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Motivation
Data:

complex data → complex prediction behavior

Explanation:

lack of ground truth
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Experimental Setup
[Labe and Barnes, 2021]
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Methods

Explanation Methods

Gradients [Baehrens et al., 2010]

InputGradients (InputGradients)

Integrated Gradients (IntGrad) [Sundararajan et al., 2017]

Layer-wise Relevance
Propagation (LRP) [Bach et al., 2015]

XAI Evaluation

Quantus [Hedström et al., 2022]1

1https:

//github.com/understandable-machine-intelligence-lab/Quantus
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https://github.com/understandable-machine-intelligence-lab/Quantus
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Results
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XAI Evaluation
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Network Uncertainty

Class: 1980-1989

UAI+
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Network Uncertainty

10 / 5



Network Uncertainty
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