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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

aggregation. 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 shifts 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 VTC model ψ with a universal architecture.

2. Clients share prototypes c, SD σ with the server in each round.

3. Clients generate synthetic samples using c,σ and the VTC model ψ.

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

VTC Training
A VTC model ψ is trained using loss function Ltc, where:

Ltc = Le + λLdm

Le = −ELBO (Evidence Lower Bound):

ELBO = logpψk(x
′|z,σk)−DKL(qgk(z|x)||p(z))

≈ ∥x′ − x∥22 +
1

2

[
(z − cy)T (z − cy) + tr(Σ)− p− log|Σ|

]
Σ is a diagnoal matrix with Σii = σi.

Ldm is the distribution-matching loss:

Ldm = ∥gk(ψk(v))− cy∥22

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:


