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ABSTRACT

This paper provides a novel transparent and speculative al-
gorithm for content based web page pre-fetching. The al-
gorithm relies on a profile that is dynamically generated
when the user is browsing the Internet and is constantly up-
dated. The objectiveisto reducethe user perceived latency
by predicting future actions. The profile is generated us-
ing the adaboost algorithm on the text anchored around the
links. By selecting the termsthat are highly correlated with
the preferences of the user, forthcoming actions can be eas-
ily anticipated. The proposed algorithm istested against an
algorithm that relies on the frequency of occurrencefor se-
lected terms in the anchored text around the links. A com-
parison between the proposed algorithm against the test-
bed one yields improved cache-hit rates given a moderate
bandwidth overhead. Furthermore, the precision of accu-
rately for the adaboost algorithm is proven to be superior
to the frequency-based opponent.
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1 Introduction

Due to the growing popularity of the World Wide Web
(WWW), the subsequent increase of the WWW related net-
work traffic, the size of the web pages as well as the explo-
sive use of multimedia material, for most internet users,
retrieval times for documents hosted in many of the web
servers are extremely high. The User Perceived Latency
(UPL) increases further when the user’s internet supplier
side is added to the above scheme. In that case, down-
loading times become a product of the connection speeds
from both the user’sInternet Service Provider (ISP) and the
backbone provider of the user’'s |SP. The carrying capacity
of the particular backbone provider and the affiliated ISP
varies widely with Web traffic volumes, but still, the prob-
lem continues to exist.

It is obvious that good response times have positive
effect in the user’s productivity and satisfaction. This satis-
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faction in the case of on-line transactions (e-commerce) is
crucial for the survival and the prosperity of any company
that relies on the Web for selling. It is shown that the “suc-
cess’ of aWeb vendor’'ssiteisrelated to thetimeit takesto
load its web pages. But its not only the on-line vendorsthat
benefit from fast connection times, rather any web site that
wants to retain and increase its popularity should address
sooner or later thisissue. A rather old but still useful study
conducted in 1999 from Zona Research Inc. provides evi-
dence that the average response varies from less than three
seconds for simple pages to about 12 seconds for transac-
tions, and more than 20 seconds for dial-up users[1]. Fur-
thermore, if a Web site takes more than eight seconds to
load, the user is much morelikely to become frustrated and
leave the site. Thisis an Internet legend which states that
“after eight seconds, visitors will abandon the site and se-
lect another competitor online destination”.

The UPL can be tackled down from the user’s side
without extra costs through the usage of the browser's
cache [2, 3]. In this solution the documents that are more
likely to be accessed are pre-fetched to the browser’s cache.
When a request takes place for one of these documents a
cache-hit occurs and it is not necessary for the client to
fetch them over the Internet, thus avoiding some portion of
the possible delays.

A crucid issue here is the effective prediction of the
next request and subsequently the modeling of the user ac-
tions 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, thereis no
bandwidth misuse. A difficulty emerging here is to deter-
mine the document that is more probable to be requested.
Unfortunately, since the probability of an accurate predic-
tion is amost 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.

This paper presents an algorithm that models the In-
ternet users behavior by relying in the textua content an-
chored around links. The followed links contain text that
captivates the user’'s interest. Therefore, it is justified to
assume that the user’s interest, which is reflected by the
profile, comprises of the text anchored around the followed



and non-followed links. After the creation of the user
profile, the gathered information can be employed by a
pre-fetching mechanism that is responsible for determining
which outbound links are more probable to be requested.
In doing so, when a new page needs to be validated all
the outbound links are extracted along with the text an-
chored around them. The anchored text along with the
user’s profile are exploited in computing weights for these
links. Subsequently, the algorithm retrieves a portion of the
linked documents according to the assigned weights.

In what follows, 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 Redated Work

Very useful overviews on caching and pre-fetching tech-
niques can be found in [4]. Data mining techniques have
also been used to extract patterns from Web logs [5, 6].
M oreover, the Prediction-by-Partial-Match (PPM) has also
been employed extensively in [7]. Furthermore, recom-
mendation 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 [8].
In [9] the server which gets to see requests from sev-
era clients makes predictions while individual clients ini-
tiate prefetching. A technique for prefetching composite-
multimedia rich pages by using partia prefetching is pre-
sented in [10]. Discrete Markovian techniques have been
applied on the history of Web page references to recognize
patternsin the activity of the use [11]. Pirolli and Pitkow in
[12] propose the usage of high order Markov Models and
n-gram modeling in order to predict the behaviour and fu-
ture actions of a user.

It must be noted here that the benefits of any caching
scheme are limited when the content of aweb server tends
to change very frequently. Furthermore there is no benefit
when the user is surfing randomly. In that case thereis a
waste of bandwidth which can be compensated by the fact
that the pre-fetched documents, if the client goesthough an
intermediate cache repository, may improve significantly
the performance of other clients that use the same proxy as
well. Findly, it must be noted here that the reduced UPL
might affect the user’s overall behaviour.

3 Prefetching algorithm: Some preliminary
definitions

Before proceeding to any pre-fetching actions the follow-
ing series of preprocessing steps are undertaken on the html
page currently displayed in the user’'s browser:

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

e Remova of links that definitely should not be pre-
fetched. That links comprises of pages which con-
tains time critical data and URLs that contains the
term “7?’. Moreover, pages aready in the cache either
froman earlier access or pre-fetch are also ignored ex-
cept when the content of a page needs to be refreshed.
Finaly, any dynamically generated pages are also ex-
cluded.

Let W(t) denote the set of web pages that the user
have visited until the time instant ¢t. Each individual web
page in the set W(t) contains an arbitrary set of outbound
links. Let £(t) = {11,12,...,1 ()} denote the set of all
the outbound links that comprise the web pages in the set
W(t) where | - | denotesthe cardinality of a set.

For each link and for the text anchored around it the
following text processing actions are performed:

e Removal of numbersand punctuation marks. The sole
punctuation mark left intact is the full stop. Thisis
donein order to provide a rough sentence delimiter.

e Stopping and stemming is performed using the well-
know Porter stemmer [13].

After thetext preprocessing, the resulted anchored text con-
tains probably a plethora of stems. In order to identify
which of the stems are correlated with the user’s prefer-
ences the so-called low-to-medium law 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 [14, 15]. The above implies
that the stems with high frequency are not informative re-
garding the actual content; they rather help in theformation
of the text inside the sentences and therefore can be elim-
inated. In the case under consideration the high-frequency
stems whose cumul ative probability equals 10% of thetotal
probability mass are eliminated [16].

Let B(t) = {b1,b2,...,b5) } denote the set of bi-
gramsthat comprise the anchored text around the link until
the timeinstant ¢ that survived the above thresholding pro-
cess. Each outbound link, 1; € L(t) is associated with a
set of bigrams drawn from the set 5(¢). For examplein the
link 1; correspondsthe set {bél), bz’z), s bl('“il)} where the
notion (-) denotes sampling from a set.

Findly, let K = {kn, = —1,k, = 1} denote the
label space, where k.., corresponds to a non-relevant or
non-visited outbound link and . correspondsto a relevant
link respectively. Each link in £(t) is labeled as either rel-
evant or not according to the time the user has spend in the
linked page. That is, if the user has“ stayed” in the ith page
more than a predefined time threshold ¢ ; then the page is
regarded as important to his preferences and therefore the
link that lead to this pageis labelled as relevant.

3.1 TheAdaboost algorithm

Let S (t) = {(l1, 51)), A2, 52)))s - -+ Lz Baeen))
denate the sequence of training exampleswherel S E(t)



and label x(;) € K. Let us assume that we are given a
set of real-valued functions, called weak learners, which
accept asinput asequence of training examplesfrom the set
L(t) andwill bedenotedby h1,--- ,hn (b : L(E) x K —
R,k e€{1,2,...,N}). Theadaboost algorithm studies the
problem of approximating the x ;) for each 1; using alinear
combination of the weak learners (training phase). That is,
it triesto find avector of predictorsa = [a1, a2, - ,an] €
IRN such that the function

N
fli, k@y) = Zakhk (Lis k() D
k=1

to be a“good approximation” of « (;. The previous can be
interpreted as follows:

sign (f(li, m(i))) = sign (/@(i))
or aternatively as:

abs (f(lq;,/@(i))) > abs (f(lq;,lC — {m(i)})) .

The absence of equality in the previous expression is ex-
plained by the need to be able to differentiate between the
two labels in K. Furthermore, Eq. (1) can be used in
labelling a new and unseen link, 1,,.,,, during the testing
phase. For example, the sign of the expression

sign (max(f(lnewa ﬁ?b?‘)v f(lneun "@T))) %)

isinterpreted asthe label to beassignedto1,,.,,. Moreover,
the magnitude:

abs (max(f (Lnew, fnr), f(lnews Kr))) ©)

will be interpreted as the confidence of the prediction for
the label given from Eq. (2).

Furthermore, let Dy = {df,d5,...,dJ; .} de
note a distribution, where d! = 1/|£(t)|,i € {1,2,...,
|£(t)|}, which corresponds to the importance that the ad-
aboost algorithm places on each instance of the sample
space S (t). On eachiteration k € {1,2,...,T} the distri-
bution Dy, is used to compute a weak hypothesis hj, over
the set S (¢). The weak classifier is trained with more em-
phasis on certain patterns, using a cost function weighted
by a probability distribution D ;. over thetraining data. The
idea behind adaboost is to modify the distribution D ;. over
S (t) inaway that will increase the probability mass of the
misclassified parts of the domain S (¢). In this case sam-
pling with replacement (using the probability distribution
D) can be used to approximate a weighted cost function.
Examples with high probability would then occur more of -
ten than those with low probability, while some examples
may not occur in the sample at all although their probabil -
ity is not zero. This will subsequently force the classifier
to concentrate on the misclassified training examples and
avoid misconceptionsin the future.

At the time instance k& + 1, through the usage of the
weak hypothesis hy, the boosting agorithm generates the

new distribution Dy, ; using the following

dﬁ+1 _ dfz exXp {_akﬁ(n)hk (lna H(n))} (4)
Zk11
where Z;.1 isanormalization factor equal to
[L(t)]
Ziyr =Y df exp(—axkyhi(li,5)))  (5)
=1
and ap € a.

3.1.1 Theweak hypothesis i,

In the case under consideration the weak hypotheses has
the form of a one-level decision tree. The test at the root
of the tree is a simple check for the presence or absence of
abigraminagivenset 1;. Let bfj) denote a bigram drawn
randomly from B(t). Using this bigram, a weak hypothe-
ses hy, will be introduced which makes a prediction of the
following form [17, 18]:

hk(lia /‘J(i)) - {COT Z-f bz(j) ¢ L and o= (6)
cir if b(j) €l; and K(i) = Kor
when thelink [; islabeled as relevant and
B (L ) = {C()nr Z.f b:(vj) ¢l and K@) = Knr
Clnr if b(’j) €l and K@y = Fnr
)

when it is labeled as non-relevant. In both the above ex-
pressions, we assign confidence values in both cases where
abigramis present or not in the set 1;. However, intuition
rules that we should not assign any confidence value when
abigramis not present (co, = conr = 0) [18].

The weak hypotheses h;, searches all the possible bi-
gramsin 5(t). Given abigram bz'j) let the set £(¢) be par-
titioned into two disjoint subsets £,, () wherem € {0, 1},
thet is, the sets Lo(t) = {ln|l, € L(t), b; ¢ 1.} and
L1(t) = {la[ln, € L(1), b, € 1,,}. For each bigram b,
and with the minimization of (D) in mind, the following
valueis calculated for each label

wr = 3 d [sien(e) =sign®)] ®
i:1i € Lon (1)

where g runsfor each availablelabel, b € {+1}, [#] equals
oneif 7 holds otherwiseit is equal to zero and finally,

Wl +1, if gth label was assigned to ith document
@ —1, otherwise
C)

Subsequently, the local extrema minimum values of 71
are achieved when:

1. (Wi
Clq (%) 2 In Tl ®) (20
2\

and since the second derivative is positive, meaning that
the minimum value for Z;; is achieved when the ¢, are
given by Eg. (10).




3.1.2 Prediction based on adaboost

After the training phase and when all the weak learners i,
have been computed the algorithm can proceed to antic-
ipate future user requests and pre-fetch some documents.
In doing so let us suppose that currently there is page dis-
played in the user’s browser. For each of the links in that
page we evaluate the probable label using Eqg. (2). For the
links that the sign is positive we estimate the confidence
of the prediction using Eq. (3). After this point the pre-
fetching mechanism can proceed and pre-fetch some of the
linked documents into the local cache.

3.2 Test-bed algorithm

The test-bed algorithm relies on the relative frequency of
occurrence for the bigrams forming the outbound links. In
doing so the anchored text around the visited and the non-
visited links are taken into consideration. For that purpose,
two counters of the frequencies of appearance are kept and
constantly maintained for the bigrams in both cases. The
first counter which will be denoted by v (b;) recordsthefre-
guency of appearance of the ith bigram in the visited links
while the second counter is denoted by m (b;) and corre-
sponds to non-visited case. Subsequently, the importance
of the ith bigram is given by:

w(i) = —— 2 (12)

where p is the total number of visited links and ¢ the num-
ber of non-visited links. The concept behind Eq. (11) is
that a bigram that frequently appears in links that were
clicked indicates some importance to the user whereas if
it appears in non-visited links signifies repulsion. For ex-
ample, given two bigrams b,y and b,y and the following
ﬁatiﬁicsv(b(l)) = 30, 'U(b(g)) = 16, m(b(l)) = 11,
m (b)) = 8, p = 105 and ¢ = 55 then the relative im-
portance for by isw(b1)) = 0.08571 whereas for b, it
isw(by) = 0.00692. That makes the first term far more
important according to the user’s past preferences and this
should be reflected by the wei ghting mechanism that is ap-
plied to new links.

So, the weight of the link according to the contribu-
tion of the bigramsaround it is:

Mnewl

T =" w(i). (12)

3.3 General remarks

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

o If thereisafast transition between web pagesthen the
viewed pages are not taken into consideration. Thisis

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(t)

e

I; (13)

where 8 corresponds to the total bandwidth available,
1 (t) isthe median operator over the time spend by the
user in each page, 1 (s) isthemedian operator over the
size of the visited web pages and finally |-| 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’sidle time. Dur-
ing 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 as-
signed toit, anew URL is assigned to it and so on.

e 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 alow the
browser to utilize the entire available bandwidth. For
bandwidth management and system resource utiliza-
tion the interested user can also consult [19].

4 Assessment of the pre-fetching capabilities

The comparison of the capabilities for pre-fetching algo-
rithms, particularly the content-based ones, poses up to a
degree some difficulties. All the evaluation techniquesrely
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. In the later
case, a problem that often emerges is that due to the dy-
namic 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 prime 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
activity for 10 volunteers has been gathered. The trace is
dividedinto two sets, atraining set which was used to build
the personalized profiles for the users and atest set which
was used in evaluating the performance of the proposed al-
gorithm.

4.1 Training set

Thetraining trace consists of nearly 102000 individual web
pages. After the processing of the trace, an individual user
profile was created for each of the volunteers and for each
of the proposed agorithms based solely on the web pages



that comprised his or her activities. The profiles created
in the training phase of the algorithm were exploited af-
terwards in the testing phase. In the testing phase each
volunteer was asked to use a custom-made GUI that re-
sembles 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 partic-
ular 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 accesslogs consisting of 12500
individual web pages was captured. Thistraceis employed
in a performance evaluation that relies on the cache-hit
ratio and the fractional latency reduction that the algo-
rithms achieve compared to the fractional network traffic
that might be caused to the network [20].

Cache-hit ratio is the ratio of pre-fetched pagesthat a
user reguested to all the pages the pre-fetch agent retrieved
and represents the accuracy of the prediction.

Fractional latency reduction is the ratio between the
decrease due to pre-fetching of the observed UPL without
a caching system from the UPL with a caching system to
the observed UPL without caching .

Fractional network traffic is the ratio between the
amount of bytes transmitted from aweb server to the user’s
client to the total number of bytes requested.

Figure 1 depicts the cache-hit ratio curves for each of
the pre-fetching algorithms. The in question figure depicts
the average cache-hit curvesfor all the volunteersin prede-
fined steps of the outbound links volume. From the figure
it isevident that all curveswill convergeto the same cache-
hit point when all the outbound links will be pre-fetched.
Thisisinevitable since the number of useful outbound links
is not afunction of the pre-fetching mechanism employed,
rather than the personal preferences of each user. Further-
more, the adaboost algorithm exhibits better performance
than its prime candidate in each pre-fetch volume, with a
maximum difference of 7.1% higher cache-hit rate which
isachieved at a 30% pre-fetch volume.

Finally, asit can be seenin Fig. 2(a), prefetching does
reduce network latency in al pre-fetch volumes whereas
the bandwidth overhead is more or less the samefor all the
algorithms (Fig. 2(b)). The latency is reduced from around
28% when only 10% of the links are retrieved to nearly
70% when 90% of the links have been pre-fetched. At the
sametime the prime candidate achieves similar but less sat-
isfactory results with a difference in the reduction of the
latency in the range from 28% to 67%.

5 Conclusions

In this paper we provided two novel transparent and spec-
ulative algorithms to model the user’s behavior when surf-

Cache-hit rate as a function of pre-fetch volume
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Figure 1. The average cache-hit ratio curves for each of
the four pre-fetching algorithms in predefined step of the
volume of pre-fetched outbound links.

ing the Internet. The proposed modeling algorithms are
based on the frequency of occurrence for selected bigrams
forming the visited web pages and a variant of the ad-
aboost algorithm. The user behaviour model is used for
the prediction of future actions. For the prediction of the
next link to be visited the algorithm uses the anchored text
around the outbound links and assigns weights to each of
these links. Following, the algorithms pre-fetch some of
the linked documents and stores them locally in a cache
in an effort to reduce the UPL. The proposed agorithms
has been tested against two other algorithms and demon-
strated superior performancein predicting the user’s future
reguests in the cache-hit ratio while dightly increasing the
bandwidth overhead.
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