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Motivation
 General Problem Formulation:  Standard Single-Loop Gradient Tracking: 

Main Results

• Doubly-stochastic matrix is the standard paradigm
• Row-stochastic matrix will harm the optimization

 The Weighted Problem: 

 Two Strategies:
• Strategy I: weighted local losses                  

Absorb �� into local losses -> doubly stochasticity

 The �2(�; ℝ�)-Hilbert Space:
• Inner product  

• Weighted Frobenius norm

• Key Spectral Difference
   Consensus projections：

Takeaway: In the weighted space,     is self-adjoint 
and has no distortion penalty;       is generally non-
self-adjoint and pays     .

Setting            recovers doubly stochastic mixing.

Algorithm and Framework

 Row-Stochasitc Mixing:

• Strategy II: weighted mixing matrix                                   
    Absorb �� into mixing matrix -> row-stochasticity

 Questions and Contributions:
• Is Euclidean analysis tight?

No. With heterogeneous node weights, the natural 
geometry is the weighted Hilbert space
which gives strictly tighter convergence bounds.
• Is the gap only due to spectral gaps?

No. In              the   -induced row-stochastic 
matrix is self-adjoint, while the doubly stochastic 
matrix is not. This creates extra consensus penalty 
terms for Strategy I.
• When should we prefer weighted mixing?

Strategy II can be better even with a smaller 
spectral gap. Our conditions translate into a simple 
topology rule:

Metropolis–Hastings (MH) rule

 Why �2(�; ℝ�) ? 
• Descent Lemma

 Consensus Error：Where the Penalty Appears

 Convergence Rate:

 Head-to-Head Comparison and Topology Design:
• Sufficient spectral condition:

• Topology design rule:

Experiments
 Least-Squares Quadratic Experiment:

 ResNet-18 on CIFAR-10:

 Nodes Number:
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