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The Networks of Workstations (NoW)
are be oming real distributed exe ution platforms
for s ienti appli ations. Nevertheless, the heterogeneity of these platforms makes omplex the design
and the optimization of distributed appli ations. To
over ome this problem, we have developed a performan e predi tion tool alled ChronosMix, whi h
an predi t the exe ution time of a distributed algorithm on parallel or distributed ar hite ture. The
obje tive of ChronosMix is to ompare distributed
algorithms and to lassify them a ording to their
performan e on di erent ar hite ture. C/MPI programs an be modeled by stati or a postmortem
methods.
Abstra t
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Introdu tion

Usually s ienti appli ations are intended
to run only on dedi ated multipro essor mahines. With the ontinual in rease in workstation omputing powers and espe ially the explosion of ommuni ation speed, the networks
of workstations (NoW) be ame possible distributed platforms of exe ution and inexpensive for s ienti appli ations. Its main problem lies in the heterogeneity of NoW ompared
to the homogeneity of the multipro essor mahines. In a NoW, it is diÆ ult to allo ate the
entire work in an optimal manner, it is diÆult to know the exa t bene t or if there is
any or simply to know whi h best algorithm
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to solve a spe i problem is. Therefore, the
optimization of the distributed appli ation is a
hard task to a hieve.
The abstra tion of the target ar hite ture
and the mapping of the appli ation is not possible, during the development of the parallel
appli ation be ause the eÆ ien y depends on
it. This fa t is very important, be ause sequential algorithm omplexity is independent
of the ar hite ture. When analyzing performan e evaluation of a parallel appli ation, it
is ne essary to take into a ount the exe ution
ontext whi h is the target ar hite ture.
Thanks to performan e predi tion, it is possible to subje t the algorithm to a set of situations in order to de ne its behavior in extreme onditions. Indeed, the algorithm may
be exe uted on non-available or future ar hite ture to olle t information about foreseeable
performan e. It is always interesting to examine an algorithm whi h runs on one thousand
workstations or with shortly available pro essor speed or ommuni ation bandwidth. Finally, the algorithm may be exe uted in a real
ontext where resour es are shared and used
at various thresholds, to ontrol the algorithm
behavior subje ted by an important workload
better.
This paper des ribes ChronosMix, our performan e predi tion tool applied to distributed
systems. Se tion 2 shows our model and me hanisms inside ChronosMix.

2

Des ription of the tool

ChronosMix was developed to ompare the
performan e of various algorithms solving the
same problem and simulating them on a given
distributed ar hite ture. The distributed arhite ture used for the exe ution is entirely
exible. It an exist, or be a ombination of
existing elements or be prospe tive. Thus, it is
possible to know the e e ts on one or more appli ations by hanging one of the omponents.
The performan e predi tion of distributed
appli ations passes through a modeling phase
of the appli ation and the target ar hite ture.
This modeling is used to put these two elements in an easy-to-handle mathemati al form.
To predi t the performan e of a distributed
appli ation, ChronosMix will try to approa h
its exe ution time a ording to the performan e of the exe ution platform. The time
of a distributed appli ation is known when
three parameters an be extra ted: the number of basi instru tions inside the C/MPI program [1℄, the number of exe utions of ea h one
of these instru tions and the time taken by
ea h basi instru tion a ording to the workstation where the exe ution takes pla e. An exe ution time estimate is obtained in the form of
a mathemati al expression by ombining these
three parameters a ording to the path of the
program exe ution.
To on lude this fun tion of performan e
predi tion, ChronosMix has three major omponents, the MTC (Ma hine Time Chara terizer), the CTC (Communi ation Time Chara terizer) and the PIC (Program Instru tion
Chara terizer).
These omponents are des ribed in next se tions.
2.1

Modeling of distributed system
ar hite ture

Distributed system ar hite ture is omposed of
two resour es: lo al and inter onne ted. Loal resour es represent the omputing power.
This omputing power depends on three fa tors whi h are the workstation, the operating
system and the ompiler used. It is possible to

model a lo al resour e in two di erent ways.
The rst one onsists in modeling the three
elements of the lo al resour e like in SimOS
proje t [2℄. The se ond way of modeling a loal resour e onsists in onsidering its three
omponents as a whole whi h a ts on performan e. As the modeling is global, and not
any more divided into three layers, it is simple and therefore it an be automated. Our
approa h onsists in de ning a set of elementary operations alled instru tion set and in
evaluating these instru tions using the mi roben hmark te hnique des ribed in [3℄. Thus,
ea h time that the lo al resour e hanges, the
set of mi ro-ben hmarks has only to be started
again to get the new hara teristi s of this resour e. The hoi e of the instru tion set is ruial in order to extra t the parameters whi h
have the greatest e e t on the system performan e. Our experien e a quired during our
rst work on modeling distributed systems in
the EDPEPPS proje t [4℄, has helped us to dene a relevant set of instru tions.
MTC has been reated to obtain the values
of the instru tion set for a spe i ed omputer.
It has to evaluate the exe ution time of ea h
instru tion. A lo al resour e will only be evaluated on e by MTC, that is to say that the
lo al resour e model an be used to simulate
all programs modeled by the PIC.
In the inter onne tion resour es, as in loal resour es, several elements a t together on
ommuni ations and de ne performan e. Our
approa h to model inter onne tion resour es is
the same as for lo al resour es. As we have
a parameter-based model, the most appropriate method to model inter onne tion resour es
seems to be a ben hmark. SkaMPI [5℄ is one of
the most suitable MPI ommuni ation ben hmarking tool for our needs. This proje t is developed at the University of Karlsruhe by Ralf
H. Reussner. The main advantage of SkaMPI
over the other ben hmarking tools, is that it
has a lot of parameters to tune its behavior.
CTC is based on SkaMPI and ben hmarks the
di erent ommuni ation point-to-point fun tions.
The MTC and the CTC model all the ele-

ments whi h de ne a distributed system ar hite ture.
2.2

Modeling of parallel appli ations

PIC re eived two les: the rst one is a C/MPI
program and the se ond is given by MTC and
CTC and ontains the exe ution time of ea h
element of the instru tion set. Thanks to these
two les, PIC will estimate the exe ution time
of the C/MPI program.
PIC uses Sage++ [6℄, an obje t-oriented
toolkit for building and restru turing parsing
trees of C, C++, Fortran 77 and Fortran 90
programs.
To make the program analysis even easier,
programs are split into blo ks whi h enable a
hierar hy to be de ned within the program.
For example, a loop blo k ontains the body
of the loop. Thus, it is easy to transmit information, like iteration number or iteration
variable, only to the blo ks lo ated within the
loop. The other advantage of this split is to
ompa t information. A tually, after the instru tion gathering within a blo k, the information whi h should have appeared on ea h
line of the program, is saved. But, the greatest
bene t on erns the postmortem analysis. To
realize this analysis, the appli ation is instrumented. Tra e points are inserted in parti ular
parts of the program to determine their number of exe utions. Instead of inserting a tra e
point after ea h line of the program, only one
tra e point per blo k of instru tions is inserted.
Thus, the exe ution time on erning the tra ed
program is saved and the data tra e le is ompa ted.
The PIC analysis starts with the attribution
of exe ution numbers to ea h blo k. This attribution an be done in two di erent ways: stati ally, i.e. without pro eeding to its exe ution
or in a postmortem way with a tra e. The aim
is to be able to predi t the exe ution time of a
program as qui kly as possible, i.e. with a minimum slowdown. The stati method, when it
an be applied, gives an almost instantaneous
predi tion. This method is therefore preferred
to the postmortem one as mu h as possible.

2.2.1

Stati

evaluation

Stati analysis of a C/MPI program will try to
determine the exe ution numbers of ea h blo k
without pro eeding to the real exe ution of the
program. The blo k exe ution numbers are obtained by analyzing the ontrol stru tures, i.e.
loops and onditional instru tions.
The onditional instru tions are handled by
a private fun tion alled PIC proba(x) where
x represents the probability that the ondition
is realised. x an take any forms mentioned
above. The user an insert this fun tion into
the program to estimate the result of a onditional expression.
Con erning a loop with integer bounds and
an integer linear in rement, PIC will produ e
the iteration numbers of the loop under a numeri al form. For example, PIC will estimate
the iteration number of the following loop at
100 :
( = 0; 100; + +)
When one or several bounds of the loop are
de ned by a onstant variable or when the inrement is a onstant variable, a literal expression gives the iteration numbers. For example,
PIC will estimate the iteration number of the
following loop at :
f or i

i <

i

n

( = 0;

f or i

; + +)

i < n i

When one or several bounds of the loop are
expressed with linearly modi ed variables e.g.
in the ase of interdependent nested loops, this
method annot be applied :
( = 0;
; + +)
( = 0;
; + +)
In this ase, the solution is to integrate to PIC
a library developed at ICPS whi h allows to
ount the number of integer solutions in a system of rational and parametri equations and
inequations [7℄. The nested loops must be put
under the form of one or two matri es whi h dene a polyhedron. The index values of the loop
are then the oordinates of the points that are
in luded within the polyhedron, ea h of those
integer points represent an iteration. So as to
f or i

i < n i

f or j

j < i j

determine the iteration numbers of the stru ture, the number of points inside the polyhedron are ounted. Matri es are transmitted to
the omputing fun tions that give a result under the Ehrhart polynomial form.
These 3 forms able to determine stati ally
the iteration numbers of a wide range of loops.
However, in the ase of non linearly interdependent nested loops or loops with bounds modied within the loop, the stati method annot
be applied. A postmortem analysis is then required.

e ution number and order of the blo ks, it is
possible to fore ast the exe ution time of the
program on erning any exe ution platform already ben hmarked, and vi e versa.
To estimate the exe ution time of the distributed program, PIC must be able to estimate the exe ution time of the sequential
blo ks. Then, it must take into a ount the
distributed aspe t so as to dedu e the total exe ution time.
Let seq , be the exe ution time of a sequential part of a task exe uted on a given
workstation .
seq is obtained by the following formula:
Tm;t

tseq

m

2.2.2

Postmortem evaluation

The main problem of tra e analysis is the slowdown added to the program exe ution. A tually, tra e generation on erning a performan e
predi tion generally requires a wide range of
parameters (number of memory a esses, operation types, et .) as a result, the tra e le is
voluminous and therefore it takes a long time
to generate and treat it. PIC uses tra e only to
determine the number and the exe ution order
of ea h blo k. Thus, the generated tra e is very
simple, it only ontains an integer per blo k.
This performan e predi tion with a tra e
does not need the exe ution ar hite ture to be
able to predi t the appli ation performan e:
this represents a great bene t. As the exeution is only ne essary to ount the exe ution number and order of ea h blo k, it an
be run on any ar hite ture. It is even possible to exe ute it with a unique mono-pro essor
omputer. Moreover, the exe ution slowdown
of the appli ation is insigni ant as the information added to the program is not numerous
(one per blo k) and does not take a long exeution time.
2.2.3

Estimation of the exe ution time

The module of the estimation of the exe ution time gathers the data supplied by PIC,
MTC and CTC. This phase of time estimation
is ompletely independent of the hara terization phase of the physi al resour es and of the
C/MPI program. i.e. on e determined the ex-
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Where ( ) represents the number of
blo ks ontained in , the instru tion number of the instru tion set, the instru tion set,
( ) the exe ution time of the instru tion
on omputer , ( ) the number of instru tions ontained in blo k and
the
exe ution number of blo k .
To estimate the exe ution time of a distributed program, PIC reates as many \tasks"
obje ts as exe uted MPI pro esses. Ea h task
obje t has a list of messages, an array ontaining the time of the instru tion set supplied by MTC for the target omputer, an
identi er equivalent to MPI RANK and the
time spent sin e the beginning of the simulation. The aim of this method is to estimate
the possible waiting times due to syn hronous
programming (MPI Barrier, MPI Re v, et .).
Ea h task obje t, one after the other, goes
through its blo ks a ording to its exe ution
order. When the task obje t meets an MPI
instru tion, it sends a request to the message
list. Moreover, if the MPI instru tion is synhronous, the task obje t adds to its exe ution time the idle time asso iated with the synhronization. As soon as every task has gone
through their blo ks, PIC alls a message handler whi h synthesizes every request of message
sending and re eipt as well as every request of
syn hronization between tasks. It solves unN b tseq
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Figure 1: Computation of  real exe ution vs. predi tion
known idle times using the mat hing prin iples
stated in the MPI standard. When every idle
time is omputed, formula 1 is applied to ea h
task. The greatest time represents the total
exe ution time of the appli ation.
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Case Study

This se tion dis usses an experiment to he k
the a ura y of our model. We have hosen
a lassi al C/MPI program of  al ulation.
The method used is the dartboard algorithm.
This program whi h an be found on the web
(http://www.mhp .edu/training/workshop/html
/samples/index.html), has been implemented
in C by Roslyn Leibensperger and parallelized
with MPI by George L. Gus iora. The
programming paradigm is a master-worker.
Ea h worker omputes an approximation of 
and sends it to the master. The master also
omputes a value of , gathers the approximations and works out the average. Ea h
approximation of  is omputed by throwing

a given number of darts onto a board. This
number varies from 5e+05 to 5e+07 throws.
The exe ution platform is omposed of 4 PC
(Pentium II 350), inter onne ted by a swit hed
Fast-Ethernet network (100 Mbit/s). Figure 1
shows the measured and the predi ted exe ution time. The peak error between predi ted
and measured time is lo ated at 5e+05 and
represents a di eren e of 8.8%. The average
error of 8% is a good result.
Figure 2 shows the graphi al interfa e in
Java for ChronosMix. This interfa e is a betaversion so it does not ontain all the fun tionalities needed by the developer. So, it allows the
developer to have an insight into the C/MPI
program. The window on the left shows the
program sour e ode. The user an li k on the
di erent part of the ode to sele t a blo k. The
blo k is highlighted and its predi ted time for
ea h ma hine is displayed on the bottom righthand window. On the top right-hand window,
the predi ted time of ea h fun tion is printed
for ea h ma hine. By li king on the instru tion mode button on the toolbar, it is possible

Figure 2: Beta version of the interfa e tool
to see in more detail how the predi ted time is
divided between the di erent operations. For
example, for the sele ted loop of the Figure 2,
the random alls take 51% per ent of the loop
time, the divisions take 32% of the time, and
so on.
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exe ution to the lo al resour es and by the
CTC exe ution between workstations. The
distributed ar hite ture is simply and rapidly
modeled, whi h allows to follow the pro essor
evolution, but also to adapt our tool to a wide
range of ar hite ture.

Con lusion

Stati performan e predi tion brings swiftness
whi h is not possible with other performan e
predi tion methods. The word "slowdown"
is no more appropriate to hara terize this
performan e predi tion, but there is a real
speedup to extra t results.
The performan e of ChronosMix is validated
statisti ally omparing real exe ution times
with predi ted times, from a standard example. Computational and ommuni ation times
have been studied separately in order to near
real times pre isely.
The ability to model distributed system arhite ture with a set of mi ro-ben hmarks allows ChronosMix to take heterogeneous ar hite ture ompletely into a ount. Indeed, in
a sense, modeling is automati , be ause simulation parameters are assigned by the MTC

It is possible to build target ar hite ture
from existing one by extending the distributed
ar hite ture, e.g. a set of one thousand workstations. It is also possible to modify all the
parameters of the modeled ar hite ture, e.g.
to stret h the network bandwidth or to inrease the oating-point unit power four-fold.
A distributed appli ation is ex eptionally the
ex lusive onsumer of some resour es, only on
spe i parallel ma hines. It usually needs to
share resour es with other appli ations. This
external load de reases performan e appli ation and must be in luded in the model. Finally, the CTC only takes into a ount a subset of MPI fun tions. Extensions will be ondu ted to in lude more MPI fun tions and espe ially group ommuni ation fun tions.
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