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The dynamic development of 5G and future 6G networks poses new challenges
for telecommunications related to low latency, radio resource saving, and adaptation
to unstable transmission conditions. Traditional, centralized approaches to training
artificial intelligence models require transferring massive amounts of data to cloud
servers, which generates significant delays and overloads network links. A solution
to this problem is Federated Machine Learning (FML), which allows models to be
trained locally on end-user mobile devices, such as smartphones, by sending only
updated neural network weights to the main aggregator [3].

However, local training of advanced Al algorithms leads to extreme loads on CPU
units of mobile devices, resulting in significant heating and battery drain [2] [4]. The
aim of this work is to present a physical and mathematical model describing these
phenomena and to propose a mechanism (thermal guard) that dynamically interrupts
the learning process based on thermal readings.

The research environment was built using the Flower framework [1] and the Ten-
sorFlow Lite library, employing five Samsung smartphones as edge clients and a
laptop acting as an aggregator. The base model was a lightweight Multi-Layer Per-
ceptron (MLP) trained on distributed and uncorrelated input data from various net-
work operators, simulating a Non-IID environment.

The impact of the aggregation process and local training on the device was de-
fined by observing the system temperature. The heat emission Q(t) during training
can be described by a reduced thermal balance model of the device:
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Where: Cp is the heat capacity of the device, T 'is the current processor temperature,
Pcpy is the power dissipated by the computing unit (dependent on the learning rate #
and batch size w), / is the heat transfer coefficient of the device's cooling system, .S
is the surface area of exchange, and T.,, is the ambient temperature. Based on the

above, an original client suitability index was derived, which reduces the priority of
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a given smartphone in the federated cycle when temperature 7" exceeds a critical
threshold (45°C in the study), preventing thermal throttling and protecting the de-
vice's battery [5].
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Fig. 1. Experimental run: impact of asynchronous thermal compensation on mobile
device processor temperature in consecutive FML rounds.

The proposed architecture and the thermal guard mechanism are currently under-

going experimental evaluation. Theoretical analysis of the thermal model and pre-
liminary proof-of-concept tests indicate significant potential for optimizing energy
consumption and preventing hardware degradation. Some empirical results, covering
correlations between 5G network conditions and the energy efficiency of edge de-
vices, will be presented during the speech. The described approach may serve
as a basis for future resource management solutions in Massive Internet of Things
(mloT) systems and satellite Non-Terrestrial Networks (NTN).
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