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Problem formulation

Non-convex loss Clients

Parameters of the model

 



Communication Complexity in Distributed Training

•  



Communication Complexity Reduction

Reduce number of communication rounds
• Momentum
• Acceleration
• Local Training

Reduce amount of data exchanged per round
• Compression

Most of the common compression techniques: sparsification and 
quantization

• Sparsification methods reduce communication by only selecting an 
important sparse subset of the vectors to broadcast at each step

• Quantization methods quantize each component through randomized 
rounding to a discrete set of values, preserving the statistical 
properties of the original vector



🚀 Contributions

• We extend the analysis of the SOTA distributed optimization method 
MARINA beyond independent quantizers

• Prove better communication complexity of MARINA with Correlated 
Quantizers (CQ) in the zero-Hessian-variance regime

• Compare against strong independent quantizer baselines

•✅ Experiments validate the theory



🚀 Contributions

• We compare two distributed algorithms using correlated quantizers: 
MARINA and DCGD

• In the zero-Hessian-variance regime, MARINA shows significantly 
lower communication complexity

• This makes MARINA the superior choice in this setting

•✅ Our experimental results confirm the theoretical findings



🚀 Contributions

• We show that Correlated Quantizers (CQ) achieve much lower Mean 
Squared Error (MSE) —
by a factor of n compared to independent quantizers on 
homogeneous data

• We also provide insights into why CQ are especially effective
when combined with MARINA in the zero-Hessian-variance regime

• These findings highlight the theoretical and practical benefits of 
using CQ in distributed optimization



MARINA: SOTA method

E. Gorbunov, K. Burlachenko, Z. Li, P. Richtárik. MARINA: 
Faster non-convex distributed learning with compression 
ICML21

• Theoretical complexity of MARINA grows with MSE

• Crucial to identify compressors with low MSE

• Typically, there exists a trade-off between MSE and 
communication cost



Zero-Hessian-Variance Regime

 



Correlated Quantizers

A. Suresh, Z. Sun, J. Ro, F. Yu. 
Correlated quantization for 
distributed mean estimation 
and optimization
ICML22

 

One-dimensional



MSE of quantizers on homogeneous data

 

 

 



Communication Complexity of MARINA
 



Speedup of MARINA with CQ

 

Logarithmic speedup of 
MARINA with CQ/IQ 
over GD. 

(c): Logarithmic speedup 
of MARINA+CQ 
compared to 
MARINA+IQ



Correlated Quantizers in 
Zero-Hessian-Variance Regime



Baseline Comparison on Quadratics

 



Baseline Comparison on Quadratics

• We increment the step size in 
multiples of 2 (2, 4, 8, ...) of the 
theoretically optimal step size. 

• Our aim is to identify the step size that 
ensures the algorithm's best 
performance at 4*10^6 bits 
communicated from each client to the 
server (sufficiently large to 
demonstrate relative convergence 
between different algorithms).

 
• The convergence plots, as well as 

details about the selected optimal 
step sizes.



Non-Convex Logistic Regression

 



Experiments with an MLP

• Experiments with an MLP classifier on the 
a9a dataset with 131 clients

• MARINA+CQ exhibits reduced complexity 
compared to MARINA+DRIVE, DCGD+IQ, 
MARINA+IQ. 

• MARINA+CQ accommodates larger step 
sizes due to lower compression errors 
compared to MARINA+IQ, resulting in 
faster convergence in terms of loss.



Experiments with an MLP

• We provide the optimal stepsize selection procedure for the 
MLP classifier experiment on the a9a dataset, involving 131 
clients. 

• The largest step size was chosen such that the median of five 
optimization runs still converged.



Thank you! Questions?


