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Abstract—The growth of artificial intelligence raises concerns
about electricity consumption, especially since the rise of genera-
tive models. At the same time, hardware is becoming increasingly
heterogeneous, which is often an obstacle to efficient and fru-
gal usage of computer resources. CPUs are a great example,
as heterogeneous topologies are getting more common. Their
cores with different frequencies, cache size or hierarchy, and
thread number make it challenging for developers to efficiently
parallelize tasks. In this context, we investigate how task-based
programming can be used to adapt to such constraints. The
ability to schedule tasks based on runtime informations, such as
hardware topology, and worker load can solve these problems.
To this end, we built DAHL, a task-based programming machine
learning framework using the StarPU runtime system. As a
use case, we study an image classification task, using datasets
with increasingly larger images. We perform our experiments
over machines with heterogeneous and homogeneous CPUs.
A reference is established by comparing different Pytorch
configurations against DAHL. Then we evaluate the runtime
and energy gains of several StarPU schedulers. Results show
that, specifically on heterogeneous CPUs, the default Pytorch
configuration can be 7.5× slower and consume 17× more at
worst. Additionally, we demonstrate that the scheduler choice on
StarPU can impact the runtime with up to 22% speedup, and
energy consumption with up to 15% energy gains. Last, we draw
guidelines to choose scheduler families depending on context.

Index Terms—Energy-Efficiency, Machine Learning, Hetero-
geneity, Scheduling, Task-Graph-Computing-Systems.

I. 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 [1], carbon emissions [2], water consumption [3],
and more recently, on applying Life Cycle Assessment (LCA)
methods [4], [5]. 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 factor that could impact both
training and inference phases. However, the heterogeneity –
which is present at many different levels in platforms – makes
the correct use of resources harder. To this end, a lot of work
have been accomplished towards training on heterogeneous
clusters [6]–[9], but they mostly focus on tackling synchro-
nization issues and optimizing training time, while ignoring

the energy consumption. Furthermore, most of the Machine
Learning (ML) research is oriented towards the use of GPUs.
Indeed, GPUs can be even more efficient than CPUs, but it
requires large investments in this specific technology. We also
know that the use phase of digital equipments represents only
a small part of their ecological impact. For example, in France,
a governmental analysis [10] evaluated that the use phase
generally represented 40% of carbon emissions, the remaining
being for the manufacturing, distribution and end-of-life. This
of course excludes impacts related to resource depletion and
water pollution.

In this context, we think that studying CPUs might be
relevant, whether for model training or inference. Through
the years, computers evolved towards more and more het-
erogeneous architectures, for example via Non-uniform mem-
ory access (NUMA) or heterogeneous CPU topologies them-
selves. Intel introduced Performance-cores (P-cores), to pro-
vide speed, with multiple threads per core, Efficient-cores
(E-cores), to provide a balance between performance and
energy consumption, and more recently Low Power Efficient-
cores (LP E-cores) designed for mobile processors. Such de-
signs create new challenges for developers to utilize com-
puter’s resources efficiently. To this matter, Task Graph Com-
puting System (TGCS) seem promising, as they offer schedul-
ing capabilities able to adapt to heterogeneous architectures.
To the best of our knowledge, only a few preliminary studies
have been conducted on the application of TGCS to ML:
[11], [12] covers inference while NNTile [13] covers training.
They are all based on StarPU, a runtime system associated
to the High Performance Computing (HPC) domain, designed
for computations on heterogeneous hardware.
NNTile in particular is able to keep steady throughput

when training models with up to 50 billion of parameters,
while Pytorch falls short at 23 billion. This gives encour-
aging signs for the usage of StarPU. However, as NNTile
specializes on large models, it suffers from task granularity
issues when operating on smaller models. These issues are
based of a complex balance that developers should make when
implementing tasks. On one hand, small tasks – which acts
on buffers to the order of vectors – will scale very well when
partitioning large tensors, thus creating many parallelization
opportunities. On the other hand, defining larger tasks –



which acts on multi-dimensional arrays – will adapt more to
different tensor sizes, at the cost of losing some parallelization
opportunities. Nevertheless, the first option results in less
adaptability to workload, as using smaller inputs results in
scheduling overheads.

To fill the gap, we introduce DAHL1, a general-purpose
TGCS-based ML framework using the StarPU runtime sys-
tem, that we evaluate on growing workloads. In this paper,
we define workload as the amount of computations – which
depends on the training set size – required to train a model
to a desired state. In other words, we perform training on
increasingly larger images. Furthermore, we also evaluate the
energy efficiency of our framework in relation to Pytorch,
on machines with different CPU topologies. Then we compare
StarPU schedulers to evaluate their runtime and energy gains
on each architectures. Our contributions are the following:

• tool: DAHL, a TGCS-based ML framework, light with
6k source lines of C code, minimal dependencies, full
control over the ML pipeline, and at disposition of the
community.

• setup: comparison of the energy efficiency of ho-
mogeneous and heterogeneous CPU topologies, ap-
plied to Convolutional Neural Network (CNN) train-
ing, using both software-based energy measurements and
wattmeters.

• guidelines: 1) Specifically on heterogeneous CPUs, using
the default Pytorch configuration can be 7.5× slower
and consume 17× more energy. Oversubscribing threads
mitigate this problem. 2) Scheduler choice can speedup
runtime up to 22%, and make energy gains up to 15%.
3) Work-stealing-based schedulers have the best energy
gains on homogeneous CPUs. Heterogeneous CPUs re-
sults varies, but it seems that eager-based schedulers are
more effective.

This paper organizes as follows: Section II introduces con-
cepts and related works, Sec. III presents DAHL and StarPU
features. Sec. IV describes the experimental methodology, we
then show the results in Sec. V, which are discussed in Sec. VI
before concluding in Sec. VII.

II. BACKGROUND AND RELATED WORKS

A. Parallel Computing Frameworks

Several existing parallel computing frameworks supports
heterogeneity on different levels: SYCL [14] is a C++ high
level programming model leveraging different hardware ac-
celerators. It has many implementations that support various
API backends including CUDA, OpenCL, OpenMP and is
notably apart of Intel OneAPI. Threading Building
Blocks [15] also belongs to OneAPI, but focuses on par-
allelizing tasks on multi-cores processors. OpenMP [16] 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 [17]
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introduced ways to represent task dependencies, yet it requires
manually specifying these dependencies. This can become
tough, especially with complex and interrelated graphs of
operations, such as in ML tasks. Runtime systems are better
alternatives when dealing with such complex task graphs,
as they can infer task dependencies with the type of data
accesses (read only, read-write, write only). Those systems
can be referred as TGCS, and StarPU [18] is one of the
leading framework in the HPC world. Taskflow [19] 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 explicitly allocated to CPU or GPU, but it does
support in-graph control flow. Specx [20] 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 [21] focuses more on data movement in distributed
systems.
StarPU have been selected to build our framework upon

for several reasons: Firstly, StarPU is mature and scien-
tifically recognized, notably in HPC domain. Secondly, and
most importantly, it focuses on heterogeneity handling at
the machine scale. Threading Building Blocks could
have been an option to specifically optimize for CPU, but using
StarPU leaves the door open to extend our framework to
other accelerators.

B. Parallelism in Machine Learning

The parallelization of ML workloads can be performed on
several dimensions: Sample, Operations, Attribute, Parame-
ter (SOAP [22]). Sample dimension, consists of parallelizing
common tasks over different input samples. It can be either
classic batch parallelism or more advanced techniques such
as data parallelism [23]. Operation dimension, or inter/intra-
operation parallelism [7], [24], consists of parallelizing tensor
operations, such as matrix-matrix multiplications, among or
across operators. Attribute dimension is mainly used in hy-
brid parallelism [6], [25] (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 [26] allows the
model parameters to be divided and learned in parallel.

In our tool, DAHL, we first implemented batch parallelism,
as it is the classic way to achieve parallelism on a single
machine. However, the use of a TGCS is not limiting at all,
and other types of parallelism could be implemented easily.

C. Energy consumption

The assessment of the energy consumption of computer
systems [27] is divided in two parts: the idle part which
represent the base consumption when unloaded, and a dy-
namic part which varies, notably depending on the size
of the workload. Therefore, preliminary estimations can be



made by defining a simple energy model using the equation
idle energy + dynamic energy × usage [28]. For example,
Ecologits [29] uses different models to estimate energy
consumption and environmental impacts. However, reliabil-
ity of those estimations is limited by the parameters of
the models, such as the theoretical energy consumption of
a machine. Therefore, it is preferable to use measurement
methods based either on external power-meters, or software
power-meters to study the actual consumption of systems.
Software wattmeters retrieve cumulative energy consumption
data via manufacturer interfaces, such as Running Average
Power Limit (RAPL) for Intel processors, or NVIDIA Man-
agement Library (NVML) for NVIDIA graphics processors.
There are many software solutions available for measuring
energy, including but not limited to: CarbonTracker [30],
Scaphandre [31], CodeCarbon [32], PowerAPI [33],
and more recently, Alumet [34], and Ecofloc [35].

Although these software use the same interfaces to col-
lect energy measurements, differences lays in their additional
running overhead. Moreover, the total energy consumption
is often underestimated compared to physical measurements
taken using a wattmeter [36]. This is due to the consumption
of fans, storage, and network components, which is not al-
ways available on certain hardware. Specifically, it seems that
mostly laptops are equipped with monitoring capabilities of
these components, in such cases it produces estimations close
to wattmeter measurements [37].

In this paper, we perform the experiments both via software
and wattmeter to verify our results on two sources.

III. OUR FRAMEWORK: DISTRIBUTED, ARBITRARY, AND
HETEROGENEOUS LEARNING (DAHL)

DAHL is a ML framework developed as a proof-of-concept
to study the potential advantages brought by TGCS when
running on heterogeneous hardware. It provides from scratch
implementations of ML functions and utilities that use the
StarPU runtime system. The frameworks aims at maximum
flexibility and control over the ML pipeline. It offers a balance
between code architecture simplicity, and the ability to exploit
different hardware. For instance, accessing the implementation
of each tasks should take less than four jump to definitions.
This opens up easier access to research and optimizations,
such as – but not limited to – studying new allocation policies,
optimizing data layouts, leveraging inline assembly, or trying
novel parallelization schemes. The framework is free, open
source, and available on Codeberg [link will be provide at the
submission for double blind submission policy]

A. Overview

To illustrate how parallelism is achieved on StarPU we
will review a simple example of parallelization inside the
convolution layer. List. 1 shows the function used to parallelize
convolutions during the forward pass of the convolution layer.
It takes an input image, as well as an output buffer to receive
the result, in this case feature maps. Their type alias is
dahl_block, which represent a three dimensional array.

Next, filters p has the type dahl_partition_block,
which holds a partition with multiple blocks. In StarPU,
one can partition a data buffer into a subset of children
buffers. It is then possible to submit parallel tasks on these
children. The type of filters p implies that the data is already
partitioned, meaning it is ready to receive parallel tasks on
its children. The same applies for output p. The loop from
line 12 to 23 will then submit tasks using the common input,
and for each corresponding filter and feature map. Bias is
then added to each feature map. At runtime, StarPU will
determine a task-graph, taking into account data dependencies,
and execute these tasks in parallel when possible. Fig. 1 shows
that, as involved data buffers are only accessed as read-only
during the forward convolution, the resulting task graph is fully
parallelized. Note that the described function treats a single
sample. Therefore, parallelization on the convolution layer is
achieved per sample and per feature map.

However, when a data buffer is accessed with write mode,
it creates data dependencies with tasks accessing this specific
buffer. For instance, in the backward convolution, weights and
biases need to be updated. Thus, a synchronization point will
be created in the Directed Acyclic Graph (DAG), restricting
that the write task finishes first, before proceeding to other
tasks depending on it. The same applies with data partitions,
e.g., we first split the dataset into batches, but grouping it
again requires waiting tasks that were working on each batch.

B. Codelets

As seen in Sec. III-A, data access type is crucial to deter-
mine task dependencies. This information is specified in the
task metadata itself. In StarPU, it is represented as a structure
called a codelet. It is the description of a task, which abstracts
its different implementations. As an example, List. 2 shows the
definitions related to the convolution task. The first four lines
features the declaration of the CPU and GPU functions, which

1 void convolution_forward_sample(
2 dahl_block input,
3 dahl_block output,
4 dahl_partition_block filters_p,
5 dahl_fp const* biases)
6 {
7 // Partition by the filter dimension,
8 // each iteration will tackle a feature map
9 dahl_partition_matrix output_p =

10 dahl_block_partition_along_z(output);
11

12 for (size_t c = 0; c < filters_p.nparts; c++)
13 {
14 dahl_block filter = filters_p.children[c];
15 dahl_matrix feature_map = output_p.children[c];
16

17 // Submit a task on the given input,
18 // for each filter and feature map
19 dahl_task_convolution_2d(input, filter,

feature_map);↪→
20

21 // Add bias to each value of the feature map
22 dahl_task_add_value_self(feature_map, biases[c]);
23 }
24 }

Listing 1: Example of DAHL code, parallelizing convolution
tasks during the forward pass, for a given sample.
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Fig. 1. Simplified representation of batch parallelism on a CNN using the Task-based programming nature of StarPU. The diagram shows 1. the sequential
code with execution order of forward and backward pass, and data accesses of the dataset and model parameters; followed by 2. the resulting task graph built
by StarPU.

1 extern void cpu_convolution_2d(
2 void *buffers[3], void *cl_arg);
3 extern void cuda_convolution_2d(
4 void *buffers[3], void *cl_arg);
5

6 static struct starpu_perfmodel
perf_model_convolution_2d = {↪→

7 .type = STARPU_REGRESSION_BASED,
8 .symbol = "convolution_2d"
9 };

10

11 static struct starpu_codelet cl_convolution_2d = {
12 .cpu_funcs = { cpu_convolution_2d },
13 .cuda_funcs = { cuda_convolution_2d },
14 .nbuffers = 3,
15 .modes = { STARPU_R, STARPU_R, STARPU_W },
16 .model = &perf_model_convolution_2d
17 };

Listing 2: Example of a StarPU codelet definition, here for
the convolution 2d function.

contains the actual implementation. They are then referenced
on line 12 and 13 in fields cpu funcs and cuda funcs. StarPU
scheduler will then be able to chose at runtime where to
execute the task onto if both CPU and GPU are available.
Next lines includes the number of buffers taken as parameters,
in addition to their respective data access types. The last
field references an optional performance model used to micro-
benchmark tasks. This model measures the time required to
complete the given task on a specific implementation, and
taking into account the input size. The model can be computed
using history-based methods, linear regression, and non-linear
regression, depending on tasks runtime deviation.

C. Schedulers

Here, we introduce StarPU’s schedulers which 1. are not
stated as experimental and 2. are not priority-based, as includ-
ing task priorities for this use case was not relevant. More
details and additional schedulers, can be found on StarPU’s

documentation2. We distinguish two types of scheduling poli-
cies: non performance modeling and performance model-based
policies. The first takes scheduling decisions only based on
runtime informations, such as hardware topology, workers
load, and task availability. The second exploits informations
from the performance models, which are calibrated over
multiple runs. Such informations are then used to predict task
termination time and improve overall scheduling performance.
Below is a brief introduction of the schedulers studied in this
paper:

• random: each worker have a task queue and schedules
tasks randomly.

• eager: each worker pulls tasks concurrently from a
central queue. However, it does not benefit from data
prefetching as scheduling decisions are taken late.

• peager: performance model-based version of eager.
• ws (work stealing): each worker have a task queue and

executes its own tasks, however, idle workers can steal
from other queues.

• lws (locality work stealing): same as ws but takes into
account spatial and temporal data locality to steal tasks
from neighboring workers.

• dmdar (deque model data aware ready): schedules tasks
where their termination time will be minimal, taking
data transfers into account, and according privilege to
data already available on target device. Termination time
prediction is made possible via performance models.

IV. METHODOLOGY

In order to evaluate the impact of the CPU topology on en-
ergy consumption, we perform our experiments on 4 machines,
2 of them having heterogeneous CPUs and 2 homogeneous

2https://files.inria.fr/starpu/doc/html/Scheduling.html

https://files.inria.fr/starpu/doc/html/Scheduling.html


TABLE I
SPECIFICATIONS OF MACHINES USED IN EXPERIMENTS.

Machine Model RAM CPU #Cores #Threads Frequency Release
Rammus Dell Precision 3680 128 GB Intel i7-14700K 20 (8 P-cores, 12 E-cores) 28 5.6 GHz 2023
Senna HP EliteBook 640 32 GB Intel 125U 12 (2 P-cores, 8 E-cores, 2 LP E-cores) 14 4.3 GHz 2023

Malphite Dell Precision 3620 16 GB Intel E3-1240V6 4 8 4.1 GHz 2017
Poppy Dell OptiPlex 5050 16 GB Intel i5-7500 4 4 3.8 GHz 2017

ones. Their consumption is measured both via software mea-
surements using Intel RAPL and using a smart plug measuring
power. The use case involves training a basic CNN over several
datasets with growing image sizes. Pytorch framework is
used as a standard reference to establish comparison points
with our proof-of-concept. Lastly, different StarPU sched-
ulers are evaluated to compare their respective performances.

A. Platform

We evaluate four machines, denoted Rammus, Senna, Mal-
phite, and Poppy, presented in Tab. I. All machines are desktop
computers without GPUs, to the exception of Senna, a laptop
with integrated graphics. During experiments, Senna runs with
its integrated display turned off. Rammus and Senna are the
two machines with heterogeneous CPU topologies. Whether
running Pytorch or DAHL, we try to maximize the usage of
each machine by using all threads. By default, Pytorch is
able to use every threads, but StarPU requires compilation
flags to leverage Hyper-Threading on Malphite in particular.

The power consumption of each machine is measured
both via software, and physical methods. The Alumet [34]
software retrieves RAPL energy counters of hardware compo-
nents. However, in our case, desktop machines only report
CPU and DRAM energy, in contrary to the laptop [37].
Software measuring adds a slight, static overhead on each ma-
chines. Physical measurements are obtained with the Aoetec
Smart Switch 7, a smart plug that monitors energy consump-
tion. The manufacturer reports ±3 watts confidence interval3.
Measurements are collected by an external Raspberry PI. Thus,
it adds no overhead compared to software measuring. Lastly,
note that every measurements (software or physical) are taken
every 2 seconds, due to polling rate constraints on the smart
plug.

B. Use case

For the use case, we picked a CNN, as the nature of
computations for training such model are diverse: convolu-
tional layers are computation intensive but require low memory
to store the parameters, while it is the opposite for dense
layers [26]. Also, convolutions offers a lot of parallelization
opportunities, making the TGCS choice interesting. As a
comparison reference, the same exact CNN architecture was
reproduced on DAHL and Pytorch. It consists of basic layers:
Convolution, Relu, Max Pooling, Flatten, and Dense. Note that
random seeds and initial model parameters have been fixed

3https://aeotec.freshdesk.com/support/solutions/articles/
6000219912-smart-switch-7-f-plug-technical-specification

for every experiments. Model accuracies are therefore equals
for each dataset trained upon, giving reasonable comparisons
on runtime and energy metrics. While interesting, the trade-
off between energy and accuracy is out-of-scope of this
article. Hyper-parameters are also fixed: 0.001 learning rate,
Stochastic Gradient Descent (SGD) optimizer, 8192 samples,
and 10 epochs.

Datasets involved are based on a high definition dataset,
publicly available as “Fashion Product Images Dataset” [38].
Different versions of the dataset have been produced, by
scaling down linearly the images in order to simulate various
workload sizes. The term “pixels” refers to the total amount
of values required to store an image in memory, and is equal
to height× width× channels. Thus, each dataset contain a
given image size, the smallest dataset containing images with
26× 34× 3 pixels, the larger 234× 312× 3.

Lastly, workload is defined as the amount of computational
work required for an execution. It corresponds to the model
training. This amount of work depends on the input size of data
samples. Thus, in this paper, increasing workload, or dataset
size, all refers to using larger images, which increases the total
amount of computation required to train the CNN.

C. Reproducibility

Numerous precautions were taken to ensure the repro-
ducibility of our experiments. First, every machine runs on a
fresh install of NixOS 25.11 with a common, and minimal
headless configuration. This ensures that the configuration
and programs running on each machine are equivalent, for
example, we used Pytorch version 2.5.1, and StarPU on
master branch, as of April 23, 2026. This helps mitigating
biases on energy measurements. Similarly, the machines have
been used exclusively as part of the experiments. Thus, the
out-of-the-plug energy only includes the idle consumption,
in addition to the CNN training. Keeping the idle part is
important, as we also want to compare the training cost,
depending on the energy profile of each machines.

Concerning the case study itself, programs have been im-
proved iteratively, so that both Pytorch and DAHL efficiently
used resources on each machines. For example, Malphite
and Poppy were memory-bounded on bigger datasets, so
we implemented asynchronous data loaders to prevent this.
However, Sec. V-B brings critics towards the efficient usage
of machines. Lastly, all combinations of framework, scheduler,
and dataset have been run randomly, and a warm-up phase
have been included to mitigate thermal biases. Also, each
experiment have been repeated five times to compute 95%

https://aeotec.freshdesk.com/support/solutions/articles/ 6000219912-smart-switch-7-f-plug-technical-specification
https://aeotec.freshdesk.com/support/solutions/articles/ 6000219912-smart-switch-7-f-plug-technical-specification


confidence intervals. On average, the relative half-width of
the confidence intervals was small across experiments, with a
median of ±0.28% (mean ±0.62%) for runtime, and ±0.57%
(mean ±0.96%) for energy consumption.

V. RESULTS

In this section, we introduce experimental results showing
different tendencies between heterogeneous and homogeneous
CPU topologies when training a CNN. We first compare
our proof-of-concept with the research standard framework
Pytorch. We both showcase a default Pytorch configu-
ration, and an optimized one that was chosen among the best
configurations we tried. We evaluate their performances based
on training time, average power and total energy consumption.
Next, we study the behavior of different schedulers with the
same metrics, in addition to the proportion of time spent
executing tasks. Lastly, we emphasize the runtime speedups
and energy savings of our different schedulers compared to a
random-based scheduler.

A. Comparison with Pytorch

As stated before, two Pytorch configurations are used.
The first one, pytorch-regular, is a default configuration
that would be used by anyone if no execution-related param-
eters were tweaked. The second have been chosen among
many configurations to find the best performing one. After
trying Data Parallel (DP), Distributed Data Parallel (DDP),
and OpenMP backend, we found out that oversubscribing
threads (2 × #CPU threads) worked the best, hence the
name pytorch-morethreads. For DAHL, we choose the
dmdar scheduler, as it is recommended by StarPU when
performance models are available.

On Fig. 2, we observe that only machines with
homogeneous CPU topology show linear runtime on
pytorch-regular as the datasets grows. Heteregeneous
one have a differences up to 7.5× slower runtime and 17×
more consumption than pytorch-morethreads, specif-
ically on Rammus. This is explained by the fact that over-
subscribing threads results in linear runtime and consumption
no matter the CPU topology. This, however, comes at the
cost of increasing context switches: 10× more on Rammus
and 5.6× on Senna. CPU usage also reaches lower values
on average, as pytorch-regular is around 90% while
pytorch-morethreads is at 40% usage at most. Fur-
thermore, the impact of configuration on an heterogeneous
CPU is not the same on observed machines. On Rammus, we
notice power differences between 125 W and 225 W, leading to
significant consumption differences. However, Senna’s power
only varies around 4 W, no matter the configuration. This only
leads to runtime penalty, impacting less total consumption:
at worse 1.3× more consumption on Senna while it can
reach 17× more on Rammus. The low power consumption
of Senna laptop, combined to a runtime similar to Malphite,
leads to the lowest total consumption among all machines.
Now comparing DAHL to Pytorch, runtime and consumption
is consistently lower on DAHL no matter the machine or
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Fig. 2. Evaluation of Pytorch and DAHL on CNN training over datasets
with growing image sizes.
Reading: training a CNN using pytorch-regular, on Rammus server, on
a dataset with images of 50 kilopixels, takes on average 700 seconds, draws
230 watts, and consumes 160 kilojoules.

datasets. From left to right order of machines, the difference
between DAHL and pytorch-morethreads consumption
is up to 1.6×, 1.2×, 1.4×, and 1.5× higher for Pytorch.
More specifically, on Rammus, we notice that the average
power grows as the images get larger, ranging from 85 W,
to 243 W on average. This behavior is really different from
both Pytorch configurations, where their power usage is
either the lower or the upper bound. This can be explained
by the CPU usage, which shows greater amplitudes on DAHL
than on Pytorch configurations. Indeed, on StarPU, the
scheduler is capable of allocating CPUs according to the
workload. This is not the default behavior of StarPU. By
default, it keeps CPU workers awake permanently to increase
their reactivity, leading to full CPU and power usage. We used
the -enable-blocking-drivers flag to permit CPU
workers to sleep when unused.

B. Comparing schedulers

As seen in previous experiments, runs on heterogeneous
CPU tend to have non-linear runtime despite workload (here
images) growing linearly. In this case, 3 schedulers were
impacted especially on small datasets: ws, lws, and peager.
On Rammus, differences are up to 10× slower compared to
the random scheduler. On Senna, the impact is lower, with
up to 4× slower. Similarly, Rammus shows diverging mean
powers, more or less pronounced over the schedulers, ranging
from 50 W to 257 W. Senna’s power ranges around 4 W,
Malphite 25 W, and Poppy 15 W. These power values help



us understand the consumption differences among machines.
Senna is still the machine with the lowest consumption while
achieving the same task. The difference is up to 4.8×, 3.5×,
and 2.6× more consumption compared to Rammus, Malphite,
and Poppy.

In addition, to understand how effective the parallelization
is achieved on each machine, we need to look at the time
proportion metrics. The two last rows of Fig. 3 indicate the
average proportion of time that each worker spend executing
tasks or sleeping. Other time categories include, callbacks,
overheads, scheduling, and waiting times due to data transfers.
Nevertheless, the categories mentioned earlier added up to
less than 1% of the total time. Executing and sleeping are
therefore the primary states that constitutes our experiments.
A large proportion of sleeping time may indicate a lack
of parallelism. However, increasing batch size to augment
parallelism did not lead to better execution time proportion.
Furthermore, the sleeping time proportion reduces as image
size increase, hinting towards a task granularity issue. In other
words, Rammus and Senna may be oversized, for an efficient
parallelization of such small workloads. This is illustrated by
the fact that machines with higher performances tend to reach
an executing time proportion superior to 50% later. Respec-
tively from left to right: 150, 100, 50, 25 kilopixels on average.
Fig. 4 introduces two metrics showing runtime speedup and
energy savings to highlight relative gains in comparison to the
results of the random scheduler, our baseline. This choice
is motivated by the fact that this scheduler is the simplest
one, shows predictable behaviors across all machines, and
follows tendencies akin to pytorch-morethreads. As a
reference, this last is on average 65% slower on all machine,
and consumes 43% more energy compared to random. Also,
note that the following interpretations will only take into
account data points after the dashed vertical lines. We consider
that trainings with more than 50% of time spent sleeping are
less relevant. Additional experiments have been performed on
Rammus to provide more insightful data.

On homogeneous CPUs, the best schedulers are work-
stealing based, with up to 22% speedup on both machines, and
up to 13% and 10% on Malphite and Poppy. For heterogeneous
CPUs, dmdar shows good results on both machines, with up
to 13% and 5% speedup, and up to 6% and 2.5% energy saving
on Rammus and Senna respectively. Moreover, additional
experiments performed on Rammus indicate decline in runtime
gains while energy savings rise, on this specific scheduler at
least. Some explanation is that dmdar execution proportion
reaches a plateau after 50%, as well as the power usage at
225 W. In contrary, work-stealing and eager-based schedulers
tend to obtain similar speedup gains ranging from 5% to
8%, but without any energy gains associated as they appear
negative: from −12% to −15%. Additionally, Senna seems
to benefit the most from eager-based schedulers with 17%
speedup and 15% energy saving. These schedulers obtains
comparable gains on homogeneous machines, respectively
17% speedup and 13% energy saving on Malphite, 10% and
5% for Poppy.
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Fig. 3. Evaluation of DAHL using different StarPU schedulers on CNN
training over datasets with growing image sizes.
Reading: training a CNN using the lws scheduler, on Rammus server, on a
dataset with images of 100 kilopixels, takes on average 200 seconds, draws
115 watts, consumes 160 kilojoules, and 20% of time is spent executing tasks,
the remainder being mostly sleeping.

To summarize, we observe that work-stealing-based sched-
ulers have the best gains on homogeneous CPUs, while eager-
based seems to be more effective on heterogeneous ones. Ram-
mus results are more difficult to interpret, as those schedulers
indeed improve runtime, but does not imply energy savings.
The dmdar scheduler shows great adaptability no matter
the topology, however it tends to fail to adapts to smaller
workloads, and falls off on bigger workloads. In contrary, the
random scheduler is globally good when running undersized
workload and small tasks. Finally, it is worth noting that,
despite StarPU focusing on heterogeneity, using it tends to
benefit runtime and energy consumption even on homogeneous
CPUs.

VI. DISCUSSIONS

This study highlights results that we classify into three
categories: the efficient usage of heterogeneous CPUs, the
adaptability of TGCS, and the runtime versus energy trade-off.
In the scope of our experiments (use case, selected datasets,
and machines) we observe that Pytorch requires additional
configuration to obtain efficient usage of heterogeneous CPUs.
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Fig. 4. Comparison of frameworks on CNN training over datasets with growing image sizes, in relation to a baseline, the random scheduler. Dashed vertical
lines delimits the point where time spent executing tasks exceeds 50% (right of the line) on each machine.
Reading: training a CNN using the ws scheduler, on Malphite server, on a dataset with images of 150 kilopixels, is on average 21% faster and saves 10%
energy consumption. However on Senna, gains are about about 10% runtime and 7% energy.

Oversubscribing threads have shown as the best solution
runtime and energy wise. However, it does increase context
switches and seems to cap the CPU usage bellow 50%. To this
extent, TGCS-based experiments provide better effectiveness.
We notice standard context switches values, while having
wider ranges of CPU usage depending on workload size.
There is no need to oversubscribe threads, as each worker can
be bound to physical threads. Furthermore, last experiments
shown that on average, our best Pytorch configuration still
consumed 43% more energy, and was 65% slower than DAHL.
Such results are encouraging towards the usage of TGCS in
ML. Nonetheless, results should be contextualized regarding
the nature of the comparison. Indeed, Pytorch is a general
purpose ML framework focusing on multiple accelerators and
backends. While DAHL is not limited to CNNs, it clearly does
not suffer from architecture’s overheads required to support
diverse execution contexts. However, it is not limited to CPU
only, as StarPU also permits multi-CPU and multi-GPU
execution, and distributed computing with MPI. Extending
DAHL with this capabilities is on-going future work.

On another hand, we also noticed differences among TGCS’
schedulers themselves. Runtime gains can be up to 20% and
energy savings up to 15%. In particular, work-stealing-based
schedulers shows the best results on most of machines, the
only exception being on the only laptop, Senna. It remains
uncertain why eager-based schedulers performs better on the
laptop. As these schedulers does not permit data prefetch,
it might indicate that this laptop is less impacted by cache
misses. However, in all scenario, work-stealing and peager
schedulers shown the worse results on small workloads. The
more powerful server, Rammus, demonstrates the adaptiveness
of TGCS, as the average CPU usage and power grows de-
pending on the workload, with wider ranges than Pytorch
experiments. This behavior is still true on other machines for

the CPU usage, but to a lesser extent on their power, as it is
machine dependent. Typically, desktops consumes more and
have wider power ranges.

Last, these experiments emphasize the trade-off between
faster and more frugal execution. For example, on the largest
dataset, the training on Rammus can be up to 2.5× faster
but can consume up to 4× more energy. The laptop exhibits
the best overall trade-off, thanks to decent runtime and con-
sumption. Also, we noticed energy gains as runtime declined
on Rammus with dmdar. Previous HPC work highlights this
behavior, as the most energy-efficient solution is not always
the one with the shortest runtime [39]. Finally, limits of this
methodology include the low samples of machines. In par-
ticular, more heterogeneous CPUs could be tested to validate
observations made on Pytorch configurations. Additionally,
we recognize that machines that comes with heterogeneous
CPUs are in general much more recent, which implies better
energy efficiency. This itself is not a problem for individual
analysis, but more for comparing efficiency between machines.

VII. CONCLUSION

This work shows that Heterogeneous CPU topologies intro-
duce new challenges in terms of scheduling, and that it has
a real impact on energy efficiency of ML frameworks. By
conducting experiments on multiple machines with different
CPU topologies, and training a CNN with datasets of varying
sizes, we demonstrate that real differences between topologies.
Homogeneous ones are already greatly optimized by default,
and follows a linear grow both in runtime, regardless of
the workload used. In contrary, heterogeneous ones require
additional tweaking in order to fully utilize CPU resources.
One way might be to oversubscribe threads, but at the cost
of capping CPU usage and high context switches. Another
one is to use a TGCS such as StarPU which takes into



account CPU heterogeneity. This gives a lot of potential to
switch between multiple schedulers in order to find the correct
trade-off between runtime and energy gains.

For future works, similar experiments could be performed
on GPUs to determine whether comparable observations could
be made against Pytorch and the different StarPU sched-
ulers. In addition, this would allow StarPU to schedule
tasks on both CPUs and GPUs, to evaluate data transfers
overhead over the energy consumption. Also, Adding multi-
node capabilities to DAHL could provide a solution for training
on heterogeneous clusters in an energy efficient way.
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