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Heavy communication overhead in vanilla Federated Learning

B Heavy communication burden: More than 250GB for a VGG19

B High communication time: More than 194 hours for one round

transmission of GPT-3

Existing One-shot Federated Learning:

B Optimization-based methods
B Distillation-based methods
B Generative methods

B Sclective ensemble methods

Bottleneck: significant performance gap
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Challenges & Method

Challenges #1: How can we construct a model capable

of capturing invariant features and achieving stable
predictions under such heterogeneous conditions?

Contribution #1: we design Self-Alignment Local
Training(SALT), which employs contrastive learning
and prototypes to mitigate the intra-model
inconsistency.

Challenges #2: How can we effectively leverage
models with parameter discrepancies in a one-shot
manner?

Contribution #2: we design Informative Feature Fused

Inference(IFFI), which performs feature-level fusion to

mitigate the inter-model inconsistency.

Client-side:

Server-side:

Self-Alignment Local Training

Informative Feature Fused Inference
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B Effectiveness B Scalability
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