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Abstract

In this paper, we propose a model-heterogeneous FL framework that enhances
clients’ generalization performance on unseen data without relying on parameter
ageregation. Instead of model parameters, clients share feature distribution
statistics (mean and covariance) with the server. Then each client trains a
variational transposed convolutional neural network using Gaussian latent
variables sampled from these distributions, and use it to generate synthetic data.
By fine-tuning local models with the synthetic data, clients achieve significant
improvement of generalization ability.

Background

The non-iid data of clients has become a widespread problem in federated learning
(FL). Firstly, clients comprise edge devices distributed across various geographical
locations, which naturally collect non-identically-independent data. Secondly, single
clients usually collect real-time data with frequent distribution shitts in practical sce-
narios, such as weather forecasting.

To overcome both inter-client and intra-client non-iid, improving the generalization
ability (i.e., the ability to predict unseen data correctly) of clients has become a vital
matter. Most state-of-the-art works are developed based on the assumption that all
clients share the same model architecture. In practice, clients are likely to obtain per-
sonalized models with diverse architectures, making model-ghomogeneous methods
prohibitive, which necessitates alternative strategies for enhancing the generalization
of heterogeneous local models.

Methodology

We propose FedVTC (Federated Learning with Varational Transposed Convolution)

FedVTC Algorithm

1. Clients train a shared VIT'C model @ with a universal architecture.

2. Clients share prototypes ¢, SD o with the server in each round.

3. Clients generate synthetic samples using ¢, o and the VIT'C model 1.

4. Clients fine-tune local models using the synthetic samples to boost generalization.
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TECHNOLOGY

Dir | FedProto | FedTGP Fed(en CCVR FedType | pFedAFM | FedVTC

MNIST 0.1 | 834104 | 8544105 | 81.1LL.0O | 855404 | 839403 | 856 L 0.5 | 88.7L0.7
) 1.0 | 86,1103 | 86.81L04 | 81.94£03 | 86.2403 | 86.7H05 | 87.2 L 0.4 | 90.1L0.1
CIFARLO 0.1 | 393107 | 409102 | 391402 | 393402 | 397403 | 389109 | 46.9L0.6
1.0 | 411202 | 421207 | 397205 | 41.0120.1 | 402406 | 40.5 L 0.5 | SLTLX0.7

CIFAR 100 0.1 | 262102 | 292403 | 2734108 | 276409 | 31.3L£1.5 | 3224+ 1.0 | 36.3L0.8
1.0 | 304402 | 318405 | 308+03 | 293404 | 344406 | 349 L 0.6 | 404103

Tiny- 0.1 | 237103 | 249408 | 23.610.1 | 241403 | 248404 | 24.2 L 0.8 | 30.2L0.3
ImageNet | 1.0 | 26410.2 | 272403 | 26.110.1 | 26.6:£0.8 | 31.6£04 | 273 L 0.2 | 358105
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VTC Training

A VTC model 9 is trained using loss function L., where:

Lio= L.+ ALy,

L. = —ELBO (Evidence Lower Bound):

ELBO = Zng%(:B/lz, Jk) - DKL(ng(Zlm)Hp(z))

1
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22 18 a diagnoal matrix with >;; = o;.
Lam 1s the distribution-matching loss:

Laim = || gr(vr(v)) — &

Table 1: The average genecralization accuracy (in %) of cach client’s local model on the global
validation datasct (with mcan + SD).

FedProto | FedTGP | FedGen | CCVR | FedType | pFedAFM | FedVTC
MNIST 0.94 (.94 13.15 46.61 12.37 1.94 0.70
CIFAR10 3.93 3.93 5458 | 80746 | 3745 5.88 2.90
CIFAR100 39.32 39.32 91.07 | 825.16 | T2.85 41.27 26.49
Tiny-ImageNet T8.64 78.64 84482 | 92346 | 179.6] 147.10 52.71

Table 2: The total volume of data transmission (in GB).

Evaluation

FedVTC achieves higher generalization accuracy and lower communication costs as
shown in Table 1 and Table 2.

Synthetic Samples

A fraction of the synthetic samples on MNIST and CIFAR10 are shown below:
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