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eXplainable Al (XAl)
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Research Questions & Solutions

Class Activation Map based methods

Better evaluation of Al systems using XAl

Precise Object Localization in Multiple Application

SoTA evaluation metrices perform faithful evaluation? (RQ5)
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RQ1: Under Representation of Synthetic Neighborhood
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e Reformulation of LIME sampling strategy.
e Practical improvements, at no additional cost.

(a)Under Representation of Synthetic Neighborhood (d)Results Monte Carlo sampling (default) Stratified sampling
e Perturbation based methods use synthetic neighborhood.
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Source Code
e pip install lime_stratified
e github/rashidrao-pk/lime _stratified

RQ2: Anomaly map finds precise Localization of Anomaly? Integration of XAl for Anomalies in Images

(f)Conclusions

o XAl methods are relevant in finding the true drivers behind Al systems using
techniques like classification and/or anomaly detection.

e Case study based on reconstruction error maps generated from VAE-GAN

models.

o Multiple XAl techniques to separate the reconstruction error (noise) from the

anomaly (if any).

e A sample may be d

misbehaviour may not be detectable from the information provided by the
anomaly detection system alone — Role of XAl!

etected as anomalous for the wrong reasons, yet this

2nd World Conference on eXplainable Artificial Intelligence

Can | Trust my Anomaly Detection system?
A case study based on eXplainable Al

Muhammad Rashidl, Elvio G. Amparorel, Enrico Ferrariz, Damiano Verda?

Source Code O

github/rashidrao-pk/anomaly_detection_trust case study
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RQ3: Shapely Values generation care about data? Research Trainings & Further Plans

(a)Precise Object Localization (d)Evaluation Methodology Training Activities
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