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This paper discusses an approach of establishing
system models of users’ task related characteristics,
such as domain knowledge in human-computer inter-

_action. Several neural networks are tested for the

modelling process. These networks function as
associative memories that capture the causal
relationships among assumptions about the users’
characteristics. The outputs from the networks are
considered as stereotypes assigned to individual
users. It is suggested that this approach can be
expected to overcome some limitations of user mod-

~elling approaches in terms of pattern recognition

and classification.
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1. Introduction

Modern interface systems are event-driven. To adapt
users’ actions, it is very important for an interface
system to be able to predict ‘what this user knows’
and ‘what this user wants to do next’. This means
that systems need to establish and maintain a set of
assumptions (i.e. system beliefs) about the users’
task-related characteristics. The construction of this
set of assumptions is often referred to as user
modelling. The assumptions may vary depending on
the application domain. Usually, they are related to
the users’ plans, goals and domain knowledge, as
well as their cognitive preferences [1]. These
assumptions can be categorised in terms of several
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dimensions. Rich [2] proposed a three-dimensional
taxonomy of user models: the short-term vs. long-
term dimension is concerned with the persistence of
modelled user characteristics over time. The explicit
vs. implicit dimension is concerned with whether
the models are built by the users themselves, or by
the system. The canonical vs. individual dimension
looks at whether a model is specified for a single
user or for a group of users. Generally, the dimen-
sional categorisation of user models aims at classify-
ing the assumptions about users in terms of the time
period in which they are valid, the way in which
they are elicited and represented, as well as the
degree to which they are specified [3].

A hierarchical stereotype approach is the common
user modelling technique used to initialise these
assumptions. This approach predefines the assump-
tions into classes (i.e. stereotype classes), and organ-
ises them into a generalisation hierarchy [2,3], also
called a stereotype hierarchy. Stereotyping concerns
the classes of users, and makes rapid inferences
about the users’ characteristics. The upper-level
stereotypes characterise generic information, and the
lower-level stereotypes carry  specific information
and inherit the assumptions from their ancestors. An
individual user profile is actually a substructure of
the stereotype hierarchy. The function of the infer-
ence mechanism is to extract the substructures
ascribed to users without causing any inconsistency.

2. Limitations in Conventional User
Modelling

During human-computef interaction, user modelling

-proceeds with stereotype assignment through default

reasoning, which allows a user model to retain the
stereotypical knowledge about a user in the absence
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of evidence to the contrary. This approach provides
a simple way in which to initiate a user model, and
is successful in some . applications. However, this
approach has several limitations.

Since the reasoning process is based on default
assumptions that may conflict with the new evidence
obtained as the interaction progresses, the revision
of stereotypical knowledge is necessary to handle
the inconsistencies. A common suggestion is to use
a dependency-directed backtracking process, referred
to as truth maintenance, to eliminate the inconsist-
encies [4,5]. This process utilises the sequential logic
to examine one piece of information at a time. It
is often inefficient, and lacks the ability to detect
noisy or inconsistent information that should be
ignored {3]. Therefore, it is possible that the effort
of maintaining consistency may bring in further
conflicts in the subsequent interaction. Thus, model
construction may fall into the dilemma where a
non-monotonic process of reconciling conflicts is
frequently involved, and eventually, no decision can
be made after a period of interaction [6].

The pre-defined generalisation hierarchy limits the
system’s assumptions within each stereotype that
can be only inherited by the descendant stereotypes.
Therefore, it is difficult to update those assumptions
that are no longer significant in the context of user
modelling. Since a user may fail to fit any set of
stereotypes, the modelling process may fail to
associate any system decision to that user [3]. In
such a situation, however, some assumptions distrib-
uted among the stereotypes might still be useful for
characterising that user. In this sense, stereotyping
approaches have only a limited ability of individual-
isation.

In addition, conventional user modelling systems
tend to be rule-based systems that often encounter
problems of knowledge elicitation. It is often diffi-
cult to specify or update the relationships among
the assumptions and stereotypes. Also, rule-based
systems lack any learning ability. The dynamic
maintenance of the rule base is often inefficient and
error-prone [7].

In this paper, we present an alternative approach
that utilises neural networks as the knowledge rep-
resentation and inference mechanism to establish
system beliefs about the users’ task-related domain
knowledge. Such beliefs are an important part of
user profiles.

3. User Modelling and Pattern
Recognition

It has been suggested that the system’s beliefs about
users should be based on the context of the user’s
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task performance. The fragmented pieces of obser-
vations may not result in any meaningful impli-
cations if they are not examined associatively [3,8].
In addition, the information observed about a user’s
characteristics may be mixed with noise or incon-
sistencies. Therefore, all aspects of the user’s per-
formance patterns must be examined before any
system decision can be made. In other words, the
information about a user should be processed by
pattern recognition so that the system can establish
complete and consistent user profiles.

Neural networks exhibit powerful features in pat-
tern association and classification, fault tolerance,
graceful degradation and signal enhancement. These
features are also required in user modelling. In
addition, neural networks can be trained to general-
ise inferences. In contrast, conventional stereotyping
approaches that use rule-based inference to proceed
through sequential logic may become seriously inad-
equate for processing pattern-formatted information,
especially if there is incomplete, noisy or inconsist-
ent information involved [9].

In neural network-based user modelling, network
nodes represent system assumptions. All assump-
tions are considered to be relevant to each other in
a spectrum that is valued from negative to positive.
The modelling process extracts some assumptions
to form a stereotype that fits a particular user. Unlike
the hierarchical stereotyping approaches discussed |
in Section 1, which use a generalisation  hierarchy
to model users at the stereotype-level, the proposed
approach proceeds at the assumption-level. It over-
comes the limitation of the hierarchical stereotypes,
which is unable to extract assumptions from differ-
ent stereotypes to form a new stereotype.

Several network paradigms are used to test the
proposed approach. The testbed application is to
model the user’s domain knowledge of Unix file
commands. An interface system can tailor its
response to users in file manipulation if the system
has information about the users’ domain knowledge.
For example, formulating the help information on
how to use chmod command may depend upon the
user model, which shows whether or not the current
user knows how to create a file or directory. This
adaptation is particularly useful in applications such
as help systems, information retrieval systems,
tutoring systems and visual programming.

4. Using Pattern Association for
Default Reasoning

Default reasoning is to infer what the user knows
in a task domain [3]. The reasoning process creates
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a large number of assumptions as the output, based
on a small number of assumptions in the input
[4]. Pattern association using neural networks can
simulate default reasoning of rule-based systems
where sequential logic is applied. Two networks,
Bidirection Associative Memory [10,11] and the
Backpropagation model, are implemented and tested
for pattern association.

4.1. Capture the Causal Relationships

A Bidirectional Associative Memory (BAM) is used
to capture the causal relationships between assump-
tions. Each node represents an assumption. The
relationships among the assumptions are weighted
under certain conditions. Once a user’s input from
the dialogue channel is observed, it forms an input
pattern to the BAM. The modelling process is
initiated by activating a few nodes as input, and
propagating the activation throughout the network.
Once all nodes reach stable activation levels, the
assumptions activated in the output pattern are con-
sidered to be the current system beliefs about the
user’s domain knowledge.

A weight matrix is used for representing the
causal relationships. This matrix explores how the
knowledge providers conceptualise the domain and
the relevance among the assumptions in the domain.
This study uses a group of Unix commands in file
processing as the testbed (Table 1). A user profile
of domain knowledge is a collection of assumptions
on whether or not a user knows how to use these
commands. There are 30 positive nodes and 30
negative nodes in the BAM. A positive node rep-
resents the assumption that a command is known to
users; a negative node represents the assumption
that a command is unknown to users.

A group of 34 programmers who have between

two and ten years of Unix experience participated
in the data collection. Each subject is asked to create
a weight matrix expressing the causal relationships
between assumptions. Assuming that a user under-

Table 1. The UNIX commands for file processing.

1 «cd 11  comm 21  awk

2 mkdir 12, cut 22 cat

3  rmdir 13 diff 23 join

4 s 14  grep 24 paste

5  man 15  head 25 pr

6 chmod 16  tail 26  sort

7 cp 17  uniq 27  sed

8§ mv 18 wc 28

9 cat 19  less 29 fmt
10 rmm 20 dd 30 touch
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stands (or does not understand) a command, subjects
are asked to choose other possible commands the
user might also understand (or does not understand),
and assign the belief values to the corresponding
cells. For example, if it is believed that a user who
knows command x may also know command y, then
fill ‘1’ into the comresponding cell in the matrix.
Subjects may use any number between —1 and 1 to
value such beliefs. For example, if the value of w;
is 1, it means that ‘a user who understands command
i must understand command j. The subjects are also
instructed not to work on the commands that they
are not familiar with. An average function is used
to consolidate the matrices from the subjects.

The propagation algorithm has many variances
that can be either linear, non-linear or fuzzy logic
[10,11]. This study uses a non-linear propagation
activation algorithm to associate the input pattern
with an output pattern. Two statuses can be reached
using this algorithm: a deterministic output, or a
mode in which outputs cycle among several patterns.
For the second situation, a union operation is applied
to the cyclic output patterns to generate the final out-
put.

There are 160 different input patterns designed
for training and testing the network, which suf-
ficiently cover representative input patterns. The test
results show that the output pattern has more acti-
vated assumptions than. the corresponding input
pattern. This implies that, given a small number of
assumptions, a larger number of correlated assump-
tions is activated. This simulates the behaviour of
default reasoning. For example, when the input pat-
tern is (0,0,0,0,0,1,0,0,. . .,0), which indicates that a
user understands the command chmod, the associated
output pattern is (1,1,1,1,1,1,1,1,1,1,...,0), which
indicates that the user also understands the com-
mands of No. 1 to No. 10 in Table 1. Of the output
patterns 95% satisfied the following conditions:

(a) The advanced commands in the input yield less
advanced commands. The advanced commands
are those that are more difficult to understand
than others. The criterion for determining the
level of commands is based on general curricu-
lum design for Unix file operation [12]. For
example, the command chmod is more
advanced than the command mkdir.

(b) The inconsistent input does not yield inconsist-
encies in the output pattern. For example, if
the input contains chmod, “chmod and mkdir,
the output pattern contains the assumptions only
implied by mkdir.
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Fig. 1. A backpropagation network.

4.2, Pattern Association

A Backpropagation (BP) network is also tested for
pattern association in user modelling. The BP net-
work uses a nonlinear activation algorithm that
enforces the ability of generalisation [9]. The pairs
of input/output patterns from the BAM model are
used to train the BP network to generalise the
associative information stored in the BAM. A three-
layer network is implemented, shown in Fig. 1. The
nodes of known concepts represent the assumptions
that the user knows how to use the commands. The
nodes of unknown concepts represent the assump-
tions that the user does not know how to use
the commands.

The training data allows the conflicting assump-
tions to offset each other’s influence, so that incon-
sistencies do not appear in the output - pattern.
Table 2 shows the training and testing results. The
recall accuracy is 99%. For the testing data (i.e.
input patterns that are not in the training set), 94%
of the testing results satisfy conditions (a) and (b)
mentioned in Section 4.1.

4.3. Partial Training and Generalisation

We have also considered the situation in which a
new assumption may be added in the modelling
process, which implies structural change to the net-

work. The network’s ability to generalise inferences

on associated assumptions must be tested. The struc-
tural change requires the network to be retrained.
In order to retrain the network, and meanwhile to

Table 2. Training and testing results.

Learning rate 0.50
Number of training cycles 34,000
Number of training data 160
Testing data 90

Recall accuracy 99%
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preserve the effects of previous training, we
designed and tested a partial training approach,
described as follows:

e The training data for a new command is organised
in the way that reflects the closeness between the
new assumptions and the existing assumptions. In
other words, the patterns of training data for the
new commands can teach the network to trigger
nodes that are triggered by functionally closed
commands. For example, once a command more
is added, it should yield similar assumptions as
does the command cat.

e Fix all weights except for those that are on the
newly added connections (i.e. the fixed connec-
tions do not participate in the training process).

e During the training period, present the new train-
ing data on both the input and output layers. The
input vector contains the stimulus on the new
command. The output vector contains all assump-
tions implied by the new command.

After partial training, the weight pattern on the
newly added connections is established. This weight
pattern can provide a similar activation in the output
for the similar assumptions in the input. Four new
commands (pwd, more, cmp, cpio) are added to the
network. The training results are shown in Table 3.
The recall accuracy is 100%. The network converges
much faster. For the testing data (i.e. input patterns
that are not in the training set), 92% of the testing
results satisfy conditions (a) and (b) mentioned in
Section 4.1.

The test result also shows that functionally
correlated commands yield the same assumptions in
output. This result implies that the network can
generalise its reasoning ability to adapt new assump-
tions without being totally retrained. This feature is
particularly important for a dynamic modelling pro-
cess that updates the structure of system belief
space frequently. .

Unlike the hierarchical stereotyping approach,
which uses inheritance as the basic form of reason-
ing and generalisation, our approach implements the
generalisation by deriving the similarity of pattern
representation. This approach has the ability of
default reasoning through pattern.association, and of
uncertainty management due to the nature of neural

Table 3. Training and testing results for partial training.

- Number of training cycles 4,400
Number of training data 40
Testing data 25
Recall accuracy 100%
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networks. In addition, the partial training approach
preserves the previous training effects to allow fast
adjustment of the system beliefs, which facilitates
the dynamic adaptation in the modelling process.

5. Analysis on Completeness

As suggested in this study, because the assumptions
about users are often correlated, a user model should
be created by pattern recognition and classification
in order to generate relatively complete and consist-
ent system beliefs about users. We should consider
three basic aspects that affect the performance of
pattern recognition in the context of user modelling:

e Consistency: this means that inconsistent assump-
tions in input do mnot yield the inconsistent
assumptions in output.

e Ability of generalisation: given a new input pat-
tern that is not included in the training set, or
changing the network structure to adapt to a new
assumption, the network can still generate the
correct output without being totally retrained.

e Completeness: given an input pattern, the associa-
ted output pattern reveals correlated information.
This means that, given a few assumptions as
input, a system can produce adequate assumptions
as output.

We have discussed the first two aspects in the
previous sections. For testing the completeness of
pattern association, we conducted a comparison
study similar to that presented in Chen and Noreio
[13]. A hierarchical cluster analysis is used to test
whether the pattern association is relatively com-
plete. A comparison is made between the output
patterns generated by the networks, and the clusters
derived from a distance matrix in cluster analysis.

The same set of commands (Table 2) is used to
create the distance matrix. We group the commands
according to their functional relationship. Commands
can appear in more than one group. Commands are
sorted in each group by the level of difficulty (i.e.
the first command in a group is the easiest to
understand, and the last one in a group is the most
difficult to understand). Each cell of the matrix is
assigned the value of frequency for a pair of com-
mands that is grouped. Note that this distance matrix
is different from the BAM matrix in semantics. The
BAM matrix only captures the causal relationships
from among the assumptions, whereas the distance
matrix reflects the functional relationships among
the assumptions. For example, a user who knows
the command fimt must know the command cd,
which is implied by a positive link between these
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two commands in the BAM matrix. However, these
two commands are not functionally related, which
is implied by a smaller cell value in the distance
matrix. Generally, the commands listed in the second
column of Table 1 (Nos 11 to 20) are likely to be
grouped together, because they relate to extracting
information from files. The commands in-the third
column (Nos 21 to 30) are likely to be grouped
together because they relate to file manipulation
and transformation.

Clusters are created using the distance matrix and
compared to the output patterns from the networks.
The comparison shows that the output from the
networks exhibit both functional relationships and
causal relationships among the commands. In other
words, the network output implies that if a user
knows a command in one cluster, he/she may also
know some commands in the same cluster. Further-
more, an advanced command not only triggers the
commands/assumptions within the cluster, but also
triggers some less advanced commands/assumptions
in other clusters. It is also noticed that functionally-
related commands in the same clusters do not have
the same power to trigger each other. This implies
that less advanced commands cannot trigger
advanced assumptions, even though they are func-
tionally related. This means that the network output
reveals more information than cluster analysis,
because it reveals not only categorical relationships,
but also the causal relationships among assumptions.

6. User Classification using ART

In our approach, the output from a network is
considered as a user’s current knowledge pattern.
This pattern can be further classified into a certain
category, based on which an interface system can
generate its response. An Adaptive Resonance
Theory (ART) module is tested for classifying the
users’ knowledge patterns. It receives other network
outputs and classifies them based on the pattern
similarity. Conceptually, the comparison layer of
ART stores the patterns learned from the unsuper-
vised training process. The closeness of the input
patterns is controlled by a single scalar called vigil-
ance. The comparison layer recalls a pattern that is
closest to the input. The categorical nodes in the
recognition layer responds to the recalled pattern
in a competitive style [15]. Eventually, only one
categorical node is activated for the given input.
Since the ART module ‘does not need supervised

training, it is particularly useful when there is a

lack of categorical information about users.
The outputs of the BP network are used as the
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input to the ART module. Five output nodes in the
recognition layer are used to indicate user categories.
They represent the categories of expert, expert-inter-
mediate, intermediate, intermediate-novice, and nov-
ice. The data used for training and testing the BP
module is used for ART module training and testing.
The results show that the network can match the
stored-patterns to input patterns, and activates the
corresponding categorical node in output layer. The
vigilance is set to 0.8, with a learning rate of 0.9.
The test results also show that, even though the test
patterns are different from the training patterns, the
comparison layer can still invoke a pattern that
matches the input with a slight variance. '

7. A Framework of Module
Integration

The network modules used in this study can be
integrated into a framework in which each model
functions as a knowledge source that can work either
independently or cooperatively. This framework has
been simulated by presenting the output of a network
to the input layer of another network. Figure 2 shows
the simulation process. The construction of the BAM
matrix is the process of knowledge elicitation. The
BAM’s input and output are used as input (or
training data) to the BP model; the output from the
BP or BAM are presented to the ART module for
pattern classification. The output from any network
is viewed as part of the current user profile.

In this framework, each module can be used
separately for multiple purposes. The training pro-
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Fig. 2. Simulation of an integrated network environment.
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cess can be conducted for either a single module or
the whole system, which makes system adaptation
simple and flexible. In addition, it has been sug-
gested that if a neural network system is composed
of several modules, each module can provide an
insight about current system beliefs, which improves
the system’s ability to explain intermediate
assertions in the reasoning process [3].

We used NeuralWorks Professional II/Plus [16]
as the tool for creating networks and integrating
them into this framework. This tool allows us to
exchange input/output files between different net-
work modules easily.

8. Discussion

The proposed approach is inspired by the neural
networks’ ability of pattern recognition and associ-
ation. This ability is particularly useful for stereotyp-
ing users’ domain knowledge in the following way:

® Default reasoning and generalisation: given an
assumption about a user’s domain knowledge
which can be incomplete, the system is able to
associate more assumptions-to that user. This
network ability simulates default reasoning in a
very simple way. As discussed in Section 4.3,
the ability to respond to novel inputs that bear
some similarity to previously learned examples
can be used for generalisation. Also, the neural
network models- can handle partial or erroneous
cues without any ill-effect [15]. As discussed in
Section 4.1, the conflict assumptions in input do
not yield conflicting output, which is crucial for
default reasoning [6].

e Individualisation: as discussed in Section 2, the
modelling process is not confined by predefined
stereotypes (i.e. sets of assumptions). The system
models a user’s domain knowledge at the assump-
tion level rather than at the stereotype level,
which means that the networks can specialise the
user models better, because more combinations
of assumptions can be created to stereotype indi-
vidual users.

e Knowledge elicitation: conventional rule-based
systems require extensive work on knowledge
elicitation to set up rule bases, which tends to be
a time-consuming and error-prone process [8,9].
The proposed approach only focuses on the
extraction of causal relationships between each
pair of assumptions, which is an easier task than
establishing an entire rule base.

® Reducing system overhead: it is widely recognised
that the implementation and maintenance of neural
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networks is simpler than that of rule-based sys-
tems [8,9]. Furthermore, rule-based systems often
involve either complicated conflict resolutions in
default reasoning, or the belief value revision in
evidential reasoning [6]. In contrast, the consist-
ency can be easily maintained in neural network
systems due to their ability to handle inconsistent
or incomplete information. Modelling is more
efficient because there is no need for a Truth
Maintenance Sub-system (TMS) [4], which is
required in a rule-based system.

9. Conclusion

This paper presents a study that utilises a set of
neural networks as the knowledge base and a reason-
ing mechanism for modelling user profiles of domain
_knowledge. It organises all assumptions into associ-
ative memories in which the relationships among
the assumptions are weighted under certain con-
ditions. This approach views user modelling in terms
of pattern recognition and pattern classification.
Compared to rule-based systems or decision tree-
based systems, it has shown several advantages,
such as rapid default reasoning and generalisation,
insensitivity to inconsistent input, pattern classi-
fication, and learning ability. Also, this approach is
easier to implement and maintain. The knowledge
elicitation process is simpler than the rule-base con-
struction, because only the causal relationships are
considered to initiate the modelling process. Further
research is aimed at incorporating the task infor-
mation into user models to provide a more compre-
hensive basis for system adaptation.
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