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• Lecture 1: Overview

• Lecture 2: Communication compression (approx 1hr)

• Lecture 3: Local training (approx 1hr)

• Lecture 4: Device heterogeneity (approx 1hr)

Plan for the Tutorial



Lecture 1
Overview



Introduction



• History & future of the field

• Mathematical formulations of 
federated optimization/learning 
• Empirical risk minimization
• Fine-tuning
• Personalization/generalization
• Agnostic FL

• Computing architecture
• Parameter-server architecture (e.g., 

cross-silo / cross-device / …)
• Fully decentralized (connected 

network)
• Cross-datacenter architecture

• Types of parallelism (data, pipeline, 
model, tensor, memory)

• Algorithmic considerations & 
theory 

• Practical systems & applications
• traning classifiers, DNNs, LLMs, …
• industrial systems & achievements

• Privacy (e.g., encryption, diff. 
privacy, TEEs, SMPC)

• Security (e.g., guarding against 
Byzantine workers)

• Federated X (e.g., Fed analytics)

The Field is Too Broad: Can’t Cover it All!



Distributed Optimization “In The Wild”

2/2019
AFL

(Stoch Mirror Prox)

• Not necessarily focusing on prevalent industrial FL architectures 
(cross-silo / cross-device) only

• Bias towards classical/new fundamental issues and techniques
• Understanding them in isolation

• Does a combination of the techniques have an additive effect?



Mathematical Formulations of FL

• Minimize the average of finitely many functions

• Minimize the weighted average of finitely many functions

• Minimize the expectation of (possibly infinite #) functions

• Find the fixed point of the average of finitely many operators

• “Personalized formulations” 

• Agnostic FL, …

2/2019
AFL

(Stoch Mirror Prox)

Mehryar Mohri, Gary Sivek, Ananda Theertha Suresh
Agnostic Federated Learning
arXiv 1902.00146

Learn the worst case mixture of local 
distributions rather than the uniform 

mixture (standard FL)

a bit



Data-Parallel Federated Training
(Minimize the average of finitely many functions)

# devices / 
machines

# model parameters / features



• Partial participation
• Random

• Greedy / Optimal

• Structured (e.g., cyclic)

• “Destiny”

• Stochastic approximation

• Local training (e.g., Local GD, 
FedProx, ProxSkip, drift 
reduction, acceleration)

• Communication compression 
(e.g., quantization, sparsification, 

low-rank compression, error-
feedback)

• Device heterogeneity (e.g., 
compute & communication cost 
variability, role of asynchronicity)

• Data/statistical heterogeneity

• Server extrapolation
• e.g., Nastya, FedExP, FedExProx

• Server aggregation
• e.g., FedNova

Algorithmic Considerations & Theory



Cost Models & 
What is “Good” 

Mathematical Theory?



Approaches to FL Research

• Most papers (“99%”)
• Are empirical and contain no (useful) theory 
•  focus on stuff that is useful in practice
•  may collapse / stop working / be unstable in new situations
•  difficult to operate a system composed of many heuristic components 
• Research process: 

• Start with a method that is theoretically understood (e.g., SGD, Adam, …)
• Tinker away = trial & error
• trial = random hyperparameter search or following some intuitions (from exps or theory)

• Almost all theoretical papers (“99% of the remaining 1%”)
• Either bound 

• #iters or 
• #rounds

• This is a poor proxy for runtime - we need better cost models 



Cost Model = A Model of the Total Training Time
• Classical example: #iters

• OK as a proof of correctness of an algorithm
• BAD as a proof of efficiency
• Most papers focus on this model

• Complexity of modern compute architectures makes it hard to form 
accurate models
• Hub-spokes 
• Hierarchical
• Decentralized network
• data/pipeline/tensor/memory parallelism

• So, we abstract the issues that are relatively minor, and focus on 
bottlenecks

• Alternative/better models: 
• #rounds

• #rounds x [A x #up_bits/round]
• #rounds x [A x #up_bits/round + B x #down_bits/round]
• #rounds x [A x #up_bits/round + B x #down_bits/round + C x compute_time/round]

• etc

Grigory Malinovsky, Kai Yi and P.R.
Variance reduced ProxSkip: algorithm, theory and application to federated learning
NeurIPS 2022



Construction of Useful Cost Models is 
Further Complicated by Heterogeneity

• Data heterogeneity
• Same data - each device is in principle 

able to train 

• Samples from the same data distribution 
& #samples can be different

• Samples from different distributions & 
#samples can be different

• Arbitrarily different data

• Compute heterogeneity (devices have 
different compute power)
• Sensors, smart watches, smart phones, 

tablets, laptops, workstations, clusters, 

data centeres)

• Communication heterogeneity
• Infiniband, NVLink, 3.5 Gbps internet, 

1Gbps internet, 100 Mbps, ..

• Time heterogeneity
• Some characteristics can vary in time

• Memory heterogeneity

• Model heterogeneity



Hierarchy of Theoretical Understanding 
of Algorithmic Tricks 

Positive 
theoretical effect

No negative effect

Small negative effect

The method breaks down

Large negative effect

Focus of this tutorial



Hierarchy of Theoretical Bounds

Optimal

With predictive power

Reasonable

Wrong

Very loose

Focus of this tutorial



Selected Excluded Topics



Client Sampling

10/2020
DSGD, FedAvg

Wenlin Chen, Samuel Horváth, P.R.
Optimal Client Sampling for Federated Learning
TMLR 2022

5/2022
Shiqiang Wang, Mingyue Ji
A Unified Analysis of Federated Learning with 
Arbitrary Client Participation
NeurIPS 2022

2/2023

Grigory Malinovsky, Samuel Horváth, 
Konstantin Burlachenko and P.R.
Federated learning with regularized client 
participation
ICML Workshop 2023

RR-CLI



Federated Fine-Tuning

10/2024
RAC-LoRA

Fed-RAC-LoRA

Grigory Malinovsky, Umberto Michieli, Hasan Abed Al Kader 
Hammoud, Taha Ceritli, Hayder Elesedy, Mete Ozay, and P.R.
Randomized asymmetric chain of LoRA: The first 
meaningful theoretical framework for low-rank adaptation
arXiv 2410.08305

6/2025
RAVAN

Arian Raje, Baris Askin, Divyansh Jhunjhunwala, Gauri Joshi
Ravan: Multi-Head Low-Rank Adaptation for Federated Fine-Tuning

8/2025
Bernoulli-LoRA

Igor Sokolov, Abdurakhmon Sadiev, Yury Demidovich, Fawaz S Al-
Qahtani, and P.R.
Bernoulli-LoRA: A theoretical framework for randomized low-
rank adaptation
arXiv 2508.03820

• LORA and COLA can diverge! (simple 9-dim counterexamlpe)
• Provides a fix
• 1st meaningful theory for LoRA-type methods
• federated variant

Adaptive multi-head 
LoRA

Making RAC-LoRA 
symmetric + further 

improvements



Hanmin Li, Kirill Acharya, and P.R.
The Power of Extrapolation in Federated Learning
NeurIPS 2024

5/2024

Server/Outer Extrapolation/Solvers

FedExProx 
FedExProx-GraDS/StoPS

Divyansh Jhunjhunwala, Shiqiang Wang, and Gauri Joshi
FedExP: Speeding Up Federated Averaging via Extrapolation
ICLR 2023

1/2023
FedExP

Hanmin Li and P.R.
On the Convergence of FedProx with Extrapolation and Inexact Prox
OPT 202410/2024

1/2022
Nastya

Grigory Malinovsky, Konstantin Mishchenko, and P.R.
Server-side Stepsizes and Sampling Without 
Replacement Provably Help in Federated Optimization
DistributedML 2023

Ahmed Khaled, Satyen Kale, Arthur Douillard, Chi Jin, Rob 
Fergus, Manzil Zaheer
Understanding Outer Optimizers in Local SGD: Learning 
Rates, Momentum, and Acceleration
arXiv 2509.10439v2

9/2025

First proof of the benefit of server 
extrapolation (limited to random 

reshuffling as local solver)

An adaptive extrapolation 
technique inspired by convex 

feasibility + analysis

In-depth analysis of extrapolation benefits  
for FedProx (explained via gradient 

diversity and stochastic Polyak stepsizes)

First understanding of an 
accelerated outer optimizer (as in 
DiLoCo), the effect of momentum, 

first high prob analysis of Local 
SGD

FedExProx 



Personalization

4/2022
Krishna Pillutla, Kshitiz Malik, Abdelrahman Mohamed, Michael 

Rabbat, Maziar Sanjabi, Lin Xiao
Federated Learning with Partial Model Personalization
ICML 2022

Partial personalization

5/2023 Konstantin Mishchenko, Rustem Islamov, Eduard Gorbunov, and Samuel Horváth 

Partially Personalized Federated Learning: Breaking the Curse of Data Heterogeneity
TMLR 2025

11/2021
Elnur Gasanov, Ahmed Khaled, Samuel Horváth and P.R.

FLIX: A simple and communication-efficient alternative to local methods in federated learning
AISTATS 2022

2/2021
Filip Hanzely, Boxin Zhao, Mladen Kolar

Personalized Federated Learning: A Unified Framework and Universal Optimization Techniques
TMLR 2023

2/2020
Filip Hanzely and P.R.

Federated learning of a mixture of global and local models
SpicyFL 2020: NeurIPS Workshop on Scalability, Privacy, and Security in 
Federated Learning

10/2020
Filip Hanzely, Slavomír Hanzely, Samuel Horváth, P.R.

Lower Bounds and Optimal Algorithms for Personalized Federated Learning
NeurIPS 2020

Optimal methods for 
the formulation above

Expected # comm rounds = 

Loopless Local GD 
(L2GD)



Personalization

11/2021
Elnur Gasanov, Ahmed Khaled, Samuel Horváth and P.R.
FLIX: A simple and communication-efficient alternative to local methods in federated learning
AISTATS 2022

Personalization level



Dealing with Byzantine Workers

12/2020
Sai Praneeth Karimireddy, Lie He, Martin Jaggi
Learning from History for Byzantine Robust Optimization
ICML 2021

Prior robust aggregation 
rules can fail – fix via iterative 

clipping & momentum

6/2022
Eduard Gorbunov, Samuel Horvath, PR, and Gauthier Gidel
Variance Reduction is an Antidote to Byzantine Workers: 
Better Rates, Weaker Assumptions and Communication 
Compression as a Cherry on the Top
ICLR 2023

Shows that variance 
reduction is useful to work 

with Byzantine workers

10/2023
Ahmad Rammal, Kaja Gruntkowska, Nikita Fedin, Eduard 
Gorbunov, and P.R.
Communication compression for Byzantine robust learning: 
New efficient algorithms and improved rates
AISTATS 2024

DASHA improves on MARINA 
when applied to Byzantine 

setup
Byz-DASHA-PAGE

Byz-MARINA-
PAGE



Model Heterogeneity

2/2021
Ordered 
Dropout

Samuel Horváth, Stefanos Laskaridis, Mario 
Almeida, Ilias Leontiadis, Stylianos I. Venieris, 
Nicholas D. Lane
FjORD: Fair and Accurate Federated Learning 
under Heterogeneous Targets with Ordered 
Dropout
NeurIPS 2021

4/2024
FedP3

Kai Yi, Nidham Gazagnadou, P.R., and 
Lingjuan Lyu
FedP3: Personalized and privacy-
friendly federated network pruning 
under model heterogeneity
ICLR 2024



Jianyu Wang, Qinghua Liu, Hao Liang, Gauri Joshi, H. Vincent Poor
Tackling the Objective Inconsistency Problem in Heterogeneous Federated Optimization
NeurIPS 2020

7/2020

Objective Inconsistency

FedNova



Hubert Eichner, Daniel Ramage, Kallista Bonawitz, Dzmitry Huba, Tiziano Santoro, Brett 
McLarnon, Timon Van Overveldt, Nova Fallen, Peter Kairouz, Albert Cheu, Katharine Daly, 
Adria Gascon, Marco Gruteser, and Brendan McMahan
Confidential Federated Computations
arXiv 2404.10764

4/2024

Assorted Topics: Privacy, Federated 
Analytics/Computations, Applications, Systems, …

H. Brendan McMahan, Zheng Xu, Yanxiang Zhang
A Hassle-free Algorithm for Private Learning in Practice: Don’t Use Tree Aggregation, 
Use BLTs
arXiv 2408.08868

8/2024
BLT-DP-FTRL

Katharine Daly, Hubert Eichner, Peter Kairouz, H. Brendan 
McMahan, Daniel Ramage, Zheng Xu
Federated Learning in Practice: Reflections and Projections
arXiv 2410.08892

10/2024

Rustem Islamov, Samuel Horváth, Aurelien Lucchi, P.R., and Eduard Gorbunov
Double Momentum and Error Feedback for Clipping with Fast Rates and Differential Privacy
arXiv 2502.1168

2/2025
Clip21-SGD2M

1st time achieving strong DP & 
optimization guarantees without 

requiring bounded 
gradients/heterogeneity

How? Via a new way of combining clipping, 

heavy ball momentum and error feedback



More Notable Papers



Lecture 2
Communication Compression



Federated Training of a Supervised 
Machine Learning Model 

# devices / 
machines

# model parameters / features



Communication is the Bottleneck

• Uplink (w2s) communication cost = 1 (per bit)

• Worker computation cost = 0

• Server aggregation cost = 0

• Downlink (=s2w) communication cost = 0 

Cost model:



Distributed Compressed 
Gradient Descent (DCGD)

02/2022
DASHA

DASHA-PAGE
DASHA-MVR

Sarit Khirirat, Hamid Reza Feyzmahdavian, and Mikael Johansson
Distributed learning with compressed gradients 
arXiv 1806.06573

Dan Alistarh, Demjan Grubic, Jerry Li, Ryota Tomioka, and Milan Vojnovic 
QSGD: Communication-efficient SGD via gradient quantization and encoding
NeurIPS 2017



Distributed Compressed Gradient Descent (DCGD)

Compression operator

Dan Alistarh, Demjan Grubic, Jerry Li, Ryota Tomioka, and 
Milan Vojnovic 
QSGD: Communication-efficient SGD via gradient 
quantization and encoding
NeurIPS 2017

Sarit Khirirat, Hamid Reza Feyzmahdavian, and Mikael Johansson
Distributed learning with compressed gradients 
arXiv 1806.06573



Compression Operators: Selected Classes

Biased 
contractive

Data-aware 
independent 

unbiased with conic 
variance (Safaryan et 

al, NeurIPS 2021)

Independent unbiased 
with conic varianceAB compressors

(Szlendak et al, 
ICML 2022)

Top-K

scaled 
Rand-K

Perm-K

natural quantization
unscaled 
Rank-K

Randomized
Rank-K

BV compressors

Randomized integer 
rounding (Mishchenko 

et al, ICLR 2022)

Bias-Variance (BV) compressors (Condat et al, NeurIPS 2022)

Mix of Rand-K & Top-K



Papers with Definitions and Examples of 
Compression Operators 1

Dan Alistarh, Demjan Grubic, Jerry Li, Ryota Tomioka, and Milan Vojnovic 
QSGD: Communication-efficient SGD via gradient quantization and encoding
NeurIPS 2017

Sarit Khirirat, Hamid Reza Feyzmahdavian, and Mikael Johansson
Distributed learning with compressed gradients 
arXiv 1806.06573

Samuel Horváth, Chen-Yu Ho, Ľudovít Horváth, Atal Narayan Sahu, 
Marco Canini , P.R
Natural compression for distributed deep learning
MSML 2022

09/2018
quantization

6/2018
quantization

5/2019

Jianqiao Wangni, Jialei Wang, Ji Liu, Tong Zhang
Gradient Sparsification for Communication-Efficient Distributed Optimization
NIPS 2018

10/2017

natural 
quantization

sparsification



Papers with Definitions and Examples of 
Compression Operators 2

Alyazeed Albasyoni, Mher Safaryan, Laurent Condat, and P.R.
Optimal gradient compression for distributed and federated learning
SpicyFL 2020: NeurIPS Workshop on Scalability, Privacy, and Security in Federated Learning

10/2020

Aleksandr Beznosikov, Samuel Horváth, P.R. and Mher Safaryan
On biased compression for distributed learning
JMLR 2022

2/2020
many…

Konstantin Mishchenko, Bokun Wang, Dmitry Kovalev and P.R.
IntSGD: Floatless compression of stochastic gradients
ICLR 2022

2/2021

Mher Safaryan, Egor Shulgin and P.R.
Uncertainty principle for communication compression in distributed 
and federated learning and the search for an optimal compressor
Information and Inference: A Journal of the IMA, 2021

2/2020
Kashin 

compression



Papers with Definitions and Examples of 
Compression Operators 3

Laurent Condat, Kai Yi and P.R.
EF-BV: A unified theory of error feedback and variance reduction mechanisms 
for biased and unbiased compression in distributed optimization
NeurIPS 2022

5/2022

Rafał Szlendak, Alexander Tyurin and P.R.
Permutation compressors for provably faster distributed nonconvex optimization
ICLR 2022

10/2021
AB compressors

Perm-K

Mher Safaryan, Filip Hanzely and P.R.
Smoothness matrices beat smoothness constants: better communication 
compression techniques for distributed optimization
NeurIPS 2021

Bokun Wang, Mher Safaryan and P.R.
Theoretically better and numerically faster distributed optimization with 
smoothness-aware quantization techniques
NeurIPS 2022

2/2021

6/2021
data-aware 

quantization

data-aware 

sparsification



Sparsification vs Quantization

Sparsification Quantization
Reduce the number of entries 

in the vector
from d to some small number K

Reduce the number of bits 
representing every entry of the vector

from 32 to some small number b

Compression ratio = d : K Compression ratio = 32 : b

Dan Alistarh, Demjan Grubic, Jerry Li, Ryota 

Tomioka, and Milan Vojnovic 
QSGD: Communication-efficient SGD via gradient 
quantization and encoding

NeurIPS 2017

Sarit Khirirat, Hamid Reza Feyzmahdavian, and Mikael 

Johansson
Distributed learning with compressed gradients 
arXiv 1806.06573

Samuel Horváth, Chen-Yu Ho, Ľudovít Horváth, Atal 

Narayan Sahu, Marco Canini , P.R
Natural compression for distributed deep learning
MSML 2022

Aleksandr Beznosikov, Samuel Horváth, P.R. and Mher 

Safaryan
On biased compression for distributed learning
JMLR 2022



Rand-K Sparsification $$\begin{pmatrix} 0 \\ -7 \\ 0 \\ 0 \\ 0\end{pmatrix}$$

Random entry

Example:

Unbiased & independent compressors



$$\begin{pmatrix} 0 \\ -7 \\ 0 \\ 0 \\ 0\end{pmatrix}$$

Random entry

Example:

Unbiased & independent compressors

Rand-K Sparsification



$$\begin{pmatrix} 0 \\ -7 \\ 0 \\ 0 \\ 0\end{pmatrix}$$

Random entry

Example:

Unbiased & independent compressors

Rand-K Sparsification



Top-K Sparsification $$\begin{pmatrix} 0 \\ -7 \\ 0 \\ 0 \\ 0\end{pmatrix}$$

Largest entry in 
absolute value

Example:

Contractive compression operator



Top-K Sparsification $$\begin{pmatrix} 0 \\ -7 \\ 0 \\ 0 \\ 0\end{pmatrix}$$

Two largest 
entries in 

absolute value

Example:

Contractive compression operator



Top-K Sparsification $$\begin{pmatrix} 0 \\ -7 \\ 0 \\ 0 \\ 0\end{pmatrix}$$

Three largest 
entries in 

absolute value

Example:

Contractive compression operator



Natural Quantization of a Scalar
(Rand. Rounding to the Nearest +- Power of 2)

0-1-2-3-4-5-6-7-8 1 2 3 4 5 6 7 8
-2.75

Samuel Horváth, Chen-Yu Ho, Ľudovít Horváth, Atal Narayan Sahu, Marco Canini and P.R.
Natural compression for distributed deep learning
MSML 2022 (arXiv 5/2019)

0-1/8-1/4-3-1/2-5-6-7-1 1/8 1/4 3 1/2 5 6 7 1

0.6

Exponential improvement (in 
variance or bits) over previous 

quantization techniques based on 
uniform subdivision of the real line



binary32 (IEEE 754 Single-Precision 
Binary Floating-Point Format)

Scalar -2.75 written in binary32 (IEEE 754 single-precision binary floating-point format)

23 mantissa 
bits

1 sign bit

8 exponent 
bits



Natural Quantization of a Vector
(Randomized Rounding Applied Coordinate-Wise) $$\begin{pmatrix} 0 \\ -7 \\ 0 \\ 0 \\ 0\end{pmatrix}$$

Example:
Unbiased & independent compressors

Samuel Horváth, Chen-Yu Ho, Ľudovít Horváth, Atal 
Narayan Sahu, Marco Canini and P.R.
Natural compression for distributed deep learning
MSML 2022 (arXiv 5/2019)



DCGD Theory for Independent & 
Unbiased Compressors with Conic 

Variance

02/2022
DASHA

DASHA-PAGE
DASHA-MVR



Robert Mansel Gower, Nicolas Loizou, Xun Qian, Alibek Sailanbayev, Egor Shulgin and P.R.
SGD: General analysis and improved rates
ICML 2019

Assuming interpolation!

DCGD Theory: Iteration Complexity

P.R.
Introductory Lectures on Stochastic Gradient Descent
Manuscript 2026

Unbiased & independent compressors



Communication Complexity 
GD vs DCGD

DCGD:GD:

= Rand-1 sparsifier

Improvement Factor of DCGD over GD: Can be achieved!



DCGD+: Data-dependent 
Compressors

Unbiased & independent compression operators

Matrix smoothness:

Bokun Wang, Mher Safaryan and P.R.
Theoretically better and numerically faster distributed 
optimization with smoothness-aware quantization techniques
NeurIPS 2022

Mher Safaryan, Filip Hanzely and P.R.
Smoothness matrices beat smoothness constants: better 
communication compression techniques for distributed optimization
NeurIPS 2021



Iteration Complexity of 
DCGD vs DCGD+

DCGDDCGD+

Always true:

Can have:



IntGD = DCGD Based on Scaling 
& Integer Rounding

Konstantin Mishchenko, Bokun Wang, Dmitry Kovalev and P.R.
IntSGD: Adaptive Floatless Compression of Stochastic Gradients
ICLR 2022

Amedeo Sapio, Marco Canini, Chen-Yu Ho, Jacob Nelson, Panos Kalnis, Changhoon 
Kim, Arvind Krishnamurthy, Masoud Moshref, Dan R. K. Ports, and P.R. 
Scaling distributed machine learning with in-network aggregation
NSDI 21



IntGD: Benefits, Theory & Extensions

Konstantin Mishchenko, Bokun Wang, Dmitry Kovalev and P.R.
IntSGD: Adaptive Floatless Compression of Stochastic Gradients
ICLR 2022

•  Adaptive choice of the scaling 
factors!

•  Convergence rates provided in 
these regimes:
• Convex nonsmooth
• Convex smooth
• Nonconvex smooth

•  Supports all-reduce

•  Supports in-network/switch 
aggregation

•  Error-feedback not needed

•  Extends to stochastic gradients

•  Admits DIANA-style variance 
reduction



Variance Reduction for DCGD 
(DIANA)

02/2022
DASHA

DASHA-PAGE
DASHA-MVR

Konstantin Mishchenko, Eduard Gorbunov, Martin Takáč and P.R.
Distributed learning with compressed gradient differences
arXiv:1901.09269, 2019



DIANA: Variance 
Reduction for 
Compression

Learned compression “shift” Unbiased & independent compressors

Konstantin Mishchenko, Eduard Gorbunov, Martin Takáč and P.R.
Distributed learning with compressed gradient differences
arXiv:1901.09269, 2019



DIANA Theory: Iteration Complexity

Lyapunov function that implies

No need to assume
interpolation!

Eduard Gorbunov, Filip Hanzely and P.R.
A unified theory of SGD: variance reduction, sampling, 
quantization and coordinate descent
AISTATS 2020

P.R.
Introductory Lectures on Stochastic Gradient Descent
Manuscript 2026

Includes the tight / clean analysis of DIANA  described here

General analysis of variance-reduced SGD
Includes DIANA as a special case



Improvement factor of DIANA over GD (for Rand-1 sparsification):

DIANA vs GD: Theoretical Speedup Factor
in Communication Complexity

P.R.
Introductory Lectures on Stochastic Gradient Descent
Manuscript 2026



Eduard Gorbunov, Filip Hanzely and P.R.
A unified theory of SGD: variance reduction, sampling, quantization and coordinate descent
AISTATS 2020



DIANA: Further Sources

Konstantin Mishchenko, Eduard Gorbunov, Martin Takáč and P.R.
Distributed learning with compressed gradient differences
arXiv:1901.09269, 2019

01/2019
DIANA

First variance reduction for DCGD
DIANA first proposed & analyzed for 
a special (ternary) compressor only

Samuel Horváth, Dmitry Kovalev, Konstantin Mishchenko, P.R. 
and Sebastian Stich
Stochastic distributed learning with gradient quantization and 
double variance reduction
GOMS 2023

10/2019
DIANA

Generalized DIANA in several 
ways (general compressors, 

added variance reduction for 
stoch gradients)2023 Charles 

Broyden Prize

Konstantin Mishchenko, Filip Hanzely and P.R.
99% of distributed optimization is a waste of time: the 
issue and how to fix it
UAI 2020

01/2019
IBCD, ISAGA, 

ISEGA, …

Unlike original DIANA, which focused on 
ternary quantization, here we focus on 

sparsification

Filip Hanzely, Konstantin Mishchenko and P.R.
SEGA: Variance reduction via gradient sketching
NeurIPS 2018

09/2018
SEGA

First variance reduction for CGD
(compressor = sketch)



Acceleration of DCGD/DIANA

02/2022
DASHA

DASHA-PAGE
DASHA-MVR

Zhize Li, Dmitry Kovalev, Xun Qian and P.R.
Acceleration for compressed gradient descent in distributed and federated optimization
ICML 2020

Zhize Li and P.R.
CANITA: Faster rates for distributed convex optimization with communication compression
NeurIPS 2021



ADIANA: Acceleration in 
the Strongly Convex Case

Zhize Li, Dmitry Kovalev, Xun Qian and P.R.

Acceleration for compressed gradient descent in distributed and federated optimization
ICML 2020



CANITA: Acceleration 
of DCGD in the Convex Case

Zhize Li and P.R.

CANITA: Faster rates for distributed convex optimization with communication compression
NeurIPS 2021



Error Feedback

Peter Richtárik, Igor Sokolov and Ilyas Fatkhullin

EF21: A New, Simpler, Theoretically Better, and Practically Faster Error Feedback
NeurIPS 2021

Frank Seide, Hao Fu, Jasha Droppo, Gang Li, and Dong Yu

1-Bit Stochastic Gradient Descent and its Application to Data-Parallel Distributed Training of Speech DNNs
Interspeech 2014

Sebastian U. Stich, J.-B. Cordonnier, Martin Jaggi

Sparsified SGD with memory
NeurIPS 2018



Focus on Biased Contractive Compressors



Alexander Beznosikov, Samuel Horváth, Mher Safaryan, and Peter Richtárik

On biased compression for distributed learning
SpicyFL 2020: NeurIPS Workshop on Scalability, Privacy, and Security in Federated Learning
JMLR 2022

For Contractive Compressors such as Top-K, 
DCGD can Diverge, and Exponentially so!!!



Error Feedback (EF14): 
Technique for Fixing the Divergence of DCGD



Error Feedback (EF14)

Update we wanted to apply Update we actualy applied



Error Feedback (Distributed Form)



EF14 Theory is Very Limited: 
Stronger Assumptions than Needed for GD, 

and Rates are Worse!

Strong and/or Unreasonable Assumptions
• Bounded gradients
• Bounded compression error
• Single node setup
• Homogeneous data regime

Weak Rates
• No linear rate in the strongly convex regime
• Slow                    sublinear rate in the nonconvex regime



Error Feedback Theory is Very Limited!



Solving All These Issues via 
Error Feedback 2021 (EF21)



Peter Richtárik, Igor Sokolov and Ilyas Fatkhullin

EF21: A New, Simpler, Theoretically Better, and Practically Faster Error Feedback
NeurIPS 2021





A Whole Bunch of Optional Slides



Towards Error 
Feedback 2021

Distributed CGD can diverge exponentially 
when used with a contractive compressor!

Example [Beznosikov et al, 2020]: 
n=d=3, C = Top-1

Contractive compressor

Wishful thinking?
A new compressor which “learns” and 
produces smaller and smaller errors…



Attempt 1: Naïve Idea

There is no reason why the distortion 
should vanish in the limit



Attempt 2: A Better Idea, 
but with a Problem

Assumptions:

Compression error vanishes in the limit!

The limit vector is not known!
Contraction property:



Attempt 3: Solving the Problem
Assumptions:



Definition (Markov compressor)

Attempt 3: Markov Compressor

Compression error vanishes in the limit!

Markov property:



EF21 = DCGD with Markov Compressor 
Applied to the Sequence of Gradients

Markov compressor:
Stepsize



Theory of EF21



Restricted Equivalence of EF21 and EF14

EF21 = EF14
1

2

3

Theorem (NEW)



Convergence of EF21: Summary of Results

Standard assumptions! Strong 
sublinear rate! 

First linear rate for 
Error Feedback!



Convergence of EF21: General Nonconvex Case

Stepsize:

Theorem (NEW)



Corollary

Convergence of EF21: General Nonconvex Case



EF21 Experiments: Problem and Data



EF21 and EF21+ Tolerate Higher 
Stepsizes than EF14



EF14, EF21 and EF21+ with Best Fixed Stepsizes



EF21: Extensions & Further Reading



EF21: Extensions & Further Reading 1

Kaja Gruntkowska, Alexander Tyurin and P.R.

EF21-P and friends: Improved theoretical communication complexity for 
distributed optimization with bidirectional compression
ICML 2023

9/2022

P.R., Igor Sokolov and Ilyas Fatkhullin

EF21: A new, simpler, theoretically better, and practically faster error feedback
NeurIPS 2021

6/2021

P.R., Igor Sokolov, Ilyas Fatkhullin, Elnur Gasanov, Zhize Li and Eduard Gorbunov

3PC: Three point compressors for communication-efficient distributed training 
and a better theory for lazy aggregation
ICML 2022

2/2022

Laurent Condat, Kai Yi and P.R.

EF-BV: A unified theory of error feedback and variance reduction mechanisms 
for biased and unbiased compression in distributed optimization
NeurIPS 2022

5/2022
• Unification of EF21 & DIANA
• New class of compressors (2 

parameters instead of 1) 
generalizing contractive & 
unbiased compressors

Ilyas Fatkhullin, Igor Sokolov, Eduard Gorbunov, Zhize Li and P.R.

EF21 with bells & whistles: practical algorithmic extensions of modern error feedback
JMLR 2025

7/2021
EF21-PP, EF21-BC, 

EF21-SGD, …
• Tight generalization of 

contractive 
compressors & EF21

• Explains why lazy 
aggregation works

6 extensions of EF21, 
previously not possible for EF14 
(e.g., partial participation, prox, 
bidirectional compression, 
momentum)



EF21: Extensions & 
Further Reading 2

Kaja Gruntkowska, Alexander Tyurin and P.R.
EF21-P and friends: Improved theoretical communication complexity for 
distributed optimization with bidirectional compression
ICML 2023

9/2022

Ilyas Fatkhullin, Alexander Tyurin and P.R.
Momentum provably improves error feedback!
NeurIPS 2023

5/2023

Maksim Makarenko, Elnur Gasanov, Rustem Islamov, Abdurakhmon 
Sadiev, P.R.
Adaptive compression for communication-efficient distributed training
TMLR 2023

11/2022

• Discovery that EF14 
should be run on the 
server to compress 
models (and this is 
equiv to EF21 after a 
change of variables)

• GD with bidirectional 
compression can beat 
GD in theoretical 
comm complexity

Momentum provably 
helps EF21 when one 
uses stoch gradients 

rather than gradients!

Jue Wang, Yucheng Lu, Binhang Yuan, Beidi Chen, Percy Liang, Christopher 
De Sa, Christopher Re, Ce Zhang
CocktailSGD: Fine-tuning Foundation Models over 500Mbps Networks
ICML 2023

2023

EF21-P + EF21 used to 
fine-tune foundation 

models in practice



EF21: Extensions & Further Reading 3

Sarit Khirirat, Abdurakhmon Sadiev, Artem Riabinin, Eduard Gorbunov, P.R.
Error feedback under $(L_0,L_1)$-smoothness: normalization and momentum
NeurIPS 2025

10/2024 EF21 for 
nonsmooth 

problems requires 
normalization

P.R., Elnur Gasanov, Konstantin Burlachenko
Error feedback reloaded: From quadratic to arithmetic mean of 
smoothness constants
ICLR 2024

2/2024

Improved theory for 
EF21

Rustem Islamov, Yarden As, Ilyas Fatkhullin
Safe-EF: Error Feedback for Nonsmooth Constrained Optimization5/2025

Safe-EF

Ahmad Rammal, Kaja Gruntkowska, Nikita Fedin, Eduard Gorbunov, P.R.
Communication compression for Byzantine robust learning: New efficient 
algorithms and improved rates
AISTATS 2024

10/2023



EF21: Extensions & Further Reading 4

Kaja Gruntkowska, Alexander Gaponov, Zhirayr Tovmasyan, P.R.
Error feedback for Muon and friends
ICLR 2026

10/2025

Abdurakhmon Sadiev, Yury Demidovich, Igor Sokolov, Grigory 
Malinovsky, Sarit Khirirat, and P.R.
Improved convergence in parameter-agnostic error feedback through 
momentum

11/2025
||EF21-SGDM||

EF21-Muon

1st error-feedback 
for Muon 

Yuan Gao, Anton Rodomanov, Jeremy Rack, Sebastian U. Stich
Composite Optimization with Error Feedback: the Dual Averaging Approach10/2025



What About the Nonconvex Regime? 
MARINA

02/2022
DASHA

DASHA-PAGE
DASHA-MVR

Eduard Gorbunov, Konstantin Burlachenko, Zhize Li and P.R.
MARINA: Faster non-convex distributed learning with compression
ICML 2021

Rafał Szlendak, Alexander Tyurin and P.R.
Permutation compressors for provably faster distributed nonconvex optimization
ICLR 2022



• EF21 has bad guarantees
• no better than GD

• DCGD has good guarantees
• better than GD in the interpolation regime

• DIANA has very good guarantees
• better than GD, no need for interpolation regime

• MARINA has even better guarantees!

Smooth Nonconvex Regime



Federated Training of a Supervised 
Machine Learning Model 

# devices / 
machines

# model parameters / features



Assumptions: Very Weak!

A1

A2



Goal: Find an Approximately Stationary 
Point in Expectation

Expectation w.r.t. 
the randomness of 

the algorithm

# bits transferred from devices to the orchestrating server



Unbiased compression operator

MARINA: Current SOTA in 
Theoretical Communication Complexity

Eduard Gorbunov, Konstantin Burlachenko, Zhize Li and P.R.
MARINA: Faster non-convex distributed learning with 
compression
ICML 2021



1-Slide Detour:
DASHA: Addressing Some Issues with MARINA

Alexander Tyurin and P.R.

DASHA: Distributed nonconvex optimization with communication compression and optimal oracle complexity
ICLR 2023

Alexander Tyurin and P.R.

A computation and communication efficient method for distributed nonconvex problems in the partial participation setting
NeurIPS 2023

• MARINA does not apply to infinite-sum problems, DASHA does!

• MARINA occassionally sends non-compressed messages, DASHA does not!

• MARINA works also when stochastic gradients are used instead of gradients, 
but DASHA has better communication complexity in this regime!



Aggregation by Averaging 
Compressed Messages

Average of 
uncompressed 

vectors

Average of 
compressed 

vectors

Unbiased compression operators

?



Joint Design of 
Compression Operators



Two Compressor Design Principles

STANDARD LITERATURE PROPOSED APPROACH

Design the compressor  

used on device i 
Independently or greedily 

of all other devices

Design the compressor  

used on device i 
jointly

with all other devices



Key Weakness of Independent
Compressors: Bad Performance 

When Aggregating Similar Vectors



Aggregation of Identical Vectors Using Rand1



Aggregation of Identical Vectors Using Rand1



Aggregation of Identical Vectors Using Rand1

The average of the compressed vectors is not equal to the 
average of the original vectors! 



Trick: Design the Compressors Jointly!



Aggregation of Identical Vectors Using
The Permutation Sparsifier Perm-1



Aggregation of Identical Vectors Using
The Permutation Sparsifier Perm-1

(1, 3, 2) is a random permutation of (1, 2, 3)



Aggregation of Identical Vectors Using Perm-1

The average of the compressed vectors is equal to the average 
of the original vectors! 



From Intuition to Formalism



New Concept: AB Inequality

# clients

Key parameters capturing the joint quality 
of the collection of compression operators   



Observation 1
Follows from the AB 

inequality by choosing

AB Inequality



Observation 2
Follows from 
Observation 1 
by choosing

AB Inequality



New Concept: 
Input Variance Compressors

AB Inequality



Examples



Hessian Variance



Three Smoothness Parameters

1

2

3

Bound on gradient differences

Bound on the 2nd moment of gradient differences

Bound on the mean of gradient differences



Three Smoothness Parameters: Relationships

1 2

3



Hessian Variance

Bound on the variance of gradient differences



Four Smoothness Parameters

1 2

3 4



Hessian Variance can be Small



Hessian variance 
parameter

Hessian Variance: Second Order Characterization

“Variance” of the (average) Hessians



Hessian Variance: Second Order Characterization



Theoretical Analysis



A Refined and Generalized Convergence 
Analysis of MARINA

Hessian variance

AB inequality constants

Key:



A Refined and Generalized Convergence 
Analysis of MARINA



MARINA with Rand-1 vs Perm-1 (d > n)

Gorbunov et al 2021

Compressors

THIS WORK

Approach



Optimized Communication Complexity 
of MARINA with our Perm-K Compressors

improvement

improvement

up to

up to



Experiments



Synthetic Nonconvex Quadratics

# clients: n = 1000

# features: d = 1000



Zero Hessian Variance
Homogeneous 

data regime

Error Feedback “EF21”
[Richtárik et al, NeurIPS 2021]

MARINA
[Gorbunov et al, ICML 2021]



Synthetic Experiments



Training an Autoencoder with MNIST

MNIST images

Size of encoding space



Training an Autoencoder with MNIST

Homogeneous data partition



Training an Autoencoder with MNIST

As data heterogeneity increases, PermK does worse,
as predicted by theory. Still much better than RandK!!!

Homogeneous 
data partition

Heterogeneous 
data partition



MARINA – Further Sources

Eduard Gorbunov, Konstantin Burlachenko, Zhize Li and P.R.
MARINA: Faster non-convex distributed learning with compression
ICML 2021

02/2021
MARINA

Hanmin Li, Avetik Karagulyan, and P.R.
MARINA meets matrix stepsizes: Variance reduced distributed 
non-convex optimization
arXiv:2310.04614

10/2023

Rafał Szlendak, Alexander Tyurin and P.R.
Permutation compressors for provably faster 
distributed nonconvex optimization
ICLR 2022

07/2021

Eduard Gorbunov, Samuel Horváth, P.R. and Gauthier Gidel
Variance reduction is an antidote to Byzantines: better rates, 
weaker assumptions and communication compression as a 
cherry on the top
ICLR 2023

06/2022

Original MARINA paper

Improved MARINA analysis:
introduced correlated compressors 

(e.g. AB inequality, permutation 
compressors) and Hessian variance (2nd 

order similarity)

Better rates under Byzantine 
workers (VR can help to fight Byz 

workers)

Theoretical 
improvement under 

matrix stepsizes



MARINA – Further Sources

Ahmad Rammal, Kaja Gruntkowska, Nikita Fedin, Eduard Gorbunov, and P.R.
Communication compression for Byzantine robust learning: New efficient 
algorithms and improved rates
AISTATS 2024

10/2023

Igor Sokolov and P.R.
MARINA-P: Superior performance in non-smooth federated optimization 
with adaptive stepsizes
arXiv:2412.17082

Grigory Malinovsky, P.R., Samuel Horváth, and Eduard Gorbunov
Byzantine robustness and partial participation can be achieved 
simultaneously: just clip gradient differences
NeurIPS 2024

11/2023

Kaja Gruntkowska, Alexander Tyurin, and P.R.
Improving the worst-case bidirectional communication complexity 
for nonconvex distributed optimization under function similarity
NeurIPS 2024

09/2024

Further improvements

First Byz robustness results under 
partial participation

MARINA-P = MARINA on the 
server side

Non-smooth analysis 
of MARINA-P

MARINA-P

12/2024
MARINA-P



Bidirectional Compression



Cost Model

• Uplink (w2s) communication cost = 1 (per bit)

• Worker computation cost = 0

• Server aggregation cost = 0

• Downlink (=s2w) communication cost = r (per bit) 



Bidirectional Compression: Early Works

This paper starts with the discovery that ProxSkip = variance reduction mechanism for a Bernoulli compressor applied to the prox, and 

generalizes this to any unbiased compressor and to more complicated splitting methods than simple forward-backward.

Constantin Philippenko and Aymeric Dieuleveut
Preserved central model for faster bidirectional compression in 
distributed settings
NeurIPS 2021

02/2021
MCM

Hanlin Tang, Xiangru Lian, Chen Yu, Tong Zhang, Ji Liu
DoubleSqueeze: Parallel Stochastic Gradient Descent with Double-Pass 
Error-Compensated Compression
ICML 2019

5/2019
DoubleSqueeze

Samuel Horváth, Chen-Yu Ho, Ľudovít Horváth, Atal Narayan Sahu, 
Marco Canini and P.R.
Natural compression for distributed deep learning
MSML 2022

5/2019
DQSGD

Ilyas Fatkhullin, Igor Sokolov, Eduard Gorbunov, Zhize Li and Peter Richtárik
EF21 with bells & whistles: practical algorithmic extensions of modern error feedback
JMLR 2025

7/2021
EF21-PP

1st time a theoretical benefit of 
bidirectional compression was 

identified (for some compressors)



Bidirectional Compression: From Multiplicative to 
Additive Dependence on Server & Client Variances

Laurent Condat, Artavazd Maranjyan, P.R.
BiCoLoR: Communication-Efficient Optimization with Bidirectional 
Compression and Local Training
arXiv:2601.12400, 2026

01/2026
BiCoLoR

This paper starts with the discovery that ProxSkip = variance reduction mechanism for a Bernoulli compressor applied to the prox, and 

generalizes this to any unbiased compressor and to more complicated splitting methods than simple forward-backward.

Kaja Gruntkowska, Alexander Tyurin, Peter Richtárik
EF21-P and Friends: Improved Theoretical Communication 
Complexity for Distributed Optimization with Bidirectional 
Compression
ICML 2023

Alexander Tyurin and P.R.
2Direction: Theoretically faster distributed training with bidirectional 
communication compression
NeurIPS 2023

09/2022

05/2023

EF21P-DCGD
EF21P-DIANA

2-Direction

Kaja Gruntkowska, Alexander Tyurin, and P.R.
Improving the worst-case bidirectional communication complexity 
for nonconvex distributed optimization under function similarity
NeurIPS 2024

09/2024
Server sends a different 

compressed version of the 
same message to each client; 

this results in theoretical 
benefit!

MARINA-P

Acceleration + bidirectional 
compression can be 

combined

• EF14 is used all wrong!
• Use it on the server to compres the 

model (=EF21-P)
• First additive dependence on server 

& worker compression variances



Kaja Gruntkowska, Alexander Tyurin, Peter Richtárik

EF21-P and Friends: Improved Theoretical Communication Complexity for Distributed Optimization with Bidirectional Compression
ICML 2023

Server Compression (via EF21-P) Helps



Compressing Hessians



Towards Comm.-Efficient 2nd-Order Methods

This paper starts with the discovery that ProxSkip = variance reduction mechanism for a Bernoulli compressor applied to the prox, and 

generalizes this to any unbiased compressor and to more complicated splitting methods than simple forward-backward.

KEY IDEAS:
• Replace local traning by 

Hessian computation!
• Compress Hessians!
• Apply EF21!
• Do not compress gradients

Theory: strong! Rustem Islamov, Xun Qian and P.R.
Distributed second order methods with fast rates and compressed 
communication
ICML 2021

Mher Safaryan, Rustem Islamov, Xun Qian and P.R.
FedNL: Making Newton-type methods applicable to federated learning
ICML 2022



Towards Comm.-Efficient 2nd-Order Methods

This paper starts with the discovery that ProxSkip = variance reduction mechanism for a Bernoulli compressor applied to the prox, and 

generalizes this to any unbiased compressor and to more complicated splitting methods than simple forward-backward.

Mher Safaryan, Rustem Islamov, Xun Qian and P.R.
FedNL: Making Newton-type methods applicable to federated learning
ICML 2022



Towards Comm.-Efficient 2nd-Order Methods

Xun Qian, Rustem Islamov, Mher Safaryan and P.R.
Basis matters: better communication-efficient second order 
methods for federated learning
AISTATS 2022

Rustem Islamov, Xun Qian, Slavomír Hanzely, Mher Safaryan and P.R.
Distributed Newton-type methods with communication 
compression and Bernoulli aggregation
TMLR 2023

11/2021

6/2022

Konstantin Burlachenko and P.R.
Unlocking FedNL: Self-contained compute-optimized 
implementation

10/2024

This paper starts with the discovery that ProxSkip = variance reduction mechanism for a Bernoulli compressor applied to the prox, and 

generalizes this to any unbiased compressor and to more complicated splitting methods than simple forward-backward.

Mher Safaryan, Rustem Islamov, Xun Qian and P.R.
FedNL: Making Newton-type methods applicable to federated learning
ICML 2022

6/2021

Rustem Islamov, Xun Qian and P.R.
Distributed second order methods with fast rates and 
compressed communication
ICML 2021

2/2021

Extension to FL scenarios 
(e.g., partial participation)

• The 1st method applying EF to Hessians
• Local convergence rate independent of 

condition number!

System/software tuning: 
1000x speedup



Lecture 3
Local Training



1. Brief History of Local Training
2. 5th Generation of Local Training Methods
3. ProxSkip
4. GradSkip
5. RandProx
6. Further Approaches (similarity, Acc-S-DANE, …) 

Outline



Optimization Formulation of Federated Learning

# devices / 
machines

# model parameters / features



Local GD



Distributed Gradient Descent

Server

Worker 1 Worker 2 Worker 3

Optimization problem:

(Each worker performs 1 GD step using its local function, and the results are averaged)



Distributed Local Gradient Descent

Server

Worker 1 Worker 2 Worker 3

Optimization problem:

(Each worker performs K GD steps using its local function, and the results are averaged)

………



Brief History of Local GD

Grigory Malinovsky, Kai Yi and P.R.
Variance reduced ProxSkip: algorithm, theory and application to federated learning
NeurIPS 2022



Brief History of Local Training Methods

Grigory Malinovsky, Kai Yi and P.R.
Variance Reduced ProxSkip: Algorithm, Theory and Application to Federated Learning
NeurIPS 2022



Brief History of Local Training Methods
Generation 1: Heuristic

Daniel Povey, Xiaohui Zhang, and Sanjeev Khudanpur 
Parallel Training of DNNs with Natural Gradient and Parameter Averaging 
ICLR Workshops 2015

Philipp Moritz, Robert Nishihara, Ion Stoica, Michael I. Jordan
SparkNet: Training Deep Networks in Spark
ICLR 2015

10/2014

11/2015

H. Brendan McMahan, Eider Moore, Daniel Ramage, Seth Hampson, Blaise Agüera y Arcas
Communication-Efficient Learning of Deep Networks from Decentralized Data
AISTATS 201702/2016

“No theory”



Brief History of Local Training Methods
Generation 1: Heuristic

L2-regularized logistic regression
LibSVM mushrooms dataset



Brief History of Local Training Methods
Generation 2: Homogeneous

Xiang Li, Kaixuan Huang, Wenhao Yang, Shusen 
Wang and Zhihua Zhang
On the Convergence of FedAvg on Non-IID Data
ICLR 2020

Farzin Haddadpour and Mehrdad Mahdavi
On the Convergence of Local Descent Methods in 
Federated Learning
arXiv:1910.14425, 2019

07/2019

10/2019

“Theory requires data to be similar/homogeneous across the clients”

Bounded gradient diversity (aka strong growth):

Bounded gradients:

12/2018
T. Li, A K Sahu, M. Zaheer, M. Sanjabi, 
A. Talwalkar, V. Smith
Federated Optimization in 
Heterogeneous Networks
MLSys 2020

FedProx



Brief History of Local Training Methods
Generation 3: Sublinear

 (or “Linear to a Neighborhood”)

Ahmed Khaled, Konstantin Mishchenko, P.R.
First Analysis of Local GD on Heterogeneous Data 
NeurIPS 2019 Workshop on Federated Learning for Data Privacy and Confidentiality, 2019

Ahmed Khaled, Konstantin Mishchenko, P.R.
Tighter Theory for Local SGD on Identical and Heterogeneous Data 
AISTATS 2020

10/2019

10/2019

“Heterogeneous data is allowed, 
but # communications is worse than GD if high accuracy is required”

Grigory Malinovsky, Dmitry Kovalev, Elnur Gasanov, Laurent Condat, P.R.
From Local SGD to Local Fixed-Point Methods for Federated Learning
ICML 2020

04/2020
Local Fixed Point 

Method

Local GD

Local SGD

Shows (faster, in 
terms of # 

communications) 
linear convergence to 
a non-optimal point



Brief History of Local Training Methods
Generation 4: Linear

Sai P. Karimireddy, S. Kale, M. Mohri, S. J. Reddi, S. U. Stich, A. T. Suresh
SCAFFOLD: Stochastic Controlled Averaging for Federated Learning
ICML 2020

Eduard Gorbunov, Filip Hanzely and P.R.
Local SGD: Unified Theory and New Efficient Methods
AISTATS 2021

10/2019

11/2020

Aritra Mitra, Rayana Jaafar, George J. Pappas, Hamed Hassani 
Linear Convergence in Federated Learning: Tackling Client Heterogeneity & Sparse Gradients
NeurIPS 2021

02/2021

“Heterogeneous data is allowed, but the rate at best matches that of GD”

FedLin

Scaffold

S-Local-GD, Local-GD*
S-Local-SVRG



Brief History of Local Training Methods
Generation 4: Linear

“Heterogeneous data is allowed, but the rate at best matches that of GD”

Generation 3

Generation 4



Part 3
5th Generation of 

Local Training Methods



Brief History of Local Training Methods
Generation 5: Accelerated

“Communication complexity is better than GD for heterogeneous data”

In practice, local training significantly improves 
communication efficiency. 

However, there is no theoretical result explaining this!

Is the situation hopeless, or can we show/prove that 
local training helps?



Key Property of 5th Generation 
Local Training Methods

Communication complexity 
of 4th generation 

local training methods

Communication complexity 
of 5th generation 

local training methods



The Beginning

Konstantin Mishchenko, Grigory Malinovsky, Sebastian Stich and P.R.
ProxSkip: Yes! Local Gradient Steps Provably Lead to Communication Acceleration! Finally! 
ICML 2022



Brief History of Local Training Methods
Generation 5: Accelerated I

Konstantin Mishchenko, Grigory Malinovsky, Sebastian Stich and P.R.
ProxSkip: Yes! Local Gradient Steps Provably Lead to Communication Acceleration! Finally! 
ICML 2022

Abdurakhmon Sadiev, Dmitry Kovalev and P.R.
Communication Acceleration of Local Gradient Methods via an Accelerated Primal-Dual Algorithm with 
Inexact Prox
NeurIPS 2022

02/2022

07/2022

Grigory Malinovsky, Kai Yi and P.R.
Variance Reduced ProxSkip: Algorithm, Theory and Application to Federated Learning
NeurIPS 2022

07/2022
ProxSkip-LSVRG

ProxSkip

APDA; APDA-Inexact

“Communication complexity is better than GD for heterogeneous data”

Laurent Condat and P.R.
RandProx: Primal-Dual Optimization Algorithms with Randomized Proximal Updates
ICLR 2023

07/2022
RandProx

Similar to FedProx (Li et al, 2018), but 
provably accelerates due to local training



Brief History of Local Training Methods
Generation 5: Accelerated II

Artavazd Maranjyan, Mher Safaryan and P.R.
GradSkip: Communication-Accelerated Local Gradient Methods with Better Computational Complexity
TMLR 2025

10/2022

Laurent Condat, Ivan Agarský and P.R.
Provably Doubly Accelerated Federated Learning: The First Theoretically Successful Combination of Local 
Training and Compressed Communication
arXiv:2210.13277, 2022

10/2022
Compressed-

Scaffnew

GradSkip

“Communication complexity is better than GD for heterogeneous data”

Michal Grudzien, Grigory Malinovsky and P.R.
Can 5th Generation Local Training Methods Support Client Sampling? Yes!
AISTATS 2023

12/2022
5GCS

Laurent Condat, Grigory Malinovsky and P.R.
TAMUNA: Accelerated Federated Learning with Local Training and Partial Participation
arXiv:2302.09832, 2023

02/2023
TAMUNA



Brief History of Local Training Methods
Generation 5: Accelerated III

Laurent Condat, Artavazd Maranjyan, P.R.
LoCoDL: Communication-Efficient Distributed Learning with Local Training and Compression
ICLR 2025

07/2024

Laurent Condat, Artavazd Maranjyan, P.R.
BiCoLoR: Communication-Efficient Optimization with Bidirectional Compression and Local Training
arXiv:2601.12400, 2026

01/2026
BiCoLoR

LoCoDL

“Communication complexity is better than GD for heterogeneous data”



Brief History of Local Training Methods: Overview
Generation 5: Accelerated

# Comm. Rounds Local Optimizer
# Local Training 

Steps
Total Complexity
(Comm. + Comp.) 

Client Sampling?
Comm. 

Compression? 

Supports 
Decentralized 

Setup?
Key Insight

ProxSkip
2/22, ICML 22

GD =
First 5th generation local 

training method

APDA-Inexact
7/22, NeurIPS 22

any better better
Can use more powerful 

local solvers which take 
fewer local GD-type steps 

VR-ProxSkip
7/22, NeurIPS 22

worse VR-SGD worse better
Running variance reduced 

SGD locally can lead to 
better total complexity 
than ProxSkip

RandProx
7/22

GD =
ProxSkip = VR mechanism 

for compressing the prox

GradSkip
10/22

GD better better
Workers containing less 

imortant data can do fewer 
local training steps!

Compressed 
Scaffnew 10/22

LoCoDL 7/24
worse GD

better

worse
better

Can compress uplink, leads 

to better overal 
communication complexity 
than ProxSkip.

5GCS
10/22

worse any worse Can do client sampling

TAMUNA
2/23

worse GD / SGD
better

worse
better

First 5th gen LT method 

that can do CS + CC!

BiCoLoR
1/26

better
bidirectional 

compression

First 5th generation local 

training method 
supporting bidirectional 
compression



ProxSkip: Local Training Provably
Leads to Communication Acceleration

Konstantin Mishchenko, Grigory Malinovsky, Sebastian Stich and P.R.
ProxSkip: Yes! Local Gradient Steps Provably Lead to Communication Acceleration! Finally! 
ICML 2022



Federated Learning: ProxSkip vs Baselines

Gen 4

Gen 3

Gen 5



ProxSkip + Deterministic Gradients

L2-regularized logistic regression:

w8a dataset from LIBSVM library (Chang & Lin, 2011) 



ProxSkip + Stochastic Gradients

L2-regularized logistic regression:

w8a dataset from LIBSVM library (Chang & Lin, 2011) 
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ProxSkip

ProxSkip vs Nesterov’s Accelerated GD



Consensus Reformulation

Original problem:

Consensus reformulation:

Bad: non-differentiable

Good: Indicator function of a 
nonempty closed convex set



Consensus Reformulation

Original problem:

Consensus reformulation:

Bad: non-differentiable

Good: proper closed convex



Three Assumptions

A1 A2

A3



Key Method: Proximal Gradient Descent

gradient operatorproximal operator



Proximal Gradient Descent: Theory

Theorem:

# iterations



What to do When the Prox is Expensive?
Can we somehow get away with 

fewer evaluations of the proximity operator
in the Proximal GD method?

Approach 1 Approach 2 
(ProxSkip)

We’ll skipp ALL prox evaluations!

The method is NOT implementable!

Serves as an inspiration for Approach 2

We’ll skip MANY prox evaluations!

The method is implementable!



Approach 1:
Simple, Extreme but 

Practically Useless Variant



Removing     via a Reformulation

By the 1st order optimality conditions, the solution satisfies



Apply Gradient Descent to the Reformulation



Approach 2:
The ProxSkip Method



Idea: Try to “Learn” the Optimal Gradient Shift

Desire:



ProxSkip: Bird’s Eye View

2a

2b

1



ProxSkip: The Algorithm (Detailed View)

?

?



ProxSkip: Bounding the # of Iterations

Lyapunov function:# iterations

p = probability of 
evaluating the prox

Theorem:



ProxSkip: Optimal Prox-Evaluation Probability



From Gradients to Stochastic Gradients

• As described, in ProxSkip each worker computes the full gradient of its local function

• It’s often better to consider a cheap stochastic approximation of the gradient instead
• We consider this extension in the paper
• We provide theoretical convergence rates

Assumptions:
(unbiasedness)

(expected smoothness)
(Gower et al, 2019)

Full gradient Stochastic gradient



• In each communication round of ProxSkip, each worker sends messages to 
all oher workers (e.g., through a server). 
• We can think of ProxSkip workers as the nodes of a fully-connected network.
• In each communication round, all workers communicate with their neighbors.

• In the paper we provide extension to arbitrary connected networks.

From Fully Connected Networks to Arbitrary 
Connected Networks

Fully connected network Arbitrary connected network 



“Philosophically” Related Literature

Gradient Sliding by George Lan

Guanghui Lan
Gradient Sliding for Composite Optimization
Mathematical Programming 2016

Guanghui Lan and Yuyuan Ouyang
Accelerated Gradient Sliding for Structured Convex Optimization
COAP 2022

Guanghui Lan and Yi Zhou
Conditional Gradient Sliding for Convex Optimization
SIAM Journal on Optimization 2016

Dmitry Kovalev, Aleksandr Beznosikov, Ekaterina Dmitrievna Borodich, Alexander Gasnikov, Gesualdo Scutari
Optimal Gradient Sliding and its Application to Optimal Distributed Optimization Under Similarity
NeurIPS 2022



GradSkip: Clients with Less Important 
Data can do Less Local Training

Artavazd Maranjyan, Mher Safaryan and P.R.
GradSkip: Communication-Accelerated Local Gradient Methods with Better  Computational Complexity
TMLR 2025 (arXiv 2210.16402)



GradSkip

Artavazd Maranjyan, Mher Safaryan and P.R.
GradSkip: Communication-Accelerated Local Gradient Methods with Better Computational Complexity
TMLR 2025



RandProx: Primal–Dual Optimization 
Algorithms with Randomized Proximal 

Updates

Laurent Condat and P.R.
RandProx: Primal–Dual Optimization Algorithms with Randomized Proximal Updates
ICLR 2023 (arXiv 2207.12891)



Minimization of the Sum of Three Functions

proximable

proximable
L-smooth

\definecolor{mg}{rgb}{0,0.55,0}
${\rm prox}_{\gamma {\color{mg}g}}(\cdot)$

\definecolor{mb}{rgb}{0,0.2,0.9}
$\nabla {\color{mb}f}(\cdot)$

\definecolor{myred}{rgb}{0.8,0.0,0.0}
${\rm prox}_{\tau {\color{myred}h^*}}(\cdot)$



PDDY: Primal-Dual Davis Yin Splitting

Adil Salim, Laurent Condat, Konstantin Mishchenko and P.R. 
Dualize, Split, Randomize: Toward Fast Nonsmooth Optimization Algorithms
JOTA 2022



Special Cases of PDDY

[Drori, Sabach & Teboulle 2015]

[Drori, Sabach & Teboulle 2015]

[Davis & Yin 2017]

[Salim, Condat, Mishchenko & R 2022]

[Chambolle & Pock 2011]

[Boyd et al 2011]



From PDDY to RandProx: Compress the Prox!

$$\mathbb{E} \left[ \| {\cal R}^t (x)-x \|^2 \right] \leq \omega \|x\|^2$$

Compression operator:

Variance reduction technique known as EF21:

P. R., Igor Sokolov and Ilyas Fatkhullin
EF21: A New, Simpler, Theoretically Better, and Practically Faster Error Feedback
NeurIPS 2021



Further Notable Approaches 
& Recommended Reading



Distributed Proximal Point Method:
(= FedProx with Full Client Participation)

This is an algorithm-agnostic (in terms of local training) interpolation of

T. Li, A K Sahu, M. Zaheer, M. Sanjabi, A. Talwalkar, V. Smith
Federated Optimization in Heterogeneous Networks
MLSys 2020

All machines do local training:

Approximate proxes get averaged:

•  Generalizes LocalGD (for             ) & steps of GD used to solve 
prox approximately

•  One can use arbitrary solver for local training

•  Has theoretical guarantees

•  Empirically more robust than FedAvg

•  Li et al (2020) theory does not improve on distributed SGD

•  No theoretical benefit from LT

and

FedProx



Distributed Local Fixed-Point Method

Grigory Malinovsky, Dmitry Kovalev, Elnur Gasanov, Laurent Condat, P.R.
From Local SGD to Local Fixed-Point Methods for Federated Learning
ICML 2020 (arXiv 2004.01442)

Fixed-point formulation:

Find a fixed-point of the operator

examples:

Relaxation parameter
Number of local 
FPM iterations

Local models 
get averaged

•  Generalizes & improves: 
• LocalGD

• FedProx

•   Theoretical benefit 
from LT!



Dmitry Kovalev, Aleksandr Beznosikov, Ekaterina Borodich, Alexander Gasnikov, and Gesualdo Scutari
Optimal gradient sliding and its application to optimal distributed optimization under similarity
NeurIPS 2022

2022

Further Recommended Reading (Prox, Local 
Training, 2nd-order Similarity & Acceleration)

Ohad Shamir, Nati Srebro, and Tong Zhang
Communication-efficient distributed optimization using an 
approximate Newton-type method
ICML 2014

12/2013
DANE

Acc Extragrad

Sashank J Reddi, Jakub Konecny, P.R., Barnabás Póczós, and Alex Smola
AIDE: Fast and communication efficient distributed optimization
arXiv 1608.06879

8/2016
AIDE

Accelerated DANE

Seminal work introducing 
2nd order similarity

Ye Tian, Gesualdo Scutari, Tianyu Cao, and Alexander Gasnikov
Acceleration in distributed optimization under sximilarity
AISTATS 2022

2022
Inex Acc SONATA

Rafał Szlendak, Alexander Tyurin and P.R.
Permutation compressors for provably faster distributed nonconvex optimization
ICLR 2022

10/2021
MARINA + Perm-K

MARINA (SOTA nonconvex 
variance-reduced DCGD) 
benefits from similarity



Further Recommended Reading (Prox, Local 
Training, 2nd-order Similarity & Acceleration)

Dachao Lin, Yuze Han, Haishan Ye, and Zhihua Zhang
Stochastic distributed optimization under average second-
order similarity: Algorithms and analysis
NeurIPS 2024

2024
Acc SVRS

4/2024

Xiaowen Jiang, Anton Rodomanov, Sebastian U. Stich
Stabilized Proximal-Point Methods for Federated Optimization
NeurIPS 2024

2024
S-DANE, Acc-S-DANE

Xiaowen Jiang, Anton Rodomanov, and Sebastian U Stich
Federated optimization with doubly regularized drift correction

FedRED

9/2022
SPPM

SVRP
Catalyst SVRP

Ahmed Khaled and Chi Jin
Faster federated optimization under second-order similarity
ICLR 2023

Cool convergence proof of 
SPPM under individual strong 

convexity
(+ variance reduciton + 

acceleration)

Latest & best results!



Further Recommended Reading (Prox, Local 
Training, 2nd-order Similarity & Acceleration)

Zhirayr Tovmasyan, Grigory Malinovsky, Laurent Condat, and P.R.
Revisiting stochastic proximal point methods: generalized smoothness and similarity
arXiv 2502.03401

2/2025
SPPM

5/2024
Abdurakhmon Sadiev, Laurent Condat, and P.R.
Stochastic proximal point methods for monotone inclusions under expected similarity
OPT 2024

SPPM for monotone 
inclusions

5/2024
P.R., Abdurakhmon Sadiev, and Yury Demidovich
A unified theory of stochastic proximal point methods 
without smoothness
arXiv 2405.15941

SPPM, SPPM-LC, SPPM-NS, 
SPPM-AS, SPPM*, …

Analysis of an array SPPM 
methods, inlcuding variance-

reduced ones



Blake Woodworth, Kumar Kshitij Patel, Sebastian U. Stich, Zhen Dai, Brian Bullins, H. Brendan
McMahan, Ohad Shamir, Nathan Srebro
Is Local SGD Better than Minibatch SGD?

2/2020

Selected Notable Works on Local Training
I Won’t Have Time to Talk About

Tao Lin, Sebastian U. Stich, K K Patel, Martin Jaggi
Don’t Use Large Minibatches, Use Local SGD
ICLR 2020

8/2018
Post-Local SGD

Reese Pathak and Martin J. Wainwright
FedSplit: An algorithmic framework for fast federated optimization
arXiv 2005.05238

5/2020

5/2018
Local SGD

Sebastian U. Stich
Local SGD Converges Fast and Communicates Little

Quadratics: Local SGD > Minibatch SGD

Convex Case: Local SGD sometimes better

Blake Woodworth, Kumar Kshitij Patel, Nathan Srebro
Minibatch vs Local SGD for Heterogeneous Distributed Learning6/2020

An approach to FL based on 
operator splitting

FedSplit



Selected Notable Works on Local Training
I Won’t Have Time to Talk About

1/2025
Local GD

Michael Crawshaw, Blake Woodworth, Mingrui Liu
Local Steps Speed up Local GD for Heterogeneous Distributed Logistic Regression

Blake Woodworth 
The Minimax Complexity of Distributed Optimization
PhD Thesis, 2021

9/2021

Kumar Kshitij Patel
What Makes Local Updates Effective: The Role of Data Heterogeneity and Smoothness
PhD Thesis, 2025

7/2025

Nice PhD theses

9/2025
Dual Local SGD 

Decaying Local SGD 
Decaying Local ASGD

Adrien Fradin, P.R., and Alexander Tyurin
Local SGD and federated averaging through the lens of time complexity
arXiv 2509.23207

What can recent 
research on 

asynchronous SGD 
say about Local 

SGD?



Lecture 4
Device Heterogeneity



Introduction



# parallel 
machines

# model parameters / features

Optimization Problem

!



Typical Assumptions

1

2

Stochastic gradients have bounded variance:

Gradient of local functions is Lipschitz:



Parallel Computing Architecture

Worker 1 Worker 2 Worker 3

Server



Three Types of Heterogeneity

Data

Compute

Communication



Popular Approach to Handling
(Some Forms of)

Device Heterogeneity



D. Huba, J. Nguyen, K. Malik, R. Zhu, M. Rabbat, A. Yousefpour, C.-
J. Wu, H. Zhan, P. Ustinov, H. Srinivas, K. Wang, A. Shoumikhin, J. 
Min, and M. Malek
Papaya: Practical, private, and scalable federated learning
Proceedings of Machine Learning and Systems 2022

11/2021
Papaya

Async FL systems in practice

Async FL in Practice

John Nguyen, Kshitiz Malik, Hongyuan Zhan, Ashkan Yousefpour, 
Michael Rabbat, Mani Malek, Dzmitry Huba
Federated Learning with Buffered Asynchronous Aggregation
AISTATS 2022

6/2021
FedBuff



published in NIPS 2011

NeurIPS 2020 Test of Time Award



Key Theory Papers
On Asynchronous SGD



Inspiration: Two Beautiful Papers

arXiv: June 15, 2022 arXiv: June 16, 2022



Optimization & Machine Learning Lab @ KAUST

Alexander Tyurin

Ivan Ilin

Kaja Gruntkowska

Omar Shaikh Omar

Artavazd Maranjyan



Alexander Tyurin and P.R.
On the optimal time complexities in decentralized stochastic 
asynchronous optimization
NeurIPS 2024

5/2024
Fragile SGD, Amelie SGD

+ accelerated variants

Key Papers 1

Alexander Tyurin, Kaja Gruntkowska, and P.R.
Freya PAGE: First optimal time complexity for large-scale 
nonconvex finite-sum optimization with heterogeneous 
asynchronous computations
NeurIPS 2024

5/2024
Freya PAGE

Freya SGD

Alexander Tyurin, Marta Pozzi, Ivan Ilin and P.R.
Shadowheart SGD: Distributed asynchronous SGD with optimal 
time complexity under arbitrary computation and 
communication heterogeneity
NeurIPS 2024

2/2024
Shadowheart SGD

… communication 
(and computation) heterogeneity

[Rennala SGD as a special case]

… computation heterogeneity for 
finite-sum problems

… computation and 
communication heterogeneity in 

the decentralized setup

Alexander Tyurin and P.R.
Optimal time complexities of parallel stochastic optimization 
methods under a fixed computation model
NeurIPS 2023

5/2023
Rennala SGD

Malenia SGD
Acc. Rennala SGD

… computation 
(and/or data) heterogeneity

First optimal 
parallel SGD under…



Key Papers 2

Artavazd Maranjyan, Omar Shaikh Omar and P.R.
MindFlayer: Efficient asynchronous parallel SGD in the presence 
of heterogeneous and random worker compute times
UAI 2025

10/2024
MindFlayer SGD

Vecna SGD

… random compute times 
(when server can stop workers)

Artavazd Maranjyan, Alexander Tyurin and P.R.
Ringmaster ASGD: The first asynchronous SGD with optimal time 
complexity 
ICML 2025

1/2025

Ringmaster SGD

1st optimal asynchronous SGD
(for homogeneous data)

Artavazd Maranjyan, El Mehdi Saad, P.R. and Francesco Orabona
ATA: Adaptive task allocation for efficient resource management 
in distributed machine learning
ICML 2025

2/2025
ATA

Alexander Tyurin
Tight Time Complexities in Parallel Stochastic Optimization with 
Arbitrary Computation Dynamics
ICLR 2025

8/2024
… universal computation model

Rennala SGD

Malenia SGD

Adresses resource wastefullness
(for homogeneous data)



Key Papers 3

Artavazd Maranjyan and P.R.
Ringleader ASGD: The first asynchronous SGD with optimal time 
complexity under data heterogeneity
ICLR 2026

9/2025
Ringleader 

ASGD

1st optimal asynchronous SGD
(for heterogeneous data)

Alexander Tyurin and Danil Sivtsov
Birch SGD: A tree graph framework for local and asynchronous 
SGD methods
arXiv 2505.09218

5/2025
Birch SGD

(6 new methods)

General framework

6 new methods!

Adrien Fradin, P.R. and Alexander Tyurin
Local SGD and Federated Averaging Through the Lens of Time 
Complexity
arXiv 2509.23207

9/2025
Dual Local SGD

Decaying Local SGD
Hero SGD

1st proof that (new) variants of 
Local SGD are optimal from the 

viewpoint of time complexity
(for homogeneous data)



Rennala

Rennala, Queen of the Full 
Moon is a Legend Boss in Elden 

Ring. Though not a demigod, 
Rennala is one of the 

shardbearers who resides in the 
Academy of Raya Lucaria. 

Rennala is a powerful sorceress, 
head of the Carian Royal family, 

and erstwhile leader of the 
Academy. 

Shadowheart

Peter, What About the Weird Algorithm Names?

Amelie



Optimal Parallel Stochastic Gradient Methods

Data 

Heterogeneity

Compute 

Heterogeneity

Communication 

Heterogeneity

Smooth 

Nonconvex

Smooth 

Convex

Infinite / Finite 

Sum?

Supports 

Decentralized 
Setup?

Optimal 

Time 
Complexity?

Rennala SGD
Tyurin & R (NeurIPS ‘23) 0 Inf

Malenia SGD
Tyurin & R (NeurIPS ‘23) 0 Inf

Accelerated Rennala SGD
Tyurin & R (NeurIPS ‘23) 0 Inf

Shadowheart SGD
Tyurin, Pozzi, Ilin & R ‘24 Inf

Freya PAGE
Tyurin, Gruntkowska & R ‘24 0 Finite

Freya SGD
Tyurin, Gruntkowska & R ‘24 0 Finite

Fragile SGD
Tyurin & R ‘24 Inf nearly

Amelie SGD
Tyurin & R ‘24 Inf

big data regime



Previous Approaches 
to Parallelizing SGD



Hero SGD
Algorithmic idea: The fastest worker does it all

1 1 1 1 1 1 1 1

and so on…

time



Naïve Minibatch SGD
Algorithmic idea: Each worker does one job only

1

2.5

1

2.5

3.5 3.5

8 8

time

Minibatch SGD step 
with minibatch size 4

Minibatch SGD step 
with minibatch size 4

and so on…



3.5

Asynchronous SGD
Algorithmic idea: All workers are slaves and useful

1

2.5

8

1 1 1 1 1 1 1

2.5 2.5

3.5

time

and so on…



Inspiration: Two Beautiful Papers

arXiv: June 15, 2022 arXiv: June 16, 2022



Rennala SGD

Alexander Tyurin and P.R.
Optimal time complexities of parallel stochastic optimization 
methods under a fixed computation model
NeurIPS 2023



Setup

Rennala SGD

Data homogeneous



Rennala SGD
Algorithmic idea: Minibatch SGD with asynchronous minibatch collection

time

1

2.5

3.5

1 1 1 1 1 1

2.5

3.5

Minibatch SGD step 
with minibatch size 11

1

2.5

3.5

1 1 1 1 1 1

2.5

3.5

Minibatch SGD step 
with minibatch size 11

and so on…



Upper Bound

Theorem (informal)
Assume data homogeneity and zero communication times.
Then Rennala SGD solves the problem in

seconds.



Matching Lower Bound

Theorem (informal)

It is not possible to design a method that will find a solution faster than in 

seconds.

Rennala SGD = first optimal parallel SGD



Classical Oracle: Keeps Track of # Iterations

Function class Algorithm classOracle class
Distribution 

governing noise

Iteration complexity (classical complexity measure):

Typically, stochastic gradient:
 

[Nemirovsky and Yudin, 1983]

[Carmon et al, 2020] [Arjevani et al, 2022]

[Nesterov, 2018]



New Oracle: Keeps Track of Time

Time complexity (new complexity measure):

Iteration complexity (classical complexity measure):



Data Homogeneous Regime



Experimental Results (Sample)



Two Extensions

Alexander Tyurin and P.R.
Optimal time complexities of parallel stochastic optimization 
methods under a fixed computation model
NeurIPS 2023



Extension 1
Handling Data Heterogeneity

(Malenia SGD)



Malenia SGD: Setup

Rennala SGD Malenia SGD Freya PAGE

Data homogeneous heterogeneous homogeneous



Minibatch size

Malenia SGD



(Nonconvex) Data Heterogeneous Regime



Extension 2
Handling the Convex Regime
(Accelerated Rennala SGD)



Accelerated Rennala SGD: Setup

Rennala SGD Malenia SGD Freya PAGE

Data homogeneous heterogeneous homogeneous



Convex (Data Homogeneous) Regime



Shadowheart SGD 

Optimal Parallel SGD 
under Compute Heterogeneity

& Communication Heterogeneity

Shadowheart

Alexander Tyurin, Marta Pozzi, Ivan Ilin and P.R.

Shadowheart SGD: Distributed asynchronous SGD with optimal time complexity under 
arbitrary computation and communication heterogeneity
NeurIPS 2024



Shadowheart SGD: Setup

Rennala SGD Malenia SGD Freya PAGE

Data homogeneous heterogeneous homogeneous



Shadowheart SGD

Batch size to 
compress by 

worker i

# of compressed 
batches sent by 

worker i to the server

Aggregation weight associated with worker i

Unbiased compressor:



Shadowheart SGD





Shadowheart SGD: Adding More Workers…



Freya PAGE
 

Optimal Parallel SGD 
for Large-Scale Finite-Sum Problems

Shadowheart Freya

Alexander Tyurin, Kaja Gruntkowska, and P.R.

Freya PAGE: First optimal time complexity for large-scale nonconvex finite-sum 
optimization with heterogeneous asynchronous computations
NeurIPS 2024



Freya PAGE: Setup

Rennala SGD Malenia SGD Freya PAGE

Data homogeneous heterogeneous homogeneous



Zhize Li, Hongyan Bao, Xiangliang Zhang, and P.R.

PAGE: A simple and optimal probabilistic 
gradient estimator for nonconvex optimization
ICML 2021

PAGE: Optimal Serial SGD 
for Finite-Sum Nonconvex  Optimization

(after butchering/redefining notation)









Freya PAGE: Experiment 1



Freya PAGE: Experiment 2



Freya PAGE: Experiment 2



Amelie SGD
 

Optimal Decentralized SGD 
under Computation & Communication Heterogeneity

Amelie

Alexander Tyurin and P.R.

On the optimal time complexities in decentralized stochastic asynchronous optimization
NeurIPS 2024



Decentralized Setup: Amelie SGD



THE END



Lecture 2
Selected Fundamentals



refer to my lecture notes



SGD: AC Theory 
(for Smooth Strongly Convex Functions)



SGD with Nonuniform & Importance Sampling



SGD with Nice Sampling



SGD with Independent Sampling



SGD with Multi-Sampling



SGD with Arbitrary Sampling



SGD: Adaptive Stepsizes Theory



SGD with Random Reshuffling



Variance Reduction Theory for SGD 
(for Smooth Strongly Convex Functions)



Loopless SVRG: Variance Reduction for 
Subsampling



SGD with Nonuniform & Importance Sampling



SGD: AC Theory 
(for Smooth Convex Functions)



SPPM Theory: From Smoothness to Similarity



SGD: ABC Theory 
(for Smooth Non-Convex Functions)



PAGE: Optimal SGD 
(in the Smooth Nonconvex Regime)



Optimal Client Sampling



General Sampling Patterns



Federated Learning



Federated Learning 
was developed in 2015/2016 in a 

collaboration between the University 
of Edinburgh & Google

Jakub Konečný

H Brendan McMahan



Jakub Konečný, H. Brendan McMahan, Felix X. Yu, Peter Richtárik, Ananda Theertha Suresh, Dave Bacon
Federated Learning: Strategies for Improving Communication Efficiency
NIPS Private Multi-Party Machine Learning Workshop, 2016

Jakub Konečný, H. Brendan McMahan, Daniel Ramage, Peter Richtárik
Federated Optimization: Distributed Machine Learning for On-Device Intelligence
arXiv:1610.02527, 2016

Keith Bonawitz et al
Practical Secure Aggregation for Federated Learning on User-Held Data
NIPS Private Multi-Party Machine Learning Workshop, 2016

H. Brendan McMahan, Eider Moore, Daniel Ramage, Seth Hampson, Blaise Agüera y Arcas
Communication-Efficient Learning of Deep Networks from Decentralized Data
20th International Conference on Artificial Intelligence and Statistics (AISTATS), 2017



The First Federated Learning App: 
Next-Word Prediction

Federated Learning is collaborative machine learning 
from private data stored across a (large) number of 

clients/devices (e.g., hospitals, phones)



My Team: 100+ Papers on Federated Learning



1. Unsupervised Learning
2. Federated Learning
3. Transformers
4. Neural Network Compression
5. Generative AI
6. “System 2” Reasoning

https://www.forbes.com/sites/robtoews/2020/10/29/the-next-generation-of-artificial-intelligence-part-2/?sh=e02f2567a304

https://www.forbes.com/sites/robtoews/2020/10/12/the-next-generation-of-artificial-intelligence/?sh=4d14f60159eb



https://www.whitehouse.gov/wp-content/uploads/2023/05/National-Artificial-Intelligence-Research-and-Development-Strategic-Plan-2023-Update.pdf
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