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Abstract

A practical information theoretic framework is devel oped for studying the optimal tradeoff between location update and paging
costs in cellular networks. The framework envisions quantization of location information into a Registration Area (RA) level
granularity, followed by the use of an entropy-coding technique to decrease the location update rate. The rate distortion theory of
lossy quantization is identified as an appropriate measure for capturing the optimal tradeoff between a mobile’s update rate and its
location uncertainty. Based on LZ-78 compression, two different RA-level location update algorithms (RA-LeZi and LeZi-RA)
have been developed, both of which asymptotically approach this rate-distortion bound. By alowing for quantization loss in the
mobile node’s movement pattern, this framework can reduce the overall update cost below the entropy bound associated with
the origina loss-less LeZi-Update mobility management algorithm. Simulation results demonstrate a sharp decrease (~ 50%)
in the update cost, at the expense of a minor (~ 25%) increase in the overall location management costs. The key essence of
this framework lies in its practical applicability, because today’s wireless networks already track the mobile user at an RA-level
granularity.

. INTRODUCTION

Algorithmsfor tracking the location of mobile nodesin awireless cellular infrastructure essentially utilize
two fundamental operations:
« Update: whereby a mobile node (M N) proactively informs the network of its current cellular coordinates,
thus reducing itslocational ambiguity.
« Paging: whereby the cellular system potentially searchesfor the A/ N in all plausible cells, i.e., those cells
inwhich the M N currently has a non-zero probability of residence.
Optimizing the total location management cost usually involves trading off the costs associated with these
two functions against each other (alower location update cost implies a higher paging cost, and vice versa).
These two costs are often inter-dependent in a non-linear way. In general, M N-specific agorithms, where
the location update and paging strategies are individualized for each M N’s movement history, outperform
global, threshold-based management algorithms, where all (or groups of) users generate location updates at
the same cell transitions. Most M N -specific agorithms, however, assume specific movement models, and

do not allow an M N to tradeoff between the update and paging costs in a model-independent fashion.
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LeZi-Update [5] is perhaps the first model-independent approach to design an optimal location tracking
schemein cellular networks. By modeling the A N’s movement as a (piece-wise) stationary, ergodic stochas-
tic sequence, the LeZi-Update algorithm presents an optimal M N -specific approach to mobility management.
The movement history of the M N isrepresented by a sequence of symbols, where each symbol corresponds
to a cell that the M N has traversed. It then uses an entropy coding algorithm with on-line learning (the
Lempel-Ziv (L.Z78) compression scheme) to reduce the location update cost per symbol to an asymptotically
optimal value (defined by the entropy of the stochastic process). No other location management approach can
accurately convey this movement sequence at a smaller cost. The existing LeZi-Update scheme is, however,
based on the lossless 1.7 78 text compression algorithms, and does not allow the individual user to trade off
the location update and paging costs against each other. Moreover, LeZi-Update is purely an M N-specific
algorithm, which isunable to exploit the global registration-area (RA) based location management infrastruc-
ture currently deployed in cellular PCS networks. Based on these observations, our work attempts to answer
the following two questions:

(1) Isit possible to further reduce the location update cost incurred by LeZi-Update (below the entropy
bound), and if so, how does one modify the location management algorithmsin an optimal way?

(2) Isit possible to combine the LeZi-Update approach with the current RA-based approach to offer sig-
nificantly lower mobility management costs, without disbanding the current PCS infrastructure?

In this paper, we have devel oped an information-theoretic model to capture the fundamental bounds on the
trade-off between location update and paging, which is applicable to any practical location update scheme.
The modé is also constructive, since it allows us to use a variety of coding technigues from information
theory to practically achieve these bounds. The concept of rate distortion functions from information theory
is used to formalize the notion of how the location update cost of an M N can be arbitrarily reduced, at the
expense of correspondingly higher paging costs. In essence, we investigate the use of lossy quantization
algorithms with the LeZi-Update framework, such that the network does not necessarily receive the M N’s
true movement history, but a “reasonably close” approximation to it. Like the LeZi-Update approach, our
tradeoff framework is also model-independent and adapts to the A/ N’s movement history.

Our approach combines the LeZi-Update technique with the current RA-based management scheme. In
this approach, we preserve the current PCS design, whereby cells are statically partitioned into a set of RAS.
We have devel oped two different algorithms, RA-LeZiand LeZi-RA, to expressthe M N’s movement history



into two different sequences of symbols, where the symbols refer to the registration areas, rather than the
individual cell. By applying LZ78 compression on each of these RA-based symbol sequences, we have
reduced the location update cost of the M N below its entropy bound (in terms of its cell-level uncertainty),
albeit by sacrificing on the precision of the reported sequence. Both the update algorithms correspond to
a combined quantization and entropy coding technique. Information theoretic concepts are used to express
the reduction in the update rates, and the increase in the paging costs, with the variation in the size of each
RA. In particular we have shown that in practical systems with reasonable bounds on the paging latency, our
algorithms are able to track the M N’s location with an overall cost very close to the optimal LeZi-update
strategy, but at much lower update cost.

Section |1 briefly summarizes the existing location update and paging schemes. The practical estimation
of location uncertainty in alossy wireless environment is mathematically formulated in Section 111. Subse-
guently, we have developed the new, near-optimal location management framework, and the two proposed
location update strategiesin Section 1V. Simulation resultsin Section V empirically demonstrate the advan-
tages and relative performance of our two proposed strategies. Section VI concludes the paper with pointers

to future research.

[l. RELATED WORK ON LOCATION MANAGEMENT

Given the large amount of work on location tracking in cellular systems, we briefly discuss only the broad
categories of location management solutions. Cellular PCS networks generally cluster a group of cellsinto
registration areas (RAS), such that an M N’s location uncertainty is confined into its last reported RA. The
mobile node (M N) performs proactive location updates only when it changes its current RA, and not on
every cell-change. To resolve the M N’s precise location within its current RA, the network pages the M N
simultaneously in all the cells within that RA. Various strategies, such as simulated annealing [8], have been
used to adjust the RA partitions to minimize the cumulative location update and paging costs. While it is
well-known that larger RAsimply lower update and higher paging costs, the PCS framework is, however, far
from optimal. M N-specific location update strategies can be broadly classified into three groups based on
the different thresholds used: distance-based [1], time-based [12] and movement-based [2], whose relative
performance has been analyzed in [4].

Rose and Yates [11] have pointed out that the naive approach of paging the mobile simultaneously, over al



cellswith anon-zero residence probability, isan overkill. They have shown that, in absence of any constraint,
the expected paging cost is minimum when the cells are paged in decreasing order of occupancy probabilities.
Even when the paging process is subject to a maximum delay constraint, they use an approximate dynamic
programming-based solution to demonstrate how an optimal paging sequence can significantly lower the
expected paging cost (using a uniform residence probability distribution). The basis of cluster paging [11]
and directional paging [4] liesin the underlying assumption that the occupancy probabilities decrease omni-
directionally with increasing distance from the last known (updated) location. More recently, the idea of
profile-based paging [10], [5] has aso been formulated.

LeZi-Update [5] has used lossless LZ78 data compression algorithms to develop the most generalized
information-theoretic framework for optimal location tracking. However, none of the above-mentioned ap-
proaches has explicitly considered mechanisms to tradeoff between the location update and paging costs, by
appropriately modifying the accuracy of the mobile'supdate sequence. Supporting such atradeoff mechanism
isimportant, since mobile nodes with identical movement patterns can have very different battery capacities
or paging delay constraints. A major novelty of our scheme lies precisely in its ability to allow for loss of

information during the location update process.

I11. RATE DISTORTION THEORY AND ITS IMPLICATION IN MOBILITY MANAGEMENT

Our proposed location management framework expresses the movement of amobilein an abstract symbolic
gpace. Unlikethe existing LeZi-Update, where every symbol represents aparticular cell, our location tracking
framework works at an RA-level granularity. In other words, every cell is quantized to its nearest possible
RA, and the set of RAs are represented by a sequence of symbols. Accordingly, the framework is practical,
universal and can even support networks having geometric location information.

Let the lower-case symbols a, b, ¢, . . . denote the individual cells of the cellular system, while the upper
case symbols represent the registration areas. From a cell-level standpoint, the movement history of the
mobile node (M N) is represented as a random sequence X" = {x1, 2o, ..., z, }, Where each element x; is
a particular symbol from the alphabet C, where C is the set of all cells. When expressed at the RA-level
granularity, the M N’s movement history appears as arandom sequence Y = {Y1,Y5,...,Y,}, where each
Y; isasymbol from the alphabet R, where R is the set of RAs. For any RA, Y, let cell(Y") denotes the set
of cells comprising that RA. Similarly, for any cell, z, let Q(z) denote the ID of the corresponding RA. We



assumethat the system has IV cells, partitioned into M different RAs. Themobility of M/ NV essentially creates
an uncertainty of itslocation. Shannon’s entropy [7] isthe most fair measure to estimate this uncertainty.

Definition 1: The entropy H (X') of a discrete random variable X, with probability mass function p(z), is
defined by

—> p(x)lg p(z Q)

zeC

Thelimiting value “lim,_,, p Ig p = 0” isused in the expression when p(z) = 0.

Result 1. It isimpossible to reconstruct any (piece-wise) stationary, ergodic, stochastic sequence at the
receiver end at a cost less than its entropy H(X). Shannon’s entropy provides the estimate the minimum
amount of information needed to transmit a coded sequence in a lossless manner.

However, most of the practical systems are inherently lossy and thus the receiver can only construct an
approximation of the original sequence. Thisinsight forms the basis of our work.

The essence of our scheme liesin alossy learning of the M N’s movement pattern, i.e., alowing for some
distortion in the location update process. From the system’s perspective, the M N generates |ocation updates,
not at a cell-level granularity, but based on a quantized version of it. Indeed, the many-to-one mapping from
multiple cells to a specific RA, viathe function (), can be viewed as a scalar quantization of the origina
symbol sequence. The M N’s quantized movement history is then the stochastic process Y™ = {Y "}, where
the repetitive patterns add piece-wise stationarity. Even if the system receives the sequence Y without
any error, the original sequence can never be recovered, implying that the transmission process results in a
distortion cost. Let us assume that the system maps each RA value, Y}, to a particular cell z; € cell(Y;),
according to a function z; = W (Y;). In general, the fidelity of this quantization process is expressed via a
distortion function, d(.), that expresses the cost between an input vector X" and a quantized vector W (Y™)
={WI), W(Ys),...,W(Yn)}.

Definition 2: If the sequence X" = (x4, o, . .., x,) atherealization of the ergodic stochastic process X,
and W (Y™) is the lossy estimate of this sequence, then the distortion is estimated as d,,(X™, Y"), where
dp(X™,Y™) =0if X" =W (Y") and d,,(X™,Y"™) > 0 otherwise.

The system is D-semi faithful if d,(X™,Y™) < D. In genera, while d;(.) can be any legitimate cost

function, most practical applications use a scalar (or per-symbol) distortion measure, with

1 n
do (X" Y™) = =S di(X,, W (YY), )
=1
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where d;(.) is a scalar distortion measure (e.g., squared distance or Hamming distance). From a stochastic
viewpoint, we are interested in the expected distortion E[d,,(X™, Y™)] over al plausible input sequences X ™.
For the location update problem, this distortion cost should relate to the eventual paging cost, since the loss
of information about the M N's precise movement history will eventually manifest itself in a less-optimal
paging strategy. While we are not concerned with the definition of specific distortion functions, it should be
clear that the larger the size S of an RA, the larger should be the distortion value D, since the quantization
error is proportionately greater. This measure of fidelity forms the basis of rate distortion theory [7]:

Definition 3: For any distortion D > 0 andn > 1, the n!*-order rate-distortion function of X" is given by

Ry (D) = inf I(XT,Y") 3)

(XTY"), Eldn (XT,YT)]<D

where I(X7,Y") = p(xf,y}) lg% denotes the mutual information between the sequence and its
distorted estimate, p(z7, y7) is the n'* — order joint probability of two random variables > and y and the
infimum (in f) is taken over all jointly distributed random vectors (X7, Y/") with valuesin C™ x R". The
limiting operational valueis achieved as R(D) = lim,,_,o(1/n) R, (D).
R(D) essentially indicates alower bound on the symbol-generation rate (update cost) of any feasible scheme
that transmits the sequence X' without incurring a distortion cost larger than D. To ensure lossless reproduc-
tion of the random process X™, the update rate cannot be lower than the entropy, i.e., R(0) = H(X). How-
ever, by allowing for progressively larger values of the error cost D, we can reduce the update rate/symbol
arbitrarily below this entropy bound. From our perspective, the most important result is that [13]:

Result 2: For memoryless sources, cascading the scalar quantizer with a conventional (lossless) entropy
coding algorithmis nearly optimal in that it yields a rate very close to the rate-distortion bound.
In the next section, we shall use this result and the rate-distortion framework to present two alternative ap-

proaches for combining the use of registration areas with LeZi style updates.

V. COMPARATIVE PICTURE OF TWO DIFFERENT ALGORITHMS

We now present two alternative location management strategies that exploit this notion of rate-distortion
coding to reduce the M N’s location update cost below the entropy bound, at the expense of increasing the
paging cost. The two strategies can be viewed as two different approaches to scalar quantization of the
underlying movement sequence of the M NV, and allow usto tradeoff between the location update and paging

costsin two different ways. Both approaches to quantization-based |ocation update operate in two stages. In



the first stage, each cell associated with the mobile user is represented by its corresponding registration area
(RA). In other words, the movement of the mobile user is quantized to a coarser RA-level granularity. Note
that the RAs are themselves not user-specific, but are statically defined for al users. In the second stage, this
(user-specific) quantized sequence is processed in chunks according to the LeZi-Update algorithm. Both the

schemes, however, use an identical paging process, which is described in Section 1V-C.

A. The LeZi-RA Location Update Algorithm

initialize dictionary := NULL

initialize phrase w:= NULL

Loop initialize dictionary := NULL
wait for next symbol (cell) =z; loop

quantize the symbol to get the RA Y; = Q(z;)
if (w.Y; in dictionary)
w:=w.Y1
else
encode <index w,Y;>
add w.Y; to dictionary
w := NULL
endif

forever Fig. 2. Decoder at the system

wait for next codeword
decode phrase
add phrase to dictionary
increment frequency for every prefix
of every suffix of phrase
forever

Fig. 1. Encoder of the LeZi-RA schemein mobile
In the first location-update approach, which we call LeZi-RA, every changeinthe M N’'scell x,, ismapped

to the corresponding RA Y;,, given by Y,, = Q(z,). The M N then acts as an encoder, performing LZ78
compression on this quantized sequence Y. Thus, the movement pattern “zxox3..." is first quantized
as"Y1Y,Y;. .., and eventually reaches the location register as a sequence “C/(w;)C/(wq)C'(w3) .. .,"” where
w;S are non-overlapping, distinct segments of the string (sequence of RAS) “Y;Y5Y5..." and C'(w) is the
encoding for segment w. For example, let us assume that the RAs A, P, Z and FE respectively consist of
cels (a,b,¢c), (p,q,7), (z,y,2) and (e, f, g). Now, let the movement of M N in the cellular granularity is
given by the string {; =*a, b, ¢, ¢, o, p, ¢, 7, Ty X, T, Y, 2, 2, [y gy €, 9, a, a, b, D, PG, Ty E, € G, T, Y,
y, 2”. This movement sequence is now quantized in the RA-level to obtain the lossy sequence (o = “A, A,
AJA P, P,P,P,P,Z, Z,Z,Z,Z,E,E,E,FE, A A, A A, P,P,P,P,E,E,E, Z, Z, 7, Z” The
algorithm for generating updates (at the M N) and for processing them (at the location registers) is described
in Figures 1 and 2. Following these algorithms, the lossy sequence is incrementally parsed as A, AA, AP,
P,PP,PZ, 7, ZZ, ZE, E, FE, AAA, APP, PPE, EEZ, ZZZ. This symbol-wise context model is
efficiently stored in a dictionary implemented as a search trie. Figure 3 shows these different phrases with
their frequencies, where the frequency of every symbol isincremented for every prefix of every suffix of each

phrase[5]. Theincremental parsing accumulateslarger and larger sequences of RAsin the dictionary, thereby



accruing estimate of probabilities of all possible orders.
In the LeZi-RA algorithm, the input symbol rate to the LZ coder equalsthe cell transition rate of the M V.
However, LeZi-RA will outperform the simple RA-based reporting algorithm currently used in cellular PCS,

since the actual update rate (the output of the LZ coder) adjuststo each M N’'sindividual RA-level movement

pattern.
initialize dictionary := NULL
/\ initialize phrase w:= NULL
loop
wait for next symbol z;
1E(Q(w;) # Qzi—1))
A (8) P (8) Z(8) E() quantize x to get Y; = Q(x;)
if (w.Y; in dictionary)
w = w.Y;
else
AR |P@ P(3) Z(1) Z(3| | E@Q) EQ@ encode <index w,Y;>
add w.Y; to dictionary
7 / / w i NULL
endif
A1) PO |E® Z(1) Z(@) endif
forever

Fig. 3. Triefor the LeZi-RA Sch
'g rietorthe ! eme Fig. 4. Encoder of the RA-LeZi schemein mobile

Result 3: The location update cost per symbol of the LeZi-RA algorithmis lower than the corresponding
update cost of the original LeZi-Update algorithm.
Proof: We first show that the entropy of the quantized sequence is smaller than the entropy of the original
movement sequence of the M N. To seethis, notethat H(X,Y) = H(X)+ H(Y/X)=H(Y)+ H(X/Y).

Accordingly, we have

HY) = H(X)+H(Y/X)-H(X/Y) (4)

= H(X)-H(X/Y)<H(X), (snceH(Y/X) = 0,asthecell — RA mapping is deterministic)

Since the LZ-compression algorithm asymptotically approaches the entropy rate of the input sequence, it
follows that the update cost for LeZi-RA (i.e.,, H(Y") bits/symbol) will be lower than that of LeZi-Update
(i.e, H(X) bits/symbol).

B. The RA-LeZi Location Update Algorithm

The second approach is called RA-LeZi and involves a further compression of the quantized sequence.
In RA-LeZi, a new quantized sequence (RA value) is generated as input to the LZ coder only when the RA
value changesfrom its previous value. Since each RA typically comprises multiple contiguous cells, the M N

would typically make multiplecell transitionswithin the same RA. Notethat, RA-LeZi essentially ignoresthe



run length of these quantized symbols, and generates a new symbol only when the M N changes its current
RA. The string ¢;, formulated earlier, is now quantized into the lossy string, (;, =“A, P, Z, E, A, P, E, Z".
Subsequently, the parsing results in the the A, P, Z, E, AP, EZ. Clearly, in this process, we are further
reducing the input symbol rate to the LZ coder. Figure 4 provides the encoder of this new update mechanism;
the decoder remains the same as described in Figure 2.

It is, however, interesting to observe that the relative performance of LeZi-RA and RA-LeZi is dependent
on the precise movement model — one cannot make model-independent claims that one scheme will outper-
form the other. While LeZi-RA has a higher symbol input rate to the LZ compressor, this symbol sequence
also has much higher correlation (since the M N will typically make multiple successive transitions in the
same RA), thereby incurring a lower entropy cost per input symbol. On the other hand, while RA-LeZi has
a lower symbol generation rate, these symbols will have lower correlation (greater randomness), since the
RA-LeZi symbol sequence does not capture the self-transitions that occur within an RA. Accordingly, the
entropy cost per input symbol will be higher than that of LeZi-RA. The overall cost, per cell transition, or
per time, is then model-dependent, since it depends on the combination of the actual cell transition rate, and
the correlation between successive cell transitions (whether or not an A/ N makes multiple transitions within
anRA).

Our strategy of performing LZ compression on the RA-level sequence, rather than the cell level sequence,
is motivated by the observation that the use of coarser-grained location coordinates usually increases the
regularity observed in the movement pattern of typical mobile users. For example, in the Boring Professor
Model [15] of user mobility, an M N usually travels between a set of well-defined points of interest (such as
home, work or shopping center). While the paths between these points can, however, exhibit some random-
ness at cell-level granularity (e.g., the mobile user takes a detour to atravel agency on the way to work), these

perturbations disappear when the user pattern is considered at a coarser (RA-level) granularity.

C. Paging Algorithm (for both LeZi-RA and RA-LeZi)

The paging process is identical for both the LeZi-RA and RA-LeZi update strategies, and essentialy in-
volves a trie-traversal to compute the unconditional residence probabilities of the M N at each RA present
in the trie. The unconditional residence probabilities are computed using a three-stage approach. In the first

stage, prediction by partial match (PPM) style blending techniques [14] are used to compute the probability



Initialize 4:=0, Pr[¢]:=0, h:=highest order
Initialize escape probability Pr$>:: 1
While (¢ <h)

Search for ¥ at order h—i

If (¢ found)

Compute its (h—1i)"" order
probability (Pry_;[¥])
else
Prp_i[¢]:=0

End-if

Compute the escape probability (Prgiﬂ

to order (h—1)

Estimate the combined probability as

Prij] := Pr(] + U_{ Pri® x Pry_[]

t:=1+1
End-while
Compute the probability of individual RAs based on
their relative weights in the phrase
Sequentially probe the RAs in decreasing order
of normalized residence probabilities
Page the cells of an RA in any random order
(since they have identical residence probabilities)

th

Fig. 5. Paging Algorithm
of a particular phrase (sequence of RA). The algorithm, shown in Figure 5, starts from the highest order of
context (leaf nodes in the trie) and escapes to lower order, until order-0 (the root) is reached. If £, NV (w),
L(w), S*(w) and P(w) denote the last updated phrase, number of occurrences of a phrase w, its length, k-th

suffix, and prefix respectively, the probability of any phrase » can be estimated by the recursive formula:

priy) = NWIPE©) | NAPES(E))
YuNW|[P(SHE))  LuN(w]|P(SHE)))

foral k, where1l < k < L(€).

x Pr{S'(P(S%(€)))]

In the next stage, following the principle of insufficient reason [9], the phrase probability mass is dis-
tributed according to itstype or composition. The probability of an individual symbol (RA), isthus essentially
computed based on the relative weights of symbols on these phrases. Formally, the probability o( ;) of each

RA, R;, isthen obtained as

N(R;)
£) x Pr{i], )

o(R;) = Z

¥

Unlike LeZi-Update, the unconditional residence probabilities in LeZi-RA and RA-LeZi apply not to indi-
vidual cells, but to RAs. Accordingly, these unconditional probabilities are now equally distributed among
the constituent cells. For example, if S; denotes the set of cells constituting the RA Y;, the unconditional

probability oy, is distributed among these cells o(x) = 22 vz € ;.



The optimal paging scheme, in the absence of any delay constraints, is to page the cells in the decreasing
order of these unconditiona residence probabilities. Due to the RA-based updates of LeZi-RA and RA-
LeZi, it is clear that the unconditional residence probabilities for all cells belonging to a common RA will
be identical. Accordingly, paging the cellsin decreasing order of their residence probabilities is effectively
identical to paging the RAs in the order of their normalized residence probabilities (residence probability
divided by the RA size). Within each RA, the cells can be sequentially paged in random order.

It is interesting to compare the costs of paging algorithm employed by LeZi-RA and RA-LeZi with the
paging costs of original LeZi-Update. In general, by dispersing the paging probabilities of an RA over al its
constituent cells, our paging algorithm may either a) include cells in the paging sequence that the M N has
never visited (and have zero residence probability under LeZi-Update), or b) change the order in which the
cells are paged. As an example of the first possibility, consider an extreme situation, where the M/ N simply
visits K cells (indexed in their optimal paging order), ¢y, cs, ..., ck, €ach of which liesin a different RA,

Y1, ..., Yk. Then, the expected minimum paging cost, P,,;,, isclearly given by

where o(¢;) isthe unconditional residence probability in cell ¢;. In our strategies, the unconditional residence
probability of each cell ¢; will be distributed among all the cellsin the set cell(Q(¢;)). Assuming that each
RA consists of S cdlls (i.e, S; = S, Vi), our paging sequence will consist of K x S cells. The order of
paging the RAs will, however, remain unchanged, since the normalized residence probabilities are divided
identically (by S) for each RA. Moreover, if the M N isindeed in cell ¢;, it will be paged firstin (i — 1) x S
cells (in each of {Y7,...,Y; 1}), and, on average, 2 cellsin RA Y;. Accordingly, the expected paging cost
E[P] isthen given by:

5% -1 +2] oe) o

IR

-
Il
_

E[P] =

=

@
Il
_

o(c;) x (20 — 1),

X {2 Ppin — i o(c;)}, (from Eq.6)

[ N o »n

X {2 Pmin - 1}7 (S-nce ig(ci) = 1)

We thus see that the paging cost in this case is S times the optimal paging cost. Clearly, this motivates us



to consider a distortion measure (in Equation 2), that is proportional to S, the size of an RA. However,
Result 4: In general, the expected paging cost incurred by LeZi-RA or RA-LeZi can be arbitrarily high
(trivially N/2 x P,,;,, for a system comprising N cells) even if the optimal paging cost P,,;, is arbitrarily
small (closeto 1). (Thistrivia bound is reached when the true residence probability isarbitrarily closeto 1 in
one cell, while our paging algorithm computes this probability to be uniformly distributed acrossal N cells).
Proof: We prove this ‘worst-case’ result by construction. Consider a situation where the optimal paging
sequence involves K cells, {cy, e, . .., ci }, €ach belonging to a distinct RA, with the residence probability
of ¢; being o(c;). In general, it is possible to create smaller and smaller expected paging costs by skewing
the distribution of o(:). Now, consider the situation where the size of each RA is different and o ﬁ such
that the normalized residence probabilitiesof all Y;sareequal. If theY;s(: = 1,..., K) now cover al the N
cells of the cellular system, it follows that the residence probability of the M N, (from the viewpoint of our
algorithm) is uniformly distributed over all cells. Accordingly, in the worst case, our expected paging cost

can prove to be as high as % even though the optimal expected cost is arbitrarily closeto 1. Of course, this

is an extremely pessimistic result, since this ‘worst-case’ result is unlikely to occur in any practical system.

C.1 Paging with Delay Constraints

Since we are specificaly concerned with designing a practical mobility management scheme, we aso
consider a paging process subject to constraints in the maximum allowable paging delay. We assume that
this constraint is expressed as M ax, which indicates the upper bound on the number of sequential paging
attempts. In such a constrained environment, our paging strategy essentially groups RAs into Max different
clusters, CL,,CL,,...,C Ly, indexed in the order in which these clusters are paged. Following the results
in[11], any RA belonging to cluster C'L; should have a normalized residence probability not greater than the
normalized residence probability of any RA belonging to clusters C'L; : Vi < j. All cellsbelonging to RAs
in the same cluster are then paged simultaneously. The actual clustering of these RAs is performed using the

approximation technique presented in [11].

V. SIMULATION RESULTS

We now present results obtained using a discrete-event simulation framework that we devel oped for study-
ing the movement of a mobile user. Synthetic traces of user’s activities are dynamically generated and fed

in. In order to consume memory space economically, while keeping the scheme fast and efficient, every



trie is implemented as a hash-table, which is periodically refreshed. The user has a home and a work-place
randomly chosen in different cells. The time spent by the user at every cell is normally distributed. The
movement pattern of the user differs between weekdays and weekends/holidays. The call arrival processis
Markov-modulated with three distinct states, each having its own Poisson arrival rate A and normally dis-
tributed holding times with mean ., and variance o. The states represent weekday daytimes (A = 0.2 callg/hr,
i = 10 min, o = 3 min), weekday evenings (A = 0.3 calshr, p = 20 min, ¢ = 5 min), and weekends
(A = 0.5 callglhr, = 30 min, 0 = 7 min). The entire simulation results are based on an observation for a

period of 12 weeks.

A. Performance with Unconstrained Paging
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Fig. 6. Comparison of Different Update Costs (S=5) Fig. 7. Comparison of Different Paging Costs (S=5)
We first present the results of atypical study to compare the update and paging costs for four strategies —

existing PCS-style RA-based updates, existing LeZi-Update (at cellular granularity), and our proposed L eZi-
RA and RA-LeZi schemes. The plotsin Figures 6, 7 and 8 correspond to the case where each RA comprises
S = 5 cells. Figure 6 shows that both of the proposed LeZi-RA and RA-LeZi schemes result in significant
savings in update cost, compared to existing RA-based update strategy and the original LeZi-Update scheme
(cellular granularity). The update-cost of LeZi-RA (and RA-LeZi) isonly ~ 9% (and ~ 7%) of existing
RA-based updates and ~ 63% (and ~ 49%) of existing LeZi-Update. Thisisindeed, a direct consequence of
lossy compression and quantization at a higher-level of granularity.

The penalty for these savingsin the update cost occur in terms of higher paging cost. Figure 7 demonstrates
that the paging cost associated with LeZi-RA and RA-LeZi schemes are bounded by ~ 1.8 timesand ~ 2.3
timesthat of the optimal profile-based paging cost provided by LeZi-Update. However, the two schemes il
result in only ~ 21% and ~ 33%, respectively, of the existing paging cost associated with RA-based updates



in current PCS systems. To obtain an overall picture of the performance of our newly proposed schemes,
we have measured the total location management (location update + paging) cost of all the 4 schemes, for
changing values of the location update to paging cost ratio (UPR). The higher the UPR, the higher isthe cost
of transmitting an update, relative to the cost of a single paging message. Figure 8 shows that the proposed
LeZi-RA and RA-LeZi algorithmsrespectively, resultin only ~ 25-29% and ~ 21-27% morethan the optimal
location management scheme (LeZi-Update), and also incur only ~ 25-30% of the total cost associated with
the existing RA-based location management scheme. It can also be noted that while the LeZi-RA scheme
outperformsthe RA-LeZi schemefor low update to paging ratios, the rel ative performance of the two schemes

isreversed at higher values of the UPR.
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To further illustrate the rate-distortion framework under which LeZi-RA and RA-LeZi allow the system

to tradeoff between paging and update costs, we now present performance results for different values of S,
the number of cells/RA. Figure 9 shows the update and paging cost for the four schemes, and shows how the
LeZi-RA and RA-LeZi schemesresult in progressively greater savingsin update cost as S increases. Clearly,
alarger S corresponds to alarger distortion value D, and thus lowers the rate-distortion bound R(D) on the
minimum feasible update rate. However, asFigure 9 illustrates, the savingsin update cost come at the expense
of higher paging costs. Clearly, a coarser quantization process (larger .S) increases the loss of information
about the M N’ s precise movement pattern, and hence results in a greater deviation from the optimal paging
sequence. In high UPR scenarios (where the system is more concerned about conserving M N’s energy by
reducing the number of location updates), the use of the LeZi-RA or RA-LeZi strategy, together with larger
values of S, can result in alocation management algorithm with amuch lower update rate, yet with an overall
cost that is only marginally higher than the optimal LeZi-Update scheme.

Figure 10 isan aternative representation of Figure 9, inthat it plotsthe change (or ‘ delta’) in the update and
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paging costs, with successive increases in the number of cells (S) in RAs. Asthe figure shows, the changesto

both the update and paging costs are non-linear. (The negative increments for the update cost indicate that the
update cost actually decreases with increasing S.) number of cells per RA). In particular, the rate of decrease
in the update costs diminishes for increasing S, while the rate of increase in the paging costsis fairly linear
in S. Figure 11 shows the total location management (update+paging) costs for two different UPRs with
increasing number of cells per RA. The total |ocation management cost of LeZi-Update is taken as the basis
of comparison. Initially both LeZi-RA and RA-LeZi resultsin lower location management costs than cellular
LeZi update, when UPR = 5.0. For UPR = 1.0 the total location management cost is initially almost
same. With increasing cells/RA the update cost decreases but the paging cost increases. After a certain point
(S=T7forUPR=10and S ~ 15 for UPR = 5.0) the increase of paging cost outperforms the reduction
of update costs; beyond this point, the total location management cost starts increasing and exceeds that of

cellular LeZi-Update.

B. Performance Under Paging Latency Bounds

Since practical systems will aways impose bounds on the maximum acceptable paging latency, we now
consider the performance of LeZi-RA and RA-LeZi in scenarios where the system imposes a bound on the
number of sequential paging attempts. Since bounds on the paging latency do not modify the update behavior,
we only consider the changesin the paging costs. Figure 12 presents the average paging cost (average number
of individual paging messages per paging request) for LeZi-RA, RA-LeZi, and the origina LeZi-Update
strategy, for different values of Mazx, the maximum allowable number of sequential paging attempts. The
plot shows that, under practical constraints on the maximum tolerable paging latency, both the RA-LeZi and

LeZi-RA schemes generate only 5-15% more paging overhead than the optimal LeZi-Update scheme.
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V1. CONCLUSIONS AND FUTURE WORK

In this paper we have developed an information-theoretic framework for trading off the location update
and paging costs in a near-optimal fashion. By considering the movement of an individual mobile node as
an outcome of a stochastic process, the tradeoff problem is expressed in terms of rate-distortion functions.
The framework demonstrates how the location update cost of a mobile node can potentialy be lowered well
below its entropy bound, at the expense of a corresponding increase in the paging cost. For any well-defined
distortion measure D, the rate-distortion function R(D), then expresses the minimum feasible update rate.
We have then presented two different online, model -independent |ocation update algorithms, called LeZi-RA
and RA-LeZi, that leverage the existing RA-based PCS infrastructure, and first quantize the A/ N’s location
history at the RA-level granularity, and subsequently use an entropy coder to reduce the update rate to R(D).
Extensive simulation experiments demonstrate that both these schemes can reduce the update cost to ~ 50%
of the existing LeZi-Update strategy, while causing only a minor increase in the overall (paging+ location
update) location management cost. Simulations also demonstrate that these update costs can be lowered even
further by increasing the size of each RA, effectively increasing the distortion between the mobile node’strue
mobility pattern and the pattern reported to the system. Even when we consider practical networks, which are
subject to constraints on the maximum paging delay, both of our algorithms suffer from only asmall increase
in the paging cost. Our future interests lie in further refining this approach to develop lossy compression
algorithms and pattern matching techniques for multi-system, heterogeneous wirel ess networks.
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