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SUMMARY  The efficient distribution of stored information
has become a major concern in the Internet. Since the web work-
load characteristics show that more than 60% of network traf-
fic is caused by image documents, how to efficiently distribute
image documents from servers to end clients is an important is-
sue. Proxy cache is an efficient solution to reduce network traffic.
And it has been shown that an image caching method (Grace-
ful Caching) based on hierarchical coding format performs better
than conventional caching schemes in recent years. However, as
the capacity of the cache is limited, how to efficiently allocate
the cache memory to achieve a minimum expected delay time
is still a problem to be resolved. This paper presents an in-
tegrated caching algorithm to deal with the above problem for
image databases, web browsers, proxies and other similar applica-
tions in the Internet. By analyzing the web request distribution of
the Graceful Caching, both replacing and pre-fetching algorithms
are proposed. We also show that our proposal can be carried out
based on information readily available in the proxy server; it flex-
ibly adapts its parameters to the hit rates and access pattern of
users’ requesting documents in the Graceful Caching. Finally we
verify the performance of this algorithm by simulations.

key words: graceful caching, hierarchical image coding,content
delivery network, web performance, caching algorithm

1. Introduction

As the scale and use of the Internet increase, Web con-
tent providers find that it is difficult to serve all users
with low response time, especially in the face of high
loads. In recent years, how to set up contents distribu-
tion networks to efficiently distribute stored informa-
tion has become a major concern in the Internet [21]-
[23].

Since the web workload characteristics shows that
almost 67% of network traffic is caused by image docu-
ments [7], how to efficiently distribute image documents
from servers to end clients is a very critical issue. Proxy
caches are commonly introduced between servers and
clients to reduce data traffic and improve response time
in the Internet, because data is cached temporarily in
the proxy cache and utilized many times. However, the
current system employs a “hard” caching strategy: an
image is either stored in a cache or not.
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Hierarchical coding is playing an important role in
overcoming this problem. Hierarchical image format
has been widely used since the first hierarchical coding
method was proposed [1]. Many other kinds of hierar-
chical formats were also designed such as pyramids [2],
wavelets [3] and subband coding [4].

A caching scheme called Graceful Caching [5], in
which a variable amount of memory is assigned to
each image by using hierarchical coding format, has
been proposed. This hierarchical image caching system
has been shown to achieve substantial performance im-
provement [6].

As the cache capacity is limited, an important re-
search issue is how to efficiently allocate cache memory.
This so-called caching algorithm has attracted much
research. However, most of the current available algo-
rithms are for the conventional (hard) caching schemes.
How to determine which images and which layers in
the images should be cached and replaced is not men-
tioned. Also, most of the common algorithms merely
concern themselves with how to remove the object from
the cache. They show little consideration for how to
fetch the object from the server to the cache.

In this paper, we therefore present an integrated
caching algorithm for this Graceful Caching (soft cache)
system.

We firstly carry out a theoretical analysis of the
web access of the Graceful Caching. Based on this an-
alytical result, we then propose an integrated caching
algorithm in which both replacing and pre-fetching al-
gorithms are considered. In our algorithm the object
causing the low miss hit ratio will be removed from
the cache and the one whose request probability is high
will be pre-fetched from the server. We show that the
necessary parameters in our proposed algorithm can be
obtained from the information readily available in the
proxy cache. Through simulations, we check the per-
formance of our proposal when the related parameters
are changed, and find that our proposal can efficiently
improve the hit ratio and user response time against
the previous algorithms.

This paper is organized as follows. In Sect. 2, we
give an overview of the Graceful Caching. In Sect. 3, we
introduce works related to the caching algorithm. In
Sect. 4, we analyze web access of the Graceful caching
and obtain the related results. Section 5 presents our
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proposed algorithm. Simulation results are given in
Sect. 6 and conclusions are shown in Sect. 7.

2. Overview of the Graceful Caching

Proxy caching has been one of the most important
means of distributing web contents from servers to end
clients. By keeping local copies of documents requested
by clients and returning them locally to further requests
for the same documents, proxy caching can reduce the
amount of traffic and user response time.

Web proxy workload characteristics show that a
large percentage of network traffic is caused by image
documents. So it is important to efficiently cache image
data.

Conventional cache management can be considered
as “hard” caching because the object is either cached
or not cached irrespective of data size.

To overcome this problem, we proposed a soft and
flexible caching method, called Graceful Caching. In
the Graceful Caching, we assume that a progressive im-
age format is used and a low resolution version of the
original image can be kept in the cache. By doing this,
variable amounts of cache memory can be assigned to
each image according to clients’ demand.

The key idea of the Graceful Caching is firstly pro-
posed for image database systems [5], and then it is
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expanded to a proxy cache system [6], [13].

Figure 1 illustrates a simple architecture of the
Graceful Caching. Clients request image data from one
of the center databases (server) via a sub-node (proxy
cache). If the sub-database cached the required data,
clients don’t need to access the center server directly.
The Graceful Caching utilizes hierarchical property of
images to efficiently use the memory in the sub-node.
Figure 2 shows an example of a graceful oblivion and
recollection process in the image of pyramidal struc-
ture. The size of image cached in the sub-node is re-
duced each time when a given period of time for this
data has elapsed (graceful oblivion). If the user is not
satisfied with the resolution of the image in the sub-
database, the lacking data are replenished from the cen-
ter database (recollection).

Previous researches [6],[7],[13] proved that the
Graceful Caching could provide substantial per-
formance improvement compared with conventional
caching schemes, i.e. hard caching. The advantage of
this approach is that, in many cases, users will not need
to download full resolution images from the server if
an acceptable quality of image is retrieved. Further-
more, more images can be kept in the cache for user’s
re-utilization by using hierarchical image format.

3. Related Work to Caching Algorithms

How to efficiently allocate the cache memory to achieve
optimal performance is, however, still an issue to be
resolved. Because cache memory is limited compared
with the capacity of the server, only a small part of all
objects in the server can be kept in the cache. How to
assign cache memory to different images according to
clients’ demands plays a very important role in cache
performance [9].

The most commonly used algorithm, LRU (Least
Recently Used), removes the least recently used one
among the objects present in the cache. However, re-
searches showed that one of the main weaknesses of this
LRU is that the cache would be flooded by objects ref-
erenced only once, flushing out documents with higher
probability of being reused.

In a related study, an algorithm called OPT-SOFT
has been proposed especially for the Graceful Caching
[8]. In this algorithm, access probability of every layer
of every image is calculated according to its past access
frequency. The layer of one image whose access prob-
ability is the lowest will be removed from the cache.
One weakness of this algorithm is that it needs to cal-
culate access frequency of all images, which will cause
a huge computation load. On the other hand, since the
access pattern of clients is dynamic, access probability
that is calculated from the past record can’t reflect cur-
rent access behavior of clients very well. For example,
objects with high reference counts that were popular
before may not be necessarily popular now. Just like



SU et al.: INTEGRATED PRE-FETCHING AND REPLACING ALGORITHM FOR GRACEFUL IMAGE CACHING

a LFU (Least Frequency Used) algorithm, it prevents
“dead” documents with high reference counts from be-
ing purged.

An algorithm called TTL-LRU has also been pro-
posed [13]. In this algorithm, both access frequency
and access interval are considered to assign an index to
each layer of every image. In the TTL-LRU algorithm,
the cache firstly compares the indices of the lowest layer
(biggest size layer) of every object, then, removes the
layer that has the smallest index value. However, a
parameter « in the index, which significantly affects
system performance, is not easily determined.

On the other hand, all of the above algorithms only
concern how to remove objects from the cache. We
call them “simple replacing” algorithms because they
show little consideration of how to fetch objects from
the server into the cache. Several recent studies sug-
gest that prefetching techniques could be employed to
further improve the cache performance, i.e. to antici-
pate and prefetch future client requests in an efficient
manner [10], [16]-[19].

In this paper, we propose an integrated caching al-
gorithm for the Graceful Caching system in which both
replacing and pre-fetching will be considered based on
theoretical analysis of the web access of the Graceful
Caching.

4. Theoretical Analysis

This section is divided into two parts: in the first part,
we will analyze web request distribution in the Graceful
Caching and calculate theoretical request probability.
In the second part, we will carry out a theoretical anal-
ysis of the access manner of the Graceful Caching and
derive the relation between the consecutive requests for
the same image.

4.1 'Web Request Probability in the Graceful Caching

We define the probability space on a set of N images
with L layers, by introducing parameters Q={ A, B, P}
as follows:

A={a; ;; the j-th layer of image i },

i={1,---,N}, j={1,---,L },

B:{bi,j ={ai1,0:2, -, a’i,j}}a

P:B — [0,1]

Here, B is a Borel field, the family of partial
subsets of A which is strictly regulated by Progres-
sive JPEG encoding format [14]. For example, the
user can’t request for the (j + 1)-th layer of one im-
age unless he has got the j-th layer before. P is the
probability measure that maps B into a [0,1] value,
P(b=b;;) = P(i,)).

We can obtain a web request probability for the
j-th layer of image ¢ by the following equation:
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m=0 g

where the proof of this equation is given in Appendix A.
Here, 2, a are parameters of Zipf distribution, and r;
is the ranking of the image ¢. dj ; means a probability
that a user will request the next layer ((j+ 1)-th) after
getting the j-th layer. Note that j = 0 means that a
user has no layer of the requested image yet, and we
can know that dio = 1 (if a user has no layer of the
image he will request the first layer when he begins to
request this image). k means the number of layers in
the cache; when a user begins to request an image, there
are k layers of that image stored in the cache at that
time. We will explain dj, ; in detail in the next part.

4.2 Analysis of d; ;

Firstly, the access mechanism of the Graceful Caching
will be introduced. When a user requests an image,
all of the available layers stored in the cache will be
automatically sent to the user in a gradual manner.

If the user is not satisfied with the quality of the
received layers stored in the cache, he can click the
‘reload” button. All of the rest data of the original
image will then be loaded from the server.

Secondly, we will make an analysis about dy ;. We
define D = [dy, ;] as the Greedy Degree of the j-th layer,
which means a probability that a user requests the next
layer ((j41)-th) after getting the j-th layer, when there
are k layers of image 7 stored in the cache. Since dj, ;=0
(when a user has already got all of the L layers, he will
not request more layers), we can know k is a variable
from 0 to L and j is a variable from 0 to L — 1.

After this analysis, we can obtain the Greedy De-
gree by the following equation:

_ e (G=k)
dk,]{ 1k (J#k) 2)

k-:{()’...’L},j:{0’...7[/_1}

where the detailed analysis of Eq. (2) is provided in Ap-
pendix B.

In Appendix B, we also prove that, if the origi-
nal image is divided into 4 layers (L = 4) as a simple
scenario, a following matrix can be defined.

D1 P1 1 1
D= [dk,j} = DQ = 1 P2 1
Dy 1 1 ps (3)

k:{132a3}a]:{132a3}

where d4’j=1, do}jzl, and dk70:1.
An analysis of D; will be shown as an example:
If there is only k& = 1 layer in the cache and a user
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has already got it, the probability that he will not be
satisfied with the current quality and will request more
layers is given by p;. If he requests more layers, all of
the remaining layers will be sent to him. He will get the
data layer by layer. So the probability that he gets the
third (fourth) layer after having got the second (third)
layer is 1. That is to say: Dy =[p1, 1, 1].

From Eq.(3), we can find that we only need to
calculate three parameters (pi, ps, p3) if images are
divided into four layers in total.

5. Proposed Algorithm

In this section, the proposed integrated caching algo-
rithm will be introduced. Our proposed algorithm con-
sists of two parts. One is a replacing algorithm pre-
sented in Sect. 5.1. Another is a pre-fetching algorithm
presented in Sect.5.3. How to get the related parame-
ters from information local to the cache will be intro-
duced in Sect.5.2. An issue about how to predict the
related parameters will be discussed in Sect. 5.4.

5.1 Replacing Algorithm

Before we decide to remove a certain layer of one image
to make room for a new coming object, we will calcu-
late the request probability of this layer. If its request
probability is high, which means a miss hit will be likely
to happen after this layer is removed, we will not purge
this layer from the cache.

Assume that k layers of image 7 are in the cache
now, if we select the k-th of image 7 to be removed, we
can know that the total number of layers of image ¢ in
the cache will be k—1. So the Greedy Degree in Eq. (1)
should be di_1,m-

From Eq. (1) we can obtain the probability that a
client requests the removed layer (k-th):

k—1
Q- H dkfl,m
P(ik) = —m=2 (4)

(6%
L

From Eq. (2) we know:
(m=k—-1)

d — Pr—1
k=t 1 (mAk—1)

By substituting Eq. (2-A) into Eq. (4), we obtain,

(2-A)

P(i k) = % (5)

As a result, the question is simplified to calculate the
index as the Eq. (5) for the objects in the cache. The
data whose index is the lowest (the probability of miss
hit is the lowest) will be first to be removed from the
cache.
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5.2 How to Get the Necessary Parameters from Local
Cache Information

In Eq. (5), Q, a are parameters of Zipf distribution. As
a result, as long as we get px_; and r; (image ranking),
the probability that a miss hit will happen if we remove
one object can be calculated.

Here we introduce a way to calculate py_1, which
reflects the client’s Greedy Degree, directly from the
local cache information.

We assume that t_send(k) is the times that a cache
sends the top k layers to a user when there are only k
layers currently cached in the cache. t_miss(k) is the
times that a user goes on to request more layers after
receiving the top k layers from the cache. Then, we can
get:

Pr = % (k=17)
dy; = (6)
1 (k#7)

As the cache itself has to calculate the hit ratio in order
to evaluate cache performance, this method can directly
achieve py from the local cache information (miss hit
ratio) when cache sends all stored layers (1 ~ k) to the
user.

r; in Eq. (5) could be and is generally calculated
according to the access record (reference counts) in a
past period. As the access pattern is dynamic, objects
with large reference counts in the past are not always
as popular as before. For example, if an image was
requested many times in the past, it would be kept
in the cache for a long time because of its high index
value no matter whether it is still popular or not. This
kind of object is called a ‘dead’ file in the LFU (Least
Frequently Used) algorithm and is believed to waste
cache capacity.

Therefore, to grasp the current popularity of the
objects, we apply an auto-regressive (AR) model to pre-
dict future access counts of the images from their past
records. The goal is to estimate Y;(t+7) from image i’s
measured access history {Y;(s)|s € (t — g7, 1)}, if given
7 as the prediction interval. ¢ is the order, i.e. the
number of previous records to be used for prediction.
Parameters ¢; and 0 are determined by the AR model,
respectively. Rankings of the images are determined by
sorting the image in descending order with respect to
the predicted access counts calculated by Eq. (7). For
example, the ranking of the image with the maximum
value of the predicted access counts takes 1.

A q
Yi(t+7) = ¢:Yi(t —j7) +0 (7)

Jj=0

5.3 Pre-Fetching Algorithm

It has been proved that most web requests to a server
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are for a very small set of objects [12],[15]. Recent
studies suggest that prefetching those objects can fur-
ther increase cache hit ratio as long as future client
requests are tactfully anticipated. As the AR model is
applied into our system, when a prediction interval is
over we can consider the contents in the cache could
also be adjusted at the same time. Here we will com-
pare the access probability of the objects in the cache
and objects in the server. If an object in the server,
which has not been cached yet, has a higher probabil-
ity than some object in the cache, it will be pre-fetched
to the cache.

For images ¢ with the predicted ranking r;, we as-
sume there are k layers in the cache now. Based on
Eq. (2), we can derive:

Pk

There are two kinds of access probability for this image.
One is for the cached data:

j—1
Q- 11 dim
P(i,j) = —"———

«
T

(k=7)
0<j<k—1Uk+1<j<L-1)

- Sas<iskh @

Another is for the non-cached data still in the server.

-1
Q- I dim
- m=0 Q-p .
P(i,j)=—""2——=—F(k+1<j <L) (9)

The cache system can then compare the access proba-
bility of all parts of all images. An access probability
threshold can be decided according to the cache capac-
ity. If the access probability of one object in the cache
is lower than this threshold, it will be removed from the
cache. On the other hand, if the access probability of
one object in the server is higher than this threshold,
it will be pre-fetched from the server.

5.4 How Many Resources Should be Predicted

As there are numerous images in the server, it is unreal-
istic to predict all images’ access frequency. Moreover,
since references to images accessed only once account
for a large fraction, it is not necessary to predict these
once-accessed images in every prediction interval.

Previous researches showed that the distribution
of web requests from a fixed group of users follows a
zipf distribution. It has been proved that most web
requests to a server are for a very small set of objects,
for example top 10% [10]. Because of this property, it
is enough to predict the aforementioned set of images.

We assume that image i’s access frequency in last
prediction period is Y;(7),

o If Y;(7) > Threshold, an AR model is applied to
predict its future access in the coming period.
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o If Y;(7) < Threshold, the object’s access count is
counted according to the LFU algorithm, in which
the image’s index is counted and increased by real
access within this period, instead of predicting its
future access frequency.

Threshold is a value of the image of which ranking is
Top 10 or others.

One obvious question is whether there is a case
that an image that was not popular before becomes very
popular within the current period? Since this image
was not in the popular set of images in the last period,
there is no prediction value for it. Could the system
efficiently handle this situation?

Here, we will give an explanation. As this kind
of image’s index is counted according to the LFU, its
index will be increased by unity after every access. If
it is accessed many times in one period, its index will
become high and it will be retained in the cache for
a long time for re-utilization. Moreover, because of
the frequent access in this period, this image could be
added into the popular set (prediction set) when the
next prediction period begins.

Overall, we think that our proposal is an integrated
one in which both pre-fetching and replacing algorithms
could be carried out. The pre-fetching algorithm fo-
cuses on how to fetch contents from the server into the
cache. The replacing algorithm emphasizes how to re-
place contents in the cache to make room for new com-
ing objects. The related parameters of the algorithms
can be obtained on the basis of statistical data collected
from the cache.

6. Evaluation of Algorithms
6.1 Simulation Conditions

We assume that there are 5000 different images in the
server. Images are supposed to be accessed according
to Zipf frequency distributions [11],[12]. The Zipf pa-
rameter « is 0.8.

Here we set the threshold of prediction to 20%,
which means the Top 20 most popular images’ access
frequency will be predicted.

The original images will be encoded into a hierar-
chical image format with four layers. The picture size of
different layers is proportional to 5:13:22:59 according
to the Progressive JPEG format, in which the fourth
layer has the largest size. Cache size is 5% of the total
size of all images in the server.

Since the original image is divided into 4 layers,
from Eq. (3) we find that we only need to calculate three
parameters (p1, pa, p3) to get the information of Greedy
Degree. As for the values of py (k=1,2,3), they are
firstly evaluated by using a group of real data as shown
in [20]. The results for the more general case, where
(pk) is variable from 0.0 to 1.0, will be reported later in
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the simulation section. We then experimentally com-
pare the performance of four caching algorithms: LRU,
OPT-SOFT, TTLLRU and the proposed algorithm as
follows.

6.2 Simulation Results

As we have discussed in Sect. 5.1, the index of our al-
gorithm in Eq. (5) is mainly determined by two param-
eters, px, and r;. In this section, simulation results
will be given. We will evaluate the performance of our
proposal with respect to these parameters. The first
simulation will show the system performance related to
r; (access patterns). The second simulation will show
the system performance related to py (Greedy Degree).

6.2.1 Simulation: Effect of Access Patterns

In this section we analyze the performance of the algo-
rithm with different access patterns (r;). In this simu-
lation, two extreme access situations are evaluated.

In one case, an access pattern is static, where the
image ranking is not changed at all during the simula-
tion.

In the other case, an access pattern is intensively
changed temporarily in order to investigate the robust-
ness of every algorithm under dynamic access pattern
changes. We assume that the simulation time is 30
days and the ranking of all images is changed about
5% within every 8 days.

Figure 3 shows the hit ratio when different algo-
rithms are used under the static access pattern. As the
proposed algorithm consists of a pair of algorithms, the
replacing algorithm and pre-fetching algorithm, the re-
placing algorithm is firstly carried out and we find that
it achieves higher hit ratio than any of the other con-
ventional algorithms in Fig. 3. Then, we go on to carry
out the pre-fetching algorithm. Its result is shown as
Proposal (Replacing 4+ Pre-fetching) and the hit ratio
proved to be further increased. Not only OPT-SOFT
but also TTL-LRU and the proposed algorithm outper-
form the commonly used algorithm, LRU. OPT-SOFT
and TTL-LRU provide a modest improvement while

0.5
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—A—TTLLRU
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0 5 10 15 20 25 30
Simulation Days

Fig.3 Hit ratio under static access pattern.
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the proposed algorithm achieves the best result.

Next, we also evaluate their performances when
the clients’ access pattern is intensively changed. From
Fig. 4 we can see that the proposed algorithm is much
better than the others, although its performance drops
slightly compared with the result under the static ac-
cess pattern. However, OPT-SOFT drops most among
the four algorithms. The reason is that the access fre-
quency in the last period is used to decide images’ pri-
orities. Furthermore, it can not reflect the current im-
age popularity. Although LRU showed poor results in
Fig. 3, its performance is very stable under the dynamic
access pattern. This is because it always keeps the most
recently used image in the cache. Performance of TTL-
LRU is close to LRU as shown in Fig.4. The proposed
algorithm works well under the dynamic access pattern,
too. This is because, on one hand, prediction of pop-
ular images can prevent the replacing algorithm from
removing current popular objects from the cache. On
the other hand, pre-fetching can also help the cache to
keep user’s favorite images in the cache. In Fig. 4 the re-
placing algorithm can increase the hit ratio about 5.4%
compared with LRU. By carrying out the pre-fetching
algorithm as the second step, the hit ratio can be fur-
ther increased about 3.8%.

From Fig.3 and Fig.4, we can find that our pro-
posed algorithm is the best and the most adaptive one
since it achieves the best results under both of the two
extreme access patterns.

Figure 5 and Fig. 6 compare relative response time
with respect to the commonly used algorithm, LRU.
After considering the development of recent network
access, we first assume that the bandwidth between
clients and a proxy is 100 Mbps and the bandwidth be-
tween servers and a proxy is 10 Mbps. Figure 5 shows
the improvements after carrying out the replacing al-
gorithm and prefetching algorithm in succesion. It can
be found that the proposed algorithm including replac-
ing and pre-fetching has the shortest relative response
time under a static access pattern. It can reduce the
response time up to 19%, which is almost 6% more than
the reduction that OPT-SOFT has achieved.

Figure 6 shows the results when the clients’ ac-
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Fig.4 Hit ratio under dynamic access pattern.
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cess pattern is intensively changed. The replacing al-
gorithm can reduce response time about 11% compared
with LRU. After carrying out both replacing and pre-
fetching algorithm the response time can be reduced
up to 18%. Compared with the results in Fig.5, our
proposed algorithm is the most stable one since its per-
formance under the different access patterns doesn’t
change very much either. Note that the other algo-
rithms’ performances drop drastically when the pop-
ularity ranking of images is changed. The results in
Fig. 3-Fig. 6 also verify that the algorithm that gets a
high hit ratio also obtains a shorter response time.

In Sect. 5.4 we have discussed that it is not neces-
sary to predict the access counts for all images because
web access web follows a Zipf distribution. In the sim-
ulation in Fig. 3-Fig. 6, only top 20% popular images’
access frequency was predicted.

In Fig.7 we will test the performance of our in-
tegrated proposal including both replacing and pre-
fetching when the predicted percentage is changed from
0.0 to 1.0. Form Fig.7 we can find the hit ratio is rela-
tively low when the predicted percentage is lower than
10%. And the performance becomes stable after pre-
dicting top 20% popular images.

The reason can be found from web access distri-
bution. According to Zipf distribution, most of the
requests are for a very small set of objects. Top 20% of
the images account for about 70% of all requests seen
by the cache, and top 50% of the images account for
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Fig.7 Performance of the proposal vs. predicted percentage.

85% of all requests [12]. When more than top 20% im-
ages’ access counts are predicted, the cache can know
that most of all requests are to the cached images with
high probability. That is to say: the access pattern is
almost predicted. As a result, the performance becomes
stable. The result in Fig.7 proves the conclusion that
only predicting part of popular images’ access count is
enough for predicting the access pattern of web access.

6.2.2 Simulation: Effect of Greedy Degree

In this section we compare performances of the algo-
rithms with respect to px. In Sect.6.2.1, user’s Greedy
Degree was simulated according to the data investi-
gated by [20]. Here we show the effects of variables
(pk) which is changed from 0.0 to 1.0. As the origi-
nal images are encoded into a hierarchical format with
four layers, px (k=1,2,3), will be tested. As for the
other simulation conditions, they are the same as in
Sect. 6.2.1.

Since LRU and TTL-LRU got better result in
Fig. 4 and their performances are very close, we will
only compare performances between our integrated pro-
posal including both replacing and pre-fetching and the
LRU algorithm in order to show the proposed one’s im-
provement over the conventional method.

We firstly test the situation when ps and p3 are
variables. From Fig.8 we can know the relative im-
provement over LRU is from 1.2 to 1.4, which means
that the proposed one achieves much improvement in
cache performance.

Also notice that the improvement is better when
p3 is small. The reason is that, under this situation, the
proposed algorithm intends to remove the big size layer
first from the cache because it knows that users don’t
always request more layers of one image. Therefore,
more cache room can be provided for the new com-
ing objects. However, since the LRU only removes the
least recently accessed object irrespective of its size, its
performance is not affected by px. So, the relative hit
ratio under this situation becomes higher in the pro-
posed algorithm. Although the performance with high
p3 value is not as good as before, we find that the pro-
posed algorithm still gives good performance (around
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120%).

Figure 9 is the relative hit ratio when ps is fixed.
The result is similar to Fig.8. The relative improve-
ment over the LRU stays in an area from 1.2 to 1.4.

Figure 10 is the relative hit ratio when p3 is fixed.
The result in Fig. 10 is flatter than the above two cases.
When p; (p2) changes it means that the probabilities
that a user requests the second layer (third layer) is
changed. Because the data sizes of the second layer
and the third layer are not as large as the last layer,
varying parameters don’t affect system performance to
the same extent as before.

Overall, we can conclude that our proposed algo-
rithm has the best performance among the four algo-
rithms investigated no mater how the relative parame-
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ters change.
7. Conclusion

In this paper, we provided a theoretical analysis of the
web access behavior of the Graceful Caching. Based
on the analysis, we proposed an integrated caching al-
gorithm in which both cache replacing and image pre-
fetching were carried out according to a mathematical
scheme. We also showed the way to obtain the nec-
essary parameters for the proposed algorithm from the
readily available information in the cache. We quantita-
tively evaluated our proposal when the related param-
eters were changed, and compared our proposal with
other existing ones. The results showed that the pro-
posed algorithm outperforms all of the previous ones.
Both cache hit ratio and user response time have been
efficiently improved.

As an increasing number of streaming media ob-
jects are being distributed over the Internet, caching
and distributing streaming media in Content Delivery
Networks by using layered encoded method will be con-
sidered as an extension of our work in the future.
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Appendix A: Web Access Analysis

Here we assumed the first layer has the smallest size
and the lowest resolution. P; ; is the probability that a
user requests for the j-th layer of image 1.

We define a parameter, called Greedy Degree
(di,j), which means the probability that a user re-
quests for the next layer ((j + 1)-th) after retrieving
the j-th layer. k& means that, when a user begins
to request an image, there are k layers of that im-
age stored in the cache. Using these parameters, we
can get the conditional probability b; ;11 given b; ;:
P(bij+11bij) = dp,;j.

According to the decoding constraint of the layered
encoded image, the (j+1)-th layer can’t be provided to
the user before he has already got the j-th layer. That
is:

P(bij+1|B\{bi;}) =0
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Since (B\{b;,;}) is the complement of ({b;;}), we get:

P(bij1) = P(i,j+1)

= P(bij11[bij) x P(bi;)

+ P(bijv1| (B\{bi;})) x P(B\{bi;})
= dk,j X P(bzyj) +0 x P(B\{bzyj})
=dg,; X P(bij) = dk,j x P(i, )

Since P(b; j4+1) = di,j - P(b; j), we can get:

Jj—1
P(bi,j) = H dk,m : P(bi,l)
m=0

According to a Zip’f distribution, the probability that
the image i is requested is as follows:

Q
Pbi1)=—

«
T

where €2, a are parameters of Zipf distribution, and r; is
the ranking of the image i. We can get the probability
that a request happens for the j-th layer of image ¢ by

j—1
Jj—1 Q H dk,m

Pbij) =[] denP(bin) = %
m=0 g

Appendix B: Analysis of d; ;

We define D = [d, ;] as the Greedy Degree of the j-th
layer, which means the probability that a user requests
the (j + 1)-th layer after getting the j-th layer when
there are k layers of image 4 stored in the cache. Since
di,r, = 0 (means that, because a user has already got
all of the L layers, he will not request more layers), we
can get k ={0,---,L}, j={1,---,L—1}.

We know dr, ; = 1 (since all of the layers are in the
cache, at the time of k = L, a user can get all of the
layers from the cache. This corresponds to the fact that
a user keeps on requesting one layer after another.),
dy ; =1 (since there is no layer of the image available,
at the time of k = 0, a cache will fetch all of the layers
from the server to the user, that makes the user get
data layer by layer later.) and dj o = 1 (if a user has no
layer of the image, he will request the first layer when
he begins to request this image). As a result we are
only interested in the situation in which k is a variable
from 1 to L — 1 and j is a variable from 1 to L — 1. As
for D = [dkvj] (k={0,---,L -1}, j={1,---, L —1}),
we can calculate:



2762
D,
D,
D = [dy;] = -
Dy,
L Dr—1 |
P1 1 1
1 P2 1
1 Pk 1 .
. . . 1 . 1
L 1 . . . 1 pr—1 |
Proof:

We assume that there are k layers of the image
stored in the cache when a user begins to send a request
for that image. Since its k layers are available in the
cache, all of the data from the first layer to the k-th
layer will be sent automatically as soon as he requests
the image. As a result, the user can get those layers
no matter whether he designedly requests these data
or not. So we can conclude: dy ;=1(j = [1, -,k —1]).
If the user is not satisfied with the current quality, the
probability that he wants to reload more is dj ;= pk.
(j = k). Since the rest of data from the (k + 1)-layer to
the last layer will be reloaded and sent to the user at
the same time, we can get dj, ;=1(j = [k+1,---,L—1]).

Finally, we obtain the greedy degree by

e (G=k)
@ﬂ{f G # k)

k={1,---,L-1},5={1,---,L -1}

where dLJ‘ =1 (k‘ = L), do,j =1 (k‘ = O) and dk70 =1
(j = 0), respectively. That is to say:

e G=F)
w= {20

k-:{()’...’L},j:{0’...7L_1}

In a simple scenario, if the original image is divided into
4 layers (L=4), from the above equation, D is given by

D, 11
D= [dk,]] = DQ = 1 P2 1
D3 1 1 P3

k=1{1,2,3},i={1,2,3}

where d4)j = 1, do)j =1 and dk,O =1.
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