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Introduction

Federated Learning (FL) enables decentralised training on client devices, enhancing privacy and
reducing reliance on central storage. However, high communication costs and limited device
resources pose major challenges.

Sparse training mitigates these issues by reducing model size and computation but introduces new
hurdles: achieving consensus on sparse models, ensuring efficient convergence across diverse
clients, and minimizing communication overhead without accuracy loss.



Method

SparsyFed introduces a novel adaptive sparse training approach designed for cross-device FL. By
dynamically pruning activations and re-parameterizing weights, SparsyFed enhances model
efficiency while maintaining high accuracy, even at extreme sparsity levels.
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Key Components:

* Activation Pruning: Reduces computational overhead by selectively pruning activations before
backpropagation, lowering memory usage and FLOPs while preserving critical information.

*  Weight Re-parameterization: Uses a sparsity-inducing re-parametrization to improve resilience to
pruning, enabling efficient training without excessive hyperparameter tuning.

* Sparse Communication: Prunes model updates before transmission, significantly reducing
communication costs without degrading accuracy.



Results: Performance & Efficiency

SparsyFed outperforms other baselines in accuracy across all settings, sometimes even matching dense
model performance.

_ _ a=1.0 a=101
Dataset Sparsity
ResNet-18 ZeroFL FLASH SparsyFed ResNet-18 ZeroFL FLASH SparsyFed
dense 83.70 = 1.70 - - B 73.81 +4.84 - - -
0.9 8056 190 76.16 130 81.15+1.03 8213+153 69.79+378 6740+4.11 71.87+263 7500+ 2.78
CIFAR-10 0.95 7471 £3.29 7553 +£227 7936+1.03 82.60+1.58 60.00+4.66 61.55+4.18 7208209 7595+ 3.39
0.99 66.27 £5.08 7071 £0.15 7345+137 7771 +£1.69 43961199 51.71+£3.54 5691 +355 63.69 £ 3.90
0.995 6382+241 5602395 69.15+=1.60 7001043 19.02+10.77 4133+3.64 5215387 56.79 = 3.97
0999 31.79+£19.10 17.66 £834 36.07+749 51.39+3.19 1150+449 1876+428 2931675 43.68 L 7.61
dense 5229+ 1.14 - - - 48.34 +£2.71 - - -
0.9 4657 £ 171 40701472 5199+021 53.081+090 4196+2.16 3192+765 4559+0.75 48.37+1.73
CIFAR-100 0.95 28.07 +£2327 3882+ 1.75 47.19+ 188 5281+1.72 1148+ 1751 3421+765 4431+2.14 4827 +2.70
0.99 19.65 £ 16.30 1897 £2.08 4276 +4.08 46.64 £1.59 0.14 +0.72 13.07 £226 34.75+338 41.03 +2.14
0.995 9.51 + 14.81 601 £474 36431+497 4221+1.03 0.14+0.72 7.04 £525 264411735 35.72 +2.01
0.999 3.81 £2.18 1.96 066 580+286 1596 +0.64 0.14 £0.72 1.66 + 0.97 3.56 £ 2.07 13.84 + 3.69
dense 91.49 + 0.94 - - - 80.15 +2.69 - - -
0.9 8428 +0.88 87.79+140 88.68+1.72 9232+159 6544+097 7035+265 77.15+077 79.67 +2.78
Speech 0.95 78.58 £044 8429+150 8489+049 89.14+1.15 5739+1.04 6590+ 188 71.28+1.75 7546+ 2.24
Commands 0.99 6501 £084 57.79+082 69.22+159 75824372 5042+626 4142+1.60 5355+200 56.69 + 4.56
0.995 5673 £1.00 37.16 £2.71 5823+ 184 68.02+3.14 3420+1.43 22611345 43.16t347 48.30L5.39
0999 2156 +12.79 10.10£4.01 17.70 £2.58 4743 +1.66 19.25 +6.01 8.85+3.76 17.14 £ 297 29.24 + 2.34




Results: Performance & Efficiency

Significant Communication Savings

SparsyFed reduces communication costs by up to
19.29x compared to dense models, minimizing
both uplink and downlink overhead, without
degrading model performance.

Sparsity Level Convergence

SparsyFed efficiently converges to the target
sparsity level early in training, maintaining stable
sparsity throughout the learning process, ensuring
minimal deviation from the desired sparsity.
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Thank you

Full paper: https://arxiv.org/abs/2504.05153

Repository: https://github.com/AGuastella/sparsyfed




