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 03 LRP – Layer‐wise Relevance 
Propagation
 04 Deep Taylor Decomposition 
 05 Prediction Difference Analysis
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01 LIME – Local 
Interpretable Model 
Agnostic Explanations

05‐Causality vs Causability
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 Explanation := local linear 
approximation of the model's 
behaviour. While the model may be 
very complex globally, it is easier to 
approximate it around the vicinity of a 
particular instance. While treating the 
model as a black box, we perturb the 
instance we want to explain and learn a 
sparse linear model around it ‐> used as 
explanation. 

What are explanations in the sense of LIME ?

https://github.com/marcotcr/lime

• Look at the image: The model's decision function is represented by the 
blue/pink background = clearly nonlinear. The bright red cross is the 
instance being explained (let's call it X). We sample instances around X, 
and weight them according to their proximity to X (weight here is 
indicated by size). We then learn a linear model (dashed line) that 
approximates the model well in the vicinity of X, but not necessarily 
globally! 
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The central paper on LIME
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g G Fidelity score Complexity score
(for interpretability)(for local fidelity)

𝑥 Distance metric (in feature space!)

LIME: Objective Function
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LIME  Principle

Marco Tulio Ribeiro, Sameer Singh & Carlos Guestrin. Why should i trust you?: Explaining the predictions of 
any classifier.  22nd ACM SIGKDD International Conference on Knowledge Discovery and Data Mining, 
2016. ACM, 1135‐1144, doi:10.1145/2939672.2939778.
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Example LIME – Model Agnostic Explanation
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LIME Example

https://www.oreilly.com/learning/introduction‐to‐local‐interpretable‐model‐agnostic‐explanations‐lime
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LIME Example

https://www.oreilly.com/learning/introduction‐to‐local‐interpretable‐model‐agnostic‐explanations‐lime
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LIME: Algorithm

Marco Tulio Ribeiro, Sameer Singh & Carlos Guestrin. Why should i trust you?: Explaining the predictions of any 
classifier.  22nd ACM SIGKDD International Conference on Knowledge Discovery and Data Mining (KDD 2016), 
2016 San Francisco (CA). ACM, 1135‐1144, doi:10.1145/2939672.2939778.
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 + very popular, 
 + many applications and contributors
 + model agnostic

 ‐ local model behaviour can be unrealistic
 ‐ unclear coverage
 ‐ ambiguity (how to select the kernel width)

LIME Pros and Cons
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Remember: there are myriads of classifiers …

https://stats.stackexchange.com/questions/271247/machine‐learning‐statistical‐vs‐structural‐classifiers
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Follow‐up: Anchor

Marco Tulio Ribeiro, Sameer Singh & Carlos Guestrin. Anchors: High‐precision model‐agnostic explanations.  Thirty‐
Second AAAI Conference on Artificial Intelligence (AAAI‐18), 2018 New Orleans. Association for the Advancement of 
Artificial Intelligence, 1527‐1535.
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More information

https://www.youtube.com/watch?v=vz_fkVkoGFM

https://www.youtube.com/watch?v=ENa‐w65P1xM

https://arteagac.github.io/blog.html

https://www.youtube.com/watch?v=CY3t11vuuOM
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02 BETA (Black Box 
Explanation through 

Transparent 
Approximation)

05‐Causality vs Causability
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 BETA is a model agnostic approach to explain the 
behaviour of an (arbitrary) black box classifier 
(i.e. a function that maps a feature space to a set 
of classes) by simultaneously optimizing the 
accuracy of the original model and 
interpretability of the explanation for a human.
 Note: Interpretability and accuracy at the same 
time are difficult to achieve. 
 Consequently, users are interactively integrated 
into the model and can thus explore the areas of 
black box models that interest them (most).  

BETA at a glance
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BETA main papers
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Black Box Explanations through Transparent Approximations

Himabindu Lakkaraju, Ece Kamar, Rich Caruana & Jure Leskovec 2017. Interpretable and 
Explorable Approximations of Black Box Models. arXiv:1707.01154.
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Optimization Process

Jon Lee, Vahab S Mirrokni, Viswanath Nagarajan & Maxim Sviridenko. Non‐monotone submodular maximization 
under matroid and knapsack constraints.  Proceedings of the forty‐first annual ACM symposium on Theory of 
computing, 2009 (2018). ACM, 323‐332.
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Measures of Fidelity, Interpretability, Unambiguity
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BETA: Example of interpretable Decision set

Himabindu Lakkaraju, Stephen H Bach & Jure Leskovec. Interpretable 
decision sets: A joint framework for description and prediction.  
Proceedings of the 22nd ACM SIGKDD international conference on 
knowledge discovery and data mining, 2016. ACM, 1675‐1684.

https://himalakkaraju.github.io
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 + model agnostic
 + learns a compact two‐level decision set
 + unambiguously

 ‐ not so popular
 ‐ unclear coverage
 ‐ needs care

BETA Pros and Cons
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03  LRP (Layer‐wise 
Relevance Propagation) 

05‐Causality vs Causability
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 LRP is general solution for understanding classification 
decisions by pixel‐by‐pixel (or layer‐by‐layer) decomposition of 
nonlinear classifiers. 

 In a highly simplified way, LRP allows the "thinking processes" 
of neural networks to run backwards. 

 Thereby it becomes comprehensible (for a human) which input 
had which influence on the respective result, 

 e.g. in individual cases how the neural network came to a 
classification result, i.e. which input contributed most to the 
gained output. 

 Example: If genetic data is entered into a network, it is not 
only possible to analyze the probability of a patient having a 
certain genetic disease, but with LRP also the characteristics of 
the decision. 

 Such an approach is a step towards personalised medicine. In 
the future, such approaches will make it possible to provide an 
individual cancer therapy that is precisely "tailored" to the 
patient.

LRP at a glance
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LRP main papers

Grégoire Montavon 2019. Gradient-Based Vs. Propagation-Based Explanations: An Axiomatic Comparison. In: Samek, Wojciech, Montavon, 
Grégoire, Vedaldi, Andrea, Hansen, Lars Kai & Müller, Klaus-Robert (eds.) Explainable AI: Interpreting, Explaining and Visualizing Deep Learning.
Cham: Springer International Publishing, pp. 253-265, doi:10.1007/978-3-030-28954-6_13.
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LRP Layer‐Wise Relevance Propagation
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A NN‐classifier during prediction time

Sebastian Bach, Alexander Binder, Grégoire Montavon, Frederick Klauschen, Klaus‐Robert Müller & Wojciech
Samek 2015. On pixel‐wise explanations for non‐linear classifier decisions by layer‐wise relevance propagation. 
PloS one, 10, (7), e0130140, doi:10.1371/journal.pone.0130140.
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Example Taylor Decomposition

Sebastian Bach, Alexander Binder, Grégoire Montavon, Frederick Klauschen, Klaus‐Robert Müller & Wojciech Samek 
2015. On pixel‐wise explanations for non‐linear classifier decisions by layer‐wise relevance propagation. PloS one, 10, 
(7), e0130140, doi:10.1371/journal.pone.0130140.
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Heatmap Computation

Sebastian Bach, Alexander Binder, Grégoire Montavon, Frederick Klauschen, Klaus‐Robert Müller & Wojciech Samek 
2015. On pixel‐wise explanations for non‐linear classifier decisions by layer‐wise relevance propagation. PloS one, 10, 
(7), e0130140, doi:10.1371/journal.pone.0130140.
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Pixel‐wise decomposition for bag‐of‐words features

Sebastian Bach, Alexander Binder, Grégoire Montavon, Frederick Klauschen, Klaus‐Robert Müller & Wojciech Samek 
2015. On pixel‐wise explanations for non‐linear classifier decisions by layer‐wise relevance propagation. PloS one, 10, 
(7), e0130140, doi:10.1371/journal.pone.0130140.
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What is relevant in a text document?

Leila Arras, Franziska Horn, Grégoire Montavon, Klaus-Robert Müller & Wojciech Samek 2017. " What is relevant in a text document?": An 
interpretable machine learning approach. PloS one, 12, (8), e0181142, doi:10.1371/journal.pone.0181142.
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Example: What is relevant in a text document?

Leila Arras, Franziska Horn, Grégoire Montavon, Klaus-Robert Müller & Wojciech Samek 2017. " What is relevant in a text document?": An 
interpretable machine learning approach. PloS one, 12, (8), e0181142, doi:10.1371/journal.pone.0181142.
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PCA‐Projection of the summary vectors
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LRP on GitHub

https://github.com/albermax/innvestigate

Also Explore:
https://innvestigate.readthedocs.io/en/latest/modules/analyzer.html#module‐innvestigate.analyzer.relevance_based.relevance_analyzer

https://github.com/sebastian‐lapuschkin/lrp_toolbox

https://github.com/ArrasL/LRP_for_LSTM
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Alernatively: (SHapley Additive exPlanations)

https://github.com/OpenXAIProject/PyConKorea2019‐Tutorials

Scott M. Lundberg & Su-In Lee. A unified approach to interpreting model predictions. In: Guyon, Isabelle, Luxburg, Ulrike Von, Bengio, Samy, Wallach, Hanna, 
Fergus, Rob, Viswanathan, Svn & Garnett, Roman, eds. Advances in Neural Information Processing Systems, 2017 Montreal. NIPS, 4765-4774.
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04  Deep Taylor 
Decomposition

05‐Causality vs Causability
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Remember: Taylor Series

https://www.youtube.com/watch?v=3d6DsjIBzJ4

https://en.wikipedia.org/wiki/Brook_Taylor
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 running a backward pass on the NN using a predefined set of 
rules; produces decomposition of the NN output on the input 
variables. 

 (1) dissociating the overall computation into a set of localized 
neuron computations, and 

 (2) recombining these local computations

Taylor decomposition at a glance

http://www.heatmapping.org/deeptaylor
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Definitions

Gregoire Montavon, Sebastian Lapuschkin, Alexander Binder, Wojciech Samek & Klaus‐Robert Müller 2017. Explaining 
nonlinear classification decisions with deep taylor decomposition. Pattern Recognition, 65, 211‐222, 
doi:10.1016/j.patcog.2016.11.008.
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Sensitivity Analysis vs. Decomposition
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Relevance propagation
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Relevance Redistribution

Gregoire Montavon, Sebastian Lapuschkin, Alexander Binder, Wojciech Samek & Klaus‐Robert Müller 2017. Explaining 
nonlinear classification decisions with deep taylor decomposition. Pattern Recognition, 65, 211‐222, 
doi:10.1016/j.patcog.2016.11.008.
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Example 1: Comparison
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Example 2 Histopathology

Maximilian Kohlbrenner, Alexander Bauer, Shinichi Nakajima, Alexander Binder, Wojciech Samek & Sebastian Lapuschkin 2019. Towards best practice in 
explaining neural network decisions with LRP. arXiv:1910.09840.

Alexander Binder, Michael Bockmayr, Miriam Hägele, Stephan Wienert, Daniel Heim, Katharina Hellweg, Albrecht Stenzinger, Laura Parlow, Jan 
Budczies & Benjamin Goeppert 2018. Towards computational fluorescence microscopy: Machine learning-based integrated prediction of 
morphological and molecular tumor profiles. arXiv:1805.11178vl.

Miriam Hägele, Philipp Seegerer, Sebastian Lapuschkin, Michael Bockmayr, Wojciech Samek, Frederick Klauschen, Klaus-Robert Müller & Alexander Binder 
2019. Resolving challenges in deep learning-based analyses of histopathological images using explanation methods. arXiv:1908.06943.
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https://github.com/albermax/innvestigate

Also Explore:
https://innvestigate.readthedocs.io/en/latest/modules/analyzer.html#module‐innvestigate.analyzer.deeptaylor



Last update: 21‐10‐2019a.holzinger@human‐centered.ai 47

05  Prediction 
Difference Analysis 

05‐Causality vs Causability
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Core Paper
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Relevance Value

Luisa M. Zintgraf, Taco S. Cohen, Tameem Adel & Max Welling 2017. Visualizing deep neural network decisions: 
Prediction difference analysis. arXiv:1702.04595.

https://github.com/lmzintgraf/DeepVis‐PredDiff/blob/master/README.md

https://openreview.net/forum?id=BJ5UeU9xx

Marko Robnik-Šikonja & Igor Kononenko 2008. Explaining Classifications For Individual Instances. IEEE Transactions on Knowledge and Data 
Engineering, 20, (5), 589-600, doi:10.1109/TKDE.2007.190734.
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Evaluating the prediction difference 

Luisa M. Zintgraf, Taco S. Cohen, Tameem Adel & Max Welling 2017. Visualizing deep neural network 
decisions: Prediction difference analysis. arXiv:1702.04595.
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Superpixel‐based prediction difference analysis

Yi Wei, Ming-Ching Chang, Yiming Ying, Ser Nam Lim & Siwei Lyu. Explain Black-box Image Classifications Using Superpixel-based Interpretation.  
2018 24th International Conference on Pattern Recognition (ICPR), 2018. IEEE, 1640-1645.
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Contextual Prediction Difference Analysis

Jindong Gu & Volker Tresp 2019. Contextual Prediction Difference Analysis. arXiv:1910.09086.
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Thank you! 


