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Federated Learning under Heterogeneity

Federated Learning (FL) trains a shared model across 𝐾 distributed clients without centralizing raw data

However, client data are heterogeneous:
• Different input distributions 𝑃𝑘 𝑥 (Domain shift)
• Different label distributions 𝑃𝑘(𝑦) (Label shift)

Misaligned class-posterior decision 
functions and divergent local feature 

representations across clients



One-shot Federated Learning under Heterogeneity

• In conventional multi-round FL, inconsistencies are progressively mitigated through iterative client-server 
optimization

• One-Shot Federated Learning (OSFL) restricts clients to a single communication round with the server
→ No iterative learning and amplified impact of distribution mismatch.



One-shot Federated Learning Approaches

• In conventional multi-round FL, inconsistencies are progressively mitigated through iterative client-server 
optimization

• One-Shot Federated Learning (OSFL) restricts clients to a single communication round with the server
→ No iterative learning and amplified impact of distribution mismatch.

Discrepancies from compound domain and label shift remain largely uncorrected in the one-shot setting



SLOT-Align: Geometry-Aware Feature Alignment

• Our SLOT-Align is a Single-Round, Learning-free Optimal Transport Alignment acting as a preprocessing step:

1. Clients use a shared frozen encoder to extract 𝑧 = 𝑓𝜗(𝑥) and send compact statistics 𝜇𝑘 , Σ𝑘
2. Server aggregates summaries into a global reference distribution 𝜇𝑏, Σ𝑏 via Bures–Wasserstein barycenter
3. Clients align local features toward the global reference using closed-form geodesic optimal transport maps: 

z′ = 𝑇𝑘
𝜏
(𝑧)

        

      

                  

                      

                      

               

        

        

        

        

 

                 

         

 
  
  
  
  
 

 
  
 



SLOT-Align: Geometry-Aware Feature Alignment

• Our SLOT-Align is a Single-Round, Learning-free Optimal Transport Alignment acting as a preprocessing step:

1. Clients use a shared frozen encoder to extract 𝑧 = 𝑓𝜗(𝑥) and send compact statistics 𝜇𝑘 , Σ𝑘
2. Server aggregates summaries into a global reference distribution 𝜇𝑏, Σ𝑏 via Bures–Wasserstein barycenter
3. Clients align local features toward the global reference using closed-form geodesic optimal transport maps: 

z′ = 𝑇𝑘
𝜏
(𝑧)

        

      

                  

                      

                      

               

        

        

        

        

 

                 

         

 
  
  
  
  
 

 
  
 



SLOT-Align: Geometry-Aware Feature Alignment

• Our SLOT-Align is a Single-Round, Learning-free Optimal Transport Alignment acting as a preprocessing step:

1. Clients use a shared frozen encoder to extract 𝑧 = 𝑓𝜗(𝑥) and send compact statistics 𝜇𝑘 , Σ𝑘
2. Server aggregates summaries into a global reference distribution 𝜇𝑏, Σ𝑏 via Bures–Wasserstein barycenter
3. Clients align local features toward the global reference using closed-form geodesic optimal transport maps: 

z′ = 𝑇𝑘
𝜏
(𝑧)

        

      

                  

                      

                      

               

        

        

        

        

 

                 

         

 
  
  
  
  
 

 
  
 



SLOT-Align: Geometry-Aware Feature Alignment

• Our SLOT-Align is a Single-Round, Learning-free Optimal Transport Alignment acting as a preprocessing step:

1. Clients use a shared frozen encoder to extract 𝑧 = 𝑓𝜗(𝑥) and send compact statistics 𝜇𝑘 , Σ𝑘
2. Server aggregates summaries into a global reference distribution 𝜇𝑏, Σ𝑏 via Bures–Wasserstein barycenter
3. Clients align local features toward the global reference using closed-form geodesic optimal transport maps: 

z′ = 𝑇𝑘
𝜏
(𝑧)

        

      

                  

                      

                      

               

        

        

        

        

 

                 

         

 
  
  
  
  
 

 
  
 

Aligned features are used by any downstream OSFL method relying on frozen encoder



SLOT-Align: Results

• SLOT-Align was evaluated across Office-Home, Digits, and DomainNet benchmarks under domain shift compounded 
by label shift (𝛼 = 0.1)

• The framework consistently improves the macro-averaged accuracy of existing OSFL baselines. Improvements 
remains under stronger label skew, different frozen backbones, and finer client partitions.

SLOT-Align improves consistency across heterogeneous clients, while remaining highly 
communication-efficient (transmits only ~264 KB per client for a 512-dimensional feature space)



Conclusion and Future Work

SLOT-Align:

• Frames OSFL as a distribution alignment problem in the 2-Wasserstein space

• It harmonizes client feature distributions via an exchange of compact statistics

• Is learning-free and plug-in for downstream OSFL pipelines based on frozen encoders

Future directions

• Richer distribution proxies beyond Gaussian moments

• Client-adaptive alignment hyperparameter 𝜏



Thank you!

Distribution Alignment for One-Shot
Federated Learning via Optimal Transport

Project page: github.com/daniebera/SLOT-Align
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