¥ The transmitter diaphragm is clamped ngidly ac ics edges Artribtive

3) to improve the high frequency response. Canse-gffect
4) The diaphragm is coupled o a doubly resonant system

Atrrzlnitive
3} -a cavity and an air chamber- Constitiency
&) which broadens the response. Canse-effret
7) The carbon chamber contains carbon granules, Comstrueacy
B) the contact resistance of which is varied by the di- Ateributive

aphragm’s vibration.

Diepth-Atrributive for the

rﬁ'wi.'l-'l.'r:

9) Thereceiver includesaringshaped magner system around Constitnency

zm'll and a ringshaped armature of anadium Permen-

ur,

10) Current in the coil makes the armature vibrate in the Carese-cffect

air gap.
11} An attacked phenolic-impregnated fabric diaphragm, Artribnitrve
12) shaped like a dome, Attribuniee
13) vibrates and sets the air in the canal of the ear in motion. Canse-effect

Figure 3. Description of a telephone from an adult encyclopedia

and. the receiver in sentences 9 to 13. Providing information about the subparts of an
object is termed giving depth-attributive information. In this text, depthattributive
information includes the use of both the constituency and attributive predicates.

3.3. Texts from Junior Encyclopedias and from the
Car Manual for Novices

The texts from junior encyclopedias, high school textbooks and the car manual
for novices are organized in a significantly different manner. No known schema or
other organizing structure consistently accounted for these descriptions. Moreover,
identifying the rhetorical predicates of the sentences did not provide insights te a
useful organizing structure. The structure resulting from using rhetorical predicates
15 one that contains mainly cause-cHect relations. Although this structure is a ample
schema, it 15 not useful for generation as it does not provide enough constraints in
deciding what to include in a text. In looking for other types of organizing strategies,
we discovered thar the main strategy used in these descriptions is to trace through
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Text Predicates
1} When one speaks into the transmitter of a modern tele-  Cause-effect
phone, these sound waves strike against an aluminum renaming
disk 2} or diaphragm
3)  and cause it to vibrate back and forth Cause-effect
4) in just the same way the molecules of air are vibraung.  Cause-effect
5) The center of this diaphragm is connected with the car-  Attributive
bon button
6) originally invented by Thomas A. Edison. Elaharation
7} This is a little brass box filled with granules of carbon Attributive
8) composed of especially selecred and treated coal. Artributive
%) The fromt and back of the burton are insulated. Arributive
1':'} The I.:llh;ing CUrrent 1s md :hmugh this box so thﬂ Cause-effect
the eleciricity must Fn:ri:! way from granule o granule
mnside the box.
”]' When the dinph AR Moves :]:nw:ni under the pressure C:IJSHEECI’
from the sound waves the carbon grains are pushed to-
geiher
12) and the electricity finds an easier path. Cause-effect
13) Thus a strong current flows through the line. Cause-cffect
14) When a thin portion of the sound waves comes along,  Cause-effect
the diaphragm springs back,
13) ﬂlgwing the carbon particles vo be more loosely packed,  Atnbunive
an
18) consequently less current can find its way through, Cause-ctect
17) Se a varying or undulating current is sent over the line  Cause-effect
whoss vibrations exactly correspond to the wibrations
caused by the speaker’s voice.
18) This current then flows through the line to the coils of Cause-effect
an electromagnet in the receiver,
19) Very near to the poles of this magnet is a thin iron dise,  Areributive
20) When the current becomes stronger it pulls the dise  Cause-effect
toward it.
21} As a weaker current flows through the magner, itisnot  Cause-effect
strong enough to attract the disk and it springs back,
Cause-effect

22) Thus the diaphragm in the receiver is made to vibrate
in and out ... .

Figure 4. Description of a telephone from 1 junior encyclopedia

the process that allows the object to perform its function, that is, to mainly describe
processes associated with the operation of the object. We characterize these descrip-
tions as process descriptions. An example of such a description, from [BRIT63], is
presented in Figure 4.

In this description, the author starts by explaining what happens when some-
one speaks into a telephone (sentence 1), and why a diaphragm located inside the
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transmitter vibrates (3). While introducing the diaphragm as part of a i.?au.'iﬂ.tﬂlllnk.
the author also includes properties about the diaphragm: it is “aluminum” and
*disc-shaped.” Mow that the diaphragm has been introduced as part of the Process,
it is described more fully in sentences (5) through (9) with various properties and
structural relations. The description then reverts to tracing the process information,
explaining how the soundwaves are transformed into varying current and describing
how the telephone achieves its function of transmitting soundwaves.

As the vibration process in (3) can be decomposed into two substeps (i.e., “the
diaphragm moves inward” and “the diaphragm springs back”), the author traces
cach one in turn (sentences (11) through (13) for the first substep, and (14) through
(16) for the second). Sentence (17) summarizes these substeps, also indicating that
the process trace will now continue at the top level, not the substep level. Sentence
(18) continues the process trace by describing where current flows next. In the
remaining text, the author explains how the varying current is changed back into
soundwaves in the receiver of the telephone.

We see that the organizing principle of this text is the mechanical process de-
scription. The process description gets interrupted when descriptive information

can be included concerning a subpart that was just mentioned as part of the process
description. Furthermore

» in this text, not only is the description made mainly
ES SOTERUO | L] 1 = s = = - B 1 L=
AT s et EITE S LA UL CAWSL 1INES)
(1) Follow the next causal link

(2) Mention an important side link
(3) [Give attributive information about a part just introduced)

(4) |Follow the substeps if there are any. (These substeps can be omitred for brevity.)|
(5) Go back 1a (1)

[This process can be repeated for each subpart of the object]
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introduced when the causal link was mentioned, attriburive information about the
part may be included. If the step just explained can be subdivided into substeps,
the trace may continue at the substeps level. Finally, the next causal link is taken
and the algorithm repeats. (The knowledge base contains various kinds of links
between events, each kind having a different importance factor, TAILOR has an
algorithm for automatically finding the main path for a given object. See [PARI
87a] for details.)

Substeps happen, for example, in the following case: ... causes the diaphragm
to vibrate™, This step can be divided into the two substeps: “the diaphragm moves
nward"” and “the diaphragm moves outward.” Substeps can also arise when a com-
plex object is made of several other complex parts. The strategy first describes how
the parts work together 1o achieve the object’s function. If a long description is
desired, it is possible to step through cach of the parts, describing how it achieves 1ts
own function. This is similar to the schemna recursion for the constituency schema

mentioned by [MCKES5b].

3.4. Tailoring Descriptions

Given that the two types of descriptions occur in texts, a system that generates
device descriptions should also be able to provide the two kinds of descriptions. We
have thus implemented both strategies in our generation system.

As a result of the difference in organizing structures, the type of information
that s included in the descriptions is also different: in the texts from the adulr
encyclopedias and the manual for experts, the information included is mainly struc-
tural, while in the texts from the junior encyclopedias and the manual for novice
the information included is mainly functional (or process oriented). One of
main diﬂcn:n1;¢5, bevween ;|'|_.|: two audiences ar which the two Broups ﬂ-[ Texts we
aimed is their assumed level of domatn knowledge. We postulate that the writers
choice of strategy might be based on the assumed domain knowledge of the ex-
pected readers’ If 5o, the reader's lovel of knowledge sbout the domain affects the
kind of information provided as oppesed to just the amonnt of information, as was
previously assumed [WALLS2, SLEE&2b] This is significant as it adds a dimension
(the different kinds of information available) along which a system can tailor s
answers to users having different levels of domain knowledge.

In TAILOR, the constituency schema is used when a user has expertise abour
the domain of discourse, giving rise to a parts oriented description. Recall that we
assumed that the goal of a description is to allow the user to form a mental model
of the functionality of the object. Research in psychology indicates that expert users
have more knowledge not only about individual components bur also about the
causal models involved and the interconnections among parts [LANCS7, CHIS1).
Expert users, then, are likely to have functional knowledge about the domain and
to know how parts might interact with each other. As they can use this knowledge

5 Ne psychological experiments have been conducted 1o conbirm this hypothesis. It is based
on observations about whar happens in natural rexts,
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when reading the dﬁcri.pt'mn." they should be able to pull all the parts Pl'ﬂ‘-"ldﬂd n
the description together in order to “understand” the description as a whole. Tlhil
15, they should be able 1o figure out how the parts hit together to form an objecr
capable of perfarming a function. Since the reader is able to construct a f“‘_““l
model, it was unnecessary to include the process information in the description.
Actually, assuming that the reader will be able to infer the processes involved,
providing such useless information would contradict the principles of cooperative
behaviar [GRIC75].

On the other hand, a user who does not have enough knowledge to infer the
processes linking the parts would be unlikely 1o understand a mostly structural
description of an object and to be able 1o construct a functional mental JTIUT#I '5“
the object from such a description. For this sort of naive user, if the description 1
1o be informative and understandable, it must describe how the parts pm’fﬂrmlthE
function of the object. The description must therefore include process information.
Previous research in reading comprehension strengthens our belict that a user who
does not have knowledge about the functions of the various parts will not be able 1o
make sense of 2 description centered around parts, Wilson and Anderson [WILS86]

demonstrate the importance of prior knq}wledg-e in comprehending new texts, and
show how readers can fail to understand 1 rext mainly because the text contains

implicit knowledge that the readers do not have. We thus propose to use the process
trace when providing a description to a naive user.

To summarize, we suggest that the user’s domain knowledge affects the content
of a description with respect to the kind of information included, and not just 10
the level of derail, and postulate that the choice of strategy might be based on the
assumed level of expertise of the reader/user. Namely, the process trace can be “5Fd
when the expected readers are relatively naive about the domain of discourse, while
the constituency schema can be used when the expected readers have expertise about
the domain. We now show how a user's level of expertise can be incorporated in a
generation system and how it can guide the system in choosing a discourse strategy-

4. Mixing the Strategies

The two strategies presented account for the main differences found between the
adult and junior encyclopedia entries and we proposed to use them to describe
objects to naive or expert users. Users are not necessarily either naive or expert in
a domain, however. They may have local expertise, knowing about some objects
in the domain and not athers [PARIB4). Such users would not be considered naive
users, but, as there are many objects they do not know in the domain, they would
not be considered expert users either. The user models for such users would indicate
for which objects of the knowledge base they have local expertise. We believe thi'-'i;
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the two strategies presented for naive and expert users is appropriate, Based on the
user model, a generation program can decide which strategy to use for which object.
As an example, suppose we are providing a description of an elevaror to a user
who knows the function of a motor and how this function is achieved, but not how
the elevator itself works. In describing the elevator to this user it is necessary to
first describe how the parts of the elevator work together, using the process trace
strategy, since the user model would indicate local expertise abour the “moror™
only. This local expertise is too narrow to allow the user to understand how all the
parts of the elevator work together to perform their required function. A process
explanation is thus necessary. In describing the individual parts in twern, it should
not be necessary to fully explain what the motor does, as the user already knows
about it. The constit uency schema strategy can thus be used to describe the motor.
For the other parts, however, the process strategy 1s still appropriate in order to

explain their mechanisms.
Such combinations were actually also found in naturally occurring texts. Figure

b presents an example of a text that uses a combination of the constiruency schema
and the process trace to generate a description aimed ar users with intermediate levels
of domain knowledge. This text is taken from the Encyclopedia of Chemical Tech-
nology [MARHS7]. The description starts with the constituency schema strategy
but ends with a process trace: the “IR (Infra-Red) spectrometer” is first deseribed in
terms of its parts; each part is then described in trn (depth-attributive); finally, the
authors revert to a process trace to describe the “thermocouple detector,” assuming
it is unknown to the reader. To fully understand this text, the reader must already
know (or be able to infer information) about the IR spectrometer’s purpose, the

“IR radiation” and the “monochromator”. In Figure 6, the text corresponding

the process trace is in italics.

(1} The IR spectrometer consists of three essential fearures: a2 source of IR radiation, a

monochromator and a detector, (2) The primary sources of IR radiation are the Globar
and Nernst glower, (3) The Globar is a silicon carbide rod heated to 1200 degrees C. (4)
The MNernst glower is a rod containing a mixture of yturium, zirconium, and ¢rh_Eum u::_dn
that is heated electrically to 1500 degrees C. (5) Earlier IR spectrometers contained prism
monochromatars bur today grarings are used almost exclusively. (6) Most detectors in mod-
Ern spectrometers operate on the I.E:nnumupi: principle. (7] Tiwo dissimilar metal wires are
cortnected to form a penction. (§) Incidens radiation canses a temperature rise at the junction

and the difference in the temperature between bead and tail canses a flow of curvent in the

wires which 15 proportional to the intensity of the radeation.

Text Decomposition

1. Constituency

2-4, Depth idenufication for the IR radiation

3,5, Depth identification for the monochromartors

7. Depth identification for the thermocouple spectrometer
8. Process trace for the thermocouple principle.

Figure 6. Maturally occuring text combining the two strategies
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4.1. Generating a Description Based on the User Model

Before starting to generate a text, TAILOR must decide whether to use the con-
stituency schema or the process trace for the overall framework of the rext. While
constructing the description, TAILOR can switch to the other strategy, thus com-
bining the two strategies in one text. This is done for users with intermediate levels
of expertise. There is therefore a need to specify 1) how to choose an initial strategy

and 2) how to combine the strategies. In TAILOR, the decision on which strategy
to use at any point is based on the user model.

4.1.1. Choosing a Strategy for the Overall Structure of the Description

To choose the initial strategy, TAILOR looks into the knowledge base to see whether
it is possible to describe the object using either strategy. In particular, it checks
whether there is process information assaciated with the object. If the object has no
such information in its frame, the constituency schema is chosen by default. This
will happen in two cases: first, when the object’s function cannot be broken down
into a sequence of events (for example, a “cover” has no mechanism associated with
it), and second, when the object's function and the way it is performed is identical 1o
that of its superordinate in the generalization hierarchy (for example, the function
of the pulse telephone is the same as that of a telephone). Process information in
this case is stored in the frame of the superordinate. The pulse telephone frame
contains the part that differs from the telephone, namely the pulse dialer. Although
the constituency schema will be chosen for the initial strategy of the description of
@ pulse telephone, it will be possible to switch to the process trace wo explain the
funetion of its superordinate. Similarly, it will be possible to switch to the process
trace to explain the funcrion of the “new” (or different) part, i.e., the pulse dialer.
_ If chere was process informarion (or a mechanism) associated with the object,
it 15 possible to describe the object with either strategy. TAILOR examines the user
model 1o check the user's local ::;Fq:rtisc_ If the uzer model does not indicate any
logal expertise about sither the ﬁhjl‘;ﬁ o be described or s gupgrgrdiﬁiif in the
generalization hierarchy, the process trace is chosen, Ortherwise, the constutuency
f':h"“““ 15 chosen. (If local expertise is indicated abour the superordinare of the ob-
ject, the user will most likely be able to infer the processes for the object given his
or I'.I.l.".:l" knnwledge about I;he supcmrdlnm; thzrch-re, the mns:[mtnc}r schema 15
still adequare for the description)

The constituency schema is also chosen when the user model indicates local

expertise about all or most of the functionally important subparts of the object @
be described.

A distinction is made between parts that play a significant role in the mechan-
ical process of a device and other parts, because knowledge about the former will
help the user to comprehend the mechanism of the device. For example, the hous-
ing of a telephone does not play an important role in allowing the telephone to
transmit soundwaves. Knowing about the housing or about a cover, the housing
superordinate in the generalization hierarchy, does not help a user understand how
the telephone works. Understanding how a microphone and a loudspeaker work,
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on the other hand, is useful since the transmitter of a relephone is essentially a

microphone, and the receiver a loudspeaker.

If the user already knows abour most of the functionally important subparts of
a device, he or she is likely to be able to infer how the parts fit together functionally,
50 it is not necessary ro include a process description for the object. The overall
deseription of a text in that case will be based on the constituency schema. “Most" is
represented in TAILOR as a parameter that can be set to any value for experimental
purposes. Irs particular value in the current implementation is half the number of
funcrionally important parts.” If the user does not have local expertise about most
of the subparts of the device, the process trace is chosen, and a process explanation

of how the subparts funcrion together is provided.
To summarize, the constituency schema is chosen as the overall structure of the

1ext in the !Fnllﬂwing cases:
1. The object has no mechanism associated with its frame in the knowledge base.
2. The user model indicates local expertise about either the object or its superordi-

nate in the generalization hierarchy.
3. The user model indicates that the user knows abour most of the funcrionally

important parts of the object.
The process trace is chosen as the initial strategy in all other cases. The basic
decision algorithm is shown in Figure 7.

1) Is there a mechanism associated with the object to be described?

No: Use the constituency schema .
Yes: 2) Is the object 1o be described (or its superordinate) in the user model?
fi. e, does the wser have local expertise about this olyect or its superordinate)

Fes: Use the constituency schema
No: 3) Callect all the functional parts of the object.
If the wser has local expertise about most of these parts,
use the constituency schema

Ortherwise use the process trace.

Figure 7. The decision algorithm for the initial strategy

Whether the constituency schema or the process trace is chosen as the overall

strategy for the description, a mixture of structural and process information can still
be provided depending on the user model. For example, if the constituency schema

" We do not claim that this is the optimal value for the threshold indicating at which point
the constituency schema should be used. This threshold cannor be set with ceritude with-
out further experimentation. Also note thar, while these heuristics allow the system to
generate reasonable descriptions given the user’s domain knowledge, there are no clear

"best" descriptions.
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is chosen initially, the process trace can be used for the ur_:kmljwn parts, p_rm‘!ldmlg
the user with a process explanation for these parts. Likewise, if the process trace is
taken at fiest, structural information about the parts already known to the user is
still included. "Most™ only determines the initial strategy (i.e., the overall structure

of the text). It does not determine whether a mixture of structural and funcrional
information will be included.

4.1.2. Decision Points Within the Strategies

To generate a description aimed at users with intermediate levels of experuse, the
two strategies must be combined. We must specify when to switch from one strategy
to the other and sunder which conditrons to do so. The decision of which strategy
to use at any point is based on information about the user’s domain knowledge
contained in the user model. Notice that it would be hard without a thorough
psychological study 1o specify the exact conditions necessary to choose one strategy
over the other and 1o switch from one strategy to the other. However, we have
identified some heunstics that determine when to mix the st rat:giﬁ. {S}muh:l dara
from psychological experiments later become available, we could use the results a5

our heuristics to generate appropriate texts given the user’s domain knowledge.)

To mix the strategies, we must specify when it might be possible to switch.

Whenever an object is introduced and needs to be described, the system must de
cide whether 1o provide chiefly structural or functional information. Thus, each

time an object needs to be described, a strategy must be chosen and a strategy
switch might occur.

This gives us some clear decision points in the strategies:
* Within the constituency schema:

* bher the ﬁﬂi!iﬁiﬂiﬂﬂ Frr_di_c,at:: once the parent of an ﬂbi:cl in the EEI'IEJ"
alization hierarchy has been introduced, a process trace can be p-rl:!\'idl:d for

the superordinate.

After the comstitwency predicate; after mentioning the parts of an object, the

constituency schema dictates filling the depth identification predicate for each

subpart. Instead, we could provide a functional description of one or more of

the parts. This has been done in the Encyclopedia of Chemical Technology
text presented in Figure 6, for example.

* Within the process trace:

* When a part is introduced while traversing the causal links, the process strategy
dictates to include atributes of this part to describe it. Here, we could also
choose 1o deseribe the part more fully with the constituency schema.

* When the subparis have to be described, the constituency schema can be used
to provide structural information about them instead of including funcnonal
infermation,

Frrvirasr @ amd O cisrmrmaeiee she sorea sscsaeclon 1o shale sl

| Faren ek tha
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Constitwency Scherma funth decision poines)

Identification {intreduction of the supererdinate)
If there 15 no local expertise for r;.- superordinate
do a Process Trace (for the superordinate) before proceeding.
Constituency (description of the subparts)
For each part, do:
If there 15 local expertive about this part [or 1ts superordinate),
do Depth-identification
Oitherwise do & Process Trace (for the part)

Attributive

i e—

Figure 8. The constituency schema strategy and its decision paines

Process Trace (weth decision points)

Next causal link
Properties of a part mentioned during the process trace
If a fuller description of the part is desired,
o Constituency Schema (for the part)
Substeps
Back to next causal link

Repeat for each of the subparts:
If there 15 focal expereise about this part for its superordinare),
do Constituency Schema
Otherunse do @ Process Trace

Figure 9. The process trace strategy and its decision points

considers switching to the process trace for the superordinate and for the subparts
of the device being described. The test for switching is largely the same as the initial
test. TAILOR first checks whether the object under consideration (either the super-
ordinate or each of the subparts) has some process information in its frame, or in
its superordinate’s frame, If so, TAILOR examines the user model to see whether
the abject or its superordinate is included in the user’s local expertise. Switching is
considered only if it is not included.

Two more conditions are tested before switching occurs, If the process expla-
nation of the object includes basic concepts of which the user lacks knowledge, the
process explanation would involve steps the user is not likely to comprehend. As
4 result the process explanation will not be understandable. For example, if the
process explanation of a part involves the concepts of electricity and magnetism, it
will not be informative if the user does not understand them. In thar case, switching

does Mot GoCur.
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TAILOR keeps a record that switching was not allowed because of lack of
knowledge about basic concepts, and, after the initial description is given, the user

is given the option to ask for the process deseription for the part, even though it
contains concepts he or she might not understand.

The last condition thar needs to be satisfied before the switch can occur 1

a test on the length of the text constructed so far and, in case of subparts, the
number of parts that need to be described using the process trace. This 15 done o

NP, 1 PSS SRR TP G TSIt i i [, B MRS SIS B (RSN ST B PO
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Telephone

User Model: Local Expertise — Londspeaker
Basic Concepts — electricity

The telephone has two main functional parts: the transmitter (an instance of a mi-
crophone) and a receiver (an instance of a loudspeaker). Because the user knows one

of the two parts of the telephone, the system decides on the constituency schema
strategy at first. However, before providing structural information about each sub-
part, the system consults the user model and decides to switch strategy ro describe
the process of the transmirter since the user has no local expertise about ir.

TAILOR output:
The telephone is a device that transmits soundwaves. [dentification
The telephone has & housing that has various shapes
and various colors, & transmitter that changes Constituency
soundwaves into current, a curly-shaped cord, a line,
a receiver to change current into soundwaves and a
dialing mechanism, The transmitter is & microphone Swirch to process
with a small disphragm. A person speaking inte trace for the
the microphone causes the soundwaves fo Aff LA® rransmitter
digphirsgm of the microphone. The soundwaves Ritting
the disphragm causes the diaphragm to vibrate, The
vibration of the disphragm causss the current to
vary. The currsnt varfes Uke the intensity warfes.
The receiver is a loudspeaker with a small aluminum Artributive information
dlaphragm. The housing contains the transmitter and for the other subparts
it contains the recsiver. The housing 8 connected to
the dialing mechanism by the cord. The line connects
the dialing mechanism to the wall.

Figure 10. Combining the strategies: using the constituency schema as the overall struc-
ture of the text and switching 1o the process trace for one pan

TAILOR returns to the constituency schema, and attributive information 15 pro-
vided about each of the other subparts. The process trace is shown in italics in the
figure,
Figure 11 provides the description of a radio station. In this example, the
process trace is chosen for the initial description of the object, and swirching
to the constituency schema occurs for one of the pams. The user model indi-
cates local expertise about radio transmitters. The process trace is chosen for the
overall structure of the text, because the user does not know most of the parts
of the radio station. The description starts by introducing the object with its
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Radio Station

User Model: Local expertise — radio transmtter
Basic Concepts? — electricity

A radio station has a few functionally important parts, only one of which is known
to the user. The process trace is thus chosen as the overall structure of the text.
TAILOR switches to the constituency schema for the radio transmitter as the user

maodel indicates local expertise about it.

TATLOR output:

A radio-station fs a deviee that broadeasts 8 signal Process Trace

when a human speaks Inke 8 microphons. Because
the human speaks into the microphons, & current is
produeed. Then, the current fows through the wire
into the radio-transmitter. The radio-transmitter has
an cacillator that produces a varying current when a
baltery produces another current, an amplifier that
produces a strong varying audio-frequency signal
from a varying audio-frequency signal, a mixer, and
an amplifier to produce a strong radio-frequency
gignal from a radio-frequency signal. An amplifier
has & vacuum-tube to produce a strong current from
a power source and a metal grid. The oscillator has
a4 high-resistance resistor, a battery, a capacitor, a
low-resistanes resiator and a transistor, The currend
flowing through the wire inée the radio-transmitter
causes the strong varying radio-freguency signal to be
produced. Then, the strong wvarying radfo-frequency
&signal flows into the antenna of the radic-station. The
antenna Is long and made of metal. Because the
strong radio-frequency signal Mows into the antenna,
the strong radie-frequency signal is brosdcasted.

Switch 10
constituency
schema for
the radio
transmitter

Continue the
PI"DI:E'.SE frace

Figure 11. Starting with the process trace and switching to the constituency schema for

OFE Part

purpose and following the main sequence of events that eceur when the object
performs its function. When the radio transmitter is introduced as part of the
nrocess fxnlanatinn. TATLOR swirches 1o the constituency schema to describe
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Fatents describing Questions
comples physical objects [Requests for Descriptions)

Y

Memory-based

RESEARCHER parsing KNOWLEDGE BASE

Lpaas L T

gieneralizes) builds = q higa;chy;
Questions in
internal form i

¥
USER MODEL - —= TAILOR
[Farameters describing the
level of expertise} 4’
Descriphians

Figure 12. RESEARCHER and the TAILOR system

5. TAILOR

3.1. Overview of the System

We have implemented the discourse strategies presented above in TAILOR, a pro-
gram that generates descriptions tailored to a user's level of expertise. The discourse
strategies guide the program to choose the appropriate information from the knowl-
edge base, under the constraint of the user model. TAILOR generates descriprions
aimed at users anywhere along the knowledge spectrum. TAILOR uses the knowl-

edge base built by RESEARCHER, as depicted in Figure 12, and looks ar the
information conrained in the user model to decide on the strategy to employ. At
this point, TAILOR is not really an interactive system and there is litele feedback
from discourse. In TAILOR, the user issues a request for a description and the
description is generated. The object that was just described is added into the user
model, as TAILOR assumes the user now has local expertise abour . TAILOR
does not keep a record of all the questions asked by the user and all the answers
provided. No parsing of the questions is done (the input consists of a request for
a description). In the ideal system, RESEARCHER would parse the question using
the same parser as that used in reading patent abstracts, produce the request and
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RESEARCHER's knowledge base contains detailed descriprions of complex
devices, including both structural and functional information about the objects,
We use a frame-based knowledge represemtation [WASSS3, WASSE5] in which the
basic frames represent objects. These structures are organmized in a genﬂrilltﬂliﬂ“
hierarchy. In addition to the generalization links, or imstance-of links, there exist
wwo additional kinds of links joining entities: pare-of links, which indicate that an
entity is a part in a larger structure, and refations, which convey informarion about
spatial or functional relationships. Functional relations correspond to the various
events (or processes) that occur. Finally, there are links between relations, that is,
links between events. These links include canse-effect relations, temporal relations
(such as "X happens at the same time as Y™) and analogical relations (such as "X
corresponds to Y").

A top-level diagram of TAILOR is shown in Figure 13. Input to TAILOR in-
cludes: (1} a request for the definition of an object, and (2) the level of expertise of

the user, that is, the set of parameters that describe the user’s level of knowledge
about the domain, including:

* A list of basic underlying concepts the user knows about.

* The specific objects the user knows in the domain, that is, the user's local expertise
(a list of pointers into the knowledge base).

Request for an
USER MODEL object description
B s - TAILOR
l Kﬁﬂﬂ["ﬂg;! n{ . [N A ———— e e S e i
| basicconcepts i
I i
:' -—u—-h- Textual - Enowledge
I " Component [ hase
1 i
I i '|
1, List of known |. m'lfl;lnttqt of
i ohbjects i H e deseription
e o ¥ ,

Dictionary Interface
iwhere lexical chaice is made)

I

eantent of the deseription
with lexical cholce made

Surface Generator

| I R ——————— A

Description of the
object in Englsh

Figure 13. The TAILOR system
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The textial component of the system decides what to include in the description.
It looks into the knowledge base and, based on the user model and the discourse
strategies, chooses appropriate facts. The outpur of the textual component is a con-
ceptual representation of the content of the deseription. This representation is passed
through an interface, which makes synractic and lexical choices for the various con-
cepts included in the description. The interface uses the focus of a propesition and
the past discourse to guide its decision process. (However, as our emphasis in this
work i5 on the corrent of a description as opposed to its phrasing, we have nor
studied in depth the complexity and subtleties of lexical choice.) Finally, a surface
generator constructs Enghish sentences. The surface generator 1s based on the one
used by [MCKES5b] in the TEXT system. This generator unifies the inputr with a
functional grammar [KAYM79] to produce English sentences, We have extended and
improved the performance of this program, and augmented the functional grammar

n uses [PARISSh, MCKES7].

5.2. Implementation of the Strategies

The constituency schema and the process trace strategies are implemented using
an augmented transition network (ATN) [WOOD?3]. The arcs joining the various
nodes in the nerwork specify whart information is to be retrieved from the knowl-
edge base, under what conditions (the arcs contain a test), and which node 1o go 1o
next. Figures 14 and 16 present the nets used for the strategies. (In these figures, the
schemas do not include the links allowing the program to switch from one strategy

to the other.)
In the constituency schema, shown in Figure 14, the arcs correspond to the

predicates from the schema. These predicates define the type of information to be
taken from the darabase.* They are:

* identification, presenting the more general concept of which the present object

15 an 1nstance.

* constituency, giving the components of an entity, if there are any.

* autributive, providing different attributes of an object (such as its shape or ma-
terial).

* cause-effect, providing some causal relations between entities or relations.

The process of filling the ATN for the constituency schema strategy to describe
a microphone 15 shown in Figure 15, The constituency schema would be chosen
by TAILOR if the user model exhibits local expertise about the microphone (or
if the user 15 classithed as an EHPEI"I:]'. In this ::t:lmpl-t, the identification pﬂ.’ditﬂh‘
is first applied to the microphone. The identification predicate provides the super-
ordinate of the object together with the function of the object. The constituency
predicate is then applied, providing the subparts of the microphone, together with
their properties or purposes. Finally, the depth-identification predicate 15 applied to
cach subpart, the dowbly-resomant system and the diaphragm. The English ourpur
shown in the figure (and in the other figures) is the actual outpur from TAILOR.

? More details can be found in [PARIE7a]
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; Stepping through the Constituency Schama to describe
. a MICROPHONE

Applying the predicates to MICROPHONE:

Identification predicate: DEVICE;
{ugad-ior: change soundwaves ingo current)

Constituency predicate: DIAPHRAGM
(shape disc, matarial aluminum),

DOUBLY-RESONANT-8YSTEM
{used-for: broaden response)

Depth-constituency for DOUBLY-RESONANT-SYSTEM:

CARBON-CHAMBER, AIR-CHAMEBER

Depth-attributive for DIAPHRAGM:
{edges clamped)

TAILOR ortput:

The microphone changes soundwaves into current. It has a dise-shaped aluminum
diaphragm and a doubly-resonant system to broaden the response. The system has
4 carbon chamber and an air chamber. The diaphragm iz clamped at its edges.

Figure 15. Stepping through the constituency schema

* Substeps?; If an event consists of several substeps, the substeps are rraced first.

To traverse the swbsteps, the subroutine substep is called for each substep. This
subroutine is very similar to the main graph, but does not allow for a further
decomposition of events.
In Figure 17, the link “the diaphragm vibrates” can be divided into substeps,
namely “the diaphragm goes forward” and “the diaphragm goes backward”. The
process trace can be continued at the substep level. Then, once the substeps have
been traced through, the trace returns to the toplevel description. (Only one
substep is fully shown in Figure 17 for brevity. See [PARISSa] for details.) We can
also choose to not follow the substeps in order 1o generate a shorter description.
This factor is incorporated into the arc tese.

By representing the two strategies in this formalism, we immediately obrain
the control structure necessary to switch strategies, since it is possible to jump from
a node in one part of the netwark to a node in a different network. The decision
points are thus marked as special tests on the arcs joining the nodes.
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NEXT-MAIN LINK

SIDE LIMNKY

ATTRIBUTIVE

SUBSTEPSS

IUMP
ATTRIBUTIVE

Figure 16. The process trace

As a general test for deciding which strategy to use to describe a part, we look
into the user model to check if a superordinate of the part (or the part itself) is known
to the user. If the part s known, the constituency schema is used. Otherwise, the
process trace is chosen. This test is invoked before beginning generation and at any
point in the schema where it is possible to switch strategies. The process of stepping
through the ATN and switching strategy is shown in Figure 18. (The corresponding
generated text was shown in Figure 10.) Note that to avoid generating very long
texts, substeps are omitted when the process trace is chosen 1o describe a subpart.”

6. Further Work and Related Issues

6.1. Recursive Use of the Strategies

TAILOR. can also use the two strategies recursively, although this was not one of
our main concerns, TAILOR can currently call the constituency schema recursively
for each subpart of the 1op level object being described, but not for the compenents
of these subparts. Similarly, the process is only traced one level down, that is, only
the top-level relations are broken into substeps. This kind of recursion could occur
as deeply as the knowledge base allows for. We think that such a level of detail &
appropriate only if the user asks for a longer description. We have implemented

CE Y ] .
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i The pragram traces the process information for a naive user

Causal link (1)  |M-CAUSES| relares the two relations:
[ONE] P-SPEAES-INTO [MICROFHONE]
[SOUNDWAVES] B-HITS [DIAPHRAGM]

Attributive Information about DIAPHRAGM: [material: aluminum]

[shape: disc]
Causal link (2): |M-CAUSES| relates the two relations:
[EOUNDWAVES] P-HITS [DIAPHRAGM]
[DIAPHRAGM] P-VIBRATES
i Substeps: "Soundwaves increasing” and “soundwaves decreasing”
Substep 1 |IM-CAUSES] relates the rwo relations:

[SOUNDWAVES] P-INCREASES [DIAFHRAGM]
[DIAPHRAGM)] P-SPRING [Direction: forward]
|M-CAUSES| relates the rwo relations:
[DIAFPHRAGM] P-EPRING [Direction: forward)
[GRANTLES] P-COMPRESS
|M-CAUSES| relates the two refations:
[GRANULES] P-COMPRESSES
[RESISTANCE] P-DECREASES
IM-CAUSES| refates the two relations:
[RESISTANCE] P-DECREASES
[CURRENT) P-INCREASE

Substep? IM-CAUSES| relates the two relations:
[SOUNDWAVES] P-DECREASES [DIAPHRAGM]

[DIAPHRAGM] F-SPRING [Direction: backward]

[ The remainder ﬂfﬁ# Erace fs omitted -ﬁ'ﬂ‘-“ﬁ-"" -E“fﬁ"f}'*]

TAILOR outpur:

A person speaking into the microphone causes the soudwaves to hit the diaphragm of the

microphone. The diaphragm is aluminum and disc-shaped, The soundwaves hitting the di-

aphragm cause the diaphragm 1o vibrate. The mundw:n-t.,i.ntens[g increasing causes the
t

diaphragm to spring forward. Because the diaphragm springs forward the granules compress,
This causes the remstance of the granules to decrease. Because the resistance decreases the

current increases. The soundwave_intensity decreasing causes the diaphragm to spring back-
ward. This backward causes the granules to decompress. Because the granules decompress the
resistance increases. The resistance increasing causes the current to decrease. The vibration

of the diaphragm causes the current to vary, The current varies like the intensity varies.

j = p O i Pl i a L= s 2 =
Flgure 1/, lracing the process intormation for 3 nave user
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Constituency predicate: DIALING MECHANISM
TRANSMITTER

{used-for: change soundwaves into current)
LINE

CORD
RECEIVER

(used-for: change ourrent into soundwaves)
HOUSING

(properties: color: various, shaps: various)

Need to switch to process trace for the TRANSMITTER.
Introduction:

Page 274 of 1206



Page 275 of 1206



230 Cecile L. Pars
Finally, our user model at this point is coarse grained, in that it contains a hist of
objects that the user knows and whether he or she understands the basic underlying
concepts. A more detailed model might include exactly which facts the user knows
about objects, and specifically which basic concepts are understood. We have shown
that a system benefits from a user model that indicates a user's knowledge about the
domain, even when the model is not a detailed one, While we feel that a detailed
user model would be much harder to obtain, it would be interesting to see whether
such a model would allow a system to provide more appropriate answers.

6.3. Incorporating the User's Goal

It is clear thar the goal of the user also influences the content of an answer, or
of a description. It would be interesting to examine how the goal and the level
of expertise combined can help a program in chmsing appmpriatc facts from the
knowledge base. In this research, we found that the level of EXpertise affects the
kind of information to include in a description. This is also clearly true for a user’s
goal: the information provided in the description should help the user in pursuing
his or her goal. Thus, depending on a user’s goal, the information included would
vary. The interaction of these two factors can become quite complex. Hawever,

until both factors are fully understood individually, we feel that it will be very hard
1o determine exactly how they interact,

6.4. Feasibility and Extensibility of This Approach

In this work, we make the assumption that a system that tailors its answer to its
users will be most useful. This is only true provided that this tailoring does not
hinder the system's performance or increase its complexity significantly. We argue
that tailoring a description to a user's level of expertise using the method described
above will not add to the cost of generation and yet might provide better answers.
Whether a generation system tailors its answers to users or not, it needs a control
structure that will guide the decision process both in determining facts to take from
the kﬂﬂ“’hdﬁ.'-‘- base and in orgamizing them, lest the resulting texe be incoherent.
A discourse strategy is one way to guide its decision process that has been used
successfully in previous generation systems. The two discourse strategies used by
TAILOR. are of comparable complexities to those used in other systems and, in fact,
ane i-'i id-'l'.’m'iﬂill. D'[hl!r E}I'EHEII‘I.S {'I'.I‘.I.pll:}}fing dis-l:nu_ry_- 5{::tggie§ must {JE'l:id.-l: ﬂ"li.d'l
strategy to use to produce a text. The decision is usually based on the question type
and the structure and content of the knowledge base. In TAILOR, the user model
plays a role, but this does not add any cost to the decision process. Furthermore, 1o
combine the strategies does not add cost either, especially because of the formalism
used to represent the strategics. By representing both strategies with an ATN, the
control structure necessary to combine the strategies is readily available. It is not
more costly to jump from one node in one network to another node in the same
network than to go from one network 1o another.

While this work was done only with respect to generating descriptions of com-
plex devices, we think this approach will be useful in any information secking
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environment to which users with different background and knowledge levels have
access. Such an environment could be a large knowledge base of facts (such as an
encyclopedia), a help system, an expert system which needs to communicate with
specialists, students and knowledge engineers, or simply with different types of
users, such as the expert system for educational diagnosis proposed by [COHE?],
and tutoring systems. Providing different information in an answer might also be
done in explaining the behavior of an expert system which is used both as a teaching
tool and as a problem solving engine.
Independently of whether the texts provided here are the most appropriate for
1 given user, we have added a new dimension along which 2 system can railor its
answers to users having different levels of domain knowledge, and TAILOR s abilicy
o combine strategies is important, because it allows TAILOR to generate a greater
variety of texts than would otherwise be possible. For example, for the pulse tele-
phone which has a superardinate and three functionally important parts, TAILOR
can generate eight different descriptions, even though the constituency schema is
always chosen as the initial strategy (as the pulse telephone has no mechanism in
ns frame)." The ability to combine strategies allows a generation system to have
distinct s1 rategics clearly defined withour losing flexibility. Discourse strategies help
a system to construct a text with a given structure, and it is desirable to have such
strategies to constrain the generation process. Given the strategies and no mecha-
msm for combining them, a system 15 limited in the kinds of texts it can generate
by the number of strategies. If combining strategies can be achieved, the variety of

texts thar can be generared is greatly increased.
By explicitly representing the user’s knowledge about the domain, we have

gained the ability to tailor texts to a whole range of user, without having a prede-
fined set of user rypes.

7. Conclusions

in this paper we have demonstrated that the user’s domain knowledge can be used
as a factor in tailoring an answer. In particular, we have shown how the description
of a complex physical object might be tailored to a user's level of expertise. We
presented different kinds of knowledge users can have, explaining how a system can
take them into consideration in order to generate a description. From our studies
of texts, we have found two distinct discourse strategies that are used in describing
complex devices. We postulated that the level of expertise of the user affects the
kind of information given as opposed to just the amonunt of detail provided. Even
though we conducted this study in the domain of complex devices, we believe this

!"l-'SLIh Eﬂftfnds to other domains, that is, that varying the kind of information to
mclude in an answer is important in other domains as well, in order to tailor the

H Note that this number takes into account the fact that the heuristics chosen in TAILOR
limit the number of combinations allowed. Furthermore, knowledge about basic concepts
plays no role for chis particular object. If it did, there would be yet more combinations.
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answers to users with different levels of domain knowledge." We thus proposed
that a user model containing information about the user's domain knowledge can
be used in a question-answering system to guide the decision process, We described
two distinct descriptive strategies that can be used in a question-answering program
and showed how they can be mixed to include the appropriate information from
the knowledge base, based on the information contained in the user model.
Finally we presented TAILOR, a program thar generates descriptions tailored
to users with various levels of expertise. TAILOR employs one of the two discourse
strategies described 1o generate a text for a novice or an expert. TAILOR is also
able 1o autumat[ca]ly mix the nrategie:s o p:m.ride device dE.S:ri_P-‘[i.-ﬂl‘lS tailored to
users whose domain knowledge falls anywhere along the knowledge spectrum. By
representing explicitly the user's domain knowledge in terms of parameters, TAl-

LOR does not require an a priori set of stereotypes but can provide a wide variety
of descriptions for a whole range of users.
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9 Highlighting a User Model to Respond to
Misconceptions'

Kathleen F, McCoy

Abstract®

Responses to misconceptions given by human conversational partners often conrain
infermation refuting the possible reasoning which may have led to the misconcep-
tions. This work describes generating such responses by reasoning on a highlighted
model of the user to identify possible sources of the error. Domain-independent
structural characterizations of a highliﬁh[ﬁd user model which SUggest the source
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denial and correction given. Further, the justification often seemed to refute support
that might have led to the misconception. ,
In order for a computer system to mimic this behavior, a way of generanng
appropriate justifications must be found. The justification hinges on the support
accorded the misconception. If we could (domain independently) characterize bath
the various kinds of support someone might have for a particular kind of misconcep-
tion and an appropriate justification refuting that support, then the behavior could
be mimicked. For instance, suppose the user gives an object a property it does not
have (e.g., “What is the interest on this stock™). One way a person might come 10
such a misconception is by either confusing the object being discussed (e. g., stock)
with a similar object that does have the property (e. g., 2 bond) or by making a bad
:m:ln-g:.-' from such an object. A highlighted user model configuration that indicates
such support would be one containing an important object which has the property
in question and is similar to the object involved in the misconception. A reasonable
response to use when such a user model configuration is present is one that points
out the error so it does not continue (e.g., “did you mean bond?"). If we can char-
acterize all support/justification pairs in this kind of domain independent way,
computer system could appropriately respond to entire classes of misconceptions.

The task of characterizing the possible supports for a misconception in a domain
independent fashion, however, seems insurmountable since the support someone
might have for a misconception is so varied. Further transcript analysis shows,
however, that for a given type of misconception (e.g., a misclassification), only 3
few kinds of support were corrected for in the justification part of the response.
In fact, one could abstract out a small number of correction strategies used by
the human conversational partners, based on the kind of justification given for the
denial and correction. Therefore, since the number of support/justification pairs
is small, it is feasible to characterize correctable support for a misconception and
associate each with a correction strategy whose justification refutes the support. A
generation system that has access 1o a highlighted model of the user's beliefs about
the domain could respond to a misconception by looking in this model for one of
the characterized supports and respond with the associated strategy.

Note that in order for this methed of correcting misconceptions to mimic what
is found in human conversation, the user model must be highlighted by previous
discourse. The kind of response given by a human conversation partner is not only
dependent on the beliefs about the person being corrected, but also on the context
in which the misconception occurred. For instance, we could imagine the following

dialog where the user exhibits the misconception thar T-bills have a penalty. A
reasonable response is shown.

U.T am interested in investing in some securities to use as savings instruments. 1
want something short-term and | don't have a lot of money o invest so the
instrument must have small denominations. | am a bit concerned about the
penalties for early withdrawal. What is the penalty on a T-bill?

R. Treasury Bills do not have a penalty. Were you thinking of a Money Marker
Certificate?

This response might be prompted by R thinking tha: U came to the miscon-
ception by confusing T-Bills with a Money Market Certificare.
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On the other hand, it is reasonable that the response might be different given
a different preceding dialog. For example:

ULT am interested in investing in some securities. Safery is very important to me,
so I would probably like to ger something from the government. I am a bit
concerned about the penalties for early withdrawal, Whar is the penalty on a
T-bill?

R. Treasury Bills do not have a penalty. Were you thinking of a Treasury Bond?

This response may have been prompred by R thinking that a confusion between

T-Bills and T-Bonds was the source of the misconception.
These responses could be generated by the methods deseribed if the user model

was affected by previous discourse and if this highlighting was raken into account
when an:nssinl:; the user madel. Currentl}', when a user model is accessed, all user

knowledge has equal importance. When people engage in a conversation, however,
certain aspects of their domain model become more important than others. This
impartance is more than just a highlighting of those things that have been explicitly
mentioned. Rather, certain things that are somehow related to those things explic-
itly mentioned in previous discourse are also highlighted. In fact, a way of looking
at the domain is usually established. .

A new notion of object perspective will be introduced that will enable this high-
lighting effect of previous discourse to be incorporated into the user model. Thus
when the user model is accessed, certain things in it will be highlighted while other
things will be suppressed. | will show how this variable highlighting of the user
model can explain why the response to a particular misconception by a particular

aser ma}r Vary.

2. Knowledge Available

The work being done here is in the context of a natural language interface to a
dil-'.'al:ltl.'ie Or expert system. It 15 an attempat to define a module of an fﬂT-L'F-E&C"E which
could generate a cooperative natural sounding response to a misconception — the
kind of response that would be generated by a helpful human conversational part-
ner. In this work, a misconception is defined to be some discrepancy between system
beliefs and user beliefs (as exhibited through the conversation). Upon encountering
such a misconception, the job of the misconception corrector module is to attempt
1o bring the user's knowledge into line with the system’s knowledge.

The scope of this work 15 limited by several assumptions about the kind of
knowledge available. First, since we are concentrating on ofpect-related misconcep-
tions, we assume the system’s model of the world contains an object taxonomy
with attribute/value pairs atrached to the objects.

Second, we assume that we have a user model available. Thus we will not be
concerned with inferring a model of the user. Inferring the user model is the subject
of several other papers in this volume (see [RICH®, CHIN®, FINI*] for example).
We further assume that the model of the user is in the same form as the system
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The methods described here have been implemented in the ROMPER sys-
tem (Responding to Object-related Misconceptions using PERspective). The system
takes as input a specification of the information that is inconsistent with the sys-
tem’s model of the world, the current perspective (described below), and a record
of past focus. It produces a formal specification of the response. This response spec-
ification is passed into the Mumble system [MCDO80] which, using a grammar and
dictionary written by Robin Karlin [KARLSS], produces an actual English response.

The implemented system works in the finandial securities domain. In order to
show the generality of this approach, two different domaing will be used in this
paper. The motivation for the system’s method of choosing a response strategy will
use examples from the domain containing whales and fish. In the last sections of
the paper (those pertaining to the new notion of object perspective), the examples

? The dialogs contained in this paper were not taken directly from the transeripts. They are
used to illustrate the kind of responses found.
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will be taken from the domain of financial securities since the ideas can be better
motivated with a more complex domain,

3. Related Work on Correcting Misconceptions

- 1 fiehd 40 LLLLE Y Sl e e L o

The method for reesnandine 18 miscane
The methad for responding to misconce
contrasted with the way that misconceptions are handled by Al systems roday.
For the most part misconceptions have been left to the intelligent compurter aided
instruction (ICAT) systems which basically use an @ priort listing of misconceprion-
response pairs (see [BROW?8, SLEES2b, STEV?9, STEVE0, WOOLS3, WOOLS4a),
eic.). Responding to a misconception is reduced to matching the user’s input against
the & priori listing and outputting the associated response should a maich be suc-
cessful. The major problem with these systems is that it is impossible to list every
misconception and, due to the system's inability to reason about the misconception
itself, the system is completely at a lass when faced with a misconception absent
from the a priovi listing,
 The work of Sleeman [SLEES2b] on inferring defective algebra rules (mal-rules)
15 an attempt to avoid the hand-encoded & prior listing of misconceptions. Sleeman
proposes on-line inference of mal-rules based on the answer the student has given
o a particular problem. The problem is worked backward from the answer using
correct rules as long as possible. A mal-rule is then inferred which “closes the gap”
EJEt“"f_':n the Prnblpm g_m;g-“ b}r WEI'I'HI.IIE bﬂckwd frﬂl'.l"l: the student's response iﬂd
the aceual Fmb]em gj\rfn. _ﬁ![hﬂugh Sleeman’s work 15 a m:ljl;l!’ Jll:l‘lp.l.‘l:l"'l'ﬂ:l'.l:ltnt over
the a prior listing approach, it still has several problems. First, there is no measure
of how reasonable or likely a particular mal-rule is. In addition, once a mal-rule has
been inferred, no indication is given concerning how the misconception should be

corrected.
[KAPS79and MAYSB0a] differ from the previous work mentioned in that it, like
the work described here, 15 concerned with cun'-l.-cting an entire olass of ml'!'ﬂfﬂ'ﬂﬂEP'

tions. Thus a system based on Kaplan and Mays’ methods can handle a potentially
infinite number of individual misconceptions. They were concerned with correct-
ing presumption fatlures occurring in the context of a natural language interface to
a database system. They worked on detecting and correcting such misconceptions
based on domain independent linguistic cues from the user and an enhanced model
of the domain. For instance, the query “Which faculty take courses?” indicates a

presumption failure. A truthful response of “none” to this query would confirm
the user’s erroneous belief that faculty can take courses. Mays suggests correcting a
query like the one above by (1) denying that the “take” relation can hold between
faculty and courses, and (2) describing all correct alternatives which can be reached
by abstracting on each of the objects and on the relation involved. This method

would produce the following kind of response:

R. [ don't believe thar faculty can take courses. Faculty teach courses. Students rake

Courses.
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ceptions i5 different. While this work is concerned with correcting misconceptions
abour objects, Quilici concentrates on correcting misco nceptions about aﬂiﬂﬂ&‘Hﬁ
user model contains information about plan knowledge and he has characterized
support for several types of misconceptions in terms of this knowledge. As is the case
with this work, each kind of suppornt has an associated response strategy. When a
misconception is detected, the system analyzes its user model and system knowledge
1o determine the probable support and responds accordingly.

4, Misclassifications

Three major strategies for correcting misclassifications that could be supported by
the assumed knowledge bases were found in the transcripts. The first is exemplified
by the following dialog:

U. 1 thought whales were fish.

R. No, they are mammals. You may have thought they were fish because they are
hn-bearing and live in the water. However, they are mammals since, (while fish

have gills) whales breathe through lungs and feed their young with milk.

Let us firse examine the content of this response. It can be seen as consisting of
three parts. In the first sentence we have the denial of the incorrect informarion and

the Stlfeml:nt_uf the -l{nr::spunding correct irlfnrm atian. 1 he n:rn:lining gEnLences
comprise the justification for the denial and correction given. Notice that it rtfll'itli
a kind of support that may have led 1o the misconception, It is casiest 1o see this
examining an abstraction of the response and looking at the content of the
justification:
MISCONCEPTION = X isa Y
RESPONSE =
1. X s-NOTa Y

2. X isa Type-of (X)

3. Xislike Y because both share attributes-af (X) n attributes-of (Y)
4. BUT X has attributes-of (X) - atiributes-of (Y)

5. WHILE Y has attributes-of (Y) — attributes-of (X)

The justification is contained in 3-5 of the rule. Notice that it can be seen as
a concede/override pair. First, information is conceded that actually supports the

* Correction was not the major thrust of Kaplan or Mays' work.
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tributes thar differentiate whales and fish. These are ateributes thar whales have but

fish cannot, and atributes that fish have that whales do not.

By analyzing the justification in this way, not only do we get an abstract rep-
resentation that can be used by a generation system, but we get some insight into
when it would be reasonable to use such a response. It makes sense to use a response
that first concedes a similarity between the misclassified object and the object thar
was wrongly given as its superordinate (henceforth called the posited superordinate)
and then overrides that conceded information, when such a similarity is a possible
source of the misconception. This might be the case when the bighlighted nser model

shows that the wser believes that such a similarity exists. Thus a generation system
may generate its response by instantiating the above rule if the user has misclassified

th’E nhir_u_—[ :l.: AL a ¥ -lrL.l'I - an-'llun-r .-J l'L'ul 'I:I:rl'll :'-:rh FFI" (L rn-rl.rlnl :l’lnu_.rt f"lﬂF‘ f‘FIF 1rese
H 8 2 ANC A0 ARaLYEIS O IO QRN RNl LiIT OO0 SAOWS LREL WOt UST

believes X is similar to Y. Because of this resson for using this response strategy, it

has been termed the “like super” response strategy.
A second kind of strategy is exemplified by the following dialog. Imagine a

recent conversation centered on sharks being large fish thar people are typically
afraid of. Following that, the conversation turns to classifying whales. The user

says:

U.T thought whales were fish too.

R. No, they are mammals. You may have thought they were fish since they are
like the ﬁs;h, sharks, in that both are ];u'gt iquit[c creatures and both scare peo-
ple. However, whales are mammals since, (while fish have gills) whales breathe
through lungs and feed their young with milk.

Again, this response can be seen as consisting of the three parts with the denial

and correction b:ing contained in the first sentence. As in the previous example, the
remaining sentences comprise the justification in the form of a concede/overnide

pair. The conceded information, while dependent on attributes, differs from that
given above. The abstract content rule can perhaps best illustrace this diference:

MISCONCEPTION = X isa Y
RESPONSE =
. Xis-NOTa Y
2, X isa Bpeof (X)
JIZ(Lsa¥ - Xis like Z
because both have attributes-of (X) n attributes-of (Z))

4. HOWEVER X is-a Tipe-of (X)
because X has attributes-of (Type-of (X)) ~ attributes-of [Y)
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this kind of reasoning might be a similarity found in the highlighted user model

berween the misclassified object and some descendant of the posited superordinate.

Finding such a similarity would justify the use of this “like-some-super” strategy.
A final strategy found for misclassification is exemplified by the following:

U.1 thought whales were fish.
R. No, they are mammals.

This is the degenerate “no suppont™ strategy which contains no justification for
the correction, At first glance the use of this strategy seems rather puzzling. Since I
have assumed that the misconception is important, one would expect a full response
to be given. However, no justification was included in the response.

This response can be explained in the following way. The model for correcting
misconceptions says that there are a small number of ways in which a correction of
a particular kind of misconception can be justified. Each kind of justification refures
a kind of faulty reasoning that may have led 1o the misconception. Thus, in order
to respond to a misconception, the highlighted user model is consulted in order
find evidence for one of the pre-identified kinds of faulty reasoning,

This last response is an example of a response in a situation where no evidence
was found for any of the pre-identified kinds of I'a,ull[}r reasoning. If R could not
figure out what led to the misconception, then R could not include justification to
refure the support. The most that R could do in this situation was deny the incorrect
information and state the corresponding correct information. For this reason the
response has been termed the “no-suppornt” response and it can be used when the

highlighted user model contains none of the evidence that would key off any of the
other correction strategies.

5. Misattributions

Misattributions are the second kind of misconceptions thar may arise given the
kind of knﬂv-rl:dg,e assumed. A misattribution occurs when the user gives an object
an attribute/value that does not exist in the system's domain model. In the case
of misattributions, the justification ook the form of offering another statement
that would change what the user said in a small way in order to make it a correct
statement. This is illustrated in the following dialog which is an example of the first
kind of correction strategy found. Imagine that we are discussing sea animals and
have previously discussed sharks and their atributes. We move to whales:

U.T thought whales had gills.
R. Mo, they breathe through lungs. Were you thinking of sharks?
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% Highlighting a User Model to Respond to Misconceptions 241

The response might go on to discuss the similarities and differences between

whales and sharks.
Notice what was done in this response. We have the denial and the correction

as before. The justification offers another object that is similar to the object in-
volved in the misconception, but for which the misattribution is true. This content

15 captured 1n the following rule:

MISCONCEPTION = X has attribute Y with valwe V
RESPONSE =

1. X does not have attribuse Y with value V

2. X has attribute Y with value W

3. 3Z (Z has artribute Y with valwe V) did you mean Z?

This response would be effective if the user's misconception results from either
Ennfuslng the object being discussed with some other object thar has the misat-
tributed property, or through an incorrect analogy with such an object. Mention
of the object in the case of confusion prevents continuation of the confusion. In
the case of an incorrect analogy, menton of the other object alerts the user 1o the
in:ppn:lpriat ENE5S ﬂ-F [he mq]gg}r :md also prevents the mminued use EJ-E the lﬂ:llﬂ'g}"-

It makes sense to use the “wrong object” strategy when a possible source of the
misconception is either an object confusion or the use of a bad analogy. Evidence
for this would be the existence of some object from the highlighted user model that

has the misattributed property and is similar to the misconceprion object.
A second kind of correction strategy used for misatcributions is shown here:

ULT thought whales had gills.
R.No, whales breathe through lungs. Did you mean you thought they had fins?

This is very similar to the last response excepr, instead of offering another ob-
ject, the strategy offers a similar attribute that makes the user's statement correct.
The content rule for this response follows:

MISCONCEPTION = X has attribute Y with valwe V
RESPONSE =
1. X does not have artribute Y with value V
2. X has attribute Y with valne W
3. 3Q 3 U(X has areribute Q with value U ~ similar(Y,Q)
did you mean X has ateribure Q with value U3)

This strategy, termed the “wrong attribure” strategy, is used when there is a
similarity of atrributes within the highlighted user model.
The no-support strategy also occurs in the case of misatcributions.

6. A Rule for Choosing a Strategy

Given the association of highlighted user model configurations with response strate-
gies given in the previous sections, we can come up with a method for deciding
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THEN
IF similar(X,Y)
THEN instantiate Likesuper schema
ELSEIF 3 Z (Z t5-a Y) ~ similar(X,Z)
THENMN instantiate like-some-super schema
ELSE instantiate no-support schema

ELSEIF misconception = “X has ateribuee Y with value V™
THEN

IF 3 Z ((Z has ateribute Y with value V) ~ similar{X,Z))
THEN instantiate wrong-object schema

ELSEIF 3 Q 3 U ((X has attribute Q with value U) - simalar(Y,Q))
THEN instantiate wrong-attribute schema
ELSE instantiate no-support schema

This rule is a simplification since it goes through the configurations in a Pﬂ‘d’
termined order and chooses the first strategy with a matching configuration. Thus it
places preferences on some strategies over others. While this preference is well mo-
tivated in the choice of a strategy containing justification over a no-support strategy
(see [MCCO87] for details) it is a simplification for choosing between two strategies
containing justification. An arbitrary preference has been made for the like-super
strategy over the like-some-super strategy and for the wrong-object strategy over
the wrong-attribute strategy. In reality a more complicated model which is perhaps
based on the discourse situation is needed.

For instance, suppose we have just been discussing sharks and you miﬁc]aﬁif}"
whales as fish. It probably makes more sense for me to check the configurations
that might involve sharks (or any other object recently focused on) rather than
those that involve things foreign to the conversation so far, In this situation if the
highlighted user model indicates a similarity with whales and sharks, the like-some-
super strategy should probably be used even though the highlighted user model

might also indicate a similarity berween whales and fish. Precisely how this should
be done is an area of future research.

7. H;D‘I'Iunl'lﬁnl:r and Ohisrr Similaritv
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9 Highlighting a User Madel 1o Respond to Misconeeprions 243

analyzing a highlighted user model. In this section we show how the highlighting of
the user model is taken into account in the above rule. Notice that the user model
analysis in each case described above hinged on an assessment of object similarity.
It is in this assessment that the highlighting on the user model is taken into account
in the ROMPER system. ROMPER's similarity metric allows several contextual
components to be taken into account. One of these components is the highlighting
of the user model gained from object perspective.

TRr I ] L]

sninlal WOEN N A Eroup WIIN a CIAriner and an oooe, anad May De JUOgea quie
different when the other members of the group are a cello and an electric bass), and
when the salience of attribures is altered (e.g., in a group containing a red triangle,
a blue I:rf:lrlgle, and a red square, the red tri:ng]l:' might be judged similar to the
blue triangle when ateribute shape 15 stressed, but may be judged similar to the red
square when attribute color is stressed).

One metric that avoids these problems was introduced by Tversky ([TVER77]).
Tversky’s metric, rather than relying on distance in some space, is based on the com-
mon and disjoint features of the objects invalved. The metric, termed a contrast
model, allows context to be taken into account in several places.

Suppase we have two objects @ and b where A is the set of properties associared
with object @ and B is the set of properties associated with object b. Tversky's

measure can be expressed as:
slab) =B f(AuB) - afid-B)-pf(B-A)

for some 8, @, and p = 0.
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Although Tversky discusses in general terms how these functions might be set,
he gives no concrete methods for doing so. For instance, to set 8, a, and B he turns
to the relative prominence of objects 2 and ¥ in the discourse. The more pmmiﬂ_ﬂm
an object 15, the more its auributes should have an impact on the similarity rating.
Thus, finding the relative prominence of objects @ and b in the discourse would
help set these values. If 2 is relatively more impaorrant, then functions 8 im"# T
should be greater than B, resulting in the attributes of the more prominent object
having a greater influence over the similarity assessment, While | would conjecture
that information about the focus of the discourse [GROS81, STINE3a, GROSEN
might give an indication of an object’s prominence and would therefore be wseful
in setting the values of B, a, and B, in this work 1 have assumed a value of 1 for the
8, a, and P and have concentrated on setting the / function.

We turn, then, 1o the problem of finding a value for the / tunction: the mea-
sure of salience for each property of the objects invelved. Other work, such i
[CARN7Ob, WEINE4], has hand-encoded salience values for artributes of im:livjdu..ﬂ
objects directly into the knowledge base, permanently setting the / function. This
approach is not sufficient for setting the f function for Tversky's metric since it 1
crucial that the f function be able to change with context. In order 1o make this
happen, the salience values computed by | must change with context. .

To see this, consider our ability to explicitly mention an attribute to increase s
salience. In the example carlier with the red and blue triangles and the red square,
if the request for a similarity judgement had been preceded by “Look at the preuy
colors of these objects”, the red triangle and red square would have probably been
judged to be most similar, Thus we see that explicit mention of an attribute in 3
discourse is one way that the £ funcrion might be affected by previous discourse.

Explicit mention of an attribute is only one way in which the salience of the
attributes may change dynamically. Another aspect of dynamic salience comes from
the point of view, or perspective, applied to the domain. A building can be referred
to as being an architeciural work, for example, or as being someone’s home, The two
different views of the building cause different sets of attributes to become salient.
Motice that this set of attributes is in addition to the atrributes that have been
explicitly mentioned in the discourse. From an architectural work point of view,
auributes like the architect’s name, date of building, and particular architectural fea-
tures become salient. On the other hand, from the home point of view, attributes
like the kitchen size, number of bedrooms, and [iving space become important. 1]
we can find a way of mnd:ling how these “precompiled” sets of attrbutes become
highlighted in a discourse, we will have a principled method for setting the / func-
tion needed for Tversky's similarity metric. The next section discusses how this
highlighting can be modeled by a computer system,
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fact it may have many. The object inherits properties only from the superordinate
in perspective. Therefore different perspectives on rhe same object cause different
properties 1o be inherited (and therefore highlighted).

~ While the limited inheritance theory of object perspective is intuitively appeal-
INg, in practice it is problematic (see [MCCOB85a] for details), and is unable to handle
some additional effects which should be handled intuitively by object perspective.

some of these effects will be discussed here.
The first has to do with the availability of object attributes. The proposed lim-

ied inheritance mechanism makes attributes inherited from superordinates other
than the one in perspective mnavatlable. This seems a bit too strong. When we
discuss a building as an architectural work, | may comment on the number of
bedrooms the building has. While you may think my comment irrelevant to the
current conversation, you would stll be able to understand it and even evaluare its
truth or falsity. In the limited inheritance account of object perspective, however,
this would not be possible. You would not even be able to tell that the number of

bedrooms is an artribute the building might have. :
A second problem with the limited inheritance account of object perspective

concerns its close ties with the generalization hierarchy. The account says that an
object viewed through a particular perspective inherits the attributes only from the
superordinate in perspective. What attributes does that superordinate have? The
superordinate itself may have multiple classifications and thus potentially mulnple
perspectives, Thus, in order to figure out what attributes a particular concepr should
inherit, we must figure out not only what perspective it is being viewed from, bur
alsa what perspective the perﬁpe:[iw: superordinate 15 being viewed from, and so

on, But this seems to be much more work than is necessary!

A third problem with the limited inheritance account of object perspective has
to do with the scope of a perspective; a perspective may be taken on an individual
object. However, during the course of a conversation it is usually the case thar
more than one object will be discussed. When this happens, usually the same kinds
of things are discussed abour the objects. In essence, a particular highlighting of
attributes (or point of view) seems to be in force during the conversation. Yet this
highlighting is applied 1o different objects — some of which may not even have the
same superordinates, What seems to be happening is that the conversational partners
are viewing an entire group of objects from the same perspective. This cannot be
accounted for by the previous definition of object perspective unless each of the

L) I PRESERE PO A TP |
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seems 1o be tied to the notion of object perspective, yet is not addressed by the
limited inheritance account.

In light of these problems, a new definition of object perspective 1s needed.
We need the new definition to be able to account for the dynamic hig:‘lﬁgh[i“E
of “precompiled” groups of attributes, At the same rime, we need it to avoid the

problems of the limited inheritance account. We propose that the following account
be used:

1. Instead of tying perspective into the generalization hierarchy of objects as has
been done in the past, the new notion of perspective is independent of that hi-
erarchy. “Perspectives” which can be taken on the objects in the domain will be

defined and will be located in a structure which is orthogonal to the generalization
hierarchy.

- A number of perspectives are available for any domain of discourse and any

given domain object may be viewed from any one of several perspectives for that
domain.

- Each perspective comprises a set of attributes with associated salience values. It

is these salience values that dictate which attributes are highlighted and which
are suppressed.

4. One such perspective is designated active atany particular point in the discourse.’

This notion of object perspective works as follows. An obiject or group of ob-
pects 15 still said to be viewsd through a perspective. In particular, any object which
15 accessed by the system is viewed through the current active perspective. How-
ever, instead of dictating which attributes an object inherits, the active perspective
affects the salience values of the attributes that an object possesses (either directly or
inherited through the generalization hierarchy), The active perspective essentially
acts as a filter on an object's attributes. By raising the salience of the attributes, it
highlights those attributes which have a high salience rating in the active perspective.
By lowering the salience of the attributes, it suppresses those atrributes which are
either given a low salience value or do not appear in the active perspective.

~ Let us look at how this new notion of object perspective handles the problems
with the old account. The first two problems are eliminated rather easily by the

definition iself. In this new account, the perspective does not affect whar attributes
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248 Kathleen F. McCoy

10. Modeling a Domain with Perspectives

In some natural language systems, a model of a particular domain includes the usual
object taxonomy containing all of the objects in the domain and all of the attributes
associated with those objects. In some systems (e.g., [CARN70b, WEINB4]), the
attributes of the objects in the domain model are given static salience values to
reflect the artributes’ importance. The norm in building knowledge bases is to omut
even the static salience values and to assume equal importance for all attributes an
object possesses. We will show how a typical knowledge base can be augmtmtd

with perspective information and how this information is taken into account when
accessing the knowledge base.

Figure 1 shows a small segment of a typical domain model. The domain ¥
that of financial securities. Three of the objects from this domain, Money Market

Certificates, Treasury Bills, and Treasury Bonds, are shown with the atrributes they
possess.

Money Market Certificates —I
Matarity: 3 months
Denominations: $1,000
Issuer: Commercial Bank
Penalty for Early Withdrawal: 10%
Purchase Place: Commercial Bank
Safety: Medium

Treasury Bills
Marwrity: 3 months
Denominations: $1,000
Issuer: US Government
Purchase Place: Federal Reserve
Safery: High
Treasury Bond
Maturity: ¥ vears
Denominations: $500
lssuer; US Government
Penalvy for Early Withdrawal: 20%
Purchase Flace: Federal Reserve
Safety: High

Figure 1. Objects in "flat” domain
mde]

In systems as they are defined today, a group of objects defined in this way
and arranged in a generalization hierarchy would constitute the domain model. If 2
system were to access any one of the objects in the domain it would be given the
objects with attribures as they are listed in the figure.

In order to get a dynamic highlighting of the domain model, we must build,
in addition to the object taxonomy, a separate structure containing the perspectives
that can be taken on the domain objects. This means that we must think abour the
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9 Highlighting a User Model to Respond to Misconceptions 249

different points of view that can be taken on the objects in the domain and compile
sets of ateributes from our model which capture the jmpur:am dopraln concepts in
that point of view. There will be attributes in each perspective that do not occur
with all of the objects in the domain. At the same time, there will be ateributes of
individual objects that do not appear in a particular perspective, The perspective
simply captures the attributes that are important in a particular point of view. The
perspectives found in Figure 2 might be reasonable for the domain where we are
assuming salience values from low salience of 0 to high salience of 1).

Savings Intruments

!'-'i.nuruy = 1.8
Denominations — 1.0
Safery = 0.5
Yield — 0.5

Issuing Company
lssuer — 1.0
Safery = 1.0

Purchase-place — 0.5
e - 0.5
Tax — 05

Figure 2. Sample perspectives

The perspective of Savings Instruments highlights maturity and denominations,
and somewhat highlights safety and yield. This indicates that when people are dis-
cussing securities as savings instruments, they are most interested in how long their
money will be tied up and in what denominations they can save their money. The
perspective of Issuing Company, on the other hand, highlights different areribures.

When securities are discussed from this perspective, things like the name of the
company and the stability of an investment in the company become important.

—rhﬂ-" et hrsne ol e cansisiiime arm smrceed feansll vhar arerbakae mer m.-nrinnnrr
S CIULCS O LNE SCCUNITICS ard IENOTT0 [Tebanm ikl SLLIIE s s e iRniis e =i

in the perspective get m;igned a low salience rating).

MNotice how the objects look when accessed, depending on which of the two
different perspectives are active. For instance, through the savings instruments per-
spective the objects’ attributes take on the salience shown in Figure 3.

Attributes are not shown in the figure that have 0 salience. Recall that when
no static salience is given, the attributes of the objects derive their salience directly
from the active perspective. Attributes in the perspective thar the objects do not
h_;w: (e.g.. yield) are ignored. Attributes of the objects not occurring in the perspec-
tve are given the lowest salience rating. The very same objects look different when
viewed through the other perspective. This is shown in Figure 4,

The salience values derived from perspective can be used for many tasks. Section
12 will show how they can be used in conjunction with Tversky’s similarity metric
10O generate CONTExt sensitive responses [0 MISCONCEPrIons.

Another task that perspective is useful for is in generating more concise re-
sponses 1o users. For instance, the schemas for correcting misconceptions intro-
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Money Market Centificates
Maturity: 3 months — 1
Dvenominations: 51,000 — 1
Safery: Medium — 0.5

Treasury Bills
Maturity: 3 months — 1
Denominations: 1,000 — 1
Safery: High = 0.5

Treasury Bond
Maturity: 7 years — 1
Denominations: $500 — 1
Safety: High — 05

e

Muoney Market Certificates
[ssuer: Commercial Bank — 1
Purchase Place; Commercial Bank — 0.5
Safery: Medium — 1

Treasury Tills
lssuer: US Government — 1
Purchase Place: Federal Reserve — 0.5

Safery: High — 1

Treasury Bond
Isswer: US Covernment — 1
Purchase Place: Federal Reserve — 0.5
Safery: High — 1

Figure 3. Objects throught savings

: Figure 4. Objects throught 1ssuing company
IASIIUMEncs p:[spﬂ:uv: 3

perspective

duced earlier call for the inclusion of sets of attributes in many of the responses.
For example, the like-super schema used for misclassifications calls for listing the
attributes the misconception object and the posited superordinate have in common.
In many cases this ser of attributes may be quite large. In addition, the user is
not likely to be interested in the entire set, Perspective is used in ROMPER to
limit the listed attributes to those that are likely 1o be most interesting to the
user by listing those attributes that are given high salience in the active perspec:
tve.

Cohen and Jones use a notion similar o object perspective to limit the i
formation included in their responses [COHE®). The difference between the two
notions is that while the atributes given high salience in a perspective can be
described as whart 'I:]'.I.i-l!lg_i are curn:ml}r ol i]‘_ltl_'!‘l_‘-ﬂ' their noton 15 more EIﬂS-EI}'
tied 1o what the system believes the user knows. They limit the information in-
cluded in a response 1o that which the system believes the user does not know.
The idea is that the unknown information is most helpful and interesting to
the user. Cohen and Jones' work is in the context of an expert system where
the system knowledge is partitioned into several classes. Different types of users
are assumed to know about different classes of knowledge. When the system is
asked to :xp]:.in its ru.mn'mg. the "p:rsp:ct_i.\re" chosen s one that includes n-
formation from the classes of knowledge that the user is believed not to know.
Thus their notion can be seen as a crude highlighting mechanism where the
knowledge classes unknown to the user are highlighted. In the case of Cohen
and Jones, however, this “highlighting” is achieved in response schemas instead

of in the knowledge base access as is the case with the perspectives described
here.
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perspecuive 15 the objects mentioned so far in the dialog. One would expect that
the active perspective would deem the mentioned objects important. Therefore the
system might look for perspectives that give high salience ratings to many of the
attributes associared with objects that have been mentioned in the discourse.
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12. Perspective’s Influence on Responses

In this section an example is given which indicates how the choice of perspective in-
fluences the correction of a misconception. Recall that in correcting a misattribution
one of the correction schemas used by ROMPER called for a similar object 1o be
offered as a possible object of confusion. A study of transcripts reveals, however,
that this schema may be instantiated in differemt ways depending on the conrext.
Consider once again the following dialogs that were first seen in the introduction:

2. B ... ol : : sl 13
U.1 am interested in investing in some securities to use as savings instruments. &
want something shor-term and I don't have a lot of money to invest so the
instrument must have small denominations. | am a bit concerned about the

penalties for early withdrawal, What is the penalty on a T-bill?

R. Treasury Bills do not have a penalty. Were you thinking of a Money Market
Certihcate?

In this case the money market certificate was seen as being similar to the trea-

sury bill and therefore included in the response. A different object might be used
in a different context. Consider:

U.T am interested in investing in some securities. Safety is very important to me,
s0 1 would probably like to get something from the government. T am a bit
concerned about the penalties for early withdrawal. Whar is the penalty on a
T-ball?

R. Treasury Bills do not have a penalty, Were you thinking of a Treasury Bond?

The difference in these two responses can be explained b]-" different perspec-

tives being taken on the objects. Suppose we are given the objects, attributes, and
perspectives from Section 10. The dialog preceding the first example could lead to
the establishment of savings instruments as the active perspective® since it mentions
the perspective “by name” and explicitly mentions several of the attributes made
important by the perspective.

A system attempting to respond to this misconception might proceed by at-
temoting to instantiate the wrong object schema described in Section 5. Recall that
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this schema is applicable when there is a similar object which has the property
involved in the misconception. The system might collect all objects which have
the attribute in question and then test their similarity with the object involved in
the misconception. In our knowledge base there are two objects which have the
attribute involved in the misconception: Money Marker Certificates and T-Bonds.
Assume that the / function in the metric is set solely on the basis of the salience
values given by the perspective. Further assume that a positive value returned from

Tversky’s metric indicates high similarity, while a negative value indicates low simi-
larity. Applying the Tversky metric using the salience values atrached by the savings

instrument perspective (and assuming a value of 1 for 8, @, and B) we get:

s(T-Bill, MM-Cert) = f(maturity, denom) — f(safety)
= 2-.5 = 1.5 —= high simlarity

$(T-Bill, T-Bond) = f(safety) — f(maturity, denom)
= .5-2 = -1.5 — low sirmilarity
With these calculations the system would choose the Money Market Certificare
as the possible object of confusion and respond something like:

R. Treasury Bills do not have a penalty. Were you thinking of a Money Market

Certificare?

Contrast the above caleulations with calculations thar might eccur given a dif-
ferent active perspective. The discourse preceding the misconception utterance in
the second example suggests the active perspective of “Issuing Company”, Using
the salience values attached by this perspective the similarity metric would produce

the following calcularions:

s(T-Bill, MM-Cert) = f() - f(issuer, safety, purchase)
=0-25 = -25 = low similanity

s(T-Bill, T-Bond) = f(issuer, safery, purchase) — f{)
= 25-0 = 2.5 —= high similarity
In this case a reasonable response by the system might be:
R. Treasury Bills do not have a penalty, Were you thinking of a Treasury Bond?

As the examples show, changes in the active perspective can account for the
same misconception being responded to in two different ways.

13. Conclusions

This paper has described a new methad for responding to misconceptions that re-
lies on an analysis of a highlighted user model to generate a response that is most
likely to benefit the user. A number of strategies were abstracted from a study
of transcripes. Each strategy was associated with a “distinguished structure” in the
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highlighted user model which could explain its use in a given situation. A system can
use this pairing to decide how to respond by looking in the highii.ghfed user mode]
for evidence of one of the “distinguished structures”. The corresponding strategy
can be used 1o respond.

In addition, the paper has described a new notion of object pl:r.".pef.'t'l"-"'! which
is able to model one aspect of the dynamic highlighting of the user model due to
previous discourse. It was shown how perspective could account for certain con-
textual effects on responses to misconceptions, In particular it was shown how the
highlighting due to perspective could cause the Tversky similarity metric to return
different values for the same objects. Since object similarity occurs in all of the
“distinguished structures” of the highlighted user model, the perspective taken on
the domain influences the response strategy used in correcting misconceptions.

This work has proceeded from the perspective of responding to a misconception
given a detailed user model. At the same time, it could be looked ar as a potential
method for inferring user models. User model configurations that support a mis-
conception have been identified. If the user exhibits a misconception, parts of the
user model might be inferred by attributing to the user some of the pre-identified

supporting beliefs. More work needs to be done in order 1o determine the feasibility
of this approach.
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dialog systems which include a user modeling component. We will now consider,
in turn, two aspects of such a system which are more problematic for the user 10
perceive appropriately than is generally thought,

1.1. The User's Model of the User Model

It is sometimes suggested that users will simply expect a user model to be com-
plete (in the relevant respects) and accurate (this appears to be presupposed, e.g.
by [CARB*, JOSHE2, JOSHE4a]). If this expectation were justified, it might be
unnecessary for users to have any specific knowledge about a system's user model.
But even brief inspection of the chapters in this book reminds us that this expec-
tation is unrealistic. Except for the most straightforward cases, user modeling is an
inherently speculative and error-prone enterprise, so that in turn users will often
only have some notion of what the system thinks aboutr them if they are aware
of the system’s level of user modeling competence and of the particular strategies
employed. It is thus worthwhile to consider how easy this would be for the users of
systems which employ various specific techniques. For example, how likely is it that
users could anticipate what stereotypes (e.g. level of expertise) were being applied
1o them, and at what time, by a system using the techniques described by Rich,
Finin, Chin or Pans [RICH*, FINI*, CHIN®, PARI*]P Or that they could puess
what conclusions about their desires, goals or plans were being inferred from their
questions by a system using Morik’s isotopy principle [MORI*] or the strategies
described by Carberry [CARB*]

answers to these questions, and the imporance of their implications, are
not the same for all of these techniques and systems, but it is in any case clear that

it is not always an easy task for the user to form a definite and accurate picture of
the system's user model.

1.2. The User’s Model of the System’s Dialog Motivation

In everyday human dialog, the way in which a listener interprets a speaker’s utter-
ance can depend strongly on the motivation that the listener ascribes to the speaker,
e.g whether the listener is being straightforward or diplomatic, cooperative or self-
serving. A commonly held view of the role of these factors in human-computer
communication is expressed as follows by Maclaran [MACLS2, p. 215}

It 15 especially interesting to apply G:ﬁcun principles 1o man-machine interaction since

here the 'E'EIAI] of Fﬂ-I:I'FI':ﬂl.i'IT behaviour is more m:,rl}r realized: we do not have o worry
about deceit, politeness or any of the other interfering factors in man-man communication.

Here again, a eritical look at this assumption quickly reveals it to be unjustified.
First, even if the user knows that a system is designed so as to be generally

Mﬂu“'}u. hi fal I.'J'!l'l- PFLANE FAaF Lnﬂ“l "IFL‘.I. S —— = el h —— - | -'u-nl-nnli
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recommendations concerning the formularion of error messages, including the rec-
ommendation that they should avoid placing the “blame” for an error on the user
[SHNES?, pp. 312-322). This specific goal can at times conflict with the equally
cooperative goal of informing the user precisely and accurately as to whar has gone
wrong. Thus if a system assigns exceptionally high priority to the former goal, users
may be misled by its error messages — unless they realize that che system is “juse
being polite™. (This could happen, for example, if the user was being exceprion-
ally careless in the way he or she entered commands and the system continually
apologized for being “unable™ to parse them.)

Second, systems may be equipped with dialog motivation which is ar least
partly noncooperative, even if outright deceprion is avoided. This is rather obvious
for systems which are consulted by occasional users for information or advice and
whose owners have an interest in presenting a biased picture. But it can also hap-
pen with commercial sofrware packages acquired as tools by individual users. No
one expects the advertising brochures or even the printed documentation for such
systems to volunteer helpful warnings about the system's unnecessary and irritating
imitations or to provide welcome advice on how to get around the copy-protection
mechanism; why should one expect such behavior from the on-line tutorial or the
Intelligent help package that is delivered with such a system? Here again, users can
be misled if they are unaware of the system's motivation, which is less predictable

In some cases than in others.

In these examples, one should actually speak of the motivarion of the system'’s
designers rather than that of the system itself. But in dialog systems as sophisticated
a5 most of those described in this book, the nature of the system’s behavior is not
determined directly by decisions of the designer; it depends, among other things,

on goals which can vary from one application, situation, or user to the next. Ir is
therefore appropriate to think in terms of the motvation of the system itself.

1.3. Approach Taken in This Paper
The above discussion has had to be rather futuristic and hypotherical, since fittle
experience has been acquired 1o date with the use of systems which employ user
models or whose motivation raises complex questions. But fortunately, all of us
have extensive relevant experience as participants in everyday dialog. When inter-
preting the utrerances of orhers, we are accustomed to raking into account not only
their dialog motivation but also their model of us as listeners. When generating
utterances ourselves, we are aware that chey will be interpreted in this way. It is
thus appropriate to begin the study of these processes with a systematic analysis of
the corresponding phenomena in everyday human dialog. The implications of this
analysis for human-computer communication will be considered in the concluding
section of this chaprer,?

Although the phenomena of interest are very general, it is necessary to restrict
our attention to a particular type of dialog, so that the analysis does not become

A similar strategy is applied by Thomas (e.g. in [THMAS3, pp. 189-192]), in his study of
the role of dialog motivation in the use and interpretation of English quantifiers.
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excessively abstract, and so that a simulation model can be used o help explore
and illustrate all of the main ideas. It is best 1o choose a type of dialog in which
the nature of the spe-.'lker's model of the listener can be sim pl:r than in most of the
chapters in this volume, and in which contrasting dialog motivations of the EPﬂkﬂ'
are easy 1o conceptualize.

These conditions are fulfilled by what may be called evaluation-oriented dialog,
in which the two participants are an Evaluator and an Informant. (To facilitate
exposition, we arbitrarily assume that each Evaluator is male and each Informant
female.) The first defining characteristic of this type of dialog is the Evaluator’s
main goal: to evaluate a given Object — which may be, ¢ g., a thing, a person, or 2
course of action — according 10 certain criteria. The Evaluator may want to use his
evaluation as the basis for some decision (e. g. if he is a customer deciding whether
to purchase a particular product); or he may simply be curious about the Object (as
when he is asking a friend whether the party she went to last night was enjoyable).

The Evaluator can ask questions of the Informant, whose main dialog goal s
to provide him with some of the information that he needs 1o apply his evaluation
eriteria. The Informant makes purely veridical factual statements, In particular, she
does not express evaluations of the Object herself but rather leaves it to the Evalua-
tor to determine the evaluative implications of the facts that she presents. Similarly,
the Informant may not make any utterance that serves some other possible goal
of the Evaluator, e.g. she may not offer advice as to how the Object might be
improved.

In many practically important situations, the Object is some aspect of the In-
formant herself. For example, if the Evaluator has just given a public talk and asksa
colleague (the Infnrm:.m]l what she [hﬂught of it, he may want to use his CD']EIEU\‘-'S
responses not to evaluate his talk bur rather to evaluate her personal reactions 1o
it. In 2 personnel interview, the interviewer or potential employer takes the role
of the Evaluator, while the job applicant is simultaneously the Informant and the

Object which 1s being evaluated. It is this specific type of dialog that will be used

in the examples in this chaprer.
Since this paper is mainly conce

i ried with the way the Informant decides what
to say to the Evaluator, the Informant will usually be referred to more simply
the speaker (or ) and the Evaluator as the listener (or L).

The theoretical ideas in this paper were developed in parallel with a dialog
system called Imp which takes the role of the Informant in an evaluation-oriented
dialog.* This simulation model will be referred 1o repeatedly to illustrate the main
points. The system is not restricted 1o any particular topic area, but it does have
1o be supplied in each case with a good deal of ﬂumain-sp:ciﬁc informaton, o
be described below. Imp was originally developed and tested in a situation where
an Informant was offering a room for rent to the Evaluator [JAMES3]. For the
examples used in the present paper, the domain-specific information was supplied

by a young woman who had recently been interviewed for a position as typesetter
in two small printing firms.

* The name Imp is due to the centrality of the notion of an impression in the simplest
versions of the system.
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L.4. Structure of the Chapter

The simulation muodel helps us to think about the way in which many diverse
factors jointly determine a speaker’s behavior — factors which would typically be
examined individually in a more traditional psychological or linguistic study. In
the interest of clarity, I will begin by discussing an especially simple situation in
which very few of these factors are relevant. Then eight further situations will be
defined, each of which introduces one or more new complications. In Situations 2
through &, these complications involve mainly the speaker’s dialog motivation and
the way the listener takes it into account when interprering the speaker’s utterances.

In Situations 7 through 9 they concern the way the speaker’s model of the listener
15 perceaved by the listener. It is not until Situation 5 thar an actual dialog will take

place, since the most basic co ncepts are easiest to introduce if the speaker simply
produces a monolog.

In papers which include discussions of computer simulation models of human
Processing, it is often difficult for the reader to distinguish berween (a) general nor-
mative or descriptive claims about how people (should) handle certain tasks and (b)
details of a specific system which are either arbitrary or dictated by technical con-
straints. To help make explicit the status of the various points made in this paper,
and also to facilitate selective reading, I will discuss each of the nine situations in a

standard sequence of six subsections with the Ial]awing hEIdJ-IlgS-'

L Definition of the Situation
2. How the Situation Can Arise

3. Appropriate Stratcgics

4. Realization in the Simulation Model

3. Resulting Behavior

b. General Issues Raised

The first subsection lists several postulates, mainly about the speaker’s beliefs
and dialog motivarion. Taken together with the postulates of all previous situations,
they characterize the situation to be analyzed. These postulates are intended to
define useful idealizations of situations that occur in actual dialogs.

Subsection 2 sketches some of the circumstances in which a situation approxi-
mated by the definition can occur. These remarks are not systematic or complete;
they are intended only to suggest the range of applicability of the analysis and 1o
help the reader call to mind relevant experiences.
 The third subsection lists some appropriate strategies for a speaker in the given
situation, The normative claim is that it is reasonable for S to apply these strategies
when pursuing the postulated goals. The descriptive, or empirical claim is only
that at least some people sometimes apply these strategies. Any stronger claim,
even in terms of average behavior, would in many cases be false or misleading.
For example, as Sampson [SAMPS2] reminds us, some speakers consistently neglect
even the most elementary appropriate strategies discussed in the early situations.
Since I assume that the reader’s own experience as a dialog participant will provide
abundant examples of the phenomena discussed, [ will not quote specific observed
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can be seen to follow generally from the “appropriate strategies”; features of the
examples which merely reflect implementation details receive no attention.

The final subsection for each situation comments on questions which the prY:
ceding subsections called to mind bur did not address, and in some cases it gives
pointers to research which does deal with these questions. .

The entire analysis is made from the point of view of the speaker, and in
principle all statements about the dialog should begin with *S believes ...", e.§. “3
believes that L will misinterpret her comment”. Since this type of formulation can
be extremely cumbersome, especially in the more complex situations, I will ﬂ&'f“
write, e.g, “L will misinterpret 5's comment”, leaving it to the reader to bear in
mind that reference is actually being made to a belief of the speaker.

2. Situation 1: Generating an Informative Monolog
2.1. Definition of the Situation

It will be assumed in the first four situations that the speaker in effect has the
OpPOrtunity to generate an unconstrained monolog about the Object. For exam-
ple, 2 potential employer, as listener, might say to a job applicant “Tell me about
yourself.” In this first situation, we assume that the speaker is motivated 1o produce
in the hstener an unbiased and sufficiently definite picture of the Object. The only

* The system is implemented in the Lispembedded object-oriented language Orbit designed
by Koenraad De Smeds, but it will not be necessary to refer to any specific properties of
this language.
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reason why she might withhold any information is that mentioning it did not seem
to be worth the effort.

2.2. How the Situation Can Arise

These assumptions are actually less characteristic of a face-to-face employment in-
terview than of a case where § is an impartial reference writing a confidential letter
of recommendation. But even in an interview, the candidate might have this sort
of cooperative motivation if, for example, she only wanted to be hired if she were

truly the best candidate.

2.3. Appropriate Strategies

2.3.1. Mecessary Assumptions of the Speaker

Even in this sim p]e situation, in order to behave ﬂppr&pﬂ'ittt}r, the spﬂkﬂ' must be
able to make some reasonable assumprions about the evaluation standards of the
listener. Specifically, § must be aware that there are various aspects of the Object
that L is concerned abour {e_ E the candidate’s reason for leaving her _FIJ"I!'I-’iﬂlIE job).
For each such aspect, or item, there are various possibilities which might be true
of the Object (e.g. different types of reasons for leaving a job). L presumably not
only considers some of these possibilities more desirable than others but also has
some expectation as to how likely they are to be found in the Dbject-l :

S must therefore try to guess what items, possibilities, values, and_h}r.el:lhﬂcrdf L
has in mind. How she should do this is a complex question which will not receive
much attention in this chapter (although it will be mentioned in connection with
Situations 7 through 9).

In order to be able 1o volunteer information relevant to a given item, the system
must have an idea of what comments might conceivably be made which are ger-
mane to that item, and what implications they have. One in general h.a-s t_h_-.-_nptu:m
of making a vague comment on an item, which leaves open several possibilities that
L would consider worth distinguishing, or a specific comment which tells L all that
he might like to know for the purpose of evaluating the Object. The reason why
cooperative speakers do not always make the latter type of comment on all items
is that any comment requires a certain amount of effort for the speaker to produce
and for the listener to interpret, and precise comments often require more effort
than vague ones. Thus although the concept of the effort associated with various
comments is an elusive one,” S must have some way of taking this consideration

into account.

2.3.2. General Strategy

A reasonable general strategy is to consider each relevant item and to decide what,
if anything, is worth saying about it. Thar is, 5 must choose for each item, from

® Discussion of some of the factors involved can be found, e.g., in [GAZD?9, chap. 3,
GRIC?S, MCCL78, WINOTT]
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among the possible comments for that item which are true of the Object, the one
comment which is the most worth making, i.c., the one whose benefits most clearly
justify the amount of effort involved.

2.3.3. Assessing the Potential Benefits of Making a Comment

What are the benefits which in this situation can result from the production of an
informative comment? It has often been pointed out that the value of a statement
to the listener can depend on both (a) the extent to which L would have suspected
that it was true without being told and (b) the consequences for L of its being true
rather than false (see e. g, [GREWS3, HARR63, chap. 4, HINT75]). It is in general
difficult to use these criteria to arrive at a precise, quantitative definirion, but this
can be done quite easily within evaluation-oriented dialog. The key concept is that
of an impression. At any given moment and for any given item, the listener can
be said to have an impression of the Object with respect to that item. The nature
of this impression depends on which possibilities the listener (still) thinks might be
realized by the Object. Before the speaker has said anything about a given item, the
listener's impression concerning it will be relatively indefinite, since all of the pos
sibilities must be considered (although some are less likely than others). If 5 makes
a certain comment concerning the item, L can in general eliminate one or more
possibilities, so thar the impression will become more definite. It will in E’”““‘
also become somewhat more or less favorable than it was before, depending on
whether the possibilities eliminated were among the less or more desirable ones.

There are at least two types of impression change that can be desirable for 3
speaker in this situation. First, $ should consider it desirable if a comment makes the
impression with respect to an item more definite, since this reduces L's uncertainty
a.!mut the evaluation of the Object with respect o thar item (and thus overall). But
since even a fairly definite impression may be considerably more or less favorable
than justified by the truth about the Object, it is also desirable that a comment
reduce, or at least not create, such a discrepancy.

The desirable consequences of any given comment must somehow be integrated
and weighed against the effort required, so that the net desirability of the comment
can be determined. The comment with the greatest net desirability can then be
verbalized; or if no comment seems worth the effort, § should say nothing about
the item in question.

To recapitulate: for each evaluation-relevant aspect of the Objeer, S should ver-
balize the comment (if any) whose prospective benefits, in terms of an impression
change in L, most clearly justify the effort associated with it

2.4, Realization in the Simulation Model

A convenient representation for L's evaluation standards is a data structure which
may be called an evaluation form. This representation is reminiscent of the sort
of rating form which s often found in practical situations for the systematic eval-
uvarion of objects or persons (e.g. papers submitted to conferences, or applicants o
universitics). In Imp the evaluation form consints of a set of items, each of which
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Item 9: Family Situation

Possibilities: Proba-
Yalue bility

A, Marrigd without children, =35 15

B, Marmied with children. -30 A5

C. Living together. «10 .35

D, Living aparr, a 23

E. MNosteady relationship. 1z .20
FDrIﬂUlHIIGI‘IS: Possibilities

left open  Effort

I am married. AR 50
I am not married, CDE 50
I have cnumber> children. BC 50
I don't have any children, ADE 0
I live alone nE 500

concerns some evaluation-relevant aspect of the Object, Twelve items were supplied
by our example Informant to characterize the assumptions she made during the first
of her two interviews. One of these is reproduced in Figure 1.

Each item is a sort of multiple-choice question accompanied by a scoring key.
An item specifies several conditions, or pessibilities, which are defined in such a
way that exactly one of them must be realized by the Object. With each possibility,
two numbers are associated: (a) a value, i.e.,, 2 number of points which may be
assigned to the Object if it satisfies the condition; and (b) a probability, i.e., an
estimate of the a priori likelihood that the Object will satisfy that condition. The
item shown in Figure 1 reflects, among other things, the speaker’s belief that her

e T
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the Object. If he succeeded, he would add the corresponding value to his rating of
the Object. If the information available was not sufficient to rule out all possibilities
but one, he would use the probabilities specified for the remaining possibilities to
estimate how many points the Object deserved for the item.® Imp in effect i
if it expected that the listener would use the information it provided to fill in the
evaluation form. :

The system possesses no methods for formulating entirely new comments on s
own. It must be provided, for each item, with a list of possible comments which are
representative of the infinite number of comments thar might conceivably be made.
For example, Figure 1 shows a number of things that can be said about 2 ['E'f“;‘lf-'
applicant’s family situation. For each comment, Imp must be told which Pﬂ'mb'h'
ties are consistent with it on a straightforward interpretation and how much FHﬂ_”
15 associated with it. These numerical ratings of effort are impossible 1o justify n
detail, but for our purposes it is sufficient if the major differences among comments
are reflected in different numerical ratings.

It is convenient to view silence as a special sort of comment which can be made
about any item, which (when interpreted straightforwardly) is consistent with all
possibilities, and which involves no efforr.

To be able 1o quantify the desirability of a given impression change, Imp op-
erationalizes the concept of an impression in terms of a probability distribution,
determined by the values and the probabilities associated with the possibilities which
have not yet been eliminated from consideration. Figure 2 shows grﬂphi-fl"]r’ ':Ihe
impression that the listener is assumed to have initially concerning the “Family
sitwation” item. It also shows the impressions that would remain after each of two
possible comments that the speaker might make.

The idea of how favorable an imprmiun 15 can now be :nptun:d In terms of the
mean, or expected value of the probability distribution in question; for example,
in Figure 2 the first comment rules out the three least favorable possibilities, iﬂ_‘i
as 2 consequence the expected value rises; it would actually rise more sharply if it
weren't for the fact that the two least favorable possibilities are considered relatively
improbable to begin with.

The second important property of an impression, the degree of uncertainty
associated with it, can be quantified in terms of the standard deviation of the prob-
ability distribution. In general, the greater the number of possibilities that have
not yet been eliminated, the greater the degree of uncertainty associated with an
impression (this is illustrated in Figure 2); but the standard deviation captures this
concept better than a mere count of the remaining possibilities would, since it is

sensitive to the relative likelihoods of the remaining possibilities and the differences
in their values.

® This way of using an evaluation form only makes sense if the items are independent of
each other, in the sense that knowing what possibility is realized for one item cannot
affect one's assessment of the probabilities associated with any other item. A simple way
of avoiding such dependencies i3 1o mention within a single item any properties of Objecis
which are substantially correlated. This is why, for example, the distinctions “married vs.
single” and “children vs. no children® are not captured in separate items, Rowe [ROWEE4]

presents 2 much more s hi’ﬂ.ititfd,lprlﬂti:ﬂ!}r ariented technique for evaluating objects
from the point of view of the user of a database query system.
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Initial impression:
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The two properties of an impression change — reduction in uncertainty and
reduction in discrepancy from the actual value of the Object — are largely indepen-
dent consequences which can be considered desirable. Imp simply takes the sum of
these two quantities 1o determine the total benefits which can be expected to result
from a given comment. Thus in Figure 2, the second comment produces somewhat
greater total benefits than the first one does, since it reduces all of the uncertaincy
and all of the discrepancy between the expected value and the true value. But 1t
i5 likely that a speaker might prefer the first comment to the second one on the
grounds that che additional benehits produced by the second one do not justify the
additional effort involved.

In Finally deciding which comment 1o make on a given item, Imp subtracts the
rating of the effort associated with each possible comment from its total EﬂPl‘-ﬂ*d
benefits to yield a quantification of the net desirability of the comment (cf. Fig-
ure 3). A “talkativeness” parameter is also required to take into aceount both the
individual differences in the general willingness of speakers to make comments and

the arbitrariness of the units used to quantify the amount of effort associated with
a comment.

Net desirability of a comment Con anitem =
Benefils of C
= Costs of C

Benelisofl C =

Reduction of uncertainty of impression concerning 1
+ Shift in expected valuc of this impression
wward truc vaiue
of in direclion corresponding to bias
{not applicable in Sitwation 1)

Costlsof C =
Effort associated with y

Talkativeness of Informant

Figure 3. Formulas used by Imp in Situarions 1 through 4 1o determine how worthwhile
it 15 to make a given comment.

The comment with the highest net desirability is the one which is actually
made. [n many cases the most desirable comment will simply be silence (which, as
can be seen from the above definitions, always has a net desirability of zero), since
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the benefits that would be brought about by the other possible comments are less
than the associated cost in terms of effors.

2.5. Resulting Behavior

The first two columns of Figure 4 show what comments Imp volunteered in this
sitwation on each of the twelve items in the evaluation form. The wav in which all of
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giving the listener advice on how 1o perform a certain task, it may be worthwhile
not only to prevent L from performing inappropriate actions but also to reassure
him when his intended action is in fact appropriate. The relative weight thar 5
should attach to these two goals presumably varies from one specific context o the
next.

The way in which the key theoretical concepts in this section are realized in
the simulation model is dictated largely by a desire to keep the system simple,
but the operationalizations are reasonably consistent with the way people actually
evaluate objects, according to relevant empirical evidence. For example, studies re-
ported by Wyer [WYER74, chap. 2] can be interpreted as supporting the ways in
which the concepts of expected value and uncertainty are operationalized. On the
other hand, research within the paradigm of Information Integration Theory (see

e.g. [ANDNS1] for a brief summary) has shown, for example, that people often

evaluate an Object less favorably if they hear one extremely positive and one mod-

erately positive fact about it rhan if they hear only the extremely positive fact. This

result is incompatible with the evaluation-form metaphor; but note that this is not

a problem for the present analysis, since presumably few speakers are aware of this

sort of phenomenon.

Persons who witness demonstrations of the Imp system often remark that they
find a particular urterance implausible in the sense that they, as speakers, would
never have produced such an urterance. In some instances reactions of this sort have
exposed inadequacies in the theory underlying the simulation model and have led
to revisions of both. Bur in most cases it turns out that the observer implicitly
ascribes different specific values and expectations to the Evaluator than those which
have been fed into the simulation model: when the observer is shown the relevant
part of the evaluation form used (i. e. the sort of information given in Figure 1), the
system’s behavior seems reasonable after all. In short, this problem in evaluating the
system's performance illustrates one of the general points made in the Introduction:
It can be difficult to interprer the behavior of a user modeling system if one does
not know the contents of the user model. In Sitwarions 7 through 9, the simulation
model will be sophisticated enough to take this difficulty into account.

3. Situation 2: Positive or Negative Bias

3.1. Definition of the Situation

In this situation the speaker is not necessarily attempting to be as cooperative as

possible but rather may have the goal of presenting the Object to the listener in an
especially favorable or unfavorable light. As before, however, § restricts herself to

strictly truthful factual comments which are not explicitly evaluative.
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3.2. How the Situation Can Arise

Bias is of course not found only in contexts, such as the employment interview,
where it can produce tangible benefits for the speaker. The creation of a favorable

(or unfavorable) impression in the listener may be seen by the speaker as a desirable
end in itself.

Megative bias is even more improbable than abjectivity in an -l:'mpiﬂ}'r'l'IEﬂl in-
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bility that she might have several years of experience and thus leaves an impression
which, though vague, is considerably more favorable than a definite and accurate
impression would be, To be sure, the listener will probably not be so naive as to
take this statement at face value: the reasons for this will be examined in the next

situation.

3.6. General Issues Raised

The phenomenon of bias is obviously not restricted to contexts in which some
Object is being evaluated. Behavior analogous to that described above can be found,
€.g., in the attempt of a lawyer to lead a jury to a particular substantive con-

T ey =i R - r a

that she is, because of her selectivity, producing fewer utterances.

4. Situation 3: Anticipating the Pragmatic Interpretation
of Comments

4.1. Definition of the Situation

When anticipating the impact that a given comment would have on the listener, the
speaker has up to now assumed that each comment would be taken at face value:
the only possibilities which the listener was expected to rule our were the ones
which were incomparible with a straightforward interpretation of her comment.

But in fact listeners often rule out further possibilities by noticing that the speaker
has chosen not to say certain things which she might well have said. It will be
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assumed in this situation that the speaker is sophisticated enough to realize that her
comments will be interpreted in this way.

4.2. How the Situation Can Arise

Whenever a listener has a reasonably clear idea of the criteria and knowledge 2
speaker uses in generating utterances, he can consider what § would have said in

various circumstances and thus extract information from 5's utterances which goes
beyond their conventional implications.

4.3. Appropriate Strategies

The basic reasoning that L can use to interpret the fact that § did not say certain
things is summarized in the following schema: "Possibility P is not ruled out by
the speaker’s comment C [which may be silence]; but then again, if P were the
possibility that was realized, S would surely have said something like €' instead of
C, since C' would have had a more desirable IMPAact on My impression; therefore, P
is apparently not realized.” If L uses this schema, perhaps ruling out one or more of
the possibilities allowed by a comment, we will say that he has made a pragmatic
interpretation of that comment.”

5 must anticipate L's pragmatic interpretations of her comments if she wants

to maintain an accurate picture of L's impressions of the Object. (It will become
increasingly important for S to keep track of L's impressions in the more complex
situations to be examined below.)

4.4. Realization in the Simulation Model

Figure 5 summarizes the two procedures that Imp uses to generate comments (some
parts of the procedures will only become applicable in Situation 4). As can be seen
ar the beginning of the first procedure, Imp begins by selecting the most desirable
comment, using the same criteria as in the previous situations. Before verbalizing
this comment, however, it now uses the second procedure to determine what L will
be able to infer by applying the pragmatic interpretation schema given above.
There is one aspect of this procedure for anticipating pragmaric interpretations
that will not be discussed in detail until Sitation 8, although it does have some
effect on Imp's behavior even in the earlier situations: the specification (in Step 2),
that a FHJSSibi.Ii['_'f' should be ruled out unl}r if it 15 *clear” to L thar S would have

made some other comment if that possibility were realized. This condition becomes

* This concept is more general than Grice's conception of the way in which a conversational
implicature is “worked ow" by the listener [GRIC7S, p. 501 The notion of conversa-
tional implicature presupposes, among other things, (2) that the speaker iz observing the
cooperative principle, and (b) that the interpretation made by the listener depends on L's
recognition of 5's expectation thar L will mate that interpretation. By contrast, a pragmatic
interpretation a5 delined here could be made by a listener who was eavesdropping on 2

speaker who was being blatantly uncooperative.
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To volunteer a comment on a given item:

I. Find the comment on that item with the greatest net desirability [¢f. Figure 3] (given your
bias and the evaluation standards you ascribe to L).

2. Anucipate L's Pragmatic Interpretation of this comment [see below] (assuming chat he
has the image of you that you want to maintain).

3. [Applicable in Situations 4 - 3:]

LE s L [
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In the example just mentioned, the ultimate impact of 5 biased comment is
just about the same as that of the corresponding unbiased comment of Situation 1.
But § can still derive some benefit from her bias, as with her silence on Items 3 and
4. Although L rules out the most favorable possibility for each item, he continues
to reckon with the possibilities of intermediate favorability, whereas it 15 the least
favorable possibility that is actually realized.

4.6. General Issues Raised

The strategy of simulating the listener’s interpretation of an utterance before ver-
balizing it is applicable in many contexts (Jameson & Wahlster [JAMES2] present
a different sort of application and a discussion in more general terms). The present
application is unusual in thar the listener is in turn assumed to interpret an utterance
by simulating the behavior of the speaker. Thus §'s simulation of L's interpretation
process involves largely considering how she herself would behave under various
CIFCUMSLARCES.

~n the present situation, S only anticipates a pragmatic interpretation lﬁff hav-
ing made a definite decision about what comment to make. It would in princlplf be

possible for her 1o adopt a more sophisticated strategy, anticipating the pl'iﬂ.m“_;':
interpretation of each candidate comment when deciding which one is most desir-
able, This strategy could, among other things, help § to avoid investing unnecessary
effort in making a comment which, after pragmatic interpretation, had exactly the
same impact as a comment requiring less effort. On the other hand, it would require
considerable extra processing on the part of § and could even involve an infinite
regress if S thought that L knew that S was choosing her comments in this way. It

would be interesting to investigate the conditions under which speakers apply some
more complex strategy of this sort.

5. Situation 4: Discrepancy Between Actual and

continue to ascribe this bias to her.
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suIggIes), 1T 15 actually oblgatory. More generaily, in order to be tashionabie or
politically acceprable in a given community, one is often constrained to exhibit
positive or negative bias with respect to certain Objects.

5 may also want to project a particular bias because of the consequences that this
will have {or the way L interprets her utterances. For example, as will be seen in this
section, the seli-descriptive statements of a job applicant will often be interpreted
n a more favorable manner if she manages to come across as being objective. This
sort of motivation will be discussed in connection with Situation 6, which looks ar
attempts by S to create an expectation about her bias that did not previously exise.

3.3. Appropriate Strategies

The speaker should continue to be guided by her actual bias in deciding whar she
would like to say, since this bias determines the narure of the impression changes
that she considers desirable. But when anticipating the pragmatic interpretations
that L will make of her utterances, she should consider how desirable the various
possible comments would be o a speaker who had the bias which she is attempting
to project, since this is what L will be considering when interpreting her comments.

As we will see, it can happen in this sitvation thar the comment thar § would
most like to make would not be made by a speaker with the bias which is being
projected, no matter what the truth abour the Object was. In this case, the comment
would seem peculiar to L, who would not be able to understand why it was made,
and he might then suspect that §'s bias was not what it seemed to be. To prevent this

e
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which she considers less desirable but which is at least consistent with her projected

bias.

5.4. Realization in the Simulation Model

In addition to the parameter which represents its actual bias, Imp has a parameter

representing its assumed projected bias. These two parameters can have the same
value (as implicitly assumed in Sitvarion 3) or different values. The actual bias de-

termines the system's initial choice of a2 comment on a given item, whereas the
projected bias is consulted when the system anticipates the pragmanc interpretation

7 e M e e Y R e e T e e P L T
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because of his faith that § would have made some corresponding comment if this
possibility had been realized. This faith is, of course, not justified: in the EHH_GE
Item 4, the least desirable possibility is in fact realized. This illustrates the first major
consequence of a discrepancy between the actual and projected biases:

1. The listener’s pragmatic interpretation of a comment may be incorrect, ex-
cluding the possibility that is actually realized.

The second main consequence has already been mentioned:

2. The speaker will sometimes be forced 10 make some comment other than
the one she would most like 1o make, since the preferred comment would be
inconsistent with her projected bias.

This happens in Figure 4 with Item 1: § determines that for any amount of
work experience consistent with the formulation “more than a year”, there is some
more precise formulation which would be preferred by an objective speaker. The
vague comment must thus be rejected, and S falls back on the more precise !Pbtlﬁ'

cation “about a year and a half”. (This happens to be exactly the comment that an
objective speaker would make in this case; but this is not a necessary consequence
of the speaker’s general strategy.)

5.6. General Issues Raised

5.6.1. Examples from Empirical Research

An illustration of the importance of both bias and projected bias was provided by
Cart and Parare TCECTRA] in shaie srindir af sha mace fooclea: o diiinnee casad srudsnte
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type”, so that her reticence would not give rise to much in the way of pragmatic
IAterpretations.

5.6.3. More Deeply Embedded Discrepancies

This situation examined the consequences of a discrepancy between S's actual bias
and the bias that § believes that L ascribes to her. Further discrepancies can in-
volve more deeply embedded beliefs. For example, § may think that the situation
i5 as follows: L recognizes S's positive bias but thinks that § is confident thar she
15 projecting objectivity. L thus expects § to anticipate some incorrect pragmatic
inteérpretations that L would not in fact be so naive as to make.

More generally, there are an infinite number of propositions of the form

IS believes that L believes that rN S's bias is B,

in which the bracketed expression is repeated N times. With N equal to 0 or 1,
we obrain propositions about §'s actual and projected biases, respectively; the more
complex example just given invalves, among others, a proposition with N equal
ta 2. In principle, B can take on arbitrary values in all of these propositions. But
if the value of B for some N is different from the value for N+ 1, § thinks that L
has some incorrect belief concerning her bias (at some level of embedding). This
incorrect belief can in turn cause L to make further incorrect inferences. (Clark
& Marshall [CLHHS1), demonstrated a similar point with respect 1o the use of
definite referential expressions.)

We will not go on to consider the consequences of discrepancies like the one
in the example just given, or of still more complex discrepancies, since the con-
ditions under which S can come to have such a set of beliefs become increasingly
complicated and improbable. Rather, we will continue to assume — as implicitly
in the present situation — thart the values of B in all propositions of this form are
equal, excepr that the value when N is zero may differ from the other values. This
amounts to the assumption that § believes (not necessarily correctly) that L believes
thar 5's bias is mutually known to the two of them (see [KOBS*] for an explication

of this notion).
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6. Situation 5: Responding to Specific Questions
6.1. Definition of the Situation

In this situation an actual dialog takes place, The listener asks the speaker ques-
tions which may be quite open or very specific; but each question clearly concerns
some evaluation-relevant item or a set of related items. The speaker answers these
questions in accordance with normal dialog conventions, but she may also take the
opportunity to velunteer additional relevant information which falls outside of the
scope of the question as strictly interpreted. To keep the complexivy of the present
analyses within reasonable bounds, we must also assume that S is not inclined to
use L's questions as evidence concerning L's beliefs or values,

6.2. How the Situation Can Arise

This last assumption 15 not as restrictive as it may seem, even though many user
modeling systems rely strongly on the user's questions as evidence concerning his
or her goals, values and/or knowledee (see .0 ICARRY. ("HIN®. KOBS85a. chap.
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try to draw any conclusions from the fact that he has asked specific questions,

6.3. Appropriate Strategics

6.3.1. Effects of Question Focus

It is convenient to define a topic in the present context as an ilem or a set of items
which are related in content. The simplest type of question 1o analyze is what may
be called an attention-focusing question, ¢.g. “Tell me about your education”.
Such a question invites 5 1o say something about a given topic (the question topic)
but does not specify the amount or type of information desired. An appropriate
sort of response is whar may be called a focused monolog: 5 can choose comments
on any itemn within the topic, or even outside of it, appi}ring essentially the same
strategies as in the previous situations; but she must take into account the fact thar
L has chosen to focus attention on the question topic. She can do this by modify-
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PArt OF I When deciding what 1s Worth saying. 1he less important the topic of L s
question, the closer § and L must move, in order to bring it clearly into view; bur
typically, 8§ and L will not move so much closer that the part of the Object asked
about appears as large to them as the entire Object originally did.

The importance of a topic can be defined as the total amount of uncertaincy
associated with the items within that topic. Thus “Work experience” is an impor-
tant topic in the example situation because the information about the candidare
which concerns her work experience is likely to determine L's evaluation of her ro
a large degree, “Hobbies” is unimportant in that it is unlikely that the information
provided concerning it will affect the evaluation strongly.

The following principle can now be formulated: the less important the question
topic, the more strongly S should consider the benefits of making a comment on

LT i N, R @

because 5 and L have to step backward and increase the scope of thewr atention.
These ideas can be expressed less metaphorically using the concepr of the common
topic which relates an item to the question topic. This can be defined as the least
important topic that includes both that item and the question topic. For example, if
the question asks about 8's work experience, a comment on §'s vocational training
would not concern any part of the question 1opic, bur it would be related ro it via
the common topic of "Competence at this type of work”. The more important (or
broader) the common topic 15, the more the listener must expand the scope of his
attention in order to see the relationship between the comment and the question

topic.

8 The concept of focus is defined and used in more complex ways in the work of Carberry
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Besides artention-focusing questions, there are many other types of quﬁtiﬂﬂi
that L might ask, each type placing a different sort of obligation on § to produce
a particular sort of information. It is not necessary here 1o consider how 5 ﬂlﬂ}*ld
handle all of these types of obligation (two 1ypes are dealt with in the simulation
model); but a general point is that after § has fulfilled the obligations of the ques-
tion she can proceed to generate a focused monolog, following the principles just
introduced, starting with the question topic.

6.3.2. Preparatory Expressions

In this situation it is natwral, if not inevitable, for § to preface her utterances with
connectives (e.g. but), sentential adverbs (e. g. unfortunately) and longer idiomatc
expressions (e. g. 1 should mention that ...) which give the listener some advance
notice of the sort of impact that the utterance will have. Since these expressions do
not fall inte any single linguistic category, they will be referred to as preparatory
expressions. Within evaluation-oriented dialog, the use of some of these expressions
reflects the evaluation standards that § ascribes to L. On the one hand, this means
that the criteria for their use can be specified using the same concepts that have
been used to characterize the way § selects comments. On the other hand, this fact
implies that such expressions can figure importantly in §°s attempts to maintain 3
given image in situations where it is not entirely clear what evaluation standards
she ascribes o L (Situations 7 through 9).

Some preparatory expressions (e.g. You'll be glad to hear that ...) announce
that some particular impression of the listener is about to become either more or less
favorable, in the sense defined in Situation 1. Others announce that the impending
impression shift will be in the same (or the opposite) direction as the preceding one
(e.g. and, on the other hand; cf. also Weydt’s analysis of the German sentential
adverb immerhin [WEYD79]). In some cases not unk:,r the direction but also the size
of an iFI'IF]'EE-E!-ID.I'I shift 15 entical im dﬁ[ﬁrm'ming the 3pplicabi:[i[}! of an ﬂ:]}rﬁ!iﬂﬂ
(e.g. unfortunately is not used when the anticipated disappointment is of negligible
significance); in these cases the size of the shift, like the prospective benefits of the
mb:-:::n:. is magnified by the focusing effects of the question in the way discussed
above,

Preparatory expressions like by the way announce that the comment to follow
does not address the question topic directly; the conditions for their appropriate
use are therefore related to the considerations which determine whether such a
comment 15 worth making at all.

A somewhat different sort of preparatory expression is appropriate when L has

asked a direct question whose answer S expects him already 10 have inferred from
§'s previous utterances, either directly or via pragmatic interpretation. Although
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5 is obligated to answer such a question, it is often advisable for her to make it
clear that she considers the answer superfluous, for example by prefacing it with
of course. Especially when she thinks that L should have inferred the answer via
pragmatic interpretation, the use of such an expression serves to bolster 5's image
by reassuring L that he would have been justified in doing so.

6.4. Realization in the Simulation Model

The content relationships berween items in the evaluation form are represented by
the keywords that are associated with each item (e. g. for the item of Figure 1, the
keywords are motivation, competing-goals, and family-situation). A topic can be
specified in terms of a list of keywords: it is the set of all ftems whose associated
keywords include those in the given list. In particular, the common topic which
relates an item to a given question topic is specified by the keywords that the item
has in common with the question topic.

The importance of a topic which consists of a single item is simply the uncer-
tainty of L's impression with respect to that item at the beginning of the dialog,
i.e,, the standard deviation of the corresponding probability distribution. The im-
portance of a topic which comprises several items can then be defined analogously
as the standard deviation of the probability distriburion which results from adding
the distributions for the individual items (i.e. as the square root of the sum of the

squares of the importances of the individual items).

Net desirability of a comment C on an item I,
aficr a question focusing on the topie QT =
Benefits of C x Bencfit magnification
= Costsof C  x Cost magnification

{Beenefils and Casts an: defined as in Figune 3.)
Bencfit magnification =
Importance of entire evaluation form
Importance of common topic of 1 and QT
Cost magnification =

ﬁpumnm of common topic of [ and QT
Imponance of QT

Figure 6. Formulas used by Imp in Situations 5 through 9 to take question focus into
account when determining how worthwhile it is to make a given comment.
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Using these definitions, the two principles stated above for taking question
focus into account can be satisfied if Imp computes the net desirability of each com-
ment according to the formulas given in Figure 6, which generalize the formulas of
Figure 3. In particular, the use of the square-root function in computing the cost-
and benefit-magnification factors ensures that differences in the basic desirability of
comments cannot be canceled entirely by question focus.

To Respond to a Question O

1. W Q is a yes/no question, give the correct answer of yes or no.
2. [Only applicable in Situations & - 9:]

lL the projected bias is either indeterminate or different from the desired projected bias,
then

Attempt to Establish your Desired Projected Bias [cf. Figure 9].

For each item in the evaluation form, starting with those within the question topic and

continuing with the others in ascending order of the associated cost-magnification factor
[ef. Figure 6],

Velunteer 2 Comment on that item [cf. Figure 3], taking inte account its relation 10
the question topic [cf. Figure 6]

(Cn the first of these ftems, exclude silence s 2 possible comment if Q was formulated
in such 3 way as 1o require this.)

Figure 7. Imp's procedure for responding 1o questions in Situations 5 threugh 9.

Figurr. 7 shows how the E,Eﬂtl'll strategy of mu[inﬁ the ub]igatiun:. 1I‘I‘IPQH1:I

by the ':1“““"?[! and then offering a focused monolog is realized in the simulation
model, En addition to simple attention-focusing questions, Imp handles yes/no ques-
rinn: [n el RN Y, i '

ons (. slep L ol the procedure) and questions which require some Comment off
a pmlcui?: item, . g. “How often have you changed jobs up to now?" (cf. the fast
sentence in Step 3 of the procedure).

Since Imp is not imended 1o address the problems of analyzing natural language
input, it does not include a parser for questions. When asking the system a ques
vion, one must specify, in a special notation, the question type, the question topic,
and (with yes/no questions) the possibilities that are consistent with an affirmarive
answer. MNatural language formulations of questions, such as those shown in the
example dialogs, serve only as glosses of the questions for the benefit of the reader.

The simulation model uses a limited number of the most frequently occurring
preparatory expressions, though the principles used are applicable to many others.
For the ones which announce that an impression is about to become less or more fa-
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are in the same direction, the comment which produces the second one is prefaced
by and or in fact, the latter being chosen only if the second comment concerns the
same item as the first one. But is used if the second of two successive changes is in
a different direction than the first one. In addition, at least is inserted afrer but if
the second shift is in the positive direction, its size exceeds a certain threshold, and
the two comments concern the same item.

If the system’s obligatory answer 1o a question does not result in any im-
pression change at all, the answer 1s prefaced with of course. The expressions by
the way and I should mention that ... are used if the difference berween the cost-
magnification factor (as defined in Figure 7) and 1.0 {or the cost-magnification factor
of the preceding comment, if this was greater than 1.0) exceeds a certain threshold.

6.5. Resulting Behavior

Many of the consequences of the principles stated in Section 6.3 follow so directly
thar they needn’t be listed explicitly; illustrations will be found in the example
dialog of Figure 8. The following consequences are less direct.

1.5 will often (though not always) follow up on an ebligatory answer concern-
ing an item with an additional comment on the same item.

This happens in Figure 8 after the yes/no questions 2 and 4. Even after 5 has
supplied the obligatory informartion, L's impression concerning the item may be
fairly indefinite and/or inaccurate. There are thus potential benefits for § to gain
by :‘hanging the IMpression, and these benefits are l:empl:rr:.rl']}f magnified by the
question focus. This last consideration can be formulated more generally:

2.5 may volunteer a comment which will have only miner impact on L's im-
pressions if it is related to a sufficiently unimportant topic which has been focused
on by a question.

This follows from the P:I"I:I'I.l.'IF-J.-I: concerning the magnification of the benefits of
comments on question-related items. In Figure 8, Question 4 provides the clearest
example, since S assumes that the item “Variety of previous work” is of low im-

rtaros. biswr sl tarimmmsss no wha r-.u.-r PR SNEYEE R E -11-rn "u-:l-l-ll'l- I'.h.ﬂl !HD-"[E. n!'-
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focusing on topics of differing importance.
3. Comments which are only indirectly related to the question topic tend to

become less frequent in the course of the dialog.

There are typically a few items about which § would particularly like to say
something, e.g. the ones she would comment on in an unconstrained monolog as in
Flgure 4. Applying the s[rntc-gmi introduced in this scctmn, 5 will comment on such
an item as soon as a question is asked to which the item is reasonably closely related
(sec e.g. the responses to Questions 2 and 3). But as more and more comments of
this sort are made, there are fewer and fewer cases left where it seems worthwhile
to depart from the question topic. Thus after Question 5, 5 would surely have
mentioned her preparatory school background had she not already slipped in a
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(fecusing on gencral topic “Pesonal
ihﬂﬁﬂ#: "

D you have children?

{yosino quesilon on jem “Family
siluakion”}

How challenping has the sort of work
bocn thal you've done up 1o now?
{requesy [of comnwen on ilem
“Complesity of provious work”™)

. Dnd you grd 3 good deal of capericnce

in differens deparumcnis?
[yes-no question on item *Varey af
previous work™)

. Did you graduate from the MTS?

[= higher-level graphic wainiag]?
(yeuino question on jkm ""!"n:j'll.i-ma.l.
raming™ }

. But of course you did ged some

wocatienal wraining, didn't you?

B0
M FACT [ LIVE ALONE

- AMD BY THE WAY THE
REASDON I WANT TO LEAVE MY
PRESEMNT JOB [S THAT I'M
LOOENG FOR MORE
CHALLEMNGIMG WORE

UNFORTUMATELY MY WORK
HAS BEEN PURELY ROUTINE

- BUT BY THE WAY I'VE BEEN
WORKING FOR ABOUT A YEAR
AND A HALF

- AMD 1| WENT TO UNIVERSITY
PREP SCHOOL

WO

BUT I SLUBSTITUTED
OOCASIONALLY IN OTHER
DEPARTMENTS

HO

MO
I GUESS I'D BETTER BE GOING -
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7. Situation 6: Establishing a Desired Projected Bias

7.1. Definition of the Situation

In the preceding situations it was assumed that the speaker had, from the beginning
of the dialog, some belief about her projected bias and that she wanted to behave
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may begin the dialog with no definite idea about §'s bias and/or § may not be sure
what L thinks about her bias. More importantly, § now wants to behave in such
a way that L will ascribe to her some particular bias. Speakers sometimes try to
accomplish this by making an explicit claim about their bias (e.g. “I'm going to be
perfectly frank™), bur it is more interesting to stipulate thar § can only accomplish
her goal by selecting a single factual comment which, because of the nature of the

information conveyed about the Object, convinces the listener that § has the desired
bias.

7.2. How the Situation Can Arise

As noted in Section 5.2, social norms and expectations can make it desirable for
a speaker to project a certain bias. In addition, each possible projected bias has
consequences for the way L interprets 5's individual utterances, as was seen in the
two previous situations. These consequences can make a particular projected bias
seem particularly attractive 1o S,

First, if 5 wants communication 1o be maximally efficient, she should try to
ensure 1@“_ her projected bias matches her actual bias, since otherwise some justified
pragmatic interpretations may not be made and some incorrect ones may be.

A discrepancy between the actual bias and a particular projected bias also has
the drawback that it may be exposed at some point (as illustrated in Situation 5},
no matter how hard S tries to avoid this. Since this sort of unintended exposure
can be undesirable in various ways, 8 may prefer 1o eliminate any discrepancy at
the outset, unless she has something to gain which justifies taking such a risk.

How 5 can benefit from such a discrepancy has been illustrated for the combi-
nation of positive actual and objective projected bias: L can be expected to rule out
some negative possibilities via pragmatic interpretation, including some which are in
fact realized. This pattern therefore leads to generally mare favorable impressions;
it is especially attractive if S is worried that certain important negative facts might
come to light, e.g. if 5 is 2 job applicant who has a “skeleton in her closet™ that the
employer would be likely to uncover with one of his questions if he suspected that
S was positively biased.

No examples have been given yet of the extreme combination of positive actual
bias and negative projected bias, and one may wonder whether it offers the speaker
any advantages beyond those just mentioned for the positive/objective combina-
tion. The main differences when the projected bias is negative are that (a) positive
possibilities can hardly ever be mentioned, but (b) they are also hardly ever ruled
out by pragmatic interpretation. Thus the positive/negative combination is more
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attractive than the positive/objective one mainly when there are no (or hardly any)
strongly positive facts that § could mention; for it ensures that L will ar least con-
tinue to reckon with all positive possibilities that haven't been explicitly ruled our,
For example, a job applicant who has very little to offer may try to come across
as being extraordinarily modest or selfcritical. If she succeeds in this, the fact thar
she volunteers very little information about herself will be interpreted as implying
that she has very few negative atrributes :|r11:i perh:lps some :w-:-msp:rmg \-'IITI.I'-I:S.
Thl— !JLLI.H'.J.“.J‘I.' u{ lhl. ﬁlJ’Ed.Iﬂ.Ll Whu .:I.Ll.unl:ulr i_l.ﬂ al JlFEH'«l"‘F blq ECiEn I vl l.lla-'
cussed explicitly, since it is the mirror image of the situation of a positively biased

speaker.

7.3. Appropriate Strategies

5 should 1ry 1o establish her desired projected bias as soon as possible in the dialog,
especially insofar as she is concerned about the pragmatic interpretations that L will
make on the basis of it. (In experimental research on attitude change, for example,
there is some evidence that information abour a communicator's credibility has
more cffect when it is presented before the persuasive message than after it — see
e.g. Ward & MeGinnies [WARD74]). As noted at the end of the previous section, if
L changes his hypothesis about §'s bias at a late stage he will have difficulty in revis-
ing all of his previous pragmatic interpretations accordingly. In any case, whatever
the reasons, everyday experience tells us that speakers and writers typically make
any efforts to convey information about their bias (or any other general parameters
which guide their behavior) as early as possible.

Within the situation as just defined, the only way that § can establish a given
projected bias is to produce a comment which is uniquely characreristic of that bias.
That is, the comment should be consistent with that bias and inconsistent with any
other bias that L thinks that § might have. This strategy is appropriate in view of
# general (and rational) tendency often noted in social psychological research (see
e.g [JONES65, AJZE71]) which is applicable to the way a listener interprets the
behavior of a speaker: people explain an act by arrributing to the actor a particular
trait (e.g., a particular bias), if the act has consequences which would be desirable
only to a person with that trait,

5 should try to find a comment which not only will satisfy the above con-
straints but will also be fairly desirable {or at least not extremely undesirable) to
herselfl in terms of the general criteria introduced in the previous situanons, i.e., the
desirability of the resulting impression change and the amount of effort required. As
an extramme cx;mptf, a job ;.pp]i-:am will not want to voluntesr informartion which
implies that she is completely unqualified for the job simply in order to appear
objective.

Since these constraints will often not be satisfied by any comment which per-
tains to :]1: topic uf L's first qummn, 5 should also consider commenting first on
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7.5. Resulting Behavior

The four comments in Figure 10 which are marked with an asterisk are only gen-
erated by 5 under a condition which will be introduced in Situation 8, namely
that L is quite uncertain about the evaluation standards thar S ascribes to him.
The consequences thar this has for §'s attempts to establish a projected bias will be
discussed in Section 9.5; for now it is sufficient to note that these comments are at
best marginally consistent with 5s desired projected bias.

When one looks at the procedure in Figure 9 or the discussion in the rext,
it is not immediately obvious what sort of comments the strategy outlined will
produce; and in fact a rather surprising variety of results emerge. Since they are
quite different for the cases where an objective and where a negative projected bias

15 desired, these cases will be discussed separately.

7.5.1. Comments Intended to Establish Objectivity

1. The most typical comment 15 one which is just negative enough to seem reasonably
informative.

This type of comment is exemplified by the responses to Questions 1 through 3
in the middle column of Figure 10. The first response shows S going to considerable
pains 1o avoid saying anything more negative than necessary: the comment is only
vaguely germane to the question asked, bur 5 nonetheless prefers it to a directly
relevant comment {on her lack of vocational training) that would be much more
negative.

2. How negative a comment of this type must be depends on (a) how strongly
the item it concerns is focused on by the question and (b) how much freedom § has
in choosing a comment on that item.

The comment volunteered after the yes/no answer to Question 3 results in only
a slight downward impression shift, but according to the principles introduced in
Situation 5 it is plausible because L himself has focused attention on the unimportant
topic of 5's hobbies.

By contrast, when § has to shift artention o a distancly relared irem, the result-
ing comment must in general be strongly negative in order to seem worthwhile at
all. This is why § has to be more negative after Question 2 than after Question 3,
although the two questions both concern §'s hobbies. Since Question 3 15 a yes/no
question, the bit of negative information 5 adds is optional and thus appears to
reflect objectivity. Question 2, on the other hand, obliges S to make some comment
on her hobbies, so the same remark in this context does not prove that she is nor
positively biased. Consequently, § must slip in the less relevant but more negative
comment about the routine nature of her work.

3. A comment need not be negative ac all to establish objectivity, if it is clear
that a positively biased speaker would have made an even more positive comment.

MNegative comments as in the first three examples were elearly inconsistent with
positive bias because a positively biased speaker would rather say nothing ar all than
make them. Bur a5 we saw in Situation 2, the behavior characteristic of positive
bias includes not only silence on matters where the truth is unfavorable but alse
vague formulations (e.g. “working for more than a year”) which leave open one or
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Formulation of
Listener's first
question

{(Undesired)
—= Desired

Projected Diases

(Positive)
—= Objective

(Positive, Objective)
—= Negative

1. Tell me somehing about your
?lhu:llhn[.
request fof comments on lopic
" Education”)

2. lsperd & bouof froe ime paswing
my hobbées, Wihat shoul youT
(reguest for comment on 1lem
“Haolbbics™)

A, [k you have eny hobbies?
{¥erfrm question on nem “Habibies™)

4. Hum e work you've done op ko now
becn challengisg?
{¥es-no qetstion on ilem “Level of
pEowious woek <)

5. Why did you decide 1o leave your
Prosend jobT
(roquest for comment on itemy
“Reason fof changing jobs™)

B. How much vasicly was there §
gk 1y in your
frequest for comment on liem
“Wariay of previous wark™)

* [ SHOULD MENTION THAT
URFORTUMATELY MY WORK
HAS BEEN PURELY ROUTIME
e BUT I WENT TO UNIVERSITY
PREP SCHOOL
Mermal arount of vooational
lraining. [1]

= [ SHOULD MENTION THAT
UNFORTUMATELY MY WORK
HAS BEEN PURELY ROUTINE
- AMD MY HOBRIES DONT
HAVE AMYTHING TO DO WITH
THIS TYFE OF WORK

YES

BUT I'M AFRATD MY HOBBIES
DONT HAVE ANYTHING TO DO
WITH THIS TYPE OF WORK

MO

BUT I SHOULD MENTION THAT
I'VE BEEN WORKING FOR
ABQUT & YEAR AMD A HALF
Worlk has bocn purely routine,

= [ SHOULD MENTION THAT I'VE
HEEMN WORKING FOR AROUT A
YEAR AND A HALF
.. AND THE REASON 1 WANT
TO LEAVE MY PRESENT 108 15
THAT I'M LOCKING FOR MORE
CHALLENGING WORK

I SURSTITUTED QGCCASIOMALLY
IN DIFFERENT DEPARTMENTS

I'M AFRAID | DIDNT GET
FULL-TIME YOUCATIONAL
TRAINING j

Has taken scme evening councs. ]

| HAVE SOME HOBBIES
Hobbies are relevant 1o this ops o
wirk. [I]

YES

BUT BY THE WaY I'M AFRAIDT
DIDNT GET FULL-TIME
VOCATIONAL TRAINING |
Has taken scame evening coures- | 1

RO

AND BY THE WAY I'M AFRAID]
DIDNT GET FULL-TIME
VOCATIONAL TRAINING

Has taken some evening counst &

1 DIDNT GET FIRED FROM MY
LAST JOB )
Is lacking for mare challeging work-

1 IDNT GET 4 LOT OF
EXPMERIENCE IE DIFFERENT
DEPARTMENT

Cion same experience in diffoosd rales

]?i ure 10 {_Imnments made by Imp after various opening questions with the aim of estab-
lishing a particular projected bias. (Any subsequent comments volunteered on items within
the question topic are also listed, as are any pragmatic interpretations that L is expected to
make with respect to such items. Pragmaric interpretations are summarized in lower case.

**" indicates that a comment is ar best marginally aceeptable, as discussed in connection with
situation 8, and '[!}’ indicates that a pragmatic interpretation is incorrect.)
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more possibilities which are more favorable than the one actually realized. 5 can
thus appear objective simply by resisting the temptation ro generate such a vague
comment and substituting a more precise one (e.g. “working for about a year and a
half"} = which may still result in a somewhat positive impression shift. Comments
of this sort are made after Questions 4 through 6 in Figure 10.

4. Even when the speaker’s actual bias is objective, she will sometimes be able
to establish it, if ar all, only by making a comment that she would normally not
consider worthwhile.

One would intuitively expect the task of establishing a projected bias to be easier
for a speaker who was simply trying to make clear her true dialog morivation. And
indeed, after Questions 1 and 4 in Figure 10, 5 would produce more straightforward
responses than those listed in the second column if its actual bias were objecrive,
simply beginning with negative comments on the topic of the question.

But sometimes, as with Questions 2 and 5, none of the things that an objective
5 would normally say in response to the guestion happens to differ from whar a
biased speaker would say. § may then find no suitable comment ar all, or = asin
the two examples just mentioned — have 1o produce a comment which she doesn't
actually consider worthwhile in its own right, though it is not blatantly implausible.
The reader can probably recall from his or her own experience how difficult it is,
for example, to avoid appearing negatively biased when commenting on a piece of

scientific work which is almost totally without merit.

7.3.2. Comments Intended to Project Negative Bias

5. The comment most suitable for establishing a negative projected bias 1s typically «
vague one which rules out only the most positive or the most negative possibilitie:
In everyday situations negative bias is often associated with emotionally charge
expressions and implausible exaggerations; but within the constraints of the presen
situation the available ways of convincing a listener that one is negatively biased are
more subtle. Extremely negative factual comments will not work, since they would
be just as likely to be made by an objective speaker as by a negatively biased one. In
iectivity as well as wich posinive bias, 3 comment

order 1o be snennaictent. sath @bl v
MMy WO O INCONSIMENE WIln DUJCCVILY Ss Yraks s Tribi piis

must be vague and allow only the following interpretation by L: “The possibility
which is realized must be the most favorable one that is allowed by §'s comment;
S is being vague so that [ will not rule out the less favorable possibilities.”

In the examples in the right-hand column of Figure 10, L in fact always makes
the most favorable possible pragmatic interpretation — which happens to be incor-
rect in the first two cases (the next two involve the same comment as the first one).
In these cases 5, with the very comment thar she uses 1o establish her negative pro-
jected bias, draws her first benefit from it in the form of an unjustifiably favorable
pragmatic interpretation,

Generally speaking, vague comments are characteristic of positive as well as
negative bias, as we have already seen in several examples. One may therefore won-
der under what circumstances a given vague comment is suitable for projecting one
of these types of bias, as opposed to being compatible with both of them. This
can only occur when the impression left by the comment on a straightforward
interpretation is asymmetric with respect to the favorableness and probability of
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7.6. General Issues Raised

It is instructive to compare the analysis in this section to social-psychological research
which shows that listeners are more strongly influenced by a persuasive message if
they think that it was produced by a speaker whom they would normally expect
to be biased against the position advocated. For example, in an experiment by Wal-
ster, Aronson, and Abrams [WALS66], a passage arguing that prosecutors should
be granted increased power was more persuasive when the speaker was said to be a
criminal than when he was said to be a prosecutor; the reverse was true of a passage
which argued for the opposite conclusion. Eagly, Chaiken, and Wood [EAGLS1]
showed that when an argument runs against the speaker’s own interests, the listener
perceives the speaker as being less biased, as one would expect in the light of the
considerations discussed in this section: such a speaker makes statements which are
inconsistent with the expected bias; some of these are consistent with either the
opposite bias or objectivity, but since it i1s implausible that a speaker should actually
be biased against her own interests, the listener can only conclude that the speaker
15 attempring 1o convey an accurate picture of the facts.

Eagly et al. argue that in this case the listener is more willing to accept the
speaker’s conclusion and, at least in some cases, is less inclined to scrutinize the
speaker's arguments critically. This account is not applicable o evaluation-oriented
dialog as defined in this paper, since here the speaker does not explicitly argue for
any conclusion. The analysis 1n this section, however, suggests that the effect can

L | - L ] "
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given area is “rising”, the listener may suspect that the extent of the increase is in
fact negligible, whereas an apparently objective speaker would be expected to make
such a statement only if the increase was large enough to be worth mentioning.)

Although these studies confirm that listeners do make inferences abour a

speaker’s bias in the general way hypothesized here, they say nothing about how
casy it is to establish a projected bias with a single comment, as the speaker attempts
to do in the present situation. Indeed, the reader may well feel that he or she as a
listener would not be convinced about the speaker’s bias by some of the individual
comments in Figure 10. The definition of this situation would be more realistic
if it tock into account the fact that sometimes the cumulative evidence of several
comments is required to establish a projected bias. An analysis of this sort would
have 1o take into account the fact that there are various degrees of prior probability

of given sort of bias in a given situation and also various degrees to which a com-

ment can be (in)consistent with a given bias. A study by Ajzen [AJZE71] shows

that people take such considerations into account in a way which can be described

Fairly well in Bayesian terms.

A turther complication is that, since attempts to project a bias that one does not
actually have are so familiar, listeners will often recognize the pattern and therefore
not be as gullible as § assumed in the above analysis. But then again, if L does
suspect that S is attempting to project a bias that she doesn't have, it is difficult to
specify what alvernative strategy 5 could use to overcome this suspicion — even if

the suspicion is not justified.
Since the assumprions underlying the present analysis exclude these compli-

cations, its main contribution is to clanfy the nature of the individual comments
which can contribute to a successful attempt to project a given bias.

8. Situation 7: Discrepancy Between Actual and
Projected Ascriptions

8.0. Introduction: Embedded Beliefs About Evaluation Standards

Up o now it has implicitly been assumed that the listener had very definite values
and expecrations and that these were mutually known to § and L (cf. the remarks

at the end of Situation 4 concerning embedded beliefs about §'s bias). Since this is

4 very strong assumption, the remaining three situations will be defined in terms
of more realistic alternatives to it. But first it will be helpful to introduce some

convenient terminology and to mention two types of complication that will not be
examined in detail.

8.0.1. Uncertainty in L's Evaluation Standards

First. I. mav he uncertain az ta whar tha sanranciare svalnarian seandacde ava and

Page 339 of 1206



294 Anthony [Jameson

contrasting approaches to evaluating Objects of the type in question. We will con-
tinue to restrict our attention to cases where it is reasonable for 5 to view L as
confidently applying a single set of evaluation standards.

B.0.2. Uncertainty in §'s Aseription of Evaluation Standards to L

S can in general estimate L's evaluation standards only apprm:im.lttl}r- It 1s very
difficult to predicr a person’s values and expectarions precisely unless one is provided
with quite specifically relevant clues.?

This sort of uncertainty in § would tend to make her unsure as to what com-
ments would have the most desirable effects on L's impressions of the Object; this
uncertainty could in turn be reflected in the use of expressions such as You may be
interested to hear that .... But the consequences are less serious than they would
be if 5 had the r:spunsibilit}r of making a decision on behalf of L (or a recom mfn
dation, as in [MORI*]), i.e., if L's evaluation standards were decision pmp:r'{i:s n
Sparck Jones' [SPAR"] terms. We will therefore continue to restrict our attention o
cases where 5 can be viewed as aseribing certain evaluation standards to L, and we
will ignore the complications that can arise because of the fact that these ascriptions
represent only 5's best estimates of L's values and expectations.

To make it easier to talk about embedded beliefs, we will henceforth refer to
the evaluation standards that the speaker ascribes 1o L as the speaker's ascriptions.
In analogy with the concept of a projected bias we can now define §'s projected
ascriptions as the standards that L thinks that § ascribes to him. A discrepancy
between 5's actual and projected ascriptions is the defining characteristic of the sit-
uation to be discussed within this section: but we will assume that no more deeply
embedded discrepancies exist; i.e., § thinks that L believes §'s ascriptions to

mutually known (this is analogous to the assumption made ar the end of Section 3
with respect to beliefs abourt bias).

8.1. Definition of the Situation

q:{ HM;HM aecrinbinne [ae er delk e
= = PR RS SSLTIPNITNNS 25 JUST BEaNeD

tually ascribes to L. As in Situation 4,
discrepancy will not be noticed by L.

Awm Eeaar Al aracs £
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¥
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5 wants to behave in such

8.2. How the Situation Can Arise

There arc many ways in which such a discrepancy can arise; the following case s
the one that will be assumed in the specific examples below,

Employers are often inclined to apply different evaluation standards to appli-
cants from different categories. For example, an employer might evaluate a male

¥ Brief discussions of some of the highly fallible heuristics that people use o make such
predictions in everyday situations ¢an be found in [JAMES4, NIKUS5and — in more

general terms — HOLLS6, chap. B]. The rechniques employed to construct user models
also tend 1o yield speculative conclusions, as can be seen 1n several chaprers in the present
volume (especially [FINI*, RICH®, SPAR*]).
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candidate with special attention to his suitability for eventual promotion into a
management rale; faced with a female candidare for the same job, the same em-
ployer might be more concerned about the possibility that she might leave within
a short time because of family commitments. When the use of different standards
can be seen as unfair, the employer may want {or be legally obligated) to appear to
be applying the more socially acceprable standards to all applicants.

Consider now the applicant who is sophisticated enough to recognize that she is
being judged according to the less desirable standards. She may consider it undipio-
matic to reveal her awareness of this fact and thus she may behave as if she thought
she was being judged according to the more acceptable standards.

8.3. Appropriate Strategies

The speaker in this case should use her acrual ascriprions in deciding what is worth
saying, since these reflect L's actual concerns. But when anticipating L's pragmatic
interpretations, she should bear in mind that L will be basing them on the assump-
tion thar she was generating her utterances on the basis of the projected ascriptions,
This is analogous to the role of actual and projected biases in Situation 4.

A new problem concerns the preparatory expressions discussed in Sitwation 5:
since these presuppose certain evaluation standards, their applicability will in some
cases be different according to the actual ascriptions than according to the projected
ones. In order 1o appear 1o be generating her utterances on the basis of the pro-
jected ascriptions, S should of course refer to these in selecting such preparatory

EXPressions.
The most subtle problem concerns the effects of question focus, which also

depends in part on evaluation standards. For example, the topic of a question mighe
be quite important according to the actual ascriptions yet trivial according to the
projected ascriprions. Here again, the actual ascriptions are relevant for deciding
what to say and the projected ones for anticipating pragmatic interpretations.

8.4. Realization in the Simulation Model

8.4.1. Representation of Projected Ascriptions

In principle the actual and projected ascriptions could be represented with two
separate evaluation forms. These could differ with respect to the items thar were
defined, the possibilities that were distinguished within each item, and/or the val-
ues and probabilities associated with each possibility. But the major phenomena of
interest can be most clearly illustrated using a very restricted form of discrepancy;
we need to allow each pair of corresponding items in the two forms 1o differ only
with respect to their importance (as defined in Situation 5). That is, each item in the
projected evaluation form is identical to one in the actual evaluation form except
that the values (i.e. numbers of points) assigned to the possibilities are all multiplied
by a certain nonnegative weight. Thus, for example, if this weight is 3.0 for a
given item, all impression changes involving that item will be three times as large

Page 341 of 1206

295



296 Anthony Jameson

according to the projected evaluation form as according to the actual evaluation
form. With this restriction, it is of course unnecessary for the simulation model
to store two separate evaluation forms. One need only specify for each item the
weight which expresses the ratio between its projected and actual importance.

The implementation of the strategies just sketched involves simply using the
relevant weights when rating the desirability of alernative comments during the
anticipation of pragmatic interpretations and when compurting the impression shifts
that are relevant for the selection of preparatory expressions,

8.4.2. MNew ltems for the Examples

In the specific interview which provided the context of the examples discussed above,
our Informant did not suspect any significant discrepancy between her actual and
the projected ascriptions, bur the relevant evaluation standards were somewhat dif-
ferent in a later interview with a smaller firm which had plans for expansion. On
the one hand, she expected this firm to be interested in employees with the ability
and motivation to move up eventually to a management-level position, as expressed
in the first two of the five new items referred to in the left-hand column of Figure
11. The Informant suspected that these items would receive only about one third as
much weight for her as they would for a male candidate. On the other hand, in this
interview it was known in advance that she lived nearby and had a boyfriend. The
two previous items about her personal situation were therefore in effect replaced by
the remaining new items referred to in Figure 11, which all concern the possibility

that she might leave her job because of commitments involving her boyfriend; she

guessed that these items were about three rimes as important in her case as the

employer would have liked to admit.

~ The example questions and answers in Figure 11 concern only these five new

ILEms, ﬂthﬂﬂgh the :rcmaining ten old items were still part of the evaluation form

and could in principle have been commented on. To facilitate comparison across

Sitwations 7 through 9, the same four questions were posed to the system in all

three situations, although the questions would presumably not be equally likely w
be asked in all of them.

8.5. Resulting Behavior

The first column of responses in Figure 11 (i.e. Column 1), provides a baseline for
understanding the other responses: as in Situation 5, there is no discrepancy here
between 5's actual and projected ascriptions, i.e., § is willing to let it be known that
she has realistic expectarions about L's evaluation standards, Her minimal answers
to the first two questions reflect her assumption that L is not really very interested
in the items focused on. When responding to the third question, by contrast, she
makes it clear that she thinks L has finally asked about the matters that really

eoncern him: in fact sinee har caennd rammenr anticinares T % fooerh mnecrian cha
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The items were thus given higher or lower weights in the simulation model, as noted
above, in computations involving the projected ascriptions. This column illustrates
the main consequences of the siraegies which were claimed vo be appropriate in
this situation:
1. The listener sometimes makes incorrect pragmatic int:rpﬁ:lﬂtiﬂnﬂa
The reason for this (and also for the second consequence to be ml:minnfd
below) is the same as for the corresponding phenomenon noted in Sirrulaticm 4 in
connection with projected bias: L's pragmatic interpretations are based in part on
false assumprions — in this situation, the projected ascriptions. An example 15 L's
Interpretation, after §'s first answer, that § can't have either Fspccially strong or
especially weak interest in 2 management job, since a naive and objective applicant
would have mentioned either of these facts. In reality S's interest in management 15
strong, but she didn't consider this to be worth mentioning. (Note that the second
question, if formulated a bit differently, could have brought this misinterpretation to
light and thus exposed the discrepancy between 5's actual and projected aﬁcripiiﬂﬂ-'i-}
A difference with the case of projected bias is that incorrect pragmatic inter-
pretations may now be somewhat unfavorable to § — e.g. in the present example
a favorable possibility is ruled out. But such misinterpretations arise because S did
not consider it worth the effort to mention a given favorable [act, so they can never
have especially grave consequences for L's actual impressions,
2. The speaker will sometimes be unable to say what she would like 10 say.
Aher Question 3, for example, S feels it necessary 1o suppress the additional
comments produced in Column 1, since each of them would be inconsistent with her
projected ascriptions. Since L doesn’t expect much information to be volunteered on
such items, he will not make unjustified pragmatic interpretations of the resulting
silence (though he may correctly rule out some particularly extreme possibilities,
especially if the item involved s strongly focused on, as with Question 3).

8.6. General Issues Raised

Even more than in the previous situations invalving discrepancies between actual
and projected biases, the present situation calls to mind the metaphor of dialog
participants as actors playing roles which may bear little refation to the way they
actually are. This notion raises a grear variety of questions, many of which have been
examined by sociologists (e g. [GOFF59]) and social psychologists (e. g. [SNYD79,
TETLS5]). The present analysis addresses only a limited subset of these issues: the
specific strategies used by speakers to maintain a given image in a certain sort of
dialog situation and the consequences of such behavior in terms of the information
conveyed and the (sometimes incorrect) conclusions drawn by listeners.

There are of course circumstances in which § would want to eliminate rather
than maintain a discrepancy between her actual and projected ascriptions; and even
if she does consider discrepant projected ascriptions desirable, she may not be so
fortunate as to find herself in a context which causes the listener 1o expect these
ascriptions from her at the beginning of the dialeg. The basic strategy discussed
in Situation 6 for establishing a projected bias can in principle be adopred in such
cases. For example, § could presumably establish realistic projected ascriptions by
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ascriptions with respect to a particular item, L must feel that he is able o infer 5's
ascriptions for other items. Where this is not the case, there is no easy way for §
to establish projected ascriptions for a number of items ar once.

9. Situation 8: Uncertainty in the Listener About the
Speaker’s Ascriptions

9.1. Definition of the Situation

In all previous situations it has implicitly been assumed that the listener thought
he knew precisely what evaluation standards che speaker ascribed to him. We now
postulate, more realistically, that L has a rather vague idea of 5's asn:nptlﬂns These
vague beliefs may be systemarically dliacrcpa.nt with 5's actual ascriptions, as in the
previous situation; but to avoid certain mmpfll:at:luns- we must assume that L does
not contemplate the possibility of such a systematic discrepancy. That is, L thinks
that any error he may make in guessing 5's ascriptions with respect to one item is
independent of errors with respect to other items.

9.2. How the Situation Can Arise

It is not difficult to imagine how L might experience this sort of uncertainty, but a
single illustration with respect to the examples in Figure 11 may be useful. Suppose
that L believes that 5 has based her ascription of evaluation standards to him on
her previous experience with other potential employers who (like L) gave the im-
pression of evaluating women and men in the same way. Then L will feel sure thar
S is naive with respect to items like those in Figure 11. Still, unless L is thoroughly
familiar with the behavior of such employers and thinks that § is as well, L will
not have a very definite idea of what ascriptions 5 has arrived at for the individual
items — e.g. what § believes 1o be the relative importance of the various items that

concern personal commitments.

9.3. Appropriate Strategies

S must now take into account the following considerations when anticipating L's
pragmatic interpretations: Since L is uncertain about §'s ascriptions, he will often
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be uncertain as to what comment 5 would make on a p;.nir.:ulll' item if a par-
ticular possibility were realized. Yet it is only sensible for L to rule out a given
possibility by pragmatic interpretation if he is quite certain that § would have said
something different if that possibility were realized. The speaker should therefore
only anticipate that a pessibility will be ruled out by pragmaric interpretation if
some comment other than the one she made is so obviously more desirable for a
speaker with her projected ascriptions that L will be convinced of this in spite of
his uncertainty about 5's ascriptions.

As noted in the previous situation, § should use preparatory expressions Iin
a way which is consistent with her projected ascriptions. Since these are now n-
definite, 5 can take into account the fact that a particular expression will seem

inconsistent to L only if L would have felt quite certain that § would not use that
expression in that context.

9.4. Realization in the Simulation Model

In the previous situation, the representation in the system of discrepancies between
actual and projected ascriptions allowed these to differ enly in terms of the weight
attached 1o each item. Similarly, it is sufficient here to represent uncertainty in L
only with respect to the importance that S attaches to each item. The degrees of
L's uncertainty can in principle be different for each item, but the examples are
mies: o imerpn.-t if we assume [ha.t s a CONSIaNt percentage {EI:I-% Yl Lhﬂ: FI!'ES-E:ﬂt
examples) for each item. Specifically, each item now has associated with it, instead
of a single weight reflecting its projected importance, an interval which reflects all of
the degrees of importance that L thinks the item is likely 1o have. Thus for the items
whose projected importance is greater than their actual importance, the weight of
3.0 is replaced by the interval (1.5 4.5), and for the items where the reverse is true,
the previous weight of .33 is replaced by the interval (.17 .5).

This replacement of weights by intervals requires the following modification
in the implementation of the procedure for anticipating pragmatic interpretations:
When a comment under consideration (C) is being compared with an alternative
comment (C'), each one can no longer be viewed as having a single rating of desir-
ability according to the projected ascriptions, but rather a range of possible ratings.
C’ then only rates higher than C if each of its possible ratings is greater than the
corresponding rating of C (it is sufficient to make the comparisons only for the
corresponding endpoints of the intervals). It is this use of intervals that implements
the specification in Step 2 of the procedure at the bottom of Figure 5 thar it be
“clear 1o L" thart the alternative comment would rate higher.!®

During the generation of the examples for the first seven situations a slight
amount of uncertainty on the part of L was actually assumed in the simulation

*® The situation is actually more complicated when the focus of the question is a single item
and a comment is being selected on some other item. Then it is not only L's uncertainty
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This is a corollary of the second consequence. After Question 1, for instance,
5 is inclined to say that she has *some leadership experience™; bur since a more -
formative comment would be available, at no extra effort, no matter what amount
of experience she had, she would see, that this comment would betray her positive
bias.

The first and third consequences can be summarized as follows: Uncertainty
on the part of L abour §'s ascriptions tends to cancel the effects of a discrepancy
berween the actual and the projected ascriprions. This is illustrated by the fact that
Imp’s behavior in the present situation (Column 3) is almost identical to its behav-
ior in Column 1, where there was no discrepancy. In general, of course, behavior
in these two conditions can differ more sharply, if L has less uncertainty or the
discrepancy berween the actual and the projected ascriptions is greater.

The following consequence of L's uncertainty concerns $'s attempts to establish
a projected bias, as in Sitwation 6. It is illustrated by the examples presented earlier,
in Figure 10, which were run assuming the same degree of uncertainty on the part
of L as in the present situation.,

5. It is generally easier for a speaker to establish a given projecred bias if the
listener is uncertain about the speaker’s ascriptions.

We have just seen that S generally has more freedom in choosing comments
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ment would not convince him of §'s objectivity.

But very often bias-establishing comments are inconsistent with the undesired
projected bias(es) in ways which can be recognized without particularly definite
beliefs about $'s ascriptions. First, vague comments are almost always inconsistent
with objectivity if a more precise comment is available at no extra effort. This is
why the third comment in the right-hand column of Figure 10 can be easily rec-
ognized to be inconsistent with objectivity even though it is not obvious that it is
consistent with negative bias.

Second, nonobligatory comments which cause downward impression shifts are
almost always inconsistent with positive bias, as noted in Section 3.5. In order to
recognize that the first and second responses in the middle column and the third one
in the right-hand column are inconsistent with positive bias, therefore, L essentially
only has to know enough about S's ascriptions to recognize that § expects these
comments to shift his impression downward (in these examples, this expectation of
5 happens to be expressed anyway in her use of 2 preparatory expression),
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These consequences suggest that it may often be sensible for 5 1o try 1o ensure that
L has only a vague idea of 5's ascriptions. Thus in the present examples, the appli-
cant might try to appear generally unfamiliar with the usual evaluation standards
for applicants for this type of work. This would cause L to be uncertain about 8's
specific ascriptions and thus make it easier for S to appear naive with respect to the

interviewer's applicarion of a double standard.
The definition of this situation stipulated that L's uncertainty did not involve

coherent patterns involving several items, such as the question whether 5 was realistic
or naive. This sort of uncertainty can of course occur, but it introduces considerable
additional complications for § which cannot be explored in detail here: sooner or
later, S is likely to say something that is inconsistent with at least one of the images

L considers possible; this will narrow down L's expectations as to what she will say
on other items and maybe even cause L 1o reinterpret what she has already said.
We hypothesized thar L takes into account his uncertainty abour §'s ascriptions
by only making a pragmatic interpretation if he is quite sure that it is justified.
Listeners presumably also make probabilistic pragmatic interpretations of the fol-
lowing sort: “I'm pretty sure she would have said something like C' instead of C
if the possibility P were realized, though C is quite a likely comment if P is nor
realized; so probably P is not realized, even though is reasonably likely a priori.” ti
formalization of this sort of reasoning, using the principles of Bayesian inferen

can shed further light on the basic logic of pragmatic interpretation. But such ar
analysis requires much stronger assumptions about the nature of L's uncertainty than

the ones made here, and it cannot be integrated easily into the present simulation
maodel.

10. Situation 9: Uncertainty in the Speaker About Her
Projected Ascriptions

10.1. Definition of the Situation

5 once again assumes that L has definite beliefs about her ascriptions, but now §
I8 uncertain as to what these beliefs are. In other words, § suspects that there is
a discrepancy between the actual and the projected ascriptions, as in Situation 7,
but she is now unsure about the nature of the projected ascriptions. As before, $
wants to behave consistently with the projected ascriptions — whatever these may

be.
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10.2. How the Situation Can Arise

One of the many ways in which this situation can arise is a variant of the case
used in the examples for the previous two situations: § has realistic ideas about the
standards that L is applying, and she thinks that L may know this, but she also
thinks that he might consider her ascriptions to be naive. In other words, she does
not know whether her projected ascriptions are realistic or naive.

A different sort of pattern is worth mentioning because of its frequency aof
occurrence: the case where a speaker wants to appear more familiar with the ac-
cepted norms in a given community than she actually is. For example, if for a given
type of work there are certain generally accepted eriteria for evaluating candidates,
a job applicant who gives the (false) impression of being thoroughly familiar with
this type of work will be expected to know these standards. Thus the pmw:tl-‘d
ascriptions will be the generally accepted criteria, but the npp]ir.:ant will not know
what they are. All of us have presumably been caught up in this sort of situation

when asked to comment, for example, on a work of art of a sort that we are not
accustomed 1o talking about.

10.3. Appropriate Strategies

It will be convement to refer 1o any set of evaluation standards that — as far as
S knows — L might think that § ascribes to him, as a possible set of projected
ascriptions. Strictly speaking, 5 must in general reckon with an infinite number of
these sets. A reasonable general strategy is to consider some small number of them
which are sufficiently representative, in the sense that behavior which is consistent
with cach of this small number of sets is likely to be consistent with all of the
other possible sets. What (and how many) sets of ascriptions should be used as
representatives depends on the structure of the space of possibilities thar § must
reckon with; it is therefore difficult 1o give any general rules for choosing them.
EF"E 'lh"-' _ﬂ'iilﬂ'lplﬁ to be discussed below, a pair of extreme sets of ascriptions is
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longer represented by a single weight interval, as in Sitwarion 8, but by an ordered
pair of intervals, one interval for each possible listener. For example, each of the
“unimportant™ items in Figure 11 is associated with weight intervals of (.9 1.1)
and (2.7 3.3) for listeners to whom realistic and naive ascriptions, respectively, are
projected. (A small amount of uncertainty in L — 10% as compared with the 50%
of Situation 8 — is assumed for the examples in Column 4, since the sitvation is
even more difficult for § to manage if no such uncertainty ar all is assumed.)

The system implements the strategies mentioned above by anticipating prag-
matic interpretations, and checking the appropriateness of preparatory expressions,

using each weight interval separately.
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with her image: § now has a chance to escape this fate by guessing the projected
ascriptions for the eritical item correctly. Exactly how § should handle this siwe
ation is hard to say in general (it depends, among other things, on whether the
projected ascriptions for the different items are systemarically related). Just one of
many possible strategies is implemented in the Imp system and illustrated in Figure
11: the system chooses the most desirable comment which is consistent with at least
one image and gives up on trying to maintain the images with which that comment
is not consistent. In these examples, this means opting for the “realistic™ image and
producing not only a comment on the tem asked about but also a second one
which § would actually have liked to volunteer while responding to the previous
question. It is interesting that this second comment has to be kept more vague and
less positive than § would like, since S is constrained by the pragmatic interpreta-
tions that L made while § was still being cautious: if § stated that she never intended
to have children, this would surprise even a listener who expected her ascriptions

to be realistic, since he would wonder why she hadn't volunteered this important
information in response to the previous question.

10.6. General Issues Raised

This last example dialog calls to mind an attempt to navigate in densely mined wa-
ters, and it may have struck the reader as rather implausible that a speaker should
expenience such difficulty in maintaining her image while responding to four simple
questions. But recall thar the situation as defined has an asymmetry which makes it
exceprionally challenging for S: she has considerable uncertainty abour L's expecta-
tions, yet she thinks they are quite definite and wants to conform to them whatever
they might be. In a more symmetric situation, presumably more frequent in every-
day dialogs, §'s uncertainty about her projected ascriptions is similar in extent to
L's uncertainty about her ascriptions. We need not discuss this situation at lengrh,
since the results are predictable on the basis of the discussions of Situations 7 and
8. Just as L's uncertainty in Situation 8 largely eliminated the effects introduced in
Situation 7 by the discrepancy between S's actual and projected ascriptions, in this
new situation L's uncertainty tends to eliminate most of the complications caused
by 5's uncertainty about her projected ascriptions. In fact, the simulation model's
responses to the questions in Figure 11 differ only slightly in this new situation
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intrinsically difficult to understand. Attention will thus have to be devoted to the
tollowing questions:

1. What types of user model and dialog motivation are in general easiest for
users 1o perceive accurately?

A generally accepted principle in the literature on human-computer interaction
15 that even quite a complex system can be comprehensible if it corresponds to
some familiar metaphor. As can be seen from the chapters in this book, most user-
modeling dialog systems are based on the metaphor of the human dialog participant.
In fact, it is difficult to think of an alternative metaphor for systems which include
user models, since human beings are the only familiar objects which construct and
exploit complex models of people. Moreover, the metaphor of the human dialog
participant, to the extent to which it is reasonably accurate in a given context, has
an advantage not shared by metaphors involving inanimate objects. The user can
not only make use of his extensive experience with other dialog participants; he can
also imagine what he himself would do in a given situation in order to predict and
interpret the system’s behavior. In empirical studies concerning the everyday pre-
diction of the behavior and beliefs of other persons, the predicror’s self-knowledge
15 typically found to be a major determinant of the predictions, often more im-

portant than all of the predictor’s independent beliefs abour other persons (see e.g.
[NIKUS85] and the further references given there).

As with any metaphor, it is important that there be an easily recogmizable
boundary berween the respects in which the system behaves like a human dia-
log participant and those in which it does not. Otherwise overapplication of this
metaphor will lead to incorrect expectations, misinterpretations, and puzzlement
(ct. [SHNES?, pp. 322.325]).

In particular, user modeling techniques or forms of dialog motivation which
have no analog in everyday human dialog are problemaric, even if these features
seem especially effective or otherwise appropriate in their own right. The designer
?huuld consider whether such a deviation from the basic metaphor can lead to
incorrect expectations and interpretations by the user.

Although the Imp system wac n
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example of a user-modeling system which is basically easy to understand and predict
{excepr when it is attempting to project an inaccurate image). The criteria accord-
ing to which it selects factual comments approximate human behavior quite well,
and the many respects in which its behavior deviates from that of human dialog
participants (e. g. its restriction to the production of purely factual comments) are
asy to recognize and to describe.

Whether or not a system'’s basic design makes it intrinsically relatively easy to
understand, there will often be cases where the user begins the dialog with specific
false assumpt ions about its user model or motivation, or an amount of uncerta nty
about it which constitutes an obstacle to effective interaction. The considerations

mentioned in Section 7.3 suggest why it is desirable to make the user's percep-
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11.2. Questions for Users of User-Modeling Systems

It is unrealistic 1o expect that user-modeling systems will always embody satisfac-
tory answers to the four questions just discussed. Aside from the difficulty of the
questions, there is the problem that designers will not necessanly share the basic
goal of ensuring that the user has an appropriate model of the system. Users will
therefore have o accept part of the responsibility for pursuing this goal. .

5. How can the first-time user of a given system form realistic prior expectations
about the system’s user model and dialog motivation and about the sort of image
that it is likely to try to project?

As far as the user model itself is concerned, the user should have a EFH'E“]
understanding of the basic difficulties involved in user modeling and of the statwe
of the art. If the user is to have realistic expectations about the system's dialog
motivation and about the image it will try to project, it is useful for him to have
some understanding of the reasons why certain combinations of actual and projected
parameters may seem more attractive than others to the designer (or to the system
itsell). Unfortunately, the considerations involved here can be guite complex,
was shown b}' the discussions above with respect to everyday dualog. For instance,
in the examples in Sitwation 7, the speaker's goal of projecting certain ascriptions
with the aim of being diplomatic conflicted with her goal of making a favorable
impression; and it was pointed out in Section 7.2 that a speaker’s decision as 10
what sort of bias to project can depend on the specific properties thar the Object
in question has = which are of course not known in advance to the listener. A
realistic user, who is aware of these complexities and of the fundamental difficulty of
user modeling, will therefore often not have very definite prior expectations about
the system. A consequence of this open-mindedness is that he will initially make
relatively few pragmatic interpretations of the system’s behavior and thus will tend
1o avoid misinterpretations (cf. Situations 8 and 9).

6. How can the user form a more definite and realistic image of the system on
the basis of its behavior?

E'U'-El'l i+- ‘I'.I'I.E EVETEM -I'i-ﬁllﬂ Aant Arasnids svnlicir infaemarian aheoe re iker I"|"||ll.'lli|

LETTTILINE 115 MOUVALON ana [Ne Nature of I1s User model?
One often sees novice users of systems such as text editors engaging in behavior

which 15 aimed primarily at revealing the properties of the system, rather than per
forming some task with the help of the system. This sort of exploratory behavior
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can require considerable insight and skill with user-modeling systems, especially if
the system (unlike the Imp model) tries 1o interpret the user’s behavior in terms of
the user’s plans and goals or (like Imp) sometimes attempts to project an inaccurate
image. Experience in interacting with such systems can increase a user’s skill at this
sort of exploration. For example, with the Imp model it is an instructive exercise
for a user to take the role of the listener and to try to pose a sequence of questions
which will lure the system into a sitvation in which the discn:pa.n'r_v between its
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[AJZE71], [ANDNSI), [CARB*], [CAROS3]. [CECI84], [CHIN®], [CLHHS$1], [EAGLS1],
[FINI*]. [GAZD79), [GOFF39], [GREWS3], [GRIC?S], [HARRS3], [HINT7S), [HOLLSS],
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[HOVYS6], [JAMES2), [JAMES3], [JAMES4], [JAMES?7], [JONE®&5], JOSHE2], [JOSHS4a],
[KOBSESa), [KOBS*], [MACLS2], [MCCL7E], [MCCO*], [MCKES5b], [MORI*], [NIKUS5]
[NIROE0], [NORMSsa], [PARI*), [QUIL*], [REIC?8], [RICH*], [ROWES4], [SAMPS2],
[SCHW79], [SHNES?], [SIKL78], [SNYD79], [SPAR*], [TETLS5], [THMAR3], [VANDS1]
[WALS&6], (WARD?4], (WEYD?9), [WINO77], [WINOS6], [WYER74]
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11 Incorporating User Models into
Expert Systems for Educational Diagnosis

Robin Cohen and Marlene Jones

Abstract

In this chapter we study a particular real-world domain, that of educational diagnosis.
We argue that expert systems for educational diagnosis require user models, and
that these user models should include several components, including the user’s
background knowledge of both the student and the domain as well as the user’s
goals. Our proposal is directed at enhancing the particular expert system of the
CGD project. We then propose an architecture for this expert system that separates
the knowledge base into relevant components and includes a user model. We further
demonstrate that this divided model for the system facilitates providing the best
response for a particular user, according ro his background knowledge of the do-
main and of the student and his goals. Finally we argue that the techniques outlined
here will be useful in general in expert systems, to vary the response to the user at

hand.

1. Introduction

There are many reasons for including a model of the system’s user within an expert
system, The foremost is to allow the system to tailor its explanations to meet the
particular user's requirements. These explanations may concern the gathering and
entering of data, the use of the system itself, or the system’s findings, recommenda-
tions and reasoning process. One may argue that it is possible to alter the system’s
explanations withour going to the effort of including an elaborate user model or any
user model at all. For example, one can simply store predetermined explanations
with varying amounts of detail and allow the user to request further (i.e. more de-
tailed) explanations, if desired. This is unsatisfactory in situations where one would
like to vary several aspects of the explanations simultaneously, which is the case in
educarional diagnesis, the application domain with which we are concerned.

We provide examples 1o defend the need for user models in our expert system,
and then address the issues of what information to incorporate into a user model,
how the model can be derived and updated, and how the model can be used 1o pro-
vide :Kpl:lmtinns. In short, we arguc for the f:as:']:-ilirf and usefulness of mndeling
(not just the student but the expert system user) for educational diagnosis.
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2. Application Domain

This chapter studies a particular real-world domain — educational diagnosis. When a
student 15 experiencing learning difficulties, it is important to ascertain the exact na-
ture of the problems as quickly as possible. This may involve an in-depth educational
diagnosis with the ultimate aim of developing a remedial program which is tailored
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vices or superintendent, researcher, parent, the student him/herself, or an educarion
student or training teacher.

Obviously these users vary in a variety of factors, most notably in their
background regarding the field of special education. However, even personnel
with a strong background in special education will vary immensely in regard to
their familiaricy with testiing procedures, knowledge of individual tests (some of
which require special training in order to administer), knowledge of areas of as-
sessment such as reading, arithmetic, language etc., administrative procedures and
guidelines, laws and mandates, outside resources, funding criteria and availability
ete,

Individuals will also vary in their familiaricy with the individual case, such
as knowledge about the medical history, the home environment or the current
school behavior. For example, the student, parent and teacher are familiar with
the situation on a day-to-day basis whereas the psychologist may have a one-page
referral form and the principal may have a short synopsis of the recent observ-
able problems. Similarly, the “official” opinion on the case may be available to a
select few. Some individuals, such as the psychologist and resource room teacher,
may be familiar with a variety of similar cases which the teacher and principal are

not.
Also the goals of the users may vary. Although hopefully all users” main geal
15 the implementation of the most appropriate remedial program, the subgoals may
vary, For example, the teacher’s most immediate concern may be techniques for
decreasing disruptive classroom behavior. The principal may be concerned as o
whether the student qualifies for special funding. The parent may be searching for

assurance of the student’s normaley.

How does this myriad of variations affect the expert system’s explanations?
First of all, if the user has a particular goal in mind, this should be addressed. Even
for a particular question or subgoal, the explanation iself should vary depending
on the user's familiarity with the case and background in special education. Ideally,
bath the amount and detail of the explanation should be altered. Most parents
will not benefit from a detailed description of the student’s performance on a va-
riety of tests, nor 15 an in-depth description of each remedial activity appropriate.
This information is, however, critical for the resource room teacher who is im-
plementing the program in conjunction with the regular classroom teacher (often
with the assistance of a consultant). The language in which the information 15 ex-
pressed is also critical. Most parents are overwhelmed by the use of rechnical terms.
Straightforward, honest explanations are desired, which must include realistic en-
couragement for both parent and student. It is important to remember that both
parent and student may have been aware of problems for several years without
understanding them. In other words, one may be contending with several years
of frustration, fear and maybe even mistrust. Hence, the tone of the discussion is
important.

We focus in this chapter on the problem of how to set up the expert system
so that different users can ger different explanations. We then provide a framework
for varying the content of the explanation. The ropic of varying the surface form
with appropriate natural language generation is left as future work.
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sample queries to illustrate the usefulness of the approach,

One contribution of the research is thus specifically for educational diagnosis, 2
method for making a system more effective. We suggest extensions to the currentl im-
plementations of the CGD project, as illustration. Moreover, the proposal outhned
here can be viewed as a general strategy for incorporating user models into expert

systems to provide clearer explanations, primarily by avoiding the presentation of
material already known to the user.

3.1. Motivation for System Design

The educational diagnosis expert system of the CGD project is designed to inter-
act with a school psychologist or resource room teacher to discuss the case of
particular student. As the diagnosis proceeds, information regarding the student’s
background, behavior, abilities, skills, ete. is collected from a variety of sources. At
any point in the diagnostic process, the system analyzes the available information
and employs its knowledge of educational diagnosis to draw conclusions which may
include recommendations for further assessment or particular hypotheses regarding
the student’s difficulties. The main types of questions being posed by the user are
thus: (i) what is the diagnosis for this student? (i) why is this the diagnosis? and
(iii) why is this diagnostic procedure (such as a particular test or type of test) being
recommended? The system should be able to respond to similar questions

by a classroom teacher, parent, or school administrator. Furthermore, there may be
2 variety of backgrounds among members of any of these “iypes” of users — 2.8
two psychologists with different favored approaches 1o diagnosis.

In Example I we illustrate the need for different responses to the same question
for different types of users.

Example I:

User: Could the student's mispronunciation “errors” be due o dialect?
Response to Parent: Yes, non-standard pronunciations may be due to dialect rather
than poor decoding skills.

Response to Psychologist: Yes, the student’s background indicates the possibility
of a dialectal difference.

Here, the parent is asking for more information regarding the domain of ed-
ucational diagnosis (lacks the domain knowledge). The psychologist knows about

the tests employed and has the necessary domain expertise, but 15 unaware of the
background of the student.

Page 362 of 1206



LAFIE WEOLAF 3 BLIED LEDL LN eSS

For each user, the stated goal is the same — i.e. to find out why this vest is

being recommended. However, the inferred or intended goal may be different. This
may be due to a system-wide preference, For example:

Psychologist Preference: administer intelligence tests with which s/he is familiar
{e.g. the psychologist may be more familiar with the Stanford Binet or the
WISC-R (Weschler Intelligence Scale for Children — Revised)).

Response: The PPVT is being recommended because it does not require verbal
responses, and the student appears to have language problems including difficul-
ties with expressive language. Hence, the PPVT is more appropriate than more
common tests such as the WISC-R or Stanford Binet.

If the user is a teacher, principal or parent, the system would respond by ex-
plaining why an intelligence test is being suggested, as well as why this particular
test is appropriate. The user may have additional goals which alse must be addressed,
as illustrated below.

Principal Preference: employ tests which can be used in funding formulae

Response: There is no evidence to suggest that the student will require or will
qualify for additional funding.

Parent Preference: minimize testing due to stress involved

Response: The student should not find this test stressful, as no verbal responses are
required; answers are indicated through pointing.

The above discussion may lead the reader to believe thar it is sufficient 1o
stereotype our users and exploit such defaults when answering the user’s questions.
Defaults alone are, however, insufficient. For example, a parent may have substanrial
knowledge of educational diagnosis because of invelvement in organizations such
as ACLD (Association for Children with Learning Disabilities) or CEC (Council
for Exceptional Children) or because of professional training within a related field.
And yet, the defaults of a fully trained psychologist may be too much.

Furthermore, there are several possible reasons why a psychologist may not
fit a given stereotype. For example, s/he may have additional information about
the student which the system is not assuming. The psychologist may have been
involved in some previous diagnostic situation with this student or perhaps knows
the student from other circumstances. A second possibility is that the psychologist
lacks experience within a particular area of exceptionality or assessment, such as
the diagnosis of emotional difficulties. Having determined this, the system knows
that additional explanations must be supplied for all aspects of assessment within
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this area, not just for the user's first query. Similarly, consider the case where the
student 15 \'is.ua_ﬂ.r imp.-u',rgd, ﬁ.]rhuugh the pg}rchulngist may be well aware as 1o
why certain skills are being assessed, s/he may be unaware of the appropriate tests
to do so, given this additional constraint.

A third type of variation from the initial stereotype is based on differing philoso-
phies. For example, the user may adhere to the belief that visual-motor training 1s
effective in the remediation of reading difficulties; although previously a popular
educational practice, current evidence indicates otherwise. Or the philosophical dif-
ference may stem from a disagreement regarding the usefulness of certain types of
information during the diagnostic process or the conclusions that can be drawn from
the student’s performance on a particular test. The following example illustrates this
point.

Example II1:

System: Administer an individual intelligence test such as the WISC-R or Stan-
ford Binet. User instead administers the ITPA (lllinois Test of Psycholinguistic
Abilities) and the student's performance is recorded.

User: What are the conclusions based on the results of the ITPA?

System: The student’s intellecrual ability appears to be within the normal range;
no further assessment of intellectual ability is required.

User: Whar other conclusions were drawn? For example, the student's poor scores
on the Auditory Association and the Auditory Closure subtests indicate that the
student’s auditory channel is weak.

System: Although the test results raise some suspicions regarding the student’s
processing of auditory information, such conclusions cannot be drawn from the
ITPA alone because the validity of the ITPA’s subtests is questionable.

This type of question from the user (drawn from a real example case) would
alert the system that the user does not adhere 1o certain current philosophies. The
system does not consider the individual subtests of the ITPA to be valid. Moreover,
the user does adhere 1o the ITPA model and related philosophies. Because the psy-
chologist has drawn certain conclusions which the system has not, this will affect

what s/he concludes in regard to reading assessment or even which tests s/he thinks
are appropriate,

3.2. Details of the System Design

In essence, we are requiring our expert system to accomplish two modeling tashs
simultaneously. The system must model the student in order to produce an appro-
priate diagnosis. In order to provide appropriate responses to the user, it must also

model the user. The system must, therefore, contain the following three knowledge
bases:

(1)domain knowledge which includes knowledge regarding diagnostic procedures,

practices and educarional theories, information regarding standardized tests and
remedial acrivities etc,,
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(2)a model of the student,
(3)a model of the user.

We show how it is possible to present a finer gradation, useful in generating

responses. For each of these knowledge bases, different types of knowledge can be
identified to partition the knowledge base further. For example, domain knowledge

can be partitioned into rules of educational diagnosis versus specific data about given
tests. Even within the category of domain rules, there exist different types of rules.

A more detailed description of the required knowledge bases is provided below.

Domain knnw]cdge

Rules
® diagnostic procedures, including principles and terminology
e.g. if possible, employ individually administered tests because individ-
ually administered tests tend ro have higher reliability than group
tests
® tesy interpretation rules

@ general

e.g [IF the student’s score is on standard deviation below the mean

on an individually administered achievment test, THEN further
assessment 1s required

= specific
e.g. [F the student’s reading quotient is less than 80 on the Schonell

Reading Test, THEN further assessment is required

Databases
® test database
e.g. informartion regarding purpose, subtests, types of scores, reliability,
etc. (The system employs this information in conjunction with the

above rules, particularly the general test interpretation rules, to draw

appropriate conclusions.)
* remedial activities and methodologies

Student knowledge

* background

* background facts acquired through testing (e.g. age)

* other background: family facts, ew. (e.g. medical history)
® test resules

* hypotheses
theories of the system as to diagnosis of the student

User model
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= goals
* for the session
* domain goal (find “best” diagnosis for student)
* preferences
e.g- administer tests that can be used o get funding
* for the particular question
= stated goal
* intended goal

As mentioned earlier, during the course of the diagnosis the expert system is
developing hypotheses (i. e. a diagnosis) based on the information at hand, as well as
suggesting further testing in order to gather information to improve the accuracy of
the diagnosis. The techniques employed in answering the user's questions regarding
either the diagnosis or the recommended diagnostic procedure are essentially the
same. Therefore, for the next section of this chapter, we concentrate on one Lype
of question: “What is the diagnosis?™ and illustrate our methodology for providing
an appropriate answer to this query. Figure 1 highlights the system’s knowledge
bases and introduces a corresponding notation.

In the next section we show a control structure of the system to generate a
response for a user, maobilizing appropriate knowledge bases. The main features of
this strategy are: (1) default assumptions about an entire class of users [_psyd‘lﬂlﬂﬂlﬂir
teachers, parents, etc.) are used as a starting point for the model of the user's knowk:
edge (ii) the system is aware that its model of the user (as well as its knﬂ‘i‘-"lﬂ"flﬂe
of domain and student) is updatable - i.e. that new information revealed dunng
a session with a user may cause the models to be revised. The defaults provide a
starting point for the modeling, and the dynamic maintenance of the knowledge
bases allows for additional exceptions 1o the assumed model of the user.

4. The User Model Structure

In this section we advance a proposal for the acquisition and updating of a model
of the user to produce quality explanations. What we wanr, ideally, is a system
that can respond to all the examples offered in the first part of 3.1, We indicate
here a proposal 1o isolate the parts of the system required for responses. But we do
not deal with lower level generation issues, such as choosing the most appropriate
terminology for a user. We will at times indicate whar should ideally result; in

these cases we also make clear to whart extent the current framework also provides
a solution to these harder questions.

4.1. Characterizing the User

T i ] i s
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— test results {r)

= hypotheses (h)
Believes that the User (B)UL.)
Knows About Domain (KAD)
— diagnostic procedures (d)
- gest rules (t)
Knows Abour Student (KAS)
— background (b)

— acquired through testing ()
— other background facts (o)

— test results (r)
= hypotheses (h)

Wants (W)
— domain goal
— domain preference
= query goal (stated)
— query goal (intended)

Figure 1. Labeling of system knowledge bases

The general principle used to produce a desirable response in an efficient amount
of time is basically: “Dion’t explain what's already known, and keep track of what's
already known, to avoid providing extraneous detail”. This extension of Grice’s
maxim of quality [GRIC75] allows for some division of knowledge and tracking of

shared knowledge bases.
At the start of the session, the system would evaluate the knowledge of the

user, in terms of its knowledge bases, as follows:
1. SyB (UKASr) = SyKASr
[read as: “system believes user knows abour student ...")

The system believes that what the user knows about the test results of the
student is equivalent to what it knows, This assumption is reasonable as the rest

results have been inpur by the user.
2. 5yB (UKASbt) = SyKASbt

The system believes that the background knowledge it has acquired abour the
student, specifically through testing, is equivalent to what the user knows. This
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with information from the test database regarding the test at hand. We put these
two cases together under the label “Test Rules”. Note that extensive use of the rest
database in fact occurs in conjunction with responses that suggest administering
new tests, For future work, we can examine more closely possible sources of differ-
ence berween the system and psychologist users regarding testing procedures. One
strategy worth studying is segmenting the test rules portion of the knowledge base

as well in order to more appropriately respond to the user.
Then, a system should respond to a question posed by a user by activating those

parts of its reasoning towards a hypothesis that the user may not already share. We
illustrate this focusing mechanism below.

Dialogz I:

Mote that atter this exchange, >yH |UBAADND] 15 updated [0 INCIUGE LNE My pruLe-
esis just presented. Once more, the separation into knowledge bases allows for a

current view of the user’s knowledge.

Dialog I1:
Question: What is the diagnosis for this student?

Response: Hypothests, because background fact X is true for this student.
e.g. The system suspects that the student can be classified as “learning disabled”;

there is a family history of reading problems.
Reasoning: as above, but in this case SyKASb+ SyB (UKASD) because there is some
background on the student not directly acquired chrough testing
Guideline: The system is compelled to add in the response relevant information

that the user may not yet know.

This example indicates that for our domain the knowledge base referred o as
background on the student may be further subdivided into background acquired
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through testing and background acquired from other sources. Again, the principle
is to divide 1o facilitate labeling of shared knowledge with the user.

The above dialog can also be employed to demonstrate how the system would
handle Example 1, as illustrated in Dialog IIb below. Recall that the user is asking

abour a possible hypothesis:
Dialog 11b:
User: Could the student’s mispronunciation “errors” be due to dialect?

Response to Psychologist: Yes, the studemt’s background indicates the possibility
of a dialectal difference.

Reasoning: (as in Dialog II above). In addition to responding with Hypothests,
provide the relevant background fact not acquired through testing.
A similar approach is employed when answering the parent's query:

Response to Parent: Yes, non-standard pronunciations “errors™ as measured by the

Neale Analysis of Reading Test may be due to dialect rather than poor decoding
skills.

Reasoning: In addition to responding with H}rpﬂuf:rmn provide the relevant Domain
Rules (in this case a Test Rule)

A more detailed description of the system's evaluation of users in the parent

class is now in order. Basically, the parent is assumed to know about hackgrmlfﬂi
informartion on the student. S5o:

SyB (UKASE) = SyKASb (this covers both bt and bo)

Otherwise, the parent is assumed 1o be unaware of how 1o interpree tests and

unaware of the test results, yielding the conclusion that for this user, KAD is all
unknown, and KASr is also unknown.

In order to actually generate different responses for different users, it is useful 1o

outline particular schema, which can be instantiated by the specifics of the response
1o the query, as follows:

for the psychologist:

(affirm (response)

state (BACKGROUND FACT not acquired through testing))
for the parent:

(afhrm {response

state (TEST RULE)

state (DIAGNOSTIC PROCEDURE)

state (TEST RESULT))

Consider Dialog IIb. For the psychologist the only part of the informaton ex-
tracted to produce the response that is unknown is dialect, an example of background
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the knowledge base to produce the actual response. In [MCCOB6], the concept of
schema is carried further, to also expand the predicates of the schema according
to the user at hand. Instead of focusing on certain objects in a knowledge base,
we focus on the content required to produce a response to a query. But then the
user at hand also determines the appropriate schema (or parts of a general schema)
and the actual selection of predicares. Just as perspective in [MCCO86] allows for
a user model which varies according to context, so our consideration of the user is
tempered by the query at hand and the highlighting of the knowledge base for thar
user.
This approach can be contrasted with other efforts 1o model users for response
generation. We feel it i1s more effective than the double stereotyping scheme of
[CHINEE] because we can classify our users at several levels (vs. just expert or
novice), and we are not tied to labeling all the content of the knowledge base
according to its "difficulty”. Rather, whole portions of the knowledge base are la-
beled according to whether they are known by the user, according to his class. For
expert systems environments such as CGD this classification is quite natural. For
Dialog TIb, it is unclear how a labeling of “level” of knowledge base information
could afford the variation in response required. It is not that information about the
student's background is “less difficult ro understand” for some users; rather, it is a
kind of knowledge more likely to be known to a particular class of user.

Qur work is also in contrast to the work done in refining explanations from
expert systems (e. g. [BUCHS4, SWARS3]). These rescarchers focus on varying the
chain of reasoning displayed to a user. We are concerned with varying part of an

alreadv selected response to oroduce the ultimate response to the user.

Page 371 of 1206



326 Robin Cohen and Marlene Jones

Response: Hyporhesis
Question: Bur why is bypothesis appropriate for this student?
Analysis: There is now a conflict between what the system has recorded as known

by the user and what the user should thus be able to conclude, and the lack of
belief in the conclusion, as implied by the question asked.

One description of the problem is:
UK {A) and UK (A - B) and yer ~ UK (B)

This description is in fact the model for Dialog I above — the Hypothesis is
explained simply because the user may not explicitly believe the desired conclusion.
(See [LEVES4] for further discussion of the notions of implicit and exphent belief).
In Dialog LIl the problem is that, additionally, part of whar the user is recorded
as believing 1o use in drawing the conclusion, has been incorrectly assessed as a
current belief of the uvser, We will not include here a discussion of the ]:H:'Hib'lf
reasons for the incorrect assessment, and which reason i1s most Prub:;ble, {Fur exam-
ple: Is it most likely that psychologists disagree about diagnostic procedure vs. test
interpretation?). Instead, we emphasize the need to track the user to draw a more
accurate picture of possible differences with the system’s “default model™ of shared
knowledge.

One possibility is to draw from previous dialog other misunderstandings that
have been recorded in order to come up with a generalization abour differences with
this Fartlll:'ulﬂl' user, One L'.?L.a.n'l.]:lfl: D-'E I:his situation 1s a PE}'EthDEi.ET who SL[“ h"l'-""
lieves that certain tests now considered ourdated are effective measures of student’s
problems. Once an indication of the user's preference for a certain test is noted, this
information can be noted as differing form the system’s knowledge about diagnostic
procedure — i.e. SyKAD<+ SyB (UKAD). (See Example I1).

Another effective strategy 1s 1o track the user's goals and preferences, and to
postulate a plan for the user. This plan may then be compared to an ideal system
plan, to note discrepancies and misconceptions. An outline of this work i1s provided
in [VANBE6a]. The general idea of performing some pragmatic processing on the
input is not new; see [COHERS] for a review of some of the key efforts in natural
language pragmarics. But the particular emphasis of van Beek's work [VANBS6b] is
to define a mechanism for recording user specific information, regardless of domain,
and to suggest some methods for judging the best alternative available to a user,
given his goals. The model is thus able to indicate a plan which also satisfies a user's
preferences (see Example II). Thus, in conjunction with ongoing natural language
research on plan-based approaches to inferring users' goals, it is possible to correct
possible defaults that need to be retracted.

MNote that the plan of the user is currently not included in the model of the
user; what the system will be given, it is assumed, is some indication of the user's
goals. The plan constructed by the system to help determine a response for the
user, is not necessarily a plan that the user constructed, but a reasoning device for
determining better alternatives for a particular identified goal (see [VANBE6b]). It
is possible to explore for future work the inclusion of procedures for additionally

tracking the plan of the user, during discourse, to influence the response. But we
have not advanced this in cur proposal to date.
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qualify for "high-cost™ funding; therefore, the WISC-R is being recommended
because it is appropriate for use within the provincial funding formulae,

User: 1 would prefer vo administer the McCarthy scales. Is this test dppropriate?

System: WMo, only the WISC-R and the Stanford Binet are appropriate for use
within the provineial funding formulae.

System Reasoning: The system now realizes thar, contrary to uts initial stereotype,
the user is unfamiliar with the specifics of the provincial funding formulac and
hence, marks within its knowledge base that this type of information is unknown
to this user. This updated model can then be successfully employed later in the
diagnosis. For example, the system now wants the user to administer an individ-
ual achievement test. Again the system would like the user to administer a test
that can be employed within the funding formulac. Because the system knows
that the user is unfamiliar with the these formulae, additional information will
be supplied by the system.

System: Administer an individual achievement test. Either the WRAT or PIAT

should be used because these can be employed within the provincial funding
formulae,

For our second example, recall Example 11 from Section 3.1 in which the system
and user have drawn different conclusions based upon the results of the ITPA.

Dialog V:
System: Administer an individual inmﬂi.gence rest such as the WISC-R or Stanford
Biner.

User instead administers the ITPA (lllinois Test of Psycholinguistic Abilities) and
the student’s performance is recarded.

User: What are the conclusions based on the results of the ITPAZ (i.e. Whart is the
diagnosis?)

System: The student’s intellectual ability appears to be within the normal range;
no further assessment of intellectual ability is required.

User: Whart other conclusions were drawn? For example, the student’s poor scores

on the Auditory Association and the Auditory Closure subtests indicate that the
student’s auditory channel is weak.

System: Although the test results raise some suspicions regarding the student’s
processing of auditory informarion, such conclusions cannot be drawn from the
ITPA alone because the validity of the ITPA's subtests is questionable.

System Reasoning: After this interaction, the system can conclude that the user
does not adhere to certain current philosophies. In particular, the user does be-
lieve in the ITPA Model and consequently has drawn conclusions which differ
from those of the system. The system’s model of the user is updated to indicate
both the difference in philosophy (adherence to the ITPA model) and candidate
hypotheses (the student’s auditory processing skills are weak). Then later in the
diagnosis this informarion can be exploited when addressing the user’s questions.
For example, in the response below, the system supplies additional information
regarding the student’s auditory processing skills,
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— average ability 1o express himself verbally

— no difficulty with material presented via the auditory channel.
The student's performance on this test indicates thar there 1s no reason to ad-
vocate further testing of the auditory channel. The student is not experiencing

any difficulty with processing auditory information.

Recall the three examples of Section 3.1 which motivated the research discussed
herein. The framework we have proposed is in fact appropriate for handling chese

examples. Dialog V demonstrates thar our algorithm can be used to handle Exam-
ple 111, and Dialog b illustrates Example 1. Recall thar Example II concerns user

preferences. We have addressed the handling of user preferences (as illustrated in
Dialog 1V}, although we have left for future research the full integration of user

preferences within our algorithm.

5. Related Work

There has been a wide range of previous work on the general ropic of user models,
but none of this work focuses on the particular needs of an expert system for educa-
tional diagnosis. One domain for which user models have been studied is intelligent
tutoring systems (e. g [SLEE82c]). The suggestion is to construct a2 model of the
student interacting with the system, to better determine the learning problems of
the student.

As well, there has been a study of producing effective responses from ex-
pert systems, but little accomplished ro deal with a range of possible users. Mycin
[SHOR768] at first had a very limited explanation capability. [WALLS2] tried to
accommodate different users by having the user supply his level of expertise. A lim-
ited amount of control on the level of detail in the prepared response then resulted.
[SWARS3] examined how a more elaborate storage of knowledge (descriptive facts
and principles) could produce better responses from medical expert systems.

There has also been work on constructing stereotypes for classes of users, to be
employed in fine tuning the actual model for a user (e. g. [RICH7%a]). In [RICH*],
stercotypes are described as general predictions, not necessarily accurate, drawn for
the user until specific knowledge is available. This is essentially our interpretation
of the use of stereotypes as well.

Finally, there are the kind of user models constructed for natural language un-
derstanding systems which perform pragmaric processing, The work of [PERR7S)
considers the plan underlying the production of a discourse and the concepr of mu-
tual belief to help a listener to comprehend the likely aims of a speaker. [JOSHS4a)
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in arithmetic [TUBME6]. The basis for reasoning in this system 15 THEORIST, an

approach of furmul:ting theories about the pﬂﬁiiblﬂ diagnosis, using rules of defaukt
reasoning. So, for example:

default (problem (addition-of-wholes), Student, EWRPT-A test)
if:
is-in-grade (Student,Grade)
el Crade 2% 1l Crade 7
BEO N ITAO0, L 5 1S aaTaE, s §

has-taken-test (Student, EWRPT-A test)
error-in-ewrpt-a-questions-1-or-2

This integrates well with providing a response to a user as follows:

User: Why is the hypothesis trouble with addition of wholes?
Response: (to teacher) Because he had an error in questions 1 or 2 of the EWRPT-A

test.

In addition, work for employing goal information in the formulation of re-
sponses has been implemented [VAMNBBE6b], and a group is currently studying the

integration of goals with the user's knowledge of the domain and student, for the
selection of the response.

8. Conclusions

Expert systems for educational diagnosis require user models, 1o provide variabil-
ity in the form and content of explanations generated for the users. This chapter

describes a framework for incorporating user models into expert systems, which is
specifically designed 1o

(1)identify and separate the knowledge bases which must be consulted in the prepa-
ration of an explanation

(2) allow for default assumptions of user's background knowledge in the absence of
further information on the user, and
{3)continuously maintain and refine the user models, both as dialog from the user

reveals knowledge and as previous output from the system adds 1o the shared
knowledge between system and user.

In short, there is a prescription for the design of expert systems to incorporate
models in order 1o serve a broad base of users. (There is as well a discussion of
designing schemas for user classes, to guide the generation of responses). Mareover,
there is a detailed argument for why this framework is particularly effective in the
area of diagnosing learning disabilities. In sum, we have the means for implemen:-
ing a more powerful version of our current system and a general framework of

use to designers of other systems, to focus on beliefs of users in producing quality
responses.

Adernowledgements. This work was sepported in part by the Matural Sciences and En-
gineering Research Council of Canada {HSERC.}.
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Introduction

The aim of Part IV is to point out a number of shortcomings that 1ppl}" tﬂ_ih*-'
user modeling components developed to date, and to outline the research directions
which should be given greatest priority in order to obtain a better understanding

of the function of a user model in human-computer interaction, and eventually
build better models.

In this vein, Karen Sparck Jones identifies three major a5pECTs which bear on wser
modeling: The characteristics of the person(s) involved in the interaction with the
dialog system, the function of the model(s) of this/these person(s) in the system’s
dialog planning, and the means by which the information for the models can be
obrained. The first two aspects can themselves be classified along several dimensions.
With respect to the persons involved, Sparck Jones distinguishes between a person
who interacts directly with the system (the so-called agene®), and a pattent who is
the subject of the system’s decision-making process.! In many cases, both roles will
coincide with the same person. However, if a separate agent™ exists who mediates
information about the patient (e. g. a social insurance clerk consulting an expert sys
tem on behalf of an applicant), a model of both persons must be constructed, Sparck
Jones argues, since assumptions about the agent*’s (Sparck Jones) properties (e-&.
his/her level of experience, his/her prejudices, etc.) may also influence the system'’s
dialog behavior (see Cohen B Jones' [COHE*] educational advisory system).
Orther distinctions drawn by Sparck Jones with respect 1o Fmp::tie's of bath
agenis* and patients are those between objective vs. subjective (mental) properties,
dynamic vs. static properties (which do and do not change over time, respectively)
and between decision vs. non-decision properties (which do and do not directly
influence the system's primary task decisions, respectively). Sparck Jones claims
that systems should, both for the agent* and the patient, in fact possess different
models — one for each relevant type of property, i.e. up to B altogether — since
they differ in the degree of scrutiny necessary for accepring them, in the treatment
of inconsistencies, etc.

The second important aspect that bears on user modeling is the function of
agent® and patient models in the dialog planning of the system. Agent models (nec-
essarily non-decision ones) are relevant to the acquisition of information about the

' Jones" notion of "agent’ is more specific than that used by the other contributors (see

c.g [KASS*, MORI*, WAHL*]), hence the discriminating **'. Morik's [MORI*] notion
of ‘protagonist’ is closely related to Sparck Jones' agent®,
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ot the plausibility ot assumed decision properties, or help to judge the credibility
and expertise of the patient and thus the correctness of the information supplied
by him/her, etc. The question arises now as to the extent to which non-decision
properties (not only of the patient, but also of the agent*) should be sought and
modeled by the system. Sparck Jones argues that these properties are oo loosely
connected and the implications yielded mostly too weak to justify taking grear pains
to determine and model them. Beyond decision property modeling for effectiveness,
user modeling should therefore be very conservative, i.e. should not be driven oo
deep for content or stretched oo far in use.

Katharina Morik's central thesis is that a2 number of research issues have nor yet
been sufficiently explored in the field of user modeling, particularly concerning the
acquisition and revision of user models and — most of all — the conversational
settings in which dislog systems equipped with a user model have been employed.

After some preparatory clarifications of what constitutes user models, agent
models and dialog memories, the author identifies three factors thar characterize
conversational settings: the kinds of things that can be affected by system actions,
the types of actions that can be employed for this purpose, and whether or not
the user him-/herself plays a role in the domain of discourse. System actions may
affect the user’s domain model, the system’s domain model, or the system’s user
model. Action types which can achieve these effects include communicative ac-
tions, observation of the domain of discourse, and “physical” (i.e. non-mental,
non-communicative) actions in the domain. Action types may have more than one
effect, and intended effects can often be achieved by more than one action.

Morik illustrates these factors by analyzing their influence in three types of
conversational settings (namely information-seeking dialogs, reporting, and action-
achieving dialogs), and by describing how the HAM-ANS system behaved in these
settings. She claims thar research on user modeling has so far concentrated mostly
on information-seeking, and neglected action-achieving, dialogs (which, in addition
to communication actions, also include “physical” actions). In this latter setting, a
much wider variety of speech acts would occur both on the part of the user and
of the system, and a much greater range of possible reactions to the user’s input
would be at the disposal of the system. Secondly, moreover, Morik claims thar cur-
rent systems rely too much on user model acquisition which is separate from, and
prior to, the “normal” dialog in which, for example, the achievement of the user's
goals is attempted. Instead, these processes should be much more intertwined. And
thirdly, the revision processes for the user models investigated and implemented to
date are claimed to be by far too simplistic, since they consist mainly of additions,
bur exclude replacements, modifications, dependency-directed backtracking, and the
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assumptions into account in its responses to the user. A reasoning method based on

the text-linguistic concept of isotopy (semantic cohesion) is presented as one step in
this inference process.

Though user modeling and student modeling are related in many respects, they have
generally been pursued separately for the past decade. The aim of Robert Kass' con-
tribution 15 1o explore the role of student modeling in intelligent rutoring systems
as seen from the point of view of user modeling, and 1o find out what lessons can
be learned for the field of user modeling. This is all the more justified since the area
of student modeling has a somewhat longer tradition than user modeling.

Kass hirst differentiates intelligent tutoring systems (ITSs) trom other types of
computer-aided instruction systems and outlines their basic architecture. He then
presents the three forms of relationships between the student model and the system’s
model about the domain of discourse (or “expert model”) that have been investi-
gated to date, and discusses their implications for the representation and acquisition
of student models. Seven intelligent tutoring systems are surveyed in detail, and
their contributions and limitations are discussed.

Against this background, the author discusses a number of research issues in

student modeling thar might also be relevant for user modeling, particularly for
handling user misconceptions. His proposals include:

— The ITS methods for explaining why students performed a task in a particular
manner (which usually require a deep, “psychological” student model) may be
exploited for detecting and recognizing user misconceptions, e.g. in advisory
systems (see [MCCO*, QUIL*)).

— The three above-mentioned forms of relationships between student and expert
models are not limited to ITS's only, but are also appropriate for user mod-
eling in applications where a body of domain knowledge is the main focus of
INtEracrion.

— Although systems containing a user modeling component generally cover a much
wider range of interaction with the user than do intelligent tutoring systems (see
[MORI*]), the admissible range is sometimes strongly restricted (e. g. when user
misconceptions have been recognized). Methods for driving the interaction by
means of questions or problems to which the student must respond have been
developed in ITS research, the application of which may be considered in such
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Tim Finin is concerned with the development ot a general tool system lor user
modeling. As this volume demonstrates, the development of a full-scale user med-
eling component is rather expensive when one has 1o build it righet from scracch.
Two research strategies have therefore been pursued to alleviate this problem:

1. to restrict user models in their scopes and aims (for instance, only some of the
beliefs and goals listed in [KOBS*] are modeled, or the user model is exploited
for specific purposes only);

2. 1o develop application-independent ool systems (so-called user modeling shells)
which are intended to form the backbone of user modeling components in appli-
cation systems. These shell systems would, for example, comprise a representation
system for storing assumptions about the user, an inference system for deduc-
ing the consequences of current assumptions, a reason maintenance system for

detecting inconsistencies, etc.

Tim Finin's chapter is concerned with the second approach (which is rather
novel — the only other system with similar aims seems to be BGP-MS, briefly out-
lined in KOBS88b). After a short survey of the possible kinds, contents, acquisition
and maintenance methods and application domains of user models, Finin classifies
his General User Modeling System (GLUMS) along these dimensions: GUMS allows
for the representation of any kind of assumption about the knowledge (beliefs) of
stereotypical and individual users, as long as they can be expressed in the PROLOG-
like language on which the system is based (certain predicates have a system-defined
interpretation). The acquisition of assumptions about the user from the ongoing
dialog is left to the application system. The emphasis of the GUMS system lies on
elaborate methods of default reasoning over the assumptions which are directly or
indirectly supplied by the application system. No restriction whatsoever is made
with respect to the uses to which the assumptions contained in the user model can
be pur; this is also lefr to the application system.

GUMS supports three kinds of default reasoning, which are described in de-
tail in Finin's chapter: stereotype handling, explicit default rules, and negation as
failure. These types of reasoning differ with respect to increasing granularity and
decreasing strength of conclusion: stereotypes are used to capture generalizations of
large classes of users. Wichin a stereotype, explicit default rules are used to express
the stereotypic norms which are allowed to vary across individuals. Negation as
failure is used as a general technique for gathering weak evidence for beliefs about
a user when no stronger evidence exists.

Finin's approach seems to be a promising start in a direction which has been
strongly pursued in other fields of artificial intelligence research in the last few years,
namely the development of flexible and portable tool systems which the designer of
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application systems can fill with application-dependent knowledge. Expert system
shells, grammar workbenches, constraint propagation systems and other tools have
proven to be very valuable for the development of better application systems. The
same will probably also be true for general user modeling shells.
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1. Introduction

The object of this chapter is to explore the issues raised by user modeling from an
analytic point of view. It is generally assumed that systems cooperating with human
beings, and especially systems with natural language interfaces, need, and can ger,
user models. There is also 2 widespread assumption that the more user model the
better and, correspondingly that, while we may not yet see quite how to do i, there
18 no problem in principle abour being able to construct ever richer models.

The user models of current working systems, with some specialised exceptions
like teaching systems, are very simple. This chapter does not describe any imple-
mentation. It considers examples that are much more complex than those that could
be supported by the present state of the art, in order to lay out the elements and
implications of modeling and so provide a framework for future work on actual
implementations. This framework distinguishes and characterizes the major factors
in modeling, namely the nature of the information in a model, the function of a
model, and the means by which the information for a model can be obtained. In
any specific modeling enterprise it is necessary to be clear abour the relevant values

of these application parameters.
The direct conclusion to be drawn from the d’ﬂpﬂ!cr's analysis 15 a pﬁsimis!it

one: even assuming very powerful system resources, far beyond the scope of to-
day’s systems, there are generally early limits to the modeling that can be achieved.
Thus though the examples illustraring the argument imply modeling aims far more
ambitious than those on which current system building is based, the conclusion is

relevant to the long term research goals of the field.
But there is also a more Fuﬂtiv: and constructive message in the chaprer. This

is thar the useful, if limited, modeling it is reasonable to seek would be promoted
by adopting the framework the chapter presents. The distinctions it draws between
the main components of modeling are important and should be applied.

This chapter attempts a comprehensive treatment of modeling considering first,
what is being modeled, second, what it is being modeled for, and third, from what
the modeling information may be obtained. The implications to be drawn from
this discussion, and the relations berween the account of user modeling given here
and those presented elsewhere, are examined in the fourth, final, section on rational
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principles for user modeling. The points made are illustrated through extensive
examples. These examples, which are designed to show what is involved in med-
tling when it is taken s:riaus!y, are ntmmrii}r drawn from h}'F‘}Thﬂiﬂl SYSLEMS.
The chapter further takes specific modeling mechanisms for granted and 1s not con-
cerned with what the technical procedures involved might be. The focus is on such
questions as the aims and value of modeling, taking it for gramted that it can, i" a
strictly technical sense, be done: thus I am assuming, for example, that some piece
of information can be extracted from some linguistic expression, that a suitable data
structure representing this and the other information constituting a model can be
created and manipulated, and that the results of this processing can in turn drive
further system operations.

For the purposes of the chaprer | am also making some further assumptions.
First, somewhat obviously, that 1 am modeling a human user, Second, I assume that
the object is to model users as individuals, not simply to assign them to previous,
explicitly defined classes. I am further assuming medeling in the context of complex
computational systems of the kind represented by substantial experr systems. That
is to say, it is taken for granted that the system may, for its primary purpose, exploit
large bodies of knowledge and engage in extensive reasoning, with no direct connec-
tion with user modeling. | am also assuming, naturally, thar there is some means of
interaction berween user and system: the implications of natural language interac-
tion will be examined in Section 4 of the chapter. In addition, I assume throughout
that we are concerned with the modeling that is done in a single interactive session,
I#HE longerterm modeling as dependent on, and not essentially different from,
this.

Finally I am assuming, without atempting to define rigorously, some notion of
what a model is, as constituting something more than a simple aggregate of pieces
of data. Individual items of information, or a collection of these, do not constitute
a model. The presumption in talking of user models is that items of information
about a user may be related to one another, or to ather (typically general) knowledge

stored in the system, in a manner which supports predictions that can stimulate
A i " = IR ] o . . L
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constructed to carry out. I assume the system was designed 1o reach decisions in a
specific domain, in the sense in which classical expert systems have been designed to
reach decisions about the diseases people have, the financial investments that mighe
be appropriate for individuals in given circumstances, and so forth. The domain
knowledge 15 instantiated in relation to the user, to reach a domain conclusion
about him, (This therefore views personal iinancial decisions as ones about a human
money owner and not as ones relative to abstract hnancial sitwations.) This is nor
of course to imply that a system reaches a decision only at the end of a session: it
may take decisions continuously throughout a session, as in a teaching system.

As will be evident, a system can make decisions, in the general sense, about
other mauers. But | am specifically restricting “decision-making™ here to activiries
aimed at satisfying the system’s primary task goal. In the medical case “patient™ has
an obvious interpretation, but | am using it as a role label in a more general sense.

The agent, by contrast, is the person who conducts the interaction with the
systemn. The apent, as such, is thus not the subject of the system's decision-making
processes.

The implications of this distinction between patient and agent will become
apparent as the other components of modeling are considered. Here it is necessary
to point out that different person and role situations can arise as shown in Figure 1.
Thus for a given system we may have a single human whose only role is as patient,
as with a surveillance system where the interaction between the system and the
external world, and hence with the patient, is through auromated monitoring. Or
we may have a situation where the single human being is only the agent, as in indus-
trial design, where the system's decisions are about inamimate machine structures.
We may have two human beings, one as patient and one as agent, so the latter is
acting as the medium for information about the patient, as in the medical case with
a nurse as system driver. Finally, we may have a system with a single human who
is both patient and agent, as in 2 home computer diet advice system.

It is clear that both patients and agents, as humans, can have beliefs, goals,
plans, etc. All users, whether patients or agents, are thus agents in the general sense
of purposive beings. However I shall specifically reserve “agent” in this chapter for
the role definition I have just given, taking it for granted that any user can have
beliefs, goals etc; (so if it is necessary to refer to the general meaning of “agent”, this
will be clearly marked). My use of “agent” is therefore more particular than that
generally adopted in discussions of user modeling. My distinction berween agent and

patient is indeed intended to allow an analysis of aspects of modeling not covered
by the nermal unitary view of the user (though Morik [MORI*] makes a similar
distinction between ‘user’ and 'protagonist’).

I shall use “user” where the distinction between patient and agent is immarerial
because the points made apply to either role. This makes “user model™ comparable
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e.g. diet advice system with customer agent and patient

Figure 1. User role possibilities

to “agent model” as the latter is generally understood, but here 1 am using "agent

model” more restrictively to refer specifically to a model of a human in the agent
as opposed to patient role,

2.2, User Properties

It is turther necessary to distinguish types of user property. Some of the distine-
tions to be made here are not theorerically watertight, but they are operationally
important because they are reflected in material differences in the reliability and
accessibility of modeling information.

The first distinction, see Figure 2a, is between objective and subjective (or men-
1al) properties, for example berween clinical thermomerter readings and sensations
of worry. (Note that subjective properties are defined as subjective in the possessor,
not the observer.) This is an intuitive, but real enough, distinction. In general we
behave, and therefore a system could similarly be expected to behave, as if it is easier
to establish, for example, that 2 user is femnale than thar they believe democracy 1s
under threat. (There is no space here for the more detailed discussion this distinction
requires: for example what 15 the status of reported properties, as in “T felt terrible
pain”? A good case can nevertheless be made for the basic distinction as one with
consequences that have to be taken into account in modeling. For some further
points see [SPARE4])

A second distinction, cutting across the first, and applying most obviously but
not exclusively to subjective properties, is that between static and dynamic prop-
erties, for example between political beliefs thar hold throughout the session and
preferences for dresses that change in interaction with a mail order system. This is
not to imply that political beliefs cannot change. It is rather that, in relation 10 a
system’s purposes and activities, there are properties which the system can treat as
static because they are, if not necessarily static, at least relatively permanent and are
unlikely to be changed by the system’s activities, which are not directed towards
decisions concerning them.

The distinction between static and dynamic does not refer to the effect of time
on the system’s knowledge of a user propenty, where a system may suppose X until
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OBJECTIVE / SUBJECTIVE

e. g temperature reading / feeling worried
STATIC / DYNAMIC (for session)

e. g political belief / dress purchase preference

DECISION /7 NON-DECISION
€. g temperature reading / age ; dress purchase preference / political belief

(a) Property type distinctions

OBJECTIVE P/ A salary
SUBJECTIVE P/ A anxious

STATIC P/A sex
DYMAMIC P/ A belief about relative costs of brick 2nd concrete
DECISION r foreign language words known

NON-DECISION P/ A age

{b) Property role possibilities, P = patient, A = agent, assumed different people

Figure 2. Property types

the passage of time brings evidence that not-X, but the user is throughour in state
not-X. It refers to changes in the user over time, 1.¢. from state X ro state not-X.
In practice it may be difficult for a system to know whether its knowledge or the
user's state is changed, and in some cases the consequences may be the same. But
I have introduced the distinction to allow for the sitvation where changes in the
user are important because modeling is intended not merely o recognise them bur

(possibly) to effect them. Clearly, though, there need be no close correspondence

bt silhi e dlicmea dm m sknse ne . hemsirad e slia cssiram el ek b ole Ee

symptoms, or prelerences tor sorts of clothes. They can clearly be a muixure of
objective and subjective, or of static and dynamic, as illustrated in Figure 2a, which
shows a static objective property, temperature reading, and a dynamic subjective
property, sartorial preference, as possible decision properties. Whether a property
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is a decision one or not is wholly contingent, as it depends on the specific system
application, Any particular user property, e.g. political belief, may be a decision
property in one system (e.g. a voting advisor) and a non-decision one for another
(e.g. an anthmetic tutor).

If the system uses both non-decision properties and decision ones, the distinction
between them may appear unnecessary. But it may nevertheless be important oper-
ationally. Property information about users can be exploited for different purposes,

1 he previous section charactérized the nature of the inputs about users with Wnion
a system could be concerned. The next question is why it should be so concerned.
Specifically, if the function of a system is to take decisions, why should the agent
role be considered? Why, indeed, should non-decision properties even of the patient
be considered?

Both roles, and both decision and non-decision properties, are relevant because
there are quite different system functions user models can serve, so non-decision
properties of either patient or agent can be helpful in supporting or enhancing
system performance. The possible functions models can serve are illustrated in Fig-
ure 3, for a medical system with distines patient and agent, Thus the first, and most
important function models can serve is system effectiveness. The prime object of 2
user model is 1o ensure that the system, as a decision-making system, reaches the
correct decision. For example, if we have a medical diagnosis system, we need 2
model of the patient which is adequate 1o support whar, if independently evaluated,
would be shown to be the correct decision (assuming thar, given adequate evidence,
the system's processing is itself sensible.) This clearly implies that the only relevant
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aspeet of the proposed regime (as likely 1o reduce pain) rather than another (which
may be nasty), and the fact that the agent is experienced to augment the decision
information with literature references to comparable case histories. Acceprability,
like efficiency, is not a necessary funcuion; but both may be very important ir

practice.

EFFECTIVENESS

€. g disease diagnosis r

EFFICIENCY

e. . diagnostic test ordering r
terminclogy of system questions A

ACCEPTABILITY

e.g- medical regime presentation P
case citation A

Figure 3. System functions and relevant models. A medical diagnosis system, P = patient
model, A = agent model

As the examples of Figure 3 show, the different role models may be used in
different ways to serve distinct system functions. But this general statement disguises
some relevant complexities. Thus in relating models to functions it is necessary to
separate the source of the modeling information from its functional destination. In
the example of Figure 3, source and destination are in fact the same, e. . information
about the agent is applied to the agenr, as in the exploitation of his experience to
use technical terminology. But patient data could also, for example, be applied to
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system functions directed ar the agent {i.e. in his own right, not as an information
transmitter), for example to explain the diagnosis.

There are indeed further points o note, which also have implications for the
detailed way in which models are exploited. In using models to serve functions, it
18 necessary to separate (logical) addressee from bPHfﬁt‘fﬂ?‘lp {as well as actual from
logical addressee: the agent may be actually addressed to transmit a question to
the patient). Thus the agent may be addressed, using an agent model, to obrain
information exploited for the benefit of the patient, or for the agent’s own beneht;
or the patient addressed to obrain information which may also, as just suggested,
be exploited for the benefit of the agent. One may also have first and second order
benehciaries, so for exa mpie, beneﬁning the agent indirectly benefits the patiem’. In
other words, we may have both patient and agent models serving system functions
themselves directed towards both patient and agent. Either patient and agent model
may naturally, moreover, be exploited differently both 1o gain inputs, and to direct
outputs, in supporting the system's various functions.

It must further be emphasized, as has been implied and will be more fully
illustrated below, that both decision and non-decision properties can be of value in
relation 1o the system’s funcrions. In the example of Figure 3 this is shown most
particularly by the use of the agent model in connection with efficiency, since the
agent’s properties are necessarily non-decision ones; but if we assume, for example,
that pain is not a decision property for the disease in question, a patient non-decision
property is being used for acceptability (to the patient).

The set of distinctions drawn in this section seems very elaborate. But the dis-
tinctions and their implications are relevant if we want to serve system purposes by

madeling, given that modeling situarions range from those where it is necessary to
recognize user properties to those where it is only desirable, and from those where
models are used to promote positive system behaviour 1o those where we want to
inhibit negative behaviour. This discussion of course assumes, in general, a system
of sufficient complexity 1o suggest a need for maodeling beyond that involved in
constructing and manipulating the basic patient decision model, But we sull have
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Example 1

The need, assuming modeling is feasible, to recognize all the distinctions discussed,
relating functions and roles and also property types, can be illustrated by a fuller
system example, summarized in Figure 4. Suppose we have a (notional) social se-
curity expert system with distinct patient and agent. The patient is an elderly and
disabled woman who has to use a wheelchair; she also has poor eyesight, is 2
Carholic, honest but suspicious of officialdom, poorly informed abour benefits, and
believes that age is the main determiner of benefit (these are illustrative properties,
and are not intended to constitute a complete patient description). The agent is
an experienced clerk, but one who is a male chauvinist who believes women are
unduly favored by the benefits system. Figure 4a lists the patient’s properties by
type. For clarity, but in some sense anificially, user properties of different types
are treated here as pertaining to separate models. Thus for the patient we have
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PATIEMNT
Drecision Mon-decision

P1  Static, Objective aged, disabled, female
P2 Static, Objective poor eyesight, Catholic

P3  Static, Subjective
P4 Statie, Subjective honest, suspicious

P53  Dynamic, Objective
P&  Dynamic, Objective

P?  Dynamic, Subjective
P8 Dynamic, Subjective poorly informed, age marters

{a) Paticnt properties

P1  Static, Objective, Decision
disabled -= EFFECTIVENESS e.g. determinant of benefit
—= EFFICIENCY c. g drives scarch establishing benehit

=  ACCEPTABILITY e. . referred to in explanation of benefic

'8 Dynamic, Subjective, Non-decision .
age matters — EFFICIENCY  e.g. guides data gathering
-« ACCEPTABILITY e g. referred 1o in explanation of benefit

(b) Exploitation of patient properties for system functions

AGENT
Al Static, Objective, Non-decision
experienced — EFFICIENCY  e.g. data gathering
~= ACCEPTABILITY e.g. practice manual references

male ...

A4 Sratic, Subjective, Non-decision
chauvinist — EFFICIENCY  e.g data checking for bias
—  ACCEPTABILITY e.g. explanation of benefit bans

(€} Agent properties and uses

:I:_igl.lrl 4. User madels and their uses. A social secunty benefits system {patient and agent
isTinct)

a P1 model referring to her static, objective, decision properties, in this case age
etc., another model P2 referring to her static, objective, non-decision properties,
poor vision etc,, in fact eight models altogether, though nor all are instantiated
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in the -E':Iiampie. Agent models are cnrr:spnndingl}f numbered, bur as an dgent
cannot have decision properties, the only relevant models are the even-numbered
omnes.

The separation of models for a single role is somewhat artificial, but does serve to
mark differences in the relative importance or stability of the informartion involved
which, even in a single union model, could be reflected in the way information in
the various classes was managed and applied. Decision property information may be
more carefully vetted, for example, and inconsistencies require different treatment
in static and dynamic cases, since static property clashes may have to be resolved
where d}'namic INConsistencies may |i:gj Lim:lutly reflect changcs over time,

The kind of uses ro which the example modeling information might be put
are illustrated in Figure 4b and c. The patient’s disability is directly used to reach a
decision about the amount of benefit due, but may also be exploited in the interests
of efficiency to organize the search for possible benefits (I assume a suitable rule
structure allowing this). It may also be used for acceptability to the patient to explain
the makeup of the benefit payment, for example to indicate thar disability precludes
some other apparently relevant factors like sex. The patient’s dynamic belief that
age is the determiner of benefit could be used 1o support data gathering efficiently
through the forms of questions, or might be corrected as part of an explanation for
the nature of the questions being asked.

Turning to the agent’s illustrative propertics, his experience could be exploited
for efficient data gathering and to make the decision reached acceprable by reference
to the relevant sections of the regulations. His unfortunate chauvinism, on the other
hand, might have to be counteracted, for efficiency, by careful question formulation
in data seeking and, for acceptability, by an indicarion that sex is not the basis of the
calculated benefit. (Notice the need to maintain a broad definition of an-:eptlhilil.'r'u

am:l Ehl! ﬂtﬁd :I'-IJ!' tht 5f5[!'l‘.|‘|. Lo diS{ﬂUl‘EIEE as w:“ as encou mgg user hch;viuu f.}

This example is developed in more detail in [SPARS6], and is compared there
and in [SPARS4] with other examples illustrating systems with different purposes

and other patient and agent role combinations and property descriptions. The varr
s -I:IEII‘IPIE'S taken together are Ell:s!igl‘le-d. o P_rr_'n.'i.rll a fullar picture of the relevance

- = Bwr e e =S

and unility of the factor (i.e. role and property type) and function distinctions I have
made. The situation would be quite different, for example, in a system with the
rather differemt factor combination represented by a lcarn[ng system with patient a5
agent and decision properties that were all or mainly dynamic. The social security
s;:jt.:m would of course also be very different with different properties or property
values.

These different examples, however, simply reinforce the important general
points made here by the social security illustration. These are that when one looks
at systems as wholes and not only at interactive interfaces, and at systems engaged
in non-trivial tasks, it is necessary to allow on the one hand for distinct user roles
and property types, and on the other for distinct system functions. These distine-

misems sham imamles scaleliale calaelao Lo L
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erty, it can still be very useful. For example (and making some arbitrary medical
assumptions), if sex is not a decision property for a smallpox diagnosis system, it
might still be exploited for efficiency to order diagnostic tests (supposedly justih-
able by possible pregnancy implications), and/or it might be used in relation to
acceptability (to the patient) to couch verdicts in different terms (assuming women
are more sensitive to potential disfigurement than men); sex could indeed be used
in more than one way in relation to acceptability, for instance to draw attention
to the implication of verdicts for contact with children (generally rather different
for men and women). Of course, in choosing information to present the system
is making a decision in the ordinary sense, though not in the strict sense defined
earlier: properties which are not decision properties for the central task become

decision properties for the subsidiary response generation task. The distinction be-

tween central decision properties and non-decision properties is nevertheless 2 useful

one.
PATIENT AGENT

EFFECTIVEMNESS

Diecision (Static / Dynamic) (Objective / Suhjea:[l[ve} X

Non-decision (Static / Dynamic) (Objective / Subjective) (X) (%)

EFFICIENCY

Decision (Static / Dynamic) (Objective / Subjective) X

Mon-decicion  (Srarie / Dvnamic) (Obiective / Subiectivel X X

each factor combination as a submodel, so looking at the different functions models

can serve gives us the distnbution shown in Figure 5.
As Figure 5 indicates, the contribution of some models to some functions is

indirect rather than direct. The agent or patient's non-decision properties can bear
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on system effectiveness only indirectly through, for example, the transmission of
incorrect decision information. It is of course the case that quite apart from the
EEHEFE. question of whether a system can ina straightfﬂrward sense obtain reliable
information (it may simply not be clear, for instance, how severe a sick person’s
pain is), transmitting patient information through an independent agent can lead
to all kinds of distortions (the doctor may think the patient is malingering, for
example).

As a further potential complexity, it should also be noted that it is possible
thar each submodel may really be a set of models, either because different and in-
compatible interpretations may be made of the available evidence, or because the
different uses made of the same information impose different types of structural
organization on it. This sort of complexity arises, moreover, even when the factor
distinctions made earlier are suppressed so all the information about one human is
amalgamated in a single model. (This of course assumes the system can recognize,
if it 1s not set up to assume, when there are two people as n-ppm.cd to one.)

These points are illustrated more fully in Example 2, presented in Section 4
below.

LIENL, COMMUMCATIon 15 ke the autonomous and involuntary monitonng ot the
VM expert system [BUCHS$4], where the patient is not a decision-making agent
in the ordinary sense of “agent”, there may be applications where the user may
communicate, as a purposive agent, with the system through nonlinguistic means.
This could be the case, for instance, in a design system where drawing was the
means of communication, or in a mathematics teaching system where arithmetic
terms and expressions are used. Formal language, and quasi- and restricted natural
language are also obvious possibilities, which may be implemented 1o allow more or
less initiative and direction to the user: with the sort of restricted natural language
I:I'“t'dtfdm often found with menus, for instance, the user's freedom is rypically very
1rmi ;

It is important to recognize that these other communication means can per-
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directly, either because the necessary explicit interchange becomes oo tedious, and
therefore oppressive, or because it may be too offensive to the user. Natural language
concentrates many different items of information simultanecusly in its expressions
through the concurrent deployment of, for example, lexical choice, syntacric struc-
ture and form of reference, so natural language interaction offers the best chance of
maximizing user information. This is independent of the fact thar narural language
dialog may be required or appropriate for other reasons, for example speech in
telephone interaction.

It is also important to emphasize here that exploiting already-interpreted nar-
ural language communications to gain modeling informarion is logically distinct
from having 1o have a model to interpret these language communications in the
first place. Thus modeling may be logically parasitic on natural language commu-
nication adopted as an effective means of obtaining the system’s decision-making
information, as is most clearly shown where there is no human parient, bur also
holds for models other than decision-property ones where there is a human patient,
Or it may be deemed to be a prerequisite for the utterance interpreration thar sup-
plies that decision-making (or other functionally-useful) informartion. There may
in any case be situations, for example where the human patient is also the agent,
where this distinction seems immaterial, The point of making it here is nevertheless
to draw artention to the fact thar in this chapter the relation between language and
model is being approached from one end rather than the other, so the concern is
with whar the linguistic expression contributes 1o the user model, and not with
what the model tells us about the expression. This is not unreasonable, given the
varied modeling purposes considered here, since, though some model elements like
subjective goals will clearly work both ways and play a part in both enterprises,
others may have little part to play in assisting linguistic interpretation.

Example 2

The problem of extracting useful modeling information can be illustrated by an
extended example. This is a hypothetical dialog, representing the first part of an
interaction, for the social security benefits system of Example 1. The users, the
elderly disabled woman as patient and the experienced benefits clerk as agent, are
assumed to have the properties given earlier in Figure 4, with some additional ones
needed to make modeling fruitful and interesting (these will emerge in the dialog).

The example assumes that the system has the necessary technical linguistic in-
terpretation and generation capabilities, and also the necessary internal modeling
component. Thus | am assuming that the system is in principle able to recognize
instances of the kinds of properties it has available 1o describe patient and agent,
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will get a pretty lavish benefit.
c: P1 + female, 89, widow, disabled 3
P2 + ml
P4 + nil
PE + nil
A2 + experience?
(use of “grade 3" jargon)
A4 + hostile 1o patient?
(use of word “lavish®, “and”, “will" — compare “but”, “should”)
A8 + nil
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She says she's getting widow's pension of 17 pounds and 3 pence and other-
wise the priest sometimes gives her 2 pounds out of his poor box. Her clothes
seem rather worn.
c: P1 + pension 17.03, charity occasional 2.00

P2 + catholic?

(reference 1o “priest”)

P4 + honest?

{pence details; mention of odd gift)

P4 + ignoranc?

{(does not realise housing status relevant)

I*4 alternative + dishonest?

{concealing housing states)

P4 + suspicious (of clerk)?

(only replying to direct questions; note not necessarily an alternative)

P& + no obvious beliefs, expectations about system?

A2 + nil

A4 + hostile to patient?

{reinforced by use of “she says”, “seems”)

A4 altermative + cautious observer?

(not experienced in evaluating state of old women's clothes)
A8 + exploring influence of modifications on basic income?
(apparent interest in whether she gets a clothing allowance)

Find out whether she buys clothes frequently. But has she been receiving

anything for her disability? And ask her whether she lives with anybody.

c: response motivated by need to elaborate on P1, for effecriveness and possi-
ble efficiency; also to check on Pés of honesty and ignorance, attempuing to
select from alternative hypotheses, for the same reasons; by use of homely
language attempting to bypass hypothesised suspicion, with additional mo-
tive of enhancing acceptability to patient; further motivation to gather

infarmation sufficient to start a useful P8. With respect to agent response
motivated by attempt to distinguish alternative A4s and sidestep hostility,

primarily for effectiveness but also for acceprability to patient; also us-

ing A8 suggesting focus on ancillary income to redirect artention to main

sources of income. (Here the system is beginning to apply its models.)
She says the hospital gave her a wheelchair and that she lives by herself bur her
daughter sometimes visits and the District Nurse attends at basic frequency.
She finds it very difficult 1o afford clothes.
¢: P1 + no disability allowance, home owner?

P2 + nil

P4 + honest? i.e. ++
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A2 + experience?
(“basic frequency” jargon)
A4 + nil
A% + nil
: Ask her whether she owns her home, and if she is still paying anyone for it
(check for morgage freedom). Tell her we may be able to help even if she has

B hﬂﬂ it
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I'T. is relatively :as].; to imagine how this strategy could be applied ro the social
security example. The system would not bother, for instance, with the patient’s

religion as this is a high cost, low payoff property, i.e. one difficult to establish and

Page 403 of 1206



Page 404 of 1206



T2a Even the train costs $100.
T2b How about the Orient Express?

tramn —= f
7
g
T2x Do you want economy or fun ...2?

frain == wanis trams

T2y The trains are ... (times, types, costs).

{a) Dialog using decision properties

C1 [ want to ask about Istanbul.
Tl  So you want to go to Turkey?
€2 Yes. | want to go by train, but not on Sunday.

not Sunday —= religious

T2p Unfortunately the only train is a so-called
Fun Special on Sundays.

NOT
T2q There's a super Fun Special on Sundays.
not Sunday — not Sunday

T2r The only available train is on Sundays.

(b} Dialog using non-decision properties

Figure 6. Model-using strategies. A travel agent system
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6. Conclusion

But is it really necessary to draw such a pessimistic conclusion as this chapter would
appear to suggest: namely that modeling is so difficult thar we are unlikely to be able
to provide systems with any material modeling capacity, and should therefore not
even attempt to do this? After all, areas like intelligent computer-aided instruction
demanstrate that successful modeling can be done [SLEES2c, CLANB&b].

But it is important to recognize that modeling here is primarily decision-
property modeling, made easier by the constrained nature of typical applications,
namely teaching a relatively restricted skill like solving certain types of algebrawc
equation or basic linguistic knowledge. This is indeed not to say that building such
systems is easy; but it can be claimed that user modeling here is less difficult than
in many other cases because of the narrow focus such systems tend to have and the
well-structured domain they normally have. It may also be possible 1o get leverage
in systems like this by building in general characterizations of the kinds of users
they may have.

Pessimism 1s moreover not called for as far as decision properties are concerned.
If the system has a human patient, this user has to be modeled. The correct, but
of course not novel, conclusion 1o be drawn from this chapter is just that useful
modeling essentially depends on having an adequate set of decision properties, and
ilso that conservative modeling strategies are in order.

It might further be maintained that, even allowing for other application areas
wore challenging than instruction (as ordinarily treated), there is really no need to
ake the kinds of modeling aim tacitly presupposed in this chaprer seriously. There

is therefore no great cause for pessimism. Thus it may be possible 1o do very useful
modeling, in 2 modest way, allowing for some non-decision properties, basic role
distinctions and different functions, but not going bevond the more obvious sorts
of informarion and relatively straightforward uses of them. This is in fact all that we
are able to attempt now. But our performance in practice is not very encouraging
here, and the examples of the chapter equally suggest that it may not be so easy to
identify and deploy even quite obvious information about users.

Adopting a modest approach to modeling does not, moreover, imply that there

15 no need for the kinds of distinctions drawn in this chapter. Wahlster ([WAHLS6a])
hl’!- argu:d, il'.‘ll' ex:mpie., that the dllst'inct'mng are |.'_|1..'1_-|:'-c\|;|rr|;Fp|.=}|:1 il.'l'.l:l'gi.l'.l i_l'_|gI what con-
tortions they would imply for the designer of a marriage counseling system which
might have be faced with a concerned mother, son and son's wife. Bur as Figure 7
shows, simply considering different goals for the system implies a need to recognize
the kind of distinctions | have drawn, as withoutr them the system is unlikely to
be able to satisfy its goals. Thus focusing on different parties carries different role
distinctions with it. (A situation with muitiple agents would require equally careful
distinctions.)

As a basis for discussing and implementing user models, the general frame-
work presented in this chapter has obvious points of contact with those offered by
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1. GOAL: help son
agent  : mother
patient : son
wife : son's view = I3
real mature = ]

Pa
3
J
e

agent  : mother
patientl : son
patient2 : wife
wife : son's view = 1.}
real nature = P1.1
san : wife's view - P23
real nature = P21

3. GOAL: help mother
agent  : mother
patient : mother
son @ mother's view = 3
real nature = P1
wife : mother's view = P3
real nature = Pl

Figure 7. Goal perspectives and modelling implications. A marriage guidance system.
" = objective decision properties, P = subjective decision properties

and system actions in terms of the system elements open to change, the means of
change, and rthe agencies of change, provides a rather different and in some ways
more, though in other ways less, detailed analysis of modeling contexts than that
provided here, suggesting that it may be useful to try to put the two ogether.

The general framework offered here is also neutral with respect to what may
be called the orientation of a system to a particular generic task, for example ex-
planation [VANBS86b, VANBS6a, CLANS6b, SLEESS], especially explanation seen
as an instructional acuvity. The implications of these generic tasks obviously have
to be taken into account in user modeling: my point here has been rather to em-
phasize the need to look at user modeling outside the popular generic tasks. Thus,
explanation may in some cases be at most a minor system need.

Again the analysis offered here makes only weak assumptions about coopera-
tion: cooperation with the patient may be minimal or non-existent, and sufficiently
attained with the agent with very linle effort. However, it is clear than in indi-
vidual applications it may be necessary to take into account the complexities of
cooperative behaviour illustrated by [AIRES6, JAME®), as well as the need to apply
specific response strategies in dialog including, for example, explicit clarificatory
and negotiatory dialog, and to tailor responses to the user as illustrated by [CARB®,
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COHE*, GOOMS6, MCCO#38], for instance. The chaprer’s examples assumed such
requirements but did not analyze them, since the chaprer was more concerned with
emphasizing the great variation of user modeling contexts and hence allowing for
the fact that questions of cooperative response may not arise though user modeling
itself is appropriate.

Beyond making a broad distinction between static and dynamic subjective prop-
erties, the chapter does not attempr to give the kind of detailed analysis of the prop-
erties of beliefs, goals, plans, ete. carried out by [KOBS*], o 1o consider the detailed
relations berween the user's intensional states and the reference world investigated
by [VANB8&b, VANBS&a, CHIN®*, MCCOS8]. The broad view adopted has w
be filled out in this way, as appropriate to individual system contexts. However
the framework provided does draw artention to the fact that in many contexts it
may be proper to talk about user modeling which is not exclusively devoted to, or
dominated by, the user's intensional states, and also that users may, for example,
have goals withour alse having plans. .

The chapter is also deliberately focused on the user model as opposed to any dis-
course or dialog model, say of the kind illustrated by [LITM85], taking it for granted
that these two are distinet but not analyzing or defining the precise relationship as
this is done, for example, by [SCHUSS, CHINS8a, COHESS, KOBSES, MORISS,

SPARSS, WAHLER]. The analysis of user models clearly has to be supplemented for
implementation purposes by a view of their relation to discourse models (and any
other models like a world model). The object of the chapter is to emphasize the
fact that in complex systems the user model cannot be equated with the discourse
or dialog model, i.e. it is necessary 1o distinguish communicative properties of the
user from real properties of the user, but then of course also to allow for very
subtle relationships between these. It is clearly possible, in particular, to envisage
further complications of the various kinds illustrated by [JAME*], [WILK83] and
the HAM-ANS hotel application [HOEPS3k), where dialog participants may be
deliberately deceitful, or may mix individual and institutional artitudes.

The examples in the chapter illustrate the variety of possible sources of user
modeling information also considered by [WAHL*), for example; and it is clear that
though, as indicated, it may be very difficult to rely on structural relations between
different properties or property types, especially for a wide scatter of non-decision
properties, modeling has to look for relations berween objective and subjective
properties of the kind considered by [BROOg6, COHE*, MORI*, RICH79b].
How these are related is just one element of the specific modeling process; and the
framework for modeling given in the chapter has of course to be supplemented by
an account of actual modeling procedures, i.e. of the inference mechanisms required
to construct and deploy models, like those described in [WILES6] and for goals and
plans in [VANBB6b, CARB*, GOOMES6, POLLS6a]. The aim of the chapter has
been to indicate the need to consider the various aspects of modeling, especially in
relation to system functions, before detailed procedures are designed.

The analyses of the information-seeking interactions between the users and staff
of specialised library services carried out by Belkin and his colleagues [BELKS4,
BROOS85, BROOSE), where user modeling is of the essence, serve to bring out just
how hard modeling is in such complex situarions. Establishing the nature of the
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are dynamically changing through the interaction. But the particular problem in
this case is that the modeling information is necessarily inadequare, because the user
15 seeking information which, as he has not yet got it, he cannot properly specify.
Brooks' and Daniels’ detailed analyses [BROOS6, DANIS6b] of human informa-
tion interviews show just how difficult and how complicated capturing informarion
needs and other relevant properties of users is: we are nowhere near being able to
extract information from dialogs like this automarically.

However, their interview transcripts also show quite clearly that even human
beings may not find it useful or possible to seek 1o carry modeling very far. The
overall message of my chapter is that as the sitvations in which vser modeling
may be envisaged vary enormously, because they depend on combinations of user
populations, system tasks, and application domains, the strategy to be adopted for

Adknowledpements. This work was carried out during the tenure of 3 GEC Research
Fellowship. | am grateful ta Richard Young and to the participants in the Warkshop on User

Maodeling held at Maria Laach in 1986 for discussion and comment,
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13 User Models and Conversational Settings:
Modeling the User’s Wants

Katharina Morik

1. Introduction

In general, the cycle of system development can be viewed as consisting of four
phases:

- theoretical considerations, design

of the system HAM-ANS'. Already completed user modeling is classihed and the
state of the art in user modeling determined with respect to this framework. Areas

where further research is needed are highlighted. The following main problems are
pointed out:

— the integration of non-mental, non-communicative actions,

— the INtegration of the user model acquisition and the interpretation phase, and
— the change of user models.

Third, the framework is in turn applied to the HAM-ANS approach to user
modeling, particularly focusing on modeling the user's wants and evaluation stan-

dards. There, the fact that 2 non-communicative action of the system is possible
forces the system to produce a wider range of speech acts than mere information.
Finally, we propose a way to integrate the acquisition and the interpretation phase

| HAMburg Application-oriented Natural-language System [HOEP83b]
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and to use this procedure for the update of the user model in the HAM-ANS ap-
proach, thus overcoming the limitations of accomplished work. The central point
is that on the one hand, representing the evaluation standards of the user allows
the system to recognize the user's wants from her/his urterances. On the other
hand, the evaluation standards may be inferred from the urterances by using the

textlinguistic notion of “isotopy” in a new way.

2. Terminology

In order to clarify the term “user model”, the closely related rerms “dialog memory™
and "agent model™ must be considered as well. A dialog memory can be viewed as
part of a user model, namely the part which represents the dialog-dependent knowl-
edge of the user [MORIS4] Entries out of the dialog memory may cause entries in
the user model, and entries of the user model may support the interpretation of an
utterance, the interpretation then being stored in the dialog memory. However, in
order to keep technical terms precise, user modeling on the one hand and building
and exploiting a dialog memory on the other hand should not be identified. This

L B i

A ni'.r'a.fag memary contains all beliefs that can be inferred with certainty from
utterances, so that they belong to the mutual belief space. These are beliefs a speaker
cannot deny when uttering a sentence. For example, a speaker cannot talk of “ro-
day's king of France” without the obligation to claim that s/he believes there is
a king of France today. Thus, presuppositions which can be inferred from aricles
or question particles belong in the dialog memory. The objects and their prop-
erties introduced in a dialog are typical entries in a dialog memory as well. The
dialog memory is structured so that it can be used for such things as determining
the appropriate description (definite or indefinite determiner), anaphoric expression
or characterization. The linguistic rules which determine the inferences are valid
and binding for all conversational settings and are not parametrized according to
assumptions about the user. If, however, linguistic rules are specialized for a partic-
ular user in a particular conversational setting [LEHM*], this is clearly not a marter
of the dialog memory but of the user model, because then these rules are not valid

and binding for all users.
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This definition links “user model” to the more general “agent model”. An agent
model is a knowledge source which contains explicit assumptions about a person
acting in a certain setting. As psychological studies have shown there is a kind of
consistency in the image of other persons: personal traits are not all viewed inde-
pendently of each other. There are stereotypes which group several personal traits
together and stereotypes themselves are combined following a naive psychology.
In this sense an agent model forms a consistent image of the agent. If the person
modeled by the system is the protagonist of a story and the system understands
the story, we speak of a protagonist model. In principle, modeling a person in the
actual® conversational setring and modeling a person in another setting (which may
also be a conversational setting), is not very different. However, for a system which
plays no role in the story it understands, but does take part in the interaction with
the user, user modeling is a more complex rask.

The definition excludes from the user model the information about the user
which is not relevant to the user’s role in the system-user interaction or o the task
under concern. Thus, in the example of [WAHL86a], where the age and the bonus of
the user is stored in a database and the system can answer questions abourt the user’s
bonus and status, the crucial point is whether this information at least partially
determines the user's role in the interaction and is related to the rask of system and
user. If, for instance, the system helps employees to plan their business trips, and if
the decision whether the traveler is supposed to take a train or an airplane depends
on his status, then this information is related 1o the rask. As [SPARS4] named i,

the information is a decision property. Mow, another requirement from the above
definition is that the system uses the information to adant to different users, tasks,
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should be modeled. In the above definition the person to be modeled is the one
whose task corresponds to the task of the system. The definition closely relares the
user model 1o the task which the user wants to perform with the help of the system,
and thus to the system’s task. Task and role specificity separates a user model from
a general agent model. The problem with determining one person to be modeled is
that several persons can be involved. Let us think, for example, of a group which
asks for a price reduction in a train station environment. At least in Germany, there
are several special offers for groups but also for eiderly people or chiidren. In order
to find the best arrangemen, it is not sufficient to model the group as one entity;

instead, the members of the group have to be modeled along with the possible ways

of grouping them together.

Another illustration of the problem of restricting user models 1o modeling one
person is the embedding of situations (see [SPARS4] for a discussion of agent/patient
modeling). The intermediate person directly interacting with the system is the user
to be modeled concerning individualized linguistic rules. The person on whose
behalf the interaction takes place is the user 1o be modeled concerning the task.

In most cases, however, there 15 not more than one person with respect to the
task. This person may be introduced indirectly (“the brother of the wife of my
son ..."), but this does not change the situation of an intermediate person as the

direct user, where the person to be madeled is the one whose problem has o be
solved by the system. Moreover, the task-related situation may be an embedded
situation as well: the problem of a mother with the problems of her son. If she
asks, tor instance, whether she should wait and see or do something about the son's
problems, the answer also depends on the kind of a problem the son has. In this
case, the mother is the person to be modeled according o the definition above. The

son 15 the protagonist of the mother’s story.

3. Conversational Settings

vas meadallan am ke assles smd anles af ceersns amd e
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Information sceking
dialog

Domain model
of system

Figure 1. Mrs. User and the Computer

Of course, the dialog could also be about filling the system’s domain model. Then
it is an wpdate dialog. For an update dialog, the system must be able to change
its domain model. Although for system developers these two kinds of dialogs are
difficult enough, they are not sufficient, because reducing differences between the
domain models of the communicative partners is not what dialogs are all about.
Mrs. User's wants are not directed towards a model — even if it can be m:_nipulated
in the process. She wants to book a real room, she really wants to use it. Dialogs
where the system is able 10 perform a non-communicative action because of the
dialog are called action-achieving dialogs. Human communication most often deals
with the real world, although models are used for communication. The obligations
resulting from dialogs refer to the real world and not only to models. In the above
example, the hotel room should be really booked if the user wishes. Taking this into
consideration gives a more general view of dialogs and their conversational setrings.

Viewing actions as the most important topic with respect to the goals of a
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alyzed, the movements of objects I['p:-dest rians and cars) represented as trilfﬂﬂl"_ﬂ'-
Questions are then answered on the basis of the internal semantic representation.
In the third application, HAM-ANS plays the role of a hotel clerk, informing the

user about the hotel and its rooms, recommending a room, and booking it if the
user wishes,

3.2, The First Conversational Setting — Information-Seeking Dialogs

As the first seeting let us take the most common situation for Al interactive sys-
tems. The system brings about changes only on the user’s mind by com municative
actions. It changes its own dialog memory accordingly,

If the user plays no role in the domain of discourse and the user’s task is not
modeled, overanswering or overunderstanding (i.e. understanding ill-formed input)
must resort to linguistic clues and general rules of cooperativeness [WAHL83]. The
first application class of HAM-ANS, (front-end 1o a database system) fits into this
setting. The domain model (i.e. the database schema as conceptual knowledge and
the database content as referential knowledge) is static. Neither user nor system play
any role in the domain of discourse, The system informs the user about ships and
their cruises. Different users can have very different tasks for which they use the
information from the database. The meteorologieal data gathered during a scientific
cruise might interest a meteorologist in quite another way than it would interest
a shipowner. Because tasks of users are not modeled in that particular HAM-ANS
application, providing the user with the information s/he wants is guided by prin-
ciples of cooperativeness, which are not specific to a particular user or task®. The
system doesn't need to decide which action is appropriate under certaln circurm-
stances, but has a built-in, implicit strategy: answer questions about the domain,
being as informative as possible. However, some situations occur during the dialog
in which the system may choose 10 deviate from ‘terminal communication’: for
instance, to output the result of a database query on the printer. This is, of course,
a communicative action, but it differs in kind from the default interaction in the
dialog. In these cases, finding our whar the user wants is realized by just asking
her/him.

If, on the other hand, the user plays a role in the domain of discourse, her/his
actions are to be modeled. An EK:I.‘I.'I!'I.F].-E: of this conversational setting is the Montreal
train station scenario [ALLE79, LTTM85). The actions of the user are represented

* The same conversational setting underlies NAOS [NEUMS23).

* As Marburger has shown [MARBS7], dealing with linguistic rules of cooperativeness en-
hances dialog performance considerably,
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The second setting is that the system changes its domain model because of observed
new facts. We might think of a vision back-end system which observes state changes
in the real world and a natural-language front-end system which communicates the
events to the user. The second application of HAM-ANS would fall into the class
of this setting, if the domain model were nor fully constructed before the stare of
the dialog. Observation and communication do not take place at the same rime.
The domain model is treated as static, although the domain consists of events in
a time sequence®. User and system do not play any role in the domain or domain

model. The only state changing action is the dialog itself. As in the case of the

database application, a user model concerning the user's wants is not constructed

nor exploited; instead, only general linguistic rules are used in order to find our

what the user wants to know about the street crossing and the events there. Of

course, the system’s knowledge about the user's dialog-dependent knowledge is use

for generating descriptions [JAMES2].

3.4. The Third Conversational Setting — Action-Achieving Dialogs

Let us take as the hird setring a situation thar, because of its complexity, has to
my knowledge not yet been fully realized in interactive Al systems. The system
performs changes in the domain by noncommunicative actions, changing its do-
main model accordingly. At the same time it is communicating with the user. An
example of this would be an intelligently interfaced robot. In this case, the user
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As empirical work has shown (e.g, [NOTHS4, SCHG79, POLLB3]), the most
salient difference between information-seeking and consulration dialogs s th?[ the
wants of the client are fully specified before the dialog or not treated at all in the
former, whereas the specification is found interactively in the larter. A consiltation
dialog is a specification phase for the intended action. The unspecified goal of the
user is known to the system before the dialog: the user wants 1o book a room.
The specification 15 1o be found our from the dialog. The system recognizes the
user's wants and selects the particular room which suits the user best. Regarding
the specification which is determined interactively during the dialog, it is a step in
the direction of consultation dialogs.

Whatever the role of the user, as soon as the system is able to perform changes
not only on the model, but on the domain itself, the dialog may include speech acts
other than information requests and information giving. In other words, action-
achieving dialogs show a variety of speech acts. On the side of the user, this s due
to the justified belief of the user that the system is able to fulfill the request. A ‘f"‘ldf'r
range of speech acts stresses the problem of speech act recognition. Ambiguities at
the level of speech acts must be resolved. For example, the user input

Could you reserve a single room .. .2

can be interpreted as the question of whether there is siill a single room avail-
able, a question about the capabilities of the system, or as the request 1o book the
room®. The system must decide which knowledge sources it needs to change. The
first two cases require merely a communicative action which changes the mutual
belief space (the dialog memory). In the third case, the system must pl:rfm'lll a
change in the domain and hence in the domain model. Then it must decide whether
an additional communicative action 15 neécessary. The number of choices which
the system must make is considerably greater than if the system is restricted to
communicative actions only.

Also on the side of the system, this conversational SELTing requires a variety of
speech acts to be handled. As opposed 1o nearly all other natural language dialog
systemns, HAM-ANS in its hotel application is able 1o gemerare speech acts ather

than the inform act as an answer 1o a user’s information request. HAM-ANS can
ask the user, recommend a room, and — of course — answer questions’

3.5. Change Types

We have characterized conversational sr.-nings b:,' the :hangﬂ that S} SLEM and user
may perform. From the point of view of a system developer who builds a system
for a particular setting, the complexity of her/his rask depends on the number of
different actions which system and user are allowed to perform. But there is one
further point: the complexity of how changes are modeled. We want 1o distinguish
five drange types ordered here by increasing complexity:

® For more precise rules using assessments of speaker/hearer for recognizing the speech act
cf, [MORI82:2391f).

¥ A more detailed descripuion of generating recommendarions is given below (4.1),
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domain model, or the dialog memory, ler us illustrate their meaning by discussing
user models. By addition we mean adding new information without any consistency
or integrity checks'”. New informarion is entered into the user model. The entries
are assumed to be independent from each other, so thar adding a new fact does not
change the already stored ones. Contradictions are not even noticed in this change
type. For user models which form a coherent image of the user, this change type is
not applicable.

By replacement, we mean that a new piece of information overwrites an already
stored one. This is the simplest way of handling contradictions: if a new piece of
information is in conflice with existing entries, just throw them out! Only simple
contradictions are recognized — that is, those concerning the same property. For
example, a contradiction between two assumptions concerning the solvency of a
user can be detected: “The solvency is high” is in conflict with “The solvency is
medium”. The new assumption here overwrites the older one. However, in this
change 1y pe all properties of a user are assumed to be independent. Thus any relation
between them are not represented. For instance the relation between the profession
and the solvency is not represented,

Just as replacement, modification refers only to formation about a single
property of the user. However, here the properties are not assumed to be indepen-
dent. So, it allows for reenforcement or weakening of entries. New information
may modify existing entries, or existing entries influence the way new information
is entered, respectively. Modification concerns the level of belief or importance of

a certain property, not the value of a property.
In the stereotype approach (in the sense of [RICH79a]) the user facers are inde-

pendent from each other, thus a new facer may simply be added. From the facets
properties of the user are inferred. These are not necessarily independent from each
other. In HAM-ANS, the properties which are derived from the user facets are
user requirements of a hotel room. If two facets create the same requirement, the
importance of this user want is increased. If two facets create different instances
of a requirement, modification is needed to creare the appropriate 'compromise’
requirement [MORI85a]). Entering a new requirement directly, 1. e. without infer-
ring it from a facet, employs the same modification process. If a facer has to be
changed, the overall process of inferring properties from facets with the modifica-
tion included starts again. This leads to the same result and is much easier than
revising the properties according 1o the changed facer.

For rewision, the representation must permut the tracing of all entries which
are based on the same (false) assumption. The conflict resolution concerns more as-

9§ there is no closed world assumption, it is 3 monotonic update,
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to behave cooperatively,

User-driven means that the user model is constructed during the entire dialog,
e. g simultaneously with achieving the user’s goals. No particular steps are reserved
for this part. Thus, the system does not know before understanding the utterance
whether the utterance has to be analyzed by the component which constructs the
user model. The need to recognize which input enriches the user model increases
the complexity. Thus, a user-driven acquisition of the model of a particular user is
more difficult than the system-driven one, because acquisition is integrated in the
other activities of the system,
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3.7. Lessons from the General View

We have described conversational settings by the roles system and user can play. We
introduced five change types and we distinguished two ways of acquiring particular
user models. Now we want to use this framework in order to determine deficien-

cies in the field. Table 1 summarizes the application of the framework to relared
waork.

Table 1

system playing [ user playing | modeled | use of change of |system-/ | author

arole in the |arolein aspects user model | user model | user-

domain the domain | of the user driven

no e miutual over- addition [ user- [WAHILES]
beliefs answering driven

simulared yes lan, over- no stem- [ALLE?9]
Enuwhdge answering ven |[[LITMS&5]

o yes plan,goals | speech act no :Egltm- [APPES2b]
mutual generation iven
beliefs
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by the propositional content (e.g. request for justification, meta-communication,
request for an “inform-if", etc.). In an action-achieving dialog, speech acts other
than informing and requesting come into play (e.g. command, recommendation,
warning, etc.). Thus, the system must not only determine the propositional con-
tent but also the speech act. Moreover, the system has to decide which action it
has 1o perform in order 1o act cooperatively. This requires a system architecture
including a decision process (some sort of a dialog management component) which
selects among communicative and non-communicative reactions. The embedding of
langeage use into non-linguistic behavior thus comes to the foreground.
Integrating the acquisition of the user image into the normal processing of the
dialog is lacking for almost all systems, which systematically model and use more Rg
pects of the user than his dialog-dependent knowledge. Of course, the l-'l‘lla1l1-l_al beliet
space is built up during normal dialog processing. Modeling the user’s beliefs and
directly urtered goals is always integrated into dialog processing — if it is done Hlill
= , because it is part of the dialog model [GROS86]. On the other hand, integrating
“naive psychology” into the processing of dialogs widens the scope of the system.
An additional aspect of what 15 going on in dialogs is then to be incorporated nto
procedures. Carberry’s work [CARB*] rackles this problem with the user-driven
acquisition of underlving plans and goals of the user.
The revision of user models is another weak point of current systems. Maost
of the systems which update the user model during the dialog do so merely by

adding entries[MORI85a) deseribes a modification procedure (cf. 4.1 below). Only
[RICH?%a, RICH®*, CARB*] outline a revision procedure.

In summary, we see as shortcomings of accomplished systems:

— the integration of non-mental, non-communicative actions,

— the integration of the user model acquisition and the interpretation phase, and
— the revision of user models.

4. User Modeling in HAM-ANS

HAM-ANS 15 a diilﬂg S¥siem. A diilﬂg SYstem can be contrasted wath a qLH:E'[iﬂI'*‘
answering system which is only able to handle questions posed to it in isolation.
It requires constructing dialog memories during the dialog and using them for a
variety of tasks, e.g. understanding and generating ellipses, determining reference
and coreference. New objects are introduced into the dialog with a characteriza-
tion and indefinite description. In order to keep track of what the user knows as
a result of the dialog, the system builds a referential net for the partner (the user’s
domain model as known to the system) and establishes connections between the
objects there and in the referential knowledge of the system (the referential part

N JCF FEENERRCRRY WO SR MEFIEIE S Rpca., [ R L TN W & B wr FE
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of the third setting, because only there the user is really concerned with the domain

of discourse.

4.1, Modeling the User’s Wants

In this section, modeling the user’s wants as implemented in the hotel application

of HAM-ANS is described.
It is well known from linguistics and philosophy that value judgements and

several speech acts refer to some sort of evaluation standard [HARES2, GREW 78,
ZILL82]. In particular, recommendations rely on the presumed evaluation standards
of the hearer. If a recommendation is to be actually implemented by the system
and not just read into the system responses by the user, the system must be able
te recognize the user's evaluanion standards, derive the demands placed by the user
on objects or situations,

In the hotel setting the user may well be asked whether a room 15 to be booked
or not. Asking her or him for all her/his evaluation criteria, however, is a clumsy
behavior. Rather, the criteria should be inferred from rhe user's utterances and

should then be used for selecting “interesting” properties of rooms or of the hotel,
generating the appropriate speech act, and deciding whar speech act the user has

performed.
A system which makes recommendations of novels is GRUNDY [RICH79a].

The basic assumption underlying the consultative function is that people are in-
terested in books in which characters have the same type of personality as they

themselves have, Therefore, recognizing the personality type of a user can be used
directly for the evaluation of books. For HAM-ANS the utilization of knowledge

abourt the user is not so straightforward.

As in GRUNDY, the specification phase in HAM-ANS is system-driven. The
system asks the user about all the information which is normally required for a
hotel reservation, No psychological characteristics are requested. The explicit spec-
ifications given by the user, i.e. from when to when, what kind of 2 roem should

I'll" I'lr"h.ﬂl.l‘ 4 r-\.- I'Irl-|l-|. A e A F ‘I =14 r"ﬁ-r'!*- Ee ] r-l.-’"l lt’\ﬂl'll' rl!]'l nr-'l.nr: n‘: rhﬂ nr\n:nnrhln-
wn.'hu g v llulllp -l e S 'hH L ] \-F'II‘I l.l'l""l""l' et Bl el e Tk WY B MU T .

hotel guest (who need not be identical with the user, of course). From these facts
different independent sterectypes are inferred. These stereotypes are stored as as-
sumptions about the hotel guest, They are not certain. The stereotypes differ from
user classes [CHIN®] in that a single user belongs to several different stereorypes.
They are mixed together in order to form the profile of the particular user. Thus, a
user 15 not merely recognized as belonging to a certain class, but the user profile is
constructed out of several stercorypes. This allows for representing a wider variery
of user models in a flexible way.

In the next step, ewalmation criteria are created from the stereotypes. Each
stereotype creates a bundle of criteria. All the criteria are pur together and are
sorted into those concerming the hotel and those concerning the room. If two
stereotypes produce the same critenion, its weight is strengthened. This is the basic
modification process of the HAM-ANS user-modeling component that has been
mentioned above. Some criteria are direcily related to properties of the hotel or
its rooms as they are stored in the referential knowledge. Others are expanded
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2. USER: Is there a desk in the room?
5¥5: Mo, but a table of a good height.

This behavior 15 accomplished as follows:

If the evaluation of a user question returns a negative result, the content of
the question is matched against the user requirements. If this succeeds, an in ference
procedure is triggered which finds advantages of the desired facility. For instance,
the height of a desk is marked as an advantage since it allows writing, With the new
criterion “height=high", a transformed user question is produced and evaluated on
the basis of the referential knowledge. Here, a high table is found as the next best
facility and presented to the user. Note, however, that this kind of overanswernng

can be inadequate if the queried feature is not recorded in the user requirements;
Look at the following example:

3. USER: Is there a night-club in the hotel?
a) 5YS: No, the hotel 15 quiet.

b) SYS: No, but there is a night-club near the hotel.
¢} 5YS: No.

Both answers, a) and b) sound reasonable. Which one is appropriate depends
on the wants of the particular user. If a user asks whether p, s/he may want that p
or that not p. It is not sufficient to take every question as a request for the feature
in question! The evaluation criteria of the users — viewed as frozen plans — form
a sound basis to decide between the two possibilities. If the user requires the hotel
to have a night-club, the same procedure as for example 2) yields answer b). An
advantage of a night-club is found (entertainment) and the referential knowledge
is searched for next best entertainment facilities. The search succeeds because the
environment of the hotel is represented as well in the referential knowledge about
the hotel. If the qu:ri.l:l;! feature does not match the user’s evaluation srandards, the
system looks for a disadvantage of the feature in question. Given that night-clubs are
lowd, another value of the same dimension {loudness) can be found in the EDI'IEEFLW"
network. The inference procedure builds an expression with the new value of the
same dimension, e. g the hotel is quiet. This is marched against the requirements.
If this succeeds, the system concludes that not the queried facility, but its ::IFPIHII“'
is desired instead. The system tries to confirm the new (opposite) property in the
domain model. If this succeeds, answer a) can be generated.

A prerequisite of this procedure is the conceptual knowledge that defines the
dimensions with their possible values for concepts (see Figure 3), V-links represent
the possible scalar atrribures of 4 dimension. An example of a dimension is “color”,
the attributes being “red”, “blue”, “yellow" etc. E-links indicate which objects can
have ateributes of a particular dimension'. In the referential network, the link be-
tween a particular object and a particular value is given by the REF-link. Annotating
scalar attributes with +/ - allows for representing the extremes of a dimension (e.g.
high(+)/low( =), quiet{+)/noisy( — )). Excerpts of knowledge sources are shown in

13 Relariva are treated as scalar attributes, too, although linguistically this is, of course, not
adequate.
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Figure 3. The extremes allow for finding the opposite value instead of the negated
value (which could cover more than one value). Note that +/ — does not prejudice

the user’s assessment of the corresponding attributes. Rather, the possible advan-

tages and disadvantages of a feature are to be represented in other knowledge sources
(PLUS, MINUS) which are also used by the inferences.

41 Tarasratine the Asanieitinn Dhaca jebn the Thialas Tleane Tantonw

SYS: No, the hotel is quiet.

There is a common feature of the view of the street and the mightclub in-
side the hotel, namely that they are loud. Therefore, the corresponding dimensieon,
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action-effect sequences.

5. Conclusion

Conversational settings in which both system and user play a role in the domain of
discourse and where more than the beliefs of the user are changed require that speech
acts other than the information request/informing act are handled. For a variety of
these speech acts, evaluation standards are presupposed in speech act descriptions of
linguistic theory [MORI82]. Therefore, operationalizing evaluation standards forms
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" The answer 1o question 4) as the one to question 1) above here counts as a direct system
answer; this is due 1o the general overanswering capability of HAM-ANS ([WAHLZ3].
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[SCHG79), [SPARS4], [SPAR*], [WAHLS3), [WAHLE&a], [ZILLE2]
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14 Student Modeling in Intelligent Tutoring
Systems — Implications for User Modeling'
Robert Kass

Abstract

User modeling and student modeling, though similar in many ways, have generally
been pursued in parallel for the past decade. This chapter explores the role of stu-
dent modeling in intelligent tutoring systems from the perspective of user modeling,
with the goal of determining whar researchers in user modeling can learn from stu-
dent modeling. The chapter focuses on three issues: the information mod=led about
students, how that information is represented, and how the student model is built.
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4. Student Modeling

Muost intelligent turoring systems model the knowledge of the student in relation
to their own domain or "expert™ knowledge. This expert model is illustrated first,
then various methods for relating student models 1o expert models, and approaches

1o building student models, are analyzed.

3.1. The Expert Model

Any tutoring system must have correct domain knowledge in order to know when
the student is correct. In intelligent tutoring systems this correct knowledge is of-
ten treated as a built-in “expert.” The expert knowledge represents a paradigm for
what a student should know. For example, in the electronic board game WEST
[BROW75], a student must combine (using arithmetic operations) three digits ob-
tained from spinners to determine how many spaces to move on the board, The
baard includes special squares (cities and shorteurs) which, if landed on, advance
the player even further. On the other hand, the player may bump an opponent
backwards by landing on a square occupied by the opponent. The WEST expert can
tell, for any given spin, how to combine the numbers from the spinners in order
to achieve the best possible move. Using this knowledge, the tutoring component
of WEST can tell whenever a player makes a suboptimal move. Thus the WEST
expert plays the best possible game that could be played.

Expert knowledge may be divided into independent umits. SOPHIE-II
[BROWS2] contains both an electronics expert and a troubleshooting expert. The
electronics expert knows about general laws of electronics (such as Ohm’s or Kirch-
hotf's laws), about how particular electronic devices behave (such as resistors, transis-
tors and diodes), and about particular electronic circuits, while the troubleshooting
expert has knowledge abour diagnosing circuit faults in general. In the NEOMYCIN
knowledge base used by the GUIDOMN2 tutor, knowledge of the specific domain is
separated from strategic knowledge of how to diagnose a disease.

Sometimes the expert model should not truly be an expert in the domain, An-
derson [AND]85a] points out that in tutoring programming to novices, the problem
solution of a programming expert 1s often too sophisticated for a novice to under-
stand. Thus the basis of knowledge for teaching a novice should be knowledge thar
can be grasped by the studenr. In GREATERP [REIS85) the “expert” is actually
an deal stwdene. The knowledge of the ideal student is what would be expected of
a very good student of programming. This knowledge can be understood by the
novice programmer, yet still stand as a paradigm of how to program.
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a4 novice can grasp it. | he reasoning done by the expert will 1ead o plRIVINE [he
best game possible, hence the goal of WUSOR-II is to impart this knowledge to che
student. Thus, any failure on the part of the student is attributed to the student’s

missing a skill which the expert has.
The difficulty in building an overlay model for a particular student depends on

the tvpe of information in the model. If the information is ar the surface level, such
as modeling the student's knowledge of program commands (1s ANCHISES does
for the EMACS text editor [Z15585]), the student modeler can simply mark what
the student knows as he uses the terms. On the other hand, if the expert model
contain deep knowledge, such as strategies for diagnosis (as the NEOMYCIN expert
model for the GUIDON2 tutor has [LONDE2]), recognizing what knowledge che

expert and student share can be much more difficult. v
Overlay modeling has serious drawbacks. An overlay model has no provision

for dealing with knowledge or beliefs of the student that differ from the expert’
If the student has an alternate strategy for Hunt the Wumpus thar plays well,
averlay model will not recognize it, perhaps causing the tutor to try “correctin
the student. If the player simply has a wrong strategy the overlay modeler can dete
it, but the tutor will not be able 1o point out why the strategy used by the studemt
is wrong, because it has no knowledge other than thar of the expert. Thus overlay

models are ultimately incomplete.

3.2.2. Differential Modeling

The differential model is a modification to the overlay model. Instead of comparing
student knowledge with expert knowledge, the differential model is produced by
comparing the performance of the student with the expert’s performance in the
same situation. Differential modeling divides system knowledge into two classes:
knowledge the student should know (if the student is to behave like the expert), and
knowledge the student could not be expected to know. The knowledge a student
is expected to know is just the knowledge the expert model has used to produce
its behavior. Overlay modeling assumes that any knowledge in the expert model
but not in the student model is not known by the student. Differential modeling
subdivides this class into knowledge the student could not be expected to have, and
knowledge the system believes the student does not have, A differential model is
illustrated in Figure 2,

A differential model 15 used in the WEST game described earlier. As the student
plays the game, the expert model also simulates playing the game from the viewpoint
of the student. If the student, for example, consistently fails to make use of shortcuts
the expert uses, the tutor can conclude that the student lacks knowledge about how
to use shorteuts. On the other hand, if the student consistently fails to bump the
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Figure 2. A different student model

opponent’s piece, while the expert, given the same situation, also avoids bumping,
then no conclusion can be drawn about whether the student has knowledge of how
to bump opponents or not.

The differential model avoids the problem of h{:ing overly presumptucus about
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overlay model. Differential modeling still assumes that the knowledge of a student is
only a subset of the knowledge of the expert. Such an assumption leads to a student

model that is incomplete, since it cannot represent any belief of the student outside
the domain knowledge of the expert.

3.2.3. Perturbation Modeling

Perturbation models can be used to represent student beliefs beyond the range of
the expert model, while maintaining a close link between the student and expert
models. Perturbarion modeling builds a student model similar to the expert model,
differing only on the basis of small perturbations 1o some of the knowledge in the
expert model. Thus the student and expert models are basically the same, with small
differences in some areas of the knowledge base. The perturbation model subsumes
the overlay model in that a student’s lack of knowledge is viewed as another form
of perturbation. A perturbation model is illustrated in Figure 3.

Many existing intelligent tutoring systems use perturbation models. The com-
mon technique is to encode the expert knowledge, then augment that knowledge
with likely misconceptions or “bugs™ the student might have. For example, the
DEBUGGY system [BROW7E] uses a procedural nerwork (which will be described
shortly) to represent the correct methods for performing subtraction. Attached o
this network is a set of procedures representing common mistakes made by students
performing subtraction. These bugs are the perturbations to the expert model.

The Leeds Modeling System (LMS) [SLEES1] uses production rules to repre-
sent the correct methods of algebra, and mal-rules for the common misconceptions
students have abour how to solve algebraic equations. Mal-rules play the same
role as the buggy procedures in DEBUGGY. Other systems make use of a bng
library 1o represent the common misconceptions of students in a domain, Exam-
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Figure 3. A perturbation studemt model

ples of such systems are PROUST [JOHNS4], the Geometry Tutor [AND]85b],
and GREXTERD [REISSS].

Perturbation modeling complicates the process of building an individual student
maodel, because it introduces more ways to explain the student’s behavior, An error
in the student’s performance may be duc to a missing skill, as with the overlay
and perturbation models, or it may be due to the student’s use of an incorrect
skill. Perturbation modeling expands the space of possible student models grealy,
requiring special technigues to reduce the number of models that must be searched.
In fact, one system (LMS [SLEES3]) approaches the problem of modeling a student
as one of controlling the size of this search space.

The perturbation model still assumes that a student and the expert are similar
enough that a comparison can be made. This assumption has intvitive appeal. In
human interaction, people expect other individuals to be basically like themselves.

L L] i M Bl W mn s R
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The BUGGY programs were designed to model the incorrect (“*buggy”) subtraction
skills observed in the performance of children on tests.* Three programs were buile
during the course of the project. BUGGY, the most commonly mentioned program
is actually a program to help arithmetic teachers recognize student bugs. BUGGY
selects a bug, then asks the.teacher to give it snmpie Prnhl:mﬁ to solve using this
incorrect procedure, A teacher must select problems that isolate the error, tell the
program when they think they have found the bug, then prove that they have
found it by simulating the bug on several problems generated by the system. The
DEBUGGY program reads a student’s test answers and proposes the bug or bugs
that most likely caused the student’s errors. IDEBUGGY 15 an interactive version

of DEBUGGY, with the added capability of dynamically generating problems to
help idensify student bugs.

4.1.1. Description of BUGGY

The goal of the BUGGY programs is to build a diagnostic model of the student: a
model of the internalized set of incorrect instructions or rules capable of duplicar-
ing a student’s behavior. A successful diagnostic model can predict net only wh
problems a student should get wrong, but exactly whar the wrong answer will be.

The diagnestic model is represented using a procedural network [SACE?7] wo
simulate the behavior of a student. A procedural nerwork consists of a conceptial
part, used by BUGGY to represent the subskills used in subtraction, and an op-
erattonal part, consisting of methods (both correct and buggy) for performing the
action associated with the conceptual pan. In the BUGGY programs, this network
formed a lattice called the skill lattice, representing all possible ways a student could
attempt to solve subtraction problems. When a student’s problems are presented
ro DEBUGGY or IDEBUGGY, various combinations of good and buggy methods
are tried to find a complete procedure that most closely matches the performance of
the student. A set of heuristics reduces the number of models to be tried by using
features of the domain, such as dependencies or incompartibilities between the sub-
skills. Burton [BURTS2] reports that eventually the DERUGGY system recognized
110 primitive bugs, and was able to directly recognize 20 common multiple bugs,
plus any combination of up to four primitive bugs.

The student modeling requirements for the BUGGY systems are not great.
Typically only a small set of problems is available for use in determining the buggy
procedure used by a student. Acquiring a specific model for the student consists of

* The work discussed here is reported in [BROW?7, BROW?S, BURTS2]. Of these,
[BROW?78) is the most commonly referenced work and contains the majority of the

results of the work. However, [BURTS2] is a good summary of the entire project,
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to the use of student models in an ITS, and for intelligent tetoring systems in gen-
eral, Perhaps the greatest contribution is the overwhelming empirical evidence that
students do make systematic errors in doing multi-<column subtraction. Before this
work, many teachers believed thar students who performed poorly made random
errors due to lack of intelligence or lack of interest. Brown and Burton proved that
even many of the worst students were very consistent in applying a procedure to
solve problems, Their poor performance was due to using an incorrect procedure.
This observation is important for the future of student modeling, since it implies
that student errors are due to identifiable misconceprions. Furthermore, student
behavior is consistent, hence those misconceptions can be recognized and modeled.

The DEBUGGY system also introduced a method for dealing with noise in stu-
dent vest data. Even though students were consistent in their buggy procedures, they
still made occasional mistakes due to copying or number fact errors. DEBUGGY
has a set of coercions, reflecting typical mistakes of this sort, which it can apply to a
problem. These coercions help to reduce the problem that random noise can bring
to the modeling process.

The BUGGY systems also provide a detailed model of the subtraction proce-
dure. One resule is the realization that even a simple procedure such as subtraction
can be quite complex, and there are many ways that a student can get it wrong. The
skill lattice for representing the possible correct and buggy procedures of students
had the side-effect of being useful in determining how effectively a test measures

each of the component subtraction skills,

-1.3. Criticisms of BUGGY

Several criticisms can be leveled at the BUGGY systems as well. The bugs listed by
Brown and Burton tend to be superficial. Many of the bugs seem to be different
surface manifestations of a few core bugs. The model can be used to reproduce
student mistakes, but not to explain why the student has made those mistakes, Thus
BUGGY does not provide a deep model of student subtraction procedures.

The expert knowledge of the system, although encoding the procedural knowl-
edge necessary to do subtraction, is a black box — it cannot be used to justify or
explain the reasoning of the expert or the student.

All knowledge for this system had to be hand-coded. People had to pore over
student tests and try to determine what bug or combination of bugs could account
for the answers given. When bugs were discovered they were added to the system.
There is no ability to augment the knowledge of the system directly from the

interaction.

il
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4.2. LMS

The Leeds Modeling System (LMS) [SLEES1, SLEE82a, SLEES3, SLEER4] was de-
signed to be a vehicle for exploring student mudeling capabilities. LMS approaches
student modeling as a search problem, with two goals oriented rowards making che
search computationally feasible: (1) contain the search required in creating a student
model, and (2) have the modeler behave in a data directed manner.

4.2.1. Description of LMS

LMS uses production rules to represent the correct skills necessary for solving sim-
ple algebraic equations. Augmenting these correet rules are additional mal-rules
representing possible misconceptions the student might have. Thus LMS uses a
perturbation model for representing the knowledge of students. Building a student
model consists of selecting from the set of rules and mal-rules an ordered list of
production rules capable of simulating the performance of the student on algebra
problems.

Modeling in LMS occurs in two phases, The first phase occurs offline, when
LMS5 generates a complete set of possible student models from the correct rules
and mal-rules, retaining those that give unique results to predefined problem sets.
The second phase occurs online, using the models generated by the offline phase to
letermine whether the student’s behavior can be explained by any of the models

enerated. The online phase proceeds in stages, with each stage designed 1o aug
nent a growing model of the student. At each stage the student must solve a set
of problems designed to test a particular algebraic skill. For example, at one stage
the student may be given a set of problems that require him to move a number
from the left hand side of the equals sign to the right by adding the additive inverse
of the number to both sides of the equation. A mal-rule for this operation might
move the number from left to right, without changing the sign of the number.

The power of LMS is that it uses a systematic search to build the model of the
student. Unlike DEBUGGY, which used heuristics to limit the number of models
that had to be searched, LMS systematically searches the space of possible models,
using an incremental method to build the student model that effectively limits the
size of the search space. At each stage in the online phase of modeling, the potential
models are limited 1o models generated from the existing model by adding either a
carrect or buggy rule for the skill being tested, or perhaps a mal-rule corresponding
to an earlier skill.*

LMS was used by a small number of students who were later interviewed by
educational psychologists who had not seen their performance with LMS [SLEES2a].
The object of this experiment was to compare the student models generated by LMS
with those inferred by the interviewers. This experiment demonstrated thar LMS
still lacked several mal-rules. When those rules were added the models developed

were similar,
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3. Clertcal errors: errors due to miscopying, etc.
4. Random errors: errors for which no explanation can be given.

Ornly the manipulative class of errors is explained by the original LMS model.
Subsequently, additional mal-rules were added that account for most manipulative

and parsing errors.
Marz [MATZ82] has suggested that many parsing errors are a result of students

making incorrect extrapolations from the domain of arithmetic to that of algebra.
Sleeman calls this process mispeneralization and suggests it is another source of
common student errors. Misgeneralization is a mechanism that can explain not
only the behavior of a student, but also the underlying reasons for the behavior.
This psychological knowledge is much more vseful vo a rutoring system, for the
system is now capable of directly addressing the root of the student’s problem.

4.2.2. Contributions of LMS

LMS makes three major contributions to the study of student modeling, First, it is
possible to constrain the search space in constructing a model such that the search
rechnique is computationally feasible.

Second, a data-driven modeler is possible. In particular, the model building
machinery of LMS is relatively domain independent. A production system could be
written for other situations in which a procedural skill is taught and LMS would
deal with them equally well. On the other hand, this technique might not work
well with domains containing a lot of factual knowledge, or in domains that are
not well defined.

Fimally, student errors may be of different classes, representing fundamental
differences in the underlying cause for the error. Developing a psychological theory
tor student errors will be an important step to truly effective modeling.

4.2.3. Criticisms of LMS

Partly because LMS focuses on a particular aspect of the modeling problem, there

are many criticisms which can be raised abourt the system.
The models produced are not psychological models of student learning. Hence,

even though a suitable model can be built for simple algebra, there is no theoretical
basis for claiming that LMS should work in other domains. Furthermore, although
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which must be explicitly provided by the system builder. Not only must the de-
signer encode the basic rules and associated mal-rules of the domain, but also the
many problems used to distinguish between various rules during the stages of online
model building. This requires the builder to be able to anticipate a good deal of

the student’s behavior in a manner similar to designers of branching adaptive CAl
programs.

4.3. GUIDON

The GUIDON [CLANS1, CLANS2], GUIDON2 [LONDS2], and later systems
[CLANS6a] developed as an attempt to use MYCIN-like knowledge bases as a basis
for tutoring medical diagnosis. The overall system has been considered fairly suc-

cessful, but only after some significant changes 1o the representation of the MYCIN
knowledge itself.

4.3.1. Description of GUIDON

GUIDON plays the role of a case method tutor. Students who use GUIDON are
given an |r_ut|1| description of the symptoms of a patient suffering from some strain
of meningitis (the domain of twroring). This is the case. The student then proceeds

to ask questions in an auempt to develop a hypothesis about the particular form
of disease the patient has. GUIDON observes this d:iaiﬂg and may interrupt to ask

questions in order to get the student to clarify his/her strategy, to give advice, or
even redirect the dialog. Thus GUIDON is basically a coaching type of tutor.

GUIDOM2, the successor to GUIDON, uses a differential approach to modeling
the student. The expert model 15 used to generate a reasonable range afpm:!'ifﬂﬂﬂ!,
the set of actions and h]’Pﬂthﬁﬂ thar GUIDOMN2 expects the student should have
because they are what the expert wonld have [LONDS2]. Usually this range of
predictions will be sufficient 1o model the student’s behavior. If not, GUIDON2
starts a data-driven search to find 2 new range which will,

An important discovery of the GUIDON project is that a MYCIN-like knowl-
edge base is not sufficient to provide a good basis for tutoring. Because of the
explanation facilities available in MYCIN, it seems reasonable to expect that this
rule based knowledge would be a good foundation for intelligent tutoring systems as
well. The work with GUIDON proved these expectations to be incorrect, for two
reasons. First, MYCIN rules are very shallow, skipping many of the intermediate
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teristics of a disease, and wses this information to order the data and search process
in developing a diagnosis. This knowledge is independent of the domain and should
be applicable to other situations where GUIDON is used as a wror.

The domain knowledge of NEOMYCIN is grouped into several sections. An
etiological taxonomy is present reflecting the causal relationships between various
concepts relevant to the domain. This taxonomy contains many of the intermedi-
ate concepts an expert uses when reasoning from symproms to an acrual disease.
The domain knowledge also includes world facts important for the diagnosis. The
domain rules of the system are classified into one of four categories:

1. Causal rules linking observed symptoms with concepts in the etiological taxon-

omy.
2. Trigger rules that associate data with the etiologies. These data correspond 10

working hypotheses the expert has.
3. Data/hypothesis rules that associate circumstantial data and laboratory data with

diseases in general,
4. Screening rules used by the expert to control the search.

GUIDON also includes knowledge specific to managing the student model.
Since a differential model is used, the knowledge of the student is considered to be
a subset of the knowledge of the domain expert. The modeler (called IMAGE in
GUIDON2) contains a set of rules to update the model after each step in the dialog.
These rules use the same form of evidential reasoning as MYCIN, so the modeler

can include degrees of belief for elements in the student model.

4.3.2. Contributions of GUIDON

GUIDON has made many contributions in the area of student modeling. A pri-
mary contribution has already been mentioned: the discovery that a MYCIN-like
knowledge base was insufficient to support intelligent twroring. In particular this
means that a rule-based knowledge representation by itself is not sufficient to ensure
a good expert model for tutoring, Typical production rule systems tend to be very
shallow in their knowledge. Such knowledge may be effective for an expert system,
but does not form a psychological model of how people structure knowledge abour
the domain.

A second contribution of GUIDON is the presentation of a psychological model
of how medical experts perform diagnosis. This model, NEOMYCIN, demonstrates
the need to separate several disparate types of knowledge, not only between the
domain and strategy components, but also in the domain itself. It also demonstrates
the need to structure factual knowledge to complement the rule-based knowledge.
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Thus student modeling will require a very sophisticated and diverse knowledge
representation — no single, simple representation will do.

Finally, the use of evidential reasoning to build the student model gives GUI-
DON a tolerance for noisy data. Since noise is an important problem in modeling
a student, the E:pi;c'tt evidennial mamning used b}r GUIDON seems appropriate,

4.3.3. Criticisms of GUIDON

Although GUIDON satisfies many of the criticisms of the previous systems, there
are still some inadequacies. First, since GUIDON uses a differential model with
no bug library, the student model is limited to a subset of the expert model. This
assumption is too strong, even for medical school students with a good background
in the domain.

GUIDON assumes its students are completely familiar with the concepts, fac-
tual data and laboratory tests referenced during the wurorial. Thus the tutoring is
limited 1o the diagnostic process itself, and not factual concepts in the domain of
diagnosis.

The system cannot evolve new notions of possible student models. Thus
GUIDON could not “discover” that a student was using a rule which was un-

| B R R L. ATTITTar et i - i P i (I SRR P |

WUSOR is an advisor for the logical game “Hunt the Wumpus.” A short outline
of this game was given ecarlier. Three versions of WUSOR have been built, The
first used no modeling techniques and the second [CARR77) used a simple overlay
model. The third version, WUSOR-III is more sophisticated than the previous ver-

sions, 15 the most interesting with respect to student medeling, and hence will be
the focus of this section.

4.4.1. Description of WUSOR-III

The I'I'Iﬂdtl.iﬂ'g in WUSOR-IIT [GDLDEI] focuses on how ]'EHEWIEI:IE'E i5 acqulrtd I:I}F
a student. Knowledge of how a student learns information in a domain enables accu-
rate prediction of what items an individual will learn next. This greatly aids model
building, since it serves as a strong constraint on the search space of possible models.
It also aids the intelligent tutor, by giving a clear indication of topics it would be

appropriate to provide help on, and topics the student is likely to misunderstand at
a given point in the session.
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These links represent the way individuals learn new concepts lrom concepts
they already know. Thus the genetic graph is proposed as a psychological model of

how students acquire knowledge of the domain.

The structure of the genetic graph also provides information about student
learning. The connecting links between domain rules naturally represent the inter-
relationships between concepts in the domain. Usually there will be areas of the
graph with a large number of interconnections. These groups are called islands.
Islands represent small bodies of closely relared material that tend to be learned in
units. Islands thus provide a hierarchical structure to the knowledge of the domain,
indicaring areas of knowledge which a student will learn, and the underlying finer
EQHEEP-IE-

WUSOR-II models the student as a pair of specialists, one for problem solving
and the other for learning. The student madel is constructed as an overlay of the
genetic graph. The knowledge of the prablem solving specialist is simply an overlay
of the domain knowledge, which constitutes the nodes in the graph. The learning
specialist consists of a set of strategies for learning new material. The types of links
between nodes in the generic graph reflect the particular learning strategies thar can
be used to learn domain information in the graph. The student model also overlays
these links in the graph, indicating the learning strategies used by the student in
acquiring new information about the domain.

The genetic graph represents the evolution of a student's knowledge. Imitially,
the student model will be an overlay of only a few nodes in the genetic graph. As
the student acquires new knowledge, the student model will grow along the paths
linking previously acquired knowledge with new knowledge. Thus at any time in
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A further advantage of the genetic graph is its ability to predict what knowledge
the student is likely to acquire next. The frontier of the graph serves as a means
tor limiting the search necessary when attempting 1o recognize the knowledge of
a student. By the same technique, the frontier aids in selecting tutoring material,
since it provides a set of items most likely to be relevant and understandable 1o the
student ar a given point in the session.

The structure of the genetic graph can be used to better understand the com-
plexity of the domain. Domains with strongly connected genetic graphs should be
easier to learn than those having relatively few connections. Thus islands in the
graph will tend to be learned as units, while shifting from one island to another

may be very difficult. This shift in complexity may explain why students tend 1o
have dithculties of particular sorrs, or with particular material.

A final, potential advantage of the genetic graph structure is that it may be used
upon itself. The domain of the genetic graph could be the learning strategies them-

selves. Thus a system could tutor not only an underlying domain, but in addition
the learning skills used to learn about the domain.

4.4.3. Criticisms of WUSOR

Unfortunately, WUSOR stills suffers from many problems. First, the genetic graph
15 based on an overlay model. The incompleteness of such an approach seriously
limits the modeling of abilities of WUSOR.

The knowledge representation of the underlying domain is unstrucrured. WU-
SOR uses simple production rules for representing its knowledge. As Clancey has
pointed out, deep structure in the domain knowledge is needed, as well as multi-
ple knowledge representation techniques. Extending the genetic graph for such an
underlying domain may not be possible.,

WUSOR suffers from the noise problem. Although the frontier of the student
model in the genetic graph should represent the current knowledge of the student,
this kﬂﬂw‘ltdﬂf is often uncertain. Students :n:qu'lr'lng new concepis may lltemltf’l}’
use them correctly, then incorrectly. Furthermore, students frequently do not ap-
ply what they learn immediately. Thus hnuw]cdgc on the frontier of the student
model may very well be known by the student, but the lack of use will lead the
psychologist module to doubt that knowledge.

As with the other systems discussed in this section, all knowledge must be pre-
defined by the system authors. The WUSOR system is not capable of recognizing
any student behavior beyond the knowledge it has stored in the genetic graph. For
WUSOR, this means the author must not only encode the domain knowledge, but

also all possible links that connect this knowledge. Such a task would prove very
daunting in practice.
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The genetic graph is rather ad hoc. Different types of links can be created to
meet various needs. There is no theoretical basis for the types of links in the graph,
the justification of their presence is their intuitive appeal.

5. Further Work in Student Modeling

One point made very clear from the work reviewed in the last section is that
deep psychological models of students are needed to provide eHective tutoring. This
means thar the model must go beyond simply simulating student behavior: it must
be able vo explain the underlying causes for that behavior. Since the work in the four
“classic” systerns described in the previous section, several other researchers have
begun to address the problem of building deep student models. In this section three
recent approaches are presented: the work of Johnson and Soloway on PROUST,

the work of Anderson et. al. on GREATERP and the Geometry Tuter, and Brown

and VanLehn's Repair Theory.

5.1. PROUST

PROUST [JOHNS4, JOHNS5] was developed to identify non-syntactic bugs in
novice student’s programs. To do this, it must cope with the high degree of variabil-
ity that occurs in programming, yet correctly identify where a student goes wrong
0 writing a program. Accurate tutoring in this sitvation requires that the tutor not
only identify what has gone wrong, but also determine what the intentions of the
student were in writing the program in this way. Plan recognition by nself is not
sufficient, because the plans may be incorrect implementations of correct plans, or
correct implementations of plans to achieve an incorrect goal. Thus PROUST not
only models the plans students use in writing programs, but also their intentions

in using those plans,
PROUST uses a poal structure and a knowledge base of relations berween goals
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Although PROUST could not be used to explain why the student vsed an erroneous
plan, it does identify the student’s misconception thar a particular plan can be used

to accomplish a particular goal. Thus PROUST provides useful information for
remediation.

5.2. GREATERP and the Geometry Tutor

Anderson e, al, have implemented intelligent tutoring systems in two domains,
using the same basic underlying system. GREATERP is a rutor for novice program-
mers in Lisp, while the Geometry Tutor is designed to help students learning to
write high school geometry proofs. Both tutors are based on the ACT* theory of
cogniton,

The ACT* theory has four main feaures:

- A production rule system, where each rule represents a unir of skill.
The production rules are goal directed, a rule only fires if a goal matches.

A working memory stores all the current knowledge, but this working memory
15 limited 1n size.

A learner becomes more skilled by acquiring new productions. This process i5
called knowledge compilation.

The student model is implemented in a GRAPES, a Goal-Restricted Production
System that implements the features of ACT*. Both tutoring systems have an expert
called the ideal stiudent whose domain knowledge 15 encoded in GRAPES, as well as
a bug catalog of common mistakes or poor strategies used by the student. Together,
the ideal student and bug catalog form the ideal and buggy model (IBR).

The model of the student is built by a technique called model tracing. Essen-
tially, the wutor traces the studem’s behavior through its ideal and buggy model. At
any point many possible production rules may be candidares for application by the
tutor. The tutor infers which rule is appropriate by comparing the student's actions
with the results of applying each of the rules. If the rule selected is a correct rule (a
tule from the ideal student model), the session conrinues. If the rule is a buggy rule,
the witor will interrupt to correct the situation. This tutoring method is based on
empirical evidence that the best time to correct a student misconception is when
it occurs. As a consequence of this philosophy, the student model is never more
than one step away from the correct model, This small divergence enables not enly
accurate modeling, but also more effective tutoring.

GREATERP and the Geometry Tutor both require a great deal of predefined
knowledge for the ideal student model and bug catalog. Given this, the systems
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goal and one is a special case of the other, the more general rule cannot be deleted
without first deleting the more specific rule.

. A set of repair heuristics are used to propose repairs when an impasse is reached.
These heuristics range from simply quitting, or skipping the problem area, to
shifting the focus, or trying analogous rules to overcome the impasse.

. A set of critics to filter out some repairs. The set of repair heuristics will tend
1o generate repairs that are either non-intuitive or are not observed in actual
students. Such bugs are called star bugs. The purpose of the critic is to filter out
all repairs that result in star bugs. Some critic heuristics inclode rules such as
“don’t change a number once it has been written” and “don’t leave a blank in

the middle of the answer.”
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The proposals of repair theory result in several intuitively appealing features:

* Repairs are independent of impasses. This distinction separates the cause of a
problem from the method used for its resolution.

The problem solver is local. When an impasse arises, repair theory attempts to

fix the problem on the basis of the current state of affairs.

®* Due to the use of the stack, the problem solver can only call existing subgﬂah
o7 kB aekaseas T e lsrrueme whhia acpimous sirlepake mamm mmmine rl‘1lr:r||'.'r H 1 FEI‘lﬂ_'i!'.
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providing a tighter theory.

6. Summary: Comparing User Modeling and
Student Modeling

User models and student models are both instances of the more general class of
agent models [KOBS*]. A user model is simply the model a system keeps of the
individual currently using it, while a student model is the model of an individual an
ITS views as a student, When a student directly interacts with an TS, the model of
the individual is both a student model and a user model, implying that user maodels
and student models are in general quite similar.

User models and student models do have distinct characteristics, however, at
least in the way they are generally viewed. This distinction is rooted in how the
models are used, resulting in different m-ndeiing ;ppmaches. This section will ex-
plore the different purposes of modeling students and users, and examine how these
purpases affect modeling techniques. A major conclusion of this study is thar user

models will eventually need to adopt many of the capabilities sought in student
modeling, thus student modeling research is important to user modelers.

6.1. Approaches to Modeling

Work in student modeling and user modeling has been driven by differing system
needs. An [TS presumes that the student either lacks knowledge of the material be-
ing taught, or has misconceprions about that material. Furthermore, the student’s
knowledge is expected to change as the tutoring session proceeds. Consequently
student modeling has had 1o consider how the student represents and reasons about
the knowledge he has. Originally, student modeling sought models capable of du-
plicating student behavior — diagnostic models. A diagnostic medel ean roughly
be thought of as answering the question “How did the student perform this task?”
Diagnostic modeling was soon found inadequate, because the models could not guar-
antee that the student actually used the skills the model attributed to him, only that
the model's performance was similar to the student’s performance. Thus diagnostic
modeling cannot adequately explain how a student performed a task, and cannot
even begin to explain why the student performed the task in a particular manner.
The need to explain why students behave as they do requires psychologically-
based student medels. A principle underlying tutoring systems is that the wtor can
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modeling has concentrared on modeling the user's goals, plans, and beliefs. In such
interactions, the user's knowledge usually is assumed to remain static. The emphasis

in user modeling is primarily on what the user believes or wants, and sometimes
on how the user plans 1o accomplish his goal; rather than on trying 1o model why
a user holds certain beliefs, or how the user's beliefs mighe change.

The different expectations of student and user models is the main reason for
the differences in their modeling approaches. The need to explain why students be-
have as they do has forced student modelers to consider how students organize and
reason with their knowledge, resulting in deep, psychological models of students,
Such models have not been necessary for typical user modeling applications. For
example, a cooperative data base system needs 10 know what a user is looking for,
and what he knows already, in order to respond with the appropriate information
in the best form; but it generally is not expected to know why the user wants the

information.
This gap between expectations of student and user models is not permanent,

however. As the types of systems that employ user models develop, the expectations
of the user model will change. For example, an advisory system must reason about
user beliefs, and why the user holds those beliefs. To recommend a course of action
for the user, the system must convince the user of its recommendation. If the user
holds beliefs that seem to contradice the system's recommendation, the system may
have to reason about why the user holds a belief, in order to demonstrate that the
belief is incorrect, or perhaps to demonstrate that the recommendation really does
not contradict the user's belief. Thus an advisory system needs deep knowledge of
the relationships between the goals, plans and beliefs held by the user.

Deeper models of the user will also be required to support more robust interac-
tions with the user, such as natural language dialog. In reasoning about what to say,
a conversational participant must think about the hearer's knowledge, and about
the conclusions a hearer might draw from a statement. For a system to participate
in robust interactions, it will need the ability to simulate the user's reasoning. One
example of this is the anticipatory feedback process described by Wahlster and Kobsa
[WAHL*]. To support such reasoning the user model must have a deep knowledge
of the the reasoning processes of humans. Ultimarely, this knowledge could form a
psychological model for human communication and reasoning.

6.2. Contributions of Student Modeling to User Modeling

Both the sim:illnriliﬂ berween user and student models, and the anticipation that
user models will develop in ways similar to student models suggest that user mod-
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eling can profit from the progress made in student modeling. This section discusses
five areas where student modeling work can contribute 1o user modeling: the re-
lationship between student models and expert models, the advantage of controlled

interaction, the need for deep mndtling, the need for genemtiw models, and the
noise problem.

6.2.1. Relationship Between Student and Expert Models

TREM W L AR R

Techmiques such as overlay, differential, or perturbation modeling are not lim-
ited to student mudchng domains. These aPPmar_h:s are :Ipp!’ﬂp!’i:l.tl: for user mod-
eling when a body of domain knowledge is the main focus of interaction. Student
madeling has also developed ways for inferring individual models based on the
student’s behavior and the domain model. Such techniques should be applicable to
user modeling as well. In fact, subsequent to his work on LMS, Sleeman used a
similar approach to build a model of the student in UMFE, a user modeling front

end system used in conjunction with an explanation facility for an expert system
[SLEESS],

6.2.2. Advantages of Controlled Interaction

Student modeling in inrelligent wtoring systems benefits from the controlled inter-
action with the student. Typically, an ITS takes responsibility for the interaction
with the student, by driving the interaction with questions or problems that the stu-
dent must respond to. This controlled interaction aids student modeling by limiting
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the range of possible student models that must be considered. The best examples
of how a controlled interaction enhances student modeling are the incremental
technique for building a student model in LMS, and the model tracing technique
used in GREATERP and the Geometry Tutor. The controlled interaction limits
the possible responses a student can make, thus limiting the number of possibilities

that must be considered at any stage in building a student model.
User modeling is not so lucky. Systems that use a user model cover a range

of interaction types, but usually the user controls the interaction, or the user and
system share control. This means that a2 user may viclate the expectations of the
system by changing the subject, volunteering additional information, or perhaps ad-
dressing a related subject, Despite these problems, approaches such as model tracing
are powerful, and may be useful for some user modeling situations. In practice, most
interactive systems have a limited range of capabilities. If the system can identify
what the user wants from the system, this will often constrain the interaction to
particular vopics and forms. Ar this point, a model tracing technique could be used

to effectively build the user model.

6.2.3. Need for Deep Modeling

The need for deep user models has already been argued in Section 6.1. Building deep
user models will not be an isolated activity, however. Systems that require a deep
user model require a domain mode! that is equally deep. Thus highly structured
domain models will be available 1o build user models in relation o, continuing the

close relation noted above.

6.2.4. Need for Generative Models

As deeper models of users or students are built, the potential for differences be-
tween the user or student’s representation of knowledge and the domain model’s
representation become greater. Thus, more complex perturbation models will be
required. On the other hand, these differences may be explained by a small number
of fundamental differences between user and system. One contribution of the work
on repair theory was the notion that a small number of principles accounted for
the variety of bugs in student arithmetic. Repair theory formed a generative theory
of how such bugs were produced. With repair theory, instead of searching a large
collection of potential models for one that most accurately marches a student’s be-
havior, a principled theory of the process can predict when errors are likely, and

what mechanism caused the error.
Far user modeling, a generative theory would focus on characteristics of human

reasoning. For example, such a theory might include rules for how people make
generalizations or analogies, or how people think about actions. User beliefs, goals,
and plans could be inferred by applying these rules 1o information already believed
abnut th: user, Expundmg the user mndz] nglJ}r Such I'l.l]ﬂ muld :llsu be used o

Lt B
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A generative theory is not easy to develop, however. Even in a simple domain
like arithmetic the results were not completely satisfactory, Nevertheless, the un-
derlying motivation is valid. Ultimately, a generative theory for user modeling must
be founded on psychological principles of human behavior.

6.2.5. The Moise Problem

Another contribution of student modeling to user modeling is the recognition of
the noise problem. For the most part, the problem of inconsistency on the part of
the user has been ignored in user modeling. Although a good method for handling
noise has not been achieved in student modeling either, it seems to have received
more attention there, Once again, a proper treatment of user inconsistencies must
wait for deeper psychological explanations of human memory, communication, and
so on. Student modeling scems to recognize the problem, and that a prinfiplcd ap-

proach to handling it is possible. User modeling can certainly beneht from such an
approach as well,

7. Conclusion

This chapter has explored the role of student modeling in intelligent tutoning
systems, with the objective of discovering what user modeling researchers might
earn from the related domain of student modeling. After analyzing several intel-
igent tutoring systems that do student modeling, it appears thar a fundamental
difference between user and studemt modeling approaches has been due to the depth
of information modeled. Student modeling has been forced to build deeper, psycho-
logical models of students to support the needs of a tutoring system. The progress
in student modeling is important to user modeling because the demands on user
models can be expected to follow a similar path. As interactive systems attempt to
support more robust communication, reasoning about the user will require deeper
knowledge of the user’s beliefs and reasoning abilities. Thus the lessons learned in
student modeling are appropriate lessons for user modeling as well.
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Abstract

This chaprer discusses the application of various kinds of default reasoning in system
maintsined models of users. In particular, we describe the general architecture of
a domain independent system for building and maintaining long term models of
individual wsers, The user modeling system is intended to provide a well defined
set of services for an applicatton system interacting with various users, and must

build and maintain models of them. As the application system interacts with a user,
it can acquire knowledge of him, and pass that knowledge on to the user model

maintenance system for i INCOrporaton. We describe a prototype general nser model-
ing shell (hereafter called GUMS) that we have implemented in Prolog. This system
possesses some of the desirable charactenstics we discuss.

1. Introduction — The Need for User Modeling

Systems that attempt to interact with people in an intelligent and cooperative man-
ner need to know many things about the individuals with whom they are interacting.
Such knowledge can be of several different varieties and can be represented and used
in a number of different ways. Taken collectively, the information that a system
has about its users is typically referred to as its user model. This is so even when it
15 distributed throughout many components of the system.

Examples that we have been involved with include systems thar attempt to pro-
vide help and advice [FINIg3, HOWES4, SHRAS2], tutorial systems [SCHUS6b],
and natural language interfaces [WEBBS4]. Each of these systems had to represent
information abour individual users. Most of the information was acquired incre-
mentally through direct observation and/or interaction. These systems also had 1o
infer additional facts about their users based on the directly acquired information.
For trnmple, the WIZARD help system [FINI33, SHRAB2] had to represent which
VMS operating system objects (e. g commands, command qualifiers, concepts, etc.)
2 user was familiar with, and had to infer which other objects he was likely to be

tamiliar with.
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of them. As the application system interacts with a user, it can acquire knowl
edge about him and pass that knowledge on to the user model maintenance system

for incorporation. We describe a prototype general user modeling shell (hereafter
called GUMS) implemented in Prolog. This system possesses some of the desirable

characteristics we discuss.

The next section will discuss some of the general issues that arise in building
user models. In particular, we will deseribe the range of possible issues that one
might address in terms of four aspects: who is being modeled; whart information 1s
represented in the model; how the model is acquired and maintained, and how the
model might be used. The third section provides an overview of the GUMS system
and the kind of user modeling it supports, The fourth section describes the three
kinds of default reasoning that GUMS employs: stereotypical reasoning, explicit
defauls rules and failure as negation. Section five describes some of the details of

the GUMS system, while the concluding section discusses some of the limitations
of GUMS and avenues for future research.

2. What Kind of User Model?

The concept of incorporating user models into interactive systems has become com-
mon, but what has been meant by a user model has varied and is not always clear.
In this section we will discuss, in general terms, what might be meant by the term
user model. We will then characterize the approach to user modeling described in
this work by answering the following questions: who is being modeled; what as-
pects of the user are being modeled; how is the model to be initially acquired and
maintained; and why the mode! is needed.

The term “user model” has been used in many different contexts to describe
knowledge that is used to support an interactive system, A survey of user modeling
in support of natural language interfaces can be found in [KAS588b] and a discussion

of user modeling for intelligent tutoring systems is provided by [KASS*] In this

section, we will look at 2 number of distinctions that will allow us ro focus on an
interesting and important class of “user models”.

An initial definition for “user model” might be the following:

A user model is that knowledge about the user, either explicitly or implicitly
encoded, which is used by the system to improve the intevaction.

The definition 15 too weak, since it endows every interactive system with some
kind of user model, usually of the implicit variety. In this chaprer, we will focus
our attention on those models where the information about the user is explicitly
encoded. In particular, we are interested in user models that are designed along the
lines of “knowledge bases™, By this we have in mind the kinds of distinctions that

are usvally drawn to distinguish a knowledge base from a data base. In the context
of user models, five features are important:

1. Separate Knowledge Base - Information about a user is collected in a separate
module rather then distributed throughout the system.
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stract as well as concrete entities. For example, the system might be able to
discuss classes of users and their general properties as well as individuals.

5. Multiple Use — Since the user model is explicitly represented as a separate med-
ule, it can be used in several different ways (e. g to support a dialog or 1o classify
a new user). This requires that the knowledge be represented in a more general
way that does not favor one use at the expense of another. It is highly desirable
to express the knowledge in a way thar allows it to be reasoned about as well as
reasoned with. Similarly, the model ought to provide no barriers to its use by

several different applications.

User models having these features fit nicely into current work in the broader
field of knowledge representation. In fact, we could paraphrase Brian Smith's feriorna-

edge representation bypothesis [SMIB82] to get something like:

Any user model will be comprised of structural ingredients that a) we as exter-
nal observers naturally take to represent a propositional account of the knowledge

the system has of the user and b) independent of such external semantical attribu-
tion, play a formal but cassal and essential role in the behavior that mantfests that

knowledge.

In the remainder of this section we will explore the large space of user modeling
possibilities by addressing the who, wihat, how and W-Ef}' of user modeling. Our own
system will then be placed within this space.

2.1. Who Is Being Modeled?

Two aspects of who is being modeled are the degree of specialization and temporal
extent. The degree of specialization involves whether we are modeling classes of
users or individuals. Temporal extent refers to the persistence of the knowledge
encoded in the user model — does it expire at the end of the current session or
does it form a long-term knowledge base about the user.

A user model can lie somewhere on a specialization scale that ranges from
generic to individeal. A generic user model assumes a homogeneous sex of users =
all individuals using the system are similar enough with respect to the application
that they can be treated as the same type of user, Many natural language systems, for
example, maintain a single generic user model in order to infer the user’s goals, or
10 recognize a user's misconceptions [ALLEB2Zb, CARBS3, CARNS3Ic, GERSE1].
A somewhat more individuating point on this scale is 1o employ a set of fixed,
generic models to represent different subclasses of users. For example, the UC
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This sort of rule is rtqui!:cd to support the kinds of cooperative interactions
studied in [JOSH84a, JOSH34b], such as the following:

User: Is linc.cisupenn.edu up?
System: Yes, but you can't log on now.
Freventative maintenance iz being done until 11:00am.

Individual user models, on the other hand, contain informarion Epl!'-‘.iﬁﬂ fo 3
single user. A user modeling system that keeps individual models thus will have a
separate model for each user of the system. A simple example of this kind of model
is the commonly used convention of customizing the behavior of a wrilicy such as
an editor or mail system by allowing each user to have a profile file that states his

preferences for various system parameters [RICHS3].

A natural way to combine the system’s knowledge about classes of users with
its knowledge of individuals is through the use of stereorypes — generic models with
specializations for individuals. A sterectype is a cluster of default facts about the
user that tend to be related 1o each other. One can model an individual as belonging
10 a particular stereotype (e g. novice Unix User) with a set of overriding facts (e g

knows bow to use pipes). Examples of systems that have used stereotypes include
GRUNDY [RICH79b], and the Real-Estate Advisor [MORIESb].

2.2, What Is to Be Modeled?

The contents of a user model naturally vary from application 1o application. Fol
lowing Kass and Finin [KASS*], we will classify this knowledge into four categories:
goals and plans, capabilities, attitudes, and knowledge or belief.

A user's goals and plans are intimately related to one another. The user's goal is
a state of affairs he wishes 1o achieve, while a plan is a sequence of actions or events
that he expects to result in the realization of a goal. Furthermore, each step in a
plan has its own subgoal to achieve, which may be realized by yet another subplan.
One of the hallmarks of an intelligent, cooperative system is that it attempts to
help the user achieve his underlying goals, even when not explicitly stated. The
principle way for one agent to know another’s underlying goal(s) is by recogniz-
ing his observable actions as constituting a (possibly partial) plan for achieving a
domain-relevant goal. A great deal of work has been done on the problem of plan
recognition in support of cooperative interactions. Exa mples in the natural language
domain include Allen and Perrault [ALLES0] and Carberry [CARB83, CARBSS,
CARB*]. Intelligent Tutoring Systems have introduced the idea of keeping a catalog
of “buggy” plans [BROW78, SLEERS2a, JOHNB4] as a means of recognizing mis-
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conceptions or missing knowledge. The use of plan recognition is also relevant to
the problem of providing help and advice, as in [FINI83, WILES6].

A second category of knowledge 1o be modeled has to do with the user’s ea-
pabilities. Although some systems might have to reason about a user's physical
capabilities, such as the ability to perform some action that the system may recom-
mend, it 1s more typical for a system to model and reason abour mental capabilities,
such as the ability to understand a recommendation or explanation provided by the

i [ | i r
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The knowledge in a user model can be acquired either explicitly or tmplicitly.
Explicitly acquired knowledge might come directly from the system designer in the
form of built in knowledge of sterectypes, from the application system the user
model is serving, or from the user himself. GRUNDY, for example, begins with
a new user by interviewing him for certain information. From this initial data,
GRUNDY makes judgments about which stereotypes most accurately fit the user,
thus forming an opinion about the preferences of the user based on this initial list
of attributes. As another example, each time the UMFE system [SLEES5] needs to
know a new fact about its user, it simply asks.

Acquiring knowledge about the user implicitly is usually more difficule. Implicit
acquisition involves “eavesdropping” on the usersystem interaction in order to ob-
serve the user's behavior and from it to infer facts thar go into the model Various
aspects of implicit acquisition have been explored, including the use of presup-
positions [KAP582], misconception recognition [MCCO85a, MCCO?®], stercotype
selection [RICH79b, RICH*, MORI85b), and the use of default rules [PERRSS,
KASS87a, KASSE7h).

Maintenance involves incorporating new knowledge about an individual user
mnio an existing model. The new, incoming information might be consistent or in-
consistent with the current model, If it is consistent, maintenance involves triggering
inferences to add additional facts 1o the model. If the new knowledge is inconsistent
with the current model, then the inconsistency must be resolved in some manner.
The possibilities depend on the underlying representation and reasoning systems on

which the modeling system is built. Two major approaches are evidential reasoning,
which allows the model to hold that a certain fact is true with a certain degree of

belief, and defaslt reasoning [REITS0], in which certain facts can be held in the
absence of evidence to the contrary.

2.4. Why Is the Model There?

The knowledge about a user that 2 model provides can be used in a number of
ways in an intelligent, interactive system. The particular opportunities depend, of
course, on the application. Figure 1 presents a general taxonomy of possible uses.
A the 1op level, user models can be used to support (1) the task of recognizing and
interpreting the informartion seeking behavior of a user, (2) providing the user with
help and advice. (3) eliciting information from the wser and (4) oravidine informa-
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Figure 1. Uses for knowledge of the user

component, together with a truth maintenance system, can be used to update the
default assumptions and keep the model consistent.

3. A General User Modeling System

The previous section described a farge conceprual space of user modeling possibili-
ties in terms of four dimensions. This section will place our own work in this space
and give an overview of its major characteristics. Our paradigm for user modeling
might be described as User Model as Deductive Database. The GUMS system allows
one to construct models of individuals that appear to be a collection of facts thar
can be asserted, retracted or queried. Some of these facts are deduced through the
use of inference rules associated with stereotypes to which the user belongs.

Who is being modeled? The GUMS system is designed for building long term
models of individual users. We want to represent the knowledge and beliefs of
individuals, and do so i1n a way that results in a persistent record which can prow
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S
modeling certain things much easier than others. It is casy to construct models that

are expressed as a set of relations. In particular, we do not provide any general
facilities for building deep models of an agent's reasoning strategies or procedural
knowledge.

How is the model acquired and maintained? Our approach in GUMS is to
let the application be responsible for acquisition and to provide a set of services
for maintenance. The application must selece the initial stereorypes for the user
and add new facts about the user as it learns them. How the application discovers
these facts (i.e. explicitly or implicitly) is up to the application. Maintaining the
model involves incorporating these new facts, checking that they are consistent
with previously learned or inferred facts, and resolving any discrepancies and con-
tradictions. This can be accomplished by undoing contradictory default assumptions
and/or shifting the user to a new stereotype. The details of how this 15 done will
be described later.

Why is the model there? Given our goal of producing a general purpose,
domain independent use modeling facility, the uses to which the knowledge in the
model is put are outside of our design. We will, however, give a more syntactic

account of how the model is to be used in terms of how the application interacts
with GUMS.

3.1. The System Organization

Qur goal is 10 provide a general user modeling utility organized along the lines
shown in Figure 2, The user modeling system provides a service to an application
program that interacts directly with a user. Note that the user modeling system does
not have access to the interaction between the application and the user. Everything
it learns about the user must come directly from the application. The GUMS system
has a separate knowledge base for each application it serves. Each knowledge base
consists of two parts: (1) a collection of stereotypes organized into a taxonomy,
(2) a collection of models for the individuals. The individual models are installed
in the stereotype hierarchy as leaves. Figure 3 shows such a hierarchy. As will be
seen later, a stereotype is a collection of facts and rules that are applicable for any
person who is seen as belonging to that stereotype. These facts and rules can be
either definite or defauit, allowing for an individual to vary from the stereotypic
norm.

The application program gathers information about the user through its inter-
action, choosing to store some of this information in the user model. Thus, one
service the user modeling facility provides is accepting (and storing) new informa-
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tion about the user. This information may trigger an inferential process which could
have a number of outcomes:

* The user modeling system may detect an inconsistency and so inform the appli-

cation
® The vser model may infer a new fact about the user which triggers a demon

causing some action (e.g. informing the application).
* The user model may need 1o update some previously inferred default information
about the user.

Another kind of service the user model must provide is answering queries posed by
the application. The application may need to look up or deduce certain information
about its current user.
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These three T.;pi:s of defaul reasoning are closely relared and, in general, formal-
izable in terms of a single type of default reasoning. We have found it convenient,
however, to separate the default reasoning in GUMS for several reasons.

In the GUMS system the different kinds of default reasoning are used to cap-
ture generalizations of different grain size and form a brerarchy with respect to the
strength of their conclusions. Stereotypes are used to capture generalizations of large
classes of users. Within a stereotype, explicit default rules are used o express the
stereotypic norms which are allowed to vary across individuals. Failure as neganon

is used as a general rechnique for gathering weak evidence for beliefs about a user
when no stronger evidence exists.

3.2.1. Sterectypes and Individuals

In GUMS, a stereotype consists of a set of facts and rules that are believed to apply
o a class of users. Thus a stereotype gives us a form of default reasoning in which
each rule and fact in the stereatype is taken to hold in the absence of evidence that
the user does not belong in the stereotype.

Stereotypes can be organized in hierarchies in which one stereotype subsumes
another if it can be thought to be more general. A stereotype 8, is said to be more
general than a stereotype §; if everything which is true about §; is necessarily true
abour §;. Looking at this from another vantage point, a stereatype inherits all the
facts and rules from every stereotype that it is subsumed by. For example, in the
context of a programmer's apprentice application, we might have stereotypes cor-

responding 1o different classes of programmer, as is suggested by the hierarchy in
Figure 4.

Figure 4. A hicrarchy
of stercotypes
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In general, we will want a stereotype to have any number of immediate an-

cestors, allowing us to compose a new stereotype ourt of several existing ones. In
the context of a programmers apprentice, for example, we may wish to describe
a particular user as a SymbolicsWizard and a UnixNowice and a Scribellser. Thus,
the stereotype system should form a general lattice. Our current system, however,
constrains the system to a tree.

A stereotype 1s comprised of several kinds of knowledge, as depicted in Figure 5.
Each stereotype can have a single subsuming sterectype, and a set (possibly empry)
of subsumed stereotypes and a set (again, possibly empty) of individuals currently
believed to be modeled by the stereotype. The real contents of the stereotype, how-
ever, consists of two databases of facts and rules, one definite and the other defaulr.
The definite facts and rules constitute a definirion of sorts for the stereotype, in that
they determine what is necessarily true of any individual classified under this stereo-
type. If our knowledge of an individual contradicts this information, then he cannot
be a member of this stereotype or any of its descendent stereotypes. The default
facts and rules, on the other hand, define our initial beliefs abour any individual
whao is classified in this stereotype. They can be overridden by specific information
thar we later learn abour the individual. The final component of a stereotype is a
collection of meta-knowledge about the predicates used in the definite and default
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15 shown in Figure 6. The facts known about an individual override any default
facts known or deducible from the stereotype associated with the individual. They
must, however, be consistent with the stereotype’s definite knowledge base. If a
contradiction arises, then the individual must be reclassified as belonging to another
stereatype.

There are a number of ways we might go about trying to reclassify an individual
when it is discovered that the current stereotype is no longer valid. In general, we
can distinguish domain independent and domain dependent techniques. Domain
dependent techniques are particularly useful when we have some understanding
of the reasons why a user might be mis<classified. For example, the user may be
learning new domain knowledge while he is using the system and this new knowl-

edge may cause him to "graw out of" the current sterentype. In such a SIEWALION,

we may wish 1o directly encode a “growth path” of stereotypes. Another domain
dependent technique is to treat certain user attributes as triggers which, when true,
evoke particular stereotypes associated with them [RICH*).

Domain independent techniques for selecting a new stereotype in the face of
conflicting information involve (conceptually) two stages: generating candidates for
the new stereatype and selecting from among them, A very general and powerful
technique would be 1o use a classification strategy similar to that used in the KL-
ONE family of representation languages [BRACSS]. Such a strategy would consider
all of the possible stercotypes and find the set of most specific subsuming stereotypes.

In the GUMS system, we have used a very simple domain independent strategy
for finding a new stereotype when the known facts abour an individual contradict

cryrs facte accnriarad weash s srraete ac o oo AL SRS i
SLRISE LSRR SSSOCHCD WA NG USCT 5 CUrTent siefeolype. 1 Ne ancesiors o the current

stereotype are searched in order of specihicity until one is found in which there 15
no contradiction. Thus, we are guaranteed to find a stereorype which subsumes the
user, although it will in general not be the most specific one possible.

Although we have adopred this strategy because of s relative simplicity, both
in terms of complexity and inherent computational costs, it does correspond to some
of our intuitions on how people adopt new sterentypes. The intuition is that the
more we learn about an individual, the less we depend on stereotypic reasoning to
kil in our beliefs about him. This is mirrored in the GLIMS system in its stereotype
shifting strategy. As the system learns more about a user, it will discover contradic-
tions with its current stereotype model. When faced with a contradiction, it moves
up the hierarchy until it finds a stercotype in which the contradiction is resolved.

Moving up the hierarchy corresponds to a lessening of stereotypic reasoning, since
the higher models are necessarily less complete.
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3.2.2. Default Reasoning with Rules

Within a stereotype, we need to describe some knowledge as being necessarily true
with respect to (properly classified) members of the stereotype and other knowl-
edge as defanlt information. This default information is to be raken as true in the
absence of contradictory information. In the GUAMS system, each rule or fact in the
stereotype is either definte (1. e. necessarily true) or defanit. The certain/1 predicate
15 used 1o introduce a definite fact or rule and the defavlt/1 predicate to indicate a

defaule fact or rule, as in:

certain (P). a definite fact: P is true.

certain (P if Q). a definite rule: P is true if Q 15 definitely true, and P is assumed
to be true if ) is only assumed to be true.

default (P). a defaule fact: P is assumed to be true unless it is known to be
false.

defaule (P if Q).a default rule: P is assumed 1o be true if Q is rrue or assumed 1o
be true and there is no definite evidence to the contrary.

Figure 7 depicts graphically the relationships between clauses with certarn and
with defanlt information.

certaln{P) certain(Q)

dedauli{P il Q)

® default({Q) Figure 7. The relationship

default(p) o
ke delaull{P i O} berween certain and default
cjrain:PH clauses

As an example, consider a situation in which we need 1o model a person's
familiarity with certain terms. This is a common situation in systems that produce
text as explanations or in response to queries where there is a wide variation in the
users’ familiarity with the domain. For example, we might use the rules and facts:

(a) default{understandsTerm(ram)).
(b) default{understandsTerm({rom) if understandsTerm{ram)).
()  certain{understandsTerm(pc) if understandsTerm(ibmpc)).
(d) certain{-understandsTerm (cpu)).
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(b)  Assume the user understands the term rom if we know or believe he under-
stands the term ram, unless we know otherwise.

()  This user understands the term pe if he understands the term shmpe.

(d) This user does not understand the term cpre.

3.2.3. Negation As Failure

GUMS also treats negation as failure in some cases as a default rule. In general,
logical deduction is performed wsing an open world assumption. Thar is, the failure
to prove a proposition is not taken as evidence thar it is not true. Many logic pro-
gramming languages, such a Prolog, encourage the interpretation of unprovability
as logical negation. Two approaches have been put forward to justify the negation as
failure rule — making the closed world asswmption and completing the database. In
the closed world approach [REIT78], we assume that anything not inferable from
the database is by necessity false. Making this meta-level assumption introduces a
potential problem in that we do not know whar the corresponding object-level
assumptions are. The second approach is based upon the concept of a completed
database [CLKL78]. A completed database is the database constructed by n:writinlg
the set of clauses defining each predicate to an if and only if definition that 1s
called the completion of the predicate. The purpose of the completed defimition 15
to indicate that the clauses that define a predicate define every possible instance of
that predicate.

Any approach to negation as failure requires that a negated goal be ground (i.e.
contain no uninstantiated variables) before execution.? Thus we must have some
way of insuring that every negared literal will be bound. In GUMS we have used 2
simple variable 1yping scheme 1o achieve this, as will be discussed larer.

We have used a variant of the completed database approach 1o show that a
predicate within the scope of a negation is closed. Making the merta-level assertion
declare (closed(P)) signifies that the definition of the predicate P is actually an if
and only if definition. This same technique was used by Kowalski [KOWA79] to
indicate completion. We further assume thar a predicate is not completed unless it
is declared closed. For example, consider the following clauses:

declare(closedip)).
pifq
rilq

Since the predicate p is complete, proving that 4 is false allows us to deduce that p
5 false, Since the predicate 7 is not complete, proving that g is false does not allow
us 1o conclude thar r is false, although it does provide weak evidence that » may be
false.

Thus in GUMS we have the ability to express that a default should be 1aken
from the lack of certain information (i.e. negation as failure), as well as from the
presence of certain information (i.e. default rules). For example, we can have a

? A slightly less restrictive rule could allow a parially instantiated negated goal to run bug
would produce the wrong answer if any variable was bound.
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default rule for the programmer stereorype that can conclude knowledge about
linkers from knowledge about compilers, as in:

default{knows(linkers) if knows(compilara))

We can also have a rule that will take the lack of knowledge abour compilers as an
indication thar the user probably knows abour interpreters, as in:

certain{knows(interpreters) if ~ knows{compilers))

This system also allows explicic negarive facts, both definite and defaule. When
negation 1s proved in reference to a negative fact then negation is not considered
a default case. Similarly, negation as failure 15 not considered a default when the
predicate being negated is closed. Such distinctions are possible because the GUMS
interpreter 15 based on a four value logic.

The distinction between truth or falsity by defaulr (i.e. assumption) and truch
or falsity by logical imphcation is an important one to this system. The central
predicate of the system is the two argument predicate show, which relates a goal
expressed as a literal ro a truth value. Thus show {Goal, Fal] returns in the vanable
Val the “strongest™ belief in the literal Goal. The variable Val can be instantiated
to true, false, assume ftrue), or assume (false). The meanings of these values are as

follows:
true definitely true according to the current database,
assume (true) true by assumption (i.e. true by default)

assume (false) false by assumption
false definitely not true according to the current database,

These values represent truth values for a given user with respect 1o a given
stereotype. If the stereotype is not appropriate, then even definite values may have
to change.

The relative strength of the four truth values is shown by the partial ordering
in Figure 8. Evidence that a fact is either true or false is the strongest and outweighs
any evidence that the fact is assumed to be true or false. The GUMS system is
“optimistic” in that it takes direct evidence that a fact is assumed to be true to be
stronger than evidence thar a fact is assumed to be false. This choice has been made
to reflect the face tha:, in our current applications, the unprovabilicy of a propo-
sition is weak evidence that it is false. Note thar this multi-valued logic is simpler
than those based on the notion of a bilatrice discussed by Ginsberg [GINS86].

Having a four value logic allows us to distinguish conclusions made from purely
logical information from those dependent on default information. The four value
logie alse allows a simple type of introspective reasoning that may be useful for
modeling the beliefs of the user. We currently use a default rule to represent an
uncertain belief abour what the user knows or believes, but we could imagine a
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assume(false) Figure 8. The relative strength of the four truth values

As an example, consider a situation in which we need to express the fact that a
user will use 2 operating system command that he believes might erase a file only if
he is certain that he knows how to use that command, We might encode this using
the show predicate as follows:

certain{okay _to_use(Command) if
can arasa {iles(Command],
show{know{Command ), true)).

The embedded show predicate forces the know [Command) goal to be a definite
fact in order for the conclusion 1o hold.

Another predicate, assumed (Pred), will evaluate the truth of Pred and “strength-
en” the result. The strengthen operation maps assumed values into definite values
(e.g. assume(true) becomes true, assume{false) becomes false and true and false
remain unchanged). The asswmed predicate is used to express a certain belief from
an uncertain knowledge or belief. For example we might want 1o express a rule that
a user will always want to use a screen editor if he believes one may be available.

cartain (willlee{scresnBEditor) i
aggumed{available{seresnBEditor))).

L T nTerprel hat GLUMS is based on is & metalevel interpreter written in
Prolog. The interpreter must generate and compare many possible answers to
subquery, because of the multiple value logic and the presence of explicit negative
information. Strong answers to a query (i.«. true and false) are sought first, followed
by weak answers (i.e. assumeftrwe) and assume(false)). Because strong answers have
precedence over weak ones, it is not necessary to remove weak information that
contradicts strong information,

Another feature of this system is that we can specify the types of arguments to
predicates, This type information is used to allow the system to handle non-ground
goals. In our system, a type provides a way to enumerate a complete set of possible
values subsumed by that type. When the rop-level show predicate is given a par-
tially instantiated goal to solve, it uses the type information to generate a stream of
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type information, one must declare the data types; the subtype relations between
the types, the instances of these types and, for each predicate, the required rype
of each argument. For example, the following assertions declare thar the canPro-
gram predicate ranges over instances of person and programminglanguage, that
the type functionallLanguage is a sub-type of programminglanguage and that the
value scherne is an instance of the type functional Language:

declare(schemalcanProgrammyperscn, programmingLanguagal)).
declare(subtype(programmingLanguage, functionalLanguage)).
declare{instanceifunctionallanguage schema)).

To see why it is necessary to fully instantiate goals, consider the following
problem. We would like to model a programmer’s knowledge of tools available on
a system. This might be done in order to support an intelligent help system, for
example. We might want to encode the following general rules:

C Programmers tend to use all of the relevant tools that are available to them.
If 2 C programmer does not use some relevant tool, then this is probably because
he is not aware of it.

A person is probably a C programmer if they have ever used the C compiler.
Every C tool is relevant to a C programmer.

We have complete knowledge of every tool a user has used.

Lint is a C tool.
which could be expressed in GLUMS as follows

default{knows(Tool) if relevant({Tool), cprogrammer).

default( ~knows(Tool) if -used(Tool), relevant{Toal)).

defaulticprogrammer if used{cel).

certain(relevant(Tool) if ¢Tool(Tool), cprogrammer).

declare{closad(usad)).

ctool(lint).
Suppose we want to discover a tool of which an individual user is not aware. To
answer this, we would like to pose the query -knows(X) where X is an uninstan-
tiated variable. Let's assume that this is to be done with respect to an individual
knowledge base that includes the following definite facts:

used(ee).

uged{emacs).

used{lz).
The normal interpretation of variables in Prolog goals is that they are existentually
quantified. The normal interpretation of negated goals is failure as negation, i.e.
unprovability, When these two are combined, as in the goal ~used(X), the result is
that the negation “flips” the quantifier, resulting in a goal which is the equivalent
of ¥x not(used(x)). Moreover, satisfying a negated goal will never result in any
variables in the goal being instantiated. Thus, in the example above, we would be
unable to discover any tools which this user did not know about since the negated
goal ~used(X) must fail because it is possible to prove used(emacs).
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all goals 1o be co

I‘-F-IF]ETE'I; grnur.ld ;;'-l.d"ilz-m.reby: avoid this prublcm-:i' Posing t.ht
goal ~knows(X) to GUMS results in the attempt 1o sanisfy a stream of goals which
includes the ground goal ~knows{lint).

4, The Current GUMS System

The GUMS system is currently implemented in CProlog. At the heart of the sys-

tem is a backward chaining meta-interpreter that implements the default reasoning
engine.

Owur current system has several limitations. One problem is that it does not
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?- show(knowsifiles), Val),
Val = assume(falsa).

The reason for this problem is that the current interpreter was designed ta be
able to incorporate new information without actually using a full truth mainre-
nance system. Before a fact F with truth value V is to be added to the data base,
GUMS checks 1o see if an inconsistent truth value 1 can be derived for £, If one
can be, then a new stercotype is sought in which the contradiction goes away,
New knowledge that does not force an obvious inconsistency within the darabase is
added as is. Neither redundant information nor existing default information affect
the correctness of the interpreter. Subtler inconsistencies are possible, of course,

Another limitation of the current system its inefficiency. The use of default
rules requires us to continue to search for solutions for a goal until a strong one is
found or all solutions have been checked. These two limitations may be addressable

by redesigning the system to be based on a forward chaining truth maintenance sys-
tem. The question is whether the relative efficiency of forward chaining will offser

the relative inefficiency of truth maintenance. The use of an assumption based truth
maintenance system [DEKLS6] is anocher alternative that we will investigate.

5. The GUMS Command Language

Our current implementation provides the following commands to the application

show(Query,Val) succeeds with bl as the strongest truth valee for the goa
Query. A Query is a partially or fully instantiated positive or negative literal. Val is
returned and is the value of the current belief state. If Query is partially instantiated
then it will return more answers upon backeracking if possible. In general, one
answer will be provided for every legal ground substitution thar agrees with current
type declarations.

add({Fact,Status) sets belief in Fact to true if it is consistent with the current
set of beliefs abour the user. As described earlier, consistency is checked by trying
to deduce the negation of the Fact. If Facr, or any legal instanee of it, is found to
be contradictory, GUMS adopts successively higher stereotypes until one is found
in which all of the added facts are consistent. If no stereotype is successful then no
stereotype is used and all answers will be based entirely on added facts. Fact must be
partially or fully instantiated and can be either a positive or negative literal. Status
must be uninstantiated and will be bound to a message describing the result of the
addition (e. g. one of several error messages, ok, the name of a new stereotype, etc.).

create_user(UserName,Stereotype,File,Status) stores the current user model
if necessary and creates a new model representing the user who then becomes the
current user. UserName is instantiated to the desired name. Stereotype is the logical
name of the stereotype that the system should assume to hold. File is the name of the
file in which information pertaining to the user will be stored, Status is instantiated
by the system and returns error messages. A user must be created in order for the
system to be able to answer queries.

store_current{Status) stores the current user’s information and clears the work-
space for a new user. Status 15 instantiared by the system when an error occurs.
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