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ABSTRACT

Federated learning is a cooperative learning process of global neural network models with several devices.
Many researchers focus on it due to its advantages in data privacy protection and low communication costs.
Most previous studies on federated learning use conventional Artificial Neural Networks (ANNs) as global
model. However, it is difficult to use ANNs in mobile and embedded devices because they consume a lot of
energy. To apply federate learning to mobile and embedded devices successfully, it is important to use Spiking

Neural Networks (SNNs) as global model due to their high energy efficiency. This is because SNNs deliver
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data between neurons with spikes and the delivery process works in an event-driven manner, which is more

energy efficient than that of ANNs. However, the studies on federated learning with SNNs are much less than
the studies with ANNs. This problem makes the federated learning with SNNs difficult to be utilized in

various applications. In this paper, we conduct simulation with diverse situations and find out that the

federated learning with SNNs is more energy efficient than the federated learning with ANNS.
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Table 1. Final convergence accuracy comparison between
Federated ANN and Federated SNN

Class per SNN
device ANN (Difference from ANN)
10 86% 86% (0%)
7 85% 84% (1% |)
5 83% 80% (3% \)
3 82% 76% (6% )
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Table 2. Energy consumption of MAC operation
Operation Estimated Energy (pJ)
32-bit Multiply (Eyun) 3.1
32-bit Add (E,a) 0.1
32-bit Multiply and
Accumulate 32
(Eyac = Bt + Eada)
32-bit Accumulate (E40) 0.1

I 3. Federated ANN¥} Federated SNN2| ollL{%] Zwm|=f
) kA

Table 3. Energy consumption comparison between
Federated ANN and Federated SNN

Class per SNN ()
device ANN (i) (Percent of ANN)
10 2340.8 (47.55%)
7 2341.1 (47.55%)
5 49228 2345.0 (47.63%)
3 2338.0 (47.49%)
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