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ABSTRACT

In a wireless communication environment, on-demand broad-
casting is an attractive information delivery method, while
data caching is an important technique used to improve
system performance. However, most of the wireless data
caching techniques in the literature were designed for push-
based broadcast systems. Due to variable item sizes, data
updates and frequent client disconnections, the design of
client cache management in an on-demand broadcast system
becomes a challenge. In this paper, we propose an efficient
gain-based cache replacement policy, SAIU, for on-demand
broadcasts. In SAIU, the influence of data size, data re-
trieval delay, access probability and update frequency is con-
sidered together. Simulation-based performance evaluation
shows that the proposed policy substantially outperforms
the existing strategies.

1. INTRODUCTION

With continuous deployment of satellites and cellular sys-
tems, mobile computing and communications are becoming
an important part of our life. Broadcast-based information
dissemination, for its capability to scale up to an arbitrary
number of users, has become a hot research topic in the
academia [2, 19]. However, these periodic, push-based, wire-
less data broadcasts usually are not tailored to a particular
user’s need. Thus, a user’s need may have to be sacrificed
to satisfy the needs of the majority. Further, push-based
broadcasts are not scalable to the database size and react
slowly to workload changes. To alleviate these problems,
many recent research studies on wireless data dissemination
(e.g-, [3, 5, 10, 17]) have proposed to use the systems that
support both of broadcast and on-demand services. Thus,
in this paper, we call the systems that support and utilize
both of broadcast and on-demand services the wireless on-
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demand broadcast systems.

A wireless on-demand broadcast system supports both
of broadcast and on-demand services through a broadcast
channel and a low-bandwidth uplink channel. Users send
on-demand requests through the uplink to the server. In
response, the server disseminates the requested data to the
clients through the shared broadcast channel. The issue of
on-demand broadcast scheduling in the context of wireless
on-demand broadcast systems has been extensively studied
in the past few years [3, 5, 7, 17]. However, wireless data
caching, as an important technique used to improve system
performance [2, 6, 11], has not been exploited in this con-
text. This paper investigates the issue of cache replacement
for wireless on-demand broadcasts.

Cache replacement policies for delay sensitive objects with
variable sizes have been investigated in the recent years [1,
4, 14, 16]. However, these studies addressed the cache man-
agement issue specific to web proxy caching or query result
caching in a data warehousing environment.

Cache replacement policies for the wireless broadcast en-
vironment were studied only in push-based broadcasts [2,
13, 18]. Furthermore, these previous studies are based on
unrealistic assumptions, such as fixed data sizes, no updates,
and no disconnections. In real life applications, data usu-
ally have different sizes. For example, the document size
on the web generally ranges from several kilo-bytes to sev-
eral mega-bytes. Some information, such as road traffic and
stock prices, may constantly change over time. Also, mobile
clients may frequently go to disconnected states voluntarily
(to save power) or due to failure. These factors make the
design of client cache management a challenge in wireless
on-demand broadcasts.

In this paper, an efficient gain-based cache replacement
policy, SAIU, is proposed for wireless on-demand broad-
casts. In SAIU, the influence of data item size, data re-
trieval delay, data access probability and update frequency
is considered, and a gain function which integrates these fac-
tors together is developed. To evaluate the performance of
the proposed cache replacement policy, a series of simula-
tion experiments is conducted to compare SAIU with other
traditional cache replacement policies, i.e., LRU and LRU-
MIN [1]. The simulation results show that the proposed
policy SAIU substantially outperforms the existing policies.

Our work differs from the previous work mainly in two
aspects: 1) cache replacement is studied in the context of on-
demand broadcasts; 2) restrictions on data size, data update
and disconnection, made in most of the previous work, were
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relieved to make the proposed scheme practical and realistic.
To facilitate our study, we make the following assumptions
in this paper: data are updated only at the server-side; and
strong data consistency is required by mobile clients.

The rest of this paper is organized as follows. Section 2
describes the performance metrics used in this study and
introduces several existing techniques related to the cache
management in on-demand broadcasts. The cache replace-
ment policy, SAIU, and its implementation issues are de-
scribed in Section 3. Section 4 introduces the simulation
model for performance evaluation. The simulation results
are presented in Section 5. Finally, Section 6 concludes the

paper.

2. BACKGROUND

Before the study for cache replacement management can
be carried out, the related important issues, such as perfor-
mance metrics, broadcast schedule, and invalidation propa-
gation, should be addressed first. In the following, we give
a brief background on the above mentioned issues and de-
scribe the metrics and techniques adopted in our study.

2.1 PerformanceMetrics

In the traditional cache management, cached items are
pages or blocks, which are assumed to have the same size.
Further, cache miss penalties for all the cached items are
the same. Thus, the cache hit ratio metric is consistent
with the access latency metric, i.e., the higher the hit ratio,
the shorter the overall access latency. Cache hit ratio is
often used to measure the effectiveness of cache replacement
policies in the traditional cache management.

For cached items with different sizes, obviously cache hit
ratio is no longer a reliable performance metric. In the pre-
vious work of web proxy caching, byte hit ratio, which is the
ratio of the total number of bytes hit to the total number of
bytes requested, has been introduced to evaluate the cache
performance. In an on-demand broadcast system, however,
due to the data broadcast scheduling, cache miss penalties
vary for different data items. Thus, byte hit ratio cannot re-
flect the overall system performance either. As a result, two
metrics can be used to evaluate the performance of cache
management:

e Access latency: the elapsed time when a request is
submitted to the time when the request is serviced.

e Stretch [3]: the ratio of the access latency of a request
to its service time, where service time is defined as
the ratio of the requested item’s size to the broadcast
bandwidth.

Access latency alone is not a fair performance measure,
since it does not count the difference in data size/service
time. Generally, for a smaller item, which has a shorter
service time, shorter access latency is expected by clients.
Therefore, compared with access latency, stretch is a more
reasonable performance metric for items with variable sizes.
Thus, we employ stretch as the major metric in this study.

2.2 SchedulingAlgorithms

Typically, a caching technique is effective in reducing ac-
cess latency and improving data availability. Data caching
may also have a great impact on broadcast schedules, be-
cause it reduces client access requests to the server and thus
changes the clients’ access patterns. On the other hand,
caching strategies are also affected by broadcast scheduling
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algorithms, because different scheduling algorithms may re-
sult in different data retrieval delays (i.e. cache miss penal-
ties) for the same data request. Thus, it is mandated to con-
sider broadcast schedule in the design of a caching scheme.

The broadcast scheduling algorithm is vital to the sys-
tem performance in on-demand broadcasts. As pointed out
in [5], a good on-line scheduling algorithm should balance in-
dividual and overall performance and can scale well to data
set size, client population, and broadcast bandwidth. To
this end, several efficient on-demand broadcast scheduling
algorithms, such as Longest Wait First (LWF), Longest To-
tal Stretch First (LTSF) and RzW, have been proposed in
the literature [3, 5, 19]. In our simulation study, LTSF is
employed as the scheduling algorithm for on-demand broad-
casts, since it shows good performance when client data
caching is not considered [3]. In LTSF, the data item with
the largest total current stretches is chosen for next broad-
cast, where the current stretch of a pending request is the
ratio of the time the request has been in the system to its
service time.

2.3 Invalidation Propagation

To maintain cache consistency, periodically propagating
invalidation report (hereafter denoted as IR) is an efficient
method for notifying mobile clients of recent data updates
at the server [6, 12]. An IR consists of the server’s updat-
ing history up to w broadcast intervals. Every active client
listens to the broadcast channel for IR and invalidates its
cache content accordingly. Under a strong data consistency
requirement, a mobile client has to obtain an effective IR
from the broadcast channel to do validation checking before
answering a query from its local cache.

Among the various IR-based cache invalidation approaches,
adaptive cache invalidation algorithms work well under var-
ious system workloads [9]. In adaptive cache invalidation al-
gorithms, the updating history window w and content orga-
nization of the next IR are dynamically decided based on the
system workload. In the simulation, we employ the adap-
tive invalidation report with adjusting window (AAW_AT)
scheme for cache invalidation, because it demonstrates su-
perior performance over other algorithms [9].

3. CACHE REPLACEMENT ALGORITHM

Cache replacement is an important issue to be tackled for
cache management in an on-demand broadcast system. In
the traditional cache management methods, access proba-
bility is the primary factor used to determine a cache re-
placement policy. In an on-demand broadcast environment,
however, three additional factors, namely data retrieval de-
lay', data update frequency and data item size, need to be
considered in the design of cache replacement policies. In
the following, we first provide a design guideline for cache re-
placement policies based on some of our observations. Then,
we introduce a gain-based cache replacement policy, SAIU.
Finally, we address some of the implementation issues.

3.1 DesignGuideline

Before introducing the proposed cache replacement policy,
we first discuss the intuitive observations we made:

Tn this paper, the data retrieval delay is referred to as the
data access latency through the on-demand broadcast ser-
vice for a cache miss. In other words, the data retrieval
delay is the cache miss penalty for a data item.



Observation 1: For two cached data items with the same
data size, retrieval delay, and update frequency, the one with
the lower access probability should be chosen for replace-
ment.
Observation 2: For two cached data items with the same
data size, access probability, and update frequency, the one
with the lower miss penalty (i.e., shorter data retrieval de-
lay) should be chosen for replacement.
Observation 3: For two data items with the same size,
the same retrieval delay and the same access probability,
the one with a higher update frequency should be chosen
for replacement.
Observation 4: For two data items with different data sizes
but the same retrieval delay, access probability, and update
frequency, the one with larger data size should be chosen
for replacement. The reason is two-fold: i) the larger data
item has a longer service time, thus a lower miss penalty in
terms of stretch; ii) if the larger data item is removed, the
cache can accommodate more data items and satisfy more
access requests. Consequently, cache hit ratio and hence the
overall access latency could be improved.

Based on the above observations, we provide a design
guideline for cache replacement policies:

Design Guidance: A cache replacement policy should choose

the data items with low access probability, short retrieval de-
lay, high update frequency and large data size for replace-
ment.

3.2 The SAIU ReplacementPolicy

In this subsection, we propose a gain-based cache replace-
ment policy, namely Stretch - Access-rate - Inverse Update-
frequency (SAIU), for on-demand broadcasts. To facilitate
the discussion, we define the following notations:

e D: number of data items in the database.

e L;: data retrieval delay on the broadcast channel for
itemd¢, ¢=1,...,D.

A;%: access rate for data item ¢, =1,...,D.

U;: update frequency for data item 4, =1,... , D.
s;: size for data item ¢, 4 =1,...,D.

B: bandwidth of the broadcast channel.

S;: stretch on the broadcast channel for item 7, S; =

Li , _
Si/B,z_l,... ,D.

Following the design guideline proposed in the last sub-
section, we define a gain function for each item 1:

L;-A;

o 1
gaini) = 22 ®

If we multiply Equation (1) by the broadcast bandwidth
(which is a constant B), it becomes gain(i) = SL/’BAZ, =

S;-A; . .
=£20 Thus we call it SAIU. The proposed policy SAIU

works as follows. To find space for the kth accessed data
item, the algorithm removes the cached data item ¢ with
the minimum gain(i) value until the free space is sufficient
to accommodate the incoming item.

3.3 Implementation Issues

In this subsection, we address three critical implementa-
tion issues, namely heap management, estimate of running
parameters, and maintenance of cached item attributes.

2Note that A; is for one client only.
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3.3.1 Heap Management

A (binary) min-heap data structure is used to implement
the SAIU policy. The key field for the heap is the gain(7)
value for each cached data item i. When the events of cache
replacement occur, the root item of the heap is deleted. This
operation is repeated until sufficient space is obtained for the
incoming data item. Let N denote the number of cached
items and M the victim set size. Every deletion operation
has a complexity of O(logN). An insertion operation also
has a O(logN) complexity. Thus, the time complexity for
every cache replacement operation is O(MlogN). In addi-
tion, when an item’s gain value is updated, its position in
the heap needs to be adjusted. The time complexity for
every adjustment operation is O(logN). The practical com-
plexity of SAIU is further investigated by simulation in Sec-
tion 5.5.

3.3.2 Estimate of Running Parameters

Several parameters are involved in computation of the
gain(i) function. Among these parameters, s; can be ob-
tained when item 4 arrives. In most cases, U;, L;, and Aj;,
are not available to the clients. Thus, we need to employ
some estimate methods to obtain these data.

A well-known exponential aging method is used to esti-
mate Uj, L;, and A; [16]. Initially, U; and L; are set to 0.
When a new update on item ¢ arrives, U; is updated accord-
ing to the following formula:

Ui = au/(t° — ) + (1 - au) - Ui (2)

where t° is the current time, t}* is the timestamp of the last
update on item 3, and a, is a factor to weight the importance
of the most recent update with that of the past updates. The
larger the a,,, the more important the recent updates.

Similarly, when a query for item 7 is answered by the
server, L; is re-evaluated as follows:

Li=as (=t + (1 —as)- L

3)

where t?* is the query time and « is a weight factor for the
running L; estimate.

U; and L;, estimated at the server-side, are piggybacked
to the clients when data item i is delivered; t.“ is also piggy-
backed so that the client can continue to update U; based on
the received IRs. The client caches the data item as well as
its U;, ti* and L; values. The maintenance of these param-
eters (along with some other parameters) will be discussed
in the next subsection.

Different clients may have different access patterns, while
some of their data accesses are answered by cache. It is
difficult for the server to know the real access pattern for
each client. Consequently, access arrival rate A; is estimated
at the client-side. The following method is used to estimate
A;. When a query for item 1 is issued by a client, if there is
no information about item ¢ maintained in the cache, A; is
set to 0 and ¢* is set to the current time; otherwise, A4; is
updated using the following formula:

Ai = aa/(t° =) + (1 — ) - A (4)

where ¢/ is the timestamp of the last access to item 3, ay is
a constant factor used to weight the most recent access for
the running access frequency estimate.

3.3.3 Maintenance of Cached |Item Attributes



To realize the SAIU policy, a total of six parameters,
namely s;, U, t1%, L;, A;, and i, are needed for each cached
data item. Thus, we refer them as the cached item attributes
(or simply call them attributes). To obtain these attributes
efficiently, one may store the attributes for all data items in
the client cache. Obviously, this strategy does not scale up
to the database size. In the other extreme, one may retain
the attributes only for the cached data items. However, this
will cause the so-called ”starvation” problem, as observed
in [14, 16], which states that a newly cached data item 3
could be selected as the first few candidates for replacement
since it has only incomplete information®. If the cached
item attributes are evicted from the cache together with the
data item 7, then upon re-accessing item %, these attributes
must be collected again from scratch. Consequently, item
is likely to be evicted again.

Similar to [14], we employ a heuristic to maintain the
cached item attributes. The attributes for the currently
cached data items are kept in the cache. Let GAINn
be the minimum gain value for the currently cached data
items. For those data items that are not cached, we only re-
tain the attributes for an item j whose gain(j) is larger than
GAINy,n. This heuristic is adaptive to the cache size. If
the cache size is large, it can accommodate more data items
and hence a relatively small GAIN,;, value. As a result,
attributes for more data items can be retained in the cache.
On the other hand, if the cache size is small, less data items
are contained and the GAIN,,, value is relatively large,
thus less attributes are kept.

4. SIMULATION MODEL

This section describes the simulation model used for per-
formance evaluation. The simulation model is implemented
using CSIM [15]. A single cell environment is considered.
The model consists of a single server and NumClient clients®,
where the clients continuously query data items from the
server and the server continuously broadcasts data items to
the clients based on the on-demand requests.

The default system parameter settings are given in Ta-
ble 1. The database is a collection of DbSize data items and
is partitioned into disjointed regions, each with RgnSize
items. Data items have sizes varying from smin t0 Smaz. The
following two types of size distributions are considered [8]:

¢ Increasing Distribution (INCRT): size; = Smin +
(=U(smaz —smin+l) -1 . DbSize.

DbSize
e Decreasing Distribution (DECRT): size; = Smac—

(=1 (8maz—8min+1) ; _ .
it i =1,...,DbSize.

Combined with the skewed access pattern, INCRT and
DECRT represent clients’ favor of frequently querying smaller
items and larger items, respectively (see details in Section
4.1). The broadcast channel has a bandwidth of BcastBW.
The average delay for uplink request messages is very small.
Furthermore, compared with the broadcast access latency,
the setup time of an uplink request message is negligible.
Similar to the previous work [3, 5], we do not consider the
setup time and service time for uplink messages in the sim-
ulation. IRs are broadcast periodically on the broadcast
channel with an interval of BcastInt.

31t may incorrectly produce a relatively smaller gain value.

“Bach client could be further treated as an aggregate of
clients with lower access rates.
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[ Parameter | Setting | Meaning |
NumClient 100 # of clients in a cell
DbSize 2,000 items | # of items in database
RgnSize 20 items # of items per db region
Smin 2 KB Minimum data item size
Smaz 2,000 KB Maximum data item size
BcastBW 1,000 Kbps | Broadcast bandwidth
BcastInt 2.0s IR broadcast interval
ConMsgSize | 64 bytes Control msg. size in IR

Table 1: Default System Parameter Settings

Parameter | Setting | Meaning |

ThinkTime | 10 s Mean think time

P 0.1 Disconnection probability
CacheRatio | 5% Ratio of cache size to db size
ParaSize 4 bytes | Size of cached parameter
DiscTime 200 s Mean disconnection time

[ 0.95 Zipf distribution parameter

Table 2: Default Client Parameter Settings

4.1 Client Model

Each client is simulated by a process and runs a contin-
uous loop that generates a stream of queries. After the
current query is finished, the client waits for a period of
ThinkTime and then makes the next query request. The
model assumes, when a client is in the thinking state, it
has a probability of p to enter the disconnected state every
IR broadcast interval. The time that a client is in a dis-
connected state follows an exponential distribution with a
mean of DiscTime. Each client has a cache of CacheSize,
which is a CacheRatio ratio of DbSize. Cache size is defined
as CacheSize = W x DbSize x CacheRatio. In
order to maintain fairness to different caching schemes, the
CacheSize parameter includes both the space needed for
storing item attributes and the space available for storing
data. Each cached parameter occupies ParaSize bytes.

The client access pattern follows a Zipf distribution (with
parameter 6) [20]. The data items are sorted such that
the item 0 is the most frequently accessed, and the item
DbSize — 1 is the least frequently accessed. In other words,
with an INCRT sized setting the clients access the smallest
item most frequently, while with a DECRT sized setting the
clients access the largest item most frequently. Zipf dis-
tributions are frequently used to model non-uniform access
patterns. The probability of accessing any item within a
database region is uniform and the Zipf distribution is ap-
plied to these regions. Table 2 summarizes the default client
parameter settings.

4.2 Sewer Model

| Parameter | Setting | Meaning |
UpdateTime 100 s Update inter-arrive time
U-Cold/U-Hot | 80/20 Cold/Hot update pattern

Table 3: Default Server Parameter Settings
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The server is modeled by a single process. Table 3 gives
the server parameter settings. The clients’ requests are
buffered at the server, if necessary, and an infinite queue
buffer is assumed. After broadcasting the current item, the
server chooses an outstanding request from the buffer as the
next candidate, according to the scheduling algorithm used.
Overheads of scheduling and request processing at the server
are not considered in the model.

Data updates are generated by the server process with an
exponentially distributed update inter-arrival time with a
mean of UpdateTime. A Cold/Hot update pattern is as-
sumed in the simulation model. Specifically, the uniform
distribution is applied to all the database regions. Within
a region, U-Cold% of the updates are for the first U-Hot%
items and U-Hot% of the updates are for the rest. For ex-
ample, we assume in our experiments that, within a region,
80% of the updates occur on the first 20% data items (i.e.,
update-hot items) and 20% of the updates occur on the rest
80% of data items (i.e., update-cold items).

5. PERFORMANCE EVALUATION

This section explores the performance of the proposed
cache replacement policy by simulation. The primary per-
formance metric employed in this study is average stretch.
Average access latency and byte hit ratio are also provided
to show some system performance wherever appropriate.
Broadcast unit, which is defined as the ratio of the minimum
item size to the broadcast bandwidth, is used to measure ac-
cess latencies. In the experiment, we employ AAW_AT [9]
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to propagate invalidation information and use LT'SF [3] for
on-demand broadcast scheduling.

The results are obtained when the system is in a stable
state, i.e., for each client at least 5000 queries after its cache
is full, so that the warm-up effects of the client cache and
the broadcast channel are eliminated. For the exponential
aging estimate method, we set oy = as = a,, = 0.25 [2, 16].
Unless it is mentioned explicitly, the broadcast bandwidth
is fully utilized.

As stated before, several factors determine the overall
cache performance in a wireless on-demand broadcast sys-
tem. Changing the cache size, broadcast bandwidth, item
size ratio and update rate can have different impacts on the
performance. In what follows, we first evaluate the robust-
ness of the proposed cache replacement policy under various
workloads. Then, we analyze the time complexity for the
SAIU policy. The LRU and LRU-MIN [1] policies are also
included for comparisons in the experiments. Due to space
limitation, we show only part of the experimental results.

5.1 Experiment#1: Impact of the CacheSize

In this subsection, we vary the cache size to investigate the
performance of the cache replacement schemes. The simula-
tion results are shown in Figure 1 through Figure 4. To es-
timate data retrieval delays, access and update frequencies,
SAIU(EST) uses the exponential aging method (Equations
(2), (3) and (4)). SAIU(IDL) is assumed to have perfect
knowledge about data access and update frequencies.

As shown in Figure 1 and Figure 2, the SAIU outper-
forms the LRU and LRU-MIN policies significantly in terms



of stretch. Specifically, in an INCRT sized setting (Fig-
ure 1), the average improvement of SAIU over LRU and
LRU-MIN is 35.5% and 31.1%, respectively; in a DECRT
sized setting (Figure 2), the average improvement of SAIU
over LRU and LRU-MIN is 12.1%. The improvement for
INCRT is greater than that for DECRT. This is mainly
because SAIU can cache more frequently accessed items in
the former setting, whereas SAIU has to balance between
caching more items and caching more frequently accessed
items in the latter setting. Furthermore, in the latter set-
ting, when the cache size is less than 2% of the database
size (see Figure 2), SAIU does not improve the performance
much since the cache can accommodate only several data
items.

The performance of access latency and cache byte hit ra-
tio for an INCRT sized setting is shown in Figure 3 and
Figure 4, respectively. We can see that SAIU also performs
much better than LRU and LRU-MIN in terms of these two
metrics. Similar results are obtained for a DECRT sized
setting.

Due to estimation of the running parameters, in most
cases, the performance of SAIU(EST) is slightly worse than
that of SAIU(IDL), but they are very close. Similar results
are observed for other parameter settings. In the subsequent
subsections, we plot SAIU(EST) only to improve clarity of
the figures.

5.2 Experiment #2: Impact of the Broadcast
Bandwidth

As pointed out in Section 3, cache replacement policies
should take data retrieval delay into consideration. In this
subsection, the cache replacement algorithms are evaluated
under various bandwidth. The average stretches for INCRT
and DECRT are shown in Figure 5 and Figure 6, respec-
tively. Similar curves are obtained for the access latency
performance. We do not plot them due to space limitation.

As the bandwidth increases, the performance for all the
strategies becomes better, as expected. When the band-
width is increased from 200 Kbps to 1500 Kbps, the improve-
ment of SAIU over LRU becomes greater (from 32.0% to
33.8% for INCRT and from 10.8% to 15.7% for DECRT).
This implies that SAIU can utilize the bandwidth more effec-
tively. When the bandwidth reaches 2000 Kbps, for INCRT
the improvement of SAIU over LRU is only 10.8%. This
could be explained as follows. In this case, it is observed that
the broadcast channel is under a light utilization. Therefore,
the data retrieval latency and hence the stretch (i.e., cache
miss penalty) is very small. On the other hand, for a cache
hit, under a strong data consistency assumption, a client has
to retrieve an effective IR before answering a query locally.
Because we fix the IR broadcast interval (i.e. 2 seconds) in
all the experiments, in this case the waiting time for an IR
becomes significant for a cache hit. This becomes more sig-
nificant in terms of stretch since SAIU favors smaller data
items for caching. As a result, SAIU, though with a much
higher hit ratio®, cannot achieve a greater improvement over
LRU and LRU-MIN on the overall stretch and access latency
performance in this case.

5.3 Experiment #3: Influence of the Item Size
Ratio

5To save space, the cache hit ratio performance is not shown
here.
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Item size is another important parameter in the SAIU
policy. This subsection investigates the sensitivity of this
algorithm to the ratio of the maximum item size to the
minimum item size (Figure 7 and Figure 8). In the ex-
periments, we fix the maximum item size to 2,000 KB and
vary the minimum item size from 2,000 KB to 0.2 KB, i.e.,
the size ratio is varied from 1 to 10000. In order to make a
fair comparison, when the minimum item size is decreased,
the cache size is shrunk accordingly, following the formula:
CacheSize = W x DbSize x CacheRatio.

From Figure 7 and Figure 8, we can see that SAIU adapts
well to various item size ratios. SAIU, in all cases, improves
the stretch performance substantially over LRU and LRU-
MIN. Notice that as the size ratio increases, the stretch
performance for all strategies decreases first and increases
again for INCRT, whereas it almost remains unchanged
for DECRT. The reason is as follows. In an INCRT sized
setting, the larger the size ratio, the smaller the frequently
accessed items. Therefore, as the size ratio increases from
1 to 100, the access latency improves tremendously, and
thus a better stretch is achieved. However, after the size
ratio reaches to some value (1000 in the experiment), the
access latency cannot improve much, hence due to much
smaller service times, the stretch begins to degrade again.
In a DECRT sized setting, since clients access largest items
more frequently, the above phenomenon cannot be observed.
Consequently, its stretch performance is almost the same.
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5.4 Experiment #4: Influence of the Update
Frequency

The influence of data update frequency is investigated in
this subsection. Figure 9 and Figure 10 show the stretch
performance when the update inter-arrival time is varied
from 1 second to 1000 seconds. The curves obtained for the
access latency performance have similar trends.

From Figure 9 and Figure 10, we can see that SAIU im-
proves the stretch performance greatly in all cases and shows
good adaptiveness for various update frequencies. In an IN-
CRT'sized setting, as the update inter-arrival time increases,
the stretches for all the strategies become slightly worse.
SAIU degrades more greatly (29.5%) than LRU(7.9%) and
LRU-MIN(15.4%). This implies, from another angle, that
SAIU is a more effective cache policy, since the more effec-
tive a cache policy, the more influence of data updates on the
cache performance. We do not observe similar phenomenon
in a DECRT sized setting. This is because for DECRT only
a few data items can be accommodated in the client cache,
and hence data updates hardly affect the cache performance.

5.5 Experiment #5: Algorithm Complexity

The previous results have shown that SAIU has a much
better overall system performance than LRU and LRU-
MIN. This subsection studies the time complexity of replace-
ment operations for the SAIU algorithm by simulation. The
LRU algorithm is included as a yardstick. Recall that a heap
structure is used to implement SAIU (Section 3.3). LRU is
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implemented also with a heap structure in the simulation®.
As can be seen, the time complexity during replacement
consists of two parts: the removal of the victims and the
insertion of the incoming item. The time complexity for the
average case and the worst case is measured in terms of the
number of the item nodes that are visited in the heap during
every replacement.

As shown in Figure 11, the algorithm complexity for INCRT
is higher than that for DECRT in both LRU and SAIU.
This is because in an INCRT sized setting more small data
items are preferentially kept in the cache, thus the heap size
is much larger than that for DECRT, which leads to a worse
complexity. From Figure 11, it is also interesting to find that
for both INCRT and DECRT the SAIU policy has a slightly
better average complexity than the LRU policy. The reason
is that SAIU chooses relatively large items for replacement,
thus a smaller victim set and hence a better complexity is
observed.

6. CONCLUSION

In this paper, we have investigated the cache replacement
issue in wireless on-demand broadcasts. An efficient cache
replacement policy, SAIU, was proposed. Different from the
previous work, SAIU considered a real life application en-
vironment, and was developed by taking into consideration
various factors that affect cache management, such as data

A linked list implementation of LRU will result in signifi-
cant complexity for item insertion operations, thus not em-
ployed here.



120+

100

o OLRU (INCRT)

801 W SAIU (INCRT)

ol @LRU (DECRT)
ESAIU (DECRT)

401

20

Complexity (nodes visited)

=}

Worst Case

Average Case

Figure 11: Comparison of Algorithm Complexity

item size, retrieval delay, access probability, and update fre-
quency.

We conducted a series of simulation experiments to evalu-
ate the performance of SAIU. The results demonstrated that
the SAIU performs substantially better than the well known
LRU and LRU-MIN policies under various workloads, espe-
cially for clients which favor access to comparatively smaller
items. Through the analysis in Section 5.5, it is not diffi-
cult to see that the time complexity of SAIU, O(MlogN),
is reasonable. Therefore, it is concluded that the SAIU re-
placement policy could be for practical use in on-demand
broadcasts.

In a further study, we are incorporating the factor of cache
validation delay in the design of an optimal caching policy

under the strong data consistency requirement.

We plan

to conduct simulations for clients with heterogeneous access
patterns and to extend the cache replacement policy to a
cache admission policy for client disk caching. Prefetching
techniques can be combined into the current scheme. Since
data caching and broadcast scheduling affect each other,
we shall investigate scheduling algorithms which co-operate
with client cache management schemes to achieve better per-

formance.

Furthermore, the proposed cache replacement

policy, SAIU, could be easily extended to apply to other
remote caching environments. Studies for the application of
SAIU to push-based broadcasts and web proxies would be
an interesting topic.
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