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Abstract. The growth of artificial intelligence raises concerns about
electricity consumption, especially for the training of cutting edge deep
learning models. However, finding the most energy efficient configuration
for a given training problem is not trivial: using current machine learning
frameworks, one can change for example the parallelism paradigm, num-
ber of workers, backend implementations, and floating-point precision.
On top of that, such a configuration is often tailor-made for a specific
machine. In this paper, we investigate how task graph computing sys-
tems can be used to adapt to such constraints. Indeed, the ability to split
training into granular tasks allows the scheduler system to auto-balance
the workload among available workers. To this end, we built DAHL, an
energy-efficient machine learning framework based on the StarPU task
graph computing system. We compare our framework with Pytorch, us-
ing three different datasets, one of which was scaled to different sizes. Re-
sults, obtained from both software-based and physical wattmeters, show
significant energy gains on Convolutional Neural Network training: up to
4.75× less against Pytorch using OpenMP, and on average 1.55× less.

Keywords: Energy-Efficiency · Machine Learning · Workload-Aware ·
Scheduling · Task-Graph-Computing-Systems.

1 Introduction

At the end of 2025, seven out of the nine planet boundaries were crossed. In this
context, it is clear that attention should be paid to the sustainability of Artificial
Intelligence (AI). Numerous studies have been conducted to analyze the impact
of electricity, carbon emissions, water consumption, and more recently, on apply-
ing Life Cycle Assessment (LCA) methods. As a first step, reducing the electricity
consumption of AI systems is a good way to mitigate indirect impacts. To this
extent, improving the energy efficiency of AI frameworks seems to be a key fac-
tor that could impact both training and inference phases. However, estimating
the energy-efficiency of a framework is a complicated task, as many parameters
⋆ Corresponding author.
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can be tweaked to influence the execution of the training itself. To illustrate this
statement, we performed an experiment showcasing four possible CPU execu-
tion scenario. Fig. 1 shows the accumulated energy consumption over time of
a simple Convolutional Neural Network (CNN) training on CIFAR-10 [19] and
Big-Fashion [1] datasets. The four configurations include: Base, a regular con-
figuration with as many threads as CPU cores; Hyper Threading, which allows
two threads per core to be used on our machine; Pytorch’s Distributed Data
Parallel [21], a data parallelism approach; and OpenMP, a backend enabling
shared-memory multiprocessing. These results supports observations made in
the domain of High Performance Computing (HPC) [12, 20], specifically, that
improving performance or reducing runtime, does not strictly implies in lower-
ing energy consumption. For example, training on Fashion-MNIST with Hyper
Threading is 1.15× slower than Base, but the energy consumption is 1.25×
lower. Furthermore, not all parallelism paradigms are suitable for all situations.
In this scenario, using Distributed Data Parallel leads to both higher en-
ergy consumption (11.5× higher) and higher runtime (8.7× slower) compared
to Base’s default intra-operation parallelism. Likewise, OpenMP does not lead to
any improvements in this experiment. Lastly, an optimal configuration is often
specific to a given workload. In this case, Base is the best runtime-wise configu-
ration when training on Fashion-MNIST, but on Big-Fashion (13× more pixels),
Hyper Threading is both the most energy efficient and the fastest configuration.
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Fig. 1. CNN training on Fashion-MNIST and Big-Fashion datasets, showing accumu-
lated wattmeter-measured energy consumption over time. Training performed over 100
epochs, 8192 samples, with 5 repetitions for each configuration. 95% Confidence inter-
vals appear in light color and is on average 1.59%. Distributed Data Parallel lines
have been cropped, their runtime were equal to 487 and 3340 seconds respectively.

In summary, finding the most energy-efficient configuration for a given train-
ing workload depends on several interdependent factors: the computational load,
the parallelism paradigm, and the target architecture. The interdependence of
factors leads to tailor-made solutions that fit training workloads to specific ma-
chines, which prevents scalability and energy efficiency on heterogeneous clusters.
To this end, much work has been accomplished towards training on heteroge-
neous clusters [8, 11, 25, 34], but they mainly focus on solving synchronization
issues and optimizing training time, while ignoring energy consumption.
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In this context, Task Graph Computing System (TGCS) seem promising, as
they offer the possibility of dynamically adapting workloads according to each
worker’s architecture. To the best of our knowledge, only a few preliminary stud-
ies have been conducted on the application of TGCS to Machine Learning (ML):
[6, 7] covers inference while NNTile [24] covers training. The later focuses on
training large language models, but suffers from task granularity issues when
operating on smaller models, making it less adaptable to various workloads. In
this paper, we introduce DAHL 1, a novel TGCS-based ML framework, and evalu-
ate its energy efficiency on various ML workloads running on CPUs. This step is
a mandatory building block for energy-efficient distributed ML in heterogeneous
contexts. Our contributions are the following:

– Development of a robust TGCS-based ML framework, named DAHL, following
Pytorch’s functions results in unit testing.

– Comparison of the energy efficiency of DAHL and Pytorch during CNN train-
ing, using both software-based energy measurements and a wattmeter.

– Study of the impact of workloads and configuration parameters on energy
consumption.

– Demonstration that our TGCS-based solution offers better energy efficiency,
with energy consumption up to 4.75× lower than that of Pytorch using
OpenMP, and 1.55× lower than that of Pytorch using Hyper Threading.

2 Background and related works

2.1 Parallelism in Machine Learning

The parallelization of Machine Learning (ML) workloads can be performed
on several dimensions: Sample, Operations, Attribute, Parameter (SOAP [17]).
Sample dimension is commonly referred to as data parallelism [21], it consists
of duplicating the model and training it with different data samples on each
version of the model. Operation dimension, or inter/intra-operation parallelism
[34, 39], consists of parallelizing tensor operations, such as matrix-matrix mul-
tiplications, among or across operators. Attribute dimension is mainly used in
hybrid parallelism [8, 16] (which is useful when combined with multiple parallel
dimensions), the attribute refers to the division of the input data shape itself, e.g.
parallelizing over channels of an image or even splitting the image into smaller
images along the width and height dimensions. Finally, Parameter dimension or
model parallelism [18] allows the model parameters to be divided and learned in
parallel.

2.2 Parallel Computing Frameworks

Several existing parallel computing frameworks supports heterogeneous hard-
ware: SYCL [31] is a C++ high level programming model leveraging different
1 Distributed, Arbitrary, and Heterogeneous Learning:

codeberg.org/PhoqueEberlue/dahl
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hardware accelerators. It has many implementations that support various API
backends including CUDA, OpenCL, OpenMP and is notably apart of Intel OneAPI.
Threading Building Blocks [28] also belongs to OneAPI, but focuses on par-
allelizing tasks on multi-cores processors. OpenMP [10] is a multi-platform C/C++
API that helps parallelizing loops by adding annotations in the code. While it
was originally limited by its fork-join model, which prevented opportunities to
progress multiple independent-tasks, OpenMP 4.0 [23] introduced ways to repre-
sent task dependencies, yet it requires manually specifying these dependencies.
This can become tough, especially with complex and interrelated graphs of op-
erations, such as in Artificial Intelligence (AI) training. Runtime systems are
better alternatives when dealing with such complex task graphs, as they can in-
fer task dependencies with the type of data accesses (read only, read-write, write
only). Those systems can be referred as Task Graph Computing System (TGCS),
and StarPU [4] is one of the leading framework in the High Performance Com-
puting (HPC) world. Taskflow [14] is an alternative to StarPU, nevertheless
the two frameworks can be distinguished by several design choices: compared
to StarPU, Taskflow leaves memory handling to the user, tasks should be ex-
plicitly allocated to CPU or GPU, but it does support in-graph control flow.
Specx [9] uses speculative execution, which consists of evaluating operations in
advance in order to improve the degree of parallelism, while taking the risk that
the results may subsequently be invalidated. Finally, Legion [5] focuses more on
data movement in distributed systems.

2.3 Energy consumption

The assessment of the energy consumption of computer systems [26] is divided
in two parts: the static part which accounts for the leakage of system compo-
nents, and the dynamic part which varies depending on the workload to which
the system is subjected. Therefore, preliminary estimations can be made by
defining energy models using the equation static energy + dynamic energy ×
usage [13]. For example, Ecologits [32] uses different models to estimate en-
ergy consumption and environmental impacts. However, reliability of those es-
timations is limited by the parameters of the models, such as the theoretical
energy consumption of a machine. Therefore, it is preferable to use measure-
ment methods based either on external power-meters or software power-meters
to study the actual consumption of systems. Software wattmeters retrieve cu-
mulative energy consumption data via manufacturer interfaces, such as Run-
ning Average Power Limit (RAPL) for Intel processors or NVIDIA Manage-
ment Library (NVML) for NVIDIA graphics processors. There are many soft-
ware solutions available for measuring energy, including but not limited to:
CarbonTracker [2], Scaphandre [27], CodeCarbon [33], PowerAPI [35], and more
recently, Alumet [30], and Ecofloc [37].

Although these software use the same interfaces to collect energy measure-
ments, differences lays in their additional running overhead. While the use of
software solutions facilitates configuration, total energy consumption is often un-
derestimated compared to physical measurements taken using a wattmeter [15].
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This is due to the consumption of fans, storage, and network components, which
is not always available on certain machines. Nevertheless, more recent studies
have shown that newer machines now indicate the energy consumption of differ-
ent components by distributing consumption among different domains, notably
the psys domain, which indicates the consumption of the entire machine [29].

3 Our framework: Distributed, Arbitrary, and
Heterogeneous Learning (DAHL)

Our AI framework, DAHL, uses a TGCS, which aims to reduce energy consump-
tion, by dynamically adjusting the workload. Having auto-parallelism [22], is
useful for heterogeneous clusters, since an ideal parallelization solution will be
found on each machines. DAHL uses also StarPU [4] for several reasons, including:
hardware and API supports (CUDA, OpenCL, OpenMP, MPI, SimGrid), the
maturity of the project, academic use, and documentation. Using a TGCS, de-
velopers specify the parallelization implicitly through data dependencies. Fig. 2
shows a simplified example of a Convolutional Neural Network (CNN) using
batch parallelism. The forward pass only accesses dataset, weights and biases in
read only. Thus, StarPU is able to automatically create a task Directed Acyclic
Graph (DAG), parallelized over samples. Then, the first part of dense backward-
pass can still be executed in parallel. However, when weights and biases need
to be updated, partial results will be aggregated and parameters modified with
write permissions, so that a synchronization point will be created in the DAG.
The same applies when tensors are divided, e.g. splitting the image batch leads to
parallelization, and grouping it again leads to the synchronization of all related
precedent tasks.

Nevertheless, parallelization is also constrained by the task granularity itself.
As seen in Sec. 2.1, NNTile was also implemented using StarPU, but the design
choices are very different from DAHL. They leveraged tensor parallelism with a
high task granularity in order to train large models. Although it offers a very
high throughput [24] compared to Pytorch on models with more than 50 bil-
lion parameters, the task granularity is too high to adapt to smaller models.
Indeed, when the workload becomes too low, task execution takes less time than
task scheduling, thus resulting in struggles to place tasks on workers correctly,
creating overheads. Low task granularity will limit the parallelism degree, since
a single task can only be placed on a single worker. Thus, the development of
a more versatile framework seemed promising. In DAHL, we tried to maintain a
reasonable task granularity, compatible with batch parallelism but not limited to
it. For instance, the pooling layer consists of trivial matrix traversal operations,
hence, sizing tasks to handle samples individually is sufficient. However, in the
convolution layer, the convolution operations are much heavier, making it worth
to parallelize on the filters dimension too, i.e. parallelism degree is equal to num-
ber of feature maps × batch size. Lastly, note that DAHL was developed following
the implementation of Pytorch. Unit tests are based on Pytorch results, and
our precision ranges from 10 to 15 digits after decimal point for float64 values.
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Fig. 2. Simplified example of batch parallelism on a CNN using StarPU. The sequential
code shows the chronological order of forward and backward passes, data accesses
provide details on the use of the dataset, weights and biases; followed by the resulting
task graph built by StarPU.

In this article, the energy comparisons are fair, as all experiments have a similar
training accuracy, or even better with DAHL.

4 Experimental setup

In order to compare the energy efficiency of our solution with a well-established
framework, we created an experimental setup consisting of a CNN to be trained
on 3 different image datasets. The same exact CNN architecture was reproduced
on DAHL and Pytorch and consists of: Convolution, Relu, Max Pooling, Flatten,
and Dense. Image classification was performed on Fashion-MNIST [38], CIFAR-
10 [19], and a third dataset with high definition images, derived from the publicly
available “Fashion Product Images Dataset” [1], called Big-Fashion in this paper.

All experiments were done on a DELL Precision 3680, with Intel i7-14700K
processor at 5.5GHz, 28 CPUs, 2 threads per core, 125Gi RAM. For repro-
ducibility purposes, the operating system used was NixOS 25.05 with a minimal
headless setup, and a Nix environment that specifies dependencies to build DAHL
and run Pytorch. Power consumption was measured using the Alumet [30] soft-
ware, as well as the Aoetec Smart Switch 7, a smart plug that monitors energy
consumption 2. The plug’s energy logs were collected on a Raspberry Pi 5 to
avoid overloading the consumption. Thus, only Alumet adds a slight overhead
to energy measurements, as it runs directly on the target machine.

Two types of experiments were conducted to evaluate the energy efficiency
of our framework. The first one consists of varying the batch size on each of
the datasets, in order to find the optimal value for subsequent experiments. It

2 https://aeotec.com/products/aeotec-smart-switch-7/
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should be noted that the Big-Fashion images were scaled down to 270x360x3 due
to memory and runtime limitations. The second experiment uses multiple scaled
version of Big-Fashion to explore in more details the impact of workload on
energy consumption. We also performed this experiment on 3 different numbers
of cores to explore the trade-offs associated with training with fewer cores than
those available on the machine.

Each experiment uses the following hyper-parameters: 0.001 LR, SGD op-
timizer, 8192 samples, 5 epochs, with 5 runs per configuration for confidence
intervals, and 15 seconds of cool-down between experiments. We also com-
pared 3 types of configurations: DAHL, Pytorch using Hyper Threading (HT),
and Pytorch using OpenMP as the backend.

5 Results

5.1 Runtime evaluation

Both software and physical wattmeters take measurements every seconds. Fur-
thermore, we decided to use the same number of training epochs, samples, and
CNN architecture, for each dataset in order to obtain comparable results. It
should be noted that this choice has a negative impact on training accuracy for
small image datasets. As an example, on 5 epochs and batch size 32, Fashion-
MNIST training accuracy is 30%(Pytorch) and 28%(DAHL), and is 90%(Pytorch)
and 91%(DAHL) for Big-Fashion. However, Fig. 1 shows that training time and
energy consumption are linear, allowing us to extrapolate to a higher number of
epochs where the accuracy would be correct.
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Fig. 3. CNN training on Fashion-MNIST, CIFAR-10, and Big-Fashion, showing run-
time in seconds, depending on the batch size. Confidence intervals appear in light color,
and for each dataset, the error difference averages to 3.16%, 5.57%, and 0.93% respec-
tively.

Fig. 3 shows the training runtime of each datasets as a function of batch size.
We found that using 5 epochs provided a good compromise in terms of runtime
across different dataset sizes, ranging from 10 seconds for the smallest dataset,
and to 1, 000 seconds for the worst case with the largest dataset. This keeps
the total runtime of each experiment low (since we have to run them several
times for the confidence intervals), while providing sufficient measurements on
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the small datasets. As expected, increasing the batch size reduces the runtime
for all datasets and all frameworks. Indeed, increasing the batch size reduces
data dependency, which facilitates parallelization, particularly on DAHL which
uses batch parallelism. On CIFAR and Fashion-MNIST, Pytorch-based solutions
show better runtime regardless of the batch size. However, on Big-Fashion, DAHL
outperforms as soon as it uses batching, while Pytorch solutions seem to benefit
from it to a lesser extent. Lastly, DAHL is the only configuration where increasing
the batch size beyond 32 leads in overheads, on the Fashion-MNIST and CIFAR-
10 datasets.

5.2 Energy comparison

The previous experiment helped us determine the optimal execution time for
our configurations: 5 epochs and a batch size of 32. It also showed that DAHL
worked best on datasets containing larger images, while datasets such as Fashion-
MNIST and CIFAR-10 were too similar in terms of image sizes to allow us to
see significant differences. Thus, the following experiment aims to characterize
the point at which DAHL becomes interesting in terms of runtime and energy. To
do this, we used several down-scaled versions of the Big-Fashion dataset. It was
down-scaled 12 times with a factor 2/3, making the largest images (270x360x3)
are 110× larger than the images in the smallest dataset (26x34x3). It should
be noted that the smallest images are comparable in size to CIFAR-10 images
(32x23x3).

Fig. 4, shows the runtime, energy consumption and average CPU usage for
each scaled dataset. The experiment was repeated using different amount of
cores. For example, using 8 cores, OpenMP and DAHL are only allowed to use the
exact same 8 cores, the others remaining unused, with no particular mechanism
being used to make them sleep or save energy. For Hyper Threading, we specify
the number of threads instead, here, the machine used for the experiment sup-
ports running 2 threads per core. Benchmarks validated the intuition that using
two times the number of cores leads to better performances.

Analysis of the results reveals that each framework exhibits specific behavior.
For OpenMP, allocating more cores for training leads to a decrease in runtime, an
increase in average CPU usage and higher energy consumption. In contrast, for
HT, we observe more modest gains in execution time, a decrease in average CPU
utilization, but significantly lower power consumption. DAHL exhibits behavior
comparable to that of OpenMP: increasing the number of cores leads to an in-
crease in power consumption, but only for small datasets. However, we observe
small gains in runtime on larger datasets, and average CPU usage is slightly
higher. Comparing OpenMP and HT on 8 cores, although the former runs 1.3×
longer, it consumes 1.2× less energy and its CPU usage averages 25% compared
to 50%. This trend reverses completely at 18 and 28 cores, as OpenMP signifi-
cantly increases its average CPU usage (from 25%, 50%, to 75%) and energy
consumption: 1.2× less, 1.28× more, and 1.32× more than HT, which follows the
opposite trend. DAHL results seems sparser as training on 28 cores is 3× times
slower on small datasets, but, up to 2× faster on larger datasets. Nevertheless,
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Fig. 4. CNN training on multiple down-scaled versions of Big-Fashion. Three different
setups evaluate the runtime, energy consumption, and average CPU usage, depending
on the amount of cores used. For Hyper Threading, we set the number of threads to the
number of CPU cores multiplied by two. Size of images are represented on a logarithmic
axis. Confidence intervals appear in transparency, the error difference averages 2.61%,
2.91%, and 7.71% for runtime, energy, and average CPU usage respectively.

average CPU usage and energy consumption are always lower than or equal to
those of Pytorch solutions.

Fig. 5 shows the energy consumption when using 8 and 28 cores with the
energy represented on a logarithmic axis, where dashed lines represent soft-
ware measurements. Software-based energy measurements consistently underes-
timated physical wattmeter ones. DAHL had the largest bias (34.8%, CI-95±0.04%),
followed by OpenMP (28.3%, CI-95±1%), and HT (26.7%, CI-95±1.3%). Such bi-
ases are explained by the fact that on our server, RAPL only measures the CPU
package, as the whole package psys, seems to be mostly supported on laptops.
On both 8 and 28 cores, DAHL and OpenMP share equivalent energy consump-
tion for the 3 smallest datasets, but DAHL does scale better on bigger datasets
(from 1.3× up to 4× less energy). Conversely, OpenMP experiences a sudden in-
crease in energy consumption for the 62x84x3 dataset. HT exhibits the highest
energy consumption on 8 cores compared to the other solutions (from 1.17× to
2.3× more). When using all cores, it achieves the best energy consumption for
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the smaller datasets (2× less), but undergo the same increase for the 62x84x3
dataset. DAHL’s energy increase only occurs with 28 cores for the 178x238x3
dataset, making ot the most energy-efficient solution for datasets containing im-
ages larger than 62x84x3, i.e. from 1.2× up to 2.5× lower than HT, and 2.6×
up to 4.75× lower than OpenMP. Furthermore, note that DAHL’s runtime on 28
cores only outperforms Pytorch runtime after dataset 116x158x3, which means
that between this dataset and dataset 62x84x3, energy is lower while runtime is
higher. Lastly, training on 8 cores using DAHL shows the best overall energy con-
sumption, on average 1.55× less than the second best solution HT on 28 cores. As
an exception, this last obtains a lower energy for the three first datasets (1.15×
less), and DAHL on 28 cores also gets a slightly lower energy consumption, on
images between 76x104x3 and 116x158x3 (1.1× less).
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Fig. 5. Logarithmic view of Fig. 4 energy consumption using 8 and 28 cores. En-
ergy consumption of the machine is displayed using both a software-based wattmeter
(dashed lines), and a physical wattmeter (solid lines). Confidence intervals are dis-
played in light color and range from 3.87% to 2.48% for wattmeter, and from 2.50% to
2.18% for software measurements, on 8 and 28 cores respectively.

5.3 Discussions

Previous results highlight the trade-off between performance and energy con-
sumption as well as the sizing of tasks based on workload. [36] notes that the
most energy-efficient solution is not always the one with the shortest runtime.
Indeed, we also observe in some configurations that OpenMP and DAHL have higher
runtimes than HT but lower energy consumption. The common factor leading to
such scenario being that the average CPU usage is always lower, in consequence,
power consumption is lower, mitigating the cost of training for a longer period of
time. In addition, previous works show that in some cases, parallel applications
running on more nodes at a slower speed (instead of running on fewer nodes at
a higher speed) can help saving energy [12]. This idea is clearly demonstrated
with HT, as increasing the amount of cores results in lower average CPU usage
and energy consumption.
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Furthermore, task dimensioning is another key problem, as different workload
sizes will perform very differently depending on the implementation used. As
an example, NNTile [24] was specifically developed for models up to 50 billion
parameters. This solution does indeed offer better performance than Pytorch
for very large models; however, in other cases, it is less efficient due to the low
task granularity, which only benefits large workloads. One might assume that
finer task granularity offers more parallelization opportunities, but depending
on the workload, parallelization logic and synchronization can take longer than
the work itself. In our experiments, we observed the same problem with DAHL
when increasing the number of cores on a small dataset.

For example, StarPU profiling tools indicates that the parallelism degree is
too high for the images 26x34x3, as running on 28 and 8 cores respectively reports
1.75% and 7.55% of the time spent executing tasks. The remainder is spent on
sleep, callbacks, synchronization and scheduling. In contrast, training on images
270x360x3 shows 58.54% and 84.39% for resp. 28 and 8 cores. These figures
reveal obvious limitations of our framework but also highlight the significant
opportunities for optimizing its performance on smaller workloads. Moreover,
it shows encouraging results towards the usage of TGCS in the field of AI.
Firstly, because we obtain better energy efficiency in most of the cases. But
more importantly because TGCS could tackle task dimensioning issues by using
adaptative task sizes, task composability as in Taskflow [14], or using novel
techniques that adapts scheduling depending on granularity overheads [3].

Finally, extending these principles to distributed training in heterogeneous
clusters could offer significant advantages in terms of energy-efficiency and sus-
tainability. Indeed, current techniques used to train large deep learning mod-
els require the use of entirely homogeneous clusters, as it is easier to maxi-
mize throughput on such platforms. Nevertheless, it may not be the most en-
vironmentally friendly solution, as it requires large investments in cutting-edge
GPUs, while neglecting existing hardware and infrastructure. Therefore, explor-
ing AI systems capable of handling heterogeneity and dynamically adapting to
the workload on each machines seems promising.

6 Conclusion

This work shows that AI frameworks, their backends, and their configurations
are not equivalent in terms of energy efficiency. By conducting experiments on
several datasets of varying sizes, we demonstrate that their energy efficiency do
scale differently depending on the input workload. We show that runtime is not
a sufficient metric to hint for energy improvements, but that both average CPU
usage and runtime should be taken into account. This questions optimizations
that consists solely of improving throughput or using computing units at full
load. The solution we propose demonstrates advantageous energy efficiency in
most scenarios. This is made possible by the scheduling capabilities of TGCS,
which shows encouraging results in terms of workload adaptability. Limitations
relate to supporting of a wide range of workloads, as small ones may incur
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scheduling overhead, and larger ones miss opportunities for parallelization due
to fixed task sizes.

For future works, similar experiments could be performed on GPU to deter-
mine whether comparable observations can be made about trade-offs between
runtime and energy consumption. In addition, this would allow StarPU to sched-
ule tasks on both CPUs and GPUs, making it possible to study the energy over-
head of data transfers between these two computing units. In addition to GPU
support, adding multi-node capabilities to DAHL could provide a cutting-edge so-
lution for training on heterogeneous clusters in an energy efficient way. Lastly, the
workload-awareness evaluation could be extended to different hardware. Indeed,
frameworks should adapt to workloads, but also to computing capabilities. Ex-
ploring solutions that dynamically resize tasks based on computing power, could
help mitigating scheduling and synchronization overheads, thereby improving
energy efficiency across a wide range of machines.

Disclosure of Interests. The authors have no competing interests to declare that
are relevant to the content of this article.
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