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Abstract

The present report provides a novel transparent and speculative algorithm for content based web page pre-
fetching. The proposed algorithm relies on a user profile that is dynamically generated when the user is browsing

the Internet and is updated over time. The objective is to reduce the user perceived latency by anticipating future

actions. In doing so the adaboost algorithm is used in order to automatically annotate the outbound links of a page
to a predefined set of “labels”. Afterwards, the links that correspond to labels relevant to the user’s preferences

are pre-fetched in an effort to reduce the perceived latency when the user is surfing the Internet. A comparison

between the proposed algorithm against two other pre-fetching algorithms yield improved cache-hit rates given a

moderate bandwidth overhead.
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1 Introduction

The simplicity of access the variety of information stored on various remote server &fdHd Wide Web

(WWW) in accordance with an increase in the size of the documents led to the fact that WWW services have
grown to levels where major delays due to congestion are experienced very often. There are several factors influ-
encing the retrieval time of a web document. These factors range from network bandwidth and propagation delay
to data loss and the client and server load. A rather old and outdated but still useful study condi6&%bin

Zona Research Inc. provides evidence that if a Web site takes more than eight seconds to load then the user is
much more likely to leave the site [25].

Although several solutions have been implemented to reduce these delays, the problem still exists. The solu-
tions range from the availability of faster connections for the users and alternative communication technologies to
faster web servers and increased ISP bandwidth. Furthermore, the usage of proxy servers by the ISPs for cashinc
of “popular” documents also proved to lessen tiser perceived latendPL). Finally, server side proxies and
distributed servers for traffic balancing are also used and can substantially improve typical response times. Still,
the UPL exist and is amplified when the user is visiting web pages and documents that never visited in the past.

The UPL depends on the performance of both the web servers and the network latency. Servers may take a
while to process a request. The network latency depends on the network congestion and the propagation delay.
While the propagation delay is a constant component, which can not be reduced, the network bandwidth is
steadily increased by the increase of networks capacities and the installation of new networks. The UPL can also
be reduced from the user’s side as well without extra costs through the usage of the browser’s cache [1, 30].

A crucial issue here is the effective prediction of the next user request and subsequently the modeling of the
user actions over time. If an algorithm can accurately determine the next document to be requested and pre-fetch
it in time then the UPL tends towards zero. Furthermore, there is no bandwidth misuse. A difficulty emerging
here is to determine the document that is more probable to be requested. Unfortunately, since the probability of
an accurate prediction is almost always below one, more than one files must be pre-fetched at the same time in
order to achieve low UPL. In that case some pre-fetched documents may and will never be used which will result
in bandwidth overhead and increased load on the web servers.

In what follows, section 2 provides a compact review of the available literature, section 3 covers the proposed
pre-fetching algorithms along with the creation of the user’s profiles and section 4 provides the experimental
results for the evaluation of the proposed algorithms.

2 Related Work

The UPL can be reduced with the exploitation of one or more cache repositories located either remotely in a
proxy server or the web server hosting the documents under consideration or locally by the browser’s cache or
local proxy server. Local proxy servers are helpful in cases where two or more users have access through the
same connection. The usage of a cache can reduce the overall traffic and lessen the need for the client to contac
a web server when the documents are stored in the cache. The fact that a proxy server stores documents withou
taking any initiative for predicting which documents are more probable to be requpatsiMe modes a major
drawback. This drawback can be avoided and the effectiveness of a caching system can be elevated with the usag
of algorithms that predict the demand that particular web documents mightdaixe(modg Subsequently, the
documents that are more probable to be requested in the future are prime candidates for caching.

Figure 1 depicts the three alternative methods of communication between a client and a server. In Fig. 1(a)
the client requests a document from the cache and the cache either returns the requested document to the clien
(if the document exist in the cache) or forwards the request to the Web server. In Fig. 1(b) the client requests the
desired document from the cache (solid line) whereas the pre-fetching algorithm requests a plethora of relative
documents (discontinuous line) that have high probability to be requested in the near future. Finally, in Fig. 1(c)
the web server returns to the cache repository the requested document and the pre-loading algorithm, which works
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Figure 1: The three different methods of transaction between a client and a web server: (a) through cache repos-
itory, (b) a cache repository and a pre-fetching agent working along with the client, (c) a cache repository and a
pre-loading agent working in cooperation with the web server.

in parallel with the server, “pushes” to the intermediate cache some extra documents with the anticipation that
they might be requested in the future.

Very useful overviews on caching and pre-fetching techniques can be found in [31, 32]. Combinations of
caching and pre-fetching have been studied in [10, 32, 34]. Due to inherent limitations in caching pre-fetching
has gained much attention lately. Markatosaktproposed the Tof0 pre-fetching algorithm which is a hint
based method [17]. Other hint based pre-fetching techniques can be found in [5, 15, 23]. Bestavros in [3]
proposed the utilization of a document transition matrix. Data mining techniques have also been used to extract
patterns from Web logs [2, 21, 33]. Moreover, tAediction-by-Partial-Match(PPM) has also been employed
extensively in [9, 20]. Furthermore, recommendation systems and web usage mining techniques can be used in
order to provide hints to a pre-fetching agent over to which links are more probable to be requested [11, 12, 18].

Many attempts have already been made to find the most efficient algorithm for client based pre-fetching. The
most naive approach is to pre-fetch the embedded links in a top-to-bottom order regardless of the likelihood to
be requested [4]. A similar approach is to pre-fetch randomly selected links. In [19] the server which gets to
see requests from several clients makes predictions while individual clients initiate prefetching. A technique for
prefetching composite-multimedia rich pages by using partial prefetching is presented in [13]. Discrete Marko-
vian technigues have been applied on the history of Web page references to recognize patterns in the activity of
the use [8, 26]. Pirolli and Pitkow in [22, 23] propose the usage of high order Markov Modetsgnadn model-
ing in order to predict the behaviour and future actions of a user. Furthermore, they showed that longer sequence
of user visits can lead to a reduced model in size without affecting the ability of accurate predictions. In [7] a
combination of different order Markov models is used to devise a model with lower state-space complexity. An
extension to the discrete model is the continues Markov chain found in [14].
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3 Link pre-fetching: Some preliminary definitions

In this section we describe the formal setting used to address the web-link pre-fetching. After the retrieval of each
page and before proceeding to any pre-fetching actions the following series of preprocessing steps are undertaken

o |dentification of the outbound links and the anchored text around them.

e Removal of links that definitely should not be pre-fetched. That links comprises of pages which contains
time critical data and URLSs that contains the term “?”. Moreover, pages already in the cache either from an
earlier access or pre-fetch are also ignored except when the content of a page needs to be refreshed. Finally
any dynamically generated pages are also excluded.

Let W (t) denote the set of web pages that the user have visited until the time insEatth individual web
page in the se®/(t) contains an arbitrary set of outbound links. L&t) = {l1,12,...,l|.4)} denote the set of
all the outbound links that comprise the web pages in thel8ét) where| - | denotes the cardinality of a set.
Furthermore, it is generally admissible that in each link corresponds a portion of text which is anchored around
the link. For each link and for the text anchored around it the following text processing actions are performed:

e Removal of numbers and punctuation marks. The sole punctuation mark left intact is the full stop. This is
done in order to provide a rough sentence delimiter.

¢ Stopping and stemming is performed using the well-know Porter stemmér [24]

After the text preprocessing, the resulted anchored text contains probably a plethora of stems. In order to identify
which of the stems are correlated with the user’s preferences the sodcalted-mediumaw will be borrowed

from the information retrieval community. According to that law, the bigrams whose frequency is low-to-medium
are the most informative ones [16, 29]. The above implies that the stems with high frequency are not informative
regarding the actual content; they rather help in the formation of the text inside the sentences and therefore can
be eliminated.

Let B(t) = {ba,by,...,bz) } denote the set of bigrams that comprise the anchored text around the link until
the time instant that survived the above thresholding process. Each outbound;linl(t) is associated with a
set of bigrams drawn from the s8(t). For example in the link corresponds the séb'(l), b'(2>, . b'(“i‘)} where

the notion(-) denotes sampling from a set. Finally, [§tdenote the label space. Each link/iit) is labeled with
only one of the labels K.

3.1 The Adaboost algorithm

LetS(t) = {(I1,K(1)), (12,K2))),- - (I ), K(1vy)))) } denote the sequence of training examples whegeL(t)

and labelk ) € K. Figure 2 depicts the formation of the seft). Let us assume that we are given a set of
real-valued functions, calledeaklearners, which accept as input a sequence of training examples from the set
L(t) and will be denoted biy,--- ,hy (hj: L(t) x X — R, j € {1,2,...,N}). The adaboost algorithm studies the
problem of approximating the;, for eachl; using a linear combination of the weak learndraifiing phasg.

That is, it tries to find a vector qfredictorsa= [ag,a2,- -+ ,an] € RN such that the function

N
Flli k) = ad (li,Kg)) @)
P

to be a “good approximation” af ;). The previous can be interpreted as follows:

[T (li,Kay) —Kepy| < € 2

11t should be noted that although the algorithm under consideration is meant to handle web pages with English content, this can be easily
extended with the usage of different stopping lists and different language stemmers.
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Figure 2: The formation of the sequence of training examglés), employed by the adaboost algorithm.

wheree = 0.5. The value for epsilon is justified by the fact that the label&jare taken from the sét.

Furthermore, Eq. (1) can be used in labelling a new and unseen Jigkduring the testing phase For

example, the sign of the expression

VKie K

is interpreted as the label to be assignetidé@. Moreover, the magnitude:

‘ f ('nevw Knew) - Knew| 4)

will be interpreted as the confidence of the prediction for the label given from Eq. (3).

Furthermore, letDy = {df,df,...,d!,,,} denote a distribution, wherel' = 1/|L(t)].i € {1,2,...,
|L(t)|}, which corresponds to the importance that the adaboost algorithm places on each instance of the sam-
ple spaces (t). On each iteratiok € {1,2,..., T} the distributionD is used to compute a weak hypothesis
over the sefS (t). The weak classifier is trained with more emphasis on certain patterns, using a cost function
weighted by a probability distributioDy over the training data. The idea behind adaboost is to modify the dis-
tribution Dy over S () in a way that will increase the probability mass of the misclassified parts of the domain
S (t). In this case sampling with replacement (using the probability distribijgrtan be used to approximate a
weighted cost function. Examples with high probability would then occur more often than those with low prob-
ability, while some examples may not occur in the sample at all although their probability is not zero. This will
subsequently force the classifier to concentrate on the misclassified training examples and avoid misconceptions
in the future.

At the time instancé&+ 1, through the usage of the week hypothédgisthe boosting algorithm generates the
new distributionDy 1 using the following

ger1 _ dnexp{—ak o lln k() }
" L1

(5)
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whereZy. 1 is a normalization factor equal to

[£(®)]

Zia=»_ dfexp(—akhi(li Kgiy) (6)
i1

anday € a. At each iteration of the algorithm, the weak classifier misclassifies a portion of the training samples.
The so-calledraining error of the training process is then given by

[L(1)]
e(Dk) = Y dfA (Ml K (), K(ny) (7)
n=1

where

1, |Mk(In,Kmn)) =Ky <€
0, otherwise '

A(hi(In,K(n))sKmy) = { (8)

The above equation ascertains whether there is a mismatch between the estimated labehttmodghe
label already assigned to the limk An important note here is that the training error in Eq. (7) is measured
using the distribution which is provided to the weak classifier at the time instant under consideration. The same
misclassified training samples might produce different training errors when viewed under different time instances.

The week hypothesigi

In the case under consideration the weak hypotheses has the foromeflaveldecision tree. The test at the root
of the tree is a simple check for the presence or absence of a bigram in a givenTset is, if the bigranb'(j)

is present in the anchored text around itieoutbound link or not. Based only on the outcome of this test the
weak hypothesis outputs predictions that each labé{ is associated with thigh link. For example, lets assume
that the user’s profile comprises of web-pages relative to sports and the user is particularly interested in football.
A bigram that might appear in a link can bscbred goal§ and the corresponding predictor is: “If the bigram
“scored goalsappears in the anchored text around itfelink, then predict that the link belongs to teports
category.

Let bi(.) denote a bigram drawn randomly frof(t). Using this bigram, a weak hypothesagwill be
introduced which makes a predictions of the following form [27, 28]:

cor if biu.) ¢ li and Ky =K;

bl Kiy) = | 9
lli k) {cl, if bl €l and Kg) = ki ©)

where thec s are real numbers. In the above expression, we assign confidence values in both cases where a
bigram is present or not in the det However, intuition rules that we should not assign any confidence value
when a bigram is not presergy{ = 0) [28].

The weak hypothesdx searches all the possible bigrams#(t). Given a bigran‘o‘(j) let the setZ(t) be
partitioned into two disjoint subsetg,(t) whereme {0, 1}, that is, the setdo(t) = {In|ln € L(1), bi(j) ¢1n} and
Ly(t) ={ln|ln € L(1), bi(j) ¢ In}2. For each bigrarb ;) and with the minimization of(Dy) in mind, the following
value is calculated for each label

W= Y " [Ihe(ln K ) —Kml <€] (10)
i€ Lm(®)

20bviously Lo(t) [ L1 (t) = L(t) and Lo(t) ) L1(t) = 0.
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whereq runs for each available labdl,c {+1}, [1] equals one iftholds otherwise it is equal to zero and finally,

(11)

K +1, if gth labelwas assigneditihn document
) —1, otherwise

Subsequently, Eq. (6) can be written as follows with the usage of Eq. (10) and by assumagittiak ;) =
hk(li,K(i)):

IL(b)]

Zipn = Y dfexp{—Kgh(li K}

i=1

- ZZ( Z dikeXp{Cqu}Jr Z dikeXp{Clqb})
q b

i:lieLo(t) itlieLy(t)
0
= 3> (W) + W (1) expl —caqb} ) (12)
a b
sincecyq = 0,V [28]. The local extrema minimum values Bf, ; are given by solving the following:
DZk+l - 0:>
0Z11 (v9) 0=
aClq
v
W (t) exp{ciq} + W1 (t) exp{—ciq} T o=
1q
(o 1 - (W(t)
Cig = =In (13)
T2 <vv_13‘ 0
and since the second derivative is:
%21 21
D _ aclKan 0C1knr OCak,
i1 T %21 21
aclKnr oclK, aC]_Kr 2
0%Zy, 1 1q 1q Wﬂ (t)
= 1% 1;[(vv_1<t>+vv+1<t>) W 14

which is positive, meaning that the minimum value %y 1 is achieved when theyq are given by Eq. (13). So,
finally the value ofzy; is

0 1 1 Wi (1)
Zea=3_ > WO+ 3 (WHO W) | (15)
9 b q =40

Prediction based on adaboost

After the training phase and when all the week leardgriave been computed the algorithm can proceed to
anticipate future user requests and pre-fetch some documents. In doing so let us suppose that currently there
is page displayed in the user’s browser. For each of the links in that page we evaluate the probable label using
Eq. (3). For each label we keep a record of the time and frequency of visit. Based on that record we can decide
which links to prefetch next.
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3.2 General remarks

Some final notes concerning the pre-fetching algorithms in general must be stated here before proceeding to the
next subsection:

e If there is a fast transition between web pages then the viewed pages are not taken into consideration. This
is needed in order to ensure that the user has spend some time either reading or by simply searching around
for something interesting in that particular web page.

e The number of links to be pre-fetched is bounded by the following threshold:

Bu®®)
ICh 1o

wheref corresponds to the total bandwidth availahlé,) is the median operator over the time spend by
the user in each paggy(s) is the median operator over the size of the visited web pages and fingally
denotes the floor function.

e Pre-fetching occurs when the weighting mechanism has assigned weights to each of the outbound links
and it takes place during the browser’s idle time. During that time multiple threads are employed and
each thread receives one link to pre-fetch. After a thread has completed the pre-fetch of the URL that was
assigned to it, a new URL is assigned to it and so on.

o If a user-driven event occurs before the completion of the pre-fetch session then all the threads are told to
stop executing immediately in order to allow the browser to utilize the entire available bandwidth.

4 Assessment of the pre-fetching capabilities

The comparison of the capabilities for pre-fetching algorithms, particularly the content-based ones, poses up to
a degree some difficulties. All the evaluation techniques rely either on artificial data sets or access logs. In the
former case, the content based algorithms are useless due to the lack of textual content in the generated sets. Ii
the later case, a problem that often emerges is that due to the dynamic nature of the Internet the content of the
web pages tend to change continuously. Therefore, access logs that have been used in the past may not be prim
candidates for present studies either due the change of the content or even worse due to the total extinction of a
portion of the logged web pages.

Due to the above reasons a trace of the web activityl@volunteers in the the Un@&eUniversity has been
gathered. The trace is divided into two setsaéing setwhich was used to build the personalized profiles for the
users and gest sewhich was used in evaluating the performance of the proposed algorithm against two test-bed
algorithms which are:

e top-downalgorithm, corresponding from the first link visible in the top of the page to the bottom

e random selectiomf the links in the web page

4.1 Training set

The training trace consists of neadl®2000individual web pages. In Fig. 3(a), which depicts the distribution of

the outbound links in the trace, it can be seen that a big portion of the trace contains web pages with quite limited
outbound links. Furthermore, Fig. 3(b) depicts the distribution of bigrams anchored on each of the outbound
links.
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Figure 3: (a) The distribution of the outbound links. (b) The number of bigrams per outbound link.

21-25 <26

After the processing of the trace, an individual user profile was created for each of the volunteers and for
each of the proposed algorithms based solely on the web pages that comprised his or her activities. The profiles
created in theraining phaseof the algorithm were exploited afterwards in tiesting phaseln the testing phase
each volunteer was asked to use a custom-made GUI that resembles a web browser in order to surf the Internet.
They were instructed to follow their normal every-day activities regarding their surfing habits. The profiles of
each particular volunteer was used by the stand-alone application in order to pre-fetch a portion of the outbound
links for each of the web pages that this particular user visited.

4.2 Testing set

During the testing phase an access logs consistin2600individual web pages was captured. This trace is
employed in a performance evaluation that relies orcti@he-hitratio and thdractional latency reductiotthat

the algorithms achieve compared to frectional network traffichat might be caused to the network. In what
follows, subsection 4.3 provides further details on the performance evaluation that is based on the cache-hit ratio
and the rest of the metrics mentioned at the end of the previous paragraph.

4.3 Hit ratios and network overloads

The performance metrics covered in this subsection are the cache-hit ratio, the fractional latency reduction and
the fractional network traffic [6].

Cache-hitratio is the ratio of pre-fetched pages that a user requested to all the pages the pre-fetch agent re-
trieved and represents the accuracy of the prediction. The above metric constitutes the accuracy of the prediction.
If the hit ratio is high, then the UPL will be low, since almost all requests are served by the local cache. A direct
side-effect of the above approach is that if and when a pre-fetching algorithm is very successful in predicting the
forthcoming actions the overall bandwidth overhead might be disappointing.

Fractional latency reductiois the ratio between the decrease due to pre-fetching of the observed UPL without
a caching systemJPL,p) from the UPL with a caching systertd PL;) to the observed UPL without caching
(UPLnp). Itis important here to describe the mechanism applied for the computation of the latency reduction.
Since a pre-fetching algorithms will request, in theory, different documents that might be stored in different
web servers, a mechanism is needed to detect and obviate any infrequent and abnormal delays that might affect
and degrade the overall evaluation. Therefore, each document is requested from the corresponding web servel
a multiple number of times during a period of several days and in different time instances during each day.
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Cache-hit rate as a function of the number of pre-fetched links
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Figure 4: (a) The average cache-hit ratio curves for each of the pre-fetching algorithms in predefined step of the
volume of pre-fetched outbound links. (b) The average cache-hit ratio curves for the pre-fetching algorithms for
a given number of pre-fetched outbound links.

Afterwards, a median value is computed which represents the “average” response and completion time for the
couple<requested document, hosting web serverhrough this process, any isolated abnormalities that might
affect the evaluation process are eliminated. Finally, before proceeding to the last metric to be employed, we
should clarify that the median operator was used instead of the mean value due to its robustness properties agains
outlier observations.

Fractional network traffids the ratio between the amount of bytes transmitted from a web server to the user’s
client to the total number of bytes requested. It represents the bandwidth overhead added to the network traffic
of the non pre-fetched case, when pre-fetching is engaged. It is obvious that since some of the future behavior
will not be predicted precisely some of the pre-fetched documents will never be requested. These redundant
documents add undesired network traffic and should not have been pre-fetched.

Any pre-fetching algorithm should aim to balance the cache-hit ratio and the usefulness against the bandwidth
overhead when anticipating future requests. A very strict approach that almost never pre-fetches documents will
definitely keep the anticipated overhead low, but will not benefit the user either. If, on the other hand, we decide
to pre-fetch a plethora of documents in anticipation of capturing the users next request, then we will definitely
have to pay high bandwidth cost.

Figure 4(a) depicts the cache-hit ratio curves for each of the pre-fetching algorithms. The in question figure
depicts the average cache-hit curves for all the volunteers in predefined steps of the outbound links volume. It is
important to note that interpolation has been applied during the formation of these curves when it was needed.
The necessity for interpolation is justified in the cases when the percentage of outbound links in a page is not
an integer number. That is, when a page has for example nine outbound links, then pre-fadéhiafjthe
links implies2.7 pre-fetches which is unfeasible. In that case, the cache-hit ratio was calculated by interpolating
the closest values available. From the figure it is evident that all curves will converge to the same cache-hit
point when all the outbound links will be pre-fetched. This is inevitable since the number of useful outbound
links is not a function of the pre-fetching mechanism employed, rather than the personal preferences of each
user. Furthermore, the adaboost algorithm exhibits better performance than its prime candidate in each pre-fetch
volume, with a maximum difference 6&6 higher cache-hit rate which is achieved &0#o pre-fetch volume.

Moreover, in Fig. 4(b) one can see a comparison between the algorithms that is based on the number of
outbound links that were pre-fetched. While the previous figure presents an overall evaluation in each pre-fetch
level (up until90%of the volume of outbound links) the later figure is more concise and covers only a fraction of
the outbound links (until ten pre-fetched links per page). Again the proposed adaboost approach exhibits better
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Figure 5: (a) The fractional latency reduction ratio for given volumes of pre-fetched outbound links. (b) The
fractional network traffic ratio for specified volumes of pre-fetched outbound links.
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characteristics than its prime candidate but at this time the difference is on al€xage In the same figure it
can be seen the deviations in each point of the curves.

Finally, as it can be seenin Fig. 5(a), prefetching does reduce network latency in all pre-fetch volumes whereas
the bandwidth overhead is more or less the same for all the algorithms (see Fig. 5(b)). The latency is reduced
from around23% when only10% of the links are retrieved to neary7% when 90% of the links have been
pre-fetched. At the same time the prime candidate achieves similar but less satisfactory results with a difference
in the reduction of the latency in the range fra8%to 52%

5 Conclusions

In this report we provided a novel transparent and speculative algorithm to model the user’s behavior when surfing
the Internet. The proposed modeling scheme uses the adaboost algorithm in order to annotate the outbound links
in given web page and subsequently pre-fetches links from the most frequently visited categories. Experimental
results have proven the superiority of the proposed scheme.
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