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Abstract

T r a�c, like disk and memory ac c esses, typic al ly exhibits burstiness, temp or al lo c ality and

sp atial lo c ality. Ther e is much r e c ent gr ound-br e aking work on temp or al mo deling (self-similarity

etc), on disk and web tr a�c, with sever al statistic al mo dels that gener ate r e alistic series of time-

stamps. However, no work gener ates r e alistic tr ac es for b oth time and lo c ation (e g., blo ck-id).

In fact, exc ept for qualitative sp e culations, it is not even known whether/how the time-stamps

ar e c orr elate d with the lo c ations, nor how to me asur e this c orr elation, let alone how to r e-pr o duc e

it r e alistic al ly.

These ar e exactly the pr oblems we solve her e: (a) We pr op ose the 'entr opy plots' to quantify

the sp atial/temp or al c orr elation (or lack of it), and (b) we pr op ose a new mo del, the 'PQRS'

mo del, that c aptur es al l the char acteristics of r e al sp atio-temp or al tr a�c. Our mo del c an gener ate

tr a�c that is bursty (or uniform) on time; bursty or uniform on sp ac e; and it c an mimic the

c orr elation b etwe en sp ac e and time, whenever such c orr elation exists. Mor e over, it r e quir es

very few p ar ameters ( p , q , r , and the gr and total of disk/memory ac c esses); and it has line ar

sc alability in c omputing these p ar ameters. Exp eriments with multiple r e al data sets (disk tr ac es

fr om HP L abs, TPC-C memory tr ac es), show that our mo del c an mimic r e al tr ac es very wel l,

while the only obvious alternative, the indep endenc e assumption, le ads to mor e than 60x worse

err or.
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1 In tro duction

Mo deling tra�c data, suc h as disk I/O, memory accesses, w eb and LAN tra�c, is vital for p er-

formance ev aluation studies. A simple and accurate statistical mo del has sev eral adv an tages: (a)

W e can run 'what if ' scenarios, b y generating as long or as short a trace as w e w an t; or b y v arying

the load, burstiness and other parameters of our statistical mo del; (b) W e need m uc h less space:

a real disk/memory/net w ork trace ma y tak e h uge space; a statistical mo del t ypically requires only

a handful of parameters; (c) W e can do analytical p erformance studies: F or example, if w e kno w

that our tra�c is P oisson, w e can estimate analytically queue length distributions at a serv er with

a giv en service time distribution.

Previous attempts on tra�c mo deling fo cus mainly on the temp oral asp ects. Lo cation informa-

tion, another imp ortan t dimension, is usually left out of the picture ev en though the service time

of a request dep ends on b oth the arriv al time and the lo cation. This w ork tak es b oth time and

lo cation in to consideration. In particular, w e w ould lik e to answ er the follo wing questions:

� What is the spatial b eha vior the traces? Are all the disk blo c ks equi-probable (i.e. random

accesses in credit card applications) or should w e exp ect a Gaussian/P oisson disk of requests

on eac h cylinder? Or ma yb e piece-wise uniform?

� What is the spatio-temp oral correlation? Should w e w orry ab out the issue? Ho w close to

realit y is the (con v enien t) indep endence assumption?

� The hardest one of all is to dev elop a statistical mo del that will naturally capture burstiness,

uniformit y , and correlation? A mixture of 2-dimensional Gaussian or Mark ed P oin t Pro cesses

(if so, with what arriv al rates)?

More sp eci�cally , w e w an t to �nd a mo del to generate a realistic trace that has the same temp oral

and spatial b eha vior as the real one.

Problem 1 Given a two-dimensional tr ac e, Y = f ( t; s ) g , (i.e. ( t; s ) de�nes a r e quest of arrival

time t on lo c ation s .), develop a mathematic al mo del that c an gener ate a synthetic tr ac e, Y

0

=

f ( t

0

; s

0

) g , that has \similar" sp atio-temp or al b ehavior as Y .

The go o dness of the mo del can b e ev aluated b y comparing the syn thetic traces to the real traces

in terms of b oth statistical measures (i.e. mean, burstiness, and correlation) and p erformance
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b eha vior (i.e. resp onse time distributions for disk traces). The latter, in our opinion, is more

imp ortan t for practical reasons.

Compactness and e�ciency of the mo del are t w o additional concerns. A naiv e mo del can simply

remem b er the giv en trace and repro duce it as a syn thetic trace when required, but this hardly sa v es

an y space or e�ort, nor allo ws for generation of longer traces. The ideal mo del should (a) require few

parameters, (b) exhibit burstiness o v er time and space, (c) preserv e the spatio-temp oral correlation,

and (d) ha v e linear scalabilit y .

The pap er is organized as follo ws. Section 2 reviews the related w ork. Section 3 studies the

b eha vior of the real w orld tra�c and Section 4 pro vides a measure for b oth the burstiness and

the correlation. Section 5 in tro duces the PQRS mo del. Section 6 ev aluates the mo del using real

memory traces. Section 7 concludes the w ork and commen ts on future related researc h directions.

2 Related W ork

W e distinguish three lines of w ork in tra�c mo deling. Most of the previous w ork fo cused on net w ork

tra�c. Disk I/O are usually generated b y mixing sequen tial and random accesses [15 ]; ho w ev er,

it in v olv es sev eral parameters, whic h are hard to determine. Therefore, generating realistic disk

traces is still an unsolv ed problem [8 ].

T emp oral mo dels. The disco v ery of self-similarit y and burstiness in net w ork tra�c in v alidates

the classical tra�c mo deling w orks based on P oisson assumption [11 ]. V arious statistical mo d-

els, suc h as fractal ARIMA[9 ], Multifractal W a v elets[12 ], and b-mo del[16 ], ha v e b een prop osed to

capture the temp oral burstiness.

Spatial mo dels. Approac hes based on spatial statistics mo dels [6 ] generally assume that the

data is (m ultiv ariate) Gaussian, whic h pro duces smo oth tra�c data, therefore, is inappropriate for

the burt y tra�c. Mark ed p oin t pro cesses [5 ] can also b e used to mo del the o ccurrence of ev en ts

in time and space. Ho w ev er, these mo dels t ypically require some kind of structural assumptions

on the underlying in tensit y , and c ho osing this structure in general is a non-trivial problem. The

randomized v ersion of the PQRS mo del w e in tro duce in this pap er can b e though t of as sp ecifying

the in tensit y of a mark ed p oin t pro cess mo del for the data.
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(a) A sample disk trace (b) The i-mo del trace

Figure 1: Time-sp ac e plot of the sample disk tr ac e and the i-mo del tr ac e

Ph ysical mo dels. Another approac h tac kles the problem b y sim ulating user b eha vior. The

ON/OFF mo del in the SUR GE w eb tra�c generator [2 ] aggregates requests from m ultiple users

where the user thinking time follo ws a hea vy-tailed distribution. The mo del is able to pro duce t w o-

dimensional traces, but it's unclear if the spatio-temp oral correlation is w ell preserv ed in syn thetic

traces.

Our approac h tak es tra�c mo deling w ork one step further b y mo deling b oth the spatio-temp oral

b eha vior. The PQRS mo del is the �rst mo del that not only captures burst y b eha vior along b oth

space and time, but accurately captures the spatio-temp oral correlation.

3 Observing Data: Naiv e Mo del

Understanding the real tra�c data is crucial b efore w e can start to build a mo del. This section

studies the b eha vior of the real w orld tra�c data and in tro duces an initial attempt, the i-mo del.
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3.1 Burstiness

De�ne the time-space plot as the pro jection of trace Y to the time space plane. Figure 1 sho ws

the time-space plot for the cello disk trace [13 ]. C

T ;S

( t; s ) is the n um b er of tuples ( t; s ) in the

trace. That is, the n um b er of requests of arriv al time t of lo cation s . F urther pro jection of the

trace on to time and space giv es the \marginal" one-dimensional traces C

T

and C

S

, in whic h C

T

( t )

and C

S

( s ) tell the n um b er of requests at time t or on blo c k s . W e observ e \burst y" b eha vior (i.e.

non-uniformit y) in b oth marginals.

� T emp oral burstiness. The temp oral burstiness is exp ected: v arious tra�c data, suc h as

disk I/O tra�c [10 ] and net w ork tra�c [11 , 7], ha v e all b een sho wn burst y .

� Spatial burstiness. C

S

is apparen tly not uniform, nor piece-wise uniform as some previous

w ork assumes. The spatial sk ewness has b een noticed b efore [4], y et there is little e�orts on

mo deling it. Existing one-dimensional mo dels should b e able to capture the spatial burstiness

in the same w a y as they do for the temp oral burstiness since the burst y b eha vior lo oks similar

for time and space.

Ho w ev er, ev en if w e do kno w b oth marginals, w e can not generate t w o-dimensional traces if no

com bining algorithm is a v ailable. The straigh t-forw ard com bining algorithm is the i-mo del, whic h

is discussed in the next section.

3.2 I-Mo del

The i-mo del generates a t w o-dimensional trace b y \m ultiplying" t w o marginal traces. F or example,

if 10% of the total requests arriv e b et w een at time t and 5% of the total requests o ccur on disk

blo c ks on s , 10% � 5% of the total requests arriv e at t on disk blo c k n um b er s .

F ormally , the I-mo del sp eci�es that giv en C

T

and C

S

,

C

T ;S

( t; s ) = C

T

( t ) � C

S

( s ) = M ; t = 1 ; 2 ; : : : ; s = 1 ; 2 ; : : : ; (1)

where M is the total n um b er of requests in the trace.

The i-mo del w orks with all one-dimensional mo dels and preserv es the temp oral and spatial

burstiness b ecause the marginals of the generated t w o-dimensional trace are exactly the same as
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the original. In addition, it requires no parameters. Despite of n umerous adv an tages, the i-mo del

ignores a v ery imp ortan t prop ert y of the tra�c: str ong sp atio-temp or al correlation. Figure 1 (b)

sho ws a t w o-dimensional trace generated b y the i-mo del with C

T

and C

S

deriv ed from the real

trace. W e observ e signi�can t di�erences b et w een the i-mo del trace and the real one. The di�erence

is attribute to the existence of strong spatio-temp oral correlation in the real trace. In fact, the

indep endence assumption leads to grossly p essimistic results, as w e sho w in Section 6.

4 Prop osed Metho d to Quan tify Burstiness

The i-mo del con tradicts the in tuition that requests arriving closely in time tend to access nearb y

ob jects. Th us, the correlation will ha v e a great impact on the p erformance b eha vior b ecause

requests to nearb y ob jects tak e less time to serv e. This section discusses ho w to measure the

correlation.

4.1 De�nitions

V arious measures are prop osed to measure the uniformit y of a probabilit y function, suc h as gini

index and en trop y . W e emplo y the en trop y as our measuremen t in this pap er. (The parameters

used in the pap er along with their de�nitions are summarized in T able 1.)

En trop y is a w ell-kno wn concept in information theory to measure the uniformit y of a discrete

probabilit y function [14 ]. Recall that en trop y on a random v ariable E , (e.g. disk blo c k id of

random requests), is de�ned as

H ( E ) = �

N

X

i =0

p

i

log

2

p

i

; (2)

where p

i

is the probabilit y that ev en t E

i

will happ en (e.g. the i -th blo c k will b e hit) and N is

the total n um b er of p ossible outcomes (e.g. total n um b er of disk blo c ks). H is close to 0 if the

distribution is highly sk ew ed while a uniform distribution giv es the maxim um v alue of log

2

N for

H .

The join t en trop y on t w o random v ariables is de�ned similarly: for a giv en probabilit y function

P = f p

i;j

g on t w o random v ariables f E g and f F g , (e.g. arriv al time and disk blo c k id of random

requests), where p

i;j

giv es the probabilit y that b oth ev en t E

i

and ev en t F

j

will happ en, (e.g. a disk
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P

T ;S

( t; s ) Probabilit y that a request on lo cation s will arriv e at time t .

P

T

( t ) Probabilit y that a request will arriv e at time t .

P

S

( s ) Probabilit y that a request is on lo cation s

H ( E ) En trop y of a random v ariable E

H

( n )

T

T emp oral en trop y at aggregation lev el n

R

T

Slop e of the temp oral en trop y plot

H

( n )

S

Spatial en trop y at aggregation lev el n

R

S

Slop e of the spatial en trop y plot

H

( n )

T ;S

Join t en trop y on time and space at aggregation lev el n

R

T ;S

Slop e of the join t en trop y plot

( p; q ; r ; s ) P arameters to the PQRS mo del

M T otal n um b er of requests in a trace

T able 1: Symb ols table.

request at blo c k id j will arriv e at i ), the join t en trop y on E and F is de�ned as

H ( E ; F ) = �

X

i;j

p

i;j

log

2

p

i;j

: (3)

De�nition 1 The m utual information I ( E ; F ) on two r andom variables E and F is de�ne d as

I ( E ; F ) = H ( E ) + H ( F ) � H ( E ; F ) : (4)

The m utual information I ( E ; F ) indicates the degree of correlation b et w een E and F . It

b ecomes zero if E and F are indep enden t.

4.2 En trop y Plots

W e can apply the ab o v e de�nitions to traces to measure the burstiness and spatio-temp oral cor-

relation. The question is, then, what the gran ularit y should b e. If w e calculate the en trop y on

the �nest resolution, the m utual information on time and space will b e v ery close to zero b ecause

no correlation will b e observ ed. Our answ er is to calculate the en trop y v alues at all \aggregation"

lev els.

T o �nd the en trop y v alues at aggregation lev el n , the trace is divided in to 2

n

� 2

n

grids in the

time-space plot. Figure 2 (a) sho ws the grids at aggregation lev el n = 2. P

( n )

T ;S

is the probabilit y
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function that giv es the probabilit y that a request will fall in to eac h grid, i.e. a request on lo cation

( s

1

; s

2

) arriving at time ( t

1

; t

2

). P

( n )

T

and P

( n )

S

are the pro jections of P

( n )

T ;S

on time and space and

can b e easily deriv ed from the giv en trace.

De�nition 2 A t aggr e gation level n , de�ne the entr opy on time, sp ac e and the joint entr opy for a

given tr ac e as

8

>

>

>

>

<

>

>

>

>

:

H

( n )

T

= H ( P

( n )

T

);

H

( n )

S

= H ( P

( n )

S

);

H

( n )

T ;S

= H ( P

( n )

T ;S

) :

(5)

Then, the en trop y plots ar e the plots of the entr opy values against the aggr e gation level n .

The en trop y plot pro vides an insigh t on ho w the burstiness and correlation c hange across dif-

feren t resolution lev els. The p oin ts form a line when the burstiness and correlation are stable

at di�eren t gran ularities. Surprisingly , real tra�c sho ws stable burstiness and correlation o v er

aggregation as the linear en trop y plots of the sample disk trace suggest (Figure 2 (b)).

Lemma 1 F or a tr ac e of stable temp or al and sp atial burstiness and sp atio-temp or al c orr elation, al l

the entr opy plots ar e line ar:

8

>

>

>

>

<

>

>

>

>

:

H

( n )

T

= nR

T

;

H

( n )

S

= nR

S

;

H

( n )

T ;S

= nR

T ;S

:

(6)

8



The in tuition b ehind R

T

is the rate of information con tained in one more bit of time-stamp.

� When all the requests come in a burst, all the time-stamps will b e the same and the all the

bits are useless, whic h leads to R

T

= 0.

� When the requests are uniformly distributed along time, all the bits in the time-stamps are

useful and R

T

, in this case, is 1.

Similarly , R

S

giv es the rate of information in the lo cation bit. Denote R

T

+ R

S

� R

T ;S

as R

I

. R

I

tells the m utual information p er bit, e.g. ho w m uc h information the time-stamp bit tells ab out the

lo cation of the request.

� When R

I

equals to 0, the time-stamp and the lo cation of a request is indep enden t.

� The real tra�c data sho ws strong spatio-temp oral correlation. The real trace in Figure 2 (b)

giv es 0.722, 0.573, 0.881 as the estimated v alues for R

T

, R

S

, and R

T ;S

. The calculated v alue

of R

I

turns out to b e 0.414, indicating strong spatio-temp oral correlation. The i-mo del trace,

on the other hand, render 0.001 for R

I

, whic h suggests indep endence b et w een time and space.

(Hence the name i-mo del.)

5 Prop osed Mo del: PQRS Mo del

The i-mo del fails to capture the spatio-temp oral correlation in real tra�c. The follo wing sections

presen t a new t w o-dimensional mo del, called the \PQRS" mo del, whic h has in trinsically stable

burstiness and correlation.

5.1 Generation: PQRS Mo del

The PQRS mo del generates a t w o-dimensional trace using four parameters, namely , p; q ; r ; s ,

where p + q + r + s = 1. The recursiv e construction is the rev erse pro cess of the en trop y plot

aggregation as illustrated in Figure 3 (a). A t �rst, the probabilit y that a request will fall in to

the square is 1. In step 1, the time-space plot is divided in to 2 � 2 grids and the probabilit y

9
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(a) Generation of a PQRS mo del (b) A Sample PQRS trace

Figure 3: R e cursive tr ac e gener ation pr o c ess for the PQRS mo del.

that a request falls in eac h grid is p; q ; r ; s resp ectiv ely . In

step 2, eac h grid is further divided in to 4 small grids and

the requests in the grid are distributed to the four small

grids with the same ratio, p; q ; r ; s . The pro cess go es on

recursiv ely un til the required resolution on time and space

is ac hiev ed. Figure 3 (b) giv es a sample trace generated

b y the PQRS mo del with p; q ; r ; s of 0 : 2 ; 0 : 3 ; 0 : 4 ; 0 : 1. More

requests are lo cated at b ottom righ t corner since r has the

greatest v alue among the four parameters.

initialize the stac k;

push the whole trace on to the stac k;

while (stac k is not empt y) do

p op a square from the stac k;

if required resolution is met, then

output the requests of the square;

else

divide the square in to 2 � 2 grids;

distribute the requests to the

grids;

push the four grids on to the stac k;

Figure 4: PQRS tr ac e gener ation

The ab o v e algorithm assumes the same order of p; q ; r ; s is used in all the lev els. A random PQRS

trace can b e generated b y imp osing a di�eren t order at eac h step.

5.2 P arameter Fitting

The recursiv e construction algorithm guaran tees that PQRS traces ha v e linear en trop y plots. The

burstiness and spatio-temp oral correlation are stable b ecause all the steps use the same parameters

to distribute the requests.

Lemma 2 T r ac es gener ate d by the PQRS mo del have stable burstiness and c orr elation as they have

10



line ar entr opy plots.

8

>

>

>

>

<

>

>

>

>

:

H

( n )

T

= nH

(1)

T

;

H

( n )

S

= nH

(1)

S

;

H

( n )

T ;S

= nH

(1)

T ;S

;

(7)

Lemma 3 F or a PQRS tr ac e gener ate d with p ar ameter p; q ; r ; s , p + q + r + s = 1 , the entr opy r ates

ar e

8

>

>

>

>

<

>

>

>

>

:

R

T

= � ( p + q ) log

2

( p + q ) � ( r + s ) log

2

( r + s );

R

S

= � ( p + r ) log

2

( p + r ) � ( q + s ) log

2

( q + s );

R

T ;S

= � p log

2

p � q log

2

q � r log

2

r � s log

2

s:

(8)

All the pro ofs are omitted from the pap er for brevit y . Equation 8 suggests that p + q determines

the temp oral burstiness of the syn thetic traces and p + r determines the spatial burstiness. Giv en

the same temp oral and spatial burstiness, v arying the v alue of p c hanges the degree of the spatio-

temp oral correlation.

The parameter �tting algorithm for the PQRS mo del is simple. F or a giv en trace, plugging the

slop es of the en trop y plots in Equation 8 giv es the v alues for p; q ; r ; s .

The follo wing t w o lemmas giv e some additional features of the PQRS mo del.

Lemma 4 The Poisson mo del is a sp e cial c ase of the PQRS mo del wher e p = q = r = s = 0 : 25 .

Lemma 5 The i-mo del is a sp e cial c ase the PQRS mo del wher e

p

q

=

r

s

.

5.3 Complexit y

The computational complexit y of the algorithm is an imp ortan t prop ert y of the mo del. One w ould

rather c ho ose to collect real traces if the trace generation is to o slo w. Ideally , the mo del should

o�er linear scalabilit y . This section analyzes the computational complexit y of the PQRS mo del.

Our analysis sho ws that b oth the trace generation and the parameter �tting algorithms o�er linear

scalabilit y .

Lemma 6 The c omputation c omplexity for tr ac e gener ation in the PQRS mo del is O ( M � N ) ,

wher e M is the total numb er of r e quests and N is the r esolution level.

Pro of: Omitte d for br evity.
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W e outline the pro of here. W e upp er-b ound the trace generation through a naiv e implemen tation

of the algorithm. The recursiv e generation conceptually forms a quad tree. (See Figure 3 (a).)

The 4

n

grids in step n form the 4

n

no des at lev el n in the quad tree. In the naiv e implemen tation,

w e decide the v alue of t and s for a request ( t; s ) b y w alking do wn the quad tree from the ro ot

to a leaf no de. The probabilit y that the request go es in to the four subtrees is giv en b y p; q ; r ; s .

En umerating all the requests giv es the �nal trace. The n um b er of lev els of the quad tree is b ound b y

O ( N ), where N is the n um b er of steps in v olv ed. Therefore, the complexit y of the trace generation

is O ( M � N ). In realit y , N is usually the logarithm to the length of the trace in time (or space).

Similarly , the computation e�ort of the en trop y plots scales linearly to the n um b er of requests

as w ell.

Lemma 7 The c omputation c omplexity for p ar ameter �tting algorithm of the PQRS mo del is

O ( M � N ) .

Pro of: Omitte d for br evity.

W e giv e a sk etc h of the pro of here. F or a giv en trace of M requests, the n um b er of p oin ts in the

en trop y plot is O ( N ). The n um b er of non-zero grids in eac h step is less than M , th us, it tak es

O ( M ) computations to generate a p oin t in the en trop y plot. Therefore, the total computational

complexit y to compute the en trop y plots is O ( M � N ) :

In summary , the strength of the PQRS mo del lies in its p o w er as w ell as in its simplicit y .

The mo del generates traces with stable burstiness and correlation as the real tra�c data exhibits.

Additionally , the mo del o�ers linear scalabilit y .

6 Exp erimen ts

W e ev aluate the PQRS mo del using b oth disk and memory reference traces. The exp erimen ts

examine the v alidit y of the PQRS mo del and compares the p erformance b eha vior of the PQRS

mo del traces to the real ones.

W e made t w o main observ ations. First, the real tra�c data ha v e reasonably linear en trop y

plots whic h v eri�es the assumption w e made in the PQRS mo del. Second, strong spatio-temp oral

correlation pla ys an imp ortan t role in p erformance b eha vior and in v alidates the i-mo del. The PQRS

mo del, on the other hand, leads to p erformance measures that matc h realit y .
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6.1 Exp erimen t Setup

T able 2 giv es the summary of the disk I/O and memory traces in use.

Cello disk traces. The disk traces w ere collected on a UNIX �le serv er in HP on June 12th,

1992 [13 ]. The serv er has 8 disks attac hed to it. T otal of six traces are in use: Disk-a for the

aggregation of all the disk requests, Disk-r for all the read requests, Disk-w for all the write

requests, and Disk-0 , Disk-2 , Disk-7 for individual disk 0, 2, 7. All the traces are one da y long.

The other �v e disks are not studied b ecause of the small v olume of disk requests. The arriv al time

is accurate up to microseconds. The disk blo c k n um b er ranges from 0 to more than 5,000,000.

TPC-C memory reference traces. The TPC-C memory traces w ere collected on a realistic

pro cessor sim ulator running TPC-C w orkloads on Shore [3 ]. TPC-C [1] is an online transaction

pro cessing (OL TP) b enc hmark mo deling the order pro cessing op erations of a wholesale supplier.

There are total of six traces: �v e for �v e t yp es of transactions and one for a mixture of di�eren t

t yp es of transactions. Only references to the heap area are studied here.

Ev aluation to ols. The ultimate goal of tra�c mo deling is to facilitate system designs. Therefore,

w e fo cus on the p erformance asp ect of the traces. W e use the resp onse time and queue length

distributions for disk traces and the cac he miss ratio for memory reference traces as our p erformance

metrics.

Metho dology . W e w an t to answ er the follo wing questions: (a) Do es real tra�c ha v e stable

burstiness and correlation o v er aggregation? The real tra�c should ha v e linear en trop y plots for

the PQRS mo del to w ork. (b) If so, ho w do es the PQRS mo del p erform in mo deling them?

Ideally , the syn thetic traces should ha v e the same p erformance b eha vior as the real ones when the

parameters used in trace generation are deriv ed from the real ones.

6.2 Mo del Chec king

The PQRS mo del is designed for the tra�c data with stable burstiness and spatio-temp oral corre-

lation. Therefore, the tra�c data should ha v e linear en trop y plots for the PQRS mo del to w ork.

13



A t the same time, linear en trop y plots giv e a go o d estimation for parameter p; q ; r ; s .

Figure 5 sho ws the en trop y plots for the disk and memory traces. W e ha v e made the follo wing

observ ations.

1. The en trop y plots are reasonably linear, suggesting stable burstiness and correlation in the

traces. The estimated slop es are listed in T able 2. The stabilit y ensures that the traces are

w ell within the capabilit y of the PQRS mo del.

2. Strong spatio-temp oral correlation exists in b oth t yp es of traces. The m utual information

ranges from 0.313 to 0.696 for disk traces and from 0.166 to 0.417, indicating strong correla-

tion.

3. The PQRS mo del is able to mo del uniform traces as w ell. R

T

for the memory traces is close

to 1, suggesting a uniform distribution of the memory accesses on time. This is b ecause the

program is consisten tly accessing data during its course of execution.

In summary , real tra�c data has stable burstiness and correlation o v er aggregation and is

within the capabilit y of the PQRS mo del. Strong correlation exists, in v alidating the indep endence

assumption of the i-mo del.

T able 2 giv es the estimated p; q ; r ; s v alue from Equation (8) for the real traces. The follo wing

sections compare the p erformance b eha vior of the real traces and the PQRS traces generated from

the estimated p; q ; r ; s v alue.

6.3 Disk T race Ev aluation

Figure 6 sho w the resp onse time and queue length distributions of the real and the PQRS traces on

a realistic disk sim ulator [8]. Both distributions are in negativ e cum ulativ e form and in log-scale.

That is, a p oin t (10 ; 0 : 01) in the resp onse time distribution plot sa ys the more than 1% of the disk

requests ha v e resp onse time greater than 10 milliseconds. W e exp ect that traces with strong spatio-

temp oral correlation should ha v e short tails in these distributions as requests close in lo cation can

b e serv ed faster.

The comparison has sho wn that the PQRS traces, accurately capturing the burstiness and the

correlation, sim ulates the p erformance b eha vior of the real traces v ery w ell.
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T race T otal disk requests

^

R

T

^

R

S

^

R

T ;S

I

T ;S

( ^ p; ^q ; ^r ; ^s )

Disk-a 4,575,798 0.641 0.819 1.058 0.402 (0.862,0.001,0.257 ,0 .74 1)

Disk-r 1,822,781 0.847 0.833 0.984 0.696 (0.016,0.258,0.720 ,0 .00 6)

Disk-w 3,300,628 0.641 0.728 0.992 0.377 (0.150.0.013,0.053 ,0 .78 4)

Disk-0 1,101,416 0.814 0.690 0.941 0.563 (0.043,0.184,0.772 ,0 .00 1)

Disk-2 1,396,649 0.790 0.723 0.904 0.609 (0.200,0.027,0.001 ,0 .77 2)

Disk-7 371,320 0.722 0.573 0.881 0.414 (0.056,0.135,0.808 ,0 .00 1)

(a) Cello disk trace summary

T race Length T otal requests

^

R

T

^

R

S

^

R

T ;S

I

T ;S

( ^ p; ^q ; ^r ; ^s )

New Order 14,990,636 4,000,000 0.962 0.200 0.996 0.166 (0.030,0.255,0.001 ,0. 71 4)

P a ymen t 17,242,172 4,573,044 0.963 0.281 1.042 0.202 (0.239,0.047,0.713 ,0. 00 1)

Order Status 1,355,168 268,943 0.950 0.456 0.989 0.417 (0.095,0.185,0.001 ,0. 72 2)

Deliv ery 525,100 129,388 0.957 0.439 0.987 0.409 (0.090,0.192,0.001 ,0. 71 7)

Sto c k Lev el 14,453,440 3,613,360 0.974 0.349 1.052 0.271 (0.231,0.064,0.704 ,0. 00 1)

Mix 12,268,876 4,000,000 0.983 0.309 0.990 0.302 (0.248,0.054,0.697 ,0. 00 1)

(b) TPC-C memory reference trace summary (T race length in CPU cycles)

T able 2: T r ac e Summary
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(a) En trop y plots on time, space and the join t en trop y plot (from left to righ t) for the disk traces.
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(a) En trop y plots on time, space and the join t en trop y plot (from left to righ t) for the memory traces.

Figure 5: Entr opy plots for the cello disk and TPC-C memory r efer enc e tr ac es.
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(b) Queue length distribution in NCDF

Figure 6: Disk T r ac e Performanc e Evaluation. (I-mo del tr ac es for disk-2 cr ashes due to queue

satur ation.

1. Strong spatio-temp oral correlation pla ys an imp ortan t role in p erformance b eha vior of the

traces as w e ha v e exp ected. T races with strong correlation yield shorter tails in b oth distri-

butions. The real traces and the i-mo del traces ha v e exactly the same temp oral and spatial

burstiness. Ho w ev er, the i-mo del traces pro duce extremely large resp onse time b ecause of

the indep endence assumption. The i-mo del results for Disk-2 are missing b ecause the queue

b ecomes long enough to saturate the system.

2. The PQRS mo del w orks amazingly w ell in sim ulating the real tra�c b eha vior b y accurately

capturing b oth the burstiness as w ell as the strong correlation at all aggregation lev els.

The ab o v e comparison has sho wn that the PQRS mo del mimic the real disk I/O tra�c v ery

w ell in p erformance b eha vior.
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6.4 Memory T race Ev aluation

Memory trace ev aluation in v olv es comparing the cac he miss rates of the real traces to the PQRS

traces. Tw o facts justify our c hoice of using the cac he miss rate to ev aluate the p erformance

b eha vior. First, the miss rate is an imp ortan t p erformance metric in computer arc hitecture researc h.

Second, the cac he miss rate re
ects the spatio-temp oral b eha vior of the trace. Memory references

on nearb y lo cations ha v e a b etter c hance to b e cac he hits if they are close to eac h other in arriv al

time. Therefore, strong spatio-temp oral correlation leads to lo w cac he miss rates.

Figure 7 compares the cac he miss rates for three sets of traces: R for the real traces; I for the

i-mo del traces generated from the same marginals as the real ones; P for the PQRS traces with

parameter v alues as listed in T able 2. Six groups of bars sho w the cac he miss rates on six di�eren t

cac he sizes in eac h graph.

W e observ e that the traces with high degree of spatio-temp oral correlation, suc h as the R and

P traces, su�er lo w cac he miss rates as w e ha v e exp ected. The relativ e error of the PQRS traces

is within 30%. On the other hand, the I traces, assuming indep endence b et w een time and space,

exp erience extremely high miss rates and ha v e relativ e error as high as 1800%.

6.5 Summary

Both disk traces and memory references traces ha v e sho wn reasonably stable burstiness and spatio-

temp oral correlation o v er aggregation as suggested b y the linear en trop y plots. Strong correlation

b et w een the arriv al time and lo cation of the requests exists in b oth t yp es of tra�c data and it has

a signi�can t impact on the p erformance b eha vior of the traces. Therefore, tra�c mo deling should

tak e spatio-temp oral correlation in to consideration.

The PQRS mo del, carefully designed for this t yp e of tra�c data, is able to replicate the b eha vior

of real traces as sho wn b y the exp erimen ts. The i-mo del, on the other hand, failed to do so b y

ignoring the correlation.

7 Conclusions

Mo deling disk tra�c is a hard problem [8], esp ecially when w e need to capture b oth the temp oral

as w ell as spatial correlations. The con tributions of this pap er are the follo wing:
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Figure 7: Comp arison of the p erformanc e b ehavior of the memory r efer enc e tr ac es. Thr e e typ es of

tr ac es ar e evaluate d against the a r e alistic c ache simulator. T r ac e \R" stands for \R e al"; \I" for

the i-mo del, and \P" for the PQRS mo del.
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� w e prop ose a simple mo del, the PQRS-mo del, that ac hiev es all goals: it can b e burst y or

uniform in time, burst y or uniform in space, and it can giv e zero to 100% correlation b et w een

space and time.

� w e prop ose a w a y to measure the spatio-temp oral correlation, through the en trop y plots and

the m utual information plots, whic h also sho w ed that the burstiness and correlations remain

stable for man y scales.

Smaller con tributions include

� w e are the �rst to quan tify the p opular, but v ague in tuition that memory and disk accesses

exhibit lo calit y , not only in space or time, but in space-time as w ell.

� w e giv e fast, scalable algorithms to build and run our mo del: They require linear time on the

n um b er of requests M , to estimate the mo del parameters, and linear time again ( O ( M )) in

generating a trace of M requests.

� exp erimen ts on m ultiple real datasets sho w that the simple PQRS mo del can mimic them v ery

w ell, leading to go o d p erformance predictions (cac he-hit-ratios, queue length distributions).

In con trast, the only other comp etitor, the indep endence mo del (i-mo del), fails miserably .

F or example, the PQRS mo del traces ha v e mean error 30% compared to the real traces while

the indep endence assumption can ha v e error as high as 1800% in cac he miss rates for the

memory traces.

One promising researc h direction could fo cus on the use of the PQRS mo del for other spatio-

temp oral settings (e.g., earthquak es o v er space and time). Another direction could b e the analytical

deriv ation of p erformance measures of in terest (lik e the cac he-hit ratio, or disk queue length distri-

butions), giv en the p; q ; r ; s v alues of a trace.
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