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Abstract

Performance models provide significant insight into
the performance relationships between an application
and the system used for execution. The major obstacle to
developing performance models is the lack of knowledge
about the performance relationships between the
different functions that compose an application. This
paper addresses the issue by using a coupling parameter,
which quantifies the interaction between kernels, to
develop performance predictions. The results, using three
NAS Parallel Application Benchmarks, indicate that the
predictions using the coupling parameter were greatly
improved over a traditional technique of summing the
execution times of the individual kernels in an
application. In one case the coupling predictor had less
than 1% relative error in contrast the summation
methodology that had over 20% relative error. Further,
as the problem size and number of processors scale, the
coupling values go through a finite number of major
value changes that is dependent on the memory
subsystem of the processor architecture.

1. INTRODUCTION

Performance models provide significant insight into the
performance relationships between an application and the
system used for execution. In particular, models can be
used to predict the relative performance of different
systems used to execute an application or to explore the
performance impact of the use of different algorithms to
solve a given task. While there are different classes of
models, e.g., analytical, simulation-based and statistical,
this paper is focused on the class of analytical models
because of the ease for which one can use such models to
predict performance. The problem with analytical models,
however, is with the time required to develop “good”
models in the sense of being within say 15% of the actual

execution time. While significant work has been done with
developing good analytical models for relatively small
kernels (e.g., matrix-matrix multiply, FFT, conjugate
gradient solver), very little work has been done in terms of
developing a composition algebra that indicates how to
combine the kernel models to represent the performance of
an application. This paper addresses the issue of a
composition algebra with the use of the coupling
parameter, which quantifies the interaction between
kernels.

Performance coupling refers to the effect that kernel i
has on kernel jin relation to running each kernel in
isolation. The two kernels can correspond to adjacent
kernels in the control flow of the application or a chain of
three or more kernels. In our previous work we used
coupling to identify parts of the application that required
performance mprovement [GE99, GT99]. The coupling
value provided insight into where further algorithm and
code implementation work was needed to improve
performance, in particular the reuse of data between
kernels. The previous work was extended in [TGO01] to
demonstrate how the coupling values of adjacent pairs of
kernels were used to develop analytical models for one
code, an FFT. This paper, however, explores three
different aspects of coupling:

1) use of coupling values for chains of three or more
kernels to determine how to combine the models of
the different kernels,

2) how the coupling values change with scaling of
the problem size, and

3) how the coupling values change with the scaling
of the number of processors.

We conducted experiments using the coupling
parameter to predict the performance of the NAS Parallel
Benchmarks, specifically BT, SP, and LU. The resultant
predictions were greatly improved over a traditional
technique of summing the execution times of the
individual kernels in an application. In one case the
coupling predictor had less than 1% relative error in
contrast the summation methodology that had over 20%



relative error. In all cases, the coupling predictor was
much better than the summation methodology. Further, as
the problem size and number of processors scale, the
coupling values go through afinite number of major value
changes that is dependent on the memory subsystem of
the processor architecture.

The remainder of the paper is outlined as follows.
Section 2 provides some background on performance
coupling followed by a description of how we extend the
work in Section 3. The experimenta results are given in
Section 4. Section 5 discusses related work with the paper
summarized in Section 6.

2. BACKGROUND

The coupling parameter, G;, quantifies the interaction
between adjacent kernelsin an application. Inthiswork, a
kernel isaunit of computation that denotes alogical entity
within the larger context of an application. The unit may be
a loop, procedure, or file depending on the level d
granularity of detail that is desired from the measurements.
To compute the parameter C;;, three measurements must be
taken:

- PBisthe performance of kernel i alone,

P isthe performance of kernel j alone, and

P; is the performance of kernels i and j (assuming
kernel iimmediately precedes kernel ) in the
application.

These measurements are done in the seguence
determined by the application. In particular, a
measurement is obtained by placing a given kernel or pair
of kernels into a loop, such that the loop dominates the
application execution time. Then the time required for the
application, beyond the given kernel or pair of kernels, is
subtracted such that the resultant time reflects that of only
the given kernel or pair of kernels.

In general, the value G is equal to the ratio of the
measured performance of the pair of kernels to the
expected performance resulting from combining the
isolated performance of each kernel. Since G is the
measurement of interaction between kernels, we compute
it as the ratio of the actual performance of the kernels
together to that of no interaction, as given below:
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For the case of a chain of kernels, we define S as the
set of kernels to be measured. We measure the
performance of the kernels independently (P for every
kernel k in the set S), and the performance of the kernels
together (Ps) to compute the coupling parameter Cs. The

equation for the coupling for a chain of kernels is given
below:

C = 55
S P,
s
For the case of two kernels, Cs=C;.

The summation of the isolated performance is
applicable to performance metrics such as execution time
and cache misses. The summation, however, is not
applicable to all performance metrics, such as floating
point operations per second (flop/s); a weighted average
would be used in this case. Different performance metrics
may require different mathematical formulations for
combining the isolated performance.

It should be noted that interactions between all pairsor
chains of kernels are not necessary. The value, Cj,
represents the direct interaction between two adjacent or
chain of kernelsin an application (i.e., in the sense of the
control flow of the application). For example, for each
unique application control path that has N kernels, only
(N-1) pair-wise interactions are measured.

We group the parametersinto three sets:

Cs = 1 indicates no interaction between the chain
of kernels, yielding no change in performance.

C;s < 1 indicates a performance gain, resulting from
some resource(s) being shared between the kernels
(i.e., constructive coupling).

Cs > 1 indicates a performance | oss, resulting from
the kernels interfering with each other (i.e,
destructive coupling).

e

3. EXTENDING
CONCEPT

THE COUPLING

The major obstacle to developing performance models
of an application is the lack of knowledge about the
performance relationships between the different functions
that compose an application. Further, it is necessary to
capture this relationship as a coefficient that can be used
in an eguation. For example, assume we have an
application that is composed of kerneld followed by
kernelB, and the application iterates on a loop that
contains these two functions until some condition is
satisfied. Also assume that we have manually analyzed
these two functions such that we have model4 and
modelB, analytical models of the two kernels. A
composition algebra would provide the coefficients of the
relationships between the two kernels, represented below
where T isthe execution time of the application:

T = N modeld + K modelB



The coefficients N and K represent the performance

relationships between the two kernels that identify how
they should be combined to reflect the performance of the
application. In this section, we describe how we extend
our previous work on coupling to quantify the
performance relationships between the Kkernels to
represent the performance of an application.

Assume that an application has four kernels (A, B, C,
D) that are executed together in one loop. Let B, B, B
and E represent the analytical models of each of the
respective kernels; these models include the number of
times the kernel is executed in the application. The
equation for the execution time of the application is given
asfollows:

T=aE +bE + gk + dE (€)

To determine the values for the coefficients (a,b,gd),
we use a weighted average of the coupling values
associated with a given kernel. Recall that the pairwise
coupling value indicates the interaction between the pair
of kernels. This value is weighted by the fraction of the
execution time attributed to the pair of kernels. The
weight is needed such that a large coupling value for a
pair of kernels that attribute very little to the execution
time results in an appropriate valued coefficient.

For the case of the four kernels (A, B, C, D) and using
pairwise coupling values, the coefficients have the
following values:

a =[(Cag* Pag) + (Coa * Poa)l
(Psg * Poa)

b =[(Cap * Pag) + (Csc* Pso)]
(Pag + Pso)

9= [(Crc * Pac) +(Ccp * Pep)l
(Psc + Pcp)

d=[(Ccp * Pep) + (Cpa * Ppa)]
(Pcp + Ppa)

For example, the coefficient, a, for the kernel A, includes
the coupling values that include kernel A, C,g and Cpy.
These values are weighted by the ratio of the execution
time attributed to each pair to the summation of the
execution times of the two pairs. Similar equations result
for the other coefficients.

The above example generates the coefficients using
the pairwise coupling values. The coefficients can also be
generated using the coupling values for achain of kernels.
For example, given an application with the flow control of
A > B > C - D, for achain of length three, the kernel A

isincluded in the coupling values-- Cygc, Copa, Cpoag. TO
generate the coefficient for kernel A, a, we use aweighted
average similar to what was used for the pairwise coupling
values. The equations for the coefficients using a kernel
chain of length three are given below :

a = [(Casc* Pasc) H(Cooa * Pooa) + (Coas * Poas)l
(Pasc + Popa + Poag)

b =[(Casc* Pasc) + (Cscn * Psco) + (Coas * Poas)]
(Pasc * Pscot Poas)

9= [(Casc * Pagsc) + (Ceep * Pacp) + (Cepa * Pepa)l
(Pasc * Psco + Pcpa)

d=[(Cscp * Pacp) + (Cepa * Pepa ) + (Cpas * Poas)]
(Pscp + Pepa + Poag)

The use of the weighted average assumes that when
the coupling values were generated, the number of times a
kernel is executed is fixed. Further, it is assumed that the
different runs needed to generate all of the coupling
values have the same input. As to which group of
equations will lead to the best prediction, is an area of
future work.

4. CASE STUDIES: Three NAS Parallel
Application Benchmarks

In this section, we present experimental resultsfocused
on the three different apects of coupling: (1) use of
coupling values for chains of two or more kernels to
determine how to combine the models of the different
kernels, (2) how the coupling values changes with scaling
of the problem size, and (3) how the coupling values
changes with the scaling of the number of processors.
The experiments use three application benchmarks of the
NAS Parald Benchmarks (NPB) suite, BT, SP and LU
[BH95], executed on the IBM SP at Argonne National
Laboratory. This machine consists of 80 processors, each
with 120 MHz P2SC CPUs;, the system includes
approximately 40 GB of memory, 1TB of on-line storage
and 60TB off-line storage.

4.1 NPB: BT

BT (Block Tridiagonal) is an application benchmark,
which solves three sets of uncoupled systems of
equations, first in the x dimension, then in the y
dimension, and finally in the z dimension. These systems
are block tri-diagonal with 5x5 blocks. We divided the
application benchmark into seven kernels:



1) INITIALIZATION: Initializes values.

2) COPY FACES: Phase one computation of the right
hand side.

3) X SOLVE: Solvesthe problemin the x dimension.

4) Y SOLVE: Solvesthe problem inthey dimension.

5) Z SOLVE: Solvesthe problem in the z dimension.

6) ADD: Updatesvalues.

7) FINAL: Verifiesthe solution integrity.

The BT control flow entails executing steps 2 through 6
in aloop. Hence, we focus on obtaining coupling values
for the five main kernels. The parale BT benchmark,
which uses MPI [GL94], requires that the number of
processors is a square. The data sets for BT benchmark
are showed in Table 1. We present the results organized
by data set size. Further, for the sake of brevity, we
present only the coupling values corresponding to the
length of the chain of kernels that produced best
predictions. In all cases, with the exception of the few
cases discussed in the paper, the coupling predictors
performed better than the summation predictor.

BT Data Set Size
S 12x12x12
W 3R2x32x 32
A 64 x 64 x 64

Table 1: Data sets used with the NPB BT.

The kernels INITIALIZATION and FINAL are called once
for Class S, W and A. The kernels COPY FACES, X
SOLVE, Y SOLVE, Z SOLVE, and ADD are called 60 times
for Class S, and 200 timesfor ClassW and A.

Summation is the methodology of accumulating the
total time of each individual kernel to approximate the total
execution time. Let Tinit, Tc-f, Txs, Ty-s, Tzs, Tadd and
Tfinal be the average execution time of the kernel
INITIALIZATION, COPY FACES, X SOLVE, Y SOLVE, Z
SOLVE, ADD and FINAL, respectively. The average
execution time for each kernel is obtained by running the
kernel 50 times. Then the following equation predicts the
execution time of BT for Class S using the summation
methods:

Summation = Tinit + 60 * (Tc-f + Txs+ Ty-s+ Tz-s
+Tadd )+ Tfinal

For the case of datasets W and A, a similar equation is
used with the replacement of 60 by 200 corresponding to
the number of times the loop is executed for the given
dataset sizes.

4.1.1 Small Dataset (S)

Table 2a provides the coupling values obtained for the
pairs of kernels within BT. The general trend is that the
coupling values get larger as the number of processors
increase (the exception is the { Add, Copy Faces} pair
using 9 processors). We believe the reason for this trend
isthreefold:

1) Asthenumber of processorsincreases, the amount of
data computed per processor decreases. This allows
more of the data to reside in the caches alowing
kernels to be affected by the sharing of data through
the cache. The sharing can be either destructive or
constructive.

2) Asthe number of processors increase, the number of
messages in the communication system at any time
increases (higher coupling values) while the size of
each message decreases (lower coupling values).

3) As the number of processors increase, the load
imbalance can increase. Some processors may have
to wait for relatively long periods of time while others
finish their computations. This will result in higher
coupling values.

The data indicates that the number of messages and
load balancing issues are affecting the coupling more than
the message sizes and cache effects. The anomalies occur
when the caching or message lengths are significant. This
is true for the copy faces kernel because this kernel has a
lot of data movement, so the cache nisses and message
lengths have a greater effect as compared to other kernels
that compute data valuesin-place.

Table 2a: Coupling values for BT two kernels with Class S

Kernel Pair Coupling Value
4 processors | 9 processors 16 processors
Copy_Faces, X_Solve 0.9522 1.1639 10121
X _Solve, Y_Solve 1.0189 1.0559 1.2828
Y _Solve, Z Solve 0.9705 0.8480 10781
Z_Solve, Add 1.0082 0.9015 1.1528
Add, Copy Faces 0.8259 2.5180 10314




Table 2b: Comparison of execution times for BT with Class S

Prediction Type Execution Time in seconds (% relative error)

4 processors 9 processors 16 processors
Actual 14576 11817 0.8161
Summation 1.2032 (17.45 %) 0.7332 (37.95 %) 0.5161 (36.76 %)
Coupling: 2 kernels 1.1791 (19.11 %) 0.7507 (36.47 %) 0.5746 (29.58 %)

Table 2b gives the comparison of execution for the

Workstation Dataset (W)

different prediction methods. The first column lists the
prediction type where Actual is the measured execution
time, Summation is the methodology of accumulating the
total time of each individual kernel, and the last row uses
the coupling parameter with given number of kernelsin the
chain. The remaining three columns list the execution time
in seconds and, for the case of the predictions, the relative
error from the measured execution time.

For the small dataset size, we see that the prediction
vaues in Table 2b are not very close to the actual
execution times. We believe that this occurs because the
predicted execution time is so small, that measuring errors
get magnified quickly. The best predictor is boldfaced in
Table 2b, and we can see that the prediction using two
kernels gives better results for larger numbers of
processors, while the summation does best for 4
processors. The average relative error for the summation
method is 30.72%, while the average relative error for the
two kernel predictor is 28.39%.

Table 3a demonstrates that there is a large amount of
constructive coupling that takes place when considering
three kernels. All coupling values are below 0.85. This
should result in execution times less than the summation
of the individual kernels as indicated below in Table 3b.
Further, as the number of processors increases, the
coupling value changes very little. This occurs because
the problem size per process is such that the data is too
large for the first-level cache, but fits within the second-
level cache. Hence, we do not see the effects as given
above for the smaller data set size.

Table 3b shows that predictors that take coupling into
account give more accurate results than summing the
individual kernels execution timesin all cases. The three
kernel predictors have an average relative error of 1.42%,
while the more traditional summation methodology has an
average relative error of 22.42%. This is a significant
improvement.

Table 3a: Coupling values for BT three kernels with Class W

Three Kernels Coupling Value
4 processors 9 processors 16 processors | 25 processors
Copy_Faces, X_Solve, Y Solve 0.7663 0.7427 0.7665 0.7941
X_Solve, Y_Solve, Z Solve 0.8058 0.8013 0.7971 0.8278
Y_Solve, Z_Solve, Add 0.8271 0.8010 0.8475 0.8423
Z_Solve, Add, Copy Faces 0.7338 0.7986 0.7621 0.8165
Add, Copy_Faces, X Solve 0.8435 0.7631 0.7959 0.8250

Table 3b: Comparison of execution times for BT with Class W using three kernels

Prediction Type Execution Time in Seconds (% Relative Error)
4 processors 9 processors 16 processors 25 processors
Actual 28.1184 14.6031 9.8032 7.5263
Summation 34.8469 18.1717 12.0792 8.8887
(23.93%) (24.44 %) (23.22%) (18.10 %)
Prediction 27.7961 14.2328 9.6097 7.3004
using 3 kernels (1.15 %) (2.54 %) (1.97 %) (3.00 %)




Table 4a: Coupling values for BT four kernels with Class A

Four Kernels Coupling Value
4 processors | 9 processors | 16 processors | 25 processors
Copy Faces, X Solve, Y Solve, Z Solve 0.8951 0.7623 0.7899 0.7991
X Solve, Y Solve, Z Solve, Add 0.7957 0.7950 0.8137 0.8316
Y Solve, Z Solve, Add, Copy Faces 0.9282 0.7860 0.7917 0.8037
Z Solve, Add, Copy Faces, X Solve 09732 0.7852 0.8216 0.8546
Add, Copy Faces, X Solve, Y Solve 0.8948 0.7550 0.7628 0.7498

Table 4b: Comparison of execution times for BT with Class A

Prediction Type Execution Time in Seconds (% Relative Error)
4 processors | 9 processors | 16 processors [ 25 processors
Actual 572.8050 263.6280 156.3300 107.7080
Summetion 633.7375 335.5829 196.6579 132.9664
(10.64 %) (27.29 %) (25.80 %) (23.45 %)
Coupling: 4 kernels 562.9191 260.8929 156.8362 107.6433
(1.73 %) (1.04 %) (0.32 %) (0.06 %)

4.1.3  Large Dataset A

Table 4a provides the coupling values for four kernel
chains as this was the coupling case that provided the
best predictions. The data indicates that for most four
kernel pairs, the coupling value decreases when going
from 4 to 9 processors and then has very little change
beyond 9 processors. For these cases where some change
in coupling value occurs, the coupling values are in the
range of 0.9 indicating very little constructive coupling.
This occurs because for the case of 4 processors, the
problem size per processor is such that the data for the
four kernel case is definitely beyond the caches. Hence,
the coupling between the four kernelsis such that thereis
little constructive coupling. However, as the problem size
decreases per processor, we see some constructive
coupling with valuesin the range of 0.8.

Table 4b indicates that the four kernel predictor has the
best accuracy overall with an average relative error of
0.79%. We are starting to see that as the dataset increases
we need to consider more kernels when computing
coupling. Thisis specific to the BT application and it isan
open guestion whether this holds for all applications.

4.1.4  Summary
The BT application was modeled very well when we

considered three and four kernels coupling values. Asthe
dataset size increased, we saw the accuracy of these two

predictors increased. Also, as the number of processors
increased, we saw the accuracy of these two coupling
predictors increased. The summation methodology and
the two kernel coupling predictor did not seem to change
very much with regards to these two factors. These results
demonstrate that using coupling parameter can greatly
increase the accuracy of execution time predictions.
Further, as the number of processors increases, we see
that the coupling value changes with respect to the effects
of the cache. We find that the coupling values go through
afinite number of transitions as the problem size scales.

4.2 NPB: SP

SP (Scalar Pentadiagonal) is an application benchmark,
which solves three sets of uncoupled systems of
equations, first in the x, then in the y, and finaly in the z
dimension. These systems are scalar pentadiagonal. We
divided the application benchmark into eight kernels:

1) INITIALIZATION: Initiaizesvalues.

2) COPY FACES:. Phase one computation of the right
hand side.

3) TXINVR: Phase two computation of the right hand
side.

4) X SOLVE: Solvesthe problemin the x dimension.

5) Y SOLVE: Solvesthe problem inthey dimension.

6) Z SOLVE: Solvesthe problem inthe z dimension.

7) ADD: Updates values.

8) FINAL: Verifiesthe solution integrity.



The SP control flow entails executing steps 2 through 7
in aloop. Hence, we focus on obtaining coupling values
for the six main kernels. The parallel SP benchmark
requires that the number of processors is a square. The
data sets for SP benchmark are given in Table 5. For
brevity, we only include the prediction tables for the SP
application. We used the same methods to compute the
predictions and saw similar trends in the coupling values
in SPaswith BT.

SP Data Set Size
W 36x36x36
A 64 x 64 x 64
B 102 x 102 x 102

Table 5: Data sets used with the NPB S

Table 6a: Comparison of execution times for SP with Class W

Prediction Type Execution Time (seconds) (% Relative Error)
4 processors 9 processors 16 processors 25 processors
Actual Execution Time 81.7139 40.4299 26.8212 195731
Summation 104.2775 46.82385 30.23738 21.06709
(27.61%) (15.81%) (12.74%) (7.63%)
Coupling: 4 kernels 82.93803 40.33829 26.25598 19.05079
(1.50%) (0.23%) (2.11%) (2.67%)
Coupling: 5 kernels 81.86098 40.05919 26.67478 19.79375
(0.18%) (0.92%) (0.55%) (1.13%)

Table 6b: Comparison of execution times for SP with Class A

Prediction Type Execution Time (seconds) (% Relative Error)
4 processors 9 processors 16 processors 25 processors
Actual Execution Time 478.828 205.970 129.546 84.9322
Summation 618.0988 247.3636 1529177 97.60911
(29.09%) (20.10%) (18.04%) (14.93%)
Coupling: 4 kernels 457.1872 2110591 129.5085 84.20481
(4.52%) (2.47%) (0.02%) (0.86%)
Coupling: 5 kernels 470.0681 208.1988 131.2545 85.33942
(1.83%) (1.08%) (1.32%) (0.48%)

Table 6¢c: Comparison of execution times for SP with Class B

Prediction Type Execution Time (seconds) (% Relative Error)
4 processors 9 processors 16 processors 25 processors

Actual Execution Time 2062.01 770424 471.2020 304.9790
Summation 2538.033 928.3681 562.0345 361.7253
(23.09%) (20.50%) (19.34%) (18.61%)
Coupling: 4 kernels 2075.067 778.0906 4784723 310.6063

(0.63%) (1.00%) (1.54%) (1.85%)
Coupling: 5 kernels 2099.987 781.0699 475.9352 310.3162
(1.84%) (1.38%) (1.00%) (1.75%)




Table 6a shows that using coupling performed better
than the summation method, which had an average relative
error of 15.95%, while the coupling predictor had an
average relative error of 1.63% for 4 kernels coupling, and
0.70% for 5 kernels coupling.

We see similar trends in Tables 6b and 6¢ as we saw in
Table 6a with the coupling predictors noticeably better
than the summation methodology. Table 6b shows that
using coupling performed better than the summation
method, which had an average relative error of 20.54%,
while the coupling predictor had an average relative error
of 1.97% for 4 kernels coupling, and 1.18% for 5 kernels
coupling. In Table 6c, the worst relative error for coupling
is 1.85%, while the best relative error for the summation
methodology is 18.61%. Again, finite transitions occurred
with the coupling values as the number of processors and
problem size scale.

4.3 NPB: LU

The LU benchmark requires a power-of-two number of
processors. A 2-D partitioning of the grid onto processors
occurs by halving the grid repeatedly in the first two
dimensions, alternately x and then y, until all power-of-two
processors are assigned, resulting in vertical pencil-like
grid partitions on the individual processors. The ordering
of point based operations constituting the SSOR
procedure proceeds on diagonals which progressively
sweep from one corner on a given z plane to the opposite
corner of the same z plane, thereupon proceeding to the
next z plane. Communication of partition boundary data
occurs after completion of computation on all diagonals
that contact an adjacent partition. This constitutes a
diagonal pipelining method. It results in arelatively large

number of small communications of five words each. It is
very sensitive to the small-message communication
performance.

We have divided the benchmark into ten kernels:

1) INITIALIZATION: setsall theinitia valuesfor
various matrices, vectors, and scalars.

2) ERHS: computesthe forcing matrix.

3) SSOR_INIT: initializes various vaues for SSOR

4) SSOR_ITER: performs SSOR iteration

5) SSOR_LT: performsthe lower triangular solution

6) SSOR_UT: performsthe upper triangular solution

7) SSOR_RS: updates the variables, and computes
Newton iteration residuals

8) ERROR: iteratesthrough the ce matrix

9) PINTGR: computes the surface integral

10) FINAL.: verifiesthe solution integrity and cleans
up any data structure along with printing out the
results of the computation.

The LU control flow entails executing steps 4 through 7
in aloop. Hence, we focus on obtaining coupling values
for the four main kernels. The paralel LU benchmark
requires that the number of processors is a power of 2.
The data sets for LU benchmark are showed in Table 7.

Table 7 Data sets used with the NPB LU

LU Data Set Size
W 33x33x33
A 64X 64 x 64
B 102 x 102 x 102

Table 8a Comparison of execution times for LU with Class W

Prediction Type Execution Time (seconds) (% Relative Error)
4 processors 8 processors 16 processors 32 processors
Actual Execution Time 65.0657 40.4449 20.8262 13.2299
Summation 71.07346 40.52920 21.74169 18.21382
(9.23%) (0.21%) (4.40%) (37.67%)
Coupling: 3 kernels 66.15179 40.52396 21.35540 14.45664
(1.67%) (0.19%) (2.54%) (9.27%)




Table 8b Comparison of execution times for LU with Class A

Prediction Type Execution Time (seconds) (% Relative Error)
4 processors 8 processors 16 processors 32 processors
Actual Execution Time 385.424 210414 115930 65.97659
Summation 417.039% 2182716 118.4446 68.70924
(8.20%) (3.73%) (2.17%) (4.14%)
Coupling: 3 kernels 388.9882 208.6102 114.7253 63.95012
(0.92%) (0.86%) (1.04%) (3.07%)

Table 8¢ Comparison of execution times for LU with Class B

Prediction Type Execution Time (seconds) (% Relative Error)
4 processors 8 processors 16 processors 32 processors
Actua Execution Time 1813.38 910.352 469.301 251.752
Summation 1873.875 933.8349 487.1409 257.4962
(3.34%) (2.58%) (3.80%) (2.28%)
Coupling: 3 kernels 1818.685 906.4860 462.5654 255.0427
(0.29%) (0.42%) (1.44%) (1.31%)

Table 8a shows that using coupling performed better
than the summation method, which had an average relative
error of 12.88%, while the coupling predictor had an
average relative error of 3.60%.

We see similar trends in Tables 8b and 8c aswe saw in
Table 6a with the coupling predictors noticeably better
than the summation methodology. Table 8b shows that
using coupling performed better than the summation
method, which had an average relative error of 4.56%,
while the coupling predictor had an average relative error
of 1.47%. In Table 8c, the worst relative error for coupling
is 1.44%, while the best relative error for the summation
methodology is 2.28%.

5. RELATED WORK

Allan Snavely defined a similar concept to coupling as
symbiosis[SC99]. Hiswork studied the interaction of two
separate programs on a multithreaded machine; in contrast
our work focuses on the interactions within an application.
The equations used to quantify interaction uses a similar
ratio of isolated and simultaneous execution times. His
work in [SCO0] indicated that dynamic scheduling of
multiple highly tuned applications still produces better
efficiency on the Tera MTA. We believe our work
compliments this work nicely in that we can provide the
highly tuned applications to their dynamic scheduler.

Rafael Saavedra did much work characterizing various
benchmarks [SS92] by decomposing them into high-level
Fortran statements. Saavedra's work demonstrated that
measurements of high level constructs can result in

accurate predictions (over 50% of the predictions had less
than 10% error) if cache or compiler optimizations are not
used. In [SS93], he added terms in his model to account
for cache effects. This improved the accuracy of his
model to more than 80% of the predictions with less than
10% error. Our work compliments Saavedra's work in
quantifying and understanding the interaction between
kernels.

6. CONCLUSIONS

We have seen that using performance coupling values
can greatly improve the prediction of execution times over
a summation methodology. For BT dataset A, the four
kernel predictor had an average relative error of 0.79 %,
while the summation methodology had an average relative
error of 21.80%. For the SP dataset A, the four kernel
predictor had an average relative error of 1.97%, while the
summation methodology had an average relative error of
20.54%. For the LU dataset A, the three kernel predictor
had an average relative error of 1.47%, while the
summation methodology had an average relative eror of
4.56%. Additionally, we often saw the accuracy of all
models improve with an increase in number of processors
or dataset size. Further, for the BT benchmark, the data
indicated that the coupling values go through a finite
number of transitions as the problem size and number of
processors scale. These results demonstrate that with a
few more measurements to obtain coupling parameters,
one can create more accurate models of the applications.
Future work is focused on determining which coupling



values must be obtained and which values can be reused,
thereby reducing the number of needed experiments. In
addition future work is focused distributed applications.
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