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Abstract

With growing demands for privacy protection, data sharing and utilization are becoming restricted, posing
challenges in Al training. Federated Learning(FL) and its frameworks have been developed to address this issue.
However, most gRPC-based FL frameworks struggle to adapt to configuration changes and client environment shifts
during training. This paper presents a RESTful APl-based dynamic FL platform with model lightweighting. The
platform overcomes gRPC limitations by using RESTful APIs for dynamic FL and improves data transmission
efficiency with model lightweighting. Experiments show that the platform supports FL effectively, achieving around

93% data reduction compared to the original and about 60% compared to similar platforms.
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Table 3. Federated learning server environment

Features Specification
0S Windows 11 pro
CPU Intel(R) Core(TM) i9-13900K 3.00 GHz
GPU NVIDIA RTX A6000
RAM 32GB
Software Python, Flask

E 4 ddgtsts Z2io|dE A

Table 4. Federated learning client environment

Features Specification
0S Windows 10 pro
CPU Intel(R) Core(TM) i7-13700 2.10 GHz
GPU NVIDIA RTX 3080 Ti
RAM 16GB
Software Python, Flask
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Table 7. Compression algorithm size comparison

Model | Algorithm gg‘s F(‘itf (shthe)
gzip 1.24 734 39.60

Zlib 1.23 7.33 39.60
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ResNet-18 24 004 | 003 | 4272
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Zstd 0.02 7.55 39.50
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Reshet-0 =, 007 | 004 | 9003
brotli 124.77 854 82.38

zstd 0.06 7.45 83.36
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Table 8. Parameter transmission method data size
comparison

Model Data format Size (MB)
json 247.72
3 binary 4273
ResNet-18 raw data 4283
proposed 16.72
json 556.51
. binary 90.46
ResNet-50 raw data 90.46
proposed 35.29
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