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INTRODUCTION

Context prediction is the approach to provide ap-
plications with information about future contexts.
Some work has already been done on predicting
future contexts based on the observed context his-
tory. The observed context timeline is analysed for
typical patterns in the context history. Based on
this knowledge the most probable future contexts
are forecast.

The authors of [1] and [2] study prediction based
on GSM cell location histories. To describe the
transition probabilities from one location to the
other they use a Markov predictor and a weighted
graph respectively. In [3] Unix shell commands are
predicted by a simple pattern matching method.
The authors in [4] propose a state predictor method
which is a variation of a Markov predictor. A
decent overview of context prediction is given by
Mayrhofer in [5]. Mayrhofer proposes an architec-
ture for context prediction and indicates some of
its benefits and challenges. He chooses an approach
called growing neural gas to predict arbitrary future
contexts. In [4] various context prediction methods
that have been mentioned above are compared.
Only minor variations in the prediction accuracy
have been discovered.

This is not surprising since all these methods
suffer from general properties in ubiquitous com-
puting environments. The observed context patterns
are highly fluctuating since a user typically not
conserves the exact behaviour pattern for several
executions of the pattern. A typical behaviour
pattern is at most similar to all other repetitions
of this pattern. The methods mentioned above are
not able to abstract from slight fluctuations in
typical behaviour patterns. We propose a context
prediction scheme that ignores changes in the user
behaviour to some extent.

Another characteristic in ubiquitous computing
environments is the weak computational power
available. Considering for example a Markov pre-

dictor the running time may be estimated as fol-
lows. Let k& be the number of different context
elements known to the algorithm. Each of these
is considered a state in the Markov chain. The
arcs between the states describe the probability to
traverse from one state to another. The future states
with highest probability are desired. The time to
find the most probable next element is O(k) in
the worst case. To find the most probable m/c
elements for any constant ¢ the computation time
is O(mF).

We propose a time series based local alignment
search method that has a worst case running time
of O(m?|S|) to predict context time series of max-
imum length m, where |S| denotes the number of
typical time series known to the prediction method.

ARCHITECTURE FOR CONTEXT PREDICTION

The context history in our architecture is stored
in a rule base. Each typical pattern observed so far
is represented by a time series of context elements
stored in this rule base. The currently observed
context time series is constantly examined for
similarities to any time series in the rule base. Due
to measurement errors and slight variations in the
typical behaviour patterns of the user we expect to
find at most similarities instead of exact matchings.
Those similarities may be found by local alignment
search techniques provided that the representation
of the time series elements allows for a similarity
metric with a numeric output for any pair of time
series elements to be applied.

A suitable rpresentation for arbitrary context
elements is created as follows. Let n be the number
of different context types in one times series. Con-
text types are for example location, light intensity,
humidity or loudness. Each time series element is
represented by a real-valued, n-dimensional vector
in the hypercube 1™. Each sensor output is nor-
malised and mapped to one axis of the coordinate
system. We define the similarity of two entries



in possibly different time series by the Euclidian
distance of the corresponding points in the n-
dimensional coordinate system.

LocAL ALIGNMENT PREDICTION METHOD

The task of the context prediction algorithm is
to detect typical behaviour patterns that have been
observed in the past and then, based on this infor-
mation, to provide the most probable continuation
of a currently observed set of context elements.
Since these contexts can be grouped to a context
time series, the actual task is to find typical patterns
in the observed context time series that are similar
to patterns contained in the typical context times
series in the rule base.

The algorithm aligns the observed time series
with every single time series in the rule base and
computes subseries of these time series that are
most similar to each other. These subseries are
called the optimum local alignment. The subseries
may slightly differ in some time series elements
or may contain gaps that are not existent in the
other subseries. The context time series directly
following the optimum local alignment in a time
series in the rule base is predicted by the prediction
method, since the time series stored in the rule base
are considered typical behaviour patterns.

The prediction process is described in more
detail in the following. Let S be the search space
of the algorithm containing all possible time series
and let |S| be the size of S. We denote the similar-
ity between two time series elements at position ¢
in both strings as d(t;, s;). Furthermore we define
the cost, if the algorithm does not align ¢; and s;
but instead one of the two time series elements to
a gap as d(—,s;) = d(t;,—).

Lett =t1,...,t, and s = $1,...,S,, be two
time series. The optimum alignment between these
two time series is found in the following way. First,
a (n+1)x (m+ 1) matrix M is created. We ini-
tialise the Matrix M by My ; = -+ = Mp411 =
Myy = -+ = Mpy41,1 = 0. All other entries of
M@Ee{2...,n+1}, 5 €{2,...,m+1}) are
created by integer programming:

Mi,j :mll’l{ M',Ljfl +d(ti,8j); (1)
M j—1 +d(si, —);
Mi 1 +d(= 1)}
Afterwards the ratings of all possible alignments
can be found in row n+1 of M. The corresponding
alignments are computed by backtracking. For a

detailed discussion of this method we refer to
[6]. All alignments with ratings below a certain
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threshold value A\ are considered important by the
algorithm. Let s}...s’ be one of the important
alignments found by the alignment method. The
sequence s} ; . .. 5y, is then predicted by the align-

ttm

ment prediction method (cf. Fig. 1). The length of
the predicted sequence is at most m. The running
time for filling the matrix is O(n - m), since
every entry of the matrix is considered exactly
once. Additionally the calculation of the predicted
sequences takes time O(} ;" i) = O(m?) in
the worst case when every possible sequence is
predicted. The overall running time is therefore
O(n-m+m?) for the comparison of every two time
series. The overall running time of our algorithm
is O((nm + m?)|S|) in the worst case, since the
observed time series is aligned to every time series
in the rule base. For m > n we obtain therefore a
running time of O(m?|S|).

CONCLUSION

We propose a novel local alignment based con-
text prediction method that suits ubiquitous en-
vironments due to a high tolerance for slight
fluctuations in user behaviour and because it is
computationally not expensive. A future task is
the comparison of the proposed algorithm to al-
gorithms commonly applied to context prediction
in a realistic scenario.
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