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Today‘s Talk 

 

• sensing, sparse models and generalization  

• interpretabilty and sparse methods 

• explaining for nonlinear methods 



Sparse Models & Generalization? 



Typical scenario: learning from data 

 

• given data set X and labels Y (generated by some joint probabilty distribution p(x,y))  

 

• LEARN/INFER underlying unknown mapping  

 

 Y = f(X);  

 

Example: understand chemical compound space, distinguish brain states … 

 

BUT: how to do this optimally with good performance on unseen data?  

 

Most popular techniques: kernel methods and (deep) neural networks. 

 

Machine Learning in a nutshell 

? f 



Machine Learning for chemical compound space 

 
Ansatz: 

 

instead of 

  
 

[Rupp, Tkatchenko, Müller & v Lilienfeld 2012, Hansen et al 

2013, 2015, Snyder et al 2012, 2015, Montavon et al 2013] 



Predicting Energy of small molecules with ML: Results 

March 2012 KRR 

Rupp et al., PRL 

9.99 kcal/mol 

(kernels + eigenspectrum) 

 

2013/2015 KRR et al.  

Hansen et al., JCTC 

3.51 kcal/mol (Coulomb matrices)  

But L_1 7.8 kcal/mol 

 

2015 Hansen et al 1.3kcal/mol at 10 

million times faster than the state of  

the art 

 

Prediction considered chemically  

accurate when  MAE is below  

1 kcal/mol 

Dataset available at http://quantum-machine.org 



Compressed Sensing and  

Generalization are different goals! 

 

L2 better at Generalization unless  

truth is sparse! 

 

[cf. Ng 2004, Braun et al. 2008] 



Sparse Model = Interpretable Model? 

 



Linear Models 

 

Regularizer 



Neuroscience 



Noninvasive Brain-Computer Interface 

DECODING 



             Brain Computer Interfacing: ‚Brain Pong‘  

 Breakthrough: ›let the machines learn‹ 

Berlin Brain Computer Ínterface 

 

• ML reduces patient training from  

  300h -> 5min (BBCI) 

 

Applications 

 

• help/hope for patients (ALS,  

  stroke…)  

 

• neuroscience 

 

• neurotechnology (better video  

  coding in cooperation with HHI,  

  gaming, monitoring, driving) 

 



Understanding spatial filters 



Understanding spatial filters II 



Understanding spatial filters 

Filter W Pattern 



CSP Analysis 

Pattern 

Filter 

[cf. Blankertz et al 2011, Haufe et al. 2014] 

Sparse  

Filter 



Interpretabilty in Nonlinear Methods 

 



Explaining Predictions Pixel-wise  

[Bach, Binder, Klauschen, Montavon, Müller & Samek, PLOS ONE 2015] 



Explaining Predictions Pixel-wise  

Neural networks Kernel methods 



Understanding Models is only possible if we explain 

Neural networks Fischer 



Conclusion  

 

•  ML & modern data analysis of central importance in daily life, sciences & industry 

•  ML and compressed sensing follow different goals: sensing vs generalization! 

•  Sparse models are not necessarily good for understanding: example sparse linear 

 models and Brain Computer Interface application.  

•  challenge: learn about application from nonlinear ML model: towards better 

 understanding   

 

 

 

 

 

 

 

 

 

See also: www.quantum-machine.org, www.bbci.de 

http://www.quantum-machine.org/
http://www.quantum-machine.org/
http://www.quantum-machine.org/
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