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*speciﬁcally, we use LRP[1] here, but other local XAI methods may work as well
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Check out the paper... ... and the code!

\|

AN BIFOLD ~ Fraunhofer

HHI

|1] Bach, Sebastian, et al. "On pixel-wise explanations for non-linear classifier decisions
by layer-wise relevance propagation." PloS one 10.7 (2015): e0130140.

|2] Achtibat, Reduan, et al. "AttnLRP: Attention-Aware Layer-Wise Relevance
Propagation for Transformers." Proceedings of the 41st International Conference on
Machine Learning, in Proceedings of Machine Learning Research (2024): 235:135-168




