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Abstract—Future computer systems are built under much
stringent power budget due to the limitation of power delivery
and cooling systems. To this end, sophisticated power manage-
ment techniques are required. Power capping is a technique to
limit the power consumption of a system to the predetermined
level, and has been extensively studied in homogeneous systems.
However, few studies about the power capping of CPU-GPU
heterogeneous systems have been done yet.

In this paper, we propose an efficient power capping tech-
nique through coordinating DVFS and task mapping in a
single computing node equipped with GPUs. In CPU-GPU
heterogeneous systems, settings of the device frequencies have
to be considered with task mapping between the CPUs and the
GPUs because the frequency scaling can incurs load imbalance
between them. To guide the settings of DVFS and task mapping
for avoiding power violation and the load imbalance, we
develop new empirical models of the performance and the
maximum power consumption of a CPU-GPU heterogeneous
system. The models enable us to set near-optimal settings of
the device frequencies and the task mapping in advance of the
application execution. We evaluate the proposed technique with
five data-parallel applications on a machine equipped with a
single CPU and a single GPU. The experimental result shows
that the performance achieved by the proposed power capping
technique is comparable to the ideal one.
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I. INTRODUCTION

Future computer systems are built under much stringent
power budget due to the limitation of power delivery and
cooling systems. Therefore, many researchers have investi-
gated power management techniques to optimize the energy
usage in a large scale system [6], [7], [10], [11]. Power
capping, which enables us to dynamically limit the peak
power consumption of components or computing nodes, is
one of the most fundamental technologies of these power
management [7]. Meanwhile, in order to maximize energy
efficiency, heterogeneous systems equipped with GPUs have
become popular, especially in systems for HPC [1], [15],
[19]. Developing power capping technique is also important
for these heterogeneous systems.

Although many power capping techniques based on DVFS
have been proposed for homogeneous systems, these are
not directly applicable to heterogeneous systems. In the
applications running on heterogeneous systems with GPUs,

hybrid computing is often used, which means that parallel
tasks are distributed to both of CPUs and GPUs and that the
tasks are executed in parallel [9], [12], [17], [18]. When we
directly apply conventional power capping techniques with
DVFS to these applications, load imbalance occurs among
CPUs and GPUs because the amounts of the performance
fluctuations by DVFS are quite different between CPUs
and GPUs. The load imbalance degrades the application
performance significantly. Thus, we cannot separate the
problem of frequency settings of CPUs and GPUs from the
load balancing problem among CPUs and GPUs.

In Figure 1, we show the potential benefit of coordinating
DVFS and task mapping under the power constraints. The
bars show the normalized performance of parallel applica-
tions running on a heterogeneous system with a single CPU
and a single GPU. To keep the power consumption under
the power constraint, we use DVFS. The performance is
normalized to the performance with ideal settings of DVFS
and task mapping under the power constraint, in which we
can avoid load imbalance caused by DVFS through adjusting
task mapping. The detailed experimental setup is described
in section V. In the power capping only with DVFS, lack
of mechanism to adjust load balancing results in signifi-
cant performance degradation under the power constraint.
In summary, there is a big room to improve efficiency
of power capping for heterogeneous parallel applications
through coordinating DVFS and task mapping.

In this paper, we propose an efficient power capping
technique through coordinating DVFS and task mapping in
a CPU-GPU heterogeneous system. Performance and power
consumption of the heterogeneous systems are complicated
functions of the CPU frequency, the GPU frequency and
the task mapping. To explore the parameter space without
runtime overhead, we build a proactive power capping
technique in which the settings of DVFS and task mapping
are determined in advance of the execution. In order to
guide the settings of DVFS and task mapping, the proposed
technique utilizes new empirical models of the performance
and the power of the target heterogeneous system. With a
small number of profiles, the models enable us to get the
optimal set of parameters under a given power constraint.
The contributions of this paper are listed below.
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Figure 1. Performance degradation by power capping only with DVFS.
(normalized to the ideal settings of device frequencies and task mapping
under each power constraint.)

• As far as we know, this is the first work on the power
capping of CPU-GPU heterogeneous systems through
coordination of DVFS and task mapping.

• We build empirical models to precisely predict the
performance and the maximum power consumption
with the given settings of the CPU frequency, the GPU
frequency, and the task mapping.

• We show the effectiveness of the proposed technique
through evaluating five GPGPU applications in a plat-
form equipped with a single GPU under five different
power constraints. The experimental result shows that
we can achieve more than 93% of performance com-
pared to the ideal one in 24 cases out of the 25 cases.

The paper is organized as follows. Section 2 explains the
background. Section 3 describes the overview of the pro-
posed technique. The proposed models of performance and
power are detailed in Section 4. We evaluate the proposed
technique in Section 5. We refer the related work in Section
6, then summarize this paper in Section 7.

II. BACKGROUND

A. Power Management in Computer Systems

Power capping is a fundamental technique to manage the
power consumption in computer systems. It eliminates the
burst of power consumption in components or computing
nodes and keeps the power consumption under the given
power constraint. At the component level, power capping
techniques for CPUs [6] or system memories [10] have been
already proposed. On a different level, power capping for a
single computing node is important for power limited large-
scale systems [11]. Based on power capping techniques, we
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Figure 2. A heterogeneous system with GPUs.

can optimize the available power capacity among servers
according to online activity of running applications [7].

B. Heterogeneous Systems with GPUs

In this paper, we consider a power capping technique for
a single computing node. Figure 2 illustrates the assumed
machine architecture in this paper. The architecture consists
of a single CPU and a single GPU. Recent commercial
CPUs and GPUs have already supported dynamic voltage
and frequency scaling (DVFS) technology for their power
management. Also, power consumption of CPUs and GPUs
can be measured by reading special hardware counters inte-
grated into the devices. Software interfaces for the counters
are provided by the vendors.

Previous research reported that motherboards, hard disks
and other I/O components exhibit relatively small fluctua-
tions in power consumption over a variety of workloads [7].
Since CPUs and GPUs are the main sources of dynamic
fluctuation of power consumption of a computing node, we
regard them as the targets of the power management.

C. Parallel Computation with CPUs and GPUs

Hybrid data-parallel computation with both CPUs and
GPUs increases both performance and energy efficiency of
a heterogeneous computing node [14]. With recent portable
GPGPU programming environments, such as OpenCL [3] or
OpenACC [2], many researchers have proposed compilers
and runtime systems to make full use of CPUs and GPUs
in data parallel processing [9], [12], [16], [17], [18].

Figure 3 illustrates a simple example of the parallel
computation with a single CPU and a single GPU. In
Figure 3, CPU executes tasks related to a sub-array with
the 0th element to the 29th element of an array. On the
other hand, GPU executes tasks related to the rest of the
elements in the array which are from the 30th to the 99th
element. In this example, the percentage of the CPU tasks
is calculated as 30/100 = 0.3 and that of the GPU tasks is
calculated as 70/100 = 0.7.

Since data-parallel tasks can be decomposed into indepen-
dent tasks which are related to individual data elements, we
can flexibly control the percentage of tasks for each device.
Previous research shows that compilers or runtime systems
can adjust the task mapping to balance the load between
CPUs and GPUs. The optimal percentages of CPU tasks and
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Figure 3. Hybrid computation with a CPU and a GPU.

GPU tasks are dependent on applications because relative
speedup by using GPUs is significantly different between
applications.

III. PROPOSED POWER CAPPING TECHNIQUE

A. Approach

As shown in Figure 1, it is important to coordinate DVFS
and task mapping in a CPU-GPU heterogeneous system. To
do so, one approach is to integrate adaptive task mapping
into the existing feedback controller of DVFS. However, in
this approach, a large number of parameter adjustments are
required at runtime in order to explore the large parameter
space. Even worse, in the current CPU-GPU architecture,
adaptive task mapping requires additional data transfers
between the CPU memory and the GPU memory. It incurs
significant performance overhead.

To avoid the issue, we will investigate a proactive method
in which we explore the parameter space in advance of the
execution. The behavior of a typical GPGPU application
does not change drastically during the executions because
many GPGPU applications use iterative algorithms [18]. The
above fact tells us that proactive methods are promising
to coordinate DVFS and task mapping in a CPU-GPU
heterogeneous system.

B. Profile-Based Power Capping

In the proposed power capping technique, we determine
the frequencies of the CPU and the GPU, and the per-
centages of tasks mapped to the CPU and the GPU at
the beginning of the application execution. Figure 4 shows
the overview of the proposed power capping technique. To
enable us to set the parameters in advance of the application
execution, we take profile information by executing the
application only with the CPU and only with the GPU.
Based on the profiles, empirical models predict the execution
time and the maximum power consumption in a hybrid
execution by utilizing both the CPU and the GPU. The
models enable us to examine all possible settings of DVFS
and task mapping without the exhaustive profiling of the
all possible parameter settings. With the optimal parameter
predicted by the model, we execute the application.

It is possible that the system exceeds the power constraint
with the pre-determined parameters due to the prediction
error of maximum power consumption. Although such a
case is rare because the proposed empirical models are suffi-
ciently precise, as evaluated in Section V, we can adjust the

CPU Profilie Runs

GPU Profile Runs

Time & Power Models

Distribute parallel tasks

and set device frequenciesPower Constraint

CPU and GPU Frequencies, 

percentages of CPU and GPU tasks

Profile

CPU GPU

Reactive DVFS 

Controller

Figure 4. An overview of the profile-based power capping.

CPU frequency with the existing power capping technique
at runtime to prevent the power violation. In Figure 4, the
Reactive DVFS controller is responsible for this. In this
case, individual adjustment of the CPU frequency does not
incur large performance degradation because the value of
the power consumption has already been close to the power
constraint and the adjustment can be done in a very small
range of frequencies.

IV. EMPIRICAL MODELS

A. Model Parameters and Profiling Information

In Table I, we summarize the model parameters and
profile information of the execution only with the CPU and
the GPU. The control parameters include the frequency of
the CPU (fcpu), the frequency of the GPU (fgpu) and the
percentages of CPU tasks (rcpu) and GPU tasks (rgpu). The
model outputs the normalized execution time of applications
(ttotal) and the maximum power consumption (pnode) with
the given parameter set: (fcpu, fgpu, rgpu, rcpu). Note that
the sum of percentages of CPU tasks and GPU tasks must
be 100: i.e. rcpu + rgpu = 100.

In the profiling runs, we set the percentages of CPU and
GPU tasks to rcpu = 100, rgpu = 0 (CPU-only Profile)
and rcpu = 0, rgpu = 100 (GPU-only Profile). With the
settings of task mapping, we profile the execution time and
maximum power consumption for all possible set of device
frequencies. The profile information includes the power
consumption of the CPU, the GPU, and the computing node.
Also, we collect the execution time of each parallel kernel
function during the execution. We profile the execution time
normalized to the execution time of the execution only with
the GPU at the highest frequencies. Thus, the model is
applicable to executions with different data whose sizes are
different from that of the data used in the profiling runs.

We can take the profiling information when we install ap-
plications in the system. The system must support measuring
the power consumption of the computing node, the power
consumption of the CPU and GPU.



Predicted Values
ttotal Total Execution time
pnode Power Consumption of the Node

Control Parameters Description
fcpu Frequency of the CPU
fgpu Frequency of the GPU
rcpu percentage of CPU tasks
rgpu percentage of GPU tasks

CPU(GPU)-only Profile
K

c(g)
i Execution Time of ith Parallel Kernel

P
c(g)
node

Power of the Node

P
c(g)
cpu Power of the CPU

P
c(g)
gpu Power of the GPU

Table I
MODEL PARAMETERS AND PROFILE INFORMATION.
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Figure 5. Fine-grained synchronization between the CPU and the GPU.

B. Execution Time Model

The total execution time of the application can be rep-
resented by the sum of the execution time of the parallel
kernel functions as the following equation:

ttotal =
∑
i

Ki(fcpu, fgpu, rcpu, rgpu).

The execution time of the i-th kernel is represented as
Ki(fcpu, fgpu, rcpu, rgpu).

To estimate the execution time of the i-th kernel (Ki) in
hybrid computations, in which both the rcpu and the rgpu
are not zero, we make the following two assumptions: 1. the
actual execution time on the CPU or the GPU is proportional
to the amount of mapped tasks, and 2. global barrier is
required after the execution of each parallel kernel. The
global barrier is illustrated in Figure 5. In this situation,
the faster device must wait for the other device at the
synchronization point. Using the two assumptions and the
profile information, we can estimate the execution time of
the i-th kernel with the following equation:

Ki = max
{
Kc

i (fcpu, fgpu)×
rcpu
100

,Kg
i (fcpu, fgpu)×

rgpu
100

}
.

C. Power Model

Total node power pnode(fcpu, fgpu, rcpu, rgpu) can be
decomposed into three terms as the following equation:

pnode = pidle(fcpu, fgpu)

+pcpu(fcpu, fgpu, rcpu) + pgpu(fcpu, fgpu, rgpu).

The term pidle represents idle power consumption, which
depends on the frequencies of the CPU and the GPU but
is independent of the task mapping. It includes static power
of the system. The terms pcpu and pgpu represent power
consumptions in the CPU and the GPU, which depend on
all the control parameters (fcpu, fgpu, rcpu, rgpu).

1) Idle Power: We estimate the idle power pidle by using
the CPU-only profiles. Simply, we estimate it by subtracting
the dynamic power consumption of the CPU from the total
power consumption of the node as the following equation:

pidle = P c
node(fcpu, fgpu)

−
{
P c
cpu(fcpu, fgpu)− P g

cpu(fcpu, fgpu)
}
.

The dynamic power consumption of the CPU is approx-
imated by the expression P c

cpu − P g
cpu. The value of pidle

includes the static power of CPUs, the static power of GPUs,
and the power consumption of the all other components
(mother board, hard disk etc.).

2) Dynamic Power: The CPU and the GPU are not
always in busy because fine-grained synchronization is
required as illustrated in Figure 5. Because of the idle
period in the devices, pcpu and pgpu fluctuate according
to the activity of the CPU and the GPU with the given
task mapping. To model the phenomenon, we assume that
the power consumptions are proportional to the fraction of
busy time to the total execution time. This relationship is
expressed in the following equation:

pcpu = αcpu ×
{
P c
cpu(fcpu, fgpu)− P g

cpu(fcpu, fgpu)
}
,

pgpu = αgpu ×
{
P g
gpu(fcpu, fgpu)− P c

gpu(fcpu, fgpu)
}
.

The term αcpu and the term αgpu represent the fraction of
busy time in the CPU and that in the GPU respectively. In
the equations, the expression P c

cpu−P g
cpu and the expression

P g
gpu−P c

gpu are used as the approximations of the maximum
amount of the dynamic power consumption in the CPU and
that in the GPU respectively.

To estimate the fraction of busy time αcpu and αgpu from
the profile information, we define the busy time of each
device during execution as the sum of the actual execution
time of each kernel function. The definition is shown in the
following equation:

tc(g)pu =
∑
i

K
c(g)
i (fcpu, fgpu)×

rc(g)pu

100
.

The busy times are denoted by tcpu and tgpu. Using them,
we estimate the fraction of busy time of the CPU αgpu and
that of the GPU αgpu as the following equations:

αc(g)pu =
tc(g)pu(fcpu, fgpu, rc(g)pu)

ttotal(fcpu, fgpu, rc(g)pu)
.



D. Parameter Selection
After taking the profiling information, we examine the

all possible set of parameters with the empirical models
and build the optimal parameter tables which stores the list
of the optimal parameter sets for every value of the power
constraint. We have to build the tables only once. Plus, it
does not take much time to build it even if we explore the
optimal parameter sets with exhaustive search algorithms
because we can quickly estimate the execution time and the
maximum power consumption for any parameter set with
the model. At the beginning of the application execution,
the runtime system looks up the table to get the optimal
parameter set under the given power constraint.

V. EVALUATION

A. Methodology
In the experiment, we use a computing node with a

single multi-core CPU and a single GPU. The details of
the platform are shown in Table II. We measure the total
power consumption of the machine at every one second
with “watts up? .net” [4]. To measure power consumed
in the CPU and the GPU in profiling executions, we use
RAPL [6] API to read the hardware counters related to
the device power consumption. We use Linux “cpufreq-set”
command to change the CPU frequencies and use “nvidia-
smi” command to change the GPU frequencies.

We evaluate five GPGPU applications selected from ro-
dinia benchmark suite [5] and from BLAS library. The
applications are summarized in Table III. Compilers or
runtime libraries with the capability of scheduling tasks
between CPUs and GPUs have not been publicly available
yet. Therefore, we manually implemented heterogeneous
task mapping mechanism for each evaluated application.
They are compiled with gcc 4.4 and with nvcc 5.0. We use
the “-O3” flag for the compiler optimization. We enlarge the
provided data sets and use them for evaluations.

In the developed hybrid applications, we use the existing
parallel codes of rodinia benchmark suite and BLAS library.
The parallel codes use OpenMP for CPU side computations
and they use CUDA for GPU side computations. In the
hybrid SGEMM implementation, we use Intel MKL for the
CPU side computation and NVIDIA CUBLAS for the GPU
side computation. In the hybrid executions, the data elements
are transferred only when they are really necessary on the
GPU at the given task mapping. In the experiment, we
assume that we can change the percentages of CPU and
GPU tasks by 10% in a single step.

The reactive DVFS controller for a CPU, which eliminates
the possibility of power violation caused by the errors of
power prediction, has not been integrated into the evaluation
system. Instead of using the adaptive controller, we add a
margin in the estimated power consumption and guarantee
that the maximum power consumption of the system is under
the power constraint.

CPU Intel Core i7 x1 (6core)
GPU Nvidia Tesla K20c x1

CPU Frequencies(GHz) 1.2 - 3.2 (0.2 GHz step)
GPU Frequencies(MHz) 614, 640, 666, 705, 754

OS Linux

Table II
MACHINE SETUPS FOR THE EVALUATION.

Application Description Input Description
BFS Graph Traversal 5M node random graph

HOTSPOT Heat Simulation (1024, 1024) Grid
KMEANS Clustering 494020 data items

PF Model Estimation 50K particles
SGEMM BLAS Library (2k, 2k) matrices x100

Table III
DESCRIPTION OF THE BENCHMARKS.

B. Model Verification

In Figure 6, and 7, we plot the errors in the execution time
model and those in the power model. The GPU frequency is
fixed at 614MHz, The x-axis denotes the percentage of GPU
tasks (rgpu). We show the result of the percentage of GPU
tasks from 50% to 100% because the optimal percentages
of GPU tasks are between the range for all the evaluated
applications. The y-axis denotes the CPU frequency (fcpu).
The z-axis denotes the errors in the proposed model. The
execution time is normalized to the execution time of the
execution only with the GPU at the highest frequency.

We can see that the predicted values are closely fitted to
the actual measurement. The average errors for 50%-90%
GPU tasks are shown in Table IV. The average error of
the execution time is up to 14%. The average errors of the
maximum power consumption are up to 5.1 Watt.

C. Performance Under the Power Constraint

Figure 8 shows the normalized performance with the
proposed power capping techniques. The x-axis denotes
the power constraint. The y-axis denotes the performance
normalized to the performance of the execution with ideal
settings of DVFS and task mapping under the given power
constraint. We compare power capping techniques with fixed
task mappings to the proposed one. They are listed below.

• cpu-dvfs: The percentage of GPU tasks is fixed at 0%.

Application Ave. Time(%) Ave. Power(W)
BFS 9.18 4.95

HOTSPOT 5.97 3.65
KMEANS 10.41 5.10

PF 14.07 3.49
SGEMM 10.67 1.49

Table IV
THE AVERAGE ERROR OF THE MODEL. (THE PERCENTAGE OF GPU

TASKS: 50% - 90%.)
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Figure 6. The errors in the estimated execution time: GPU 614MHz.
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Figure 7. The errors in the estimated power (watt): GPU 614MHz.

• gpu-dvfs: The percentage of GPU tasks is fixed at
100%.

• dvfs: The percentage of GPU tasks is fixed at the
optimal percentage under no power constraint.

For cpu-dvfs, gpu-dvfs and dvfs, we assume that we can set
the optimal device frequencies under the power constraint
at the beginning of the execution.

As mentioned in Section III, the initial parameters set by
the proposed technique potentially causes power violation
due to the error of prediction. Although we have not yet
integrated a feedback power controller into our evaluation
systems, in the experiment, the proposed technique could
always set the parameters which keep the power consump-
tion of the node under the power constraint.

In the region with strict power constraint (200W-240W),
the CPU and the GPU must run with lower frequency levels.
Because the range of frequency scaling in the CPU is larger
than that of the GPU, the performance degradation caused
by DVFS tends to be larger in the CPU. This causes load
imbalancing between the CPU and the GPU in dvfs, which
directly results in large performance degradation. On the
other hand, the performance of gpu-dvfs is relatively constant
throughout the various power constraints. However, gpu-
dvfs cannot achieve the optimal performance in any cases.
Plus, gpu-dvfs fails to run under the most strict power
constraint (200W) in BFS, HOTSPOT and PF. With the
proposed technique, we can migrate parallel tasks between
the CPU and the GPU with considering the DVFS effects
on the performance of the CPU and the GPU. Thus, we can
eliminate inefficient execution caused by load imbalance. In
summary, the proposed power capping technique achieves
more than 93% of performance compared to the ideal

Power Constraint (W) Proposal Ideal
200 (1.4, 705, 90) (1.2, 758.0, 100.0)
220 (1.6, 758, 90) (1.8, 758.0, 90.0)
240 (2.2, 758, 90) (1.8, 758.0, 90.0)
260 (2.6, 758, 90) (2.8, 666.0, 80.0)
280 (3.0, 705, 80) (3.0, 758.0, 80.0)

Table V
THE SELECTED PARAMETERS FOR KMEANS. (CPU FREQUENCY IN

GHZ, GPU FREQUENCY IN MHZ, PERCENTAGE OF GPU TASKS IN %).

performance under the given power constraint in 24 cases
out of the 25 cases.

Table V shows the parameters selected in the proposed
technique and the ideal settings for KMEANS. Although the
selected parameters are not the same between the proposed
technique and the ideal settings, the trends in the parameter
selections are similar. As the power constraint gets stricter,
we should move the tasks to the GPU while we keep the
GPU frequency high. Also, Figure 9 shows the performance
with the proposal under the power constraints normalized to
the maximum performance without any power constraint.

D. Using Different Size for Profiling

Since the proposed models use the normalized execution
times to select the device frequencies and the percentage
of CPU and GPU tasks, we can use the same profiles for
the execution with data whose size is different from that
of the data used in the profiling runs. We prepare different
input data sets whose sizes are half of the sizes of the
corresponding input data listed in Table III. We use the
smaller data sets for profiling runs and use the data sets
listed in Table III for actual evaluation. We show the result
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Figure 8. Normalized performance under the power constraint. (normalized to the ideal performance for each power constraint.)
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Figure 9. Performance normalized to the maximum performance without power constraint.
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Figure 10. Normalized performance with the profiles of different data size. (normalized to the ideal performance for each power constraint.)

in Figure 10. The x-axis and y-axis are the same in Figure 8.
Due to the additional errors in profile data, in this case, we
have to add 6W in the power estimation as a margin in order
to run applications under the power constraint. Figure 10
shows that the proposed technique can achieve near optimal
performance even when the size of input data is different
from the data used in the profiling runs.

VI. RELATED WORK

Power capping techniques have been proposed for various
layers of computing systems [7], [11]. Fan et al [7] evaluates
the effectiveness of cluster level power capping with com-
mercial workloads in data centers. David [6] have proposed
a power capping technique for memory modules, and Kai
et al [13] have proposed a power capping technique for
many-core CPUs running mixed groups of multi-threaded

applications. However, no previous work has investigated a
power capping for CPU-GPU heterogeneous systems.

A lot of researchers have proposed compilers or runtime
systems to schedule data parallel tasks among CPUs and
GPUs in order to maximize the performance of GPGPU
applications [8], [9], [12], [17], [18]. Luk et al. [12] have
proposed a dynamic compiler for CPU-GPU heterogeneous
systems. The compiler maps parallel tasks among CPUs and
GPUs based on an empirical performance model. Scogland
et al. [18] have integrated heterogeneous task scheduling
into OpenMP compilers with accelerator extensions. Grewe
et al. [9] have proposed a static technique based on machine
learning in order to determine the optimal percentages of
CPU and GPU tasks. On the other hand, several domain
specific platforms for GPUs adopt the capability to schedule
parallel tasks among CPUs and GPUs [8], [17]. Since these



techniques do not consider power consumption of CPU-GPU
hybrid executions, we cannot directly apply these techniques
to the system under the power constraint. GreenGPU [14]
is a system which can apply both DVFS and task mapping
between CPUs and GPUs in order to maximize the energy
efficiency. However, they use DVFS and task mapping
individually, so their method cannot set optimal parameters
of DVFS and task mapping. Plus, their technique cannot
be used as a power capping technique because they do not
provide any mechanism to keep a power constraint.

VII. CONCLUSION AND FUTURE WORK

In this paper, we propose an efficient power capping
technique through coordinating DVFS and task mapping
in a CPU-GPU heterogeneous system. To avoid the power
violation and the load imbalance between the CPUs and the
GPUs, we build empirical models to predict the execution
time and the power consumption of a heterogeneous system.
With a small number of profiles and the model, the proposed
technique enables us to determine the optimal set of device
frequencies and task mapping at the beginning of the ex-
ecution. The experimental result shows that the proposed
power capping technique can achieve more than 93% of
performance compared to the ideal one in 24 cases out of the
25 cases. Our future work is to extend the proposal for on-
chip CPU-GPU architectures and multi-node heterogeneous
systems, and to extend the proposal for the environment
where multiple parallel applications run.
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