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and coordination of cache data among multiple users, can be particularly effective for
information access in mobile ad hoc networks where mobile clients are moving frequently
and network topology is changing dynamically. Most existing cache strategies perform
replacement independently, and they seldom consider coordinated replacement and

gﬁ}ér/gl;r_d:f'ﬁdem energy saving issues in the context of a mobile ad hoc network. In this paper, we analyse
MANET the impact of energy on designing a cache replacement policy and formulate the Energy-
Cache replacement efficient COordinated cache Replacement Problem (ECORP) as a 0-1 knapsack problem. A
Cooperative caching dynamic programming algorithm called ECORP-DP and a heuristic algorithm called ECORP-

Greedy are presented to solve the problem. Simulations, using both synthetic workload
traces and real workload traces in our experiments, show that the proposed policies can
significantly reduce energy consumption and access latency when compared to other
replacement policies.

© 2008 Elsevier B.V. All rights reserved.

1. Introduction

The recent years have witnessed a rapid development of mobile computing and wireless communication techniques.
There are two different ways of configuring a mobile network: infrastructure-based and ad-hoc-based [1]. Infrastructure-
based wireless network uses fixed network access point interacting with mobile terminals. It is widely used in today’s
Wireless LANs and global wireless networks. But the limitation of the infrastructure-based network is that it requires
any mobile terminal be in the communication range of a base station, which is hard to scale to areas without any pre-
existing infrastructures. Ad hoc networks, by enabling users to spontaneously form a dynamic communication system, are
helpful in situations in which temporary network connectivity is needed and are often used in the battlefield and disaster
recovery environments. However, wireless networks still suffer from scarce bandwidth, low-quality communication,
frequent network disconnections, and limited local resources [2].

Data caching on mobile clients has been shown to be effective in improving system performance, i.e. terminal latency,
server workload, connectivity, bandwidth and energy consumption [3,4]. However, caching on individual systems cannot
be scaled easily. Cooperative caching, based on the idea of sharing and coordination of cache data among multiple users, has
emerged as an approach to overcome the limitation [5-10].

There are several important issues involved in cache management: cache replacement, cache prefetching and cache
invalidation. In this paper, we study the cache replacement problem, which has been widely studied in the wired network
environment, but has received much less attention in the mobile ad hoc networks.
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Most existing cache replacement strategies perform replacement independently [11-14]. Such local replacement
strategies are not very efficient in the cooperative caching, because terminals cannot make fully use of each other’s caching
space. For example, consider a region where mobile terminals have the same or similar access characters, if each terminal
performs cache replacement independently, it’s very likely that the same data items are stored in each terminals. Forwarding
requests to the neighbor terminals that hold the same data items is inefficient. As a result, coordinated replacement
strategies is more effective in such a condition.

Energy-saving issues in wireless environments have been widely studied in routing strategies [15-17], but rarely
attention has been paid on using caching technique to save energy. In this paper, we address the issues of developing energy-
efficient coordinated cache replacement policies in mobile ad hoc networks. The contributions of our papers are as follows:
(1) Unlike existing cache replacement policies that make cache replacement decision independently, as far as we know, our
work is the first one that gives an optimal cache replacement policy based on coordinated replacement designed specifically
with energy efficiency as the main performance objective; (2) We analyse the impact of energy on cache replacement, and
pose it as a 0-1 knapsack problem; (3) A heuristic algorithm and an optimal algorithm using dynamic programming are
presented to solve the energy efficient cache replacement problem, and the algorithms are shown to outperform existing
approaches.

2. Related work
2.1. Cooperative caching schemes

Cooperative caching has been widely studied to save bandwidth and reduce latency and congestion in the Internet
[5]. In a cooperative caching environment, a number of cache servers work together to serve a set of clients to help to
cache more objects collectively without overloading a single server. Basically, cooperative web caching architectures can be
divided into two categories, hierarchical and distributed [6]. In hierarchical caching schemes, cache servers are organized
as a tree-like hierarchies and caches are placed at multiple levels of the network. Hierarchical caching is first proposed in
the Harvest project [18] and is widely used in today’s proxy servers, i.e. Squid [19]. In distributed caching schemes, cache
servers maintain peer-to-peer relationships and caches are only placed at the bottom levels of the network and there are
no intermediate caches [7]. In order to facilitate the cooperative between cache servers, a lot of inter-cache communication
communication protocols have been developed to efficiently retrieve cache object and resolve user requests, among which
ICP [19], Cache Digests [20], summary cache [21] and CARP [22] are some of the more notable protocols. However, these
schemes and protocols are designed for fixed networks and often require high computation and communication overhead,
which makes them hard to be applied to a wireless, mobile environment.

Hara [8] presented a cooperative caching scheme for mobile clients in push-based information systems. In this scheme,
mobile terminals can work in both “pushed-based” mode and ad hoc mode. In the “push-based” mode, a server repeatedly
broadcasts data to clients through a broadband channel, and each mobile client can access a piece of data by waiting for its
data broadcast period. In the ad hoc mode, mobile clients can communicate with each other and can access the data items
cached by other connected mobile clients.

A simple cooperative caching scheme for Internet based Mobile Ad Hoc Networks (IMANET) is proposed in [10]. An
IMANET consists a set of mobile terminals connected with each other to form an Ad Hoc network. Among the mobile termi-
nals, some of them can directly connected to the internet and thus serve as access points(APs) for the rest of the mobile ter-
minals. If a mobile terminal is located far away from an AP, it can access the internet through multi-hop communication. User
requests are forwarded to the AP hop by hop. If one of the mobile terminals located along the path has the requested data item
in its cache, it can serve the request without forwarding it to the the AP, which will improve information access efficiency.

Yin et al. proposed three cooperative caching schemes for ad hoc networks: CachePath, CacheData and HybridCache [9].
In CacheData, intermediate nodes cache the data to serve future requests instead of fetching data from the data center. In
CachePath, mobile nodes cache the data path and use it to redirect future requests to the nearby node which has the data
instead of the faraway data center. In HybridCache, the advantages of CachePath and CacheData are combined to further
improve performance.

Shen et al. presented an adaptive cooperative caching scheme for mobile ad hoc networks [1]. In their scheme, they
define a zone of a mobile terminal as a set of neighbor mobile terminals within a number of hops. If an request is generated,
it is first broadcasted to the mobile terminals in the zone to retrieve the requested data item. If the data is not cached in
the zone, a peer-to-peer communication is used to forward request to the base station. By limiting the broadcast range to a
fixed number of hops, the energy and bandwidth cost of the broadcast can be reduced.

2.2. Cache replacement policies in wireless networks

The cache replacement issues for wireless environments were first studied in the Broadcast Disk project [13,23]. In [13],
Acharya et al. proposed a cache replacement policy called #4X. The £ 4X policy took into consideration the factors of

access probability and broadcast frequency, and the data item with the minimum value of % was evicted for

replacement. Khanna and Liberatore proposed a Gray policy [23], in which access history and retrieval delay are considered
for replacement decision.
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Location-aware cache replacement policies were studied in [11,12,14]. FAR (Furthest Away Replacement) [11] is one of
the earliest mobility-aware cache replacement policies, in which the location and the movement direction of mobile client
are considered and the data that is furthest away from the client is removed during replacement. Besides access probability
and data distance, PA (Probability Area) and PAID (Probability Area Inverse Distance) [ 12] further considered the valid scope
area of a data value. The policies choose victim data with a low access probability, a small valid scope area, and a long
distance. MARS (Mobility-Aware Replacement Scheme) [14] takes into account various factors that are important when
making cache replacement decisions through a cost function. This cost function comprises a temporal score and a spatial
score. When the cache of a mobile client becomes full and a new object needs to be cached, the cost function is used to
generate a cost value for each cached object. The object with the lowest value is evicted from the client’s cache and replaced
by the new object.

Hosseini-Khayat studied a generalized version of the cache replacement problem for data items with variable size and
different cache miss penalties [24]. It is shown that the problem is NP-complete and a dynamic programming algorithm
that finds an optimal solution is presented. However, they only studied the offline version of the problem in which the
entire sequence of future requests is known in advance.

Xu et al. proposed a gain-based cache replacement policy called Min-SAUD [2]. Min-SAUD considers several factors that
affect cache performance, namely, access probability, update frequency, data size, retrieval delay, and cache validation cost.
Unlike traditional cache strategies, Min-SAUD employs stretch as the major performance metric. It was shown that Min-
SAUD achieved optimal stretch under the standard assumptions of the independent reference model and Poisson arrivals of
data accesses and updates. In [25], the UMC policy offers a self-optimizing replacement algorithm based on a set of simple
base criteria and was usable for general object caching. UMC draws on a small set of object properties and directly combines
them to provide a self-optimizing and potentially comprehensive caching policy. By automatically adjusting the weight
of different criteria, UMC policy can adapt to structurally varying environments and changing workloads. Chen and Xiao
presented a cache replacement policy called On-Bound Selection, which used both data access and update information for
replacement decision [3]. Their analysis provided an upper bound on effective hit ratio and lower bound of communication
cost. Inspired by the analysis, they designed a replacement policy to evict infrequently accessed but frequently updated data
items.

However, the above-mentioned strategies are mostly based on infrastructure-based wireless networks and assumed only
one hop wireless communication. Different from our approach, these strategies did not assume cooperatively sharing cache
data and construct multi-hop communication ad hoc networks.

Several cache replacement strategies were proposed in the context of wireless cooperative caching. Hara [8] presented
a series of cooperative caching schemes (LOP, GOP and SOP) for push-based information system. The aim of these strategies
is to shorten the average response time for data access by replacing cached items based on their access frequencies, the
network topology, and the time until the next broadcast. However, these schemes assume that mobile terminals work in both
infrastructure-based and ad hoc modes, and cannot be applied to a “pure” ad hoc network. Yin et al. evaluated cooperative
caching techniques to efficiently support data access in ad hoc networks [9]. Three schemes (CacheData, CachePath, and
HybridCache) were studied and a replacement strategy called SXO (Size x Order) was proposed. SXO only considered the
size and the order of the access interest for the replacement decision. Lim et al. presented a TDS (Time and Distance Sensitive)
replacement strategy [ 10], which considered the factors of distance and access frequency of data items during replacement.
However, none of these strategies consider energy efficiency issues.

Recently, a number of researchers have started to investigate energy efficiency issues in caching. In [26], Wu et al.
proposed an energy-efficient cache invalidation method that allowed a mobile terminal to operate in a disconnected mode
to save energy battery. Nuggehalli et al. addressed the problem of energy-conscious cache placement in wireless ad hoc
network [27]. They posed their problem as an integer linear program and gave solutions to design caching strategies
that optimally trade-off between energy consumption and access latency. No cache replacement strategy was proposed,
however. An energy-efficient cache replacement strategy called GD_LU (GreedyDual Least Utility) was presented in [28].
Based on the utility function derived from an analytical model, GD_LU cache replacement algorithm selected data items with
the most utility to cache in local memory in order to minimize the energy cost at mobile terminals. Sailhan et al. presented
an adaptive scheme for cooperative caching in ad hoc networks [1]. In this scheme, each mobile terminal has a local cache
management policy, which performs cache replacement according to four criteria: popularity, access cost, coherency and
data size. However, most of the cache strategies perform replacement independently, which differs from our strategies that
run in a coordinated manner.

Accordingly, it is more effective to determine cache replacement by considering the information of a set of connected
mobile terminals sharing cache data with each other than to independently determine cache replacement at each mobile
terminal based on its local access information [8]. To our knowledge, this is the first work on energy-efficient, coordinated
cache replacement for cooperative caching in mobile ad hoc networks.

3. Cooperative caching in mobile ad hoc networks
3.1. System model

In mobile ad hoc network (MANET), mobile nodes connect with each other and form a self-configuring network with
arbitrary topology. Nodes are free to move randomly, thus the network topology may change rapidly and unpredictably.
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Base Station

Fig. 1. Mobile ad hoc network.

Each node acts as a router and is willing to forward data for other nodes. The nodes outside the communication range of the
base station can access the data in the base station through a number of hops using some ad hoc network routing protocol.

Fig. 1 depicts a set of mobile terminals that can communicate with each other and spontaneously form a dynamic network
using ad hoc communication protocols. Each mobile terminal denotes a node in the MANET. Assume the communication
range of a mobile terminal is R. A base station can be viewed as a data source (or data server) which can connect to the
wired network. The data source contains a set of data items and can handle all the requests from the mobile terminals.
If a base station is in the communication range of a mobile terminal, the terminal can contact the base station directly to
access the desired data. If a mobile terminal is far away from the base station, information access must go through multi-hop
communications.

3.2. In-zone cooperation

In ad hoc networks, a query generated by a mobile client is forwarded hop-by-hop to the base station and then the base
station sends back the requested data to the client. To reduce the network traffic, access delay and energy consumption, the
number of hops of forwarding the data item should be as small as possible. Most of existing research on MANETSs focuses
on how to find a shortest path to route data packages [29-31]. However, caching, as an efficient technique to accelerate
information access, has received much less attention in ad hoc networks. By placing the frequently used data items in the
cache, the cost for information access can be remarkably reduced. As the cache space of a single mobile terminal is quite
limited, cooperative caching, by making a set of mobile terminals sharing cache space with other, can achieve much better
performance as a number of requests can be answered by neighbor clients instead of being forwarded to the base station
every time. We now introduce a in-zone cooperative caching scheme for efficient information access.

In Fig. 1, for a given mobile terminal ny, if another mobile terminal n; is located in its communication range, n; is referred
to as a neighbor of nyg. We define the zone of ny as the set of mobile terminals in the communication range of ny (or say, the
neighborhood of ng).

We now address the issue of cooperative sharing of data items among multiple mobile terminals in the wireless ad hoc
network. In our cooperative caching scheme, when a mobile terminal ny requests a data item (or object, we use these terms
interchangeably), it firstly looks up the item in its local cache. If the object is found in the cache, the user can access it directly,
and there is no extra communication and energy cost.

The request for an object that is not cached locally is handled as follows: (1) ny broadcasts the request message to the
neighbors within the zone; (2) if the requested object is not cached by any of the neighbors in the zone, the request message
is forwarded hop by hop towards the base station according to some kind of routing protocol. If one of the mobile terminals
in the path holds the requested object, it stops forward and returns the data, else the request will reach the base station
ultimately and the data will be sent back along the path.

Previous research [1] has presented a cooperation zone scheme where a cooperation zone contains a set of mobile
terminals within K hops (we called it K-Zone scheme). Unlike [1], in our scheme, a zone only contains the set of neighbor
terminals in one hop. We choose a one hop zone based on the following reasons: (1) Avoid flooding: In the K-Zone scheme,
arequest should be broadcast to all the mobile terminals within K hops, which leads to substantial communication cost. In
our scheme, a request only need to be broadcasted once to its neighborhood for retrieving the desired data item. (2) Reduce
access latency: In the K-Zone scheme, a node needs to wait for the responses from all the nodes within K hops before it
forwards a request to the base station. Our scheme only needs to contact a node’s neighborhood, which is simpler and
quicker. (3) Save energy: In the K-Zone scheme, if K is large, message flooding will consume much more energy than our
one hop scheme. Besides, in a MANET, mobile terminals move freely, thus the topology of the network changes frequently,
resulting in extra cost for maintaining topology information of the K-Zones. (4) Intuitively, if a data item cannot be found in
the neighbor terminals, there is only a small chance that it is found in a far away node. Our simulation in Section 6 shows
that the probability of cache hit outside the zone is no more than 0.03%, which is negligible compared to the total cache hit.
So we think that limiting the zone to one hop is reasonable.
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Based on our in-zone cooperation scheme, we formulate the energy-efficient cache replacement as a optimization
problem and give both an optimal solution and a heuristic solution to the problem in the next section.

4. Problem formulation
4.1. Notations

Based on the above scheme, we can examine the energy-efficient coordinated cache replacement strategies. We
summarize the notations used below:

e Q: the number of the neighbors of ny.

e R: the communication range of ng.

e S: the cache size of ng.

e C: the set of cached objects of ng.

e n;: aneighborofng,i=1,...,Q.

e N: the number of distinct documents (objects) in the system.

e O;:anobject,i=1,...,N.

e sizey,: the size of object 0;.

e p;;: the probability of n; accessing O;.

e d;: distance between n; and O;, measured by the number of hopes for n; reaches to a copy of 0;, if 0; is cached in n;, we
set its value to be 0.

4.2. Analysis of cache replacement principle

In this paper, we only consider energy consumption caused by data transmission, that is, the average energy cost for each
data access in a mobile ad hoc network. In our scheme, when a node requests a data object 0}, the energy consumed includes
4 parts: (1) &y, the energy cost for in-zone communication, including the energy consumption of broadcasting and receiving
a request message; (2) &(0;), the energy cost for sending the object; (3) ,(0;), the energy cost for receiving the object; (4)
erwd (0)), the energy cost for forwarding the object. Let Ej; be the energy cost of n; accessing 0;, we can calculate Ej; as:

. _[o. ifdy=0 0
Y7 Lenr + 65(0p) + &0 (0p) + (dj — 1)emwa(0;), else.

Assume S is the cache size of ng and C is the set of cached objects of ng. When a new object O is visited, the cache
replacement policy decides which item(s) should be deleted to make room for the new object. Assume V is the set of objects
to be replaced. The question is how to select the set of V so that the energy cost of the whole caching system is minimized.

We only consider the energy consumption in the zone of ny. Before replacement, the average energy consumption of
accessing an object is:

Q N
=YY pikj. (2)

i=0 j=1

After cache replacement, the set of cached objects C' = C — V + {0y}, the average energy consumption of accessing an
object becomes:

N

Q
=22 _pikj. (3)

i=0 j=1
The energy savings is:
N Q N
= ZPUE Z ZpijEi/j (4)
i=0 j=1 i=0 j=1

where E& is the energy cost for node i access object j after cache replacement.
Notice that cache replacement only affects the access energy cost of the objects in V + {0y}, so we have

Ej =E;(0<i<Q,1<j<N,0 ¢VU{O}. (5)
Thus, (4) can be rewritten as:

(Z picEq — Zp,kE,k> +3 (Z PixEix szx ,X)

xeV i=0

Q Q
> B —Ej) — ) (Z Pix (B, — Eix)) : (6)
i=0

xeV i=0

E—FE
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According to Eq. (1),

o _ [0 ifdy=0
v &or + 85(Oj) + Sr(oj) + (dlj - 1)8fwd(ok)’ else

, o, ifdgj =0
P Nep + SS(O]‘) + & (O]) + (d:] — Derwa(0y), else.
Obviously, d, = 0,dj, = 1forall dy >= T1andi > 0. so,

0, ifdy=0
Eiy — Ei/k = { Eo, ifi=0 (7)
(dixk — 1) * erwa(Ok), else.
If we define a function f (x) as
0, ifx<1
Fe = {x, else (8)
we have,
Q Q
ZPik(Eik — E},) = pokEok + €rwa(Ok) * Zpikf(dik -1. 9)
i=0 i=1
Similarly,
Q Q
Zpix(Ei/x - Eix) = pOxEOX + 8fwd(ox) * Zpixf(dix - 1)' (10)
i=0 i=1
We define the right hand side of Eq. (10) as the caching benefit of object O,:
Q
benefit(0,) = PoxEox + &rwa(Ox) * Y _ Piuf (dix — 1). (11)
i=1
The average energy savings after cache replacement can be expressed as:
E — E’ = benefit(0y) — Z benefit(0y). (12)
xeV

According to Eq. (12), as cache replacement policy cannot control the value of benefit(Oy), in order to maximize energy
savings, the value of the right most term ), _, benefit(0y) should be minimized.

4.3. Problem formulation

The Energy-efficient COoperative cache Replacement Problem (ECORP) can be described as: find a set of victim objects
V,V C (, so that the free space in the cache is no less than sizey, and the total caching benefit of V is minimized.

In the following theorems, we will show that the ECORP problem can be formulated as a 0-1 knapsack problem, which
is NP-hard.

Theorem 1. The ECORP problem can be mapped into a 0-1 knapsack problem.

Proof. Assume the cache size of ny is S, and C = {c1,¢2,...,Cn} is the set of cached objects, their size is
size,, size.,, ..., size., accordingly. In order to make room for a new object Oy, which has a size of sizeq,, some item(s)
should be selected to be replaced.

Letx; = 1, ..., m) indicate whether an object ¢; should be selected as a victim (0 means “yes” and 1 means “no”).The
ECORP problem is to maximize

J
subject to

m
benefit(c;)x;
=1

m
Zsizecjxj <S —sizeg, x€{0,1},j=1,...,m.
j=1

This is a standard 0-1 knapsack problem. O

Theorem 2. The ECORP problem is NP-hard.

Proof. According to the analysis of [32], 0-1 knapsack problem is NP-hard, which indicates ECORP problem is also NP-
hard. O
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5. The ECORP-DP and ECORP-greedy algorithms

In this section we propose two solutions to the ECORP program: ECORP-DP and ECORP-Greedy.

5.1. ECORP-DP algorithm

The ECORP problem can be solved in pseudo-polynomial time using dynamic programming. Given a pair of integer
u(l < pu <myandv(0 < v < S — sizeg,), consider the subinstance of ECORP consisting of objects O, ..., 0, and
capacity v. Let opt(u, v) denotes its optimal solution value, i.e.

Iz "
opt(i, v) = max {Zbenefit(cj)xj : Zsizeqxj <, x;€{0, 1}} forj=1,...,u. (13)

j=1 Jj=1
We have

opt(1, v) = 0, forv=0,...,size,, —1;
ptit,v) = benefit(c;), forv =size,...,S — sizeg,

€ )= opt(u — 1,v), forv=0,...,size,, —1
OPtiL, v) = max(opt(n — 1, v), opt(n — 1, v — size,,) + benefit(cy,)), forv =sizeg,,...,S — sizeg,.

The optimal solution of the problem is opt(m, S — sizeg, ). The pseudo code of ECORP-DP is given in Algorithm 1.

Algorithm 1 The ECORP-DP Algorithm
:intA < m;
:int B <= S — sizeg,;
: int F[1..A][0..B];
: int X[0..B][1..A];
for i =0tosize,, — 1 do
F[1][i] < 0;
X[i][1] <= 0;
: end for
: for i=size;, — 1toB do
F[1][i] < benefit(c,);
X[i][1] < 1;
: end for
: forj=2toAdo
14:  for i =0tosize,, — 1 do
15: F[jI[i] < F[j-1][i];
16: X[i][j] < 0;
17:  end for
18: for i = size., toB do
19: if F[j-1][i] > F[j-1][i-size,, ] + benefit(c;,) then
20: F[jl[i] < F[j-1][i};
21: X[i][j] < 0O;
22: else
23: Fljl[i] <= F[j-1][i-size, ] + benefit (c);
24: X[i][] <= X[i-sizec, ][];
25: X[i][j] < 1;
26: end if
27:  end for
28: end for
29: Output F[A][B], X[B][];

-
S2oeNoURWN e

[
w N

5.2. ECORP-greedy algorithm

Suppose the objects in C are ordered according to decreasing value of the benefit-to-size ratio, so that

benefit(c) - benefit(c;) - - benefit(c,,)

- > — > > — (16)
size, size,, sizeg,,
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We define the gain of caching an object ¢; as

. benefit(c;)
gain(c) = ——. (17)
size,
Suppose that the objects, ordered according to (16), are consecutively inserted into the cache, until the first object c,, is
found which exceeds the space limit. We call it the critical item, i.e.

J
® = min [j:Zsizeq > S},
i=1

and notethat 1 < w < m.

Algorithm 2 The ECORP-Greedy Algorithm

Require: The objects are sorted like equation (16);
1: int A < m;

2: int B <= § — sizeg, ;
3:intF<0,w<«1;

4: int X[1..A];

5: for j=1to A do

6: if size;;>B then

7: X[j] < 0;

8: else

9: X[j] < 1;

10: B < B-size,;

11: F < F + benefit(c;);
12:  endif

13:  if benefit(c;) > benefit(c,) then
14: w < j;

15:  end if

16: end for

17: if benefit(c,,) > F then
18:  F < benefit(c,);

19: forj=1toAdo

20: X[j] < 0;

21:  end for

22: X[w] < 1;

23: end if

24: Output F, X[];

An approximate solution to the ECORP problem can be determined by setting x; to 1for 1 < j < o — 1 and 0 for all
j > w. This gives a feasible solution to the problem: A’ = ZJ“;] benefit(cj). Assume A is the optimal solution value. We
expect that A’ is quite close to A on average. In fact we have A" < A < A’ + benefit(C,). However, the performance in the
worst-case may be poor when benefit(C,) is large. In order to avoid this, we apply an improved heuristic by considering the
feasible solution given by the critical item alone and taking the best of the two solution values A” = max{A’, benefit(C,)}.
The feasible solution can be obtained by using a greedy strategy called ECORP-Greedy. The details of ECORP-Greedy is shown
in Algorithm 2.

The performance of an approximate algorithm is measured through the ratio between the solution value founded by the
algorithm and the optimal solution value, which in known as worst-case performance ratio (or approximate ratio) [32]. The
following theorem gives the worst-case performance ratio of the ECORP-Greedy algorithm.

Theorem 3. The worst-case performance ratio of the ECORP-Greedy algorithm is %
Proof. We have already noted, A’ < A < A’ + benefit(C,). As A” = max{A’, benefit(C,)}, we have

A < A’ 4 benefit(C,) < 2A”.

So,

A" 1

— > —,

A T2
To see that % is tight, consider the following case of the problem with m = 3, benefit(c;) = size., = 1, benefit(c;) =
sizec, = benefit(c3) = size;;, = randS = 2r: wehave A = 2rand A” = 7 + 1,50 AZ” is arbitrarily close to % for t

sufficiently large. O
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Table 1

Simulation parameters.

Parameter Value Parameter Value
area_width 1500 Communication range (m) 250
area_height 300 Vinax (m/s) 3
Number of data items N 1000 Pause time (s) 10
Number of nodes 50 Zipf parameter o 0.9
Client cache size 0.5 Request arrival rate A 2

(% of total data size)

6. Performance evaluation
6.1. The simulation model

6.1.1. Server model

Similar to [9], we model a set of mobile terminals moving in a rectangular area with a fixed size of area_width*area_height.
A data server (base station) is placed at the left upper corner of the rectangle area. Assume the data server contains all the
data items that are requested by the mobile clients. Let N be the total number of the data items. We assume the size of each
data item follows a uniform distribution ranging from Sp,i, to Spyax.

The problem of cache consistency arises because when a data item in the server is changed, the cached item in the
mobile clients should be updated accordingly. A lot of schemes have been presented to maintain cache consistency [33-36].
In our simulation, we only evaluate the performance of the proposed cache replacement strategies, ignoring the effect of
cache invalidation schemes. That is, we assume the cached data items are always consistent with the server. We make no
assumptions about what invalidation scheme is used and ignore the cost for maintaining cache consistency in the mobile
ad hoc networks.

6.1.2. Mobile client model

We simulate a set of mobile terminals deployed in the square area which have spontaneously formed an ad hoc network.
Initially each mobile client is deployed randomly within the simulation area. Let the number of mobile clients be N.. We
use the Random Waypoint Movement model to simulate the moving pattern of the mobile clients similar to [37]. At the
beginning of the simulation, each mobile client pauses at its current location for a period of time and then selects a random
destination in the area and moves to the destination at a speed distributed uniformly between 0 and Vj,.x. After reaching
the destination, the client pauses and repeats the movement pattern.

6.1.3. Energy model

We use the linear power consumption model presented in [ 16]. The energy consumed by any mobile terminal for sending,
receiving or discarding a message is given by the linear equation: ¢ = m = size + b; where size is the message size, and m
(resp. b) denotes the incremental (resp. fixed) energy cost associated with the message. The parameters m and b are different
for sending and receiving. We assume the parameters are measurable and known to each mobile terminal. Thus the mobile
clients can calculate the energy consumption of sending and receiving a message.

The important simulation parameters and default system settings are summarized in Table 1.

6.2. Experimental workloads

We use both synthetic workload and real workload trace to evaluate the performance of the proposed cache replacement
policies. The synthetic workload simulates a small data set with 1000 data items, with an average of 500 bytes per item,
following a zipf-like query distribution. The real workload derives from a busy WWW server, with 7713 data items and
8472 bytes per item.

6.2.1. Synthetic workload trace

The Synthetic Workload used is generated in accordance to some characteristics. In our experiment, each client generates
a number of queries every minute. Assume the query arrival rate follows a Poisson process with a mean arrival rate of A. We
use a Zipf-like distribution to model the possibility that a data item is requested [38]. In this model, the access probability
p; of data item d; is given by p; = l% where C = (Zlkvzl %)*1. The parameter « (0 < o < 1) is the skewness parameter of
the Zipf-like distribution, indicating the degree of concentration of requests. We assume homogeneous data access pattern
in the mobile clients i.e. all the clients follow the same Zipf pattern in the simulated area.

Although a synthetic workload cannot represent a real workload exactly, it offers some benefits in the simulation since
workload characteristics can be easily varied in a controlled way.
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Table 2

Characteristics of experimental workloads.
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Item Synthetic workload Real workload
Total requests 50,000 79,943
Distinct documents 1,000 7,713
Total size of distinct documents (bytes) 500,000 65,345,646
Smallest file size (bytes) 1 4
Largest file size (bytes) 1,000 159,258
Mean file size (bytes) 500 8,472

6.2.2. Real workload trace

Due to the lack of workload traces from a real mobile ad hoc network, we adopt the real web trace from the servers for
the 1998 World Cup [39], which is widely used in previous research in evaluating web cache performance [25,40,41]. The
whole data set contains 1352,804,107 requests received by 33 different servers, during 88 day periods. We only select one
hour’s log (20:00-21:00, July 18,1998) in our study. We only keep the cacheable requests (i.e. static documents like html
and jpg files) in the trace, removing the uncacheable requests (i.e. dynamic queries such as JSP, ASP and CGI pages). The
characteristics of experimental workloads are summarized in Table 2.

6.3. Evaluation metrics

In our simulation, we use energy cost per query (EPQ) as the primary metric to evaluate the performance of cache
replacement strategies. EPQ is defined as the ratio of the total energy consumed by data access to the number of requests.
A smaller EPQ value indicates that a cache replacement strategy is more energy efficient. We also employ two other widely
used metrics in our performance evaluation: cache hit ratio (CHR), and average access delay (AAD). CHR is defined by the
ratio of the number of requests that hit in the cooperative caching to the total number of user requests, which is commonly
used to evaluating cache performance. AAD, measured by the average hops for a client to fetch a data item, reflects the
response time for a query.

6.4. Performance analysis

In the experiments, we include the LRU policy as a yardstick to compare with our ECORP-DP and ECORP-Greedy policies.
We also include two other cache replacement policies devised for mobile ad hoc networks in our simulation, namely SXO
and PACS.

SXO focuses on two parameters for caching replacement. The first parameter is the data size s;. Data with larger size are
better candidates for replacement because they occupy a large amount of cache space. Replacing them can make room for
more incoming data items. The second parameter is Order(d;), the order of d; according to the access interest. Intuitively,
data that are less likely to be accessed should be replaced first. SXO combines these two parameters in the following value
function:

value(d;) = s; x Order(d;). (18)

SXO chooses the data item with the largest value(d;) to replace from the cache first.
The PACS policy is presented in [1]. It performs cache replacement according to four criteria and defines an integrated
function as:

W = a x Popularity + 8 x AccessCost + y x Coherency + § x Size (19)

where Popularity is the the probability of future access; AccessCost is the energy cost associated with getting the data
remotely if it is to be removed from the cache; Coherency is the energy cost for maintaining the document’s consistency;
and Size is the size of the data item. Documents with the lowest W values are removed from the cache when replacement
happens. «, 8, y and § are tunable parameters indicate the weight of the four criteria. How to set the proper weights to
achieve the best performance is a design issue.

As we do not consider energy consumed in maintaining cache consistency in our scheme, we only consider other criteria
and set the parameters of «, 8, and § equally to % in our implementation.

The access probability of cache items can be estimated by using a sliding average method as introduced in [2,9]. We keep
a sliding window of k most recent access timestamps (tq, ta, . . ., ty) for each item in the cache. The access probability can
be estimated as [C’_‘ o where t, is the current time and t, is the time of the kth most recent access. It is shown that k can be
as small as two or three to achieve the best performance [9].

The performance of a cache replacement policy in mobile ad hoc networks is affected by many factors, such as cache
size, node density, and data access pattern. In the following sections, we analyse the performance of the proposed cache
replacement policies under different system parameter settings.
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Fig. 3. Cache hit ratio under various cache size.

6.4.1. Impact of the cache size

In this section, we investigate the performance of the cache replacement policies under different cache sizes. The
simulation results on the two different workload traces are shown in Figs. 2-5. As we have mentioned before, ECORP-DP
algorithm uses dynamic programming, which is very computation and memory intensive. As a result we only implement
the ECORP-DP algorithm for the experiments using the synthetic workload when the size of the data set is small. As the
ECORP-DP algorithm is not suitable for large data set, we only use the ECORP-Greedy algorithm for comparison when we
use the real workload trace.

Fig. 2 compares the average energy consumption per query of the policies. We can see from Fig. 2(a) that in the synthetic
workload, the energy consumption of ECORP-DP and ECORP-Greedy policies are much lower than the other policies. PACS
performs better than LRU but worse than ECORP policies. On average, the improvement of ECORP-DP and ECORP-Greedy
over LRU and SXO is about 20% in energy savings. Notice that ECORP-DP achieves the lowest energy consumption among all
the policies. The performance of ECORP-Greedy policy is very close to the optimal policy. The energy consumption using the
real workload is shown in Fig. 2(b), where the ECORP-Greedy algorithm always performs the best among all the policies.

The performance of cache hit ratio and data access delay is shown in Figs. 3 and 4. The ECORP-DP and ECORP-Greedy
policies also outperform the other policies. ECORP-Greedy policy has slightly higher cache hit ratio and shorter access delay
than ECORP-DP. As ECORP-Greedy considers the ratio of benefit to the size of the data item for replacement decision, a
smaller item always has a higher rate, thus ECORP-Greedy algorithm tends to cache small data items. Generally speaking,
under the same cache size constraint, ECORP-Greedy can cache more data items than ECORP-DP, which leads to higher cache
hit ratio and smaller access delay. However, our optimal solution addresses the energy consumption issue, so that although
ECORP-Greedy performs better in some other metrics, it still consumes higher energy than ECORP-DP.

The performance of PACS is modest. It has the same or better performance than LRU in cache hit ratio and access delay.
It also consumes less energy than LRU, but is not as efficient as our ECORP strategies.
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Notice the SXO policy performs the worst among the policies in energy consumption and cache hit ratio, which can be
explained as follows. SXO is a local replacement policy in which a node does not cooperate with other nodes for replacement.
In the synthetic workload, we assume homogeneous data access pattern in the mobile clients. Thus each client has the same
probability to query the same data item. So the size and order of a data item is the same for each node. There is a strong
possibility that all nodes cache the same object according to the SXO replacement policy. As a result, there are a lot of
redundant copies in the nodes and when a query misses in local cache, it is unlikely to be found in the cache of the other
nodes, which affects the total cache hit rate (Fig. 3(a)). Similar results can be obtained in the real workload in Fig. 3(b)
and 2(b), where SXO has similar cache hit ratio with LRU, but consumes more energy due to excessive duplication of small
frequently accessed objects. Although SXO performs well in the CacheData and CachePath schemes presented in [9], it is not
energy efficient in our in-zone cooperation scheme.

LRU policy uses temporal locality for replacement. Even though each node has the same access frequencies, the access
pattern of a data item is different for each node, which lead to fewer redundant copies and higher cache hit ratio in LUR
than SXO. Unlike the local replacement schemes, ECORP-DP and ECORP-Greedy policies employ coordinated replacement
strategies. They consider data distance (the shortest hops for a node to get the data item from the other nodes) for
replacement. So, if a node knows a data item has been cached by one of its neighbors, it will reduce the chance for caching
the same item in the local cache, which reduces redundant data items significantly. These coordinated replacement policies
achieve much higher cache hit ratio in our in-zone cooperation scheme, and more importantly, they consume less energy
than the other policies.

Fig. 5 compares the cache hit ratio of the cache replacement policies. Cache hit can be divided into three parts: hit in
local, which means that the requested data item is found in the local cache, hit in neighbor, which means that the requested
data item is founded in one of the neighbor’s cache in the zone, hit in remote, which means the requested data item is found
in a remote node along the path to the base station. We can see from the graph that in both workload traces, SXO has the
highest local hit ratio, almost twice that of the other policies. The SXO policy tends to cache the most popular and small data
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Fig. 6. Performance under various node density (synthetic workload).

items, which lead to a high local hit ratio. However, its neighbor hit ratio is about 2/3 lower than the other policies. In fact,
neighbor hit ratio forms the major part of cache hit, for example, in Fig. 5(a), for the ECORP-DP policy, the local hit ratio is
0.14, but the neighbor hit ratio is 0.42. SXO, as a local replacement policy, places too much emphasis on local hit ratio and
can not take advantage of in-zone cooperation, and hence performs worse than the other policies. ECORP-Greedy also tends
to cache small data items, which explains that its local hit rate is higher than ECORP-DP. But by considering neighbor hit
rate, ECORP-DP outperforms ECORP-Greedy.

According to Fig. 5(a) and (b), the remote hit ratio of all the policies is very small, not exceeding 0.03%, which is negligible
compared to the total cache hit. This verifies our analysis in Section 4 that only considering the energy consumption in a
zone is reasonable.

6.4.2. Impact of the node density

This section explores the influence of node density. Fig. 6 presents the experimental results using the synthetic workload
when the number of nodes varies from 30 to 130.

As shown in the figure, in the beginning, as node density increases (from 30 to 90 in the figure), the performance of all
the policies improve. Node density is an important factor in our cooperative caching scheme. With increase in node density,
there are more neighbor nodes in a zone, thus more data items can be shared. As a result, the total cache hit ratio is improved
and the average access distance is reduced, accordingly the energy consumption of fetching a data item is decreased.

It is also shown that the energy consumption increases with the number of nodes varying from 90 to 130, which can be
explained as follows. As we know, cache hit ratio is bounded by a theoretical maximum value. In the beginning, the network
is sparse, so increasing node density makes the cache hit ratio increase quickly. However, a certain level of node density has
been reached (i.e. 90 in the figure), increase in hit ratio becomes very slow, indicating that little benefit could be obtained
by further increasing node density in such a condition. On the other hand, as node density increases, there are more nodes
in a zone, so the energy consumed on in-zone communication is increased for more nodes receiving and handling query
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Fig. 7. Performance under various Zipf parameter (synthetic workload).

messages. This explains the slow increase in energy consumption when the number of nodes increases from 90 to 130 in
Fig. 6.

6.4.3. Impact of the data access interest

Data access interest refers to the characteristic that there is a small set of popular documents receiving a great portion
of the total requests. The concentration of file accesses has been demonstrated in [38]. A Zipf-like distribution has been
reported to be a good model of actual measured workloads [42,43], with typical values of the skewness parameter « in the
range [0.6, 0.9]. As mentioned before, the Zipf skewness parameter « indicates the degree of concentration of file accesses.
Values of « close to 1 indicate that few distinct documents (also known as “hot spots”) attract the majority of the requests
while values close to 0 indicate almost uniform document popularity. By changing the value of «, we generate a number of
synthetic workloads with different data access interest to investigate the performance of cache replacement strategies.

Fig. 7 shows the performance when the Zipf skewness parameter varies from 0.65 to 0.9. We can see from the graph that
when the Zipf parameter increases, performance improves accordingly. A higher Zipf parameter corresponds to the case
where more queries are focused on a set of “hot” data items. As a result, cache replacement policies can easily identify the
frequently accessed data items and keep them in the cache, which will increase the total cache hit ratio, as well as the other
performance metrics. Comparing the performance results shown in Fig. 7, we can see that the ECORP policies consume about
10%-20% fewer energy than the other policies, and has higher hit ratio and lower data access delay.

7. Conclusion

Cooperative caching is an effective approach for supporting efficient information access in mobile ad hoc networks. An
important element of cooperative caching is the cache replacement scheme. Most existing cache replacement strategies
perform replacement independently and little attention is given to the issues of coordinated replacement and energy
saving in designing cache replacement policies. In this paper, we analyse the impact of energy on cache replacement, and
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pose it as a 0-1 knapsack problem. two algorithms, ECORP-Greedy and ECORP-DP, are proposed to solve the problem.
ECORP-Greedy is an approximate algorithm using a greedy replacement strategy and ECORP-DP is an optimal solution
using dynamic programming. In the simulation, we use both synthetic workload and real workload traces to evaluate the
performance of cache replacement policies. Experimental results show that the proposed policies can significantly reduce
energy consumption (10%-20%) when compared to other replacement policies.
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