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Abstract

Caching frequently accessed data items on the client side is an effective technique to improve the
system performance in wireless networks. Due to cache size limitations, cache replacement algorithms
are used to find a suitable subset of items for eviction from the cache. Many existing cache replacement
agorithms employ a value function of different factors such as time since last access, entry time of the
item in the cache, transfer time, item expiration time and so on. However, most of the existing algorithms
are designed for WWW environment under weak consistency model. Their choices of value functions are
based on experience and on a value function which only works for a specific performance metric.

In this paper, we propose a generalized value function for cache replacement algorithms for wireless
networks under a strong consistency model. The distinctive feature of our value function isthat it is gen-
eralized and can be used for various performance metrics by making the necessary changes. Further, we
prove that the proposed val ue function can optimize the access cost in our system model. To demonstrate
the practical effectiveness of the generalized val ue function, we derive two specific functions and eval uate
them by setting up two different targets: minimizing the query delay and minimizing the downlink traffic.
Compared to previous schemes, our algorithm significantly improves the performance in terms of query
delay or in terms of bandwidth utilization depending on the specified target.

Key Words: cachereplacement, cost model, value function, mobile computing, cacheinvalidation, cache
consistency model.

1 Introduction

With the explosive growth of wireless techniques and mobile devices such as laptops, personal digital as-
sistants, people with battery powered mobile devices wish to access various kinds of services at any time
any place. However, existing wireless services are limited by the constraints of wireless networks such as
narrow bandwidth, frequent disconnections, and limitations of the battery technology. Thus, mechanisms to
efficiently transmit information from the server to a massive number of clients (running on mobile devices)
have received considerable attention [4, 7, 9, 14, 19].



Caching frequently accessed dataitems on the client side is an effective technique to improve performance
in a mobile environment [4]. Average data access latency is reduced as some data access requests can be
satisfied from the local cache thereby obviating the need for data transmission over the scarce wireless links.
Due to the limitations of the cache size, it isimpossible to hold al the accessed dataitems in the cache. Asa
result, cache replacement algorithms are used to find a suitable subset of dataitemsfor eviction.

Cache replacement algorithms have been extensively studied in the context of operating system virtua
memory management and database buffer management [11]. In this context, cache replacement algorithms
usually maximize the cache hit-ratio by attempting to cache the items that are most likely to be accessed in
the future. However, these algorithms may not be suitable for wireless networks due to a number of reasons
[10]: Firgt, the dataitems may have different sizes and then the Least Recently Used (LRU) policy needsto be
extended to handle items of varying sizes. Second, data items may be constantly updated at the server side.
Thus the consistency issue shall be considered. That is, data items that tend to be inconsistent earlier should
be replaced earlier. Third, the cost to download data items from the server may vary. As a result, the cache
hit-ratio may not be the best measurement for evaluating the quality of a cache replacement algorithm.

Aggarwal et al. [3] classifiesthe existing cache replacement policiesinto three categories. direct-extension,
key-based, and function-based. In the direct-extension category [17], traditional policies such asLRU or FIFO
are extended to handle data items of non-homogeneous size. The difficulty with such policies in general is
that they fail to pay sufficient attention to the data size. In the key-based policies [21], keys are used to
prioritize some replacement factors over others; however, such prioritization may not aways be ideal.

Recently, function-based replacement policy has received considerable attention [3, 5, 18, 22, 24]. The
ideain function-based replacement policiesisto employ afunction of the different factors such astime since
last access, entry time of the data item in the cache, transfer time, data item expiration time and so on. For
example, the algorithm [5] proposed by Bolot and Hoschka first explicitly considers the delay to fetch web
documents in cache replacement. Their value function employs a weighted function of the transfer time,
the document size, and the time since last access. However, the choice of the value function is not justified
and there are many unspecified weights. The Hybrid Algorithm (HYB) [22] addresses both latency and
bandwidth issues. Their value function employs a weighted exponential function of the access frequency,
the size, the latency to the server and the bandwidth to the server. Severa constants are used, but exactly
how to set these constants to get better performance is not given. The LNC-R-W3-U algorithm, proposed
by Shim et al. [18], aims to minimize the response time. Their value function employs a rationa of the
access frequency, the transfer time, the document size, and the validation rate. The author proved that their
cache replacement algorithm could find the document subsets that satisfy the value function. However, the
author did not prove that this algorithm could minimize the response time. The algorithms mentioned above
are designed for WWW environment where weak cache consistency model is adopted. These agorithms
may not be suitable if strong cache consistency model is needed. The Min-SAUD algorithm [24] is designed



for strong cache consistency model. It uses an optimal value function that can minimize the metric stretch.
Although the authors proved that their value function is optimal, they did not show how to get such an optimal
value function.

These function-based policies are valuable in that they address various aspects of cache replacement.
However, these algorithms are designed for a specific metric (target). When the target changes, they have
to come up with another function. Furthermore, these functions may not even be optimal. In this paper, we
propose a novel approach for cache replacement. We first present a cache access cost model for wireless
networks and show how to break-down the data access cost and how to use caching to improve the system
performance. Based on the cost model, we propose a generalized value function, and prove that the proposed
value function can minimize the access cost in ideal situations. Since our value function is generdl, it can be
used for various kinds of performance metrics by making the necessary changes. To demonstrate the practical
effectiveness of the generalized value function, we derive two specific functions by setting up two different
targets. minimize the query delay and minimize the downlink traffic. Extensive simulations are provided and
used to justify the analysis. The simulation results show that for both targets, our cache replacement policy
can significantly improve the performance compared to existing policies under various cache sizes, update
time, query generate time, and access patterns.

Therest of the paper is organized asfollows. Section 2 presents the system model. In Section 3, we present
the generalized value function and the cache replacement agorithm. The optimal proof is also provided.
Some implementation issues are discussed in Section 4. Section 5 evaluates the performance of the proposed
cache replacement algorithm under two different targets. Section 6 concludes the paper.

2 The System M odel
2.1 Mobile Computing M odel

In amobile computing system, the geographical areais divided into small regions, called cells. Each cell has
a base station (BS) and a number of mobile terminals (MTs). Inter-cell and intra-cell communications are
managed by the BSs. The MTs communicate with the BS by wirelesslinks. An MT can move within acell or
between cells while retaining its network connection. An MT can either connect to a BS through a wireless
communication channel or disconnect from the BS by operating in the doze (power save) mode.

The mobile computing platform can be effectively described under the client/server paradigm. A data
item is the basic unit for update and query. MTs only issue simple requests to read the most recent copy of a
data item. There may be one or more processes running on an MT. These processes are referred to as clients
(weusetheterms MT and client interchangeably). In order to serve arequest sent from aclient, the BS needs
to communicate with the database server to retrieve the dataitems. Since the communication between the BS
and the database server is through wired links and is transparent to the clients (i.e., from the client point of

1The ratio of the access latency of a request to its service time, where the service time is defined as the ratio of the item size to
the broadcast bandwidth.



view, the BSis the same as the database server), we use the terms BS and server interchangeably.

2.2 TheCachelnvalidation Model

Frequently accessed data items are cached on the client side. To ensure cache consistency, a cache manage-
ment algorithm is necessary. Classical cache invalidation strategies may not be suitable for wireless networks
due to frequent disconnections and high mobility of mobile clients. It is difficult for the server to send in-
validation messages directly to the clients because they often disconnect to conserve battery power and are
frequently on the move. For the clients, querying data servers through wireless links for cache invalidation is
much slower than wired links because of the latency of the wireless links. Asa solution, we use the IR-based
cache invalidation approach [4] to maintain cache consistency. In this approach, the server periodically broad-
casts an Invalidation Report (IR) in which the changed data items are indicated. Rather than querying the
server directly regarding the validation of cached copies, the client can listen to these IRs over wireless chan-
nels and use the information to invalidate its local cache. More formally, the server broadcasts an IR every L
seconds. The IR consists of the current timestamp 7; and alist of tuples (d,, t,.) such that ¢, > (T; — w * L),
where d, isthe dataitem id, ¢, isthe most recent update timestamp of d,., and w isthe invalidation broadcast
window size. In other words, IR contains the update history of the past w broadcast intervals. However,
any client who has been disconnected longer than w IR intervals cannot use the report, and it has to discard
al cached items even though some of them may still be valid. Many solutions [14, 16, 23] are proposed to
address the long disconnection problem, and Hu et al. [14] has a good survey of these schemes.

In the IR-based cache invalidation model, every client, if active, listensto the IRs and invalidates its cache
accordingly. To answer a query, the client listens to the next IR and uses it to decide whether its cache is
valid or not. If thereisavalid cached copy of the requested dataitem, the client returns the item immediately.
Otherwise, it sends a query request to the server through the uplink. Hence, the average latency of answering
aquery isthe sum of the actual query processing time and half of the IR interval. If the IR interval islong, the
delay may not be able to satisfy the requirements of many clients. In order to reduce the query latency, Cao
[9] proposed to replicate the IRs m times; that is, the IR is repeated every (%)”L of the IR interval. To reduce
the packet size, theinvalidation report replica, which iscalled UIR, only contains the invalidation information
since last IR report. A client only needs to wait at most (%)“"” of the IR interval before answering a query.
Hence, latency can be reduced to (%)”L of the latency in the previous schemes (when query processing time
is not considered). In this paper, we will apply the UIR-based approach to reduce the query delay of the
IR-based cache invalidation model. Although our algorithm is based on this cache invalidation model, it can
also work under other models, such asthose in [4, 14, 16].

Similar to other researchers, we assume that data accesses/updates follow Poisson distribution and the
independent reference model [11]. The Poisson arrivals are usually used to model data access and update
processes [15]. Theindependent reference model has been adopted by many researchers [6, 24] and it explains
the access behavior well [6].



3 A Generalized Target-Driven Cache Replacement Algorithm

To facilitate our discussion, the following notations are used. Figure 1 further explains the use of these
notations.

e n: the number of dataitemsin the database.

e f;: the cost of fetching data item 7 to the cache.

e c: the mean cost of validating the consistency of dataitem in cache.
e v;: the cost of getting updated data item s from the server.

e ¢;. the mean access rate to dataitem s.

e ;. the mean update rate of dataitem .

e s;: thesize of dataitem :.

e P, : the probability of referencing dataitem :.

e P, the probability of invalidating cached dataitem i.

e V: the set of al the cached data items.
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Figure 1. The cache access cost model

Based on the above notations, the cache replacement policy should optimize the following expression

maz Z value(7)

€V
where wvalue(i) = Py, (fi — ¢ — Py, * v;) @

This value function can be explained by the cache access cost model shown in Figure 1. If dataitem ¢ is not
in the cache, it will take f; to fetch data item ¢ into the cache. In other words, if i is in the cache, we can save
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the access cost by f;. However, it also takes (¢ + P,  v;) to validate it and get the updated data if necessary.
Thus, caching the data can save the cost by (f; — ¢ — P, * v;) per access. Since the access possibility iS F,
we can conclude that thevalue F,; = (f; — ¢ — P,, * v;) reflects the value of caching dataitem i.

Based on this value function, we can build our cache replacement policy General Opt. Let V denote
the set of al the cached data items. Suppose we need to replace data items of size s in order to add a new
data item to the cache, our policy finds the set (17*) of items to be replaced which satisfies the following two
conditions:

(a) ZSiZS

i€V
(b) VYVi(Vp CV A Z 8; > 8), Z value(i) > Z value(q) 2
i€Vy i€Vy S %
Intuitively V* isthe least valuable subset of V' whose total sizeisat least s.

Theorem 1 The General_Opt algorithm replaces the set of items that minimize the total access cost.

Proof. Suppose A is the set that the General_Opt agorithm found. B is an arbitrary set whose total size
Y icp Si > s. A B is assumed to be an empty set (): otherwise we can remove the intersecting elements
since their values are equal under both algorithms. According to the algorithm

Z value(i) < Z value(y)
i€A JEB
Let C =V — A — B. Let d denote the data item to be brought into the cache. Let Cost(C) and Cost(d)

denote the cost of accessing C' and d respectively. After replacing A from the cache, the cost of accessing A
(not in cache) is

Zpai*fi

i€A
and the cost of accessing B (still in cache) is
Z Py; x (c+ Py; *vj)
jEB
Thus the total access cost after replacing A is
Ty = Z P, * fi + Z Py, * (c+ Py; * vj) + Cost(C) + Cost(d)
i€A jEB
Similarly the total access cost after replacing B is

Tp = Z P, = fi+ Z Py, * (¢ + Py; * vj) + Cost(C) + Cost(d)
i€B JEA



Ty —Tp = (ZPai*fz-—{—ZPaj * (c+ Py, *Uj))_(zpai*fi+zpaj * (c+ Py; xvj))

€A jEB i€B jEA
= (ZP‘“ * fi — ZP%. ¥ (c+ Py *vj)) — (ZP‘%‘ * fi — ZPa]. * (c+ Py; xvj))
€A jEA i€B jE€B
= Z value(i Z value(j
1€EA jE€EB
< 0

Thus, the General_Opt agorithm replaces a set of data times which can minimize the total access cost.0

Based on the generalized value function, we can derive specific value function for a specific metric. For
example, suppose we want to minimize the query delay, f; will be the delay to fetch item i after the query is
generated; ¢ isthe delay to validate the cached item; v is the delay to get the updated item i from the server
after cache validation. We can also derived other specific value functions such as minimizing the downlink
traffic as shown in Section 5.

4 Implementation | ssues

In the General_Opt agorithm, the optimization problem defined by Equation 2 is essentially the 0/1 knap-
sack problem, which is known to be NP-hard. Although there is no optimal solution to the problem, when
the data size is relatively small compared to the cache size [18], we can use heuristics to obtain sub-optimal

Ualue( )

solutions. The heuristic wewill useis: throw out the cached dataitem ¢ with the minimum———=2 value until

the free cache space is sufficient to accommodate the incoming data.

4.1 Parameter Estimation

In the actual implementation, f;,v;, P,;, and P,, are usually not constant. \We have to estimate these param-
eters accurately to capture the temporal locality of data access. In the following, we provide techniques to
estimate the value of these parameters.

We use the exponential aging method, which has been adopted in TCP ([20]) to estimate the round trip
delay, to estimate f; and v;. It combines both the history data and the current observed value to estimate the
parameters. Whenever an access or validation is completed, f; and v; are recalculated as following:

fi=oax fr% 4 (1 —a)« f4

v; = ax P 4 (1 — a) xvfH

P,, and P,, can be derived from ¢; and u;. Since P,, is proportional to a;, P,, can be replaced by a;
directly. Let T, be the time of access and 7,,, be the time of invalidation. Since we assume the data accesses



and updates follow Poisson distribution, the probability that the cache invalidation happens before the next
data access is [24]:

0 rTa, U;
P,, = Pr(T,, <T,) = / / aje%TeiqyeiTu; dT,,dT,, =
0o Jo a; + u;
So, the value function of Equation 1 can be replaced by the following:
lue(i) = a; % (fi — ¢ — —— * ;) )
vatue(r) = a; ;i —C @t Vs

We cannot simply use the above aging technique to estimate ; and u; since the access rate and the update
rate should still be “aged” in the absence of access to a dataitem. We apply similar techniques used by Shim
et al. [18] to estimate a; and ;. This method uses K most recent samples to estimate ¢; and u; asfollows.

K

WS TR @
K

%= T, (R) ®)

where T isthe current time, 7, (K) and T,,, (K) are the time of the K** most recent accesses and updates.
If less than K samples are available, all the available samples are used. Shim et al. [18] showed that K can be
as small as 2 or 3 to achieve the best performance. Thus, the spatial overhead of storing recent accesses and
updates is relatively small.

One concern about implementing the algorithm is the computational overhead. Equation (4) and (5) imply
that the value for each item in the cache needs to be recal culated whenever a cache replacement is necessary.
This computational overhead it very high. To reduce the computational overhead, we propose the following
approximation method. Whenever a cache replacement is necessary, instead of recalculating the value of
every data item, we only recalculate the values of the first 2 — 1 items in the heap (The heap structure will
be described in the following section.) For data items in the heap, this can guarantee that the value of the §
least valuable items will be recalculated. Most likely, the items to be replaced will be among them because
their values are relatively small. Simulation results (Figure 3 () verifiesthat § = 3 can provide satisfying
performance and the computational overhead isvery small.

4.2 Cachelnsertion and Removal

A priority queue is needed so that the data item with the least value(i) /s can be quickly found and removed.

We implement the priority queue based on a heap. With heap, remove and insert operations can be performed
in O(logN), where N is the total number of cached items. Due to data access and parameter re-evaluation,
the key value of the data item within the heap maybe changed, and its position should be changed to reflect
its current value. A pointer is used to record its position in the heap. In case of avalue change, the item can
be found through this pointer in O(1) time and O(logN) time is needed to adjust its position.



4.3 The Client Management Algorithm

The client-side cache management algorithm is shown in Figure 2.

(A) When aclient generates a query for dataitem i:
updates a;;
if i isvalid in the cache then
wait for the validation report, UIR or IR;
listen_invalidation_report();
if 4 was not updated in the last cache invalidation then
adjust the position of 7 in the heap;
return ¢ from the cache;
ese
go to step (B);
else

go to step (B);

(B) When there is acache missfor item i:
send out arequest and wait for the next IR;
listen_invalidation_report();
get 5 from the broadcast channel;
if 7 isaready in the cache then //data was updated at the server
update data i in the cache;
adjust the position of 7 in the heap;
elseif there is enough free space then
insert item ¢ into the cache and the heap;
else
while there is not enough space do
/I remove the item with the least value/s value
remove the top item from the heap and clear the related data from the cache;
insert ¢ into the cache and the heap;

(C) listen_invalidation_report()
listen to the IR or UIR from the server;
for any item ¢ that has been updated since last invalidation report
update the mean update rate v;;
change the cached item to be invalid if ¢ isin cache.

Figure 2: The client cache management algorithm

5 Performance Evaluations

In this section, we evaluate the performance of the proposed methodology. To compare with other algorithms,
we use two specific targets and apply them to our generalized function. The first target is to minimize the
query delay; whereas the second is to minimize the downlink traffic.



5.1 The Simulation M od€l

In the simulation, a single server maintains a collection of n data items and a number of clients access these
dataitems. The UIR cache invalidation model is adopted for data dissemination.

5.1.1 TheClient Model

The client query model is similar to what have been used in our previous studies[8, 25]. Each client generates
asingle stream of read-only queries. The mean query generate time for each client is 7,.,,. The access
pattern follows Zipf distribution [26], which has been frequently used ([6], [12]) to model non-uniform
distribution. In the Zipf distribution, the access probability of the #* (1 < i < n) dataitem is represented as
follows.

1
o =, o
where0 < 6 < 1. When 6 = 1, it isthe strict Zipf distribution. When 8 = 0, it becomes the uniform
distribution. Large 6 results in more “skewed” access distribution.
Similar to [2], we partition the data items into digoint regions of RegionSize items each. The access
possibility of any item within aregion follows uniform distribution. The Zipf distribution is applied to these

regions.

512 TheServer Mode

The server broadcasts cache invalidation information (IR and UIR) periodically. If the server receives requests
from clients, it serves the requests during the next IR interval on a FCFS (first-come-first-service) basis. There
are n dataitems at the server side. The data size varies from s,,;,, t0 sz, Which follows the following two
types of distributions.

e Random: Thedistribution of the data size falls randomly between s,,;,, and s,44.-

e Increase: The size (s;) of the data item (i) grows linearly asi increases; i.e. s = Spin + (i — 1) *

Smaz —Smin
n—1

The combination of data size distribution and Zipf access pattern defines the joint distribution of access
frequency and data size. The choices of the data size distributions are based on previously published trace
analyses. Some analyses [12, 13] showed that small dataitems are accessed more frequently than large items;
while arecent web trace analysis [6] showed that the correlation between data item size and access frequency
isweak and can be ignored.

The server generates a single stream of updates separated by an exponentialy distributed update inter-
arrival time with mean value of 7,44 The data items in the database are divided into hot (frequently
accessed) data subset and cold data subset. Within the same subset, the update is uniformly distributed,
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where 80% of the updates are applied to the hot data subset. In the experiment, we assume that the server
processing timeis negligible, and the broadcast bandwidth is fully utilized for broadcasting IR and UIR, and
serving clients' data requests. Most of the system parameters are listed in Table 1. The second column lists
the default values of these parameters. In the ssimulation, we may change the parameters to study the impact
of these parameters, and the ranges of these parameters are listed in the third column.

| Parameter | Default value | Range |
Database size (n) 3000 items
RegionSize 50 items
Number of clients 100
Smin 0.5k
Smaz 20k
Mean update time (T, qate) 100 seconds 10 to 10000 seconds
Hot update prob. 0.8
Hot subset percentage 0.2
Broadcast interval (L) 20 seconds
Broadcast window (w) 10 interva
Broadcast bandwidth 144 kb/s
Relative cache size 10% of total database size | 1% to 50%
Mean query generate time (7j,¢r,) | 100 seconds 30 to 300 seconds
Zipf distribution parameter 6 0.9 Otol

Table 1. Simulation parameters and their default values

Experiments are run using different workloads and system settings. The performance analysis presented
here is designed to compare the effects of different workload parameters such as mean update arrival time,
mean query generate time, and system parameters such as cache size and Zipf parameter 6 on the performance
of our and other algorithms.

Sincethe client caches areonly partialy full at theinitial stage, the effectiveness of the different algorithms
may not be truly reflected. In order to get a better understanding of the true performance for each algorithm,
we collect the result data only after the system becomes stable, which is defined as the time when the client
caches are full. For each workload parameter (e.g., the mean update arrival time, or the mean query generate
time), the mean value of the measured data is obtained by collecting a large number of samples such that the
confidence interval is reasonably small. In most cases, the 95% confidence interval for the measured datais
less than 10% of the sample mean.

5.2 TheEvaluated Algorithms
Four cache replacement algorithms are compared in our simulations.
e LRU: Keep removing the item that was used the least recently until there is enough space in the cache.

e LRU-MIN [1]: Suppose the incoming data size is S and there is not enough space in the cache. The
algorithm finds the list of items in the cache with size at least S and remove the least recently used
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items from the list. If the list is empty, the algorithm finds the list of items with size at least S/2 and
keep removing itemsin the list according to the LRU order. Similarly, if more space is needed, try the
items of size at least S/4. Thisalgorithm is shown to perform very well when the data size is different.

e OPT: Thisisour agorithm. It keeps removing the item with least value(i)/s; value where the value

function is defined by Equation 3.

e OPT (IDL): We dso simulate an ideal case, where the access rate and the update rate are known as a

priori. This defines an upper bound for our algorithm.

5.3 Simulation Results: Minimizing the Query Delay

Suppose our target is to minimize the query delay. As shown in Equation 3, f is the delay to fetch item
after the query is generated; c is the delay to validate the cached item; 4 is the delay to get the updated item

17 from the server after cache validation.

In the simulation results, we show the average query delay as afunction of different factors such as cache
size, mean query generate time, etc. The average query delay is the total query delay divided by the number

of queries.

5.3.1 TheAverage Delay under Different Cache Size
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Figure 3: The average query delay as afunction of the cache size

Figure 3 shows the average query delay as a function of the cache size. The total database size is fixed.
We change the relative cache size from 1% of total database size to 50% of total database size to study the

effect of cache size on the average delay.

To study the effect of §, we compare the simulation results of OPT when § is2, 3 and 5 in Figure 3 (a).
As described in section 4.1, for ¢ is 2, 3 or 5, our algorithm will recalculate the value of the first 3, 7 or 31
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items respectively in the heap. It is obvious that our algorithm with bigger ¢ will get better performance at
the cost of more computational overhead. As shown in Figure 3 (a), OPT (6 = 3) has similar performance
to OPT (§ = 5). The computational overhead of OPT (§ = 3) is about 3/4 less. This shows that satisfying
performance can be achieved with small § value such as 3. Therefore, in the following of the paper, we will
choose § = 3, and refer the OPT (6 = 3) algorithm as OPT.

In Figure 3 (b), we aso include the average delay of the algorithm (discussed in Section 5.4) whose target
is to minimize the downlink traffic. Here, this algorithm is denoted as OPT_traffic. As we have derived
two agorithms for two different metrics: the delay and the downlink traffic, we want to cross-compare each
algorithm under the other algorithm’s target metric. Figure 3 (b) shows that the performance of OPT._traffic
is not as good as OPT when the performance metric is delay. See Section 5.4.1 for further discussion about
the cross-comparison.

The “Increase” distribution favors small data items. A large number of data items can still be saved in
the cache even when the cache size is small. As aresult, the cache hit-ratio is higher and the query delay is
lower. This can be verified by Figure 3, where the query delay under “Increase” size pattern is smaller than
that under “Random” pattern.

Generally speaking, the average query delay drops as the cache size increases. However, our algorithms
always outperform LRU and LRU-MIN. For the “Random” size distribution (Figure 3 (b)), OPT (IDL) can
outperform LRU by 28% when the relative cache size is 10% and 33% when the relative cache size is 30%.
Although OPT is not as good as OPT (IDL), its average query delay is still 21% less than that of LRU and
17% less than that of LRU-MIN when the relative cache sizeis 10%.

For the “Increase” distribution, there are correlation between access rate and data size. Thus, the algo-
rithms that consider data size will have better performance than those that do not. For example, in Figure 3
(a), the difference between LRU and other algorithms is much larger than that in Figure 3 (b).

5.3.2 TheAverage Delay under Different Update Arrival Time

The mean update arrival time (7, 44:c) determines how frequently the server updates its dataitems. Asshown
in Figure 4, our algorithms are much better than LRU and LRU-MIN. For example, in Figure 4 (b), when
the update arrival time is 10 seconds, the average query delay of OPT is 18% less than that of the LRU-MIN
algorithm. When the update arrival timeisin the range of 1000 and 10000 seconds, the performance of OPT
is about 16% better than that of LRU-MIN. Of course, OPT (IDL) performances better. On average, it is
about 25% better than LRU-MIN. Similar results can be found in Figure 4 (a).

5.3.3 TheAverage Delay under Different Query Generate Time

Figure 5 shows the average query delay as a function of T,.,,. As explained before, each client generates
gueries according to the mean query generate time. The generated queries are served one by one. If the
gueried dataisin the local cache, the client can serve the query localy; otherwise, the client has to request
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Figure 5: The average query delay as afunction of the mean query generate time

the data from the server. If the client cannot process the generated query due to waiting for the server reply,
it queues the generated queries. Since the broadcast bandwidth is fixed, the server can only transmit alimited
amount of data during one IR interval. If the server receives more queries than it can broadcast during one
IR interval, some queries are delayed to the next IR interval. If the server receives more queries than it can
broadcast during each IR interval, many gqueries may not be served, and the query delay may be out of bound.
Aswe can seefrom Figure 5, the delay of OPT and OPT (IDL) is much less than that of LRU and LRU-MIN.
This is due to the reason that OPT and OPT (IDL) use the cache space more effectively and the number of
gueries sent to the server can be reduced, and hence, the server islesslikely to be overwhelmed by the clients
requests.

For the " Increase” distribution, the average delay is much less than the “Random” distribution for the same
reason mentioned in Section 5.3.1. As Ty, increases, the average query delay decreases since less queries
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are generated and the server can serve the queries more quickly. As shown in Figure 5 (a), the average delay
increases slightly when 7., is larger than 150 seconds. This is because the chance that cached items are
invalid increases as Ty, increases. As mentioned before, the average query delay isthe total delay divided
by the number of queries. Thus, the average query delay increases as 7,y IS larger than 150 seconds. The

same trend exists in the OPT of Figure 5 (b) athough it is less obvious. The reason is as following. There
are two conflicting factors that affect the average query delay when Ty, increases: 1) the server receives

less number of requests and the average query delay tends to decrease. 2) the chance of a cached item being
invalid increases, and the average query delay tends to increase. In the “Random” distribution, the server
receives more requests than in the “Increase” distribution. When 7;,,.,.,, increase, the effect of the first factor

is bigger than that of the second factor. Asaresult, theincreasing trend in Figure 5 (b) isless obvious or does
not exist.

5.3.4 TheAverage Delay under Different Access Pattern (6)
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Figure 6: The average query delay as afunction of Zipf parameter 6

The Zipf parameter 6 determines the “skewness’ of the access distribution. Figure 6 shows the effect of
the access pattern on the system performance. When 6 = 0, the“Random” and “Increase” distribution almost
generate the same result. Thisis because the access is uniform and the size of data items does not matter. As
6 grows, the average delay of the “Increase” distribution drops faster than the “Random” distribution since
more items can be cached in the “Increase” distribution.

As shown in Figure 6, OPT and OPT (IDL) constantly outperform LRU and LRU-MIN. In Figure 6 (a),
on average, OPT outperforms LRU by 22% and outperforms LRU-MIN by 11%. In Figure 6 (b), on average,
OPT outperforms LRU by 18% and outperforms LRU-MIN by 12%.
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54 Simulation Results: Minimizing the Downlink Traffic

The downlink bandwidth determines the amount of data that the server can broadcast in one IR interval. If we
reduce the downlink traffic, the server can handle more requests, and hence, the server can serve more clients
or clients can make more requests. In order to minimize the downlink traffic, we change the generalized value
function to meet this specific requirement as follows: f; will be all the downlink bandwidth needed to fetch
item 4 to cache, c isthe downlink bandwidth needed for cache invalidation, and 4 is the downlink bandwidth
needed to download the data.

Similar to Section 5.3, we compare the performances of four algorithms, LRU, LRU-MIN, OPT and OPT
(IDL). Due to space limitation, we only show the results of the “Random” distribution due to the similarity
between the “Random” distribution and the “Increase” distribution. The performance is measured by the
average downlink traffic, which is the overall downlink traffic divided by the number of queries.

5.4.1 TheAverage Downlink Traffic Under Different Cache Sizes
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Figure 7: The average downlink traffic as afunction of the cache size

We also include the simulation results of the delay-optimal algorithm (denoted as OPT delay in Figure 7)
used in Section 5.3. As can be seen, athough OPT_delay is good at reducing the query delay, it is outper-
formed by our OPT agorithm in term of downlink traffic, because OPT is specifically designed to minimize
the downlink traffic. Another interesting thing is that the LRU-MIN algorithm does not show its advantage
over LRU. These results, together with the results shown in Figure 3 (b), show that it is possible for one
specific agorithm to work better than others in terms of one specific metric, but not others.

Figure 7 showsthat our algorithm aways outperforms other algorithms. The OPT (IDL) outperforms LRU
or LRU-MIN by more than 26% on average. The OPT is not as good at OPT (IDL), but it still outperforms
LRU or LRU-MIN by more than 21% on average. For simplicity, we will not show OPT_delay in later
presentations.

16



9000

8500 |

8000 r

7500

7000 r

6500 -

Average downlink traffic (bytes)

6000

5500 - .
10 100 1000 10000

Mean update arrival time (seconds)

Figure 8: The average downlink bandwidth as afunction of the update arrival time

5.4.2 TheAverage Downlink Traffic under Different Update Arrival Time

Figure 8 shows the average downlink bandwidth as a function of the update arrival time Z}, 4. The trend
here is similar to that in Figure 4. Compared to LRU or LRU-MIN, OPT (IDL) can reduce the downlink
traffic by 2.3K per query (29%) on average. whereas the OPT agorithm can reduce the download traffic by
about 1.8 K per query (22%).

5.4.3 TheAverage Downlink Traffic under Different Query Generate Time
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Figure 9: The average downlink traffic as a function of the query generate time

Figure 9 shows the relationship between the downlink traffic and the query generate time 7. AS Can
be seen, the average downlink traffic increases when Ty, increases. This can be explained by the following
two reasons: 1) when 7., increases, the possibility that a cached item is invalidated increases; 2) when
Tquery iNCreases, fewer queries are generated in the same IR interval, and hence, the chance that two or more
clients generate the same query decreases. Note that if several clients request for the same data item during
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the same IR interval, the server only broadcasts the data item once. As less broadcasting data is shared, the
average downlink traffic increases. Not surprisingly, OPT outperforms LRU and LRU-MIN while OPT (IDL)
aways performs the best.

5.4.4 TheAverage Downlink Traffic under Different Access Pattern (0)
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Figure 10: The average downlink traffic as afunction of ¢

Figure 10 shows the impact of data access pattern on the average downlink traffic. When 6 is small, the
access pattern isuniformed distributed. The performance of these four algorithmsis similar because the cache
hit-ratio is very low and there is less room for performance improvement. When 6 increases, more accesses
are focused on few items. Asaresult, it became important to cache the right data and hence the performance
difference among these four algorithms increases. When # = 1, compared to LRU (which now performs
better than LRU-MIN), OPT can reduce downlink traffic by about 21% and OPT (IDL) can reduce the traffic
by about 27%.

6 Conclusions

In this paper, we proposed a generalized value function for cache replacement algorithms in wireless net-
works. Based on this generalized value function, we derived two value functions to satisfy two specific
targets: minimize the query delay and minimize the downlink traffic. Detailed experiments have been carried
out to evaluate the effectiveness of these value functions. In both simulations, our cache replacement policy
can significantly improve the system performance compared to existing algorithms under various cache sizes,
update time, query generate time and access patterns.

Our agorithm solves the problem of how to provide cache replacement algorithm given an optimization
target. There are till some existing problems to be solved, for example, how to set the optimization target?
There may be several optimization targets, and it is a challenge to find a way to balance these optimization
targets. Asfuture work, wewill address these issues and propose cache replacement algorithms when multiple
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optimization targets exist.
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