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1. Problem
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Distributed Saddle Point Problem

Communication bottleneck!

-strongly-convex-strongly-concave -smooth and convex-concave

on local devices

Use similarity of local functions!

both centralized and 
decentralized cases
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Similarity

local   global

Similarity for minimization:
● Lower bounds: Arjevani and Shamir, Communication complexity of distributed convex 

learning and optimization.
● Methods: DANE (Shamir et al.), DiSCO (Zhang and Lin), AIDE (Reddi et al.), GIANT 

(Wang et al.), SPAG (Hendrikx et al.), SONATA (Sun et al.).

Optimal method for minimization 
is still not known!

We present both lower bounds 
and optimal methods for SPPs!

For uniform data similarity 
parameter is small

– number of local samples



  

2. Lower bounds



  6

Class of Algorithms

● On local devices we can compute local gradeints and second derivatives in any 
reached points and solve any local subproblem.

● Devices can communicate with neighbors (in the centralized case, neighbor = 
server).

This class of algorithms is fairly standard. 
All algorithms used in practice belong to the proposed oracle.
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Idea
● «Bad» functions – block bilinear (Zhang et al. On lower iteration complexity 

bounds for the saddle point problems)

● «Disjoint» split – odd and even blocks

● «Long» network – chain (Scaman et al. Optimal algorithms for smooth and 
strongly convex distributed optimization in networks)
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Theorems

Theorems state that for small similarity parameter the number of 
communications may not depend on the parameters of the functions.



  

3. Algorithms



  

each worker 
need to compute 
and send 
            ,
to the master 
node
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Cenralized Algorithm

Ideas:
1) Sliding for composite problem

2) ExtraGradient + preconditioning

-smooth and

main computations
on server

non-convex-non-
concave 



  11

Convergence

Upper bound matches lower bound!



  

4. Experiments



  

Robust Linear Regression 

Robust Linear Regression (or Linear Regression with Adversarial noise):

adversarial noiseweights

data sample

control the noise regularizers

For comparison, we use Distributed ExtraGradient method (SOTA and optimal for general 
SPPs)
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Generated data 
In generated data we can control similarity parameter and observe how 
convergence changes depending on this parameter:

small similarity parameter large similarity parameter

small similarity parameter = very similar data = faster convergence
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The End
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