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About Me.
•MSc (2008) and Ph.D. (2012) in EE, TU Vienna

• since 2015 Ass. Prof. for Machine Learning at Aalto/CS 

• leading group “Machine Learning for Big Data” 

• two current main research areas (RA)

• teaching ML courses at Aalto and fitech.io
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RA1: Networked Federated Learning.
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Y. Sarcheshmehpour, M Leinonen and AJ, “Federated Learning From Big Data Over Networks”, IEEE ICASSP, 2021. 

AJ, “Networked Exponential Families for Big Data Over Networks,” in IEEE Access, 2020, doi: 10.1109/ACCESS.2020.3033817.

AJ, N. Tran, “Localized Linear Regression in Networked Data,” in IEEE SPL, 2019, doi: 10.1109/LSP.2019.2918933.



RA2: Explainable Machine Learning.
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AJ, “Explainable Empirical Risk Minimization”, arXiv eprint, 2020. weblink
AJ Jung and P. H. J. Nardelli, “An Information-Theoretic Approach to Personalized Explainable Machine Learning,” 
in IEEE SPL, 2020, doi: 10.1109/LSP.2020.2993176.

explanation can be: 
- relevant example of training set 
- subset of features 
- counterfactuals 
- a free text explanation
- court sentence 

https://arxiv.org/abs/2009.01492


Networked Federated Learning

In a nutshell: 
organize data, models and computation for 
machine learning as networks. 
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Machine Learning

Federated Learning

Networked Federated Learning
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Three Components of ML 
• linear space
• decision tree 
• neural nets
• ….

• numeric arrays
• text
• networks
• …

• squared error
• logistic loss
• focal loss
• ….



Plain Old Machine Learning. 
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Networked Federated Learning
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Networked Data
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Weather Stations.
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ImageNet.
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“…ImageNet is an image database organized 
according to the WordNet hierarchy (currently only 
the nouns), in which each node of the hierarchy is 
depicted by hundreds and thousands of images…”

https://image-net.org/

http://wordnet.princeton.edu/


WordNet.

13https://wordnet.princeton.edu/

“…Nouns, verbs, adjectives and adverbs are grouped 
into sets of cognitive synonyms (synsets), each 
expressing a distinct concept… The resulting network 
of meaningfully related words and concepts can be 
navigated…..”



Wikidata.
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https://www.wikidata.org/wiki/Wikidata:Main_Page



Diseases.
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Liu, Jiaqi & Ma, James & Wang, Jiaojiao & Zeng, 
Daniel Dajun & Song, Hongbin & Wang, Ligui & Cao, Zhidong. (2016). 
Comorbidity Analysis According to Sex and Age in Hypertension Patients in China. 
International Journal of Medical Sciences. 13. 99-107. 10.7150/ijms.13456.



WSN.
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Anchors.
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local dataset 
<latexit sha1_base64="KjzJ+k+88JlqV/jOXUdFxp6NWbw=">AAAB+nicbVDLSsNAFL2pr1pfqS7dDBahbkoioi6LblxWsA9oY5lMp+3QySTMTJQS8yluXCji1i9x5984abPQ1gMDh3Pu5Z45fsSZ0o7zbRVWVtfWN4qbpa3tnd09u7zfUmEsCW2SkIey42NFORO0qZnmtBNJigOf07Y/uc789gOVioXiTk8j6gV4JNiQEayN1LfLvQDrMcE86aT3SZWdpH274tScGdAycXNSgRyNvv3VG4QkDqjQhGOluq4TaS/BUjPCaVrqxYpGmEzwiHYNFTigyktm0VN0bJQBGobSPKHRTP29keBAqWngm8ksqFr0MvE/rxvr4aWXMBHFmgoyPzSMOdIhynpAAyYp0XxqCCaSmayIjLHERJu2SqYEd/HLy6R1WnPPa+7tWaV+lddRhEM4giq4cAF1uIEGNIHAIzzDK7xZT9aL9W59zEcLVr5zAH9gff4AK/6T8Q==</latexit>

X (i)

“similar"
<latexit sha1_base64="xAe3ZXM12wWbBg6hxjZw4uFy/jY=">AAAB+nicbVDLSsNAFL2pr1pfqS7dDBahbkpSRF0W3bisYB/QxjKZTtqxkwczE6XEfIobF4q49Uvc+TdO2iy09cDA4Zx7uWeOG3EmlWV9G4WV1bX1jeJmaWt7Z3fPLO+3ZRgLQlsk5KHoulhSzgLaUkxx2o0Exb7LacedXGV+54EKycLgVk0j6vh4FDCPEay0NDDLfR+rMcE86aZ3SfX+JB2YFatmzYCWiZ2TCuRoDsyv/jAksU8DRTiWsmdbkXISLBQjnKalfixphMkEj2hP0wD7VDrJLHqKjrUyRF4o9AsUmqm/NxLsSzn1XT2ZBZWLXib+5/Vi5V04CQuiWNGAzA95MUcqRFkPaMgEJYpPNcFEMJ0VkTEWmCjdVkmXYC9+eZm06zX7rFa/Oa00LvM6inAIR1AFG86hAdfQhBYQeIRneIU348l4Md6Nj/lowch3DuAPjM8fLdaT8w==</latexit>

X (j)

<latexit sha1_base64="lY8vCJNynUub+2utYDULKHajxK0=">AAAB7nicbVDLSgNBEOyNrxhfUY9eBoPgQcJuEPUY9eIxgnlAEsLspDcZMzu7zMwKYclHePGgiFe/x5t/4yTZgyYWNBRV3XR3+bHg2rjut5NbWV1b38hvFra2d3b3ivsHDR0limGdRSJSLZ9qFFxi3XAjsBUrpKEvsOmPbqd+8wmV5pF8MOMYuyEdSB5wRo2Vmte9lJ89TnrFklt2ZyDLxMtICTLUesWvTj9iSYjSMEG1bntubLopVYYzgZNCJ9EYUzaiA2xbKmmIupvOzp2QE6v0SRApW9KQmfp7IqWh1uPQt50hNUO96E3F/7x2YoKrbsplnBiUbL4oSAQxEZn+TvpcITNibAllittbCRtSRZmxCRVsCN7iy8ukUSl7F+XK/XmpepPFkYcjOIZT8OASqnAHNagDgxE8wyu8ObHz4rw7H/PWnJPNHMIfOJ8/BIqPXg==</latexit>

Ai,j

edge weights 𝐴!,#quantify 
“statistical similarities”

Abstraction – The Empirical Graph.
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Networked Models



Networked Models. 
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“similar"

<latexit sha1_base64="KjzJ+k+88JlqV/jOXUdFxp6NWbw=">AAAB+nicbVDLSsNAFL2pr1pfqS7dDBahbkoioi6LblxWsA9oY5lMp+3QySTMTJQS8yluXCji1i9x5984abPQ1gMDh3Pu5Z45fsSZ0o7zbRVWVtfWN4qbpa3tnd09u7zfUmEsCW2SkIey42NFORO0qZnmtBNJigOf07Y/uc789gOVioXiTk8j6gV4JNiQEayN1LfLvQDrMcE86aT3SZWdpH274tScGdAycXNSgRyNvv3VG4QkDqjQhGOluq4TaS/BUjPCaVrqxYpGmEzwiHYNFTigyktm0VN0bJQBGobSPKHRTP29keBAqWngm8ksqFr0MvE/rxvr4aWXMBHFmgoyPzSMOdIhynpAAyYp0XxqCCaSmayIjLHERJu2SqYEd/HLy6R1WnPPa+7tWaV+lddRhEM4giq4cAF1uIEGNIHAIzzDK7xZT9aL9W59zEcLVr5zAH9gff4AK/6T8Q==</latexit>

X (i)

local model for each node 

couple models at 
connected nodes<latexit sha1_base64="xAe3ZXM12wWbBg6hxjZw4uFy/jY=">AAAB+nicbVDLSsNAFL2pr1pfqS7dDBahbkpSRF0W3bisYB/QxjKZTtqxkwczE6XEfIobF4q49Uvc+TdO2iy09cDA4Zx7uWeOG3EmlWV9G4WV1bX1jeJmaWt7Z3fPLO+3ZRgLQlsk5KHoulhSzgLaUkxx2o0Exb7LacedXGV+54EKycLgVk0j6vh4FDCPEay0NDDLfR+rMcE86aZ3SfX+JB2YFatmzYCWiZ2TCuRoDsyv/jAksU8DRTiWsmdbkXISLBQjnKalfixphMkEj2hP0wD7VDrJLHqKjrUyRF4o9AsUmqm/NxLsSzn1XT2ZBZWLXib+5/Vi5V04CQuiWNGAzA95MUcqRFkPaMgEJYpPNcFEMJ0VkTEWmCjdVkmXYC9+eZm06zX7rFa/Oa00LvM6inAIR1AFG86hAdfQhBYQeIRneIU348l4Md6Nj/lowch3DuAPjM8fLdaT8w==</latexit>

X (j)



Sheaves on Graphs.  

21

“similar"

<latexit sha1_base64="KjzJ+k+88JlqV/jOXUdFxp6NWbw=">AAAB+nicbVDLSsNAFL2pr1pfqS7dDBahbkoioi6LblxWsA9oY5lMp+3QySTMTJQS8yluXCji1i9x5984abPQ1gMDh3Pu5Z45fsSZ0o7zbRVWVtfWN4qbpa3tnd09u7zfUmEsCW2SkIey42NFORO0qZnmtBNJigOf07Y/uc789gOVioXiTk8j6gV4JNiQEayN1LfLvQDrMcE86aT3SZWdpH274tScGdAycXNSgRyNvv3VG4QkDqjQhGOluq4TaS/BUjPCaVrqxYpGmEzwiHYNFTigyktm0VN0bJQBGobSPKHRTP29keBAqWngm8ksqFr0MvE/rxvr4aWXMBHFmgoyPzSMOdIhynpAAyYp0XxqCCaSmayIjLHERJu2SqYEd/HLy6R1WnPPa+7tWaV+lddRhEM4giq4cAF1uIEGNIHAIzzDK7xZT9aL9W59zEcLVr5zAH9gff4AK/6T8Q==</latexit>

X (i)

<latexit sha1_base64="xAe3ZXM12wWbBg6hxjZw4uFy/jY=">AAAB+nicbVDLSsNAFL2pr1pfqS7dDBahbkpSRF0W3bisYB/QxjKZTtqxkwczE6XEfIobF4q49Uvc+TdO2iy09cDA4Zx7uWeOG3EmlWV9G4WV1bX1jeJmaWt7Z3fPLO+3ZRgLQlsk5KHoulhSzgLaUkxx2o0Exb7LacedXGV+54EKycLgVk0j6vh4FDCPEay0NDDLfR+rMcE86aZ3SfX+JB2YFatmzYCWiZ2TCuRoDsyv/jAksU8DRTiWsmdbkXISLBQjnKalfixphMkEj2hP0wD7VDrJLHqKjrUyRF4o9AsUmqm/NxLsSzn1XT2ZBZWLXib+5/Vi5V04CQuiWNGAzA95MUcqRFkPaMgEJYpPNcFEMJ0VkTEWmCjdVkmXYC9+eZm06zX7rFa/Oa00LvM6inAIR1AFG86hAdfQhBYQeIRneIU348l4Md6Nj/lowch3DuAPjM8fLdaT8w==</latexit>

X (j)

https://www.jakobhansen.org/publications/gentleintroduction.pdf



Networked Parametric Models.

22

model params

“similar"

<latexit sha1_base64="W66KkHq8eWtKvXvEGlAYByXQLak=">AAAB+XicbVDLSsNAFL2pr1pfUZduBotQNyUpoi6LblxWsA9oa5lMJ+3QySTMTCol5E/cuFDErX/izr9x0mahrQcGDufcyz1zvIgzpR3n2yqsrW9sbhW3Szu7e/sH9uFRS4WxJLRJQh7KjocV5UzQpmaa004kKQ48Ttve5Dbz21MqFQvFg55FtB/gkWA+I1gbaWDbvQDrsecnT+ljUmHn6cAuO1VnDrRK3JyUIUdjYH/1hiGJAyo04ViprutEup9gqRnhNC31YkUjTCZ4RLuGChxQ1U/myVN0ZpQh8kNpntBorv7eSHCg1CzwzGSWUy17mfif1421f91PmIhiTQVZHPJjjnSIshrQkElKNJ8ZgolkJisiYywx0aaskinBXf7yKmnVqu5ltXZ/Ua7f5HUU4QROoQIuXEEd7qABTSAwhWd4hTcrsV6sd+tjMVqw8p1j+APr8weS4pOf</latexit>

w(i)

<latexit sha1_base64="67uKE6MQOqWBdC3mxOpdoPgJNQc=">AAAB+XicbVDLSsNAFL2pr1pfUZduBotQNyURUZdFNy4r2Ae0sUymk3bsZBJmJpUS8iduXCji1j9x5984bbPQ1gMDh3Pu5Z45fsyZ0o7zbRVWVtfWN4qbpa3tnd09e/+gqaJEEtogEY9k28eKciZoQzPNaTuWFIc+py1/dDP1W2MqFYvEvZ7E1AvxQLCAEayN1LPtboj10A/Sp+whrTyeZj277FSdGdAycXNShhz1nv3V7UckCanQhGOlOq4Tay/FUjPCaVbqJorGmIzwgHYMFTikyktnyTN0YpQ+CiJpntBopv7eSHGo1CT0zeQ0p1r0puJ/XifRwZWXMhEnmgoyPxQkHOkITWtAfSYp0XxiCCaSmayIDLHERJuySqYEd/HLy6R5VnUvqmd35+XadV5HEY7gGCrgwiXU4Bbq0AACY3iGV3izUuvFerc+5qMFK985hD+wPn8AlGiToA==</latexit>

w(j)

<latexit sha1_base64="KjzJ+k+88JlqV/jOXUdFxp6NWbw=">AAAB+nicbVDLSsNAFL2pr1pfqS7dDBahbkoioi6LblxWsA9oY5lMp+3QySTMTJQS8yluXCji1i9x5984abPQ1gMDh3Pu5Z45fsSZ0o7zbRVWVtfWN4qbpa3tnd09u7zfUmEsCW2SkIey42NFORO0qZnmtBNJigOf07Y/uc789gOVioXiTk8j6gV4JNiQEayN1LfLvQDrMcE86aT3SZWdpH274tScGdAycXNSgRyNvv3VG4QkDqjQhGOluq4TaS/BUjPCaVrqxYpGmEzwiHYNFTigyktm0VN0bJQBGobSPKHRTP29keBAqWngm8ksqFr0MvE/rxvr4aWXMBHFmgoyPzSMOdIhynpAAyYp0XxqCCaSmayIjLHERJu2SqYEd/HLy6R1WnPPa+7tWaV+lddRhEM4giq4cAF1uIEGNIHAIzzDK7xZT9aL9W59zEcLVr5zAH9gff4AK/6T8Q==</latexit>

X (i)



Generalized Total Variation (GTV)
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<latexit sha1_base64="JB3hdQxVqf4ZQAgQgNPvxCEBvJ8="></latexit>X

{i,j}

Ai,j�
�
w(i) �w(j)

�<latexit sha1_base64="67uKE6MQOqWBdC3mxOpdoPgJNQc=">AAAB+XicbVDLSsNAFL2pr1pfUZduBotQNyURUZdFNy4r2Ae0sUymk3bsZBJmJpUS8iduXCji1j9x5984bbPQ1gMDh3Pu5Z45fsyZ0o7zbRVWVtfWN4qbpa3tnd09e/+gqaJEEtogEY9k28eKciZoQzPNaTuWFIc+py1/dDP1W2MqFYvEvZ7E1AvxQLCAEayN1LPtboj10A/Sp+whrTyeZj277FSdGdAycXNShhz1nv3V7UckCanQhGOlOq4Tay/FUjPCaVbqJorGmIzwgHYMFTikyktnyTN0YpQ+CiJpntBopv7eSHGo1CT0zeQ0p1r0puJ/XifRwZWXMhEnmgoyPxQkHOkITWtAfSYp0XxiCCaSmayIDLHERJuySqYEd/HLy6R5VnUvqmd35+XadV5HEY7gGCrgwiXU4Bbq0AACY3iGV3izUuvFerc+5qMFK985hD+wPn8AlGiToA==</latexit>

w(j)

<latexit sha1_base64="W66KkHq8eWtKvXvEGlAYByXQLak=">AAAB+XicbVDLSsNAFL2pr1pfUZduBotQNyUpoi6LblxWsA9oa5lMJ+3QySTMTCol5E/cuFDErX/izr9x0mahrQcGDufcyz1zvIgzpR3n2yqsrW9sbhW3Szu7e/sH9uFRS4WxJLRJQh7KjocV5UzQpmaa004kKQ48Ttve5Dbz21MqFQvFg55FtB/gkWA+I1gbaWDbvQDrsecnT+ljUmHn6cAuO1VnDrRK3JyUIUdjYH/1hiGJAyo04ViprutEup9gqRnhNC31YkUjTCZ4RLuGChxQ1U/myVN0ZpQh8kNpntBorv7eSHCg1CzwzGSWUy17mfif1421f91PmIhiTQVZHPJjjnSIshrQkElKNJ8ZgolkJisiYywx0aaskinBXf7yKmnVqu5ltXZ/Ua7f5HUU4QROoQIuXEEd7qABTSAwhWd4hTcrsV6sd+tjMVqw8p1j+APr8weS4pOf</latexit>

w(i)

1
2

force params of well connected 
nodes to be similar by requiring 
a small GTV 



Two Special Cases of GTV. 

24

<latexit sha1_base64="G4ohcMr3/2HZ0Qhn7dJlwN5GBqE=">AAACDnicbVDLSsNAFJ3UV62vqEs3g6VQNyUpom6EohuXFewDmhAm00k7dDIJMxOhpPkCN/6KGxeKuHXtzr9x0hbU1gMDZ865l3vv8WNGpbKsL6Owsrq2vlHcLG1t7+zumfsHbRklApMWjlgkuj6ShFFOWooqRrqxICj0Gen4o+vc79wTIWnE79Q4Jm6IBpwGFCOlJc+sOPGQVp0QqaEfpEl2Ai+hM/n5OxMvrWeeWbZq1hRwmdhzUgZzND3z0+lHOAkJV5ghKXu2FSs3RUJRzEhWchJJYoRHaEB6mnIUEumm03MyWNFKHwaR0I8rOFV/d6QolHIc+roy31Muern4n9dLVHDhppTHiSIczwYFCYMqgnk2sE8FwYqNNUFYUL0rxEMkEFY6wZIOwV48eZm06zX7rFa/PS03ruZxFMEROAZVYINz0AA3oAlaAIMH8ARewKvxaDwbb8b7rLRgzHsOwR8YH986+Jw+</latexit>

�(u) = kuk2total variation

graph Laplacian quadratic from is GTV with
<latexit sha1_base64="kxCjEnavD0WpcKppQSkfTofEAi0=">AAACEnicbVDLSsNAFJ34rPUVdelmsAjtpiRF1I1QdOOygn1AE8tkOmmHTiZhZiKUNN/gxl9x40IRt67c+TdO2oDaeuDCmXPuZe49XsSoVJb1ZSwtr6yurRc2iptb2zu75t5+S4axwKSJQxaKjockYZSTpqKKkU4kCAo8Rtre6Crz2/dESBryWzWOiBugAac+xUhpqWdWnGhIy06A1NDzkzitwAvoTH7ezuQuqaW9rMySVbWmgIvEzkkJ5Gj0zE+nH+I4IFxhhqTs2lak3AQJRTEjadGJJYkQHqEB6WrKUUCkm0xPSuGxVvrQD4UuruBU/T2RoEDKceDpzmxXOe9l4n9eN1b+uZtQHsWKcDz7yI8ZVCHM8oF9KghWbKwJwoLqXSEeIoGw0ikWdQj2/MmLpFWr2qfV2s1JqX6Zx1EAh+AIlIENzkAdXIMGaAIMHsATeAGvxqPxbLwZ77PWJSOfOQB/YHx8A10jne4=</latexit>

�(u) = kuk22



Smooth Graph Signals.

25

𝑥(") = 𝑤(") + 𝑛(")

low pass constraint on 

𝐴!,#
𝑥($) = 𝑤($) + 𝑛($)

!
!,#

𝐴!,# 𝐰(!) −𝐰(#) &



GTV Minimization. 

26



Local Loss Functions.

27

model params
<latexit sha1_base64="W66KkHq8eWtKvXvEGlAYByXQLak=">AAAB+XicbVDLSsNAFL2pr1pfUZduBotQNyUpoi6LblxWsA9oa5lMJ+3QySTMTCol5E/cuFDErX/izr9x0mahrQcGDufcyz1zvIgzpR3n2yqsrW9sbhW3Szu7e/sH9uFRS4WxJLRJQh7KjocV5UzQpmaa004kKQ48Ttve5Dbz21MqFQvFg55FtB/gkWA+I1gbaWDbvQDrsecnT+ljUmHn6cAuO1VnDrRK3JyUIUdjYH/1hiGJAyo04ViprutEup9gqRnhNC31YkUjTCZ4RLuGChxQ1U/myVN0ZpQh8kNpntBorv7eSHCg1CzwzGSWUy17mfif1421f91PmIhiTQVZHPJjjnSIshrQkElKNJ8ZgolkJisiYywx0aaskinBXf7yKmnVqu5ltXZ/Ua7f5HUU4QROoQIuXEEd7qABTSAwhWd4hTcrsV6sd+tjMVqw8p1j+APr8weS4pOf</latexit>

w(i)

<latexit sha1_base64="KjzJ+k+88JlqV/jOXUdFxp6NWbw=">AAAB+nicbVDLSsNAFL2pr1pfqS7dDBahbkoioi6LblxWsA9oY5lMp+3QySTMTJQS8yluXCji1i9x5984abPQ1gMDh3Pu5Z45fsSZ0o7zbRVWVtfWN4qbpa3tnd09u7zfUmEsCW2SkIey42NFORO0qZnmtBNJigOf07Y/uc789gOVioXiTk8j6gV4JNiQEayN1LfLvQDrMcE86aT3SZWdpH274tScGdAycXNSgRyNvv3VG4QkDqjQhGOluq4TaS/BUjPCaVrqxYpGmEzwiHYNFTigyktm0VN0bJQBGobSPKHRTP29keBAqWngm8ksqFr0MvE/rxvr4aWXMBHFmgoyPzSMOdIhynpAAyYp0XxqCCaSmayIjLHERJu2SqYEd/HLy6R1WnPPa+7tWaV+lddRhEM4giq4cAF1uIEGNIHAIzzDK7xZT9aL9W59zEcLVr5zAH9gff4AK/6T8Q==</latexit>

X (i)

measure quality of params by local loss function

𝐿(!) 𝒘(!)

<latexit sha1_base64="W66KkHq8eWtKvXvEGlAYByXQLak=">AAAB+XicbVDLSsNAFL2pr1pfUZduBotQNyUpoi6LblxWsA9oa5lMJ+3QySTMTCol5E/cuFDErX/izr9x0mahrQcGDufcyz1zvIgzpR3n2yqsrW9sbhW3Szu7e/sH9uFRS4WxJLRJQh7KjocV5UzQpmaa004kKQ48Ttve5Dbz21MqFQvFg55FtB/gkWA+I1gbaWDbvQDrsecnT+ljUmHn6cAuO1VnDrRK3JyUIUdjYH/1hiGJAyo04ViprutEup9gqRnhNC31YkUjTCZ4RLuGChxQ1U/myVN0ZpQh8kNpntBorv7eSHCg1CzwzGSWUy17mfif1421f91PmIhiTQVZHPJjjnSIshrQkElKNJ8ZgolkJisiYywx0aaskinBXf7yKmnVqu5ltXZ/Ua7f5HUU4QROoQIuXEEd7qABTSAwhWd4hTcrsV6sd+tjMVqw8p1j+APr8weS4pOf</latexit>

w(i)



GTV Minimization.

28

average local loss “clusteredness”
increasing
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Special Case: Network Lasso.
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Special Case: “MOCHA”
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Special Case: Graph Sig. Recovery
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GTVMin is Multi-Task Learning

32

learn model params jointly for 
all nodes exploit similarities 
between local datasets
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GTVMin is Locally Weighted Learning

pool local datasets of nodes 
in the same cluster

33
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William S. Cleveland, Susan J. Devlin, Eric Grosse, 
“Regression by local fitting: Methods, properties, and computational algorithms,” 
Journal of Econometrics, Volume 37, Issue 1, 1988. 



Computational and Statistical 
Aspects.

34

how to solve GTVMin efficiently? 

are GTVMin solutions statistically useful?



Computational Aspects.
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• in-network computation using low-cost devices 
• robustness against node/link failures 
• robustness against “stragglers” 
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Computational Aspects. 
convergence rates; robustness against node failures 
or “stragglers”; stochastic variants for trading 
complexity against accuracy 
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Gradient Descent

37

𝑓 𝑤

𝑤 )*+ = 𝑤()) − 𝛼())∇𝑓 𝑤())

min
𝐰
%
!%&

𝐿(!) 𝑤(!) + 𝜆%
!,#

𝐴!,#𝜙 𝑤(!) −𝑤(#)



Iterative Linear Solver.
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Spielman D.A. (2012) Algorithms, Graph Theory, and the Solution of Laplacian Linear 
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Rewrite GTVMin using Dual Var. 
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Primal-Dual Gradient Method.
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ADMM (for Non-Smooth Obj.)
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Distributed Optimization and Statistical Learning 
via the Alternating Direction Method of Multipliers
S. Boyd, N. Parikh, E. Chu, B. Peleato, and J. Eckstein



solve GTVMin jointly with its dual!

dual of GTVMin has remarkable interpretation…

42

Primal Dual Methods



Primal Form of GTVMin.
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Dual of GTVMin.
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𝑓(𝐰)

1

u

−𝑓∗(𝐮)



Dual of GTVMin = Min. Cost Flow 

45
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D. Bertsekas, 
Network Optimization: Continuous and Discrete Models, 
1998.



Primal-Dual Optimality Conditions.
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(assuming convexity of loss functions and GTV)

primal and dual variables 'w, *u optimal if and only if 

R. T. Rockafellar , CONVEX ANALYSIS, Princeton Univ. Press, 1970.

https://sites.math.washington.edu/~rtr/papers/rtr025-ConvexAnalysis.djvu


Proximal Point Algorithm. 
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primal and dual variables 'w, *u optimal if and only if 

solve iteratively by proximal point algorithm

A. Chambolle, T. Pock. An introduction to continuous optimization for 
imaging. Acta Numerica, 2016. 



After Some Manipulations.

48

node i



Algorithm 1 is Attractive for NFL…
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Ø decentralized implementation (mess. pass.)

Ø robust against various imperfections 
Ø approximate primal/dual updates
Ø node/link failures 

Ø privacy friendly; no raw data exchanged



Local Computations in Algorithm 1.
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node-wise 
primal update:

edge-wise
dual update:



Spreading Local Results. 
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Networked Data as Realizations of RV
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Prob 𝐴",$ = 1 = 𝑝

P. Bianchi, W. Hachem, A. Salim. 
A Fully Stochastic Primal-Dual Algorithm. Optimization
Letters, Springer Verlag, 2020, 



Random Node/Link Failures. 
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Stochastic Primal-Dual Hybrid Gradient Algorithm with 
Arbitrary Sampling and Imaging Applications
Antonin Chambolle, Matthias J. Ehrhardt, Peter Richtárik, 
and Carola-Bibiane Schönlieb
SIAM Journal on Optimization 2018 28:4, 2783-2808 

https://epubs.siam.org/doi/abs/10.1137/17M1134834


Privacy-Preservation.
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• Huang, Z. and Gong, Y., “Differentially Private ADMM for Convex Distributed Learning: 
Improved Accuracy via Multi-Step Approximation”, <i>arXiv e-prints</i>, 2020.
• Huang, Z., Hu, R., Guo, Y., Chan-Tin, E., and Gong, Y., “DP-ADMM: ADMM-based 
Distributed Learning with Differential Privacy”, <i>arXiv e-prints</i>, 2018.
• J. C. Duchi, M. I. Jordan, and M. J. Wainwright, “Local privacy and statistical minimax rates,” 
in Proc. IEEE Annu. Symp. Found. Comput. Sci., pp. 429–438, 2013.

“noise”

privacy

risk  (MSE,…)



Bottom Line.
established distributed optimization 
provides efficient technology for solving 
GTVMin in robust and privacy-friendly 
way 

….., however ….
55



Are GTVMin Solutions Any Good?
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training/sampling 
set ℳ

min
𝐰
!
!+,

𝐿(!) 𝑤(!) + 𝜆!
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𝐴!,#𝜙 𝑤(!) −𝑤(#)

which combination of signal model (choice of 𝜙) and sampling 
set M ensure solutions of GTVMin are “sensible” ?  



Statistical Aspects.
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statistical properties of GTVMin solutions? 
• sampling theorems (signal processing)
• generalization bounds (ML perspective)

𝑚𝑖𝑛,%
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Signal Processing Perspective.
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constraints 
effective “bandwidth” 
of graph signal 𝑤(#)

𝑖 𝑗
𝑑 𝑗; 𝑖 = 4

M. Tsitsvero, S. Barbarossa and P. Di Lorenzo, "Signals on Graphs: Uncertainty Principle and Sampling," 
in IEEE Transactions on Signal Processing, vol. 64, no. 18, pp. 4845-4860, 15 Sept.15, 2016, doi: 
10.1109/TSP.2016.2573748.



Machine Learning Perspective.
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Belkin M., Matveeva I., Niyogi P.  Regularization and Semi-supervised Learning on Large Graphs. 
COLT 2004. Lecture Notes in Computer Science, Springer, 2004
https://doi.org/10.1007/978-3-540-27819-1_43



Our Perspective: Flows. 
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interpret edge weights 𝐴",$ as 
link capacities ! 

A. Jung, "On the Duality Between Network Flows and Network Lasso," 
in IEEE Signal Processing Letters, vol. 27, pp. 940-944, 2020.



Cluster-wise Pooling. 

61
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w(i)
<latexit sha1_base64="67uKE6MQOqWBdC3mxOpdoPgJNQc=">AAAB+XicbVDLSsNAFL2pr1pfUZduBotQNyURUZdFNy4r2Ae0sUymk3bsZBJmJpUS8iduXCji1j9x5984bbPQ1gMDh3Pu5Z45fsyZ0o7zbRVWVtfWN4qbpa3tnd09e/+gqaJEEtogEY9k28eKciZoQzPNaTuWFIc+py1/dDP1W2MqFYvEvZ7E1AvxQLCAEayN1LPtboj10A/Sp+whrTyeZj277FSdGdAycXNShhz1nv3V7UckCanQhGOlOq4Tay/FUjPCaVbqJorGmIzwgHYMFTikyktnyTN0YpQ+CiJpntBopv7eSHGo1CT0zeQ0p1r0puJ/XifRwZWXMhEnmgoyPxQkHOkITWtAfSYp0XxiCCaSmayIDLHERJuySqYEd/HLy6R5VnUvqmd35+XadV5HEY7gGCrgwiXU4Bbq0AACY3iGV3izUuvFerc+5qMFK985hD+wPn8AlGiToA==</latexit>

w(j)

parameter vectors can only change over statured links



Leaky Training Set. 
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<latexit sha1_base64="W66KkHq8eWtKvXvEGlAYByXQLak=">AAAB+XicbVDLSsNAFL2pr1pfUZduBotQNyUpoi6LblxWsA9oa5lMJ+3QySTMTCol5E/cuFDErX/izr9x0mahrQcGDufcyz1zvIgzpR3n2yqsrW9sbhW3Szu7e/sH9uFRS4WxJLRJQh7KjocV5UzQpmaa004kKQ48Ttve5Dbz21MqFQvFg55FtB/gkWA+I1gbaWDbvQDrsecnT+ljUmHn6cAuO1VnDrRK3JyUIUdjYH/1hiGJAyo04ViprutEup9gqRnhNC31YkUjTCZ4RLuGChxQ1U/myVN0ZpQh8kNpntBorv7eSHCg1CzwzGSWUy17mfif1421f91PmIhiTQVZHPJjjnSIshrQkElKNJ8ZgolkJisiYywx0aaskinBXf7yKmnVqu5ltXZ/Ua7f5HUU4QROoQIuXEEd7qABTSAwhWd4hTcrsV6sd+tjMVqw8p1j+APr8weS4pOf</latexit>

w(i)
<latexit sha1_base64="67uKE6MQOqWBdC3mxOpdoPgJNQc=">AAAB+XicbVDLSsNAFL2pr1pfUZduBotQNyURUZdFNy4r2Ae0sUymk3bsZBJmJpUS8iduXCji1j9x5984bbPQ1gMDh3Pu5Z45fsyZ0o7zbRVWVtfWN4qbpa3tnd09e/+gqaJEEtogEY9k28eKciZoQzPNaTuWFIc+py1/dDP1W2MqFYvEvZ7E1AvxQLCAEayN1LPtboj10A/Sp+whrTyeZj277FSdGdAycXNShhz1nv3V7UckCanQhGOlOq4Tay/FUjPCaVbqJorGmIzwgHYMFTikyktnyTN0YpQ+CiJpntBopv7eSHGo1CT0zeQ0p1r0puJ/XifRwZWXMhEnmgoyPxQkHOkITWtAfSYp0XxiCCaSmayIDLHERJuySqYEd/HLy6R5VnUvqmd35+XadV5HEY7gGCrgwiXU4Bbq0AACY3iGV3izUuvFerc+5qMFK985hD+wPn8AlGiToA==</latexit>

w(j)

∇𝐿(!) 𝐰(!)

network topology meets 
geometry of loss functions ! 



Measure Connectivity by Flows.
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Cluster 1 Cluster 2boundary

connectivity measured by 
flow 𝜌 that can be routed 
over boundary edge 



Statistical Error vs. Connectivity.

64

threshold predicted by our analysis

A. Jung and N. Tran, "Localized Linear Regression in Networked Data," in IEEE Signal 
Processing Letters, vol. 26, no. 7, pp. 1090-1094, July 2019.



Clustering Assumption in SBM.

65

• intra-cluster edge prob 𝑝!-
• inter-cluster edge prob 𝑝./0
• S training nodes in each cluster 

• critical value for S*pin/pout

A. Jung, 
"Clustering in Partially Labeled Stochastic Block Models via Total Variation Minimization," 
54th Asilomar Conference on Signals, Systems, and Computers, 2020, 



Mathematical Device. 
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𝑗≈ 𝑁1 𝑁 − 𝑁1 𝑝./0

cluster size 𝑁&
remaining nodes 𝑁 − 𝑁&

≈ 𝑁1𝑝!-

• flow conservation/Hoffman’s circulation theorem
• concentration of cuts in random graphs 

R. Karger, 
Random sampling in cut, flow, and network design problems, 
Math. Oper. Res., 24 (1999), pp. 383–413.



Wrap Up.
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• formulated federated learning as GTV minimization

• two special cases: network Lasso and MOCHA

• solved GTV min. with established primal-dual method

• scalable and robust implementation as message passing

• GTV min. adaptively pools similar datasets



68

Want to dig deeper ?
upcoming 
IEEE SPS Seasonal School on Networked Federated Learning 

https://ieeespcasfinland.github.io/



Thank you for 
your attention!

69


