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Abstract

Fog Computing has attracted the attention of researchers
in the field of Large Distributed Systems for its ability to
handle the limitations of the cloud computing paradigm
when applied to the reality of IoT and its massive amount of
distributed sensors and wireless mobile devices at the edges
of the network. Simulation of Fog computing makes possi-
ble to experiment with complex distributed processing sce-
narios at a very low cost compared to creating real testbeds.

In this work we extend the iFogSim Fog Computing sim-
ulation framework to more appropriate simulate a smart
city experiment. We developed a experiment to help locat-
ing citys stolen cars where fog devices distributed on the
city’s electronic radars capture images that are processed
to detect stolen car’s plates. The public open GIS data of
the colaborative Open Street Map project serve as a reli-
able basis to support Urban Computing research, this work
contributes to the field as an exercise of urban computing
simulation integrated with open urban data.

1. Introduction

Urban Computing seeks to optimize the processes of life
at cities by intelligently acting on the massive data gen-
erated by various local sources such as people, organiza-
tions, houses, buildings, sensors, devices, vehicles, etc. This
area of research in Intelligent Cities aims to analyze a large
amount of heterogeneous data to extract solutions to address
critical problems for cities such as pollution, energy con-
sumption and congestion. This localized computing model
connects urban sensing, data management, data analysis,
and service delivery in a recurring process of continuous
improvement of people’s quality of life, urban control sys-
tems, and the environment [2].

According to [7], the Internet of Things can act, as well
as other environments, in cities as well. The application of
the IoT paradigm in the urban universe is of great interest
to public managers who seek to make better use of state re-
sources, advancing the quality of services offered to citi-
zens while reducing the operational costs of public admin-
istration.

2. Fog Computing

Recently, has become popular in the research area of dis-
tributed systems, the Fog Computing model to deal with the
limitations of the Cloud Computing paradigmn. The cen-
tralized model of the remote public data center does not
scale when applied to thousands of sensors geographically
distributed and connected to intelligent things at the edges
of the internet [2]. Fog Computing bridges the gap in the In-
ternet for Things (IoT) with a proposed computing and com-
munication architecture that distributes computing, control,
and storage functions to near end-user devices by introduc-
ing new devices (fog nodes) and ad-hoc networks between
the central cloud and users at the edge of the Internet [5].

Researching in the field of urban computing are very la-
borious and costly to carry out real-scale tests, due to the
complexity of this intrinsically interdisciplinary theme, the
number of actors involved and the high scale of urban pro-
cesses. Simulating tools and techniques are quite popular in
the literature for experimental studies on distributed com-
puting architectures. The simulation anticipates the behav-
ior of the virtual components, helps researchers to under-
stand and improve their modeling more efficiently [6]. For
the simulation of fog computing scenarios, was recently
published the iFogSim tool [4] based on the CloudSim
platform [3], a popular Java framework for Discrete Event
Simulation. The iFogSim framework extends the CloudSim
platform adding fog computing entities such as Sensor, Ac-
tuator, Fog Device, Cloud, etc.
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3. Extending the iFogSim Framework

The iFogSim architecture has been extended to include
extra information properties to the entity classes of the
framework. The FogDevice class has been extended into
a new SmartFogDevice class to better support geographic
properties and spatial range information of wireless network
radio signal.

Our implementation is a prototype of a Urban Comput-
ing simulator because it incorporates spatial local context
to the fog computing simulation engine. We implemented
a function to import geographic locations from a GeoJSON
format file, which is a standard format for exchanging geo-
graphic data collections.

3.1. Experiment - Locating Stolen Cars

The source code of iFogSim includes a demo source
code ”Case Study 2 - Intelligent Surveillance through Dis-
tributed Camera Networks”. This scenario described by the
authors follows the Sense-Process-Actuate model, where
several surveillance cameras links to a network of fog de-
vices cooperating with the Cloud to process machine learn-
ing computation task over massive data from sensors.

In this work we implemented an experiment in-
spired by the Sense-Process-Actuate scenario proposed at
the iFogSim original paper. In our experiment, image sen-
sors are located in the sixty four electronic radars of the
city of Porto Alegre - RS. When a car is photographed
by a radar, a plate recognition program runs over the im-
age to locate plate signs of recently robbed cars. If car plate
is identified, a notification message is then sent to the mo-
bile device of the end-user, located at the Polices Palace.
The cloud data center is located at the headquar-
ters of the Municipal Data Processing Company (Pro-
cempa).

The modular application executed by the fog network
has the following data flow:

• The Motion Capture and Detection module takes peri-
odic photos of the traffic path as the tuples are routed
if there is a perception of a moving car in the image.

• The Plate Recognition module looks for suspicious
plates in the image. This module applies a machine
learning algorithm type with high computational de-
mand.

• If a stolen car is detected, the image is immediately for-
warded to a Post-Processing module that envelops the
suspect image and forwards it to the end-user device,
including additional metadata from where and when
the visual record was taken.

The main technical aspects of simulation configuration
are:

• Each of the 64 electronic radars of Porto Alegre is a
local Cyber-Physical System (CPS) composed by:

– Sensor: 1 cmera 720p que captura 2 frames/seg.
– Fog/edge device: 1 ARM hardware - Raspberry

Pi 3, clock 1 GHz and 1 GB RAM.

• Cloud has 16 CPUs of 3 GHz and total of 24 GB RAM.

• The Wifi Routers are connected to the Cloud by a link
of 10 MByte/seg.

• The Radars edge devices connects to Wifi Routers that
are in their radio signal range (local neighbourhood).
We implemented an algorithm to optimize the distri-
bution of wireless network routers in the city, to pro-
mote that a same wifi point could be shared between
multiples geographically closed Raspberry Pi devices.

• The Module Plate Recognition has an output tuple rate
of 0.5% fowarded, so only a small amount of the plate
images will be given as positively identified and then
forwarded to the mobile device of the End User.

This smart city simulation scenario was organized with
iFogSim’s components abstractions of Sensor, Actuator,
Application, Network Links, Fog Devices and Cloud. The
georeferenced open data information of the traffic lights and
radars of the City of Porto Alegre were downloaded from
the Overpass API, a Open Street Map (OSM) webservice
client [1]. There are many open source tools to convert the
OSM XML native format to GeoJSON.

4. Smart City Simulation Results

The experiments were performed with 30 simulation ex-
ecution, each execution performs 1 hour of simulation time,
for each of the scenarios:

• a) execution machine learning by the fog devices;

• b) processing centralized in the cloud.

The results on the Table 1 are the averaged values of the
30 executions.

Type Network (MB) Power Consumed (W) Latency (ms)

At Cloud 362324,13 37773570,58 222,57

At Fog Devices 6427,26 37404648,77 274,91

Table 1. Results of the Simulation Scenarios

The result of analysis of the information collected from
simulations show that:

• The scenario of intensive processing in the cloud
floods the WAN network with image files, tak-
ing the network bandwidth as a bottleneck.
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• At the distributed processing scenario, the images files
are processed locally, so only images with detected
cars are sent as successful notifications.

• The energy consumption is almost similar between
the scenarios, indicating that the low-power comput-
ing hardware of the edge devices consumes almost the
same as the Cloud to process the work. This experi-
ments were copied from the hardware characteristics
published at the iFogSim paper. We are going to is re-
view and calibrate the energy consumption and MIPS
rates of the simulated hardware, to get more realistic
results.

• The average latency time (delay) between the car photo
capture and the end-user notification was lower for the
cloud scenario, indicating a expected behaviour that
the simulated cloud of 16 3GHz CPUs is more pow-
erful than the processing power of low power ARM
devices.

The iFogSim simulator makes possible to collect several
useful information for simulated scenario analysis and com-
parison, below are the information used to compare the sce-
narios:

• Total simulation time;

• Total memory used in the simulation;

• Total network bandwidth consumed;

• Total energy consumed (cloud + fog + networking);

• Latency between image capture and notification to the
end user;

We implemented a interactive graphical UI for visual-
ization of the urban map (Figures 1, 2 and 3) that shows the
dynamics of data between the application modules that ex-
ecute on the fog devices, along the passage of a virtual sim-
ulation time. The simulation information is designed as ani-
mated overlays on the actual city map, making it possible to
direct focus to local information or even broadening the ob-
servation to see large urban areas.

The source code of this work with instruc-
tions for experiment reproduction can be acessed at
”http://github.com/lucasa/ismartsim project”.

5. Future Work

The Java abstractions of the iFogSim framework for the
Fog Computing’s common entities serve as the basis for cre-
ation of a high-level architecture for simulation of smart
city scenarios and their heterogeneity of IoT devices, Wifi
networks, fiber optics, ad-hoc bluetooth links, urban mobil-
ity, software off-loading, etc. We are going to explore oth-
ers more complex fog computing scenarios and implement

Figure 1. Screenshot of the simulation map
showing the location of the fog devices (yel-
low marker) and the coverage radio range
of the wireless network of the attached local
router (blue limits).

Figure 2. Animation of recorded events log:
streams of tuples (raw image files) going
through WAN network from the edges to be
processed at central cloud.

new simulated abstractions for hardware and software com-
ponents of complex smart city systems.

The use of public open data sources is a very interesting
topic for smart city interdisciplinary research, going further
Open Street Maps GIS data to get the simulation more real-
istic by using updated raw data from auditabled sources.

The user interface for editing and replaying can be
rewrite as web component to run in a internet browser,
opening the smart city simulation area to the world of cre-
ative Javascript and advanced usability studies. As a online
tool, we get platform that potentially allows collabora-
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Figure 3. Visualization of a hypothetical sce-
nario of simulation (not executed in this
work) with sensors and Wifi networks dis-
tributed by all the traffic lights of Porto Ale-
gre.

tive work in a same simulation project.

6. Conclusions

Fog Computing have been attracting the attention of re-
searchers in the field of Large Distributed Systems for its
ability to handle the limitations of the cloud computing
paradigm in front of a new paradigm of location-aware data
abundance by small massive distributed IoT sensors and
low-power mobile computing hardwares at the edges of the
network. There are still few simulators like iFogSim for the
development of fog computing experiments.

In this work we implemented a support for import and
visualization of georeferenced information in the backend
of the simulation engine IFogSim/CloudSim. Thus, the po-
tentialities of the iFogSim framework for cloud comput-
ing simul ation become more useful for simulating Urban
Computing in smart city scenarios. The experiment imple-
mented on the iFogSim framework, although quite simple,
was useful for study a variety of configuration parameters
and events generated by the simulation engine.

The simulation of Smart City experiments, when uncom-
plicated and high level, opens a whole space for multidisci-
plinary academic research aimed at the application of tech-
nologies of computation and communication to solve cur-
rent and future problems in the big cities of the world.

References

[1] Openstreetmap community: Osms overpass application. Ac-
cessed April 4, 2010.

[2] F. Bonomi, R. Milito, J. Zhu, and S. Addepalli. Fog comput-
ing and its role in the internet of things. In Proceedings of the
first edition of the MCC workshop on Mobile cloud comput-
ing, pages 13–16. ACM, 2012.

[3] R. Buyya, R. Ranjan, and R. N. Calheiros. Modeling and
simulation of scalable cloud computing environments and the
cloudsim toolkit: Challenges and opportunities. In High Per-
formance Computing & Simulation, 2009. HPCS’09. Interna-
tional Conference on, pages 1–11. IEEE, 2009.

[4] H. Gupta, A. Vahid Dastjerdi, S. K. Ghosh, and R. Buyya.
ifogsim: A toolkit for modeling and simulation of resource
management techniques in the internet of things, edge and fog
computing environments. Software: Practice and Experience,
47(9):1275–1296, 2017.

[5] R. Mahmud, R. Kotagiri, and R. Buyya. Fog computing: A
taxonomy, survey and future directions. In Internet of every-
thing, pages 103–130. Springer, Singapore, 2016.

[6] A. Sulistio, C. S. Yeo, and R. Buyya. A taxonomy of
computer-based simulations and its mapping to parallel and
distributed systems simulation tools. Software: Practice and
Experience, 34(7):653–673, 2004.

[7] A. Zanella, N. Bui, A. Castellani, L. Vangelista, and M. Zorzi.
Internet of things for smart cities. IEEE Internet of Things
journal, 1(1):22–32, 2014.

WSPPD 2018, 16th Workshop on Parallel and Distributed Processing
[4]



Understanding and Minimizing Disk Contention
Effects for Data-Intensive Processing in Virtualized

Systems
Kassiano José Matteussi
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Abstract—Distributed computing systems (e.g., clouds) have
been widely employed to support an expanding range of
applications. As the scale of data generation grows in regards
to volume, velocity and variety (3Vs of big data), data-intensive
processing became essential to extract valuable information
from complex datasets. In this scenario, the infrastructure
needs to meet the scaling demand of applications and must
use resource management techniques to avoid interference
problems. Literature review mainly focuses on CPU and
memory solutions to handle resource contention problems
in data-intensive processing. Complementarily, this paper
further analyses and proposes techniques to minimizes disk
contention effects in order to improve application performance in
virtualized systems - technology that drives the cloud computing
environment. For this objective, we present a general-purpose
resource management strategy that adjusts dynamically disk
I/O utilization rates. Results showed that the proposed approach
improves application’s performance by up to 26%.

Keywords— Big Data, data-intensive processing, virtualization,
resource contention, interference, disk contention.
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Estimating the Reliability of HPC Applications
Daniel Oliveira, Francis Birck Moreira, Paolo Rech, Philippe Navaux
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Abstract—The error rate of current High Performance Com-
puting (HPC) systems is already in the order of one per dozens
of hours. Understanding the reliability behavior of HPC applica-
tions will be required for the next generation of supercomputers.
Using the reliability behavior one can select efficient mitigation
techniques for the application and fine-tune parameters such as
checkpoint frequency. In this paper, we investigate the application
of a machine learning model to predict the reliability behavior
of HPC applications. We inject faults in more than 30 HPC

applications executing in the Intel Xeon Phi Knights Land-
ing (KNL) and use profiling information to build a predictive
model with Support Vector Machines (SVM). We show that the
model can predict the Program Vulnerability Factor (PVF) with
an average relative error of 7% for certain classes of algorithm,
such as linear algebra and sorting. The average relative error
for all algorithm classes is 22%. Such a fast and straightforward
prediction model can be effective as a filter to select the most
unreliable applications to perform an in-depth analysis.

WSPPD 2018, 16th Workshop on Parallel and Distributed Processing
[7]





A Full Year I/O Request Size Analysis of
HPC Applications on the Intrepid Supercomputer
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Abstract

This study used data from an entire year of characteriza-
tion with Darshan on the Intrepid Blue Gene/P supercom-
puter, at Argonne. Considering that data access is a bottle-
neck for several HPC applications, understanding their I/O
behavior may help us apply optimization techniques at the
I/O system. By analyzing the collected data, we could ob-
serve that POSIX is still widely used by the applications
running on Intrepid. Additionally, some of the requests is-
sued by the applications are very small which generally
translates into poor I/O performance.

1. Introduction

In High Performance Computing systems (HPC), be-
sides the high processing performance, the applications also
demand a high storage capacity and efficiency in the data
access. These applications deal with a great amount of data,
and hundreds of computing nodes can access the storage
system concurrently. Therefore, performing I/O operations
may become a bottleneck for an increasing number of HPC
applications, due to the historical gap between processing
and data access speed.

Parallel File Systems (PFS) act providing an abstraction
of the data on the storage system. They receive requests
from the computing nodes, process these requests and ac-
cess the storage devices. However, some problems may ap-
pear depending on the way these requests are performed.
Occasionally, the requests sent to the storage system are too
small, transferring small data amounts that hardly compen-
sate the cost of accessing the storage devices [3, 10]. One
solution to this problem is to aggregate the requests, one of
the possible optimizations that can be done at the I/O sys-
tem. Another situation, though is not the focus of this work,
is when the access is not aligned to the stripe used by the
PFS, what may further degrade performance. In this case,

applications can use interfaces such as MPI-IO, that may
assist in the aligned access.

However, the applications can present different access
patterns. In consequence, to apply optimization techniques,
we must at first understand the application I/O behavior.
Tools like Darshan [4] provide a characterization of such
behavior by creating profiles of the operations. Darshan
was developed at Argonne Leadership Computing Facility
(ALCF)1 and captures this sort of information at the appli-
cation level. Therefore, with the objective of understanding
the I/O global behavior in a supercomputer, this study an-
alyzed data collected using Darshan on the Intrepid Blue
Gene/P, the ALCF supercomputer.

The remainder of this paper is organized as follows. The
information about the collected data used and the method-
ology applied are detailed in Section 2. Analysis and results
are presented in Section 3. Section 4 discusses related work.
Finally, Section 5 concludes this paper and discusses future
work.

2. Methodology

During the years of 2010, 2012 and 2013, data from the
execution of a variety of scientific applications was col-
lected by the Darshan I/O Characterization Tool on the su-
percomputer Intrepid Blue Gene/P, at ALCF. Darshan inter-
cepts I/O function calls and records a fixed-size collection
of statistics for each file that is opened by the application
[1]. The collected information includes access patterns, ac-
cess sizes, operation counters and time spent in I/O opera-
tions. Darshan generates a separate log file for each job, and
stores this information in a compressed binary format [1].

In this study we analyzed the data collected during the
year of 2012 generated by Darshan versions 1.23, 1.24 and
2.0, resulting in 36, 359 and 91.603 jobs, respectively. Until
the version 2.0, Darshan only instrumented applications that
successfully called MPI Init() and MPI Finalize().

1 https://www.alcf.anl.gov/
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(b) Write operations.
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Figure 1: Access size distribution for operations by interface. The y-axis has different scales.

Therefore, although Darshan was enabled for all users, the
application coverage rate varied between 20% and 80%
from week to week [1]. Some of the collected informa-
tion was anonymized before being publicly available. The
anonymized information includes the job identifier, user
identifier, and application name.

Since the Darshan logs are stored in a compressed bi-
nary format, to extract and analyze interesting information
for our analysis, we used the darshan-parser tool, provided
by Darshan, to generate a text file. This text file is orga-
nized in two sections2. The first one, at the top of the file, de-
scribes information about the executed application. The sec-
ond section contains the observations of each counter cap-
tured by Darshan, in a tabular format.

For our analysis, the relevant information about the ap-
plication was: application identifier, represented by the col-
umn exec; the job identifier, represented by jobid; user
identifier, as uid; number of processes, as nproc, and
runtime. Likewise, we calculated total I/O time in the
same way Darshan does, using information about the slow-
est MPI rank. Additionally, Darshan captures request infor-
mation and stores in counters separated in operation type
(read or write) and interface (AGG for MPI-IO, and POSIX).
For each operation in each interface, the access sizes are di-
vided in the following bins: 0-100 bytes, 100 bytes - 1 KB,
1-10 KB, 10-100 KB, 100 KB - 1 MB, 1-4 MB, 4-10 MB,
10-100 MB, 100 MB - 1 GB, and 1 GB - PLUS. Thus, we
used Python to extract all the useful data from the text file,
storing them in CSV format, and made the analysis using R.

2 http://www.mcs.anl.gov/research/projects/
darshan/docs/darshan-util.html

3. Results and Analysis

Analyzing the number of read and write operations per-
formed using each interface, we observed that surprisingly
97.3% of read operations were being performed by POSIX.
For the write operations, the percentage of POSIX utiliza-
tion reaches 99.2%. As expected and presented by previ-
ous work [2, 7, 8], POSIX is still more widely used if com-
pared to MPI-IO. However, the data collected in 2012 fur-
ther highlights the gap between the POSIX and MPI-IO uti-
lization on the Intrepid supercomputer.

Figure 1a shows the distribution of the read access sizes
observed for both POSIX and MPI-IO interfaces. The most
common read size was between 10KB and 100KB, repre-
senting 64.3% of the read operations. Figure 1b shows the
distribution of the write access sizes, also for both inter-
faces, and the most used write size was up to 100 bytes,
which is a really small access size. This size represents
98.7% of the write operations.

We can notice, therefore, that the applications observed
during the characterization made even smaller requests than
the observed in previous work [2, 9, 6], mainly on write op-
erations. This type of small accesses may degrade perfor-
mance [3, 10], once they define the transference size be-
tween processing nodes and the storage devices.

As presented in Figure 1, the great number of requests is-
sued using POSIX determine the overall request size distri-
bution of the collected data. Therefore, the distribution for
both read and write operations using POSIX only is very
similar to the overall distribution, as shown in Figure 2.

For the requests realized with MPI-IO, we can observe a
spread distribution in Figure 3. The two most common ac-
cess sizes intervals for read operations were between 100
bytes and 1KB and between 10KB and 100KB. These two

WSPPD 2018, 16th Workshop on Parallel and Distributed Processing
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(a) Read operations.
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Figure 2: Access size distribution for operations using POSIX. The y-axis has different scales.

intervals represent up to 34.2% and 23.7% of the total read
operations performed by MPI-IO, respectively. For the write
operations, the most popular access size was also up to
100 bytes, followed by requests ranging between 10KB
and 100KB. These two intervals represent up to 53.6% and
20.6% of the total write operations realized using MPI-IO,
respectively.

If compared to the requests performed by POSIX, the ac-
cess size distribution observed in the requests made using
MPI-IO is wider. One explanation for this is the possibil-
ity to define more complex datatypes with MPI-IO. When a
process wants to access small and sparse portions of a file, a
datatype can be defined by aggregating this portions into a
large request. Moreover, when applications use MPI-IO col-
lective operations, usually a small number of processes do
the accesses and then distribute the data to the others [5].
The number of proccess is defined following some heuris-
tics or can be defined by the user.

The write operations presented a condensed distribution
variation when compared to the read access size distribu-
tion, for both interfaces. This may be caused by the individ-
ual behavior of the applications and requires a deeper study
to understand.

4. Related Work

Wang et al., in 2004, analyzed two physics applications
and the ior benchmark on a large Linux cluster with more
than 800 dual processor nodes at the Lawrence Livermore
National Laboratory (LLNL) [9]. Usually, each application
presented only one or two typical request sizes. Large re-
quests from several hundred KB to several MB were very
common. In some cases, however, small requests accounted

for more than 90% of all requests, but the greatest amount
of data was still transferred by large requests.

In a work made in 2010 [6], Kim et al. characterized the
workload of Spider, a Lustre-based storage cluster at Oak
Ridge National Laboratory (ORNL). They observed three
main request sizes: less than 16KB, 512KB and 1MB. This
three request sizes represented more than 95% of the to-
tal requests. About 50% of the request of less than 16KB
were write operations, while the read operations represented
20%. They also correlated the access sizes with the band-
width, observing that the higher bandwidth was attained
with 1MB large requests.

In a previous work published in 2011 [2], Carns et al.
analyzed the behavior of 66 science and engineering appli-
cations. The data was collected with Darshan during two
months of 2010, also on the supercomputer Intrepid, Ar-
gonne. They demonstrated that the most popular read size
was between 100KiB and 1MiB, while the most popular
write size was between 100 bytes and 1KiB. However, a
deeper investigation revealed that a few applications influ-
enced the access size observed. If those applications were
removed from the analysis, then the most popular size for
both reads and writes was 100KiB to 1MiB. The work also
demonstrated that some of the applications increased their
performance when using larger accesses sizes.

Although Carns et al. also analyzed data from the I/O
workload on Intrepid, their study used a smaller dataset. On
the other hand, this study was the first to investigate the en-
tire year of 2012 in this same supercomputer. We observed
the access size distributions taking into account the differ-
ent I/O interfaces.
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(a) Read operations.

0.0e+00

5.0e+08

1.0e+09

1.5e+09

<1
00

10
0−

1K

1−
10

K

10
−1

00
K

10
0K

−1
M

1−
4M

4−
10

M

10
−1

00
M

10
0M

−1
G

>1
G

Requests sizes (bytes)

N
u

m
b

e
r 

o
f 

o
p

e
ra

tio
n

s

(b) Write operations.
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Figure 3: Access size distribution for operations using MPI-IO. The y-axis has different scales.

5. Conclusion and Future Work

This study used data collected during an entire year of
characterization by Darshan. We could observe with a con-
siderable amount of data that POSIX is still surprisingly
used by the applications running on Intrepid, overcoming
97% of utilization for read operations and 99% for write op-
erations. Applications are also performing very small write
requests that do not exceed 100 bytes, what may indicates
that I/O is being performed in a really inefficient way, prob-
ably accessing a few variables at a time. Therefore, this
great amount of small operations using POSIX is not tak-
ing advantage of the request aggregation made by MPI-IO
and neither of any other high-level interface.

In future work, we would like to investigate if this behav-
ior is the result of a small group of applications performing
a huge part of the requests, or if it represents the global be-
havior observed in Intrepid. We should also look into the
amount of data being transferred by each access size ob-
served, and compare which are the access sizes responsible
for the largest amount of transferred data. Another possible
analysis is to investigate the system time spent in the oper-
ations performed with each access size.
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Abstract

In this work, we analyzed the I/O workload of HPC ap-
plications on Argonne’s Intrepid Blue Gene/P supercom-
puter, using Darshan logs. For our analysis, it was neces-
sary to perform a data treatment to filter the information re-
garding the execution time, I/O time, among others. Initial
results show that we had 26,034 applications executed in
the year 2012, of which ten applications represent 35.36%
of the total number of executions observed and spend 20%
of their execution time performing I/O operations.

1. Introduction

In High Performance Computing (HPC) systems, super-
computers are the most significant example, several applica-
tions require considerable computational power. These ap-
plications often use large volumes of data and I/O opera-
tions are made in Parallel File Systems (PFS), where ded-
icated machines act as the data servers. The servers aim to
receive requests from the computational nodes and to pro-
cess them, accessing the storage devices. These I/O opera-
tions are a bottleneck for a growing number of applications
due to the difference between the processing speed and the
data access speed [1].

We can characterize the application’s behavior to look
for new ways to improve I/O operations. This characteri-
zation can be done by generating traces or I/O operations
profiling, using some tool such as Darshan1. Darshan was
developed by the Argonne Leadership Computing Facility
(USA) and aims to characterize the application’s I/O opera-
tions. It shows a representation of the application behavior,
reporting information such as access pattern, time and num-
ber of operations, among other information.

In this work presents an analysis of the I/O workload of
the applications executed in a supercomputer, by data col-

1 http://www.mcs.anl.gov/research/projects/darshan/

lected through Darshan on the Intrepid Blue Gene/P super-
computer located in Argonne.

The remaining sections of this paper are organized as
follows. Section 2 discusses related work. In Section 3 we
present the details of the evaluation methodology. In Sec-
tion 4 we address the results obtained from our analysis. Fi-
nally, the Section 5 we show the conclusion and the future
work.

2. Related Work

Zoll et al. [5] studied a set of application-side I/O traces
in an HPC environment (the ASCI cluster from the LLNL)
using the Lustre parallel file system for storage. Their traces
were obtained in 2003 with the strace tool, ranged from tens
of seconds to half an hour, and included two scientific appli-
cations from the physics domain and three benchmarks gen-
erated with IOR (file-per-process, shared-contiguous and
shared-strided). They concluded that a Markov model could
not represent the request arrival rate of applications’ I/O
streams present self-similarity. They presented a stochas-
tic model to predict I/O arrival rate.

Wang et al. [4] used the same traces aiming at character-
izing the HPC I/O workload. They also analyzed files size
and lifetime, showing 80% of the files have a size between
512 KB and 16 MB, and these files account for 80% of data
stored in the file system. 60% of the files (50% of the bytes)
stay in the system from 2 to 8 weeks. Their results for re-
quest size and inter-arrival time are somewhat specific to
the traced applications and show they issue large numbers
of small requests (from a few bytes to 1 MB) in small time
intervals.

To motivate their work on cross-application coordina-
tion, Dorier et al. [2] used data from the Parallel Workload
Archive, from the period between January and September
2009. They showed half the jobs on this platform used less
than 2048 cores (1.25% of the machine). Through a simple
optimistic model, they used the distribution of some concur-
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rent jobs to show there is a high probability of having mul-
tiple applications concurrently performing I/O operations,
even when applications spend as little as 5% of their execu-
tion time on I/O.

Luu et al. [3] examine the I/O behavior of thousands
of supercomputing applications. They analyze the Darshan
logs of over a million jobs over Intrepid and Mira super-
computers, at the Argonne Leadership Computing Facility
(ALCF), and Edison, at the National Energy Research Sci-
entific Computing Center (NERSC).

The authors draw several conclusions from these ob-
servations. First, they point out that every widely adopted
I/O paradigm (file per process, shared file, subset-
ting I/O) is represented among the best-performing and
worst-performing applications. Hence, the usage of a
paradigm does not provide any guarantees in terms of per-
formance. Regarding throughput, they demonstrate that
almost a third of the jobs have an aggregated through-
put of no more than 256MB/s. They also point out that over
a third of the jobs spend more time in metadata operations
than actually transferring data. Additionally, despite the ex-
istence of high-level parallel libraries, three-quarters of the
jobs use only POSIX to perform I/O.

In the same way as the works related in this section, we
seek to better understand the HPC application’s behavior
from their I/O operations, analyzing information collected
about them. Differently from Zoll et al. and Wang et al., we
used as a basis for our analysis the traces obtained trans-
parently by the Darshan profiler, an approach also used by
Luu et al. Unlike the other works, we have sought to ob-
tain an overview of the I/O workload of the applications. In
this way, such information can be used to make smarter de-
cisions in various I/O optimization techniques such as I/O
scheduling, I/O forwarding and reconfiguration of the stack.

3. Methodology

In the Intrepid Blue Gene/P supercomputer data was col-
lected from different applications using different Darshan
versions in the years 2010, 2012 and 2013. For this work
we only use the observations of 2012, which were gener-
ated by versions 1.23, 1.24 and 2.0, totaling 36, 359 and
91,603 observations with each, respectively. We used only
data from version 2.0 since previous ones did not capture a
counter needed for our analysis.

Darshan saves data collected from applications in a bi-
nary format. In order to extract and transform the neces-
sary data for our analysis, we used the darshan-parser tool,
available with Darshan. It transforms the binary file into
a text file, which contains all the counters related to the
I/O operations collected by the profiler. The text-format file
generated by the darshan-parser is organized into two sec-
tions. At the file’s beginning, stored in the key-value pat-

tern, data is described as the executed application, such as
name, job identifier, runtime and number of processes. The
rest of the text file contains the observations of each counter
captured by Darshan, relative to each file opened by the ap-
plication (filehandle), where each line follows a tabular for-
mat.

We divided the collection of relevant data for our analy-
sis and the characterization of the application’s I/O work-
load into stages.. In order to extract the counters, it was
first necessary to extract relevant data (Step 1) from the text
file generated by darshan-parser. For this, we chose to use
the Python programming language, which presents libraries
that facilitate data manipulation and allow us to easily cre-
ate dictionaries from the data that were later saved in com-
pressed JSON format in order to reduce the storage space.
Subsequently, to perform a specific analysis, we use an ap-
plication in Python that reads the JSON files generated by
Step 1, extracting the relevant data for analysis, and writes
a file in CSV format (Step 2), containing a summary of the
execution or the information access intervals. We chose the
CSV format because it is easily manipulated by the R lan-
guage, with which we perform the final analysis of the data
(Step 3).

4. Results

From the data of 2012, we first look at the behavior of
the applications during the whole year and find the num-
ber of different applications that were submitted to the ex-
ecution and applications with the highest number of execu-
tions. For this, we used the value of the exec collected by
Darshan.

In order to understand the annual cluster behavior, in Fig-
ure 1 we show the relation between the I/O time (y-axis)
and the execution time (x-axis) of all submitted jobs, where
each point represents one execution. We color these points
according to the I/O percentage that each job performed,
where the yellow and the blue represent smaller and higher
percentage, respectively. We note that the most executions
does not exceed 45,000 seconds executing and 2,500 sec-
onds performing I/O. Within this space, we have 85,710
jobs submitted, and of these, a total of 10,050 jobs have an
I/O percentage above 50% and execution time below 4,609
seconds. With this, we can conclude that executions with a
high I/O percentage do not run for long periods of time.

In order to exploit these applications that have signifi-
cant use of I/O, we focused the analysis on the executions
whose I/O percentage was above 50% and from these we se-
lected those with highest numbers of submitted jobs. From
this filter, we chose three applications. Table 2 presents the
anonymized ID of the executable (exec) and the number of
times it was observed.
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Figure 1. Annual behavior overview of the In-
trepid supercomputer, relative to the percent-
age of time spent on I/O operations per job.

Exec
(Anonymised)

Jobs with > 50%
of the time in
I/O operations

1176110786 980
1338247359 898
902685977 761

Total 2,639

Table 1. Applications with jobs that spend
more than 50% of their execution time per-
forming I/O operations.

Expanding the analysis for the exec 1176110786, we no-
ticed that it executed with 1,024 or 2048 MPI processes.
This application was executed 980 times during the period
from June 06, 2012 to December 18, 2012. We can see that
the first executions used only 2,048 MPI processes, and it
can be either the application’s tests or the performance on
other dates. After this period, from observation 104, dated
July 9, 2012, we can observe a change in the application be-
havior, where the executions began to have a higher I/O op-
erations and the use of 1,024 MPI processes. We can sup-
pose these runs with 1,024 processes can indicate applica-
tion testing with a new input set.

With 1,024 processess, we can describe one more con-
clusion about this application. Although transferring less
data, the I/O percentage remains high. This scenario may
indicate that the entry for 1,024 processes was smaller than
the one used with 2,048 processes. However, with the using

fewer processes, the execution time also increased, causing
the same I/O percentage to be maintained.

For the application with exec 1338247359, we had 1,051
observations during the period from March 21, 2012 to
July 31, 2012. The I/O operations account for more than
50% of execution time in 898 observations. The applica-
tion used different numbers of MPI processes over differ-
ent executions. The highest occurrence of executions oc-
curred between 1 and 100 processes and the processes num-
ber most used was 64, accounting for 441 observations. In
cases about 1 to 100 processes, the maximum data trans-
ferred was 27.94GB and the maximum for the application
was 135.88GB, using 485 MPI processes. We note that in
this application the processes number reflects the data size
used.

The application with exec 902685977 was submitted for
execution in the period from October 23, 2012 to October
30, 2012, during which period there are 763 jobs. When an-
alyzing this application, at the beginning of the period we
had 60 executions with 64 processes, transferring a maxi-
mum of 18.05GB of data, and after that, the 701 executions
with 32 processes that transferred a maximum of 9.02 GB,
for the most part, behave similarly throughout the execu-
tion period.

There were also two executions using 128 processes,
which transferred a maximum of 36.10GB. These execu-
tions can represent application tests since they were in
smaller number, they did not repeat themselves, and they
presented different behavior of the other executions.

Another analysis with the data was to find the ten most
executed applications during the year. The total executions
count of these ten applications was 32,535, which repre-
sents 35.36% of the total collected in the supercomputer this
same year, showing that these applications are indeed sig-
nificant in our analysis. With the objective to analyze these
applications, which had the longest time spent in I/O opera-
tions, Table 2 presents the data on the jobs of these applica-
tions. The largest I/O time was observed in job 1538301448
relative to the application 1633035531, with 2.27 hours
of its execution time spent in I/O operations, representing
19.46% of the total execution time.

Besides, there are only three jobs out of the ten that
have a low time in I/O operations, not exceeding 10% of
the total execution time of each one. The remainder of
the runs presents vast amounts of time spent with I/O, as
can be seen from the job 2939212379 of the application
2425255765, whose I/O time is the second largest of the re-
alized executions. The time that this execution was perform-
ing I/O operations corresponds to almost 80% of the total
execution time, totaling 49.45 minutes. The similar behav-
ior we can be observed with job 556397787 of application
1338247359, which has the third largest time spent on I/O
operations and again corresponds to almost 80% of the ex-
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Exec
(Anonymised) JOB ID

Execution time
(seconds)

I/O Time
(seconds) I/O %

Data transferred
(GB)

685531913 3182318857 1,370 3.12 0.22 0.003
1330277471 1330277471 1,314 536.63 40.84 5.69
931947437 2946033326 2,906 985.65 33.91 0.013

3069475893 1473997298 2,808 3.92 0.13 0.012
1074553177 1507238004 1,489 533.55 35.83 1.12
1648769576 1591638629 1,993 191.82 9.62 7.59
1633035531 1538301448 42,003 8,176.28 19.46 6,223.78
2425255765 2939212379 3,720 2,967.61 79.77 2.85
3475271559 567534836 1,512 310.14 20.51 2.25
1338247359 556397787 2,415 1,924.92 79.70 17.80

Table 2. The jobs that have spent the most time on I/O operations over of the ten applications identi-
fied as the most executed.

ecution time. In this way, it is clear to see how the ten most
executed applications represent significantly the I/O pattern
observed in the supercomputer.

5. Conclusion

In this work, we have analyzed the I/O workload of HPC
applications executed in the Intrepid Blue Gene / P super-
computer of Argonne (USA). For this we use logs collected
with the profiler Darshan, extracting those data relevant to
our analysis.

When we analyzed the results of I/O workload found
during the year 2012 on the Argonne supercomputer, we
obtained 91,973 submitted jobs, which grouped by exec, re-
sulted in 26,034 different applications. From this, we seek
to analyze the applications following two approaches. In the
first one, we looked for applications that had more than 50%
of their time in I/O operations, and when we analyzed three
of them, we could notice different behaviors, such as the
use of different MPI process numbers, transferred data, ex-
ecution period during the year and the form of access to
your data. The other approach chosen was to analyze the
ten most executed applications, representing 35.36% of the
total number of executions observed. When we were ob-
served these ten applications, for the most part, spend much
of their execution time doing I/O operations, representing
more than 20% of their execution time.

As future work we intend to extend this analysis of the
characterization of the intervals for all the jobs of Argonne,
seeking to group applications that have a similar behavior
regarding their phases. Besides, we also intend to aggregate
data from multiple applications to have a global view of the
use of I/O in a supercomputer.
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Abstract—State-of-the-art High-Performance Computing
(HPC) platforms are built with a hybrid design combining
multicore processors and manycore accelerators. This design
motivates the use of appropriate programming models (e.g.,
task parallelism) in order to reduce programming complexity,
increase the performance portability and efficiently exploit such
multi-level parallelism. Task-based executions are supported by
dynamic runtime systems which are in charge of several critical
procedures such as scheduling, load balancing, communications,
and synchronizations. This way, the overall application
performance depends heavily on how efficient and correct are
the decisions taken by this runtime. In this work, we propose
a workflow to investigate potential scheduling mistakes in the
StarPU runtime system. This workflow relies on debugging and
simulation strategies to enable us to rebuild the estimations
computed by the scheduler at the exact moment when a new
task is scheduled. We evaluate our approach by comparing the
scheduler estimations and the final execution of a set of delayed
tasks. Our results allow us to refute scheduling mistakes and on
the other hand to identify that the real origin of the delays is
related to pipeline and prefetch mechanisms.

Index Terms—task parallelism, GPU, hybrid-architectures,
StarPU
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Abstract—Programming parallel applications for heteroge-
neous HPC platforms is much simpler using the task-based
programming paradigm. The applications are modeled as a
directed acyclic graph (DAG) of tasks. The simplicity exists
because a runtime takes care of all activities usually carried
out by the application developer, such as task mapping, process
deployment, and load balancing. Besides task scheduling, the
runtime is also responsible for handling memory management
operations i.e. copying the necessary data to the location where
a given task is schedule to execute. Correctly interleaving such
memory operations with computation is crucial to achieve high
performance, so a worker never wait for data. Poor memory
management may be caused by bad scheduling choices or lack
of appropriate applications’ hints about its tasks dependencies.
In this paper, we investigate the CPU-GPU memory management
of the StarPU runtime, a well-known task-based middleware for
HPC applications. Our results include the identification of poor
data handling management when the GPU memory is saturated,
ultimately leading to low application performance. Besides fixing
the performance issue, we present the design of novel graphical
strategies that were fundamental to identify the problem. Our
experiments using the dense tiled-based Cholesky factorization
show how our fix lead to performance gains of 66% and better
scalability for larger input sizes.

I. INTRODUCTION

A challenge found in High Performance Computing (HPC)
area is the complexity of programming applications. Especially
ones that can intelligently use all the resources’ computational
power in heterogeneous platforms. The task-based program-
ming paradigm presents some benefits on this matter. It
transfers some responsibilities (computation to resource map-
ping, data management, and communication), that previously
relied on the programmers, into a runtime. The task-based
applications use a Direct Acyclic Graph (DAG) of tasks as the
main structure to schedule them into resources, considering the
dependencies and data transfers. Among alternatives like Cilk
[1] and Xkaapi [2], StarPU [3] is one example of a runtime
using this paradigm. It permits the use of distinct tasks’
implementations (CPU, GPU), has different tasks schedulers,
and automatically transfers data between resources.

Similar to any other HPC approach, the performance analy-
sis of task-based parallel applications is laborious due to its in-
herent stochastic nature. StarPU can collect execution’s traces
that describe the behavior of the application. Different tools
can use these traces to help in the performance analysis; one
example is the StarVZ workflow [4]. It uses consolidated data
science tools and R to create trace’s visualizations. Various
aspects can be studied to improve the application performance,
including scheduling decisions, memory transfers, and overall

application behavior. In this paper, we focus on the analysis
of the memory operations performance, an aspect that has a
small presence on performance tools.

The contributions of this paper are the following. (a) We
include in the StarPU runtime system extra trace information
about the memory management activity. It mainly consists
of blocks identification on operations, additional attributes on
memory chunks, and data coherency states. (b) We extended
the StarVZ workflow, adding new visual elements, to enable
a comprehensive performance analysis over the runtime data
management module. For this, we use the previously discussed
new traces in StarPU and all available memory management
data. (c) We present the methodology used with these new
features in a real use case application, a dense linear algebra
solver called Chameleon. We show how that led to a StarPU
software inefficiency discovery, and compare the application
performance after our proposed correction patch.

The paper is structured as follows. Section II provides
basic concepts on the StarPU runtime system and the
application we have used in our experiments: the dense
linear algebra Cholesky factorization as implemented by
Chameleon/MORSE. Section III presents related work on
the visualization of memory management and task-based
applications. We also briefly compare ourselves against the
state-of-the-art. Section IV introduces the methodology we
have devised to investigate memory operations performance
in the StarPU runtime, employing modern data science and
visualization tools. Section V detail the experiments conducted
with the task-based Cholesky factorization, including how we
have identified a StarPU software flaw, and the performance
increase after the flaw has been corrected. Finally, Section VI
concludes this paper with future work.

II. BACKGROUND CONCEPTS

To explore heterogeneous environments, StarPU allows the
tasks to be implemented for different resources, like CPUs,
CUDA GPUs, and OpenCL devices. It employs different
scheduling heuristics to allocate tasks to resources. Classical
heuristics are the LWS (local work stealing) and the DM (deque
model); moreover, more sophisticated schedulers consider ad-
ditional information. One example is the DMDA (deque model
data aware); that uses data about the task’s dependencies and
estimated transfer time to take its decisions [5]. StarPU is
responsible for transferring data between resources. For con-
trolling the presence and the coherence of the memory, StarPU
attributes a entity to each different resource memory called
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memory node. It uses a modified, shared or invalid
(MSI) memory system where each data block can assume one
of the three states on each memory node [3].

The Chameleon/MORSE package [6] contains a series of
solvers for linear algebra implemented on top of StarPU. From
the set of available solvers, we adopt the task-based solver that
implements the dense linear algebra Cholesky factorization
because of its integration as computing phase in many HPC
applications. An important factor for our work is that the
Cholesky factorization algorithm uses a triangular matrix di-
vided into blocks, and four different tasks: dpotrf (Cholesky
Factorization), dgemm (Matrix Multiplication), dsyrk (Sym-
metric rank-k update), and dtrsm (Triangular Matrix Equa-
tion Solver). The Cholesky factorization begins applying tasks
on lower coordinates blocks and iteratively computes all
blocks from all coordinates. From an optimization perspective,
the data management can free lower coordinates blocks rapidly
because they are no longer required in future iterations.

III. RELATED WORK

Data management views are absent from some perfor-
mance analysis tools available for StarPU applications, like
Temanejo[7] and StarVZ [4], that we are extending in this
work. Another tool is Vite [8] that has a classical Gantt chart
for the memory nodes’ events; however, it is modest and
consider asynchronous transfers events as states. The problem
is that multiple asynchronous transfers can occur, so the states
are misleading. In all cited cases, the tools focus on the tasks
scheduling and resources states.

The performance analysis of task-based applications consid-
ering the data management or memory interference is present
in [9], where the authors presented a task-oriented approach.
They analyze the impact of different schedulers on data reuse
by tasks on the same resource. Studying the influence on cache
misses and other metrics when the sequence of scheduled
tasks changes. Data operations focusing in data reuse is also
studied by [10]. Where the authors propose a metric called
Kernel Reuse Distance (KRD). Also, the authors of [11]
analyze the workload for general HPC applications, they state
a series of metrics, including data cache, reuse and prefetch
for characterizing the applications.

Comparing to the others, our approach is oriented by
resources, analyzing the data flow in the heterogeneous en-
vironment. We work on a high-level view of the application,
using the runtime decisions to explore possible problems.
Instead of using low level metrics and comparing them with
multiple executions, we focus on the behavior characterization
of one execution. We provide some visualization elements that
facilitate the performance analysis and enrich our perception of
task-based applications running over heterogeneous platforms.

IV. ANALYZING THE DATA MANAGEMENT

Understanding the application’s memory flow could lead
to optimizations and overall performance improvement. We
present our methodology to review the memory manager
behavior and memory blocks locality at different resources.

The StarPU’s data management module is responsible for all
actions involving the application’s memory; some examples
are the data allocation on different accelerators, transfers
between inner/inter-node resources, and determine when a
memory block can be freed to reopen space for another one.
All these actions operate over a specific memory handle that
is absent from the original StarPU’s trace data. For gathering
all the necessary information needed for our performance
analysis, we proposed the following extensions to it. We
first include the events’ memory identification on all events
with some extra information to create correlations between
activities and to understand the decisions behind it. Second,
we add trace events on memory’s coherence update function,
since it can’t be precisely inherited using the current available
information. These new events can be used to compute the
presence of memory blocks on each memory node.

One classical way to analyze space/time information is
applying Gantt charts. We use it to inspect the memory nodes
events and do some extensions to it. Visualization present in
Figure 1 memory states plot. Each element on the Y axis is
a memory node, associated to a node ram or accelerator. The
X axis is the time in microseconds. In the example of Figure
1, memory nodes 1 and 2 are for each one of the two GPUs.
Memory node 0 is omitted here since lack events during the
executions. Each state has a color associated with the action
taken. Also, it is possible to visualize the memory blocks
coordinates of each handle in the center of the state, useful if
a time frame is selected. An example is available on Figure
2, where the allocating actions are over the memory blocks of
coordinates 9×10 or 9×15. On the left side of the visualization,
a percentage of the most present state is shown.

We propose a blocks’ residency over memory nodes vi-
sualization. We trace the coherency MSI states update and
derive the presence of each block on all memory nodes. On
Figure 3 we can observe this new visualization for the memory
blocks of coordinates 13×8, 13×9, 13×10, 13×11 of the input
matrix. For each block, the X axis is the time divided into time
intervals of 10 seconds. This interval is sufficiently large for
the visualization; yet, small enough to show the application
behavior evolution. At each time interval, the Y axis shows
the percentage of time that this memory block was on each
memory node. Because each block can be present on multiple
memory nodes, the maximum residency percentage on Y is
bigger than 100%. The maximum percentage is the number of
memory nodes times 100, as the memory block can be present
on all memory nodes with the shared state.

V. EXPERIMENTS

Experiments were conducted based on preliminary tests that
strongly suggested that the Cholesky Factorization, present in
the dense linear algebra solver Chameleon, had performance
problems, for unknown reasons, when running on certain
machines. We apply the methodology of Section IV in this
real case scenario to check potential problems related to
memory management. First, we use a test case that has
idle times problems. The input parameters are block size of
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960x960 and 60x60 tiles. The machine used was tupi, with a
Intel Xeon CPU E5-2620, 64GB DDR4 memory ram,
2x NVIDIA GeForce GTX 1080ti.

The Figure 1 presents, from top to bottom, the plots: (a)
Application Workers, (b) Mem Nodes, (c) StarPU Workers, (d)
Ready Tasks, and (e) Used memory for this specific condition
generated by StarVZ. In (a) and (c) the Y axes are the workers,
in (b) the memory nodes, in (d) the number of ready tasks, and
in (e) the overall memory utilization in MB. In all plots, the
X axis is the time in milliseconds. Each state has a different
color associated with its task or action. The red vertical line,
manually added, crossing all plots presents the moment where
the used memory reaches a plateau with its maximum value.
At that moment, it is possible to check that the GPUs have
a lot of idle times and the memory nodes are doing a lot of
allocating actions until the end of the application. The GPU
idle times of 33% and 32%, present on the left side of the plot
(a), are impairing the overall application performance.
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Fig. 1. Multiple Performance Analysis plots.

The possible correlation between idle times and allocation
states led us to investigate memory nodes actions after the
maximum memory utilization. We select a arbitrary time frame
since their behavior is similar after the memory utilization
peak. The Figure 2 gives a zoom on the Figure 1 (b) plot X

axis, and shows for each action the associated memory block
coordinates of the input matrix. There are many allocation’s
states occurring over the same memory blocks, which is
a unexpected behavior (repeated allocations for the same
memory block). Inspecting the StarPU source code we were
able to determine that this happens if allocations fail. Using the
GPU resources monitor, we checked that the GPUs are using
all the memory. Our hypothesis at this point is that the devices
don’t have enough memory, but this shouldn’t be a problem;
as StarPU could free multiple memory blocks, especially those
that would no longer be used by the Cholesky factorization.
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Fig. 2. Memory States on time frame of 50000 ms to 50050 ms.

We use the second visualization presented in Section IV,
the blocks’ residency, to understand this previosly described
behavior. First, we select early used blocks, with lower coor-
dinates, that would be more appropriated cases for being free.
Since, As previously discussed, the Cholesky algorithm only
uses these tiles in the earlier iterations. On Figure 3, we can see
that the blocks became present in all memory nodes at some
point, block 13×8 at 50s for example, and remains there until
the end of the execution. The presence in all memory nodes
indicates that StarPU is deciding not to free these blocks.
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Fig. 3. Time presence (%) of the blocks (13, 8-11) in each memory node.

All these insights gave us enough information to inspect
decisions directly. We use gdb to check StarPU’s functions
that free unused memory blocks. We found out that StarPU
believed that it had free space on the GPUs. Also, we detected
a huge difference when comparing the internal StarPU’s used
memory values to the ones given by the GPU resources mon-
itor. We discovered that the CUDA function cudaMalloc
could allocate more memory than the requested size. The
function rounds the demanded memory to a device dependent
page size. In the case of the GTX 1080ti, it is 2MB. It
makes a block with 7200 KB to use 8192 KB; over-allocating
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992 KB per block and 1800 MB per matrix (in the 60x60
blocks case). StarPU was wrongly calculating the used size
on the resources and kept calling the expensive cudaMalloc
function even with the GPU memory full. We then proposed
a correction patch for StarPU, and compare the performance
of the Cholesky application before and after it.

We executed 10 experiments for each configuration, to
tackle experimental variability, using different matrices sizes
and patch’s versions. The input size distribution has more
points around and after the memory limit when the real matrix
size don’t fit on GPU. Also, we use the following parameters:
block size of 960x960, DMDA scheduler. The Figure 4 presents
the performance comparison between StarPU’s versions. The
Y axis is the GFlops performance as reported by the Cholesky
application with a 99% confidence interval. The X axis is the
matrix width in cells. The gray line is the threshold where
the matrix size fits on the GPU memory; considering the
rounding behavior, number of blocks and the CUDA driver
used memory. Two different StarPU versions are used. The
red line is the original version (commit be5815e), and the
blue line is our corrected version (commit ca3afe9). The
original version has a performance drop after the memory
threshold, failing from the relatively constant ~690 GFLOPs
to lower values depending on the matrix size. However, the
corrected version constantly keeps its performance on the
~690 GFLOPs mark. Demonstrating the effectiveness of our
fix, keeping the program scalable as the input size increases.
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Fig. 4. Application performance (GFLOPs) before/after the patch.

VI. CONCLUSION

In this paper, we presented a visual performance analysis of
heterogeneous task-based applications’ memory management
running over StarPU. We add new trace events on StarPU and
use it in the new methodology incorporated into the StarVZ
workflow. Since all methods rely on the runtime’s features, any
StarPU application can use this memory management analysis.
The examination of memory management could lead to useful
insights and possibly discovery of performance problems. We
presented a real use case scenario using the dense linear alge-
bra solver Chameleon. Using this methodology, we discover a
performance problem (GPUs with high idle times) when the
input matrix’s size was higher than the GPUs’ total memory.

The new visualizations allowed to verify that several slow
allocations’ states were occurring in the memory nodes; along
with the unnecessary presence of memory blocks in limited
memory resources. The problem was that StarPU computes
the memory used by each resource only considering the size
request for allocation; yet, in the case of CUDA GPUs, the
cudaMalloc function can reserve more memory than the
requested. In a case study, it led to a deviation of 1.8 GB
between the real used memory and the runtime’s registered,
causing misleading decisions. Our proposed solution, to solve
this StarPU’s problem, resulted in a performance sustain
independent of the input matrix size and if it fit in GPU’s
memory. For future work, we consider the analysis of the
memory of other applications, trying to find optimizations on
both the runtime and application.
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Abstract—This paper presents an approach to programming
data analysis workflows using Directed Acyclic Graphs (DAGs)
as the mean of separating computation stages. In this work, we
analyze the programming structure of StarVZ – a framework
written in the R programming language for data visualization -
and rearrange it in order to form a graph that represents the
data manipulation involved in the processing stage of the data
analysis pipeline. The creation of the DAG is done with the help
of Drake, an R package for managing workflows and usually
applied in data science contexts. Our objective with this work is
to increase the amount of data that can be analyzed with StarVZ,
and we approach this problem by leveraging Drake features
that can potentially speed-up a data analysis workflow, such as
the parallel execution of independent tasks and the caching of
results of previous computationally intensive steps (also known as
memoizing). Even though we were able to explore these features,
the results obtained are not satisfactory because of the way Drake
implements communication between parallel processes.

I. INTRODUCTION

Data science workflows are often referred to as a series
of steps that can be represented as a pipeline. The most
common steps in this pipeline are reading, manipulating (tidy-
ing), visualizing, and analyzing data, and data manipulation
frameworks such as the Tidyverse [1], for the R programming
language, enforce this pattern with its APIs. During a typical
data science workflow, this pipeline is executed many times
with incremental changes to the process (especially in the
manipulation step), and this iterative development is important
because it allows for the scientist to improve the quality of its
work based on previous observations.

Despite its relevance, the process of constantly iterating over
the same set of steps can add up to a considerable productivity
overhead. The data analysis pipeline can take anywhere from
a few seconds to several minutes (or even hours) to complete,
depending on the complexity and the amount of data that it
involves. Additionally, because these pipeline operations often
change in small increments, most of the computation time is
wasted executing redundant code that was exactly the same as
the previous iteration.

As an alternative for data science pipelines, this paper’s
objective is to present the advantages of using a directed
acyclic graph (DAG) to represent a data science workflow.
We use a workflow manager, Drake [2], to create such graphs
for a data analysis framework called StarVZ [3]. We also
present how the visualization of the graph and features like
parallelism support and memoization have the potential to both
increase the understanding of the data flow in a data analysis
process and also speed up the execution of these workflows.
Additionally, by leveraging such features, we intend to tackle
the problem of execution time on StarVZ’s data analysis

process [3], which would eventually allow for larger data sets
to be studied in a reasonable time.

II. BACKGROUND

A. Drake

Drake is a library written for the R programming language
that strives for managing workflows in the form of directed
acyclic graphs of tasks. Despite being used in the context of
data science, drake can be used as a general purpose workflow
manager.

Drake allows its users to describe a set of tasks and its
dependencies, and it uses this information to generate the DAG
that represents the workflow. The three key features offered by
Drake are:

• a DAG visualization and profiling tool, which allows the
user to graphically visualize the tasks that are executed
and their execution time;

• parallelism support, which, in conjunction with the ex-
plicit tasks dependencies, allows for parallel execution of
multiple R sessions that compute independent tasks;

• memoization, which caches the result of previously exe-
cuted tasks to avoid unnecessary computations and speed-
up future executions.

B. StarVZ

StarVZ is a data analysis framework written in R for
the visualization of traces in high-performance computing
applications. It works in a two-phase process, in which the
first phase is responsible for filtering, manipulating and tidying
the data collected from the traces and the second phase is
responsible for processing the visualization of the data.

In this work, we foscused on working with the first phase
of the StarVZ processing, which involves a considerable
number of operations on multiple data frames. The original
source code implements a batch of operations on relatively
independent data sets, some of which are merged together
at given points of the execution pipeline. This pattern of
operations can be suitably ported to a DAG representation.

III. IMPLEMENTATION

In order to port StarVZ to a new version that supports a
workflow manager, some changes to the source code were
needed. These changes reflect the effort to make task depen-
dencies explicit and to postpone operations that do involve
merging data from multiple data frames.

The first effort consists of separating the step of reading data
from that of data manipulation. This separation is necessary if
we want to maximize the number of in-memory operations
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in further manipulation steps, which can be slowed down
considerably if data needs to be read from the disk when
demanded.

The next effort was to separate and take note of all the
transformations that took place in the data frames during the
data processing step. This step is relatively complex when
the source code has not been originally written with task
separation in mind, which was the case for StarVZ. Ideally, a
data science workflow can be written from the ground up with
clear, distinct operations for each data set that is involved in the
process, such that extracting a DAG that represents separate
tasks and identifying each task’s dependencies is trivial.

After identifying independent tasks in the workflow, we
used the Drake package to create a plan. A Drake plan
is a recipe containing a description of the tasks in the
workflow, and each task is represented by an R function
to be called. When creating a plan, Drake inspects all the
function definitions (i.e. tasks) identifying their inputs, which
are interpreted as task dependencies. The outputs of these
functions are called targets. Because Drake (and R, in general),
enforce the functional programming paradigm, global state is
not supported as task dependencies. Figure 1 shows the DAG
created by drake with the tasks and dependencies that were
described in the Drake plan. In the DAG, nodes in purple
are the initial resources needed by each target (inputs and
manipulation functions) and nodes in black are the targets to
be computed during the execution of the workflow.

Fig. 1. Dependencies graph generated by Drake to execute the data manip-
ulation of the first phase of StarVZ

As mentioned previously, Drake does not support the usage
of global state as inputs for targets, meaning that functions
should be pure (with no side effects) and every dependency
should be explicitly defined. This allows for Drake to assume

that, given a fixed set of inputs to a task, its output will always
be the same. Consequently, Drake can cache the results of
previous stages of the workflow to speed-up future executions
by only calculating targets whose inputs have changed. Ad-
ditionally, Figure 1 makes it explicit that every task in each
column is independent from one another, meaning that they
can be executed in parallel without concurrency drawbacks
such as race conditions.

IV. RESULTS

Even though Drake provides features that can potentially
speedup code execution on data science pipelines, we could
not observe the benefits of such features when porting the
StarVZ code to a workflow.

The caching feature, for instance, saves the result of previ-
ous computations to disk in order to avoid recalculating the
same steps repeatedly. However, because StarVZ’s data frames
are considerably large, writing them to disk in every stage
of computation imposes a fairly heavy overhead in execution
time.

With respect to parallel execution, Drake is limited by R’s
single-threaded implementation. In order to overcome this
implementation decision, Drake starts multiple R sessions to
compute parallel stages of the workflow. However, because
these R sessions are separate processes, they are not able to
share the same address space, and thus the data exchange
between workers is done through the same caching system
that writes the targets outputs to disk, once again imposing a
fairly heavy overhead.

V. CONCLUSION AND FUTURE WORK

In this study we explored the usage of Drake, a workflow
manager for data science applications in R, to describe the
data manipulation that take place in StarVZ. We conclude that
using a DAG for workflow representation is helpful because it
allows for the scientist to better understand the data flow of its
application. Additionally, this representation also makes data
dependencies explicit, and such information can be used to
leverage parallel execution more easily. Caching of previous
results is also possible, as long as the functions provided to
the workflow manager are pure and there is no global state.

Unfortunately, StarVZ’s data manipulation stage could not
leverage the features of Drake that can positively impact
performance. We believe that a combination of factors, such
as large data frames being written to disk and the load
imbalance between tasks that generate such large data frames
are responsible for affecting the performance in this specific
case.

As a solution to the previously mentioned drawbacks and as
suggested future work, we can leverage the insights drawn by
the DAG visualization of the workflow with respect to tasks
dependencies to port StarVZ to a more robust and scalable
data science framework, such as Apache Spark. In this case,
Apache Spark can be used as a backend for the computations
involved in StarVZ, and R frontends such as sparkR and
sparklyr can be used as an interface.
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Abstract

In this article is presented the proposal of a new load bal-
ancer developed for the CHARM++ programming model.
The main purpose is to provide load balancing in order to
reduce the migration of tasks, reducing the total execution
time of the application. Initial test results demonstrate re-
ductions in overall run time compared to other state of the
art load balancers.

1. Introduction

Currently, computational simulations are increas-
ingly complex, continuously demanding more processing
power from High Performance Computing (HPC) sys-
tems. When parallelized, they present excessive communi-
cation between tasks and unbalanced load, preventing the
efficient use of its potential. Therefore, some cores can re-
ceive tasks with less load or remain idle while others
execute the applications, causing, as a consequence, ineffi-
ciency in the use of the systems [9].

To solve such problem, load balancers have been pro-
posed, aiming to increase the utilization of the potential
of computational systems in processing level and execution
time. In this context, many parallel applications that involve
simulation with dynamic behaviors or calculations based on
complex formulas have used such resources due to the im-
balance of load and the amount of communications [10].

Many researches seek to improve the execution time of
such computational systems. Thus, different research cen-
ters aim at the development of performance-enhancement
techniques for scientific applications, improving the pro-
cessing and execution time, and the second is the challenge,
of decreasing the application execution time to be studied
and proposed in this work.

Parallel computing has grown from few an processing
units to systems with multiple processing units. It can be
analyzed how the parallelization of tasks assists in the per-
formance of processors through task migrations, in the same
way that the parallelization of the applications exploited the
processment competition in order to improve the efficiency
in parallel processing.

A divide in groups as loads for control as migrations
strategy contributes to more precise load balancing because
task migration is a costly process for the system. GroupLB
contributes by adapting better with the task of balancing
processor loads without having to use more different BCs
for this, dividing the loads according to their size. The rest
of the paper is organized as follow. Section 2 positions our
work against related work. Section 3 presents our proposed
load balancer. Section 4 details the methodology used. Sec-
tion 5 has the evaluation of the proposed load balancer. Con-
clusion and future work appears in Section 6.

2. Related Work

Parallel programming are developed to platforms with
shared or distributed memory. Some scientific applications
have regular designs that lead to well balanced load distri-
butions, while others are more imbalanced due to the fact
that they have tasks with different processing demands. So,
different approaches can be used to deal with imbalanced
workloads such as CHARM++, Kaapi and UPC [8]. These
runtime systems usually focus on reducing the execution
time by applying clever task orchestration strategies and by
improving the load distribution among cores.

Different approaches have been employed to make load
balancing and reduced runtime of applications. Among
them, centralized [7, 3] and distributed [4, 2, 11]. strate-
gies are more employed. However, new hierarchical ap-
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proaches are being proposed reduce the overhead these
approaches [11].

Once that in each one, a different amount of cores are se-
lected to make decision of load balancing where tasks are
migrated to different cores of the parallel systems.

Load balancers like GREEDYLB and REFINELB were
implemented and are available in the CHARM++ program-
ming environment.REFINELB is an approach based on load
refinement. This load balancer moves tasks of the most
overloaded cores to the least loaded ones until reaching an
average[1]. The REFINELB moves objects from the most
overloaded processors to the least loaded, aiming to reach
an average, with the number of objects migrated limited [6].

Balancer AVERAGELB [1] and SMARTLB [5], uses
acentralized approach in its strategy, which takes deci-
sions in a single process.

Differently, GREEDYLB uses a greedy approach algo-
rithm that implementing practice of combinatorial opti-
mization. Its algorithm, to migrate heavy objects to the pro-
cessor with less load. This is repeated until the load of all
processors reaches a close proximity to the average load.

3. GROUPLB Load Balancer

Our proposed strategy, called GROUPLB, take into ac-
count the AVERAGELB [1] and SMARTLB [5] mechanisms
to make decisions. Similar to AVERAGELB, it also uses a
centralized approach in its strategy, which takes decisions
in a single process. The strategy of the algorithm takes into
account the arithmetic mean of each processor, calculating
its loads, in order to reduce the number of migrations, seek-
ing a balance between the loads [6].

The algorithms collect system and application informa-
tion at run-time to dynamically use them in load balancing
decision,to reduce execution time. Our strategy divides the
processes according to the computational loads into three
groups, called Small (P), Medium (M) and Large (G), which
respectively store the load processes considered relatively
small, medium and large.

In this way, when the load balancer is applied, the loads
of the cores is verified, and, from this information, the dif-
ference of loads between them will be analyzed. Subse-
quently, the tasks with hight loads are divided into the re-
spective groups. In the algorithm there will be the control
variables, where the variable ”less” represents the sum of
the loads in the P array, the variable ”bigger” the sum of
the loads in the G array, and the variable ”delta” the dif-
ference between the variables G and P. The groups P, M,
G are created and tasks are placed there based on their ini-
tial value and delta receives the difference of the loads of
group M.

Figure 1 shows the run of the algorithm, how is the case
of the random as load flow non processor and how divide

Figure 1. Algorithm Strategy

with agreement with their dimensions, when compared to
the group M, are as large will be shifted to the group G, if
not to the group P, and the difference of them is displaced
to the delta.

Figure 2. Load Balancer Strategy

Figure 2 shows the adopted iteration strategy. In it, it can
be seen the division of the loads in the Small, Medium and
Large groups, as well as to analyze how the difference of the
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Figure 3. Load Balancer Strategy

Small and Large groups, the ”delta” variable, decreases with
each iteration. In the end the loads are balanced according to
the adopted strategy, reducing the unbalance, the unneces-
sary migrations and the runtime of the application, the val-
ues are compared to the CHARM++ standard without load
balancer. The results follow a normal distribution because
related and inspired works are developed on the CHARM++
platform.

To implement the proposed load balancer was selected
the CHARM++ environment. This environment is supported
by several platforms, allowing the programs developed in
this model to run in both shared and distributed memory en-
vironments.

4. Methodology and Evaluation

In this section, we present our methodology to validate
the load balancer proposal (GROUPLB), and we present
ours evaluates about this load balancer comparing it with
other state-of-the-art balancers.

To validate our proposal strategy was used an equipment
with Intel Core i7M processor wich 8 physical cores. For the
tests, the Linux operating system Ubuntu 16.04 with kernel
version 4.4.33-1 was used. The version of Charm++ used
was 6.5.1 and the g++ compiler in version 6.2.1.

Each of the tests performed in this work was repeated 10
times, the results follow a normal distribution to achieve a

relative error less than 5% and 95% statistical confidence
for a Student’s t-distribution.

In order to evaluate the performance of proposed load
balancer, it was applied in the execution of the lb test bench-
mark and compared to the other two balancers, GREEDYLB
and REFINELB, which are provided by the CHARM++ pro-
gramming environment. Tests were performed with 50, 150,
50 and 350 tasks, these being with computational loads
varying between 1500ms and 150000ms. Synchronizations
for balance call load was defined every 10 iterations.

In Figure 3 is shown the results of the tests performed
with the lb test benchmark in the platform described.

In the performed tests, the GROUPLB load balancer
achieved the best performance with the benchmark tested.
Using 50 tasks, the time was reduced by 37.47% when com-
pared to the same test without any load balancer. In compar-
ison to the REFINELB, it was lower by 4.58% and 2.09%
compared to GREEDYLB. With 150 tasks, also presented a
reduction compared to the test without any balancer.

With a percentage of 41.50%, though compared to the
REFINELB, obtained a percentage of 1.30%, and finally,
obtained 0.30% in relation to the GREEDYLB. Thus, in the
tests with 250 tasks,GROUPLB we also obtained gains in
the results.

It reduced the time by 27.05% in relation to the execution
without any balancer, 4.98% in relation to the REFINELB
balancer and 0.56% in relation to the GREEDYLB.As well
as 350 task, GREEDYLB also made gains. It reduced the
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time by 24.65% in relation to the execution without any
balancer, 8.75% in relation to the REFINELB balancer and
1.30% in relation to the GREEDYLB balancer.

5. Conclusions

This paper presents a new load balancer proposal, which
was developed for the CHARM++ programming model.
Its objective is reduce the total execution time of the un-
balanced applications, as well as reducing the number of
process migrations. In the tests performed with the lb test
benchmark, our proposed strategy present results superior
to REFINELB and GREEDYLB load balancers.

This benchmark was chosen because it is easily config-
urable to present different levels of unbalance of load, al-
lowing the computational load of each task be configured
in different load patterns, both of irregularity, of commu-
nication, of being disprovided by the program environment
itself. As future works, it is intended to perform tests in par-
allel systems, using other benchmarks and real problems of
scientific computation.
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