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Abstract. Document caching on is usedto improve Web performance.
An e cien t cadhing policy keepspopular documents in the cache and
replacesrarely usedones. The latest web cade replacemert policies in-
corporate the document size, frequency, and agein the decision process.
The recertly-prop osedand very popular Greedy-Dual-Size (GDS) policy
is based on document size and has an elegart aging mechanism. Simi-
larly, the Greedy-Dual-Frequency (GDF) policy takesinto accourt le

frequency and exploits the aging mechanism to deal with cache pollution.

The e ciency of a cache replacemert policy can be evaluated along two
popular metrics: le hit ratio and byte hit ratio. Using four di eren t web
sener logs, we show that GDS-lik e replacemert policies emphasizing size
yield the best le hit ratio but typically show poor byte hit ratio, while
GDF-lik e replacemert policies emphasizing frequency have better byte
hit ratio but result in worse le hit ratio. In this paper, we propose a
generalization of Greedy-Dual-Frequency-Sizepolicy which allows to bal-
ance the emphasison size vs. frequency. We perform a sensitivity study

to derive the impact of size and frequency on le and byte hit ratio,

identifying parameters that aim at optimizing both metrics.

1 Intro duction

Many replacemen policies for web caches have beenproposed|[1,3{9]. Someof
them are quite simple and easyto implemernt, while othersare heavily parametrized
or have aspectsthat do not allow for an e cien t implementation (thusthey can
exhibit good results that serwe as theoretical bounds on the best practically
achievable performance). Two essetial features distinguish web cacdiing from
convertional caching in the computer systems:(i) the HTTP protocol supports
whole le transfers, thus a web cace can satisfy a requestonly if the ertire le
is cached, and (ii) documerts stored in a web cade are of di erent sizes,while
CPU and disk cachesdeal with uniform-size pages.

One key to good web cache performanceis an e cien t cade replacemert
policy to determine which les should be removed from cace to store newly
requesteddocumerts. Further improvemerts can be achieved when suc a policy
is combined with a decisionabout whether a documert is worth cading at all.

A very good survey of currently-known replacemen policies for web docu-
mernts can be found in [4], which surveysten di erent policies,commeris on their



e ciency and implementation details, and proposesa new algorithm, Greedy-
Dual-Size (GDS), as a solution for the web proxy replacemen strategy. The
GDS policy incorporates documert size, cost, and an elegart aging mecanism
in the decision process,and shows superior performance comparedto previous
caching policies. In [1], the GDS policy was extended, taking into consideration
the documern frequency resulting in the Greedy-Dual-Frequency (GDF) pol-
icy, which considersa documert's frequency plus the aging medanism, and the
Greedy-Dual-Frequency-Size(GDFS), which also considersa documert's size.

The typical measureof web cache e ciency is the (le) hit ratio: the fraction
of times (over all accessesthe le was found in the cade. Since les are of
di erent size,a complemenary metric is alsoimportant, the byte hit ratio: the
fraction of \bytes" returned from the cacte among all the bytes accessedThe
le hit ratio strongly a ects the responsetime of a \t ypical" le, sincerequest
corresponding to a le missrequire substartially more time to be satis ed. The
byte miss also a ects the responsetime as well, in particular that of \large"
les, sincethe time to satisfy such a requesthasa componert that is essetially
linear in the sizeof the le; furthermore, a large byte miss ratio also indicates
the needfor a larger bandwidth betweencade and permanen le repository.

The interesting outcome of paper [1] was that, while GDFS achieves the
best le hit ratio, it yields a modest byte hit ratio. Conversely GDF results
in the best byte hit ratio at the price of a worse le hit ratio. The natural
questionto askis then how the emphasison documert sizeor frequency(and the
related aging mechanism) impact the performanceof the replacemen policy: do
\in termediate" replacemen policies exist that take into accourt size,frequency
and aging, and optimize both metrics? In this paper, we partially answer this
questionin a positive way by proposing a generalization of GDFS, which allows
to emphasize(or de-emphasize}he size,frequency or both parameters.Through
a sensitivity study, we derive the impact of size and frequency on the le and
byte hit ratio.

We intentionally leave unspeci ed the possiblelocation of the cade: at the
client, at the sener, or at the network. The workload traces for our simulations
come from four dierent popular web sites. We try to exploit the speci c web
workload featuresto derive generalobsenations about the role of documert size,
frequency and related aging medanism in web cace replacemen policies. We
usetrace-driven simulation to evaluate thesee ects.

The results from our simulation study show that de-emphasizingthe impact
of sizein GDF leadsto a family of replacemen policies with excellert perfor-
mancein terms of both le and and byte hit ratio, while emphasizingdocumert
frequency has a similar (but weaker, and more workload-sensitive) impact.

2 Related work and Background

The original Greedy-Dual algorithm introduced by Young [10] deals with the
casewhen pagesin a cadhe (memory) have the samesizebut have di erent costs
to fetch them from secondarystorage. The algorithm asswiates a \value" Hy
with ead caded pagep. When pis rst brought into the cade, H,, is de ned
asthe non-negative cost to fetch it. When a replacemen needsto be made, the



pagep with the lowestvalue H = min,fH,g is removed from the cade, and
any other pagep in the cade reducesits value H, by H . If a pagep is accessed
again, its current value H, is restored to the original cost of fetching it. Thus,
the value of a recertly-accessedpageretains a larger fraction of its original cost
comparedto pagesthat have not beenaccessedor a long time; also, the pages
with the lowest values, hencemost likely to be replaced, are either those \least
expensiw" onesto bring into the cade or those that have not been accessed
for a long time. This algorithm can be e cien tly implemented using a priority
queueand keepingthe o set value for future settings of H via a Clock parameter
(aging medianism), as Section 3 describesin detail.

Sinceweb cading is concernedwith storing documerts of di erent size,Cao
and Irani [4] extendedthe Greedy-Dual algorithm to deal with variable sizedoc-
umernts by setting H to cost/size where cost is, as before, the cost of fetching
the documert while sizeis the size of the documert in bytes, resulting in the
Greedy-Dual-Size(GDS) algorithm. If the cost function for eady documert is set
uniformly to one, larger documerts have a smaller initial H value than smaller
ones,and are likely to be replacedif they are not referencedagain in the near
future. This maximizesthe le hit ratio, as, for this measure,it is always prefer-
able to free a given amourt of spaceby replacing one large documert (and miss
this one documert if it is referencedagain) than many small documerts (and
miss many of those documerts when they are requestedagain). From now on,
we usea constart cost function of one and concerirate on the role of documert
size and frequencyin optimizing the replacemen policy.

GDS does have one shortcoming: it does not take into accourt how many
times a documert has beenaccessedn the past. For example, let us consider
how GDS handleshit and missfor two di erent documerts p and g of the same
sizes. When these documerts are initially brought into the cade they receivwe
the samevalue H, = Hqy = 1=s, evenif p might have been accessed times
in the past, while g might have been accessedor a rst time; in a worst-case
scenariop could then be replaced next, instead of g. In [1], the GDS algorithm
wasre ned to re ect le accesgatterns and incorporate le frequencycourt in
the computation of the initial value:H = frequency=size. This policy is calledthe
Greedy-Dual-Frequency-Size(GDFS) algorithm. Another important derivation
related to intro ducing the frequencycourt in combination with GDS policy is the
direct extension of the original Greedy-Dual algorithm with a frequency court:
H = frequency. This policy is called Greedy-Dual-Frequency (GDF) algorithm.

Often, a high le hit ratio is preferable becauset allows a greater number of
clients requeststo be satis ed out of cache and minimizes the averagerequest
latency. However, it is also desirable to minimize the disk accesse®r outside
network trac, thus it is important that the cading policy results in a high
byte hit ratio aswell. In fact, we will show that thesetwo metrics are somewhat
in contrast and that it is di cult for one strategy to maximize both.

3 GDFS Cache Replacement Policy: Formal De nition

We now formally describe the GDFS algorithm (and its special cases,GDS and
GDF). We assumethat the cade has size Total bytes, and that Usel bytes



(initially 0) are already in useto store les. With ead le f in the cade we
assaiate a \frequency" Fr(f) courting how many times f was accessedsince
the last time it entered the cache. We also maintain a priorit y queuefor the les
in the cache. When a le f is insertedinto this queue,it is given priority Pr(f)
computed in the following way:

Pr(f) = Clock+ Fr(f )=Size(f) 1)

where Clock is a running queue\clo ck” that starts at 0 and is updated, for eat
replaced(evicted) le feyicted , tO its priority in the queue,Pr(f evicteq ); Fr(f) is
the frequency count of le f, initialized to 1 if a requestfor f is a miss (i.e., f
is not in the cade), and incremerted by one if a requestfor f results in a hit
(i.e., f is presert in the cadhe); and Size(f ) is the le size,in bytes. Now, let us
describe the caching policy as a whole, when le f is requested.

1. If the requestfor f is a hit, f is served out of cache and:

{ Usd and Clock do not change.

{ Fr(f) is increasedby one.

{ Pr(f) is updated using Eqg. 1 and f is moved accordingly in the queue.
2. If the requestfor f is a miss, we needto decidewhether to cache f or not:

{ Fr(f) is setto one.

{ Pr(f) is computed using Eq. 1 and f is enqueuedaccordingly.

{ Usdl is increasedby Size(f).

Then, one of the following two situations takesplace:
{ If Used Total, le f is caded, and this completesthe updates.
{ If Used > Total, not all les t in the cace. First, we identify the

smallestsetffq;f,; . :;frgof les to evict, which havethe lowest priorit y
and satisfy Usel ikzl Size(f;) Total. Then:
(@) If f isnot amongfq;fo;:::;fy:

i. Clockis setto max__Pr(f;).
ii. Usel is decreasedby :‘:1 Size(fi).
iii. fq;fo;:::;f¢ are evicted.

moved from the priority queue,while noneof the les already in the
cadeis evicted. This happenswhenthe value of Pr(f ) is solow that
it would put f (if cached) amongthe rst candidatesfor replacemer,
e.g., when the le sizeis very large { thus the proposedprocedure
will automatically limit the caseswhen such les are cadched.

We note that the above description appliesalsoto the GDS and GDF policies,
exceptthat, in GDS, there is no needto keeptrack of the frequencyFr (f ) while,
in the GDF policy, we usethe constart 1 instead of Size(f ) in Eq. 1.

Let us now considersomeproperties of GDFS. Among documerts with sim-
ilar sizeand age(in the cade), the more frequert oneshave a larger key, thus a
better chanceto remain in a cache, comparedwith thoserarely accessedAmong
documerts with similar frequency and age, the smaller oneshave a larger key
comparedto the large ones,thus GDFS tends to replacelarge documerts rst,



to minimize the number of evicted documents, and thus maximize the le hit
ratio. The value of Clock increasesmonotonically (any time a documert is re-
placed). Sincethe priority of les that have not beenaccessedor a long time
was computed with an old (hence smaller) value of Clock, at some point, the
Clock value gets high enoughthat any new documert is inserted behind these
\long-time-not-accessed" les, even if they have a high frequency court, thus it
can causetheir eviction. This \aging" medanism avoids \w eb cace pollution”.

4 Data Collection Sites

In our simulation study, we usedfour accesdogs from very di erent seners:
HP WebHosting site (WH) , which provides serviceto internal customers.
Our logs cover a four-month period, from April to July, 1999.For our analysis,
we chosethe month of May, which represens well the speci cs of the site.
OpenView site (www.op enview.hp.com, OV), which provides complete
coverageon OpenView solutions from HP: product descriptions, white papers,
demosillustrating products usage, software padkages, businessrelated everts,
etc. The log covers a duration of 2.5 months, from the end of November, 1999
to the middle of February, 2000.
External HPLabs site (www.hpl.hp.com, HPL) , which provides informa-
tion about the HP Laboratories, current projects, researt directions, and job
openings. It also provides accesgo an archive of published HPLabs researt re-
ports and hosts a collection of personalweb pages.The accesdog was collected
during February, 2000.
HP site (www.hp.com, HPC) , which provides diverse information about
HP: HP businessnews, major HP ewerts, detailed coverage of the most soft-
ware and hardware products, and the pressrelated news. The accesdog covers
a few hours® during February, 2000,and is a composition of multiple accesdogs
collected on seweral web seners supporting the HP.com site (sorted by time).
The accesslog records information about all the requestsprocessedby the
serer. Each line from the accesdog describes a single requestfor a documernt
(le), specifying the name of the host machine making the request, the time the
requestwas made, the lename of the requesteddocumert, and sizein bytes of
the reply. The entry alsoprovidesthe information about the sener's responseto
this request. Sincethe suaessfulresponseswith code 200 are responsible for all
of the documerts (les) transferred by the server, we concerirate our analysis
only on those responses.The following table summarizesthe characteristics of
the reducedaccesdogs:

Log Characteristics WH ov HPL HPC

Duration 1 month |2.5 months| 1 month | few hours
Number of Requests 952,300 3,423,2251,877,49014,825,457
Combined Size, or Working Set (MB) 865.8 5,970.8 1,607.1 4,396.2
Total Bytes Transferred (GB) 21.3 1,079.0 43.3 72.3
Number of Unique Files 17,489 10,253 21,651 114,388

The four accesslogs correspond to very di erent workloads. WH, OV, and
HPL had somewhatcomparable number of requests(if normalized per month),

1 As this is business-sensiti\e data, we cannot be more Speci c.



while HPC had three orders of magnitude heavier trac. If we compare the
characteristics of OV and HPC, there is a drastic di erence in the number of
accessedles and their cumulativ e sizes(working sets). OV's working setis the
largest of the four sites considered,while its le set (number of accessedles)
is the smallest one: it is more than 10 times smaller than the number of les
accessedn HPC. In spite of comparable number of requests (normalized per
month) for WH, OV, and HPL, the amount of bytes transferred by OV is almost
20times greater than for WH and HPL, but still an order of magnitude lessthan
the bytes transferred by HPC.

5 Basic Simulation Results

We now present a comparison of Least-Recently-Used (LRU), GDS, GDFS and
GDF on a trace-driven simulation using our accesdogs. Fig. 1 comparesGDS,
GDFS, GDF and LRU accordingto both le and byte missratio (a lower line on
the graph correspondsto a policy with better performance). On the X-axis, we
usethe cade sizeas a percertage of the trace's working set. This normalization
helpsto comparethe cading policies performanceover di erent traces.

The rst interesting obsenation is how consistent the results are acrossall
four traces. GDFS and GDS shaw the best le missratio, signi cantly outper-
forming GDF and LRU for this metric. Howewer, when consideringthe byte miss
ratio, GDS performs much worsethan either GDF or LRU. The explanation is
that large les arealways\rst victims" for eviction, and Clock is advancedvery
slowly, sothat even if a large le is accessedn a regular basis, it is likely to
be repeatedly evicted and reinserted in the priority queue.GDFS incorporates
the frequency count in its decision making, so popular large les have a better
chanceof remaining in the queuewithout beingevicted very frequertly. Incorpo-
rating the frequencyin the formula for the priority has also another interesting
side e ect: the Clock is now advancedfaster, thus recertly-accessed les are in-
serted further away from the beginning of the priority queue, speeding-up the
eviction of \long time not accessed"les. GDFS demonstratessubstartially im-
proved byte missratio comparedto GDS acrossall traces except HPL, where
the improvemert is minor.

LRU replacesthe least recertly requested le. This traditional policy is the
most often used in practice and has worked well for CPU caces and virtual
memory systems.However it doesnot work aswell for web cachesbecauseweb
workloads exhibit di erent trac pattern: webworkloads have a very small tem-
poral locality, and a large portion of web trac is dueto \one-timers" | les
accessedonce. GDF incorporates frequency in the decision making, trying to
keepmore popular les and replacing the rarely usedones,while les with sim-
ilar frequencyare ordered accordingly to their age.The Clock is advancedmuch
faster, helping with the eviction of \long time not accessed"les. However, GDF
doesnot take into account the le sizeand resultsin a higher le miss penalty.
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Fig. 1. File and byte missratio as a function of cade size (in % of the working set).

6 Generalized GDFS Policy and Its Simulation Results

The Clock in GDFS is updated for ead evicted le fgyicteq t0 the priorit y of this
le, Pr(fevicted )- In such a way, the clock increasesmonotonically, but at a very
slow pace. Devising a faster increasing clock medanism leadsto a replacemer
strategy with features closerto LRU, i.e., the strategy where age has greater
impact than sizeand frequency An analogousreasoningappliesto Size(f) and
Fr(f): if oneusesFr(f)? instead of Fr(f), the impact of frequencyis stressed
more than that of size;if one useslog(Size(f)) instead of Size(f ), the impact
of sizeis stressedlessthan that of frequency
With this ideain mind, we proposea generalization of GDFS (g-GDFS),

Pr(f) = Clock+ Fr(f) =Size(f) )

where and are rational numbers. Setting or above one emphasizeshe
role of the correspndert parameter; setting it below one de-emphasizest.



Impact of Emphasizing Frequency in g-GDFS. Introducing frequencyin
GDS had a strong positive impact on byte miss ratio and an additional slight
improvemen in the already excellert le missratio demonstrated by GDS. Led
by this obsenation, we would like to understand whether g-GDFS can further
improve performanceby increasingthe impact of the le frequencyover le size
in Eq. 2, for example setting = 2;5;10. Fig. 2 shavs a comparison of GDF,
GDFS, and g-GDFS with = 2;5;10 (and = 1). The simulation shaws that,
indeed, the additional emphasison the frequencyparameterin g-GDFS improves
the byte missratio (except for HPL, for which we already obsened in Section5
very small improvemerts due to the introduction of the frequency parameter).
Howevwer, the improvemerts in the byte missratio comeat the price of a worse
le hit ratio. Clearly, the idea of having a di erent impact for frequencyand size
is sound, however, frequencyis dynamic parameter that can changesigni cantly
over time. Special care should be takento prevert Fr(f) from overow in the
priority computation. As we can see,the impact is workload dependert.

Impact of Deemphasizing Size in g-GDFS The question is then whether
we can adhieve better results by de-emphasizingthe role of size against that of
frequencyinstead. If this hypothesisleadsto good results, an additional bene t is
easeof implementation, sincethe le sizeis a constart parameter(per le), unlike
the dynamic frequency court. We then considerg-GDFS where we decreasehe
impact of size over frequencyin Eqg. 2, by using = 0:1;0:3;0:55 (and = 1),
and compare it with GDF and GDFS, in Fig. 3. The simulation results fully
support our expectations: indeed, the decreasedmpact of le sizeparameterin
g-GDFS improvessigni cantly the byte missratio (and, at last, also for HPL).
For example,g-GDFS with = 0:3 hasa byte missratio almost equalto that of
GDF, while its le missratio is improved two-to-three times comparedto GDF.
The g-GDFS policy with decreasedmpact of le size parameter shows closeto
perfect performanceunder both metrics: le missratio and byte missratio.

7 Conclusion and Future Work

Weintro ducedthe generalizedGreedy-Dual-Size-Fequencycading policy aimed
at maximizing both le and byte hit ratios in web cades. The g-GDFS policy
incorporatesin a simple way the most important characteristics of each le: size,
le accesdrequency and age (time of the last access).Using four di erent web
sener logs, we studied the e ect of size and frequency (and the related aging
medanism) on the performanceof web cadcing policies. The simulation results
show that GDS-like replacemen policies emphasizingthe documert size yield
the best le hit ratio, but typically shav poor byte hit ratio, while GDF-lik e
replacemen policies, exercisingfrequency have better byte hit ratio, but result
in worse le hit ratio. We analyzed the performance of g-GDFS policy, which
allows to emphasize(or de-emphasize)size or frequency (or both) parameters,
and performed a sensitivity study to derive the impact of sizeand frequencyon
le hit ratio and byte hit ratio, showing that decreasedmpact of le sizeover
le frequencyleadsto a replacemen policy with closeto perfect performancein
both metrics: le hit ratio and byte hit ratio.
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Fig. 2. File and byte missratio for new g-GDFS policy: = 2;5;10:

The interesting future researd question is to derive heuristics that tie the
g-GDFS parameters (in particular, ) to a workload characterization. Some
promising work in this direction hasbeendonein [6].
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