
Abstract
Familiar is a programming by demonstration agent
that works with a set of common, unmodified ap-
plications on a popular computer platform. At the
user’s request, the agent can help complete itera-
tive tasks by predicting and performing the user’s
subsequent actions. Predictions are made using a
set of independent algorithms, often with conflict-
ing results, forcing the agent to decide which is
most likely to be correct. We approach this deci-
sion by gathering statistics pertaining to each pre-
diction, and using machine learning techniques to
build a model of prediction correctness. The re-
sulting classifier is used to select predictions. The
machine learning technique is superior to the heu-
ristics previously used, and learning about the user
by incrementally updating the classifier further im-
proves the quality of the predictions made in an
experiment that evaluated Familiar with real users.

1 Introduction
Computer users often face iterative tasks that they can only
solve by repeating an action or set of actions. For example, a
user might have to download an image from an FTP site,
change it somehow, and return it to the site. Though easily
accomplished, this task quickly becomes tedious when tens
or hundreds of files must be edited.

A user with sufficient programming experience can
write a program or script to automate tasks such as this, but
the majority of users are non-programmers, and this solution
is not available to them. Even experienced programmers
face difficulties, as it is not always possible for their pro-
grams to exploit the functionality of other applications, and
any program will at the least require debugging and testing.

Programming by demonstration (PBD) is a potential so-
lution to this problem and many other problems that involve
expressing iteration through a user interface [Cypher 1993].
PBD is an end-user programming technique that lets users
generate programs by demonstrating the task they want to
perform. The PBD system observes the user's demonstra-
tion, and attempts to infer their intentions. If the system can
learn enough about the user's task, it can generate a program
that will, when invoked, complete the task.

The simplest and most widely used example of PBD is
the macro recorder. Macro recorders let the user demon-
strate a series of keystrokes and mouse movements, which
are played back verbatim when the user invokes the macro.
Macros are simple, general, and often application-
independent, but useful only for tasks that do not change
from one iteration to the next. Macro learning might be
compared to “rote learning” in a human educational con-
text—the macro recorder can only repeat what it has been
shown; it cannot interpret its instructions, or generalise and
apply them to other, similar, tasks.

More sophisticated PBD systems learn the entire task
from the user, including the actions to take and the relevant
data [Cypher, 1993]. One such system is Eager, an agent
that helps users automate tasks in the Hypercard multimedia
environment [Cypher, 1991]. In one example Eager helps
the user make a list of email subject lines. The agent learns a
series of actions from the user’s demonstration: select the
subject text, copy it, move to the text editor, type the head-
ing number on a new line, paste in the text, and go on to the
next email message. From the final step the agent infers that
the actions are to be applied once to every message.

Like Eager, Familiar is an agent that uses programming
by demonstration to help end-users automate iterative tasks.
Familiar lacks Eager’s sophisticated user interface, but is
more general: it can learn a wider range of tasks in a variety
of applications, and uses existing applications without modi-
fication. Familiar analyses and predicts user actions using
several competing algorithms, and must then select the best
prediction to present to the user.

In this paper we describe our use of machine learning
methods to select the best prediction. We use a pre-
computed decision tree and observe an increase in perform-
ance over a set of existing heuristics. We then tailor the
classifier to a specific user by incrementally updating the
decision tree during the user’s demonstration and observe a
further increase in performance.

2 Familiar
Familiar is a PBD system that works with a set of unmodi-
fied applications on the Macintosh computer. Unlike a
macro recorder, Familiar can generalise a series of actions
and apply those actions to new data. Familiar can generalise
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from multiple demonstrations to learn tasks that change
from one iteration to the next.

In a formal evaluation, we found that even inexperienced
computer users are capable of using Familiar to automate
iteration, and will do so in many circumstances [Paynter and
Witten, 1999]. The participants automated tasks that
spanned several applications, involved up to 15 high level
events, and required a range of prediction techniques.

2.1 Using Familiar to automate a task
Figure 1 shows an example of Familiar's use. The user starts
by positioning file “a”  in the top of a window (Figure 1a)
and these actions are recorded (Figure 1b). They repeat the
demonstration for file “b”  (Figure 1c) and again the event
trace is recorded (Figure 1d).

Familiar examines the event trace and makes two pre-
dictions of the next event, displaying them in the Familiar
predictions window (Figure 1e): selecting the next file, and
activating the Finder. The user wants to select the next file,
so clicks on the first prediction, and Familiar instructs the
application to carry it out. For the next event, Familiar pre-
dicts only one command (Figure 1f), setting the position of
the selection. The prediction is correct, so the user clicks on
it and the application again carries it out. The user can see
the file being repositioned in the tutorial example window.

Next, Familiar correctly predicts the user will select file
“d”  (Figure 1g). Instead of continuing to execute one action
at a time, the user now clicks on the expand button (labeled
“e”) next to the command description. Familiar displays the
entire iteration of the cycle starting with that command
(Figure 1h). The user now has the option of asking Familiar
to perform complete iterations of the cycle.

The user presses the one times button (labeled “1x”) and
the cycle is executed once (positioning file “d” ) and Famil-
iar’s prediction of the next iteration is displayed (not
shown). There are 22 more files to complete, so the user
types 22 in the n-times field (replacing the default value, 20,
visible in Figure 1h) and presses the times button. Familiar
performs 22 iterations of the cycle, completing the task.

2.2 Learning the iterative task
From the user's perspective, Familiar appears to learn a task
by making correct predictions, and by correcting any incor-
rect predictions it has made in response to new demonstra-
tions. When Familiar predicts the wrong command, the user
demonstrates the correct action instead of accepting the pre-
diction, and expects the agent to “realise” that it has made a
mistake and to learn the correct behavior from the counter-
example. If Familiar makes a correct prediction in the next
iteration, it can be said to have learned that aspect of the
iterative task from the user's demonstration; if not, the user

(a) (b)

(c) (d)

(e)

(f)
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(h)

Figure 1: Using Familiar to automate a simple task. The user demonstrates the first iteration (a,b) and the second (c,d),
and Familiar predicts the next three steps (e,f,g). The user expands the final prediction (g) to display the entire cycle (h).



is forced to demonstrate another example. The faster a PBD
system is able to learn from the user’s examples, the sooner
it will be useful.

The high-level event trace
Familiar records each action the user makes and builds a
high-level event trace of the user's commands. Figure 2
shows an excerpt from the event trace of the iterative task
performed in Figure 1.

Familiar's predictions are based on the sequences of
command types and parameters in the event trace. In Figure
2 the sequence of command types is activate, select, set,
select, set, select. After each command Familiar uses a set of
sequence recognition schemes to search the sequence for
iterative patterns. After the sixth event one of these schemes
suggests that the user is repeating a cycle of two steps, set
and select, and that the next step is a set command.

Sequence recognition schemes are executed in parallel,
and each can detect several cycles. Familiar makes predic-
tions based on all the cycles detected, and displays them in
the prediction window. For example, two predictions based
on different cycles are displayed in Figure 1e. When the
user selects a prediction, that cycle and sequence recogni-
tion scheme are updated. The other cycles, and the sequence
recognition schemes that detected them, are discarded.

2.3 Pattern analysis
Once a cycle of high-level events is identified, Familiar uses
pattern analysis schemes to predict each parameter of the
next command based on the values it observed in the previ-
ous iterations. In this example, the seventh event is a set
command, which has two parameters: the direct (or set) pa-
rameter and the to parameter.1 These parameters are pre-
dicted by the pattern analysis schemes.

Familiar predicts that the value of the direct parameter is
position of selection because its value was constant in the
two previous iterations; and that the value of the to parame-
ter is {65,0} because this is the most likely extrapolation of
the two previous values: {1,0} and {33,0}. A prediction of
the entire command is constructed from these parameter
predictions: set position of selection to {65,0}. This is the
prediction Familiar made in Figure 1f.

Multiple predictions
Familiar seldom makes a single prediction. At both levels of
prediction (sequence recognition and pattern analysis) it
uses several prediction algorithms in parallel. Many PBD
                                                

1 There may be other parameters which have null values and
are not displayed.

systems, such as [Cypher 1991], have prediction engines
that attempt to calculate the “best” prediction of an event
using a single, complex algorithm, often incorporating do-
main knowledge specified by the developer. Generally, such
an algorithm will search first for the most obviously correct
predictions, then for less and less likely alternatives, until it
finds a sufficiently reliable estimate of the next command.

Familiar was designed to explore many different predic-
tion schemes, including existing machine learning and se-
quence recognition algorithms. The implementation uses
each of the pattern analysis schemes to make fast—and pos-
sibly inaccurate—predictions in parallel. The agent must
then decide which of the predictions to suggest to the user in
the Familiar predictions window.

The pattern analysis schemes implemented at the time of
the user evaluation are described in Figure 3. Consider the
direct parameter of the select command in row 6 of Figure
2, whose first two values are file “a”  and file “b” . After the
second iteration, when cycle is detected, the pattern analysis
schemes attempt to predict the third value. Three schemes
make predictions: PAS-constant predicts that the next value
will be file “b” ; while PAS-extrapolation and PAS-set both
predict that the next value will be file “c” . The agent has to
evaluate each prediction and decide which to display.

Evaluating competing predictions
The predictions made by the different pattern analysis
schemes are not directly comparable. In the current imple-
mentation, each scheme makes zero or one predictions, and
there can be up to seven conflicting predictions of the value
of a parameter. We do not know if one scheme is more
likely to be correct than another, or in what circumstances
the predictions of a particular scheme are correct. How, for
example, should a prediction made by PAS-extrapolation be
compared to one made by PAS-ML-information?

The question is important because a PBD system is only
be useful if it can be trusted enough to work autonomously,

1 activate -- Finder
2 select file “a” of folder “tutorial example”
3 set position of selection to {1,0}
4 select file “b” of folder “tutorial example”
5 set position of selection to {33,0}
6 select file “c” of folder “tutorial example”

…
Figure 2: A high-level event trace

PAS-constant Predicts target parameter will have the
same value in this iteration as in the last.

PAS-
extrapolation

Extrapolates numeric, alphabetic, and
enumerated sequences in the previous
values of the target parameter.

PAS-previous Searches for relationships between the
parameters of previous commands and
the target parameter

PAS-set Assumes target parameter is a member
of a set of objects (e.g. files in a folder)
and iterates over the set.

PAS-ML-1R Predicts target parameter from contex-
tual information using 1R machine
learning algorithm [Holte, 1993].

PAS-ML-
permutation

As for PAS-ML-1R but a permutation
test [Frank and Witten, 1998] is used to
choose the rule.

PAS-ML-
information

As for PAS-ML-1R but the information
gain statistic from C4.5 [Quinlan, 1993]
is used to choose the rule.

Figure 3: Examples of pattern analysis schemes



and that trust is based on the reliability of its predictions.
Correct predictions will build a correct program that can be
used to complete a repetitive task. Incorrect predictions
build an incorrect program, that will at best force the user to
demonstrate new examples, and at worst go undetected and
give erroneous commands to applications—potentially dam-
aging the user’s data and their confidence in Familiar.

We have applied machine learning to the evaluation
problem. Each time a prediction is made, by any pattern
analysis scheme, we calculate several attributes of that pre-
diction. Later, we record whether the prediction was correct
or incorrect. This data is used to build a classifier that esti-
mates whether predictions are correct or incorrect, and to
choose between competing predictions.

Familiar’s use of the classifier resembles the stacked
generalisation (“stacking”) method for combining machine
learning models [Wolpert, 1992], but uses different models
and additional model selection criteria.

Training data and attributes
The training data was collected by performing eight unre-
lated example tasks using Familiar, and encoding every pre-
diction made by a pattern analysis scheme as an instance in
the training dataset. For each, we recorded whether the pre-
diction was correct (the class variable) and various statistics
describing the prediction (attributes). These are listed in
Figure 4.

The training tasks deliberately use a diverse range of ap-
plications and commands, and consequently the event and
parameter name attribute is highly correlated to the class in
the training data. This attribute is therefore likely to overfit,
and we removed it from the dataset.

The PAS-specific accuracy estimates are real numbers,
but are implemented differently in each pattern analysis
scheme and are not directly comparable. For example, the
first estimator for PAS-constant is the number of iterations
where the predicted parameter has had a constant value, and
for PAS-ML-permutation it is the level at which we can be
confident that the result is significant. The estimates should

therefore only be used in conjunction with the kind of PAS
attribute.

Learning algorithm
The training data was used off-line to build a model of the
dataset with the C4.5 decision tree learner [Quinlan, 1993].
The pruned decision tree was hard-coded into Familiar and
used to estimate the probability that a prediction is correct.

The decision tree is used to analyse a particular predic-
tion from a particular pattern analysis scheme and compare
it to predictions made by another. We therefore forced the
decision tree learner to split on the kind of PAS attribute at
the topmost node of the decision tree in each of our experi-
ments.2 This restriction makes the decision tree easier to
understand and encode in Familiar, and ensures the PAS-
specific accuracy estimates are “below” the kind of PAS in
the decision tree.

The branch of the decision tree relating to PAS-ML-
permutation is visible in Figure 5. The numbers on the leaf
nodes represent the number of training instances that were
classified by that node and are used to calculate the prob-
ability that the prediction is correct. For example, line 67 is
a leaf node, labeled with class value T to indicate that pre-
dictions classified by this node are correct. Ten true in-
stances and two false instances were classified by this node
in the training data; Familiar uses these statistics to estimate
that any prediction classified by this node has a probability
of 10 ÷ (10 + 2) = 0.833 of being correct.

To choose the best prediction of a parameter, Familiar
looks up each prediction in the tree, and selects the one with
the highest estimated probability of correctness. In the case
of a tie, Familiar chooses between the best instances ran-
domly.

3 Evaluation
The immediate purpose of the prediction selection algorithm
was to evaluate Familiar by asking a set of computer users
to perform iterative tasks [Paynter and Witten, 1999]. The
evaluation consisted of two iterative tasks that spanned four
applications and used most (but not necessarily all) of the
pattern analysis schemes. In the long term, our aim is to
make Familiar useful in any task the user wishes to auto-
                                                

2 Building a decision tree with this restriction is equivalent to
splitting the dataset on the kind-of-PAS attribute, learning a
different tree for each subset, and classifying each instance
with the appropriate tree.

1 event and parameter name
2 length of the cycle
3 number of iterations seen
4 number of other predictions made
5 number of agreeing predictions made
6 proportion of other predictions agreeing
7 kind of PAS making the prediction
8 first PAS-specific accuracy estimate
9 second PAS-specific accuracy estimate
10 number of iterations with prediction
11 number of iterations with a true prediction
12 proportion of iterations with a true prediction
13 number of iterations with a false prediction
14 proportion of iterations with a false prediction
15 number of consecutive true predictions
16 proportion of consecutive true predictions
17 number of consecutive false predictions
18 proportion of consecutive false predictions

Figure 4: Attributes of pattern analysis schemes (PASs)

1 ‘kind-of-PAS’ = PAS-ML-CONSTANT
…

64 ‘kind-of-PAS’ = PAS-ML-PERMUTATION
65 | ‘number-of-iterations’ <= 6
66 | | ‘number-of-iterations’ <= 3: F (4.0/1.0)
67 | | ‘number-of-iterations’ > 3: T (10.0/2.0)
68 | ‘number-of-iterations’ > 6: T (93.0)

…
82 | ‘proportion-true-consec’ > 0.75: T (148.0/2.0)

Figure 5: Part of the Familiar decision tree



mate; as the training and evaluation tasks were independent
and performed by different users, Familiar’s success in the
evaluation is indicative of how well it will perform on a
wider range of tasks.

3.1 Subjective evaluation
Familiar’s ability to learn can be evaluated in different
ways. In user terms, we can ask if the model was “good
enough” to help automate the task. This is a subjective test
and can vary from one user to the next. Generally, the pre-
dictions were satisfactory, but two deficiencies in the model
were exposed.

All the participants in the formal evaluation, with one
exception, were able to use Familiar to automate iterative
tasks. The exception, an inexperienced computer user, per-
formed most of the tasks successfully, but made an error in
two performances of one of the tasks [Paynter and Witten,
1999]. The participant assumed Familiar was predicating
correctly when it was not, and did not check the prediction;
as a result the participant confirmed several false predic-
tions. The participant expected Familiar to have learned
from the examples, but Familiar had not.

Two participants of the ten demonstrated one task in
such a way that the model failed to select a correct predic-
tion for a particular parameter in a particular step in the cy-
cle. The error persisted even when the step was demon-
strated several times. This problem occurred when a “noisy”
event trace was recorded (the participant had made mistakes
earlier in their demonstration) and resulted in a PAS-
constant prediction being chosen instead of a PAS-
extrapolation prediction.

Familiar’s failure to handle these cases can be attributed
to deficiencies in the training data and hence in the model
built. Specific problems can be solved by adding training
instances, but we do not know how many examples are re-
quired to eliminate every such problem, or if it is possible to
do so. Another potential solution is to incrementally update
the classifier to respond to new demonstrations as the user
performs the task; this technique is discussed below.

3.2 Comparative evaluation
At the time the model was built there was no testing data
available to evaluate Familiar’s selection criteria. As each
user performed the evaluation Familiar's predictions were
again recorded and saved. This record can be used to objec-
tively evaluate Familiar’s ability to make predictions.

The test data can be used to evaluate the learned model,
and to compare it to several variations: choosing randomly;
tailored heuristics; standard C4.5; and incremental learning.
Some details of the training and testing datasets are recorded
in Table 1.

Classifying test data
The most obvious way to evaluate the data is to train and
test the classifier on the datasets described. The overall ac-
curacy will indicate how well we can predict correct and
incorrect guesses.

When trained on the training data, the classifier success-
fully classifies 97.89% of the training instances and 96.83%
of the testing instances. It appears to perform well, but this
evaluation does not compare its performance to alternative
solutions, and makes no use of the classifications.

Choosing correct predictions
Simple accuracy measures do not reflect Familiar’s use of
the decision tree: Familiar does not classify each prediction,
it attempts to choose the one most likely to correctly predict
a particular user action in a particular task. We have pre-
pared a series of experiments that simulate this decision
using the testing data from the user evaluation.

The testing instances are arranged in the order that they
were generated by the participants in the evaluation, and
therefore easily split into sets of adjacent instances that rep-
resent competing predictions of the same event parameter.
We can evaluate the effectiveness of a classifier or heuristic
by using it to estimate which instance in a set represents the
best prediction of that parameter. This classification is re-
peated for every set of competing predictions, and the clas-
sifiers performance measured by counting the number of
correct (true) and incorrect (false) predictions it chooses.

For example, we described above that three pattern
analysis schemes competed to predict the select parameter
of event 6 in Figure 2: PAS-constant predicted file “b” ,
while PAS-extrapolation and PAS-set predicted file “c” .
These three competing predictions might be represented by
three adjacent instances in the testing data. They would
form one set in the evaluation, and each classifier would be
asked to decide which is the “best” of the three predictions.
The correct prediction is file “c” , so a classifier selecting
the PAS-extrapolation or PAS-set instances would be said to
have chosen a true prediction, while a classifier selecting the
PAS-constant instance would be said to have chosen a false
prediction.

The testing data contained 7737 sets containing one to
six instances. 7455 sets contained at least one true predic-
tions, and 4381 sets contained only true predictions. These
figures represent upper and lower bounds of selection accu-
racy for this dataset: no method can select fewer than 4381
or more than 7455 correct instances. These bounds are
shown in rows 1 and 7 of Table 2.

Three heuristics predated our use of the C4.5 model for
selecting predictions. The random choice method simply
chooses an instance from each set randomly. The complexity
heuristic ranked the predictions in each set in an arbitrary
order of pattern analysis scheme complexity (reflecting the
order in which the schemes were implemented) and chooses
the most complex. PAS-constant is the simplest, followed in
order of increasing complexity by PAS-extrapolation, PAS-
previous, PAS-ML-1R, PAS-ML-information, PAS-ML-
permutation, and PAS-set. The consecutive true heuristic
chooses the prediction made by the scheme that has been

Tasks Users Times
performed

Instances
in dataset

Training
dataset

8 1 1 4280

Testing
dataset

2 10 1–3 21300

Table 1: Familiar dataset statistics



correct for the greatest number of iterations in a row. These
methods provided increasingly accurate means for choosing
correct pattern analysis schemes. Their performance on the
user analysis dataset is shown in rows 2–4 of Table 2.

The performance of the classifier built with C4.5 is in
row 5 of Table 2. The machine learning technique makes
151 more correct predictions than the best of the three heu-
ristics, a substantial improvement. Only 55 false instances
were chosen when true alternatives were available.

Learning about the user
The C4.5 model is learned off-line and implemented in

the Familiar program. It is not updated at runtime. If Famil-
iar learned on-line it might exploit incremental machine
learning techniques and update the classifier every time a
new prediction is made (and its accuracy confirmed by the
user). Ideally, such a system would optimise the classifier to
suit a particular user, effectively learning about the user.

We simulated this behavior by building an initial C4.5
decision tree from the training data, and rebuilding it after
each set is examined to incorporate the instances in the set.3

In practice, this is equivalent to updating the model after
each of the user’s actions. We repeated the experiment
(starting from only the training data) for each of the users
who took part in the evaluation.

The combined results are in row 6 of Table 2. They
show a substantial increase in performance: over half the
remaining false selections with true alternatives have been
replaced by true selections. This result suggests the user’s
practices can be, and are, learned by the model.

The results in this experiment are based on the data from
a few similar tasks from each user; it would be interesting to
see if they continue to hold after long-term use. As the
number of training instances increases, the incremental in-
fluence of each new instance decreases. When a large body
of training instances has been accumulated it may be neces-
sary to weight recent instances more highly in order for new
demonstrations to have an effect. We are unable to explore
this issues because we do not have testing data based on
long term use of Familiar.

Familiar is unlikely to use the incremental strategy de-
scribed here because it is computationally too expensive. A
PBD system must offer instant feedback, and even a few
seconds is too long to spend rebuilding a classifier between
                                                

3 Testing instances and sets are processed in the order that
they are generated from user actions.

predictions. A practical implementation that is updated
during user demonstrations will necessarily use a much
faster incremental learner.

4 Conclusions
We have used machine learning to evaluate, and select from,
predictions made by an intelligent agent. A user evaluation
shows that this technique can be used to guide prediction in
a PBD system.

The selection accuracy of an algorithm can be estimated
by using it to choose a correct prediction from a set of com-
peting predictions. We found that a C4.5 decision tree per-
forms better than the heuristics we have used in the past.

A classifier can learn about the user by incrementally in-
corporating new predictions into the machine learning
model on-line, as they are confirmed or rejected by the user.
This technique has a substantial positive effect on the selec-
tion accuracy.

Our evaluation data was gathered from a user evaluation
that asked ten end-users to perform a narrow range of tasks.
Because the training and testing tasks were independent, we
hope these results will lead to better predictions for iterative
tasks, but require more data from long-term users to confirm
our findings.
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Selection
criteria

True instances
chosen

False instances
chosen

1 lower limit 4381 3356
2 random 5936 1801
3 complexity 6792 945
4 consecutive true 7249 488
5 C4.5 7400 337
6 incremental 7430 307
7 upper limit 7455 282

Table 2: Performance choosing correct predictions


