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t. Do
ument 
a
hing on is used to improve Web performan
e.An eÆ
ient 
a
hing poli
y keeps popular do
uments in the 
a
he andrepla
es rarely used ones. The latest web 
a
he repla
ement poli
ies in-
orporate the do
ument size, frequen
y, and age in the de
ision pro
ess.The re
ently-proposed and very popular Greedy-Dual-Size (GDS) poli
yis based on do
ument size and has an elegant aging me
hanism. Simi-larly, the Greedy-Dual-Frequen
y (GDF) poli
y takes into a

ount �lefrequen
y and exploits the aging me
hanism to deal with 
a
he pollution.The eÆ
ien
y of a 
a
he repla
ement poli
y 
an be evaluated along twopopular metri
s: �le hit ratio and byte hit ratio. Using four di�erent webserver logs, we show that GDS-like repla
ement poli
ies emphasizing sizeyield the best �le hit ratio but typi
ally show poor byte hit ratio, whileGDF-like repla
ement poli
ies emphasizing frequen
y have better bytehit ratio but result in worse �le hit ratio. In this paper, we propose ageneralization of Greedy-Dual-Frequen
y-Size poli
y whi
h allows to bal-an
e the emphasis on size vs. frequen
y. We perform a sensitivity studyto derive the impa
t of size and frequen
y on �le and byte hit ratio,identifying parameters that aim at optimizing both metri
s.1 Introdu
tionMany repla
ement poli
ies for web 
a
hes have been proposed [1, 3{9℄. Some ofthem are quite simple and easy to implement, while others are heavily parametrizedor have aspe
ts that do not allow for an eÆ
ient implementation (thus they 
anexhibit good results that serve as theoreti
al bounds on the best pra
ti
allya
hievable performan
e). Two essential features distinguish web 
a
hing from
onventional 
a
hing in the 
omputer systems: (i) the HTTP proto
ol supportswhole �le transfers, thus a web 
a
he 
an satisfy a request only if the entire �leis 
a
hed, and (ii) do
uments stored in a web 
a
he are of di�erent sizes, whileCPU and disk 
a
hes deal with uniform-size pages.One key to good web 
a
he performan
e is an eÆ
ient 
a
he repla
ementpoli
y to determine whi
h �les should be removed from 
a
he to store newlyrequested do
uments. Further improvements 
an be a
hieved when su
h a poli
yis 
ombined with a de
ision about whether a do
ument is worth 
a
hing at all.A very good survey of 
urrently-known repla
ement poli
ies for web do
u-ments 
an be found in [4℄, whi
h surveys ten di�erent poli
ies, 
omments on their



eÆ
ien
y and implementation details, and proposes a new algorithm, Greedy-Dual-Size (GDS), as a solution for the web proxy repla
ement strategy. TheGDS poli
y in
orporates do
ument size, 
ost, and an elegant aging me
hanismin the de
ision pro
ess, and shows superior performan
e 
ompared to previous
a
hing poli
ies. In [1℄, the GDS poli
y was extended, taking into 
onsiderationthe do
ument frequen
y, resulting in the Greedy-Dual-Frequen
y (GDF) pol-i
y, whi
h 
onsiders a do
ument's frequen
y plus the aging me
hanism, and theGreedy-Dual-Frequen
y-Size (GDFS), whi
h also 
onsiders a do
ument's size.The typi
al measure of web 
a
he eÆ
ien
y is the (�le) hit ratio: the fra
tionof times (over all a

esses) the �le was found in the 
a
he. Sin
e �les are ofdi�erent size, a 
omplementary metri
 is also important, the byte hit ratio: thefra
tion of \bytes" returned from the 
a
he among all the bytes a

essed. The�le hit ratio strongly a�e
ts the response time of a \typi
al" �le, sin
e request
orresponding to a �le miss require substantially more time to be satis�ed. Thebyte miss also a�e
ts the response time as well, in parti
ular that of \large"�les, sin
e the time to satisfy su
h a request has a 
omponent that is essentiallylinear in the size of the �le; furthermore, a large byte miss ratio also indi
atesthe need for a larger bandwidth between 
a
he and permanent �le repository.The interesting out
ome of paper [1℄ was that, while GDFS a
hieves thebest �le hit ratio, it yields a modest byte hit ratio. Conversely, GDF resultsin the best byte hit ratio at the pri
e of a worse �le hit ratio. The naturalquestion to ask is then how the emphasis on do
ument size or frequen
y (and therelated aging me
hanism) impa
t the performan
e of the repla
ement poli
y: do\intermediate" repla
ement poli
ies exist that take into a

ount size, frequen
y,and aging, and optimize both metri
s? In this paper, we partially answer thisquestion in a positive way by proposing a generalization of GDFS, whi
h allowsto emphasize (or de-emphasize) the size, frequen
y, or both parameters. Througha sensitivity study, we derive the impa
t of size and frequen
y on the �le andbyte hit ratio.We intentionally leave unspe
i�ed the possible lo
ation of the 
a
he: at the
lient, at the server, or at the network. The workload tra
es for our simulations
ome from four di�erent popular web sites. We try to exploit the spe
i�
 webworkload features to derive general observations about the role of do
ument size,frequen
y and related aging me
hanism in web 
a
he repla
ement poli
ies. Weuse tra
e-driven simulation to evaluate these e�e
ts.The results from our simulation study show that de-emphasizing the impa
tof size in GDF leads to a family of repla
ement poli
ies with ex
ellent perfor-man
e in terms of both �le and and byte hit ratio, while emphasizing do
umentfrequen
y has a similar (but weaker, and more workload-sensitive) impa
t.2 Related work and Ba
kgroundThe original Greedy-Dual algorithm introdu
ed by Young [10℄ deals with the
ase when pages in a 
a
he (memory) have the same size but have di�erent 
oststo fet
h them from se
ondary storage. The algorithm asso
iates a \value" Hpwith ea
h 
a
hed page p. When p is �rst brought into the 
a
he, Hp is de�nedas the non-negative 
ost to fet
h it. When a repla
ement needs to be made, the



page p� with the lowest value H� = minpfHpg is removed from the 
a
he, andany other page p in the 
a
he redu
es its value Hp by H�. If a page p is a

essedagain, its 
urrent value Hp is restored to the original 
ost of fet
hing it. Thus,the value of a re
ently-a

essed page retains a larger fra
tion of its original 
ost
ompared to pages that have not been a

essed for a long time; also, the pageswith the lowest values, hen
e most likely to be repla
ed, are either those \leastexpensive" ones to bring into the 
a
he or those that have not been a

essedfor a long time. This algorithm 
an be eÆ
iently implemented using a priorityqueue and keeping the o�set value for future settings of H via a Clo
k parameter(aging me
hanism), as Se
tion 3 des
ribes in detail.Sin
e web 
a
hing is 
on
erned with storing do
uments of di�erent size, Caoand Irani [4℄ extended the Greedy-Dual algorithm to deal with variable size do
-uments by setting H to 
ost/size where 
ost is, as before, the 
ost of fet
hingthe do
ument while size is the size of the do
ument in bytes, resulting in theGreedy-Dual-Size (GDS) algorithm. If the 
ost fun
tion for ea
h do
ument is setuniformly to one, larger do
uments have a smaller initial H value than smallerones, and are likely to be repla
ed if they are not referen
ed again in the nearfuture. This maximizes the �le hit ratio, as, for this measure, it is always prefer-able to free a given amount of spa
e by repla
ing one large do
ument (and missthis one do
ument if it is referen
ed again) than many small do
uments (andmiss many of those do
uments when they are requested again). From now on,we use a 
onstant 
ost fun
tion of one and 
on
entrate on the role of do
umentsize and frequen
y in optimizing the repla
ement poli
y.GDS does have one short
oming: it does not take into a

ount how manytimes a do
ument has been a

essed in the past. For example, let us 
onsiderhow GDS handles hit and miss for two di�erent do
uments p and q of the samesize s. When these do
uments are initially brought into the 
a
he they re
eivethe same value Hp = Hq = 1=s, even if p might have been a

essed n timesin the past, while q might have been a

essed for a �rst time; in a worst-
ases
enario p 
ould then be repla
ed next, instead of q. In [1℄, the GDS algorithmwas re�ned to re
e
t �le a

ess patterns and in
orporate �le frequen
y 
ount inthe 
omputation of the initial value:H = frequen
y=size. This poli
y is 
alled theGreedy-Dual-Frequen
y-Size (GDFS) algorithm. Another important derivationrelated to introdu
ing the frequen
y 
ount in 
ombination with GDS poli
y is thedire
t extension of the original Greedy-Dual algorithm with a frequen
y 
ount:H = frequen
y . This poli
y is 
alled Greedy-Dual-Frequen
y (GDF) algorithm.Often, a high �le hit ratio is preferable be
ause it allows a greater number of
lients requests to be satis�ed out of 
a
he and minimizes the average requestlaten
y. However, it is also desirable to minimize the disk a

esses or outsidenetwork traÆ
, thus it is important that the 
a
hing poli
y results in a highbyte hit ratio as well. In fa
t, we will show that these two metri
s are somewhatin 
ontrast and that it is diÆ
ult for one strategy to maximize both.3 GDFS Ca
he Repla
ement Poli
y: Formal De�nitionWe now formally des
ribe the GDFS algorithm (and its spe
ial 
ases, GDS andGDF). We assume that the 
a
he has size Total bytes, and that Used bytes



(initially 0) are already in use to store �les. With ea
h �le f in the 
a
he weasso
iate a \frequen
y" Fr(f) 
ounting how many times f was a

essed sin
ethe last time it entered the 
a
he. We also maintain a priority queue for the �lesin the 
a
he. When a �le f is inserted into this queue, it is given priority Pr(f)
omputed in the following way:Pr(f) = Clo
k + Fr(f)=Size(f) (1)where Clo
k is a running queue \
lo
k" that starts at 0 and is updated, for ea
hrepla
ed (evi
ted) �le fevi
ted, to its priority in the queue, Pr(fevi
ted); Fr(f) isthe frequen
y 
ount of �le f , initialized to 1 if a request for f is a miss (i.e., fis not in the 
a
he), and in
remented by one if a request for f results in a hit(i.e., f is present in the 
a
he); and Size(f) is the �le size, in bytes. Now, let usdes
ribe the 
a
hing poli
y as a whole, when �le f is requested.1. If the request for f is a hit, f is served out of 
a
he and:{ Used and Clo
k do not 
hange.{ Fr(f) is in
reased by one.{ Pr(f) is updated using Eq. 1 and f is moved a

ordingly in the queue.2. If the request for f is a miss, we need to de
ide whether to 
a
he f or not:{ Fr(f) is set to one.{ Pr(f) is 
omputed using Eq. 1 and f is enqueued a

ordingly.{ Used is in
reased by Size(f).Then, one of the following two situations takes pla
e:{ If Used � Total , �le f is 
a
hed, and this 
ompletes the updates.{ If Used > Total , not all �les �t in the 
a
he. First, we identify thesmallest set ff1; f2; : : : ; fkg of �les to evi
t, whi
h have the lowest priorityand satisfy Used �Pki=1 Size(fi ) � Total . Then:(a) If f is not among f1; f2; : : : ; fk:i. Clo
k is set to maxki=1 Pr(fi).ii. Used is de
reased by Pki=1 Size(fi ).iii. f1; f2; : : : ; fk are evi
ted.iv. f is 
a
hed.(b) If f is instead among f1; f2; : : : ; fk, it is simply not 
a
hed and re-moved from the priority queue, while none of the �les already in the
a
he is evi
ted. This happens when the value of Pr(f) is so low thatit would put f (if 
a
hed) among the �rst 
andidates for repla
ement,e.g., when the �le size is very large { thus the proposed pro
edurewill automati
ally limit the 
ases when su
h �les are 
a
hed.We note that the above des
ription applies also to the GDS and GDF poli
ies,ex
ept that, in GDS, there is no need to keep tra
k of the frequen
y Fr(f) while,in the GDF poli
y, we use the 
onstant 1 instead of Size(f) in Eq. 1.Let us now 
onsider some properties of GDFS. Among do
uments with sim-ilar size and age (in the 
a
he), the more frequent ones have a larger key, thus abetter 
han
e to remain in a 
a
he, 
ompared with those rarely a

essed. Amongdo
uments with similar frequen
y and age, the smaller ones have a larger key
ompared to the large ones, thus GDFS tends to repla
e large do
uments �rst,



to minimize the number of evi
ted do
uments, and thus maximize the �le hitratio. The value of Clo
k in
reases monotoni
ally (any time a do
ument is re-pla
ed). Sin
e the priority of �les that have not been a

essed for a long timewas 
omputed with an old (hen
e smaller) value of Clo
k, at some point, theClo
k value gets high enough that any new do
ument is inserted behind these\long-time-not-a

essed" �les, even if they have a high frequen
y 
ount, thus it
an 
ause their evi
tion. This \aging" me
hanism avoids \web 
a
he pollution".4 Data Colle
tion SitesIn our simulation study, we used four a

ess logs from very di�erent servers:HP WebHosting site (WH), whi
h provides servi
e to internal 
ustomers.Our logs 
over a four-month period, from April to July, 1999. For our analysis,we 
hose the month of May, whi
h represents well the spe
i�
s of the site.OpenView site (www.openview.hp.
om, OV), whi
h provides 
omplete
overage on OpenView solutions from HP: produ
t des
riptions, white papers,demos illustrating produ
ts usage, software pa
kages, business related events,et
. The log 
overs a duration of 2.5 months, from the end of November, 1999to the middle of February, 2000.External HPLabs site (www.hpl.hp.
om, HPL), whi
h provides informa-tion about the HP Laboratories, 
urrent proje
ts, resear
h dire
tions, and jobopenings. It also provides a

ess to an ar
hive of published HPLabs resear
h re-ports and hosts a 
olle
tion of personal web pages. The a

ess log was 
olle
tedduring February, 2000.HP site (www.hp.
om, HPC), whi
h provides diverse information aboutHP: HP business news, major HP events, detailed 
overage of the most soft-ware and hardware produ
ts, and the press related news. The a

ess log 
oversa few hours1 during February, 2000, and is a 
omposition of multiple a

ess logs
olle
ted on several web servers supporting the HP.
om site (sorted by time).The a

ess log re
ords information about all the requests pro
essed by theserver. Ea
h line from the a

ess log des
ribes a single request for a do
ument(�le), spe
ifying the name of the host ma
hine making the request, the time therequest was made, the �lename of the requested do
ument, and size in bytes ofthe reply. The entry also provides the information about the server's response tothis request. Sin
e the su

essful responses with 
ode 200 are responsible for allof the do
uments (�les) transferred by the server, we 
on
entrate our analysisonly on those responses. The following table summarizes the 
hara
teristi
s ofthe redu
ed a

ess logs:Log Chara
teristi
s WH OV HPL HPCDuration 1 month 2.5 months 1 month few hoursNumber of Requests 952,300 3,423,225 1,877,490 14,825,457Combined Size, or Working Set (MB) 865.8 5,970.8 1,607.1 4,396.2Total Bytes Transferred (GB) 21.3 1,079.0 43.3 72.3Number of Unique Files 17,489 10,253 21,651 114,388The four a

ess logs 
orrespond to very di�erent workloads. WH, OV, andHPL had somewhat 
omparable number of requests (if normalized per month),1 As this is business-sensitive data, we 
annot be more spe
i�
.



while HPC had three orders of magnitude heavier traÆ
. If we 
ompare the
hara
teristi
s of OV and HPC, there is a drasti
 di�eren
e in the number ofa

essed �les and their 
umulative sizes (working sets). OV's working set is thelargest of the four sites 
onsidered, while its �le set (number of a

essed �les)is the smallest one: it is more than 10 times smaller than the number of �lesa

essed on HPC. In spite of 
omparable number of requests (normalized permonth) for WH, OV, and HPL, the amount of bytes transferred by OV is almost20 times greater than for WH and HPL, but still an order of magnitude less thanthe bytes transferred by HPC.5 Basi
 Simulation ResultsWe now present a 
omparison of Least-Re
ently-Used (LRU), GDS, GDFS andGDF on a tra
e-driven simulation using our a

ess logs. Fig. 1 
ompares GDS,GDFS, GDF and LRU a

ording to both �le and byte miss ratio (a lower line onthe graph 
orresponds to a poli
y with better performan
e). On the X-axis, weuse the 
a
he size as a per
entage of the tra
e's working set. This normalizationhelps to 
ompare the 
a
hing poli
ies performan
e over di�erent tra
es.The �rst interesting observation is how 
onsistent the results are a
ross allfour tra
es. GDFS and GDS show the best �le miss ratio, signi�
antly outper-forming GDF and LRU for this metri
. However, when 
onsidering the byte missratio, GDS performs mu
h worse than either GDF or LRU. The explanation isthat large �les are always \�rst vi
tims" for evi
tion, and Clo
k is advan
ed veryslowly, so that even if a large �le is a

essed on a regular basis, it is likely tobe repeatedly evi
ted and reinserted in the priority queue. GDFS in
orporatesthe frequen
y 
ount in its de
ision making, so popular large �les have a better
han
e of remaining in the queue without being evi
ted very frequently. In
orpo-rating the frequen
y in the formula for the priority has also another interestingside e�e
t: the Clo
k is now advan
ed faster, thus re
ently-a

essed �les are in-serted further away from the beginning of the priority queue, speeding-up theevi
tion of \long time not a

essed" �les. GDFS demonstrates substantially im-proved byte miss ratio 
ompared to GDS a
ross all tra
es ex
ept HPL, wherethe improvement is minor.LRU repla
es the least re
ently requested �le. This traditional poli
y is themost often used in pra
ti
e and has worked well for CPU 
a
hes and virtualmemory systems. However it does not work as well for web 
a
hes be
ause webworkloads exhibit di�erent traÆ
 pattern: web workloads have a very small tem-poral lo
ality, and a large portion of web traÆ
 is due to \one-timers" | �lesa

essed on
e. GDF in
orporates frequen
y in the de
ision making, trying tokeep more popular �les and repla
ing the rarely used ones, while �les with sim-ilar frequen
y are ordered a

ordingly to their age. The Clo
k is advan
ed mu
hfaster, helping with the evi
tion of \long time not a

essed" �les. However, GDFdoes not take into a

ount the �le size and results in a higher �le miss penalty.
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Fig. 1. File and byte miss ratio as a fun
tion of 
a
he size (in % of the working set).6 Generalized GDFS Poli
y and Its Simulation ResultsThe Clo
k in GDFS is updated for ea
h evi
ted �le fevi
ted to the priority of this�le, Pr(fevi
ted). In su
h a way, the 
lo
k in
reases monotoni
ally, but at a veryslow pa
e. Devising a faster in
reasing 
lo
k me
hanism leads to a repla
ementstrategy with features 
loser to LRU, i.e., the strategy where age has greaterimpa
t than size and frequen
y. An analogous reasoning applies to Size(f) andFr(f): if one uses Fr(f)2 instead of Fr(f), the impa
t of frequen
y is stressedmore than that of size; if one uses log(Size(f)) instead of Size(f), the impa
tof size is stressed less than that of frequen
y.With this idea in mind, we propose a generalization of GDFS (g-GDFS),Pr(f) = Clo
k + Fr(f)�=Size(f)� (2)where � and � are rational numbers. Setting � or � above one emphasizes therole of the 
orrespondent parameter; setting it below one de-emphasizes it.



Impa
t of Emphasizing Frequen
y in g-GDFS. Introdu
ing frequen
y inGDS had a strong positive impa
t on byte miss ratio and an additional slightimprovement in the already ex
ellent �le miss ratio demonstrated by GDS. Ledby this observation, we would like to understand whether g-GDFS 
an furtherimprove performan
e by in
reasing the impa
t of the �le frequen
y over �le sizein Eq. 2, for example setting � = 2; 5; 10. Fig. 2 shows a 
omparison of GDF,GDFS, and g-GDFS with � = 2; 5; 10 (and � = 1). The simulation shows that,indeed, the additional emphasis on the frequen
y parameter in g-GDFS improvesthe byte miss ratio (ex
ept for HPL, for whi
h we already observed in Se
tion 5very small improvements due to the introdu
tion of the frequen
y parameter).However, the improvements in the byte miss ratio 
ome at the pri
e of a worse�le hit ratio. Clearly, the idea of having a di�erent impa
t for frequen
y and sizeis sound, however, frequen
y is dynami
 parameter that 
an 
hange signi�
antlyover time. Spe
ial 
are should be taken to prevent Fr(f)� from over
ow in thepriority 
omputation. As we 
an see, the impa
t is workload dependent.Impa
t of Deemphasizing Size in g-GDFS The question is then whetherwe 
an a
hieve better results by de-emphasizing the role of size against that offrequen
y instead. If this hypothesis leads to good results, an additional bene�t isease of implementation, sin
e the �le size is a 
onstant parameter (per �le), unlikethe dynami
 frequen
y 
ount. We then 
onsider g-GDFS where we de
rease theimpa
t of size over frequen
y in Eq. 2, by using � = 0:1; 0:3; 0:5 (and � = 1),and 
ompare it with GDF and GDFS, in Fig. 3. The simulation results fullysupport our expe
tations: indeed, the de
reased impa
t of �le size parameter ing-GDFS improves signi�
antly the byte miss ratio (and, at last, also for HPL).For example, g-GDFS with � = 0:3 has a byte miss ratio almost equal to that ofGDF, while its �le miss ratio is improved two-to-three times 
ompared to GDF.The g-GDFS poli
y with de
reased impa
t of �le size parameter shows 
lose toperfe
t performan
e under both metri
s: �le miss ratio and byte miss ratio.7 Con
lusion and Future WorkWe introdu
ed the generalized Greedy-Dual-Size-Frequen
y 
a
hing poli
y aimedat maximizing both �le and byte hit ratios in web 
a
hes. The g-GDFS poli
yin
orporates in a simple way the most important 
hara
teristi
s of ea
h �le: size,�le a

ess frequen
y, and age (time of the last a

ess). Using four di�erent webserver logs, we studied the e�e
t of size and frequen
y (and the related agingme
hanism) on the performan
e of web 
a
hing poli
ies. The simulation resultsshow that GDS-like repla
ement poli
ies emphasizing the do
ument size yieldthe best �le hit ratio, but typi
ally show poor byte hit ratio, while GDF-likerepla
ement poli
ies, exer
ising frequen
y, have better byte hit ratio, but resultin worse �le hit ratio. We analyzed the performan
e of g-GDFS poli
y, whi
hallows to emphasize (or de-emphasize) size or frequen
y (or both) parameters,and performed a sensitivity study to derive the impa
t of size and frequen
y on�le hit ratio and byte hit ratio, showing that de
reased impa
t of �le size over�le frequen
y leads to a repla
ement poli
y with 
lose to perfe
t performan
e inboth metri
s: �le hit ratio and byte hit ratio.



0

2

4

6

8

10

12

14

5 10 20 30 40

W
eb

 H
os

tin
g 

M
is

s 
R

at
io

 (
%

) GDF
g-GDFS (alpha=2)
g-GDFS (alpha=5)

g-GDFS (alpha=10)
GDFS

5

10

15

20

25

30

5 10 20 30 40

B
yt

e 
M

is
s 

R
at

io
 (

%
)

GDF
g-GDFS (alpha=2)
g-GDFS (alpha=5)

g-GDFS (alpha=10)
GDFS

0

1

2

3

4

5

6

7

8

9

5 10 20 30 40

O
pe

nV
ie

w
 M

is
s 

R
at

io
 (

%
) GDF

g-GDFS (alpha=2)
g-GDFS (alpha=5)

g-GDFS (alpha=10)
GDFS

0

10

20

30

40

50

60

5 10 20 30 40

B
yt

e 
M

is
s 

R
at

io
 (

%
)

GDF
g-GDFS (alpha=2)
g-GDFS (alpha=5)

g-GDFS (alpha=10)
GDFS

1

2

3

4

5

6

7

8

9

10

5 10 20 30 40

H
P

La
bs

 M
is

s 
R

at
io

 (
%

)

GDF
g-GDFS (alpha=2)
g-GDFS (alpha=5)

g-GDFS (alpha=10)
GDFS

15
20
25
30
35
40
45
50
55
60
65

5 10 20 30 40

B
yt

e 
M

is
s 

R
at

io
 (

%
)

GDF
g-GDFS (alpha=2)
g-GDFS (alpha=5)

g-GDFS (alpha=10)
GDFS

0.5

1

1.5

2

2.5

3

3.5

4

4.5

5

5 10 20 30 40

H
P

.c
om

 M
is

s 
R

at
io

 (
%

)

GDF
g-GDFS (alpha=2)
g-GDFS (alpha=5)

g-GDFS (alpha=10)
GDFS

10

15

20

25

30

35

40

45

5 10 20 30 40

B
yt

e 
M

is
s 

R
at

io
 (

%
)

GDF
g-GDFS (alpha=2)
g-GDFS (alpha=5)

g-GDFS (alpha=10)
GDFS

Fig. 2. File and byte miss ratio for new g-GDFS poli
y: � = 2; 5; 10:The interesting future resear
h question is to derive heuristi
s that tie theg-GDFS parameters (in parti
ular, �) to a workload 
hara
terization. Somepromising work in this dire
tion has been done in [6℄.Referen
es1. M. Arlitt, L. Cherkasova, J. Dilley, R. Friedri
h, T. Jin: Evaluating Content Man-agement Te
hniques for Web Proxy Ca
hes. In Pro
eedings of the 2nd Workshopon Internet Server Performan
e WISP'99, May, 1999, Atlanta, Georgia.2. M. Arlitt, C.Williamson: Tra
e-Driven Simulation of Do
ument Ca
hing Strate-gies for Internet Web Servers. The So
iety for Computer Simulation. SimulationJournal, vol. 68, No. 1, pp23-33, January 1997.3. M.Abrams, C.Stanbridge, G.Abdulla, S.Williams, E.Fox: Ca
hing Proxies: Limita-tion and Potentials. WWW-4, Boston Conferen
e, De
ember, 1995.4. P.Cao, S.Irani: Cost Aware WWW Proxy Ca
hing Algorithms. Pro
eedings ofUSENIX Symposium on Internet Te
hnologies and Systems (USITS), Monterey,CA, pp.193-206, De
ember 1997.
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Fig. 3. File and byte miss ratio for new g-GDFS poli
y: � = 0:1; 0:3; 0:5:5. S. Jin, A. Bestavros. Popularity-Aware GreedyDual-Size Web Proxy Ca
hing Al-gorithms, Te
hni
al Report of Boston University, 2000-011, August 21, 1999.6. S. Jin, A. Bestavros. GreedyDual* Web Ca
hing Algorithm: Exploiting the TwoSour
es of Temporal Lo
ality in Web Request Streams, Te
hni
al Report of BostonUniversity, 1999-009, August 21, April 4, 2000.7. P.Lorensetti, L.Rizzo, L.Vi
isano. Repla
ement Poli
ies for Proxy Ca
he.Manus
ript, 1997.8. S.Williams, M.Abrams, C.Stanbridge, G.Abdulla, E.Fox: Removal Poli
ies in Net-work Ca
hes for World-Wide Web Do
uments. In Pro
eedings of the ACM Sig-
omm96, August, 1996, Stanford University.9. R.Wooster, M.Abrams: Proxy Ca
hing the estimates Page Load Delays. In pro-
eedings of 6th International World Wide Web Conferen
e, 1997.10. N.Young: On-line 
a
hing as 
a
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