UC Merced
Proceedings of the Annual Meeting of the Cognitive Science
Society

Title
Considering Explanation Failure during Content Planning

Permalink
https://escholarship.org/uc/item/6j9161kg
Journal

Proceedings of the Annual Meeting of the Cognitive Science Society, 17(0)

Authors
Zukerman, Ingrid
McConachy, Richard

Publication Date
1995

Peer reviewed

eScholarship.org Powered by the California Diqgital Library

University of California


https://escholarship.org/uc/item/6j9161kp
https://escholarship.org
http://www.cdlib.org/

Considering Explanation Failure during
Content Planning

Ingrid Zukerman
Department of Computer Science
Monash University
Clayton, Victoria 3168, AUSTRALIA

ingrid@bruce.cs.monash. edu.au

Abstract

Content planning systems generate explanations to
achieve a communicative intent, often with respect to a
particular audience. However, current research in con-
tent planning does not take into consideration the fact
that an addressee may stop paying attention to an expla-
nation because of boredom or cognitive overload. In this
case, the generated explanation fails to achieve the com-
municative intent. In this paper, we present a computa-
tional representation of boredom and cognitive overload,
and cast the problem of content planning as a constraint-
based optimization problem. The objective function in
this problem is a probabilistic function of a user’s beliefs,
and the constraints are restrictions placed on the bore-
dom and cognitive overload the user can experience, and
on the minimal level of expertise the user should achieve.
We discuss two techniques for solving the optimization
problem, and consider two types of constraints for ad-
dressing the expertise requirements. We also examine
how variations in the populations to which constraints
are applied affect the generated discourse.

Introduction

Current research in content planning focuses on planning
discourse that achieves an intended communicative goal,
often with respect to a particular audience, e.g., (Paris,
1988; Moore & Swartout, 1989; Cawsey, 1990; Zukerman
& McConachy, 1993b). However, this research does not
take into consideration the fact that an addressee may
get bored or may be unable to follow the thread of the
explanation, and stop listening to the speaker. In this
case, regardless of how carefully the discourse has been
planned, it will fail to achieve the intended communica-
tive goal.

In this paper, we present a content planning mecha-
nism which addresses this problem. Our mechanism gen-
erates a set of Rhetorical Devices (RDs) which achieves
as much of the intended communicative goal as possi-
ble, while ensuring that the user does not experience
boredom or cognitive overload, and that s/he achieves
at least a minimum level of expertise. An RD consists of
a rhetorical action, such as Assert or Instantiate, applied
to a proposition. A set of RDs typically contains (1) RDs
that convey the intended propositions, (2) subordinate
sets of RDs that present prerequisite or referring infor-
mation, and (3) RDs that address erroneous inferences.
These RDs are then organized by the discourse structur-
ing procedure described in (Zukerman & McConachy,
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1993a), and rendered in English by the Functional Uni-
fication Grammar described in (Elhadad, 1992).

Table 1 illustrates two types of discourse generated by
our mechanism to convey information about photosyn-
thesis to a fairly weak student. The discourse on the left-
hand-side contains all the information that the system
deems necessary to achieve the intended communicative
goal. In contrast, the discourse on the right-hand-side is
considerably shorter, since the system anticipates that
the student will get bored with the longer text, and hence
decides to present only the RDs that convey the gist of
the communicative goal.

In the following section, we discuss factors that cause
explanation failure. Next, we specify the optimization
problem, and describe two procedures that solve this
problem: (1) full optimization, and (2) partial optimiza-
tion combined with heuristics. We then analyze the ef-
fect of variations in constraints on the discourse gener-
ated by our system, and present concluding remarks.

Factors that cause explanation failure

An explanation fails to achieve an intended communica-
tive goal when the addressee stops listening to it. Two
factors that lead to this behaviour are boredom and cog-
nitive overload. Our measures for anticipating whether
the discourse being planned is likely to cause boredom
or overload are based on the following observations.

Boredom due to excessive discourse length. Most
people find many instructional texts inherently uninter-
esting. Hence they get bored if instructional discourse
is too long. The length of discourse a user can tolerate
depends on his/her ability and attitude, e.g., weak stu-
dents are generally less able to cope with long discourse
than stronger students.

Boredom due to unnecessary RDs. People get
bored if discourse contairs information that they already
know or can infer easily. When a speaker addresses a het-
erogeneous audience, and aims the presentation at the
average addressee, the addressees that are better than
average are likely to experience this type of boredom.

Cognitive overload. People experience cognitive over-
load when they cannot integrate the pieces of an ex-
planation to form a coherent body of knowledge [Just
& Carpenter, 1987]. This can happen because they need
to follow a lengthy argument or assimilate large amounts
of background or clarifying information. Lengthy argu-



Table 1: Sample discourse with/without considering boredom

Without considering boredom

Considering boredom

more oxygen than they consume.

Plants photosynthesize. This process consumes water, carbon-
dioxide and nutrients, and produces glucose and oxygen. Plants
use light, which is a form of energy, to photosynthesize. However,
plants cannot use other forms of energy to photosynthesize. Plants
contain chlorophyll, which is a green pigment that absorbs light.
However, chlorophyll does not absorb green light. In addition to
photosynthesizing, plants respire. Respiration consumes oxygen
and glucose, and produces carbon dioxide and water. Plants pho-
tosynthesize more than they respire. Therefore, plants produce

Plants photosynthesize.  This pro-
cess produces oxygen. Plants also
respire. This process consumes oxygen.
Plants photosynthesize more than they
respire. Therefore, plants produce more
oxygen than they consume.

ments are often required when the addressee has to make
large changes in belief; while large amounts of back-
ground or clarifying information are indicative of rela-
tively small shifts with respect to several beliefs. Cogni-
tive overload also takes place when an addressee has dif-
ficulty understanding parts of an explanation. However,
this situation is identified in our system, and corrected
by generating supporting, background or clarifying in-
formation, thus yielding the two above mentioned cases.

The prediction of boredom and cognitive overload re-
quires information regarding the length of discourse, the
amount of known or easily inferred information, and the
maximum shift in belief an addressee can tolerate. In
the current research, these thresholds are determined for
stereotypical user models by testing the effect of different
values on the discourse, while ensuring that they make
sense relative to each other. For example, strong stu-
dents can usually cope with a higher cognitive load than
weak students.

Predicting boredom due to excessive length

We compare the length of the discourse with the maxi-
mum length which an addressee can presumably tolerate.

A good approximation of the length of a piece of dis-
course is simply the number of RDs in the discourse
[{RD}qid|l. Clearly, this approximation can sometimes
be wrong, but it is not productive to realize a piece of
discourse currently being planned just to measure its ex-
act length. Thus, the requirement to avoid boredom due
to excessive length is expressed by the following formula:

|{RD}midi S TRDma:(M) (1)

where TRD,q:(M) is the maximum number of RDs a
user who belongs to user model M can tolerate.

Predicting boredom due to unnecessary
RDs

We determine the amount of planned discourse that is
already known or can be easily inferred by the addressee,
and compare it with the amount of such superfluous dis-
course that the addressee can presumably tolerate.

The superfluous part of the discourse is the difference
between the planned discourse and what really needs
to be said to achieve a communicative goal. Thus, the

requirement to avoid boredom due to unnecessary RDs
is expressed by the following formula:

HRD}mid == {RD}rcduced(M)I < URDmpaz (M) (2)

where {RD},4a is the set of RDs generated,
{RD};educed(M) is the most reduced version of
{RD},4i4 that can still convey the intended propositions
to an addressee who belongs to a particular model M,
and URDp,, (M) is the maximum number of unnec-
essary RDs a user who belongs to user model M can
tolerate.
{RD}reduced(M) is obtained by removing RDs from
}saia so long as the communicative goal is still
achieved with respect to model M. When removing an
RD, we also remove the RDs that depend only on this
RD, i.e., the sets of RDs that convey prerequisite and re-
ferring information for this RD only, and the RDs that
contradict erroneous inferences from this RD.

Predicting cognitive overload

We compare the total shift in belief required by the com-
municative goal with an addressee’s conjectured ability
to tolerate shifts in belief.

The total shift in belief required to achieve a commu-
nicative goal depends on an addressee’s current beliefs
and on the inferences s/he is likely to make. For in-
stance, a user who has strong erroneous beliefs will need
to make more adjustments than a user whose beliefs are
close to the intended ones.

We distinguish between three types of propositions for
the purpose of predicting cognitive overload: P - propo-
sitions that were previously unknown or correctly be-
lieved by the user; P’ - propositions that were wrongly
believed by the user and must now be contradicted; and
P- propositions that were wrongly inferred by the user
as a result of discourse planned to convey P or =P’ and
must now be contradicted. The difficulty associated with
the different types of shifts in belief is represented by F
factors as follows. Fp(M) reflects the amount of effort
required to acquire new information, Fp: (M) reflects the
amount of effort required to reverse a previous belief, and
Fp(M) reflects the amount of effort required to reverse
a new inference (Fp(M) < Fp(M) < Fpi(M)). These
factors depend on the type of the user, e.g., a strong
student usually has stronger convictions than a weak
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Table 2: Propositional input that yields the sample texts

Propositions to be Conveyed Intended Degree | Sigmificance
of Belief

*(plants do-action photosynthesis] BELIEVED CRITICAL
photosynthesis consume water] RATHER BELIEVED MEDIUM
photosynthesis consume carbon-dioxide] RATHER BELIEVED MEDIUM
photosynthesis consume nutrients] BELIEVED HIGH
[photosynthesis produce glucose] RATHER BELIEVED MEDIUM
*[photosynthesis produce oxygen] BELIEVED CRITICAL
plants do-action photosynthesis (use light)] BELIEVED HIGH
plants contain chlorophyll] RATHER BELIEVED HIGH
*[plants do-action respiration] BELIEVED CRITICAL
*[respiration consume oxygen] BELIEVED CRITICAL
respiration consume glucose] RATHER BELIEVED MEDIUM
respiration produce carbon-dioxide] RATHER BELIEVED MEDIUM
respiration produce water] RATHER BELIEVED MEDIUM
*[plants do-action photosynthesis(X)] X > Y1 | RATHER BELIEVED HIGH
*[plants do-action respiration(Y’)] X >Y]
x[plants produce oxygen(Z
*%ﬁlants Mbineiod ozfgerf(v%,])] } x[Z > W) RATHER BELIEVED HIGH

student, and hence will have more difficulty reversing
a belief.

The following formula expresses the total weighted
shift in belief experienced by a user who belongs to model
M when attempting to achieve an intended degree of be-
lief with respect to a set of propositions.

Tspirr(M) = Y fouirry, (p) - Fp(M) +
pEP
> fsuirry (p) - Fo(M) +
pEP!
> fsuirmy (p) - Fp(M)
peP

where fsuirr,, (P) represents the contribution of propo-
sition p to Tsgrrr(M). This contribution is the absolute
value of the difference between the actual and the previ-
ous belief in p for a user who belongs to model M 1.

fsHIFTp (P) = |belacty, (P) — belotay, (P)]
Thus, the requirement to avoid a total shift in belief

which results in cognitive overload is expressed by the
following formula:

Tsuirr (M) < belshiftmaz(M) (3)

where belshift, .. (M) is the maximum shift in belief a
user who belongs to model M can tolerate.

The Content Planner

Our mechanism uses a constraint-based optimization
procedure whose objective is to maximize a user’s be-
lief with respect to a set of intended propositions, and

1The ‘actual’ degree of belief is conjectured by means of
a function which simulates a user’s change in belief as a re-
sult of a piece of discourse. This function depends on the
user’s ability and on the complexity and abstractness of the
information (Zukerman & McConachy, 1993b).

whose constraints are restrictions placed on the boredom
and cognitive overload the user may experience, and on
the minimum level of expertise the user should achieve.

Our system receives two types of input: propositional
and user-model related. The propositional input con-
tains (1) a set of propositions to be conveyed; (2) the
degree of belief the user is expected to achieve with re-
spect to each proposition; and (3) the significance of
each proposition, i.e., how important it is that the user
believes it. These last two inputs are often correlated.
However, using separate measures for these inputs al-
lows us to model cases that differ from the norm. For
example, when conveying background information for
an intended proposition it is crucial that a user acquire
at least a passing acquaintance with the information in
question. Table 2 shows the propositional input from
which the texts in Table 1 are generated. The text on the
left-hand-side of Table 1 conveys all the input proposi-
tions, while the text on the right-hand-side conveys only
the propositions marked with an asterisk ().

The user-model related input is a space of user models
accompanied by a probability distribution. The proba-
bility distribution may be interpreted either as the sys-
tem’s uncertainty regarding which model(s) a particular
user belongs to, or as the percentage of a group of ad-
dressees that belongs to each of these models. The mod-
els are used to determine the information that needs to
be presented to achieve a given communicative goal with
respect to a particular audience. Each model represents
the beliefs, inference patterns and attitude of a particu-
lar type of user. The attitude models a user’s ability to
understand abstract information, his/her confidence in
his/her inferences, and the length of discourse, cognitive
overload and amount of unnecessary RDs s/he is likely
to tolerate. In the current implementation we maintain
five stereotypical user models: ezcellent, good, average,
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Table 3: Set of RD that yields the unconstrained sample text

Assert[plants do-action photosynthesis]
Assert[photosynthesis consume water]
Assert[photosynthesis consume carbon-dioxide]
Assert[photosynthesis consume nutrients]
Assert[photosynthesis produce glucose]
Assert[photosynthesis produce oxygen]
Assert[plants do-action photosynthesis (use light)]

oAssert[light isa form-of-energy]

oNegate[plants do-action photosynthesis

(use other-form-of-energy)]

Compare[{plants do-action photosynthesis} > {plants do-action respiration}]
Compare[{plants produce oxygen} > {plants consume oxygen}]

Assert[plants contain chiorophyll]
oAssert[chlorophyll isa green-pigment]
oAssert[chlorophyll absorbs light]

oNegate[chlorophyll absorbs green-light]

Assert[plants do-action respiration]
oMention[plants do-action photosynthesis]

Assert[respiration consume oxygen]

Assert[respiration consume glucose]

Assert[respiration produce carbon-dioxide]

Assert[respiration produce water]

mediocre and weak (a detailed description of these mod-
els appears in (Zukerman & McConachy, 1993b)).

The output of the content planner is a set of RDs
which are related to each other by means of discourse
relations such as prerequisite and causality (Mann &
Thompson, 1987). Table 3 contains the set of RDs which
yields the text on the left-hand-side in Table 1 (without
the discourse relations). The RDs marked with a dia-
mond (o) convey background information and contradict
erroneous inferences.

Specification of the Optimization Process

The objective of the optimization process is to plan dis-
course that minimizes the distance between the actual
and the intended degree of belief with respect to a list
of intended propositions without violating the boredom,
overload and minimum-expertise constraints. The be-
lief objective must be achieved probabilistically with re-
spect to all user models. Further, we emulate behaviour
whereby speakers make sure that important propositions
are conveyed, while placing less emphasis on less impor-
tant propositions. To this effect, we take into consider-
ation both the significance of the intended propositions
and the degree to which these propositions are to be be-
lieved upon completion of the discourse. This yields the
following objective function for the optimization process:

min{} {>_ foeL(p)Sig(p)}Prob(M)}  (4)

where
0 if Ibeme(p]?,f)'e!'.m(p)l and )
_ sign(belace,, (p))=sign(belin:(p))
T5100(2) = | Placey (p) - )
beline(p)]  otherwise.

Sig(p) is the significance or importance of a proposi-
tion, and fer(p) represents the contribution of propo-
sition p to the objective function. This contribution is
0 if belsetn (p) exceeds or equals the intended belief in
p, belini(p), for a user who belongs to model M. Oth-
erwise, it is the absolute value of the difference between
the intended and the actual belief in p.

The boredom and overload constraints are expressed
by Equations (1-3). However, in order to take into

consideration the system’s uncertainty regarding which
model a user belongs to, we moderate the thresholds by a
function which relaxes the constraints as the probability
that the user belongs to a particular model decreases.
The following formulation specifies one constraint for
each type of explanation failure and each user model:

For i € {ezcellent, good, average, mediocre, weak }
Boredom (length)
I{RD}aaidl S TRDma:(Mi) ' .fProb(Mi) (5)

Boredom (unnecessary RDs)

I{RD}sair{RD}reduecd(Mi“ s URDmaz‘(Mi)'fProb(A{é'%
Overload

Tsurrr(M;) < belshift .. (M) - frron(M;)  (7)

In addition, we propose two alternative formulations
for expertise-related constraints:

ﬁZ{ZJ’BBLM(P)Sig(p)]Prob(M) < Thr (8)
M p

For i € {ezcellent, good, average, mediocre, weak }

> belacty, (p)Sig(p) > Pretu; Y beline(p)Sig(p) (9)
P P

Equation 8 stipulates that the average shortfall from
the intended level of expertise weighted across all user
models should not exceed a certain threshold (the short-
fall is averaged over the number of propositions to be
conveyed). This constraint, which is placed on the ob-
jective function, ensures that an adequate level of exper-
tise 1s achieved on average for each proposition over all
the user models. In contrast, Equation 9 demands that
a user who belongs to a particular model attain a cer-
tain percentage of the intended level of expertise. For
example, a weak student may be expected to attain at
least 50% of the intended expertise, while an excellent
student may be expected to attain at least 90%.

The above constraints are not necessarily applied to all
user models with non-zero probability. Given a (possi-
bly 0) top margin and bottom margin, the system drops
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from consideration the models at the tail of the distribu-
tion whose probabilities fall within these margins. For
instance, an input such as (10%, 20%) means that the
constraints are not applied with respect to the model(s)
whose probabilities fall within the top 10% or the bottom
20% of the user-model distribution. In addition, we have
used Equation 9 in two different ways: (1) applied to all
user models that are being considered, and (2) applied
to the weakest user model under consideration.

The above formulation yields a non-linear integer op-
timization problem even without the constraints. Hence,
a weak search method is applied. We have implemented
two methods to solve this problem: (1) a full optimiza-
tion (Zukerman & McConachy, 1995), and (2) a partial
optimization combined with heuristics. If these methods
cannot find a solution that satisfies all the constraints,
they relax the communicative goal, i.e., they convey
some propositions to a lesser extent than originally spec-
ified and/or give up conveying some propositions alto-
gether. This approach is suitable for a situation where
time is running short, and the information provider is
willing to forego the conveyance of non-essential infor-
mation so long as crucial information is conveyed. An al-
ternative approach which consists of relaxing the single-
discourse requirement, i.e., conveying the same amount
of information in separate chunks of discourse, is de-

scribed in (Zukerman & McConachy, 1995).

Full optimization

This procedure first determines minimally sufficient sets
of RDs which convey all the propositions for each user
model, where a set of RDs is minimally sufficient if the
removal of any RD causes the set to stop conveying the
intended information. It then iteratively selects the set
of RDs with the best objective function among the sets
of RDs which satisfy all the constraints, and generates
RDs that convey prerequisite and referring information
for the selected set of RDs. The resulting set of RDs,
1.e., the selected set plus the RDs which convey its refer-
ring and prerequisite information, is added to the pool
of candidate sets, and its constraints are re-calculated.
The optimization process terminates when it finds a set
of RDs which satisfies all the constraints and requires no
additional prerequisite or referring information.

If all the candidate sets of RDs violate one or more
constraints, the communicative goal is relaxed as follows.
The system successively removes one RD from each set
of RDs that satisfies the expertise constraint(s), and in-
spects the effect of each removal on the constraint(s) and
the objective function. During this process, when remov-
ing an RD we also remove the RDs that depend only on
this RD (as when generating { RD},¢duced While predict-
ing boredom due to unnecessary RDs). Each reduced set
of RDs which results from this process satisfies all the
constraints while yielding an objective function whose
value 1s worse than before.

Partial optimization

This procedure first applies the mechanism described in
(Zukerman & McConachy, 1994) to generate the optimal
set of RDs for each of the user models being considered.

The sets of RDs are then sorted with the value of the
objective function as the primary sorting key, and the
number of constraints violated as the secondary key. The
highest-ranked set that violates no constraints is then
selected.

If all the sets of RDs violate one or more constraints,
the communicative goal is relaxed as follows. The system
selects the top-ranked set of RDs, and applies rules which
take into consideration the significance and the intended
shift in belief of the propositions to be conveyed in order
to select a proposition which may be conveyed to a lesser
extent (or not at all). These rules select first proposi-
tions of low significance, next propositions of medium
significance which require a low or medium shift in be-
lief, and so on. One of the RDs that conveys the selected
proposition is then removed, and the constraints and ob-
jective function are re-calculated. If the resulting set of
RDs violates no constraints, it is selected for presenta-
tion. Otherwise, the set of RDs is re-ranked according
to the value of its objective function and the number of
constraints it violates, and the process is repeated.

Results

The system was run with several combinations of the
following parameters: (1) the two optimization proce-
dures; (2) the two constraints for minimum expertise,
where Equation 9 was applied in two modes: to all user
models and only to the weakest user model; and (3) the
two types of target populations, viz all the user models
and only user models that fall inside specified margins.
The application domains included technical areas such
as nuclear fission, chemistry and biology.

When boredom constraints are turned off there is no
penalty for excessive length or unnecessary RDs, hence
the generated text includes examples, background infor-
mation and elaborations to ensure that the material is
conveyed (left-hand-side of Table 1). When constraints
pertaining to boredom due to length are activated, RDs
that convey propositions of lower significance tend to be
omitted first (right-hand-side of Table 1). If a proposi-
tion with a higher significance requires many RDs, then
these RDs become good candidates for omission.

When overload constraints are activated, propositions
that require a large shift in belief are removed. This
is illustrated in the example in Table 4, where the RD
that conveys proposition 1 and its dependent, the RD
that conveys proposition 2, are removed. In contrast,
when constraints pertaining to boredom due to length
are activated for this example, propositions 3 and 4 are
omitted (proposition 6 remains because it is linked to
proposition 5).

When both types of boredom constraints are acti-
vated, if the probabilities of the user models are evenly
distributed, the only way to satisfy both sets of con-
straints is to convey very little information, yielding an
objective function with a high value. In this case, fol-
lowing accepted teaching practices, the system relaxes
the unnecessary-RDs constraints, i.e., it gives a higher
priority to the requirements of the weaker user models.

The full optimization procedure takes between 30-60
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Table 4: Sample discourse considering overload versus boredom due to length

Propositions to be Conveyed Intended Degree | Significance
of Belief
1. Network covalent substances sublime, BELIEVED HIGH
2. which is going from a solid state directly to vapor. | RATHER BELIEVED HIGH
3. Ionic substances melt. RATHER BELIEVED MEDIUM
4. Metallic substances melt. RATHER BELIEVED MEDIUM
5. Metallic substances are flexible, RATHER BELIEVED HIGH
6. but ionic substances are not flexible. RATHER BELIEVED MEDIUM

seconds of CPU time on a SPARCstation2. The partial
optimization combined with the heuristic function cuts
the processing time significantly (by 1/4 - 2/3 depend-
ing on the number of violated constraints and the rela-
tionship between the intended propositions). In general,
the full optimizer conveys more propositions (at least
partially) than the partial optimizer, and yields a bet-
ter objective function. In contrast, the partial optimizer
generally achieves larger belief shifts for the propositions
that are not removed. There is a marked difference be-
tween the discourse generated by the partial and the full
optimizer when the content planner initially generates a
small set of RDs to convey a few propositions that are
strongly related to each other (where the RDs generated
to convey one proposition affect the others). In this case,
the partial optimizer relaxes the communicative goal by
removing one of the RDs from the set of RDs, while the
full optimizer often replaces the entire set of RDs with a
different, smaller set.

The two formulas representing expertise-related con-
straints affect the system’s output as follows. If Equation
9 is used with respect to models that are not strongly
represented in the user population, the output will be
markedly different from the output obtained when Equa-
tion 8 is used. This happens because Equation 9 forces
the system to address the needs of these models, while
Equation 8 largely ignores these models owing to their
small relative probability.

Finally, ignoring portions of the population that fall
below the bottom margin yields more concise text, since
less explanations need to be presented, while ignoring the
portions that fall above the top margin allows the system
to generate more RDs without violating the unnecessary-
RDs constraints.

Conclusion

We have offered a computational definition of three
causes of explanation failure: cognitive overload, bore-
dom due to excessive discourse length and boredom due
to unnecessary RDs. We have cast content planning as
a constraint-based optimization process which takes into
account a speaker’s uncertainty regarding the user model
to which an addressee belongs. In this process, the con-
straints represent requirements placed on the addressee’s
boredom and overload, and on the level of expertise s/he
1s expected to attain, and the objective function is a
probabilistic function of the extent to which the com-
municative goal has been achieved. We have discussed
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two procedures for solving this problem in combination
with two types of expertise-related constraints, and we
have considered the effect of ignoring segments of the
user population that are at the tail of the distribution.
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