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Interpretability Problem
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Strategy 1
Open the Black Box
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Strategy 2
Close the Black Box

Using Surrogate Model ' ° o '

@

©©




Strategy 2 IFA<BThen ..
Such as: Else IFC>B
Close the Black Box Then ...
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For example
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Our Strategy:

Q Slice the Black Box
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Our Strategy:

Slice the Black Box
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1. Network Dissection: Quantifying Interpretability of Deep Visual Representations (CVPR 2017), David Bau, Bolei Zhou, et.al
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1. Network Dissection: Quantifying Interpretability of Deep Visual Representations (CVPR 2017), David Bau, Bolei Zhou, et.al
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Challenges:
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© Scalability of large decision trees

© Hard to grasp information of each rule

© Hard to reason misclassification



TreeFlow: dataflow along the decision tree
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Decision View: data distribution of decision node

Tree Flow x = Decision View x
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Decision View: data distribution of decision node

Tree Flow x = Decision View x
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Decision View: data distribution of decision node

Tree Flow x = Decision View x
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Decision View: data distribution of decision node
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Decision View: data distribution of decision node

Tree Flow x = Decision View
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Neuron View: t-SNE prOJectlon of neurons based on semantics similarity
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Neuron Ranking: a coIIectlon of semantic labels and salience maps
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Basic Interactions



Use Case 1: Interpreting Surrogate Decision Tree
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Use Case 1: Interpreting Surrogate Decision Tree
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Use Case 1: Interpreting Surrogate Decision Tree
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Use Case 1: Interpreting Surrogate Decision Tree
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Use Case 1: Interpreting Surrogate Decision Tree
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Use Case 1: Interpreting Surrogate Decision Tree
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Use Case 1: Interpreting Surrogate Decision Tree
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Use Case 2: Comparing Surrogate Decision Trees
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Conclusion & Discussions

© Conclusion

* New strategy to convert CNNs to surrogate decision trees
* CNN2DT, a visual analytics system
* Use cases and user study

© Potential Users
* Non-DL experts & ML practitioners

© Limitations & Future Work

Scalability for color encoding, number of classes

Dependent on semantic database

Multi-semantics of each neuron | Non-interpretable neurons
Further evaluations on other architectures
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