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ABSTRACT
The proliferation of mobile devices and the fact that high-
bandwidth and continuous connectivity is not available ev-
erywhere, has led to the creation of hoarding algorithms
that attempt to mitigate the problems related with discon-
nected operation and with the operation in areas where
bandwidth is either scarce or expensive. In this paper,
we present a hoarding scheme for location-based data in
semi-structured information spaces, such as the World Wide
Web, which relies on clustering of semantically related data
items. We show by means of experimental evaluation that
our clustering-based approach outperforms existing hoard-
ing techniques that do not make use of clustering by a factor
of more than 2 in terms of hoard cache hit ratio.

Categories and Subject Descriptors: H.3 [Information
Storage and Retrieval]: Systems and Software, Online Infor-
mation Services

General Terms: Algorithms, Management.

Keywords: Location-Based Systems, Hoarding.

1. INTRODUCTION
Looking at current trends in communication patterns, it

seems clear that there is an increasing demand for informa-
tion anytime and anywhere. Mobile users want to be able
to access data independently of where they are and where
this data is located. In particular, they want to have mobile
access to the World Wide Web, which is the major source of
information nowadays and the basis of many applications.
Wireless communication technology is a prerequisite for

mobile data access. Wireless WANs, such as 2G and 3G
cellular networks, provide wireless connectivity virtually ev-
erywhere. However, even 3G networks only provide moder-
ate data rates up to a few Mbps, typically 300 to 500Kbps.
Moreover, communication channels may be subject to sub-
stantial error rates, high latency and frequent disconnec-
tions. A complementary technology is based on wireless
LAN (WLAN) hotspots, which are isolated ”islands” of con-
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nectivity. Within a limited range, they provide compara-
tively cheap or sometimes even free high-speed Internet ac-
cess and at least an order of magnitude higher data rates
than wireless WANs.
The two technologies, WLAN hotspots and wireless WANs

can be combined to optimize mobile data access. Mobile de-
vices can use the available connectivity at a given hotspot
to prefetch and locally cache data their users might access
in future. This approach, called hoarding, aims at minimiz-
ing wireless WAN usage in order to decrease cost and access
latency, in particular for larger data items. Moreover, it
also supports disconnected operation since (a portion of)
the data requests can be served from the local hoard cache
and by this increases the robustness against disconnections.
In contrast to caching, the goal of hoarding is to fetch

a data item into the cache before the first access occurs.
Therefore, it is necessary to predict which data items will
be needed next. This prediction, called hoarding decision,
may be done by the user himself, telling the system which
items to hoard, or it may be done automatically by the sys-
tem exploiting different types of information, such as user
interests or location-dependency and syntactic/semantic re-
lationships of data. In this paper, we present an automatic
hoarding mechanism that assumes requests to data items
to be location-dependent. Moreover, the algorithm takes
into account the semantic distance [14] of data items, which
is derived from the users’ navigation behavior in a semi-
structured information space.

Figure 1: Infostations spread over a city center

For the purpose of this paper, we use the term infosta-
tions [2,25] to refer to hotspots that provide hoarding func-
tionality. Fig. 1 depicts the map of a city center including
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infostations positioned at selected points of interest. The
circles indicate the areas covered by wireless LAN. Infos-
tations are responsible for selecting the data items to be
downloaded into the hoard cache of mobile devices. In most
hoarding algorithms described in the literature, the hoard-
ing decision is based on information collected about the data
access behavior of users. They mainly differ in the type of
data they consider (e.g., unstructured and semi-structured)
and the information they collect and exploit for the hoarding
decision.
In unstructured information spaces, an infostation usually

collects information about the popularity of individual data
items. The items that seem to be most popular at a given
location are then downloaded to the appropriate clients. In
semi-structured information spaces, such as the World Wide
Web, we can additionally analyze the behavior of users as
they navigate through it. With this analysis we can leverage
relationships among data items that can be used to deter-
mine their semantic distance. Such a relationship can be
a (logical) link, which indicates that the linked items were
accessed subsequently in a user session. In addition to the
popularity of data items, an infostation can now take the
popularity of links into account when making the hoarding
decision.
The hoarding scheme proposed in this paper takes into

account how users navigate the Web. Moreover, it classifies
pages into content and transit pages and uses this classifi-
cation for clustering. A transit page is one that is (mainly)
used to navigate to a content page, which is a page the user
is actually interested in. In our scheme, the unit of infor-
mation used for hoarding is a cluster of Web pages, rather
than individual pages. Roughly speaking, a cluster contains
at least one content page plus a sequence of transit pages.
In addition, our algorithm computes the relevance for each
cluster formed by taking into account its access probability
and size. Although our hoarding algorithm has been de-
signed for mobile Web access, it is generic enough to be also
used for other semi-structured information spaces.
Our approach is based on the assumption that information

access is location-dependent, i.e., the information a user is
interested in depends on its current location. This assump-
tion is valid for most applications taking into account the
users’ position, such as navigation systems, location-based
services, sentient computing or context-aware information
systems. Location-based applications typically ”focus” their
information needs on a very limited fraction of the entire in-
formation space, where this fraction depends on the user’s
current location. To exploit this location-dependency for
the hoarding decision, we monitor the collective user behav-
ior on a per-location basis. In other words, each infosta-
tion knows how the users residing in its service area typi-
cally access the data. Of course, this knowledge must be
dynamically adapted since the access behavior will change
over time. The advantage of monitoring the collective ac-
cess behavior is that those data is selected for hoarding that
currently is of interest at a particular location. Further,
hoarding also works for users visiting a location for the first
time. However, the problem with considering collective be-
havior only is that the hoarding decision may not be optimal
for an individual user. However, this effect diminishes if we
exploit user profiles including interests, such as in culture or
sports, and monitor the access behavior on a per-location
per-interest group basis.

In our experimental evaluations, we compare our hoarding
approach to schemes that do not make use of structural in-
formation and/or do not perform clustering of semantically
related data items. The results show that our hoarding algo-
rithm more than doubles the hoard cache hit ratio compared
to existing schemes.
The remainder of this paper is structured as follows. After

discussing related work in Section 2, we give a short overview
of our hoarding approach in Section 3. In Section 4, we
introduce the concept of an information graph, which is used
by infostations to represent the access behavior of users. The
clustering algorithm and the steps involved in computing the
hoarding decision are discussed in Section 5. In Section 6, we
discuss the experimental results of our evaluations. Finally,
we conclude with a short summary in Section 7.

2. RELATED WORK
To overcome the shortcomings of wireless networks, such

as low bandwidth, frequent disconnections, and high latency,
various optimization techniques have have been developed
for mobile data access.
Caching techniques cache data objects retrieved over the

communication network to avoid communication for further
accesses to this object (e.g., see [20]). Semantic caching
strategies have been developed that exploit geographic lo-
cality when replacing objects, e.g., [21]. However, caching
aims at optimizing the second and following acceses to an
object, while hoarding tries to optimize the first-time ac-
cess by prefetching the object. As will be seen below, some
replacement strategies, such as LRU and LFU, can be ap-
plied in hoarding schemes to select the ”hot items” to be
prefetched (e.g., see [12,14]).
Several prefetching techniques have been proposed for re-

ducing the user-perceived latency to access Web pages (e.g.,
see [10], [24]). They predict the set of pages the user prob-
ably will access next based on the user’s access history. In
contrast to that, in our hoarding scheme, the prediction is
based on the access behavior of all users residing in a given
geographic area.
The Coda file system [11] was one of the first systems

that used the concept of hoarding to allow for disconnected
operation. However, the hoarding decision requires user in-
teraction. While SPY UTILITY [23] automatically detects
logically related files, called working sets, it also requires
user interaction to select the sets to be hoarded. SEER [14]
hoards files without user interaction. It also performs clus-
tering of related files based on their semantic distance, where
files referenced at the same time are assumed to be seman-
tically related. In [13], the authors compared SEER to pure
LRU hoarding without clustering. The results revealed that
in most cases, LRU hoarding achieved the better results.
The authors of [26] propose another automatic file hoarding
scheme, where each file is assigned a priority based on ac-
cess recency, access frequency and the time a file was opened.
The file priority and other file-specific parameters determine
which files are to be hoarded. All of the above file hoard-
ing schemes are tailored to the characteristics of file access
rather than Web access. Hence, they neither model the navi-
gational access behavior nor the characteristics of Web pages
(e.g., content or transit pages), which both are important for
determining the semantic distance of Web pages. Moreover,
these schemes make their hoarding decision on a per-user
basis, while our scheme does it on a per-location basis.
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In the Map-on-the-Move project [25], drivers are provided
with map information at different resolutions depending on
the speed they travel through the transmission areas of in-
fostations. However, this approach is tailored to map data.
Approaches such as [15,19] combine the benefits of hoard-

ing and cooperative caching methods. The idea is to increase
the hoarding space by letting mobile devices share their
hoard caches. This research focuses on distributed cache
management rather than the hoarding decision itself.
In [12], the authors propose a hoarding mechanism for

location-dependent data, where the hoarding decision is based
on how frequently a data item is accessed by all users at a
given location. This LFU hoarding scheme was designed for
unstructured information spaces and does not analyze the
navigational access behavior to derive semantic relationships
between data items. Another hoarding scheme for location-
dependent data has been proposed in [6]. While its hoarding
decision is based on the collective navigational behavior of
all users at a given location, it does not provide for clustering
semantically related data items.
The hoarding scheme presented in this paper provides for

clustering. Several clustering methods have been also pro-
posed in the field of information retrieval, which, however,
do not aim at hoarding. The authors of [4] propose a clus-
tering method to group the pages in a result set of a search
query based on other queries and their associated result sets.
Approaches such as [8,16,18] thematically cluster documents
based on common keywords.

3. ASSUMPTIONS AND OVERVIEW

Figure 2: System Model

As depicted in Fig. 2, our system model comprises info-
stations and mobile devices. An infostation is a stationary
server connected to the Internet and equipped with a WLAN
access point. We use the term transmission area to refer to
the transmission range of the access point and hoarding area
to the geographic region, the infostation is responsible for.
The size of a hoarding area depends on the number of in-
formation items per unit of area which are requested in the
specific region. The hoarding area is much larger than the
transmission area.
Typically, there will be many infostations spread over a re-

gion like a town (see Fig. 1). To ensure complete support for
hoarding in this region, each hoarding area should overlap
with at least one transmission area of another infostation,
as depicted in Fig. 2. Doing so, users are supplied with
the information they will probably access until they reach
the next infostation. Infostations exchange their knowledge
about user requests. In particular, they distribute those re-
quests to infostations in whose hoarding area they have been
performed.
In the following, we concentrate on the operation of a

single infostation.

We assume that a mobile device, such as a PDA or smart
phone, is equipped with WLAN capabilities and possibly
with wireless WAN connectivity. Mobile devices can be in
the following states: strongly connected, weakly connected, or
disconnected. A mobile device is strongly connected while
it is in the transmission area of an infostation. It is weakly
connected if only wireless WAN connectivity is available and
in the disconnected state if no connection to a network is
possible.
Our approach assumes data requests to be location-depen-

dent, i.e., the probability a certain data item is requested by
a user, depends on the user’s current location. So, typically
only a small fraction of the underlying information space will
be ”relevant” in an infostation’s hoarding area [7]. More-
over, we assume that users are grouped into interest groups,
where members of the same group have similar information
needs. For the sake of simplicity, we will assume in the
following that there is only a single interest group. An ex-
tension of our scheme to support different interest groups is
straightforward.
Fig. 3 depicts the overall process of our hoarding scheme.

A mobile device runs a browser allowing the user to navigate
the Web. In addition, it maintains a hoard cache, which
stores the Web pages downloaded from the most recently
visited infostation.
When a user requests a page, the hoard cache manager

checks whether or not this page is stored in the hoard cache.
If the page is cached, it can immediately be returned to the
user. In case of a hoard miss, the page may be accessed over
the network, provided the device is connected. In either
case, a hoard miss is signaled to the mobile device.
A mobile device maintains a log file, which is used to keep

track of the locally requested Web pages. Whenever a page
is requested, a record is added to the log file containing the
URL and size of the page, as well as the time and location
of the request. In order to determine the location of Web
page requests, we assume that each mobile device can deter-
mine its position. The location information associated with
a request should allow an infostation to determine in which
hoarding area the request was issued. Therefore, GPS ac-
curacy, for example, is fully sufficient. Even cell IDs can be
used if a hoarding area is defined as a set of cells. Of course,
in this case, cellular WAN connectivity is mandatory.
When a mobile device moves into the transmission area of

an infostation, it becomes strongly connected and uploads
its log file and hoard cache size to the corresponding info-
station, which uses the log file to update the corresponding
information graph. An information graph models the ag-
gregated browsing behavior of all users of an interest group
while they are in the hoarding area. In contrast to the de-
pendency graph used in prefetching technologies, the infor-
mation graph includes information about the frequency of
accesses, which pages have been requested including the in-
formation whether or not they are content pages, how they
relate to each other, and the location of requests.
Due to our simplifying assumption that there exists only

a single interest group, we will only consider a single in-
formation graph in the following. Actually, with multiple
interest groups, we would have to (conceptually) maintain
an individual information graph per group.
The Graph Update Component divides the uploaded log

file into browsing sessions, defined as a sequence of tempo-
rally related page requests. Since graph update is performed
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Figure 3: Hoarding Process

each time, a log file is uploaded, our approach permanently
adapts to user access behavior.
The classification of pages into content and transit pages

is the basis of our clustering component. The pages repre-
sented in the information graph are grouped into clusters,
which are the hoard units to be downloaded to mobile de-
vices. Each cluster includes at least one content page plus a
sequence of transit pages needed to navigate to the content
pages in the cluster.
The hoard list generator assigns a relevance value to each

of the clusters that depends on the probability of its pages
being accessed and its size. The final step involves the gen-
eration of an ordered list of Web pages, which we call a hoard
list.
As we will see below, clustering and hoard list genera-

tion is done only periodically due to performance reasons,
while graph update and hoard list download is performed
whenever a log file is uploaded.
Let us now discuss each of the algorithms in the infosta-

tion in more detail.

4. GRAPH UPDATE
As described in the previous section, the process of up-

dating the information graph involves two steps: (1) the
analysis of the log file, which includes the computation of
visit periods, the computation of session boundaries and the
classification of Web pages, and (2) the actual information
graph modification.

4.1 User Log File Analysis
A user log file is composed of log entries which contain

the URL of the page and its size, as well as the location
and time of the request. We calculate the visit period of a
page by subtracting the timestamps of two consecutive log
entries and use this information to subdivide the log into
so-called sessions. A session is a subset of consecutive log
entries in a log file, where the visit period of each page falls
below a threshold value. For our experiments and following
the suggestions in [1], we have set this threshold value to
15 minutes.
We also use a page’s visit period to detect whether it is

a content page or a transit page. Content pages are as-
sumed to be visited considerably longer than transit pages.
Moreover, a log file usually contains more transit pages than
content pages, since users tend to click through a series of
transit pages to find the page they are interested in. There-
fore, we decided to use the geometric mean as metric to
filter out content pages. Let mg be the geometric mean of
the visit periods of all pages in the log, l.period the visit pe-

riod of page l.URL requested in log entry l. Then l.URL is
classified a content page, if l.period∗γ > mg, otherwise, it is
considered to be a transit page. Parameter γ determines the
selectivity of this content page filter. In our experiments, a
value of γ = 0.75 turned out to be appropriate.
As mentioned above, the (collective) access behavior is

tracked on a per-location basis. Since a session models a
sequence of logically related accesses, we assign a single lo-
cation to each session: The location associated with the first
entry of a session defines the location of this session. When
a log is uploaded to an infostation, it uses all sessions whose
location is within its hoarding area to update its informa-
tion graph (see below) and forwards the sessions to the cor-
responding infostations. For the sake of simplicity, we will
not further detail this inter-infostation collaboration.

4.2 Information Graph Modification
Each infostation maintains an information graph that en-

codes the information received as part of the user log file
into a weighted graph, where the vertices represent the indi-
vidual Web pages and the edges contain information about
the navigational browsing patterns of users.
More formally, the information graph IG is a tuple IG =

(V, E, g, B, z), where V is the set of vertices representing
Web pages; E is the set of edges; g is the root vertex; B ⊆ V
is the set of session start vertices; and z is an accumulative
vertex used for bookkeeping of sessions and user revisit pat-
terns.
Additionally, there is extra information encoded in both

vertices and edges. Each vertex v ∈ V has attributes v.URL
and v.size, that contain the URL and size of the page as-
sociated with it. Furthermore, a vertex also has counters
v.request and v.content that record, how many times a page
has been requested and has been considered to be a con-
tent page, respectively. Analogously, each edge e ∈ E has a
counter e.traversal that keeps track of how many times its
source and sink vertices have been requested consecutively
over the lifetime of the information graph.
Using this information graph and the uploaded log file,

the update algorithm performs the following steps for each
session Ls = {l1, . . . , lm} identified during the log analysis
step. For the ease of exposition, we assume that a log entry
li has a corresponding vertex vi in the information graph.

1. For each entry li ∈ Ls, increment the vi.request counter.
If li is a content page, increment vi.content , too.

2. Increment the traversal counter of an edge e according
to the following cases:

(a) If li is a session start page, update edge e = (g, vi).

(b) If li is a session end page, update edge e = (vi, z).

(c) For all other entries li with predecessor li−1, up-
date e = (vi−1, vi) if li appears in the session for
the first time. Otherwise, update e = (vi−1, z).

Following this algorithm, the information graph only adapts
very slowly to changing user behavior. In fact, the ability
to adapt becomes even worse over time, since past and cur-
rent page accesses are counted equally. Therefore, we inte-
grate an ageing mechanism, which divides time into epochs.
Whenever an epoch ends, for each of the aforementioned
counters, we compute a smoothed value using an exponen-
tially weighted moving average function.
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Therefore, for each counter (v.request, v.content, e.traversal),
we additionally maintain an auxiliary counter which takes
care of recording the number of requests, traversals, etc. in
the current epoch. When an epoch ends, we compute the
value of the corresponding counter as follows and then reset
the auxiliary counter:

counter = δ · counter + (1− δ) · aux counter
where δ is a smoothing factor. The actual implementation
of our algorithm integrates this ageing mechanism with the
cluster traversal algorithm described below so that no extra
graph traversal is required. In our experiments, the best
results were obtained for δ = 0.5.

5. CLUSTERING AND HOARD LIST
GENERATION

At the end of an epoch, the infostation traverses the infor-
mation graph and builds a list of information clusters sorted
by relevance to be used as hoard units.
A cluster is defined as a subset of the information graph

that contains a sequence of vertices lying on a path from the
root vertex g to one or more content vertices. For each con-
tent vertex, we build a separate cluster and, hence, clusters
might overlap.
Our clustering algorithm is based on a modified version of

the Bounded Depth First Search (B-DFS) algorithm. It ex-
tends B-DFS in two aspects. First, vertices may be visited
multiple times to potentially traverse all paths in the infor-
mation graph. Secondly, the traversal is bounded in terms of
the access probabilities associated with the individual paths.
Before describing our algorithm, we have to introduce the

terms edge probability, path probability, and content prob-
ability. Let e = (u, v) be the edge connecting vertices u and
v. The edge probability p(e) represents the probability that
a user will request v.URL immediately after u.URL. More
precisely, the metric is defined as follows. Let Eout(u) be the
set of edges outgoing from u. Then,

p(e) =
e.traversalP

e′∈Eout(u)
e′.traversal

(1)

We define the path probability p(pathv) from vertex v ∈ V
to the root vertex g as the product of the probability of each
individual edge that forms the path:

p(pathv) =
Y

e∈pathv

p(e)

Analogously, we define the content probability of a ver-
tex as the ratio between its content and request counter, as
follows:

p(contentv) =
v.content

v.request

As mentioned above, our clustering algorithm potentially
traverses all paths. In order to avoid cycles, each vertex
maintains a mark which is set the first time, this vertex
is visited in a root-to-leaf direction. The mark is removed
during backtracking, which is initiated in three cases: (1)
The probability of the path to the following vertex is smaller
than a threshold value. (2) The accumulative vertex z is
reached. In this case, a session ended or a user revisited
pages, respectively. (3) A marked vertex is reached. Note

that the path probability threshold is an important parameter
for limiting the computation overhead.
At the end of this step, we have a set of clusters with sta-

tistical information such as their size and access probability.
The hoard list generator sorts the clusters according to

their relevance. Since the aim of hoarding is to maximize the
number of cache hits when a mobile user requests Web pages
and the hoard cache is limited, we consider a cluster’s access
probability per byte rather than per page when computing
the relevance. Given a cluster C and content vertex v, that
was responsible for building it, we define its relevance r(C)
as:

r(C) =
(p(pathv)) · (p(contentv))

C.size

where C.size is the sum of the sizes of each individual vertex
contained in C. The final step involves the generation of the
hoard list using the ranked clusters found by the previous
algorithms and the hoard cache size reported by the client.

6. EVALUATION

6.1 Methodology and Experimental Setup
From a user’s perspective, the major performance para-

meter of a hoarding scheme is the so-called content hit ratio,
which is the probability of a content page requested by a user
being found in the hoard cache. Remember, that transit
pages are only used to navigate to content pages. Let R be
the set of requested content pages and H the set of pages
in the hoard cache. Then the content hit ratio is defined as
|H∩R|
|R| .
Another important parameter is energy consumption. Our

analysis showed that the proposed hoarding scheme can also
be used to save energy, assuming current wireless LAN and
WAN technologies. Knowing the content hit ratio that can
be achieved for different hoard cache sizes, we can determine
the cache size for downloading that is optimal in terms of
energy savings. For the scenarios described below, we could
achieve energy saving of more than 40%. However, a de-
tailed discussion of energy aspects is beyond the scope of
this paper.
Even for location-based applications, a fraction of the is-

sued data requests may not be location-based. In our ex-
periments, we will only consider the portion of the location-
based requests. Taking into account the other requests as
well is not necessary, since each of these requests will most
probably lead to a hoard cache miss. So the hoarding gains
discussed below only hold for the fraction of location-based
requests. For the remaining fraction, other optimization
techniques, such as caching, must be applied, which, how-
ever, are not subject of this paper. Consequently, the larger
the fraction of location-based requests, the higher is the im-
provement achieved by hoarding.
In our experiments, we assume that each infostation is

associated with a so-called location-based subspace. This is
the portion of the Web that is relevant to users of location-
based applications, while they are in an infostation’s hoard-
ing area. Such a location-based subspace (or subspace for
short) includes Web pages, as well as links connecting them.
Obviously, the number of pages in the associated subspace
has a strong impact on the content hit ratio. In our ex-
periments, we considered subspaces with 500, 1000, 2000,
3000, and 10000 pages. For example, in the tourist guide
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application reported in [7], in total 500 information items
were offered. We also varied the average page sizes in order
to analyze the page size sensitivity of our scheme. Follow-
ing the suggestions in [17,22], we considered subspaces with
average page sizes of 20 KBytes (pages with text and pic-
tures), 110 KBytes and 230 KBytes (plus 10% resp. 20%
of Web pages including video or audio information). There-
fore, in combination, we evaluated our hoarding scheme for
15 different subspaces.
For each of these subspaces, we used 5000 logs to build up

the information graph and evaluate our scheme. Note that
each of these logs models how a single user navigates the
corresponding subspace. Based on the experiences reported
in [7], we assume an average log length of 100 and vary the
length according to a Poisson distribution.
Unfortunately, to our knowledge, a collection of user logs

for location-based applications with statistical relevance is
not publicly available. In principle, user logs could be ex-
tracted from existing proxy logs. However, in order to sys-
tematically evaluate our approach, we need to experiment
with logs that are associated with differently sized subspaces,
differing in number of pages and average page sizes. There-
fore, we decided to synthetically generate the 15 subspaces
and associated 75,000 log files, using a tool based on the
Web Browsing Model introduced in [5]. It comprises two
sub-models, the Web Graph Model and the Access Behavior
Model. The former models information spaces with the bow-
tie-structure found in the Web and document sizes, while the
latter models how users typically navigate the Web, taking
into account the Web page popularity, the number of re-
quests per session, the periods user visit Web pages, and
the way users choose the next Web page. In the literature,
we can find substantial research that validates the applied
sub-models and distribution functions by means of an exten-
sive analysis of real-world log files. Moreover, we calibrated
our model using the log files gathered from our computer
center’s proxy server in June 2004 and could show that the
synthetic access sequences come very close to the real-world
logs [5]. Due to the self-similarity in the Web [3, 9], we can
apply this model to the Web as a whole, as well as to a
smaller fraction, such as a subspace.
From the 5000 logs per subspace, we randomly selected

1000 so-called evaluation logs. For the particular subspace,
we ran the experiments for each evaluation log and aver-
aged the results. That is, each plot-point on the curves
below is the average of 1000 result values. The remaining
4000 so-called update logs were used to build up the infor-
mation graph. In order to evaluate how long it takes that
our hoarding scheme ”learns” a particular access behavior
starting from zero knowledge, we varied the number of up-
date logs.
Different average page sizes lead to different user request

volumes for the same number of requests. For the sake of
a better comparability of our results, we considered the rela-
tive hoard cache size, which is defined to be hoard cache size

user request volume
.

In our experiments, we used relative hoard cache sizes of
0.1, 0.25, 0.5, 0.75, 1, 2, . . . 10.
The parameters of our evaluations are summarized in Ta-

ble 1.

6.2 Experimental Results
In the following, we will show some characteristic results

of our extensive evaluations. First, we will analyze the

Table 1: Parameters used for evaluation
Parameter Value Range
#pages of subspace 500, 1000, 2000, 3000,

10000
Average page sizes [KBytes] 20, 110, 230
Relative hoard cache size 0.1, 0.25, 0.75, 1 . . . 10
#update logs 150, 300, 500, 1000, 2000,

3000, 4000
#evaluation logs 1000

content hit ratio of our hoarding scheme for various sub-
spaces differing in the number of pages and average page
size. Then, we will compare the performance of the pro-
posed approach with that of other hoarding schemes. Fi-
nally, we will investigate how fast our approach learns the
users’ access behavior by varying the number of update logs
to build up the information graph. In all figures shown be-
low, the x-axis shows the relative hoard cache sizes, while
the content hit ratio is shown on the y-axis.
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Figure 4: Comparing subspaces with average page
size=20 KBytes for varying number of pages

Content Hit Ratio for Different Subspaces. In the follow-
ing two experiments, we use 4,000 update logs to build up
the information graph. In the first one, we analyze the con-
tent hit ratios achieved by varying the number of pages in
the subspace with a constant average page size of 20 KBytes.
The graph depicted in Fig. 4 shows the result curves for sub-
spaces with 500, 1000, 2000, 3000, and 10000 pages. It is not
surprising that the content hit ratio decreases with increas-
ing number of subspace pages. However, even in the case of
10,000 pages (from which only 100 are requested on average
per user) we achieve a content hit ratio of 80.9% for a hoard
cache size that is 8 times the request volume. In other words,
we need to hoard only 8% of the subspace volume to achieve
a content hit ratio of 80%. In the case of a 1,000 pages sub-
space, we need to hoard about 2 times the request volume
to achieve an 80% content hit ratio. That is, we need to
hoard 20% of the subspace volume to achieve this hit ratio.
In general, the subspace fraction to be hoarded for reach-
ing a certain hit ratio decreases with increasing subspace
size. That is why our scheme shows a significantly better
performance for the 10,000 pages subspace than the other
schemes, which do not show this characteristic (see below).
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Figure 5: Comparing subspaces with 2000 pages for
varying average page sizes

Next, we compare the content hit ratios by varying the
average page sizes, leaving the number of subspace pages
constant. Fig. 5 depicts the content hit ratios achieved
for a 2,000 pages subspace with page sizes of 20, 110, and
230 KBytes. Our results show that the content hit ratio is
independent of the average page size. Our experiments with
all the other subspaces showed the same characteristic. Con-
sequently, our scheme is stable in terms of varying average
page sizes. This nice property is mainly due to the fact that
our scheme takes into account page sizes when computing
the relevance of a cluster.

Comparison with Other Hoarding Schemes. Now, we
compare the hoarding scheme proposed in this paper to
three other approaches, which have been briefly described in
Section 2: Both, the Least Frequently Used (LFU) scheme
decribed in [12], and the Least Recently Used (LRU) scheme,
proposed in [13] for hoarding and in [20] for Web caching,
do not exploit semantic relationships between data items
nor do they allow for clustering. Though the scheme intro-
duced in [6] derives semantic relations based on user access
behavior, it does not provide for clustering. We will call it
BFS-Scheme since it applies a Breadth First Search to tra-
verse the underlying information graph. Our scheme will be
denoted as Clustering-Based Hoarding (CBH) scheme.
In the following, we compare the four schemes for sub-

spaces with 2,000 and 10,000 pages and with an average
page size of 20 KBytes. To build up the information graph,
we used 4,000 update logs. Fig. 6(a) and Fig. 6(b) show
the results of the comparison for 2,000 and 10,000 subspace
pages, respectively. For both subspaces, CBH outperforms
all the other schemes. For the 2,000 pages subspace, CBH
achieves a content hit ratio that is up to factor 1.2 better
than LFU, which is the second best. For the 10,000 pages
subspace, CBH outperforms LFU, which again is the second
best, by a factor of 2.4. We also performed this compari-
son for the other subspaces, and our results show that the
factor, CBH outperforms the other schemes, increases with
the subspace size. This is due to the characteristic of CBH
pointed out in the discussion of Fig. 4, that the subspace
fraction to be hoarded for reaching a certain hit ratio de-
creases with the subspace size. This characteristic does not
hold for LFU, LRU and BFS.
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Figure 7: Content hitratio in terms of number of
update logs

Impact of Number of Update Logs. In the following, we
assume that an infostation starts with zero knowledge, i.e.,
its information graph is initially empty. We now investigate
how fast it learns about the user behavior by using the up-
loaded logs to update its information graph. For that, we
measure the content hit ratio for the varying numbers of up-
date logs specified in Table 1. Fig. 7 shows the results for a
10,000 pages subspace. For 150 and 4,000 update logs, the
difference in hit ratio is significant, up to 30%. However,
with only 150 update logs, we can already achieve a hit ra-
tio of up to 55.5%. For more than 2,000 update logs, the
improvements in hit ratio are only marginal.

7. CONCLUSION
In this paper, we introduced a location-based approach for

hoarding semi-structured data based on clustering. We have
classified pages into content and transit pages and used this
classification to guide our clustering algorithm. In order to
maximize the hit ratio, we sorted the clusters according to
their relevance per byte rather than per page. We showed by
means of experimental evaluation that our hoarding scheme
outperforms existing ones, that do not make use of clustering
by a factor of more than 2 in terms of content hit ratio. Our
results also revealed that the fraction of the subspace to
be hoarded for reaching a specific hit ratio, decreases with
increasing subspace size. That is why the gain of our scheme
compared to others increases with increasing subspace size.
Finally, the performance of our scheme is independent of the
average page size.
In this paper, we assumed a single interest group (i.e.,

a single information graph per infostation) when evaluating
our scheme. Next, we will investigate the impact of multiple
interest groups on the performance.
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