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How can independent learners, 
optimizing their own objective,  

cooperate and share their knowledge to solve a shared goal?
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My big question

Transfer Learning  
with Neural Nets

Cooperative MARL
Multi-Agent Coordination in Adversarial Environments through Signal Mediated Strategies, AAMAS 2021 

Coordination in adversarial sequential team games via multi-agent deep reinforcement learning 

A Marriage between Adversarial Team Games and 2-player Games: Enabling Abstractions, No-regret 
Learning, and Subgame Solving, ICML 2022 
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My main research motivation is 
Transfer and Collaborative Learning
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Population of users join a “federation” and 
collaborate towards learning a model together

Privacy is important 

Data never leaves the 

device 

🔒

Training on data 
is local and 
independent 

🏠   📡  💪   
Powerful, but 

many challenges.

Communicate 
model updates 

Federated Learning

McMahan, Brendan, et al. "Communication-efficient learning of deep networks from decentralized data." AISTATS, 2017.
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Federated Training

Optimization Round 

• Sample active clients 

• Communicate current model to clients

Created by ArtWorkLeaf
from the Noun Project

Created by Matthias Van Wambeke
from the Noun Project

Created by ArtWorkLeaf
from the Noun Project

Created by Matthias Van Wambeke
from the Noun Project

Created by Matthias Van Wambeke
from the Noun Project

Created by Matthias Van Wambeke
from the Noun Project

Created by Matthias Van Wambeke
from the Noun Project

Created by Matthias Van Wambeke
from the Noun Project

server

Created by ArtWorkLeaf
from the Noun Project

Created by Matthias Van Wambeke
from the Noun Project

Created by ArtWorkLeaf
from the Noun Project

Created by Matthias Van Wambeke
from the Noun Project

Created by Laymik
from the Noun Project

Created by Laymik
from the Noun Project

Created by Laymik
from the Noun Project

Created by Laymik
from the Noun Project
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Federated Training

Optimization Round 

• Sample active clients 

• Communicate current model to clients 

• Local Optimization (independent - in parallel) 

• Several gradient steps locally

Created by iconpacksfrom the Noun Project

Created by ArtWorkLeaf
from the Noun Project

Created by Matthias Van Wambeke
from the Noun Project

Created by ArtWorkLeaf
from the Noun Project

Created by Matthias Van Wambeke
from the Noun Project

server

Created by ArtWorkLeaf
from the Noun Project

Created by Matthias Van Wambeke
from the Noun Project

Created by ArtWorkLeaf
from the Noun Project

Created by Matthias Van Wambeke
from the Noun Project

Created by Matthias Van Wambeke
from the Noun Project

Created by Laymik
from the Noun Project

Created by Matthias Van Wambeke
from the Noun Project

Created by Laymik
from the Noun Project

Created by Matthias Van Wambeke
from the Noun Project

Created by Laymik
from the Noun Project

Created by Matthias Van Wambeke
from the Noun Project

Created by Laymik
from the Noun Project

Created by iconpacksfrom the Noun Project

Created by iconpacksfrom the Noun Project

Created by iconpacksfrom the Noun Project

🔥 🔥

🔥 🔥
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Federated Training

Optimization Round 

• Sample active clients 

• Communicate current model to clients 

• Local Optimization (independent - in parallel) 

• Several gradient steps locally 

• Communicate local models to server

Created by ArtWorkLeaf
from the Noun Project

Created by Matthias Van Wambeke
from the Noun Project

Created by ArtWorkLeaf
from the Noun Project

Created by Matthias Van Wambeke
from the Noun Project

server

Created by ArtWorkLeaf
from the Noun Project

Created by Matthias Van Wambeke
from the Noun Project

Created by ArtWorkLeaf
from the Noun Project

Created by Matthias Van Wambeke
from the Noun Project

Created by Matthias Van Wambeke
from the Noun Project

Created by Matthias Van Wambeke
from the Noun Project

Created by Matthias Van Wambeke
from the Noun Project

Created by Matthias Van Wambeke
from the Noun Project
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Federated Training

Optimization Round 

• Sample active clients 

• Communicate current model to clients 

• Local Optimization (independent - in parallel) 

• Several gradient steps locally 

• Communicate local models to server 

• Aggregate local models on server

Created by ArtWorkLeaf
from the Noun Project

Created by Matthias Van Wambeke
from the Noun Project

Created by ArtWorkLeaf
from the Noun Project

Created by Matthias Van Wambeke
from the Noun Project

server

Created by ArtWorkLeaf
from the Noun Project

Created by Matthias Van Wambeke
from the Noun Project

Created by ArtWorkLeaf
from the Noun Project

Created by Matthias Van Wambeke
from the Noun Project

Created by Matthias Van Wambeke
from the Noun Project

Created by Matthias Van Wambeke
from the Noun Project

Created by Matthias Van Wambeke
from the Noun Project

Created by Matthias Van Wambeke
from the Noun Project

Repeat

<latexit sha1_base64="QPDN3ac3eYCuMC2EvoPnAfhxKGA=">AAAB7XicbVDLSgNBEOyNrxhfUY9eBoOQU9gVX8cQLx4jmAckS5idzG7GzM4sM7NCWPIPXjwo4tX/8ebfOEn2oIkFDUVVN91dQcKZNq777RTW1jc2t4rbpZ3dvf2D8uFRW8tUEdoikkvVDbCmnAnaMsxw2k0UxXHAaScY3878zhNVmknxYCYJ9WMcCRYygo2V2v0Gi6LqoFxxa+4caJV4OalAjuag/NUfSpLGVBjCsdY9z02Mn2FlGOF0WuqnmiaYjHFEe5YKHFPtZ/Nrp+jMKkMUSmVLGDRXf09kONZ6Ege2M8ZmpJe9mfif10tNeONnTCSpoYIsFoUpR0ai2etoyBQlhk8swUQxeysiI6wwMTagkg3BW355lbTPa95V7fL+olJv5HEU4QROoQoeXEMd7qAJLSDwCM/wCm+OdF6cd+dj0Vpw8plj+APn8wf1Bo69</latexit> <latexit sha1_base64="uh1cxWEHQAzsBJr0YFS8FrvNTnE=">AAAB7XicbVDLSgNBEOyNrxhfUY9eBoOgl7Arvo4hXjxGMA9IljA7md2MmZ1ZZmaFsOQfvHhQxKv/482/cZLsQRMLGoqqbrq7goQzbVz32ymsrK6tbxQ3S1vbO7t75f2DlpapIrRJJJeqE2BNORO0aZjhtJMoiuOA03Ywup367SeqNJPiwYwT6sc4EixkBBsrtXp1FkVn/XLFrbozoGXi5aQCORr98ldvIEkaU2EIx1p3PTcxfoaVYYTTSamXappgMsIR7VoqcEy1n82unaATqwxQKJUtYdBM/T2R4VjrcRzYzhiboV70puJ/Xjc14Y2fMZGkhgoyXxSmHBmJpq+jAVOUGD62BBPF7K2IDLHCxNiASjYEb/HlZdI6r3pX1cv7i0qtnsdRhCM4hlPw4BpqcAcNaAKBR3iGV3hzpPPivDsf89aCk88cwh84nz/2io6+</latexit>!
<latexit sha1_base64="Age47FzHBvUqYGPEEfH8g0BXt4k=">AAAB6HicbVDLSgNBEOyNrxhfUY9eBoMgCGFXfB2DXjwmYB6QhDA76U3GzM4uM7NCWPIFXjwo4tVP8ubfOEn2oIkFDUVVN91dfiy4Nq777eRWVtfWN/Kbha3tnd294v5BQ0eJYlhnkYhUy6caBZdYN9wIbMUKaegLbPqju6nffEKleSQfzDjGbkgHkgecUWOl2lmvWHLL7gxkmXgZKUGGaq/41elHLAlRGiao1m3PjU03pcpwJnBS6CQaY8pGdIBtSyUNUXfT2aETcmKVPgkiZUsaMlN/T6Q01Hoc+rYzpGaoF72p+J/XTkxw0025jBODks0XBYkgJiLTr0mfK2RGjC2hTHF7K2FDqigzNpuCDcFbfHmZNM7L3lX5snZRqtxmceThCI7hFDy4hgrcQxXqwADhGV7hzXl0Xpx352PemnOymUP4A+fzB3TFjLk=</latexit>

+
<latexit sha1_base64="Age47FzHBvUqYGPEEfH8g0BXt4k=">AAAB6HicbVDLSgNBEOyNrxhfUY9eBoMgCGFXfB2DXjwmYB6QhDA76U3GzM4uM7NCWPIFXjwo4tVP8ubfOEn2oIkFDUVVN91dfiy4Nq777eRWVtfWN/Kbha3tnd294v5BQ0eJYlhnkYhUy6caBZdYN9wIbMUKaegLbPqju6nffEKleSQfzDjGbkgHkgecUWOl2lmvWHLL7gxkmXgZKUGGaq/41elHLAlRGiao1m3PjU03pcpwJnBS6CQaY8pGdIBtSyUNUXfT2aETcmKVPgkiZUsaMlN/T6Q01Hoc+rYzpGaoF72p+J/XTkxw0025jBODks0XBYkgJiLTr0mfK2RGjC2hTHF7K2FDqigzNpuCDcFbfHmZNM7L3lX5snZRqtxmceThCI7hFDy4hgrcQxXqwADhGV7hzXl0Xpx352PemnOymUP4A+fzB3TFjLk=</latexit>

+

Created by Laymik
from the Noun Project

<latexit sha1_base64="WaL0tWjltrkuxlqV+KuqJEpv8BI=">AAAB6HicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr4sQ9OIxAfOAZAmzk04yZnZ2mZkVwpIv8OJBEa9+kjf/xkmyB00saCiquunuCmLBtXHdbye3srq2vpHfLGxt7+zuFfcPGjpKFMM6i0SkWgHVKLjEuuFGYCtWSMNAYDMY3U395hMqzSP5YMYx+iEdSN7njBor1W66xZJbdmcgy8TLSAkyVLvFr04vYkmI0jBBtW57bmz8lCrDmcBJoZNojCkb0QG2LZU0RO2ns0Mn5MQqPdKPlC1pyEz9PZHSUOtxGNjOkJqhXvSm4n9eOzH9az/lMk4MSjZf1E8EMRGZfk16XCEzYmwJZYrbWwkbUkWZsdkUbAje4svLpHFW9i7LF7XzUuU2iyMPR3AMp+DBFVTgHqpQBwYIz/AKb86j8+K8Ox/z1pyTzRzCHzifP5ANjMs=</latexit>= <latexit sha1_base64="Age47FzHBvUqYGPEEfH8g0BXt4k=">AAAB6HicbVDLSgNBEOyNrxhfUY9eBoMgCGFXfB2DXjwmYB6QhDA76U3GzM4uM7NCWPIFXjwo4tVP8ubfOEn2oIkFDUVVN91dfiy4Nq777eRWVtfWN/Kbha3tnd294v5BQ0eJYlhnkYhUy6caBZdYN9wIbMUKaegLbPqju6nffEKleSQfzDjGbkgHkgecUWOl2lmvWHLL7gxkmXgZKUGGaq/41elHLAlRGiao1m3PjU03pcpwJnBS6CQaY8pGdIBtSyUNUXfT2aETcmKVPgkiZUsaMlN/T6Q01Hoc+rYzpGaoF72p+J/XTkxw0025jBODks0XBYkgJiLTr0mfK2RGjC2hTHF7K2FDqigzNpuCDcFbfHmZNM7L3lX5snZRqtxmceThCI7hFDy4hgrcQxXqwADhGV7hzXl0Xpx352PemnOymUP4A+fzB3TFjLk=</latexit>

+

<latexit sha1_base64="iY97tnDUzPV/WEuiYRKV8bj2L3w="></latexit>

✓t+1 =
1

|S|
X

i2S
✓ti = ✓t � 1

|S|
X

i2S
✓t � ✓ti| {z }

�t
i

FedAVG
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The idea behind FL is to trade off 
communication and local computation 

Reduce the number of synchronisations 
and communication cost by running 
more local optimization steps.

Slides credit, Karimireddy Scaffold presentation

<latexit sha1_base64="PjEzgziN6cFVRJC7jp7hR5LNX9Q=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi8eI5gHJEmYns8mQ2dllplcISz7BiwdFvPpF3vwbJ8keNLGgoajqprsrSKQw6LrfTmFldW19o7hZ2tre2d0r7x80TZxqxhsslrFuB9RwKRRvoEDJ24nmNAokbwWj26nfeuLaiFg94jjhfkQHSoSCUbTSQ9jzeuWKW3VnIMvEy0kFctR75a9uP2ZpxBUySY3peG6CfkY1Cib5pNRNDU8oG9EB71iqaMSNn81OnZATq/RJGGtbCslM/T2R0ciYcRTYzoji0Cx6U/E/r5NieO1nQiUpcsXmi8JUEozJ9G/SF5ozlGNLKNPC3krYkGrK0KZTsiF4iy8vk+ZZ1busXtyfV2o3eRxFOIJjOAUPrqAGd1CHBjAYwDO8wpsjnRfn3fmYtxacfOYQ/sD5/AHzdY2Y</latexit>

f1

<latexit sha1_base64="+Ijd7aCdMS564VI0llk8k3+68sY=">AAAB6nicbVDLSgNBEOz1GeMr6tHLYBA8hd3g6xj04jGieUCyhNlJbzJkdnaZmRXCkk/w4kERr36RN//GSbIHTSxoKKq66e4KEsG1cd1vZ2V1bX1js7BV3N7Z3dsvHRw2dZwqhg0Wi1i1A6pRcIkNw43AdqKQRoHAVjC6nfqtJ1Sax/LRjBP0IzqQPOSMGis9hL1qr1R2K+4MZJl4OSlDjnqv9NXtxyyNUBomqNYdz02Mn1FlOBM4KXZTjQllIzrAjqWSRqj9bHbqhJxapU/CWNmShszU3xMZjbQeR4HtjKgZ6kVvKv7ndVITXvsZl0lqULL5ojAVxMRk+jfpc4XMiLEllClubyVsSBVlxqZTtCF4iy8vk2a14l1WLu7Py7WbPI4CHMMJnIEHV1CDO6hDAxgM4Ble4c0Rzovz7nzMW1ecfOYI/sD5/AH0+Y2Z</latexit>

f2

<latexit sha1_base64="QPIzd5avDWLKZ4ZT228xXM++eZ8=">AAACAHicbVDJSgNBEK2JW4zbqAcPXhqDIAhhJrhdhKAXjxHMAkkYejrdSZOehe4eIQxz8Ve8eFDEq5/hzb+xk8xBEx8UPN6roqqeHwuutON8W4Wl5ZXVteJ6aWNza3vH3t1rqiiRhDZIJCLZ9rGigoe0obkWtB1LigNf0JY/up34rUcqFY/CBz2OaS/Ag5AzTrA2kmcfMHSNukxikjLPRaeIedUsrWaeXXYqzhRokbg5KUOOumd/dfsRSQIaaiKwUh3XiXUvxVJzImhW6iaKxpiM8IB2DA1xQFUvnT6QoWOj9BGLpKlQo6n6eyLFgVLjwDedAdZDNe9NxP+8TqLZVS/lYZxoGpLZIpYIpCM0SQP1uaREi7EhmEhubkVkiE0a2mRWMiG48y8vkma14l5Uzu/PyrWbPI4iHMIRnIALl1CDO6hDAwhk8Ayv8GY9WS/Wu/Uxay1Y+cw+/IH1+QNFZJTw</latexit>

f =
f1 + f2

2

<latexit sha1_base64="o9UNsoOAgncWYzMvqd8qSmfUt0I=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi8eI5gHJEmYns8mQ2dllplcMSz7BiwdFvPpF3vwbJ8keNFrQUFR1090VJFIYdN0vp7C0vLK6VlwvbWxube+Ud/eaJk414w0Wy1i3A2q4FIo3UKDk7URzGgWSt4LR9dRvPXBtRKzucZxwP6IDJULBKFrp7rGHvXLFrbozkL/Ey0kFctR75c9uP2ZpxBUySY3peG6CfkY1Cib5pNRNDU8oG9EB71iqaMSNn81OnZAjq/RJGGtbCslM/TmR0ciYcRTYzoji0Cx6U/E/r5NieOlnQiUpcsXmi8JUEozJ9G/SF5ozlGNLKNPC3krYkGrK0KZTsiF4iy//Jc2TqndePbs9rdSu8jiKcACHcAweXEANbqAODWAwgCd4gVdHOs/Om/M+by04+cw+/ILz8Q10fI3t</latexit>xt

Federated Learning  
a.k.a. Local SGD
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Samples collected on edge devices are biased and correlate to specific user habits, preferences and location 

• Domain Shift 

• Label Skewness 

• Size Skewness (imbalanced local datasets)

Challenges in Federated Learning
The issue of statistical heterogeneity 
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Breaking the IID assumption in FL

<latexit sha1_base64="PjEzgziN6cFVRJC7jp7hR5LNX9Q=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi8eI5gHJEmYns8mQ2dllplcISz7BiwdFvPpF3vwbJ8keNLGgoajqprsrSKQw6LrfTmFldW19o7hZ2tre2d0r7x80TZxqxhsslrFuB9RwKRRvoEDJ24nmNAokbwWj26nfeuLaiFg94jjhfkQHSoSCUbTSQ9jzeuWKW3VnIMvEy0kFctR75a9uP2ZpxBUySY3peG6CfkY1Cib5pNRNDU8oG9EB71iqaMSNn81OnZATq/RJGGtbCslM/T2R0ciYcRTYzoji0Cx6U/E/r5NieO1nQiUpcsXmi8JUEozJ9G/SF5ozlGNLKNPC3krYkGrK0KZTsiF4iy8vk+ZZ1busXtyfV2o3eRxFOIJjOAUPrqAGd1CHBjAYwDO8wpsjnRfn3fmYtxacfOYQ/sD5/AHzdY2Y</latexit>

f1

<latexit sha1_base64="+Ijd7aCdMS564VI0llk8k3+68sY=">AAAB6nicbVDLSgNBEOz1GeMr6tHLYBA8hd3g6xj04jGieUCyhNlJbzJkdnaZmRXCkk/w4kERr36RN//GSbIHTSxoKKq66e4KEsG1cd1vZ2V1bX1js7BV3N7Z3dsvHRw2dZwqhg0Wi1i1A6pRcIkNw43AdqKQRoHAVjC6nfqtJ1Sax/LRjBP0IzqQPOSMGis9hL1qr1R2K+4MZJl4OSlDjnqv9NXtxyyNUBomqNYdz02Mn1FlOBM4KXZTjQllIzrAjqWSRqj9bHbqhJxapU/CWNmShszU3xMZjbQeR4HtjKgZ6kVvKv7ndVITXvsZl0lqULL5ojAVxMRk+jfpc4XMiLEllClubyVsSBVlxqZTtCF4iy8vk2a14l1WLu7Py7WbPI4CHMMJnIEHV1CDO6hDAxgM4Ble4c0Rzovz7nzMW1ecfOYI/sD5/AH0+Y2Z</latexit>

f2

<latexit sha1_base64="QPIzd5avDWLKZ4ZT228xXM++eZ8=">AAACAHicbVDJSgNBEK2JW4zbqAcPXhqDIAhhJrhdhKAXjxHMAkkYejrdSZOehe4eIQxz8Ve8eFDEq5/hzb+xk8xBEx8UPN6roqqeHwuutON8W4Wl5ZXVteJ6aWNza3vH3t1rqiiRhDZIJCLZ9rGigoe0obkWtB1LigNf0JY/up34rUcqFY/CBz2OaS/Ag5AzTrA2kmcfMHSNukxikjLPRaeIedUsrWaeXXYqzhRokbg5KUOOumd/dfsRSQIaaiKwUh3XiXUvxVJzImhW6iaKxpiM8IB2DA1xQFUvnT6QoWOj9BGLpKlQo6n6eyLFgVLjwDedAdZDNe9NxP+8TqLZVS/lYZxoGpLZIpYIpCM0SQP1uaREi7EhmEhubkVkiE0a2mRWMiG48y8vkma14l5Uzu/PyrWbPI4iHMIRnIALl1CDO6hDAwhk8Ayv8GY9WS/Wu/Uxay1Y+cw+/IH1+QNFZJTw</latexit>

f =
f1 + f2

2

<latexit sha1_base64="o9UNsoOAgncWYzMvqd8qSmfUt0I=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi8eI5gHJEmYns8mQ2dllplcMSz7BiwdFvPpF3vwbJ8keNFrQUFR1090VJFIYdN0vp7C0vLK6VlwvbWxube+Ud/eaJk414w0Wy1i3A2q4FIo3UKDk7URzGgWSt4LR9dRvPXBtRKzucZxwP6IDJULBKFrp7rGHvXLFrbozkL/Ey0kFctR75c9uP2ZpxBUySY3peG6CfkY1Cib5pNRNDU8oG9EB71iqaMSNn81OnZAjq/RJGGtbCslM/TmR0ciYcRTYzoji0Cx6U/E/r5NieOlnQiUpcsXmi8JUEozJ9G/SF5ozlGNLKNPC3krYkGrK0KZTsiF4iy//Jc2TqndePbs9rdSu8jiKcACHcAweXEANbqAODWAwgCd4gVdHOs/Om/M+by04+cw+/ILz8Q10fI3t</latexit>xt

1) Client drift problem 

• Local training is biased towards local data 

• Inherent objectives inconsistency 

2) Partial Participation 

• Only a portion of clients is available at each round 

• Global training trajectory can be noisy

Non-IID sampling causes slow convergence and poor performance 
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Up to 10x slower convergence by  
increasing heterogeneity across clients

C
lie

nt
s

Class Distribution

Homogeneity (IID Split) Extreme Heterogeneity

Extreme Heterogeneity

Homogeneity (IID Split)

D. Caldarola, B. Caputo, M. Ciccone  “Improving Generalization in Federated Learning by Seeking Flat Minima “  ECCV 2022

Effect of heterogeneity on FedAVG convergence speed 
(CIFAR100)
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Research Objectives

⚡  

Improving generalization 
performance — close the 
gap with centralised 
training 

☄  

Speeding up convergence 
by reducing 
communication rounds 

👀  

Minimizing 
communication cost 

🧿  

Enabling real-world 
applications

Mitigate the issues of statistical heterogeneity
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• We propose methods for improving generalization in FL 

• Acting both on client and server sides

QUESTION 1: 
Can we improve generalization to get 
better global performance?  

Improving Generalization in Federated Learning by Seeking Flat Minima 

D. Caldarola*, B. Caputo, M.Ciccone*
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Our hypothesis

Generalization performance of FL algorithms are bounded by the quality of the local models. 

Clients may suffer of poor generalization, exacerbated by heterogeneity and small local 
datasets with limited sample diversity.

💡 Idea  

Improve local models quality by searching for  
better, more generalisable solutions



Not all minima are created equal. 

Flat minima show strong empirical correlation with 
generalization in neural networks

18

Design algorithms that search for flat 
minima while optimising for performance

Keskar, Nitish Shirish, et al. "On large-batch training for deep learning: Generalization gap and sharp minima." ICLR 2016 

Jiang, Yiding, et al. "Fantastic generalization measures and where to find them."  ICLR 2020

In search of generalization

Foret, Pierre, et al. "Sharpness-aware minimization for efficiently improving generalization." ICLR 2021

Izmailov, Pavel, et al. "Averaging weights leads to wider optima and better generalization." UAI 2018

• SAM: Sharpness Aware Minimization 

• SWA: Stochastic Weight Averaging
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Created by Matthias Van Wambeke
from the Noun Project

Created by Laymik
from the Noun Project

Created by Matthias Van Wambeke
from the Noun Project

Created by Laymik
from the Noun Project

Created by Matthias Van Wambeke
from the Noun Project

Created by Laymik
from the Noun Project

Server side

Locally train with SAM  
to converge to flat minima

ensemble global models 
with SWA

Update global model with 
FedAVG

<latexit sha1_base64="L18YN7nRcQa624lXKebWF9N6Jig="></latexit>

✓SWA  
✓SWA · nmodels + ✓

nmodels + 1

<latexit sha1_base64="QPDN3ac3eYCuMC2EvoPnAfhxKGA=">AAAB7XicbVDLSgNBEOyNrxhfUY9eBoOQU9gVX8cQLx4jmAckS5idzG7GzM4sM7NCWPIPXjwo4tX/8ebfOEn2oIkFDUVVN91dQcKZNq777RTW1jc2t4rbpZ3dvf2D8uFRW8tUEdoikkvVDbCmnAnaMsxw2k0UxXHAaScY3878zhNVmknxYCYJ9WMcCRYygo2V2v0Gi6LqoFxxa+4caJV4OalAjuag/NUfSpLGVBjCsdY9z02Mn2FlGOF0WuqnmiaYjHFEe5YKHFPtZ/Nrp+jMKkMUSmVLGDRXf09kONZ6Ege2M8ZmpJe9mfif10tNeONnTCSpoYIsFoUpR0ai2etoyBQlhk8swUQxeysiI6wwMTagkg3BW355lbTPa95V7fL+olJv5HEU4QROoQoeXEMd7qAJLSDwCM/wCm+OdF6cd+dj0Vpw8plj+APn8wf1Bo69</latexit> <latexit sha1_base64="uh1cxWEHQAzsBJr0YFS8FrvNTnE=">AAAB7XicbVDLSgNBEOyNrxhfUY9eBoOgl7Arvo4hXjxGMA9IljA7md2MmZ1ZZmaFsOQfvHhQxKv/482/cZLsQRMLGoqqbrq7goQzbVz32ymsrK6tbxQ3S1vbO7t75f2DlpapIrRJJJeqE2BNORO0aZjhtJMoiuOA03Ywup367SeqNJPiwYwT6sc4EixkBBsrtXp1FkVn/XLFrbozoGXi5aQCORr98ldvIEkaU2EIx1p3PTcxfoaVYYTTSamXappgMsIR7VoqcEy1n82unaATqwxQKJUtYdBM/T2R4VjrcRzYzhiboV70puJ/Xjc14Y2fMZGkhgoyXxSmHBmJpq+jAVOUGD62BBPF7K2IDLHCxNiASjYEb/HlZdI6r3pX1cv7i0qtnsdRhCM4hlPw4BpqcAcNaAKBR3iGV3hzpPPivDsf89aCk88cwh84nz/2io6+</latexit>!
<latexit sha1_base64="Age47FzHBvUqYGPEEfH8g0BXt4k=">AAAB6HicbVDLSgNBEOyNrxhfUY9eBoMgCGFXfB2DXjwmYB6QhDA76U3GzM4uM7NCWPIFXjwo4tVP8ubfOEn2oIkFDUVVN91dfiy4Nq777eRWVtfWN/Kbha3tnd294v5BQ0eJYlhnkYhUy6caBZdYN9wIbMUKaegLbPqju6nffEKleSQfzDjGbkgHkgecUWOl2lmvWHLL7gxkmXgZKUGGaq/41elHLAlRGiao1m3PjU03pcpwJnBS6CQaY8pGdIBtSyUNUXfT2aETcmKVPgkiZUsaMlN/T6Q01Hoc+rYzpGaoF72p+J/XTkxw0025jBODks0XBYkgJiLTr0mfK2RGjC2hTHF7K2FDqigzNpuCDcFbfHmZNM7L3lX5snZRqtxmceThCI7hFDy4hgrcQxXqwADhGV7hzXl0Xpx352PemnOymUP4A+fzB3TFjLk=</latexit>

+
<latexit sha1_base64="Age47FzHBvUqYGPEEfH8g0BXt4k=">AAAB6HicbVDLSgNBEOyNrxhfUY9eBoMgCGFXfB2DXjwmYB6QhDA76U3GzM4uM7NCWPIFXjwo4tVP8ubfOEn2oIkFDUVVN91dfiy4Nq777eRWVtfWN/Kbha3tnd294v5BQ0eJYlhnkYhUy6caBZdYN9wIbMUKaegLbPqju6nffEKleSQfzDjGbkgHkgecUWOl2lmvWHLL7gxkmXgZKUGGaq/41elHLAlRGiao1m3PjU03pcpwJnBS6CQaY8pGdIBtSyUNUXfT2aETcmKVPgkiZUsaMlN/T6Q01Hoc+rYzpGaoF72p+J/XTkxw0025jBODks0XBYkgJiLTr0mfK2RGjC2hTHF7K2FDqigzNpuCDcFbfHmZNM7L3lX5snZRqtxmceThCI7hFDy4hgrcQxXqwADhGV7hzXl0Xpx352PemnOymUP4A+fzB3TFjLk=</latexit>

+

Created by Laymik
from the Noun Project

<latexit sha1_base64="WaL0tWjltrkuxlqV+KuqJEpv8BI=">AAAB6HicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr4sQ9OIxAfOAZAmzk04yZnZ2mZkVwpIv8OJBEa9+kjf/xkmyB00saCiquunuCmLBtXHdbye3srq2vpHfLGxt7+zuFfcPGjpKFMM6i0SkWgHVKLjEuuFGYCtWSMNAYDMY3U395hMqzSP5YMYx+iEdSN7njBor1W66xZJbdmcgy8TLSAkyVLvFr04vYkmI0jBBtW57bmz8lCrDmcBJoZNojCkb0QG2LZU0RO2ns0Mn5MQqPdKPlC1pyEz9PZHSUOtxGNjOkJqhXvSm4n9eOzH9az/lMk4MSjZf1E8EMRGZfk16XCEzYmwJZYrbWwkbUkWZsdkUbAje4svLpHFW9i7LF7XzUuU2iyMPR3AMp+DBFVTgHqpQBwYIz/AKb86j8+K8Ox/z1pyTzRzCHzifP5ANjMs=</latexit>=
Client side

Finding Flat minima in Federated Learning

Find better  
local models 

Aggregate multiple global models to 
mitigate the noise of partial 

participation



20

FedAVG

FedSAM

Local SAM effectively reaches flat minima

Hessian eigenspectrum of the global model
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🔭 
Results BASELINES

✦ Data Augmentation fails in heterogeneous settings and needs to be reconsidered in FL

✦ Flat Minima are more beneficial in FL than in centralized setting
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FedSAM can be used with other techniques to improve convergence speed 

Dai, Rong, et al. FedGAMMA IEEE TNNLS 2023 

Sun, Yan, et al. Fedspeed ICLR 2023 

Sun, Yan, et al. FedSMOO, ICML 2023

is local regularisation enough for better convergence? 

https://ieeexplore.ieee.org/document/10269141
https://arxiv.org/abs/2302.10429
https://arxiv.org/pdf/2305.11584.pdf
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QUESTION 2: 
Can we accelerate 
convergence and be 
communication efficient?

Communication-Efficient Heterogeneous Federated Learning with  
Generalized Heavy-Ball Momentum 

R. Zaccone, C. Masone, M. Ciccone

under review
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Heterogeneity causes the local 
optimization to drift from the global 
minimum 

• Global convergence is much slower 
• May not converge to the true optimum

Client-drift problem
<latexit sha1_base64="PjEzgziN6cFVRJC7jp7hR5LNX9Q=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi8eI5gHJEmYns8mQ2dllplcISz7BiwdFvPpF3vwbJ8keNLGgoajqprsrSKQw6LrfTmFldW19o7hZ2tre2d0r7x80TZxqxhsslrFuB9RwKRRvoEDJ24nmNAokbwWj26nfeuLaiFg94jjhfkQHSoSCUbTSQ9jzeuWKW3VnIMvEy0kFctR75a9uP2ZpxBUySY3peG6CfkY1Cib5pNRNDU8oG9EB71iqaMSNn81OnZATq/RJGGtbCslM/T2R0ciYcRTYzoji0Cx6U/E/r5NieO1nQiUpcsXmi8JUEozJ9G/SF5ozlGNLKNPC3krYkGrK0KZTsiF4iy8vk+ZZ1busXtyfV2o3eRxFOIJjOAUPrqAGd1CHBjAYwDO8wpsjnRfn3fmYtxacfOYQ/sD5/AHzdY2Y</latexit>

f1

<latexit sha1_base64="+Ijd7aCdMS564VI0llk8k3+68sY=">AAAB6nicbVDLSgNBEOz1GeMr6tHLYBA8hd3g6xj04jGieUCyhNlJbzJkdnaZmRXCkk/w4kERr36RN//GSbIHTSxoKKq66e4KEsG1cd1vZ2V1bX1js7BV3N7Z3dsvHRw2dZwqhg0Wi1i1A6pRcIkNw43AdqKQRoHAVjC6nfqtJ1Sax/LRjBP0IzqQPOSMGis9hL1qr1R2K+4MZJl4OSlDjnqv9NXtxyyNUBomqNYdz02Mn1FlOBM4KXZTjQllIzrAjqWSRqj9bHbqhJxapU/CWNmShszU3xMZjbQeR4HtjKgZ6kVvKv7ndVITXvsZl0lqULL5ojAVxMRk+jfpc4XMiLEllClubyVsSBVlxqZTtCF4iy8vk2a14l1WLu7Py7WbPI4CHMMJnIEHV1CDO6hDAxgM4Ble4c0Rzovz7nzMW1ecfOYI/sD5/AH0+Y2Z</latexit>

f2

<latexit sha1_base64="QPIzd5avDWLKZ4ZT228xXM++eZ8=">AAACAHicbVDJSgNBEK2JW4zbqAcPXhqDIAhhJrhdhKAXjxHMAkkYejrdSZOehe4eIQxz8Ve8eFDEq5/hzb+xk8xBEx8UPN6roqqeHwuutON8W4Wl5ZXVteJ6aWNza3vH3t1rqiiRhDZIJCLZ9rGigoe0obkWtB1LigNf0JY/up34rUcqFY/CBz2OaS/Ag5AzTrA2kmcfMHSNukxikjLPRaeIedUsrWaeXXYqzhRokbg5KUOOumd/dfsRSQIaaiKwUh3XiXUvxVJzImhW6iaKxpiM8IB2DA1xQFUvnT6QoWOj9BGLpKlQo6n6eyLFgVLjwDedAdZDNe9NxP+8TqLZVS/lYZxoGpLZIpYIpCM0SQP1uaREi7EhmEhubkVkiE0a2mRWMiG48y8vkma14l5Uzu/PyrWbPI4iHMIRnIALl1CDO6hDAwhk8Ayv8GY9WS/Wu/Uxay1Y+cw+/IH1+QNFZJTw</latexit>

f =
f1 + f2

2

<latexit sha1_base64="o9UNsoOAgncWYzMvqd8qSmfUt0I=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi8eI5gHJEmYns8mQ2dllplcMSz7BiwdFvPpF3vwbJ8keNFrQUFR1090VJFIYdN0vp7C0vLK6VlwvbWxube+Ud/eaJk414w0Wy1i3A2q4FIo3UKDk7URzGgWSt4LR9dRvPXBtRKzucZxwP6IDJULBKFrp7rGHvXLFrbozkL/Ey0kFctR75c9uP2ZpxBUySY3peG6CfkY1Cib5pNRNDU8oG9EB71iqaMSNn81OnZAjq/RJGGtbCslM/TmR0ciYcRTYzoji0Cx6U/E/r5NieOlnQiUpcsXmi8JUEozJ9G/SF5ozlGNLKNPC3krYkGrK0KZTsiF4iy//Jc2TqndePbs9rdSu8jiKcACHcAweXEANbqAODWAwgCd4gVdHOs/Om/M+by04+cw+/ILz8Q10fI3t</latexit>xt

Slides credit, Karimireddy Scaffold presentation

Local learners need to know more about the global distribution.
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💡 Idea  

1) Correct the local training trajectory with a 
local momentum term that maintains the  

global optimization direction 

2) Compute the correction directly on the client

Communication-Efficient Local Momentum
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<latexit sha1_base64="RB+t9Ra5NAqDbQB/7taCN+nRIVw="></latexit>

✓t  ✓t�1 � ⌘rL(f✓t�1) + �(✓t�1 � ✓t�2)

Classical Heavy-Ball (Polyak, 1964)

Direction of improvement  
between two iterates 

Generalised Heavy-Ball (GHB) Momentum

<latexit sha1_base64="ginBR9ItfQwXWALeUzqLzS1ZzK4="></latexit>

✓t  ✓t�1 � ⌘rL(f✓t�1) +
�

⌧
(✓t�1 � ✓t�⌧�1)

Generalised Heavy-Ball (ours)

Consider a momentum over  
larger period         

<latexit sha1_base64="hnLXyj98SyWJxboWlxO2Ayd1ueI=">AAAB63icbVBNS8NAEJ3Ur1q/qh69BIvgqSTi17HoxWMFawttKJvtpl26uwm7E6GE/gUvHhTx6h/y5r9x0+agrQ8GHu/NMDMvTAQ36HnfTmlldW19o7xZ2dre2d2r7h88mjjVlLVoLGLdCYlhgivWQo6CdRLNiAwFa4fj29xvPzFteKwecJKwQJKh4hGnBHOphyTtV2te3ZvBXSZ+QWpQoNmvfvUGMU0lU0gFMabrewkGGdHIqWDTSi81LCF0TIasa6kikpkgm906dU+sMnCjWNtS6M7U3xMZkcZMZGg7JcGRWfRy8T+vm2J0HWRcJSkyReeLolS4GLv54+6Aa0ZRTCwhVHN7q0tHRBOKNp6KDcFffHmZPJ7V/cv6xf15rXFTxFGGIziGU/DhChpwB01oAYURPMMrvDnSeXHenY95a8kpZg7hD5zPHyRtjlI=</latexit>⌧

Computing the momentum term over a larger period      allows for a  
better estimate of the global model direction. 

<latexit sha1_base64="hnLXyj98SyWJxboWlxO2Ayd1ueI=">AAAB63icbVBNS8NAEJ3Ur1q/qh69BIvgqSTi17HoxWMFawttKJvtpl26uwm7E6GE/gUvHhTx6h/y5r9x0+agrQ8GHu/NMDMvTAQ36HnfTmlldW19o7xZ2dre2d2r7h88mjjVlLVoLGLdCYlhgivWQo6CdRLNiAwFa4fj29xvPzFteKwecJKwQJKh4hGnBHOphyTtV2te3ZvBXSZ+QWpQoNmvfvUGMU0lU0gFMabrewkGGdHIqWDTSi81LCF0TIasa6kikpkgm906dU+sMnCjWNtS6M7U3xMZkcZMZGg7JcGRWfRy8T+vm2J0HWRcJSkyReeLolS4GLv54+6Aa0ZRTCwhVHN7q0tHRBOKNp6KDcFffHmZPJ7V/cv6xf15rXFTxFGGIziGU/DhChpwB01oAYURPMMrvDnSeXHenY95a8kpZg7hD5zPHyRtjlI=</latexit>⌧
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The GHB momentum contains the gradients from clients sampled between      rounds 
Particularly important in FL to correctly fix local direction  

because of partial participation and heterogeneity.

Local GHB Momentum 

Extra 1.5x communication

GHB Momentum term 
computed on the server

<latexit sha1_base64="hnLXyj98SyWJxboWlxO2Ayd1ueI=">AAAB63icbVBNS8NAEJ3Ur1q/qh69BIvgqSTi17HoxWMFawttKJvtpl26uwm7E6GE/gUvHhTx6h/y5r9x0+agrQ8GHu/NMDMvTAQ36HnfTmlldW19o7xZ2dre2d2r7h88mjjVlLVoLGLdCYlhgivWQo6CdRLNiAwFa4fj29xvPzFteKwecJKwQJKh4hGnBHOphyTtV2te3ZvBXSZ+QWpQoNmvfvUGMU0lU0gFMabrewkGGdHIqWDTSi81LCF0TIasa6kikpkgm906dU+sMnCjWNtS6M7U3xMZkcZMZGg7JcGRWfRy8T+vm2J0HWRcJSkyReeLolS4GLv54+6Aa0ZRTCwhVHN7q0tHRBOKNp6KDcFffHmZPJ7V/cv6xf15rXFTxFGGIziGU/DhChpwB01oAYURPMMrvDnSeXHenY95a8kpZg7hD5zPHyRtjlI=</latexit>⌧

<latexit sha1_base64="E+sxH3yyVGMVoTR/pWrDLm9JG0g="></latexit>

✓ti,j+1  ✓ti,j � ⌘rL(f✓t
i,j
, di,j) + �̂(✓t�1 � ✓t�⌧�1)

Client update rule:

Computing the momentum term on the server over a larger period allows for a  
better estimate of the global model direction.  



We can efficiently compute the global direction without extra communication, directly on the client. 

If clients participate multiple times in the training, they can store the model received at past participation round 

28

<latexit sha1_base64="EetaFQR464aGGMEpUpiH3ZwLEYw=">AAAB8HicbVDLSgNBEOz1GeMr6tHLYBC8GHbF1zHoxWME85BkCbOT2WTI7Owy0yuEJV/hxYMiXv0cb/6Nk2QPmljQUFR1090VJFIYdN1vZ2l5ZXVtvbBR3Nza3tkt7e03TJxqxusslrFuBdRwKRSvo0DJW4nmNAokbwbD24nffOLaiFg94CjhfkT7SoSCUbTSI56SDtK0K7qlsltxpyCLxMtJGXLUuqWvTi9macQVMkmNaXtugn5GNQom+bjYSQ1PKBvSPm9bqmjEjZ9NDx6TY6v0SBhrWwrJVP09kdHImFEU2M6I4sDMexPxP6+dYnjtZ0IlKXLFZovCVBKMyeR70hOaM5QjSyjTwt5K2IBqytBmVLQhePMvL5LGWcW7rFzcn5erN3kcBTiEIzgBD66gCndQgzowiOAZXuHN0c6L8+58zFqXnHzmAP7A+fwBOiqQDQ==</latexit>

t� ⌧i

FedHBM: Communication Efficient HB Momentum

<latexit sha1_base64="nuLNnBXIZozaXRZdVPdekjbu/jg="></latexit>

✓ti,j+1  ✓ti,j � ⌘rL(f✓t
i,j
, di,j) + �̂i(✓

t
i,j � ✓t�⌧i

i )

We can leverage the heavy ball formulation and estimate the global model direction  
by taking the difference between the current model and the model at the past client participation



Existing momentum-based FL algorithms implement the special case of GHB with  

Not really effective. Larger period, instead, speed up convergence.
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CIFAR-10 CIFAR-100

<latexit sha1_base64="P0adZbsyMh+7RsOpJnnRy739bo0=">AAAB7XicbVDLSgNBEOz1GeMr6tHLYBA8hV3xdRGCXjxGMA9IljA7mU3GzO4sM71CWPIPXjwo4tX/8ebfOEn2oIkFDUVVN91dQSKFQdf9dpaWV1bX1gsbxc2t7Z3d0t5+w6hUM15nSirdCqjhUsS8jgIlbyWa0yiQvBkMbyd+84lrI1T8gKOE+xHtxyIUjKKVGh2k6bXXLZXdijsFWSReTsqQo9YtfXV6iqURj5FJakzbcxP0M6pRMMnHxU5qeELZkPZ529KYRtz42fTaMTm2So+EStuKkUzV3xMZjYwZRYHtjCgOzLw3Ef/z2imGV34m4iRFHrPZojCVBBWZvE56QnOGcmQJZVrYWwkbUE0Z2oCKNgRv/uVF0jiteBeV8/uzcvUmj6MAh3AEJ+DBJVThDmpQBwaP8Ayv8OYo58V5dz5mrUtOPnMAf+B8/gAYk47U</latexit>

⌧ = 1

On the importance of GHB momentum
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All baselines are heavily tuned for fair comparison

FedHBM is much faster and communication-efficient 

Main Results
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Large-scale Real-World Classification
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Large-scale Real-World Classification

Participation Rate
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QUESTION 3: 
Which part of the model is 
the most affected by 
heterogeneity?

Accelerating Heterogeneous Federated Learning  
with Closed-form Classifiers 

E. Fanì, R. Camoriano, B. Caputo, M.Ciccone

Under review



• Recent work show that deeper layers are more subject to client drift 

• Shown by CKA similarities of different layers in clients' local model pairs

34Mi Luo, Fei Chen, Dapeng Hu, Yifan Zhang, Jian Liang, & Jiashi Feng. (2021). No Fear of Heterogeneity: Classifier Calibration for Federated Learning with Non-IID Data.

Heterogeneity and partial participation mainly affect the classifier 

Classifier bias in Federated Learning



• Because of partial participation, at each round the classifier becomes overly biased towards recent 
participating clients overwriting past knowledge (forgetting). 

• Similar effect in Continual Learning, where data are observed as non-iid (sequentially)

35

Data-recency bias in Heterogenous Federated Learning

Ruohan Wang*, Marco Ciccone*, Massimiliano Pontil, & Carlo Ciliberto. (2022). Schedule-Robust Online Continual Learning. (Submitted to TPAMI)
Masana, Marc, et al. Class-incremental learning: survey and performance evaluation on image classification. IEEE TPAMI
Wu, Yue, et al. (2019) Large scale incremental learning. CVPR
Mai, Zheda, et al. (2021) Supervised contrastive replay: Revisiting the nearest class mean classifier in online class-incremental continual learning. CVPRW

Extreme Heterogeneity Homogeneous Distribution

From D. Caldarola, B. Caputo, M. Ciccone  “Improving Generalization in Federated Learning by Seeking Flat Minima “  ECCV 2022

Each color is the  
accuracy of one class
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💡 Idea* 

1) Replace softmax classifier with a closed-form classifier 

2) Decouple the representation and classifier learning

Solving the biased-classifier problem 

* Similar idea used in Continual Learning:  
Ruohan Wang*, Marco Ciccone*, Massimiliano Pontil, & Carlo Ciliberto. (2022) Schedule-Robust Online Continual Learning. (Submitted to TPAMI)



Pretrained feature 
extractor

<latexit sha1_base64="tF4HNUm/wGVARe2pPxDF8RvJWGM="></latexit>

f(x) = argmax
y

w>
y  (x),We can use a “one vs all” classifier

Ruohan Wang*, Marco Ciccone*, Massimiliano Pontil, & Carlo Ciliberto. (2022). Schedule-Robust Online Continual Learning.

Closed-form solution

<latexit sha1_base64="9ARPojczSJhQM75w2jhMn/5yrj4="></latexit>

X = [ (x1) . . . (xN )]>
<latexit sha1_base64="CuOZvn9fXsT/PO9YuaXvioukW30="></latexit>

Y = [OneHot(y1) . . .OneHot(yN )]>

<latexit sha1_base64="J8fd+wAPv+qNTeQxBF1uDpOXq6c="></latexit>

W ⇤ = (X>X| {z }
A

+�I)�1 X>Y| {z }
b

<latexit sha1_base64="1BMH+VQ3FP4FxAApFhpgczdC9eE="></latexit>

Anew = Aold +  (x) (x)>

<latexit sha1_base64="N2JaV+cbfIpHZ9VgTurmGswR+Vw="></latexit>

8z 2 Y

Online Update

<latexit sha1_base64="IGD4IPiyfyY48w9JNd+qRQG4tT4="></latexit>

wz = (Anew + �I)�1bnewz 8z 2 Y

<latexit sha1_base64="fww9NwowWaPMvcRv/tPP9VGckIk="></latexit>

bnewz =

(
boldz +  (x) if z = y

boldz otherwise.

Ridge Regression

Ridge Regression has an exact online formula to recover the closed-form solution 
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Ridge Regression properties

Clients’ Local datasetsCentralised dataset

The RR solution is equivalent to the centralised, once all the clients have shared their statistics 

Fed3R is invariant to federated split                       and client order sampling
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Thanks to the associative and commutative property of the sum the matrices A and b can be built incrementally:
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Server side
Client side

Aggregate Statistics
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Compute Local Ridge Statistics 
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Fed3R: Federated Recursive Ridge Regression

Fed3R builds the classifier incrementally using an exact online formulation 

This solves the bias of the classifier towards more recent clients



Results for different levels of heterogeneity 
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Once all clients have been sampled Fed3R recovers the centralised solution 
The result is invariant to the client split and the sampling order.



Fed3R vs baselines

iNaturalist - 1203 Classes - 9275 Clients Google Landmark  - 2028 Classes - 1262 Clients 

Fed3R is very effective in realistic heterogenous settings with thousands of clients 

Other more advanced baselines fail in this setting



Fed3R + FineTuning — gldv2 Results

Fed3R can be used as robust initialization for any FL algorithm  

Fine-tuning further improve final accuracy



Fed3R + FineTuning — iNaturalist Results
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Fixed RR Classifier

Learning or fine-tuning in realistic cross-device settings is hard  
Fixing the Fed3R classifier and fine-tuning only the representation stabilizes the training



Recap statistical heterogeneity and solutions
Federated Learning is affected by statistical Heterogeneity, hampering convergence speed and final 
performance. 

Take home messages: 

• 💪  FedSAM: Improving local learners leads to better global model performance. 

• 🚀  FedHBM: Injecting global information into the local optimization mitigates the client-drift and 
speed-up convergence 

• 🛡  Fed3R: Linear classifiers with closed form solution dramatically improve performance and 
mitigate recency bias and forgetting in non-iid settings
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Future work and research directions 

 
What is the role of 
decentralisation in the era of 
large-scale training?



Challenges of Large-Scale Centralized Training

Training foundation models requires centralization of thousands of co-located homogeneous devices 
interconnected with high-bandwidth. 

⏳   Communication Bottleneck: model/gradients synchronization at each training step 

💸   Cost: scaling and maintaining a single, massive infrastructure is expensive 

💥   Device Failure: the higher the number of devices, the higher the risk of failure 

Only a few privileged teams can afford to train and shape the development of these models
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Communication-Efficient Decentralized Large-Scale Training

Communication-efficient decentralized algorithms, can enable: 

🌐     World-wide collaborative training, no need of device co-location 

🏫     Universities and other institutions to pool their resources to train 
larger and better models 

👥     In principle, anyone who has resources could share data and 
compute, even if heterogeneous (asynchronous communication)
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Researchers started to realise the importance of this paradigm to train LLMs  
e.g., DiLoCo (DeepMind), FlowerLLM (Flower)

https://arxiv.org/abs/2311.08105
https://flower.ai/blog/2024-03-14-introducing-flowerllm/


Different levels of decentralization,  
Based on the frequency of synchronization (merge)
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Extreme: specialized models, no sync



Decentralization is already happening
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From https://twitter.com/davwzha/
status/1771222983077441564

Specialized models or adapters are trained independently,  
weights are shared online on repositories 

We can recycle available knowledge

AdapterHub

601,859 - 15th April
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From https://sakana.ai/evolutionary-model-merge/
https://ziplora.github.io/

Examples of model merging



Challenges and open questions
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Routing: we need strategies to select  
the right models based on the task 

Merging: we need algorithms to combine models to  
achieve optimal transfer and reduce interference

(also, some theory would be nice)



Modularity 
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Main roadblock for decentralization: monolithic systems  

Capabilities are intertwined in model parameters and are hard to modify

Model should be developed with modular design and functional specialisation to enable: 

• Asynchronous training and incremental updates (Continual Learning) 

• Composability for generalization 

• Conditional, sparse and decentralized inference
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Thank you for the attention, 
  

any question? 

If you have feedback, or you want to  
collaborate on these topics, get in touch! 

marco.ciccone@me.com

mailto:marco.ciccone@me.com?subject=Chat%20about%20Decentralized%20Learning
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Consider the displacement between  
model initialization and end-point as  

Pseudo-gradient
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Server Optimization (More General aggregation)

Recovers FedAVG with SGD and server learning rate
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Extend to different server optimisers (Adam, Momentum

Client Optimization (Local SGD)
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Local Gradient (i-th client, k-th step)

Local Learning rate  
(and any other hyper-param)

Federated Optimization

Reddi, Sashank, et al. "Adaptive Federated Optimization." ICLR, 2021.
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Data is produced at the edge 

Smartphones, smartwatches, home assistants, IoT 

devices constantly generate user data from digital 

interactions and real-world sensing 

It is increasingly important to keeping data on 

devices to preserve privacy and security of data 

across many sectors

FL motivation is privacy

📱  Mobile Devices 

🏥  Healthcare 

💳  Finance 

🚦  Smart Cities 

🛍   Retail

Still, Federated Learning requires 
Differential Privacy 

Boenisch, Franziska, et al. "When the curious abandon honesty: Federated learning is not private."  
2023 IEEE 8th European Symposium on Security and Privacy
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Heterogeneity causes the local 
optimization to drift from the global 
minimum 

• Global convergence is much slower 
• May not converge to the true optimum
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Slides credit, Karimireddy Scaffold presentation
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FedSAM (client-side)  
Sharpness-Aware Minimization

Apply SAM locally on the client side: 

• Explicitly search for parameters whose entire 
neighbourhood have uniformly low training loss 
(both low loss and low curvature) 

Two steps approximated solution: 

1. Find worst epsilon perturbation  
2. Minimize loss on perturbed weights

Foret, Pierre, et al. "Sharpness-aware minimization for efficiently improving generalization." ICLR 2021
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SWA (server-side) 
Stochastic Weight Averaging

• SWA performs an equal average of the SGD iterates 

• Cyclic learning rate schedule to continue to explore 
solutions 

• Applied only at convergence (75% training) 

SWA for FL 

• Apply SWA on the server on aggregated models 

• Reduce LR on the client-side to continue explore
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Izmailov, Pavel, et al. "Averaging weights leads to wider optima and better generalization." UAI 2018
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Window-based Model Aggregation

Alternative to SWA: average the last k models. 

Findings: 

• WiMA can be applied since the start of training 

• Always improve performance 

• Mitigate the noise of partial participation
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