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CHAPTER 12

EVALUATION AND DESIGN
OF BENCHMARK SUITES
Jozo J. Dujmovic

12.1. INTRODUCTION
Benchmark suites are most frequently designed for industrial evaluation of competitive computer systems and networks. Examples of
such benchmark suites include SPEC1, TPC2, GPC3, PERFECT Club
Benchmarks4, AIM benchmarks5, and others. In addition to benchmark suites sponsored by consortia of computer industry there are
various collections of benchmarks designed by research organizations,
companies, computer magazines, and individuals for benchmarking speci c hardware and software systems. Examples of such benchmark
suites include database benchmarks6, supercomputer benchmarks (Livermore loops7, NAS Parallel Benchmarks8, Lisp benchmarks9, Prolog
benchmarks10, and many others11. In the majority of cases benchmark
workloads are selected from a speci c set of frequently used real workloads. The selection process is usually aimed at simultaneous satisfaction of two goals: (1) benchmark workloads should be a good functional
representative of a given universe of real workloads, and (2) benchmark
workloads should yield the same distribution of the utilization of system
resources as real workloads. Due to the absence of speci c quantitative methods for benchmark suite design, these goals primarily serve
as guidelines in an intuitive workload selection process. Such a process
cannot include proofs of the extent to which the goals are satis ed,
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and frequently yields relatively low reliability of benchmark results and
excessive cost of benchmarking.
This chapter will propose quantitative methods for evaluation and
design of benchmark suites which can increase the reliability and decrease the cost of benchmarking of computer systems and networks.
These methods are based on appropriate white-box and black-box workload di erence models. The models are then used to de ne benchmark
suite performance criteria, and to develop techniques for benchmark
suite evaluation and design. The proposed design techniques are based
on a quantitative optimization of benchmark suite performance criteria.

12.2. WORKLOAD DIFFERENCE
CONCEPTS
Let us consider a set of n workloads, denoted B1; : : : ; Bn ; n > 1. We
assume that these workloads are used as benchmark programs for performance measurement and comparison of m competitive computer
systems, S1; : : : ; Sm; m > 1. In this context we are interested in developing quantitative models of di erence and similarity between each
pair of workloads. The di erence between Bj and Bk will be denoted
d(Bj ; Bk ), and the similarity will be denoted s(Bj ; Bk ). The rst step in
the development of workload di erence models consists of introducing
the concepts of minimum and maximum di erence between workloads.
A program space is a space where points represent programs (or
some other more complex computer workloads). Di erences between
computer workloads can be expressed as distances between points in
the program space. The proximity of two points in the program space
denotes the similarity of corresponding computer workloads. Therefore,
similar workloads are represented as clusters of points in the program
space.
The di erence between workloads djk = d(Bj ; Bk ) always satis es
the mathematical conditions of non-negativity ((8j; k) djk  0 ), nondegeneracy (djk = 0; for j = k , and djk > 0; for j 6= k), and symmetry
(djk = dkj ). These conditions are known as semimetric.
In benchmarking it is important to note that a given computer workload can be expressed using several equivalent source program forms,
and all such forms must be interpreted as the same workload. In other
words, djk = 0 simply implies that Bj and Bk are two equivalent forms
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of the same workload. For example, in C, the for loop
for(expr 1; expr 2; expr 3) statement;

is equivalent to the while loop
expr 1; while (expr 2)

f

statement; expr 3;

g

After compiling and linking, both loops should generate the same executable code. So these are equivalent source forms of the same workload. Similarly, many benchmark workloads have a loop form
for(i=0; i<K; i++) benchmark workload();

where K denotes a scaling factor used to adjust the total run time
according to the desired accuracy and convenience of measurement.
We assume that the nature of workload does not depend on the value
of K , and that the above for loop, for any K > 0, is equivalent to the
loop body, benchmark workload().
Let us now address the concept of maximum di erence between
benchmark workloads. If the di erence is not limited, then some workloads might have an \in nite di erence." Unfortunately, it is not easy
to nd a reasonable intuitive interpretation of such a di erence. In
addition, it is not possible to use fractions of the maximum di erence,
and it is not possible to de ne similarity as a simple linear complement of di erence. On the other hand, if we assume that the di erence
between benchmark workloads is limited, and that the maximum difference is dmax , then any speci c model of di erence between workloads
will include the concept of \completely di erent workloads," where
d(Bj ; Bk ) = dmax. For each speci c di erence model the completely
di erent workloads must have an easily acceptable intuitive interpretation which supports the credibility of the model. All di erences can
now be conveniently interpreted as fractions of dmax , and the similarity
between workloads can be de ned as a complement of di erence:

s(Bj ; Bk ) = dmax ? d(Bj ; Bk ) :
Therefore, it is reasonable to make the following fundamental assumption:
0  d(Bk ; Bk )  dmax < +1 ;
which we call the concept of limited di erence. For most applications
it is convenient to adopt dmax = 1, or dmax = 100%.
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Let us now show that all workload di erence models fundamentally
depend on the purpose of benchmarking. In other words, we cannot
expect to have a single workload di erence model. Each speci c benchmarking problem can yield a corresponding workload di erence model.
This is consistent with the traditional classi cation of workload models which di erentiates physical models (which are system dependent
and based on utilization of hardware and software), virtual models (reecting a programmer's viewpoint of the use of logical resources), and
functional models (which are system independent and application oriented).
Benchmarking is most frequently performed to generate data which
can be used for comparison and ranking of competitive systems. Comparison is usually based either on measured run times (t1 ; : : : ; tm ), or
throughputs (x1 ; : : : ; xm ). If "t and "x denote maximum expected measurement errors for times and throughputs respectively, then the notation used for ranking competitive systems can be de ned as follows:
Sj  Sk : Sj is better than Sk ; i.e. tj < tk ? "t , or xj > xk + "x
Sj  Sk : Sj is better than or equivalent to Sk ; i.e. tj  tk ? "t ,
or xj  xk + "x
Sj  Sk : Sj is equivalent to Sk ; i.e. jtj ? tk j < "t , or jxj ? xk j < "x .
If the only purpose of benchmarking is to provide a ranking (S1 
S2  : : :  Sm) of m competitive systems, then all benchmarks that
yield the same ranking are equivalent. This standpoint can be used
when developing di erence models for workloads belonging to industrial
benchmark suites such as SPEC, TPC, GPC, etc.
If the purpose of benchmarking is to measure the average utilizations of N resources of a computer system, U1; : : : ; UN , then all benchmarks yielding the same utilization distribution are equivalent, and
corresponding workload di erence models must be based on this equivalence. This approach is suitable if the workloads are characterized
by frequency distributions of machine instructions and/or addressing
modes, or various Kiviat graphs.
In the traditional \lowest bid" computer acquisition process the
purpose of benchmarking is to show that the processing time (t) for
performing a selected set of data processing functions is less than a
given threshold value tmax . Consequently, all implementations of selected functions satisfying t < tmax are equivalent, and this equivalence
should a ect the workload di erence model. This kind of benchmarking
is usually based on common system functions (edit, compile, link/load,

EVALUATION AND DESIGN OF BENCHMARK SUITES

291

debug, pro le, etc.), or frequent business applications (sort, bank transactions, word processing, payroll, inventory control, etc.).
These examples support the conclusion that workload di erence
models d(Bj ; Bk ) must be derived from the analysis of the purpose
of benchmarking. If the purpose of benchmarking is to get an insight
into the internal organization and operation of a computer system,
then workload characterization will be based on detailed measurements
of the use of all individual computer resources for a set of workloads.
This approach will be referred to as the white-box approach to workload
characterization. On the other hand, if the purpose of benchmarking is
to get global performance indicators (such as throughput or response
time) without any interest in the internals of computer organization
and operation, then the corresponding approach to workload characterization will be referred to as the black-box approach.

12.3. A WHITE-BOX WORKLOAD
DIFFERENCE MODEL
Let N be the number of computer resources used by benchmark programs Bj and Bk , and let Uji and Uki denote utilizations, i.e. the
fractions of total time the ith resource is used by programs Bj and Bk
respectively. Thus, 0  Uji  1; 0  Uki  1; for i = 1; : : : ; N: The
resources can be used either sequentially or simultaneously. For example, if a processor executes machine instructions sequentially, and
UPji denotes the relative frequency of the ith opcode, then obviously
N U = 1 : On the other hand, if U denotes the utilization of the
ji
i=1 ji
th
i resource (processor, I/O channel, disk, etc.) of a multiprogrammed
machine,
we can have simultaneous activity of resources yielding
PN U then
i=1 ji N . Following is a model of di erence between Bj and Bk
that is suitable in all cases:
PN jU ? U j !
>0:
d(Bj ; Bk ) = PiN=1 ji ki ;
i=1(Uji + Uki )
The parameter is used to adjust nonlinear features of the di erence
model. The values < 1 can be used to emphasize the importance
of small di erences, and the values > 1 to emphasize the values of
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larger di erences. The nominal case is = 1. Since
N
N
N
X
X
X
jUji ? Uki j  Uji + Uki ;
i=1

i=1

i=1

it follows that 0  d(Bj ; Bk )  1 , as expected according to the concept
of limited di erence.
The limit value dmax = 1 can occur if and only if Bj and Bk use
two mutually disjoint subsets of resources. In the case of monoresource
benchmarks13 (workloads that predominantly use a single resource, e.g.
processor, or disk) suppose that benchmark Bj predominantly uses the
j th resource. Then, the maximum di erence is obtained in an ideal case
where
Uji = 1; j = i ;
= 0; j 6= i ; (i = 1; : : : ; N; j = 1; : : : ; N )
yielding d(Bj ; Bk ) = 1 . This ideal situation is rather unlikely in practice, particularly in cases where Uj 1; : : : ; UjN denote the relative frequencies of machine instructions. Pure processor workloads are usually characterized as computational (integer-intensive, or oating point
intensive), combinatorial (using predominantly tests, branches, and
jumps), I/O and data transfer intensive, or a combination of these basic types. However, it is almost impossible to nd workloads which use
ideally mutually disjoint P
subsets of machine instructions so that the difference d(Bj ; Bk ) = (0:5 Ni=1 jUji ? Uki j) is close to 1. The white-box
workload di erence model based on frequencies of machine instructions
usually yields small values of d(Bj ; Bk ), while larger di erences occur
very infrequently. This can be modi ed using < 1 :

12.4. BLACK-BOX WORKLOAD
DIFFERENCE MODELS
The most frequent use of benchmark suites is the measurement of execution times and throughputs for n benchmark programs executed on m
di erent computer systems. Let t[i; j ] be the execution time of program
Bj using the system Si . The results of measurements are organized as
a table of selected performance indicators z [i; j ], shown in Table 12.1.
The performance indicators in this table are usually de ned in one of
the following ways:
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Table 12.1. A typical organization of the performance indicator table
Performance
Indicators
B1
S1 z [1; 1]
...
...
Competitive Si z [i; 1]
...
Systems ...
Sm z [m; 1]

Benchmark Suite Members
: : : Bj : : : Bk : : : Bn
   z[1; j ]    z[1; k]    z[1; n]
...
...
...
   z[i; j ]    z[i; k]    z[i; n]
...
...
...
   z[m; j ]    z[m; k]    z[m; n]

execution (or response) time: z [i; j ] = t[i; j ] ,
throughput:
z [i; j ] = x[i; j ] = 1=t[i; j ] ,
relative throughput:
z [i; j ] = r[i; j ] = t[0; j ]=t[i; j ] .
The time t[0; j ] corresponds to a reference system S0 (e.g. in the case
of SPEC92 and SPEC95 benchmarks, the reference systems are VAX
11/780 and SUN SPARCstation 10/40, respectively).
The measured performance indicators can have very di erent ranges
of values. Hence, the rst step in each analysis is to perform the
normalization of original data. Let us rst consider the case where
z [i; j ] = t[i; j ]. We assume that the nature of workload does not change
for loop-structured equivalent workloads. Consequently, for each benchmark program Bj the measured elapsed times in the j th column of the
t[i; j ] table can be multiplied by any positive constant. The most useful
case of such a transformation is the following:
T [i; j ] = max t[i; j ] t[i; j ] ; 0 < T [i; j ]  1 ; 1  i  m :
1im
This form of transformation is also valid for throughput tables:
X [i; j ] = max x[i; j ]x[i; j ] = min1t[ii;mj ]t[i; j ] ; 0 < X [i; j ]  1 :
1im
In the case of the relative throughput tables the division of columns
by the maximum value is also possible, but the result of such a normalization is the normalized throughput table (i.e. the normalization
eliminates the e ect of the reference system S0):
R[i; j ] = max r[i; j ]r[i; j ] = min1t[ii;mj ]t[i; j ] = X [i; j ] :
1im
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Our next step is to organize the model of di erence between benchmark workloads. This di erence can be expressed as a distance between
column vectors in Table 12.1. The main concept of black-box models
is that the proximity of workloads causes the stochastic dependence
of column vectors14. Accordingly, the stochastic independence corresponds to the maximum distance. Our rst model is called the uniform
random number di erence. It is based on the idea that the maximum
di erence between benchmark programs Bj and Bk is obtained when
their normalized elapsed times T [1::m; j ] and T [1::m; k] behave as two
sequences of independent standard uniform random numbers. This approach yields the following workload di erence model:
m
X
3
djk = m jT [i; j ] ? T [i; k]j ; 0 < T [i; j ]; T [i; k]  1; 1  i  m :
i=1
Indeed, if T [1::m; j ] and T [1::m; k] are sequences of standard uniform
random numbers, then
Z1 Z1
m
1
1X
j
T
[
i;
j
]
?
T
[
i;
k
]
j
=
dy
j
y
?
x
j
dx
=
lim
m!+1 m i=1
3
0
0
and therefore limm!+1 djk = 1 = dmax. This value of dmax should be interpreted as a \soft limit" in the sense that dmax denotes the maximum
di erence that can occur in \regular cases" (i.e. under normal circumstances). In accidental cases, however, the di erence between programs
can be greater than dmax. These cases would occur if the columns in
Table 12.1 were negatively correlated. In all normal cases the columns
are positively correlated because faster machines should simultaneously
reduce the run times of all benchmark programs. Thus, independent
uncorrelated columns represent the limit case, and yield the maximum
regular di erence dmax. The di erences greater than dmax are unlikely
but not impossible: Pfrom 0 < T [i; j ]  1 and 0  jT [i; j ]?T [i; k]j < 1, it
follows that 0 < m3 mi=1 jT [i; j ] ? T [i; k]j < 3 = dMAX . The di erences
greater than dMAX are not possible. So, dMAX denotes a \hard limit"
of workload di erence: d(Bj ; Bk ) < dMAX in all cases, both regular and
accidental.
This and other black-box models yield an expanded (stochastic)
version of the concept of limited di erence, whose general form is
0  d(Bj ; Bk )  dmax  dMAX < +1 , in regular cases
jd(Bj ; Bk ) ? dmaxj  " < 0:05dmax , in regular limit cases of
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maximum di erence
dmax + " < d(Bj ; Bk )  dMAX < +1 , in accidental cases
of over ow
Since the maximum regular di erence dmax is related to the stochastic independence of the columns of performance indicators, and the
size of columns is limited by the number of available systems, it follows that dmax is computed with inevitable small random uctuations
whose range is denoted " (normally " < 0:05dmax). For some di erence
models the concept of limited di erence yields a unique limit value,
i.e. dmax = dMAX , as for the white-box model. For other models we
have two limit values (soft and hard): dmax < dMAX , as for black-box
models. The soft limit dmax can be considered a regular limit value of
the maximum di erence between workloads, and we assume dmax = 1.
In unlikely cases where d(Bj ; Bk ) > dmax + ", an additional analysis
can be performed to determine the cause of over ow and to suggest an
appropriate corrective action.
The black-box benchmark di erence models can also be organized
using various versions of the coecient of correlation. The correlation
di erence model is the following semimetric:
djk = 1 ? rjk ; > 0 ; (rjk  0) :
Here rjk denotes the coecient of correlation between measured performance indicators of benchmarks Bj and Bk , and is an adjustable
parameter whose role is similar to the case of white-box di erence. The
nominal value is = 1 and we may use 6= 1 only if rjk  0. The similarity between benchmarks is de ned as sjk = rjk : The fundamental
advantage of this approach is that it is invariant with respect to linear
transformations. Accordingly, it automatically includes the normalization of data.
In most cases rjk can be interpreted as the coecient of linear correlation (r(X; Y ) = (XY ? X  Y )=X Y ). In cases where the nonparametric approach is more suitable, rjk can be interpreted as Spearman's
rank correlation coecient:
m
X
rs (Bj ; Bk ) = 1 ? m(m62 ? 1) (Lji ? Lki )2 ; ?1  rs (Bj ; Bk )  +1 :
i=1
where Lji and Lki denote the rank of the ith computer obtained using
Bj and Bk respectively. The ranks are positive integers: the rank of
the fastest computer is 1, and the rank of the slowest is m.
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Both linear correlation and rank correlation re ect the similarity
between Bj and Bk : if 0:5 < r(Bj ; Bk )  1 then Bj and Bk are (very)
similar, and if r(Bj ; Bk ) is close to 0 then there is no similarity between
Bj and Bk . Let us note that it is possible to have small negative values
of r(Bj ; Bk ) as a consequence of random uctuations in cases where
Bj and Bk are suciently di erent and r is close to 0. However, it is
highly unlikely to have large negative values of r(Bj ; Bk ) because computers (as well as all other engineering products) are designed to have
positively correlated performances of individual resources. For example, computer systems with high processor speed typically have large
memory and fast disks; it would be counterproductive to combine an
increase in processor performance with a decrease in memory capacity
and/or le I/O performance. Therefore, it is very unlikely that Bj could
produce a ranking that is opposite to the ranking obtained from Bk . In
all regular cases the correlation model of di erence will generate values
in the interval 0  d(Bj ; Bk )  1, yielding the soft limit dmax = 1.
Consequently, the di erences in the interval 1 < d(Bj ; Bk )  2 are
unlikely but not impossible, yielding for any value of the hard limit
dMAX = 2. The soft limit dmax = 1 will rarely be exceeded, and the
hard limit dMAX = 2 plays the role of a theoretical upper bound.
From the standpoint of benchmark comparison we can frequently
consider Bj and Bk identical if they produce identical rankings of a
representative set of m computers. Therefore, the di erence metrics
can also be based on the di erence between rankings. Let Rj and Rk
be rankings produced by Bj and Bk . Following is the ranking distance
proposed by Kemeny and Snell15:
Jpq = 1 if Sp  Sq for Bj
= ?1 if Sp  Sq for Bj
= 0 if Sp  Sq for Bj
Kpq = 1 if Sp  Sq for Bk
= ?1 if Sp  Sq for Bk
= 0 if Sp  Sq for Bk
m X
m
X
jJpq ? Kpq j
d(Rj ; Rk ) = 12
p=1 q=1
The elements of the ordering matrices J and K have the property
Jpq = ?Jqp and Kpq = ?Kqp. A complete ranking is one containing no
ties; e.g. for m=2 such a ranking is R = (S1  S2). An opposite ranking
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is symbolically denoted ?R = (S1  S2). The \O-ranking" assumes
all ties: O = (S1  S2). So, for m = 2, d(R; O) = d(?R; O) = 1
and d(R; ?R) = 2. Generally, d(R; O) = d(?R; O) = m(m ? 1)=2 and
d(R; ?R) = m(m ? 1). Using this type of metric, and the concept of
limited di erence, we can derive the following ranking di erence model:
1
0
m X
m
X
1
jJpq ? Kpq jA ; > 0:
d(Bj ; Bk ) = @ m(m ? 1)
p=1 q=1
For this model d(R; O) = d(?R; O) = 1 and d(R; ?R) = 2 . So, the
soft limit is dmax = 1 and the hard limit is dMAX = 2 :

12.5. CRITERIA FOR BENCHMARK
SUITE EVALUATION AND DESIGN
Evaluation and design of benchmark suites is based on a speci c set
of benchmark suite performance criteria. Two main groups of criteria
can be identi ed: qualitative, and quantitative criteria. We propose
the use of ten basic criteria. Qualitative criteria specify global features
of benchmark suites and include the following ve compliance requirements:
 compliance with the goal of benchmarking
 application area compliance
 workload model compliance
 hardware platform compliance
 software environment compliance
Quantitative criteria are related to the distribution of component benchmark programs in the program space, and include the following ve
characteristics of benchmark suites:
 size
 completeness
 density
 granularity
 redundancy
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Following is a brief description of these ten criteria.
Each benchmark suite supports a speci c goal of benchmarking.
Typical goals are: performance evaluation of a given system, performance comparison of several competitive systems, standardized comparison and ranking of all commercially available systems in a given
class, selection of the best system according to speci c user requirements, resource consumption measurement and analysis, and performance tuning. A clear and complete speci cation of the goal of benchmarking is the initial step in all benchmarking e orts. The next step
is a convincing justi cation that a given benchmark suite supports the
speci ed goal. Consequently, the rst qualitative criterion benchmark
suites must satisfy is the support of a clearly de ned goal of benchmarking.
The criterion of application area compliance speci es the requirement for a desired application type of benchmark workloads. The
benchmark suite members are always assumed to be good representatives of a desired application area. Application areas are sometimes related to the activity of typical users (e.g. scienti c, business,
educational, and home applications). Another approach is to de ne
application areas according to characteristics of computer workload
(e.g. numerical, nonnumerical (combinatorial), seminumerical, graphic,
database, systems programming, and networking applications). Each
benchmarking e ort should be related to a given application area, and
so should the members of benchmark suites.
The design of benchmark suites regularly includes the selection of
the most appropriate workload model. The workload models can be
physical, virtual, and functional12. The selection of workload model
must be justi ed by speci c requirements of a given benchmarking
problem. A desired workload model can also be speci ed during the
evaluation of benchmark suites. Once the desired workload model is
selected, the benchmark suite must satisfy the workload model compliance criterion.
Functional and virtual workload models are simpler and more frequent than physical models. A recent example of a functional model is
a suite of typical business applications for personal computers running
under Microsoft Windows, developed by Business Application Performance Corporation6 (BAPCo). This suite consists of ten popular software products performing typical business functions in the areas of word
processing, spreadsheets, database, desktop graphics, desktop presen-
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tation, and desktop publishing. As an example of benchmark suites
based on a virtual model we can use SPEC benchmarks1;6. SPEC92
and SPEC95 are focused on integer and oating point performance as
two fundamental components of processor performance. These components can be interpreted as \logical resources" based on performance
of several physical resources (processor(s), cache(s), memory, and compilers).
Di erent functional or virtual workloads can yield very similar usage of hardware and software resources and in such cases their functional/virtual di erence becomes insigni cant. In such cases we need
physical workload models, because they are quantitative and provide
measures of redundancy between component programs in a benchmark
suite. Generally, there is no justi cation for using redundant workloads
because the cost of benchmarking increases without a corresponding
increase in bene ts. Therefore, the physical level is fundamental for
workload modeling.
The hardware platform compliance criterion speci es a target hardware category, and a computer architecture for which a benchmark
suite is designed. The most frequent hardware platforms are: personal
computers, workstations, mainframes, network servers, local/wide area
networks, vector machines, parallel machines, database machines, and
communication systems. For each platform it is necessary to identify
the main set of resources and to prove that the members of the benchmark suite suciently use all identi ed resources.
The criterion of software environment compliance is analogous to the
hardware platform compliance criterion. It speci es the desired operating system, windowed environments, programming languages, database
systems, communication software, and program development tools that
benchmark workloads must use. This criterion identi es all relevant
software resources and takes care that they are properly used. In many
cases, benchmarking can be limited to the performance analysis of software products (e.g. compilers for a speci c language, database systems,
operating system overhead, etc.).
Qualitative criteria help to specify a general framework and guidelines for benchmarking e orts. However, all more speci c requirements
for a set of benchmark workloads must be de ned using quantitative
criteria. The main advantage of quantitative criteria is the possibility
to easily provide a quantitative proof that a benchmark suite satis es
some speci c requirements.
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The fundamental quantitative criterion is the size of benchmark
suite, D. It is de ned as the diameter of the smallest circumscribed hypersphere containing all benchmark workloads, B1; : : : ; Bn , n > 1. The
central point of this hypersphere is a hypothetical benchmark B0 whose
coordinates will be denoted z10; : : : ; zm0. We can compute z10; : : : ; zm0
from the condition that the di erence between B0 and the furthermost
of n benchmarks in the suite has the minimum value. Consequently,
the size of benchmark suite is

D = 2 z10min
d ;
;:::;zm0 1max
kn 0k

d0k = d(B0 ; Bk ) ; k = 1; : : : ; n :

In the case of n benchmark programs, the di erences between programs
form a symmetric square matrix [djk ]n;n, where djk = dkj , and djj = 0.
The same properties hold for the similarity matrix [sjk ]n;n, where sjk =
dmax ? djk . For any group of benchmarks the central benchmark, Bc ,
and the most peripheral benchmark, Bp , can be determined from
dcp = 1min
max d ; scp = 1max
min s :
j n 1kn jk
j n 1kn jk
The fundamental property of central benchmark Bc is that its furthermost neighbor, Bp , is located closer than in the case of other benchmarks in the group. So, Bc has the maximum similarity with other
benchmarks in the group, and it is usually close to B0 . The central position justi es the use of Bc as the best representative of the group. Let
us note that the above de nition yields Bc and Bp for any distribution
of workloads, but in some cases the central region of a group of benchmarks can be empty. For example, if we have only two benchmarks, one
of them must play the role of Bc , and it is not centrally located. The
situation is similar for three benchmarks forming an equilateral triangle. However, real benchmark suites always include centrally located
benchmarks which can be used as approximations of B0. For example,
if Bc is centrally located then the di erence dcp can be used to compute
an approximation of the size of benchmark suite: D  2dcp . Of course,
this is not a good approximation if Bc is not centrally located.
The maximum value of D corresponds to the simplex distribution
of benchmark workloads, where d(Bj ; Bk ) = dmax ; j = 1; : : : ; n; k =
1; : : : ; n; j 6= k; n > 1 : Geometrically, such a set of n points in the
program space is an equilateral simplex (and no benchmark is centrally
located). Since the distance between individual benchmarks has the
maximum value dmax, the diameter of the circumscribed hypersphere
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also has the maximum value. The maximum value of D obtained for
the simplex distribution depends on n and will be denoted Dmax (n).
This value is the maximum size of a benchmark suite in the case of n
benchmarks. Consequently, we can de ne the following program space
coverage (or utilization) indicator:
U (n) = D=Dmax(n) ; 0 < U (n)  1 ; n > 1 :
The completeness of benchmark suites can be evaluated using the coverage indicator U (n). Small values of U (n) indicate incomplete benchmark suites whose members can be excessively redundant, and the values close to 1 indicate benchmark suites that include a wide spectrum
of workloads. So, U  1 can be considered a necessary condition for
a good quality of benchmark suite. Another necessary condition is, of
course, a proper distribution of workloads within the program space.
Generally, by increasing the number of benchmark workloads we
create an opportunity to cover a spectrum of workload features; this
supports increasing the value of n. On the other hand, the cost of
benchmarking is proportional to n and this is a reason for reducing the
value of n. Hence, the resulting value of n is a compromise between
two opposite criteria. To help in selecting the value of n it is useful to
de ne the density of a benchmark suite as the number of benchmark
workloads per unit of covered program space. Since the coverage is
expressed using U (n), the density indicator can be de ned as follows:
H (n) = n=U (n)  (3n ? 2)=2D :
The concept of granularity is closely related to the concept of density of benchmark suites. We de ne the benchmark suite granularity, G,
as the ratio of the number of benchmark programs in the suite, n, and
the minimum necessary number of such programs, N , i.e. G = n=N .
The most reasonable value of N is the number of di erent computer
resources that are used by the benchmark suite. The most frequent resources are: processors, memory, cache memories, disk channels, disks,
and software resources. Generally, a computer resource is de ned as
any major hardware/software component or feature which contributes
to the performance of analyzed computer systems.
An obvious reason for designing and using benchmark suites is that
a spectrum of performance features of complex hardware/software systems cannot be properly and suciently evaluated using a single benchmark workload. If the computer performance is de ned as an array of
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N performance indicators of individual hardware/software resources,
then N benchmark workloads in a benchmark suite play the role of N
equations necessary to compute the performance indicators.
In real situations which involve complex and nonlinear phenomena
caused by multi-level caching, advanced memory management techniques, parallelism, networking, advanced compiler techniques, etc., it
is frequently dicult to clearly identify all relevant hardware and software resources. For example, a control program that is executed by
an I/O processor that controls an array of disks can be an important
(but not easily visible) resource which in the case of a constrained degree of multiprogramming can limit the global throughput of the le
I/O subsystem. Unfortunately, a number of nontrivial experiments is
needed to identify the existence and the actual role of such a resource.
Consequently, N usually denotes the number of \obvious resources,"
and the actual number of resources can be greater than N . In such
cases the number of benchmarks in the benchmark suite should also be
greater than N . Thus, the desirable level of granularity is G > 1 This
yields a simple guideline for selecting the number of benchmarks in the
suite: n > N . In the context of the white-box approach N could be
interpreted as the dimensionality of the program space. The values of
H and G should be as big as possible. However, their maximum values
are obviously limited by nancial constraints.
Two (or more) benchmark programs are considered redundant if
their di erence is relatively small. Assuming dmax = 100%, di erences
that are less than 15% can usually be considered small di erences. In
many practical cases it is easy to encounter di erences that are less
than 5%. In such cases it is dicult to justify why so similar workloads
must simultaneously be used because their contribution to the cost of
benchmarking is much larger than their contribution to the comparison
of competitive systems. The redundancy of benchmark workloads can
be visualized using cluster analysis and by presenting benchmark suites
in the form of dendrograms16.

12.6. SIMPLEX BENCHMARK SUITES
A simplex benchmark suite (SBS) is de ned as a suite where each pair
of benchmarks has the maximum di erence dmax. This concept is related to the concept of monoresource benchmarks13, where the goal of
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each component benchmark is to provide maximum utilization of a selected computer resource, and the minimum possible usage of all other
resources. Therefore, the simplex suite contains the minimum number
of component benchmarks, n = N . The main SBS features are:






a maximum di erence between component benchmarks,
a uniform coverage of the program space,
the absence of a central benchmark,
a minimum redundancy between component benchmarks (no benchmark can be removed),
 no benchmark can be added to SBS without introducing redundancy,
 for each number of component benchmarks, SBS has the maximum size and a unit granularity,
 the component benchmarks form an equilateral simplex in the
program space.

The goal of SBS is to include component benchmarks which are
mutually exclusive and collectively exhaustive. In other words, they
should completely cover a spectrum of desired performance characteristics, and should not be redundant. Such programs are necessary, and
theoretically, sucient for a given performance evaluation task. They
are necessary because removing any of programs would result in the
total absence of e ects caused by some relevant computer resources.
They can be sucient because they contain minimum but complete
information about all identi ed resources. In practice, however, it is
not possible to completely isolate the activity of a single resource (e.g.
processor activity cannot be eliminated during the measurements of
other resources) and it is dicult to prove that all relevant resources
are included in SBS.
The concept of SBS is useful both as a theoretical model and as
a guideline for practical implementations. The SBS model should be
used as a reference point in the design of benchmark suites. Real benchmark suites can be designed as \expanded SBS's" which include SBS
component benchmarks plus additional redundant benchmarks which
cover the central region of the program space, and provide activity of
less important (and initially omitted) computer resources.
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Let us now estimate the maximum size of a benchmark suite containing n workloads. The mean absolute di erence between a uniformly
distributed random variable and the arithmetic mean of n such variables, proved by Milan Merkle17, is:
E jZi ?(Z1 +: : :+Zn)=nj = 14 ? 61n ; Zi  Uniform(0; 1); i = 1; : : : ; n:
In the case of the uniform random number di erence model, uniformly
distributed execution times, and approximating B0 by the arithmetic
mean of all benchmarks, we can use the Merkle formula to estimate the
maximum size of a benchmark suite and the program space coverage
indicator:
m
n
3 ? 1;
1X
3X
T
[
i;
k
]
j
=
j
T
[
i;
j
]
?
Dmax (n)  2 mlim
!+1 m i=1
n k=1
2 n
4ndcp = min1j n max1kn djk ; 2  n  +1:

U (n)  32nnD
? 2 3n ? 2
0:75 ? 1=2n
This result can be compared to the case of Euclidean space where for
n = 2 we start with two points having the distance Dmax (2) = dmax .
For n = 3 the three points form an equilateral triangle inscribed in
a circle whose diameter is Dmax (3) = 1:15dmax. For n = 4 the four
points form an equilateral tetrahedron inscribed in a sphere
p having
the diameter Dmax (4) = 1:22dmax. Eventually, Dmax (+1) = 2  dmax .
This analysis also shows that in all cases Dmax (n) is a strictly increasing
function of n: (8 i > 1) Dmax (i) < Dmax (i +1), but the range is limited:
Dmax (+1) ? Dmax(2)  0:5dmax .

12.7. EVALUATION OF BENCHMARK
SUITES
The goal of benchmarking using benchmark suites is to evaluate and
compare a given set of hardware/software systems. In the case of standard industrial benchmarking the comparison includes all commercially
available computer systems in a given performance range. To evaluate
an existing benchmark suite means to analyze the suite using the set
of ten basic criteria introduced in the preceding Section.
In order to exemplify the use of basic quantitative criteria for evaluation of benchmark suites let us consider the case of the rst SPEC suite
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(SPEC891). This example is suitable for analysis because it includes
only 10 processor bound benchmarks. These include 4 integer-intensive
C programs (gcc, eqntott, espresso, and li), and 6 oating point intensive FORTRAN programs (spice2g6, doduc, nasa7, tomcatv, fpppp, and
matrix300).
The primary goal of SPEC benchmarks (the rst generation, SPEC89,
the second generation, SPEC92, and the third generation, SPEC95) is
to evaluate integer performance and oating point performance of a
processor (or processors) as well as hierarchically organized memory,
and to use the resulting compound performance indicators for standard comparison and ranking of commercially available computers with
the emphasis on ranking workstations and servers. This type of goal
justi es the criterion that two benchmark programs can be considered
di erent if and only if they yield di erent ranking of evaluated systems. If two benchmark programs produce identical rankings of a set
of computers, then, from the standpoint of standardized comparison
and ranking, such benchmarks may be considered identical, and their
di erence (distance) must be zero. The black box di erence models are
most suitable for the evaluation of benchmark suites of this type.
The goal of the analyzed benchmark suite is restricted to the evaluation of performance of the central processing unit. This goal also restricts the number of performance related computer resources and the
corresponding number of necessary component benchmarks. The estimated number of performance related resources is N = 7 (the central
processor, oating point coprocessor, instruction and data caches, main
memory, C compiler and FORTRAN compiler). This yields the acceptable granularity G = 1:43, and shows that the numbers of SPEC92
benchmarks (20) and SPEC95 benchmarks (18) can easily be reduced.
In order to generate relative throughput indicators de ned in Table
12.1 we used measurements performed by manufacturers of 49 computer systems (the ocial reports are published in the SPEC Newsletter). Hence, n = 10; m = 49, and each benchmark is characterized by
a 49-component column-vector. These vectors (columns in Table 12.1)
are used for computing di erences between individual benchmarks. After the normalization of all columns we applied the uniform random
number di erence model to compute the matrix of di erences between
benchmarks presented in Table 12.2. The two closest benchmarks are
nasa7 and tomcatv: they merely di er by 6.72%. The maximum individual di erence is between matrix300 and li (84%). The central
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Table 12.2. An analysis of di erences between workloads
1
2
3
4
5
6
7
8
9
10

gcc
espresso
spice2g6
doduc
nasa7
li
eqntott
matrix300
fpppp
tomcatv

1
2
3
4
5
6
7
8
9
10
-----------------------------------------------.00 .18 .25 .24 .55 .21 .12 .68 .48 .54
.18 .00 .32 .35 .66 .13 .15 .78 .64 .64
.25 .32 .00 .11 .35 .38 .23 .45 .33 .32
.24 .35 .11 .00 .32 .40 .24 .44 .29 .30
.55 .66 .35 .32 .00 .72 .55 .15 .10 .07
.21 .13 .38 .40 .72 .00 .19 .84 .68 .70
.12 .15 .23 .24 .55 .19 .00 .67 .53 .53
.68 .78 .45 .44 .15 .84 .67 .00 .20 .14
.48 .64 .33 .29 .10 .68 .53 .20 .00 .10
.54 .64 .32 .30 .07 .70 .53 .14 .10 .00

Minimum difference between programs
Dmin
Average difference between programs
Dave
Maximum difference between programs
Dmax
Central program having the min max difference = doduc
Radius of the group (max difference from the CO)
R
Central object location indicator (<=100%) 100Dmax/2R

=
=
=
=
=

.07
.38
.84
(# 4)
.44
95.00%

SPEC89 benchmark is Bc = doduc. Its furthermost neighbor Bp =
matrix300 di ers only by 44%, and the size of SPEC89 can be approximated by 2dcp = 0:88. A more precise result is DSPEC 89 = 0:8625. The
maximum size of a 10-benchmark suite is Dmax (10) = 3=2 ? 1=10 = 1:4.
Thus, the program space coverage (utilization) for SPEC89 is rather
modest: USPEC 89 = 0:8625=1:4 = 0:616 (i.e. less than 62%). The corresponding density is HSPEC 89 = 16:2 workloads per unit of covered
program space.
More detailed results of the redundancy and coverage analysis are
presented in Fig. 12.1. They include a dendrogram and a covergram
generated using a hierarchical clustering technique16. The dendrogram
is a binary tree whose nodes denote clusters of objects. The nodes are
merging points of two clusters (subtrees). The intercluster di erence
is used to place the node on the workload di erence scale (i.e. the
distance between the merging point and the left margin equals the
di erence between the two merging clusters). Each merging point is
denoted by the name of the best representative of the cluster.
The most centrally located workload is doduc (another centrally
located benchmark is spice2g6). There are four pairs of closely related benchmarks: fgcc, eqntottg, fespresso, lig, fspice2g6, doducg,
and fnasa7, tomcatvg. They di er for less than 13%. This is a high
redundancy and indicates both the possibility of reducing the num-
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gcc
+----------------------| gcc
D E N D R O G R A M
eqntott
|---------|
+----------------------|
| espresso
espresso
|----------------------|
+------------------------|
|
|
li
|-------|
| eqntott
+------------------------| espresso
|------- - - - - ------------|
spice2g6
|
|
+--------------------| doduc
|
|
doduc
|----------------------------------|
|
+--------------------|
|
nasa7
doduc |
+-----------| nasa7
|
tomcatv
|------| tomcatv
|
+-----------|
|----------|
|
fpppp
|
| nasa7
|
+------------------|
|--------------------------------- - - - - ------------|
matrix300
|
+-----------------------------|
SIMILARITY [%]
100
94.59
89.19
83.78
78.37
72.97
67.56
51.34
45.94
+---------+---------+---------+---------+---------+---------+--- - - - - --+---------+
0
5.41
10.81
16.22
21.63
27.03
32.44
48.66
54.06
DIFFERENCE [%]

0
6.16
12.32
18.48
24.64
30.81
36.97
+---------+---------+---------+---------+---------+---------+--gcc
+-------------| gcc
eqntott
|----------|
C O V E R
+-------------|
| espresso
espresso
|---------------------|
+---------------|espresso|
|
li
|--------|
| eqntott
+---------------|
|---------------spice2g6
|
+------------| doduc
|
doduc
|---------------------------------|
+------------|
nasa7
+-------| nasa7
tomcatv |------| tomcatv
+-------|
|-----------|
fpppp
|
| nasa7
+--------------|
|-----------------------------------matrix300
|
+--------------------------|

55.45
61.61
- - - - --+---------+
COVERAGE [%]
G

R

A

M

- - - - ------------|
|
|
|
|
doduc |
|
|
|
|
- - - - ------------|

Figure 12.1. SPEC89 redundancy and coverage analysis
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ber of benchmarks (without reducing the quality and completeness of
global performance indicators) and the need to replace some component benchmarks by less redundant workloads. Fig. 12.1 also shows
a relatively high redundancy of the group fnasa7, tomcatv, fppppg,
and the possibility of replacing it by the best representative, tomcatv.
Integer workloads form a compact cluster whose best representative
is espresso. Floating point benchmarks form two groups: the redundant pair fspice2g6, doducg, and the remaining group fnasa7, tomcatv, fpppp, matrix300g which is located very far (54.06%) from other
benchmarks. The presented dendrogram also suggests the attractive
possibility of reducing the whole suite to three best representatives:
espresso (for integer part), and doduc plus nasa7 (for the oating point
part). Such a decision would yield insucient granularity, but the cost
of benchmarking would be reduced by 70%.
As a new tool for the analysis of the completeness of benchmark
suites, we propose the use of covergrams. A covergram is a dendrogram whose cluster merging points are placed using the program space
coverage scale. Using covergrams we can directly read the percent coverage of the program space (U ) for each individual cluster. In order to
be reasonably complete, a benchmark suite should cover at least 50%
of the program space. The covergram in Fig. 12.1 shows that 15.7%
of the program space is covered by the group fgcc, eqntott, espresso,
lig, 8.1% by fspice2g6, doducg, and 16.5% by fnasa7, tomcatv, fpppp,
matrix300g. The total coverage of these three groups is 61.61%. This
coverage is low, and it is achieved by three clusters which contain closely
located benchmarks. Thus, this example shows that the analyzed suite
can be substantially improved in two directions: (1) redundant benchmarks should be removed, and (2) new benchmarks which increase the
coverage should be introduced. The candidates for removal are one
benchmark from each of the groups fgcc eqntottg, fespresso, lig, and
fspice2g6, doducg, as well as two benchmarks from the group fnasa7,
tomcatv, fppppg.
Basic redundancy analysis is frequently sucient to detect possible problems and to point at corrective actions. This is illustrated by
published redundancy analysis examples14 which show a way to improve Livermore FORTRAN Kernels7, Lisp benchmarks9, and Prolog
benchmarks10. One conclusion (derived from the analysis of 16 Prolog
benchmarks, which all have a maximum intercluster di erence of only
9.3%) is that it is useless to apply large benchmark suites in cases where
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component benchmarks are executed by interpreters. In such cases the
only executable in memory is the interpreter itself, and workloads differ only to the extent of variations resulting from executing di erent
parts of the same interpreter. Such variations are typically insigni cant (less than 10%), and the whole benchmarking e ort can easily be
reduced to the use of one to three best representatives of the initial
benchmark suite. This result might be a useful hint for designers of
Java benchmarks.
The presented evaluation examples illustrate the bene ts of the proposed evaluation technique for reducing the redundancy and increasing
the coverage of benchmark suites. Consistent use of ten basic evaluation criteria during the design and updates of benchmark suites can
improve the majority of their features.

12.8. COVERAGE FUNCTIONS
The most frequent approach to the design of benchmark suites is based
on selecting benchmark workloads from a set of existing programs which
properly represent the standard activity of an analyzed class of users.
A more complex approach is to use (natural or synthetic) workloads
with adjustable parameters which a ect the utilization of computer
resources. In such cases, in addition to selecting a suitable set of workloads, it is also necessary to properly adjust their parameters. This
process can always be abstracted as the problem of optimum distribution of points in the program space.
The problem of achieving some desired distribution of workloads
in the program space is the fundamental problem of benchmark suite
design. In other words, the individual benchmarks are expected to
cover the program space in a given way. The coverage of the program
space can be analyzed using the concept of coverage functions. We
assume that each benchmark Bj ; j = 1; : : : ; n, provides a nonuniform
\coverage eld" of the program space within a hypersphere j , with
a central point Bj and radius dmax. The coverage eld denotes the
zone of in uence created by an individual benchmark. The strongest
coverage eld is in the central parts of j , while the coverage eld at
the circumference and outside of j must be zero. The total intensity
of the coverage eld in a given point of the program space is de ned as
the superposition of intensities of the coverage elds of all individual
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benchmarks. For simplicity we will assume that the term coverage
denotes the intensity of the compound coverage eld in a given point
of the program space.
It may be useful to visualize each benchmark as a source of light
that illuminates the interior of the hypersphere j ; of course, central
parts are illuminated stronger than the peripheral parts. We can also
visualize a set of benchmark workloads as a set of sources of light that
are nonuniformly distributed in the program space. The intensity of
illumination at each point is obtained by superposition of illumination
coming from all sources. The objective of benchmark suite design is to
realize a given (uniform or nonuniform) distribution of \illumination"
of the program space.
The analogy of the coverage of a program space and the illumination
of a physical space is useful to identify the following three ways to
achieve the desired distribution:
 by moving (repositioning) workloads in the program space,
 by adding and/or removing selected workloads, and
 by adjusting the \intensity" of each individual workload.
The positioning of individual benchmarks requires adjustable workload parameters, and can be realized only if we use the white-box approach; in such cases we must modify the available benchmark parameters in order to move a program in the direction of the desired
destination in the program space. The remaining two techniques can
be realized within the black-box approach, and they are discussed in
subsequent sections.
Let us now introduce the individual coverage function of the j th
benchmark, j 7! cj (j ), where j denotes the distance from an arbitrary point within j to the Bj benchmark. We de ne cj (j ) as a
strictly decreasing function having the following properties:
(
=0
cj (j ) = 01 ;; j 
j dmax ;
dcj (j ) < 0 ; 0 <  < d ; j = 1; : : : ; n :
j
max
dj
Let be a given region of the program space. We assume that the
global coverage of the program space is obtained by the linear superposition of coverages of all individual benchmarks. Thus, for each point

EVALUATION AND DESIGN OF BENCHMARK SUITES

311

in the region we can de ne the compound coverage function
n
X
C (1; : : : ; n) = cj (j ) ;
j =1

and the normalized coverage function
n
X
Cnorm(1; : : : ; n) = n1 cj (j ) :
j =1

The compound coverage function shows the global intensity of the
coverage eld resulting from all benchmarks in a benchmark suite. If V
denotes the volume of the region then the average compound coverage
is
Z
Z
Cave = V1 C (1; : : : ; n )dV ; V = dV :
The average compound coverage Cave increases when the density and
granularity of a benchmark suite increase, and therefore it can serve as
one of the benchmark suite density indicators.
Individual coverage functions can be organized in various ways.
First, we de ne an auxiliary threshold function that has the value 1
inside and the value 0 outside the hypersphere j :
(
< dmax
I (j ) = 01 ;; j 
j dmax :
Now we can introduce the following three characteristic forms of the
cj (j ) function:
!
!


j
j
I (j ) = max 0 ; 1 ? d
;
(j ) = 1 ? d
max
max
!

1
j
I (j ) ;
1(j ) = 2 1 + cos d
max
!
1

(1
?
cos(

=d
))
j
max
2(j ) =
1 + cos
I (j ) :
2
2
These formulas are valid for all values of j , including the rare cases
where random uctuations might cause j > dmax . The  function
yields a linearly decreasing intensity of the coverage eld. In the case
of 1 and 2 the decrease of the coverage eld is nonlinear. Both
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1 and 2 have an intensi ed coverage in the central part of j ; this
e ect is particularly strong in the case of 2 . Therefore, , 1, and 2
o er three increasing levels of coverage of the central region of j ; their
common properties are cj (0) = 1 ; cj (dmax =2) = 1=2 ; and cj (dmax ) = 0 :
In a general case of n benchmarks and known distances djk =
d(Bj ; Bk ) we can easily compute the value of the compound coverage function at all points of the program space where benchmarks are
located (these points will be called \benchmark points"). At the point
Bj the distance from Bk is k = djk and the compound coverage is
n
X
Cj = C (dj 1; : : : ; djn) = cj (djk ) ; j = 1; : : : ; n :
k=1

In the case of the  function the compound coverages at benchmark
points are
!
n
n
X
X
d
jk
djk ; j = 1; : : : ; n :
=n? d1
Cj = max 0 ; 1 ? d
max
max k=1
k=1
Assuming dmax = 1 it follows that for all benchmark points, 0  djk 
1; 1 ? djk = sjk , and the values of compound coverages reduce to the
sum of similarities:
n
X
Cj = sjk ; j = 1; : : : ; n:
k=1

The distribution of values Cj ; j = 1; : : : ; n is a readily available and
easily understandable indicator of the uniformity of coverage of the
program space.

12.9. OPTIMUM SUBSETS OF
BENCHMARK PROGRAMS
A desired coverage of the program space can frequently be achieved
using a suitable subset of the available benchmark programs. The
simplest way to create appropriate subsets of benchmark programs
is to use the subsets of best representatives created by cluster analysis. The best representatives are the most centrally located benchmarks in selected clusters, and accordingly they cover the program
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space in an approximately uniform way. For each subset of J benchmarks (J = n; n ? 1; : : : ; 1) we can de ne a binary selector vector
(b1 : : : bn); bk 2 f0; 1g; k = 1; : : : ; n that denotes subsets of benchmark programs: if bk = 1 then Bk is included in a given subset, and
if bk = 0 then Bk is excluded. The compound coverage vector at all
benchmark points, (C1 : : : Cn), can now be computed as follows:
n
X
Cj = bk cj (djk ) ; j = 1; : : : ; n :
k=1

This vector can be compared with the desired distribution of compound
coverage at benchmark points. Suppose the desired distribution is uniform. We can determine the average coverage at the benchmark points
C = n1 Pnj=1 Cj , and de ne the average error of the achieved distribution
as the coecient of variation
0 P
1 12
n
2
C
n
vc (C1; : : : ; Cn) = 100 B
@ Pn j =1 j 2 ? 1CA :
C
j =1 j

The distributions obtained using the subsets of best representatives
generated by the cluster analysis can be rather good, but they are not
the best possible distributions. Indeed, we can nd better solutions if
we systematically investigate all possible subsets.
Let us again use the binary selector vector (b1 : : : bn) denoting subsets of benchmark programs, and let us introduce the index of the
subset, I , the total number of benchmarks in the subset, J , and the
uniform distribution error, vc , as follows:
n
X
Cj [I ; J ] = bk cj (djk ) ; j = 1; : : : ; n ;

I=

n
X
k=1

k=1

2k?1bk ;

0  I  Imax; Imax

= 2n ? 1;

J=

n
X
k=1

bk ; 0  J  n;

vc [I ; J ] = vc (C1[I ; J ]; C2[I ; J ]; : : : ; Cn[I ; J ]) :
For each J we can now nd the optimum subset of benchmarks:
vc [I (J ); J ] = 1min
v [I ; J ] ; J = 1; : : : ; n :
I Imax c

The optimum subsets that contain 1; : : : ; n benchmarks and yield the
minimum distribution error are denoted by indices I (1); : : : ; I (n).
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In the majority of practical cases the number of benchmarks in a
benchmark suite is relatively small (it rarely exceeds 20). Consequently,
the minimization of vc [I ; J ] can be performed by simply investigating
all possible subsets. In the case of larger groups of benchmarks that
would not be possible and more sophisticated combinatorial optimization algorithms would be needed.
It is important to emphasize that the quality of distribution is not
the only criterion for the design of benchmark suites. Any decrease of
the number of individual benchmarks usually decreases both the utilization of program space and the granularity and density of a benchmark
suite. Therefore, the selection of optimum subsets of benchmarks can
be performed only if we can satisfy the following additional criteria:

 sucient granularity condition: G > 1 ;
 sucient density condition:
H > Hmin ;
 sucient coverage condition: U > Umin ;
where Hmin and Umin denote the desired threshold values. The design of benchmark suites based on optimum subsets of benchmarks
I (1); : : : ; I (n) consists of selecting a subset that suciently satis es
the additional criteria of granularity, density, and coverage.

12.10. OPTIMUM WEIGHTS OF
BENCHMARK PROGRAMS
In cases where a benchmark suite already exists it is possible to achieve
a desired coverage of the program space by adjusting the individual
\intensity" of each benchmark. Let the intensity of the benchmark
Bj be expressed using a non-negative real-valued weight Wj . If the 
coverage model is used, the weighted compound coverage at benchmark
points can be de ned as follows:
n
X
Cj = Wk sjk ; Wj  0; j = 1; : : : ; n :
k=1

Our problem is to determine the weights W1; : : : ; Wn that will achieve
a desired distribution of the compound coverage at points B1 ; : : : ; Bn .
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Let Cj; j = 1; : : : ; n be the desired distribution of the compound
coverage at the benchmark points. The mean square error function
!2
n
n
X
X
Cj ? Wk sjk
e(W1 ; : : : ; Wn ) =
j =1

k=1

in the case of non-singular similarity matrices attains the zero minimum
value for weights that satisfy
2 W 3 2 s s : : : s 3?1 2 C  3
66 W12 77 66 s1121 s1222 : : : s12nn 77 66 C12 77
64 : : : 75 = 64 : : : : : : : : : : : : 75 64 : : : 75
Wn
sn1 sn2 : : : snn
Cn
Unfortunately, the similarity matrix can be singular, or some of the
resulting weights can be negative. That is unacceptable and indicates
the need to omit the corresponding benchmarks. A more general result
can be obtained if we introduce an auxiliary threshold function
(
j0
(Wj ) = 0 ;; W
Wj < 0 ; = constant (  1)
and then de ne the following compound error function:
!2 X
n
n
n
X
X

E (W1 ; : : : ; Wn ) =
Cj ? Wk sjk + (Wj ) :
j =1

k=1

j =1

This function can be eciently minimized using the Nelder-Mead simplex method17. The minimization yields non-negative weights that are
coordinates of the error function minimum:
E (W1 ; : : : ; Wn ) = min E (W1 ; : : : ; Wn ) ; Wj  0; j = 1; : : : ; n:
The shape of function E (W1 ; : : : ; Wn ) can be rather irregular and it is
important to start minimization from a suitable initial position. The
most suitable initial values of weights are Wj = 1; j = 1; : : : ; n ; (i.e.
all benchmarks are initially included) and in the important special case
of uniform distribution
it is suitable to use the constant initial values
P
P
n
n
1

Ci = C = n j =1 k=1 sjk ; i = 1; : : : ; n :
The resulting weights of component benchmarks W1; : : : ; Wn are
not normalized (i.e. W1 + : : : + Wn 6= 1 ). The normalized (relative)
weights are
n
X
wj = Wj= Wj ; j = 1; : : : ; n
j =1
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and can be used to express the relative importance (or \intensity") of
each particular benchmark, re ecting the desired distribution of compound coverage at the benchmark points of the program space. For
some subset of component benchmarks this method usually yields zero
weights (wj = 0; j 2 Z  f1; : : : ; ng); such benchmarks are omitted,
reducing the cost of benchmarking in all cases which include actual
measurements. The results that can be obtained in this way are always better than or equal to the results than can be achieved using the
optimum subset method.
The normalized weights can be used for computing the global performance indicators of competitive computer systems. For example, let
t[0; j ]=t[i; j ] denote the relative throughput of the system Si with respect to the reference system S0, in the case of the benchmark Bj . Then
the average global relative throughput of system Si can be computed
as follows:
n t[0; j ] !wj
Y
; i = 1; : : : ; m :
Ri =
j =1 t[i; j ]
This performance indicator shows how many times, on the average,
system Si outperforms the reference system S0 in the case where the
comparison is based on the desired distribution of benchmarks in the
program space, and the distribution is expressed in terms of the compound coverage at benchmark points.
The described method enables the use of any (suciently diversied) set of benchmark programs to achieve an optimized approximation
of a desired distribution of the compound coverage. This yields the possibility to design universal benchmark suites which uniformly cover the
program space, and then to select suitable subsets of these benchmarks
in order to express some desired workload properties. Design, maintenance, and updating of such universal suites should be the primary
activity of industrial consortia such as SPEC, GPC, and others.
The subsets of benchmarks selected by the optimum weight method
must satisfy additional requirements related to granularity, density, and
utilization of program space. These requirements can be satis ed either
by additional testing of the generated subsets, or by extending the
compound error function with additional terms that cause the simplex
method to select those optimum weights that simultaneously satisfy all
the conditions:

EVALUATION AND DESIGN OF BENCHMARK SUITES

317

Table 12.3 Compound coverage at benchmark points
COMPOUND COVERAGE (C) AND NORMALIZED COVERAGE (Cn=100*C/N) FOR N = 10 OBJECTS
Object
C
Cn % 0
10
20
30
40
50
60
70
80
90 100%
------------------------ +----+----+----+----+----+----+----+----+----+----+
matrix300
5.67
56.7 |
*
|
li
5.76
57.6 |
*
|
espresso
6.15
61.5 |
*
|
nasa7
6.53
65.3 |
*
|
fpppp
6.65
66.5 |
*
|
tomcatv
6.67
66.7 |
*
|
gcc
6.76
67.6 |
*
|
eqntott
6.80
68.0 |
*
|
spice2g6
7.26
72.6 |
*
|
doduc
7.31
73.1 |
*
|
------------------------ +----+----+----+----+----+----+----+----+----+----+
Average:
6.55
65.5 0
10
20
30
40
50
60
70
80
90 100%
Sigma(compound coverage) = .53
Coefficient of variation = 8.0 %

E (W1 ; : : : ; Wn ) =

n
X
j =1

X
C  ? Wk sjk
j

n

k=1

!2 X
n
+ (Wj )
j =1

+(G ? 1) + (H ? Hmin) + (U ? Umin) :

12.11. A BENCHMARK SUITE DESIGN
EXAMPLE
Let us now design a benchmark suite using the proposed method. Suppose that the suite is primarily intended for the comparison of processing power of Unix workstations. To apply the black-box approach
we must initially have a set of candidate workloads representing the
activity of a class of users. Suppose that the set of candidate workloads consists of 10 workloads adopted by SPEC in 1989 for their rst
benchmark suite.
Suppose now that our goal is a uniform coverage of the program
space. The average compound coverage at 10 benchmark points using
the  coverage model is shown in Table 12.3. The distribution is not
uniform: the maximum/minimum coverage ratio is 1.29.
The design of a benchmark suite having a uniform distribution of
compound coverage at benchmark points yields results shown in Table
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12.4. We rst present all subsets of best representatives and the corresponding average coverage. The best representatives, however, generate
distributions that are not uniform, and the average error with respect
to the uniform distribution is frequently greater than 10%.
The distribution of coverage can be improved using the method of
optimum subsets. It is interesting to note that a good uniformity of coverage at 10 benchmark points (the error of only 2.3%) can be achieved
with only two optimally selected benchmarks (li and matrix300). When
a third benchmark is added the error quickly increases from 2.3% to
7%, and then again decreases when the fourth benchmark is added to
the suite. On the other hand, if a small subset of benchmarks can
cause a very good coverage at the benchmark points, this might indicate that the benchmark points are located rather closely, and that the
redundancy level of benchmarks is too high.
The obtained results can be further improved by using the method
of optimum weights. Suppose that we want to achieve the same coverage at all the benchmark points, and that it must be equal to the
initial average coverage C = 6:55. We can achieve this goal with the
average error of only 1.563%. This is substantially better than in the
case of optimum subsets. The optimum weight method automatically
selects the appropriate subset of benchmarks and adjusts their relative
importance: the results in Table 12.4 are achieved using only four of
the available 10 benchmarks. This reduces the granularity of the suite,
but in the case of measuring only the processing power of workstations
the granularity for n = 4 can still be sucient. However, the cost of
benchmarking is now 2.5 times less than the cost of benchmarking with
all candidate workloads.
Therefore, the nal result of designing a benchmark suite which
uniformly covers the program space and serves for the comparison of
processing power of Unix workstations is the suite consisting of four
benchmark workloads: espresso, li, matrix300 and fpppp. Their relative weights are respectively 0.126 , 0.38 , 0.452 , and 0.042 . The
comparison of m workstations should be performed using the average
relative throughputs R1 ; : : : ; Rm computed from the following formula:
!0:126
!0:38
!0:452
!0:042
t
[0
;
1]
t
[0
;
2]
t
[0
;
3]
t
[0
;
4]
Ri = t[i; 1]
:
t[i; 2]
t[i; 3]
t[i; 4]
The run times of individual workloads for the reference system are
denoted t[0; 1], t[0; 2], t[0; 3], and t[0; 4]. The reference system can be
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Table 12.4. Results of the benchmark suite design
SUBSETS OF BEST REPRESENTATIVES AND THEIR COMPOUND COVERAGE
Average
Average
No. coverage
error
Subsets of best representatives
-------------------------------------------------------------10
6.55
8.0%
1
2
3
4
5
6
7
8
9 10
9
5.89
9.1%
1
2
3
4
5
6
7
8
9
8
5.24
12.0%
1
2
3
4
6
7
8 10
7
4.51
11.8%
1
2
4
6
7
8 10
6
3.83
8.8%
1
2
4
6
8 10
5
3.26
8.0%
1
2
4
8 10
4
2.67
12.5%
1
2
4
5
3
2.00
9.4%
2
4
5
2
1.33
9.2%
5
7
1
.73
17.0%
4

OPTIMUM SUBSETS OF BENCHMARKS AND THEIR COMPOUND COVERAGE
Average
Average
No. coverage
error
Optimum subsets of benchmarks
-------------------------------------------------------------10
6.55
8.0%
1
2
3
4
5
6
7
8
9 10
9
5.82
7.1%
1
2
3
5
6
7
8
9 10
8
5.10
6.2%
1
2
5
6
7
8
9 10
7
4.48
6.6%
1
2
3
5
6
8 10
6
3.76
5.1%
2
5
6
7
8 10
5
3.14
6.0%
2
4
5
6
8
4
2.41
3.2%
2
5
6
8
3
1.87
7.0%
4
6
8
2
1.14
2.3%
6
8
1
.73
17.0%
4

OPTIMUM INTENSITIES OF BENCHMARK PROGRAMS
C O M P O U N D
C O V E R A G E
W E I G H T
--------------------------------- -----------------No. BENCHMARK
Initial Desired Achieved Error Absolute Relative
========================================================================
1
gcc
6.76
6.55
6.47
-1.3%
.000
.0%
2
espresso
6.15
6.55
6.45
-1.6%
1.423
12.6%
3
spice2g6
7.26
6.55
6.72
2.5%
.000
.0%
4
doduc
7.31
6.55
6.71
2.3%
.000
.0%
5
nasa7
6.53
6.55
6.48
-1.1%
.000
.0%
6
li
5.76
6.55
6.51
-.6%
4.291
38.0%
7
eqntott
6.80
6.55
6.61
.9%
.000
.0%
8
matrix300
5.67
6.55
6.51
-.7%
5.105
45.2%
9
fpppp
6.65
6.55
6.43
-1.9%
.473
4.2%
10
tomcatv
6.67
6.55
6.64
1.3%
.000
.0%
========================================================================
fmin = .105
AVERAGE ERROR = 1.563%
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selected as one of the competitive systems. Then Ri denotes how many
times the ith system is faster than the reference system.

12.12. SUMMARY AND CONCLUSIONS
Any program becomes a benchmark program whenever we focus our
interest on its resource consumption instead of its results. However,
benchmark workloads and benchmark suites must not be randomly
selected. Quantitative methods for evaluation and design of benchmark
suites are necessary both for those who create benchmark suites and for
those interested in a proper interpretation of performance measurement
results. The basic approaches to workload characterization are the
white-box and the black-box approach. In cases where it is possible
to monitor internal operations and individual resource activities of a
computer system, we can use the white-box approach. In cases where
the available information is reduced to global performance indicators,
such as system response times or throughputs, we use the black-box
approach. The theory of program space is applicable in both cases.
The black-box approach can be realized without special measurement tools, and generally it enables easier collection of measurement
data than the white-box approach. Therefore, our methodology for
evaluation and design of benchmark suites is primarily oriented towards the black-box approach. The proposed evaluation method is
based on ve qualitative and ve quantitative evaluation criteria. The
quantitative criteria are used to evaluate the size, redundancy, completeness, granularity, and density of benchmark suites. These criteria
are used for both evaluation and design (or upgrading) of benchmark
suites. The presented benchmark suite evaluation examples illustrate a
general approach which can be used to reduce the redundancy and to
improve the completeness of all benchmark suites.
The design of benchmark suites is based on a desired distribution of
benchmarks in the program space. In the case of benchmark workloads
with adjustable parameters it is possible to move workloads through the
program space towards a desired destination. However, this requires the
white-box approach, and can di er for various hardware/software architectures. To provide a similar e ect within the black-box approach
we introduced coverage functions and developed two methods, based on
optimum subsets and optimum weights of benchmark programs. The
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interesting result is that a desired distribution of compound coverage
of the program space can be achieved without moving benchmark programs through the program space. If we aggregate the performance
measurement results of individual benchmark programs using properly
selected weights, then the e ects on the aggregate performance indicators are similar to the e ects of changing the distribution of benchmarks
in the program space.
Thus, it is possible to design universal benchmark suites that uniformly cover the program space. Instead of designing various speci c
benchmark suites, and performing costly measurements, the desired
benchmarking features can be expressed through appropriate weights
of individual benchmarks of the universal suite. This technique can
reduce the cost of industrial benchmarking and should be widely used
for computing aggregate performance indicators, and for comparison of
computer systems.
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