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ABSTRACT

In this paper, we address a distributed learning system with a server and clients with heterogeneous
computational capabilities. We propose a new distributed learning algorithm that combines split learning with
ordered dropout, enabling clients with limited and heterogeneous computing -capabilities to participate in
training. This approach allows all clients, even with different client-model sizes, to contribute to the
improvement of the global model’s performance. We conduct experiments on image classification using
ResNet50 on the CIFAR-10 dataset, examining classification performance given the number of clients and the
distribution of the dataset. With heterogeneous client settings in computational capacities, simulation results

demonstrate that all clients with various client-side model sizes effectively contribute to global model training.
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Fig. 1. System model and training procedure
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Table 1. Notations

Notation Description

R The total training rounds

E The local training epochs of client &

C The set of clients

wf The client-side model at round ¢

W7 The server-side model at round ¢

Yi The true labels of the client k

Y The predicted labels of the client k

Vi The gradient of the loss for the client k

Ap: The smashed data of client & at ¢

Dt The tensor for zero padding in server-side model
Vk(; The model for zero padding with client-side model of the client &
Pi The odrdered dropout rate for each client k&

7 The step size factor for model update

Xy The dataset in each client k
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Table 2. Simulation results
Accuracy
D FedAvg"! HeteroSplitFed
a=10 a=1
[0.8, 0.8, 0.8, 0.8, 0.8] 64.887% 63.707% 57.398%
[0.4, 0.4, 0.4, 0.4, 0.4] 55.968% 59.499% 51.779%
[0.8, 0.8, 0.8, 0.2, 0.2] 50.587% 56.818% 51.226%
[0.8, 0.2, 0.2, 0.2, 0.2] 46.100% 51.630% 45914%
[0.2, 0.2, 0.2, 0.2, 0.2] 45.874% 50.896% 39.101%
[0.8, 0.8, 0.8, 0.8, 0.8, 0.8, 0.8, 0.8, 0.8, 0.8] 64.801% 61.475%
[0.8, 0.8, 0.8, 0.8, 0.8, 0.8, 0.2, 0.2, 0.2, 0.2] 56.203% 51.782%
[0.8, 0.8, 0.8, 0.8, 0.2, 0.2, 0.2, 0.2, 0.2, 0.2] 51.757% 48.122%
[0.8, 0.8, 0.2, 0.2, 0.2, 0.2, 0.2, 0.2, 0.2, 0.2] 52.118% 48.542%
[0.2, 0.2, 0.2, 0.2, 0.2, 0.2, 0.2, 0.2, 0.2, 0.2] 52.486% 48.341%
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Fig. 6-2. Classification accuracy of HeteroSplitFed with
clients=5, @ = 10
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Fig. 6-3. Classification accuracy of HeteroSplitFed with
clients=5, ¢ = 1
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Fig. 6-4. Classification accuracy of HeteroSplitFed with
clients=10, ¢ = 10
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Fig. 6-5. Classification accuracy of HeteroSplitFed with
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