglare obeyed, e.g.
a unary constraint licensing the modification of a noun bytarmener with label 'DET’

{X:SYN}: det_noun_modification_1: np: 0.0:
XTcat=nounA X |=det— X.label = DET

allowed: disallowed:

the child the child

e error constraints which can be violated by the student, e.g.

— aunary constraint restricting the position of a determtongrositions left of its head noun
{X:SYN}: det_noun_maodification_2 : np: 0.1:
X.label = DET— X |pos< XTpos

allowed: penalized:

the child child the
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— abinary constraint, making determiner and adjective withnoun phrase agree with respect
to their number feature

{X:SYN,Y:SYN}: np_number_agreement : np: 0.2 :
X.label = DETA Y.label = AMOD A XTpos=Y[pos— X |number = Y number

allowed: AMOD penalized: AMOD

das kleine Kind das kleinen Kind
the small child the small child

— or a binary constraint selecting the adjective inflectiomdl vs. strong) according to the
type of determiner used

{X:SYN,Y:SYN}: np_inflection_type : np: 0.2:
X.label = DETA Y.label = AMOD A XTpos=Ylpos— X |itype = Y |itype

allowed: AMOD penalized: AMOD

ein kleines Kind ein kleine Kind
the small child the small child

e preferential constraintsguiding the search by weak ordering regularities, e.g.

— a weak constraint for the tendency of the subject to predegleliject in German clauses

{X:SYN,Y:SYN}: subj_obj_preference : clause : 0.7 :
X.label = SUBJA Y.label = DOBJA XTpos=Ypos— X |pos< Y |pos

preferred: dispreferred:

Ich trinke Milch Milch trinke ich
I drink milk Milk drink |

— or a distance constraint, which prefers short attachmdree (for the detachable German
verb prefix) over longer ones by calculating the constraigigiwt dynamically depending on
the current structural configuration

{X:SYN}: short_attachment_pref : clause : 0.9 * (1 - 1/ab$p$s-X[pos) :
X.label = VZS— abs(X| pos-X[pos) =1

preferred: dispreferred: ADV

Ich reise ab Ich reise heute ab
I depart | depart today
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Usually, even the optimal structure of a correct sentendiecamtain many constraint violations.
They are mainly caused by weak ordering and distance camtstrand need not be reported to the
student. An instructional action need only be initiated donstraints which are explicitly marked as
error constraints.

Due to the limitations imposed upon the power of constraam&/CDG cannot be used as an expert
model, which would need to be able to generate correct andhimgfal sentences in response to an
exercise. Although constraints are strong enough to degadroad range of grammatical phenomena,
they are far too weak to effectively restrict the vast spdqeossibilities resulting from all the available
lexical items in all their possible combinations. For a $&mreason, constraints of a WCDG do not
represent a universal means for diagnosing arbitrary ®ironatural language utterances. Especially
their local nature prevents them from being able to checkctbsure of a transitive relationship, an
ability which is a particular strength of MBD. Moreover, a \BG is restricted to the diagnosis of rule-
violations, and therefore does not support the computatfafifferent error perspectives (retraction of
rules vs. retraction of lexical facts).

To overcome these serious limitations, we have coupled t6®®&-based parser with a component
for MBD in a three stage architecture (Menzel and Schrod@98M) (Stockfleth, 2000), where

e in the first stage the WCDG-based parser tries to obtain atatal description of the input sen-
tence together with some classes of constraint violatiomss{ notably, missing or superfluous
material and linear precedence violations),

e in the second step a constraint net for model-based diagiwgenerated from the optimal struc-
tural description of the input sentence, and

e the third step carries out a model-based error diagnosigngpaoarticular attention to a proper
treatment of transitive condition chains, and a full acemfrdifferent error perspectives.

All diagnostic results obtained in stage one and three @ shibjected to an error explanation compo-
nent, which tries to select the most plausible hypothesdslacides about possible instructional actions
to be taken.

HYPOTHESIS SELECTION

Polysemy, alternative error perspectives, and structumakrtainty are the most important sources of
ambiguity a component for grammar diagnosis is confrontétl. wiogether they contribute to a great
variety of diagnostic results, which even for short erraregentences can easily amount to several
dozens of alternative error interpretations from which alssubset has to be selected which finally can
be reported to the student. The problem of error selectippdras to be even more complex, since each
hypothesis in turn may consist of a combination of seveshentary error descriptions, which in many
cases cannot easily be separated from each other, withtarit@adly misguiding the student.

To deal with these problems, we have implemented an errectsah based on two main principles:
error explanations need to be@ausibleand ascomprehensiblas possible. Neither of these criteria is
directly measurable. Hence, they have to be approximated.
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Since comprehensibility is highly influenced by the simipfiof error descriptions, the general
subset-based selection criterion of model-based diagmasi be reinforced to a cardinality-based one,
resulting in the most simple error explanations being prete Since we have seen in the section on
alternative conceptualizations that sometimes a sindt violation corresponds to a combination of
two fact-error descriptions, the minimality criterion st be applied to the different error perspectives
separately.

Special care has to be taken if the minimality criterion iglegal to fact error diagnoses. Sometimes
fact error descriptions do not correspond to an easily abtgl word substitution, e.g. if a diagnosis
requires changing the gender of a noun. In such cases, eplamnation will need to resort to alternative
error hypotheses, even if they are not minimal in the stramsgs.

Even if selection is restricted to the most simple error axgtions, it might end up with several
competing interpretations. In such cases other criterildo@irequired to further narrow down the space
of alternatives. Among the easily available ones is a peefes for more plausible explanations which
can be based on the likelihood of an error type. Such a ligetihcan be estimated and exploited in quite
different ways depending on how much information is avddaibout the student

e a general likelihood for all kinds of prospective studensmong language teachers e.g. the
likelihood of a gender problem is usually considered mughéi than one of case or number,
since gender is of lexical origin and almost arbitrary. #réffore needs to be learned individually
for each new noun, while other categories can also be defiwetdmore general heuristics.

¢ a likelihood specific to the mother tongue of the student,clis increased e.g. for the gender
feature, if the gender of a noun in the first and second largydagiate from each other.

¢ a student-specific likelihood, which needs to be derivecthfeolong-term observation of the stu-
dent’s performance and her individual learning problems.

Now, student modeling in the narrower sense comes into plde information collected about the
student can for instance be used to tailor the hypothesstsmh to the proficiency level of the student.
Alternatively, even the weights of the WCDG can be adjustedyrder to better reflect the individual
habits of a particular student.

How fine-grained the information about a student could bpedds mainly on the available amount
of individual observations. Although e.g. conditioning tlikelihood of error types on their lexical or
syntactic environment would certainly be desirable, itiobsly incurs a substantial knowledge acquisi-
tion bottleneck, because hardly enough observations willamilable to estimate meaningful probabili-
ties therefrom, as would be required for such a detailed inode

All selection strategies based on grammar-specific caitdrare a common drawback: they try to de-
termine the most plausible error hypothesis still relyimgackind of similarity-based comparison metrics.
Even though in the case of a likelihood-based selectionlaiityi is biased by plausibility estimations,
the selection criterion is still geared towards minimumdaaality hypotheses. As a consequence, hy-
pothesis selection always attempts to find an error exptamaivhich transforms the student solution
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Sprachen Lernen mit Meister Albrechts Bildern

Auf der Tisch liegt die
Banane

Spieler—Nr: 63
| Zay

Bild-Nr:2  'Was siehst du auf dem Bild?
|Aufder Tisch liegt die Banane

Absenden | Abbruch

Fig.12. A static micro-world used in a (web-based) languageedrcomputer game.

into themost similar onemong all the correction possibilities. In many cases tlsis eorresponds to a
proposal for repair with minimal effort.

Unfortunately, sometimes such a strategy is misleadinggume it completely ignores tltemmu-
nicative intentof the student. Consider again a situation where an utteraan be transformed both
into singular or plural (c.f. the examples for polysemy aaree of ambiguity). Which of the two
alternatives should be proposed to the student by no megende on the error type or its individual
likelihood, but rather on the exercise environment, i.ew meany objects the student is likely to talk
about. A similar problem occurs whenever the minimum errplanation suggests exchanging the gen-
der of a noun, which only in exceptional cases is possiblaawuit completely changing the propositional
content of an utterance.

Certainly, the most simple approach to control the commativie intent of a student is to provide
her with a picture of a particular scenario (micro-worldelthe one in Figure 12, taken from a prototype
implementation for a web-based language learning systeare,Hhe student is asked to describe the
subject to a blind artist in order to find out a falsificationarg a series of paintings. In our example
the student’s input sentence wasf der Tisch liegt die Banane. (The banana lies on the talbigster
Albrecht, the painter, tries to remember if, according ®iemories, he ever painted such a still. The
parrot comments on possible language errors, here pointihghe place of the error in the student’s
utteranceder Tisch

The knowledge underlying such a picture can not only be usetermine the truth value of the
student’s proposition (in terms of Master Albrecht’s mermagy but also to narrow down the space of pos-
sible diagnoses. This is achieved by either selecting flllubypotheses, e.g. in case of cardinality re-
strictions likecar d( pear, 2), card(appl e, 1) etc. as described above, or by integrating the ax-
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ioms as additional constraints into the WCDG parser itesliablishing a separate knowledge representa-
tion level, which is initialized with appropriate spatiglationships likeoehi nd(bottl e, gl ass),

| eft _of (appl e, pear 2) etc. (Menzel, 1998). Earlier experiments have shown thalis addi-
tional representation level is appropriately coupled i syntactic one, the additional evidence might
help to guide the diagnosis towards the most plausiblepregation using the pictorial information from
the knowledge base (Menzel and Schroder, 1998a).

Obviously, by providing just a static micro-world the commzative intent of the student can only
be inferred approximately. If a student feels the desireeiebbp the given scenario, she might want
to signal her intentions non-verbally. For that purposeadditional communication channel can be
established by means of an interactive graphical environrfidamburger, 1995). Available non-verbal
clues can then be dynamically integrated into the WCDG pgri bias the search for an optimal set of
constraint violations based on the probably intended mitipoal content.

If in cases of insufficient language proficiency the verbahownication with the system completely
fails, the graphical interface could even serve asl@rnative communication channel. By directly
manipulating objects of the virtual micro-world the stutlean try to illustrate her intentions thus giving
the system additional clues for guiding the diagnostic pdorce.

RELATED WORK

Constraint relaxation techniques have been used for quibagtime as a means to increase the ro-
bustness of natural language systems against ill-formauat ifWeischedel and Black, 1980). Given the
case that the normal analysis of an utterance fails to dedigpanning structural interpretation, a second
attempt is made with certain constraints of the grammargoegtracted.

With respect to error handling the language learning gettiiffers from other more traditional
applications of natural language technology

¢ in the need to precisely diagnose errors instead of simjyabng them,
e a highly increased error probability, and

e a strong bias towards errors caused by the interferencagigtic structures from the first lan-
guage.

Nevertheless, the same technique has been successfulynus@umber of systems for language learn-
ing. Schwind (1995) e.g. extended a unification grammar basecontext-free productions with a
special purpose feature unification, which in case of a featlash produces appropriate error descrip-
tions. The procedure is guided by general error-type peafsgs to always determine a single, most
plausible error interpretation. Since constraint chegkindone only within the limits of a constituent,
sometimes the most plausible reading is difficult to find. dsecof the German sentence

*Der Gotter  zUrnen. (The gods are angry.)
masc,nom,sg  masc,nom,pl pl
all,gen,pl masc,gen,pl

masc,acc,pl
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the parser does not detect an error within the noun plitas&o6tter(which is a perfect genitive NP) and
therefore signals a violation of the nominative case restn for subjects, although there would have
been a far more plausible alternative error interpretatiith a number disagreement between determiner
and noun.

Not only does Schwind’s system treat ambiguities in a hgaestricted way, it also does not support
alternative error perspectives. Structural deviationg. (fnear ordering problems, omissions, insertions
etc.) are modeled by means of special grammar rules, i.@otde dealt with by means of constraints.
To handle these error categories dedicated mal-rulesibiEgrpossible faulty structures have to be
included into the gramma.

Vandeventer (2000) incorporated a similar approach intsaanghar of French and was able to
demonstrate that a substantial amount of agreement erroesli student sentences was correctly iden-
tified by the system. Reuer (2003) used a unification grammadtitionally express existence re-
guirements for syntactic constituents by means of a unificagrammar. Thus, he is able to diagnose
omissions in a similar way as agreement requirements aidsrHe also introduced a special purpose
mechanism for relocating sentence constituents duringriblysis: superfluous words from the student’s
input are stored on a heap for possible reinsertion at a fetsition in the sentence. This way, linear
ordering errors can be diagnosed and reported to the stadenéven a precise correction proposal is
available.

With the goal of systematically treating the inherent amkiigof morpho-syntactic descriptions,
Heift (1998) implemented a diagnosis component using at@insbased grammar formalism. Al-
though she did not make the constraints explicit, in prilechper approach is also based on constraint
retraction. To model constraint violations by means of amadifeature unification she exploits a partic-
ularly inspired method to code all possible ways to violagasdicular constraint directly into the lexical
entries of the system

[phon < er>
cat|head n
1st error
synsem local .
ynsem content index| per |2nd error
3rd correc

In case of a feature clash the corresponding slot will diyezbntain an error flag, which allows a full
reconstruction of the conditions leading to the probleraagion. In the terminology of this paper, the
diagnostic results obtained from such a description peuaigtrictly lexical (i.e. fact-based) view on the
error. More general (rule-based) error descriptions cabaalerived. A similar encoding scheme has
also been invented for the possible verb positions in a Gerseatence offering the possibility to also
diagnose linear ordering problems in a student solution.

While the approach makes possible a thorough treatmenteshative readings, it also neutralizes
valuable morpho-syntactic information, which is no longeailable for guiding the analysis. Accord-
ingly, a great number of spurious interpretations can beegl as the complexity of utterances or the
coverage of the grammar grows. This casts serious doubtsegpotential for scaling up the approach
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beyond the rather controlled exercises for which it has lsed so far.

CONCLUSIONS

We have investigated a number of problem areas in which @nsbased modeling can be used to
diagnose erroneous student input and which are charatdnis the presence of ambiguity on a mas-
sive scale. By comparing these applications we were abldetatify four major sources of diagnostic
ambiguity, namely

¢ the inability to evaluate the satisfaction part of a constrandependently from the outcome of
other constraint applications, because either

— certain variables of the problem domain are not directlyeolmble (as in the example of
addition exercises), or

— relevant features of the observation cannot be determinggliely prior to the constraint
application (a situation which is typical for e.g. agreeinm@moblems in natural language),

e the necessity to consider different error perspectiveskvhan highlight different kinds of mis-
conceptions leading to the same error (e.g. the distindietmween rule and fact knowledge in
natural language), and finally

o the inability to uniquely evaluate the relevance part of @staint because the precise structure of
the particular diagnostic problem is unknown (which is tgbifor unrestricted natural language).

Due to the fact that ambiguity is pervasive in natural lamgguand that this ambiguity is mirrored in a
multitude of diagnostic alternatives we came to the comgiushat constraint violations alone do not
provide us with the desired clues about the current capiabilof the student. Instead, we also need
sophisticated mechanisms for ranking and selecting egpotheses according to certain plausibility
criteria, before a decision about an appropriate instonefi action can be taken.

From that perspective constraint-based models clearbneb the domain model of a tutoring sys-
tem. In some restricted areas a high level of model adequathe achieved that is sufficient to directly
use constraints as an expert module, which is capable oingotiie problem itself. For unrestricted
language, however, constraint-based models are definitelweak to serve that purpose.

Obviously, different application areas differ with respexthe strength of the constraining infor-
mation available to solve the diagnostic problem. Accaydim our experience the following problem
classes can be distinguished;

1. The available constraints are strong enough to desdrébsgace of admissible solutions exactly.
Model-based diagnosis techniques can be applied and,tsieceodel is able to solve the problem
on its own, it can derive correction proposals starting ftbensample data provided by the student.

(a) The available constraints are strong enough to reskricspace of potential diagnostic re-
sults to a unique error hypothesis. In such a case, constiased on a two-valued logic
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will suffice and no error selection becomes necessary. Tdtmdiion between domain and
student model vanishes.

(b) Otherwise the student model needs to be separated fedothain model and error selection
heuristics have to be used.

i. Either heuristics are available which can be directlyitinto the diagnosis procedure,
e.g. restricting it to minimum cardinality hypotheses, or

ii. apost hocselection has to be devised based on e.g. error likelihoods.

2. Otherwise preferential constraints have to be appliedwtan be used to directly integrate a great
variety of uncertain knowledge into the decision processhenoptimal solution. Even dynamic
contributions derived from the context of an utterance omfmon-verbal interactions with the
student can be made use of. An enumeration of all possibde iaterpretations is infeasible and
alternative error perspectives are difficult to accomadabe domain model can no longer be used
as an expert module.

Even the simple algebraic problem discussed above turrigd be an instance of class 1b), i.e. without
a properly designed hypothesis selection a residual dfdignancertainty cannot be avoided. The simple
agreement problems in the section on polysemy also belotiist@roblem class. They differ from the
algebraic exercises both in the much higher degree of antpigad the availability of different error
perspectives. Unrestricted natural language input glémen example of a class-2 problem. Without the
immediate integration of all the available evidence digeictto the analysis procedure no proper solution
to the diagnostic problem can be found at all.

Using these guidelines to individually tailor constraliratsed techniques to different problem classes
in natural language made it possible to reliably diagnoseesponding errors in a wide variety of learn-
ers utterances. Of course, the high degree of ambiguity weusrter in this particular domain will
always require us to make some simplifying assumptionstuRately such simplifications are not only
welcome from a system developers’s viewpoint but also agitkethe common didactic goal to hide
the enormous complexity of language from the learner at leatbhe early phases of second language
acquisition. Nevertheless, the task remains a challengimay since every approach to the diagnosis of
ungrammatical natural language will suffer from its insimfundamental dilemma: consistency checks
have to be carried out in order to determine the structure ofti@rance, whereas it is the same (still un-
known) structure which determines the consistency cantitthat must hold. Even worse, consistency
conditions might also be violated by the student.

Using weighted constraints on word-to-word relationshipe have been able to extend the idea
of defeasible constraints also to problems withaapriori unknown structure. An integrated decision
procedure was devised which overcomes the fundamentahmiigeby fully integrating natural language
parsing with error diagnosis and therefore opens up progpiperspectives for the design of commu-
nicatively meaningful language learning scenarios.

Combining a range of techniques from computer science amgpatational linguistics a system
has been developed which is based on defeasible constiiaiotgyhout and uses constraint violations
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as the only means for diagnosing student errors. It provadesh body of high quality diagnostics
which in cooperation with a student model enables the tugosiystem to select situation specific error
hypotheses, generate appropriate feedback and providdisaity tailored follow-up exercises for the
student. Despite a multitude of alternative diagnosticlteshypothesis selection criteria are available
to generate informative and individually tailored feedbatmany cases of ungrammatical input.

The approach lends itself to stand-alone solutions indichiurpose exercises, but can also be scaled
up to more ambitious communication settings. By integgatinnto a complex multi-modal interaction
environment it might help one of the dreams of computer-thdseguage learning come true: a system
capable of dealing with unrestricted language and comnatinéy relevant discourse, ready to explain
errors or make correction proposals, and being availabEnever needed.
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