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Introduction

The problem of time in such fields as ML and DL is more relevant than ever. Today it
is common that teaching large neural networks requires several days or even weeks.
Federated Learning is a new solution for this issue. It uses several machines, (usually
called servers, agents, nodes, edges, etc.), that can compute the algorithm separately
and then exchange data with each other.
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Introduction

Figure 1: HFL vs VFL

Federated Learning can be further divided into two categories: horizontal, i.e each node
share the same feature space while holding different samples, and vertical, i.e each
node share the same samples/users while holding different features
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Motivation

The main reason to use VFL is that often data owned by different parties have the same
sample IDs but disjoint subsets of features. Such scenario is common in the industry
applications of collaborative learning, such as medical study, financial risk, and tar-
geted marketing. For example, E-commerce companies owning the online shopping in-
formation could collaboratively train joint-models with banks and digital finance com-
panies that own other information of the same people such as the average monthly
deposit and online consumption, respectively, to achieve a precise customer profiling.
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Motivation

It is also quite common that different parties can’t communicate with each other di-
rectly (this case is called fully connected networks). In stead, they have a small range
of their ‘neighbors’. Thus, another important problem is the organization of communi-
cation between different nodes in sparse networks. One of the ways to model such
communications is the gossip protocol or epidemic protocol, which we decided to use.
It is a procedure or process of computer peer-to-peer communication that is based on
the way epidemics spread.
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Related Works

We decided to use the DVPL-Katyusha (Sergey Stanko & Timur Karimullin, 2024) algo-
rithm as a basis. It is a VFL implementation of L-Katyusha (Kovalev et al., 2020), devel-
oped for fully connected networks. In order to modify it for sparse ones we used a
variant of gossip protocol called FastMix (Haishan Ye et al., 2023) in stead of AllReduce
(Ernie Chan et al., 2007)
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The problem statement

Like in the original paper (Sergey Stanko & Timur Karimullin, 2024) we consider the
problem of minimization of the linear loss function., distributed among n devices. This
can be mathematically written as:
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We assume that 𝑓(𝑥) is 𝜇-strongly convex and 𝐿-smooth.

Our goal is to prove the convergence of the new algorithm, show that it is at least as
quick as the original one.
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Results

Figure 2: HFL vs VFL
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Results

Before attempting to prove theoretical convergence, a numerical simulation was con-
ducted. Thus, we estimated the optimal parameters for the convergence of the method.
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Results

Finally, choosing right parameters we can get an estimation of the number of iterations.
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iterations to achieve 𝔼[Ψ𝑘+1] < 𝜀Ψ0, where Ψ𝑘 = 𝑍𝑘 + 𝑌 𝑘 +𝑊 𝑘 is the Lyapunov func-
tion. This concludes our proof.

10



Our main result:
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Compared to the original paper:
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