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Is the Generalization Error  
all we need?  



Application: Comparing Classifiers 



Machine Learning in the Sciences 



Machine Learning in Neuroscience 



BBCI Set-up: Let the machines learn 

Artifact removal 

[cf. Müller et al. 2001, 2007, 2008, Dornhege et al. 2003, 2007, Blankertz et al. 2004, 2005, 2006, 2007, 2008] 



             Brain Computer Interfacing: ‚Brain Pong‘  

 Leitmotiv: ›let the machines 
learn‹ 

Berlin Brain Computer Ínterface
 
• ML reduces patient training from 
  300h -> 5min 
 
Applications 
 
• help/hope for patients (ALS,  
  stroke…)  
 

• neuroscience 
 
• neurotechnology (video  
  coding, gaming, monitoring  
  driving) 
 



DNN Explanation Motor Imagery BCI  

Note: Explanation available for single Trial (Sturm et al 2016) 



Explaining in Physics 



Machine Learning in Chemistry,  
Physics and Materials 

Matthias Rupp, Anatole von Lilienfeld, 
Alexandre Tkatchenko, Klaus-Robert Müller 



Machine Learning for chemical compound space 
 

Ansatz: 

 

instead of 

  
 

[from von Lilienfeld] 



GDB-13 database of all organic molecules (within stability & synthetic constraints) of 13 heavy atoms or 
less: 0.9B compounds 

Blum & Reymond, JACS (2009) 

 
The data 

[from von Lilienfeld] 



Coulomb representation of molecules 
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Kernel ridge regression 
Distances between M define Gaussian kernel matrix K 

 

 

Predict  energy as sum over weighted Gaussians 

 

 

 

 using weights that minimize error in training set  

 

 

 

Exact solution 

As many parameters as molecules + 2 global parameters, characteristic length-scale or kT of system 
(σ), and noise-level (λ) 

[from von Lilienfeld] 



Predicting Energy of small molecules: Results 

March 2012 
Rupp et al., PRL 
9.99 kcal/mol 
(kernels + eigenspectrum) 
 
December 2012 
Montavon et al., NIPS 
3.51 kcal/mol 
(Neural nets + Coulomb sets) 
 
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 



Learning Atomistic Representations with 
Deep Tensor Neural Networks 

Kristof Schütt,Farhad Arbabzadah, 
Stefan Chmiela, Alexandre Tkatchenko, 
Klaus-Robert Müller 



Deep Tensor Neural Network (DTNN) for representing molecules 





Gaining insights for Physics 



Toward Quantum Chemical Insights: supervised 

[Schütt et al. Nat Comm. 2017, 
Schütt et al JCP 2018] 



         Quantum chemical insights  

Inferred chemical potentials 

Inferred stable and unstable  
carbon ring classification 
‚aromaticity‘ 



Machine Learning for  
morpho-molecular Integration 



Interpretable ML 

Bach et al., PLoS1 2015 
Klauschen et al., US Patent #9558550 
Binder et al., in revision 



Machine learning based integration of 
morphological and molecular tumor profiles 

MICROSCOPIC AND MOLECUAR DATA              TRAINING                   PREDICTION                         INTEGRATION/ INTERPRETATION 

TCGA data base 

in-house data base 

TiLs 

cancer 

molecular features 

„computational 
fluorescence 
microscopy“ 

red: carcinoma,  
green: TILs,  
blue: molecular property  



Take Home messages 



Sensitivity analysis is not the  
question that you would like to ask! 



Explanation for simple models does 
not necessary work for deep models  



What works for simple models doesn’t work for deep models. 

gradient- 
based 
methods 

Our LRP method is robust to this. 

vulnerable to 
shattered 
gradients 



Layer-Wise Relevance Propagation 

(software, tutorials, demos, 
insights, applications) 

LRP Explanation Framework 



LRP works 4 all: deep models, LSTMs,  
kernel methods … 



A Clarification on LRP 

… except for special cases. LRP was developed among others 
because gradient-based methods aren’t satisfying. 

When comparing with LRP, please use appropriate LRP 
parameters (Like when comparing different ML techniques). 

Good news: No need to reimplement LRP, check our software at 
www.heatmapping.org. 



Explanations can be evaluated: 
Pixel flipping (model agnostic)  
And beyond LRP and DTD 

[Samek et al. IEEE TNNLS 2017] 



Explanation helps to improve models 

Explaining ML, Now What? 



Explanation helps to find flaws  
in models 

[Lapuschkin et al CVPR 2016] 



Getting new Insights in the Sciences 
Example: Understanding physical systems at the quantum level. 

equation describing 
general physical systems 

DNN approximation 
for organic molecules 

Interpretation of the trained 
DNN model 

[Schütt et al. Nat Comm. 2017, Schütt et al JCP 2018, Chmiela et al. Sci. 
Adv. 2017,…] 



Support Vector Data description 



Explaining one-class 

[Kaufmann, Müller, Montavon 2018] 



Semi-final Conclusion 

• explaining & interpreting nonlinear models is essential 

• orthogonal to improving DNNs and other models 

• need for opening the blackbox …  

• understanding nonlinear models is essential for Sciences & AI 

• new theory: LRP is based on deep taylor expansion 

• compare the right thing 

www.heatmapping.org 



Thank you for your attention 

 Tutorial Paper 
 Montavon et al., “Methods for interpreting and understanding deep neural networks”, Digital Signal  
 Processing, 73:1-5, 2018 
 
  Keras Explanation Toolbox 
   

https://github.com/albermax/innvestigate 
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