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• Key problem: Data deduplication in federated LLM training.

• Data duplication →  memorization, model performance↓, attacks↑...

• Global deduplication across multiple clients cannot be directly resolved 

  due to privacy constraints.

Overview



Overview of SOTA work

[1] A. Abadi, et al. “Privacy-preserving data deduplication for enhancing federated learning of language models.”  NDSS’25

•  EP-MPD[1] 
Pros
•  data privacy 
Cons
•  hard deduplication
•  computational/communication
overheads
•  reliance on trusted 3rd parties



•  Soft deduplication - global data reweighting 
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Our solution - FedRW



•  “N choose 2” formula → Parallelism    O(�2) →  O(2⌈���2�⌉ − 1)
  

Our solution - FedRW



Enhanced Training

•  Frequency-based loss reweighting
  



Evaluation: Preprocessing (28.78×)

• For clients (10-50) with 219 data per client and 30% duplication, PPMPR exhibits 17.61-28.78× speedup. 
• For 50 clients, PPMPR outperforms the baseline by 4.09-28.78× with increasing dataset size. 



Evaluation: Model Performance (+11.42%)



Evaluation: Model Performance

•  Evaluation on mainstream models



Evaluation: Model Performance

•  Evaluation on larger models 



Evaluation: Model Performance

•  Evaluation on Non-IID settings

• Quantity & Label Skew: we categorize the Rotten Tomatoes dataset by the binary (0/1) labels across 5 
clients, with proportions set to [40%, 20%, 20%, 10%, 10%] and label distributions as [(0.5, 0.5), (0.6, 0.4), 
(0.4, 0.6), (0.9, 0.1), (0.1, 0.9)], respectively.

• Feature Skew: we allocate Poetry, Sonnets, and Plays to separate clients, as these datasets differ distinctly 
in terms of text structure, sentence length, and lexical and syntactic complexity.



Thank you for listening!


