hand, many applications will need higher accuracy.
Although predicting the time of the occurrence of next
movement besides the next location is important for some
applications, in this paper we focus on predicting the next
location, since most domain-independent predictors do not
predict time.
We found that the simple Markov predictors performed as
well or better than the more complicated LZ predictors, with
smaller data structures. We also found that many predictors
often fail to make any prediction, but our simple fallback
technique provides a prediction and improves overall accuracy.
We conclude the paper with a more extensive summary of our
conclusions.
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II. BACKGROUND
In this section, we discuss the nature of location prediction,
and summarize several predictors from the literature. We
define the metrics we used to evaluate the predictors, and how
we collected the empirical data set we used in our evaluation.
A. Location
In the context of this work we assume that a user resides at
a given discrete location at any given time; sample locations
include “room 116” within a building, “Thayer Dining Hall”
within a campus, “cell 24” within a cellular network, or
“berry1-ap” access point within an 802.11 wireless network.
(In our data, as we discuss below, each location is the name of
an access point with which the user’s device associated.) We
list all possible such locations in a finite alphabet A, and can
identify any location as a symbol a drawn from that alphabet.
For a given user we list the sequence of locations visited, its
location history L, as a string of symbols. If the history has
n locations, Ln = a1 a2 . . . an .
The location history may be a sequence of location observations, for example, the user’s location recorded once every
five seconds, or a sequence of location changes. In the latter
case, ai = ai+1 for all 0 < i < n. All of the predictors we
consider in this paper are agnostic to this issue. It happens
that our data is a sequence of location changes.
All of the predictors we consider in this paper are domainindependent and operate on the string L as a sequence of
abstract symbols. They do not place any interpretation on the
symbols. For that reason, our location history does not include
any timing information, or require any associated information
relating the symbols such as geographic coordinates. As an
example, though, consider the environment with six wireless
cells (labeled b through g) diagrammed in Figure 1, accompanied by one possible location history.
B. Domain-independent predictors
In this paper we consider only domain-independent predictors; we will examine domain-dependent predictors in future
work. We are interested in on-line predictors, which examine
the history so far, extract the current context, and predict the
next location. Once the next location is known, the history is
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Sample cell map and location history

now one symbol longer, and the predictor updates its internal
tables in preparation for the next prediction.
During the rest of this section, we discuss two families
of domain-independent predictors, Order-k Markov predictors
and LZ-based predictors.
Markov family
The order-k (or “O(k)”) Markov predictor assumes that the
location can be predicted from the current context, that is, the
sequence of the k most recent symbols in the location history
(an−k+1 , . . . , an ). The underlying Markov model represents
each state as a context, and transitions represent the possible
locations that follow that context.
Consider a user whose location history is L = a1 a2 . . . an .
Let substring L(i, j) = ai ai+1 . . . aj for any 1 ≤ i ≤ j ≤ n.
We think of the user’s location as a random variable X. Let
X(i, j) be a string Xi Xi+1 . . . Xj representing the sequence
of random variates Xi , Xi+1 , . . . Xj for any 1 ≤ i ≤ j ≤ n.
Define the context c = L(n − k + 1, n). Let A be the set of all
possible locations. The Markov assumption is that X behaves
as follows, for all a ∈ A and i ∈ {1, 2, . . . , n}.
P (Xn+1 = a|X(1, n) = L)
= P (Xn+1 = a|X(n − k + 1, n) = c)
= P (Xi+k+1 = a|X(i + 1, i + k) = c)
where the notation P (Xi = ai | . . .) denotes the probability
that Xi takes the value ai . The first two lines indicate the
assumption that the probability depends only on the context
of the k most recent locations. The latter two lines indicate
the assumption of a stationary distribution, that is, that the
probability is the same anywhere the context is the same.

We experimented with a simple alternative to the frequencybased approach to Markov predictors, using recency (probability 1 for most recent, 0 for all other) to define the transition
matrix. Although this recency approach was best among
O(1) Markov predictors, it was worst among O(2) Markov
predictors, and we are still investigating the underlying reason.
We found most of the literature defining these predictors
to be remarkably insufficient at defining the predictors for
implementation. In particular, none defined how the predictor
should behave in the case of a tie, that is, when there was
more than one location with the same most-likely probability.
We investigated a variety of tie-breaking schemes within the
Markov predictors, but found that the accuracy distribution
was not sensitive to the choice.
Since some of our user traces extend over weeks or months,
it is possible that the user’s mobility patterns do change over
time. All of our predictors assume the probability distributions
are stable. We briefly experimented with extensions to the
Markov predictors that “age” the probability tables so that
more recent movements have more weight in computing
the probability, but the accuracy distributions did not seem
significantly affected. We need to study this issue further.
We examined the original LZ predictor as well as two
extensions, prefix and PPM. LZ with both extensions is known
as LeZi. We found that both extensions did improve the LZ
predictor’s accuracy, but that the simple addition of fallback
to LZ did just as well, was much simpler, and had a much
smaller data structure. To be fair, PPM tries to do more than
we require, to predict the future path (not just the next move).
We stress that all of our conclusions are based on our observations of the predictors operating on over 2000 users, and
in particular whether a given predictor’s accuracy distribution
seems better than another predictor’s accuracy distribution.
For an individual user the outcome may be quite different
than in our conclusion. We plan to study the characteristics
of individual users that lead some to be best served by one
predictor and some to be best served by another predictor.
There was a large gap between the predictor’s accuracy
distribution and the “optimal” accuracy bound, indicating
that there is substantial room for improvement in location
predictors. On the other hand, our optimal bound may be
overly optimistic for realistic predictors, since it assumes that
a predictor will predict accurately whenever the device is at a
location it has visited before. We suspect that domain-specific
predictors will be necessary to come anywhere close to this
bound.
Overall, the best predictors had an accuracy of about 65–
72% for the median user. On the other hand, the accuracy
varied widely around that median. Some applications may
work well with such performance, but many applications will
need more accurate predictors; we encourage further research
into better predictors.
We continue to collect syslog data, extending and expanding
our collection of user traces. We plan to evaluate domainspecific predictors, develop new predictors, and develop new
accuracy metrics that better suit the way applications use

location predictors. We also plan to predict the location along
with the time in the future.
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