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Main Results

What scientific problem does this paper study?

Q: In decentralized financial systems, proof 
of work (PoW) ensures security and 
consensus through computational effort. 
How can PoW be formally defined and 
quantified in the context of decentralized 
distributed machine learning?
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Setup

We consider a general personalized distributed optimization problem over a graph 𝐺𝐺 = (𝑉𝑉,𝐸𝐸)

𝑚𝑚𝑚𝑚𝑚𝑚
𝜃𝜃={𝜃𝜃𝑘𝑘∈𝑅𝑅𝑑𝑑}𝑘𝑘∈𝑉𝑉

[𝐿𝐿(𝜃𝜃) ≜ ∑
𝑘𝑘∈𝑉𝑉

𝑞𝑞𝑘𝑘𝐿𝐿𝑘𝑘(𝜃𝜃𝑘𝑘)].

Here each local objective 𝐿𝐿𝑘𝑘 𝜃𝜃𝑘𝑘 = E𝑧𝑧𝑘𝑘∼𝐷𝐷𝑘𝑘 𝐿𝐿 𝜃𝜃𝑘𝑘; 𝑧𝑧𝑘𝑘 , where 𝐷𝐷𝑘𝑘 denotes the local data 
distribution. Empirical risk minimization involves optimizing the sample average approximation:
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Main Results

Question: what makes decentralized learning different?

1. The presence of multiple local models trained on Non-IID data, which may lead to 
diverse local optima.

2. The concept of “neighbors” plays a crucial role, as model parameters are exchanged 
only among neighboring nodes, allowing for the indirect propagation of data influence.
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Unfortunately, the original formulation of data influence cannot account for these two key 
characteristics of decentralized learning.
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Contact: raiden@zju.edu.cn (Tongtian Zhu)

Thank you!
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