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Which form of explanation is investigated?

Challenge in Explanation Evaluation

Given Feature Attribution
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• Model reaction to explanation-guided manipulation
◦ Inference-based scheme: Effective explainer  Significant prediction ⟹

change

Common Practice for Explanation Evaluation

Explicand Attribution Manipulated Confidence 
Drop

Example of explanation-guided manipulation and its impacts on model 
outcome 
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◦ Inference-based scheme: Effective explainer  Significant prediction ⟹

change

Common Practice for Explanation Evaluation

✘BUT, manipulation introduces distribution shifts, confounding 
evaluation results

Explicand Attribution Manipulated Confidence 
Drop

Example of explanation-guided manipulation and its impacts on model 
outcome 



• ROAR1 recommends retraining after manipulation
◦ Resolving the distribution shift issue
◦ But its assessments suggested that:

Common Practice for Explanation Evaluation

“Many popular explanation methods perform no better than 
random.”

S. Hooker, D. Erhan, P.-J. Kindermans, and B. Kim. A benchmark for interpretability methods in deep neural networks. Advances in Neural 
Information Processing Systems, 32, 2019.
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• This surprising conclusion is caused by evaluation distortions
• We investigate in this paper:

1. Why does the distortion happen?
2. What’s the better practice for evaluation with retraining?



 

The Sign Issue

2Please refer to further details in the full version: https://arxiv.org/pdf/2511.08281

Theorem 1 (Increasing Utility of Secondary Features)2.

https://arxiv.org/pdf/2511.08281


The Sign Issue – A Concrete Example

Activation state in the absence of 
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Manipulation order matters!
• KEAR (keep and retrain): Concentrating on positively attributed features

• |ROAR| (remove and retrain by magnitude): Concentrating on minimally attributed 
features

 ⟹ Both resolving the Sign issue

Better Practice for Explanation Evaluation with 
Retraining
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features

 ⟹ Both resolving the Sign issue

Better Practice for Explanation Evaluation with 
Retraining

Example of the Sign issue. A leakage of task-relevant information is 
seen when preserving negative features (ROAR), leading to evaluation 
distortion.

ROAR
KEAR

Retraining Accuracy

|ROAR|
Random Removal

(Baseline)

+22.63%
+1.8%

-6.06%



• Full retraining has additional limitations:
✘ Enormous computational cost for evaluation with retraining
✘ Difficulty in replicating training environments (particularly for pre-trained 

models)
✘ Deviation from the target model behavior after full retraining

Retraining? Fine-tuning!
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• Restricted fine-tuning on classification head (-FT-C)
 A lightweight alternative that mitigates the OOD (out-of-distribution) issue
 Decoupling evaluation setting from the original training configuration
 Balance between resolving the OOD issue and preserving model 

characteristics



• The corrected schemes reaffirm the effectiveness of several 
widely adopted explainers  ⟹ Much better than random!

• The empirical results largely align with their theoretical 
foundations3

◦ Explainers that explicitly incorporate a baseline perform better!

Evaluation Results at Different Scales

3Please refer to full results in the paper: https://arxiv.org/pdf/2511.08281

https://arxiv.org/pdf/2511.08281


1. Confirmed distortion in previous conclusions, caused by the 
Sign issue

2. The manipulation order matters when evaluating with 
retraining

3. Restricted fine-tuning as an efficient evaluation option
◦ Lightweight evaluation setting
◦ Preserving model characteristics during evaluation with minimal 

changes

4. Most explainers are reliable, with performance aligning with 
their theoretical foundations

Takeaways
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