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Abstract

Having a represenativ e workload of the target domain of a microprocessoris extremely
important throughout its design. The composition of a workload involvestwo issues: (i)
which bendmarks to selectand (ii) which input data setsto selectper benchmark. Unfor-
tunately, it is impossibleto selecta huge number of benchmarks and respective input sets
due to the large instruction cournts per benchmark and due to limitations on the available
simulation time. In this paper, we use statistical data analysis techniques suc as prin-
cipal componerts analysis (PCA) and cluster analysisto e cien tly explore the workload
space. Within this workload space,di erent input data setsfor a given bendhmark can be
displayed, a distance can be measuredbetween program-input pairs that givesus an idea
about their mutual behavioral di erences and represenativ einput data setscan be selected
for the given benchmark. This methodology is validated by showing that program-input
pairs that are closeto ead other in this workload spaceindeed exhibit similar behavior.
The nal goalis to selecta limited set of represenativ e bendhmark-input pairs that span
the complete workload space. Next to workload composition, we discusstwo other possible
applications, namely getting insight in the impact of input data setson program behavior
and ewaluating the represenativ enessof sampledtraces.

1. Intro duction

The rst step when designinga new microprocessoris to composea workload that should
be represetiativ e for the set of applications that will be run on the microprocessoronce
it will be usedin a commercial product [1, 2]. A workload then typically consistsof a
number of benchmarks with respective input data sets taken from various bencimarks
suites, such as SPEC, TPC, MediaBend, etc. This workload will then be usedduring the
various simulation runs to perform design spaceexplorations. It is obvious that workload
design or composinga represettativ e workload, is extremely important in order to obtain a
microprocessordesignthat is optimal for the target ervironment of operation. The question
when composing a represetativ e workload is thus twofold: (i) which bendimarks and (ii)
which input data setsto select. In addition, we have to take into accourt that even high-level
architectural simulations are extremely time-consuming. As sud, the total simulation time
should be limited as much as possibleto limit the time-to-market. This implies that the
total number of benchmarks and input data sets should be limited without compromising
the nal design. ldeally, we would like to have a limited set of bendimark-input pairs
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spanning the complete workload space, which contains a variety of the most important
typesof program behavior.

Conceptually, the complete workload design spacecan be viewed as a p-dimensional
spacewith p the number of important program characteristics that a ect performance,e.g.,
branch prediction accuracy cade miss rates, instruction-level parallelism, etc. Obviously,
p will be too large to display the workload design space understandably. In addition,
correlation exists between these variables which reducesthe ability to understand what
program characteristics are fundamental to make the diversity in the workload space. In
this paper, we reducethe p-dimensionalworkload spaceto a g-dimensionalspacewith g < p
(g= 2to g= 4 typically) making the visualisation of the workload spacepossiblewithout
losingimportant information. This is achieved by using statistical data reduction techniques
sudh as principal componerts analysis (PCA) and cluster analysis.

Each bencdhmark-input pair is a point in this (reduced) g-dimensional spaceobtained
after PCA. We can expect that dierent benchmarks will be “far away' from ead other
while dierent input data sets for a single benchmark will be clustered together. This
represermation givesus an excellen opportunity to measurethe impact of input data sets
on program behavior. Weak clustering (for variousinputs and a singlebendimark) indicates
that the input set has a large impact on program behavior; strong clustering on the other
hand, indicates a small impact. This claim is validated by showving that program-input pairs
that arecloseto ead other in the workload spaceindeedexhibit similar behavior. l.e., ‘close'
program-input pairs react in similar ways when changesare madeto the architecture.

In this paper, which is an extended version of [3], we shaw that this methodology can
be used for workload design. Indeed, strong clustering suggeststhat a single or only a
few input sets should be selectedto be represetative for the cluster. This will reduce
the total simulation time signi cantly for two reasons:(i) the total number of benchmark-
input pairs is reduced; and (ii) we can selectthe bencdhmark-input pair with the smallest
dynamic instruction count among all the pairs in the cluster. In addition, we shav that
this method is also useful in the context of trace sampling [4, 5, 6, 7, 8, 9, 10, 11], or the
simulation of a restricted number of samplestaken from a complete execution trace. For
trace sampling to be successfuljt is important that the sampledtraces are represertativ e.
The represenativ enessof a sampledtrace can be evaluated using the methodology presened
in this paper, i.e., sampledtracesthat are closeto the complete program execution can be
consideredas being represertativ e.

Another potential application, next to getting insight in program behavior, workload
composition and trace sampling, is pro le-driv en compiler optimizations. During pro le-
guided optimizations, the compiler usesinformation from previous program runs (obtained
through pro ling) to guide compiler optimizations. Obviously, for e ectiv e optimizations,
the input set used for obtaining this pro ling information should be represenativ e for a
large set of possibleinput sets. The methodology proposedin this paper can be useful in
this respect becausenput setsthat are closeto ead other in the workload spacewill exhibit
similar behavior.

This paper is organized as follows. In section 2, the program characteristics used are
enumerated. Principal componerts analysis, cluster analysis and their usein the context
of this paper are discussedin section 3. In section 4, we shav that these data reduction
techniques are useful in the context of workload characterization. In addition, we discuss
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how input data setsa ect program behavior. In section 5, we discusstwo important appli-
cations, namely (i) workload composition, or the selectionof represenativ e program-input
pairs, and (ii) the evaluation of the represenativ enessof sampledtraces. Section6 discusses
related work. We concludein section7.

2. Workload Characterization

It is important to select program characteristics that a ect performance for performing
data analysis techniques in the context of workload characterization. Selecting program
characteristics that do not a ect performance,suc asthe dynamic instruction court, might
discriminate bendhmark-input pairs on such a characteristic yielding no information about
the behavior of the bendmark-input pair when executedon a microprocessor.On the other
hand, it is important to incorporate asmany program characteristics aspossiblesothat the
analysisdone on it will be predictive, i.e., we want strongly clustered program-input pairs
to behave similarly sothat a single program-input pair can be chosenas a represertativ e
of the cluster. The determination of what program characteristics to be included in the
analysisin order to obtain a predictive analysisis a study on its own and is out of the scope
of this paper. The goal of this paper is to shav that data analysistechniques such as PCA
and cluster analysis can be a helpful tool for getting insight in the workload spacewhen
composing a represenativ e workload.
We have identi ed the following program characteristics:

e Instruction mix. We consider v einstruction classes:integer arithmetic operations,
logical operations, shift and byte manipulation operations, load/store operations and
cortrol operations.

e Branc h prediction accuracy. We considerthe branch prediction accuracy of three
branch predictors: a bimodal branch predictor, a gsharebranch predictor and a hy-
brid branch predictor. The bimodal branch predictor consistsof an 8K-entry table
containing 2-bit saturating counters which is indexed by the program courter of the
branch. The gsharebranch predictor is an 8K-entry table with 2-bit saturating coun-
ters indexed by the program counter xor-ed with the taken/not-tak en branch history
of 12 past branches. The hybrid branch predictor [12] combines the bimodal and the
gshare predictor by choosing among them dynamically. This is done using a meta
predictor that is indexed by the branch addressand contains 8K 2-bit saturating
courters.

e Data cache miss rates. Data cade miss rates were measuredfor v e dierent
cade con gurations: an 8KB and a 16KB direct mapped cadte, a 32KB and a 64KB
two-way set-assaiative cade and a 128KB four-way set-assaiative cade. The block
sizewas setto 32 bytes.

e Instruction cache miss rates. Instruction cade miss rates were measuredfor the
samecade con gurations merntioned for the data cade.

e Sequential o w breaks. We have alsomeasuredthe number of instructions between
two sequetiial ow breaksor, in other words, the number of instructions betweentwo
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taken branches. Note that this metric is higher than the basicblock sizebecausesome
basic blocks “fall through' to the next basic block.

e Instruction-lev el parallelism. To measurethe amount of ILP in a program, we
consideran in nite-resource madine, i.e., in nite  number of functional units, perfect
cades, perfect branch prediction, etc. In addition, we scheduleinstructions assoon as
possibleassumingunit execution instruction latency. The only dependenciesconsid-
ered betweeninstructions are read-after-write (RAW) dependencieghrough registers
as well as through memory. In other words, perfect register and memory renaming
are assumedin these measuremets.

For this study, there are p = 20 program characteristics in total on which the analyses
are done.

3. Data Analysis

In the rst two subsectionsof this section, we will discusstwo data analysis techniques,
namely principal componerts analysis (PCA) and cluster analysis. In the last subsection,
we will detail how we usedthesetechniques for analyzing the workload spacein this study.

3.1 Principal Comp onents Analysis

Principal componerts analysis (PCA) [13] is a statistical data analysis technique that
preseris a di erent view on the measureddata. It builds on the assumption that many
variables (in our case,program characteristics) are correlated and hence,they measurethe
sameor similar properties of the program-input pairs. PCA computesnew variables, called
principal components which are linear combinations of the original variables, such that
all principal componerts are uncorrelated. PCA tranfon?_;ls the p variables X 1; X2;:::; Xp
into p principal componerts Zy;Z5;:::;Z, with Z; = J 1 @j Xj. This transformation
has the properties (i) Var[Z:] > Var[Zy] > ::: > Var[Z p] which meansthat Z; con-
tains the most information and Z, the least; and (ii) Cov[Z;;Z;] = 0;Vi # j which means
that there is no information overlap between the principal componerts. Note that the
Eptal variance mF;he data remains the samebefore and after the transformation, namely
_, Var[Xi] = , . Var[Zj].

As stated in the rst property in the previous paragraph, some of the principal com-
ponerts will have a high variance while others will have a small variance. By removing
the componerts with the lowest variance from the analysis, we can reduce the number of
program characteristics while controlling the amount of information that is thrown away.
We retain q principal componerts which is a signi cant information reduction sinceq < p
in most cases,typically gq= 2 to q= 4. To measurethe fr ctlon of mformanon retained
in this g-dimensional space,we usethe amount of variance ( , 1 Var[Zi])=( | 1 Var[Xi])
accourted for by theseq principal componerts. Typically 85%to 90% of the total variance
should be explained by the retained principal componerts.

In this study the p original variables are the program characteristics mentioned in sec-
tion 2. By examining the most important g principal Ig;omponerts which are linear combi-
nations of the original program characteristics (Z; = Jp aj Xj;i = 1;:::;q), meaningful
interpretations can be given to theseprincipal componerts in terms of the original program
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characteristics. A coecient a; that is closeto +1 or -1 implies a strong impact of the
original characteristic X; on the principal componert Z;. A coecient a; that is closeto
0 on the other hand, implies no impact.

The next step in the analysisis to display the various benchmarks as points in the g-
dimensional spacebuilt up by the q principal componerts. This can be done by computing
the valuesof the g retained principal componerts for ead program-input pair. As sud, a
view canbegiven on the workload designspaceand the impact of input data setson program
behavior can be displayed, aswill be discussedn the evaluation sectionof this paper. Note
that the projection on the g-dimensional spacewill be much easierto understand than a
view on the original p-dimensional spacefor two reasons: (i) q is much smaller than p:
g < p, and (ii) the g-dimensional spaceis uncorrelated.

During principal componerts analysis, one can either work with normalized or non-
normalized data (the data is normalized when the mean of ead variable is zero and its
varianceis one). In the caseof non-normalizeddata, a higher weight is given in the analysis
to variables with a higher variance. In our experimens, we have used normalized data
becauseof our heterogeneousdata; e.g., the variance of the ILP is orders of magnitude
larger than the variance of the data cache miss rates.

3.2 Cluster Analysis

Cluster analysis[13] is another data analysistechnique that is aimed at clustering n casesjn
our caseprogram-input pairs, basedon the measuremets of p variables, in our caseprogram
characteristics. The nal goalis to obtain a number of groups, containing program-input
pairs that have “similar' behavior. There exist two commonly usedtypesof clustering tech-
niques, namely linkage clustering and K-means clustering. Thesetwo clustering techniques
will be discussedin what follows.

Linkage clustering starts with a matrix of distancesbetweenthe n casesor program-
input pairs. As a starting point for the algorithm, ead program-input pair is consideredas
agroup. In ead iteration of the algorithm, the two groupsthat are most closeto eadt other
(with the smallestdistancein the p-dimensional space,also called the linkage distance) will
be combined to form a new group. As sud, closegroups are gradually mergeduntil nally
all caseswill bein a singlegroup. This can be represened in a so called dendiogram, which
graphically represerts the linkage distance for eat group merge at ead iteration of the
algorithm. Having obtained a dendrogram, it is up to the userto decidehow many clusters
to take. This decision can be made basedon the linkage distance. Indeed, small linkage
distancesimply strong clustering while large linkagedistancesimply weak clustering. There
exist sewveral methods for calculating the distance between groups or clusters of program-
input pairs all potentially leadingto di erent clustering results. In this paper, we consider
two possibilities that were found to produce results that are quite consistert with ead
other. We have usedthe furthest neightor strategy (also known as complete linkage) and
the weightal pair-group average strategy. In complete linkage, the distance between two
clustersis computed as the largest distance betweenany two program-input pairs from the
clusters (or thus the furthest neighbor). In the weighted pair-group average method, the
distance between two clusters is computed as the weighted average distance between all
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pairs of program-input points in two dierent clusters. The weighting of the averageis
doneby consideringthe cluster size,i.e., the number of program-input points in the cluster.

Next to linkage clustering we did also considerK-means clustering. K-means clustering
producesexactly K clusters with the greatest possible distinction. The algorithm works
as follows. In ead iteration, the distance is calculated for ead program-input pair to the
certer of eadh cluster. A program-input pair will then be assignedto the closestcluster. As
sudh, new cluster certers canbe computed. This algorithm is iterated until no more changes
are obsened. It is well known that the result of K-meansclustering canbe dependert on the
choice of the initial cluster certers. In this paper we have maximized the distance between
the various cluster certers (being single program-inputs pairs at this stage of the algorithm)
asan initial estimate.

3.3 Workload Analysis

The workload analysisdonein this paper is a combination of PCA and cluster analysisand
consistsof the following steps:

1. The p = 20 program characteristics as discussedin section 2 are measuredby instru-
merting the benchmark programswith ATOM [14], a binary instrumentation tool for
the Alpha architecture. With ATOM, a statically linked binary can be transformed
to an instrumented binary. Executing this instrumented binary on an Alpha madine
yields us the program characteristics that will be usedthroughout the analysis. Mea-
suring these p = 20 program characteristics was done for the 79 program-input pairs
mentioned in section4.1.

2. In a secondstep, these 79 (humber of program-input pairs) x 20 (= p, number of
program characteristics) data points are normalized so that for eah program char-
acteristic the averageequalszero and the variance equalsone. On these normalized
data points, principal componerts analysis (PCA) is doneusing STATISTICA [15], a
padkage for statistical computations. This works as follows. A 2-dimensional matrix
is presented asinput to STATISTICA that has 20 columns represetting the original
program characteristics. There are 79 rows in this matrix represeriing the various
program-input pairs. On this matrix, PCA is performed by STATISTICA which
yields us p principal componerts.

3. Now, it is up to the userto determine how many principal componerts needto be
retained. This decisionis made basedon the amount of variance accourted for by the
retained principal componerts.

4. The g retained principal componerts can be analyzedand a meaningful interpretation
canbe given to them. This is donebasedon the coe cign ts a; , also called the factor
loadings asthey occur in the following equation Z; = jpzl aj Xj, with Zj;1<i <q
the principal componerts and Xj;1 < j < p the original program characteristics.
A positive coe cient a; meansa positive impact of program characteristic X; on
principal componert Z;; a negative coe cient a; implies a negative impact. If a
coe cient a; is closeto zero, this meansX; has (nearly) no impact on Z;.
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5. The program-input pairs can be displayed in the workload spacebuilt up by theseq
principal componerts. This can easily be done by computing Z; = jpzl aj X; for
ead program-input pair.

6. Rescalethe g principal componerts to unit variance.

7. Within this rescaledg-dimensional spacethe Euclidean distance can be computed be-
tweenthe various program-input pairs asa reliable measurefor the way program-input
pairs di er from ead other. There are two reasonssupporting this statemert. First,
the values along the axesin this spaceare uncorrelated since they are determined
by the principal componerts which are uncorrelated by construction. The absence
of correlation is important when calculating the Euclidean distance becausetwo cor-
related variables|that essetially measurethe samething|will  cortribute a similar
amount to the overall distance as an independert variable; as sud, these variables
would be counted twice, which is undesirable. Second,through rescalingthe principal
componerts (previous step), the principal componerts are placedon a common scale.
Without rescaling, the variance of a principal componert|whic h is a manifestation
of the correlation in the original datalJw ould give a higher weight in the calculation
of the Euclidean distance to correlated characteristics in the original data.

8. Finally, cluster analysis can be done using the distance between program-input pairs
as determined in the previous step. Basedon the dendrogram a clear view is given
on the clustering within the workload space.

The reasonwhy we choseto rst perform PCA and subsequetly cluster analysisinstead
of applying cluster analysison the initial data is asfollows. The original variablesare highly
correlated which implies that an Euclidean distance in this spaceis unreliable due to this
correlation asexplained previously. First performing PCA alleviatesthis problem. Another
approach would have beento use the Mahalanobis distance' [13] which also takes into
accourt the correlation between variables. Howewer, there are two advantages of using
PCA instead of the Mahalanobis distance. First, PCA givesus the opportunity to visualize
the workload spacein an understandable way. Second,PCA helps us in explaining why
program-input pairs di er from ead other in terms of the original program characteristics.
Note that the Mahalanobis distance is equivalent to the distance measurethat is used
in this paper if all the principal componerts would have beenusedin our calculation of
the Euclidean distance. Since we keep the leading principal componerts, which accourt
for all but a small fraction of the variance, our distance measurebecomesa very close
approximation of the real Mahalanobis distance.

4. Evaluation

In this section,we rst presern the program-input pairs that are usedin this study. Second,
we show the results of performing the workload analysisasdiscussedn section 3.3. Finally,
the methodology is validated in section 4.3.

1. For calculating the Mahalanobis distance, the overall covariance matrix of the original characteristics X
can be used.
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[ benchmark [ input | dyn. I-cnt. (M) [ Ifootprint | D-footprint (K) |
gcce amptjp 835 147,402 375
c-decl-s 835 147,369 375
ccep 886 145,727 371
cp-decl 1,103 143,153 579
dbxout 141 120,057 215
emit-rtl 104 127,974 108
explow 225 105,222 280
expr 768 142,308 653
gce 141 129,852 125
genoutput 74 117,818 104
genrecog 100 124,362 133
insn-emit 126 84,777 199
insn-recog 409 105,434 357
integrate 188 133,068 199
jump 133 126,400 130
prin t-tree 136 118,051 201
protoize 298 137,636 159
recog 227 123,958 161
regclass 91 125,328 117
reloadl 778 146,076 542
stmt-protoize 654 148,026 261
stmt 356 138,910 250
toplev 168 125,810 218
varasm 166 139,847 168
postgres Q2 227 57,297 345
Q3 948 56,676 358
Q4 564 53,183 285
Q5 7,015 60,519 654
Q6 1,470 46,271 1,080
Q7 932 69,551 631
Q8 842 61,425 11,821
Q9 9,343 68,837 10,429
Q10 1,794 62,564 681
Q11 188 65,747 572
Q12 1,770 65,377 258
Q13 325 65,322 264
Q14 1,440 67,966 448
Q15 1,641 67,246 640
Q16 82,228 58,067 389
Q17 183 54,835 366

Table 1: Characteristics of the bencdhmarks used(part 1) with their inputs, dynamic instruc-
tion count (in millions), instruction footprint (number of instructions executedat
least once) and data memory footprint in 64-bit words (in thousands).

4.1 Exp erimen tal Setup

In this study, we have used the SPECIint95 bendimarks (http://www.spec.org ) and a
databaseworkload consistingof TPC-D queries(http://www.tpc.org ), seeTablesl1 and 2.
The reasonwhy we chose SPECIint95 instead of the more recert SPECint2000 is to limit

the simulation time. SPEC opted to dramatically increasethe runtimes of the SPEC2000
bendmarks comparedto the SPEC95bendmarks which is bene cial for performanceeval-
uation on real hardware but impractical for simulation purposes. In addition, there are
more referenceinputs provided with SPECint95 than with SPECint2000. For gcc (GNU C
compiler) and li (lisp interpreter), we have usedall the referenceinput les. For ijpeg(image
processing),penguin specmunand vigo were taken from the referenceinput set. The other
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[ benchmark [ input | dyn. I-cnt. (M) [ Ifootprint | D-footprint (K) |
li boyer 226 9,067 36
browse 672 9,607 39
ctak 583 8,106 18
dderiv 777 9,200 16
deriv 719 8,826 15
destru2 2,541 9,182 16
destrum2 2,555 9,182 16
div2 2,514 8,546 19
puzzleO 2 8,728 19
tak2 6,892 8,079 16
takr 1,125 8,070 36
triang 3 9,008 15
iip eg band (2362x1570) 2,934 16,183 5,718
bead (512x480) 254 16,039 405
building (1181x1449) 1,626 16,224 2,742
car (739x491) 373 16,294 596
dessert (491x740) 353 16,267 587
globe (512x512) 274 16,040 436
kitt y (512x482) 267 16,088 412
monalisa (459x703) 259 16,160 508
penguin (1024x739) 790 16,128 1,227
specmun (1024x688) 730 15,952 1,136
vigo (1024x768) 817 16,037 1,273
compress 14000000 e 2231 (ref) 60,102 4,507 4,601
10000000 e 2231 42,936 4,507 3,318
5000000 e 2231 21,495 4,494 1,715
1000000 e 2231 4,342 4,490 433
500000 e 2231 2,182 4,496 272
100000 e 2231 423 4,361 142
m88ksim train 24,959 11,306 4,834
ref 71,161 14,287 4,834
vortex train 3,244 78,766 1,266
ref 92,555 78,650 5,117
perl jumble 2,945 21,343 5,951
primes 17,375 16,527 8
scrabbl 28,251 21,674 4,098
go 50 9 2stone9.in 593 55,894 45
50 21 9stone21l.in 35,758 62,435 57
50 21 5stone21.in 35,329 62,841 57

Table 2: Characteristics of the benchmarks used(part 2) with their inputs, dynamic instruc-
tion count (in millions), instruction footprint (number of instructions executedat
least once) and data memory footprint in 64-bit words (in thousands).

imagesthat served asinput to ijpegweretaken from the web. The dimensionsof the images
are shovn betweenbrackets. For compess(text compression),we have adapted the refer-
enceinput “14000000e 2231 to obtain dierent input sets. For m88ksim(microprocessor
simulation) and vortex (object-oriented database),we have usedthe train and the reference
inputs. The samewas done for perl (perl interpreter): jumble was taken from the train

input, and primesand scrabblweretaken from the referenceinput; aswell asfor go (game):
50 9 2stone9.in from the train input, and "50 21 9stone21.ih and 50 21 5 stone21.ih from

the referenceinput.
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In addition to SPECIint95, we used postgresv6.3 running the decision support TPC-D
queries over a 100MB Btree-indexed database. For postgres we ran all TPC-D queries
exceptfor query 1 becauseof memory constraints on our machine.

The bendchmarks were compiled with optimization level -O4 and linked statically with
the -nonshaed ag for the Alpha architecture.

4.2 Results

In this section, we will rst perform PCA on the data for the various inputs of gcc Sub-
sequettly, the samewill be donefor li and postgres Finally, PCA and cluster analysis will
be applied on the data for all the bencdhmark-input pairs of Tables1 and 2. We presen the
data for gcg li and postgresbefore presering the analysis of all the program-input pairs
becausehesethree bendimarks illustrate di erent aspectsof the techniquesin terms of the
number of retained principal componerts, clustering, etc.

421 Gcc

Based on Figure 1, we retained two principal componerts for the 24 input sets of gcc
Thesetwo principal componerts together accourt for 88.3% of the total variance;the rst
and the secondcomponert accourt for 67.9%and 20.4%of the total variance, respectively.
In Figure 2, the factor loadings are presened for these two principal componens. E.g.,
this meansthat the rst principal componert is computed as PC1 = —0:141 x | LP +
0:908 x bimodal + 0:852 x gshare + :::. The rst componert is positively dominated,
seeFigure 2, by the branch prediction accuracy the percenage arithmetic, logical and
control operations and the D-cadhe miss rates; and negatively dominated by the number
of instructions betweentwo taken branches, the percertage load/store operations and the
I-cache miss rates. The secondcomponert is positively dominated by the percertage shift
operations; and negatively dominated by the ILP. Figure 3 presens the various input sets
of gccin the 2-dimensional spacebuilt up by thesetwo componerts. Data points in this
graph with a high value along the rst componert, have high branch prediction accuracies,
high percertages of arithmetic, logical and control operations and high D-cache miss rates
comparedto the other data points; in addition, thesedata points also have a low number of
instructions betweentwo taken branches, a low percernage load/store operations and low
I-cache miss rates. Note that only relative distancesare important. For example, emit-rtl
and insn-emitare relatively closerto ead other than insn-emitand varasm

Figure 3 shaws that gcc executing input explav exhibits a di erent behavior than the
other inputs. This is dueto its high D-cache missrates, its high branch prediction accuracies,
its high percertage arithmetic, logical, shift and corntrol operations; and its low ILP, its
low percertage load/store operations, its low number of instructions between two taken
branches,and its low I-cache missrates. The di erence in program behavior for inputs emit-
rtl and insn-emitis mainly due to its high I-cache missrate, its high perceriage load/store
operations, its low branch prediction accuracy its low percertage arithmetic, logical and
control operations and its low D-cache miss rates. This can be concluded from the factor
loadings presened in Figure 2; we also veri ed that this is true by inspecting the original
data. The strong cluster in the middle of the graph cortains the inputs gcc genoutput
genrecog jump, regclass stmt and stmt-protoize Note that although the characteristics

10
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mertioned in Tables1 and 2 (i.e., dynamic instruction count, I-footprint and D-footprint)
are signi cantly dierent, theseinputs result in a quite similar program behavior.

4.2.2 Li

Basedon Figure 4, we retained three principal componerts for the lisp interpreter li. These
three principal componerts together accourt for 87.0%of the total variance;the rst com-
ponert explains 42.2% of the total variance, the secondcomponernt 33.4% and the third
componert 11.4%,respectively. The rst componert is positively dominated, seeFigure 5,
by the percertage shift operations and the miss rates for D-cadches larger than 16KB; and
negatively dominated by the miss rates for I-caches smaller than 16KB. The secondcom-
ponert is positively dominated by the percertage arithmetic and logical operations and the
I-cache miss rates for cades larger than 32KB; and negatively dominated by the percert-
ageload/store operations and the number of instructions betweentwo taken branches. The
third componert is negatively dominated by the amourt of ILP and the percertage cortrol
operations.

Figure 6 preserns the various input sets of li in the 3-dimensional spacebuilt up by
the three retained principal componerts: the rst componert versusthe secondcomponert
on the left and the third componert versusthe secondon the right. Sewen input sets
result in a behavior that is dierent from the other input sets. Three of these, namely
takr, browse and boyer, have a higher miss rate for larger D-caches, a higher percertage
shift operations, and a lower miss rate for the small I-caches. Two of these input sets,
namely puzzleOand triang, have a higher I-cache miss rate (larger than 16KB), a higher
percenage arithmetic and logical operations, a lower percertage load/store operations, a
smaller number of instructions betweentwo taken branches. The two remaining input sets
that shov a dierent behavior from the other input sets, namely destru2 and destrum2
have a low value along the third principal componert. As sud, we conclude that these
two inputs have a relatively high ILP, arelatively high percertage cortrol operations, and a
relatively high branch prediction accuracyfor the bimodal branch predictor. The remaining
v e input setsshow a similar behavior, namely dderiv, tak2, deriv, ctak and div2

4.2.3 TPC-D

Based on Figure 7, we retained four principal componerts for postgresrunning 16 TPC-
D queries, accourting for 84.5% of the total variance; the rst componernt accourts for
45.8% of the total variance and is positively dominated, seeFigure 8, by the percertage
of arithmetic operations, the I-cache miss rate and the D-cache miss rate for small cace
sizes;and negatively dominated by the percertage of logical operations. The secondcom-
ponert accourts for 18.1% of the total variance and is positively dominated by the branch
prediction accuracy The third componert accourts for 12.1% of the total variance and is
negatively dominated by the D-cache missrates for large cade sizes. The fourth componert
accourts for 8.5% of the total variance and is positively dominated by the percertage of
shift operations and negatively dominated by the percertage memory operations.
Figure 9 showsthe data points of postgresrunning the TPC-D queriesin the 4-dimensional

spacebuilt up by thesefour componerts. To display this 4-dimensionalspaceunderstand-
ably, we have shown the rst principal componert versusthe secondin one graph; and the
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third versusthe fourth in another graph. These graphs do not reveal a strong clustering
among the various queries. From this graph, we can also conclude that some queries ex-
hibit a signi cantly dierent behavior than the other queries. For example, queries7 and 8
have signi cantly higher D-cache miss rates for large cade sizes. Query 16 has, along the
rst principal componen, a relatively low percenage arithmetic operations, relatively low
I-cache miss rates, relatively low D-cache miss rates for small cade sizes,and a relatively
high percertage logical operations; along the fourth principal componert, query 16 has a
higher percertage of shift operations and a lower percertage of load/store operations.

4.2.4 Worklo ad Space

Now we change the scope to the entire workload space,i.e., by considering all the 79
program-input pairs from Tables 1 and 2. Based on Figure 10, we retain four principal
componerts accouring for 89.5% of the total variance. The rst componert accours for
29.7% of the total variance and is positively dominated, see Figure 11, by the number
of instructions betweentwo taken branches; and negatively dominated by the perceriage
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control operations and the I-cache missrates. The secondprincipal componert accourts for
28.0%o0f the total varianceand is positively dominated by the amount of ILP and negatively
dominated by the branch prediction accuracyand the percertage of logical operations. The
third componert accouns for 18.5% of the total variance and is positively dominated by
the percertage arithmetic operations and negatively dominated by the D-cache miss rates
for large cade sizes. The fourth componert accourts for 13.3%of the total variance and is
positively dominated by the percertage shift operations and negatively dominated by the
percenage load/store operations.

The results of the analysesthat were done on these data, are shown in Figures 12
to 14. Figure 12 represens the program-input pairs in the 4-dimensional workload space
built up by the four retained principal componerts. The dendrogramscorresponding to the
cluster analysesare shown in Figures 13 and 14 using the complete linkage rule and the
weighted pair-group averagelinkage rule, respectively. Program-input pairs connectedby
small linkagedistancesare clusteredin early iterations of the analysisand thus, exhibit sim-
ilar behavior. Program-input pairs on the other hand, connectedby large linkagedistances
exhibit di erent behavior.

Isolated points. From the data preseried in Figures12to 14, it is clearthat bendimarks
go, ijpegand compgessare isolated in this 4-dimensionalspace. Indeed, in the dendrogram
shawn in Figure 14, thesethree bendimarks are connectedto the other benchmarks through
long linkage distances. E.g., go is connectedto the other bencdhmarks with a linkage dis-
tance of 4.6 which is much larger than the linkage distance for more strongly clustered
pairs. An explanation for this phenomenoncan be found in Figure 12. Indeed, for go the
discrimination is made along the secondand third componert. In other words, this is due
to its low branch prediction accuracy its low percertage logical operations, its high amourt
of ILP, its high percentage arithmetic operations, and its low D-cache miss rates for larger
cade sizes. Compessdiscriminates itself along the third componert which is mainly due
to its high D-cache miss rates for large caces. For ijpeg the di erent behavior is due to,
along the rst and fourth componert, the high percertage of arithmetic, shift and cortrol
operations, the high number of instructions betweentwo taken branches,the low percertage
of load/store and control operations, and the low I-cache miss rates.

Strong clusters.  There are also seeral strong clusters which suggeststhat only a small
number (or in somecases,only one) of the input setsshould be selectedto represen the
whole cluster. This will ultimately reducethe total simulation time sinceonly a few (or only
one) program-input pairs needto be simulated instead of all the pairs within that cluster.
We can identify seweral strong clusters:

e The data points corresponding to the gccbendimark are strongly clustered, exceptfor
the input setsemit-rtl, insn-emitand explav. Thesethree input setsexhibit a di erent
behavior from the rest of the input sets. However, emit-rtl and insn-emithave a quite
similar behavior.

e The data points corresponding to the lisp interpreter li exceptfor browse boyer, takr,

triang and puzzleOare strongly clustered as well. This can be clearly seenfrom Fig-
ures 13 and 14 where this group is clustered with a linkage distance that is smaller
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than 1. The three input setsbrowse boyer and takr are grouped with the other li input
setswith a linkagedistance that is much larger.

e All input sets for ijpeg result in similar program behavior since all input sets are
clustered in one group. An important conclusionfrom this analysisis that in spite
of the di erences in image dimensions,ranging from small images(512x482)to large
images(2362x1570),the behavior of ijpegremains quite the same.

e The input setsfor compessare strongly clustered as well except for “100000e 2231"

Reference vs. train inputs. Along with its bendimark suite SPECint, SPEC releases
referenceand train inputs. The purposefor the train inputs is to provide input setsthat

should be usedfor pro le-based compiler optimizations. The referenceinput is then used
for reporting results. Within the context of this paper, the availability of referenceand train

input setsis important for two reasons. First, when referenceand train inputs result in

similar program behavior we can expect that pro le-driv en optimizations will be e ective.

Second,train inputs have smaller dynamic instruction cournts which make them candidates
for more e cien t simulation runs. l.e., when a train input exhibits a similar behavior as a
referenceinput, the train input can be usedinstead of the referenceinput for exploring the

designspacewhich will lead to a more e cien t design o w.

In this respect, we take the following conclusions:

e The train and referenceinput for voartex exhibit similar program behavior with a
linkage distance that is smaller than 0.4.

e For m88ksimon the other hand, this is lessthe case|the linkage distance is larger
than 1.

e For go, the train input "509 2stone9.in'leadsto a behavior that is slightly dierent
from the behavior of the referenceinputs "50 21 9stone2l.in'and 50 21 5stone21l.in'
The two referenceinputs on the other hand, lead to similar behavior.

e All three inputs for perl (two referenceinputs and one train input) result in quite
di erent behavior.

From these obsenations, we can state that for somebendmarks the train input behaves
similarly to the referenceinput. For other benchmarks this might not be true. As sud,
using train inputs when reporting performanceresults in architectural researt might be
reliable in somecasesand unreliable in other cases.

Reduced inputs. KleinOsowski et al. [16] proposeto reducethe simulation time of bend-
marks by using reduced input sets. The nal goal of their work is to identify a reduced
input for ead bendhmark that results in similar behavior asthe referenceinput but with
a signi cant reduction in dynamic instruction counts and thus simulation time. From the
data in Figures 12 to 14, we can concludethat, e.g., for ijpegthis is a viable option since
small imagesresult in quite similar behavior as large images. For compgesson the other
hand, we have to be careful: the reduced input "100000e 2231' which was derived from
the referenceinput "14000000e 2231'results in quite di erent behavior. The other reduced
inputs for compesslead to a behavior that is similar to the referenceinput.
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Impact of input set on program behavior. As stated before, this analysisis useful
for identifying the impact of input setson program behavior. For example:

e The data points corresponding to postgresrunning the TPC-D queries are weakly
clustered. For example, the spreadalong the rst principal componert is very large.
As sudh, a wide range of dierent I-cache behavior can be obsened when running
the TPC-D queries. Note alsothat all the queriesresult in an above-arerage branch
prediction accuracy a high percertage of logical operations and low ILP (negative
value along the secondprincipal componert).

e The dierence in behavior betweenthe input setsfor compessis mainly due to the
di erence in the data cade missrates (along the third principal componert).

e In general,the variation betweenprogramsis larger than the variation betweeninput
setsfor the sameprogram. Thus, when composinga workload, it is more important to
selectdi erent programswith awell choseninput setthan to include variousinputs for
the sameprogram. For example,the program-input pairs for gcc (except for explaw,
emit-rtl and insn-emi) and ijpegare strongly clusteredin the workload space.In some
caseshoweer, for examplepostgresand perl, the input sethasa relatively high impact
on program behavior.

4.3 Preliminary validation

As stated before, the purposeof the analysis preseried in this paper is to identify clusters
of program-input pairs that exhibit similar behavior. We will show that pairs that are close
to ead other in the workload spaceindeed exhibit similar behavior when changesare made
to the microarchitecture on which they run.

In this section, we preser a preliminary validation in which we obsene the behavior
of seweral input setsfor gcc and one input set of eat of the following benchmarks: go
and li. The reasonfor doing a validation using a selectednumber of program-input pairs
instead of all 79 program-input pairs is to limit simulation time. The simulations that
are presened in this section already took seeral weeks. As a consequencesimulating all
program-input pairs would have beenimpractically long?. Howewer, since gcc preseris a
very diversebehavior (strong clustering versusisolated points, seeFigure 3), we believe that
a succesfulvalidation on gccwith someadditional program-input pairs can be extrapolated
to the complete workload spacewith con dence.

We have usedsewen input setsfor gcg namely explav, insn-recog gcc genoutput stmt,
insn-emitand emit-rtl. According to the analysisdonein section4.2.1, emit-rtl and insn-emit
should exhibit a similar behavior; the same should be true for gcg genoutputand stmt.
explav and insn-recogon the other hand, should result in a di erent program behavior since
they are quite far away from the other input setsthat are selectedfor this analysis. For go
and li, we used50 9 2stone9.inand boyer, respectively.

We used SimpleScalarv3.0 [17] for the Alpha architecture as simulation tool for this
analysis. The baselinearchitecture hasa window size of 64 instructions and an issuewidth
of 4.

2. This is exactly the problem we are trying to solve.
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In Figures 15,16, 17 and 18, the number of instructions retired per cycle (IPC) is shavn
as a function of the I-cache con guration, the D-cade con guration, the branch predictor
and the window sizeversusissuewidth con guration, respectively. We will rst discussthe
results for gcc Afterwards, we will detail on the other bencdhmarks.

For gcc we clearly identify three groupsof input setsthat have similar behavior, namely
() explav and insn-recog (i) gcc genoutputand stmt, and (iii) insn-emitand emit-rtl. For
example, in Figure 17, the branch behavior of group (i) is signi cantly dierent from the
other input sets. Or, in Figure 18, the scaling behavior as a function of window size and
issuewidth is quite di erent for all three groups. This could be expectedfor groups (i) and
(i) asdiscussedearlier. The fact that explav and insn-recogexhibit similar behavior on
the other hand, is unexpected sincethesetwo input setsare quite far away from ead other
in the workload space,seeFigure 3. Note that this revealsa property of this methodology
that was discussedis section 2, namely that not all program characteristics included in the
analysismay equally in uence performance. This might lead to a discrimation of program-
input pairs on characteristics that have a minor impact on performance.

The other two bendimarks, go and li, clearly exhibit a di erent behavior on all four
graphs. This could be expected from the analysis done in section 4.2.4 since PCA and
cluster analysis pointed out that these bendmarks have a di erent behavior. Most of the
mutual di erences can be explained from the analysis done in this paper. For example,
go hasa di erent D-cache behavior than gccwhich is clearly re ected in Figure 16. Also,
li hasa dierent I-cache behavior than gcc and go which is re ected in Figure 15. Other
di erences howewer, are more di cult to explain. Again, this phenomenonis dueto the fact
that somemicroarchitectural parametershave a minor impact on performancefor a given
microarchitectural con guration. However, for other microarchitectural con gurations we
can still expect di erent behavior. For example, go has a di erent branch behavior than
gcg according to the analysis done in section 4.2.4; in Figure 17, go and gcc exhibit a
comparable behavior.

5. Applications

As discussedin the introduction, the methodology presened so far has seweral interesting
applications. In section 4.2.4, we have extensiwely detailed on one particular application,
namely getting insight in the impact of input data sets on program behavior. As sud,
we have also touched on its relationship with workload design, or the composition of a
represenativ e workload while taking into account the total simulation time. In this section,
we will further detail on this important application by discussing (i) the selection of a
restricted number of represenativ e program-input pairs and (ii) the useof this methodology
in the cortext of trace sampling.

5.1 Workload comp osition

Consider the casewhere we assumethat all the 79 program-input pairs given in Tables 1
and 2 are represenativ e for the target domain of operation. Obviously, simulating these
79 program-input pairs on an architectural simulator is infeasible. Indeed, the total dy-
namic instruction court of all these program-input pairs together exceeds593 billions of
instructions, or 23 days of simulation when using SimpleScalarsout-of-order simulator at a
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| cluster | number | benchmarks | represertativ e | dyn (M) |
1 5 Q2, Q4, Q7, Q9 and Q10 Q4 564
2 6 Q6 and Q12-Q16 Q13 325
3 3 Q3, Q11 and Q17 Q3 948
4 5 Q5, m88ksimand vortex vortex.train 3,244
5 2 Q8 and perl.jumble Q8 842
6 21 all the inputs assciated with gcc except for gcc.potoize 298
insn-emit, emit-rtl and explav
7 2 gcc.emit-rtl and gcc.insn-emit gcc.emit-rtl 104
8 1 gcc.explav gcc.explav 225
9 7 all inputs assaiated with li except for takr, li.ctak 583
browse boyer, triang and puzzleO
10 3 li.takr, li.browseand li.boyer li.browse 672
11 3 li.triang, li.puzzleOand perl.primes li.puzzleO 2
12 5 all inputs assaiated with compressexcept for | compress.1,000,000 4,342
compress.100,000
13 1 compress.100,000 compress.100,000 423
14 11 all inputs assaiated with ijpeg ijpeg.kitty 267
15 3 all inputs assaiated with go go.5stone21 35,329
16 1 perl.scrabbl perl.scrabbl 28,251
76,419

Table 3: Selecting a workload consisting of 16 program-input pairs: via complete linkage

cluster analysis.

| cluster | number | benchmarks | represertativ e | dyn (M) |
1 3 Q2, Q4 and Q10 Q4 564
2 6 Q6 and Q12-Q16 Q13 325
3 6 Q5, Q8, perl.jumble, m88ksim.refand vortex vortex.train 3,244
4 3 Q3, Q11 and Q17 Q3 948
5 2 Q7 and Q9 Q7 932
6 21 all the inputs assciated with gcc except for gcce.potoize 298
insn-emit, emit-rtl and explav
7 2 gcc.emit-rtl and gcc.insn-emit gcc.emit-rtl 104
8 1 gcc.explav gcc.explav 225
9 10 all inputs assaiated with li except for takr, li.ctak 583
browse and boyer; perl.primes
10 3 li.takr, li.browseand li.boyer li.browse 672
11 5 all inputs assaiated with compressexcept for | compress.1,000,000 4,342
comress.100,000
12 1 compress.100,000 compress.100,000 423
13 11 all inputs assaiated with ijpeg ijpeg.kitty 267
14 3 all inputs assaiated with go go.5stone21 35,329
15 1 m88ksim.train m88ksim.train 24,959
16 1 perl.scrabbl perl.scrabbl 28,251
101,366

Table 4: Selectinga workload consisting of 16 program-input pairs: via weighted pair-group

averagelinkage cluster analysis.
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| cluster | number | benchmarks | represertativ e | dyn (M) |
1 5 Q2, Q4, Q10 and vortex Q4 564
2 6 Q6 and Q12-Q16 Q13 325
3 3 Q3, Q11 and Q17 Q3 948
4 2 Q7 and Q9 Q7 932
5 3 Q5, Q8 and perl.jumble Q8 842
6 2 perl.primes and perl.scrabbl perl.pimes 17,375
7 11 the following gccinputs: emit-rtl, gcc, jump gcc.potoize 298

genoutput, genrecog insn-emit, protoize
regclass stmt, stmt-protoize and varasm
8 12 the following gccinputs: amptjp, cccp, c-decl-s | print-tree 136
cp-decl dbxout, expr, insn-recog integrate
print-tree, recog reloadl, toplev

9 1 gcc.explav gcc.explav 225

10 9 all inputs assaiated with li except for takr, li.ctak 583
browse and boyer

11 3 li.takr, li.browseand li.boyer li.browse 672

12 5 all inputs assaiated with compressexcept for | compress.1,000,000 4,342
compress.100,000

13 1 compress.100,000 compress.100,000 423

14 11 all inputs assaiated with ijpeg ijpeg.kitty 267

15 3 all inputs assaiated with go go.5stone21 35,329

16 2 m88ksim.train and m88ksim.ref ma88ksim.train 24,959

88,220

Table 5: Selectinga workload consisting of 16 program-input pairs: via K-meansclustering.

speed of 300,000instructions per second[18]. As sud, three weeksof simulation vyield us
a performancemetric of one single microarchitectural designpoint. If we take into accoun
that a large number of design points needto be evaluated, we can concludethat this ap-
proad is impractical. One possiblesolution to this problem would be to run a hugenumber
of simulations in parallel on a huge number of macines. Since machines are quite cheap
nowadays, the equipmert cost can be modest. However, the simulations might still be too
time-consuming. For example, simulating one single microarchitectural con guration using
the vartex.ref program-input pair, which has a dynamic instruction court of more than 92
billion instruction, still takessewral days.

Therefore, we proposeto reducethis large number of program-input pairs to a limited
number, say 16, in order to reduce the total simulation time. For this purpose,we can
apply the methodology preseried in this paper. We have studied three possibleclustering
strategies: (i) linkage clustering using the complete linkage rule (seeFigure 13), (ii) link-
age clustering using the weighted pair-group averagelinkagerule (seeFigure 14) and (iii)
K-means clustering with K setto 16. The reasonwhy we considerthree di erent clustering
strategiesis to investigate how much the in uence is of the applied clustering techniques
on the nal result. The results of this experimernt are shown in Tables3 to 5. For eadh
cluster, the number of program-input pairs in ead cluster is given, the program-input pairs
themseles, a represenativ e for ead cluster and the dynamic instruction court (in mil-
lions) for eath represertativ e. The represetativ e for ead cluster was chosenby taking the
program-input pair with the minimal dynamic instruction court that is ascloseas possible
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to the certer of the cluster it belongsto. Another approad that can be usedis to pick
a limited number of extreme program-input pairs for ead clusterjJan extreme point in a
cluster is a point that is situated at the “boundary' of the cluster. The rationale behind
this approac would be that the behavior of program-input pairs in the middle of a cluster
can be extracted from the behavior of the extremes,for example through interpolation. In
this paper, we did take the latter approad becausewe believe that processorperformance
of a program-input pair in the middle of a cluster cannot be accurately estimated by using
extremesand interpolation becausedetermining the interpolation curve is extremely di -
cult. The reasonfor this is that the in uence of a program characteristic in one processor
con guration can be completely di erent from the in uence in caseof another processor
con guration. For this reason,we usedthe rst approad, namely selectinga represerativ e
that is closeenoughto the certer of its cluster.

We can make seeral interesting obsenations from Tables3 to 5:

e the TPC-D queriesare spread over 5 clusters. As discussedpreviously, this comes
from the fact that the input set hasa large impact on program behavior for postgres

e the inputs for gcc also result in a spreading over multiple clusters. The two linkage
clustering techniques, Tables3 and 4, group all the input setsof gcctogether except
for the three inputs, insn-emit emit-rtl and explav. The K-means clustering approad,
seeTable 5 divides gccinto two major clusters plus a cluster cortaining only explaw.
Roughly, we can state that thesetwo major clusters correspond to the left part and
the right part of the graph in Figure 3.

e seweral SPECIint95 benchmarks are often classi ed with TPC-D queries. For example,
vatex is classied with TPC-D queries Q2, Q4 and Q10 by the K-means cluster-
ing technique, seeTable 5. The SPECint95 bencmarks perl and m88ksimare often
classi ed with Q5 and Q8, although slightly dierent under the various clustering
strategies.

e in caseof, e.g., the complete linkage clustering, the total dynamic instruction court
is reducedby a factor 7.8.

Note that in general the classi cations made by the three clustering approades are
quite consistent. Indeed, most clusters occur in all three classi cations. Howewer, there
are a number of program-input pairs that are classi ed in slightly di erent ways under the
various clustering technigues. This is due to the fact that these program-input pairs are
borderline casesthat are somehav di cult to classify

5.2 Trace sampling

Another interesting approac to the simulation problem is trace sampling [4, 5, 6, 7, 8, 9,
10, 11]. In trace sampling, seweral samplesare taken from a program execution so that
the total number of instructions in the samplesis signi cantly lessthan the total number
of instructions of a complete execution. In order to make viable designdecisionsbasedon
these sampledtraces, a sampled trace should be represerativ e for the complete program
execution. The methodology presenried here could also be usedto validate sampledtraces.
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Figure 19: Workload spacefor the six long running program-input pairs and their sampled
traces.

Indeed, a sampledtrace that is situated closeto its referencetrace in the workload space
could be consideredas being represenativ e.

To demonstrate the applicability of the methodology preseried in this paper for trace
sampling, we have set up the following experiment. We have consideredsampledtraces for
six long running program-input pairs: Q16, m88ksim.ref vortex.ref compess go.5stone21
and go.9stone2l For eat of these program-input pairs, we have consideredthree sampled
traces, with a sampling rate of 10%, 1% and 0.1%, respectively. This was done by taking
samplesof 1 million instructions every 10 million, 100 million and 1 billion instructions,
respectively. Note that we assumea perfect warmup, i.e., perfectly warmed-up caches and
perfectly warmed-up branch predictors, at the beginning of ead sample. As such, we focus
on the represerativ enessof the sampledtraces.

For ead of thesesampledtraces we have measuredthe program characteristics as men-
tioned in section 2. Subsequetly, we have done a principal componerts analysis. The
2-dimensional spacethat results from this analysis is displayed in Figure 19. The total
variance accouried for by the two principal componerts is 84.1%;the rst principal compo-
nert accourts for 56.6%and the secondcomponert accourts for 27.6%. Seweral interesting
conclusionscan be taken from this graph. First, as expected, the sampled trace with a
sampling rate of 10% is closerto the referenceinput than the 1% and the 0.1% sampled
tracesin general, seefor example go and compeess Second,in somecasesa sampledtrace
seemsto be a better option than a reducedinput, e.g., for m88ksimthe sampledtraces are
closerto the referenceinput than the train input. On the other hand, this seemsnot to be
true for go; indeed, the train input 2stone9is closerto the referenceinputs than the sampled
traces. Third, in somecases,e.g.,for TPC-D query Q16, the 0.1% sampledtrace seemsto
be nearly asrepresertativ e asthe 10% sampledtrace. In conclusion,we can state that the
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methodology presered in this paper can be useful for measuringthe represenativ enessof
sampledtraces.

6. Related work

Saavedra and Smith [19] addressedthe problem of measuring bencdhmark similarity. For
this purposethey preseried a metric that is basedon dynamic program characteristics for
the Fortran language, for example the instruction mix, the number of function calls, the
number of addresscomputations, etc. For measuringthe di erence between bencdmarks
they usedthe squared Euclidean distance. The methodology in this paper di ers from the
onepreseried by Saaredraand Smith [19] for two reasons.First, the program characteristics
measuredhere are more suited for performance prediction of contemporary architectures
since we include branch prediction accuracy cade missrates, ILP, etc. Second,we prefer
to work with uncorrelated program characteristics (obtained after PCA) for quartifying
di erences between program-input pairs, as extensively arguedin section 3.3.

Hsu et al. [20Q] studied the impact of input data setson program behavior using high-
level metrics, such as procedurelevel pro les and IPC, aswell aslow-level metrics, suc as
the execution paths leading to data cate misses. They conclude that the test input set
as provided by SPEC is not suitable for simulation purposesbecausethe execution pro le
is quite di erent from the prole obtained from the referenceinput. The train input was
found to be better than the test input. Howewer, they obsened that the execution paths
leading to data cade missesare very di erent betweenthe train input and the reference
input.

Yi, Lilja and Hawkins [21] proposea technique for classifying bendimarks with similar
behavior, i.e., by grouping bendhmarks that stressthe sameprocessorcomponerts to similar
degrees.Their method is basedon a Plackett-Burman design.

KleinOsowski et al.[16] proposeto reducethe simulation time of the SPEC 2000bend-
mark suite by using reducedinput data sets. Instead of using the referenceinput data sets
provided by SPEC, which result in unreasonably long simulation times, they proposeto
use smaller input data setsthat accurately re ect the behavior of the full referenceinput
sets. For determining whether two input setsresult in more or lessthe samebehavior, they
usedthe chi-squared statistic basedon the function-level execution pro les for ead input
set. Note that a resenblance of function-level execution pro les doesnot necessarilyimply
a resenblance of other program characteristics which are probably more directly related
to performance, sudch as instruction mix, cade behavior, etc. The latter approac was
taken in this paper for exactly that reason. KleinOsowski et al. also recognizedthat this
is a potential problem. The methodology presenred in this paper can be used as well for
selecting reduced input data sets. A referenceinput set and a resenbling reduced input
set will be situated closeto ead other in the g-dimensional spacebuilt up by the principal
componerts.

As discussedin section 5.2, trace sampling is also closely related to the topic of this
paper. lyengaret al. [6] proposean R-metric for measuringthe represenativ enessof a sam-
pled trace. Lafage and Seznec[8] proposeto chooserepresertative samplesusing cluster
analysis. They applied their method for data cade simulations. Characterizing the indi-
vidual samplesis done using two microarchitecture-independert metrics, onethat captures
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the temporal locality of the memory referencestream and one that captures the spatial
locality of the memory referencestream. Recerily, Sherwood et al. [10, 11] characterize the
large scalebehavior (as seenover billions of instructions) of computer programs using one
microarchitecture-independert metric, namely the Basic Block Vector. In essencethe BBV
guarnti es the basic block execution pro le. By measuringa BBV for ead program slice
(containing for example 100 million instructions) the various program slicescan be char-
acterized. Subsequeltly, the program sliceswith similar BBVs and thus similar behavior
are grouped together through clustering. For ead cluster, a represenative sample can be
chosenthat can be usedfor trace sampling.

Trace sampling and reduced input sets are compared in [22]. The authors conclude,
completely consistent with our conclusionsmade in section 5.2, that both approadescan
lead to signi cant prediction errors when comparedto the execution of the referenceinput.
Howewer, both approadces have their own bene ts. Reducedinputs allow the execution of
a program from the beginning to the end; trace sampling allows exibilit y by varying the
samplerate, the samplelength, the number of samples,etc.

Recerly, a new fast simulation technique was introduced, namely statistical simula-
tion [23, 24, 25, 26]. In statistical simulation, a statistical pro le is extracted from a program
execution which is subsequetly fed into a synthetic trace generator. The synthetic trace
being generatedcan then be executedon a trace-driven simulator which yields performance
estimates. Due to the statistical nature of the technique, the total number of instructions
in a synthetic trace can be limited since the performance characteristics while simulating
a synthetic trace quickly corverge. Typically, no more than one million instructions need
to be simulated to obtain a stable performance estimate. Statistical simulation is related
to the researd topic preseried in this paper, sincethe succesof both techniquesrelies on
choosingrelevant program characteristics to be incorporated in the analysis. For statistical
simulation, relevant program characteristics are neededto obtain a high accuracy; for the
technique preserted in this paper, relevant program characteristics are neededto construct
a reliable workload spacereduction.

Another possibleapplication of using a data reduction technique suc as principal com-
ponerts analysis, is to compare di erent workloads. In [27], Chow et al. used PCA to
compare the branch behavior of Java and non-Java workloads. The interesting aspect of
using PCA in this context is that PCA is able to identify why two workloads di er. This
can be done by analyzing the principal componerts. They concludefor examplethat Java
workloads tend to have more indirect calls while non-Java workloads tend to have more
direct and indirect jumps.

Huang and Shen [28] quartify the impact of input data setson the bandwidth spec-
trum of computer programs. The bandwidth spectrum measuresthe average bandwidth
requiremerts of a program's instruction and data stream asa function of the available local
memory. They concludethat the basic shape of the bandwidth spectrum doesnot change
much with varying inputs.

Changesin program behavior due to dierent input data sets are also important for
pro le-guided compilation [29], where pro ling information from a past run is usedby the
compiler to guide its optimizations. Fisher and Freuderberger [30] studied whether branch
directions from previous runs of a program (using di erent input sets) are good predictors
of the branch directions in future runs. Their study concludesthat branchesgenerally take
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the samedirections in dierent runs of a program. Howewer, they warn that someruns of
a program exerciseertirely dierent parts of the program. Hence, these runs cannot be
usedto make predictions about ead other. By using the averagebranch direction over a
number of runs, this problem can be avoided. Wall [3]] studied seeral typesof pro les sud
as basic block counts and the number of referencesto global variables. He measuredthe
usefulnessof a pro le asthe speedupobtained when that pro le is usedin a pro le-guided
compiler optimization. Seemingly the best results are obtained when the sameinput is
usedfor pro ling and measuringthe speedup. This implies that every input is dierent in
somesenseand leadsto di erent compiler optimizations.

7. Conclusion

In microprocessordesign, it is important to have a represetativ e workload to make correct
designdecisions. This paper proposesthe useof principal componerts analysis and cluster
analysis to e cien tly explore the workload space. In this workload space, benchmark-
input pairs can be displayed and a distance can be computed that gives us an idea of
the behavioral di erences between these bencdhmark-input pairs. This represertation can
be usedto measurethe impact of input data setson program behavior. In addition, our
methodology was succesfullyvalidated by shaving that program-input pairs that are closeto
ead other in the principal componerts space,indeedexhibit similar behavior asa function of
microarchitectural changes. Interesting applications for this technique are the composition
of workloads and the validation of sampledtraces.
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