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Abstract

Parallel application developers are facing a myriad of
parameters when trying to understand the performance be-
havior of their code. Even within a single hardware con-
figuration, the performance of any application will depend
among others on factors such as the MPI library or some
application level input parameters. This paper deals with
the problem on how to determine the cause for performance
variations of an application. Based on tracefiles of the ap-
plication generated for several scenarios and an accord-
ing documentation of the parameters used for each run, the
PERDAC performance analysis tool is calculating statisti-
cal properties of the performance data gathered, such as av-
erage, standard deviation, maximum and minimum across
the different runs. In the current implementation, the perfor-
mance data comprises of the total execution time of an MPI
function on a process, the number of occurrences of each
MPI function and optionally some hardware performance
counters such as cache hits or cache misses. In a second
step, the results of the statistical analysis are traversed in
search for parameters, which show an non-uniform behav-
ior in the analyzed execution scenarios.

1 Introduction

Parallel computing has reshaped science and industry
over the last decade in many areas. The number of paral-
lel systems available in the world is continuously growing.
Thanks to standardized parallel programming paradigms
such as MPI [12, 13] and OpenMP [2], writing parallel ap-
plications has become widespread. However, hurdles for
application developers to write portable and performant
code are still high. Even parallel computing experts strug-
gle to understand the implication of any change in the soft-
ware/hardware environment on the performance of the ap-
plication. The key question arising is, how can an applica-
tion developer determine, whether the reason for the sudden
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performance degradation of his application is a modification
in the source code, an upgrade of the MPI library done by
his system administrator, or a slight modification in an input
parameter.

The goal of the project presented in this paper is to
provide a framework, which allows to determine reasons
for performance variations of an application, by applying
statistical analysis on performance data collected with the
same application overall several runs with different param-
eters. Based on tracefiles of those runs, the analysis tool
presented here calculates statistical properties of the perfor-
mance data, and searches in a second step for values, which
show non-uniform behavior across the analyzed scenarios.

Since the performance data available for the analysis is
currently based on the tracing of MPI routines, the compar-
ative performance analysis framework can only pinpoint to
problems related to MPI functions. However, the method-
ology applied in this project can easily be extended to other
performance data/parameters.

The paper is structured as follows: section 2 discusses
the tools which we developed for comparative performance
analysis. Section 3 presents an analysis of the High Perfor-
mance Linpack (HPL) benchmark for a constant problem
size, three different block sizes and three different MPI li-
braries using the tools presented in the previous section. In
section 4 we compare our approach to related work in the
area of performance analysis. Finally, section 5 summarizes
this paper and presents the ongoing work within this project.

2 Description of the basic components

The overall goal of the PERDAC (Performance Data
Comparator) project presented here is to create a frame-
work for identifying key parameters/functions which influ-
ence the performance of an application. Three scenario’s
are especially relevant:

1. Identify the MPI functionality, which makes an appli-
cation perform faster with one MPI library, compared



to a second/other MPI library

2. Identify the MPI functionality, which leads to load im-
balance within an application (possibly again depend-
ing on the MPI library)

3. Identify the application parameter which influences the
performance of an application

The PERDAC framework consists of the following steps:
First, the user has to generate tracefiles of the applications
with all parameters/variations which shall be used later on
for the analysis. In the second step all tracefiles are summa-
rized and merged into a single output file. Third, statistical
properties of the performance data are being determined,
and finally, the result of this statistical analysis will be tra-
versed searching for ’special’ values, which hint towards
the reason for the performance variations. The sequence
of action items when applying PERDAC for a performance
analysis is also shown in Fig. 1. In the following, we would
like to discuss each of these steps separately.

summarize and merge tracefiles
—» <tracefile 1>.elg -
--—— <summary>.h5

<tracefile_n>.elg

analyze

\

1: statistical analysis of the tracing data
— <summary>.h5

-a—— intermediate matrix

1

2: search for specific values
— = intermediate matrix

-«—— potential reason for the performance variations

Figure 1. Description of the workflow of the
comparative performance analysis

2.1 Generating Tracefiles

Generating tracefiles of MPI application are usually done
based on the profiling interface of MPI [12]. There are
several well established libraries available, such as vam-
pirtrace [10], MPE [5], or EPILOG [18]. These libraries
intercept every MPI function and store relevant data for
each function call on a per process basis. As an exam-
ple, for a send operation this data includes the time-stamp
when the function has been entered, the rank/process id
of the destination process, the amount of data sent to the

destination process, the communicator used, and the time-
stamp when leaving the function. Furthermore, many trac-
ing libraries support hardware performance counters such as
cache misses or cache hits. A portable interface for access-
ing hardware performance is provided e.g. by the PAPI [3]
library.

The information recorded by a tracing library can be
used to visualize messages and the communication pattern
of a parallel application. This can be done with tools such
as Vampir [4], jumpshot [19] or paraver [11]. However, if
the format of the tracefile is publicly available, one can ap-
ply arbitrary operations on tracefiles. In the frame of this
project we decided to use the EPILOG tracing library, since
its functionality includes a C++ interface for directly ac-
cessing the data structures within the tracefile.

2.2 Summarizing and Merging Tracefiles

Since the goal of this project is to identify parame-
ters/MPI functions which are causing performance degra-
dations in one scenario compared to another scenario, the
user will inevitably has to produce multiple EPILOG trace-
files. Handling several tracefiles is however inconvenient,
especially if the number goes beyond a certain threshold.
Furthermore, we decided to compact the information given
in a tracefile on a per MPI function basis. As an example,
instead of using the record of every MPI_Send function
for the later analysis, we summarize all events including an
MPI_Send on a single process by storing the number of
occurrences of this event, how much time has been spent
all-in-all in this function on a single process and some ad-
ditional, optional performance metrics provided by PAPIL
Clearly this step removes some information from the orig-
inal tracefile, since there are scenarios in which a single
‘bad’ function-call is causing the problem. Our approach
is capturing however general trends and releaves systematic
performance problems of an MPI library, and reduces at the
same time the data volume significantly.

Summarizing and merging the EPILOG tracefiles is done
by a C++ code (which we will call for the sake of sim-
plicity summarize for the rest of this paper) using the in-
terface provided by the Event Analysis and Recognition Li-
brary (EARL) [17] tool. EARL allows arbitrary access to
the events stored in an EPILOG tracefile. Amongst the in-
formation which can be extracted using EARL is the type
of the event CENTER’ or "EXIT’), the time-stamp of the
event, the location of the event presented as a tuple of (ma-
chine, node, processor, thread), the number of metrics avail-
able for this event and the list of available metrics and met-
rics names.

summarize generates an output-file, which can be stored
either in a plain ASCII format or in HDFS5 [9] format. HDF5
is a scientific data library developed at NCSA and used in



many scientific applications. The main feature of HDF5
used in this context is the ability to have different datasets
within the same file and the possibility to attach names and
attributes to each data point. Figure 2 shows the main com-
ponents of a merged tracefile printed with h5dump.

The resulting file of the summarize and merge step con-
tains thus several data sets, one for each EPILOG tracefile.
A data set contains the name of the original tracefile, and
a three dimensional data space: the extent of the first di-
mension is equal to the number of MPI functions used in
this application, the second is referring to the number of
MPI processes used, and the third to the number of metrics
stored with each event. Along with the data space, the file
also contains attribute fields, which document the names of
the MPI functions used (e.g. MPI_Send or MPI_Recv),
and the names of performance metrics (e.g. no. of occur-
rences, time spent in function or L1 _D_ACCESS).

Technically, summarize can merge two non-related trace-
files; the result of this operation is very probably meaning-
less. It remains the responsibility of the user to ensure, that
the tracefiles are from the very same application with ex-
actly the same number of processes.

HDF5 "/ hone/ gabri el / Sof t war e/ PERDAC/ al | . h5" {
GROUP "/" {
DATASET " ft npi - 240. el g" {
DATATYPE HS5T_| EEE_F64LE
DATASPACE SIMPLE { ( 11, 4, 4 ) / ( 11, 4, 4) }
DATA {
(0,0,0): 1, 77942, 1.92572e+07, 1.39144,

}
ATTRI BUTE "function names" {
DATATYPE H5T_STRI NG

DATASPACE SIMPLE { ( 11 ) / ( 11) }

DATA {

(0): "MPI_Init", "MPI_Send", "MPl_Recv", "MPI_Commsplit",
(4): "WMPlI_Type_struct", "MPlI_Type_commit", "MPI_Sendrecv",

(7): "MPI_Ssend", "MPI_Type_free", "MPI_Commfree", "MPI_Finalize"
}

}
ATTRIBUTE "netric names" {
DATATYPE H5T_STRI NG

DATASPACE SIMPLE { ( 4 ) / ( 4) }
DATA {
(0): "No of occ.”, "L1_DMSS', "L1_D ACCESS', "Time in fct"

}
}

}
DATASET "I an- 240. el g" {

1

Figure 2. An example of the HDF5 file gener-
ated by summarize

2.3 Statistical Analysis of the Merged Tracefile

The resulting file of summarize is the input to an ana-
lyzer application. The analyzer calculates in an initial pre-
processing step derived values for each metric, e.g. by di-
viding the total time spent in an MPI function on a process
by the number of occurrences of the same MPI function on
the same process. Therefore, the application has addition-
ally to the absolute values for each metric also the average

values available for the analysis.

Next, the analyzer converts all available performance
data into a five dimensional matrix: the extent of the first
dimension is the total number of MPI libraries used in this
analysis, the extent of the second dimension is the number
of MPI processes. The third dimension is reserved for varia-
tions of an application parameter, while the last two dimen-
sions correspond to the number of MPI functions used in
the application and the number of metrics stored with each
event.

A key feature of the analyzer is its ability to calculate
certain statistical values on the matrix in any matrix direc-
tion. As an example, if the user would like to compare the
performance of an application with two different MPI li-
braries, as described in scenario 1, the analyzer would apply
its statistical methods over the first dimension of the matrix.
For the second scenario described above, the same analy-
sis will be performed over the 2nd dimension of the matrix,
while for scenario 3 the 3rd dimension of the matrix will be
used. This approach greatly simplifies the source code and
the maintainability of the analyzer.

The current set of statistical analysis which can be per-
formed by the analyzer includes calculating the average and
the standard deviation over a set of measurements, and de-
termining for each set the minimum and maximum together
with their location. As an example, for the 1st scenario de-
scribed at the beginning of this section, this would lead to
how long an MPI library spent on average for each process
e.g. in MPI_Send, which MPI library spent the least and
the most time in this MPI function on this process.

2.4 Identifying Special Values

The result of the analysis step is a new matrix. This tem-
porary matrix is one order lower than previous one, contains
however instead of a single value always a structure with the
average, minimum, location of the minimum, maximum, lo-
cation of the maximum, absolute and relative standard devi-
ation. In the next step, the program tries to extract from this
statistical data the values, which might be the reason for the
performance variation.

The algorithm applied currently at this point is to report
all values, whose relative standard deviation is larger than
a certain threshold. The reasoning behind this approach is,
that the standard deviation indicates whether the measured
values are close to the average or not. If all values which
are used for the comparison are close to the average, the
probability that they point to the reason for the performance
variation is low, while if the data points are widely scattered
around the average, the average does not really point out a
’common behavior’ in all tests.



Blocksize | FI-MPI | LAM/MPI | MPICH2
48 160.0 154.9 157.09
80 152.6 146.6 149.18
240 160.3 152.6 155.33

Table 1. Execution time in seconds of HPL
runs using three different blocksizes and
three different MPI implementations.

3 A Usage Scenario

In the following, we would like to present a usage sce-
nario of the PERDAC comparative performance analysis
framework. This test case uses the High Performance Lin-
pack benchmark (HPL) [14] for a constant problem size
(6000) on four processors. We ran tests with three MPI li-
braries, namely FT-MPI v0.9 [6], LAM/MPI v7.0 [16] and
MPICH2 v0.96 [8] !. With each MPI library we executed
three tests by varying the blocksize-parameter of HPL, us-
ing 48, 80, 240. The overall execution times with each
MPI library and blocksize are summarized in table 1. All
tests have been executed on the same platform, namely a
Pentium III cluster connected by a Fast Ethernet network.
The tracefiles captures additionally to the execution time for
each function also the hardware counters for the first level
cache, namely L1_D_ACCESS and L1_D_MISS.

Generally, MPICH2 has the lowest execution time in all
test. Since we used for all tests the same compiler and the
same hardware, the reason for the performance difference
has to be directly related to the MPI libraries. To under-
stand the reasons for the performance difference between
the MPI libraries, we originally conducted a set of micro-
benchmarks, such as simple ping-pong benchmarks or test-
ing the derived datatypes used within HPL. However, these
micro-benchmarks did not reveal any significant differences
between the MPI libraries. The question which we would
like to address in this analysis is therefore twofold:

1. Which MPI function used in HPL performs best with
MPICH2 and might therefore be the reason for the bet-
ter performance?

2. Which MPI function is affected mostly by the different
blocksizes?

In our analysis, we used as the threshold for reporting
special values (as described in subsection 2.4), a relative
standard deviation larger than 10%. Figure 3 shows an ex-
ample for the output file generated by the analyzer. The an-
alyzer only displays values, whose relative standard devia-

Please note, that newer releases are available for all three MPI li-
braries. The performance results might vary compared to the results pre-
sented here

tion is above the threshold defined by the user. The first col-
umn shows the name of the specific metric, which crossed
the threshold, followed by the average value for this met-
ric, the absolute and relative standard deviations. Next, the
minimum and the location of the minimum are displayed.
Since we compared different MPI libraries for this particu-
lar example, the location of the minimum is determined by
which MPI library had the minimal value. The same dis-
play is used for the maximum and the location of the max-
imum. The four last columns indicate, which MPI routine
on which process and for which application parameter (in
this example blocksize NB) has been applied in the mea-
surement producing this line of output.

3.1 Comparing different MPI libraries

The MPI functions used within HPL can be dis-
tinguished into process management functions, such as
MPI_Init or MPI_Finalize, functions involving ex-
plicit communication, e.g. MPI_Send, and management
functions, which might involve indirectly communication,
suchas MPI_Comm_split. Since the process management
functions used within HPL are only called once, they will
be ignored for the rest of the analyses.

HPL uses all-in-all four MPI functions, which directly
imply a communication between two processes. These
functions are MPI_Send, MPI_Recv, MPI_Ssend,
and MPI_Sendrecv. The analysis of these functions can
be summarized as follows:

1. For the functions MPI_Send, MPI_Recv, and
MPI_Ssend the tracefiles showed significant differ-
ences in the cache-behavior of the MPI libraries. Gen-
erally, LAM7 showed the best values for the level one
cache hits and cache misses as well (L1_D_ACCESS
and L1 _D_MISS). MPICH2 had the highest counters
for the .1_D_MISS, while FTMPI had the worst val-
ues for L1 _D_ACCESS. The best and worst values for
each of the counters differ by a factor between two and
four. However, the level-one cache behavior does not
hint for this (fairly slow) network to similar behavior
of the execution time. In fact, the summary of the exe-
cution times for each function does not cross the spec-
ified threshold for reporting them as a potential prob-
lem, they all are within 10% of the average.

2. MPICH2 has the best overall execution time for
MPI_Sendrecv, FI-MPI is showing the highest val-
ues for the summarized execution time.

In contrary to communication functions, the manage-
ment functions show the tendency of a correlation between
the execution time and the level one cache behavior, at
least for those MPI functions, which do not imply commu-
nication, such as MPI_Type_struct/commit/free.



Functi on: rank netric aver age stdev re_sdev mn m nl oc max maxl oc  NB

MPl _Send: O L1_D M SS 8529. 000 4852.3 56.9 3915. 000 | anv 15235. 000 npich2 240

MPl _Send: 0 L1_D ACCESS 278860.667 223263.2 80.1 92339. 000 lan¥  592750. 000 ftpi 240

MPI _Send: 0 L1_MPro_oc 167. 235 95.1 56.9 76. 765 | anv 298.725 npich2 240
MPI_Send: O L1_A Pro_oc 5467. 856 4377.7 80.1 1810. 569 | anv 11622. 549 ftnpi 240

MPl _Send: 1 L1_D M SS 8397. 000 5380.4 64.1 3741. 000 | anv 15937.000 npich2 240

MPl _Send: 1 L1_D ACCESS 213838.000 159552.6 74.6 64205. 000 lan?  434918. 000 ftpi 240

MPI _Send: 1 L1_MPro_oc 254. 455 163.0 64.1 113. 364 | anv 482.939  npich2 240
MPI_Send: 1 L1_A Pro_oc 6479. 939 4834.9 74.6 1945. 606 | anv 13179. 333 ftnpi 240

MPl _Send: 2 L1_D M SS 8826. 667 4514.9 51.2 4522. 000 | an? 15063. 000  npich2 240

MPl _Send: 2 L1_D ACCESS 280489.333 227877.4 81.2 90787. 000 lan¥  600955. 000 ftpi 240
MPI_Send: 2 L1_MPro_oc 180. 136 92.1 51.2 92. 286 | anv 307.408 npich2 240

MPI _Send: 2 L1_A Pro_oc 5724. 272 4650.6  81.2 1852. 796 | anv 12264. 388 ftmpi 240

MPl _Send: 3 L1_D M SS 7677.333 4305.6 56.1 3742.000 | an? 13669. 000 npich2 240
MPI_Send: 3 L1_D ACCESS 209378.333 163009.9 77.9 64192. 000 lanv  437049. 000 ftnpi 240

MPI _Send: 3 L1_MPro_oc 232. 646 130.5 56.1 113. 394 | anv 414.212  npich2 240

MPI _Send: 3 L1_A Pro_oc 6344. 798 4939.7 77.9 1945. 212 | anv 13243. 909 ftmpi 240

MPI _Comm split: O L1._DMSS 18965. 333 17183.8 90.6 1091.000 npich2 42161. 000 | an¥? 240
MPI _Comnmsplit: O L1_D ACCESS 924954.667 1093523.2 118.2 23528.000 npich2 2463906. 000 |l anv 240
MPl _Conm split: O Tine in fct 0. 064 0.1 96.1 0.003  npich2 0. 149 lan? 240
MPI _Comnm split: O L1_MPro_oc 6321.778 5727.9 90.6 363.667  npich2 14053. 667 | an¥? 240
MPI _Conmsplit: O L1_A Pro_oc 308318.222 364507.7 118.2 7842.667 npich2  821302. 000 | anv 240
MPI _Comm split: O Tine_Pro_oc 0. 021 0.0 96. 1 0. 001 nmpi ch2 0. 050 | anv7 240
MPl _Type_struct: O L1_D M SS 9545. 333 6334.4 66.4 3376. 000 | anv 18255. 000 ftnpi 240
MPI _Type_struct: O L1_D ACCESS 1428610.667 1382473.1 96.8 312860.000 npich2 3376872.000 ftmpi 240
MPl _Type_struct: O Tinme in fct 0. 005 0.0 75.3 0. 002 nmpi ch2 0.011 ftnpi 240
MPI _Type_struct: O L1_MPro_oc 381.813 253.4 66.4 135. 040 | anv 730. 200 ftmpi 240
MPI _Type_struct: 0 L1_A Pro_oc 57144. 427 55298.9 96.8 12514.400 npich2  135074. 880 ftpi 240
MPI _Type_struct: O Tinme_Pro_oc 0. 000 0.0 75.3 0. 000 nmpi ch2 0. 000 ftmpi 240

Figure 3. Example for the output generated by the analyzer

MPICH?2 showed for these functions the best values among
the three MPI libraries. The overall execution time of these
functions is however too small to have an overall effect on
the performance of HPL. MPT_Comm_split typically will
involve communication, since all processes have to agree on
a common identifier. For this function, MPICH2 had once
again the best cache behavior and the lowest execution time.

3.2 Sensitivity of MPI functions to the blocksize

In this analyses, we analyze the sensitivity of MPI func-
tions to the blocksize parameter of HPL. The blocksize
parameter influences in HPL not only the size of the ma-
trix/data chunks calculated at once, but also the size and the
number of messages communicated between the processes.
As an example, for a constant problem size, a small block-
size will split the data, which has to be sent between dif-
ferent processes into smaller pieces, and will thus generate

more messages than a large blocksize, which will enforce
sending fewer, but larger messages.

This analysis shows little variance for the different MPI
libraries. As expected, the average execution time per func-
tion call for all four communication routines decrease for
smaller block sizes. At the same time the level one cache
behavior is reciprocal to the execution time per function
call, the number of level one cache access and cache misses
decreases with increasing blocksize. Similarly, the data
type creation function MPI_Type_struct shows decreas-
ing execution times per function call and increasing level
one cache counters with smaller blocksizes. However, the
analysis did not reveal any significant differences for the
overall execution times of the MPI functions, hinting there-
fore, that the difference in the overall execution time of each
HPL run for different blocksizes is not related to communi-
cation.



4 Related Work

The most profound application of non-trivial statistical
analysis of a parallel application has been conducted up
to now by Ahn and Vetter in [1]. Using cluster analysis
and factor analysis, they managed to reduce the volume of
the performance data by identifying correlated values and
tasks-groups with similar behavior. In contrary to our work
here, they did not apply their methods for comparing multi-
ple experiments.

Comparative performance analysis of parallel applica-
tions is not a new research topic as well, many groups and
approaches have been presented in the last years. As an
example, in the frame of the KOJAK project [15] Wolf et
al. developed an algebra for cross-experiment performance
analysis. The main feature of this approach is the support
for repetitive application of its methodology, since the for-
mat of the result of the algebraic operation is identical to
the input format of the performance data. Currently, three
different operators are supported: the merge operator in-
tegrates several tracefiles into a single one, the difference
operator calculates, as the name suggests, the difference be-
tween two similar experiments and the mean operator cal-
culates the average values over an arbitrary number of ex-
periments.

The performance analysis tool Paraver [11], developed
by the Barcelona Supercomputing Center can load multiple
traces for analyzing them simultaneously. One basic func-
tionality of Paraver is to copy and align the time range of the
traces in separate displays. Similarly to our approach, this
is only practical within traces of similar execution profile,
which is not the case when executing the same application
with different number of processes. Another way to prop-
erly to cope with comparing two traces is to insert calls of
the tracing API into the application and rerun to manually
align two traces, or use the extensive functionality of Par-
aver to semantically analyze the trace-file. For collective
communication, this would involve counting the MPI oper-
ations and align on the traces to compare onto the same col-
lective operation (providing that two traces with different
number of processes use the same communication pattern).

Aksum [7] is a multi-experiment performance analysis
tool. Based on an initial performance properties defined by
the user, the tool can automatically detect performance crit-
ical code regions. An experiment launcher modifies input
parameters and evaluates the resulting performance data.
The result of this analysis is used to suggest new experi-
ments. Both of the latter two approaches do not incorporate
however per se sophisticated statistical analysis of the per-
formance data.

S Summary

In this paper, we presented a framework for compara-
tive performance analysis of MPI applications. The main
goal of the framework is to be able to point out parame-
ters/functions, which show a non-uniform behavior across
several runs. The data used for the performance analysis is
currently based on tracing of MPI routines. An analyzer cal-
culates initially certain statistical properties of the gathered
data, and searches the results of this analysis for parame-
ters/values, which show significant differences over the var-
ious runs.

The current framework will be extended in the near fu-
ture in several directions. First, the current interfaces only
support the variation of a single application level parameter
(additionally to the variance in the MPI library). A more
general approach supporting n application level parameters
is however inevitable for many real-world application sce-
narios. Second, the statistical methods applied in our analy-
sis will be extended to include correlation analysis between
the parameters as well as a more sophisticated sensitivity
analysis. Sensitivity analysis can also deliver a measure,
whether the sensitivity of a certain metric (e.g. execution
time) to a certain parameter (e.g. blocksize in our example)
can be determined at all based on the current performance
data.

The algorithm searching for a special value will be ex-
tended such that it can incorporate the description of an "ex-
pected behavior’. This is required for all application level
parameters which are known to lead to differences in the
execution time (e.g. the problem size), and where a spe-
cial value might not a parameter/function which shows non-
uniform behavior across the different executions, but a pa-
rameter which does not follow the expected behavior. Fi-
nally, the output of the analyzer needs to be improved with
respect to the user-friendliness, including for example also a
cluster-analysis mechanism to group the output according to
certain events and reduce the initial data volume presented
to the end-user.
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