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Abstract

Sun, X:-H. and J.L. Gustafson, Toward a better parallel performance metric, Parallel Computing 17 (1991)
10931109.

The traditional definition of Ospeedup® as the ratio of sequential execution time to parallel execution time has
been widely accepted. One drawbackHhis metric is that it tends to reward slower processors and inefficient
compilation withhigher speedup. It seems unfair that the goals of high speed and high speedup are at odds with
each other. In this paper, the OfairnessO of parallel performarice imistudied. Theoretical and experimental
results show that the most commonly used performance mpaitrig/e! speedup, is OunfairQ, in that it favors

slow processors and poorly coded programs. Two new performance metrics are introduced. Thesfiratgne,
provides a Ofair® performance measurement. The second one is a generalization dd Spegeupalized

speedup, which recognizes that speedup is the ratio of speeds, not times. The relation between sizeup, speedup,
and generalized speedup atadied. The various metrics have been tested using a real application that runs on
an nCUBE 2 multicomputer. The experimental results closely match the analytical results.

Keywords. Parallel processing; performance measurement; parallel speedup; spesddps sizeup

1. Introduction

Parallel processing has become a common approach for achieving high performance. Various
parallel computer systems have been constructed and many parallel algorithms have been
developed. However, effective techniques femleating the performance of these parallel
machines and algorithms are lacking. There is no-@sHblished metric to measure the
performance gain of parallel processing. The most frequently used performance metric of
parallel processing igarallel speedup. Almost twenty years ago, Ware [1] first summarized
AmdahlOs [2] arguments as a speedup formula, which today is widely knawid@s s law.
AmdahlOs law shows the limitation of parallel processing and was the oninaeh
performance criterion oparallel processing unticientists at Sandia National Laboratories
guestionedts underlyingassumption$3]. Based on their experimental results, Gustafson et al.
revised AmdahlOs law and proposed sted speedup principle [3,4]. The argument of
Gudafson et al. is thaparallel processing gives the ability to tackle previouslyadtreach
largescale problems. So, as problem size is increased with computation power, the serial
component as defined by Amdahl cannot be regardedoastant. Since time intensive
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research has been conducted to seek a better understanding of parallel siped®@39,
Van-Catledgd5] and Zhou [6] studied the relation between AmdahlOs law and scaled speedup;
Eager et al. [7] studied the speedup versus efficiency, idycl8] introduced the parameiepr

to characterize the influence of memory references, and Barton and Withers [9] developed a
speedup model which considers the manufacturing cost oégsors as a performance factor.

In 1990, the time constraint of $ed speedup was studied by WorlejO], the relation
between different speedup models was studied by Sun and Ni [11], and a new metric was
proposed to reveal aspects of the performance that are not easily discerned from other metrics
[12].

Traditionally, peedup is defined as sequential execution time over parallel execution time.
However, there are subtle differences in the way this definition has been interpreted. One
definition emphasizes how much faster a problem can be solved with parallel processidg b
on partial ordering descriptions of the algorithm. Thus, the chosen sequential algorithm is the
best sequential algorithm available. This definition is referred wwasute speedup. Another
definition of speedup, calleeblative speedup, deals withthe inherent parallelism as the single
processor execution time of the parallel algorithm, and defines the speedup as

__execution time using one processor (1)
N execution time using N processors

The reason for using relative speedup is thaptréormance of parallel algorithms varies with
the number of available processors. Comparing the algorithm itself with a different number of
processors gives information on the variations and degradations of parallelism. While absolute
speeduphas been uxl to evaluate parallel algorithmselative speedup is favored [13],
especially in performance studies. The relative speedup (1) was used in all the above referenced
studies. In this study we also focus on relative speedup, and we resepleaberaditional
speedup for definition (1), unless we explicitly state otherwise.

In contrastwith all the above referenced work, in our research the OfairnessO of performance
metrics of parallel algorithms is studied. Experimental and analytical results apgdsshted to
show that the traditional speedup favors slow processuspaorlycoded programs. Then,
a newperformance measurement metritzeup, is proposed. Our results show that the new
performance metric provides a better OfairnessO than thenmhdifieedup. Another perfor
mance metric, which is a generalization of traditional speedup and which first appeared in [14],
is also described and studied. Finally, the relation between sizeygnthelized speedup, and
the traditional speedup is presed. A real, scientific application is used to test the various
metrics. The implementation results using the application provide confirmation of our theoretical
results.

We assume the target machines are homogeneous, distiibetedry multiprocessors. &V
do not specifically consider vector architectures, because they can be considered a special form
of parallel execution. The assumption of distributed memory is similarly unrestrictive. If we
take the network and memory contention as the communicatidn tbes all the presented
results can be extended to shameeimory parallel systems directly.

This paper is organized as follows: In section 2 we introduce some preliminary information
and terminology. The need for bettizfined performance metrics is clissed in section 3. A
new performance metricjzeup, is introduced in section 4. Analytical and empirical results
suggest that sizeup provides a performance medbatdas better than traditional speedup
when the goal is to solve larger problems ratthem redue execution time. In section 5,
anotherperformance metric, which is a generalization of traditional speedup, is introduced.
The relation between the new metrics and traditional speedup is also given in section 5.
Conclusions and remarks are givie section 6.
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2. Background and terminology

In our study we consider two main degradations of paralleligay imbalance and
communication cost. The former degradation is due to the uneven distribution of workload
among processors, and is applicatimpendent. The latter degradation is due to the communi
cation processing and latency. It depends on both the appficand the parallel computer
under consideration. To give an accurate performance measurement, both of the degradations
need to be consided. Load imbalance is measureddayree of parallelism.

Definition 1. The degree of parallelism is an integer that indicates the maximum number of
processors that can be busy computing at a particular instant in time, given an unbounded
number of availble processors.

The degree of parallelism is a function of time. By drawing the degree of parallelism over the
execution time of an algorithm, a graph can be obtained. We refer to this graph as the
parallelism profile. Some software tools are available determine the parallelism profile of
large scientific and engineering applications [1Bjgure 1 is the parallelism profile of
hypothetical divideandconquer computation [16]. By accumulating the time spent at each
degree of parallelism, the profilear be rearranged to form tkéape of the algorithm [17]

(Fig. 2). The different shadings depict the time period of different operation costs which are
defined in Definition 2.

Let W be the amount of work (computation) of an algorithm. iebe the amoundf work
executed with degree of parallelismandm be the maximum degree of parallelism. Thus,
I =", W,. Sequential (scalar) execution time can be written in terms of work:

Processor cycles per unit of work

M"#$"%&'() "#$%&'( time | "#$%& lof work X! ES0& (BB (- . (2

Note that we do not break out a startup time and a timel@erent as would be appropriate

for vector arithmetic. Vectorization can be treadsda special form of parallelism. An

application may contain more than amerk type. Different work types may require different
numbers of processor cycles and, therefore, consume different execution times. Depending on
how the work is defined (e.g., instructions, floating point operations), how the work is measured
(e.g., thenumber of floating point operations required for finding a square root), and the
architecture of the parallel system (e.g. the size of the cache), the difference of cycle require
ments may be due to various reasons. One simple reason is the ratio ofatiompaitmemory
reference. Hockney studied the influence of comfah to memory reference ratim the
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Fig. 1. Parallelism profile of an application.
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Fig. 2.Shape of the application.
do 10 i=1, n

s=s+a(i)*b(i)
10 continue

Fig. 3. Dot product.

performance of vector machines [8]. Hene use two basic linear algebra operations, DOT and
AXPY [18], to demonstrate how the ratio of computation and memory reference influences
execution time. We count floatifgpint add and floatingoint multiply each as one floating
point operation, whichtakes one processor cycle to finish, and assume that each memory
operation, including read and write, also takes one processor cycle to finish. In the DOT
operation (seeig. 3) the variables can be kept in a register. The computation to memory
referenceaatio is 1. In the AXPY operation (sé#&g. 4), the scalar is kept in a register and two
read memory references and one write memory reference are required for each loop. The
computation to memory reference ratio of AXP\g.iihe work presented ¥ig. 3 and the work
presented irFig. 4 have the same number of floating point operations. However, they consume
different execution times. Since the computation to memory reference ratio of AXPY is less than
the ratio of DOT, AXPY consumes more execnttone than DOT and requires more processor
cycles to execute one floating point operation than DOT does. In general, uniprocessor work rate
may vary throughout an application.

We define theperation cost of work typej, C;, as follows:

Definition 2. The operation cost of work type; is the ratio of the number of processor cycles
required to perform one unit operation of work typ® the total number of processor cycles
in one unit of time.

The execution time for computing; with a single processor cdie represented in terms of

operation costs:
k

(D) ! Z!!va

j=

where 7 is the total workof type; executed with degree of parallelisinand we assume that

do 20 j=1, n
s(3)=s(3)+a*b(3)
20 continue

Fig. 4. Vector update.
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there are k different types of work. If there areprocessors available and thégorithm is
homogeneous in work type at any time, the execution time will be

Z!k! 1 G W
- .

t;(0) =

With an infinite number of processors available, the execution time will be

k

L@ L) ﬂfor!lﬁi Il

Therefore, without considering communication latency and assuming the algorithm is homoge
neous in work type at any given time, the total time on a single processor and on an infinite
number of processorsilbe

L)Y X1 2o, GW 3)
kv w..
Cozketw
| (e0) = Bjo —— (@)
The traditional speedup will be
| |
L), Zi=m Zi= N
1, [
CoordHy LWy (5)
ST

Whenk =1, all the work is done at the same operation cost, and eq. (5) becomes

_ S W,

LW
Yi=1T

Se (6)

which is the eq. (3) given in [11].

S gives the best possible speedup based on the inherent parallelismalgoathm. No
machinedependent factors are considered. With only a limited number of processors and with
the communication cost considered, the speedup will be less than the ideal spedttipere
are N processors available and< i, then some procssrs have to db,/! [!/! ] work and
the rest of the processors will 8q/i!| i/N| work. In this case, assumirig; and ¥; cannot be
solved simultaneously far! j and assuming the algorithm is homogeneous in work type at any
given time, the elapsed time will be

£ (N) !kn:!! ij [ﬁ]
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and

rant s, 2 )

The traditional speedup
| |

T Zin Zi !y

N TTINT —

! (8)

s

Communication cost is an important factor contributing to the complexity of a parallel
algorithm. Unlike degree of parallelism, communication cost is maalependent. It depends
on the commuication network, the routing scheme, and the adopted switching technique. Let
On(W) be the communication overhead whéprocessors are used and the problem siZg is
the speedup becomes

T iy Ziey O
h T T KU ' ©)
sy e

Three models of speedup were studied in [11]. They fat@-size speedup, fixed-time
speedup, andmemory-bounded speedup. Fixedsize speedup fixes the problem size. With more
and more compation power available, the problem can be solved in less and less time. For the
fixed-time speedup, when more computation power is available, we increase the problem size, do
more operations, get a more accurate solution, and keep the execution timegadchiae
memorybounded speedup also scales the problem size with the number of processors available.
The difference between memebppunded speedup and fixtiche speedup is that in memery
bounded speedup the memory capacity is the dominant limitingr fa€tthe scaling. The
execution time can vary in the memdygunded speedup model. Speedup formulation (9) is
the extended fixedize speedup given in [11] when the operation cost is considered as an
influential factor. When the problem size is scaled thg work at different degrees of
parallelism may vary differently. Lét,. be the amount of scaled work of typexecuted with

degree of parallelism in the fixedtime model, and letr' be the maximum degree of

parallelism of the scaled problem in the fixamde model! '=Ym", ¥, ,! . Define! .,
W=, and! * similarly for the memonbounded model. Following the arguments similar to those

used in [11] for fixeetime speedup and memebpunded speedup respectively, wh&n
processors are available, we have

Z!71121'(! W En |Z|_| Cy W|
S = , r (10)
L S I
s 17[ [+, 11 !
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SX,: : = A= L I (11)

Equation (10) is the fixedme speedup when operation costs are considered, and eq. (11) is
the memorybounded speedup when operation costs are considered.A#Hetey are equal to
speedup (9) and speedup (10) proposed in [11], respectively.

3. The need for a better speedup definition

In recent years, many parallel algorithms have been developed for different parallel-comput
ing systems. These parallel algorithrare machineependent and many have been -tineed
for a given computer architecture to achieve high performance. The tuning process is painful
and elusive. Application codes are difficult to optimize uniformly across different architectures.
Parallel &orithms are commonly compared with different programming efforts and compared
indirectly by using results from different machines [19]. These practical approaches raise some
guestions: Does the same algorithm achieve the same performance on differpotecom
systems? Does the optimized code, which gives the shortest execution time, provide the same or
better performance than the unoptimized code? For a performance metric to be Ofair®, we wan
the same algorithm to achieve the same or better performaacehe unoptimized code. Two
new terminologies are needed for the OfairnessO study.

Definition 3. A performance metric iswachine-independent if the performance is the same on
any computing system for a given algorithm when the communication costiglneg|

Definition 4. A performance metric igrogramming-independent if the performance is indepen
dent of the programming effort when the communication cost is negligible.

It is easy to see that speedup (1) is machidependent if and only if it isrpgramming
independent. However, speedup (1), the most commonly used performance metric, is-machine
and programminglependent. Based on his study on vector processing andsfeeedpeedup,
in 1983 Hockney noticed that using speedup as a merit for gdaakgbrithms can be misleading
[20]. He introduced a new metrft" in 1987 [21] and presented a more detailed study on
what’s wrong with speedup in his latest work [13]. The tendency of traditional speedup to favor
slow processors has also been noticed. Barton and Withers [9] studied the influence of
computationcapacity of the processing elements on speedup. They used four different kinds of
processing elements, namely 386 (i80386), 387, (i80387), SX (Weitek 1167), and VX (Analog
Devices) to run an algorithm on iPSC/2 systems. Their implementation results rsitothet
slowest processor, 386, is virtually linear in speedup, but provides low speed (in the sense of
MFLOPS). The fastest processor, the VX board, achieves a much lower speedup while it
provides the maximum speed and the shortest elapsed time. Theoskiowd that, even
without considering the communication cost, the traditional speedup favors slower processing
elements and is machutkependent. In our proof we do not consider the communication cost,
and we assume that the degree of parallelism onlytwascases, a sequential part and a
perfectly parallel part. The restriction on degree of parallelism is only for clarity; this result can
be extended to algorithms with a general degree of parallelism.
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Lemma 1. If computing system one has operation costs ! ! , for sequential work! | > and
parallel work Wy respectively, computing system two has operation cost !, for sequential work
and has operation cost | for parallel work where!| <, then system two provides a smaller
traditional speedup than system one. That is, when there are N > 1 processors available and
Ly >0l y>1,

!ﬂﬂqmlmu!ml
| : 1! :
C!W1+CZII! LW +'2|WN
Proof. SinceC, ! C/, we havel,! ¢/ ! !. Therefore,
;)
!!!!!->!—(!!!!!’)
Ly C'ly
C,Wy—Cy! vV — - —
2VVN 2* N N N
LW, C,W,
Gyt =1 Clwy + 2
Since! ;! ; > 0, we have
Y !
GWiCWy + 1,1 22— 1 LWy gyt 1w, 2
addterms,! ;G! ; +!, W, !, , !l to both sides and factor:
CIII! | 'ZI'
@t nrofar t S— gty C,l,)(l,ull ' )I
and
Lyl byt L+
oW, ! I ! (12)
L : 1.1 .1 1° N
L N LN

In order toextend our result to more general cases, we introduce the following definition.

Definition 5. The average operation cost of degree of parallelismis the average operation cost
divided by the work of degree of paralleligfor a given algorithm.

%=1 C

. C o
Average operation cost of degree of parallellsSmc; = ;—IJU (13)
- g

We now show that traditional speedup favors slower computing systems.

Theorem 1. If computing system one has operation costs !\ !\ I 111 1l "and computing system
two has operation costs 1)1\ 1 V11 11 where C; = C/, for j! 10.0elty V1), for 11 11
Ik, the computation of sequential work only involves work of type j, 1" j" t and the
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computation of parallel work | | involves some work of type j where j > t, then system one
provides a greater traditional speedup than system two. That is

Z;ggh-l ! Z]H.H IWN] ZIJII! VVI]' ZIIIIIC'I"
Zi!!!!!!!! Zi!t! [ ] lel-,'-l!! Z:|t|||—[|il
Proof. Since!,'! !/, for j" ¢, the average operation cost for sequential work of computing
system one,,, is the same as the averageerapion cost for sequeati work of computing
system twog, ! !!{. Since!, ! G' for j>t, the average operation cost for parallel work of

computing system oné,, is greater than the average operation cost for parallel work of
computing system twaz, .

Zill!l! K Zi,,C,!! o
R N L I L Y
YIRS Y !
Therefore, by Lemma 1,
! :';/VI' L ! :,::,
l,l,l-!!_! !1!1+.!].VN
That is
Shoatit ot S e 211.!”+2§‘,,_’WN]-
O R I ol TR | | CW, ! (14)
Zi= ! !!'2”!!—[?] Zi!!C]{! LR [N]

Operation costs not only depend on the parallel system and the algorithm, but also on the
programming effort on the node. Operation cost can be reduced by careful coding. For
instance, the ¥ctor update (sefig. 4) can be rewritten in assembly language to reduce the
operation cost. Theorem 1 can be presented differently to show that the traditional speedup is
programmingdependent and favors poodpded programs.

Theorem 2. If a computing system has operation costs!\,j = 1,! ,k, for a program and has
operation costs!\',! =1,1 1l for the optimized version of the program, where!, | | j» for
jruwng vy for jUVY ULk, the computation of sequential work only involves work
of type j, 1" j" t and the computation of parallel work W, involves some work of type j where
J > t, then the optimized version provides a smaller speedup than the original program.

A real application, theadiosity application [22], is chosen to prode experimental results.
Radiosity is the equilibrium radiation given off by a coupled set of diffuse surfaces that emit and
absorb radiation. The sample radiosity program is a diagedaitynant dense matrix problem
and is easily understood: A room isirgad with a separate color for each wall, plus floor and
ceiling, and one or more of the six surfaces also emits light. Emissivity and reflectivity
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Fig. 5. Execution time of two implementations.
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Fig. 6. The traditional speedup of two implementadio

are described as rggteenblue components for each wall of the room. The radiosity problem is
to find the color variation over each wall.

We implemented the radiosity algorithm on ar@tle nCUBE 2 multicomputer with two
different versions of the progm. One was written in FORTRAN and another version optimized
certain subroutines of the FORTRAN codehnéssembly language. The immiented results of
the two codes are depictedig. 5 andFig. 6. From the implementatioresults we casee that,
while the optimized version provides a shorter elapsed time, the unoptimized version provides a
higher traditional speedup. A researcher attempting to achieve high speedup on a parallel system
is therefore at odds with the more basic goal of achieving higbentrmance.

4. A new performance metric

Theorem 1 and Theorem 2 show that the traditional speedup favors slow processors and
poorly-coded programs even when the communication cost is not considered. Thus, performance
measurements given in terms of spgednust be interpreted with particular care. New, better
defined performance metrics are needed to provide a OfairO performance measurement. Th
scaled speedup concept [3,4] lets the problem size increase with computation power and
emphasizes how much woik done in a fixed time. A natural step in the search for a better
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metric is to follow the scaled concept and define a new metric, catlegh, as parallel work
over sequential work:

parallel work
sequential work’

Sizeup! (15)

In a sizeup measuremethe problem size is scaled so as to keep the parallel execution time a
constant, as the number of processors increase. Since more than one process is used in paralle
processing, in general more work will be done in parallel processing. Sizeup intheatatio
of the work increase. The tersizeup was coined by G. Montry in 1987 during the experiments
done at Sandia [3].

Theorem 3 shows that sizeup is mackimdependent.

Lemma 2. If computing system one has operation costs C; and C, for sequential work W, and
parallel work W, respectively, computing system two has operation cost C, for sequential work
and has operation cost C| for parallel work where Cy < C,, then, system one and system two
provide the same sizeup.

Proof. In sizeup, the workload is scaled with the number of processors available. Let the original
workload beW,W =W,; + W, , and let the scaled workload for system one be
W'=1,4+Wyand the scaled workload rfesystem two bé&/*! W, + Wy. Since, by the
definition of sizeup, the parallel execution time is fixed with the sequential execution time, we
have

G! y
C1W1+C2! N:C1I 1+ |
Wy =1 Wy,
and
CW 1 Cl1 o=1,1 , oW
PW s BN Tt Ty
L) LN
Therefore,
[ I
W’_W*I |
= ! (16)

Theorem 3. If computing system one has operation costIS Ci'j =1, ...,k and computing system
two has operation costs !]-',j L, where Uy VY for D =111 the computation of
sequential work is independent of the number of processors available and only involves work of

type 11 < I < t, then system one and system two provide the same sizeup.
Proof. Use Lemma 2 and follow arguments similar to those used in the proof of Thedrem 1.

If we assume program tuning only improves the parallel portion of the algorithm, which is the
common case in practice, then Theorem 3 also shows that sizeup isrpniggandependent.

This can be shown as follows.

Theorem 4. If a computing system one has operation costs!,,j = 1,...,! for a given program
and has operation costs C/,!' ! 1,1 ,!, for the optimized version of the given program, where
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G =Cjforj="1 1, the computation of sequential work is independent of the number of
processors available and only involves work of type ' <1 <1, then the given program and the
optimized version achieve the same sizeup.

Theorems 3 and 4 have been confirmed by eogpiresults from the radiositglgorithm. As
shown in Fig. 7, under assumptions of Theorem 3 and Theorem 4 respectively, sizeup is

35 | | ‘ ‘ I I
30 |- :
25 F :
Speedup 20 | A
Ol ongmal e i
ol Onml e :
: 1‘;:;:::‘“““““"Oli;:['i'mized :

: l 1 l | | |

Number of Nodes

Fig. 9. The traditional speedup when data collection is added.
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machine and programmingndependent. However, if the sequential work increases with the
problem size, then sizeup is no longer independent of either. To test this case, we modified the
radiosity algorithm to contain a data collection phase: All computed results are collected to a
single mass storage device. The data collection phase is a sequential process and increases witl
problem size The modified radiosity algorithm is also implemented on BUBE
multicomputer Figure 8 shows that, when the sequential portion of a program increases with the
problem size, the sizeup also favors slower processors or poorly coded programs. However, the
dependence is much less than with traditional speedup; ceifigas andFig. 9.

5. The generalized parallel speedup

Computation capacity of processors is generally measured by MIPS (Millions of Instructions
Per Second) or MFLOP3/(llions of FLoating pointOperationsPer Second). The performance
of processorss given in speed: work divided by time. (The particular choice of unit for work is
irrelevant to the arguments that follow.) Since the computing capacity of processors is given in
speed, a natural way to measure parallel processing gain would be tlué patiallel execution
speed to sequential execution speed [14]. We introduce a new metric, which ya@allized
speedup.

parallelexecution speed
sequentiakxecution speed’

Generalized Speedup ! a7

We have introduced two new performance metriosthe rest of this section we study the
relation between the newlyroposed performance metrics and traditional speedup. The results
show that traditional speedup is the restriction of (17) to fixed work or to fixed operation cost,
and sizeup is the regtion of (17) to fixed time. In the following we usg ® represent the
generalized speedup (17), and Ssdo represent the traditional speedup (1).

By definition

parallelexecution speed
sequential execution speed

Sy! (18)

( parallel w!"# )

parallel execution time

( sequential work )
M"#$"%&' )™+, 3&"-%*&"."

(19)

w!

2 !—v—C! Wi[%l! !

(20)
w

|

STRE N

Y

Theworkload! !is the parallel workload. It may beaed up with system size if the fix¢idhe
or memorybounded speedup is used. If the fisszie model of speedup is used, theh! !
and! ;=W,.

L
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When we have a unique operation cost, thadtis; !, I"#8 ! 11l |1 then
W’ w’

%Zq - Wl[Nl' ! <W> it !%H! B <! )

w
l' 1C| w;

Where! { (! D! 1,1, (1)), and (see eq. (9))

11 - Sw (21)

|
!
Eﬁl%[!ﬁl! in(! !>

Equation (210 shows that, when we have a unique operation cost, the new metric is the same as
the traditional speedup. If the fixesize speedup is used, eq. (21) is the same as eq. (9. If
fixed-time model is adopted, the workload is scaled up with the execution time; eq. (21) is the
same as eg. (10). When the workload is scaled up with memory caplaeitip?’ ! | ' and the
speedup, is equal td | given in eq. (11)ln the fixedtime case, we also have

Lo H$%$& (#)
S T TEE%e -
L' B [ ]' Hy ( >
Notice, by eq. (19), that When the problem size is fixed,
Sy! "#$"%&'()*"+", $&"-%*&'."
T I"H'$$%$&%AI%EN time using /" processors’

I"#$%&

(22)

which is the same as the definition of the traditional speedup. Equations (21) and (22) show,
when the operation cost is unique or when the problem size is fixed, the generalized speedup is
the same as traditional sple. Since, historically, performance issues have been studied under
the assumption that the computation capacity is unique [11], or that the problem size is fixed
[2], the results of previous studies remain true under the new definition, and thepnevdged
metric can be seen as a generalization of the traditional speedup.

By eq. (19), when the execution time is fixed, we also have

" SS%$E. (#)

Sy! TS0k () - I sizeup. (23)
Sizeu Parallel Work | Scaled
YP ™ "Sequential Work Measurement
Fixed rate Fixed time]
and Memory-bounded
fixed time
. _Parallel Speed
Generalized Speedup Seonel Sosa ]
Fixed rate ] OR ] Fixed size
» Traditional _  Sequential Time
Speedup  —  Pparallel Time

Fig. 10. The generalized speedup.
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Sizeup is the fixedime model ofspeedup (17). The relation between the generalized speedup
(17), sizeup, and the traditional speedup (1) are summariz€e.irf0, in which Fixed Rate
indicates that the problem has a unique operation cost.

We would like to compare generalized speedup teaditional speedup. Notice in Theorem
3 and Theorem 4 that sizeup, the fixede case of the generalized speedup, sets the parallel
execution time equal to the sequential execution time. But, with two different computing
systems, the sequential time tbie different. If system two has lower operation costs than
system one, system two may provide a shorter sequential execution time than system one. With
more than one parallel system available we have more options for comparison. In Theorem 3
we fixed the workload on system one and system two when on processor is used, and let system
one and system two have different sequential execution time, then the traditional speedup will be
machine and programmingndependent, no matter whether the fbsizk modelbf speedup or
the fixedtime model of speedup is used. We only give the proof for the-firedmodel of
speedup. the result for fixddne speedup can be obtained similarly.

Proposition 1. Under the conditions of Lemma 1, if we let system one and system two have the
same sequential execution time, then system one and system two provide the same traditional
speedup.

Proof. Since system one and system two have different computing capacity for parallel

computation, with fixed time, the work they execuié te different. Lett ! ! , ! I | be the
work executed by systemone. et ! ! /1 | /' be the work executed by system two. Then,
R 7720 N S A N P O R P 174 (24)
|
LS 25
ot (25)

and the speedup efstem two is equal to the speedup of system one.

C!W1!!!’!1{1_!!!!!!!!<:_§_!!>| ettty 26

N 1!!é¥_!!! !!!!!(! !!> FINETESE

ol

Figure 11 depicts the machin@nd programming dependence of traditional speedup and
generalized speedup. Some of the results listed in the tables have been proven in this section,
and the rest can be proven by daling similar arguments. For instance, repladingby

Size Time Size Time
Size | Dependen{independent Size | Dependent Dependent
Time |Independentindependerit Time |[Independerindependen

Generalized Speedup TraditionalSpeedup

Fig. 11. Tables of dependence.
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Fig. 12. The siz¢ime model of traditional speedup.

I'1, and following argumentsimilar to those used in the proof of Lemma 1, we can show
that the sizdime model of traditional speedup also favors slow processorssideeside the
tables indicates that the workload of single procesgecution on different systems is fixed.
The time beside the tables indicates that the single processor executienofirdifferent
systems is fixed. Theize and time above the tables represent that fesgzke or fixedtime
model of speedup is used, respectively. Fiag /1 we can see that speedup (17) is not fully
machine and programmingndependent, but it providekess penalty than the traditional
speedup. The implementation results of the-size model of traditional speedup and the
sizetime model of the generalized model are showrFign 6 and Fig. 7 respectively. The
implementation results of the siieme nodel of traditional speedup are shown Arg. 12.
From Fig. 12, we can see that, while the siz@me model of the generalized speedup is maehine
and programmingndependent, the sizeme model of the traditional speedup is not. Generalized
speedup provies a little more OfairnessO than traditional speedup.

Conclusion and remarks

We have studied the OfairnessO of parallel performance metrics. \Wledavéhat the most
frequently used performance metric, traditional speedup, favors slow processorzoairtyg
programmed codes. The reason for the OunfairnessO of this model has been identified anc
guantified. New terminologies and concepts such as operation cost, machine dependence, and
programming dependence, which can be used in future studies, haventsednced and
carefully defined. Two new performance metrics have been proposed. The first new metric,
sizeup, provides a OfairO performance measurement. The second goetridjzed speedup,
contains both sizeup and the traditional speedup as spasias. Our study focused on the
relative speedup (1). The study results can be used to evaluate absolute speedup and othel
parallel performance metrics. For instance, since relative speedup favors slow processors when
the operation cost is fixed (or, inveeaker sense, the faster processors reduce execution time in
the same ratio for both the best sequential algorithioh thie parallel algorithm on one
processor;, then the absolute speedup also favors slow processors. Absolute speedup is also
machinedependat.

Due to the diversity of existing architectures, algorithm codes are difficult to optimize
uniformly across architectures. Parallel algorithms are commonly compared with different
programming efforts and compared indirectly by using implementationtsefsain different
machines. This situation is unlikely to change in the near future. A {defieed, Ofair®
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performance metric is urgently needed. Sizeup is OfairerO than traditional speedup. However,
sizeup is based on the scaled speedup principle migdpoovides a OfairO measurement under
certain conditions. Can we find a better, fix@de performance metric? Can we find a metric

that provides an unconditional OfairnessO? Many questions remain.
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