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Before we start

We thank our collaborators !

Please ask questions at any time !

Grégoire Montavon (TU Berlin)

Alexander Binder (SUTD)

Sebastian Lapuschkin (Fraunhofer HHI)

Leila Arras (Fraunhofer HHI)

…

http://interpretable-ml.org/

NIPS’17 Workshop “Interpreting, Explaining and Visualizing 
Deep Learning - Now what ?”

http://interpretable-ml.org/
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W. Samek & K.-R. Müller

Tutorial on Interpretable Machine Learning

Part 1a: Introduction
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Recent ML Systems achieve superhuman Performance

AlphaGo beats Go  
human champ

Deep Net outperforms humans  
in image classification

Deep Net beats human at 
recognizing traffic signs

DeepStack beats 
professional poker players

Computer out-plays 
humans in "doom"

Autonomous search-and-rescue 
drones outperform humans

IBM's Watson destroys 
humans in jeopardy

4
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From Data to Information

Computing power

Deep Nets / Kernel Machines / … Information (implicit)

Solve task
Huge volumes of data
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From Data to Information

Computing power

Deep Nets / Kernel Machines / … Information (implicit)

Solve task
Huge volumes of data

Interpretable 
Information

extract
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Performance

InformationData
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From Data to Information

ResNet

(3.57%)

GoogleNet

(6.7%)

VGG

(7.3%)

AlexNet

(16.4%)

Performance

Clarifai

(11.1%)In

te
rp

re
ta

bi
lit

y

InformationData Interpretable

for human

Crucial in many applications 
(industry, sciences …)
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“global explanation” “individual explanation”

7

Interpretable vs. Powerful Models ?

Linear model Non-linear model

vs.

Poor fit, but easily 
interpretable Can be very complex
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“global explanation” “individual explanation”

7

Interpretable vs. Powerful Models ?

Linear model Non-linear model

vs.

Poor fit, but easily 
interpretable Can be very complex

60 million parameters

650,000 neurons We have techniques to interpret and 

explain such complex models !
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Interpretable vs. Powerful Models ?
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Dimensions of Interpretability 

model

prediction

data

Different dimensions

of “interpretability”

9



GCPR 2017 Tutorial — W. Samek & K.-R. Müller

Dimensions of Interpretability 

model

prediction

data

“Explain why a certain pattern x has 
been classified in a certain way f(x).”

Different dimensions

of “interpretability”

9



GCPR 2017 Tutorial — W. Samek & K.-R. Müller

Dimensions of Interpretability 

model

prediction

data

“Explain why a certain pattern x has 
been classified in a certain way f(x).”

“What would a pattern belonging 
to a certain category typically look 
like according to the model.”

Different dimensions

of “interpretability”

9



GCPR 2017 Tutorial — W. Samek & K.-R. Müller

Dimensions of Interpretability 

model

prediction

data

“Explain why a certain pattern x has 
been classified in a certain way f(x).”

“What would a pattern belonging 
to a certain category typically look 
like according to the model.”

“Which dimensions of the data
are most relevant for the task.”

Different dimensions

of “interpretability”

9



GCPR 2017 Tutorial — W. Samek & K.-R. Müller

Dimensions of Interpretability 

model

prediction

data

“Explain why a certain pattern x has 
been classified in a certain way f(x).”

“What would a pattern belonging 
to a certain category typically look 
like according to the model.”

“Which dimensions of the data
are most relevant for the task.”

Different dimensions

of “interpretability”

9

prediction

model

“Explain why a certain pattern x has 
been classified in a certain way f(x).”

“What would a pattern belonging 
to a certain category typically look 
like according to the model.”
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Why Interpretability ?

Wrong decisions can be costly 
and dangerous

1) Verify that classifier works as expected

10

“Autonomous car crashes, 
because it wrongly recognizes …”

“AI medical diagnosis system 
misclassifies patient’s disease …”
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2) Improve classifier

11

Why Interpretability ?

Generalization error Generalization error + human experience 
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“It's not a human move. I've 
never seen a human play this 
move.” (Fan Hui)

3) Learn from the learning machine

Old promise:

“Learn about the human brain.”

12

Why Interpretability ?
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4) Interpretability in the sciences

Learn about the physical / biological / chemical mechanisms. 

(e.g. find genes linked to cancer, identify binding sites …)

Why Interpretability ?
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European Union’s new General 

Data Protection Regulation

14

5) Compliance to legislation

“right to explanation”

“With interpretability we can ensure that ML models 
work in compliance to proposed legislation.”

Retain human decision in order to assign responsibility.

Why Interpretability ?
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Techniques of Interpretation

15



GCPR 2017 Tutorial — W. Samek & K.-R. Müller

Interpreting models 
(ensemble)

16

Explaining decisions 
(individual)

- find prototypical example of a category 
- find pattern maximizing activity of a neuron

- “why” does the model arrive at this 
particular prediction 

- verify that model behaves as expected

crucial for many 
practical applications

Techniques of Interpretation

better understand 
internal representation
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In medical context

• Population view (ensemble)


• Which symptoms are most common for the disease

• Which drugs are most helpful for patients


• Patient’s view (individual)

• Which particular symptoms does the patient have

• Which drugs does he need to take in order to recover

Both aspects can be important depending on who you are 

(FDA, doctor, patient).

17

Techniques of Interpretation
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Interpreting models

18

- find prototypical example of a category 
- find pattern maximizing activity of a neuron

Techniques of Interpretation

goose

cheeseburger

car
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Interpreting models

18

- find prototypical example of a category 
- find pattern maximizing activity of a neuron

Techniques of Interpretation

goose

cheeseburger

car

simple regularizer 
(Simonyan et al. 2013) 
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Interpreting models

18

- find prototypical example of a category 
- find pattern maximizing activity of a neuron

Techniques of Interpretation

goose

cheeseburger

car

complex regularizer 
(Nguyen et al. 2016)
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Explaining decisions

- “why” does the model arrive at a certain prediction 
- verify that model behaves as expected

Techniques of Interpretation
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Explaining decisions

- “why” does the model arrive at a certain prediction 
- verify that model behaves as expected

Techniques of Interpretation

- Sensitivity Analysis

- Layer-wise Relevance Propagation (LRP)
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Techniques of Interpretation

Sensitivity Analysis 
(Simonyan et al. 2014)
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Techniques of Interpretation
Layer-wise Relevance Propagation (LRP)

(Bach et al. 2015)
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Techniques of Interpretation
Layer-wise Relevance Propagation (LRP)

(Bach et al. 2015)

“every neuron gets it’s share of 
relevance depending on activation  
and strength of connection.”
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Classification

cat

rooster 

dog

Techniques of Interpretation
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Explanation

cat

rooster 

dog

=

Initialization

Idea: Backpropagate “relevances”

Techniques of Interpretation
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Explanation

cat

rooster 

dog

?

Theoretical interpretation 
Deep Taylor Decomposition 

(Montavon et al., 2017)

Techniques of Interpretation
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Explanation

cat

rooster 

dog

Techniques of Interpretation
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More to come

Part 1b
Part 2a

quality of explanations, applications, 
interpretability in the sciences, discussion

26

Part 2b
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W. Samek & K.-R. Müller

Tutorial on Interpretable Machine Learning

Part 1b: Making Deep Neural Networks 
Transparent
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Making Deep Neural Nets Transparent

28
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Interpreting Classes and Outputs

29
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The Activation Maximization (AM) Method

30
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Interpreting a Handwritten Digits Classier

31
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Interpreting a DNN Image Classier

32
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Improving Activation Maximization

33



GCPR 2017 Tutorial — W. Samek & K.-R. Müller

Improving Activation Maximization

34



GCPR 2017 Tutorial — W. Samek & K.-R. Müller

Improving Activation Maximization

35
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Improving Activation Maximization

36
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Comparison of Activation Maximization Variants

37
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Enhanced AM on Natural Images

38
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Summary: Interpreting models

39
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Limitations of Global Interpretations

40
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From Prototypes to Individual Explanations

41
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From Prototypes to Individual Explanations

42



GCPR 2017 Tutorial — W. Samek & K.-R. Müller

From Prototypes to Individual Explanations
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From Prototypes to Individual Explanations
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From Prototypes to Individual Explanations
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Basic Technique: Sensitivity Analysis
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Explaining by Decomposing
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What Does Sensitivity Analysis Decompose?
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What Does Sensitivity Analysis Decompose?
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Decomposing the Correct Quantity
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Experiment on a Randomly Initialized DNN

51
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Decomposing the Output of the DNN

52
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Decomposing the Output of the DNN
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Decomposing the Output of the DNN

54
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Experiment on Handwritten Digits

55
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Experiment on BVLC CaffeNet

56
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Explaining DNN Predictions

57
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W. Samek & K.-R. Müller

Tutorial on Interpretable Machine Learning

Part 2a: Making Deep Neural Networks 
Transparent
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From Prototypes to Individual Explanations

59
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Why Simple Taylor doesn’t work?

60
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Gradient Shattering

61



GCPR 2017 Tutorial — W. Samek & K.-R. Müller

Sensitivity and Simple Taylor

62
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Deep Taylor Decomposition

63
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Deep Taylor Decomposition
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Deep Taylor Decomposition
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Deep Taylor Decomposition

66
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Deep Taylor Decomposition

67
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Deep Taylor Decomposition / LRP
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Deep Taylor Decomposition / LRP
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Deep Taylor Decomposition / LRP
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Deep Taylor Decomposition / LRP
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Deep Taylor Decomposition / LRP

Two similar images 
should have similar 
explanations. 



GCPR 2017 Tutorial — W. Samek & K.-R. Müller 73

Technical Details
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Technical Details
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Technical Details
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Technical Details
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Technical Details
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Technical Details
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Technical Details
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W. Samek & K.-R. Müller

Tutorial on Interpretable Machine Learning

Part 2b: Applications & Discussion
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Layer-wise Relevance Propagation (LRP)

(Bach et al. 2015)

Theoretical interpretation 
Deep Taylor Decomposition 

(Montavon et al., 2017)

“every neuron gets it’s share of 
relevance depending on activation  
and strength of connection.”

Recap: Layer-wise Relevance Propagation (LRP)
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Explanations and now ?

82

InformationData Interpretable

for human

How good is the explanation ?

What can we do with it ?
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Explanations and now ?

How good is the 
explanation ? What can we do with it ?

- Objective measure of quality

- Compare explanation methods

- Compare classifiers

- Detect biases and flaws

- Quantify use of context

- Novel representation

…
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Measuring Quality of Explanations

Heatmap depends on  
- classifier

- explanation method

If we want to compare classifiers or explanations methods, 

we need an objective measure of heatmap quality.
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Measuring Quality of Explanations

Heatmap depends on  
- classifier

- explanation method

If we want to compare classifiers or explanations methods, 

we need an objective measure of heatmap quality.
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LRP

Compare Explanation Methods
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LRP

Compare Explanation Methods
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LRP

Compare Explanation Methods
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LRP

Compare Explanation Methods
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Sensitivity

Compare Explanation Methods
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Sensitivity

Compare Explanation Methods
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Sensitivity

Compare Explanation Methods
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Random

Compare Explanation Methods
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Compare Explanation Methods

Random
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Random

Compare Explanation Methods
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LRP:              0.722

Sensitivity:    0.691

Random:       0.523

LRP produces quantitatively better heatmaps  
than sensitivity analysis and random.

Compare Explanation Methods
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LRP:              0.722

Sensitivity:    0.691

Random:       0.523

LRP produces quantitatively better heatmaps  
than sensitivity analysis and random.

What about more complex datasets ?

397 scene categories

(108,754 images in total)

205 scene categories 

(2.5 millions of images)

1000 categories

(1.2 million training images)

SUN397 MIT PlacesILSVRC2012

Compare Explanation Methods
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Compare Explanation Methods

96

Sensitivity Analysis

(Simonyan et al. 2014)

Deconvolution Method 

(Zeiler & Fergus 2014)

LRP Algorithm 

(Bach et al. 2015)

(Samek et al. 2016)
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Compare Explanation Methods

97

(Samek et al. 2016)
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Compare Explanation Methods

97

(Samek et al. 2016)LRP produces quantitatively better heatmaps.
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Compare Explanation Methods

Same idea can be applied for other 
domains (e.g. text document classification)

“Pixel flipping” 

= 


“Word deleting”
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Compare Explanation Methods

Same idea can be applied for other 
domains (e.g. text document classification)

Text classified as “sci.med” —> LRP identifies most relevant words.

“Pixel flipping” 

= 


“Word deleting”

(Arras et al. 2016)
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Compare Explanation Methods

99

(Arras et al. 2016)

Deleting relevant words leads to a quick 
decrease of classifier accuracy.

The decrease is much steeper for LRP 
than for random word deletion and 
deletion according to sensitivity.

LRP better identifies relevant words.
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Explanations and now ?

How good is the 
explanation ? What can we do with it ?

- Objective measure of quality

- Compare explanation methods

- Compare classifiers

- Detect biases and flaws

- Quantify use of context

- Novel representation

- Application in the sciences

…
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Opening the Black-Box

[number]: explanation target class 

red color: evidence for prediction 

blue color: evidence against prediction

what speaks for / against 
classification as “3”

what speaks for / against 
classification as “9”
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Application: Compare Classifiers

102

20 Newsgroups data set

word2vec / CNN model:    80.19%
Test set performance
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Application: Compare Classifiers

102

20 Newsgroups data set

word2vec / CNN model:    80.19%
Test set performance

man  king  woman

man

woman

king

queen

same performance —> same strategy ?

BoW/SVM model:              80.10%
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Application: Compare Classifiers

word2vec / 

CNN model

BoW/SVM

model

103

(Arras et al. 2016)



GCPR 2017 Tutorial — W. Samek & K.-R. Müller

Application: Compare Classifiers

word2vec / CNN model BoW/SVM model
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(Arras et al. 2016)
Words with maximum relevance
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Application: Compare Classifiers

word2vec / CNN model BoW/SVM model
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(Arras et al. 2016)
Words with maximum relevance
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(Lapuschkin et al. 2016)



GCPR 2017 Tutorial — W. Samek & K.-R. Müller

Application: Compare Classifiers

Fisher Vector / SVM Classifier

105

(Lapuschkin et al. 2016)

LRP general method for non-linear classifiers
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Fisher Vector / SVM Classifier
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(Lapuschkin et al. 2016)
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Application: Compare Classifiers

Fisher Vector / SVM Classifier

105

Dataset

- PASCAL VOC 2007

Deep Neural Network
- BVLC reference model + fine tuning.

(Lapuschkin et al. 2016)
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Application: Compare Classifiers

Fisher Vector / SVM Classifier

105

Dataset

- PASCAL VOC 2007

Deep Neural Network
- BVLC reference model + fine tuning.

(Lapuschkin et al. 2016)
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(Lapuschkin et al. 2016)

Application: Compare Classifiers
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(Lapuschkin et al. 2016)

Application: Compare Classifiers

same performance —> same strategy ?
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(Lapuschkin et al. 2016)

Application: Compare Classifiers

same performance —> same strategy ?
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Application: Compare Classifiers

‘horse’ images in PASCAL VOC 2007
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Application: Compare Classifiers

GoogleNet:

- 22 Layers

- ILSRCV: 6.7%

- Inception layers

BVLC:

- 8 Layers

- ILSRCV: 16.4%
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GoogleNet focuses on

faces of animal.

—> suppresses background noise

(Binder et al. 2016)

Application: Compare Classifiers
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Application: Measure Context Use

classifier

how important

is context ?

how important

is context ?
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Application: Measure Context Use

classifier

how important

is context ?

how important

is context ?
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Application: Measure Context Use

classifier

how important

is context ?

how important

is context ?

relevance outside bbox

relevance inside bbox
importance 

of context =LRP decomposition allows 

meaningful pooling over bbox !
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Large values indicate importance of context

Image Fisher Vector DNN

111

(Lapuschkin et al. 2016)

Application: Measure Context Use

boat

boat

C
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airplane

airplane

sofachair chair sofa
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GoogleNet ModelBVLC Caffe Model

33
3 

cl
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s 



lo
w

 a
cc

GoogleNet uses less 

context than BVLC model.

Context use anti-correlated 
with performance.

(Lapuschkin et al. 2016)

Application: Measure Context Use
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Application: Novel Representation

113

… …

document 
vector

+ +=

word2vecword2vecword2vec

relevancerelevancerelevance

(Arras et al. 2016)
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Application: Novel Representation

114

LRP

2D PCA projection of

document vectors

(Arras et al. 2016)
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Application: Novel Representation
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LRP

uniform TFIDF2D PCA projection of

document vectors

(Arras et al. 2016)
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LRP

uniform TFIDF2D PCA projection of

document vectors

Document vector 
computation is unsupervised.

(Arras et al. 2016)
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Application: Novel Representation

114

LRP

uniform TFIDF2D PCA projection of

document vectors

Document vector 
computation is unsupervised.

KNN-Performance on 
document vectors 
(Explanatory Power Index)


LRP:        0.8076

TFIDF:     0.6816

uniform:  0.6208 (Arras et al. 2016)
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How to handle multiplicative interactions ?

gate neuron indirectly affect relevance 
distribution in forward pass

Negative sentiment

Positive sentiment

Application: Sentiment Analysis
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How to handle multiplicative interactions ?

(Arras et al., 2017)

gate neuron indirectly affect relevance 
distribution in forward pass

Negative sentiment

Positive sentiment

Application: Sentiment Analysis
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Identifying
age-related
features

Attractivity

Emotions

Application: Face Analysis

116

(Arbabzadah et al. 2016)
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CaffeNet

GoogleNet

VGG16

Gender
Classification

Application: Face Analysis
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Application: Video Analysis

(Srinivasan et al. 2017)

Motion vectors can be extracted 
from the compressed video
-> allows very efficient analysis
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Application: Video Analysis

119

(Srinivasan et al. 2017)
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(Koh et al. 2017)

Pixel-wise labelling are very costly
Idea: Use image-label labels   
         + apply explanation methods

Application: Semantic Boundary Detection



GCPR 2017 Tutorial — W. Samek & K.-R. Müller 120

(Koh et al. 2017)

Pixel-wise labelling are very costly
Idea: Use image-label labels   
         + apply explanation methods

Application: Semantic Boundary Detection



GCPR 2017 Tutorial — W. Samek & K.-R. Müller 120

(Koh et al. 2017)

Pixel-wise labelling are very costly
Idea: Use image-label labels   
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Application: Interpretability in the Sciences

CNN

DNN

(Sturm et al. 2016)

How brain works subject-dependent
—> individual explanations

Brain-Computer 
Interfacing
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Application: Interpretability in the Sciences

CNN

DNN

explain

LRP

(Sturm et al. 2016)

How brain works subject-dependent
—> individual explanations

Brain-Computer 
Interfacing
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Allows to spatially & temporally identify important activity in EEG data.

desynchronization over
left sensorimotor cortex

desynchronization over
right sensorimotor cortex

Application: Interpretability in the Sciences

122

(Sturm et al. 2016)

With LRP we can analyze
relevant activity at each 
time point and channel.
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Application: Interpretability in the Sciences

(Sturm et al. 2016)

With LRP we can analyze
what made a trial being 
misclassified.
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Application: Interpretability in the Sciences

124

(Schütt et al. 2017)

Deep Tensor Network predicts 
molecular properties with 
state-of-the-art accuracy.

Effect of energy of test charge
—> interpretable for human expert
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Summary

125

- In many problems interpretability as important as prediction.


- Explaining individual predictions is key.


- We have powerful, mathematically well-founded methods (LRP / 
deep Taylor) to explain individual predictions.


- How can we use interpretability for improving models (focus of 
NIPS’17 Workshop “Interpretability - Now what ?”)


- Many interesting applications with interpretable deep nets 

   —> more to come soon !



GCPR 2017 Tutorial — W. Samek & K.-R. Müller

Thank you for your attention

For more information, check out our tutorial paper: 
Montavon et al. “Methods for Interpreting and Understanding Deep Neural Networks”

https://arxiv.org/abs/1706.07979

https://arxiv.org/abs/1706.07979
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