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Motivation 

• Data is accumulated in data centers 

• Costly storage and processing 

– Maintenance, Infrastructure, Privacy 

• Limited access 

– For researchers as well 

• But, data was produced by us 

 



Motivation – ML Applications 

• Personalized Queries 

– Web search history 

• Recommender Systems 

– Clicks on items and movies 

• Document Clustering 

• Spam Filtering 

• Image Segmentation 

– We annotate pictures 

 



Motivation – ML Applications 

• Devices have internet connection 

• Can communicate each other 

• Store data as well 

• Build models on the data 

collaboratively 
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Centralized Algorithm 

• Upload data 

• Can not use the model 

without communication 



Example: compute min value 

5 

2 

9 

4 

3 

7 

8 

5 3 7 9 2 4 8 

 

2 



Example: compute min value 

5 

2 

9 

4 

3 

7 

8 

5 3 7 9 2 4 8 

 

2 

9 

4 



Example: compute min value 

5 

2 

4 

4 

3 

7 

8 

5 3 7 9 2 4 8 

 

2 

9 

4 



Example: compute min value 

2 

2 

4 

4 

3 

3 

4 

5 3 7 9 2 4 8 

 

2 



Example: compute min value 

2 

2 

2 

3 

3 

3 

4 

5 3 7 9 2 4 8 

 

2 



Example: compute min value 

2 

2 

2 

2 

3 

3 

2 

5 3 7 9 2 4 8 

 

2 

Distributed Algorithm 

• More communication 

• Can use the model 

without communication 
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where 
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Classification 
• Binary classification 

– Given                            training samples,  

where              and 

– Task: looking for a model                             

that correctly separates  

the samples from different  

classes (minimizes the num- 

ber of misclassifications) 
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Classification 
• Binary classification 

– Given                            training samples,  

where              and 

– Task: looking for a model                              

 

minimizes the error 
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Classification 
• Binary classification 

– Given                            training samples,  
where              and 

– Task: looking for a model                              
 
minimizes the error 

 

– In linear case the model is  
a hyper-plane (    )  

– The label of a new instan- 
ce can be predicted 

x1 

x2 +1 

-1 



Gossip Learning 

• ML is often an optimization problem 

• Local data is not enough 
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Gossip Learning 

• ML is often an optimization problem 

• Local data is not enough 

• Models are sent and updated on nodes 

– Taking random walks 

– Updated instance-by-instance 

– Data is never sent 

• Stochastic Gradient Descent (SGD) 
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• Objective function 
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SGD 

• Objective function 

 

• Gradient method 

 

• SGD, data can be 

processed online  

(instance by instance) 

• Gossip Learning 



 

GoLF (Gossip Learning Framework) 

join, init 



 

GoLF (Gossip Learning Framework) 

wait (Δ) 



 

GoLF (Gossip Learning Framework) 

select 



 

GoLF (Gossip Learning Framework) 

send 



 

GoLF (Gossip Learning Framework) 

update 



 

GoLF (Gossip Learning Framework) 

store 



Gossip-Based Learning 

• SGD-based machine learning algorithms can be 

applied, e.g. 

– Logistic Regression 

– Support Vector Machines 

– Perceptron 

– Artificial Neural Networks 

• Training data never leave the nodes 

• Models can be used locally additional 

communication is not required 



 

GoLF (Gossip Learning Framework) 
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GoLF (Gossip Learning Framework) 

5 

2 

4 

4 

3 

7 

8 



Low-rank Matrix Decomposition 

• Given a matrix A 

• Looking for matrices X, 

Y that XYT ~ A 

•  k << min(n,m) 

• Data compression 

Xm x k A
m x n 

xi 

yj
T 

aij 

YT
k x n 
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Xm x k Am x n 

Yk x n 

Low-rank Matrix Decomposition 

SGD: 
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Low-rank Matrix Decomposition 

• User related data:  

 a row of X and A 

• Random walk: Y 
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Low-rank Matrix Decomposition 

• User related data:  

 a row of X and A 

• Random walk: Y 



Xm x k Am x n 

Yk x n 

Low-rank Matrix Decomposition 



Singular Value Decomposition 

• Columns of X and Y should  

have the same directions as  

singular vectors. 

• We use: 
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SVD in Practice 

• Dimensionality reduction  

(PCA) 
Xm x k Am x n 

Yk x n 



SVD in Practice 

• Topic modeling (LSI) Xm x k Am x n 

Yk x n 



SVD in Practice 

• Multidimensional Scaling 

(MDS) 
Xm x k Am x n 

Yk x n 



SVD in Practice 

• Graph Spectral Clustering Xm x k Am x n 

Yk x n 



Conclusion 

• Machine learning without collecting data 

• Prediction without extra communication 

 

• Federated Learning 

https://research.googleblog.com/2017/04

/federated-learning-collaborative.html 


