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Abstract. The advent of fast, unprecedentedly scalable, yet energy-hungry exascale supercomput-
ers poses a major challenge consisting in sustaining a high performance per watt ratio. While much
recent work has explored new approaches to I/O management, aiming to reduce the I/O perfor-
mance bottleneck exhibited by HPC applications (and hence to improve application performance),
there is comparatively little work investigating the impact of I/O management approaches on energy
consumption.
In this work, we explore how much energy a supercomputer consumes while running scientific
simulations when adopting various I/O management approaches. We closely examine three radi-
cally different I/O schemes: time partitioning, dedicated cores, and dedicated nodes. We investigate
the energy/performance trade-offs of the three approaches within the Damaris I/O middleware
and perform extensive experiments with one of the target HPC applications of the Blue Waters
sustained-petaflop supercomputer project: the CM1 atmospheric model. Our experimental results
obtained on the French Grid’5000 platform highlight the differences between these three approaches
and illustrate in which way various configurations of the application and of the system can impact
performance and energy consumption. Based on our experimental results, we designed an energy
model which can estimate the energy consumptions of different I/O management approaches and
help users in choosing the optimal I/O approach prior to running their application. We have ex-
perimentally demonstrated that our model can select the best I/O approach in terms of energy
efficiency regardless of the system’s architecture or application specific parameters.
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1 Introduction

Power has become an essential issue in the design of modern computing systems. Power bills are a
substantial part of the total cost of ownership (TCO) of supercomputers: a typical supercomputer of
thousands of cores consumes several megawatt of power [15] which in turn represents almost 40% of the
total cost [9]. Performance has long been the major focus of the HPC community. Today’s supercomput-
ers are therefore equipped with millions of processing cores that run parallel programs and consume a
large amount of energy. For example, Tianhe-2, No.1 in the top 500 supercomputers list, is a 3,120,000
processor supercomputer with a Linpack performance of 33.8 petaflop/s,1 but with a 17 megawatt of
power consumption.2 This amount of energy will even increase as we reach the era of exascale systems.

Scientific simulations running on HPC systems have been traditionally designed to write their data
in the form of many files stored in a parallel file system. Yet, the increasing computational power of new
supercomputers largely overcomes the performance of storage systems, which substantially impacts the
performance of these simulations. The traditional approach of periodically checkpointing the simulation’s
data into files and processing it offline to retrieve scientific results does not scale anymore [6]. Therefore, a
number of new approaches to large-scale data management have been proposed that make use of dedicated
resources such as dedicated cores [6], dedicated nodes [17], accelerators (such as GPUs) or SSDs [16] to
process data as it is being generated by the simulation.

As energy is becoming an increasingly important concern for large-scale systems, a major challenge
of exascale computing is how to sustain a high performance per watt ratio. While most studies have
been focusing on profiling and characterizing power usage in supercomputers, modeling and exploring
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of Research through the ACI GRID incentive action, INRIA, CNRS and RENATER and other contributing
partners
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data-related energy/performance tradeoffs [7], and exploiting dynamic voltage frequency scaling (DVFS)
techniques to reduce power consumption [12], there is comparatively little work on investigating the
impact of I/O management on energy consumption (i.e., how much energy a supercomputer consumes
while running a scientific simulation when adopting different data management approaches).

In this paper, we investigate three different approaches to I/O management (that is, (1) periodically
stopping the simulation to write data, (2) using dedicated I/O cores and (3) using dedicated I/O nodes)
within the Damaris middleware [6]. We perform extensive experiments that involve one of the target
HPC applications for the Blue Waters petascale supercomputer project –the CM1 atmospheric model–
on Grid’5000 [1]. Our experimental results bring out the differences between these three approaches and
show that they are only sub-optimal for different configurations of the application and of the system: the
energy consumption under different approaches significantly varies with the frequency of output and the
system’s architecture. Specifically, we show evidence that a shorter execution time doesn’t always imply
better energy consumption, especially when comparing data management using dedicated cores against
dedicated nodes.

After demonstrating that data management approaches differ greatly in terms of their energy con-
sumption and performance, we designed an energy model which can estimate the energy requirements of
different I/O approaches with regard to the targeted application. We propose a profiling method which
integrates the system’s architecture information into our model. Therefore, our model is able to select the
best I/O approach in terms of the energy efficiency regardless of the system’s architecture or application
specific parameters. Thanks to these estimations, our energy model can help users in choosing the optimal
I/O approach prior to running their applications. Moreover, our model is able to answer the question of
what is the optimal ratio of dedicated resources compared to the computational resources in the system
for the I/O approaches which employ dedicated resources. We have experimentally demonstrated that our
model is accurate in its estimations for different management approaches by running a set of experiments
with the CM1 atmospheric model on French Grid’5000 testbed.

Our proposed work first aims at providing a clearer understanding of the interplay between current
data management approaches in exascale supercomputers and energy consumption, and offers a prelim-
inary insight into designing energy-efficient approaches for exascale supercomputers. Then, we aim to
investigate an energy model based on the I/O management approach, HPC application’s characteristics
and HPC system’s architecture and use this model to pre-select an optimal I/O management approach
prior to running the simulation. The primary contributions of this paper are as follows:

1. It experimentally demonstrates that HPC applications experience variations in performance and
power consumption under different I/O management approaches and provides a deep analysis to
explain this variation and its cause.

2. Based on the findings from the experimental study, it presents an energy model that can estimate
the best I/O management approach under a given configuration.

3. It experimentally demonstrates that our energy model is accurate in its estimations by running a set
of experiments with different configurations on the French Grid’5000 testbed.

This paper is organized as follows: Section 2 presents the background of our study as well as the related
work. Section 3 describes an overview of our methodologies, followed by the experimental results which
investigate energy and performance trade-offs of different data management approaches in HPC. Section
4 introduces our energy model and presents a validation of this model. Finally, Section 5 concludes this
paper and discusses the future work.

2 Background

2.1 I/O Landscape for Exascale Systems

As we approach the exascale era in HPC, the mismatch between computation and I/O performance have
become a limiting factor for the performance and scalability of HPC applications. The traditional ap-
proach to perform I/O requires simulation to stop periodically and output data for various purposes such
as analysis, visualization and checkpointing [10]. This results in a large number of processes competing for
the access to the file system which prevents scaling well to thousands of processes. Therefore, alternative
approaches for performing I/O have been investigated recently by the HPC community [6, 17]. These ap-
proaches perform I/O while the simulation keeps running, in an asynchronous manner, taking advantage
of dedicated resources such as cores or nodes. These approaches eliminate the additional machine time
needed for performing data management tasks by overlapping I/O with the simulation. In this section,
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Fig. 1. Approaches to I/O management in HPC applications

we will present three different data management approaches which can be used for performing I/O tasks
in HPC systems.

Time Partitioning Time partitioning is the traditional approach to I/O in HPC applications. In this
approach, I/O operations are performed in a synchronous manner: the simulation stops periodically,
performs I/O operations and continues its computation where it left it off. This I/O activity is presented
in Figure 1(a). While this approach takes advantage of direct access to simulation data, it impacts the
simulation run time since it stops the simulation periodically to perform I/O.

Dedicated cores This approach takes advantage of the hierarchical nature of HPC systems and in
particular the increasing use of multicore nodes, where many cores share a common memory. It dedicates
one or multiple cores in each SMP nodes for performing I/O asynchronously while the simulation runs [6].
Since dedicated cores share the same resources as the cores which run the simulation, they can leverage
the already available simulation data in the shared memory. By assigning asynchronous I/O tasks to
dedicated cores, one can hide the I/O costs. Figure 1(b) presents this approach. In this approach, if I/O
tasks do not scale with the simulation, they can start to impact the overall performance.

Dedicated nodes With this approach, separate nodes are used for performing I/O operations while the
simulation is running [17]. Data is transmitted from computing nodes to dedicated nodes throughout the
network. Once the data transfer is completed, dedicated nodes interact with the file system to write the
output files. This approach is demonstrated in Figure 1(c). One of the challenges with this approach is
the memory management on dedicated nodes. When applying a dedicated nodes approach, one should
be aware of the limited space in the dedicated nodes. While computing nodes send simulation data to
dedicated nodes, they are not aware of the available space in the dedicated nodes. Therefore, dedicated
nodes should handle the incoming transfers according to their memory availability. The ratio between
dedicated nodes and computing nodes is thus an important factor. A mismatch between capacity of
dedicated nodes and computing nodes can lead to inefficiency. Another drawback of this approach is the
requirement for data transfer through the network, less efficient than a transfer through shared memory.
However, asynchronous data transfers can have less impact on the running simulation if one can overlap
the cost of the data movement with the simulation.

2.2 Towards Energy Efficient Frameworks for Exascale Systems

There exists a growing interest on energy efficiency in the high performance computing field in recent
years. Many research groups have tried to address this issue in HPC by analyzing the energy trends of
various HPC applications. Gamell et al. [8] present their power model for in-situ analysis, in particular for
the analysis workflow integrated with S3D [4], a turbulent combustion code. They investigated the roles
of system architecture, algorithm design and deployment options for the energy/performance profiles.
In their power model, they use the Byfl compiler analysis tool [14] to obtain the application specific
parameters with respect to the hardware on which it runs. While they explore the power behaviors of
the S3D code under different scenarios, they have not addressed the impact of these different scenarios
to in-situ analysis in terms of performance.

Kamil et al. [11] introduce a power model which does not require full shutdown of a machine by
extrapolating single rack power consumption to all racks with AC to DC conversion accuracy in mind.
For power measurement, they use the High Performance Linpack (HPL) benchmark, which they claim
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that it has similar power behaviors with other compute-intensive scientific workloads. However, they also
indicate that HPL cannot serve as an ideal workload for performance measurements. Therefore, while
they target power efficiency in their work, their contribution was limited to the exploration of power
behaviors of computation intensive scientific workloads. Also, they run the benchmarks for three minutes
which may not be sufficient for representing HPC applications’ power behaviors.

A closely related work on energy efficieny in HPC, which focuses on fault tolerance protocols, is
conducted by Diouri et al. [5]. They estimate the energy usage of different fault tolerance protocols based
on protocol parameters (check pointing interval), application parameters (number of processes, message
size and number) and hardware parameters (number of cores per node, disk type, memory etc.). They
use a calibration approach that inspired our profiling approach to take into consideration the specific
hardware used in their energy estimations.

3 Energy/Performance Trade-offs of I/O Approaches

3.1 Methodology

We conducted a series of experiments in order to assess the impact of the three data management ap-
proaches on both energy consumption and application performance. We further describe the experimental
environment: the platform, the HPC application, the tools used, and the deployment setup.

Platform The experiments were carried out on the French Grid’5000 [1] testbed. Particularly, we em-
ployed nodes belonging to its Nancy and Rennes sites:
On the Nancy site: each node is a 4-core Intel Xeon 2.53 GHz CPU with 16 GB of RAM. Intra-cluster
communication is done through a 1G Ethernet network while 20G Infiniband network is used between
the parallel file system and nodes that run the simulation. 40 nodes of the Nancy site are equipped with
power monitoring hardware consisting of 2 Power Distribution Units (EATON PDUs), each hosting 20
outlets which are mapped to a specific node.
On the Rennes site: each node has two 12-core AMD 1.7 GHz CPU with 48 GB of RAM. The nodes
communicate through a 1G Ethernet network and they communicate with the parallel file system through
20G Infiniband 4x QDR link connected to a common Voltaire switch. 40 nodes of the Rennes site are
equipped with power monitoring hardware consisting of 4 Power Distribution Units (EATON PDUs),
each hosting 10 outlets which are mapped to a specific node.

For PDUs, since each node is mapped to a specific outlet, we are able to acquire coarse and fine-grained
power monitoring information using the Simple Network Management Protocol (SNMP). We measure
the energy consumption with a resolution of one second. Grid’5000 allows us to create an isolated envi-
ronment in order to have full control over the experiments and the obtained results.

Real life application For our analysis, we chose one of the target HPC applications of the Blue Wa-
ters petascale supercomputer project [13]: the CM1 atmospheric model [2]. CM1 is used for atmospheric
research to model small-scale atmosphere phenomena such as thunderstorms and tornadoes. It follows a
typical behavior of scientific simulations by alternating computation phases and I/O phases. The sim-
ulated domain is a fixed 3D array. The number of points along the x, y and z axes is given by the
parameters nx, ny and nz. Each point in this domain is characterized by a set of variables such as local
temperature or wind speed.

CM1 is written in Fortran 95. Parallelization is done using MPI, by splitting the 3D array along a
2D grid. Each process simulates a nsx × nsy × nz point subdomain. In the current release (r16), the I/O
phase uses HDF5 to write one file per process at every output.

Experimental Deployment We used 32 nodes (128 cores) to run CM1 on the Nancy site, 6 additional
nodes are used by a PVFS [3] file system. These PVFS nodes are accessed by computation nodes through
a 20G Infiniband network. On the Rennes site, we run CM1 on 16 nodes (384 cores) and 3 nodes are
used by PVFS, also accessed from compute nodes through a 20G InfiniBand network. In addition, in
both sites, we configured CM1 to complete 2520 time steps and vary the frequency of output, using 10,
20 or 30 time steps between outputs. Damaris is configured to run with CM1 in five different scenarios
which cover the three different I/O approaches: time partitioning (i.e., TP), dedicating core(s) employing
one core per node (i.e., DC(ONE)) and employing two cores per node (i.e., DC(TWO)), and dedicating
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node(s) using a ratio of 15:1 for compute nodes to dedicated nodes (i.e., DN(15:1)) and using a ratio of
7:1 for compute nodes to dedicated nodes (i.e., DN(7:1)).

In our first experiment, the I/O output frequency is performed at every 10 time steps. Then, to
illustrate the impacts of system’s architectures, we complement the first set of experiments (i.e., Nancy
site) by running the CM1 simulation on Rennes site.

3.2 Results

In this section, we provide an analysis of the experimental results. Our goal is to study the impact of
various I/O approaches on the energy and performance of HPC applications, particularly CM1.
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Fig. 2. Energy vs completion time on Nancy site with output frequency as every 10 iteration

In terms of performance, Figure 2 shows that the time partitioning approach largely impacts the
simulation. This behavior results from the fact that it performs I/O from all processes and by stopping
the simulation periodically. On the other hand, approaches that perform I/O asynchronously and from
a reduced number of writers obtained a much better run time. Among these approaches, dedicating
nodes with a ratio of 7:1 (i.e., DN(7:1)) outperforms the other configurations. We can argue that the
approach based on dedicated cores can have a larger impact on the simulation because there are only
four cores per node, i.e., dedicating even one core already removes 25% of the computation resources
that could have been used by the simulation. Additionally, it is worthwhile to note the importance of the
ratio between dedicated and compute nodes in the dedicated nodes approach. As we mentioned before,
mismatch between capacity of dedicated and computing nodes can result in inefficient simulation runs.
Dedicating only two nodes for thirty compute nodes (i.e., DN(15:1)) appeared not to be an optimal choice
under high I/O frequency where large outputs are produced every 10 time steps.

In terms of energy consumption, Figure 2 shows a strong correlation between completion time and
energy consumption. However, we can also see that although dedicating nodes approach with a ratio
of 15:1 (i.e., DN(15:1)) finishes the simulation earlier than with one dedicated cores (i.e., DC(ONE)),
the former one consumes more energy than the latter. This implies that short execution times do not
always lead to less energy consumption. Additionally, we can see that completion time is almost tripled
with the time partitioning approach while energy consumption stayed at two times of other approaches.
This stems from stopping the simulation periodically to perform I/O which leads to less utilization of
CPU and less power consumption with the penalty of much longer execution times compare to other
approaches. These energy/performance trade-offs can be favored according to the users’ priority and, of
course, largely depends on the application considered.

Impact of the System Architecture Figure 3 shows the energy consumption of each I/O approach
using different system architectures. The results indicate that the comparative behavior of the different
approaches with respect to performance and energy efficiency depends on the system on which they
run. With a larger number of cores per node, dedicating one core outperforms the other configurations
while the dedicated nodes approach was the optimal choice with a smaller number of cores per node.
The different behaviors in dedicated cores approaches stem from reducing the number of cores that could
otherwise be used by the simulation. Since CM1 is computation-intensive, dedicating cores for performing
I/O tasks reduces the computing resources dramatically in an architecture with a small number of cores
per node. However, with a larger number of cores per node, dedicating cores removes only a small amount
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Fig. 3. Energy consumption under different I/O management approaches and system architectures

of computing resources (e.g., 4% when dedicating one core out of 24 cores) and therefore its impact on
the simulation stays minimal.

4 Energy Model

Data management approaches for exascale systems have different energy behaviors and they are only sub-
optimal for different applications and system configurations. We have experimentally demonstrated that
the energy consumption under different I/O approaches significantly varies with the application specific
parameters and system’s configurations. This highlights the need for an energy efficient framework which
will select the best data management approach by considering the relevant configuration. Therefore,
we have developed an energy model for computation intensive HPC applications under different data
management approaches. In order to estimate the energy consumption, parameters of our model consists
of the specific hardware used, number of nodes, cores per node used for the computation and their
related efficiency values in scaling. To be able to assess the impact of the specific hardware used during
the simulation we employed a profiling method. We also measured the related scalability values during the
profiling period. After employing the profiling approach, we can estimate the related energy/performance
trade-offs of different data management approaches to achieve energy savings by selecting the best I/O
approach. Finally, we validated our model under different set of experiments to obtain its accuracy.

4.1 Model Formulation

In our model, we assume that we can hide the I/O costs during simulation with dedicated cores/nodes
approaches. Therefore, I/O time is negligible from the point of view of the simulation [6] and our energy
model as following:

E = Tsim ∗ Psim (1)

where Tsim is the total execution time of the simulation and Psim is the average power spent during the
simulation. The two separate components of our model are discussed below.

Tsim : To estimate the total execution time, we need to know the number of nodes and cores per node
used for the computation . After taking the number of nodes and cores as parameters to our model, we
integrate the related scalability values which we obtained during the profiling period into our model to
determine the effect of the number of nodes/cores involved in the computation. While estimating the total
execution time, we apply two scalability levels. The first one is the core level scalability which depends
on the number of cores per node used in the simulation and the other one is the node level scalability
which changes according to number of nodes used in the simulation. The reason behind this choice of
formulation is also to be able to answer to the question [6, 17] of how many cores or nodes should we
dedicate for performing I/O with respect to the data management approach. Putting all together,

Tsim = (Tbase/(ncore ∗ score)/(nnode ∗ snode)) ∗ niter (2)

where Tbase is the time per iteration with only one core involved in the simulation; ncore, nnode and niter

are the number of cores, nodes and iterations respectively. score and snode are the related overall efficiency
values for the aforementioned scalability levels that are determined experimentally during the profiling
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Fig. 4. Profiling approach for scalability values

period which we will explain in more detail in the following section.

Psim: We here assume that the average power consumption (Psim) is similar under different number
of nodes due to the computation heavy pattern of the applications. Since communication tasks constitute
very small part of the applications’ life cycle, related power consumption does not change significantly
with the different number of nodes involved in the simulation. Regarding the average power consumption
during the simulation, we benefited from the two different power values which we obtain by profiling.
The first one is the average power that node consumes when it is idle (Pidle) while the second one is
the average power consumption during the simulation (Pmax). Moreover, data management approaches
are different in their power behaviors. For the dedicated nodes approach, we have two kind of nodes:
computation and dedicated nodes. As computation nodes run the simulation they have the power value
of Pmax. However, dedicated nodes only perform I/O tasks. To simplify our model, we have assigned the
mean of Pidle and Pmax to dedicated nodes as their power value. Putting all together:

Psim = (Pmax ∗ cn + ((Pidle + Pmax)/2) ∗ dn)/(cn + dn) (3)

where cn represents the number of computation nodes and dn represents the dedicated nodes in a similar
fashion. For the dedicated cores approach, we only have computation nodes. Since communication between
dedicated and computation cores is non-blocking, we don’t observe a significant power decrease with
respect to different number of dedicated cores. Therefore, our model defines its power behavior as :

Psim = Pmax (4)

4.2 Profiling Approach

This section describes our profiling approach as we mentioned in the previous section. The goal of the
profiling approach is to take into consideration the specific hardware used during the simulation. As energy
equals power over time, we need to be able to obtain power and time behaviors of the application with
respect to the specific hardware used. Therefore, we perform a set of micro benchmarks to extract relevant
values for our energy model. We provide the profiling results of the parapluie cluster which features 40
nodes of 2 AMD 1.7 Ghz CPUs, 12 cores/CPU, 48 GB RAM and 10 Gigabit Ethernet network. We run
CM1 atmospheric simulation without any I/O operations enabled in order to obtain its power and time
behavior.

To be able to extract the time behavior of the simulation with respect to the specific hardware used,
we need scalability values of the application depending on the numbers of cores and nodes used for the
simulation. First, we run the CM1 application with different number of cores (Figure 4(a)) which will
determine the impact of the number of the dedicated cores on the total execution time. Then,we run the
CM1 application with different number of nodes to assess the impact of the number of dedicated nodes
on simulation (Figure 4(b)).

We extracted the base computation time (Tbase) as the time with only 1 core involved in computation.
For the scalability values for the core and node levels in our model (score, snode), we obtain the ratio
between two values : perfect scaling and the speedup that we observed under this specific cluster. For
instance, we observed perfect scaling within the node until 16 cores involved in the computation. However,
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it follows weak scaling after 16 cores for this specific application (i.e., CM1). Similarly, we can see the
performance drop after some number of nodes for the scalability values within the cluster.

For the power behavior of different I/O approaches, we need to extract the two power values which
are Pidle and Pmax . First, we measure the idle power consumption (Pidle ) of a set of nodes (Figure 5(a)),
then we measure their average power usage (Pmax ) during the simulation (Figure 5(b)). For power mea-
surements, we used Power Distribution Units (4 EATON PDUS) which host 10 outlets that are attached
to specific nodes and we retrieved the power measurements by using the Simple Network Management
Protocol (SNMP) with the resolution of 1s. Both of the figures show that idle and full power usages vary
significantly even within the nodes of the same cluster. After performing these measurements, we take
their average in order to calculate the Pidle and Pmax values. The significant variance in the nodes of the
same cluster for their related power consumption (Pmax , Pidle ) shows the importance of the profiling
approach. What is more, scientific simulations are used by the scientific community for a long period of
time. Therefore, we can easily say that long-life cycles of HPC applications can amortize the cost of our
profiling approach which is performed only once for the specific hardware.

4.3 Model Validation

In order to validate our model, we have performed a set of experiments in the parapluie cluster as the
one described in the previous section. We configure CM1 application to run as 2520 iterations with
output frequency at every 30 iterations. We run CM1 on 16 nodes (384 cores) with additional 3 nodes
as PVFS file system. Damaris is configured to run CM1 using four different data management scenarios:
dedicating core(s) employing one core per node (i.e., DC(ONE)) and employing two cores per node (i.e.,
DC(TWO)), and dedicating node(s) using a ratio of 15:1 for compute nodes to dedicated nodes (i.e.,
DN(15:1)) and using a ratio of 7:1 for compute nodes to dedicated nodes (i.e., DN(7:1)). We left out
the time partitioning approach (i.e., TP) comparison to the experimental study that we have performed.
We have experimentally demonstrated that time partitioning approach performs worse when compared
to other data management approaches regardless of the configuration(system architecture, application
parameters) that it runs. Therefore, in our energy model we focused on the I/O approaches with dedicated
resources that can hold the assumption of the model by being able to overlap I/O with the simulation.
We measured the total execution time and the power usage five times for each scenario to reduce the
impact of the measurement error.

Figure 6 shows the observed average energy consumption over five executions and our model’s es-
timation. We can see that our model is accurate since relative differences are low. The worst relative
difference we observed is 4% under the I/O approach with dedicating core(s) employing one core per
node (i.e., DC(ONE)). We can partially attribute these difference to the measurement error. Also, it is
worthwhile to mention that our model represent the ideal scenario with the assumption of overlapping
I/O with the simulation. When we look at the measurements, we can also observe greater variability for
the DN(7:1) configuration which is due to few iterations during the simulation where output rate was
higher than the network bandwidth in the system. What is more, our model is able to predict the best
I/O management scenario among different ones, in this case dedicating core(s) employing one core per
node (i.e., DC(ONE)), which fulfills the main motivation behind our model.

To further test our model’s accuracy, we have conducted a set of experiments in a different cluster in
Grid5000: graphene cluster which features 40 nodes of 2.53 Ghz CPU, 4 cores/CPU, 16 GB RAM and
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Fig. 6. Observed and estimated energy consumption under different I/O scenarios on the parapluie cluster

10 Gigabit Ethernet network. We run CM1 on 32 nodes (128 cores) with additional 6 nodes as PVFS file
system. We used the same configuration for CM1 as we described for the previous set of experiments.
Damaris is configured to run CM1 using three different data management scenarios: dedicating core(s)
employing one core per node (i.e., DC(ONE)) , and dedicating node(s) using a ratio of 15:1 for com-
pute nodes to dedicated nodes (i.e., DN(15:1)) and using a ratio of 7:1 for compute nodes to dedicated
nodes (i.e., DN(7:1))). We left out dedicating two cores per node (i.e., DC(TWO)) compare to previous
configuration since each node has only 4 cores and dedicating two of them can impact the simulation
significantly due decreasing the node’s computational power by half.

 0

 500

 1000

 1500

 2000

 2500

DC(ONE) DN(15:1) DN(7:1)

E
n

e
rg

y
(k

J
)

Measured
Model

Fig. 7. Observed and estimated energy consumption under different I/O scenarios on the graphene cluster

We employed a profiling approach on graphene cluster to extract the necessary values for our model as
we described in the previous section. After the profiling approach, we measured the energy consumption
five times for each different scenario. Figure 7 shows the observed average energy consumption over five
executions and our model’s estimation. The worst relative difference we observed is 5.7% under the I/O
scenario with dedicating node(s) employing a ratio of 15:1 (i.e., DN(15:1)) which indicates our estimations
are accurate. What is more, our model is again able to predict the best I/O scenario, in this case dedicating
node(s) with a ratio of 7:1 (i.e., DN(7:1)) , which shows that we can easily apply our model to different
set of clusters after a profiling approach.

5 Conclusion and Future Work

Power consumption has started to severely constrain the design and the way HPC systems are operated.
As HPC systems and HPC application’s data size rise, their power efficiency calls for empirical evaluations
and technical innovations. In this study, we investigated the performance and energy efficiency of three
I/O approaches in HPC systems: time partitioning, dedicated cores, and dedicated nodes within the
Damaris I/O middleware. We performed extensive experiments using the CM1 atmospheric model on the
French Grid’5000 platform.

Our detailed study reveals a significant variation in the performance of CM1 and the energy con-
sumption of the HPC system. This have motivated us to seek an energy efficient framework which can
help users in their decisions regarding the data management approach. In order to make better decisions



10 Exploring Energy Behaviors of I/O Management Approaches for Exascale Systems

in terms of energy efficiency, we present a model that estimates the energy consumption of data man-
agement approaches. In our model, we consider the I/O approaches which employ dedicated resources
(cores,nodes). We apply a profiling method in order to assess the impact of the HPC system’s architecture
and user defined application parameters (number of nodes, number of processes) on our model’s energy
estimations. We observed a significant variability in the power values of the same cluster nodes when they
are idle or running the simulation which shows the importance of our profiling approach. Moreover, we
can apply our energy model to any HPC application after applying the profiling method. We have exper-
imentally validated our energy model’s accuracy on French Grid’5000 testbed for two different clusters.
By providing accurate energy consumption estimations, we can help users in selecting the optimal data
management approach according to their priorities before running their simulations.

As a future work, we plan to investigate the energy saving methods such as reducing the CPU fre-
quencies of the dedicated resources (which perform I/O) within each I/O management approach. As a
more long-term agenda, we are going to investigate the feasibility of building a hybrid I/O management
approach that not only incorporates all the aforementioned I/O management approaches but also can
adaptively select the optimal I/O approach at run time.
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