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The Current State of Feature Attribution
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The Challenge:
• Complex “black-box” AI models are popular but opaque.
• Feature Attribution is the dominant post-hoc solution (e.g., 

SHAP, LIME).

The Gap:
• Despite popularity, the field has historically lacked a formal 

problem definition.
• Consequence: Methods are designed intuitively but often 

violate the underlying data distribution.



Why Existing Methods Fail
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Many methods create synthetic instances to probe the model.

Building the explanatory model using OOD data produces explanations based on a distribution 
where the model’s behavior is irrelevant or inapplicable, which invalidates the goal of 

understanding the model’s behavior on its operational distribution.



Problem Definition
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Problem Definition
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Proposed Method: DFAX
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Characteristics of DFAX
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Quantitative Evaluation
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Setup: 10 datasets (tabular, text, image) with 
different classifiers, 2 implementations of DFAX 
with distinct KDEs, 6 model-agnostic baselines.
Metrics: Deletion ( ↓ lower is better) & insertion 
( ↑ higher is better) scores.

Result:
 DFAX (in both implementations) significantly 

outperforms other baselines, securing the 
best average scores and overall rankings.

 Ranks 1st or 2nd on 9 out of 10 datasets.



Qualitative Evaluation
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Rotten Tomatoes: Identify the most important word in each movie review snippet 
signifying its sentiment.

DFAX identifies human-aligned, sentiment-carrying words.



Qualitative Evaluation
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MNIST and FMNIST: For each image, identify the 100 most salient pixels
based on their attribution scores.

 Pixels overlapping with the original image's foreground are shown in coral, while 
those in the background regions are colored light blue.

 DFAX selectively identifies semantically meaningful pixels crucial for the prediction, 
rather than simply selecting all non-zero pixels.



Qualitative Evaluation
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Spatial Transcriptomics: For each cell, identify the top 50% of genes
most critical for determining its tissue type. The non-salient genes are 
masked to verify if the classifier's original prediction is preserved.

 DFAX achieves a high accuracy of 95.64%, significantly outperforming DLIME's 79.51%.
 Notably, DFAX results in only 6 misclassifications between normal and cancer cells, 

compared to 44 for DLIME.



Runtime Efficiency
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• DFAX is often faster 
than other baselines 
by orders of magnitude, 
affirming its efficiency.



Thanks!
Presented by Xinpeng Li
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