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Abstract—Application tracing is widely used for performance
analysis of parallel applications. Tracing perturbs the measured
system, mainly because of the execution of additional instructions.
The perturbations may be very small by themselves, but they
accumulate along the application execution, altering its behavior,
which is undesirable for performance analysis. This phenomenon
is known as the probe effect, and can be reduced by registering
less information, although the trade-off is usually undesirable.
Alternatively, one can compensate for it by reducing an estimate
of the registering overhead from the event timestamps. In this
work we characterize the overhead caused by a tracing tool for
MPI applications and compensate for it using a novel approach in
which the event registering frequency is taken into consideration.
Early results comparing the total execution time with that of the
uninstrumented application show an encouraging improvement
over traditional compensation methods, which do not consider
event frequency.

I. INTRODUCTION

Tracing comprises the register of significant events from an
application execution, such as subroutine calls and change in
variable values. The recorded data is used for future analysis of
the application behavior, in a post-mortem fashion [1]. Unlike
profiling techniques [1], every event selected for recording is
registered individually, uniquely identified by type, timestamp
and additional data according to its type. Tracing is generally
used for performance analysis of parallel and distributed
applications, in which the chronological order of events is
important for identifying multiple performance bottlenecks [1].

Event registering can be done either via software or hard-
ware, with passive counters [2]. Software-based tracing is
much more common because of its flexibility. The simplest
method is source code instrumentation, in which logging
routines are inserted into the code, either manually [3] or
automatically [4]. Perturbation caused by these methods can
be both direct, by adding overhead to the point at which they
are added, and indirect, by allowing or inhibiting compiler
optimizations. These perturbations accumulate over the appli-
cation run, which might register millions of events, so even
the quickest routines may add significant overhead to the final
result. This can lead to traces that unfaithfully represent the
application run harming the performance analysis.

One way to avoid indirect perturbations is to instrument
compiled code [5]. However, this can still affect hardware
optimizations such as out of order execution and caching.
Direct perturbations, on the other hand, cannot be avoided
without the usage of a non-intrusive measurement technique
such as passive hardware counters. One can, alternatively,

minimize them. Either by reducing the amount of information
recorded or the set of events to be logged, either way trading
low intrusion for less information, which is not desirable.
Another approach is to compensate for direct perturbations by
adjusting the event timestamps to consider the overhead added
by the logging routines. This doesn’t require less information
to be registered, and is the focus of this work.

In order to compensate, the overhead must first be measured.
The usual approach is to isolate the logging routine and
take enough measurements of its execution time to obtain a
statistically significant expected value [6], [7], [8]. Obtaining
this value, which is obviously architecture dependent, is not
as trivial as it might seem. Some tools [9], [4], [10] try to
minimize the logging overhead by using very fast routines,
leading to high volatility in their execution times. Due to their
small size, any interference, such as task scheduling by the
operating system, induce high relative error. Attention to this
error is of utmost importance: an incorrect measurement for
the overhead might lead to over or undercompensation, possi-
bly shifting the compensated trace even further away from the
uninstrumented (real) execution it is trying to approximate.

We observed that the logging routine execution time is a
function of the frequency with which it is called, i.e. of the
trace event registering frequency. Previous authors [6], [7], [5],
[11], [12] did not take this into consideration, which might
lead to a bad approximation of the uninstrumented run. We
employ two metrics to compare our method, which considers
event frequency, with traditional ones which do not. We use the
distance from the uninstrumented application execution time
and a space/time comparison. Early results comparing total
execution times show improvement from traditional methods,
though finer grain comparisons are still inconclusive.

The rest of this paper is organized as follows. Section II
presents state of the art. Section III outlines the perturbation
and compensation models we are proposing. Results and
discussion are presented in Section IV. Conclusions and future
work are shown in Section V.

II. RELATED WORK

Wolf et. al. [8] define a model for compensating event
timestamps in message passing applications. They estimate
the logging routine execution time by doing repetitive calls
to it, measuring the execution times and calculating the av-
erage. De Kergommeaux et. al. [12] re-introduce the same
models with slightly different — but semantically equivalent —
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formulas. They also provide a methodology to deal with clock
synchronization. More relevant to our work, they discuss the
impossibility of compensating non-deterministic applications
(see Section III). Kranzlmuller et. al. [11] use SKaMPI,
a tool for benchmarking MPI implementations, to measure
monitoring overhead of tracing applications that use PMPI (a
library interposing interface for tracing MPI programs). The
usage of SKaMPI standardizes the measurement process. It
is one of the first tools to consider the standard error when
benchmarking, and is thus variability-aware.

All previously described related work exclude event fre-
quency and, except for the SKaMPI effort, they do not mention
measurement variability in the compensation process. As far
as our knowledge goes there hasn’t been recent development
in the field of overhead compensation in application traces.
Thus, our work also shines a new light on the topic considering
the latest processor architectures. Unlike previous authors we
acknowledge the fact that measuring overhead is (largely)
dependent on event frequency, and define a measuring routine
which takes event frequency into account.

III. PERTURBATION AND COMPENSATION MODELS

As an implementation of our model, described in the sub-
sections below, we characterized and measured the overhead
of Akypuera [9], a tool developed by the authors for tracing
OpenMPI [13] applications. It uses source code instrumen-
tation via the PMPI interface. We also designed and im-
plemented a compensation tool to automatically adjust the
timestamps of execution traces generated by Akypuera prior
to performance analysis.

A. Measurement of the Intrusion Overhead

We isolate the logging routine to measure the tracing
overhead considering how frequent such routine is called.
From now on, we identify the logging routine simply as log,
in order to simplify the explanation. We measure its runtime
with a user-defined call frequency f, equal to the event call
frequency in the application trace. To do so the user inputs
for how long he wants to measure log under f. After a
warmup to avoid spurious observations, we do ¢ x f calls
to log and a function to sleep 1/f units of time, which
we’ll call sleep. If the 10g execution was instantaneous and
sleep runtime was exactly the amount of time it is asked
to sleep (i.e., if it had zero overhead), then the calls would
take exactly ¢ units of time. Thus, to get the mean execution
time of 1og we reduce ¢ from the measured execution time,
and also reduce the overhead of sleep under f, which is
measured in the exact same fashion. We repeat this process
according to a user definition, obtaining n means which later
on are used to obtain an estimation of the expected value for
the overhead of 1og under f. Algorithm 1 details this routine.
Notice that sleeping holds the time spent sleeping and also
the overhead of both sleep and of the timer.

Ideally the sleep function should mimic the system load
during the execution of the traced application. Currently we
use a function which suspends the execution of the current

Algorithm 1 The benchmarking routine

measurements < (} ; period < %

for : = 0;4 <iters; 7 + + do
sleep(period)
end for
sleeping < 0
for + = 0;¢ <replications; 7 + + do
start_timer()
for j = 0;j <iters;j + + do
sleep(period)
end for
end_timer()
sleeping += elapsed_time
end for
sleeping = %
for : = 0;7 <replications;: + + do
start_timer()
for j = 0; 7 <iters;j + + do
log()
sleep(period)
end for
end_timer()
measurement; <—
end for

;iters <t X f
> Warmup

elapsed_time—sleeping
iters

thread (namely POSIX nanosleep), which is an imperfec-
tion of our tool. However, our methodology allows system load
to be taken into account by using a more appropriate function
instead. We also observe that in our implementation we assume
an uniform event frequency throughout the application run. We
therefore assume the application behavior is regular. Finally,
we currently assume the same event frequency on every
process of a parallel application.

This might seem overzealous, but as aforementioned the
calls to 1og are usually very fast. In our case, they are smaller
than the overhead of sleep. We observed that, for very high
frequencies, the variability is very large and we often end
up with negative values for execution times after reducing
the overhead of sleep. There are two strategies to handle
high measurement variability: taking more replications or
considering the standard error. For the former, we recommend
the user do a large number of replications, i.e., such that he
obtains a (positive) estimation of the expected value that ceases
to change with an increase in the amount of replications. The
replications have to be used both when measuring the overhead
of sleep as well as when measuring the overhead of 1o0g. For
the later, set the number of replications that gives a sufficiently
low value for the standard error of the mean [11]. The second
strategy can also be implemented in an online fashion, during
the execution of Algorithm 1.

B. Compensation Strategies using the Measured Overhead

After estimating the overhead as described in Section III-A,
we subtract such estimation from the timestamps of recorded
events. For events that are local to a process, i.e. independent
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of events from other processes, this compensation is done
directly. For non-local events, i.e. events that depend on events
from other processes, we must compensate based also on the
timestamp of any dependent event in order to respect and
maintain the causality between them.

Given eventin, the ith measured timestamp of an event on
a certain process, event’, the approximated (compensated)
timestamp of that event is given by Equation 1, where O is
the overhead estimate.

event!, = event' ™! + (event! —event'"') =0 (1)

Compensating non-local events is not as straightforward,
and depends on the concurrency model. We adopt the formulas
for message passing applications defined by Malony [8]. As
noted by Vincent [12], compensation in the face of non-
determinism may change the program behavior because it
might break the observed causal relationships among pro-
cesses. In the case of MPI applications, non-determinism is
present when using MPI_ANY_SOURCE to receive a message
from any process instead of a specific one. In this case, our
tracing tool register which process actually sent the message
in that execution, instead of registering MPI_ANY_SOURCE.
Thus, the application might be non-deterministic, but the
traced execution is not, and we can compensate it normally.

IV. EARLY RESULTS AND DISCUSSION

In this section we present early results comparing the
implementation of our method, which considers event fre-
quency to calculate the mean execution time, with traditional
methods which are base solely on averages. We traced a set
of applications (described in section IV-B) in a shared mem-
ory environment (in IV-A) and compared the compensation
techniques using several metrics (in IV-B).

A. Hardware/Software Configuration and Benchmarks

Besides using simple “ping pong” applications, we evaluate
our model with two real world applications: Ondes3D vl.1,
an earthquake simulator [14] and OSU Microbenchmarks v5.2
[15], more specifically the osu_multi_lat benchmark.

We use a server from INF/UFRGS with 32GB of memory
and two Intel Xeon E5-2630 Sandy Bridge processors with
six physical cores each (each core with two processing units),
running Ubuntu 14.04.1, Linux 3.16.0-51. Everything was
compiled using OpenMPI 1.6.5 implementation of the MPI
standard and GCC 4.8, with the default optimization flags
from each application. More specifically, all tests were done
using the SM (shared memory) BTL (byte transfer layer)
of OpenMPI, with the default MCA (Modular Component
Architecture) parameters.

B. Results

We first do a visual space/time comparison of the compen-
sated and uncompensated traces. Such fine grained comparison
strategy looks for small changes in the compensated version.
An example is shown in Figure 1, depicting a space/time view

of the original execution trace of a run of Ondes3D. The
processes are displayed on the vertical axis, while the runtime
is in the horizontal axis. Each rectangle represents an event,
and the arrows show message passing among them. The arrow
color represents the message size in bytes. Early attempts
with this method yielded too dissimilar views for a given
time slice, rendering the comparison between the compensated
(with our method) and original traces inconclusive. In other
words, compensation shifted the event timestamps to such
a degree that zooming in the same time slice renders two
different regions of the trace, one in the original trace and
another in the compensated one, at least at the end of the
trace file, where the accumulated overhead is larger. Since we
could not determine the fine grain impact of our method, we
did not go any further with this metric to try to compare ours
with traditional methods. As future work we intend to run
Ondes3D on a networked environment and use the simpler
metric described below to evaluate our method.

The main problem with the space/time view is the lack of
a unique and simple metric that represent how far we are
from the original uninstrumented version. Because of this, we
consider also a simple metric to compare mean application ex-
ecution times — that of the uninstrumented application run, that
of the instrumented application, and that of the compensated
version of that trace using both ours and traditional methods.
In this case we say that a method is better than another if
the execution time is closer to that of the uninstrumented run.
For such comparison, we do thirty executions and compare
the mean execution times.

Table I shows the comparison of the mean execution time
of the OSU Microbenchmarks application. When considering
event frequency, the execution times in the compensated
trace are better than when not considering it. Although we
observed similar results with other applications as well, we
note that the difference in execution time is within the standard
error. Furthermore, there was very little difference between
the instrumented and uninstrumented execution times (i.e.
little intrusion to be compensated in the first place). The
measurements fit a somewhat normal distribution, with two
modes towards the center.

TABLE I: Comparing the mean execution time of each trace
(for a 99.7% confidence interval) of the OSU benchmark.

Execution Mean Standard error
Uninstrumented 12.958  0.2805
Instrumented 13.102  0.1766
Traditional 13.058  0.1765
Frequency (our approach) 12.945 0.1765

V. CONCLUSION AND FUTURE WORK

In performance analysis we wish for the recorded appli-
cation behavior to faithfully approximate the real application
run. Compensation is one method to do this approximation,
and a correct overhead estimation is paramount. In this work
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Fig. 1: Space/time comparison of original (bottom) and compensated version (top) for the Ondes3D trace with 16 ranks.

we observed that event frequency is a determinant factor of
logging overhead. We also presented a novel approach to
deal with this relation, and presented evidence from early
experiments suggesting improvement over traditional methods.

Although we did not yet find a suitable way to do a fine
grained comparison of our method with previous ones, mean
execution time comparisons (as used by previous authors [8])
indicate improvements. Moreover, the mere observation of
the dependency between event frequency and execution time
should be enough to reduce the error in the compensation.

Future work include tests with applications with larger intru-
sion, and tests in a networked environment instead of a shared
memory one. We also intend to improve our implementation
of the method described in this article, for instance considering
per process frequencies and comparing this to the current
implementation. We also intend to study the validity of this
approach when working with irregular applications. At the
same time we shall keep searching for comparison metrics
to better evaluate the impacts of our work.
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