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Abstract
Current user interfaces are very complex with a large
number of functions. Intelligent user interfaces try to
help the users performing their tasks. We describe how
(Horvitz et al. 1998) construct and created a user model
to meet the different challenges which exist. Building
on this, we first look how (Hui & Boutilier 2006) model
the user’s features explicitly to suggest help based on
the user’s state. Secondly, we explore how (Shen et al.
2006) predict the user’s current task.

Introduction
Current user interfaces (UIs) are often “bloated” (Mc-
Grenere, Baecker, & Booth 2002) and user tasks are get-
ting more complex and more complicated. In these cases
artificial intelligence can help to reduce the “bloat” in user
interfaces and assist the user.

However, several challenges arise when adapting the user
interface or providing help: Interpreting user’s activities and
predicting goals correctly is very difficult because it is many
faceted and the system has only a limited amount of observa-
tions. These consist normally of the user’s interaction with
the interface. Additionally the decisions have to be made
online in a timely manner. For these predictions a model has
to be created in most cases. Here it is difficult to determine
which variables depend on others and in which way they in-
fluence each other. Once a model is created, the model’s
parameters have to be learned and in some cases missing
data to complete the model is a further difficulty.

Structure of Intelligent UIs
In general intelligent user interfaces are structured as shown
in figure 1. We have a model of arbitrary complexity which
observers the user interfaces, i.e. the user interaction with
the computer. Based on prior knowledge (included in the
model) and previous and current observations it decides how
to adapt or affect the user interface for the user. A user model
can consist of a large number of facets. We will discuss in
this paper two of the most import ones in detail. On the one
hand there are the users features and needs and on the other
hand the user’s goals and tasks, i.e. what the user is doing
and wants to achieve. First we will look on a more general
approach on how to build user models. Then we will focus
first on features and needs and then on goals and tasks.
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Figure 1: Relation of user model and user interface

User Modelling and Deducing Goals
In this section we describe an approach how to model the
user as outlined by Microsoft Research in the Lumière
Project (Horvitz et al. 1998).
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Figure 2: Decision network to deduce whether help should
be provided (Horvitz et al. 1998)

Decision Network for Assistance. Horvitz et al. experi-
mented with automated assistance, i.e. which information
to present to the user, how and when to help the user reach-
ing their goal. They built a decision network for deciding
if the user should receive assistance. As shown in figure 2



the utility depends on the value of the automated assistance,
the cost of the assistance due to interrupting the user, and
the user’s acute needs. The latter one depends on variables,
such as the user’s goals and the task history, and influences
for example the user’s actions. A threshold defines if the
utility is high enough to assist the user.

Creating a Model. They set up a user study with a Wiz-
ard of Oz1 design to find out what is important when creat-
ing such a model. Subjects were asked to perform a certain
task on a desktop computer and were told that they would
receive help on a separate screen. Experts were placed in
another room seeing only the subjects interface and the in-
teraction of the subject with it. With these information they
were asked to give help to the subjects by typing recommen-
dations which were shown on the subjects second screen.
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Figure 3: Bayesian Network to model when assistance is
needed (Horvitz et al. 1998)

The experiment showed that it is possible to identify user
goals and needs, but it is difficult. The experts did need some
time of observation until they could predict more precisely
what the user wants to do. Another major result was, that
if incorrect or poor advice is given, a high cost is associated
with that because users tried to follow that advice which in
turn gave the expert a wrong confirmation.

Additionally they were able to deduce a model when as-
sistance is needed. Figure 3 displays a part of the relation-
ships. On the one hand, whether the user needs assistance
depends on features like the users expertise and the difficulty
of the task. On the other hand the user’s needs influence the
behaviour of the user, e.g. recent menu surfing or pausing
after an activity show that they are not sure what to do. This
can be observed and a system can infer if the user needs as-
sistance.

Time Dependency. The models described so far did not
take into account that variables change over time and that
they depend on previous states. For example the users’ goals
change, because users change their tasks. Such behaviour
can be modelled by a dynamic Bayesian network. It is able
to model variables which change over time and depend on
previous states, such as the goal in our example. As can be

1Wizard of Oz design means that a system is emulated by a hu-
man

Figure 4: Dynamic Bayesian Network to model goals de-
pending on previous states; based on (Horvitz et al. 1998)

seen in figure 4 the goal depends on the previous goal, which
again depends on previous instances of the variable goal.
However, there might also be variables which remain con-
stant over time, such as the user profile, or variables which
change over time but do not depend on their previous state,
such as observation, shown as E in the figure.

Figure 5: Lumière Project: Excel Prototype (Horvitz et al.
1998)

Lumière Prototype vs. MS Office ’97 Assistant. A pro-
totype for Microsoft Excel was created (figure 5) in the
Lumière project. In the prototype the previously discussed
ideas were included. (Horvitz et al. 1998) did not state if
and how the prototype was evaluated, but they discuss how
Microsoft transferred some of these ideas to the Office ’97
Assistant. Similar to the prototype a large range of observa-
tions of the current view and document were used to eval-
uate the user’s goals and needs. However, the assistance is
not based on a model which determines if the user needs
assistance. Neither the user expertise is considered nor is
a persistent user profile established. In the Office ’97 As-
sistant thousands of goals are considered, but only with a
shallow model. All these reductions led to a assistant which
is not very sophisticated anymore.



Inferring User Features
The Lumière project, discussed in the previous section, tried
to infer the user’s neediness. In addition to that, (Hui &
Boutilier 2006) are aiming to infer the user’s state in terms
of user features, which includes emotional state and person-
ality, to adapt the user interface to them. They are modelling
the user’s features explicitly and then try to infer these fea-
tures through observations of user behaviour.

User Model. Users are modelled in terms of their atti-
tudes, which are transient over time, and their personality
traits, which are assumed to be static over time. All these
user parameters are random variables, because of the uncer-
tainty of the user’s needs and preferences. The user state
and type are composed of the user’s attitudes and personal-
ity traits:

e.g. recent menu surfing or pause after an activity show that
they are not sure what to do. This can be observed and a
system can deduce if the user needs assistance.

Time dependency. The models described so far did not
take into account that variables change over time and that
they depend on previous states. For example the users goal
change, because user change their task. Such behaviour can
be modeled by a dynamic baysian network. It is able to
model variables which change over time and depend on pre-
vious states, such as goal in our example. As can bee seen
in figure XYZ the goal depends on the previous goal, which
again depends on previous instances of the variable goal.
However, there might also be variables which stay constant
over time, such as a user profile, or variables which change
over time, but do not depend on their previous state, such as
observation, shown as E in the figure.

Lumire Prototype vs. MS Office ’97 Assistant. In the
Lumire project a prototype for Microsoft Exel was created
(figure XXX). In the prototype the previous discussed ideas
were included. Microsft transfered some of these ideas to
the Office ’97 Assistant. A large range of observations of the
current view and document was used to evaluate the user’s
goals and needs. However, the assistance is not based on
a model which the determines if the user needs assistance.
Neither the user expertise is considered, nor is a persistant
user profile estabilished. Thousands of goals are considered
in the Office ’97 Assistant, but only with shallow model.
All these reductions led to a assistance which is not very
sophisticated anymore.

Who’s Asking for Help?
(Hui & Boutilier 2006) are aiming to explicitly infer the
user’s state in terms of the user’s features. They are mod-
eling the user’s features explicitly and then try to learn these
features. There model is designed for a single goal. They
state that the user’s state is important whether to suggest help
or not. SHOW PICTURE, EMPHASIZE UNCERTAINTY

User Model. They model the user in terms of her atti-
tudes, which are transient over time and her personality traits
which they assume to be static over time. All these user pa-
rameters are modeled as random variables. The user’s at-
titudes are Frustration (F) and Neediness (N). The user’s
personality traits are Tendency to get distracted (TD), Ten-
dency to work independently (TI), Tendency towards frustra-
tion (TF) and tendency towards neediness (TN). The user’s
state consists of {F,N,TD,TI} and the user’s static type of
{TD, TI, TF, TN}.

• Attitudes
– Frustration (F)
– Neediness (N)

• Personality traits
– Tendency to get distracted (TD)
– Tendency to work independently (TI)
– Tendency towards Frustration (TF)
– Tendency towards Neediness (TN)

All variables of the user’s state have a discrete domain of
/1,2,3}, where 1 denotes not, 2 = somewhat and 3 = very
(e.g. N = 2 means that the user is somewhat in need of help
at the moment). TF and TN can only take boolean values (1
or 2), where 1 means true and 2 means false. After all, there
are 36 user types nd 81 user states.

USER MODEL AS PICTURE LIKE IN PRESENTATION,
EMPHASIZE IMPORTANT PARTS

The system maintains a probability distribution over all
user states, which is updated every time a new observation
about the user’s behaviour enters the system. The actions of
the system are based on this belief that a user is in a par-
ticular state (i.e. has certain attitudes at the moment). This
technique is called belief state monitoring.

Dynamic Bayesian Network. They model their system
with a dynamic Bayesian network (see ??) in causal order.
The influential factors can be seen in figure 1. A user’s ac-
cpetance on help depends on the quality of the availabe help,
the user’s tendency to work independently and wheter she
considers help. The user’s consideration of help is depen-
dent on the user’s state (F,N,TD,TI).

More precisely, we develop a generic model of static user type

and transient user state in which both the type and the state are

inferred (or learned) over time based on observations of user be-

haviour. We model the dynamics of user state and the interaction

with a help system using a dynamic Bayesian network, and the rel-

ative benefits of various types of help (and their interaction with

user state) using a generalized additive utility model. The proba-

bilistically estimated user state is then used determine the expected

utility of a specific course of action (various forms of help or lack

of help) at any point in time. This generic model is elaborated in

Section 2. We instantiate this model in a specific text-editing task in

Section 3, with assistance for users with mild cognitive or physical

impairments in mind. However, the general principles illustrated in

this task carry over to any form of automated software assistance.

We discuss simulation results in Section 4, a protocol for learning

model parameters in Section 5, and the results of a preliminary user

study in Section 6. While the user study suggests certain problems

with the prototype implementation, the qualitative results are quite

encouraging and do suggest that this general decision-theoretic ap-

proach to assistance we propose is indeed useful.

2. A GENERIC USER MODEL
We begin by proposing a generic model that allows an automated

assistant to learn about its user.

2.1 User State and User Types
First we consider the factors that influence whether a user accepts

help from an automated assistant, and the value of such assistance,

as shown in Figure 1 (left). Whether a user accepts automated help

depends on the quality of the assistance (QUAL) as well as the

user’s tendency to work independently (TI) and the amount of at-

tention that is directed toward considering help (CONS). For exam-

ple, a user who is highly independent may not consider or accept

help even if it is perfect. The degree to which a user might consider

help depends on the user’s current attitudes toward the automated

agent and general personality traits while working in a computing

setting. Relevant user attitudes include those directed toward the

computing environment, such as frustration (F), and those toward

the immediate task, such as neediness (N). Relevant personality

traits include the user’s tendency to get distracted (TD) and ten-

dency to work independently (TI) on a computer. These influences

are illustrated in Figure 1 (right). Other factors can be modeled

similarly.
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Figure 1: Influential factors. Left: Causes for accepting help.

Right: Causes for considering help.

Together, the variables {F,N, TD, TI} make up the user’s state.
As we will see, these are sufficient to predict the probability of spe-

cific user behaviours (including accepting help) and how costly or

rewarding a user perceives his experience with the automated sys-

tem at any point in time. Consider the follow examples: someone

who is easily distracted may find automated assistance costly be-

cause it prevents the user from completing the task; someone who

currently needs help with a difficult task may benefit greatly from

partial suggestions that helps the user identify the next steps; some-

one who is generally dependent may not mind receiving imperfect

suggestions as much as someone who is highly independent; some-

one who is frustrated with the system now is likely to become more

frustrated with further interruptions and suggestions. We discuss

the precise structure of the reward and cost functions below.

Variables TD and TI are static, reflecting specific user traits that

do not change over time.1 In contrast, F and N are transient, re-

flecting user attitudes that can change, often frequently, during a

specific session. How these transient variables evolve can also be

modeled by assuming additional static user traits. For this purpose,

we propose latent variables TF and TN, representing the user’s ten-

dencies toward frustration and neediness in the application. These

influence the (stochastic) evolution of F and N. We define a user’s

type to be the state of all static user traits: {TF, TN, TD, TI}.
In our prototype application, these user variables are discrete,

with variables F, N, TD and TI having 3 values each, and TN and TD

having 2 values each. F = 1 denotes that the user is not frustrated,
F = 2 the user is somewhat frustrated, and F = 3 the user is very
frustrated. Other variables are defined similarly. As a result, there

are 81 user states and 36 user types.

2.2 Model Structure and Dynamics
Since the user state is partially observable, the systemmust main-

tain a probability distribution, or belief state BEL(F, N, TD, TI)
(BEL for short), over user states given all past observations of user

behaviour (reflecting the relative likelihood that the user is in a par-

ticular state). Based on the current belief state, the system reasons

about the rewards and costs of its actions in order to make an appro-

priate decision, and updates its beliefs after each user observation.

A user’s type (over traits TF, TN, TD, TI), despite having a fixed
value for a specific user, is not known a priori to the system and

thus must also be estimated probabilistically.

The causal relationships in Figure 1 form the basis of our model.

In addition, the availability of automated assistance (HELP) affects

when the user can consider suggestions. Our model incorporates

additional system variables (SYS) and user observations (OBS).

An example of a system variable is the status of an interface widget

that allows the user to directly manipulate its settings. User ob-

servations should be abstracted at a behavioural level, and useful

for inferring the user’s state. Since these observations are domain-

specific, we leave further discussion to Section 3.1.

At a given point in time, the system observes the user’s action,

infers the user’s current state, and decides whether to offer help

at the next time step. Naturally, certain variable values may per-

sist over time, or influence the values of other variables at the next

point in time. For example, a user may be frustrated now, but over

time, the frustration level will decrease if nothing else aggravates

him. To model these temporal characteristics, we adopt a two-stage

dynamic Bayesian network (DBN) model [7], as shown in Figure

2. In this model, variables F, N, and CONS have temporal depen-

dencies on their counterparts in the future, and the values of the

user type variables persist over time. This model allows the system

to learn the user’s type through behavioural observations.

Formally, a two-stage DBN models a joint distribution over a

set of n random variables X = {X1, ..., Xn} at time t ! 1 and
t. We denote the parameterization as !, which specifies the set of
conditional probability distributions, Pr(Xi|Pai) for each Xi and

its parents Pai. In particular, !ijk = Pr(Xi = xk
i |Pai = paj

i ) for

1Naturally, these can change over certain time scales, but we take
these to be static at least over the time frame associated with a rea-
sonably small series of application sessions.
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Figure 1: Influential factors (Hui & Boutilier 2006)

Keeping this infleuntial factors in mind, they model a dy-
namic Bayesian network which can be seen in figure 2. The
user’s frustration, neediness and consideration of help at a
certain point in time depend on their direct values in the past.
The user’s type (TF,TN,TD,TI) doesn’t change over time.
The observations are drawn with double lines. The DBN
observes the user’s behaviour (OBS), which is causally de-
pendent on his current state; the available help and its qual-
ity as well as the direct request of the user for more or fewer
help (SYS).

They do direct inference in the DBN with a clique tree
algorithm. This family of algorithms “is particularly suited
to the case where observations arrive incrementally, where
we want the posterior probability of each node, and where

{ {User
state

User
type

All variables of the user’s state have a discrete domain of
{1, 2, 3}, where 1 = not, 2 = somewhat and 3 = very (e.g.
N = 2 means that the user is somewhat in need of help at
the moment). TF and TN can only take boolean values,
e.g. the user either has a tendency towards frustration or not.
After all, there are 36 user types and 81 user states.

They model the user’s static features with an eye towards
a persistent user profile which may be transferred between
different applications.

The system maintains a probability distribution over all
user states, which is updated every time a new observation
about the user’s behaviour enters the system. The system’s
actions are based on the belief that a user is in a particular
state (i.e. has certain features at the moment).

Causality & Inference. The users’ acceptance of help de-
pends on the quality of the available help, the users’ ten-
dency to work independently and whether they consider
help. The users’ consideration of help is dependent on the
users’ state {F,N, TD, TI}. These influential factors can
be seen in figure 6.

Keeping these influential factors in mind, they model their
system with a Dynamic Bayesian Network (DBN) in causal
order, which can be seen in figure 7. The user’s frustration,
neediness and consideration of help at a certain point in time
is dependent on its value at the last time step (coloured or-
ange). The user’s type {TF, TN, TD, TI} does not change
over time.

The observations are drawn with double lines. The DBN
observes the users’ behaviour (OBS), which is causally de-
pendent on their current state; the available help and its qual-

More precisely, we develop a generic model of static user type
and transient user state in which both the type and the state are
inferred (or learned) over time based on observations of user be-
haviour. We model the dynamics of user state and the interaction
with a help system using a dynamic Bayesian network, and the rel-
ative benefits of various types of help (and their interaction with
user state) using a generalized additive utility model. The proba-
bilistically estimated user state is then used determine the expected
utility of a specific course of action (various forms of help or lack
of help) at any point in time. This generic model is elaborated in
Section 2. We instantiate this model in a specific text-editing task in
Section 3, with assistance for users with mild cognitive or physical
impairments in mind. However, the general principles illustrated in
this task carry over to any form of automated software assistance.
We discuss simulation results in Section 4, a protocol for learning
model parameters in Section 5, and the results of a preliminary user
study in Section 6. While the user study suggests certain problems
with the prototype implementation, the qualitative results are quite
encouraging and do suggest that this general decision-theoretic ap-
proach to assistance we propose is indeed useful.

2. A GENERIC USER MODEL
We begin by proposing a generic model that allows an automated

assistant to learn about its user.

2.1 User State and User Types
First we consider the factors that influence whether a user accepts

help from an automated assistant, and the value of such assistance,
as shown in Figure 1 (left). Whether a user accepts automated help
depends on the quality of the assistance (QUAL) as well as the
user’s tendency to work independently (TI) and the amount of at-
tention that is directed toward considering help (CONS). For exam-
ple, a user who is highly independent may not consider or accept
help even if it is perfect. The degree to which a user might consider
help depends on the user’s current attitudes toward the automated
agent and general personality traits while working in a computing
setting. Relevant user attitudes include those directed toward the
computing environment, such as frustration (F), and those toward
the immediate task, such as neediness (N). Relevant personality
traits include the user’s tendency to get distracted (TD) and ten-
dency to work independently (TI) on a computer. These influences
are illustrated in Figure 1 (right). Other factors can be modeled
similarly.
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Figure 1: Influential factors. Left: Causes for accepting help.
Right: Causes for considering help.

Together, the variables {F,N, TD, TI} make up the user’s state.
As we will see, these are sufficient to predict the probability of spe-
cific user behaviours (including accepting help) and how costly or
rewarding a user perceives his experience with the automated sys-
tem at any point in time. Consider the follow examples: someone
who is easily distracted may find automated assistance costly be-
cause it prevents the user from completing the task; someone who

currently needs help with a difficult task may benefit greatly from
partial suggestions that helps the user identify the next steps; some-
one who is generally dependent may not mind receiving imperfect
suggestions as much as someone who is highly independent; some-
one who is frustrated with the system now is likely to become more
frustrated with further interruptions and suggestions. We discuss
the precise structure of the reward and cost functions below.
Variables TD and TI are static, reflecting specific user traits that

do not change over time.1 In contrast, F and N are transient, re-
flecting user attitudes that can change, often frequently, during a
specific session. How these transient variables evolve can also be
modeled by assuming additional static user traits. For this purpose,
we propose latent variables TF and TN, representing the user’s ten-
dencies toward frustration and neediness in the application. These
influence the (stochastic) evolution of F and N. We define a user’s
type to be the state of all static user traits: {TF, TN, TD, TI}.
In our prototype application, these user variables are discrete,

with variables F, N, TD and TI having 3 values each, and TN and TD
having 2 values each. F = 1 denotes that the user is not frustrated,
F = 2 the user is somewhat frustrated, and F = 3 the user is very
frustrated. Other variables are defined similarly. As a result, there
are 81 user states and 36 user types.

2.2 Model Structure and Dynamics
Since the user state is partially observable, the systemmust main-

tain a probability distribution, or belief state BEL(F, N, TD, TI)
(BEL for short), over user states given all past observations of user
behaviour (reflecting the relative likelihood that the user is in a par-
ticular state). Based on the current belief state, the system reasons
about the rewards and costs of its actions in order to make an appro-
priate decision, and updates its beliefs after each user observation.
A user’s type (over traits TF, TN, TD, TI), despite having a fixed
value for a specific user, is not known a priori to the system and
thus must also be estimated probabilistically.
The causal relationships in Figure 1 form the basis of our model.

In addition, the availability of automated assistance (HELP) affects
when the user can consider suggestions. Our model incorporates
additional system variables (SYS) and user observations (OBS).
An example of a system variable is the status of an interface widget
that allows the user to directly manipulate its settings. User ob-
servations should be abstracted at a behavioural level, and useful
for inferring the user’s state. Since these observations are domain-
specific, we leave further discussion to Section 3.1.
At a given point in time, the system observes the user’s action,

infers the user’s current state, and decides whether to offer help
at the next time step. Naturally, certain variable values may per-
sist over time, or influence the values of other variables at the next
point in time. For example, a user may be frustrated now, but over
time, the frustration level will decrease if nothing else aggravates
him. To model these temporal characteristics, we adopt a two-stage
dynamic Bayesian network (DBN) model [7], as shown in Figure
2. In this model, variables F, N, and CONS have temporal depen-
dencies on their counterparts in the future, and the values of the
user type variables persist over time. This model allows the system
to learn the user’s type through behavioural observations.
Formally, a two-stage DBN models a joint distribution over a

set of n random variables X = {X1, ..., Xn} at time t ! 1 and
t. We denote the parameterization as !, which specifies the set of
conditional probability distributions, Pr(Xi|Pai) for each Xi and
its parents Pai. In particular, !ijk = Pr(Xi = xk

i |Pai = paj
i ) for

1Naturally, these can change over certain time scales, but we take
these to be static at least over the time frame associated with a rea-
sonably small series of application sessions.
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Figure 6: Influential factors (Hui & Boutilier 2006)

ity as well as the direct request of the user for more or fewer
help (SY S).

Exact inference in the DBN is done with a clique tree al-
gorithm. This family of algorithms “is particularly suited to
the case where observations arrive incrementally, where we
want the posterior probability of each node, and where the
cost of building the clique tree can be amortized over many
cases.” (Zhang & Poole 1996).
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Figure 2: A two time-step DBN user model. Solid arcs indicate

intra-temporal links while dashed lines indicate inter-temporal

links. Observations are drawn with double lines.

the kth value of Xi and the jth parent configuration. We discuss

these parameters in more detail in the next section.

The parameters of a DBN are defined by a prior distribution at

time t = 0, a transition function, and an observation model. As an
initial step, we handcrafted these parameters using expert domain

knowledge. The transition function for the user types is the identity

function, since these variables represent persistent traits of a user.

The transition functions Pr(Ft|Ft!1, TFt) and Pr(Nt|Nt!1, TNt)
capture frustration and neediness patterns and how they evolve.

The transition function for CONSt and the observation model for

OBSt are more complicated due to the size of the distributions.

Here, we exploit their common substructure. For example, if help

is not available, the user is not considering it, Pr(CONSt =
not|HELPt = none) = 1.0. If help is available and the user was
considering it (CONSt!1 = yes), then the probability of the user
considering help now is defined as Pr(CONSt|Ft, Nt,HELPt),
which is independent of TDt and TIt. The intuition is that whether

one will (dis)continue to consider help depends on changes in the

levels of frustration or neediness. On the other hand, if the user was

not considering help already, then the current consideration level

will depend on the difficulty of the task and the user’s tendency to

work alone, Pr(CONSt|Nt, TIt,HELPt).
Exact inference in DBNs is done via the clique tree algorithm

[17]. The performance of this algorithm depends on the size of

the cliques which are created based on the dependencies in the

DBN. In the context of user modeling, we are interested in monitor-

ing the system’s belief distribution over the user’s state over time,

given past observations: Pr(BELt|OBS1:t). Let Xt denote the

clique consisting of elements BELt, TFt, TNt, and CONSt. Then

Pr(BELt|OBS1:t) =
P

TFt,TNt,CONSt
Pr(Xt|OBS1:t)which is pro-

portional to
P

TFt,TNt,CONSt
Pr(OBSt|Xt)Pr(Xt|OBS1:t!1). This

equation corresponds to a rollup step in the inference algorithm. In

Section 4, we discuss simulation results that gauge the speed and

accuracy of this process.

We are also interested in predicting the likelihood of a user ac-

cepting help given its quality, the system environment, and past evi-

dence: Pr(OBSt+1 = acc|HELPt+1,QUALt+1, SY St+1|OBS1:t).
This term can also be computed readily using the clique tree algo-

rithm and is used in the system’s decision making policy, which is

described in Section 3.3.

2.3 Reward Function
In modeling a wide range of user types, we must consider multi-

ple conflicting objectives: for general users, a level of independent

functioning is considered desirable, so there is some cost to help;

there is benefit of providing the right help when needed or desired;

there is a cost to providing incorrect suggestions, or suggestions

when not needed or desired. Furthermore, the system should cus-

tomize the degree of help based on its beliefs about the user’s cur-

rent attitudes.

To evaluate automated help, we define a reward and cost func-

tion that incorporate user preferences toward automated assistance.

The reward function depends on the user state and the quality of

the suggestion, R(F,N, TD, TI,QUAL) and is decomposed as fol-
lows: R(F, TI,QUAL) + R(N, TI,QUAL) + R(TD,QUAL). This
generalized additive decomposition reflects the assumption that the

overall perceived value of help (of some specified quality) can be

determined by independent contributions given the current levels of

frustration and neediness (each of these conditioned on degree of

independence) and degree of distractibility. The cost of interrupting

the user is defined as C(F,N, TD, TI), irrespective of the quality of
the automated help. We assume additive independence of the cost

function: C(F) + C(N) + C(TD) + C(TI). We normalize the
range of the rewards and costs to be in [-40,40].

3. TEXT-EDITING ASSISTANCE
In order to infer a user’s state, we need to identify observations

that correlate with those states. Therefore, the detailed structure of

the model must be domain-specific. We chose a text editor as a test-

bed application because it is familiar to many computer users and

its functions are common to other communication software such as

email and online chat. Furthermore, people with vocabulary and

motor disadvantages often find that word processing and word pre-

diction software allow them to concentrate on the quality of writing

and give them a sense of authorship [14]. Within the editor, word

prediction is treated as automated help. The architecture is pre-

sented in Figure 3. Unlike other word prediction software, our sys-

tem will not offer suggestions whenever a letter is typed. Rather, it

learns the user’s traits and needs and make suggestions only when

it believes that the user can benefit from them. This methodology

is generalizable to more complex software and tasks.

Model

User Decision Making

Policy

Language

Model

HELP,QUAL

Abstract Event Interface

letteractionOBS,HELP,QUAL,SYS

BEL

Figure 3: Overall system architecture.

3.1 Deriving Fully Observable Variables
In a typical computing environment, keyboard and mouse events

are the source of fully observable variables. We abstract these

events into behavioural patterns that correlate with user character-

istics. The resulting set of observations modeled in the variable

OBS can be roughly categorized according to the various user state

characteristics with which they are correlated:

• Frustration: continuously pressing a key down, moving the
mouse back and forth quickly, jamming into the keyboard,

multiple fast mouse clicks, explicitly indicating a need for

fewer suggestions

• Neediness: erasing many characters, browsing (surfingmenus,
switching applications) for help, pausing

• Distractibility: browsing (surfing menus, switching appli-
cations) due to distraction, pausing

• Independence: explicitly indicating a need for more or fewer
suggestions, accepting help/suggestions (as a function of qual-

ity)
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Figure 7: Dynamic Bayesian Network (Hui & Boutilier
2006)

Observations. The observation model is domain specific,
but fully observable variables for F,N, TD, TI have to be
derived from the user’s observations. In their paper they use
the domain of text-editing where word prediction is con-
sidered as automated help (i.e. the user is typing text and
the system tries to suggest the most probable word the user
wants to type). In this domain, the observation function for
the user’s frustration can for instance be modelled as observ-
ing fast mouse movements and a rapid sequence of clicks as
well as the user jamming into the keyboard.

Decision Policy. Based on all observations that go into the
DBN, a decision has to be made at each time whether to
suggest help to the user (sHelp) or not. The system rea-
sons about the rewards and costs of its actions, based on the
current belief in the user’s state. The user can either accept
(acc) or reject (¬acc) the suggested help. The expected util-
ity (EU ) for suggesting help:

EU(sHelp) = EU(sHelp|acc)P (acc)
+ EU(sHelp|¬acc)P (¬acc)

The expected utility for not suggesting help is calcu-
lated analogously. The system then carries out the action
with the maximum expected utility, i.e. suggest help if
EU(sHelp) > EU(¬sHelp).



Simulation. They evaluated their user model by running
simulations with their text-editing domain. The user’s be-
haviour was simulated by sampling from the DBN. On av-
erage, their system was able to determine the correct user
type based on the simulated observations for all possible
user types.

Learning Model Parameters. After evaluating their user
model, they learned the parameters for the DBN (prior dis-
tributions, transition functions and observation functions) by
conducting experiments with 45 users. They recorded the
user’s behaviour and acquired the user’s features through
questionnaires. After they collected all the data, they used
the Expectation Maximation algorithm to learn the parame-
ters for the DBN. The reason behind this parameter learning
was to replace their initially handcrafted parameters by pa-
rameters that have been derived from real user behaviour.

User Study and Results. To validate their learned model,
they made a usability experiment with 4 participants by
comparing their adaptive policy MEU2 against the static
policies ALWAYS (always suggest help) and NEVER (never
suggest help) as well as the adaptive policy THRESH (sug-
gest help if its quality exceeds a certain threshold). The task
given to the users was to edit text with a Dvorak3 keyboard.

They got the result that 3 out of 4 users actually preferred
ALWAYS to their adaptive policy MEU. However, the sys-
tem inferred that all 4 users were of the needy (TN = true)
and dependent (TI = 1) type which can explain why they
preferred ALWAYS over their adaptive policy.

Task Recognition
In the previous section we focused on adapting the user in-
terface based on the user’s current needs and attitudes. These
user features naturally change over time because the user’s
tasks change over time. To examine this aspect in more de-
tail we review a paper that focuses on predicting the user’s
current activity (task).

A group at the Oregon State University has developed the
TaskTracer (Dragunov et al. 2005) system which aims to
help multi-tasking users manage their resources. They do
this by associating all accessed files, folder and emails of
a user with user-defined activities. FolderPredictor (Bao,
Herlocker, & Dietterich 2006) is an application that builds
on top of the TaskTracer system and modifies the open/save
dialogue to give the user the most probable folders for the
current task (see figure 8).

The initial TaskTracer system relied on the users to man-
ually switch the task they are currently working on. Because
of this inconvenience they developed TaskPredictor (Shen et
al. 2006) as a part of the TaskTracer system, which tries to
predict the user’s current activity based on the observation
of accessed objects (e.g. windows, files). We are focusing
on TaskPredictor in the following.

2Maximum expected utility
3A different keyboard layout than QWERTY

downward to reach his destination folder. Furthermore, we 
believe that incorrectly predicting a leaf node will be on average 
more frustrating for users than picking an ancestor node that is an 
incomplete path to the desired folder. 

Based on this idea, we developed the following cost-sensitive 
prediction algorithm. 

 

Algorithm 1 (Cost-sensitive Prediction Algorithm) 

Input: A finite set F = {f1, f2, …, fm}, where fi is a folder with a 
positive weight wi, 1! i! m. 

Output: Three recommended folders (descending in predicted 
preference). 
Step 1. Compute a probability pi for each fi by normalizing the 

weights: !
"

"
m

1i
iii wwp . 

Step 2. Build the hypothesis set: !
m

1i

i

"

" HH , where Hi is the set 

of all ancestors of fi, including fi itself. 

Step 3. Compute a distance L(h, f) for each Hh# and Ff # : 
L(h, f) = the length of the path from h to f in the tree-structured 
folder hierarchy. 

Step 4. Return the three different folders a1, a2, a3 from H that 
minimize the expected cost:  

1 2 3

m

i i i i
i 1

  ( , ),   ( , ) 1.0,   ( , ) 1.0}p L a f L a f L a f
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$ % %! min{  

 

In Step 4 of the above algorithm, the cost of getting to a folder fi 
from a prediction (a1, a2, a3) is computed as 

1 2 3i i i{ ( , ),  ( , ) 1.0,  ( , ) 1.0}L a f L a f L a f% %min , because of 
the following facts: 

1) a1 will be set as the default folder of the open/save file 
dialog. This means that the user will be in folder a1 with no 
extra “click” required. Therefore, ) ,( i1 faL  is the cost if the 
user navigates to fi from a1. 

2) a2 and a3 will be shown as shortcuts to the corresponding 
folders in the “places bar” on the left side of the open/save 

file dialog box. The user must execute one “click” on the 
places bar if he wants to navigate to fi from a2 or a3. 
Therefore, an extra cost 1.0 is added.  

3) We assume the user knows which folder to go to and how to 
get there by the smallest number of clicks. Therefore, the 
cost of a prediction (a1, a2, a3) is the minimum of 1 i( , )L a f , 

2 i( , ) 1.0L a f % , and 3 i( , ) 1.0L a f % . 

FolderPredictor runs this algorithm whenever the user switches 
task and whenever the folder weights are updated. The returned 
three predicted folders are stored for recall by the FolderPredictor 
UI when needed. 

6. FOLDERPREDICTOR UI 
A basic design principle of FolderPredictor is simplicity. This 
basic principle greatly influences the UI design – FolderPredictor 
actually has no independent UI. 

FolderPredictor shows its predictions directly in the open/save file 
dialog provided by the Windows operating system. It hooks into 
the native Windows environment and is transparent to the user. 
Therefore, FolderPredictor carries no overhead for the user to 
learn additional interactions. 

Figure 4 shows an example open file dialog box with 
FolderPredictor running. The three predicted folders are shown as 
the top three icons in the “places bar” on the left. The user can 
jump to any of them by clicking on the corresponding icon. The 
most probable folder is also shown as the default folder of the 
dialog box so that the display will show this folder initially.  

There are five slots in the places bar. By default, Microsoft 
Windows places five system folders (including “My Computer” 
and “Desktop”) there. Informal questioning of Windows users 
revealed that several of these shortcuts were not commonly used. 
Thus, we felt it was safe to replace some of them by predicted 
folders. By default, FolderPredictor uses three slots for predicted 

Figure 4. FolderPredictor is integrated into the open file 
dialog box. 

Figure 3. An example folder hierarchy. Each node of this tree 
denotes a folder. Child nodes are sub-folders of their parent 
node.  

CS 534 

HomeworksPresentations 

Part 1 ... Part 2 Part 9 Hw 1 ...Hw 2 Hw7

... 

181

Figure 8: FolderPredictor, an application of TaskTracer.

TaskPredictor. The TaskPredictor consists of two parts,
namely Taskpredictor.WDS and TaskPredictor.email.
Taskpredictor.WDS aims to predict the task based on
events, called Window-Document-Segments (WDS),
whereas TaskPredictor.email predicts the task based on
incoming email messages. We will concentrate at TaskPre-
dictor.WDS in the following, but TaskPredictor.email is
similar.

“A WDS consists of a maximal contiguous segment of
time in which a particular window has focus and the name
of the document in that window does not change.” (Shen et
al. 2006)

TaskPredictor.WDS. TaskPredictor.WDS extracts the in-
formation from the WDS (window title, filename, path, and
website url if applicable). It then segments the information
into a set of words and adds them to a global set of unique
words that have been collected from all events so far. For
each event, it keeps the feature set of the event’s unique
words (see figure 9). TaskPredictor.email is very similar,
it just uses the properties of the incoming emails instead
(sender, recipients and subject).

Set of all wordsWords of event
(WDS)

Figure 9: Feature set

Machine Learning Methods. In order to make the predic-
tions, they employ three machine learning methods: Clas-
sification thresholds, Mutual information feature selection
and a Hybrid Naive Bayes / Support Vector Machine (SVM)
classifier.

First, they apply feature selection to reduce the amount
of features that will be taken into account for the prediction.



The intention is to improve the accuracy of the classifier by
reducing its complexity and additionally gaining speed by
doing that.

Classification thresholds are used to decide whether the
system should make a prediction or not, based on the classi-
fication confidence.

A Naive Bayes classifier is used to compute the classi-
fication confidence. It estimates the probability density on
the neighbourhood of the current event. If there have been
similar events before, it is more likely that the current event
refers to a specific task. It is also fast to compute because it
assumes that all features (here words) are independent.

The actual prediction of the user’s task is done by a Sup-
port Vector Machine (SVM). A SVM is a linear classifier
that separates objects into two classes such that the class-
border has the most possible margin to all objects. It is
therefore called a large margin classifier and has been shown
suitable for text prediction (Shen et al. 2006).

Classification thresholds. Let x be a vector of features
extracted from a WDS and y be a task. Then the probability
of x is

P (x) =
∑

y

P (x|y)P (y)

which is calculated by the Naive Bayes classifier and es-
timates the probability density on the neighbourhood of x.
Then they use a threshold θ and only make a prediction if
P (x) > θ, i.e. the prediction confidence exceeds the thresh-
old.

Feature Selection. A stopword list is used to get rid of
very common words (like “open”, “to”) because they would
otherwise appear in a lot of events and make the prediction
less accurate. They also apply stemming of words before
they store them in the feature set (e.g. jumping→ jump). Fi-
nally mutual information is used to choose the 200 features
with the largest (individual) predictive power. “Intuitively,
mutual information measures the information that X and Y
share: it measures how much knowing one of these variables
reduces our uncertainty about the other.” (Wikipedia 2006)

Naive Bayes + SVM classifier. As mentioned previously,
Naive Bayes is cheap to compute to estimate the probability
of an event. Support Vector Machines are supposed to have
higher predictive power in general.

The Naive Bayes classifier is used to estimate the proba-
bility P (x) of the current event x. Then the actual prediction
of the most probable task is made with the SVM, but only if
P (x) exceeds the given threshold θ. If P (x) ≤ θ, no pre-
diction is made because the system in not confident enough
to predict the current activity (according to θ).

Results. The results are measured in terms of coverage
and precision. Coverage denotes the fraction of cases in
which a prediction was made, in other words the system was
confident enough in its prediction. Precision is the probabil-
ity that the prediction being made is correct.

The effect of the classification threshold θ: A low θ causes
high coverage with a low precision. High θ results in low
coverage with high precision on the opposite. The overall
goal is to have high precision, even at low coverage. This
is because the system doesn’t want to interrupt the user if it
is not very confident in the prediction that can be made. So
they fixed the precision to 80% and found out that they could
get a coverage of 10% and 20% (they only had two subjects).
They even got better results for TaskPredictor.email, they
could get 92% precision with 66% coverage.

They got slightly better results with their hybrid classifier
than with either single Naive Bayes or SVM as can be seen
in figure 10.
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Figure 4: Precision of TaskPredictor.email as a func-
tion of the number of features K (! = 0). Error bars
denote 95% confidence intervals.

For both FA and FB, we can see that reducing the num-
ber of features generally improves the performance of both
Naive Bayes and the SVM. For FA, SVM gives higher preci-
sion than Naive Bayes when the number of features is very
large, whereas Naive Bayes does better when the number of
features is less than 400 (although the di!erences are not
statistically significant). For FB, the SVM always outper-
forms Naive Bayes, and most of the di!erences are signifi-
cant. Note that for FA, the best precision attained is around
93%, while for FB, the SVM does better than 95%. We set
the number of features K to be 200 for both FA and FB.

Figure 4 plots the precision as a function of the number
of features for TaskPredictor.email. Here, the results are
quite di!erent, perhaps because the classification threshold
was set to zero, so that TaskPredictor.email was forced to
make a prediction for each email message. We see that best
performance is achieved when a large number of features are
available. Indeed, the SVM achieved maximum performance
when all features are included, while Naive Bayes attains
the maximum when 500 features are available. However,
none of these di!erences is statistically significant, so we
set K = 200, because it makes the learning and prediction
algorithms much more e"cient.

4.3 Effect of the classification threshold
Now we analyze the e!ect of the classification threshold.

Figure 5 and 6 show the precision of TaskPredictor.WDS
as a function of the coverage of the algorithm. These val-
ues are averaged over all of the days of the test data. The
coverage is the percentage of WDSs for which a prediction
was made, and the precision is the probability that the pre-
dictions made were correct. The value of the classification
threshold ! is implicit in these plots. Low values of ! corre-
spond to high coverage, and high values of ! give low cov-
erage. We see that as we increase !, the precision increases
very well. TaskPredictor.WDS is able to attain a precision
of 80% with coverage of 10% for FA and a precision of 80%
with coverage of 20% for FB.

Figure 7 plots the precision versus coverage for TaskPre-
dictor.email. Again we observe that larger values of ! (i.e.,
lower coverage) give higher precision. Naive Bayes is able
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Figure 5: Precision of TaskPredictor.WDS as a func-
tion of the coverage for FA, created by varying !.
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Figure 6: Precision of TaskPredictor.WDS as a func-
tion of the coverage for FB, created by varying !.

to attain a precision of 91% with a coverage of 66%, and
the hybrid method is able to do slightly better, with a pre-
cision of 92% at a coverage of 66%. Note that the hybrid
method always gives better precision for the same coverage
than Naive Bayes.

4.4 Effect of the Hybrid Method
The preceding figures also show the e!ect of the Hybrid

method. For FA (Figure 5), the Hybrid method gives preci-
sion that is essentially the same as Naive Bayes when cov-
erage is small and the same as the SVM when coverage is
larger. For FB (Figure 6), the Hybrid method gives bet-
ter performance than either Naive Bayes or the SVM when
coverage is small and performance similar to the SVM with
coverage is larger. For TaskPredictor.email (Figure 7), we
see that the Hybrid method always outperforms the Naive
Bayes method at all coverage levels.

These results show that the hybrid method gives perfor-
mance equal to or better than the best single method (Naive
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Figure 10: Results for TaskPredictor.WDS (Shen et al.
2006)

Summary and Future Directions
We have discussed how to use user modelling for imple-
menting intelligent user interfaces. Decision networks can
be used to decide if a user interface should assist users, but it
has to be taken into account that this is a interruption which
has a cost associated with it. In most cases the cost is even
higher if the suggestion is poor or even wrong. User models
can be rather complex, but simply reducing the complexity
will in most cases lead to a tool with limited intelligence
which has no use or is even annoying for the user.

We have seen the approach of (Hui & Boutilier 2006),
which aimed to infer the user’s features explicitly to decide
when to offer help to the user. They developed a general user
model which can be used in different domains and demon-
strated its feasibility for the task of text-editing where the
user’s goal is typing words. They are currently applying
their model to a different domain with changing user goals,
so they have to alter the prediction model to take that into
account.

(Shen et al. 2006) focused on the classification of user
activities. They did this in order to support them fulfilling
their tasks, e.g. by modifying the open/save dialogue for



applications (see Figure 8). They employed several machine
learning methods, especially a hybrid Naive Bayes / SVM
classifier, to increase the accuracy of the prediction being
made.

We think that both components, knowing the user’s fea-
tures (including emotional state and personality) and know-
ing what the user is currently doing, are necessary to im-
prove the quality of modern user interfaces.

To improve intelligent user interfaces the range of obser-
vations should be broadened to enable a more precise pre-
diction. Intelligent systems should be tested with users to
find out if the automatic adaptation is accepted by users and
does not interrupt too much. Although user interfaces are
very complex today and automatic adaption is helpful, users
also want to be able to predict how the interface behaves.
These are competing goals and it is a very difficult to find
the right trade-off.
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