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Abstract

The Shortest-Remaining-Pro cessing-Time (SRPT) sc heduling p olicy is kno wn to b e the op-

timal p olicy for minimizing mean resp onse time, but it is rarely emplo y ed in computing systems

for a n um b er of reasons. These reasons include: lac k of kno wledge of task size, fear of starv ation

of the large tasks, concern o v er pre-emption o v erhead, and lac k of empirical evidence on the p er-

formance b ene�ts of switc hing to SRPT. In this pap er w e argue that the sp ecial c haracteristics

of W eb serv ers and W eb w orkloads mak e the usual ob jections to SRPT less p ersuasiv e.

W e start b y arguing that it is p ossible for W eb serv ers to extract task sizes for a large

fraction of tasks. W e then compare SRPT to an alternativ e p olicy { pro cessor sharing (PS) {

whic h w e use as an idealization of t ypical sc heduling p olicies curren tly used in W eb serv ers. Our

comparisons are made b oth analytically (assuming P oisson arriv als and an empirically-deriv ed

�le size distribution) and on trace-driv en sim ulations using logs from op erating W eb serv ers.

With resp ect to p erformance, w e sho w that at high serv er utilization, the SRPT p olicy can

reduce mean w aiting time and mean slo wdo wn o v er PS b y w ell o v er an order of magnitude.
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With resp ect to our main concern, starv ation, w e sho w that although starv ation is in fact a

problem under SRPT for man y w orkloads, in the particular case of Web w orkloads, starv ation

ev en for the largest one p ercen t of all tasks is far lo w er under SRPT than under PS. Lastly ,

w e argue that pre-emption o v erhead is lo w er under SRPT than under curren tly used p olicies.

Although our mo del is a simpli�ed mo del of real W eb serv ers, our results suggest that SRPT is

an attractiv e alternativ e to curren t sc heduling p olicies in W eb serv ers.



1 In tro duction

W e consider a W eb serv er consisting of a single mac hine whic h receiv es and pro cesses HTTP

requests arriving on-line. W e ask the question: In what order should the mac hine sc hedule the

HTTP requests so as to maximize p erformance?

Suc h W eb serv ers to da y are t ypically Unix or Windo ws NT mac hines and the sc heduling is

p erformed in the op erating system (rather than in the W eb serv er). Under the assumption that

the pro cesses or threads used b y the W eb serv er require appro ximately similar balances of CPU

demand and I/O, the sc heduling on these serv ers is appro ximately Round-Robin, whic h w e mo del

in this pap er with Pro cessor-Sharing (PS).

2

Ho w ev er, it is w ell kno wn that the on-line sc heduling p olicy whic h minimizes mean 
o w time is

(preemptiv e) Shortest-Remaining-Pro cessing-Time-First (SRPT) [12 ]. In fact SRPT is optimal for

an y sequence of task arriv al times and service demands.

This b egs the question: Wh y isn't SRPT the sc heduling p olicy b eing used in W eb serv ers?

The immediate answ er is that SRPT requires kno wledge of eac h task's service requiremen t, and

this information is not curren tly a v ailable. Ho w ev er, it is in fact easy to estimate a task's service

requiremen t: First, observ e that the amoun t of w ork represen ted b y a W eb request is (at least

appro ximately) prop ortional to the size of the �le requested. Next, note that in the ma jorit y of

cases, �le size (and therefore, task size) can b e determined b y the serv er at the time the request

arriv es. This is the case when the request is for a static �le, i.e., one that is serv ed without

mo di�cation from the �lesystem. T ypical studies indicate that o v er 90-95% of W eb requests are

for static �les [1 ]. In fact this a v erage statistic ma y re
ect a situation in whic h, for man y serv ers,

essen tially all requests are for static �les | while the non-static �les are serv ed mainly b y a relativ ely

few serv ers [13 ].

Giv en that the task size (service demand) is kno wn, there are three issues whic h need to b e

addressed in using SRPT:

1. Do es the p erformance gain really justify switc hing to SRPT?

2. What ab out starv ation of the large tasks? This is the principal ob jection to using SRPT, and

th us is a primary fo cus of this pap er.

3. Do es SRPT cause to o man y pre-emptions?

The organization of this pap er is in t w o parts. The �rst part of the pap er (Sections 2, 3, and 4)

2

Pro cessor Sharing is de�ned as Round-Robin in the limit where the quan tum size shrinks to zero.
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is purely analytical. In the analytic mo del w e assume that the task size distribution is a particular

h ybrid distribution consisting of a b o dy whic h is lognormal and a tail that declines via a p o w er-

la w. This distribution has b een sho wn to b e a go o d mo del of measured W eb �le sizes. It has the

c haracteristics of ha ving v ery high v ariance and a hea vy tail. Although our task size distribution is

v ery realistic, for purp oses of analysis w e're also forced to assume P oisson arriv als. The second part

of pap er (Section 5) uses a trace driv en sim ulation of a W eb serv er whic h allo ws us to ev aluate the

e�ects of realistic arriv al pro cesses. W e consider 4 di�eren t traces of W eb serv er HTTP requests.

The �rst question ab o v e asks whether the p erformance impro v emen t obtained from using SRPT

justi�es the exp ense of rewriting the sc heduler. W e compare the p erformance of SRPT with that

of PS on t w o p erformance metrics: mean 
ow time (time from task arriv al to task departure) and

mean slowdown , where the slo wdo wn of a task is de�ned to b e the task's 
o w time divided b y its

size.

Our analytical comparison of SRPT v ersus PS sho ws that with resp ect to mean 
o w time the

p erformance of SRPT is signi�can tly b etter than that of PS at high loads ( e.g., mean 
o w time

under PS is three times that under SRPT at � = 0 : 9). With resp ect to mean slo wdo wn, the

adv an tage of SRPT o v er PS is ev en greater; SRPT impro v es on PS b y as m uc h as a factor of 10 at

high load ( � = 0 : 9).

The p erformance di�erences b et w een SRPT and PS are ev en more dramatic in trace-based

sim ulation. In sim ulation, mean 
o w time under SRPT impro v es o v er that under PS b y an order

of magnitude at high load. F urthermore, in sim ulation mean slo wdo wn is t w o orders of magnitude

smaller under SRPT than under PS at high load.

The second question ab o v e is probably the most cited reason for not using SRPT: starv ation

of the large jobs. W e use a job's slo wdo wn as the measure of whether the job is b eing starv ed.

W e consider slo wdo wn as a function of the p ercen tile of the job size distribution (for example,

w e examine the slo wdo wn of jobs in the 99th p ercen tile of the job size distribution { only 1% of

all jobs are bigger than this job). Again, w e address this question b oth analytically and using a

trace-driv en sim ulation.

In the analysis section w e sho w that starv ation can b e a legitimate concern for man y task size

distributions; ho w ev er this is not the case for the kind of task size distributions that c haracterize

W eb requests. In analysis, w e �nd that under the analytical mo del of the W eb task size distribution,

the slo wdo wn under SRPT across al l job size p ercen tiles is signi�can tly lo w er than under PS { an

order of magnitude lo w er under high loads. The slo wdo wn of jobs in all size p ercen tiles remains

close to 1 ev en under high loads. Th us, starv ation is in fact not an issue under the hea vy-tailed task
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size distribution whic h c haracterizes W eb �le sizes. In con trast, w e sho w that starv ation of large

jobs can b e a problem when using SRPT for less v ariable task size distributions, and w e explain

wh y this is the case. W e also examine starv ation in the con text of the trace-driv en sim ulation

and again sho w that slo wdo wn under SRPT across al l p ercen tiles is far b elo w that under PS. In

particular, slo wdo wn under PS is t w o orders of magnitude larger than that under SRPT for all

jobs, except the largest 1% (and still one order of magnitude larger for the largest 1%).

The third question ab o v e asks whether SRPT is practical to implemen t. Our concern is the

n um b er of preemptions required b y SRPT, since a preemption tak es place in SRPT ev ery time a

shorter job arriv es. W e address this issue in Section 4 and sho w that this to o is not a problem.

Throughout this pap er w e assume a v ery simple mo del of a W eb serv er { namely a single-resource

mac hine. In realit y most HTTP requests alternately demand service from m ultiple devices including

disk and the CPU. F or ease of analysis, w e ha v e compressed these t w o devices in to one with resp ect

to sc heduling. Although our W eb serv er mo del is a simpli�ed one, w e feel that the results in this

pap er are dramatic enough to mak e a case for considering c hanging the sc heduling of W eb HTTP

requests to an SRPT-based p olicy .

2 P erformance of SRPT for W eb Serv er T ask Sizes

In this section w e attempt to ev aluate the p oten tial p erformance impro v emen ts that are p ossible if

SRPT sc heduling is used in the con text of our mo del of a W eb serv er.

Our analytical results throughout this pap er are based on the follo wing form ulas for the mean


o w time for a task of size x , for an M/G/1 queue with load � under SRPT[15] and under PS[12]:

E f Flo wtime for a task of size x under SRPT g

= E f W aiting time for task of size x g + E f Residence time of a task of size x g

=

�

R

x

0

t

2

dF ( t ) + �x

2

(1 � F ( x ))

2 ( 1 � �

R

x

0

tdF ( t ))

2

+

Z

x

0

1

(1 � ( �

R

t

0

z dF ( z )))

dt

E f Flo wtime for a task of size x under PS g =

x

1 � �

where F ( � ) is the cum ulativ e distribution function of the service time distribution and � is the

arriv al rate. F rom the ab o v e t w o form ulas, w e easily deriv e all the other metrics of in terest in the

pap er.
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W e adopt the assumption that the amoun t of w ork represen ted b y a W eb request is prop ortional

to the size of the �le requested. This is reasonable as a appro ximation; a more accurate mo del

including a �xed startup cost for eac h task w ould not a�ect our results signi�can tly . As discussed

in Section 1, w e assume that �le sizes, and therefore task sizes, can b e determined b y the W eb

serv er when the task arriv es [1 ].

A n um b er of previous studies ha v e dev elop ed empirical mo dels for the distribution of �le sizes

seen on W eb serv ers [2 , 7 , 4 ]. An imp ortan t prop ert y of W eb �le size distributions is that they

t ypically exhibit he avy tails. By hea vy tails w e mean that the tail of the empirical distribution

function declines lik e a p o w er la w. That is, if a random v ariable X follo ws a hea vy-tailed distribution

then

P [ X > x ] � x

� �

; 0 < � < 2

where f ( x ) � a ( x ) means that lim

x !1

f ( x ) =a ( x ) = c for some p ositiv e constan t c .

Random v ariables that follo w hea vy tailed distributions t ypically sho w extremely high v ariabilit y

in size. This is exhibited as man y small observ ations mixed with a small n um b er of v ery large

observ ations. The implication for W eb �les is that a small fraction of the largest �les mak es up

most of the load on a W eb serv er. W e refer to this as the he avy-taile d pr op erty of W eb task sizes;

it is cen tral to the discussion in this pap er.

Although W eb �les t ypically sho w hea vy tails, the b o dy of the distribution is usually b est

describ ed using another distribution. Recen t w ork has found that a h ybrid distribution, consisting

of a b o dy follo wing a lognormal distribution and a tail that declines via a p o w er-la w, seems to �t

w ell some W eb �le size measuremen ts [4 , 3]. As a result w e initially sho w results using suc h a mo del

for task sizes, whic h w e call the Empiric al mo del; parameters of the Empirical mo del are sho wn in

T able 1.

Distribution PMF Range P arameters

Bo dy Lognormal

1

x�

p

2 �

e

� (ln x � � )

2

= 2 �

2

0 � x < 9020 � = 7 : 630; � = 1 : 001

T ail Bounded P areto

�k

�

1 � ( k =p )

�

x

� � � 1

9020 � x � 10

10

k = 631 : 44; � = 1 : 0; p = 10

10

T able 1: Empirical T ask Size Mo del

W e sho w the p oten tial b ene�ts of the SRPT p olicy under this task size distribution in Figure 1.

The mean of this distribution is 11108, whic h is therefore the smallest p ossible v alue of mean 
o w

time. In Figure 1(a) w e sho w mean 
o w time; Figure 1(b) sho ws mean slo wdo wn.
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Figure 1: P erformance of SRPT and PS for Empirical T ask Size Distribution

These �gures demonstrate the impressiv e p erformance impro v emen ts p ossible under SRPT

sc heduling as compared to PS. While b oth p olicies yield mean 
o w times close to the minim um

p ossible at lo w load, at high load the p erformance of PS degrades sev erly according to the 1 = (1 � � )

relation. On the other hand, SRPT is remark ably resistan t to breakdo wn at high loads. Ev en when

load reac hes 0.95, mean 
o w time under SRPT is only ab out three times its minim um p ossible

v alue; in this region, mean 
o w time under PS is 20 times the same minim um p ossible v alue.

Ev en more striking is the mean slo wdo wn under SPR T as a function of load. Ev en when load

reac hes 0.95, mean slo wdo wn is only 1.1 (as compared to 20 under PS). This indicates that almost

all tasks will ha v e predictable 
o w time.

In examining the b eha vior of SRPT under the Empirical mo del, w e �nd that the imp ortan t

p erformance e�ects are determined b y the tail of the distribution. In fact, for the analysis used in

this pap er w e can appro ximate the Empirical distribution with a m uc h simpler one that has the

same tail, but is p o w er-la w o v er its en tire range. This is the Bounded P areto (BP) distribution.

This distribution has probabilit y mass function

p ( x ) =

�k

�

1 � ( k =p )

�

x

� � � 1

k � x � p:

The reason that w e can appro ximate the Empirical distribution with the Bounded P areto is

that the p erformance e�ects are dominated b y the tail of the distribution. This e�ect is sho wn in

Figure 2. In this �gure, w e plot the mean 
o w time for SRPT under the Empirical distribution

(whic h has an � v alue of 1.0) and under BP distributions with � v alues of 0.9 and 1.1. W e do not

plot the BP distributions with � v alue of 1.0 b ecause its curv e is indistinguishable from that of the
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Empirical. This plot sho ws that o v er the en tire range of system utilizations, the BP distribution is

a go o d appro ximation for the Empirical distribution in terms of p erformance under SRPT.
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Figure 2: P erformance of SRPT and PS for Empirical and BP Distributions

Th us, to simplify analysis in the remainder of the pap er w e use the BP distribution as a

substitute for the Empirical distribution. T o allo w uniform treatmen t throughout w e adopt the

con v en tion that the distributional mean is set at 3000; this is in appro ximate agreemen t with most

empirical measuremen ts. In addition, w e �x the upp er b ound of the distribution at 10

10

to re
ect a

condition of high v ariance; this v alue (10 GB) represen ts the a reasonable estimate of the practical

upp er limit for �le sizes in the curren t W eb. Note that recen t results sho w that the p erformance

of an M =G= 1 queue in whic h service times follo w a hea vy-tailed distribution is not signi�can tly

a�ected (at practical timescales) when the distribution is truncated at a su�cien tly large v alue [10 ].

The imp ortan t free parameter in the BP distribution is � . The particular v alue of � determines

the w eigh t of the tail. F or small v alues of � , the hea vy-tailed prop ert y is more pronounced. Em-

pirical measuremen ts of � v ary; t ypical v alues are in the range 1.0 to 1.5, but v alues outside this

range are p ossible as w ell. Th us it is imp ortan t to examine the p erformance of the SRPT p olicy

o v er a range of � v alues.

Plot 3 sho ws BP for SRPT and PS, o v er a range of � v alues. This �gure sho ws that, surprisingly ,

the relativ e p erformance of PS vs. SRPT is fairly indep enden t of the particular v alue of alpha.

Th us w e �nd that SRPT is a fairly robust p olicy that should b e successful o v er a range of �le size

distributions.

Ho w ev er, this do es not mean that the v alue of the � parameter is unimp ortan t. In fact the

particular v alue of � has a signi�can t impact on the lik eliho o d of starv ation, as w e sho w in the next
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Figure 3: Mean Flo w Time of SRPT and PS for range of � v alues in BP Distribution.

section.

3 Do es SRPT Starv e Large Jobs?

A common concern with the SRPT discipline is that, b y giving preference to small tasks, large tasks

ma y starv e. The SRPT discipline has in the past b een rejected for use in W eb serv ers sp eci�cally

for this reason [5 ].

In this section w e'll sho w that while the fear of starv ation is w ell-founded for some task size

distributions (suc h as the exp onen tial task size distribution), starv ation is not a signi�can t concern

when task sizes follo w hea vy-tailed distributions lik e those that mo del W eb �le size requests.

As long as the system under study is in steady-state, ev ery task that en ters the system ev en tually

lea v es; th us w e can use slo wdo wn as a measure of a task's starv ation. So to ev aluate the p oten tial

for starv ation of large tasks w e plot the mean slo wdo wn of a task of a giv en size, as a function of

the task size. T ask size is plotted in p ercen tiles of the task size distribution, whic h allo ws us to

assess the fraction of largest tasks that will ac hiev e mean slo wdo wn greater than a giv en threshold

v alue. All results are analytically-deriv ed for an M =G= 1 queue under SRPT.

Figure 4 sho ws the mean slo wdo wn as a function of task size under the SRPT discipline. The

t w o curv es represen t the case of an exp onen tial task size distribution and a Bounded P areto task

size distribution with � = 1 : 1. The t w o distributions ha v e the same mean. Figure 4(a) sho ws the

situation under lo w load, � = 0 : 5, and Figure 4(b) is the same plot for high load, � = 0 : 9.
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Figure 4: Mean slo wdo wn under SRPT as a function of task size.

Figure 4 sho ws that large mean slo wdo wns do not o ccur at lo w load in either case. Ho w ev er,

under high load, there can b e starv ation of tasks, but only for the Exp onential distribution. F or

example, the largest 5% of tasks under the Exp onen tial distribution all exp erience mean slo wdo wns

of 5.6 or more, with a non-negligible fraction of task sizes exp eriencing mean slo wdo wns as high as

10 to 11. In con trast, no task size in the BP distribution exp eriences a mean slo wdo wn of greater

than 1.6. Th us, when the task size distribution has lo w v ariabilit y (Exp onen tial), SRPT can tend

to starv e a signi�can t fraction of tasks; ho w ev er when task size distributions sho w high v ariabilit y

(BP distribution), SRPT do es not lead to starv ation.

T o understand wh y SRPT do es not tend to starv e tasks under the BP distribution, w e plot

mean slo wdo wn as a function of task size o v er a range of BP task size distributions with constan t

mean (in this case, 3000) and v arying � . This plot is sho wn in Figure 5. The high � cases represen t

lo w v ariabilit y , whereas the lo w � cases represen t high v ariabilit y in the task size distribution.

This �gure sho ws ho w the lik eliho o d of starv ation under SRPT increases as the v ariabilit y of

the task size distribution decreases. When � is less than ab out 1.5, there is v ery little tendency for

SRPT to starv e large tasks (curv es for � = 0 : 5 and � = 0 : 7 sta y so close to 1 as to b e in visible on

the plot). Only as � gets close to 2.0 ( e.g., 1.7 or 1.9) is there an y signi�can t fraction of tasks that

exp erience high mean slo wdo wns.

The surprising resistance of the high v ariance task size distributions to starv ation under SRPT

can b e understo o d b y considering ho w w ork arriv es at the serv er under suc h distributions. F or a

Bounded P areto distribution with � = 1 : 1, the largest 1% of all tasks accoun t for more than half
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Figure 5: Mean slo wdo wn under SRPT as a function of task size, v arying � of task size distribution.

the total service demand arriving at the serv er. F or comparison, for an Exp onen tial distribution

with the same mean, the largest 1% of all tasks mak e up only 5% of the total demand. Th us, under

the Bounded P areto distribution, large tasks (for example, the largest 1%) are in terrupted m uc h

less (b y less than 50% of the total w ork arriving) than are the same fraction of tasks under the

Exp onen tial distribution (in terrupted b y ab out 95% of the total w ork arriving).

So far w e ha v e sho wn that starv ation under the BP task size distribution is not as sev ere as it

w ould b e under the exp onen tial task size distribution. Ho w ev er SRPT ma y still not b e a desirable

p olicy if the Pro cessor-Sharing (PS) discipline sho ws ev en lo w er lev els of starv ation. No w w e sho w

that when the task size distribution is BP with � = 1 : 1, starv ation under PS is higher than it is

under SRPT, o v er the en tire range of task size p ercen tiles.

Figure 6 plots mean slo wdo wn for PS and SRPT v ersus p ercen tile of task size under the BP task

size distribution with � = 1 : 1. Figure 6(a) considers the lo w-load situation ( � = 0 : 5) and Figure 6(b)

considers the high-load case ( � = 0 : 9). The Figure 6 sho ws the PS discipline consisten tly yields

m uc h larger mean slo wdo wns for tasks of all sizes. F or example, in the hea vy-load case, the PS

discipline results in mean slo wdo wn of 10 for all task sizes, whereas under the SRPT discipline,

tasks of all sizes exp erience mean slo wdo wns under 2.

Th us w e'v e seen that while starv ation app ears to b e a concern for lo w-v ariabilit y task size

distributions lik e the Exp onen tial, under the BP task size distribution with lo w � , SRPT is m uc h

more attractiv e. In addition when the task size distribution is BP , SRPT is more attractiv e than

PS with resp ect to starv ation.
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Figure 6: Slo wdo wn as a F unction of Job Size, Bounded P areto Distribution ( � = 1 : 1), F or SRPT

and PS P olicies.

4 Do es SRPT cause to o man y pre-emptions?

Another p ossible cause for concern with SRPT is the n um b er of pre-emptions it requires, b ecause

a larger task is alw a ys pre-empted when a smaller task arriv es.

In this section w e p oin t out that under t ypical conditions, SRPT should result in few er pre-

emptions than Round Robin (a practical implemen tation of Pro cessor Sharing). W e consider a

pre-emption to b e either the susp ension of one task to run another task, or the en try of a task to

an empt y system, or the departure of a task that lea v es the system empt y . In eac h of these cases,

signi�can t w ork m ust b e done b y the sc heduler to manage task or pro cess con texts.

First, note that under SRPT there are t wice as man y pre-emptions as there are task arriv als.

T o see this, consider that SRPT can b e implemen ted using a sorted list of tasks, with the prop ert y

that t w o tasks nev er rev erse their relativ e order in the list. The curren t executing task is alw a ys at

the head of the list. When a task arriv es it �nds its place in the ordered list based on its remaining

time, p ossibly displacing the task at the head of the list. No w eac h task reac hes the head of the

list only once. This, along with its departure, are the t w o pre-emptions it generates.

Second, for the Round-Robin system, w e can lo w er b ound the n um b er of pre-emptions b y the

total busy time divided b y the quan tum length. In order for the system's p erformance under Round-

Robin to appro ximate that of Pro cessor Sharing, the quan tum length should b e small relativ e to

the mean task size. Th us the n um b er of pre-emptions p er task will t ypically b e large (and not less

than 2).
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Th us it seems that the SRPT p olicy should generate m uc h few er pre-emptions in practice than

the common alternativ e p olicy , Round Robin.

5 E�ects of Realistic Arriv al Pro cesses

5.1 Wh y do w e need a trace-driv en sim ulation

Up un til no w, all results ha v e b een analytically-deriv ed. T o apply analysis, w e required the assump-

tion of a P oisson arriv al pro cess. W e also required the assumption of a closed-form distribution for

the task size distribution, whic h w e deriv ed from empirical data.

Ho w ev er, it is w ell kno wn that realistic HTTP arriv al pro cesses are more burst y (the in terarriv al

times ha v e a higher co e�cien t of v ariation) than a P oisson pro cess [8, 9 ]. The primary adv an tage

of a trace-driv en sim ulation is that it allo ws us to ev aluate the e�ect of this increased bustiness.

A second adv an tage of the trace-driv en sim ulation is that, although w e ha v e so far carefully

mo delled task size distribution analytically , the sim ulation emplo ys actual measured task sizes.

5.2 The trace data

W e ran our sim ulator on 4 di�eren t traces, tak en from the In ternet T ra�c Arc hiv es.

3

The only part of the trace data that w e used in eac h case w as the timestamp of the request and

the size in b ytes of the request.

The ClarkNet trace con tains t w o w eek's w orth of HTTP requests to the CLarkNet WWW serv er,

from August 28, 1995 through Septem b er 10, 1997. ClarkNet is a full In ternet access pro vider for

the Metro Baltimore-W ashington DC area.

4

The trace logs ab out 1.7 million HTTP requests.

The NASA trace consists of all HTTP requests to the NASA Kennedy Space Cen ter WWW

serv er in Florida during the mon ths of July and August 1995.

5

The trace logs ab out 1.9 million

HTTP requests.

The EP A trace con tains all HTTP requests to the EP A WWW serv er lo cated at Researc h

T riangle P ark, NC, during August 29, 1995.

6

The trace logs ab out 47,000 HTTP requests.

3

http://ita.ee.lbl.gov/traces .htm l

4

The ClarkNet log w as collected b y Stephen Balbac h of ClarkNet, and con tributed b y Martin Arlitt

(mfa126@cs.usask.ca) and Carey Williamson (carey@cs.usask.ca) of the Univ ersit y of Sask atc hew an.

5

The log w as collected b y Jim Dumoulin of the Kennedy Space Cen ter, and con tributed b y Martin Arlitt and

Carey Williamson of the Univ ersit y of Sask atc hew an.

6

The logs w ere collected b y Laura Bottomley (laurab@ee.duk e.edu) of Duk e Univ ersit y .
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The NCSA trace con tains HTTP requests made to the NCSA WWW serv er lo cated at UIUC

in Champaign-Urbana on Decem b er 20, 1995. The trace logs ab out 44,000 HTTP requests.

5.3 The trace-driv en sim ulation

W e sim ulated a single pro cessor with a single resource (CPU). Job in terarriv al times and service

requiremen ts w ere tak en from the traces. F or eac h trace, w e created a v ersion of the trace repre-

sen ting system utilization ranging from .05 to .95 (.05, .10, .15, .20, etc.). T o do this w e simply

scaled the in terarriv al times b y the appropriate factor.

A sim ulation consisted of running the en tire trace through the pro cessor. Eac h arriv al w as

sampled with probabilit y 1/40, so that on a v erage ev ery 40th arriv al w as sampled, and its 
o w

time and slo wdo wn w ere recorded. This data w as used to create the mean 
o w time and slo wdo wn

plots and the p ercen tile plots. W e c hose not to sample ev ery single arriv al since there w ould b e to o

strong a corrolation b et w een subsequen t arriv als. W e ac kno wledge that there is still a corrolation

ev en b et w een what ev ery 40th arriv al sees, ho w ev er no trace w as long enough to allo w us to p erform

man y indep enden t runs whic h eac h con v erge to steady-state.

5.4 Results

W e sho w full results for one of the traces, NCSA and partial results for all the other traces.

Figure 7 sho ws the results for the NCSA trace.

7

Figure 7(a) sho ws mean 
o w time as a function

of serv er utilization for the case of SRPT sc heduling as compared with PS sc heduling. Figure 7(b)

is the corresp onding �gure for mean slo wdo wn. Figures 7(a) and 7(b) corrob orate the general result

of Section 2, namely that the p erformance of SRPT is far b etter than the p erformance of PS on

W eb w orkloads. Observ e ho w ev er that the distinction b et w een SRPT and PS is more exagerated

in the trace-based results than the analytical form ulas from Section 2 predicted. F or example, at

high load, � = : 9, the mean 
o w time of PS for the trace-based data is a factor of 10 times greater

than the mean 
o w time for SRPT. F urthermore, the mean slo wdo wn of PS for the trace-based

data is a factor of ab out 90 times greater than the mean slo wdo wn of SRPT. Con trast this with

the analytical results from Section 2 whic h, for the case of load � = : 9, sho w ed only a factors of 3

impro v emen t with resp ect to mean 
o w time and a factor of 10 impro v emen t with resp ect to mean

slo wdo wn.

7

F or man y of these �gures, w e do not sho w the en tire PS curv e, since it w ould ha v e dw arfed the shap e of the

SRPT curv e. This is true throughout the pap er. In the text, w e describ e the results of the high load case, � = : 9,

although they are not alw a ys visible on the plots.
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The di�erence b et w een the trace-based results and the analytical results can b e explained b y

the follo wing observ ation. A burst y arriv al pro cess harms the p erformance of PS b ecause when

tasks arriv e together, they m ust shar e the pro cessor longer, th us all slo wing eac h other do wn. On

the other hand, burst y arriv al pro cesses do not seem to harm the p erformance of SRPT since the

SRPT algorithm will simply sc hedule the shortest one to run to completion. (This p oin t migh t b e

clearer to understand when comparing PS and F CFS. Sim ultaneous arriv als ha v e a more adv erse

a�ect on PS than they do on F CFS.)

A big adv an tage of sim ulation is that w e ha v e sample standard deviations. Figures 7(c) and 7(d)

sho w the standard deviation of the 
o w time and slo wdo wn. SRPT sho ws some impro v emen t o v er

PS with resp ect to the mean 
o w time, but the imp ortan t e�ect is that the standard deviation of

slo wdo wn is 20 times b etter under high load ( � = 0 : 9). This indicates that the system is p erforming

m uc h more predictably; when users submit small (large) tasks, the 
o w time is predictably small

(large).

W e next turn to the issue of starv ation, discussed in Section 3. Figures 7(e) and 7(f ) sho w

mean 
o w time and mean slo wdo wn as a function of task size under the hea vy load case of � = : 9.

Figure 7(f ) in particular indicates ho w SRPT p erforms as compared with PS with resp ect to

starv ation. The corresp onding �gure in the analytical section is Figure 6. Figure 7(f ) sho ws the

mean slo wdo wn in incremen ts of 5% of the task size distribution. Our results sho w that tasks b elo w

the 95th p ercen tile in size ha v e slo wdo wns under 2. Lo oking at the largest 5% of tasks w e found

that tasks in the 99 to 100 p ercen tile (the largest 1% of tasks in the trace) had a mean slo wdo wn

of 75, ho w ev er the tasks in the 98th to 99th p ercen tile had mean slo wdo wn of 8, tasks in the 97th

to 98th p ercen tile had a mean slo wdo wn of 6, and tasks in the 96th to 97th p ercen tile had a mean

slo wdo wn of only 4. These n um b ers migh t seem high, ho w ev er they are far less than the slo wdo wns

under PS, whic h a v eraged around 200 across all task sizes, as sho wn in Figure 7(f ).

Figure 8 sho ws the p erformance for the remaining three traces: EP A, NASA and ClarkNet

under the SRPT algorithm and under the PS algorithm. F or eac h trace, w e plot the mean 
o w

time as a function of serv er utilization, mean slo wdo wn as a function of serv er utilization and mean

slo wdo wn as a function of task size under the �xed utilization of � = 0 : 9. F or all metrics, the

p erformance under these three traces, are ev en more dramatic than under the NCSA trace.
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Figure 7: P erformance Metrics for NCSA T race. (a) Mean Flo w Time as a function of serv er

load; (b) Mean Slo wdo wn as a function of serv er load; (c) Standard Dev aiation of Flo w Time as a

function of serv er load; (d) Standard deviation of slo wdo wn as a function of serv er load; (e) Mean


o w time as a function of task size, assuming a serv er load of � = 0 : 9; (f ) Mean slo wdo wn as a

function of task size, assuming a serv er load of � = 0 : 9.
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Figure 8: P eformance Metrics: left column: EP A T race; cen ter column: NASA T race; righ t column:

ClarkNet T race. F or eac h trace w e sho w the mean 
o w time as a function of serv er load (top ro w),

mean slo wdo wn as a function of serv er load (middle ro w), and mean slo wdo wn as a function of task

size assuming serv er load of 0 : 9 (b ottom ro w.)

6 Related W ork

Curren tly , state-of-the-art W eb serv ers do not explicitly mak e use of a task's size in sc heduling

the task. W e ha v e restricted our discussion to W eb serv ers consisting of a single host. Suc h W eb

serv ers are often Unix or Windo ws NT mac hines whose sc heduling p olicies can b e appro ximated

b y Pro cessor-Sharing (PS), as explained in Section 1.

There are man y algorithms in the literature whic h are designed for the case where the task size

is kno wn. Go o d o v erviews of the single-no de sc heduling problem and its optimal solution are giv en

in [14 ], [11 ], and [6 ]. Despite the fact that the �le sizes are t ypically a v ailable to the W eb serv er,
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v ery little w ork has considered size-based sc heduling in the W eb.

One pap er that do es discuss size-based sc heduling in the W eb is that of Bender, Chakrabarti,

and Muth ukrishnan, [5 ]. This pap er raises an imp ortan t p oin t: in c ho osing a sc heduling p olicy it

is imp ortan t to consider not only the sc heduling p olicy's p erformance, e.g., me an slowdown , but

also whether the p olicy is fair, i.e. do some tasks starve (ha v e particularly high slo wdo wns). That

pap er considers the metric max slowdown (the maxim um slo wdo wn o v er all tasks) as a measure

of starv ation. The pap er prop oses a new algorithm, Dynamic Earliest De ad line First (DEDF) ,

designed to p erform w ell on b oth the mean slo wdo wn and max slo wdo wn metric. The DEDF

algorithm is a the or etic al algorithm whic h cannot b e run within an y reasonable amoun t of time (it

requires lo oking at all previous arriv als), ho w ev er it has signi�cance in b eing the �rst algorithm

designed to sim ultaneously minimize max slo wdo wn and mean slo wdo wn.

The Bender et. al. pap er recommends against the use of SRPT, claiming that SRPT leads to

starv ation. They p oin t out that there exist w orst-case inputs on whic h SRPT will ha v e un b ounded

max slo wdo wn; ho w ev er w e sho w that this isn't represen tativ e of SRPT's p erformance in practice.

The pap er also considers a trace-driv en sim ulation of a W eb serv er and mak es the p oin t that DEDF

has a lo w er starv ation lev el than SRPT. The pap er do es consider a few heuristics based on DEDF

whic h are implemen table, ho w ev er, the p erformance of those more practical algorithms at high load

is ab out the same as SRPT with resp ect to max stretc h and signi�can tly w orse than SRPT with

resp ect to mean slo wdo wn.

7 Conclusion

This pap er prop oses the idea of sc heduling HTTP requests at a W eb serv er in SRPT order. After

justifying wh y the sizes (service demands) of the HTTP requests are in fact kno wn in most cases, the

pap er go es on to defend SRPT in the area for whic h it has receiv ed the most criticism: starv ation

of large tasks. The pap er sho ws that the starv ation criticism is justi�ed with resp ect to man y

task size distributions. Ho w ev er, the pap er sho ws that in the case of W eb w orkloads, whic h ha v e

a hea vy-tailed highly-v ariable task size distribution, starv ation is not an issue and in fact is more

than an order of magnitude lo w er than starv ation seen in t ypical sc heduling p olicies curren tly used

in W eb serv ers.

All results in this pap er are obtained b oth via analysis and via a trace-driv en sim ulation. The

analysis assumes an empirically-deriv ed w orkload distribution and P oisson arriv als. The trace-

driv en sim ulation uses 4 di�eren t traces of HTTP requests arriving at W eb serv ers. The results
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from the traces are ev en more dramatic than those from analysis since the burst y arriv al pro cess

negativ ely impacts p erformance under traditional time-sharing sc heduling, ho w ev er it do es not ha v e

m uc h of an e�ect on SRPT.

The results in our pap er come with some ca v eats. First, using pro cessor-sharing as our com-

parison case ignores some subtleties of sc heduling in curren t W eb serv ers. Second, mo deling a W eb

serv er as a single resource is a simpli�cation of real serv ers. F or these reasons, the precise v alues

of our n umerical results are not lik ely to matc h measuremen ts in practice although w e b eliev e that

our o v erall conclusions will remain v alid. In addition, there are issues whic h will come up in im-

plemen tation whic h w e ha v e not mo delled. In particular, our assumption that the service demand

asso ciated with an HTTP request is prop ortional to �le size ma y b e a�ected b y features of the

serv er suc h as cac hing.

The results of this pap er suggest m uc h in teresting future researc h. On the practical lev el,

the curren t pap er mo dels serv ers as ha ving a single resource. The next step is prop osing minor

mo di�cations to SRPT whic h are designed to run in m ulti-resource systems. The step after that is

actually implemen ting these sc heduling p olicies in a W eb serv er. W e are curren tly pusuing these

directions.

On the theoretical lev el, this pap er sho ws that on W eb w orkloads, SRPT is far sup erior to PS

b oth with resp ect to p erformance and with resp ect to starv ation. Ho w ev er, there is still some ro om

for impro v emen t b oth with resp ect to mean slo wdo wn and with resp ect to starv ation. This suggests

the question of whether the SRPT p olicy can b e further impro v ed up on on these fron ts b y some

other practical p olicy .
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