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Abstract

We present a methodology that can identify and for-
mulate performance characteristics of a computational
application and uncover program performance trends
on very large, future computer architectures and prob-
lem sizes. Based on this methodology we present \per-
formance forecast diagrams" that predict the scalability
of a large seismology application suite on a terabyte
data set. We �nd that the applications scale well up
to a large number of processors, given an interconnec-
tion network similar to the one of the SGI/Cray Origin
architecture. However we �nd that if we increase the
computation-to-communication speed ratio by a factor
of 100, the di�erent applications of the seismic suite
start exhibiting architectural \sweet spots", at which
the communication overhead starts to dominate com-
putation time.

The presented methodology has proven to be useful
in characterizing large computational applications. It
is being applied in a project to create a repository of
realistic programs and their characteristics.

1. Introduction

The motivation for the work presented in this paper
is twofold. One of our long-term goals is to develop fa-
cilities that enable computer systems research teams to
use large computational applications for evaluating and
guiding their work. Such applications need to be char-
acterized in meaningful ways. Methodologies for per-
forming such characterizations are not well developed,
and there is a lack of tools that help gather the nec-
essary information from programs and their machine
environments. In this paper we will contribute to the
development of such methodologies and tools.

�This work was supported in part by U. S. Army contract
DABT63-92-C-0033, NSF award ASC-9612133, and an NSF CA-
REER award. This work is not necessarily representative of the
positions or policies of the U. S. Army or the Government.

A second goal is to develop next-generation com-
puter architectures. We need methods for predicting
performance trends of relevant applications on new ma-
chine concepts and system con�gurations. In related
work we are using simulator tools to evaluate new ar-
chitectures [5]. Simulators can perform detailed evalu-
ations of small to mid-size programs. However, while
it is already challenging to execute large-scope applica-
tions with large data sets on current high-performance
machines (e.g, Dataset 6 requires 100 GB of disk
space), the simulation of such programs on future ar-
chitectures and problem sizes is not feasible. This pa-
per develops methods to �nd performance trends where
simulations are beyond reach.

For our project, we studied a large computational
application suite used by the petroleum industry in the
search for oil and gas. The application, called \Seis-
mic," is also part of SPEChpc96, a benchmark suite of
large-scope industrial applications [7]. Relatively lit-
tle is known about the performance behavior of these
codes. Our work will contribute to the characteriza-
tion of this suite, hence facilitating its use for both our
projects and those of related groups. We will make spe-
ci�c use of these results in our project to evaluate very-
high-performance computer architectures that may be
built within the next 10{20 years [4].

The speci�c contributions presented in this paper
are

� a new method for describing and formulating per-
formance trends of computational applications,
parameterized by dataset sizes and variables of the
underlying architectures,

� a description of tool technology that can help de-
termine these trends,

� a discussion of the accuracy of these methods and
their comparison with measured application tim-
ings on current computer systems,

� discussion of several \performance forecast dia-
grams" that show the behavior of the seismic pro-



cessing suite on future architectures under several
\hardware assumptions."

Our work di�ers from related projects in several
respects. Our goal is to develop methods and tech-
niques that apply to large-scope computational appli-
cations. Many methods that apply to small and mid-
range problems are not feasible for large programs and
datasets. One example is the limitation of simulation
methods, mentioned above. Second, for our perfor-
mance prediction methods we make use of advanced
symbolic program analysis techniques available in op-
timizing compilers. We attempt to determine program
characteristics from the given application, even where
other approaches may resort to user queries [3]. Third,
our performance prediction is based on the computed
volume of computation, communication, and I/O plus
factoring in measured e�ective parameters of sample
program runs. This contrasts with related approaches
that use kernel benchmarks for determining computa-
tion and communication speeds [2] or that are based
on counting the number of program statements [14]. It
also contrasts with approaches that concentrate of the
measurement of parallel overhead factors in order to
predict extrapolated performance [6]. Fourth, an im-
portant goal of our prediction methodology is to cap-
ture performance trends for future computer architec-
tures. This is di�erent from and complementary to ap-
proaches that model performance with the goal of im-
proving application speeds [1], capturing communica-
tion behavior [15], benchmarking current machines [8],
and creating performance measurement tools [9, 12].

2. SPECseis96: A Seismic Processing
Application Suite

In this paper we concentrate on the seismic process-
ing suite SPECseis96. This suite is available as part of
a benchmarking e�ort by the SPEC/High-Performance
Group [7] for both machine benchmarking and scien-
ti�c study. It is a code used in the petroleum industry
for the prospecting of oil and gas, consisting of four
applications, referred to as four \phases," which per-
form the seismic processes: data generation, stacking
of data, time migration, and depth migration. Each of
the four phases have distinct computation, communi-
cation, and disk IO characteristics. The entire suite
contains 20,000 lines of Fortran and C and includes
intensive communication as well as intensive disk IO.

Several datasets are available, ranging from a 17 MB
dataset to sizes that are larger than current machines
can handle (4 TB.) The data space consists of seismic
samples in traces along a number of so-called lines [10].
Temporary disk space is required for the �le of traces,
which are records of signal amplitudes at speci�c 3D
coordinates. The data size depends on the number

of samples in a trace, the number of traces in a line,
and the number of lines. The traces are collected into
groups according to a traces-per-group parameter al-
lowing the data to be passed between seismic processes
as a two-dimensional array of traces.

The phases are designed to execute in sequence,
though the third and fourth phases can be executed
simultaneously. Within each phase, a main-loop per-
forms a series of functions on each trace. Phases 2, 3,
and 4 require data to be processed and passed across
the processors throughout the phase. Phase 1 requires
communication only to decompose at the start of the
phase and join the data at the phase's completion.
Each processor writes a disjoint segment of the data
�le allowing for writing to occur simultaneously among
processors without blocking.

Communication is implemented using a message-
passing layer. Sends and receives are blocking, hence
the total time a processor spends communicating can
be separated from the time it spends computing. Thus,
both communication and disk IO can be captured using
time-stamps at the beginning and end of the read and
write functions. All time spent outside of the disk IO
and communication routines is considered time spent
in computation.

3. Methodology

We have de�ned analytical models for the compo-
nents of the execution time, which relate the loads
placed on the machine's resources with the code struc-
tures that create these loads. We simplify the loads
placed on a machine's resources into three categories:
computation, communication, and disk IO. Our break-
down of the execution time makes the simplifying as-
sumption that the number and size of processor-to-
processor messages and disk reads and writes con-
tribute the majority of overheads. All other e�ects
are not separated from the above three in our analysis.
Speci�cally, our analysis only implicitly models the be-
havior of the cache. While the presented measurements
will show good accuracy of our predictions, extending
the models is an ongoing e�ort, which will increase the
range of applicable programs.

3.1. Modeling Computation

The computation time is modeled for each loop in a
program based on the execution time of the loop body
and the number of loop iterations. The iteration num-
ber of a loop is expressed in terms of the application's
input parameters and the number of processors. This
allows us to scale the number of iterations a loop exe-
cutes with respect to meaningful dataset and architec-
ture parameters. The forecasted execution time of a
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loop i (FORE Timeloop�i) is the number of times the
loop is expected to execute (FORE Callsloop�i) mul-
tiplied by an expression describing the average num-
ber of iterations the loop executes per call (named
FORE Iterloop�i) combined with the average mea-
sured time to execute a single iteration, (referred to as
a base measurement, BASEloop�i .) We obtain mea-
sured times by surrounding the loop with time stamps
and summing the loop times exclusive of any time
spent in inner-loops, for a speci�c program run. This
sum (MEAS Timeloop�i ,) is divided by the recorded
number of iterations executed over the entire phase
(MEAS Iterloop�i ,) to give a measured, average time
per iteration of the loop. For Seismic, we used times
from a run of Dataset 3a on four processors of the
SGI/Cray Origin20001 as a base measurement.

BASEloop�i =
MEAS Timeloop�i

MEAS Iterloop�i

FORE Timeloop�i = FORE Callsloop�i

�FORE Iterloop�i � BASEloop�i

3.2. Modeling External Resources

Loads on resources other than the CPU that are ac-
cessed using explicit external commands, (such as com-
munication sends/receives and disk reads/writes,) are
described by (1) their position within the loop struc-
ture, (2) the size of the data that the commands op-
erate on, and (3) architectural parameters, such as the
number of processors. Commands to external resources
are located within the loop structure of the applica-
tion, yielding the expression that describes the number
of times these commands occur during program exe-
cution. We only consider explicit communication and
disk IO commands.

External commands also have parameters that de-
scribe the size of the data they operate on, (the size
of the message or of the read/written data.) These
parameters are expressed in terms of the application
and the program's input parameters, just like the loop
range expressions. The time taken to access an exter-
nal resource over the course of the program is de�ned
using the function for the number of commands which
access this resource and the size of the data accessed
by each command.

The performance of the interconnect and the disk
are greatly a�ected by their runtime environment.
Since we are approaching performance from a static
perspective, we do not simulate or measure dynamic
events, which make up such performance issues as com-
munication contention. Yet, we can grasp the volume

1We used modi3, at the time, a 32-processor node of an
SGI/Cray Origin2000 dedicated to single-user jobs, courtesy of
NCSA at the University of Illinois.

of explicit disk accesses and communications. Our
models combine characteristics of the code with the
structure of the machine.

To account for the overhead of a message-passing
layer or a �le access, we use measured data as a basis.
We determine the latencies used in our communication
and disk IO performance models for each application
phase separately. This gives us an e�ective communica-
tion latency, or a measure of the overhead in executing
a communication call within a certain application (a
phase of Seismic.)
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Figure 1. The base times for one-to-all broadcasts
and barrier synchronizations are shown in this graph
for each phase. The phase is given to the left side
in the legend. These times are recorded in a lookup
table for each phase. Then, a communication latency
is calculated by the type of communication (all-to-
all, synchronization, or master-slave gather,) and the
number of processors.

Modeling Communication We include three la-
tencies in our model, based on the SGI/Cray Origin
hypercube-like interconnect:

COMMsu: a startup latency for a single communi-
cation command, obtained by calculating the av-
erage latency per message from measured data; a
measure of the overhead for a communication call
not including the size of the system.

COMMhub: a Hub latency for a processor-to-
processor connection, obtained by �tting fore-
casted to measured data.

COMMrouter: a router latency for a hub-to-hub con-
nection, also obtained by �tting forecasted to mea-
sured data.

Given a network topology, we sum the number of
Routers (One2All � Routersp) and Hubs (One2All �
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Example: A forecast formula for the execution time of a loop is given below. loop-273 in subroutine vfill

steps through a vector, with a given stride, setting elements of the vector to a given constant. This loop is
called to initialize the working array for accumulating a local image sum in order to propagate the wave �eld one
depth step|part of the depth migration of the fourth phase of Seismic. The following values give the measured
time and recorded number of iterations that loop-273 executes during Phase 4 as well as the expressions used
to forecast the number of calls and iterations of this loop.

MEAS Timeloop�273 4.643 milliseconds
MEAS Iterloop�273 486,400 iterations
FORE Callsloop�273 1 +

�
ZMAX

10

�
calls

FORE Iterloop�273 NX � NLINE iterations-per-call

These values and expressions are used to formulate our model of loop-273's execution time.
BASEloop�273 =

0:004643 seconds
486;400 iterations

= 9:55 nanoseconds

FORE Timeloop�273 =
�
1 +

�
ZMAX

10

��
� (NX �NLINE) � (9:55 nanoseconds)

This expression describing the execution time of loop-273 can then be used to forecast how long the loop
will execute for Dataset 8 by plugging in the values for the application-speci�c parameters accordingly:
ZMAX ! 10,000, NX ! 2,168, NLINES ! 1,024. The forecasted time for loop-273 with Dataset 8,
FORE Timeloop�273, is 21 seconds.

Hubsp) that all the messages originating from a com-
munication command executed on one processor must
pass through. We describe how the latency of a com-
munication command varies with the number of proces-
sors using these sums. Only two types of communica-
tion are done within Seismic: barrier synchronizations
and all-to-all broadcasts.

The number of Hubs and Routers traversed by
all messages sent in a one-to-all broadcast is deter-
mined for every number of processors (of a power of
two) and placed in a lookup table. The base time
for a one-to-all broadcast, (BASEone2all�P ,) is calcu-
lated from the number of Hub, Router, and startup
latencies required to perform a one-to-all broadcast.
FORE Timeall2all�i , the time for an all-to-all broad-
cast, is found by multiplying the base time by a fac-
tor of 2 � (P � 1), because the all-to-all communi-
cation command consists of a blocking send and re-
ceive with every other processor. Messages longer than
a threshold are divided into multiple messages using
the message size, FORE Sizeall2all�i , and the maxi-
mum allowable message size, COMMmax�size, which
we set to the 4 KB threshold of our MPI implemen-
tation. The time for one all-to-all broadcast is mul-
tiplied by the number of times this speci�c, explicit
command is called within the seismic phase, labeled
FORE Callsall2all�i .

FORE Timeall2all�i = FORE Callsall2all�i

�2� (P � 1)�

�
BASEone2all�P

+ dFORE Sizeall2all�i
COMMmax�size

e

�

Barrier synchronizations take advantage of the hy-
percube structure to synchronize all processors in a tree

fashion. Their latencies are calculated for every num-
ber of processors (of a power of two) by counting the
number of Routers and Hubs traversed by the mes-
sages. The resulting model for the time of a synchro-
nization command, (FORE Timesync�i,) includes the
number of times the speci�c synchronization command
is executed, (FORE Callssync�i,) and the base time,
(BASEsync�P .)

FORE Timesync�i =

FORE Callssync�i � BASEsync�P

The base measurements for the all-to-all and syn-
chronization commands for all four phases are graphed
in Figure 1, showing how the measured averages a�ect
the e�ective latencies.

Modeling Disk IO Our disk model considers ex-
plicit IO commands within the code. They are mod-
eled as a startup latency, which depends on the log-
arithm of the number of processors, and a transmis-
sion latency per byte of the disk access. The startup
and transmission latencies are calculated separately for
each application phase and also separately for reads
and writes from measured data. Separating latencies
for reads from latencies for writes is signi�cant in Phase
2, which reads from the disk �le in large strides (us-
ing \transposed" reads where one sample is read from
each trace.) The startup latency per read is the aver-
age time per read (READStartup) times the logarithm
of the number of processors. The transmission latency
per read (READTransmit) is the average time per byte
of the read accesses. Latencies for writes are calculated
in the same manner.
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FORE Timeread�i = FORE Callsread�i

�

�
READStartup � (logP + 1)

+ FORE Sizeread�i
READTransmit

�

Our communication and disk IO performance mod-
els represent simple approximations, corresponding to
our goal of capturing important aspects of an applica-
tion's performance behavior. Though our model can-
not incorporate detailed runtime e�ects, it gives trends
for the scalability of the features we can calculate stati-
cally and estimate in terms of application and machine-
relevant parameters. The analytical models are used to
determine how the loads produced by the application
and the underlying machine con�guration scale with
the size of the dataset, structure of the data, and ma-
chine parameters.

4. Precision of Forecasts

Phase 4: Depth Migration
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Figure 2. Loop-by-Loop Comparison of Forecasted
to Measured Computation Times, dependent on Ma-
chine Size. These values are for Phase 4 of Seismic

using Dataset 1, run on one 32 processor node of
an SGI/Cray Origin 2000. The forecasts are com-
pared to the measured times for 1,2,4,8,16, and 32
processors. The bars labeled "F-" correspond to the
forecasts; the bars labeled "M-" are measured values.
The top ten loops are given as di�erent patterns and
the black segment refers to the remaining loops. Dis-
crepancies between our forecasts and what we mea-
sure can be localized within loop boundaries.

To verify the method we used in characterizing the
performance of a large application suite we compared
the scalability forecasted by our execution time model
with actual measurements. Our model's scalability was
tested as processors were added, keeping the data space

Phase 4: Depth Migration
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Figure 3. Comparison of Forecasted to Measured
Times for the Components of Execution Time, de-
pendent on Machine Size. These values are also for
Dataset 1, run on a 32-processor node of an SGI/Cray
Origin2000. Unlike the previous �gure, here we in-
clude the total execution time broken down by com-
ponent: computation, communication, disk reads,
and disk writes. The graph shows results for the
fourth seismic phase as the number of processors is in-
creased from 1 to 32. The bars display the forecasted
times of: Total Time, Computation Time, Disk IO
Time, Disk Read Time, and Disk Write Time. The
di�erence between the forecasted and measured times
for each component are shown as error bars at the top
of each bar. From the graphs we see that computation
time is the most accurately modeled component.

constant. Some results of these tests are displayed in
Figure 2 and Figure 3.

Since we predict the performance of each loop in the
program individually, we can pinpoint the loops whose
forecasts do not scale the same as our measurements.
Figure 2 shows that for the majority of loops measured
and predicted times agree well, while for a few loops
there are discrepancies. Further re�ning of the per-
formance expressions for the problematic loops can be
done to make the forecasts more accurate. Cache ef-
fects and operating system latencies are indirectly in-
cluded in the execution times for an iteration of each
loop, which comes frommeasured data (Dataset 3a run
on 4 processors.) While our tests using the �rst three
datasets and a 32-processor machine show the predic-
tions to be reasonably precise, improving the models is
an ongoing project. Of particular interest is the more
accurate formulation of cache e�ects and network con-
tention.

The less predictable aspects of the Seismic's per-
formance are the times for communication and disk
IO. Figure 3 shows a breakdown of Phase 4's execution
time into time spent in computations, communications,
and disk accesses. Separating computation time from
time spent servicing external devices (communication
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Phase 4: Depth Migration
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Figure 4. Comparison of Forecasted to Measured
Times for the Components of Execution Time, depen-
dent on Data Size. The dataset is varied with increas-
ing dataset size; Dataset 1 requires 17 MB to store all
the traces and Dataset 3b uses 137 MB to do so. In
each case, four processors of a 32-processor SGI/Cray
Origin2000 node are used. The graph shows results
for the fourth seismic phase. The total execution time
is broken down into four components: computation,
communication, disk read, and disk write time. The
di�erence between the forecasted and measured times
for each component are shown as error bars at the top
of each bar. Dataset 3a and Dataset 3b are very simi-
lar except for a few parameters: Dataset 3b has twice
as many samples per trace and half as many groups
per line. Also, Dataset 3b's x-y-z values for velocity
sampling are larger than those of Dataset 3a's and its
number of depth steps is increased by one half (this
parameter only a�ects this seismic phase.)

and disk IO) reveals that the computation time can be
accurately predicted by our simple model. The di�er-
ences between the forecasted and measured times, seen
in Figure 2, are consistent as the number of processors
is increased|i.e., the error in the forecasts for loop ex-
ecution times stays within tight bounds as the number
of processors is increased.

We also varied the dataset size in Figure 4. The data
space is increased from 17 MB to 137 MB. The data
space is scaled consistently from Dataset 1 to Dataset
3a. Dataset 3b di�ers from Dataset 3a by keeping the
overall amount of space required to store all traces rela-
tively constant, increasing one dimension (the number
of samples in a single receiver's trace) and decreasing
another (the number of groups of traces in a line.) We
include both Dataset 3a and Dataset 3b to investigate
how well our forecasting model grasps changes to indi-
vidual application parameters as opposed to increasing
the data space in a consistent manner. The compu-
tation time does not vary much (relative to the times
for Dataset 3a) for the �rst three phases despite this
modi�cation. However, Phase 4's time increases be-

cause Phase 4's computations are dependent upon the
number of depth steps, which is 50% larger than with
Dataset 3a.

5. Performance Forecast for Seismic

Given the methodology and tools introduced in the
previous sections we now predict the performance of
Seismic when using a very large dataset of several ter-
abytes (Dataset 8.) The totals per phase are shown
in Figure 5. The forecasts reveal that the computa-
tion time remains the major component of the execu-
tion time with large datasets, even when using up to
2,048 processors, meaning that Seismic is expected to
perform very well under aggressive parallelization. Ex-
trapolating for Dataset 8 distinguishes the major char-
acteristics of the seismic processing phases.

� Phase 1 is highly parallel and performs a signi�-
cant amount of disk writing.

� Phase 2 performs hours of communication as well
as spends much time in disk IO. The majority of
disk IO is spent reading from the disk.

� Phase 3 remains the shortest phase. Its commu-
nication depends upon two synchronizations. Its
disk IO occurs within a matter of minutes.

� Phase 4 is computationally intensive, taking ap-
proximately ten times longer than the computa-
tions in Phase 2. The communication of Phase
4 is approximately ten times that of Phase 2, but
their communication curves exhibit similar charac-
teristics. The disk IO remains relatively constant,
in minutes.

Current trends in processor technology favors CPU
speed over communication speed; i.e., processor perfor-
mance is increasing with new technology quicker than
communication speed and the speed of disk accesses.
To model these trends we scale up the computation
speed by a factor of 100 without changing the commu-
nication performance. The forecast of Seismic under
these hardware assumptions is given in Figure 6. The
characteristics we can extract from this study are:

� Phase 1 and 4 bene�t from higher processing
power.

� The performance of Phases 1 and 2 are dependent
upon the disk access latencies. However, Phase 1
requires twice as much computation and half the
disk IO as that of Phase 2.

� Also, Phase 2's disk IO consists of reads while
Phase 1's consists of writes.
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Figure 5. Forecasted Times for the Components of Execution Time, Extrapolating Machine Size. The forecasts are
for Dataset 8 (which requires 4 terabytes to store all the traces.) The machine being forecasted is an SGI/Cray
Origin2000 which allows con�gurations of up to 2,048 processors. Each graph displays the trend of each seismic phase
for a component of the execution time as the number of processors is increased. These graphs show how intensive the
computation, communication, and disk IO of the phases are in relation to each other. The communication of phases
2 and 4 occurs throughout the execution of these phases, which is why their communication patterns are similar.
In contrast, phases 1 and 3 do a �xed number of communications for a given dataset, regardless of the number of
processors. Using transposed reads (where a single trace is read from each group instead of every trace in a group
being read sequentially) in Phase 2 makes its disk IO time the highest of all the phases.

� Phases 2 and 4 will eventually become communi-
cation dominated as more processors are added.

� Disk IO can be parallelized in all phases except in
Phase 4, where it decreases to a limit around 32
processors.

The \sweet spots" in this �gure are the minimum
total execution times for each phase. Each phase has a
sweet-spot after which its communication starts dom-
inating the execution time. These points vary among
the phases since the relative importance (in terms of
time) of the execution time components di�ers across
the phases.

6. Conclusions

We have developed a methodology for characterizing
large computational applications in terms of their per-

formance trends for large datasets and on large system
con�gurations. We will use this methodology for ana-
lyzing and documenting a series of applications, which
will be made available to other research groups. \Per-
formance forecasting" is one of several methodologies
for describing application programs such that research
teams developing computer systems technology may
�nd it easier to work with large, realistic applications
and to do performance evaluation based on these pro-
grams. A repository that makes this information pub-
licly available is being built [11].

Tools to support the described methodology in an
automatic manner are partially available. Currently,
several manual steps must be performed for creating
performance diagrams as shown in this paper. In part,
these manual steps compensate for current shortcom-
ings of available tools, (such as limited compiler anal-
ysis techniques,) as well as combine the results of the
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Figure 6. Forecasted Execution Time for Dataset 8
on a machine with Faster CPU Performance. The
CPU performance is improved by 100 times, (roughly
corresponding to 20-gigahertz CPU's,) and the totals
for all four seismic processing phases are given in a
single graph. The interprocessor network is the same
as the hypercube network used by the SGI/Cray Ori-
gin2000 design. This models trends that CPU per-
formance increases faster than communication per-
formance.

various tools. Building an integrated environment is a
long-term goal.

Using the described methodology we have identi�ed
performance trends of a large-scope seismic processing
application suite. We have done this analysis using
datasets that are larger than could be executed on any
existing computer system. We have found that the ap-
plications scale well up to about 2000 processors, after
which the current data partitioning scheme limits the
available parallelism. When assuming a computation-
to-communication speed ratio of 100 times the one of
a SGI/Cray Origin2000 machine we have seen that the
application begins to exhibit \sweet spots". These dis-
tinct, best-architecture points for the various seismic
processing phases point out the key bottlenecks in each
phase for architectures in which processing power dom-
inates communication speed. Increasing the number of
processors beyond these points will negatively impact
the overall performance due to communication and IO
overheads.

Extending the described models to a larger appli-
cation class is an ongoing e�ort. Seismic is a regular
application, for which it is relatively easy to determine
and formulate the volumes of computation, communi-
cation and I/O. Furthermore, we have included cache
behavior only implicitly, by factoring it into the overall
computation speed. There is good agreement for our
applications between predicted performance and the
measurements up to 32 processors on the SGI/Cray
Origin2000. Further studies with other applications
are needed to demonstrate the applicable scope of the

described methods and identify future extensions.
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