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Don’t Reinvent the Wheel, Just Realign the 
Spokes: Resource-Efficient Federated Fine-

Tuning via Rank-Wise Expert Assembly



Motivation 
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 Existing Work: Train LoRA adapters from scratch on edge devices, leading to high computation, communication, 
and energy costs. 

 Question: Can we simply reuse existing LoRA modules to adapt LLMs to new tasks, thereby circumventing costly 
retraining?

 Our SmartFed: Reuse existing LoRA modules, freeze adapter weights, and train only a lightweight rank-wise 
router for efficient federated adaptation.

Takeaway: From training new adapters to composing existing knowledge. 



Limitations of Existing LoRA Reuse Methods
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 Linear Arithmetic: Parameter-level merging

 Limitations: introduces destructive cross-task interference and requires LoRAs 
with identical dimensions.

 Mixture of LoRA Experts: Module-level routing

 Limitations: activates entire LoRA modules, causing coarse adaptation and 
poor scalability.

 Mixture of Rank-Wise Experts: Rank-level routing

 Advantages: decomposes LoRAs into fine-grained rank-wise experts and 
selectively activates task-relevant components.



Heterogeneous Importance of Rank-Wise Experts
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 Observation: Heterogeneous Importance

 Cross-task variation: experts from different tasks show different importance distributions.

 Matrix-type sensitivity: Query and Value matrices contribute differently.

 Layer-wise difference: expert importance varies significantly across layers.

 Experiments: Uniform Quota Is Suboptimal

 Different quota allocations lead to different performance gains, indicating that equal expert budgets are inefficient.



Our Method: SmartFed
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 Mixture of Rank-Wise Experts: Fine-Grained LoRA Reuse

 Decompose each LoRA module into rank-wise experts.

 Use a lightweight router to select task-relevant experts.

 Train only the router while keeping backbone and LoRAs frozen. 

Target: Enable fine-grained, scalable, and interference-free knowledge reuse.



Our Method: SmartFed
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 Elastic Expert Quota Allocation: Adaptive Resource Allocation

 Estimate the importance of experts for each parameter matrix.

 Dynamically assign more expert quota to more important matrices.

 Avoid wasting computation on less useful experts.

Target: Allocate limited computation budget where it matters most.



Experiments
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Evaluation Models.
LLaMA2-7B、LLaMA2-13B、Qwen2-7B

Evaluation Tasks.
Chinese mathematical reasoning、 Chinese code generation、hard math–word problems



Overall Performance

8

Main Results:

Finding 1: SmartFed achieves the best 
performance across all LLM backbones and 
tasks.

Finding 2: SmartFed consistently outperforms 
both knowledge-free fine-tuning and LoRA-
reuse baselines.

Finding 3: SmartFed uses only 32 activated 
ranks, but surpasses MoLE and LoRA-Flow 
with 64 activated ranks.

Conclusion: Fine-grained rank-wise expert routing enables more effective and efficient federated adaptation.



Efficiency Evaluation
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Resource Efficiency: Faster, Cheaper, Greener

Data Efficiency: Less Data, Better Adaptation



More Analysis

10

Quota Allocation Analysis: Adaptive Expert Budgeting.

Fine-Grained Knowledge Fusion. Model Generalization & Ablation Analysis.



Conclusion
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We identify a new opportunity:
Existing federated LoRA fine-tuning still trains adapters from scratch, while public LoRA 

repositories already provide reusable task-specific knowledge.

We propose SmartFed:
A resource-efficient federated fine-tuning framework that shifts from training adapters to 

composing rank-wise experts with a lightweight router.

We demonstrate strong effectiveness:
SmartFed achieves superior performance across multiple LLMs and tasks, while 

significantly reducing training, communication, and energy costs.

Thank You！


