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MOTIVATION

Can we impose constraints on model training by 
inherent client-server interaction in Split FL without 
introducing additional overheads or privacy risk?

Robustness Performance 
consistently benefits from 
momentum fusion across four 
widely used optimizers.

METHOD

EVALUATION 
Setup Three image tasks CIFAR-10/-100 (ResNet-18) and Tiny-ImageNet (ResNet-34) are under a Dirichlet 
distribution with concentration parameter 0.2; a text task Shakespeare (stacked Transformers) is inherently 

non-IID data. We report Top-1 accuracy (𝐀𝐜𝐜.) and Round-to-Accuracy (𝐑) performance.

Effectiveness SMoFi consistently delivers
u Accuracy: Superior to momentum-based

and Split FL counterparts;
u Convergence: Up to 10.25× faster than 

baseline FedAvg.

Contributions Our SMoFi achieves 
u Plug-and-play: integration with Split FL frameworks;
u Transparency: requiring no client-side modifications;

u Performance Gains in accuracy and convergence.
Minimal overhead Same privacy guarantee 

u Facilitates convergence toward local optima; 
Observations SGD with momentum in (Split) FL

u Exacerbates divergence across local updates;

u More significant under higher data heterogeneity.
Higher accuracy (long-run) Slower convergence

Comparisons SFLV1 SFLV2 SMoFi
Server-side Updating Parallel Sequential Parallel

Server-side Aggregation ̅𝜏 ∈ 1, 𝑁 No Aggregation ̅𝜏 = 𝑁
Optimizer Resetting ̅𝜏-dependent Each Step Each Step

u Collaboratively updates and aggregates with clients; 
Split FL Partitioning model as𝒲 = 𝒲! ,𝒲" , the server 

u Directly controls the learning pace of submodels 𝒲".
Inferior global 𝒲 under data heterogeneity across 𝒟#
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u Fusion of momentum buffers across optimizers:
Alignment At each training step, the server performs

u Recording of historical buffers into ℋ;
u Staleness-aware weighted averaging by factor 𝑆%& :
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*$ , where 𝒥 = 𝒥$⋃ℋ;

𝑆)$ = (𝜏 − 𝜏̃ + 1)), 𝛼 < 0.
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Sensitivity Two key hyper-parameters
u Staleness 𝜶: Trade-off between faster 

convergence and higher accuracy;
u Cut Layer L: Shallower model splits 

yield more performance gains.


