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Is it possible to defend against data heterogeneity in FL systems by sharing data 

containing no private information?

Model Regularization.

Optimization Schemes.

Sharing Data. 

Related Work



A shared noise dataset between clients.
Each figure shows 90 data samples, representing a virtual class.

Generated by an un-trained Style-GAN.

Virtual Dataset



6

FedAvg with Both shared noise 
data and private dataFedAvg with private data

The Shared Noise 
Data of the same 
class has similar 
feature distribution 
between clients

The Private Data of 
the same class has 
divergent feature 
distribution between 
clients

Feature Drift
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Pull the samples of the 
same label (Virtual and 
Natural) together.

Feature Calibration
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Virtual Homogeneity Learning – We calibrate 

private features based on the virtual features

Natural Data

Virtual Data

Feature

Virtual Homogeneity Learning



Datasets: CIFAR-10, Fashion-MNIST, SVHN, CIFAR-100

FL settings: 10 clients or 100 clients, LDA partition, a=0.1 or 0.05, Local epoch = 1 or 5.

Model: ResNet18 for CIFAR-10, Fashion-MNIST, SVHN, ResNet50 for CIFAR-100.

FL algorithms: FedAvg, FedProx, SCAFFOLD, FedNova.
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Experiment



Experiment

Datasets: CIFAR-10, Fashion-MNIST, SVHN, CIFAR-100

FL settings: 10 clients or 100 clients, LDA partition, a=0.1 or 0.05, Local epoch = 1 or 5.

Model: ResNet18 for CIFAR-10, Fashion-MNIST, SVHN, ResNet50 for CIFAR-100.

FL algorithms: FedAvg, FedProx, SCAFFOLD, FedNova.

Feature Distribution After Calibration
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Measuring Empirical Client Drift (Model Divergence)

Experiment
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Metrics: Test Accuracy, Target Round

Experiment
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• Virtual Feature Transfer Learning (VFTL): 
Pretrained on noise data

• Naive VHL: Training with both private data and 
noise data without feature calibration

• Virtual Feature Alignment (VFA): Feature 
calibration based on random features of 
different classes.

• Different Noise

• Different Batch Size

• Different weight of calibration loss

• Different depth of calibration

Ablation Study



Thank You


