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Federated Learning (FL)

Server coordinating
the training of a

* Introduced by B. McMahan global Al model

et al. In 2017
* No need to move data

> Data privacy advantage
» Bandwidth usage

@ Devices with
local Al models
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LISTIC

State-of-the-art topologies
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Fig. 6. DFL network topologies. (a) Fully connected networks, (b) Partially connected networks (star-structured network, ring-structured network, random
network), (c) Node clustering. P, indicates the node acting as a proxy.

Beltran, Enrique Tomas Martinez, et al. "Decentralized federated learning: Fundamentals, state of
the art, frameworks, trends, and challenges." IEEE Communications Surveys & Tutorials (2023).
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How can we compare the energy
efficiency of state-of-the-art
iImplementations?
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Related works

Analytical models

Pilla, L.L.[2023], Savazzi, S.
[2022], Qiu, X.[2023]

Energy consumption is
estimated via formulas

X Limited expansibility

X Lack of systems
considerations
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Related works

Analytical models Experimental frameworks
Pilla, L.L.[2023], Savazzi, S. Beutel, D.J.[2020] (Flower), Ekaireb, E.
[2022], Qiu, X.[2023] [2022] (ns3-f])

Energy consumption is measured,
either with wattmeters or software
(RAPL, NVML...)

¥ Limited expansibility x Constrained by machine learning
training time

Energy consumption is
estimated via formulas

X Lack of systems
considerations X Benchmarking involves actual
consumption
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Related works: ns3-fl Ekaireb, E. et al.[2022]

i ) ) ) Socket communication
Begin running simulation,

trigger ns-3 process A

|

' Request network simulation

List of selected
clients

Federated Learning Network Simulator
fra m(::work ‘ Latency and ns-3
flsim throughput for each
selected client

Real execution Send results of simulation

A\ J

Complete simulation, Discrete environment

terminate ns-3 process
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Our contribution: Fully discrete FL

simulation
Federated Learning
_ scenario
v Reproducible
v Fast run-time l

v Fast development
v Try any algorithm on any platform
for free

|

Estimated Energy
consumption
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Our contribution: Fully discrete FL

simulation
Federated Learning
_ scenario
v Reproducible
v Fast run-time 1

v Fast development
v Try any algorithm on any platform
for free

X Requires some calibration l

X Learning accuracy unknowned Estimated Energy
consumption

09/04/2025 Andrew MARY HUET DE BAROCHEZ 9



F a L a F E Z S F ederated Learning F rugality and E fficiency via S imulation

o Number of machines
« Types of machines (with different

speed and consumption)

« Network topology @MSQ D
~=

FL configuration

« ML Model
« FL implementation
« Applicative topology

Powered by

« Runtime
« Energy
consumption

Simulator
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Simulated topologies

Central
Aggregator
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Hierarchical + star
Ring topology subclusters Star topology
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Simulated algorithms

Epoch 1 - Aggregation * Epoch 2 . : Epoch 1 . Aggregation.E2.

LN
>

x40 faster
than RPI

x12 " "
faster 1 " -

Aggregator = - = - Asynchronous =
Aggregator

Simple Aggregator Asynchronous Aggregator
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Preliminary results
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Preliminary results _
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Increasing the number of machines won't reduce the
energy consumption if parallelization costs are higher
than the workload itself 14



Increased workload
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Increased workload _
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Reducing runtime does not always imply in reducing
the energy consumption 16



Increased workload _
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As expected, asynchronous algorithms performs way
better thanks to the reduced idle time of trainers. 17



I €D ic
Finding the best config m

Evaluates the configurations

Generates random configurations Evolution

algorithm

Platform

« Runtime

Config generator Simulator . Energy
consumption

FL configuration
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I G LvTe

Evolution algorithm

L ]
S : Step 3: Step 4:
Initialize Step 1: Step 2:
o . . ' Remove worse Clone and mutate
individuals Run simulations Sort results

configurations best conﬁguratmns

RingRing
Hierarchical
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Evolution results
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Energy consumption evolution

0
Q
=
'93 400k
- StarSimple
E StarAsync
= e & @ ® —&— RingSimple
o 300k . — @ — RingAsync
& -~ \ *~———o—o StarHierarchical
? . —aY StarHierarchicalAsync
5 sk T e &-0—0—..\_'_. —e— RingHierarchical
& '-\f".. - = ® — RingHierarchicalAsync
> 1
2 o\
S 100k :
Ll == A..-..'.‘.I.'-.-T.'-“"'1-.=-.:--:‘-'ln.nl-.—-‘—-n--‘-ll-—l-lh_:‘l—lmm"
>

lterations

09/04/2025 Andrew MARY HUET DE BAROCHEZ 20



Best configuration

*Only 11 machines
» Prefer fast internet links <@,
* Asynchronicity helps!
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Conclusion

 Simulation opens up opportunities for researchers to develop and
experiment new algorithms quickly

 FaLaFEIS may help in choosing the right amount of machines for a
given machine learning task

e Evolutionary algorithms could be used in order to find an energy efficient
platform configuration

Future work
* Verifying results in real scenario
e Studying the impact of faults on energy consumption
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Synchronicity increased
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Simulation parameters

Precision 7865 144 Gf 16 100 : 120 : 200 #param 199,210
MSI GP72 7TRD 89.6 Gf 8 20 :21.6 :59.33 Param type FP32
Raspberry Pi 4B 14.4 Gf 4 2.89:3:7.28 Model size 796,860 bytes #param * type
Size
: : , #samples per 1000
Link profile Bandwidth Wattage Range node
Fiber 1.6GBps 20us  25:40 #flops for local 0.39 Gf #param * 2 *
ADSL 10 MBps 190us 15:30 training #samples [1]
Slow-connection 0.07 MBps 1070 us 10: 15 #flops 0.0006 Gf #param * 3
aggregation

[1] See https://epochai.org/blog/estimating-training-compute
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LISTIC

Simulated topologies

Star topology Ring topology Hierarchical + star Hierarchical + ring
subclusters subclusters
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Evolution results Strsimple

—&— RingSimple

- ® — RingAsync
StarHierarchical
StarHierarchicalAsync

—&— RingHierarchical

— ® — RingHierarchicalAsync

o E Total GFLOPS in each platforms K
3 Energy consumption evolution g 15K PERIEICE SR TPy O SE. SO -
= @© h
S 400k 3 ! ,a-—o—--o-—-o--—o—-o-—o—ﬂl
- = |
= — == 9
5 ) s £ 10k S
3 300k . \ a I
S v \ @ L g - o " ,!
= e G g ol
Z \\ \ it o\._._.\_'_. = I
8 200k .—\‘-Q / "
> \ \ ¥ '
o : = i
o ¥ E i i
LI‘:J 100k '.--—\'-—-'-&-r-.- 8 7 '

gt T R TP G -

09/04/2025 Andrew MARY HUET DE BAROCHEZ 26



	Titre
	Slide 2
	Slide 3
	Slide 4
	Slide 5
	Slide 6
	Slide 7
	Slide 8
	Slide 9
	Slide 10
	Slide 11
	Slide 12
	Slide 13
	Slide 14
	Slide 15
	Slide 16
	Slide 17
	Slide 18
	Slide 19
	Slide 20
	Slide 21
	Slide 22
	Slide 23
	Slide 24
	Slide 25
	Slide 26

