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Distributed SGD in the Data-Center Setting
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o Dataset is shuffled and split equally across the worker nodes

o Parameter server waits to receive gradients from all nodes
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o Dataset is shuffled and split equally across the worker nodes

o Parameter server waits to receive gradients from all nodes

o Several works on improving the scalability of this framework

Async SGD, 
Local SGD, 

Overlap SGD 
etc. 3



Data Collection at the Edge
[McMahan et al 2017, Kairouz et al 2019]

o Massive amounts of informative training data is being collected at edge devices 

such as cell phones, tablets, IoT sensors etc.

o Sending these data to the cloud can be too expensive and slow

o Privacy laws may also forbid data sharing with foreign cloud servers
4



Federated Learning: Bringing Training to the Edge 
[McMahan et al 2017, Kairouz et al 2019]

o Data stays on the device, and model training is 

moved to the edge

o Each edge client performs a few local SGD 

updates, and the resulting models are 

aggregated by the central server

o Better communication-efficiency and privacy 

guarantees than sending all data to the cloud

Data D1 Data D2 Data Dm
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Federated Optimization: Objectives and Notation
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GOAL: Find x that minimizes the 
global objective

 

F (x) =
mX

i=1

piFi(x)

o Local Objective Function 

o Global Objective is a weighted average of 
local objectives in proportional of data-sizes:
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Federated Optimization: The FedAvg Algorithm
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o Raw data at clients cannot be shared to the server 
due to privacy and communication constraints

SOLUTION: Perform 𝜏 local updates at each client and 
only share the resulting model with the server



Federated Optimization: The FedAvg Algorithm
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o Raw data at clients cannot be shared to the server 
due to privacy and communication constraints

SOLUTION: Perform 𝜏 local updates at each client and 
only share the resulting model with the server

FedAvg Algorithm 

In each communication round:

1. Send the current model to clients

2. Clients perform 𝜏 local updates using their data

3. Updated models  are aggregated by the server

⌧ steps

How is this algorithm affected by 
heterogeneity in the system? 
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Sources of Heterogeneity in Federated Learning
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⌧ steps

1. Data Heterogeneity

2. Communication Heterogeneity

3. Computational Heterogeneity

Due heterogeneous datasets and 
objective functions, local models 

drift apart as 𝜏 increases
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Sources of Heterogeneity in Federated Learning
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⌧ steps

1. Data Heterogeneity

2. Communication Heterogeneity

3. Computational Heterogeneity

Thousands of clients that are intermittently available

SOLUTION: Partial participation of Cm clients, 
selected from among the available clients
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Cm participating clients 



Sources of Heterogeneity in Federated Learning
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1. Data Heterogeneity

2. Communication Heterogeneity

3. Computational Heterogeneity

Variable number of 
local updates

o Different computation speeds and memory

o Different learning rates or adaptive local optimizers



Sources of Heterogeneity in Federated Learning
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GOAL: Find x that minimizes the 
global objective

 

F (x) =
mX

i=1

piFi(x)

How do these sources of heterogeneity 
affect federated optimization 

algorithms and analyses? 

THIS TALK

1. Data Heterogeneity

2. Communication Heterogeneity

3. Computational Heterogeneity



1. Data Heterogeneity
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The global model becomes the 
average of the local minima, 
which may differ from the true 
optimum x*
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case

Each client’s gradient moves its model 
towards its minima, but the averaged 
gradient leads to the global optimum  x*



1. Data Heterogeneity
  Client Drift Error and How to Mitigate it
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For bounded gradient dissimilarity, that is,             error for T 
communication rounds is:

Methods to Mitigate Client Drift Error

o Setting a small 𝜏 and/or small η

o Adapting 𝜏 over rounds [AdaComm 2019]

o Adding correction to pull back drifted models [FedProx,2020], [SCAFFOLD, 2021] etc
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1. Data Heterogeneity
 FedExP: Adapting Server Learning Rate
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• Slowdown due to small client learning rate 

can be compensated by a larger server 

learning rate (default value 1 in FedAvg) 

• We propose the following adaptive 

schedule based on the Extrapolated Parallel 

Projection method (EPPM) [Pierra 1984]

⌧ steps
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1. Data Heterogeneity
 FedExP: Adapting Server Learning Rate
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⌧ steps
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1. Data Heterogeneity
 Open Questions and Ongoing Work

Q1: Is gradient dissimilarity assumption too pessimistic?
o In practice, FedAvg outperforms SGD, even though the 

client drift error increases with 𝜏
o [Wang et al 2022] proposes a different data heterogeneity 

measure called average drift at optimum
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1. Data Heterogeneity
 Open Questions and Ongoing Work

Q2: Is client drift the dominant error term?

o With small learning rate, it decays faster than other terms

o Partial participation error is higher order (as we see next)
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For bounded gradient dissimilarity, that is,             error for T 
communication rounds is:
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Sources of Heterogeneity in Federated Learning

19

⌧ steps

1. Data Heterogeneity

2. Communication Heterogeneity

3. Computational Heterogeneity

Thousands of clients that are intermittently available

SOLUTION: Partial participation of Cm clients, 
selected from among the available clients
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Cm participating clients 



2. Communication Heterogeneity
 Partial Client Participation Error

o In FedAvg, fraction C of the clients chosen 

uniformly at random participate in each round

o The error after T communication rounds isas 

given by

20

F (x) =
mX

i=1

piFi(x)

Fm(x)

Client Drift Error

Partial Client 
Participation Error
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Dominates

2. Communication Heterogeneity
 Partial Client Participation Error

o In FedAvg, fraction C of the clients chosen 

uniformly at random participate in each round

o The error after T communication rounds  is

o After setting learning rate appropriately, we get
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2. Communication Heterogeneity
 FedVARP: Reducing Participation Variance 
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1. Update node state in server memory

Key Idea: Use latest observed 
update       for each node as 
proxy for current update.
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2. Communication Heterogeneity
 FedVARP: Reducing Participation Variance 
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Key Idea: Use latest observed 
update       for each node as 
proxy for current update.
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1. Update node state in server memory

2. Compute variance-reduced update:

3. Update global model:
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t2{0,...,T�1}

EkrF (x(t))k2  O

✓
F (x(0))� F

⇤

⌘⌧T

◆
+O

✓
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2
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2
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+O
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2. Communication Heterogeneity
 FedVARP: Convergence Analysis and Results

o By using the variance-reduced update that 

includes all clients’ updates, FedVARP 

eliminates partial client participation error

24
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2. Communication Heterogeneity
 FedVARP: Convergence Analysis and Results

25

o Can we reduce server storage cost?

o Yes! ClusterFedVARP reduces storage by clustering 

clients and maintaining a single state per cluster.

i) Training LeNet-5 on CIFAR-10 ii) Training ResNet-18 on CIFAR-10

0 250 500 750 1000 1250 1500
Communication rounds

0.1

0.2

0.3

0.4

0.5

T
es

t
A

cc
ur

ac
y

MIFA

FedVARP

FedAvg

SCAFFOLD

ClusterFedVARP

0 250 500 750 1000 1250 1500
Communication rounds

0.1

0.2

0.3

0.4

0.5

0.6
T
es

t
A

cc
ur

ac
y

MIFA

FedVARP

FedAvg

SCAFFOLD

ClusterFedVARP

Δ1 Δ2 0 0
Server 

Memory 
yi

FedVARP outperforms 
FedAvg and client drift 

mitigation methods like 
SCAFFOLD 



2. Communication Heterogeneity
  Client Selection in Federated Learning

o Unbiased Selection: If we sample 

clients with probability 𝑝!  with 

replacement we have unbiased 

sampling, i.e.

o Most works consider this scenario, 

and many prior results with full 

client participation can be 

extended to this setting

xk xk xk

Surr. Objective

Data D1 Data Dm

F1(x)
<latexit sha1_base64="8AkVysnQoDy1FqFFil74AMGHynw=">AAACDHicbVC7SgNBFJ2NrxhfUUubwSBYhd0gahm0sYzEPCBZwuzkJhky+2DmrhiWfICNv2JjoYitH2Dn3zibbKGJBwYO55zL3Hu8SAqNtv1t5VZW19Y38puFre2d3b3i/kFTh7Hi0OChDFXbYxqkCKCBAiW0IwXM9yS0vPF16rfuQWkRBnc4icD12TAQA8EZGqlXLHURHjCpgwSO0Kf12NOAdEq7PsMRZzKpT03KLtsz0GXiZKREMtR6xa9uP+SxDwFyybTuOHaEbsIUCi5hWujGGiLGx2wIHUMD5oN2k9kxU3pilD4dhMq8AOlM/T2RMF/rie+ZZLqiXvRS8T+vE+Pg0k1EEMUIAZ9/NIglxZCmzdC+UKYDOTGEcSXMrpSPmGKmF6ULpgRn8eRl0qyUnfNy5fasVL3K6siTI3JMTolDLkiV3JAaaRBOHskzeSVv1pP1Yr1bH/NozspmDskfWJ8/Ha2bqQ==</latexit>

Selected Subset S

<latexit sha1_base64="nV/0conjHmgs0S3eQfjyLXRlDbE=">AAACInicbVDLSsNAFJ3UV62vqEs3g0Wom5IU8bEQimJxWcG2QhLKZDJph04ezEzEEvItbvwVNy4UdSX4MU7aLLT1wDCHc+7l3nvcmFEhDeNLKy0sLi2vlFcra+sbm1v69k5XRAnHpIMjFvE7FwnCaEg6kkpG7mJOUOAy0nNHl7nfuydc0Ci8leOYOAEahNSnGEkl9fUzO0By6LrpVWbZkjKPpK2sZrsR88Q4UF/6kB068By2ZsW+XjXqxgRwnpgFqYIC7b7+YXsRTgISSsyQEJZpxNJJEZcUM5JV7ESQGOERGhBL0RAFRDjp5MQMHijFg37E1QslnKi/O1IUiHw3VZkfJGa9XPzPsxLpnzopDeNEkhBPB/kJgzKCeV7Qo5xgycaKIMyp2hXiIeIIS5VqRYVgzp48T7qNunlcb9wcVZsXRRxlsAf2QQ2Y4AQ0wTVogw7A4BE8g1fwpj1pL9q79jktLWlFzy74A+37B1N6pMI=</latexit>

E[F̃ (x)] = F (x)

Fm(x)

Can we improve convergence by biasing 
client selection towards higher loss clients?? 
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[Cho et al AISTATS 2022] 

<latexit sha1_base64="ftAEQFyHbHIkHD73e4en7b33Mgo="></latexit>

F̃ (x) =
X

i2S
Fi(x)

Global Objective

F (x) =
KX

i=1

piFi(x)



2. Communication Heterogeneity
 Biased Client Selection can Speed-up Convergence

Unbiased Random Selection

select 1select 2
client selected:

2 à 2 à 1 à 1 à 2

o Biasing towards higher loss clients gives faster convergence

o But will too much selection skew result in a higher solution bias?

<latexit sha1_base64="/nPCnMGDkU3EBm4TVW8Ixs55cMI=">AAACEnicbVDLSsNAFJ3UV62vqEs3g0VoNyUpoi5cFIXisoJ9QBvCZDJph04yYWYiltBvcOOvuHGhiFtX7vwbJ20W2npgmMM593LvPV7MqFSW9W0UVlbX1jeKm6Wt7Z3dPXP/oCN5IjBpY8646HlIEkYj0lZUMdKLBUGhx0jXG19nfveeCEl5dKcmMXFCNIxoQDFSWnLNatO1KwOPM19OQv2lD9MqvIRNt76oumbZqlkzwGVi56QMcrRc82vgc5yEJFKYISn7thUrJ0VCUczItDRIJIkRHqMh6WsaoZBIJ52dNIUnWvFhwIV+kYIz9XdHikKZ7aYrQ6RGctHLxP+8fqKCCyelUZwoEuH5oCBhUHGY5QN9KghWbKIJwoLqXSEeIYGw0imWdAj24snLpFOv2We1+u1puXGVx1EER+AYVIANzkED3IAWaAMMHsEzeAVvxpPxYrwbH/PSgpH3HII/MD5/AA2InR0=</latexit>

F1(x) < F2(x)
<latexit sha1_base64="D3XdjQ7bnAZ8n80wWd8C9f/oxQI=">AAACEnicbVDLSsNAFJ3UV62vqEs3g0VoNyUpoq6kKBSXFewD2hAmk0k7dJIJMxOxhH6DG3/FjQtF3Lpy5984abPQ1gPDHM65l3vv8WJGpbKsb6Owsrq2vlHcLG1t7+zumfsHHckTgUkbc8ZFz0OSMBqRtqKKkV4sCAo9Rrre+Drzu/dESMqjOzWJiROiYUQDipHSkmtWm65dGXic+XIS6i99mFbhJWy69UXVNctWzZoBLhM7J2WQo+WaXwOf4yQkkcIMSdm3rVg5KRKKYkampUEiSYzwGA1JX9MIhUQ66eykKTzRig8DLvSLFJypvztSFMpsN10ZIjWSi14m/uf1ExVcOCmN4kSRCM8HBQmDisMsH+hTQbBiE00QFlTvCvEICYSVTrGkQ7AXT14mnXrNPqvVb0/Ljas8jiI4AsegAmxwDhrgBrRAG2DwCJ7BK3gznowX4934mJcWjLznEPyB8fkDELidHw==</latexit>

F1(x) > F2(x)

<latexit sha1_base64="ViW3NO7B/InnWlY9M44Oj3FrywE=">AAAB+XicbVC7TsMwFL3hWcorwMhiUSEhhiqpEDBWsDAWiT6kNlSO47RWHSeynYoq6p+wMIAQK3/Cxt/gtBmg5UiWj865Vz4+fsKZ0o7zba2srq1vbJa2yts7u3v79sFhS8WpJLRJYh7Ljo8V5UzQpmaa004iKY58Ttv+6Db322MqFYvFg54k1IvwQLCQEayN1Lftnh/zQE0ic2VP08fzvl1xqs4MaJm4BalAgUbf/uoFMUkjKjThWKmu6yTay7DUjHA6LfdSRRNMRnhAu4YKHFHlZbPkU3RqlACFsTRHaDRTf29kOFJ5ODMZYT1Ui14u/ud1Ux1eexkTSaqpIPOHwpQjHaO8BhQwSYnmE0MwkcxkRWSIJSbalFU2JbiLX14mrVrVvazW7i8q9ZuijhIcwwmcgQtXUIc7aEATCIzhGV7hzcqsF+vd+piPrljFzhH8gfX5A/H7k90=</latexit>

x⇤ <latexit sha1_base64="ViW3NO7B/InnWlY9M44Oj3FrywE=">AAAB+XicbVC7TsMwFL3hWcorwMhiUSEhhiqpEDBWsDAWiT6kNlSO47RWHSeynYoq6p+wMIAQK3/Cxt/gtBmg5UiWj865Vz4+fsKZ0o7zba2srq1vbJa2yts7u3v79sFhS8WpJLRJYh7Ljo8V5UzQpmaa004iKY58Ttv+6Db322MqFYvFg54k1IvwQLCQEayN1Lftnh/zQE0ic2VP08fzvl1xqs4MaJm4BalAgUbf/uoFMUkjKjThWKmu6yTay7DUjHA6LfdSRRNMRnhAu4YKHFHlZbPkU3RqlACFsTRHaDRTf29kOFJ5ODMZYT1Ui14u/ud1Ux1eexkTSaqpIPOHwpQjHaO8BhQwSYnmE0MwkcxkRWSIJSbalFU2JbiLX14mrVrVvazW7i8q9ZuijhIcwwmcgQtXUIc7aEATCIzhGV7hzcqsF+vd+piPrljFzhH8gfX5A/H7k90=</latexit>

x⇤

Biasing  Selection towards high loss clients

<latexit sha1_base64="OfIqcm9DmvjZbClZA6CQ4jlPlV8=">AAAB9XicbVDLSgMxFL1TX7W+qi7dBIvgqswUUZdFNy4r2Ae0Y8lk0jY0kwxJRi1D/8ONC0Xc+i/u/Bsz7Sy09UDI4Zx7yckJYs60cd1vp7Cyura+UdwsbW3v7O6V9w9aWiaK0CaRXKpOgDXlTNCmYYbTTqwojgJO28H4OvPbD1RpJsWdmcTUj/BQsAEj2FjpvhdIHupJZK/0adovV9yqOwNaJl5OKpCj0S9/9UJJkogKQzjWuuu5sfFTrAwjnE5LvUTTGJMxHtKupQJHVPvpLPUUnVglRAOp7BEGzdTfGymOdBbNTkbYjPSil4n/ed3EDC79lIk4MVSQ+UODhCMjUVYBCpmixPCJJZgoZrMiMsIKE2OLKtkSvMUvL5NWreqdV2u3Z5X6VV5HEY7gGE7Bgwuoww00oAkEFDzDK7w5j86L8+58zEcLTr5zCH/gfP4AVZaTEA==</latexit>x <latexit sha1_base64="OfIqcm9DmvjZbClZA6CQ4jlPlV8=">AAAB9XicbVDLSgMxFL1TX7W+qi7dBIvgqswUUZdFNy4r2Ae0Y8lk0jY0kwxJRi1D/8ONC0Xc+i/u/Bsz7Sy09UDI4Zx7yckJYs60cd1vp7Cyura+UdwsbW3v7O6V9w9aWiaK0CaRXKpOgDXlTNCmYYbTTqwojgJO28H4OvPbD1RpJsWdmcTUj/BQsAEj2FjpvhdIHupJZK/0adovV9yqOwNaJl5OKpCj0S9/9UJJkogKQzjWuuu5sfFTrAwjnE5LvUTTGJMxHtKupQJHVPvpLPUUnVglRAOp7BEGzdTfGymOdBbNTkbYjPSil4n/ed3EDC79lIk4MVSQ+UODhCMjUVYBCpmixPCJJZgoZrMiMsIKE2OLKtkSvMUvL5NWreqdV2u3Z5X6VV5HEY7gGE7Bgwuoww00oAkEFDzDK7w5j86L8+58zEcLTr5zCH/gfP4AVZaTEA==</latexit>x

<latexit sha1_base64="fju1uqS4YmQtvVrVcqr2h+sE/5E=">AAAB/HicdVBLSwMxGMzWV62v1R69BItQL8umb29FQTxWsK3QlpJN0zY0m12SrLgs9a948aCIV3+IN/+N6UNQ0YGQYeb7yGS8kDOlXffDSq2srq1vpDczW9s7u3v2/kFLBZEktEkCHsgbDyvKmaBNzTSnN6Gk2Pc4bXuT85nfvqVSsUBc6zikPR+PBBsygrWR+nb2oo/yXS/gAxX75krupid9O+c6qOSWqxXoOoVyEaGaIWV0ioouRI47Rw4s0ejb791BQCKfCk04VqqD3FD3Eiw1I5xOM91I0RCTCR7RjqEC+1T1knn4KTw2ygAOA2mO0HCuft9IsK9m2cykj/VY/fZm4l9eJ9LDWi9hIow0FWTx0DDiUAdw1gQcMEmJ5rEhmEhmskIyxhITbfrKmBK+fgr/J62CgypO4aqUq58t60iDQ3AE8gCBKqiDS9AATUBADB7AE3i27q1H68V6XYymrOVOFvyA9fYJtpGU2A==</latexit>

F1(x) <latexit sha1_base64="fju1uqS4YmQtvVrVcqr2h+sE/5E=">AAAB/HicdVBLSwMxGMzWV62v1R69BItQL8umb29FQTxWsK3QlpJN0zY0m12SrLgs9a948aCIV3+IN/+N6UNQ0YGQYeb7yGS8kDOlXffDSq2srq1vpDczW9s7u3v2/kFLBZEktEkCHsgbDyvKmaBNzTSnN6Gk2Pc4bXuT85nfvqVSsUBc6zikPR+PBBsygrWR+nb2oo/yXS/gAxX75krupid9O+c6qOSWqxXoOoVyEaGaIWV0ioouRI47Rw4s0ejb791BQCKfCk04VqqD3FD3Eiw1I5xOM91I0RCTCR7RjqEC+1T1knn4KTw2ygAOA2mO0HCuft9IsK9m2cykj/VY/fZm4l9eJ9LDWi9hIow0FWTx0DDiUAdw1gQcMEmJ5rEhmEhmskIyxhITbfrKmBK+fgr/J62CgypO4aqUq58t60iDQ3AE8gCBKqiDS9AATUBADB7AE3i27q1H68V6XYymrOVOFvyA9fYJtpGU2A==</latexit>

F1(x)
<latexit sha1_base64="jNcm3AZXhP0+4ymIMZoBqo5fohU=">AAAB+nicdVBLSwMxGMzWV62vrR69BItQL8tuW/u4FQXxWME+oF1KNpttQ7MPkqxa1v4ULx4U8eov8ea/MdtWUNGBkGHm+8hknIhRIU3zQ8usrK6tb2Q3c1vbO7t7en6/I8KYY9LGIQt5z0GCMBqQtqSSkV7ECfIdRrrO5Dz1uzeECxoG13IaEdtHo4B6FCOppKGevygOnJC5YuqrK7mbnQz1gmlU641yowxNw5wjJVbFOq1Ba6kUwBKtof4+cEMc+ySQmCEh+pYZSTtBXFLMyCw3iAWJEJ6gEekrGiCfCDuZR5/BY6W40Au5OoGEc/X7RoJ8kWZTkz6SY/HbS8W/vH4svbqd0CCKJQnw4iEvZlCGMO0BupQTLNlUEYQ5VVkhHiOOsFRt5VQJXz+F/5NOybCqRumqUmieLevIgkNwBIrAAjXQBJegBdoAg1vwAJ7As3avPWov2utiNKMtdw7AD2hvn3/xlC4=</latexit>

F (x)
<latexit sha1_base64="jNcm3AZXhP0+4ymIMZoBqo5fohU=">AAAB+nicdVBLSwMxGMzWV62vrR69BItQL8tuW/u4FQXxWME+oF1KNpttQ7MPkqxa1v4ULx4U8eov8ea/MdtWUNGBkGHm+8hknIhRIU3zQ8usrK6tb2Q3c1vbO7t7en6/I8KYY9LGIQt5z0GCMBqQtqSSkV7ECfIdRrrO5Dz1uzeECxoG13IaEdtHo4B6FCOppKGevygOnJC5YuqrK7mbnQz1gmlU641yowxNw5wjJVbFOq1Ba6kUwBKtof4+cEMc+ySQmCEh+pYZSTtBXFLMyCw3iAWJEJ6gEekrGiCfCDuZR5/BY6W40Au5OoGEc/X7RoJ8kWZTkz6SY/HbS8W/vH4svbqd0CCKJQnw4iEvZlCGMO0BupQTLNlUEYQ5VVkhHiOOsFRt5VQJXz+F/5NOybCqRumqUmieLevIgkNwBIrAAjXQBJegBdoAg1vwAJ7As3avPWov2utiNKMtdw7AD2hvn3/xlC4=</latexit>

F (x)
<latexit sha1_base64="NBiwwTrEXmnLydKnodG7RVhYHi4=">AAAB/HicdVBLSwMxGMzWV62v1R69BItQL0t2bbsei4J4rGAf0JaSzWbb0OyDJCuWpf4VLx4U8eoP8ea/MX0IKjoQMsx8H5mMl3AmFUIfRm5ldW19I79Z2Nre2d0z9w9aMk4FoU0S81h0PCwpZxFtKqY47SSC4tDjtO2NL2Z++5YKyeLoRk0S2g/xMGIBI1hpaWAWLwdOuefF3JeTUF/Z3fRkYJaQZbvIqdkQWY5bcdGpJjaq2lUX2haaowSWaAzM954fkzSkkSIcS9m1UaL6GRaKEU6nhV4qaYLJGA9pV9MIh1T2s3n4KTzWig+DWOgTKThXv29kOJSzbHoyxGokf3sz8S+vm6rgrJ+xKEkVjcjioSDlUMVw1gT0maBE8YkmmAims0IywgITpfsq6BK+fgr/Jy3HsmuWc10p1c+XdeTBITgCZWADF9TBFWiAJiBgAh7AE3g27o1H48V4XYzmjOVOEfyA8fYJs5iU1g==</latexit>

F2(x)
<latexit sha1_base64="NBiwwTrEXmnLydKnodG7RVhYHi4=">AAAB/HicdVBLSwMxGMzWV62v1R69BItQL0t2bbsei4J4rGAf0JaSzWbb0OyDJCuWpf4VLx4U8eoP8ea/MX0IKjoQMsx8H5mMl3AmFUIfRm5ldW19I79Z2Nre2d0z9w9aMk4FoU0S81h0PCwpZxFtKqY47SSC4tDjtO2NL2Z++5YKyeLoRk0S2g/xMGIBI1hpaWAWLwdOuefF3JeTUF/Z3fRkYJaQZbvIqdkQWY5bcdGpJjaq2lUX2haaowSWaAzM954fkzSkkSIcS9m1UaL6GRaKEU6nhV4qaYLJGA9pV9MIh1T2s3n4KTzWig+DWOgTKThXv29kOJSzbHoyxGokf3sz8S+vm6rgrJ+xKEkVjcjioSDlUMVw1gT0maBE8YkmmAims0IywgITpfsq6BK+fgr/Jy3HsmuWc10p1c+XdeTBITgCZWADF9TBFWiAJiBgAh7AE3g27o1H48V4XYzmjOVOEfyA8fYJs5iU1g==</latexit>

F2(x)
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Selection Skew is measured in terms of the following quantities 

where

Selection strategy     maps the current global model to a selected set of clients  ⇡
<latexit sha1_base64="06QdeKKY9Q7Fl56iS0XAFf7L6Rk=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lqQY8FLx4r2g9oQ9lsJ+3SzSbsboQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ7dzvPKHSPJaPZpqgH9GR5CFn1FjpoZ/wQbniVt0FyDrxclKBHM1B+as/jFkaoTRMUK17npsYP6PKcCZwVuqnGhPKJnSEPUsljVD72eLUGbmwypCEsbIlDVmovycyGmk9jQLbGVEz1qveXPzP66UmvPEzLpPUoGTLRWEqiInJ/G8y5AqZEVNLKFPc3krYmCrKjE2nZEPwVl9eJ+1a1buq1u7rlUYtj6MIZ3AOl+DBNTTgDprQAgYjeIZXeHOE8+K8Ox/L1oKTz5zCHzifP0w7jcE=</latexit>

unbiased
1

biased towards clients 
with lower loss

biased towards clients 
with higher loss

2. Communication Heterogeneity
 Measure Skew of a Client Selection Strategy

<latexit sha1_base64="CFZ9VCloDASwRL/Qq7h8JMlIsVM=">AAACCXicbVDLSsNAFJ3UV62vqEs3g0WoICUpoi6LblxWtA9oQplMJu3QySTMTMQSsnXjr7hxoYhb/8Cdf+OkzUJbLwxzOOde7rnHixmVyrK+jdLS8srqWnm9srG5tb1j7u51ZJQITNo4YpHoeUgSRjlpK6oY6cWCoNBjpOuNr3K9e0+EpBG/U5OYuCEachpQjJSmBiZ0QqRGGLH0Nqs5MT2BjhcxX05C/aUP2fHArFp1a1pwEdgFqIKiWgPzy/EjnISEK8yQlH3bipWbIqEoZiSrOIkkMcJjNCR9DTkKiXTT6SUZPNKMD4NI6McVnLK/J1IUytyb7sx9y3ktJ//T+okKLtyU8jhRhOPZoiBhUEUwjwX6VBCs2EQDhAXVXiEeIYGw0uFVdAj2/MmLoNOo22f1xs1ptXlZxFEGB+AQ1IANzkETXIMWaAMMHsEzeAVvxpPxYrwbH7PWklHM7IM/ZXz+AJkNmkg=</latexit>

S(⇡,x)

<latexit sha1_base64="ubJ363lMql4mzHRRNmINHU9oUus="></latexit>

⇢̄ = min
x,x0

⇢(S(⇡,x),x0)
<latexit sha1_base64="WJ0zMrrB/OwgJ78lhZI9lavigLg="></latexit>

⇢̃ = max
x

⇢(S(⇡,x),x⇤)

<latexit sha1_base64="azYNJgWpp72e+4gds4ZKqpn9T/o="></latexit>

⇢(S(⇡,x),x0) =
ES [

1
m

P
k2S(⇡,x)(Fk(x0)� F ⇤

k )]

F (x0)�
PK

k=1 pkF
⇤
k

� 0

<latexit sha1_base64="9llEwz63J8FAOAu9yo26Wid0t+0=">AAACIHicbVDLSsNAFJ34rPUVdelmsIgtSEmKWJdFNy4r2gc0oUwmk3boJBNmJmIJ/RQ3/oobF4roTr/GSZuFth4Y5nDOvdx7jxczKpVlfRlLyyura+uFjeLm1vbOrrm335Y8EZi0MGdcdD0kCaMRaSmqGOnGgqDQY6Tjja4yv3NPhKQ8ulPjmLghGkQ0oBgpLfXNuiOGvOyESA0xYuntpOzE9BQ6Hme+HIf6Sx8mlXnhpNI3S1bVmgIuEjsnJZCj2Tc/HZ/jJCSRwgxJ2bOtWLkpEopiRiZFJ5EkRniEBqSnaYRCIt10euAEHmvFhwEX+kUKTtXfHSkKZbacrswukfNeJv7n9RIVXLgpjeJEkQjPBgUJg4rDLC3oU0GwYmNNEBZU7wrxEAmElc60qEOw509eJO1a1T6v1m7OSo3LPI4COARHoAxsUAcNcA2aoAUweATP4BW8GU/Gi/FufMxKl4y85wD8gfH9Aytio5o=</latexit>

⇢(S(⇡,x),x0)
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<latexit sha1_base64="GU+g1XR9ewmiZSl1ZssX6eOo7uI="></latexit>

Error after T rounds  O

✓
1

T ⇢̄

◆
+O

✓
�

✓
⇢̃

⇢̄
� 1

◆◆

Convergence guarantees for any client selection strategy for L-smooth and μ-
strongly convex functions:  

Observations:
o More selection skew                brings faster convergence

o But too much selection skew increases the non-vanishing bias term 

o To get zero solution bias, we need                                 (homogeneous data) or an 
unbiased selection strategy 

⇢ > 0
<latexit sha1_base64="QMbyV/ZKelpFeNxExivtSw9t8lw=">AAAB+nicbVDLSsNAFL2pr1pfqS7dDBbBVUmqoCspuHFZwT6gCWUynbRDJ5kwM1FK7Ke4caGIW7/EnX/jpM1CWw8MHM65h3vnBAlnSjvOt1VaW9/Y3CpvV3Z29/YP7OphR4lUEtomggvZC7CinMW0rZnmtJdIiqOA024wucn97gOVion4Xk8T6kd4FLOQEayNNLCrnjB2ns48ORaza2dg15y6MwdaJW5BalCgNbC/vKEgaURjTThWqu86ifYzLDUjnM4qXqpogskEj2jf0BhHVPnZ/PQZOjXKEIVCmhdrNFd/JzIcKTWNAjMZYT1Wy14u/uf1Ux1e+RmLk1TTmCwWhSlHWqC8BzRkkhLNp4ZgIpm5FZExlpho01bFlOAuf3mVdBp197zeuLuoNRtFHWU4hhM4AxcuoQm30II2EHiEZ3iFN+vJerHerY/FaMkqMkfwB9bnD3k/lBQ=</latexit>

data heterogeneity

� = 0
<latexit sha1_base64="0WnSzJJBI2oDAQI20Rs0xz2pAy4=">AAAB73icbVBNS8NAEJ34WetX1aOXxSJ4KkkV9CIUPOixgv2ANpTJdtMu3U3i7kYooX/CiwdFvPp3vPlv3LY5aOuDgcd7M8zMCxLBtXHdb2dldW19Y7OwVdze2d3bLx0cNnWcKsoaNBaxageomeARaxhuBGsniqEMBGsFo5up33piSvM4ejDjhPkSBxEPOUVjpXb3FqXEa7dXKrsVdwayTLyclCFHvVf66vZjmkoWGSpQ647nJsbPUBlOBZsUu6lmCdIRDljH0ggl0342u3dCTq3SJ2GsbEWGzNTfExlKrccysJ0SzVAvelPxP6+TmvDKz3iUpIZFdL4oTAUxMZk+T/pcMWrE2BKkittbCR2iQmpsREUbgrf48jJpViveeaV6f1GuVfM4CnAMJ3AGHlxCDe6gDg2gIOAZXuHNeXRenHfnY9664uQzR/AHzucPRkWPag==</latexit>

e⇢ = ⇢ = 1
<latexit sha1_base64="xvlaEt2OZpbfyUwc0mU0Tlofplk=">AAACC3icbVC7TsMwFHV4lvIKMLJYrZCYqqQgwYJUiYWxSPQhNVHlODetVSeObAdURd1Z+BUWBhBi5QfY+BvcNgO0HMnS8Tn3XvueIOVMacf5tlZW19Y3Nktb5e2d3b19++CwrUQmKbSo4EJ2A6KAswRammkO3VQCiQMOnWB0PfU79yAVE8mdHqfgx2SQsIhRoo3UtyveAwtBMx5C7smhmFx5wtRPxxV3t29XnZozA14mbkGqqECzb395oaBZDImmnCjVc51U+zmRmlEOk7KXKUgJHZEB9AxNSAzKz2e7TPCJUUIcCWlOovFM/d2Rk1ipcRyYypjooVr0puJ/Xi/T0aWfsyTNNCR0/lCUcawFngaDQyaBaj42hFDJzF8xHRJJqDbxlU0I7uLKy6Rdr7lntfrtebVRL+IooWNUQafIRReogW5QE7UQRY/oGb2iN+vJerHerY956YpV9ByhP7A+fwAlzZuv</latexit>

2. Communication Heterogeneity
 Convergence with Biased Client Selection 

non-vanishing 
bias

convergence
rate
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Step 1. Sample clients to candidate set      of size 𝑑 with probability 𝑝!
Step 2. Estimate Local Losses of clients in set        for current global model

Step 3. Select the Cm clients with the largest local losses 

A
<latexit sha1_base64="aZ+soFsFbHipXadJXq4ToLIwM5Y=">AAAB83icbVDLSsNAFL3xWeur6tLNYBFclaQKuqy4cVnBPqAJ5WY6bYdOJmFmIpTQ33DjQhG3/ow7/8ZJm4W2Hhg4nHMv98wJE8G1cd1vZ219Y3Nru7RT3t3bPzisHB23dZwqylo0FrHqhqiZ4JK1DDeCdRPFMAoF64STu9zvPDGleSwfzTRhQYQjyYecorGS70doxhRFdjsr9ytVt+bOQVaJV5AqFGj2K1/+IKZpxKShArXueW5iggyV4VSwWdlPNUuQTnDEepZKjJgOsnnmGTm3yoAMY2WfNGSu/t7IMNJ6GoV2Ms+ol71c/M/rpWZ4E2RcJqlhki4ODVNBTEzyAsiAK0aNmFqCVHGbldAxKqTG1pSX4C1/eZW06zXvslZ/uKo26kUdJTiFM7gAD66hAffQhBZQSOAZXuHNSZ0X5935WIyuOcXOCfyB8/kDpVuRXw==</latexit>

A
<latexit sha1_base64="aZ+soFsFbHipXadJXq4ToLIwM5Y=">AAAB83icbVDLSsNAFL3xWeur6tLNYBFclaQKuqy4cVnBPqAJ5WY6bYdOJmFmIpTQ33DjQhG3/ow7/8ZJm4W2Hhg4nHMv98wJE8G1cd1vZ219Y3Nru7RT3t3bPzisHB23dZwqylo0FrHqhqiZ4JK1DDeCdRPFMAoF64STu9zvPDGleSwfzTRhQYQjyYecorGS70doxhRFdjsr9ytVt+bOQVaJV5AqFGj2K1/+IKZpxKShArXueW5iggyV4VSwWdlPNUuQTnDEepZKjJgOsnnmGTm3yoAMY2WfNGSu/t7IMNJ6GoV2Ms+ol71c/M/rpWZ4E2RcJqlhki4ODVNBTEzyAsiAK0aNmFqCVHGbldAxKqTG1pSX4C1/eZW06zXvslZ/uKo26kUdJTiFM7gAD66hAffQhBZQSOAZXuHNSZ0X5935WIyuOcXOCfyB8/kDpVuRXw==</latexit>

o Setting d = Cm is equivalent to unbiased client selection 

o Connected to mini-batch sampling techniques used in single-node SGD training

A
<latexit sha1_base64="aZ+soFsFbHipXadJXq4ToLIwM5Y=">AAAB83icbVDLSsNAFL3xWeur6tLNYBFclaQKuqy4cVnBPqAJ5WY6bYdOJmFmIpTQ33DjQhG3/ow7/8ZJm4W2Hhg4nHMv98wJE8G1cd1vZ219Y3Nru7RT3t3bPzisHB23dZwqylo0FrHqhqiZ4JK1DDeCdRPFMAoF64STu9zvPDGleSwfzTRhQYQjyYecorGS70doxhRFdjsr9ytVt+bOQVaJV5AqFGj2K1/+IKZpxKShArXueW5iggyV4VSwWdlPNUuQTnDEepZKjJgOsnnmGTm3yoAMY2WfNGSu/t7IMNJ6GoV2Ms+ol71c/M/rpWZ4E2RcJqlhki4ODVNBTEzyAsiAK0aNmFqCVHGbldAxKqTG1pSX4C1/eZW06zXvslZ/uKo26kUdJTiFM7gAD66hAffQhBZQSOAZXuHNSZ0X5935WIyuOcXOCfyB8/kDpVuRXw==</latexit>

<latexit sha1_base64="p/72LWOihF3//odpThmmT6fFm7g=">AAACKHicbVDLSsNAFJ3UV62vqEs3g0Wom5LUoq60KBSXFewD2hAmk0k7dJIJMxOxhH6OG3/FjYgi3folTtoutPXAMIdz7uXee7yYUaksa2LkVlbX1jfym4Wt7Z3dPXP/oCV5IjBpYs646HhIEkYj0lRUMdKJBUGhx0jbG95mfvuRCEl59KBGMXFC1I9oQDFSWnLN67p7Vup5nPlyFOovfRqfwitYdyv/qtVF1TWLVtmaAi4Te06KYI6Ga773fI6TkEQKMyRl17Zi5aRIKIoZGRd6iSQxwkPUJ11NIxQS6aTTQ8fwRCs+DLjQL1Jwqv7uSFEos910ZYjUQC56mfif101UcOmkNIoTRSI8GxQkDCoOs9SgTwXBio00QVhQvSvEAyQQVjrbgg7BXjx5mbQqZfu8XLmvFms38zjy4AgcgxKwwQWogTvQAE2AwTN4BR/g03gx3owvYzIrzRnznkPwB8b3D3empag=</latexit>

F3(x) > F2(x) > F4(x)
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2. Communication Heterogeneity
 Power-of-d choices Client Selection



2. Communication Heterogeneity
 Power-of-d choices Client Selection

Step 1. Sample clients to candidate set      of size 𝑑 with probability 𝑝!
Step 2. Estimate Local Losses of clients in set        for current global model

Step 3. Select the Cm clients with the largest local losses 

A
<latexit sha1_base64="aZ+soFsFbHipXadJXq4ToLIwM5Y=">AAAB83icbVDLSsNAFL3xWeur6tLNYBFclaQKuqy4cVnBPqAJ5WY6bYdOJmFmIpTQ33DjQhG3/ow7/8ZJm4W2Hhg4nHMv98wJE8G1cd1vZ219Y3Nru7RT3t3bPzisHB23dZwqylo0FrHqhqiZ4JK1DDeCdRPFMAoF64STu9zvPDGleSwfzTRhQYQjyYecorGS70doxhRFdjsr9ytVt+bOQVaJV5AqFGj2K1/+IKZpxKShArXueW5iggyV4VSwWdlPNUuQTnDEepZKjJgOsnnmGTm3yoAMY2WfNGSu/t7IMNJ6GoV2Ms+ol71c/M/rpWZ4E2RcJqlhki4ODVNBTEzyAsiAK0aNmFqCVHGbldAxKqTG1pSX4C1/eZW06zXvslZ/uKo26kUdJTiFM7gAD66hAffQhBZQSOAZXuHNSZ0X5935WIyuOcXOCfyB8/kDpVuRXw==</latexit>

Larger d gives 
faster convergence, 
but slightly higher 
erorr floor

A
<latexit sha1_base64="aZ+soFsFbHipXadJXq4ToLIwM5Y=">AAAB83icbVDLSsNAFL3xWeur6tLNYBFclaQKuqy4cVnBPqAJ5WY6bYdOJmFmIpTQ33DjQhG3/ow7/8ZJm4W2Hhg4nHMv98wJE8G1cd1vZ219Y3Nru7RT3t3bPzisHB23dZwqylo0FrHqhqiZ4JK1DDeCdRPFMAoF64STu9zvPDGleSwfzTRhQYQjyYecorGS70doxhRFdjsr9ytVt+bOQVaJV5AqFGj2K1/+IKZpxKShArXueW5iggyV4VSwWdlPNUuQTnDEepZKjJgOsnnmGTm3yoAMY2WfNGSu/t7IMNJ6GoV2Ms+ol71c/M/rpWZ4E2RcJqlhki4ODVNBTEzyAsiAK0aNmFqCVHGbldAxKqTG1pSX4C1/eZW06zXvslZ/uKo26kUdJTiFM7gAD66hAffQhBZQSOAZXuHNSZ0X5935WIyuOcXOCfyB8/kDpVuRXw==</latexit>

mmmm = 30, Cm = 2 m = 30, Cm = 1 m = 30, Cm = 3

31



2. Communication Heterogeneity
 Power-of-d choices Client Selection

Step 1. Sample clients to candidate set      of size 𝑑 with probability 𝑝!
Step 2. Estimate Local Losses of clients in set        for current global model

Step 3. Select the Cm clients with the largest local losses 

A
<latexit sha1_base64="aZ+soFsFbHipXadJXq4ToLIwM5Y=">AAAB83icbVDLSsNAFL3xWeur6tLNYBFclaQKuqy4cVnBPqAJ5WY6bYdOJmFmIpTQ33DjQhG3/ow7/8ZJm4W2Hhg4nHMv98wJE8G1cd1vZ219Y3Nru7RT3t3bPzisHB23dZwqylo0FrHqhqiZ4JK1DDeCdRPFMAoF64STu9zvPDGleSwfzTRhQYQjyYecorGS70doxhRFdjsr9ytVt+bOQVaJV5AqFGj2K1/+IKZpxKShArXueW5iggyV4VSwWdlPNUuQTnDEepZKjJgOsnnmGTm3yoAMY2WfNGSu/t7IMNJ6GoV2Ms+ol71c/M/rpWZ4E2RcJqlhki4ODVNBTEzyAsiAK0aNmFqCVHGbldAxKqTG1pSX4C1/eZW06zXvslZ/uKo26kUdJTiFM7gAD66hAffQhBZQSOAZXuHNSZ0X5935WIyuOcXOCfyB8/kDpVuRXw==</latexit>

Less Data Heterogeneity More Data Heterogeneity

We have comp. 
and comm. 
efficient variants 
of this step

A
<latexit sha1_base64="aZ+soFsFbHipXadJXq4ToLIwM5Y=">AAAB83icbVDLSsNAFL3xWeur6tLNYBFclaQKuqy4cVnBPqAJ5WY6bYdOJmFmIpTQ33DjQhG3/ow7/8ZJm4W2Hhg4nHMv98wJE8G1cd1vZ219Y3Nru7RT3t3bPzisHB23dZwqylo0FrHqhqiZ4JK1DDeCdRPFMAoF64STu9zvPDGleSwfzTRhQYQjyYecorGS70doxhRFdjsr9ytVt+bOQVaJV5AqFGj2K1/+IKZpxKShArXueW5iggyV4VSwWdlPNUuQTnDEepZKjJgOsnnmGTm3yoAMY2WfNGSu/t7IMNJ6GoV2Ms+ol71c/M/rpWZ4E2RcJqlhki4ODVNBTEzyAsiAK0aNmFqCVHGbldAxKqTG1pSX4C1/eZW06zXvslZ/uKo26kUdJTiFM7gAD66hAffQhBZQSOAZXuHNSZ0X5935WIyuOcXOCfyB8/kDpVuRXw==</latexit>

m m m m
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2. Communication Heterogeneity
 Open Directions in Client Selection

xk xk xk

Global Objective

Data D1 Data Dm

F1(x)

F (x) =
KX

i=1

piFi(x)

<latexit sha1_base64="8AkVysnQoDy1FqFFil74AMGHynw=">AAACDHicbVC7SgNBFJ2NrxhfUUubwSBYhd0gahm0sYzEPCBZwuzkJhky+2DmrhiWfICNv2JjoYitH2Dn3zibbKGJBwYO55zL3Hu8SAqNtv1t5VZW19Y38puFre2d3b3i/kFTh7Hi0OChDFXbYxqkCKCBAiW0IwXM9yS0vPF16rfuQWkRBnc4icD12TAQA8EZGqlXLHURHjCpgwSO0Kf12NOAdEq7PsMRZzKpT03KLtsz0GXiZKREMtR6xa9uP+SxDwFyybTuOHaEbsIUCi5hWujGGiLGx2wIHUMD5oN2k9kxU3pilD4dhMq8AOlM/T2RMF/rie+ZZLqiXvRS8T+vE+Pg0k1EEMUIAZ9/NIglxZCmzdC+UKYDOTGEcSXMrpSPmGKmF6ULpgRn8eRl0qyUnfNy5fasVL3K6siTI3JMTolDLkiV3JAaaRBOHskzeSVv1pP1Yr1bH/NozspmDskfWJ8/Ha2bqQ==</latexit>

Selected Subset S Fm(x)

Q1: Can loss-aware and/or non-uniform 

client selection improve fairness?
o Yes, power-of-choice client selection 

improves fairness

Q2: Can loss-aware and/or non-uniform 

client selection improve robustness to 

adversarial clients?
o Yes, biasing towards lower loss clients 

can improve robustness



2. Communication Heterogeneity
 Cyclic Client Participation

o Clients have a cyclic availability pattern 

based on location or timezone

o Defies the uniform sampling with 

replacement assumption made by most 

current FedAvg convergence analyses, 

which show an O(1/T) convergence with 

num. of comm. rounds T Round 1 Round 2

xk xk xk

Global Objective

F (x) =
KX

i=1

piFi(x)

Q: How does cyclic client participation affect FedAvg convergence?

[Cho et al ICML 2023] 



2. Communication Heterogeneity
 Cyclic Client Participation [Cho et al ICML 2023] 

First analysis with cyclic participation in FL

Technique based on [Yun 2022] on shuffled SGD

o Total number of clients: m

o Number of client groups: "𝐾

o Clients selected per round: Cm 

For local GD, Round 1 Round 2

xk xk xk

Global Objective

F (x) =
KX

i=1

piFi(x)

<latexit sha1_base64="8bivZKg2CTfDnNbwXxvdt5UsCBM="></latexit>

E[F (x(T ))]� F
⇤  K̄

2(F (x(0))� F
⇤)

mT 2
+ Õ

✓

2(K̄ � 1)2↵2

µT 2

◆
+ Õ

✓
K̄�

2

µCT

✓
1/K̄ � C

m/K̄ � 1

◆◆

Full participation 
within each group

O(1/T2) instead of 
O(1/T) conv. rate



2. Communication Heterogeneity
 Cyclic Client Participation

o EMNIST, Number of client groups: "𝐾

[Cho et al ICML 2023] 



Sources of Heterogeneity in Federated Learning

37

1. Data Heterogeneity

2. Communication Heterogeneity

3. Computational Heterogeneity

Variable number of 
local updates

o Different computation speeds and memory

o Different learning rates or adaptive local optimizers



3. Computational Heterogeneity

38

x⇤
1

<latexit sha1_base64="Lgo4TQwI3T/tCG6XGKa1BLtNjt0="></latexit>x⇤
2

<latexit sha1_base64="850jFz6sKDJGMZ6g4mz/u35IVA4="></latexit>

x⇤
<latexit sha1_base64="Oix7v2RoS02w3m+dltlrCSKKmGk="></latexit>

x(t,0)
<latexit sha1_base64="Y/h/BeNvxq1wgEyII4sq2+rxMzE="></latexit>

x(t+1,0)
<latexit sha1_base64="iOgibsDPiAKUW5YElol2OFSXARU="></latexit>

Heterogeneous setting

x⇤
1

<latexit sha1_base64="Lgo4TQwI3T/tCG6XGKa1BLtNjt0="></latexit>x⇤
2

<latexit sha1_base64="850jFz6sKDJGMZ6g4mz/u35IVA4="></latexit>

x⇤
<latexit sha1_base64="Oix7v2RoS02w3m+dltlrCSKKmGk="></latexit>

x(t,0)
<latexit sha1_base64="Y/h/BeNvxq1wgEyII4sq2+rxMzE="></latexit>

x(t+1,0)
<latexit sha1_base64="iOgibsDPiAKUW5YElol2OFSXARU="></latexit>

Homogeneous setting

Cannot be fixed by the techniques 
used to tackle data heterogeneity

F̃ (x) =
mX

i=1

ni⌧iPm
i=1 ni⌧i

Fi(x)
<latexit sha1_base64="aUCbGZ/tsuwlNBM27IGedX9D2Jk="></latexit>

True Global Objective Mismatched Global Objective

Need to fix the aggregation weights!

F (x) =
mX

i=1

ni

n
Fi(x)

=
mX

i=1

piFi(x)

In [FedNova, NeurIPS 2020] we analyze a generalized FedAvg algorithm and show that 
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Average normalized 
gradients instead of local 

changes

FedAvg’s Update Rule FedNova Update Rule

x(t,0)
<latexit sha1_base64="Y/h/BeNvxq1wgEyII4sq2+rxMzE="></latexit>

x(t+1,0)
<latexit sha1_base64="iOgibsDPiAKUW5YElol2OFSXARU="></latexit>

Optimizes eF (x) =
mX

i=1

pi⌧iPm
i=1 pi⌧i

Fi(x)
<latexit sha1_base64="JCThOrxl5uq01zAt2G89UsaC32k="></latexit>

Optimizes

x(t,4)
1

<latexit sha1_base64="/AqX2amwyPgM8SRgpzltcCTSm5U="></latexit>

x(t,2)
2

<latexit sha1_base64="rqXqqzTsrclPnS8fSice3gKiAos="></latexit>

�⌘d(t)
1 = �(t)

1 /⌧1
<latexit sha1_base64="+OQqWH+8OD40jwYt9XwSbXxoVZM="></latexit>

�(t)
1

<latexit sha1_base64="d62hTQrm/FtO4Nm5mNz+UDDbw4Y="></latexit>

x(t,0)
<latexit sha1_base64="Y/h/BeNvxq1wgEyII4sq2+rxMzE="></latexit>

x(t+1,0)
<latexit sha1_base64="iOgibsDPiAKUW5YElol2OFSXARU="></latexit>

x(t,4)
1

<latexit sha1_base64="/AqX2amwyPgM8SRgpzltcCTSm5U="></latexit>

x(t,2)
2

<latexit sha1_base64="rqXqqzTsrclPnS8fSice3gKiAos="></latexit>

�(t)
1

<latexit sha1_base64="d62hTQrm/FtO4Nm5mNz+UDDbw4Y="></latexit>

x(t+1,0) = x(t,0) + ⌧e↵

mX

i=1

pi
�(t)

i

⌧i
<latexit sha1_base64="AsanDOvPYDKFEUluzQ5VX+cPzVM="></latexit>

eF (x) =
mX

i=1

piFi(x)

⌧e↵ = ⌧̄ =
mX

i=1

pi⌧i

x(t+1,0) = x(t,0) +
mX

i=1

pi�
(t)
i

3. Computational Heterogeneity
 A Generalized Version of the FedAvg algorithm
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Table 1: Results comparing FedAvg and FedNova with various client optimizers (i.e., local solvers)
trained on non-IID CIFAR-10 dataset. FedProx and SCAFFOLD correspond to FedAvg with proximal
SGD updates and cross-client variance-reduction (VR), respectively.

Local Epochs Client Opt. Test Accuracy %

FedAvg FedNova

Ei = 2
(16  ⌧i  408)

Vanilla 60.68±1.05 66.31±0.86
Momentum 65.26±2.42 73.32±0.29

Proximal [38] 60.44±1.21 69.92±0.34

E(t)
i ⇠ U(2, 5)

(16  ⌧
(t)
i  1020)

Vanilla 64.22±1.06 73.22±0.32
Momentum 70.44±2.99 77.07±0.12

Proximal [38] 63.74±1.44 73.41±0.45
VR [20] 74.72±0.34 74.72±0.19

Momen.+VR Not Defined 79.19±0.17

Figure 6: Training curves on non-IID partitioned CIFAR10 dataset. All clients perform 2 local epochs
of training and the number of local steps varies from 16 to 408. Left: Client optimizer is vanilla
SGD; Middle: Client optimizer is SGD with momentum. ‘LM’ represents for local momentum (i.e.,
using momentum locally); Right: Client Optimizer is SGD with proximal updates. ‘Default’ (blue
curve) corresponds to FedProx algorithm. In the green curve, we set ⌧eff to be

Pm
i=1 pi⌧i instead of

its default value
Pm

i=1 pi[1� (1�↵)⌧i ]/↵. In the red curve, we use FedNova with proximal updates
and it gives both higher accuracy and faster convergence than the original FedProx.

Synthetic Dataset Simulations. In Figure 5, we observe that by simply changing wi to pi, FedNova
not only converges significantly faster than FedAvg but also achieves consistently the best perfor-
mance under three different settings. Note that the only difference between FedNova and FedAvg is
the aggregated weights when averaging the normalized gradients.

Non-IID CIFAR-10 Experiments. In Table 1 we compare the performance of FedNova and FedAvg
on non-IID CIFAR-10 with various client optimizers run for 100 communication rounds. When
the client optimizer is SGD or SGD with momentum, simply changing the weights yields a 6-9%
improvement on the test accuracy; When the client optimizer is proximal SGD, FedAvg is equivalent
to FedProx. By setting ⌧eff =

Pm
i=1 pi⌧i and correcting the weights wi = pi while keeping ai same

as FedProx, FedNova-Prox achieves about 10% higher test accuracy than FedProx. In Figure 6,
we further compare the training curves. It turns out that FedNova consistently converges faster
than FedAvg. When using variance-reduction methods such as SCAFFOLD (that requires doubled
communication), FedNova-based method preserves the same test accuracy. Furthermore, combining
local momentum and variance-reduction can be easily achieved in FedNova. It yields the highest test
accuracy among all other local solvers. This kind of combination is non-trivial and has not appeared
yet in the literature. We provide its pseudocode in Appendix H.

Effectiveness of Local Momentum. From Table 1, it is worth noting that using momentum SGD
as the local solver is an effective way to improve the performance. It generally achieves 3-7%
higher test accuracy than vanilla SGD. This local momentum scheme can be further combined with
server momentum [25, 42, 40]. When Ei(t) ⇠ U(2, 5), the hybrid momentum scheme achieves test
accuracy 81.15± 0.38% As a reference, using server momentum alone achieves 77.49± 0.25%.
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FedNova works with various local 

solvers: vanilla SGD, proximal SGD, 

SCAFFOLD/VRL, Momentum etc. 

3. Computational Heterogeneity
 

We extend this to local adaptive 
optimizers in [Wang et al 2021]



Summary and Key Takeaways
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F1(x)

F (x) =
mX

i=1

piFi(x)

Fm(x)

GOAL: Find x that minimizes the 
global objective

 

F (x) =
mX

i=1

piFi(x)

o Allowing heterogeneity makes the system 
more scalable and flexible

o  Heterogeneity-aware algorithms can 
ensure fast convergence in the presence of 
heterogeneity

1. Data Heterogeneity

2. Communication Heterogeneity

3. Computational Heterogeneity



Some Ongoing and Future Directions
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F1(x)

F (x) =
mX

i=1

piFi(x)

Fm(x)

GOAL: Find x that minimizes the 
global objective

 

F (x) =
mX

i=1

piFi(x)Modify this objective

o Allowing Model Heterogeneity [Lin 2022, Cho 2022]

o Concept Drift at Clients [Jothimurugesan et al 2022]

o Personalized Federated Learning [Li 2021, Cho 2022]

o Incentivizing Clients to Participate [Cho et al 2022]



arXiv links to our papers

On the Convergence of Federated Learning with Cyclic Client Participation
https://arxiv.org/pdf/2302.03109, ICML 2023
Y-J Cho, P. Sharma, G. Joshi, Z. Xu, S. Kale, T. Zhang

FedExP: Speeding Up Federated Averaging via Extrapolation
https://arxiv.org/pdf/2301.09604, ICLR 2023
D. Jhunjhunwala, S. Wang, G. Joshi

FedVARP: Tackling the Variance Due to Partial Client Participation in Federated Learning 
https://arxiv.org/abs/2010.01243, UAI 2022, 
D. Jhunjhunwala, P. Sharma, A. Nagarkatti, G. Joshi

Client Selection in Federated Learning: Convergence Analysis and Adaptive Strategies
https://arxiv.org/abs/2010.01243, AISTATS 2022
Y. Cho, J. Wang, G. Joshi

https://arxiv.org/pdf/2302.03109
https://arxiv.org/pdf/2301.09604
https://arxiv.org/abs/2010.01243
https://arxiv.org/abs/2010.01243


arXiv links to our papers

Tackling the Obj. Inconsistency Problem in Heterogeneous Federated Optimization
 https://arxiv.org/abs/2007.07481, NeurIPS 2020
 J. Wang, Qinghua Liu, Hao Liang, G. Joshi, H. Vincent Poor

Local Adaptivity in Federated Learning: Convergence and Consistency
 https://arxiv.org/abs/2106.02305, preprint
 J. Wang, Z. Xu, Z. Garrett, Z. Charles, L. Liu, G. Joshi

To Federate or Not To Federate: Incentivizing Client Participation in Federated Learning
 https://arxiv.org/abs/2205.14840, preprint
 Y. Cho, D. Jhunjhunwala, T. Li, V. Smith , G. Joshi

Federated Learning under Distributed Concept Drift
 https://arxiv.org/abs/2206.00799, AISTATS 2023
 E. Jothimurugesan, K. Hsieh, J Wang, G. Joshi, P. Gibbons

https://arxiv.org/abs/2007.07481
https://arxiv.org/abs/2106.02305
https://arxiv.org/abs/2205.14840
https://arxiv.org/abs/2206.00799

