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Abstract — Estimating the average time
betweenchangesto objects on the Web has
many applications including  content
distribution networks, search engines, web
site  monitoring and measuring web
dynamics. This paper provides formulas for
estimating average object change interval
and efficient visit schedulingalgorithms. We
show that the models developed are more
accurate and produce less server and
network load than previously devised
techniques.

I.  INTRODUCTION

This papercontributesefficient methodsfor a robot on

the Web to estimate the average changeinterval of

objects. We developed these techniquesfor use in

reasearcton the relationshipdetweeran object'schange
interval and its ability to be cachedin a content
distributionnetwork,but theyarealsoapplicableto other
areassuchassearchengines,remotefile backupsystems
anddatawarehousesFor example[1] and[2] showthat
if a searchengineis able to accurately estimate an

object'saveragechangeintervalthenit cankeepmore of

its index up to date.

By improving on previously studied formulas and
devising efficient visit schedulingalgorithms, we have
developednodelsthaton averagauselessbandwidthand
aremoreaccurateahan previouslypublishedmodels. No
previousestimatef averageobject changeinterval are
assumedndthe modelhandlesobjectsthatdo not report
the date of last change.

Whenestimatinga web object'saveragechangeinterval,
a number of constraints are involved:

« It is nearimpossibleto obtain a complete change
history of an object

« Many web serversdo not provide the time of last
change.

« Samplingobjectstoo frequently placesunacceptable
load on servers and Internet links

« It maybeimpracticalto sampleovera long period of
time such as many years

Our modelsaim to achieveaccurateresultswithin these
constraints while minimising network traffic.

Table 1 introduces the terminology used in this paper.

change intervdg

Ichanges. (An object'srate of change is
the inverse of its average change intery

Term Definition
Web object |Any item that can be accessedusing
HTTP
Visit A HTTP request to retrieve a web object
Visit The procesf determiningthe nexttime
scheduling that an object should be visited
Change Any variationin anobject'sresponsédody
— we ignore changesn responseneaders
as some of these(e.g. Date header)are
designed to change for every response
Detected A changethat is observedby the robot
change visiting the object before the next change
Undetected |A changethatis not observeddueto the
change object changing again before the next visit
Averageobject| The averagetime between an object's

al)

Estimated
average
change interval

Averagechangenterval calculatedby the
robot after visiting an object

Visit interval | Thetime betweerntwo visits (for example
1 day)

Sampling The time betweenthe first visit and the

period last visit (for example, 4 months)

Last-modified | Datain the HTTP responseheadergthat

date indicate the last time an object changed
(not provided for all objects)
Object age The amountof time since an object last

changed

Table 1. Terminology

Il. ReLatep Work

Web robot scheduling has been explored in various
papers. [1] discussesrobot scheduling policies that
minimize a cost function basedon the fraction of time
that pagesin an index are out-of-date. [2] focuseson
optimal robot schedulingin searchenginesbasedon
freshnesandagemetrics. Our studydiffers from these
papers in that our focus is estimating change intervals.

Formulasfor estimatingfrequencyof changeg(the inverse
of the averagechangeinterval) were developedin [3].

This paperextendsthoseformulasby makingthem less
susceptibleo irregular visit intervalsand more accurate
when estimatingaveragechangeintervals. [4] provides
alternativeextensionsto the formulasin [3], but these



formulas require very intensive computations and their
accuracy is unknown.

Scheduling based on sampling of related documents is
discussed in [5], but for our studies we assumed that the
objects of interest were a broad range of unrelated URLS
where such amethod cannot be used.

I1l.MeTHOD

The formulas and scheduling algorithms covered in this
paper were tested using a web object simulation [6] to
allow the comparison of actual (simulated) object change
intervals to those estimated under various conditions.
Many papers including [2] and [3] have shown that web
object changes can be accurately modeled as a Poisson
process and hence the simulator modeled the time
between changes using a negative-exponential model. (In
a Poisson process the time between events can be
modeled using a negative-exponential distribution.) The
simulator was able to simulate documents both with and
without last-modified date.

To evaluate our models we examine six scenarios, as
detailed in Table 2. Scenarios 1 and 3 use a fixed visit
interval with the estimation formulas suggested in [3].
We then compare these results to those obtained using
our formulas (Scenarios 2, 3, 5 and 6) and our scheduling

algorithms (Scenarios 3 and 6).

Last-Modified | Estimation Visit

Provided? Formula I nterval

Scenario 1 Yes See[3] 24 hours
Scenario 2 Yes See Section V' | 24 hours
Scenario 3 Yes See SectionV  |Variable
Scenario 4 No See[3] 24 hours
Scenario 5 No See Section VI | 24 hours
Scenario 6 No See Section VI |Variable

Table 2. Smulated scenarios

We assess the accuracy and efficiency of our models
using three metrics:

+ Bias— The ratio of the mean estimate and the actual
value of an object's average change interval. ldeally
this ratio is 1 (i.e. the mean estimate and the actual
value are the same), making the estimate unbiased.

« Standard Deviation — A measure of the typical
difference between individual estimates and the mean
estimate. ldeally the standard deviation is very low
indicating that most estimates are very close to the
mean estimate.

« Visits per Object — The number of visits required to
make the estimate. Fewer visits will generally result
in lower network and server load.

IV.ResuLTs
Figures 1a, 1b and 1c illustrate the bias, standard

deviation and visits per object for each of the six
scenarios described in Table 2. Where two different

scenarios produced similar results there plots have been
combined for clarity.
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Figure la. Ratios of mean estimates to actual average
change intervals to illustrate bias. Note the small range
used on the Y-axisto add clarity.
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Figure 1b. Sandard deviation of estimates
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The results show that comparedto previous work

(scenarios1 and 4) the formulas and scheduling
algorithmswe have developedgenerallyachieveresults
with low biasandstandardieviationwhile makingfewer
visits than using a fixed visit interval. In the following

two sectionswe examinethe formulas and scheduling
algorithms that we have developedand discussthese
results in more detail.

V.Estimating Osiect LireTive WitH LasT-Mobiriep DaTe

An intuitive estimator of an object's averagechange
interval can be defined as:

sampling Feriod

avgThangeterval =
changes

(D

However,this formula producesa large bias unlessthe

visit interval is much shorterthan the averagechange
interval as it doesnot accountfor undetectedchanges
(see [3]).

In a Poissonprocessthe expectedtime to the previous
event is equal to the expectedtime betweenevents.
Hencea more accurateestimatorof an object'saverage
changdnterval is to usethe meanof the objectagesover
all visits:

fotald
avgThginterval = K b

)

The ageof an objectis the differencebetweenthe last-
modified date and the date that it was retrieved.
total Ages is the sum of the agesover all visits. visitsis
the number of times the object was visited.

Visits

[3] statesthat using this approachfor estimating an
object'srate of changeintroducesbias when the visit
intervalis muchsmallerthanthe object'saveragechange
interval. Our simulations indicated that the bias was
causeddy theinversionof the averagechangeinterval to
calculaterate of change. When the estimatesare not
inverted they provide an unbiased estimator of an
object's average change interval (providing that a
constant visit interval is used).

The problemwith a constantvisit intervaliis that visiting
an object far more frequently than it changesdoesnot
increasethe accuracyof the results and hencecreates
unnecessarynetwork and server load. If we had an
estimateof an object'saveragechangenterval beforewe
started sampling then we could use this to select an
optimal visit interval, but often this information is not
available.

The generalapproachusedto overcometheseproblems
was to construct an estimate of an object's average
changeinterval after eachvisit basedon all the visits to-

date and then use this estimate to determine the
appropriate timing for the next visit.

Listing 1 shows the visit scheduling algorithm we
developedfor objectswith a last-modified date. The
algorithm does not require a prior estimateof average
changeinterval and avoids unnecessarilyrequentvisits.

After each visit chgintervalEstis set to the current
estimate of the object's average change interval and
numChangess setto the numberof detectedchanges.
Next the getNextintervalfunctionis calledandit returns

the amount of time to wait before visiting an object again.
Thefunction canalsoreturn-1 to indicatethatthe object
should not be visited again.

functi on get NextlInterval ()
i f (nunmChanges >= MAX_CHANGES)
return -1;

= TARGET_I| NTERVAL;
< chgl nt erval Est/ MAX_RATI O

nt er val
f (interval

{
interval = chgl nterval Est/ MAX_RATI O
}

}
!
i
r

eturn interval;

Listing 1. Algorithm to calculatevisit intervalfor objectswith
a last-modified date.

The all upper-caseidentifiers are constantparameters.
The resultsshownin Figure 1 were obtainedusing the
parameter values shown below in Table 3.

MAX_CHANGES 100
TARGET_INTERVAL 1 day

MAX_RATIO 5

Table 3 — Exampleparametergor schedulingvisits to objects
with a last-modified date

Using this schedulingalgorithm did introduce a small

amountof bias (betweenl% and10%) for objectswith

an averagechangeinterval of morethan7 days dueto

variancein the accessintervals. However, Figure 1c

shows that this algorithm substantially reduces the
numberof visits to objectswith a long averagechange
intervalcomparedo afixed 24 hourvisit interval. The
standard deviation observed was very similar to a
constant 24 hour visit interval.

As shownin figure 1b, The standarddeviation of the
estimateggrows quite large for objectswith a relatively
long averagechangeinterval, regardlessof the visit
schedulingused. For example the standarddeviationis
39% for objectswith an averagechangeinterval of 10
days. This varianceis dueto the relatively few changes
that can be observedduring the sampling period — an
object with an averagechangeinterval of 10 days will
only changean averageof 12 times during a 120 day
samplingperiod andthe intervalsbetweenthesechanges
canvary significantly from the averagechangeinterval,
making the variancein the results unavoidable. The
affect of the high standarddeviationis that individual
estimatesannotbe considerediccurateput astheresults
are unbiasedtrendsfor a large group of objectscan be
identified.

VI.EsTimaTing Osiect LireTive WitHouTt LAasT-MobirieD
Date

When the last-modified value was not provided for an
object(or could not be consideredccuratee could not



calculate an object's age with sufficient accuracy to apply
the estimator previously discussed.

The estimator presented in [3] performs poorly when
using a variable visit interval and using a fixed visit
interval isinefficient unlesswe already have an estimated
average change interval.

[4] presents an alternative estimator that does not assume
fixed visit intervals, but this estimator cannot be quickly
computed for alarge number of documents and as such it
is not scalable.

We have modified the estimator in [3] to reduce the bias
caused by irregular access. Our new estimator is shown
below.

e samplingPeriod — fotalUnchanged Time

changes
Detectionint ]
avgChghterval’ = avglDetectioninierva
samplingFariod
total Unchanged Time
avgChglnierval = avglhghiavol

- avgChgltaval’
sammpling Period

3

totalUnchangedTimeés the total of the visit intervals

during which the object does not change.

avgChangelntervalis an initial estimate of the average

change interval that exhibits bias as the estimate

approaches the sampling period due to the distribution of

the estimates. avgChangelntervalcan be inverted to

obtain an unbiased estimate of the average rate of change.

The final formula corrects the bias in avgChangelnterval'
for estimating the average change interval.

This estimator is most accurate when the visit interval is
close to the object's average change interval, so we base
our scheduling algorithm on a function that uses an
estimate of the object's average change interval from
previous visits as the next visit interval. However, this
introduces a number of issues that must aso be addressed
in our scheduling algorithm:

*  Weneed alower limit on the visit interval so that we
do not overload the network or the server by using
very short visit intervals

*  We need to stop sampling once a certain number of
changes have been detected — otherwise objects that
have a very short average change interval will
consume excessive resources

« Some objects should be visited more frequently to
ensure that a sufficiently large number of visits are
made during the sampling period. For example, if an
object has an average change interval of 3 days and
we were using a sampling period of 120 days then
visiting it once every 2 days provides additiona
accuracy over visiting it once every 3 days.

Listing 2 shows the algorithm developed for use where
the last-modified date is not available. The function is

called in the same way as the function used where the
last-modified date is available.

functi on get NextlInterval ()

i f (nunmChanges >= MAX_CHANGES)
{

return -1;

interval = chglnterval Est;
> SOFT_MAX_| NTERVAL)

= SOFT_MAX_| NTERVAL;

if (interval
i nterval

if (interval <
chgl nt erval Est / MAX_RATI O

interval = chgl nterval Est/ MAX_RATI G,

}
}

if (interval <= M N_I NTERVAL)

return M N_I NTERVAL;
el se

return interval;

}
}

Listing 2. Algorithmto calculatevisit interval for objects
without a last-modified date.

Table 4 shows a set of parameters for use with a 120 day
sampling period that are able to match the accuracy of a
fixed visit interval, but over a greater range of average
change intervals and making less visits per document in
many cases.

MAX_CHANGES 100

SOFT_MAX_INTERVAL 2 days
MAX_RATIO 3
MIN_INTERVAL

10 minutes

Table 4. Example parametersfor schedulingvisits to
objects without a last-modified date

Figure 1 shows that compared to visiting objects once
every 24 hours (scenario 5), the adaptive scheduling
algorithm (scenario 6) greatly increases the range of
change intervals where bias and standard deviation are
acceptably low. This algorithm produces reasonably
accurate results for objects with an average change
interval of half the minimum visit interval. For example,
objects with an average change interval of 5 minutes
produce estimates that are 0.85% biased and have a
standard deviation of 11.7%. This is a definite
improvement over a fixed 24 hour visit interval which
only achieves bias of less than 1% when the average
change interval exceeds approximately 9 hours.

The estimates also become biased as the object's average
change interval approaches the sampling period. For
example, the estimates are more than 5% bias in scenario
6 when the average change interval is more than 40 days.
This is because without a last-modified date it is not



possible to make estimates that are larger than the
sampling period and hence as the probability of an object
remaining unchanged for the duration of the sampling
period increases, the bias also increases. This highlights
the need to use a sampling period of at least three times
the object's average change interval (or longer still if low
standard deviation is also important).

VII.NeETwork AND SERVER LoAD

It is important to consider the impact of our visit
scheduling algorithms on network and server loads.
Many previous studies have visited objects once per day.
Figure 1c compares the visits per object for our
scheduling algorithms to a fixed 24 hour visit interval. It
can be seen that in most cases the adaptive visit
scheduling algorithms produce less visits per object. In
[7] it is estimated that the average age of an object on the
web is 62 days (approximately 90,000 minutes) — at this
level both the adaptive visit scheduling a gorithms result
in a significant bandwidth saving of at least 75%
compared to daily visit scheduling.

One drawback of using the adaptive visit interval when

the last-modified date is not available is that the average
visit interval is short at the start of the sampling period
and this may cause additional network and server load
during this time. However, in most cases the overal
network and server load will be less as longer visit
intervals are used later in the sampling period.

VIII.Future Work

The agorithms described in this paper have not been
verified with real data — they rely on simulations of a
Poisson process which has been shown by others to be a
reasonable model for object changes on the Internet.
Practical verification of these algorithms is important, but
will take months and many gigabytes of bandwidth to
complete. Furthermore it would be useful to analyse the
performance of these agorithms for objects whose
changes cannot be modeled by a Poisson process — for
example objects that change at the same time each day.

HTTP/1.1 provides a number of features that can be used
to reduce the network and server load. Two of the most
useful are conditional requests, which allow a client to
request a document if it has changed since it was last

retrieved, and content compression. These features are
optional and hence are not supported for all objects, but
they provide significant benefits when they can be used.
Using these features to reduce network and server load is
not explored in this paper, but the extent of their
availability and usefulness to change interval estimation
could be the subject of future work.

IX. ConcLusion

Estimates of average object change interval exhibit a high
variance when few changes occur during the sampling
period. Hence it is critical to use a sampling period that
is much longer than the change intervals being measured
when results for indvidiual objects are important. Trends
in a large number of documents can be accurately
identified, although the distribution of the results tends to
be smoother than the true data due to high standard
deviation of the estimates. These limitations are
primarily due to the variance in input data and we believe
that they are unavoidable.

When a suitably long sampling interval is used the
formulas and scheduling algorithms we have developed
can give results that are more accurate than those
presented previously while placing significantly less load
on the server and network links. These results can
provide benefits to a range of applications including
content distribution networks, search engines, web site
monitoring and measuring web dynamics
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