
Methodology

Overview of FedQS:
• Mod ①  (Global Aggregation Estimation):

• Compute pseudo global gradient: ��(��
� ) = ��

� − ��
�−1.

• Mod ②  (Local Training Adaption): 
• Divide clients into four types based on (��

�, ��
�).

• Mod ③  (Global Model Aggregation): 
• Aggregate after receiving K updates with adaptive weight.
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Semi-Asynchronous Federated Learning:
• SAFL sits between synchronous and fully asynchronous FL, balancing training 

delay, stability, and efficiency.
• Two dominant aggregation modes:

• Gradient aggregation (FedSGD): fast convergence but oscillatory.
• Model aggregation (FedAvg): more stable but slower and sub-optimal.

Evaluation

Key Factors Affecting Aggregation Gap
• Staleness (Factor 1):

• Gradient aggregation: 
• Continuous but unstable updates.

• Model aggregation: 
• Reset optimization path.

• Data Heterogeneity (Factor 2):
• Frequent clients dominate, causing bias & overfitting.
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Overall Performance:

Challenge:
• Lack of theoretical guidance:

• existing work mostly empirical
• Inherent Aggregation Disparity:

• Gradients: continuous in loss space.
• Models: stale and interrupted.

• Server- or Client-Centric Limitations:
• Server-centric: one-sided aggregation.
• Client-centric: insufficient global information

Q: How to jointly stabilize gradient aggregation and accelerate model 
aggregation under SAFL while guaranteeing convergence?

Theoretical Insights
• FedQS under gradient aggregation:
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• FedQS under model aggregation:
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• Term �� ∈ (�, �): exponentially decaying and guaranteeing convergence.
• Term � = �(��): highlighting the impact of data heterogeneity.
• Term � = �(��

�): capturing gradient norm effects.

FedQS-SGD adds momentum to improve convergence stability.

FedQS-Avg uses feedback mechanism to address suboptimal convergence.

Divide and Conquer Strategy:
• Fast-and-Weakly-Biased:

• Frequent, mild drift -> Decrease LR + momentum
• Fast-but-Strongly-Biased:

• Frequent, strong drift -> Fixed LR + feedback weighting
• Straggling-but-Weakly-Biased:

• Rare, mild drift -> Increase LR + momentum
• Straggling-and-Strongly-Biased:

• Rare, strong drift -> Adaptively switch: momentum vs. feedback weighting

Key Takeaways

FedQS achieves the lowest loss, fastest convergence, and the most stable training under 
both gradient- and model-aggregation strategies.

Scalability & Robustness:
Scenario 1: 
Dynamic Resource 
Scale.
Scenario 2: 
Unstable Resource 
per Client.
Scenario 3: Client 
Dropout.

• Bridges the gap between gradient and model aggregation in Semi-
Asynchronous Federated Learning through a theoretically governed design.

• Ultilize Divide-and-Conquer strategy to enhances training stability, accuracy, 
and speed under resource and data heterogeneity.

• Demonstrates strong scalability and robustness under fluctuating resources 
and client dropouts.


