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Outline 

 

• understanding single decisions of nonlinear learners 

• Layer-wise Relevance Propagation (LRP) 

• Applications in Neuroscience, Medicine and Physics 



Towards Explaining: 

Machine Learning = black box?  



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 distinguishs 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’ 

The sign of Sensitivity and 

Deconvolution does not have 

this interpretation. 

-> taking norm gives unsigned 

visualizations 

Advantages of LRP over both Sensitivity and Deconvolution 



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 



Explaining LSTMs 

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

identifies the object of interest 

Second example: Visual question answering on the CLEVR dataset. 



Understanding learning models 

for complex gaming scenarios 



Analysing Breakout: LRP vs. Sensitivity 

LRP sensitivity 



Machine Learning in the Sciences 



Machine Learning in Neuroscience 



             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) 

 



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] 



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 



Is the Generalization Error  

all we need?  



Application: Comparing Classifiers (Lapuschkin et al CVPR 2016) 



Learning Atomistic Representations with 

Deep Tensor Neural Networks 

Kristof Schütt,Farhad Arbabzadah, 

Stefan Chmiela, Alexandre Tkatchenko, 

Klaus-Robert Müller 

[Schütt et al. Nature Communications 2017, Chmiela et al 

Science Advances 2017, Brockherde et al Nat. Comm. 2017] 



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] 



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! 



Problem: sensitivity 

analysis does not 

highlight cars 

Sensitivity analysis explains a 

variation of the function, not 

the function value itself. 

Observation: 

Sensitivity analysis: 



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. 

http://www.heatmapping.org/


Layer-Wise Relevance Propagation 

Rules can be engineered to 

enforce desirable properties or 

derived from a theoretical 

principle (deep Taylor 

decomposition). 

Applicable to general deep 

networks, but also (kernel) 

SVMs, LSTMs, Bag-of-words 

classifiers. 

Robustly and reliably 

explains complex state-

of-the-art deep neural 

networks. 



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] 



Support Vector Data description 



Explaining one-class 

[Kaufmann, Müller, Montavon 2018] 



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, Chmiela et al Nat Comms 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 

• when looking at XAI techniques: compare the right thing! 

• XAI and WHO & ITU, Regulations etc. 

• Note: even the most complex DL models are explainable nowadays 

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 

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