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Last year

® FaLaFE/IS @

Federated Learning Fruga/ity
and Efﬁ ciency via Simulation
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More machine, less runtime?
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More machine, less runtime?
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Takeaways:
1. Reducing runtime = reducing energy

2. Finding the sufficient number of

machine is bound to the workload,

heterogeneity of machines and
parallel algorithms.
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This year, even more appetizing!

< DAHL

Distributed, Arbitrary and

Heterogenous Learning
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Carbon footprint of devices:
40% usage
60% manufacturing, distribution, end-of-life

ADEME-Arcep 2025
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Homogenous platform

Phase de calcul Phase de calcul
]
Phase de Phase de
synchronisation synchronisation
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Heterogeneous platform

Phase de calcul

Phase de
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Handling heterogeneity

 Of machines
* Network
 Computations

06/01/2026

Allows existing
machines to collaborate

Limiting:
e [Investments in new
machines

* Premature replacement
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Al framework PoC

task; tasks, tasks
* Using a Task Graph A=d( X X
Computing System S C’:[:
(TGCS) ’
- Sup;.)orts multiple h?rdware 8__: X P+
- Flexible load balancing task, task, taske

- Arbitrary execution order
* Frugality by design
- Python-layer

- Energy-aware scheduling

06/01/2026 Andrew MARY HUET DE BAROCHEZ 13



DAHL : Distributed, Arbitrary and Heterogenous Learning

 Written in C and CUDA
 Based on StarPU (inria Bordeaux) &t’u&/-

EEEEEEEEEEEEEEEEEEEEEEEEEE

* Unit test following Pytorch values O PyTO rch

* Reproducible

» Open source: a NixOS

codeberg.org/PhoqueEberlue/dahl
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Forward-backward dependency
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Eile View Preferences Help

) b4 k ‘F a [T

ICPU training + batch parallelism 1

MEMMANA,.. |

TO

T1

T2

T3

T4

T5

T6

T7

T8

MEMNODEO
program

UserThrea

Scale containers: == - b | Zoom X:




w Preferences Help

mrx: 25486.6

MEMMANA

T1

T2

T3

T4

T5

T6

7

T8

T

T10

T

T12

T13

MEMMNODED
T4

program

T21

MEMMAS

MEMNODEL CUDAD 0

UserThrea

Scale containers: = » | Zoom X:




LISTIC

Experimenting
Comparing DAHL with Hyperparameters:
Pytorch on the same use » Batch size [1-250]
cases. LR 0.001
* Conv-relu-maxpool-fc

Datasets: *« 8000 samples per iter
e Fashion-MNIST (28x28) |

» CIFAR-10 (32x32x3) Estimating energy

- Big-fashion (270x360x3) consumption using () Alumet

10 runs per experiment

Big-fashion: kaggle.com/datasets/paramaggarwal/fashion-product-images-dataset/data
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Reading results

Results for fashion-mnist
Runtime by batch_size

Experiments varying batch size
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Reading results

Results for fashion-mnist
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Accuracy by batch_size

Accuracy
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Runtime (s)

Runtime (s)

DAHL vs Pytorch : rashion-MNIST

Runtime by batch_size

Results for fashion-mnist
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Runtime (s)

Runtime (s)

DAHL vs Pytorch

Runtime by batch_size
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Energy (])

Results for cifar-10
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Runtime (s)

Runtime (s)

DAHL vs Pytorch : Big-fashion

Runtime by batch_size
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Accuracy by batch_size
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Thanks for your attention!
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