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Abstract 

The complexity of the mobility tracking problem in a cellular 
environment has been characterized under an information- 
theoretic framework. Shannon’s entropy measure is iden- 
tified as a basis for comparing user mobility models. By 
building and maintaining a dictionary of individual user’s 
path updates (as opposed to the widely used location up- 
dates), the proposed adaptive on-line algorithm can learn 
subscribers’ profiles. This technique evolves out of the con- 
cepts of lossless compression. The compressibility of the 
variable-to-fixed length encoding of the acclaimed Lempel- 
Ziv family of algorithms reduces the update cost, whereas 
their built-in predictive power can be effectively used to re- 
duce paging cost. 

1 Introduction 

Seamless and ubiquitous connectivity is the strongest driv- 
ing force today in designing a Personal Communication Ser- 
vice (PCS) network environment. The need to track down 
a mobile user for satisfying these connectivity requirements 
leads to what is commonly known as the mobility tracking 
or location management problem. In short, while enjoy- 
ing the freedom of being mobile, the user creates an un- 
certainty about the exact location of the registered portable 
device or mobile terminal (henceforth called just mobile) be- 
ing carried. The collector network deployed by the service 
provider has to work against this uncertainty for a success- 
ful call delivery. Furthermore, this has to be done effectively 
and efficiently for every PCS subscriber. To avoid dropping, 
a call must be routed to the recipient within an allowable 
time constraint, yet with as less information exchange as 
possible. Transfer of any more message than necessary re- 
sults in wastage of valuable resources such as scarce wireless 
bandwidth and mobile equipment power, thus increasing the 
operational cost that the user has to bear ultimately. 
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The wireless network for a PCS system is still built upon 
an underlying cellular architecture. The service area is di- 
vided into a collection of cells, each serviced by a base station 
(BS). Several BSs are usually wired to a base station con- 
troller (BSC), and a number of BSCs are further connected 
to a mobile switching center (MSC) forming a tree-like clus- 
ter. This hierarchical wired connection of the MSC, BSCs 
and BSs, along with the air-link between the BSs and the 
mobiles form the collector network. The backbone of the PCS 
network consists of the existing wire-line networks (such as 
PSTN, ISDN and the Internet) interconnecting the collec- 
tor networks. The MSCs act as the gateway for the collector 
network to the backbone. 

As a whole, location management involves two kinds of 
activities - one on the part of the system and the other on 
the part of the mobile. On a call arrival, the system initiates 
a search for the target mobile, by simultaneously polling all 
the cells where it can possibly be found. The MSC broad- 
casts a page message over a designated forward control chan- 
nel via the BSs in a set of cells where the mobile is likely 
to be present. All the mobiles listen to the page message 
and only the target sends a response message back over a 
reverse channel. This search mechanism is called paging. In 
case no information about the mobile is available, the sys- 
tem may have to page all the cells in the service area. As 
the PCS providers are shooting for larger and larger (even 
continent-wide) service area, the paging-only location track- 
ing turns out to be inadequate. If an exhaustive search is 
performed for each and every call that arrives, the signaling 
traffic would become enormous even for moderately large 
network [20]. The limited number of paging channels are 
bound to overload as the call volume grows. To put an up- 
per bound on the amount of location uncertainty, a mobile 
is made to report from time to time. This reporting, called 
a location update or registration, effectively limits the search 
space for paging at a later point of time. The registration 
mechanism starts with an update message sent by the mo- 
bile over a reverse channel, which is followed by some traffic 
that takes care of related database operations. 

In this paper, we look at the location management prob- 
lem and its complexity from an information-theoretic view- 
point. This outlook provides the insight to design an adap- 
tive on-line algorithm for tracking a mobile, which is op- 
timal in terms of both update and paging. The object of 
our update scheme is to learn user mobility with optimal 
message exchange. Learning endows the paging mechanism 
with a predictive power which reduces average paging cost. 
In Section 2, we survey the existing location management 
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techniques. Section 3 explains the motivations behind our 
work and the principles it is based on. In section 4 we look 
for general and flexible models for both the cellular network 
and an individual user mobility. Section 5 shows how to 
compare mobility models in terms of uncertainty, and dis- 
cusses the richness and limitation of the models. Finally, in 
Section 6, we present the new adaptive and on-line protocol 
“LeZi-update” , designed around the well-known universal 
lossless compression techniques. 

2 Location Management: A Taxonomy of Approaches 

2.1 Paging 

The naive approach to location tracking is to page the mo- 
bile simultaneously either in the entire network, or in a part 
as dictated by the last update message. As pointed out by 
Rose and Yates [24], this m?y be an overkill. In reality, pag- 
ing must be completed within an allowable delay constraint, 
and there exists the possibility of sequentializing the proce- 
dure. An alternative considered there is to split the service 
area into location areas (LAS), where all the cells within an 
LA are paged simultaneously. When a call arrives, the LAS 
are paged sequentially for the mobile following an ordering 
termed as paging strategy. A very intuitive result derived in 
[24] states that, under steady-state location probability dis- 
tribution of a mobile user, the optimal paging strategy (in 
terms of the mean cost of paging) with no delay constraint 
should page the LAS in the order of decreasing probability 
values. Clearly, a uniform distribution is the worst adver- 
sary, because no additional improvement is obtainable by 
changing paging strategy. An algorithm to find the optimal 
paging sequence under given delay constraints is also pre- 
sented in [24]. However, the worst case still ends up with a 
system-wide paging and incurring high cost. 

To counteract the worst case complexity issue in pure 
paging based strategies, most location management schemes 
rely on time to time location updates by the mobile. The idea 
is to enforce an upper bound on the uncertainty by restrict- 
ing the paging domain within the vicinity of the last known 
location. The cost of location update, however, adds a new 
component to the location management cost. The update 
cost over a time period is proportional to the number of 
times the mobile updates, whereas the paging cost depends 
on the number of calls arrived and the number of cells paged 
while routing each of those calls. The trade-off between the 
two components is evident from the fact that, the more fre- 
quently the mobile updates (incurring higher update cost) 
the less is the number of paging attempts required to track 
it down. 

From an operational point of view, it seems that pag- 
ing is more fundamental than update in a cellular system. 
Yet, it is somewhat interesting to observe that the major- 
ity of the research on location management has actually fo- 
cussed on update schemes, assuming some obvious version 
of paging algorithm. Seemingly, either the above-mentioned 
result in [24] has not received enough attention, or it has 
not become apparent how to obtain a probability model 
for users passage that is good enough for use in practice. 
As pointed out in [32], not enough studies have been con- 
ducted in realistic movement profiles of mobiles that take 
care of speed and directional variations. Usually, pedestrian 
and vehicular movement are treated separately. This makes 
the mobility models inappropriate for PCS networks [7] and 
third-generation systems [16]. 

Most paging algorithms proceed with a high reliance fac- 

tor on the latest update information. The mobile’s last 
known position and its surroundings are considered to be the 
most probable current position - the probability decreasing 
in an omni-directional way with increasing distance. This 
is the underlying assumption for the popular cluster paging 
[19] and selective paging [l, 2, 131. Bar-Noy, Kessler and 
Sidi [4], as well as Birk and Nachman [6] have taken into ac- 
count the directional bias in user movement by associating a 
number of states for each cell under a Markov model. Only 
Pollini and I (211 have considered user profile in designing 
paging algorithm. They assumed that probabilistic informa- 
tion about profile is readily available either with user or at 
billing database. 

2.2 Static Update Schemes 

The following two location update schemes, based on either 
partitioning of cells into location areas (LA) or selection of 
a few designated reporting cells, have been characterized 
as static or global techniques [4]. These are static schemes 
because the cells at which a mobile updates are fixed. They 
are also global in the sense that all or a batch of mobiles 
always originate their update messages from the same set of 
cells. 

2.2.1 LA partitioning 

The update scheme most widely adopted by current cellular 
systems (such as GSM [18]), follow the idea presented in [24]. 
The service area under an MSC is partitioned into location 
areas (LA), that are formed by non-overlapped grouping of 
neighboring cells. A mobile must update whenever it crosses 
an LA boundary. Its location uncertainty is reduced by 
limiting the search space to the set of cells under the current 
LA. All the cells under the LA are paged upon a call arrival, 
resulting in an assured success within a single step. The base 
stations must broadcast the LA-id (along with the cell-id) to 
aid the mobiles follow the update protocol. Consequently, 
a global LA assignment is induced for all subscribers. An 
obvious drawback of this scheme is that the update traffic 
originate only in the boundary cells of the LAS, thereby 
reducing the bandwidth availability for other calls. 

Xie, Tabbane and Goodman [30] have shown how to par- 
tition cells into optimal location areas. Assuming that the 
relative cost of paging vs. update and how the paging cost 
varies with LA size, are known, their solution is dictated by 
the call arrival rate and mobility of the user. Two variants 
of the method are proposed. The pure static variant uses 
the average call arrival rate and mobility index for all users. 
Thus, a mobile behaving as a potential outlier would trans- 
mit frequent un-informative update messages by crossing LA 
boundaries. In contrast, a somewhat dynamic variant of this 
primarily static scheme allows different LA assignments for 
different mobiles, based on individual call arrival and mo- 
bility patterns. This alleviates the localization problem of 
the update traffic to some extent, although at the cost of the 
computational complexity involved in choosing, maintaining 
and uploading a wide range of LA maps to individual mo- 
biles. Kim and Lee [14] have taken the dynamism further by 
optimizing on the signaling costs that reflects the mobile’s 
direction of movement and regional cell characteristics. 

2.2.2 Reporting center selection 

An alternative approach due to Bar-Noy and Kessler [3] does 
not impose any partition on the cellular map, but designate 
some cells as reporting cells where the mobiles must update 
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upon entering. On arrival of a call, the mobile is paged 
in the vicinity of the reporting cell it has last updated at. 
Choosing an optimal set of reporting cells for a general cellu- 
lar network has been shown to be NP-complete. Optimal or 
near optimal solutions for special types of cellular topologies 
(e.g. tree, ring and grid), and an approximation technique 
for solutions to general graphs have been presented. But 
the scheme is built upon a number of simplifying assump- 
tions such as square shape for cells and LAS, and a fluid flow 
model of user mobility. 

The basic drawbacks of a static and global scheme, even 
if reduced by this approach, still lingers. A user can gener- 
ate un-informative update messages by hopping in and out 
of reporting cells. As suggested by Das and Sen [ll], con- 
sidering per-user mobility is the first step towards dealing 
with these problems. Following the spirit of reporting cen- 
ter selection, they impose a selective update scheme tuned 
to individual users over an LA-based cellular network. Such 
a technique lies in between the static update schemes and 
the dynamic ones, described next. 

2.3 Dynamic update schemes 

Under these schemes, the mobile updates based on only the 
user’s activity, but not necessarily at predetermined cells. 
These are local in the sense that mobiles can make the 
decision whether to update or not without gathering any 
global or design specific information about the cell plan- 
ning. Three major schemes fall under the dynamic category, 
viz. (i) distance-based, (ii) movement-based and (iii) time- 
based, which are named by the kind of threshold used to 
initiate an update. 

2.3.1 Distance-based 

Under the distance-based scheme [l, 4, 13, 171, the mobile 
is required to track the Euclidean distance from the loca- 
tion of the previous update and initiates a new update if 
the distance crosses a specified threshold D. Although the 
distance would ideally be specified in terms of a unit such as 
mile or kilometer, it can be specified in terms of the number 
of cells between the two positions. So the location uncer- 
tainty is reduced by limiting the search space to the set of 
cells falling within a circular region of radius D around the 
last known cell. One can think of these cells effectively form- 
ing a user and time specific LA. However, it is difficult to 
measure the Euclidean distance between two locations, even 
if the traversed distance is made available from the vehi- 
cle. Irrespective of its characterization among local ones, 
implementing distance-based scheme calls for some global 
knowledge about the cell map. In order for the mobile to 
identify the cells within the distance threshold, the system 
has to load these cell-ids as a response to its update mes- 
sage. Madhow, Honig and Steiglitz [17] have described how 
to find an optimal threshold fi by minimizing the expecta- 
tion of the sum of update and paging costs until the next 
call. Considering the evolution of the system in between call 
arrivals under a memoryless movement model, an iterative 
algorithm based on dynamic programming is used to com- 
pute the optimal threshold distance. A similar approach is 
used by Ho and Akyildiz [13] to compute the optimal thresh- 
old distance, D, under a two-dimensional random walk user 
mobility model over hexagonal cell geometry. The random 
walk is mapped onto a discrete-time Markov chain, where 
the state is defined as the distance between the mobile’s cur- 
rent location and its last known cell. The residing area of 

the user contains fi layers of cells around its last known cell, 
which is partitioned into paging areas according to the given 
delay constraint. 

2.3.2 Movement-based 

The movement-based [2, 4] scheme is essentially a way of 
over-estimating the Euclidean distance by traversed distance, 
when the distance is considered only in terms of the num- 
ber of cells. The mobile needs to count the number of cell 
boundary crossings and update when the count reaches cer- 
tain threshold M. It is truely a local scheme since there is 
no longer any need for any knowledge about cell neighbor- 
hood. The penalty paid is an increased number of updates 
that it triggers counting local movements between different 
cells, even though the distant threshold is not being crossed. 

2.4 Time-based 

Under the time-based [4, 251 scheme, the mobile sends peri- 
odic updates to the system. The period or time threshold 
T can easily be programmed into the mobile using a hard- 
ware or software timer. While this makes it a truely local 
and attractive solution for implemetation, the cost due to 
redundant updates made by stationary mobiles has to be 
accommodated. A mobile is paged by searching all possible 
cells reachable by the user within the elapsed time from the 
last known cell. Thus the search space evolves as a func- 
tion of the elapsed time, user mobility, and possibly the last 
known cell. 

Bar-Noy, Kessler and Sidi [4] have compared the time- 
based, movement-based and distance-based update schemes 
in terms of the paging cost with varying update rates. Two 
types of user movement models, viz. independent and Marko- 
vian, on a ring cellular topology. It has been observed that 
the distance-based scheme performs the best consistently. 
The result is intuitive because the distance threshold di- 
rectly puts an upper bound on the location uncertainty, 
whereas in both time and movement-based schemes the un- 
certainty imposed by user mobility interacts with it. 

3 Mobility Tracking: A New Perspective 

This section starts with the motivations behind our work 
in this paper, revisits three fundamental questions posed in 
[24, 251, followed by a summary of our contributions and 
novelty of the underlying approach which help unfold the 
intrinsic nature and complexity of the location management 
problem in a mobile computing environment. 

3.1 Motivations 

Our approach to the location tracking problem is primarily 
motivated by the following observations: 

1. The location management problem has been formu- 
lated by the vast majority of researchers as some static 
optimization problem to minimize either paging or up- 
date cost, or a combination thereof. The inputs to the 
optimization problem are often some probability val- 
ues that need to be computed from gathered statistics 
from system snapshots. The static version of optimiza- 
tion algorithm works off-line to provide a solution that 
remains in effect until the next run. This interval is 
very critical to the performance of the technique, but 
is not provided by the static optimization formulation. 



Educated guesses are used in most cases. Formulat- 
ing the problem as a dynamic optimization provides a 
better insight into its stationary behavior and applica- 
bility of static versions. Better yet, it may lead to the 
design of a competitive on-line algorithm to solve the 
problem. 

2. Unlike the resource management problems in cellular 
networks, the location tracking problem is user ori- 
ented by definition. Naturally, it would be wise to 
make use of personal mobility and calling profile of in- 
dividual subscribers for optimization purposes. Both 
the update and paging techniques should be user spe- 
cific to add the “personal” touch to the personal com- 
munication service. Knowledge representation and learn- 
ing of user profile are thus two key factors. 

3. The effectiveness of sequentializing the paging process 
critically depends on early success of the deployed pag- 
ing strategy. Large number of failed paging attempts 
would not only result in more call drops, but also cause 
overloading on paging channels. The essence of de- 
signing a good paging strategy is to enhance the pre- 
dictability of a mobile’s behavior making use of the 
user profile. 

4. Since the sole purpose of the update mechanism is to 
aid the paging process, there is no reason to treat them 
as two independent components of location manage- 
ment cost. As opposed to deciding on a paging strat- 
egy first and then optimizing on the update strategy, 
one can come up with a collaborative pair of paging 
and update policies. In other words, the update mech- 
anism needs to keep the system better informed about 
user’s mobility, sending the maximum possible infor- 
mation in a compact form and avoiding redundancy as 
far as possible. 

3.2 Open Questions 

Before proceeding further, we first attempt to address and 
re-interprete the three basic questions posed in [24, 251: 

1. Complexity: Given a user mobility model, what is 
least amount of effort necessary on the average, to 
track the mobile? What metric do we use to quan- 
tify the effort and what unit do we use? 

2. Optimality: Given that the user mobility model is 
known to both the user and the system, how to pick an 
optimal paging strategy, an optimal update scheme, or 
an optimal combination of paging and update policies? 

3. Learning: How can the time-varying dynamic loca- 
tion probabilities be efficiently estimated based on mea- 
surements taken from user motion? How to pick the 
right mobility model that does not impose fundamen- 
tal restriction in terms of richness? 

3.3 Our Contributions 

To the best of our knowledge, we make the first model- 
independent attempt to identify and characterize the prob- 
lem complexity of the location management, which is ab- 
solutely essential if we are looking for an optimal solution. 
We relate the complexity of the mobility tracking to the lo- 
cation uncertainty of the mobile, which is measurable both 
in the mathematical and physical sense. From an informa- 
tion theoretic perspective, Shannon’s entropy measure is an 

ideal choice for quantifying this uncertainty [9, 261. Entropy 
captures the uncertainty of a probabilistic source, which is 
also the information content of the message (e.g. in number 
of bits) it generates. The performance of the tracking algo- 
rithm can be measured too in the number of bits exchanged 
between the mobile and the system database during update 
or paging. The algorithm certainly cannot track the mobile 
by exchanging any less information on the average than the 
uncertainty created by its mobility, and hence is optimal 
when these two amounts are the same. 

An analogy exists in the field of data compression [5], 
which. says that a message cannot be compressed beyond 
the entropy of its source without losing any part of it. Opti- 
maility is achieved if the length of the compressed message 
approaches the entropy, i.e. the redundancy in the encod- 
ing approaches zero. Motivated by this duality, we have de- 
signed an update scheme around a compressor-decompressor 
duo. A family of efficient on-line algorithms for text com- 
pression is known to show asymptotically optimal perfor- 
mance [31]. Some versions of these algorithms are hardware- 
implementable and are in commercial use (e.g. V.42bis com- 
pression standard for modems) [29], which indicates practi- 
cal viability. It has already been understood that a good 
data compressor must also be a good predictor, because one 
must predict future data well to compress them. Such tech- 
niques based on compression have earlier been used as pre- 
dictors in caching and prefetching of database and hypertext 
documents [lo, 271. Here we have molded them into efficient 
update and paging techniques for a universal user mobility 
model in a cellular network environment. 

4 User Mobility 

The user mobility model plays too important a role in de- 
signing location management schemes. The underlying model 
can potentially influence the analysis and simulation results 
so much, that observations and conclusions would merely re- 
flect the nature of the model itself. Thus, there are reaSons 
to be skeptic and cautious about extrapolating theortical 
claims to practice. For example, Markov models are often 
constructed with states dictated by the current cell in a reg- 
ular geometric cellular architecture. Transition probabilities 
for a typical user to move into a specific neighboring cell are 
arbitrarily assumed. This is far from being practical. 

4.1 Netwoik topology 

Structured graph models for a cellular network have been 
quite popular among researchers engaged in solving the lo- 
cation management problem. Circular, hexagonal or square 
areas are often used to model the cells, while various reg- 
ular graph topologies such as rings, trees, one and two- 
dimensional grids are used to model their interconnection. 
These models do not accurately represent a real cellular net- 
work, where the cell shapes may vary depending on the an- 
tenna radiation pattern of the base stations, and a cell can 
have an arbitrary (but bounded) number of neighbors. Al- 
though structured graphs help in the early stage of frequency 
planning, they over-simplify the mobility tracking problem. 
Since enforcing strict assumption on the topology has a po- 
tential to weaken the model, we refrain from making any 
assumption about either the geometry or the interconnec- 
tions between cells. 

With a GSM-like deployment in mind, let us consider 
an LA-based system. The network can be represented by 
a bounded-degree, connected graph G = (ti, E), where the 
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node-set 29 represents the LAS and the edge-set E represents 
the neighborhood (roads, highways etc.) between pairs of 
LAS. Figure 1 shows a service area with eight LAS, viz. 
a, b, c, d, e, f, g, h, and the corresponding graph representa- 
tion. 

Figure 1: Modeling an actual cellular system 

The general graph representation is of course not re- 
stricted to only LA-based cell planning. Some existing sys- 
tems use paging strategies that work with a finer granular- 
ity, and choose the individual cells to be paged next. In 
such cases, our model would give rise to a graph with a 
larger node-set 19 = {ai,az,. . ,bl, 62,. ,c~,cz,. .}, where 
al, az, are cells in LA a and so on. We introduce a more 
general term zone to refer to a node in our network model. 
A zone can be an LA or a cell depending on the system. The 
important thing is that the current zone-id should always be 
made available to a mobile within by frequent and periodic 
broadcast messages from the BSs. 

4.2 Movement history 

The real power of an adaptive algorithm comes from its abil- 
ity to learn. As and when the events unfold, a learning sys- 
tem observes the history to use it as a source of information. 
Let us now look at the movement history of a typical user 
within the service area shown in Figure 1. For simplicity, 
we only record the movement at the coarse granularity of 
LAS. This means that the user must be in one of the eight 
zones, viz. a, b, c, d, e, f, g, h, at any point of time. Suppose 
the service was turned on at 9:00 a.m., when the mobile 
initially registered. Table 1 shows the time (limited to the 
precision of a minute) at which the LA boundaries were 
crossed. Current time is 9:00 p.m. An update message re- 
ports the current zone to the system. Consequently, all that 
the system obtains from an update scheme is a sequence of 
zone-id’s, The information carried by this sequence about 
the user’s mobility profile depends heavily on the underlying 
update scheme and how it is interpreted by the system. 

Let us compare and contrast the sequences generated 
by the time-based and movement-based schemes. Table 2 
shows the zone sequences generated. For the time-based 
scheme, two values of the threshold T have been considered, 
viz. 1 hr and i hr. Both do a good job in capturing the 
fact that the user resides in zones a and b for a relatively 
longer time as compared to zones c and d. On the other 
hand, smaller values of T must be chosen to trace in detail 
the routes taken by the user. The choice of 3 hr performed 
better than that of 1 hr in that respect, yet missed to detect 
the zone c in the round trip a + b + c -+ d + c + b -+ 
a. In contrast, the movement-based scheme is more apt in 
capturing routes. Two choices of the threshold M, viz. 1 

and 2 have been used to illustrate its effectiveness. Clearly, 
M = 1 captures movements in the finest detail. Yet, both 
lack in their capability to convey the relative durations of 
residence. 

Based on these observations we are now motivated to use 
a combination of time-based and movement-based schemes 
to make the movement history more informative. The last 
row of Table 2 shows the zone sequence obtained if a dual 
mode update is deployed. This scheme generates an hourly 
update starting at 9:00 a.m., as well as whenever a zone 
boundary crossing is detected. In the rest of the paper 
we assume such an update scheme and use this sequence 
aaababbbbbaabccddcbaaaa for illustrative purposes. How- 
ever, without any loss of generality, we view the movement 
history as just a sequence of zones reported by successive 
updates. 

Definition 1 The movement history of a user is a string 
‘iu1v2vs . .” of symbols from the alphabet 29, where 29 is the 
set of zones under the service area and vi denotes the zone-id 
reported by the ith update. Consequently, 2);s are not neces- 
sarily distinct. 

4.3 Mobility model 

A clear understanding of the distinctions between the move- 
ment history and the mobility model is necessary before an 
appropriate definition of the later can be given. The move- 
ment history of a user is deterministic, but a matter of the 
past. The mobility model, on the other hand, is probabilis- 
tic and extends to the future. The tacit assumption is that 
a user’s movement is merely a reflection of the patterns of 
his/her life, and those can be learned over time in either off- 
line or on-line mode. Specifically, the patterns in the move- 
ment history correspond to the user’s favorite routes and 
habitual duration of stay. The essence of learning lies in ex- 
tracting those patterns from history and storing in the form 
of knowledge. Learning aids in decision making when re- 
appearance of those patterns are detected. In other words, 
learning works because “history repeats itself.” 

The characterization of mobility model as a probabilistic 
sequence suggests that it be defined as a stochastic process, 
while the repetitive nature of identifiable patterns adds sta- 
tionarity as an essential property. Prior works referenced 
in this paper also assume this property either explicitly or 
implicitly. 

Definition 2 The mobility model of a user is a station- 
ary stochastic process V = {V;}, such that K assumes the 
value vi E 29 in the event of the ith update reporting the user 
in zone vi. The joint distribution of any subsequence I/is is 
invariant with respect to shifts in the time axis, i.e., 

Pr[Vl = ~1, VZ = v2,, , . , V, = v,] (1) 
= Pr[Vl+l = 211, VZ+L = ~2,. . , V,+f = v,] 

for every shift 1 and for all u; E 1.9. The movement history 
is a trajectory or sample path of V. 

An’important question is why such a general mobility 
model is not as popular as the restrictive models so abun- 
dant in the literature. The most likely reason is that the 
general model allows nothing to be assumed to start the 
analysis. The model has to be learned. Given that the user 
mobility model defined just as a stationary process, learn- 
ing is possible if and only if one can construct a universal 
predictor or estimator for this process. Here we illustrate an 
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Table 1: User movement between 9:00 a.m. and 9:00 p.m. 

” Time a.m. p.m. 
11:04 1 11:32 1 11:57 3:18 1 4:12 1 4:52 1 5:13 1 6:ll 1 6:33 1 6:54 1 . 

Crossing a+b) b-+a 1 a+b b-+a 1 a-+b 1 b-+c I c+d 1 d-+c 1 c+b I b-+a I ... 

Table 2: Zone sequence reported by various update schemes 

Time-based (2’ = 1 hr) aaabbbbacdaaa . . 
Time-based (2’ = $ hr) aaaaabbbbbbbbaabcddcaaaaa . . . 
Movement-based (IM 7 1) abababcdcba . 
Movement-baaed IM = 2) aaacca 
Time- & movement-based (T = 1 hr, A4 = 1) I aaababbbbbaabccddcbaaaa . . . 

approach for building models from history. Rigorous treat- 
ments on these topics appear in [12, 22, 23, 281. 

Let us first get a better feel of how commonly used mod- 
els interpret the movement history and end up imposing 
restrictions during the learning phase. 

Ignorant model: The ignorant model disbelieves and disre- 
gards the information available from movement history. Due 
to the lack of knowledge, it assigns equal residence proba- 
bilities to all the eight zones (see Figure l), i.e. 7ro = Ab = 
n, = rd = re = ?rf = n, = rh = i = 0.125. The as- 
sumption of uniform probability distribution suffers from 
the consequence that no single paging strategy can be ad- 
judged better than antother in terms of average paging cost 
[241. 

IID model: The IID model assumes that KS are indepen- 
dent and identically distributed. Using the relative frequen- 
cies of the symbols as estimates of residence probabilities, 
we obtain rr, = !$ = 0.435, r!, = & = 0.348, ?rc = & % 
0.13, Td = & % 0.087, and A~ = “f = r, = nh = 0. 

Markov model: The simplest possible Markov model as- 
sumes that the process S is a time-invariant Markov chain, 
defined by 

= Pr[& = vk (vk-1 = ?&-I] (2) 
= Pr[V; =V;]K-r =I&-r] (3) 

for any arbitrary choice of k and i. 
Zones e, f, g and h, never being visited, acquire zero 

probability mass. The effective state space is thus reduced 
to the set {a, 6, c, d). The one-step transition probabilities 

pi,j = Pr[vk = Vj /l/k-l = Vi], 

where vi, vj E {a, b, c, d} 

are estimated by the relative counts. From Figure 2 the 
probability transition matrix P = ((Pi>)) is given by 

The Markov chain is finite, aperiodic and irreducible, and 
thus ergodic. Let IT = [TV i~b K= rrd]’ be the steady-state 

Figure 2: Markov model (order-l) for movement profile 

probability vector. Solvin 
8 

for IT = D x P with 7ra +Ab+& + 
xd = 1, we obtain ra = 21 % 0.409, irb = $ z 0.364, ire = 
& ZZ 0.136, ,rd = & ZS 0.091. Also, ?re = rf = 7r, = r,, = 0. 

Finite-context model: The ignorant model is incapable of 
learning and cannot lead to any adaptive technique. The IID 
model takes the first step towards learning from movement 
history. For example, <a, b, c, d, e, f, g, h> is an optimal un- 
conditional paging strategy that can be derived based on 
the IID model. However, if we know that the mobile has 
made the last update in zone d, neither a nor b is a more 
likely candidate for paging in comparison to c or d. Un- 
fortunately, the IID model does not carry any information 
about the symbols’ order of appearance and falls short in 
such situations. The Markov model carries a little more in- 
formation about the ordering, at least to the extent of one 
symbol context. To be more precise, let us adopt the ter- 
minology order-l Markov model to refer to this particular 
model. The same nomenclature designates the IID model as 
the order-0 Markov model. To maintain the sequence, the 
concept of order has to be extrapolated even to the negative 
domain without much real meaning. We call the ignorant 
model an order-(-l) Markov model. 

The construction of higher order Markov models is illus- 
trated by enumerating all order-2 contexts in the sequence 
“aaababbbbbaabccddcbaa” and the symbols that appear in 
those contexts with their respective frequencies. Table 3 
enumerates the contexts with symbol frequencies for orders 
0, 1 and 2. An entry of “v]w(~)” implies that the symbol 
v E r9 appears with frequency f in the context w E 0’ ‘. Null 
contexts have not been shown explicitly. In other words, f 
is the number of matches of “w.v” in the history, where the 
dot represents concatenation. A dictionary of such contexts 
can be maintained in a compact form by a trie or digital 
search tree, as shown in Figure 3. Every node represents 
a context, and stores its last symbol along with the rela- 

‘Regular grammar notation for a sequence of zero or more symbols 
from set 9 
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43) ‘42) 41) b(l) 41) 42) Gl) 

Figure 3: A trie for all contexts up 

Table 3: Contexts of orders 0, 1 and 2 with frequencies 

Order-O Order-l Order-2 
a(l0) a a(6 ) blc(1) a aa 3) a ba 2 ) a(cb(1) 
b(8) bla(3) clc(1) blaa(2) blba(1) dlcc(1) 
c(3) alb(3) djc(1) alab albb(1) dlcd(1) 
42) bib(4) cld(l) blab(l) b(bb(3) bldc(1) 

clb(l) did(l) cjab(1) clbc(1) W(l) , 

tive frequency of its appearance at the context of the parent 
node. Naturally, a node can have at most 101 children. The 
root, at level 0, represents a null context. Level 1 stores the 
necessary statistics for order-(2 - 1) Markov model. 

It is now intuitively clear how higher order Markov mod- 
els carry more detailed information about the ordering of 
symbols in a sequence. Applied to the update sequences, 
they capture a lot of information about the user’s favorite 
routes. For example, according to the order-l model, the 
probability of the route “abcbcd” being taken is & x i x 
;x;x+x+.& z 2.37 x 10m4. However small this may 
seem, such a zigzag route is highly unlikely to be taken by 
any sensible person, and should have been assigned a zero 
probability. Under the order-2 model, this route turns out 
to be an impossible event, as expected. 

The possibility of Markov models based on higher order 
finite contexts adds hope as well as confusion to the pursuit 
of a general mobility model. Does an increase in the order 
of context always make the model richer? There should be a 
limit to the richness, because the sought after general model 
has to be the richest. At what order k, do we stop? Should 
we use order-k model only, or consider all models of orders 
0 through k inclusive? And, what is the figure of merit for 
richness anyway? 

5 Location Uncertainty and Entropy 

It seems impossible to answer the questions posed in the 
previous section without a quantitative comparison of the 
candidate models. Of course, we need a fair basis for such 
comparison, and uncertainty is a potential choice. The rule 
of thumb is that the lower the uncertainty under a model, 
the richer the model is. Consequently, we need to formalize 
the notion of uncertainty we have been talking about since 

to order-2 in “aaababbbbbaabccddcbaaaa . .” 

d 2) 

A d d 

41) 41) 

I I 
dc dd 

b(l) 41) 

the beginning. 

5.1 Basic terminologies 

We have defined user mobility earlier as a stochastic process 
V = {V,}, where Ks form a sequence of random variables. 
The traditional information-theoretic definitions of entropy 
and conditional entropy of random variables, as well as en- 
tropy rate of a stochastic process are given below [9, 261. 

Definition 3 The entropy Hb(X) of a discrete random vari- 
able X, with probability mass function p(x), x E X, is de- 
fined by Hb(X) = - czGx p(x) log, p(x). The limiting value 
“ lim,,aplogb p = 0” is used in the expression when p(x) = 

0. The base of the logarithm depends on the unit used. As 
we usually measure information in terms of bits, using b = 2 
we write 

H(X) = - c p(x) lgP(x). 
ZEX 

(4) 

Since probability P(x) E [0, 11, we see that H(X) 2 0. 

Definition 4 The joint entropy H(X, Y) of a pair of dis- 
crete random variables X and Y with a joint distribution 
p(x,y), x E X, y E Y, is defined by 

H(X, Y) = - c -&(x, Y) kdxc,~). (5) 
ZEX YEY 

Also the conditional entropy H(YIX) is defined as 

H(YIX) = zP(r) H(YIX = x) 

2EX 

= - CP(X) CP(YlX) kP(YlX) 
ZEX YEY 

= - c CP(X, Y) kP(YlX) 

(f-5) 

(7) 
ZEX YEY 

Definition 5 The per symbol entropy rate H(U) for a 
stochastic process V = {Vi}, is defined by 

H(V) = JIW i H(Vl, VZ,. ,V,) (8) 
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if the limit exists. The conditional entropy rate H’(V) 
for the same process is defined by 

H’(V) = lim H(V,JK, V,, , VLl) (9) n+cc 

if the limit exists. 

5.2 Comparison of models 

First we try to compare different models based on the two 
entropy rates H(S) and H’(S). Let us consider the three 
special cases of context models of orders -1, 0 and 1. Let 
us use the notation Pr [VI = ~1, V, = VZ, . , V, = v,] = 
p(Vi, 2)~~. . , V,) for all Vi E ?9. 

Order-(-l) model: Vis are independent and uniformly dis- 
tributed, i.e. with distribution p(v) = r,, = f , Vv E 8. 
Due to independence, p(vnlvl,. ,v,-1) = p(v,) and 
therefore p(vl, 212, . . . ,wn) = {p(vi)}“. Thus, H(V) = 
H’(V) = lg 8 = 3 bits. 

Order-O model: I& are independent and identically dis- 
tributed with distribution p(v) = K,,, VW; E 8. Due to 
independence, p(u,,(vl, . ,, w,,-i) = p(v,) and there- 
forep(vi,vz,... ) in) = nicl p(vi). SO, H(V) = H’(V) 

= c”,iJP(4kP(4 = ~u;FIp-~vlg~tJ = $ls$ + 

$ lg g + & lg s + & lg y* & 1.742 bits. 

Order-l model: vis form Markov chain, which means that 
P(Vn Iv1 , . . . ,v,,-1) = p(v,lv,-I) = P,,,,,. Substitut- 
ing p(v) = 7rV in Equation (6), we get, 

H’(V) = -xi ri(Cj R,j lgpi,j) 

= &($lg; + +lg3) + &(;lgg + +lg2+ ;lg8) + 
&-(3 x 5 lg3) + A(2 x i lg2) z 1.194 bits. The xv 
values come from the solution of II x P = l-I. 

A few observations are in order. First, at most three bits 
are sufficient to span the message space of eight alternatives. 
All three bits of uncertainty exist in order-(-l) model. Thus 
the model itself is not at all informative, and is the one that 
maximizes entropy rate. Order-O and order-l models show 
gradual improvement in richness with decreasing entropy 
rate. Second, the two kinds of entropy rate H(S) and H’(S) 
are equal due to the independence in order-(-l) and order-O 
models. The question is whether this is true for models of 
order-l or higher. An important result that follows from the 
earlier definitions clarifies this issue [9]. 

Result 1 For any set {VI, Vz,. . , vk} ojk discrete random 
variables with a joint distribution 

P(Vl,V2,...,U) 

= PT[vl = 211, v2 = W2,. . . , vk = Wk], vi(W; E 6) 

the joint entropy H(Vl, V2, . . , Vk) is given by 

H(K7fi1...,Vk) =~H(v,lVl,V2,...,v,_l) (10) 
i=l 

Suppose the random variables KS are taken from V. Equa- 
tion (10) reveals an interesting relationship when k - 1 is 
the highest order context under consideration. Substituting 
k = 3 for example, we get 

H(K, Vz, V3) = H(K) + H(V2lK) + H(fi1V-1, K). 

The additive terms on the right-hand side consists of the 
information carried by levels 1, 2 and 3 (root at level zero) 
of the trie in Figure 3. Higher order context models are thus 
more information-rich as compared to the lower order ones. 
Another way to look at it is that the lower order models mis- 
lead the algorithm designer by projecting an under-estimate 
of uncertainty. To see that the trie holds all the necessary 
parameters to compute H(V;(K,fi, . . ,K-i), we expand 
using Equation (6) to find 

H(KlK,V2 ,..., K-1)=~8i4p(wl ,..., wj-1) x 

{CsP(WilWl,...,Wi-l)lgP(WiIWl,...,Wi-1)). (11) 

The probabilities p(wi, . , w;-1) and p(ui)Vi,. ,ui-i) are 
estimated from the relative frequencies preserved in the trie. 
Since the conditional entropy computation for order-i re- 
quires the joint distribution for all orders up to (i - l), we 
need to maintain models of all orders up to a suitably large 
value. Note that order-l model is an exception due to the 
simplicity in computing the vector TI from matrix P. 

As a part of illustration, let us compute the conditional 
entropies for contexts of orders 0, 1 and 2 from Figure 3. 
We have, H(V1) = 1.742 as before. However, H(V2lK) = 
~($g~+;lg3)+&(~lg~+~lg2+~lg8)+&(3x~lg3)+ 
&(2 x $lg2) z 1.182. The deviation from the value 1.194 
obtained before is due to the fact that we consulted the 
steady-state distribution from order-O instead. Similarly, 
H(V31VlV2)= ~(~‘g3+~lg~)+~(3x~lg3)+~(~lg~+ 

~lg3)+&(~lg4+~1g43) ~0.707. Finally, H(K,&,&)z 
3.631 and by taking the running average, we arrive an esti- 
mate of H(G) = (ly742 + 1.1818 + 0.7c7)/3 z 1.21. As the 
order increases, this running average estimate should con- 
verge to the true value of the per-symbol entropy rate, if it 
exists. 

A natural question arises regarding the highest. order k, 
which dictates the height of the trie. The answer comes from 
the following result (91. 

Result 2 For a stationary stochastic process V = {V;}, the 
conditional entropy H(V,IVI,. ,V,,-1) is a decreasing junc- 
tion in n and has a limit H’(V). 

Clearly, the marginal improvement in model richness starts 
to die out soon. Intuitively, the largest meaningful order 
has something to do with largest chain of dependency ob- 
served in the movement history. This may come from the 
longest route taken by the user or the longest stay at a zone 
(reported by the time-based update only). This becomes 
evident when we look at the left-hand side of Equation (10). 
This is the joint entropy of the k-grams. According to Equa- 
tion (8), the per-symbol entropy rate would then represent 
the running average of conditional entropy rates, giving rise 
to the result [9]: 

Result 3 For a stationary stochastic process S, both the 
limits in equations (S-9) exist and are equal, i.e., 

H(V) = H’(V). (12) 

For a universal model, all we now need is a way to auto- 
matically arrive at the appropriate order dictated by the 
input sequence. Fortunately, this is exactly what a class of 
compression algorithms achieves. 

6 Update and Paging 

In Section 2 we reasoned why the time-based and movement- 
based update schemes are more localized as compared to the 
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distance-based scheme. Let us recall that this was due to 
the system’s involvement in re-computing and uploading the 
mobile’s new neighborhood after each update. The mobile 
has to maintain a list of neighboring cells in a cache until the 
next update. Proponents of the movement-based schemes 
have also touted a caching scheme such that the new cell-id 
is cached on every boundary crossing and entry into a cell 
already in cache is not counted towards reaching threshold 
M. This is supposed to avoid some unnecessary updates 
when cells are re-visited. 

Our update scheme essentially uses an enhanced form of 
caching. Discussions on richness of models in Section 4 re- 
veals the need for gathering statistics based on contexts seen 
in the movement history. While the zone-ids are treated 
as character symbols, these contexts must be treated as 
phrases. A dictionary of such phrases must replace the 
cache. Whereas just doubling or tripling the threshold only 
eliminates some primary updates, our algorithm tries to hold 
them back and send them together in a merged way. Being 
motivated by the dictionary-based LZ78 compression algo- 
rithm originally proposed by Ziv and Lempel[31], it assumes 
the name “LeZi-update” (pronounced “lazy update”). 

6.1 The LeZi-update algorithm 

Before describing the algorithm, let us clarify a very im- 
portant point: LeZi-update is not meant to replace the 
threshold-based dynamic update schemes. Rather, it is sup- 
posed to reduce the update cost by working as an add-on 
module to the underlying update scheme. The responsibil- 
ity of generating the movement history “viv~vs.. .” still lies 
with the primary update scheme as before. Let us identify 
this process of data acquisition as sampling. However, a real 
update message is not generated for each sampled symbol. 
The LeZi-update algorithm captures the sampled message 
and tries to process it in chunks, thereby delaying the actual 
update for some sampled symbols. When it finally triggers 
an actual update, it reports in an encoded form the whole 
sequence of sampled symbols withheld since the last report- 
ing. In effect, the movement history “vr2r2va .” reaches 
the system as a sequence “C(n~i)C(zn~)C(u~a). .“, where 
wis are non-overlapping segments of the string %1v~vs.. .” 
and C(w) is the encoding for segment w. The prime require- 
ment for Le.&update (following LZ78) is that the segments 
W;S must be distinct. 

The system’s knowledge about the mobile’s location al- 
ways lags by at most the gap between two updates. The un- 
certainty increases with this gap, yet larger gaps reduce the 
number of updates. A natural thing to do would be to delay 
the update if the current string segment being parsed has 
been seen earlier, i.e., the path traversed since the last up- 
date is a familiar one. Although the gap goes on increasing, 
it is expected that the information lag will not affect pag- 
ing much if the system can somehow make use of the profile 
generated so far. This prefix-matching technique of pars- 
ing is the basis of the LZ78 compression algorithm, which 
encodes variable length string segments using fixed-length 
dictionary indices, while the dictionary gets continuously 
updated as new phrases are seen. In figures 4-5, we out- 
line this greedy parsing technique from the classical LZ78, 
as used in our context. The mobile acts as the encoder, 
while the system takes the role of the decoder. It must how- 
ever not be overlooked that the LeZi-update really makes a 
paradigm shift from the existing zone-based to a new path- 
based update messaging. Re-designing the message format 
would thus be necessary. 

initialize dictionary := null 
initialize phrase w := null 
loop 

wait for next symbol v 
if (w. v in dictionary) 

w := w.v 
else 

encode <index (w> ,v> 
add w.v to dictionary 
w := v 

endif 
forever 

Figure 4: Encoder at the mobile 

initialize dictionary := null 
loop 

wait for next codeword Ci.s> 
decode phrase := dictionary CiI . s 
add phrase to dictionary 
increment frequency for every 

prefix of phrase 
forever 

Figure 5: Decoder at the system 

6.2 Incremental parse tree 

The LZ78 algorithm emerged out of a need for finding some 
universal variable-to-fixed coding scheme, where the coding 
process is interlaced with the learning process for the source 
characteristics. The key to the learning is a de-correlating 
process, which works by efficiently creating and looking up 
an explicit dictionary. The algorithm [31] parses the input 
string “vi,v~, ,v,,” (v E 8) into c(n) distinct substrings 
wi, WZ, . , w=(,,) such that for all j 2 1, the prefix of sub- 
string wj (i.e. all but the last character of wj) is equal to 
some wi, for 1 5 i < j. Because of this prefix property, sub- 
strings parsed so far can be efficiently maintained in a trie 
[151. 

Figure 6 shows the trie formed while parsing the move- 
ment history “aaababbbbbaabccddcbaaaa .” as “a, aa, b, ab, 
bb, bba, abc, c, d, dc, ba, aaa, .‘I. Commas separate the parsed 
phrases and indicate the points of updates. In addition to 
representing the dictionary, the trie can store statistics for 
contexts explored, resulting in a symbol-wise model for LZ78. 
A new dictionary entry can only be created by concatenat- 
ing a single symbol v to a phrase w already in it. Thus 
c(n) also capture the storage requirement for maintaining 
the dictionary at both mobile and system side. 

It is easy to see that as the process of incremental parsing 
progresses, larger and larger phrases accumulate in the dic- 
tionary. Consequently estimates of conditional probabilities 
for larger contexts start building up. Intuitively, it would 
gather the predictability or richness of higher and higher or- 
der Markov models. Since, there is a limit to the model rich- 
ness for stationary processes, the Lempel-Ziv symbol-wise 
model should eventually converge to the universal model. A 
result from [12] states that 

Result 4 The symbol-wise model created by the incremen- 
tal parsing asymptotically outperforms a Markov model of 
any finite order and attains the finite-state predictability. At 
any point, the effective number of states in the incremental 
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Figure 6: Trie for the classical LZ symbol-wise model Figure 8: Trie for the enhanced LZ symbol-wise model 

parsing model is O(c(n)) and the equivalent Markov order 
is O(logc(n)). Moreover, for stationary ergodic sources, it 
attains the predictability of the universal model. 

For our running example, the largest order we see is 2. 
However, not all the order-2 contexts get detected. The 
first reason behind this is that the algorithm remains un- 
aware about the contexts that cross over phrase bound- 
aries. Unfortunately, the algorithm has to work on one 
phrase at a time. The second reason is that the decod- 
ing algorithm, as is, logs the statistics only for the prefixes 
of the decoded phrases. None of them influence the asymp- 
totic behavior, but the rate of convergence gets affected to a 
considerable extent. A simple modification on the decoder 
(system side) as in Figure 7 improves the performance if 
the dictionary is augmented by the suffixes of the decoded 
phrases. The enhanced trie for the symbol-wise model is 
shown in Figure 8. To appreciate the effect, let us compute 

initialize dictionary := null 
loop 

wait for next codeword Ci,s> 
decode phrase := dictionary [i] . s 
add phrase to dictionary 
increment frequency for every prefix of 

every suffix of phrase 
forever 

Figure 7: Enhanced decoder at the system 

the conditional entropies for both the classical and the en- 
hanced symbol-wise models. For the classical one, H(Vl) = 
5 lg y + 5 lg3 + & lg 12 + i lg6 = 1.784, and H(V21Vl) = 

$(2x f lg 2)+$( t lg 3+$ lg $) = 0.723 bits. An estimate for 
H(V) is (1.784+0.723)/3 = 0.836 bits. Conditional entropy 
for all order-2 contexts turns out to be zero. This is also 
t;le f;; thesenh;Fced30ne.z3How;ver,zre still have, H(Vl) = 
23 g 5 + E lg B + 23 lg 3 + 23 lg 1 z 1.742 bits. Then, 
H(V2lK) = E($ lg $+$ lg $)+&(2x$ lg :+3 lg5) M 0.952 
bits. The estimate for H(V) is (1.742+0.952)/3 = 0.898 bits, 
showing that the model has improved to some extent. 

43) 41) 41) 
aa 

41) 41) 41) 41) 

6.3 Update cost and message complexity 

Had the update cost been measured in terms of the volume of 
update messages in bits, the cost minimization problem can 
be easily identified with compressing the movement history. 
However, only the number of updates contributes to the up- 
date cost. In an off-line scenario where both the dictionary 
and the input string are given, it is possible to find out a 
parsing that minimizes the number of parsed phrases using 
either a breadth-first search or dynamic programming. But, 
when the history is generated on-line and the dictionary is 
built adaptively, we do not have that luxury. The literature 
has an asymptotic optimality result for Lempel-Ziv parsing 
in terms of the total volume of update messages, while only 
an upper bound on the growth rate can be derived for the 
number of updates [9]. 

Result 5 For a stationary ergodic stochastic process V = 
{I$}, if Z(Vi, fi, . . . , V,) is the Lempel-Ziv codeword length 
associated with VI, &, . . . , V,, then 

limsupA[Z(Vi,Vz,... 
TL+oo n 

, WI = Ho4 (13) 

with probability 1. 

Result 6 The number c(n) of phrases in a distinct parsing 
of a string %I, 212, . , . , vn ” satisfies 

c(n) = o( 
n 

logn - loglogn) (14) 

where the base of the logarithms is ]ti] 

Result 5 essentially implies that LZ78 approaches opti- 
mality asymptotically for stationary sources. This coveted 
property is inherited by the LeZi-update, which replaces n 
location-updates of the primary update algorithm by c(n) 
path-updates. Assuming that the update messages handle 
the path-updates with no extra cost, the improvement in 
update cost from Equation (14) is w(logn - loglogn). Ac- 
cording to the algorithms in Figure 4-5, the LeZi-update 
adds only one entry to the dictionary per update. So, the 
size of the dictionary after n samplings is also given by c(n). 
The index needed for encoding would have O(lgc(n)) = 
O(lg n - lg lg n) bits. 
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6.4 Profile based paging 

The location database of every user holds a trie, which is the 
symbol-wise context model corresponding to the enhanced 
Lempel-Ziv incremental parse tree. Each node except for 
the root preserves the relevant statistics that can be used 
to compute total probabilities of contexts as well as condi- 
tional probabilities of the symbols based on a given context. 
A path from the root to any node represents a context, and 
the sub-trie rooted at that node reveals the conditional prob- 
ability model given that context. The paths from the root 
to the leaves in the Lempel-Ziv trie represent the largest 
contexts, which are not contained in any other contexts. 

Due to space limitation, we informally describe the un- 
derlying principles behind the probability assignments. These 
are essentially similar to those used in prediction by par- 
tial match (PPM) family of text compression schemes [5, 81. 
However, while the PPM techniques are concerned with the 
probability of the next symbol from the trie, we are inter- 
ested in the probability of occurrence of specific zone on the 
probable paths of the mobile, until it sends the next update. 
These paths are the sequences generated when traversing 
from the root to the leaves of the sub-trie representing the 
current context. The desired probability can thus be esti- 
mated as the ratio of the number of such paths containing 
the symbol to the total number of such paths. The esti- 
mated conditional probabilities for all the symbols at the 
current context give rise to the conditional probability dis- 
tribution given that context. Instead of relying completely 
on the conditional probability estimates given the context of 
a specific order, a PPM-style blending of these distributions 
is recommended [5, 81. A family of paging algorithms comes 
out based on the choice of these blending strategies. 

Let us illustrate the technique by tracing the enhanced 
Lempel-Ziv trie in Figure 8. Assume that the call has ar- 
rived, and no LeZi-style path update message has been re- 
ceived since receiving “aaa” at 9 p.m. Since the path-length 
of the last update message was three, we can only estimate 
the probability distribution with orders 0, 1 and 2. For an 
order-2 estimate we trace the path “aa” from the root of the 
trie. The sub-trie below this node has only a single child, 
and hence only one path “a”to a leaf. Based on the oc- 
currence of symbols a, b, c and d on this path, we end up 
with the assignment of pa = [l, O,O, 01. Next, we consider 
the order-l estimate based on the context ‘(a” The sub-trie 
rooted at this node has the following paths, with relative 
frequencies written in parenthesis: u(2), au(l), b(l), bc(1). 
Based on the relative frequencies of occurrence, we come to 
the probability assignment of pr = [f , i, i, O]. Finally, for 
order-0 estimate we start from the root of the whole tree 
and come to the assignment po = [g, $, i, &] by proceed- 
ing in the same manner. Given a blending weight vector 
w = [we, wi, wz], the blended probability assignment would 
turn out to be 

p=woPo+wlPl+w2P2. (15) 

Paging occurs by ordering zones according to a decreasing 
sequence of probability values from p. 

Probabilistic prediction is not necessarily the only ad- 
vantage of building the Lempel-Ziv tries. Search can also be 
done on the entire trie or a context sub-trie using breadth- 
first, depth-first or a combined strategy. Geographical infor- 
mation about the neighborhood of LAS come as a by-product 
of constructing these tries, especially when the movement- 
based update scheme with M = 1 is used for sampling. 
A breadth-first search pages the mobile in the neighboring 

zones where it is known to have gone before. This is really 
a pruned version of paging tier by tier [19]. On the other 
hand, a depth first search can be spawned biased by the 
weights of the paths emanating from the node and finishing 
in a leaf, which gives preference to movement in specific di- 
rections. An ordering of zones is always prepared for paging, 
irrespective of the criterion used for this ordering. This list, 
of course, is guaranteed not to include a zone never visited 
before, based on the protocol that the mobile will update if 
the user ends up moving to a new location. 

7 Conclusions 

We have identified the uncertainty due to user mobility as 
the complexity of the location management problem in a 
cellular environment. Therefore, entropy is the natural mea- 
sure for comparing mobility tracking algorithms. As entropy 
is oftentimes quantified in terms of the number of bits, we 
arrive at a very intuitive definition of location uncertainty as 
the least amount of message that needs to be exchanged so 
that the exact location is known. This provides a common 
ground for comparing various techniques that are proposed 
in the literature. 

The main difference between our approach and the tradi- 
tional track of research on location management in cellular 
PCS network lies in the perspective. We do not formulate 
mobility tracking as a static optimization problem speci- 
fied in terms of some known input parameters. The scope 
of our study extends to the estimation of those parame- 
ters from data provided by the underlying sampling mecha- 
nism. The update schemes proposed in the literature so far 
are essentially a characterization of these sampling mecha- 
nisms. While sampling is not the main focus of this paper, 
we have pointed out that one can obtain highly informative 
samples by combining the time-based and movement-based 
schemes. The important issue is that the sampled data may 
have enough redundancy, and need not be sent “as is” in the 
update messages. Characterizing the user movement data 
as a stochastic process, we have identified stationarity to 
be the sufficient criterion for learning the mobility profile. 
Using entropy as the basis of comparing models, we have 
illustrated the existence and properties of a universal model 
when the profile is stationary. 

We have adopted the LZ78 compression algorithm as the 
basis of our update scheme. The choice was guided by two 
factors, viz. the existence of an explicit symbol-wise context 
model created by incremental parsing, and the tendency of 
this model to asymptotically converge to a universal one. As 
seen in lossless data-compression [5], piecewise stationarity 
of the sampled sequence should help LZ78 to achieve a high 
level of performance. The use of pure LZ78 in this paper 
is motivated by its simplicity in establishing the theoreti- 
cal basis. Practical implementation would call for a fancier 
LZ78 variant which must work efficiently with limited mem- 
ory and should have the capability of forgetting beyond the 
recent past. We briefly describe how a paging strategy is to 
be derived out of such a model. 

The principle of using compression techniques in mobil- 
ity prediction may have a bigger potential than just efficient 
location management. By maintaining global dictionaries 
along with individual user profile decoded from updates, it 
may be possible to predict group behavior. In wireless data 
networks, this can lead to a more efficient bandwidth man- 
agement and quality of service (QoS) provisioning based on 
reservation. 
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