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Abstract

This paper investigates the underlying impact of predictive inaccuracies on execution scheduling, with particular
reference to execution time predictions. This study is conducted from two perspectives: from that of job selection
and from that of resource allocation, both of which are fundamental components in execution scheduling. A new
performance metric, termed the degree of misperception, is introduced to express the probability that the predicted
execution times of jobs display different ordering characteristics from their real execution times due to inaccurate
prediction. Specific formulae are developed to calculate the degree of misperception in both job selection and
resource allocation scenarios. The parameters which influence the degree of misperception are also extensively
investigated. The results presented in this paper are of significant benefit to scheduling approaches that take into
account predictive data; the results are also of importance to the application of these scheduling techniques to
real-world high-performance systems.
© 2004 Elsevier B.V. All rights reserved.
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1. Introduction

Scheduling in a single processor environment consists, at its most basic level, of determining the
sequence in which jobs should be executed. In a multi-processor or multi-computer environment, job
scheduling also involves the process of resource allocation, that is, determining the resources to which
a job should be sent for execution. The design of scheduling policies for parallel and distributed systems
is the subject of a good deal of reseaj2l#,5,14,15] These schemes are often based on the assumption
that job execution times are knowB,9]. This information must therefore be obtained using some
kind of predictive mechanism. A ina& approach might require the owner of the task to estimate the
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resource requirements; a more sophisticated technique would be to use performance prediction tools fo
this purpose. A number of increasingly accurate prediction tools have been developed that are able tc
predict the resource requirements (including execution time) of jobs using performance B3

or historical datd1,13].

In spite of this, it is inevitable that the prediction data is unlikely to be entirely accurate, which may
have a fundamental impact on job selection and resource allocation.

In the case of job selection, an inaccurate prediction may mean that the scheduler has an incorrec
perception of the order in which the different jobs should execute. For example, it may be the case that
the real execution time of joly is greater than that of jol,, but because of the inaccurate prediction
the scheduler may view joly as having a shorter execution time than Jgblif the scheduling policy is
based on job execution times (the shortest job serviced first, for example), then this misperception will
impact on the order in which jobs are selected for execution. This will ultimately influence the scheduler
and system performance.

When a scheduler receives a job in a parallel or distributed system, there may be a number of resource:
(processors or computers) available on which the job may be executed. If the resource allocation policy
is also based on the expected execution time of the job on the different resources (select the compute
that offers the shortest execution time, for example) then these inaccuracies might also cause the schec
uler to make an erroneous choice. Again, this misperception will impact on the scheduling and system
performance.

Misperception arises from the inaccurate prediction of, in this case, execution time and should be
viewed as an inherent characteristic of any prediction-based scheduling scheme that operates in a corn
plex, highly variable real-world system. This said, different scheduling policies would have different levels
of sensitivity to the degree of misperception. Thus, the impact of inaccurate prediction on scheduling
performance can be considered at two levels: firstly, at an underlying level, the degree of mispercep-
tion originating from inaccurate prediction and secondly, at a higher level, the sensitivity of individual
scheduling policies to this degree of misperception. This paper addresses the former, where the latter i
the subject of future work.

Different prediction errors will lead to different degrees of misperception. This paper establishes the
relationship between the predicted error and the degree of misperception in the context of job selection
and resource allocation. This study provides an insight into the underlying impact of inaccurate prediction
on job selection and resource allocation and in so doing significantly benefits the design and evaluation
of scheduling policies that make use of predictive data.

The remainder of this paper is organized as follows. A formal analysis of the degree of misperception
for job selection and resource allocation is presented in Se2tidme parameters that influence the
degree of misperception are extensively evaluated using a selection of case studies; these case studie
together with supporting results, are presented in Se@tidine paper concludes in Sectidn

2. An analysis of the degree of misperception
2.1. Job selection

When performance prediction tools are used to estimate the execution times of jobs, the predicted
execution time usually lies in an interval around the actual execution time (of the job) according to some
probability distribution7,8].
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Suppose that the actual execution time of ks x; and that the predictive error, denotedyyis a
random variable in the range-px, bx] following some probability density functiom;(y;), where the
possible value fields ad andb are [0, 100%] and [Opc], respectively. It is assumed that the predictive
errors of different jobs are independent random variables. The predicted execution timé od@inted
by z, is computed using Eq1).

Zi =X+ i (1)

The predictive errory{) and the actual execution time;X may follow any probability distribution,
therefore, the relation between the predicted execution tihar(d the actual execution time is expressed
linearly (in Eq.(1)). The aim therefore is to present general formula for the calculation of the degree of
misperception, where the general form for the probability density functioxsaofl/ory; can take on any
specific expression from their respective application scenarios. The benefit of this approach is to broaden
the general applicability of the research.

Within this framework, suppose two joldg andJ, have the actual execution timesandx,, where
X1 <Xz. The predicted execution times &f andJ,, that iszy andz, are thereforex; +y; andx, +yo,
respectively. Given that <x,, a misperception occursif > z,. The degree of misperception for these
two jobs, represented as MR (xy), is defined by the probability that > z, while X; < x,. This probability
is denoted byP,(z1 > z|x; <X2). Using Eq.(1), this probability can be further transformed:

Pi(z1 > z2lx1 < x2) = Pr(x1+ y1 > X2 + yalx1 < x2) = Pr(y1 = y2 +x2 — x1lx2 —x1 > 0)  (2)
so that MDgg, x») is computed using
MD(x1, x2) = Pr(y1 > y2 + x2 — x1|x2 — x1 > 0) 3)

Eqg. (3) demonstrates that the probability that a misperception occurs is the probability that given
X2 — X1 >0, the predictive error af; (i.e.,y1) is greater than the predictive errorbf(i.e.,y,) plus the dif-
ference betweexy andx;. By constructing the coordinates of the predictive eysandy,, the inequality
V1> Y2 + X2 — X1 means thay; andy, are given values from the area above the {iney, + X, — X;.

Figs. 1a, 2a and 3#lustrate the relationship between the predicted execution timed, fand J,;
Figs. 1b, 2b and 3bhow the corresponding value fields of the predictive errah @ndJ, (y; andys,)
and the corresponding area in Whigle yo + %o — X3.

(I-a)x;  (1+b)x, / ' ¥2
J;T / T
X L s I
\ I\y|=—flx\

X2

\

(I-a)%, (1+b )%, yo=-axy | } ¥2=bxs
@) (b)

Fig. 1. (a) The predicted execution times of jahsndJ, do not overlap and (b) the corresponding coordinate area from which
the predictive errorg; andy, can be assigned values.



130 S.A. Jarvis et al. / Performance Evaluation 60 (2005) 127-139

(I-a)x, (1+b)x,
A\ A4
X

1 1

X2

\]

3

(I-a)x; (1+b)x;

(a)

Fig. 2. (a) The predicted execution times of jdasndJ, overlap, but the lower limit of the predicted execution timeJodoes
not coverx; and (b) the corresponding coordinate area of predicted erraksasfdJ, (y; andy,) in which the misperception
occurs (the area is a triangle).

Fig. l1a illustrates the case when the ranges of predicted execution tindesnflJ, do not overlap.
In this case a misperception will not occur even if the predictions are not acchigtéb shows the
corresponding coordinate area of the predicted errods ahdJ, (area I), which is the area surrounded
by the linesy; = —ax, y1 =bx, y»=—ax andy, =bx. As can be seen from the figure, all of area | is
below the liney; =y, + X, — X1. Hence Py (y1 > y> + X2 — X1 [%2 — X1 > 0) in EQ.(2) is equal to zero. This
case is expressed more formally below:

P(y1> y2+x2—x1|x2 —x1>0)=0

—axp; > —bx1+x2—x1, xo0—x1>0 4)

Fig. 2a illustrates the case when the predicted execution timés afidJ, overlap and the lower limit

of the predicted execution time df is greater thawx;. The corresponding coordinate areaypfindy,

is shown inFig. 2b (area |); part of this area is above the lyne=y, + x, — X; (area Il), which is itself
surrounded by the three lings=bx,, y>» = —ax andy; =y, + X, — X;. Wheny; andy, are assigned values
from area Il,y; andy, satisfyy; >y, + x> — x; and a misperception will occur; a misperception will not
occur ify; andy, are assigned values from any other area in |, although prediction errors will still exist.
The probability in Eq(2) is equal to the double integral of the probability density functions of predicted

v, A

YiEYatXa—X

(1-a)y (1+b)x, 2
v g
X r
Xo = \E:_H—XI
- N
i ya=bx.
(1-a)x (1+b)xz '

(a)

Fig. 3. (a) The predicted execution times of jasandJ, overlap and the lower limit of the predicted execution timeJor
coversx; and (b) the corresponding coordinate area of predicted errdisaofdJ; (y; andy,) in which the misperception occurs
(the area is a trapezoid).
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errors (i.e.gi1(y1) andgx(y»)) in area Il and is calculated using H§).

bxy y1—(x2—x1)
Pi(y1> y2 +x2 — x1|x2 —x1 > 0) = / / g1(y1)g2(y2)dy2dy1

—axy+x;—Xx1 —axy

—axy — (x2 — x1) < —axz < bxy —x2 —x1), x2—x1>0 %)

Fig. Jaillustrates a second case when the predicted execution tindgsnélJ, overlap. It differs from
Fig. 2a in that the value field al,’s predicted execution time covexs. The corresponding coordinate
area in whichy; andy, satisfyy; >y, +X, — X, is a trapezoid and is highlighted in area Il fig. 3b).
The formula for calculating the probability in E(R) differs from Eq.(5), that is

bx1 y1—(x2—x1)
Pi(y1 > o+ 22— xalxs — 11 > 0) = / f ¢10)g2(y2)dyzly

—ax1J —axy

—axp < axy — (x2 —x1), x2—x1 >0 (6)

Eqgs.(4)—(6)account for all possible relations between the predicted execution times afjabhs J,.

If the probability density function of a job’s actual execution time in a job stred@®)isnd the value
field of the real execution timeis [xI, xu], then the degree of misperception of this job stream, denoted
by MD, is defined by the average of the degree of misperception for any two jobs in the job d#Bam.
is computed using Eq7), where MDk;, xo) is derived from Eqs(4)—(6).

MD = / 1 f F(x1) f(x2)MD(x1, x2)dxodx1 (7)

There are several independent parameters in(@}<(7), includinga, b, xu, X1, f(x), andg;(x). It is highly
beneficial to study how these parameters influence the Wiethis is the subject of the investigation
presented in Sectid®

2.2. Resource allocation

In dedicated environments, the execution time of a single unit of work can be represented as a predicted
point valug10-12] However, in non-dedicated environments, the existence of background workloads on
the resources causes a variation in unit execution tj1&8—12] Hence, it can be assumed that the actual
execution time of one unit of work locates across a range around the predicted point value following a
certain probabilityf10,12,16]

Suppose a distributed system consisting beterogeneous computexs c,, . . ., C,, where computer
Gi is weightedw; (1 <i < n), which represents the time it takes to perform one unit of computation. Now
suppose for any, j (1<i, j<n), w;<w; if i<j. A job with sizes is therefore predicted to have the
execution timesw; on computec;. The predicted execution time of a job is denotedbythat is

Ze, = SW; (8)

i

However, in shared environments this might not be the case because of the existence of background
workload. The actual execution time of a job grnis therefore denoted by, .
For a job with sizes, its predicted error on computer, denoted by, is computed using

yC,' = ZC; - xC; (9)
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Supposey,, falls in the range +sw; x a, sw; x b] following the probability density functiom.,(y.,).
Hencex,, locates in the rangesp; x (1 — a), sw; x (1 +b)].

For two computers; andc;, suppose thab; <w;. The predicted execution time of a job with sizen
¢ andgc; therefore satisfiesw; < sw ;. However, the range of the job’s actual execution time on computer
Ci is [sw; x (1—a), sw; x (1+b)] and may overlap with that on computgt which is [sw; x (1 — a),
sw; x (1+b)].

Consequently, the actual execution time on compgtenay be greater than that @p In this case,
the inaccurate predictions cause a misperception in the order of the actual execution times on these tw
computers. Depending on the individual scheduling algorithm, this misperception may lead to the wrong
resource being selected for the job. Similarly, the degree of misperception for a job withasizevo
computersc; andg;, denoted by MIXc;, ¢), is defined by the probability that, > x., while z., <z,
This probability is denoted usirg(x., > x.,|z¢, <z,), which can be further transformed using D),
and Eqs(8) and (9)

Pr(xe, = x¢;1ze; < 2¢;) = Prlze, — Yer = 2e; — Yejlze, < 2c;)
= Pi(Ye; = Yo, + swj — swilw; — w; > 0) (20)
That is, MDx(c;, ¢;) is computed using
MDc(ci, ¢;) = Pr(ye; = Yo, + sw; — swilw; — w; > 0) (11)
Applying a similar method to that used to compute MDks), the equation for computing Mifc;, ) is

0 bsw; < —asw; + s(w; — w;)
bsw ;—s(w;—w;) rbsw;
_A;:;,, Sy )fyi.:lix(wj_wi)gci (yCi)ng(ij)dijdyCi

MD¢(c;, ¢j) = , —a};vwi + s(w; — w;) < bsw; < bsw; + s(w; — w;) 12)
“asrd verts(uoy—wy 8 Ve )8e (e, )y, Ay,

bsw; > bsw; + s(w; — w;)

—asw;

The degree of misperception for a job with s&zr n heterogeneous computess ¢, . . ., ¢, denoted
by MD¢, is defined using the average of the degree of misperception for the job on any two computers,
which can be computed using

n=1 n
—_ 1
MD, = EZ > MD(ci. c)) (13)

noj=1 j=i+1

3. An evaluation of the degree of misperception

In Section2 the general formula for calculating the degree of misperception for job selection and
resource allocation were presented.

There exists no formal benchmark with which to test system performance with respect to metrics such
as the degree of misperception. Further, the exploration in Se2timesents general formula where
the probability density functions of the actual execution timg gnd the predictive errory) can take
on any specific expression from their respective application scenarios. Hence, we present a series o
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Fig. 4. Impact of the parameteasandb on MD: (a) the impact of the range size of predicted errors and (b) the impact of the
range location of predicted errors.

case studies in whicki andy; are assigned specific probability distributions (with variable parameters)
that represent realistic workload models according to different application scenarios (an approach also
adopted irf10,15,16). In this section a series of case studies are conducted, for which specific probability
distributions are determined, that explore how the parameters in these formulae impact on the value
assigned to the degree of misperception.

3.1. Job selection

The parametera andb represent the range of predicted errors in E4¥-(6). Fig. 4a and kshow
the impact of the parametessand b on the valueMD. It is difficult to evaluate the impact of these
parameters if the probability density function of predicted errors takes a general form. In the following
parameter evaluation therefore, the predicted error for the execution times @lssumed to follow a
uniform distribution in F-ax, bX], whose probability density functiogy(yy) is expressed as

g:x(x) = m

Three types of job stream are investigated. The actual execution times in these job streams follow a
uniform, Bounded Pareto and Exponential distribution, respectively. Their probability density functions
f(x) are shown irmable 1 The job execution times in the job stream following the exponential distribution
have no upper limit. Only those execution time values in [10,14.6] need be considered, as according to
the probability density function 99% of the execution times locate in this range. This simplification does
not impact on the accuracy of the results.

Table 1
The range of job execution times in the three job streams
Uniform Bounded Pareto Exponential
1 o X xI* 1
f(x Ty lg=1 Zem/Bg — 1
) xu — xl 1-— (xl/xu)”x (o ) B * )

I, xu [10, 100] [10, 40] [10, 14.6]
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Fig. 5. The impact of actual execution times on the degree of misperception: (a) the impact of the range size of actual execution
times and (b) the impact of the range location of actual execution times.

In Fig. 4a, a andb increase from 10% to 90% (in increments of 10%). This results in the range of
predicted error for the actual execution timexdhcreasing from £0.1x, 0.1x] to [—0.9x, 0.%], while
the average predicted error remains unchanged (at 0).

As can be observed iRig. 4a, under all three probability distributions the degree of misperception
increases ag andb increase. The reason for this is becausa asdb increase, the predicted execution
times of jobs have a higher probability of overlapping, leading to an overall incre&dB.iiThis result
suggests that when the average predicted error is the same, the range of predicted errors is critical to th
value ofMD.

It can also be observed that under the sanaadb, the degree of misperception is highest under an
exponential distribution; this decreases under a Bound Pareto distribution and is recorded at its lowest
level under a uniform distribution. The rational behind this is that the size of the range of actual execution
times is smallest when the execution times follow an exponential distribution and is largest when following
a uniform distribution. This result implies that the actual execution times will also influence the degree
of misperception. This is demonstrated in the case study preserféggl i

Fig. 4b shows that the range of predicted error for the actual execution timenfains unchanged (at
X), while the location of the range shifts towards the left fron®[1x, 0.9] to [—0.9%, 0.1x]. The result
of this is that the degree of misperception increases as the range location shifts leftwafdg.(dee
The supposition for this is as follows. Considégs. 2a and 3awhen @, b) is (0.1, 0.9), the range of
predicted errors fox; andx; are [-0.1x;, 0.%;] and [-0.1x;, 0.9%;], respectively. The size of the range
where the predicted execution times fgrandx, overlap is therefore

O.9)C1 + O.le - ()Cz — )C1)

However, whend, b) is (0.9, 0.1), the range of predicted errors ar@[9;, 0.1x;] and [-0.9x,, 0.1%;],
respectively, and the size of the overlapping ranges is therefore

O.9XQ + O.lxl - (XZ — xl)
Sincex; is greater thamy, hence
0.9x1 + 0.1x;, — (XZ — xl) < 0.9x2 + 0.1x1 — (XZ — xl)
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we find that in general the size of the overlapping ranges is greater aharig (0.9, 0.1) than wherg(

b) is (0.1, 0.9). This therefore leads to the increased degree of misperception. This result has an important
implication in that compared with an overestimation of execution time, the same level of underestimation
may result in a higher degree of misperception.

Fig. 5a and b shows the impact of actual execution times on the degree of misperception. The re-
sults show the data for the actual execution times following a uniform distribution; the results for the
Bounded Pareto distribution display a similar pattern. This study does not consider execution times with
an exponential distribution as their range sixa- xl) is fixed when 99% of the execution times are
considered.

Fig. 5a shows the impact of the size of the range of actual execution timesx(i.e.xl). In this
same figure, the average of the actual execution times remains the same (at 100) while the range size
of execution times decreases from 180 to 20 (with decrements of 20). This experiment is conducted
with different values foma andb and it can be observed (fig. 5a) that for the same values afand
b, the degree of misperception increases as the range size decreases. It is clear that as the range size ¢
the actual execution times decrease, the value efx; (in Figs. 2a or 3palso decreases (on average)
under the sama andb. As a result of this, the overlapping area of the two predicted execution times
increases, which leads to an overall increaddih This result suggests that when the average execution
times are the same, a greater variance in execution time is of benefit, as this will reduce the degree of
misperception.

Fig. 5 demonstrates the impact of the location of the range of actual execution tintég. b the
range size of execution times remains constant (at 50) while the range shifts from [10, 60] to [90, 140].
As can be seen iRig. B, the degree of misperception increases in all cases as the range location shifts
from [10, 60] to [90, 140]. The reason for this is that as the range location shifts, the mean execution
time increases. Under the sameandb, the larger the actual execution time, the greater the range of
its predicted error. Consequently, corresponding predicted execution times have a higher probability of
overlapping with each other, which then incurs a higher degree of misperception. This result shows that
when other parameters remain constant, the job stream with the greater average execution time tends tc
cause the highest degree of misperception.

3.2. Resource allocation

In Egs.(12) and (13)the parameters that determil®.. include the error range parametarandb,
the computer weight; and the probability density function of predicted errgrgy.,). In the following
case study, the values of these parameters areTabla 2unless otherwise stated.

In the following figures, the predicted error for the execution time of also assumed to follow a
uniform distribution in F-asw;, bsw;], whose probability density functiog. (y.,) is expressed as follows:

Table 2
Default values for the experimental parameters

w1 w;, —w;,_1 (2<i<n) n s

10 5 6 50
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Fig. 6. Impact of the parameteasandb on MD.: (a) the impact of the range size of predicted errors and (b) the impact of the
range location of predicted errors.

1

8e(¥e) = b+ s,
The parametera andb indicate the range of predicted errbrg. 6a shows the impact of the range size
on MD.. The result has a similar pattern to that seefimgn 4a, which suggests that the range size of
predicted errors is also critical to the valueMD.. In a similar trend that that seen fig. 4b, Fig. 6b
demonstrates the impact of the range locatiotMiy. In the study of resource allocatiorsuf;(1 — a),
sw;(1 +b)] represents the range of actual execution times. Hence, the process syl h(fts from (1,
9) to (9, 1) means that the predicted execution tsmechanges gradually from an underestimate to an
overestimateFig. 6o demonstrates thD decreases as,(b) shifts from (1, 9) to (9, 1). These results
coincide with those seen fRig. 4b, in that compared with an overestimate in execution time, the same
level of underestimation may incur a higher degree of misperception.

Fig. 7a shows the impact of computer weight (or heterogeneiti¥JDg. In Fig. 7athe weight difference
between computer; andc;_; is fixed (at 5). Asw; increases (which represents a resouwrckeecoming

[ I - >N
SN N o B S

Degree of misperception
Degree of misperception

(%)
o

10 15 20 25 30 35 40 45 50 5 75 10 125 15 175 20 225 25
(a) W (b) Wi-Wig

Fig. 7. The impact of computer weight (heterogeneityMiD.: (a) the impact of the size of computer weights and (b) the impact
of the weight difference between computers.
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slower), the weights of the remaining computers increase. It can be obserkéagl ifa that under all
values ofa andb, MD. increases as; increases. This is becausewgsncreases, the range of the actual
execution time @w;(1— a), sw;(1 +b)]) also increases. This in turn increases the probability that the
range of actual execution times on different computers overlap, which results in an indwiagethis
observation suggests that the use of slower computers will tend to generate higher degrees of misperceptior
than the use of faster computers.

Fig. 7b demonstrates the impact of computer heterogeneifgign7b, the difference betwean; and
w;_1 (2<i<n)increases while the mean computer weight remains constant (at 70). It can be observed
from this figure thaMD . decreases as; — w;_1 increases. The supporting hypothesis is that;as w;_1
increases, the difference between the predicted execution times on two conjpartecg(i.e.,sw; — sw;)
alsoincreases, which in turn reduces the probability that the ranges of their actual execution times overlap.
This result implies that using resource pools with higher heterogeneity will result in a lower degree of
misperception.

4. Conclusions

This paper documents the underlying impact of inaccurate prediction on job selection and resource
allocation. A new performance metric, termed the degree of misperception, is introduced in order to
facilitate this exposition. General formulae have been developed to calculate the degree of mispercep-
tion for a variety of job streams and for distributed resource pools of varying levels of heterogene-
ity. The parameters that influence the degree of misperception are also investigated. This study un-
derpins the design and evaluation of different scheduling mechanisms for parallel and distributed sys-
tems that take prediction into account. It is likely that different scheduling policies will have different
levels of sensitivity to this degree of misperception. Further work is planned to investigate how indi-
vidual scheduling policies and specific performance measures are affected by this new performance
metric.
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