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Abstract

In this paper we presents a tool for the dynamic forecast
of performance of linear algebra routine as well as com-
munication between clusters. FAST (Fast Agent’s System
Timer) is a software package allowing client applications
to obtain an accurate forecast of routine needs in terms of
completion time, memory space, and number of commu-
nication, as well as current system availability. FAST relies
on existing low-level software packages, i.e. network and
host monitoring tools, and some of our developments in
sequential and parallel computational routines modeling.
The FAST internals and user interface are presented, as
well as experimental results and validation on different
applications.
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1 Introduction

Numerical computing on clusters or federations of clus-
ters requires us to have an accurate performance evalua-
tion of communications and computations. Today’s
machines are often shared between several users. A run-
time performance evaluation is thus necessary to ensure a
perfect load-balancing of applications. This knowledge
can be expressed by static information about the memory
space and the computational power needed by a routine
and the theoretical performance of an interconnection
network. When dealing with parallel routines, this static
information also concern the decomposition in calls to
sequential counterparts, the communication scheme of
the routine, and the architecture of the target platform.
Besides this static information, the scheduler has to take
dynamic information into account. Indeed, in the case of
a non-dedicated platform, it is mandatory to take into
account parameters such as processor load and the actual
availability of the network at runtime.

Several performance criteria can be used to select a
solution among several. Indeed a “best” solution can be
the one with the smallest completion time or one mini-
mizing the communication amount or also one achieving
a “satisfying” execution time but using fewer processors
than the others. If the end-user has to select his/her per-
formance criterion, the computation and communication
time acquisition process has to be as transparent as possi-
ble. Furthermore, the response time of the performance
forecasting tool has to be low.

In this paper, we present the FAST library (Desprez et
al., 2001; Quinson, 2002), a dynamic performance fore-
casting tool, and its extension to handle parallel routines
(Caron and Suter, 2002). The main goal of FAST is to
constitute a simple and consistent Software Development
Kit (SDK) to provide a client application (typically an
agent scheduler) pertinent and accurate information
about the different components of the execution plat-
form, regardless of how theses values are acquired. The
library is optimized to reduce its response time, and to
allow its use in an interactive environment.

FAST is able to forecast time and space needs of rou-
tines using a model of the routines involved in the com-
putation. Moreover, appropriate monitoring tools allow
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us to measure the dynamically changing availabilities of
different computation and communication resources.
Finally, FAST is able to aggregate these two types of
information in order to forecast the current computation
time of a given task on a given machine. The last version
of FAST also handles parallel routines. These routines are
harder to time and thus to benchmark but easier to ana-
lyze. Indeed, they can often be reduced to a succession of
computation and communication phases. Computation
phases are composed of calls to one or several sequential
routines while communication phases are made of point-
to-point or global exchanges. Timing becomes even more
tedious if we add the handling of data redistribution and
the choice of the virtual processor grid where computa-
tions are performed. So it seems possible and interesting
to combine code analysis and information given by FAST
about sequential execution times and network availability.

The remaining of this paper is organized as follows. In
Section 2, we give a motivating example. Then, in Sec-
tion 3, we give some references on previous work both
about system availability measurements and computa-
tional routines modeling. In Section 4, we present the
FAST SDK and its different features. Then we present the
modeling of several parallel linear algebra routines.
Finally, and before a conclusion, we present an experi-
mental validation of our developments using three differ-
ent applications.

2 Motivating Example

Let us assume that a client wants to solve a problem
involving two sets of data, A and B. To perform this oper-
ation, three servers with different computational powers
are available. Data A are distributed on the first server
(S,) while data B are distributed on the second server
(S,). Figure 1 shows this configuration. In this figure, a
fourth server (S,) is available which aggregate the
resources of S, and S,.

With such a configuration and assuming that data have
to be aligned to perform the computation, several solu-
tions can be considered:

redistribute B on S, and compute;
redistribute A on §,, and compute;
redistribute A and B on S,, and compute;
redistribute A and B on §,, and compute.

el

The scheduler has to choose one solution among all these
configurations. Each configuration has a cost which can
be computed by carefully analyzing the load of the serv-
ers, the cost of the communications between the different
elements, and the cost of each computation. This last cost
is also a function of the number of processors involved.
All these costs must be computed at run-time using static
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Fig. 1 Sample of configuration for an application
using computational servers.

information (from the benchmarking and the analysis of
the algorithms) and dynamic ones.

3 Related Work

3.1 SYSTEM AVAILABILITY

Several tools exist that are able to monitor a distributed
system and extract information that can be used by a
scheduler. In the following we describe some of these
tools, PingER, Performance Co-Pilot, Bricks and NWS,
and explain why NWS has been chosen to develop FAST.

PingER (Matthews and Cottrell, 2000) is a distributed
monitoring architecture deployed on more than 600 hosts
in 72 countries. Some tests are conducted periodically
between hosts using the well-known ping tool, and the
resulting data are made available from a web page. The
goal of this project is to ease the search of partners in
computer-intensive projects (e.g. in nuclear physic) or to
help the design and understanding of the networks.
Moreover, since PingER is based on the ping tool, it is
limited to the latency between hosts and cannot estimate
the bandwidth. Even if it would be interesting to provide
such information to a scheduler, nothing seems to be
done so far to allow an interactive use of this system.

Performance Co-Pilot (Silicon Graphics Inc., 2001) is
a system developed by Silicon Graphics Inc. (SGI) to
monitor a set of distributed machines. This project is
based on daemons which collect data. It provides an API
to allow a client application to access those data in a
remote fashion. This project only provides an access to
low-level data such as the communication outflow, the
memory size of a process, etc. The priority is to acquire
some knowledge about the use of each kind of resource
instead of determining their availability for new proc-
esses. This type of information cannot be used directly by
a scheduler to forecast the execution time of a routine.
Moreover, deducing the availability of a resource from
its actual use is not trivial. For instance, because of the
priority mechanism used for Unix processes, a machine
overloaded by low-priority processes is still available for
processes of higher priority. This makes it very difficult
to deduce the time-slice that a process will get from the
raw load of the CPU (Wolski et al., 2000).



Bricks (Aida et al., 2000) is a simulation tool devel-
oped to compare different scheduling policies on Grid
computing platforms under the same execution condi-
tions. Indeed, measuring the real impact of a policy
choice becomes very tedious because of non-reproduci-
ble disruptions caused by the resource sharing. Even if its
goal differs from ours, this project is related to FAST
because simulating the Grid implies to model it. Bricks
proposes to model a complete Grid computing platform
with queues. For instance, a server is a queue where tasks
are stored when they arrive, and are released once per-
formed. Each task is modeled by the amount of computa-
tion and communication needed for its completion. This
approach has two major drawbacks. First, the speed of a
machine is supposed to be constant whereas cache effects
can lead to great variations. The peak performance (in
Flops) can seldom be achieved, but optimizations may
allow to approach them. Furthermore this approach is rel-
atively computation-intensive, which prevents its use in
an interactive framework.

The Network Weather Service (NWS; Wolski et al.,
1999) is a project led by Rich Wolski at the University of
California, Santa Barbara. NWS includes some distrib-
uted sensors to monitor the actual state of the system and
statistical forecasters to deduce the future evolution. It
allows us to monitor the latency and bandwidth of every
TCP link, the CPU time-slice a new process would get,
or the available memory and disk space. Contrary to the
systems described above, NWS not only provides infor-
mation about the resource use, but also about their availa-
bility. One of the major advantages of NWS is that it
allows us not only to obtain dynamic information about
the platform availability, but also to predict their future
evolution using statistical analysis.

3.2 COMPUTATIONAL ROUTINES
MODELING

To obtain a good schedule for a parallel application, it is
mandatory to initially determine the computation time of
each of its tasks and communication costs introduced by
parallelism. The most common method to determine
these times is to describe the application and model the
parallel computer that executes the routine.

The modeling of a parallel computer and more pre-
cisely of communication costs can be considered from
different points of view. A straightforward model can be
defined ignoring communication costs. A parallel routine
can thus be modeled using the Amdahl law. This kind of
model is not realistic in the case of distributed memory
architectures. Indeed, on such a platform, communica-
tions represent an important part of the total execution
time of an application and cannot be neglected. Further-
more, this model does not allow us to handle the impact
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Fig. 2 Execution times of a 4096x4096 matrix—matrix
multiplication achieved on the best grid using a given
number of processors.

of processor grid shape on routine performance. In such
conditions, it becomes important to study the communi-
cation scheme of the considered routine to determine the
best size and shape that should be used. For instance, in
the matrix—matrix multiplication routine of the SCALA-
PACK library, compact grids achieve better performance
than elongated ones. However, Figure 2 shows the weak-
ness of this law. Indeed, in this example the Amdahl law
suggests that four processors should be used because the
execution time increases for five processors because of
the shape of the grid. However, better execution times
can be obtained with more processors.

The delay (Rayward-Smith, 1987) and LogP (Culler et
al., 1996) models have been designed to take communi-
cations into account. The former as a constant delay d
while the latter considers four theoretical parameters:
transmission time from a processor to an other (L), com-
putation overhead of a communication (o), network
bandwidth (g), and number of processors (P). However,
the delay model may be not accurate enough while LogP
is too complicated to model a large heterogeneous plat-
form (i.e. Grid environment) in a simple but realistic way.

About the modeling of parallel algorithms such as
those used in libraries such as SCALAPACK, several
approaches are possible. Dongarra and Roche (2002) aim
at using parallel routines on clusters when it is possible to
achieve better performance than a serial execution. Their
model consists in identifying the sequential calls in the
code of the parallel routine and to replace them by func-
tions depending on data sizes and relative performance of
the sequential counterpart of this routine on a node of the
cluster. However, this model does not take into account



the load variation of the execution platform and the opti-
mizations based on pipelining made in the routines. In
Domas et al. (1996), a model of parallel routines is pro-
posed based on estimation of sequential counterparts.
The result of this estimation is a polynomial whose varia-
bles depend on the matrix sizes. Coefficients are specific
to the couple {algorithm, machine}. These parameters
are determined by interpolating, dimension per dimen-
sion, a set of curves obtained from the execution of the
routine with small data. However, the model proposed in
Domas et al. (1996) is highly focused on the LU factori-
zation routine. Furthermore this method is not generic
since a generated C code has to be recompiled depending
on the problem studied. The ChronosMix environment
(Bourgeois et al., 1999) uses micro-benchmarking to
estimate execution times of parallel applications. This
technique consists of performing extensive tests on a set
of C/MPI instructions. Some source codes, written in this
language and employing that communication library, are
then parsed to determine their execution times. The use
of this environment is therefore limited to such codes, but
most of numerical libraries are still written in Fortran.
Moreover, in the particular case of SCALAPACK, com-
munications are handled through the BLACS library
implemented on top of MPI but also on top of PVM.

Dimemas (Badia et al., 2003) is a performance predic-
tion tool developed at the Technical University of Cata-
lonia and distributed by PALLAS GmbH. The goal of
this project is to use the traces from the MPI analysis tool
Vampir to predict the performance of a parallel program
on a given architecture. According to the authors, this
tool is designed for “what-if analysis”, i.e. the analysis of
the performance variations induced by changes in the
platform, and not for the forecasting of program perform-
ances given the current load of the system.

Led by a team at Rice University, the goal of the Grid
Application Development Software (GrADS) project is
to enable the routine development and performance tuning
of Grid applications by simplifying distributed heteroge-
neous computing. In Petitet et al. (2001), a performance
modeler is defined for the modeling of ScaLAPACK rou-
tines in a Grid environment. The performance modeler is
used to find a collection of machines available for the
problem. When a new machine is found, it is added to the
collection until the time estimate for the application exe-
cution time increases. The experiments made on the
PDGESV routine prove the validity of this approach on
such a large-scale (and heterogeneous) platform.

Same project another way, Pablo group members and
researchers from six other universities are working with
the project's leadership at Rice to investigate the real-
time monitoring and adaptive control (Vetter and Reed,
2000). The transient, rarely repeatable behavior of the
Grid means that the standard model of post-mortem per-

formance optimization must be replaced by a real-time
model that optimizes application and run-time behavior
during program execution. This model of closed-loop
control will require design of new performance specifica-
tion interfaces and assertion mechanisms, measurement
tools, and decision procedures for adaptive configuration
of application modules and run-time system components,
as well as compiler interfaces for just-in-time compila-
tion and performance prediction. Via run-time validation
of these performance contracts, the real-time measure-
ment and control system will activate dynamic recompi-
lation and run-time resource configuration.

4 FasT, Fast Agent’s System Timer

4.1 INTRODUCTION

As shown in Figure 3, FAST is composed of several mod-
ules. The first module (FAST benchmarker) is launched
when FAST is deployed on a new server. This module is
in charge of the modeling of the sequential routines and
the analysis of parallel routines that can be executed on
this server. The intermediary module includes the exter-
nal tools used by FAST. Finally, we have the library itself
(and its components) which is called for each estimation.

To obtain the needed information about system availa-
bilities, FAST uses the NWS. FAST also relies on another
software, LDAP (Lightweight Directory Access Proto-
col; Howes et al., 1999), which is a distributed and hier-
archical database system widely used in the grid
computing community. It allows us to split the database
and map each part to an administrative organization. That
way, the manager of each site handles the data relative to
his set of machines. However, LDAP is explicitly opti-
mized for read-and-search operations but not for write
operations. This system is thus not designed to store
highly dynamic data, but is perfectly adapted to the use
made by FAST to store static data such as routine cost
models. The next sections detail FAST’s modules and
their interactions.

4.2 SYSTEM AVAILABILITY
ACQUISITION MODULE

The main goal of the system availability acquisition
module is to discover the external load using NWS to
take into account that the platform can be shared with
other users. In its current version, FAST can monitor the
CPU and memory load of hosts, as well as latency and
bandwidth of any TCP link. Monitoring new resources
such as non-TCP links should be easy, provided that
these information are available from NWS.

The integration of NWS raised some of its shortcom-
ings we tried to tackle. First, FAST significantly reduces
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Fig. 3 FAST Overview.

NWS response time. Indeed, NWS is composed of four
types of daemon, distributed across the network. This
causes a non-negligible response time. Since the meas-
urements are performed periodically, it is unnecessary to
ask NWS before the next measure has been performed.
FAST includes a cache system to call NWS only when
necessary. To handle dynamic changes, a validity dead-
line is associated to each record stored in the cache. If
this deadline is exceeded, NWS may have performed a
new measurement and the value is refreshed.

Moreover, NWS allows the administrator to specify
which network tests to run in order to reduce the number
of host pairs leading measurements to make the system
less intrusive. However, NWS is then unable to combine
the direct measurements automatically. For example,
given three machines A, B, and C, if the administrator
asked for measurements for the pairs (A,B) and (B,C), it
is then impossible to obtain an estimation between A and
C from NWS. In this case, FAST produces a combination
of the direct tests. To do so, FAST search a path between



A and C in the graph of monitored links. The estimated
bandwidth is the minimum of those of the path found
while the estimated latency is the sum of the results of
direct tests. Even if this value is less accurate than a real
measurement, it is still interesting when no other infor-
mation is available.

4.3 COMPUTATION ROUTINE MODELING

One of the most fundamental contributions of FAST is
its capacity to forecast the theoretical needs of a routine
in terms of completion time and memory space, depending
on its parameters and the machine on which the execution
takes place. This problem is complex, and several approaches
are possible, depending on the routine considered.

4.3.1 Sequential Routines. Some routines are regular
and easy to time. There are typically sequential numeri-
cal routines such as those of the BLAS library (Dongarra
et al., 1988). To estimate the execution time of such rou-
tines, the classical approach consists of extracting a model
from a manual or automatic source code analysis. How-
ever, this kind of approach is not always possible as it
requires an access to the source code. For instance, on
most computers, an highly optimized version of the BLAS
library is provided by vendors or can be generated auto-
matically (Dongarra et al., 2001). However, even when
the source code is available, many parameters have to be
taken into account to forecast the performance of a
sequential code on a given machine. Indeed, the forecast-
ing tool has to handle not only the implementation of the
routine but also the optimizations performed by the com-
piler and/or the processor, some of the operating system
characteristics or even memory and cache policies. Tak-
ing all these parameters into account implies an extensive
study of each couple {code; machine}, which represents
a huge amount of work on large heterogeneous platform.

To tackle this issue, another classical approach con-
sists of using a generic benchmark of the machine to
determine how many elementary operations can be com-
puted per unit of time, and then to count the number of
such operations for each routine to estimate. However,
this approach does not take cache effects in account,
which leads to important performance variation. Indeed
the main optimization of sequential kernels is based on
block algorithms, which allow a better use of hierarchical
memories. This leads to drastic improvements (Dongarra
et al., 1991), for example, for matrix—matrix routines
(level 3 BLAS) in terms of Flop per second. Assuming
that performance of a computer can be given as a con-
stant amount of flop/s is therefore wrong.

The approach chosen in FAST consists of benchmark-
ing the performance of each routine for a representative

set of parameters when FAST is deployed on a new com-
putational server. The results are then modeled by poly-
nomial regression and stored in a LDAP tree. This
benchmarking phase can be time-consuming, but it has to
be done only once, and can be done in parallel over an
homogeneous set of machines.

As said before other routines are harder to time, but
can be easily and accurately studied, typically parallel
regular routines. In the next section we detail how are
handled these routines into FAST.

4.3.2 Parallel Routines. In its current version, FAST
only handles some routines of the parallel dense linear
algebra library SCALAPACK. For such routines, the
description step consists in determining which sequential
counterparts are called, their calling parameters (i.e. data
sizes, multiplying factors, transposition, etc.), the com-
munication schemes and the amount of data exchanged.
Once this analysis completed, the computation part can
easily be forecasted since FAST is able to estimate each
sequential routines called from the parallel code studied.

Furthermore, processors executing a SCALAPACK
code have to be homogeneous to achieve optimal per-
formance, and the network between these processors has
also to be homogeneous. It allows us two major simplifi-
cations. First, processors being homogeneous, the bench-
marking phase of FAST can be executed on only one
processor. Then concerning communications we only have
to monitor a few representative links to obtain a good
overview of the global behavior.

For the estimation of point-to-point communications
we chose the A+Lt model where A is the latency of the
network, L the message size and 1 the time to transfer an
element, i.e. the inverse of the network bandwidth. L can
be determined during the analysis while A and t can be
estimated by FAST using NWS. In a broadcast operation,
the A and T constants are replaced by functions depend-
ing on the processor grid topology (Caron et al., 2000). If
we consider a grid with p rows and ¢ columns A} will be
the latency for a column of p processors to broadcast
their data (assuming a uniform distribution) to processors
that are on the same row and 1/1; will be the bandwidth.
In the same way A, and T, denote the time for a line of ¢
processors to broadcast their data to processors that are
on the same column. These functions directly depend on
the implementation of the broadcast. For example, on a
cluster of workstations connected through a switch, the
broadcast is actually executed following a tree. In this
case A, will be equal to [log,q|x A and T, equal to
([(log,q)/p]) x © where A is the latency for one node
and 1/t as the average bandwidth.

Samples of parallel routine modeling will be given in
Section 5.



4.4 FAsT API

The API of FAST is composed of two levels. The low-
level interface includes functions to acquire raw informa-
tion about routine needs and system availabilities. Rou-
tines of the high-level interface combine these results
into values which can be directly used by a client appli-
cation.

First the system has to be initialized:

fast_init (LDAP_host, LDAP_root, NWS_ns,
NwWS_fore) .

This function tells FAST how to find needed information.
The LDAP tree is located on LDAP_host under
LDAP_root. NWS name server and forecaster are
respectively on the NwS_ns and NWS_ fore hosts.

After initialization, a client scheduler requires only
two functions to get the information needed:

fast_comm_time (source, dest, msg_size,
&value)

computes the needed time to move data of size msg_
size from source to dest, taking in account the actual
network load. The result (in seconds) is stored in value.

fast_comp_time (host, function, data_desc,
&value)

gives the forecasted computation time for function
executed on host for the parameters described by
data_desc (which format is detailed at the end of this
section). An error code is returned whether this host can
not compute this function or if there is not enough free
memory.

There are two other functions to forecast the execution
time of a parallel routine. The first is:

fast_parallel_comp_time (host_1list,
function, data_desc, &value)

which allows the client to get in value the execution
time of function on a processor grid for the parameters
listed in data_desc. Hosts listed in host_1list can be
a subset of those composing the grid. FAST needs at least
two hosts to acquire network information. The descrip-
tion of the processor depends on the type of the routine
considered. In the case of dense linear algebra routines, it
is a two-dimensional (2D) grid defined by its number of
rows and columns. Furthermore, an extra parameter has
been added in data_desc with regard to the sequential
version to handle the data distribution. This parameter is
the distribution block size, assuming data are distributed

in a bi-dimensional block-cyclic way. The second func-
tion is:

fast_parallel_comp_time_best (host_list,
function, data_desc, nbp, &res).

In this call, the description of the processor grid is
replaced by nbp, the maximal number of processors to
allocate for the execution of function. FAST is then in
charge to determine what are the optimal shape and size
of grid for that execution. The description of this optimal
grid and the execution time associated are returned to the
client application in res.
The low-level interface is composed of two functions.

fast_need (resource, host, function,
data_desc, &value)

computes how many of the resource (either time or
space) the function needs to complete on host, for the
parameters described by data_desc while

fast_avail (resource, hostl, host2,
&value)

gives the available amount of resource on hostl. (or
between hostl and host2 in the case of network
resources). The resource can be either the CPU load, the
CPU time-slice a new process would get, the available
memory or the free disk of a host, or the latency and
bandwidth of a network link. The host2 is only signifi-
cant for network resources and is ignored for other
resource queries.

FAST groups the description of arguments passed to
the routines studied in a table called datadesc. Each of
these arguments can be a scalar, vector or matrix, with
base type being integer, double or char. datadesc stores
the information needed about the routine arguments to
predict the execution time and memory space needed to
perform the operation. For scalar arguments, the value is
stored directly while we only store descriptive character-
istics about matrices and vectors like their size and shape
(triangular or band matrix, etc.).

5 Parallel Routine Model Samples

5.1 MATRIX-MATRIX MULTIPLICATION
ROUTINE

The routine pdgemm of the SCALAPACK library com-
putes the product

C=aop(A) x op(B) + C



where op(A) (resp. op(B)) can be A or A’ (resp. B or B.
In this paper we have focused on the C=AB case. "Aisa
M x K matrix, B a Kx N matrix, and the result C a M XN
matrix. As these matrices are distributed on a p x g proc-
essor grid in a block-cyclic way with a block size of R,
computation time is expressed as

[g—‘ *dgemm_time, (1)

where dgemmt ime is given by the following FAST call

fast_comp_time (host, dgemm_desc,
&dgemm_time) ,

where host is one of the processors involved in the com-
putation of pdgemm and dgemm_desc is a structure con-
taining information such as the size of the matrices
involved, if they are transposed or not, and so on. Used
matrices are of size [ M/p] xR for the first operand and
Rx[ N/q for the second one.

To accurately estimate the communication time, it is
important to consider the pdgemm communication
scheme. At each step, one pivot block column and one
pivot block row are broadcast to all processors, and inde-
pendent products take place. Amounts of data communi-
cated are then M x K for the broadcast of rows and KxN
for the broadcast of the columns. Each broadcast is per-
formed block by block. The communication cost of the
pdgemm routine is thus

(M x K)td + (K x N)T2 + (Ad + A0 )Hﬂ. )
This leads us the following estimation for the routine
pdgemm:

’VIS-‘ X dgemm_time
R
+ (M %K)t + (K x N)to + (A8 +xg)[1ﬂ. 3)

If we assume that broadcast operations are performed
following a tree, 17, 7, A7 and A} can be replaced by
their values depending on t and A. These two variables
are estimated by the following FAST calls

fast_avail (bandwidth, source, dest, &tau)

and

fast_avail (latency, source, dest, &lambda),
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Fig. 4 Correspondence between values of calling
parameters and actually performed computations for
the pdtrsm routine.

where the link between source and dest is one of those
monitored by FAST. Equation 2 thus becomes

(rlogzrﬂ xMxK [log,p ] x K x N)
p q

tau

+ Hg—‘(rlongﬂ +[logop]) x lambda (@)

5.2 TRIANGULAR SOLVE ROUTINE

The routine pdtrsm of the SCALAPACK library can be
used to solve the following systems: op(A)*X = oB
and X*op(A) = aB where op(A) is equal to A or A", A
is a NxN upper or lower triangular matrix which can be
unitary or not. X and B are two M x N matrices.

Figure 4 presents graphical equivalents of pdtrsm
calls depending on the values of the three parameters
UPLO, SIDE and TRANSA defining respectively whether A
is upper or lower triangular, X is on the left or right side
of A and if A has to be transposed or not. The eight possi-
ble calls can be grouped into four cases as shown in Fig-
ure 4. These cases can also be grouped into two families,
which achieve different performance depending on the
shape of the processor grid. The first includes cases 1 and
3 and will execute faster on row-dominant grids, while
the second contains cases 2 and 4 and will achieve better
performance on column-dominant grids. Finally, the rou-
tine pdtrsm is actually composed of calls to the subrou-
tine pbdtrsm which computes the same operation but
when the number of rows of B is less or equal to the size
of a distribution block, R. To obtain the computation cost
of the pdtrsm routine of SCALAPACK, the cost of a call
to pbdtrsm has then to be multiplied by [ M/R | as each
call to that routine solves a block of rows of X.
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Fig. 5 Performance of a pdtrsm for different grid shapes.

To analyze why some shapes are clearly better than
some others, we focus on the case X*A = B where A is
a non-unitary upper triangular matrix. Figure 5 shows the
results we obtained on eight processors for several grid
shapes using SCALAPACK v1.6 (based on PBLAS v1.0).
In this particular case (number 2 in Figure 4), we can see
that an eight-processor row grid (i.e. 1x8) achieves per-
formance 3.7 times better than an eight-processor column
grid (i.e. 8x1). We first focused our analysis on this case
where the execution platform is a row, and then extended
it to the more general case of a rectangular grid.

5.2.1 On a Row of Processors. To solve the equa-
tion system presented in Figure 6 (where A is an nxn
block matrix), the principle is the following. The proces-
sor that owns the current diagonal block A; performs a
sequential triangular solve to compute b,;. The resulting
block is broadcast to the other processors. The receivers
can update the unsolved blocks they own, i.e. compute
b;—ba;, for i <j < n This sequence is thus
repeated for each diagonal block, as shown in Figure 7.

trsm_time denotes the time to compute a sequential
triangular solve. This time is estimated by

fast_comp_time (host, trsm desc, &trsm_ time),

where host is one of the processors involved in the com-
putation of pdtrsm and trsmdesc is a structure contain-
ing information on matrices and calling parameters.
Blocks solved are broadcast along the ring but the crit-
ical path of pdtrsm follows also this ring. So we have

bll = bll/all
b, = (blz - bnalz)/azz

b,=

ba. —---—b, . a Jla.

i Yty 1G-D7G-0i7" 2

b .a

blj = (bln - ny, — "0 - bl(n—l)a(n—l)n)/ann

Fig. 6 Computations performed in a pbdtrsm call, where
A is an n xn block matrix.
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Fig. 7 Execution on a ring of eight processors of the
pbdtrsm routine.

only to consider the communication between the proces-
sor that computes the sequential solve and its right neigh-
bor. As the amount of data broadcast is RZ, this operation
is then estimated by

T,

broa

d = R’tau + lambda, @)

where lambda and tau are estimated by the FAST calls
presented in the matrix multiplication model.

At each step, the update phase is performed calling the
dgemm routine. The first operand for each of these calls is
a copy of the block solved at this step and therefore is
always an RxR matrix. The number of columns of the
second operand depends on how many blocks have
already been solved and can be expressed as
R[(N-iR)/(gR)] where i the number of solved blocks.
The corresponding FAST call is then
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Fig. 8 Execution on a 2x4 processor grid of the
pbdtrsm routine.

fast_comp_time (host, dgemm_ desc_row,
&dgemm_time_row) .

Idle times may appear if one of the receivers of a broad-
cast is still updating blocks from the previous step. As
our model forecasts the execution time following the crit-
ical path of the routine and in order to handle these idle
times, we need to apply to apply a correction C, as both
sending and receiving processors have to wait until the
maximum of their previously estimated times before per-
forming this communication. Thus, equation (6) gives
the computation cost model for the pbdtrsm routine on a
row of processors:

[N/R1
Z (trsm_time + T}, ,+ C, + dgemm_time_row).(6)

i=1

5.2.2 On a Rectangular Grid. The main difference
between the previous case and the general one appears in
the update phase. Indeed, another pipeline is introduced
in the general case. It consists of splitting the update
phase into two steps. The first step updates the first (p—1)
blocks (where p is the number of processor rows of the
grid) while the second deals with the remaining blocks.
Once the first part has been updated, it is sent to the proc-
essor which is on the same column and on the next row.
The receiving processor then performs an accumulation
to complete the update of its blocks, as shown in Figure 8.

This optimization implies that we have two values for
the number of columns of the second operand of the
dgemm calls. The former can be expressed as the mini-
mum between R[ (N —iR)/(qR)7| and R(p—1) while the
latter will be R([ (N —-iR)/(qR)]—(p-1))) if positive.
The first operand is still an RxR matrix. We then have
two FAST calls to estimate these two different matrix
products of the update phase.

fastcomptime (host, dgemmdescl,
&dgemmtimel) ,

and

fastcomptime (host, dgemmdesc?2,
&dgemmtime?2) .

Two operations are still needed to estimate the general
case model, the send and the accumulation operations.
For both of these, we have the same restriction on the
number of columns as for the first dgemm of the update
phase. This leads us to the following expressions:

Tt = (R X min((p— DR, R[%—D) tau

+ lambda, @)
and

fastcomptime (host, adddesc, &addtime).

Here again we handle idle times by applying the same
kind of correction, C,, to both sender and receiver of the
send operation. Moreover, it has to be noticed that when
the number of columns is equal to one, the broadcast
operation is replaced by a memory copy. Equation 8
gives the computation cost models for the pbdtrsm rou-

tine on a rectangular grid of processors:

+T,,,,+C,+add_time

i=1

FN/RT{ trsm_time+T, ..+ Cb+dgemm_time_1 ]
(3

6 Experimental Validation

After studying the internals and the API of FAST, we now
present some experimental results validating our approach.
First, we show how FAST and its cache system allow to
improve the response time of NWS. We then study the qual-
ity of our forecasting, for sequential and parallel routines.
Finally we demonstrate how FAST can be used in a sched-
uling context to decide of the best execution scenario.

6.1 RESPONSE TIME IMPROVEMENT

As indicated in Section 4.2, we tried to solve some of the
shortcomings of NWS. The first optimization concerns
the response time we reduced using a cache system. To
prove the efficiency of the changes made, we measured
the average response time over 30 runs of a direct inter-
rogation to the NWS, when all the parts of the system are
on the same host. Our test computer is a Linux Pentium



Table 1
Temporal modeling quality for sequential routines.

Addition Multiplication Solve

Pl Bi-Pll PIll Bi-PIl Pl Bi-PIl

Maximal Error 0.02s 0.02s 0.21s 58s 0.13s 0.31s

(6%) (35%) (0.3%) (4%) (10%) (16%)

Average Error 0.006 s 0.007 s 0.025 s 0.03s 0.02s 0.08 s

(4%) (6.5%) (0.1%) (0.1%) (5%) (7%)
time and space, without taking into account the load of
WS CadiAdsgauh the CPU. The second is the same experiment but when
(99569 pis) (100685 yis) the CPU is loaded. The third experiment measures the
0.1 R e quality of the forecast for a sequence of operations exe-
cuted on an heterogeneous platform. The fourth experi-
_ ment concerns the estimation of the execution time of a
b parallel routine depending on the size and the shape of
E the processor grid. Finally, the last experiment shows the

FAST same kind of estimation for a given processor grid.
no cache default

(24 ps) 6.2.1 Routine Needs Modeling. Before showing the

() (b) (©

Fig. 9 NWS and FAST response times.

IT workstation. Figure 9 presents the measured times.
Figure 9(a) is the measured time for a direct interrogation
to NWS, Figure 9(b) is the time for an interrogation
through FAST when the asked value is not in the cache,
resulting in an interrogation to NWS, and finally Figure 9(c)
is the time to extract the value from the cache (avoiding
completely NWS).

This experiment shows that the overhead introduced
by FAST is quite low in case of cache default (about 1%),
while obtaining the value from the cache is more than
4000 times quicker than an interrogation to NWS. This
gain can be very interesting as a scheduler will have to ask
for NWS values for each machine of the platform and for
each request submission. Indeed, FAST may have to han-
dle the same request several times per second in a regular
use while NWS refreshes network measurements every 2
min and host measurements every 30 s by default.

6.2 FORECASTS QUALITY STUDY

We ran several experiments to study the quality of the
forecasts produced by FAST. The first experiment only
deals with the modeling of routine needs, both in terms of

quality of forecasts provided by FAST, we thought it was
important to measure the quality of our model concern-
ing the function's needs (in terms of time and space)
without taking into account the CPU load. We compared
the modeled and the actual value for the completion time
and space needed concerning three functions of the
BLAS library, the matrix addition, the matrix multiplica-
tion, and the triangular solve. This comparison has been
carried out on two different computers: a Pentium III,
with 256 MB of memory, and a Bi-Pentium II 450 MHz
also with 256 Mo of memory.

Table 1 presents the quality of the temporal model for
the functions studied for matrix sizes varying between
128 and 1152. On the first line appears the maximal error
in absolute value measured during the experiment. The
corresponding relative error is indicated between paren-
theses. On the second line is listed the average error in
absolute and relative values.

In the case of the matrix addition, the relative errors
are higher. This may be explained by the fact that we
choose to time the operation using the rusage system
call. This allows us to cut off from the external load, but the
accuracy is about 0.01 s. Since the matrix addition takes less
than half a second, the timing error becomes significant.

In other cases, the maximal error is generally lower
than 0.2 s, while the average error is about 0.1 s. This is
very acceptable in our context as we saw in Section 6.1
that the response time of NWS’s is about 0.3 s. The rela-
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Fig. 10 Comparison between measured and fore-
casted times for one execution of the dgemm routine.

tive error is lower than 7% on average and slightly more
than 15% in the worst case. For the matrix multiplication
on the Bi-PII machine, we observe an error up to 5.8 s,
but this is small compared to the computation time since
it only represents 4% of the measured time.

In this case, FAST manages to forecast the needed
space perfectly (i.e. with a maximal error of O byte) for
these operations. This perfection is possible because the
size of a program performing a matrix operation is the
size of the code (which is constant) plus the size of the
data (which is obviously a polynomial function).

6.2.2 Forecast of one Sequential Routine Execution
Time. This experiment aims at validating FAST forecast
when the CPU is loaded. This only deals with the comple-
tion time and not with the memory needed since FAST refuses
to forecast the completion time if it detects that there is not
enough memory to perform the operation. We compared
our forecast with the measured time for the matrix—matrix
multiplication operation. To simulate an external load, a
computation task was running during the experiment. We
used the same testbed as in the previous experiment.

Figure 10 presents the results of this experiment.
Despite the external load, FAST manages to forecast the
completion time with a maximal error of 22%, and with
an average error smaller than 10%.

6.2.3 Forecast of the Execution Time of a Sequence
of Sequential Routines. To judge the quality of our
predictions for a sequence of sequential routines, we
chose to perform a complex matrix multiplication. This
operation gives a task graph that leads to calls to high-
level routines and some data redistribution between proc-

essor sets. Input data are two complex matrices A and B
decomposed in real and imaginary parts. The problem to
solve can be expressed as

A.xB,—A;xB;
A.xB;+A;xB,

A

|
—
O 08
I n

Since the goal of the experiment was to show the accu-
racy of the forecasts and not its impact on the scheduling
quality, we used a simple yet heterogeneous platform
composed of only two machines. The client is launched
on a Pentium II workstation with 128MB of memory,
while two servers are deployed on a SMP computer with
four Pentium III and 256 MB of memory. The client asks
FAST to obtain a estimation of the execution time of the
complete sequence, then initiates the computation and
measures the actual execution time. Figure 11 shows the
(static) task allocation between computers.

Figure 12 compares the forecast and the measured
time for the whole sequence of operations. We notice that
both values vary the same way. Despite the fact that this
sequence is composed of six matrix operations (of two
different kinds), and six matrix exchanges over the net-
work, FAST manages to forecast the completion time
with an error smaller than 25% in the worst case and
smaller than 12% on average.

6.2.4 Execution Time of a Parallel Routine
Depending on the Shape of the Grid. To validate our
parallel routine handling in FAST, we ran several tests on
the i-cluster which is a cluster of 225 HP e—vectra nodes
(Pentium III 733 MHz with 256 MB of memory per
node) connected through a Fast Ethernet network via HP
Procurve 4000 switches. So the broadcast is actually exe-
cuted following a tree.

Figure 13 presents the estimated time given by our
model for the pdgemm routine on all possible grids from
1 up to 32 processors and Figure 14 presents the actual
execution time of the same routine on the i-cluster.
Matrices are of size 2048 and the block size is fixed to
64. The x-axis represents the number of rows of the proc-
essor grid, the y-axis the number of columns, and the z-
axis the execution time in seconds. We can see that the
estimation given by our extension is very close to the
experimental execution times. The maximal error is less
than 15% while the average error is less than 4%. Fur-
thermore, these figures confirm the impact of topology
on performance. Indeed, compact grids achieve better
performance than elongated ones because of the symmetric
communication pattern of the routine. The different stages
for row and column topologies can be explained by the
log term introduced by the broadcast tree. These results
shows that our evaluation can be efficiently used to choose
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Fig. 11 Task sharing for the complex matrix multiplication.
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Fig. 12 Comparison between measured and fore-
casted times for a sequence of operations.

a grid shape for a parallel routine call. Combined with a
run-time evaluation of parameters such as communica-
tion, machine load or memory availability, we can then
build an efficient scheduler for Network Enabled Servers.

We ran the same kind of experiment for the triangular
solve routine. Figure 15 shows estimations produced by
our model. Comparing these results with those of Figure 5,
we can see that our model allows us to forecast perform-
ance evolution with regard to changes in the processor
grid shape. The average error rate is less than 12%. It has to
be noticed that if this rate is greater than the one achieved

for the multiplication, it comes mostly from the difficulty to
model the optimizations done using pipelining. Our model
is thus very inaccurate for the 2x4 case, as the execution
time is underestimated. However, if we only consider the
execution on a processor row, which is the best case in
term of performance, the error rate is then less than 5%.

6.2.5 Forecast of a Parallel Routine Execution
Time. We also tried to validate the accuracy of the
extension for a given processor grid. Figure 16 shows the
error rate of the forecast with regard to the actual execu-
tion time for matrix multiplications executed on a §x4
processor grid. Matrices are of sizes 1024 up to 10240.
We can see that our extension provides very accurate
forecasts as the average error rate is less than 3%.

6.3 UTILITY IN A SCHEDULING
CONTEXT

6.3.1 Comparison of FAST and NETSOLVE Fore-
casts. In order to test FAST in real conditions, we
changed the scheduler of NETSOLVE to use FAST. This
way, we could compare the result of our library to the
ones of NETSOLVE 1.3. Again, the test platform is quite
simple because we only want to study the forecasts, and
not their impact. There was only one server and one
server, located on machines from two different labs sepa-
rated by about 700 km and connected through a WAN.

Figures 17 and 18 present the results of this experi-
ment. Figure 17 compares the forecasts of NETSOLVE,
FAST, and the actual time in terms of completion time
while Figure 18 does the same for the communication time.
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Fig. 13 Estimated time for the pdgemm routine on all possible grids from 1 up to 32 processors of i-cluster.

These results are very encouraging. Figure 17 clearly
shows the advantages of a performance estimation depend-
ing also on the selected host while Figure 18 proves the
advantage of the use of a specialized monitoring tool.

6.3.2 Use of FAST on the Motivating Example. The
objective of FAST is to provide accurate information
allowing a client application, e.g. a scheduler, to deter-
mine which is the best solution among several scenarios.
Let us assume we have two matrices A and B we want to
multiply. These matrices have same size but distributed
in a block-cyclic way on two disjoint processor grids
(respectively G,and G,). In such a case it is mandatory to
align matrices before performing the product. Several

choices are then possible: redistribute B on G, redistrib-
ute A on G, or define a new virtual grid with all available
processors. Figure 19 summarizes the framework of this
experiment. These grids are actually node sets from a sin-
gle parallel computer (or cluster). Processors are then
homogeneous. Furthermore, inter- and intra-grids commu-
nication costs can be considered as similar.
Unfortunately FAST is not able to estimate the cost of a
redistribution between two arbitrary processor sets. This
problem is indeed very hard in the general case (Desprez
et al., 1998). Thus, for this experiment we have determined
amounts of data transferred between each pair of proces-
sors and the communication scheme generated by the
SCALAPACK redistribution routine. Then we use FAST to



Execution time (in sec.)

11

16
Number of rows (p) 21

11
16
21

26 26 Number of
31 31 columns (q)

Fig. 14 Actual execution time for the pdgemm routine on all possible grids from 1 up to 32 processors of i-cluster.

forecast the costs of each point to point communication.
Figure 20 gives a comparison between forecasted and meas-
ured times for each of the grids presented in Figure 19.
We can see that the parallel extension of FAST allows us
to accurately forecast what is the best solution, namely a
4x3 processor grid. If this solution is the most interesting
with regards to the computation point of view, it is also the
least efficient from the redistribution point of view. The
use of FAST can then allow us to perform a first selection
depending on the processor speed/network bandwidth ratio.
Furthermore, it is interesting to see that even if the choice
to compute on G, is slightly more expensive, it induces less
communications and releases four processors for other
potential pending tasks. Finally a tool like the extended ver-

sion of FAST can detect when a computation will need more
memory than the available amount of a certain configuration
and thus induce swap. Typically the 2x2 processor grid
will no longer be considered as soon as we reach a problem
size exceeding the total capacity of involved processors.
For larger problem sizes, the 4x2 grid may also be discarded.
This experiment shows that the extension of FAST to han-
dle parallel routines will be very useful to a scheduler as
it provides enough information to choose according to
several criteria: minimum completion time, communica-
tion minimization, number of processors involved, etc.
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Fig. 17 FAST and NetSolve forecasts for the compu-
tation time compared to measured time (dgemm)

Error rate (in %)

0 . . . | . . .
1024 2048 3072 4096 5120 6144 7168 8192 9216 10240
Matrix sizes

Fig. 16 Error rate between forecasted and actual exe-
cution time for a matrix-matrix multiplication on a 8x4
processor grid.

7 Conclusion

In this paper, we have presented FAST, a modeling and
performance evaluation tool based on NWS’s. We have
presented the different modules incorporated to the SDK
and their features. Experiments show that our predictions
are very accurate and can be efficiently applied in a
scheduling context.

We are working on many different developments. First
we would like to be able to deploy the FAST and NWS's

300

NetSolve forecast ——
Measured time - x -
250 |- FAST forecast --
200 |-
O
© 150
£
=
100
50 - T
X
_ox="
e T X
___x ;1‘314:’7}
[} R Y ot i . . .
128 256 384 512 640 768 896 1024 1152

Matrices size

Fig. 18 FAST and NetSolve forecasts for the commu-
nication time compared to measured time (dgemm).

infrastructure automatically at run-time. This implies
being able to connect the NWS's sensors in a P2P fashion
and to modify the cliques to obtain the best performance.
We would also like to use standard SDK (such as PAPI)
to acquire information about the processors involved in a
computation. Finally, we need to extend our sequential
and parallel routines modeling to other routines from the
BLAS, LAPACK, ScalLAPACK and other libraries.
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