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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 algorithms 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 is that it is generalized and can be used for various performance metrics by making the
necessary changes. Further, we prove that the proposed value function can optimize the access cost in our system model. To demonstrat
the practical effectiveness of the generalized value function, we derive two specific functions and evaluate 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.
© 2005 Elsevier Inc. All rights reserved.
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1. Introduction Caching frequently accessed data items on the client side
is an effective technique to improve performance in a mobile
With the explosive growth of wireless techniques and environment4]. Average data access latency is reduced as
mobile devices such as laptops, personal digital assistantssome data access requests can be satisfied from the local
people with battery powered mobile devices wish to ac- cache thereby obviating the need for data transmission over
cess various kinds of services at any time any place. How- the scarce wireless links. Due to the limitations of the cache
ever, existing wireless services are limited by the constraints size, itis impossible to hold all the accessed data items in the
of wireless networks such as narrow bandwidth, frequent cache. As a result, cache replacement algorithms are used to
disconnections, and limitations of the battery technology. find a suitable subset of data items for eviction.
Thus, mechanisms to efficiently transmit information from  Cache replacement algorithms have been extensively
the server to a massive number of clients (running on mobile studied in the context of operating system virtual memory
devices) have received considerable attenfioi,9,14,19] management and database buffer managefiéitin this
context, cache replacement algorithms usually maximize
i _ : the cache hit-ratio by attempting to cache the items that are
E-mail addressesyin@cse.psu.ed(L. Yin), gcao@cse.psu.edu most likely to be accessed in the future. However, these
(G. Cao),yingcai@cs.iastate.edy. Cai). . . .
lving Cai is with Department of Computer Science at lowa State @lg0rithms may not be suitable for wireless networks due
University. to a number of reasorj40]: First, the data items may have
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different sizes and then tHeast recently use@_RU) pol- timal, they did not show how to get such an optimal value
icy needs to be extended to handle items of varying sizes.function.

Second, data items may be constantly updated at the server These function-based policies are valuable in that they ad-
side. Thus the consistency issue shall be considered. That isdress various aspects of cache replacement. However, these
data items that tend to be inconsistent earlier should be re-algorithms are designed for a specific metric (target). When
placed earlier. Third, the cost to download data items from the target changes, they have to come up with another func-
the server may vary. As a result, the cache hit-ratio may tion. Furthermore, these functions may not even be optimal.
not be the best measurement for evaluating the quality of aln this paper, we propose a novel approach for cache replace-

cache replacement algorithm. ment. We first present a cache access cost model for wire-
Aggarwal et al.[3] classifies the existing cache replace- less networks and show how to break-down the data access
ment policies into three categoriegirect-extensionkey- cost and how to use caching to improve the system perfor-

based and function-basedn the direct-extension category mance. Based on the cost model, we propose a generalized
[17], traditional policies such as LRU or FIFO are extended value function, and prove that the proposed value function
to handle data items of non-homogeneous size. The diffi- can minimize the access cost in ideal situations. Since our
culty with such policies in general is that they fail to pay value function is general, it can be used for various kinds
sufficient attention to the data size. In the key-based policies of performance metrics by making the necessary changes.
[21], keys are used to prioritize some replacement factors To demonstrate the practical effectiveness of the generalized
over others; however, such prioritization may not always be value function, we derive two specific functions by setting
ideal. up two different targets: minimize the query delay and min-
Recently, function-based replacement policy has receivedimize the downlink traffic. Extensive simulations are pro-
considerable attentiofB,5,18,22,24] The idea in function-  vided and used to justify the analysis. The simulation results
based replacement policies is to employ a function of the show that for both targets, our cache replacement policy can
different factors such as time since last access, entry timesignificantly improve the performance compared to existing
of the data item in the cache, transfer time, data item expi- policies under various cache sizes, update time, query gen-
ration time and so on. For example, the algoritfshpro- erate time, and access patterns.
posed by Bolot and Hoschka first explicitly considers the  The rest of the paper is organized as follows. Section 2
delay to fetch web documents in cache replacement. Theirpresents the system model. In Section 3, we present the gen-
value function employs a weighted function of the trans- eralized value function and the cache replacement algorithm.
fer time, the document size, and the time since last accessThe optimal proof is also provided. Some implementation
However, the choice of the value function is not justified issues are discussed in Section 4. Section 5 evaluates the
and there are many unspecified weights. The Hybrid Al- performance of the proposed cache replacement algorithm
gorithm (HYB) [22] addresses both latency and bandwidth under two different targets. Section 6 concludes the paper.
issues. Their value function employs a weighted exponen-
tial function of the access frequency, the size, the latency
to the server and the bandwidth to the server. Several con-2. The system model
stants are used, but exactly how to set these constants to get
better performance is not given. The LNC-R-W3-U algo- 2.1. Mobile computing model
rithm, proposed by Shim et 18], aims to minimize the
response time. Their value function employs a rational of In a mobile computing system, the geographical area is
the access frequency, the transfer time, the document sizedivided into small regions, called cells. Each cell hdsmae
and the validation rate. The author proved that their cache station(BS) and a number ahobile terminal§MTs). Inter-
replacement algorithm could find the document subsets thatcell and intra-cell communications are managed by the BSs.
satisfy the value function. However, the author did not prove The MTs communicate with the BS by wireless links. An
that this algorithm could minimize the response time. The MT can move within a cell or between cells while retaining
algorithms mentioned above are designed for WWW envi- its network connection. An MT can either connect to a BS
ronment where weak cache consistency model is adoptedthrough a wireless communication channel or disconnect
These algorithms may not be suitable if strong cache con-from the BS by operating in theoze(power save) mode.

sistency model is needed. The Min-SAUD algoritf2d] is The mobile computing platform can be effectively de-
designed for strong cache consistency model. It uses an opscribed under thelient/servemparadigm. A data item is the
timal value function that can minimize the metstetch 2 basic unit for update and query. MTs only issue simple re-

Although the authors proved that their value function is op- quests to read the most recent copy of a data item. There
may be one or more processes running on an MT. These pro-
cesses are referred to as clients (we use the terms MT and

2The ratio of the access latency of a request to its service time, where Cllem InterChangeably)' In order to S.erve a rgquest sent from
the service time is defined as the ratio of the item size to the broadcast@ client, the BS needs to communicate with the database
bandwidth. server to retrieve the data items. Since the communication
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between the BS and the database server is through wired
links and is transparent to the clients (i.e., from the client
P

point of view, the BS is the same as the database server),
we use the terms BS and server interchangeably. a
Y

C
may not be suitable for wireless networks due to frequent @
disconnections and high mobility of mobile clients. It is dif- @R, |Y Vi
ficult for the server to send invalidation messages directly : Get updated dat},
to the clients because they often disconnect to conserve bat-
tery power and are frequently on the move. For the clients, _
querying data servers through wireless links for cache in- Fig. 1. The cache access cost model.
validation is much slower than wired links because of the

latency of the wireless links. As a solution, we use the in-
validation report-based cache invalidation appropihto

2.2. The cache invalidation model

Frequently accessed data items are cached on the client
side. To ensure cache consistency, a cache management al-
gorithm is necessary. Classical cache invalidation strategies

query processing time is not considered). In this paper, we

intai h ist I thi h. th will apply the UIR-based a_pprogch_ to reduce the query de-
maintain cache consIStency. n tis approac o Senerpe lay of the IR-based cache invalidation model. Although our

riodically broadcasts ainvalidation report(IR) in which the . . . : o .
changed data items are indicated. Rather than querying thealgonthm Is based on this cache invalidation T“Ode" It can
server directly regarding the validation of cached copies, the alssq vv_(lnrk ;md?;] other mOdEIS’ such as thos[@fj:hh4,t16(31] ¢
client can listen to these IRs over wireless channels and use >'Mhar 10 other researchers, we assume that data ac-
the information to invalidate its local cache. More formally, cesses/updates follow Poisson distribution and the indepen-

the server broadcasts an IR evergeconds. The IR consists den(tj referendcel S]Odéll]' The Pglssc:jn arrivals ere u_;t:ally
of the current timestamp; and a list of tuplesd,, ¢,) such used to model data access and update proc¢sSgsThe

thats, > (T, — w L), whered, is the data itenid, 7, is independent reference model has been adopted by many re-
X ’ X 1 X . . .
the most relcent update timestampdof andw is the inval- searcher§6,24] and it explains the access behavior V€]l

idation broadcast window size. In other words, IR contains

the update history of the past broadcast intervals. How- 3. A generalized target-driven cache replacement
ever, any client who has been disconnected longer than ~ algorithm

IR intervals cannot use the report, and it has to discard all
cached items even though some of them may still be valid.
Many solutiong14,16,23]are proposed to address the long
disconnection problem, and Hu et Hl4] has a good survey o 1: the number of data items in the database.
of these schemes.

In the IR-based he invalidati del lent. if e fi: the cost of fetching data itemto the cache.
n the Tx-based cache invajdation model, every client, T oo the mean cost of validating the consistency of data item
active, listens to the IRs and invalidates its cache accord-

) . . in cache.
ingly. To answer a query, the client listens to the next IR and e v;: the cost of getting updated data itéritom the server.
uses it to decide whether its cache is valid or not. If there

. i hed fth 44 . he cl e «;. the mean access rate to data item
is a valid cached copy of the requested data item, the client u;: the mean update rate of data item

returns the item immediately. Otherwise, it sends a query si- the size of data iterh

request to the server through the uplink. Hence, the average, P, - the probability of referencing data itein
latency of answering a query is the sum of the actual query ; p*" probability of invalidating cached data itém
processing time and half of the IR interval. If the IR inter- V?lthe set of all the cached data items.

val is long, the delay may not be able to satisfy the require-

ments of many clients. In order to reduce the query latency, Based on the above notations, the cache replacement pol-
Cao[9] proposed to replicate the IRa times; that is, the  jcy should optimize the following expression:
IR is repeated every%)th of the IR interval. To reduce the

packet size, the invalidation report replica, which is called maxz value(i),

UIR, only contains the invalidation information since last IR ey

report. A client only needs to wait at m@)th of the IR

interval before answering a query. Hence, latency can be re-Where

duced to(%)th of the latency in the previous schemes (when valugi) = Py, (fi — ¢ — Py, % v;). (1)

To facilitate our discussion, the following notations are
used. Figl further explains the use of these notations.
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This value function can be explained by the cache access Similarly the total access cost after replacBigs
cost model shown in FidL. If data itemi is not in the cache,

it will take f; to fetch data itemi into the cache. In other Ty = Z P * fi + Z Py, % (c+ Py, % 0))
words, ifi is in the cache, we can save the access cost by = faa !
fi. However, it also takeéc + P, * v;) to validate it and 4 Cos{(C) + Costd).

get the updated data if necessary. Thus, caching the data
can save the cost byf; — ¢ — P, * v;) per access. Since
the access possibility iB,,, we can conclude that the value So,
P, % (fi —c — Py, = v;) reflects the value of caching data
itemi.

Based on this value function, we can build our cache o . )
replacement policyGeneral Opt Let V denote the set of Ta=Tp=| 2 Pax fit D Payx (e Puyv))

icA jeB
all the cached data items. Suppose we need to replace data I !
items of sizesin order to add a new data item to the cache, P ‘ p P ‘
our policy finds the sety(*) of items to be replaced which - Z ai * fi + Z a; * (¢ + Puj % ;)
satisfies the following two conditions: ik jed
@ Y sizs, =[>" Puxfi = Poy et Py vy
iev* i€A jeA
) YV |ViSVAY sizs],
eV - Z Py * fi — Z Py; * (c+ Py, *vj)
ieB jeB
Y valuei) > Y valuei). ) ' /€
iev. fyr =) valugi) — ) valug(j) <O.
i€eA JjEB

Intuitively V* is the least valuable subset\ivhose total

size is at leass. Thus, theGeneral Opt algorithm replaces a set of data
times which can minimize the total access cosil

Theorem 1. The General_Opt algorithm replaces the set of

items that minimize the total access cost Based on the generalized value function, we can derive
specific value function for a specific metric. For example,

Proof. Suppose is the set that th&eneral Optalgorithm suppose we want to minimize the query delgy,will be

found. B is an arbitrary set whose total si2e;_p si >s. the delay to fetch item after the query is generated;is

A B is assumed to be an empty $etotherwise, we can  the delay to validate the cached item;is the delay to get

remove the intersecting elements since their values are equathe updated item from the server after cache validation.

under both algorithms. According to the algorithm We can also derived other specific value functions such as
minimizing the downlink traffic as shown in Sectién

> valugi)< ) valugj).

icA jEB
LetC = V—A— B. Letd denote the data item to be brought
into the cache. Le€ost(C) andCost(d) denote the cost of

accessindC andd, respectively. After replacing from the
cache, the cost of accessiAgnot in cache) is

4. Implementation issues

In the General Opt algorithm, the optimization problem
defined by Eq. %) is essentially the 0/1 knapsack problem,
which is known to bé\P-hard Although there is no optimal
Z Py * f; solution to the problem, when the data size is relatively small
icA compared to the cache sif#3], we can use heuristics to
obtain sub-optimal solutions. The heuristic we will use is:

throw out the cached data iteinwith the minimum%

Z Py; * (¢ + Py; *vj). value until the free cache space is sufficient to accommodate
jeB the incoming data.

and the cost of accessii(still in cache) is

Thus the total access cost after replackig o
4.1. Parameter estimation

Ta=)_ Pu*fi+ Y Pa*(c+ Py *v))

— ~ In the actual implementatiory;, v;, P, andP,, are usu-
ie je

ally not constant. We have to estimate these parameters ac-
+ Cost(C) + Cost(d). curately to capture the temporal locality of data access. In
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the following, we provide techniques to estimate the value be described in the following section.) For data items in the
of these parameters. heap, this can guarantee that the value ofdHeast valu-

We use the exponential aging method, which has beenable items will be recalculated. Most likely, the items to be
adopted in TCH20] to estimate the round trip delay, to es- replaced will be among them because their values are rela-
timate f; andv;. It combines both the history data and the tively small. Simulation results (Fi@® (a)) verifies that =
current observed value to estimate the parameters. When-3 can provide satisfying performance and the computational
ever an access or validation is completgdandv; are re- overhead is very small.
calculated as following:

fi= ok MW (1— o) % inIdv 4.2. Cache insertion and removal

vi =k "W (1— o) % Ulpld' A priority queue is neede_d so that the data item with the
leastvalugi)/s; can be quickly found and removed. We
P, and P,, can be derived frona; andu;. SinceP,, is implement the priority queue based on a heap. With heap,

proportional toa;, P, can be replaced by; directly. Let remove and insert operations can be performediog N),

T, be the time of access arfy, be the time of invalidation.  whereN is the total number of cached items. Due to data
Since we assume the data accesses and updates follow Poigccess and parameter re-evaluation, the key value of the data
son distribution, the probability that the cache invalidation item within the heap maybe changed, and its position should

happens before the next data acceg§24$: be changed to reflect its current value. A pointer is used to
record its position in the heap. In case of a value change,
P, = Pr(Tu, <T,) the item can be found through this pointerdr(l) time and

O(log N) time is needed to adjust its position.

Ta; —u; T, Ui
@ley;e=iTui 4T, dT,, = T
a; u;

So, the value function of Eq.1) can be replaced by the
following:

4.3. The client management algorithm

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

value(i):ai*<f,~—c— i >x<v,~>. 3)

ai +u;
. ) i 5. Performance evaluations
We cannot simply use the above aging technique to es-

timatea; andu; since the access rate and the update rate
should still be “aged” in the absence of access to a data item.
We apply similar techniques used by Shim et{ 48] to es-
timateq; andu;. This method usekK most recent samples

In this section, we evaluate the performance of the pro-
posed 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;

to estimates; andu; as follows whereas the second is to minimize the downlink traffic.
— K 4
“=T_ T, (K) ) 5.1. The simulation model
up = K (5) In the simulation, a single server maintains a collection
T —T,(K) of n data items and a number of clients access these data

whereT is the current imeT,, (K) andT,, (K) are the time items. The UIR cache invalidation model is adopted for data
iy dissemination.

of the Kth most recent accesses and updates If less than
K samples are available, all the available samples are used.
Shim et al.[18] showed thak can be as small as 2 or 3 to
achieve the best performance. Thus, the spatial overhead o
storing recent accesses and updates is relatively small.
One concern about implementing the algorithm is the
computational overhead. Eqd) @nd &) imply that the value
for each item in the cache needs to be recalculated wheneve
a cache replacement is necessary. This computational over-
head it very high. To reduce the computational overhead, we
propose the following approximation method. Whenever a
cache replacement is necessary, instead of recalculating the 1
value of every data item, we only recalculate the values of Pa; 07
the first 2 — 1 items in the heap (The heap structure will k=

5.1.1. The client model

f The client query model is similar to what have been used
in our previous studief8,25]. Each client generates a sin-
gle stream of read-only queries. The mean query generate
time for each client igquery. The access pattern follovigspf
fistribution [26], which has been frequently usgsl12] to
model non-uniform distribution. In the Zipf distribution, the
access probability of theth (1<i <n) data item is repre-
sented as follows
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updates;
if i is valid in the cachthen

listeninvalidationreport();

returm from the cache;
else
go to step (B);
else
go to step (B);

(B) When there is a cache miss for item

listen-invalidationreport();
geti from the broadcast channel;

update datiain the cache;
adjust the position ofin the heap;

else ifthere is enough free spaben

else
while there is not enough spade

inserti into the cache and the heap;

(C) listen_invalidation_report()
listen to the IR or UIR from the server;

update the mean update tafe

(A) When a client generates a query for data item

wait for the validation report, UIR or IR;

if i was not updated in the last cache invalidatien
adjust the position ioin the heap;

send out a request and wait for the next IR;

if i is already in the cactieen //data was updated at the server

insert itenn into the cache and the heap;
/I remove the item with the leaalue/svalue

remove the top item from the heap and clear the related data from the cache;

for any itemi that has been updated since last invalidation report

change the cached item to be invalidsfin cache.

Fig. 2. The client cache management algorithm.

where 0< 0 < 1. When0 = 1, itis the strict Zipf distribution.
When6 = 0, it becomes the uniform distribution. Large
results in more “skewed” access distribution.

Similar to [2], we partition the data items into disjoint
regions ofRegionSizétems each. The access possibility of
any item within a region follows uniform distribution. The
Zipf distribution is applied to these regions.

5.1.2. The server model

ses[12,13]showed that small data items are accessed more
frequently than large items; while a recent web trace anal-
ysis[6] showed that the correlation between data item size
and access frequency is weak and can be ignored.

The server generates a single stream of updates separated
by an exponentially distributed update interarrival time with
mean value offypdate 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

The server broadcasts cache invalidation information (IR distributed, where 80% of the updates are applied to the hot
and UIR) periodically. If the server receives requests from data subset. In the experiment, we assume that the server
clients, it serves the requests during the next IR interval on aprocessing time is negligible, and the broadcast bandwidth

FCFS (first-come-first-service) basis. There mdata items
at the server side. The data size varies froan t0 smax
which follows the following two types of distributions:

e Random The distribution of the data size falls randomly
betweensmin andsmax-

e Increase The size §;) of the data itemi] grows linearly
asi increases; i.es; = smin + (i — 1) % “maxgmn,

is fully utilized for broadcasting IR and UIR, and serving
clients’ data requests. Most of the system parameters are
listed in Tablel. The second column lists the default values
of these parameters. In the simulation, we may change the
parameters to study the impact of these parameters, and the
ranges of these parameters are listed in the third column.
Experiments are run using different workloads and sys-
tem settings. The performance analysis presented here is de-

The combination of data size distribution and Zipf ac- signed to compare the effects of different workload parame-
cess pattern defines the joint distribution of access frequencyters such as mean update arrival time, mean query generate
and data size. The choices of the data size distributions aretime, and system parameters such as cache size and Zipf pa-
based on previously published trace analyses. Some analyfameterf on the performance of our and other algorithms.
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Table 1 RU -
Simulation parameters and their default values 14 | LRU-MIN —--------
Parameter Default value Range & OPT (ge:ta:Z)—— —
Database sizenj 3000 items g 12l 8E$ Edgég;i;,f,,,
Region size 50 items 3 OPT (IDL) ---0-
Number of clients 100 22
Smin 0.5k ZF 10}
Smax 20k )
Mean update timeTypdatd 100s 10-10000s o
Hot update prob. 0.8 g 8
Hot subset percentage 0.2 %
Broadcast intervall() 20s 6l
Broadcast window ) 10 interval
Broadcast bandwidth 144 kb .
Relative cache size 10% of total 1-50% 4 — ' y Ny
database size 0 5 10 15 20 25 30 35 40 45 50
Mean query generate tim&query) 100s 30-300s (@) Cache size (% of total database size)
Zipf distribution parametef) 0.9 0-1
" LRU ——
14 1 LRU-MIN - ]
i i i - — OPT_delay -
Since the client caches are only partially full at the initial 0 OPT_traffic @
stage, the effectiveness of the different algorithms may not ~ § 12| OPT_delay (IDL) ---=--- 1
be truly reflected. In order to get a better understanding of &
the true performance for each algorithm, we collect the result Z 10
data only after the system becomes stable, which is defined 3
as the time when the client caches are full. For each workload % gl
parameter (e.g., the mean update arrival time, or the mean @
query generate time), the mean value of the measured datais <
obtained by collecting a large number of samples such that
the confidence interval is reasonably small. In most cases, e
the 95% confidence interval for the measured data is less 0 5 10 15 20 25 30 35 40 45
than 10% of the sample mean. (b) Cache size (% of total database size)
5.2. The evaluated algorithms Fig. 3. The average query delay as a function of the cache size: (a)

Increase; (b) Random.
Four cache replacement algorithms are compared in our

simulations.
e LRU: Keep removing the item that was used the least query is generated;is the delay to validate the cached item;
recently until there is enough space in the cache. v; is the delay to get the updated itéritom the server after

e LRU-MIN [1]: Suppose the incoming data sizeSsand cache validation.
there is not enough space in the cache. The algorithm Inthe simulation results, we show the average query delay
finds the list of items in the cache with size at least S and as a function of different factors such as cache size, mean
remove the least recently used items from the list. If the query generate time, etc. The average query delay is the total
list is empty, the algorithm finds the list of items with size query delay divided by the number of queries.
at leastS/2 and keep removing items in the list according

to the LRU order. Similarly, if more space is needed, try 53 1. The average delay under different cache size

the items of size at least/4. This algorithm is shown to Fig. 3 shows the average query delay as a function of the

perform very well when the data size is different. cache size. The total database size is fixed. We change the
e OPT. This is our algorithm. It keeps removing the ittm ye|ative cache size from 1% of total database size to 50% of

with leastvalue(i)/s; value where the value function is  tota| database size to study the effect of cache size on the

defined by Eq.3). _ _ average delay.

e OPT (IDL). We also simulate an ideal case, where the ¢ stydy the effect of, we compare the simulation results
access rate and the update rate are knovmpi'sori. This of OPT when¢ is 2, 3 and 5 in Fig3(a). As described in
defines an upper bound for our algorithm. Section4.1, for § is 2, 3 or 5, our algorithm will recalculate

the value of the first 3, 7 or 31 items, respectively, in the

5.3. Simulation results: minimizing the query delay heap. It is obvious that our algorithm with biggérwill

get better performance at the cost of more computational
Suppose our target is to minimize the query delay. As overhead. As shown in Fig(a), OPT ¢ = 3) has similar
shown in Eqg. 8), f; is the delay to fetch iten after the performance to OPTé(= 5). The computational overhead
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of OPT (0 = 3) is about 34 less. This shows that satisfying ' T IRU ——
performance can be achieved with smalvalue such as
3. Therefore, in the following of the paper, we will choose
0 = 3, and refer the OPTd(= 3) algorithm as OPT.

In Fig. 3 (b), we also include the average delay of the
algorithm (discussed in Secti@n4) whose target is to min-
imize the downlink traffic. Here, this algorithm is denoted
as OPT _traffic. As we have derived two algorithms for two
different metrics: the delay and the downlink traffic, we i
want to cross-compare each algorithm under the other algo- 8 f&= B S-S —-
rithm'’s target metric. Fig3(b) shows that the performance
of OPT _traffic is not as good as OPT when the performance
metric is delay. See Secti@.1for further discussion about
the cross-comparison.

The “Increase” distribution favors small data items. A .

. . . LRU ——
large number of data items can still be saved in the cache 14 + LRU-MIN - 1
even when the cache size is small. As a result, the cache OPT -xos
hit-ratio is higher and the query delay is lower. This can be
verified by Fig.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 out-
perform LRU and LRU-MIN. For the “Random” size distri-
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bution (Fig.3(b)), OPT (IDL) can outperform LRU by 28% 6

when the relative cache size is 10% and 33% when the rela-

tive cache size is 30%. Although OPT is not as good as OPT 4 . :

(IDL), its average query delay is still 21% less than that of 10 100 1000 10000
LRU and 17% less than that of LRU-MIN when the relative (®) Mean update arrival time (seconds)

ize i 0
cache Slze“ is 10%. ey . Fig. 4. The average query delay as a function of the mean update time
For the “Increase” distribution, there are correlation be- rival time: (a) Increase; (b) Random.

tween access rate and data size. Thus, the algorithms that
consider data size will have better performance than those
that do not. For example, in Fi@ (a), the difference be- the client has to request the data from the server. If the
tween LRU and other algorithms is much larger than that in client cannot process the generated query due to waiting for
Fig. 3 (b). the server reply, it queues the generated queries. Since the
broadcast bandwidth is fixed, the server can only transmit a
limited 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
4, our algorithms are much better than LRU and LRU-MIN. the server receives more que_ries than it can broadcast during
each IR interval, many queries may not be served, and the

For example, in Fig4(b), when the update arrival time is uerv delav mav be out of bound. As we can see from Ei
10, the average query delay of OPT is 18% less than thatg th?e/ delay of Cy)PT and OPT (IDL) is much less than thagt.
of the LRU-MIN algorithm. When the update arrival time Y

is in the range of 1000-1000s, the performance of OPT of LRU and LRU-MIN. This is due to the reason that OPT

is about 16% better than that of LRU-MIN. Of course, OPT and OPT (IDL) use the cache space more effectively and

(IDL) performances better. On average, itis about 25% better :]heenggnllr)]eer scfar(i/ifrilzsljsesmlifefh(ic)set)rgec:\fear\r:vﬁglltr?g;cbe d ’tﬁgd
than LRU-MIN. Similar results can be found in Fig(a). ! y Y

clients’ requests.

For the “Increase” distribution, the average delay is much
5.3.3. The average delay under different query generate less than the “Random” distribution for the same reason
time mentioned in Sectiob.3.1 As Tyueryincreases, the average

Fig. 5 shows the average query delay as a function of query delay decreases since less queries are generated and
Tquery- As explained before, each client generates queriesthe server can serve the queries more quickly. As shown in
according to the mean query generate time. The generatedrig. 5(a), the average delay increases slightly wiggery
queries are served one by one. If the queried data is in theis larger than 150 s. This is because the chance that cached
local cache, the client can serve the query locally; otherwise, items are invalid increases @geryincreases. As mentioned

5.3.2. The average delay under different update arrival time
The mean update arrival timdidad determines how
frequently the server updates its data items. As shown in Fig.
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Fig. 5. The average query delay as a function of the mean query generate
time: (a) Increase; (b) Random. Fig. 6. The average query delay as a function of Zipf param@tea)
Increase; (b) Random.

before, the average query delay is the total delay divided

by the number of queries. Thus, the average query delaytribution since more items can be cached in the “Increase”
increases aqueryis larger than 150 s. The same trend exists distribution.

in the OPT of Fig.5(b) although it is less obvious. The As shown in Fig.6, OPT and OPT (IDL) constantly out-
reason is as following. There are two conflicting factors that perform LRU and LRU-MIN. In Fig6(a), on average, OPT
affect the average query delay whéRgery increases: (1)  outperforms LRU by 22% and outperforms LRU-MIN by
the server receives less number of requests and the averag#l%. In Figureg(b), on average, OPT outperforms LRU by
query delay tends to decrease. (2) the chance of a cached.8% and outperforms LRU-MIN by 12%.

item being invalid increases, and the average query delay

tends to increase. In the “Random” distribution, the server 5 4 simulation results: minimizing the downlink traffic
receives more requests than in the “Increase” distribution.

When Tquery increase, the effect of the first factor is bigger  The downlink bandwidth determines the amount of data
than that of the second factor. As a result, the increasing {ha the server can broadcast in one IR interval. If we reduce
trend in Fig.5 (b) is less obvious or does not exist. the downlink traffic, the server can handle more requests,
and hence, the server can serve more clients or clients can
5.3.4. The average delay under different access pat®rn ( make more requests. In order to minimize the downlink traf-
The Zipf parametet) determines the “skewness” of the fic, we change the generalized value function to meet this
access distribution. Figh shows the effect of the access pat- specific requirement as followg; will be all the downlink
tern on the system performance. Whks 0, the “Random” bandwidth needed to fetch itento cachec is the down-
and “Increase” distribution almost generate the same result.link bandwidth needed for cache invalidation, ands the
This is because the access is uniform and the size of datadownlink bandwidth needed to download the data.
items does not matter. Asgrows, the average delay of the Similar to Sectiorb.3, we compare the performances of
“Increase” distribution drops faster than the “Random” dis- four algorithms, LRU, LRU-MIN, OPT and OPT (IDL). Due
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Fig. 7. The average downlink traffic as a function of the cache size.

to space limitation, we only show the results of the “Ran-
dom” distribution due to the similarity between the “Ran-
dom?” distribution and the “Increase” distribution. The per-
formance is measured by the average downlink traffic, which
is the overall downlink traffic divided by the number of
queries.

5.4.1. The average downlink traffic under different cache
sizes

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

Fig. 7 shows that our algorithm always 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.

5.4.2. The average downlink traffic under different update
arrival time

Fig. 8 shows the average downlink bandwidth as a func-
tion of the update arrival tim&,pqate The trend here is sim-
ilar to that in Fig.4. Compared to LRU or LRU-MIN, OPT
(IDL) can reduce the downlink traffic by 2.3k per query
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5.4.3. The average downlink traffic under different query
generate time

Fig. 9 shows the relationship between the downlink traffic
and the query generate tinfguery. AS can be seen, the av-
erage downlink traffic increases whegery increases. This
can be explained by the following two reasons: (1) when
Tquery increases, the possibility that a cached item is inval-
idated increases; (2) whefyuery decreases, 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 the same IR interval, the server only broadcasts the
data item once. As less broadcasting data is shared, the av-
erage downlink traffic increases. Not surprisingly, OPT out-

(29%) on average, whereas the OPT algorithm can reduceperforms LRU and LRU-MIN while OPT (IDL) always per-

the download traffic by about 1.8k per query (22%).

forms the best.
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