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Outline 

 

• understanding single decisions of nonlinear learners 

• Layer-wise Relevance Propagation (LRP) 

• Applications in Physics, Chemistry and Medicine: towards insights 



Towards Explaining: 

Machine Learning = black box?  



Explaining single Predictions Pixel-wise  

Explaining single decisions is difficult! 



Explaining nonlinear decisions is difficult 



Explaining single decisions is difficult 



Explaining single Predictions Pixel-wise  

Goodbye Blackbox ML! 



Gradients 

LRP 

(Bach et al., 2015) 

Deep Taylor Decomposition 

(Montavon et al., 2017 (arXiv 2015)) 

LRP for LSTM 

(Arras et al., 2017) 
Probabilistic Diff 

(Zintgraf et al., 2016) 

Sensitivity 

(Baehrens et al. 2010) 

Sensitivity 

(Simonyan et al. 2014) 

Deconvolution 

(Zeiler & Fergus 2014) 

Meaningful Perturbations 

(Fong & Vedaldi 2017) 

DeepLIFT 

(Shrikumar et al., 2016) 

Decomposition 

Sensitivity 

(Morch et al., 1995) 

Gradient vs. Decomposition 

(Montavon et al., 2018) 

Optimization 

Guided Backprop 

(Springenberg et al. 2015) 

Integrated Gradient  

(Sundararajan et al., 2017) 
Gradient times input  

(Shrikumar et al., 2016) 

PatternLRP 

(Kindermans et al., 2017) 

LIME 

(Ribeiro et al., 2016) 

Deconvolution 

Understanding the Model 

Network Dissection 

(Zhou et al. 2017) 
Inverting CNNs 

(Mahendran & Vedaldi, 2015) 

Deep Visualization 

(Yosinski et al., 2015) 

Feature visualization 

(Erhan et al. 2009) 

Synthesis of preferred inputs 

(Nguyen et al. 2016) Inverting CNNs 

(Dosovitskiy & Brox, 2015) 

Grad-CAM 

(Selvaraju et al., 2016) 

Excitation Backprop 

(Zhang et al., 2016) 

RNN cell state analysis 

(Karpathy et al., 2015) 

Historical remarks on Explaining Predictors 

TCAV 

(Kim et al. 2018) 



Explaining Neural Network Predictions 

Layer-wise relevance Propagation (LRP, Bach et al 15) first method to explain nonlinear classifiers 

- based on generic theory (related to Taylor decomposition – deep taylor decomposition M et al 17) 

- applicable to any NN with monotonous activation, BoW models, Fisher Vectors, SVMs etc. 

Explanation: “Which pixels contribute how much to the classification” (Bach et al 2015) 

(what makes this image to be classified as a car) 

Sensitivity / Saliency: “Which pixels lead to increase/decrease of prediction score when changed” 

(what makes this image to be classified more/less as a car) (Baehrens et al 10, Simonyan et al 14) 

Deconvolution: “Matching input pattern for the classified object in the image” (Zeiler & Fergus 2014) 

(relation to f(x) not specified) 

   Each method solves a different problem!!! 



Classification 

cat 

ladybug 

dog 

large activation 

Explaining Neural Network Predictions 



Explanation 

cat 

ladybug 

dog 

= 

Initialization 

Explaining Neural Network Predictions 



Explanation 

cat 

ladybug 

dog 

Theoretical interpretation 

Deep Taylor Decomposition 

? 

Explaining Neural Network Predictions 

depends on the activations and the weights 



Explanation 

cat 

ladybug 

dog 

Relevance Conservation Property 

Explaining Neural Network Predictions 

large relevance 



Explaining Predictions Pixel-wise  

Neural networks Kernel methods 



Some Digestion on Explaining 



Sensitivity analysis is often not the  

question that you would like to ask! 



 

Positive and Negative Evidence: LRP distinguishes between positive evidence, 

supporting the classification decision, and negative evidence, speaking against the 

prediction 

LRP indicates what speaks 

for class ‘3’ and speaks 

against class ‘9’ 

LRP can ‘say’ positive and negative things 



Play Video 



Measuring the Quality of Explanation (Samek et al 2017) 

Is this a good explanation ? 

Sort pixel scores 

Iterate  

flip pixels 

evaluate f(x) 

Measure decrease of f(x) 

Algorithm 

  

  

AOPC 

[Samek et al IEEE TNNLS 2017] 



Measuring the Quality of Explanation 

LRP outperforms Sensitivity and Deconvolution on all three datasets. 



Image Fisher Vector DNN 

Large values indicate importance of context 

Application: Comparing Classifiers 

[Lapuschkin et al CVPR 2016] 



Applying Explanation in Vision and Text 



What makes  

you look old ? 

What makes  

you look attractive ? 

What makes  

you look sad ? 

Application: Faces 



Application: Document Classification 



LRP for LSTMs 

(Arras et al., 2017) 



Explaining LSTMs 

(Arras et al., in Press) 
—> model understands the question and correctly 

identifies the object of interest 

Example: Visual question answering on the CLEVR dataset. 



Is the Generalization Error  

all we need?  



Application: Comparing Classifiers (Lapuschkin et al CVPR 2016) 





Explaining problem solving strategies  

in scale 
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Spectral Relevance  
 
Analysis (SpRAy) 

Lapuschkin et al. Nat Comms,  
March 11th 2019 



 



ML4 Quantum Chemistry 



Machine Learning in Chemistry,  

Physics and Materials 

Matthias Rupp, Anatole von Lilienfeld, 

Alexandre Tkatchenko, Klaus-Robert Müller 

[Rupp et al. Phys Rev Lett 2012, Snyder et al. Phys Rev Lett 

2012, Hansen et al. JCTC 2013 and JPCL 2015] 



Machine Learning for chemical compound space 

 

Ansatz: 

 

instead of 

  

 

[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 



Gaining insights for Physics 



Toward Quantum Chemical Insight 

[Schütt et al. Nat Comm. 2017, 

Schütt et al JCP 2018] 



XAI for unsupervised learning 



Support Vector Data description 



Explaining one-class 

[Kaufmann, Müller, Montavon 2018, 2019] 



Interpretable Clustering 



NEON (Neuralization-Propagation) 



Neuralizing K-means 





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 

• tool for gaining insight 

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 

 

 New Book: Samek, Montavon, Vedaldi, Hansen, Müller (eds.), Explainable AI: Interpreting, Explaining and 

 Visualizing Deep Learning. LNAI 11700, Springer (2019) (coming up in 1 month) 

 

  Keras Explanation Toolbox 

   https://github.com/albermax/innvestigate 

https://github.com/albermax/innvestigate
https://github.com/albermax/innvestigate
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